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1. Introduction

Energy systems worldwide are undergoing a major transformation as a consequence of the
transition towards the widespread use of clean and sustainable energy sources. The electric power
system in a sustainable future will augment the centralized and large-grid-dependent systems of today
with distributed, smaller-scale energy generation systems that increasingly adopt renewable energy
sources (e.g., solar and wind) and rely on cyber technologies to ensure resiliency and efficient resource
sharing. Basically, this involves massive changes in technical and organizational levels together
with tremendous technological upgrades in different sectors ranging from the energy generation
and transmission systems down to the distribution systems. These actions constitute a huge science
and engineering challenges and demands for expert knowledge in the field to create solutions for
a sustainable energy system (both at the energy supply and demand sides) that is economically,
environmentally, and socially viable while meeting high security requirements. On energy consumers’
side, useful and efficient energy services such as light, heating and cooling, cooking, communication,
power, and motion are needed. These services are offered by specific equipment/devices, which use
energy blocks either efficiently or inefficiently. Producing energy with high environmental, societal, or
health risks is not a cheap way to meet such energy demand, but packages of efficient equipment and
energy at least societal costs, which includes external costs, should be the ultimate objective to satisfy
the needs of customers. At the supply side, there exists a bunch of opportunities for renewable energy
technologies complemented with energy efficiency measures not only to provide local benefits, but also
to contribute to sustainable development, which is framed in a three-pillar model: Economy, Ecology,
and Society. Thus, the relationship between the use of renewables in energy mix and the sustainable
developments goals (SDGs) can be viewed as a set of objectives and constraints that involve both
global and local/regional considerations.

2. Sustainable Energy Systems Planning, Integration, and Management

To cover the above-mentioned promising and dynamic areas of research and development, this
special issue was launched to allow gathering of contributions in sustainable energy systems planning,
integration, and management. In total, 31 papers were submitted to this special issue, out of them 14
were selected for publication which denotes an acceptance rate of 45%. The accepted articles in this
special issue cover a variety of topics, ranging from design and planning of small to large-scale energy
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systems to operation and control of energy networks in different sectors namely electricity 1, heat 9,
and transport 13.

Focusing on wave energy harvesting, the paper authored by Eugen Rusu [1] assessed the most
relevant patterns of the wave energy propagation in the western side of the Black Sea considering
eight different simulating waves nearshore computational domains. Special attention was paid to
the high, but not extreme, winter wave energy conditions. The cases considered were focused on the
coastal waves generated by distant storms, which means the local wind has not very high values in the
targeted areas. From the analysis of the results, it was first noticed that the general patterns regarding
the spatial distribution of the wave energy in the basin of the Black Sea do not substantially change.
This means that the western side of the sea still remains its most energetic part. Furthermore, a general
enhancement of the wave energy is noticed, and it appears that this enhancement is relatively higher
in the western side. Moreover, related studies showed that the coastal environment of the Black Sea,
and especially its northern and western side, is fully appropriate for the implementation of offshore
wind projects.

The work, done by Wang et al. [2] illustrated the role of the multi-criteria decision making in
determining the optimal location for solid waste-to-energy plant installation. To this end, the weight of
criteria in the multi-criteria decision-making approach was determined using a hybrid fuzzy analysis
as well as based on economic factors, technical requirements factors, environment factors, and social
factors. In addition, the comprehensive model presented in that research can be used as a guideline to
perform the placing mechanism in many countries to determine the optimal location for installing
solid waste-to-energy plants.

The works done by Gebresenbet et al. [3] investigated smart logistics system (SLS) for the
management of the pruning biomass supply chain. The major components of SLS including smart box,
on-board control unit, information platform, and central control unit were studied. The author extended
their work to study the role of smart logistics systems in increasing the efficiency of agricultural
subscribers to use pruning biomass for generating renewable energy [4]. The smart logistics systems in
the presence of renewable sources was shown to have an undeniable role in decreasing logistics cost,
increasing pruning marketing opportunity, and decreasing product loss. Four actors of the presented
biomass supply chain include producer, traders, transporter, and consumers. In the proposed model,
the initial chain, i.e., producers, were the farmers.

In order to consider the uncertainty related to the wind speed as well as electrical power produced
through wind farms, a new short-term wind speed forecasting method was introduced to achieve a
more satisfying performance in forecasting data by Liu et al. [5]. In this research, to overcome the
shortcomings of some traditional models and enhance the forecasting ability, Ensemble Empirical
Mode Decomposition model was developed. The authors also used six evaluation indexes, Willmott’s
Index, Nash–Sutcliffe coefficient, Legates and McCabe Index, mean absolute error, square root of the
average of the error square, and the average of absolute percentage error, to assess the effectiveness of
the proposed method.

The work done by Peicong Luo [6] elaborated on an efficient approach to dynamically adjust
the datacenter load to balance the unstable renewable energy input into the grid. Their experimental
results illustrated that the dynamic load management of multiple datacenters could help the smart
grid to reduce losses and mitigate stability issues such as bus voltage variations and the overloading of
transmission lines and accordingly save operational costs. As a complement to the proposed system, a
forecasting method was also designed, based on the concept of neural networks, to predict renewable
energy generation in advance so as to adjust the power of the datacenters as soon as possible and
reduce the extra losses.

Authors of [7] studied the effects of the different meteorological variables on the power generation
via photovoltaic systems. The investigated meteorological data in this paper included solar radiation,
outdoor temperature, wind speed, and daylight time. To obtain a statistical representative model of the
generated power by photovoltaic systems, the gradient descent optimization (GDO) was used. It was

2



Appl. Sci. 2019, 9, 4451

shown that the presented statistical method has the capability to minimize the introduced structure
error using a linear Least Square Regression. Using the presented statistical structure, the estimation
results’ error was about 7% compared to the real data.

In [8] a robust strategy based on particle resampling was proposed to select the load identification
features for applications in energy monitoring and measurement systems specially in residential
sector. Through incorporation of a 2-D fuzzy membership measurement, it was shown that the feature
extracted by the resampling method is closer to that of the actual device, and can be applied to load
identification. However, a relatively stable switching period of the devices is needed.

The field measurements and numerical simulation was carried out by Zhu et al. [9] to assess the
energy performance of a typical rural residential building in the Ningxia Hui Autonomous Region
in Northwest China. It was found that application of solar energy resources is an effective approach
to improve the indoor temperature. The other influencing factor such as building layout and proper
thermal performance of the building envelope could reduce wind velocities and convective heat loss.
Besides, insulation materials and double-glazed windows were found to significantly improve energy
performance in new buildings.

Recently, Wang and Zhong [10] developed a three-dimensional simulation model to investigate
the building heating load with various irregular heating durations and internal wall layouts. The
results of the simulation model were validated with collected experimental data. In comparison of
daily heating load with operation hours, results indicated a direct relationship between the daily
heating load and the peak value. It was also found that the use of continuous heating when the daily
operation hours are more than the threshold values is more economical.

In [11], a novel framework was designed for economic cooling load dispatch in conventional
water-cooled chillers and to model the uncertain nature of cooling demand in the day-ahead scheduling.
Three decision-making modes including (a) risk-neutral approach, (b) risk-aversion or robustness
approach, and (c) risk-taker or opportunistic approach were considered in this study. To determine the
optimum operating point of the chiller loading in these three modes, the information gap decision
theory was used. The developed model has the capability to enable a system operator to enter the
energy cost parameter and reduce the daily energy cost to this critical value and also to identify the
increase in maximum cooling demand in the robustness model.

In [12], a new methodology was proposed for internal covering designs to enhance the permeable,
semi-permeable, and impermeable internal coverings effect over indoor ambiences. The artificial neural
network was used to forecast the indoor ambience. The results of this study had a significant impact
on the indoor thermal comfort and energy consumption and suggested the permeable coverings as the
suitable approach to minimize energy peak demands in the first hours of occupation and improving
thermal comfort condition.

The article, authored by Yuhuan Liu et al. [13], studied the operating organization problem with
the multi-type bus, namely pure electric buses and traditional fuel buses, aiming to provide guidance
for future application of electric buses. Minimization of the energy consumption of vehicles as well
as the waiting and traveling time of passengers were considered as the objectives in the work, while
vehicle full load limitation, minimal departure interval, mileage range, and charging time window
were taken as constraints. The authors also made a comprehensive analysis on the relationship between
the bus driving energy consumption and bus dispatching and bus type matching ratio under the
background that pure electric buses gradually replace traditional fuel buses, and many routes are
operated with mixing pure electric buses and traditional fuel buses.

Focusing on robust planning of energy and environment systems, a dual robust stochastic fuzzy
optimization (DRSFO) model was developed in [14] to analyze the trade-offs between system costs and
reliability for planning of energy and environment systems while considering associated risks from
the stochastic and fuzzy uncertainties. The model was developed using historical annual electricity
data to forecast the future demand. To avoid any deviations from the optimized decision schemes
even during the electricity shortage, hourly or seasonal electricity load curves were not considered in
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the model. It was suggested by the authors to develop a simplified calculation procedure, consider
economic aspects of the model, and refine multi-objective models to accurately find the trades-off
between energy and environmental systems.

3. Sustainable Energy Systems of the Future

The future energy systems must necessarily match the so-called energy triangle and deliver on
all the three dimensions: (1) providing safe, secure, and reliable energy while delivering access to all
energy consumers, (2) supplying energy at affordable prices, and (3) assuring sustainable development.
Over the past decades, the energy systems that evolved in different sectors have greatly achieved the
goal of enabling substantial economic growth. However, due to some reasons, the aforementioned
triangle is out of balance in different places around the world. For about 1.1 billion people—14% of the
global population—do not have access to electricity according to [15]. Many more suffer from poor
quality energy supply. In several places across the globe (such as sub-Saharan Africa and developing
Asia), affordability is still an unresolved issue. More importantly, the environmental impact in most
countries is beyond what we can sustain, especially as world population heads towards a projected
nine billion people. The goal is, however, to create sustainable energy future by installing intelligent,
cost-effective, and efficient systems with the lowest ecological footprints.

In the future, integrated models, which take end-use energy efficiency, renewable energy harvesting,
and SDGs into account, may be in a favorable position to better link the weak and strong sustainable
development paradigms for decision-making processes. By including important and relevant bottom-up
indicators in a well-defined structure, integrated models are deemed to explore scenarios for boosting
social and economic development and energy access and security as well as mitigating negative
environmental and health impacts. In this way, today’s energy systems can be expected to transform
to sustainable energy systems which are carbon neutral, efficient, accessible, affordable, and secure.
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Abstract: The most relevant patterns of the wave energy propagation in the western side of the Black
Sea were assessed in the present work. The emphasis was put on the western side because this is
also the most energetic part of the Black Sea. The assessments performed relate some recent results
provided by a numerical wave modeling system based on the spectrum concept. The SWAN model
(acronym for Simulating Waves Nearshore) was considered. This was implemented over the entire
sea basin and focused with increasing resolution in the geographical space towards the Romanian
nearshore. Furthermore, some data assimilation techniques have also been implemented, such that
the results provided are accurate and reliable. Special attention was paid to the high, but not extreme,
winter wave energy conditions. The cases considered are focused on the coastal waves generated by
distant storms, which means the local wind has not very high values in the targeted areas. This also
takes into account the fact that the configuration of the environmental matrix in the Black Sea is
currently subjected to significant changes mainly due to the climate change. From this perspective,
the present work illustrates some of the most recent patterns of wave energy propagation in the
western side of the Black Sea, considering eight different SWAN computational domains. According
to most of the recent evaluations, the nearshore of the Black Sea is characterized by an average wave
power lower than 6 kW/m. The results of the present work show that there is a real tendency of the
wave energy enhancement. This tendency, especially concerns the western side of the basin, where in
the high conditions considered, values of the wave power about 10 times greater than the average
have been noticed.

Keywords: Black Sea; Romanian coastal environment; wave energy; numerical models; SWAN

1. Introduction

Without a doubt, conversion of wave energy into electricity represents one of the greatest
challenges of the 21st century. Wave energy is abundant and it has a higher density and predictability
than wind or solar energy. Furthermore, there is a wide variety of ways to harness the waves, although
the technologies associated with the wave energy conversion are not yet mature enough and none
of the existing solutions can be considered now as being the best and the most efficient. Thus, in the
struggle against the CO2 emissions about 100 GW of the ocean energy capacity is expected to be
installed by 2050 [1]. From this perspective, ocean energy is expected to play a significant role in the
future EU energy system, and by 2050 its potential contribution should cover about 10% of the EU
power demand.

An important step forward in extracting renewable energy resources in the marine environment is
represented by the recent dynamics of the offshore wind industry. Thus, by receiving momentum from
the onshore wind, the development of the offshore wind has had a spectacular advance in the last years.
The wind is stronger and steadier offshore, and moreover, while the land is almost saturated, in the
marine environment there is practically unlimited space to deploy large wind farms. Furthermore,
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despite some initial difficulties related to the high cost of installation and operating conditions in the
harsh marine environment, very high dynamics in increasing the efficiency of the offshore wind can be
also noticed. This is measured, especially through the levelized cost of energy (LCOE), which reached
a record value of about 7 c€/kWh in 2017, or less. Thus, 5.5 c€/kWh have been reported at the 700 MW
Borssele (The Netherlands) due to government tender and size, and 5c €/kWh (without transmission)
at the 600 MW Kriegers Flak (Denmark) [2]. This means the offshore wind becomes now not only the
cheapest marine renewable energy resource, but it is also cheaper than some traditional resources.
For example, the current average LCOE for atomic energy is still about 11 c€/kWh, or greater [3].

Various studies [4–7] showed that the wind energy resources along the coasts of the Black Sea,
and especially in its western side, are comparable with those from many offshore wind farms that are
already operational [8–11]. Thus, it is expected that the high dynamics of the offshore wind industry
will have as a result also the implementation of some wind farm projects in the nearshore of the Black
Sea, in general and in its western side, which is more energetic, in special. Furthermore, most of the
studies [12–15] indicate that the climate change will induce significant enhancements of the wind
speed in the Mediterranean and Black Sea basins.

On the other hand, although the potential of wave energy in the Black Sea is not comparable with
that from the ocean [16–18], the expected advances of the WEC (Wave Energy Converters) technologies
may make this coastal environment interesting also for the implementation of the marine energy farms,
especially as regards the hybrid wind-wave projects. Many coastal areas in the Black Sea are subjected
to high erosion processes and the future nearshore farms can play an important role in the coastal
protection, because they extract (or dissipate) part of the wave energy before the waves arriving to the
shore [19–24]. Furthermore, this is a general problem for many coastal environments and the marine
energy farms, besides providing electricity, can become an effective solution in the struggle against the
coastal erosion [25–27].

From this perspective, the present work has as a main objective to assess the most recent wave
energy propagation patterns in the western side of the Black Sea. This considers also the fact that there
is an obvious dynamics of the wave climate in the Black Sea having as a consequence important changes
in the actual patterns of the nearshore wave propagation and inducing significant enhancements of
the wave power. For this purpose, a wave modeling system based on the SWAN (Simulating Waves
Nearshore) spectral model [28] has been implemented in the Black Sea basin and focused on the
Romanian nearshore in a multilevel modeling system with increasing resolution towards the cost.

2. Materials and Methods

2.1. Theory of SWAN Spectral Model

SWAN is a spectral phase averaged wave model that integrates the action balance equation in
time, in the geographical space and in the spectral space, which is defined by the relative frequency (σ)
and the wave direction (θ) [29,30]:

∂N
∂t

+∇(N) +
∂

∂σ

.
σN +

∂

∂θ

.
θN =

S
σ

, (1)

The wave action (N) is considered in the above equation since in the presence of the currents the
action density is conserved while the energy spectrum is not. The wave action is equal to the energy
density (E) divided by the relative frequency. For larger scale, the geographical space is represented in
spherical coordinates, longitude (λ) and latitude (ϕ), and the operator (∇) has the expression:

∇Sph(N) =
∂

∂λ

.
λN +

1
cos ϕ

∂

∂ϕ

.
ϕN, (2)

7



Appl. Sci. 2018, 8, 993

For coastal applications the Cartesian coordinates (x) and (y) are mostly used and the operator
(∇) becomes in this case:

∇Cart(N) =
∂

∂x
.
xN +

∂

∂y
.
yN, (3)

The left side of the governing Equation (1) represents the kinematic part, which indicates the
propagation of the wave action in time, geographical and spectral spaces considering also the effect of
some relevant phenomena as wave diffraction or refraction. On the right hand side is the source
(S) expressed in terms of energy density. In deep water, three components are more relevant,
corresponding to the atmospheric input (Sin), nonlinear quadruplet interactions (Snl) and whitecapping
dissipation (Sdiss). In intermediate and shallow water some additional terms, corresponding the finite
depth effects (Sfd) and including phenomena as bottom friction, depth-induced wave-breaking or triad
nonlinear wave—wave interactions, may become significant and in this case the total source becomes:

S = Sin + Snl + Sdiss + S f d (4)

As regards the wave power components (expressed in W/m, i.e., energy transport per unit length
of wave front), they are computed in the spectral wave models, with the relationships [31]:

Px = ρg
�

cx E(σ, θ)dσdθ (5)

Py = ρg
�

cy E(σ, θ)dσdθ

In the above equation x, y are the problem coordinate system and cx, cy are the propagation
velocities of the wave energy in the geographical space (absolute group velocity components)
defined as:

cx =
dx
dt

, cy =
dy
dt

(6)

Thus, the absolute value of the energy transport (denoted also as wave power) will be:

P =
√

P2
x + P2

y , (7)

2.2. Computational Levels Defined

A multilevel, SWAN-based wave prediction system has been implemented and focused on the
western side of the sea in a downscaling process [32–35]. Various sensitivity tests and validations have
been carried out for each computational level [36], taking into account also the computational strategies
adopted in other coastal environments where the model results have been intensively validated against
in situ measurements and remotely sensed data [37]. A special attention was paid to the coastal areas
with more complex coastal dynamics, as for example the mouths of the Danube River where strong
interactions occur between the waves and currents generated by the Danube River outflow [38,39].

From this perspective, four SWAN computational levels have been defined in the present work,
performing model simulations in eight different areas. The first three levels correspond to the spherical
coordinates and their characteristics are provided in Table 1. In this table Δλ and Δϕ represent the
spatial resolution, Δt the time resolution, nf number of frequencies, nθ number of directions, nλ

number of grid points in longitude, nϕ number of grid points in latitude, and np total number of grid
points. Thus, the first computation level (L1) corresponds to the generation area, which comprises the
entire basin of the Black Sea and the corresponding SWAN domain was denoted as Sph1 and has the
resolution in the geographical space 0.08◦ × 0.08◦. The second level (L2) reflects the SWAN domain
(Sph2) defined to drive the coastal wave transformation in the Romanian nearshore, located on the
western side of the basin. The resolution in the geographical space is in this case 0.02◦ × 0.02◦. Finally,
the third level defined considering the spherical coordinates (L3) comprises three different SWAN
domains (denoted as Sph3, Sph4 and Sph5), all of them having the resolution in the geographical space
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0.01◦ × 0.01◦. Sph3 is focused on the area at the mouths of the Danube River, while Sph4 and Sph5
is focused on the southern part of the Romanian nearshore—they are denoted as Southern RO1 and
Southern RO2. The reason for considering two domains, one larger and another one smaller, focused
on the same area in the nearshore of the main Romanian littoral cities is that for the domain Southern
RO1 a local multiparameter data assimilation scheme has been implemented [40,41] considering the in
situ measurements from the Gloria drilling unit, which is located close to the western boundary of the
computational domain. On the other hand, from operational considerations, it was also found useful
to define another SWAN domain, computationally more effective, which is focused especially on the
Romanian littoral cities. The geographical spaces corresponding to these five computational domains
(Sph1–Sph5) are illustrated in Figure 1.

Table 1. Characteristics of the computational domains defined in spherical coordinates for the
Simulating Waves Nearshore (SWAN) model simulations focused on the western side of the Black Sea.

Spherical Domains Δλ × Δϕ Δt (min) nf nθ ngλ × ngϕ = np

Sph1—Black Sea (L1) 0.08◦ × 0.08◦ 10 non-stat 24 36 176 × 76 = 13,376
Sph2—Coastal driver (L2) 0.02◦ × 0.02◦ 10 non-stat 24 36 141 × 141 = 19,881

Sph3—Danube mouths (L3) 0.01◦ × 0.01◦ 10 non-stat 24 36 71 × 61 = 4331
Sph4—Southern RO1 (L3) 0.01◦ × 0.01◦ 10 non-stat 24 36 221 × 221 = 48,821
Sph5—Southern RO2 (L3) 0.01◦ × 0.01◦ 10 non-stat 24 36 161 × 141 = 22,701

The fourth computational level (L4) is related to three Cartesian SWAN domains (Cart1, Cart2
and Cart3). The characteristics of these Cartesian areas are given in Table 2. The first two correspond
to the high resolution coastal areas in front of the Sulina and Saint George arms of the Danube,
while the third to the coastal environment close to Mangalia city, located in the extreme south of the
Romanian nearshore.

Table 2. Characteristics of the Cartesian computational domains considered for the SWAN model
simulations focused on the western side of the Black Sea.

Cartesian Domains Δx × Δy (m) Δt (min) nf nθ ngx × ngy = np

Cart1—Sulina (L4) 50 × 50 60 stat 30 36 135 × 216 = 29,160
Cart2—Sacalin (L4) 200 × 200 60 stat 30 36 353 × 251 = 88,603

Cart3—Mangalia (L4) 50 × 50 60 stat 30 36 96 × 107 = 10,172

The physical processes activated in the SWAN simulations, corresponding to the eight
computational domains considered are presented in Table 3. In this table: Wave indicates the wave
forcing, Tide the tide forcing, Wind the wind forcing, Curr the current field input, Gen generation by
wind, Wcap the whitecapping process, Quad—the quadruplet nonlinear interactions, Triad the triad
nonlinear interactions, Diff diffraction process, Bfric bottom friction, Set up wave-induced setup, and Br
depth-induced wave breaking. For each computational level the most relevant processes have been
considered as presented in Table 3.
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Table 3. Physical processes activated in the SWAN simulations, corresponding to the eight
computational domains defined. X—process activated, 0—process inactivated.

Input/Process
Wave Wind Tide Curr Gen Wcap Quad Triad Diffr Bfric Set up Br

Domains

Sph1 0 X 0 0 X X X 0 0 X 0 X
Sph2 X X 0 0 X X X X 0 X 0 X
Sph3 X X 0 X X X X X X X 0 X
Sph4 X X 0 0 X X X X 0 X 0 X
Sph5 X X 0 0 X X X X X X 0 X
Cart1 X X 0 X X X X X X X X X
Cart2 X X 0 X X X X X X X X X
Cart3 X X 0 0 X X X X X X X X

Figure 1. The computational domains defined in spherical coordinates: (a) Sph1—Black Sea basin and
Sph2 (right side)—western coastal driver; (b) Sph3—nearshore area at the mouths of the Danube River
(right side); Sph4 and Sph5 (left side)—Southern RO1 and RO2. The positions of the three Cartesian
domains are also indicated.
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The geographical spaces corresponding to these three Cartesian computational domains
(Cart1–Cart3) are illustrated in Figure 2.

Figure 2. The computational domains defined in Cartesian: (a) Cart1—the nearshore in front of Sulina
arm of the Danube River; (b) Cart2—Sacalin Peninsula and the Saint George arm of the Danube River;
(c) coastal environment close to Mangalia city, the south of the Romanian nearshore.

2.3. SWAN Model Validations and Implementation of Data Assimilation Techniques

Extensive calibrations and validations have been carried out for the wave modeling system
against both ‘in situ’ and remotely sensed measurements [16,33–36]. While the validations against
the satellite data considered only the significant wave height, those carried out against in situ
measurements, besides this wave parameter, considered also the mean wave period and the wave
direction [15–17,32–35]. As it is known, an increased wave period leads to higher celerity, enhancing
as a consequence the wave power. From this perspective a brief discussion will be focused next on
the model capability in predicting with an acceptable accuracy this important wave parameter. Since
the Black Sea is an enclosed basin, the fetch is significantly smaller than in the ocean environment.
This means that the value of the mean period is not so large, an average value for the western coast
of the Black Sea being about 4 s. This is almost half the average value of the mean period close to
the European oceanic coasts [18]. The results presented in [15–17,32–35], considering validations and
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calibration studies against data provided by two directional buoys: Gelendzhik (37.98◦ E, 44.51◦ N)
and Hopa (41.38◦ E, 41.42◦ N), show that the wave modeling system implemented predict the mean
wave period with a reasonable accuracy, in some statistical parameters, as for example the scatter
index the results being systematically better than for the significant wave height. Furthermore, also on
the west coast of the Black Sea, a comparison of the SWAN results with the data measured at the Gloria
drilling platform, which operates in the western sector (44.31◦ N, 29.34◦ E) at a location where the
water depth is about 50 m shows also a relatively good accuracy of the model predictions in terms of
mean wave periods.

Furthermore, for increasing the accuracy and reliability of the wave predictions, techniques for
assimilating the satellite data have been designed and implemented for the first two computational
levels corresponding to the SWAN domains Sph1 and Sph2 [42–44]. These assimilation techniques are
based on the optimal interpolation method [45]. The main idea behind these assimilation techniques is
to combine the information coming from measurements with the results of the numerical models into
an optimal estimation of the field of interest. For these two computational domains, the assimilation of
the wave data has been performed in terms of the significant wave height (Hs).

It has to be highlighted that the satellite observations provided by the multimission system
were considered for data assimilation. These comprise measurements from seven satellites. Thus,
the data coming from the satellites: ERS-2 (European Remote Sensing), Poseidon, JASON-1, JASON-2
and GEOSAT (GEOdetic SATellite) Follow-On (GFO) were considered in the assimilation process,
while the data from ENVISAT (Environmental Satellite) and TOPEX (TOPography Experiment) were
used for validations.

From this perspective, Table 4 presents the statistical results obtained for the Hs values simulated
with SWAN and the Hs values obtained after the application of the data assimilation method, against
the altimeter measurements used for validation across the Black Sea. The results correspond to
the 15-year time interval 1999–2013. The parameters presented in Table 4 are: mean measured and
simulated values of the significant wave height, bias, mean absolute error, RMS (root mean square)
error, scatter index (SI), correlation coefficient (R), and the regression slope (S), all of them being
computed according to their standard definitions. In Table 4, N represents the number of data points
considered in the statistical analysis. As it is known the bias, mean absolute error, RMS error and
scatter index are better when the values are smaller, while the correlation coefficient and the regression
slope are better when they are closer to the unity. From this perspective, it can be seen from Table 4
that the results with data assimilation appeared improved for all parameters. Figure 3 illustrates
the corresponding scatter diagrams (the 15-year time interval 1999–2013) for the significant wave
height. On the left side of this figure, the results of the SWAN model without data assimilation are
presented while on the right side the results after performing the assimilation of the satellite data
are given. The results presented in Figure 3 also indicate a clear improvement in the case when the
data assimilation technique is used. Detailed information concerning the techniques considered for
assimilating satellite data in the Black Sea wave modeling is given in [17,42–44].

Table 4. Statistical results obtained for the Hs values simulated with SWAN and the Hs values obtained
after the application of the DA (data assimilation) method, against altimeter measurements used for
validation across the Black Sea, results corresponding to the 15-year time interval (1999–2013).

Parameter
MeanObs

(m)
MeanSim

(m)
Bias
(m)

MAE
(m)

RMSE
(m)

SI R S N

SWAN Hs (m)
1.04

0.97 −0.07 0.27 0.35 0.35 0.88 0.98
316,920SWANDA Hs (m) 1.00 −0.04 0.21 0.29 0.28 0.91 0.99
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Figure 3. Hs scatter diagrams: a) SWAN without DA and b) SWAN with DA (right), results
corresponding to the 15-year time interval 1999–2013.

Finally, as previously mentioned, an alternative multi parameter assimilation scheme was also
designed, especially for the computational domain Sph4, considering in the assimilation process the
in situ measurements carried out at the Gloria drilling unit [40,41]. In this case three different wave
parameters have been assimilated. These are significant wave height, mean period and mean wave
direction. This approach is based on the successive correction method (SCM) and its main advantage
consists in the fact that the corrections are not limited to the significant wave height but operate on
other two important wave parameters, which are wave direction and period. As shown in [40,41] this
assimilation method improves the reliability of the wave predictions. On the other hand, the main
inconvenience in relationship with the assimilation of the satellite data consists in the fact that it is
directly related to a permanent source for in situ measurements. That is why from the computational
domains considered in the present work, the above assimilation approach is effective only for Sph4
and the subsequent domains Sph5 and Cart3.

3. Results and Discussion

Model system simulations have been performed for the entire year 2017. The emphasis was
given to the analysis of the high, but not extreme, wintertime conditions, where wintertime was
considered the six-month period from January to March and from October to December. The wind
fields considered are those provided by the US National Centres for Environmental Prediction (NCEP).
The spatial resolution of the wind data is 0.325 degrees in both latitude and longitude while the
temporal resolution is 3 h.

Some of the most relevant results of the simulations performed with the SWAN model for the year
2017 are analyzed and discussed next. These consider the eight computational domains (corresponding
to four different levels) defined before. Also, for each domain the physical parameterizations presented
in Table 4 have been activated in the model setting. The discussion focuses on the high wave
energy conditions.

From this perspective, Figure 4 illustrates high wave conditions in the entire basin of the Black
Sea (computational domain Sph1). These model results correspond to the time frame 8 January 2017.
Figure 4a presents the significant wave height scalar fields (Hs) and the wave vectors and Figure 4b the
wave power scalar fields (Pw) and the energy transport vectors. The maximum values of the significant
wave height and wave power are also indicated, they are: Hsmax = 5.2 m and Pwmax = 70 kW/m.
These correspond to two different locations offshore the Danube Delta, which are very close. At this
point, it has to be highlighted that the case study presented in Figure 4 corresponds to one of the most
common patterns concerning the spatial distribution of the wave energy in the basin of the Black Sea.
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According to this pattern, the tendency of the wave energy is to concentrate in the western part of
the basin in the Black Sea. This is also related to the characteristics of the atmospheric circulation,
according to which the strongest winds blowing over the Black Sea are usually from the northeast.

Figure 4. High wave conditions in the Black Sea (computational domain Sph1), model results
corresponding to the time frame 8 January 2017. (a) Significant wave height scalar fields and wave
vectors (represented by black arrows); (b) wave power scalar fields and energy transport vectors
(represented by red arrows). The maximum values of the significant wave height and wave power are
also indicated.

Going to the second level (corresponding to the spherical computational domain Sph2), Figure 5
presents high, but not extreme, wave conditions in the western Black Sea. The model results correspond
in this case to the time frame 4 February 2017. Figure 5a illustrates the significant wave height
scalar fields and wave vectors while Figure 5b the wave power scalar fields and energy transport
vectors. The maximum values of the significant wave height and wave power are Hsmax = 4.9 m and
Pwmax = 57 kW/m. As shown in the figure, these maximums are located in two different points, both
close the eastern boundary approximately in the center of the computational domain.
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Figure 5. High wave conditions in the western Black Sea (computational domain Sph2), model results
corresponding to the time frame 4 February 2017. (a) Significant wave height scalar fields and wave
vectors (represented by black arrows); (b) wave power scalar fields and energy transport vectors
(represented by red arrows).

Regarding now level 3, Figure 6 presents high wave conditions at the mouths of the Danube
River (computational domain Sph3). The model results correspond to the time frame 22 March 2017.
Figure 6a illustrates the significant wave height scalar fields and wave vectors while Figure 6b the wave
power scalar fields and energy transport vectors. The maximum values of the significant wave height
and wave power are Hsmax = 5.2 m and Pwmax = 58 kW/m. Although they are both located in the
southern side of the domain, their positions are different this time. Thus, the significant wave height
has the highest value at the mouth of the Saint George arm while the point with the maximum wave
power is located about 0.35 degrees offshore, close to the southern boundary of the SWAN domain.
The next two areas defined for this level (L3) are illustrated in Figures 7 and 8 and they correspond
to the computational domains Sph4—Southern RO1 and Sph5—Southern RO2, respectively. Thus,
Figure 7 presents the model results for the time frame 7 October 2017 and Figure 8 those for the time
frame 25 October 2017. The maximum values of the significant wave height and wave power are
Hsmax = 4.0 m and Pwmax = 58 kW/m, for the case presented in Figure 7 and Hsmax = 4.9 m and
Pwmax = 76 kW/m, for the case presented in Figure 8. In both cases the significant wave height and
wave power have the maximum values in the same point, which is located in the northeastern side of
the SWAN computational domain.

Finally, Figure 9 presents the wave power scalar fields and energy transport vectors in the high
resolution Cartesian domains (Cart1–Cart3). Thus, Figure 9a presents an average to high wave energy
situation in the computational domain Cart1 corresponding to the time frame 8 November 2017. The
maximum values of the significant wave height and wave power are Hsmax = 4.3 m and Pwmax = 54
kW/m. The points of maximum are located both in front of the Sulina bar, but that corresponding to
the maximum wave power is closer to the nearshore. An important characteristic of the SWAN model
simulations in this computational domain is related to the higher values of the Benjamin-Feir Index
(BFI). BFI, or the steepness-over-randomness ratio, has been introduced formally by Jansen [43] and is
defined as:

BFI =
√

2π St · Qp (8)

where St represents the integral wave steepness and is computed as the ration between the significant
wave height and the wavelength and Qp represents the peakedness of the wave spectrum and it is
defined as:
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Qp = 2
�

σE2(σ, θ)dσ dθ

(
�

σE(σ, θ)dσ dθ)
2 (9)

This parameter is related to the occurrences of the high waves (the risks for the rogue waves
apparition). Hence, BFI is a spectral shape parameter that can be related to the kurtosis of the wave
height distribution. In particular, for Gaussian-shaped spectra in the narrow band approximation
Jansen [46] showed that the kurtosis depends on the square of BFI. Furthermore, various experimental
results show that for BFI = 0.2 the maximum wave heights are very well-described by the Rayleigh
distribution while for values of BFI greater than 0.9 the ratio Hmax/Hs is substantially underestimated.
From this perspective, [36] showed that the highest BFI values occur in this area between the two
points of maximum wave power and significant wave height, respectively, indicated in Figure 9a for
significant wave heights of about 3 m and wave directions of 90 degrees (BFI = 1.87). This indicates
a very high probability of the rogue wave occurrence with very high wave energy. The importance
of mentioning the rogue waves in this context is that besides the very high wave power, which they
possess, they are also very dangerous for the human activities. These include the operational activities
related to the maintenance of the devices, but also devices themselves might be put in danger by such
very high and unexpected waves.

Figure 6. High wave conditions at the mouths of the Danube River (computational domain Sph3),
model results corresponding to the time frame 22 March 2017. (a) Significant wave height scalar fields
and wave vectors (represented by black arrows); (b) wave power scalar fields and energy transport
vectors (represented by red arrows).

Figure 9b illustrates a high wave energy situation in the computational domain Cart2
corresponding to the time frame 8 November 2017. The maximum values of the significant wave height
and wave power are Hsmax = 5.1 m and Pwmax = 78 kW/m. The points of maximum are located both
on the northern boundary, but in different places. Finally, Figure 9c illustrates also a high wave energy
situation in the computational domain Cart3 (the coastal environment close to the Romanian city
Mangalia) corresponding to the time frame 18 December 2017. The maximum values of the significant
wave height and wave power are in this case Hsmax = 5.3 m and Pwmax = 71 kW/m. These maximums
correspond both to the same point, located in the southern right corner of the computational domain.
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Figure 7. Average to high wave conditions in the southern side of the Romanian nearshore
(computational domain Sph4—Southern RO1), model results corresponding to the time frame 7
October 2017. (a) Significant wave height scalar fields and wave vectors (represented by black arrows);
(b) wave power scalar fields and energy transport vectors (represented by red arrows).

Figure 8. High wave conditions in the southern side of the Romanian nearshore (computational domain
Sph5—Southern RO2), model results corresponding to the time frame 25 October 2017. (a) Significant
wave height scalar fields and wave vectors (represented by black arrows); (b) wave power scalar fields
and energy transport vectors (represented by red arrows).

Some observations can be made at the end of this section. First of all, as already mentioned, the
cases presented are related to high winter time wave conditions. They were selected as representative,
but at the same time, although cannot be considered very usual, they do not represent unusual
situations since such wave energy conditions are encountered with a certain frequency in the winter
period. Another observation is related to the fact that usually the maximum values of the significant
wave height and of the wave power do not occur exactly in the same point, but they are very often
in closer positions from a geographical perspective. Finally, although there is a direct relationship
between the wave power and the significant wave height, a certain significant wave height does not
automatically indicates the value of the wave power. Thus, according to the results presented in
Figure 4 (for the domain Sph1), a Hsmax = 5.2 m corresponds a Pwmax = 70 kW/m. On the other
hand, as Figure 6 shows (for the domain Sph3), a Hsmax = 5.2 m corresponds a Pwmax = 58 kW/m,
while according to Figure 8 (related to the domain Sph3), a Hsmax = 4.9 m corresponds to a
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Pwmax = 76 kW/m. The explanation of these differences can be found in the definition of the wave
power components (Equation (5)). Thus, the components of the wave power depend not only on the
energy spectrum, but also on the velocity of the wave group. This means that for the same significant
wave height, if the waves travel faster, they will have a higher energy.

Figure 9. Wave power scalar fields and energy transport vectors (represented by red arrows) in the high
resolution Cartesian domains defined: (a) Cart1—Sulina bar, average to high wave energy situation
corresponding to the time frame 8 November 2017; (b) Cart2—Sacalin Peninsula, high wave conditions,
time frame 28 November 2017. (c) Cart3—Mangalia nearshore, high wave conditions, time frame 18
December 2017.
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Finally, at the end of this section it can be highlighted that, although the results of this work
are focused on the coastal environment of the Black Sea, most of them reflect the general trends
encountered in the coastal environment, indicating the fact that the effects of the climate change is
rather similar in many nearshore areas [47,48].

4. Conclusions

This work illustrates some recent results related to the energy propagation patterns in the western
side of the Black Sea basin, especially focused on the Romanian nearshore. Thus, simulations with
the SWAN spectral phase averaged wave model have been performed for the entire year 2017 and
some of the corresponding results have been presented and analyzed. This modeling system was
previously validated at various scales, and furthermore, some data assimilation schemes have been also
implemented, so that its results can be considered both accurate and reliable. Four computational levels
comprising eight different SWAN domains have been considered in the present work. Five of them
were defined in spherical coordinates (Sph1–Sph5), while the other three in Cartesians (Cart1–Cart3).
The emphasis was given to the high, but not extreme, wave energy conditions generated by distant
storms. This means that the local wind has not very high values, the maximum wind speed being
usually less than 10 m/s in the nearshore areas considered. The present study also takes into account
the fact that, mainly due to the climate change, the configuration of the environmental matrix in the
Black Sea is currently subjected to significant changes and such high wave energy conditions may
occur now with an increased frequency.

From the analysis of the results, some conclusions will be briefly drawn. In order to have
references for comparisons, the results of some studies [16,17] related to the wave energy conditions
previously observed in the basin of the Black Sea have been also considered. Thus, it can be first
noticed that the general patterns regarding the spatial distribution of the wave energy in the basin of
the Black Sea do not substantially change. This means that the western side of the sea still remains its
most energetic part. Furthermore, a general enhancement of the wave energy is noticed and it appears
that this enhancement is relatively higher in the western side. Although the present study was focused
on the high wave energy conditions, the results of the model simulations show that the incidence
of the strong storms increases in the last year. At the same time, this feature enhances the incidence
of the higher wave energy conditions (that were especially targeted in the present work) followed
by the general enhancement of the wave energy, which was already mentioned. Another important
observation coming from the analysis of the results coming from the present work, when compared
with the previous studies, relates the relatively higher values of the wave power for similar values of
the significant wave height. This indicates an enhancement in terms of the wave group velocity, which
means that there is a tendency for the waves to travel faster along the Black Sea.

Many previous studies, related to the wind energy potential [4–10], showed that the coastal
environment of the Black Sea, and especially its northern and western side, is fully appropriate for the
implementation of offshore wind projects. Furthermore, various studies have been also carried out
related to the climate change impacts on wind energy potential in the Black Sea [49,50]. According
to these, it can be noticed a clear tendency of the wind power enhancement in the western side of
the basin. This is expected to be reflected also in an enhancement of the wave power, which will
be more significant in the western side of the Black Sea. Furthermore, this western part was also
found in previous studies [16,17] to be more energetic. At this point, it has to be also noticed that
similar climate change effects are expected also in the Mediterranean Sea [12]. Even so, as regards
the waves, it is obvious that the potential in the western side of the Black Sea is lower than in
the ocean environment, the total average wave power values being usually lower than 6 kW/m in
the western coastal environment of the Black Sea. However, the expected advances in the WEC
technologies, coupled with the visible enhancement of wave power, may also give momentum to the
wave energy extraction in this part of the sea. This especially concerns the collocation of the wave
farms in the vicinity of the future wind projects, so that to benefit from important cost reductions
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related to the grid connection and to the operational expenditures (OPEX). Furthermore, an important
additional argument in favor of marine energy farms is that they may play a significant role in
coastal protection [25–27]. At this point, it has to be highlighted that the western side of the Black
Sea is currently subjected to high erosion processes that need very expensive periodical investments.
From this perspective, the advantage of marine farms is that they diminish the cause (the nearshore
wave energy) and not the effect, as most of the other solutions considered for coastal protection.
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Abstract: Many research studies have applied the multi-criteria decision making (MCDM) approach
to various fields of science and engineering, and this trend has been increasing for many years. One of
the fields that the MCDM model has been employed is for location selection, yet very few studies
consider this problem under fuzzy environmental conditions. In this research, the authors propose an
MCDM approach, including fuzzy analysis network process (FANP), and the technique for order of
preference by similarity to ideal solution (TOPSIS), for solid waste to energy plant location selection in
Vietnam. In the first stage of this research, the ANP approach with fuzzy logic is applied to determine
the weight of criteria. In the FANP model, the value of the criteria is provided by the experts so
that the disadvantages of this model are that the input data, expressed in linguistic terms, depends
on the experience of experts, and thus involves subjectivity. This is a reason why TOPSIS model
was proposed for ranking alternatives in the final stage. Analysis shows that Hau Giang (Decision
Making Unit 8 (DMU 8)) is the best location for building solid waste to energy plant, because it
has the shortest geometric distance from the positive ideal solution (PIS) and the longest geometric
distance from the negative ideal solution (NIS). The contribution of this research is a proposed hybrid
FANP and TOPSIS approach for solid waste to energy plant location selection in Vietnam under
fuzzy environmental conditions. This paper is also part of an evolution of a new hybrid model that is
flexible and practical for decision makers. In addition, the research also provides a special, useful
guideline in solid waste to energy plant location selection in many countries, as well as provides a
guideline for location selection in other industries. Thus, this research makes significant contributions
on both academic and practical fronts.

Keywords: renewable energy; environment; solid waste to energy plant; FANP; TOPSIS; fuzzy
logic; MCDM

1. Introduction

Presently, the main energy resources in Vietnam are hydropower and thermal power. Vietnam’s
fossil fuel resources have been exhausted due to overexploitation. Moreover, the plan to develop
atomic energy has been halted. Vietnam has been importing materials and primary energy for
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electricity production, and the development of renewable energy will aid Vietnam to diversify and
establish self-reliant power supply and environmental protection. Therefore, the government of
Vietnam encourages the development of renewable energy, intelligent grid technology, and new energy
technologies, as well as studies on how to exploit renewable energy sources. According to Vietnam’s
Ministry of Natural Resources and Environment, the total domestic solid waste is approximately
12.8 million tons/year. In Vietnam, solid waste is mainly handled by landfilling and burning, which
increases the cost of waste treatments and affects the environment. However, environmental pollution
caused by waste incineration may raise concerns over the resident population coming down with
the Not-In-My-Backyard (NIMBY) syndrome [1]. Therefore, the construction of solid waste to energy
plant is needed in Vietnam.

The Resource Conservation and Recovery Act (RCRA) states that “solid waste” refers to any
garbage or refuse, sludge from a wastewater treatment plant, water supply treatment plant, or air
pollution control facility and other discarded material, resulting from industrial, commercial, mining,
and agricultural operations, and from community activities. Nearly everything we do leaves behind
some kind of waste. It is important to note that the definition of solid waste is not limited to waste
that is physically solid. Many solid wastes are liquid, semi-solid, or contain gaseous material [2].
Hence, solid waste is one of the main causes of environmental pollution in developing countries [3–5].
There are many technologies for gaseous emission treatment [6,7].

A solid waste to energy plant is a waste management facility that combusts wastes to produce
electricity. This type of power plant is sometimes referred to as a trash-to-energy, municipal waste
incineration, energy recovery, or resource recovery plant [8]. The advantages of solid waste to energy
is the use of closed process, energy production, reduction of greenhouse gases, and saving of land, and
it being, essentially, a renewable energy [9].

Solid waste to energy technology is widely used in developing countries. The typical range of net
electrical energy that can be produced is approximately 500–600 kWh per ton of waste incinerated.

Many research studies have applied the multi-criteria decision making (MCDM) approaches to
various fields of science and engineering, a trend that has been increasing for many years. One of the
fields that the MCDM model has been employed is in the location selection problem. Mahmoud A.
Hassaan [10] proposed a geographic information systems (GIS) approach for siting a municipal solid
waste incineration power plant in Egypt. Tavares et al. [11] used the analytical hierarchy process (AHP)
and GIS for siting of an incineration plant for municipal solid waste. H. Y. Yap and J. D. Nixon [12]
proposed a multi-criteria analysis of alternatives for energy recovery from municipal solid waste
in India and the United Kingdom. Amy H. I. Lee et al. [13] presented a hybrid FAHP – Assurance
Region (AR) – Data Envelopment Analysis (DEA) to assess the efficiencies of PV solar plant site
candidates. Chia-Nan Wang et al. [14] proposed a hybrid model including DEA–FAHP–TOPSIS for
solar power plant location selection in Vietnam. P. Aragonés-Beltrán et al. [15] used ANP for selection
of photovoltaic (PV) solar power plant investment projects.

Ali et al. [16] proposed a hybrid GIS and MCDM approach to define the best place for wind farm
location. Suh and Brownson [17] proposed GIS and AHP approaches to select PV solar plant sites.
Noorollahi et al. [18] combined GIS and fuzzy AHP for land analyses in solar farm site. Audrius
Čereška et al. [19] used MCDM for analyzing of steel wire rope diagnostic data.

A generic process of MCDM is shown in Figure 1.
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Figure 1. A generic process of multi-criteria decision making (MCDM).

Decision makers should follow a four-stage procedure when making location selection.
These steps are as follows and as shown in Figure 2 [20,21].

Step 1: Identify location attributes. In this stage, all attributes that affect the organization will
be considered.

Step 2: Identify alternatives. Once decision makers know what attributes affect the organization,
they can define alternatives that satisfy the selected attributes.

Step 3: Evaluate alternatives. After a set of alternatives are built, all potential alternatives will be
evaluated and ranked by quantitative or qualitative methods.

Step 4: Make a decision. The best alternative will be defined base on the highest-ranking score in
the final step.

Figure 2. General methodology of location selection problem.

Gan et al. [22] used integrated Triangular Fuzzy Numbers (TFN)-AHP-DEA approaches for
renewable energy projects analyzed economic feasibility. Liu et al. [23] proposed a hybrid MCDM
model by combining data envelopment analysis (DEA) and the Malmquist model for evaluating the
total factor energy efficiency. Asad Asadzadel et al. [24] proposed TOPSIS model for assessing site
selection of new towns. Maria Rashidi et al. [25] presented the developed decision support system for
asset management of steel bridges within acceptable limits of safety, functionality, and sustainability
by using AHP model.
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This research proposes a MCDM model including FANP and TOPSIS for solid waste to energy
plant location selection in Vietnam under uncertain environmental conditions. In the first stage of this
research, FANP is applied to determine the weight of criteria. The steps for implementing the FANP
model are as follows:

Step 1: Building FANP model.
Step 2: Set up pair comparison matrix.
Step 3: Calculate maximum individual value.
Step 4: Check consistency. Calculate the vector of the matrix.
Step 5: Form the super matrix.
In the FANP, AHP, or FAHP model, the value of the criteria is provided by the experts, so

the disadvantage of the model is that the input data, expressed in linguistic terms, depends on the
experience of experts, and thus involves subjectivity. This is a reason why the TOPSIS model is
proposed for ranking alternatives in the final stage. The TOPSIS model was employed to rank potential
sites. Optimal options have the shortest geometric distance from the positive ideal solution (PIS) and
the longest geometric distance from the negative ideal solution (NIS). The advantage of this method
is its simplicity and ability to yield an indisputable preference order [26,27]. There are six steps in
TOPSIS process, as follows:

Step 1: Determining the normalized decision matrix.
Step 2: Calculating the weight normalized value.
Step 3: Calculating the PIS (D+) and PIS (D−).
Step 4: Determining a distance of the PIS (Q+

x ).
Step 5: Determining the relationship proximal.
Step 6: Determining the best option with the maximum value of Ca.
The remainder of the article provides background materials to assist in developing the MCDM

model. Then, a hybrid FANP–TOPSIS approach is presented to select the best location for building of a
solid waste to energy plant from among eight potential locations in Vietnam. The results, discussion,
and the contributions are presented at the end of the paper.

2. Material and Methodology

2.1. Research Development

In this research, we present a hybrid fuzzy ANP and TOPSIS approaches to select the best site
for building a solid waste to energy plant in Vietnam. There are three steps in this study, as shown in
Figure 3:

Step 1: Identify criteria. In this stage, the criteria for selecting the best location for building solid
waste to energy plant will be defined by expert’s interviews and literature review from others’ research.
All of the attributes are shown in Figure 3.

Step 2: Implement fuzzy analysis network process model (FANP). The FANP model is the most
effective tool for defining the weight of the criteria. The weight of criteria will be calculated based on
economic factors, technical requirements factors, environment factors, and social factors. The weight
of all criteria will be used in TOPSIS model.

Step 3: Apply the technique for order of preference by similarity to the ideal solution (TOPSIS)
model. The TOPSIS approach is used to rank potential locations. The optimal alternatives will have the
shortest geometric distance from the positive ideal solution (PIS) and the longest geometric distance
from the negative ideal solution (NIS).
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Figure 3. Research methodologies.

2.2. Methodology

2.2.1. Fuzzy Analytic Network Process (FANP)

(1) Analytic Network Process (ANP)

The ANP model was developed to overcome the limitations of AHP, taking into account the
hierarchy and interactions between the selection criteria. Moreover, the dynamics and complexity
of the majority of decision making environments make ANP an effective tool in addressing such
situations. According to Sarkis, ANP is a powerful decision making technique for analyzing key issues
related to green supply chain management and environmental business operations, but both AHP and
ANP require a resolution. Strategic planning ANP is a combination of two parts [28,29]:

- Primary and secondary criteria that control the interactions.
- The grid effect of elements and clusters.

The goal of the ANP is to use qualitative methods to rank qualitative decisions and to select one
or more alternatives that meet the criteria.

(2) Fuzzy Analytic Network Process
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Zadeh (1965) [30] introduced the theory to deal with uncertainty due to imprecision and vagueness.
There are many forms of fuzzy numbers, such as trapezoidal fuzzy numbers, triangular fuzzy
numbers, etc. However triangular fuzzy numbers are often used by efficiency and ease of use.
In this study, vendor evaluations were made based on triangular fuzzy numbers, so this fuzzy number
was studied [31–35]. The fuzzy triangular numbers are shown in Figure 4.

Figure 4. Fuzzy triangular number.

μ (x) =

⎧⎪⎪⎨⎪⎪⎩
x −L
M −L , L ≤ x ≤ M
U −x
U −M , M ≤ x ≤ U

0, otherwise

(1)

If L = M = U, the fuzzy number A becomes real number. Thus, real numbers are special cases of
fuzzy numbers [36].

Fuzzy set theory is a perfect means for modeling uncertainty (or imprecision) arising from
mental phenomena, which are neither random nor stochastic. This attitude towards the uncertainty of
human behavior led to the study of a relatively new decision analysis field: fuzzy analytical network
process [37].

The procedure for implementing the FANP method is as follows:
Step 1: Building FANP model.
Construction of the FANP model structure. Set the hierarchy and define the relationship between

the criteria as well as the supplier.
Step 2: Set up pair comparison matrix.
A pairwise comparison of fuzzy numbers is used to perform a pairwise comparison between

criteria. The pair comparison matrix is presented as follows:

Ãk =

⎡⎢⎢⎢⎢⎣
ãk

11 ãk
12 · · ·

ãk
21
· · ·

ãk
22
· · ·

· · ·
· · ·

ãk
n1 ãk

n2 · · ·

ãk
1n

ãk
2n
· · ·
ãk

nn

⎤⎥⎥⎥⎥⎦, (2)

where
Ãk is called a pairwise comparative matrix of fuzzy elements,
ãk

nn is the triangular fuzzy mean value when comparing the pair of priorities between the elements.
Converting fuzzy numbers to real numbers, triangular fuzzy trigonometric methods are presented

as follows [38]:
tα,β

(
αij

)
=

[
β fα

(
Lij

)
+ (1 − β) fα

(
Uij

)]
;

0 ≤ β ≤ 1, 0 ≤ α ≤ 1
(3)

where
fα

(
Lij

)
=

(
Mij − Lij

)
α + Lij (4)
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fα

(
Uij

)
= Uij − (Uij − Mij

)
α. (5)

When matching the diagonal matrix, we have

tα,β(αij) =
1

tα,β(αij)
0≤ β ≤ 1, 0 ≤ α ≤ 1, i > j.

(6)

After comparing the fuzzy pairwise comparison matrix, we obtain a matrix that compares the
real numbers. This comparison is made between pairs of indicators and is combined into a matrix of n
lines and n columns (n: is the number of indicators). Element shows the importance of the indicator i
versus the column criteria.

A =
(
mij

)
n×n =

⎡⎢⎢⎢⎢⎣
1 m12

m21 1
. . . m1n
. . . m2n

...
...

mn1 mn2

...
...

. . . 1

⎤⎥⎥⎥⎥⎦ (7)

To evaluate the priority in the FANP model, we use the scale presented in the Table 1 as follows.

Table 1. Fuzzy conversion scale [39].

Intensity of Fuzzy Scale Linguistic Variables for Relative Weights of Criteria

1̃ = (1, 1, 1) Equally important
3̃ = (2, 3, 4) Moderately important
5̃ = (4, 5, 6) Strongly important
7̃ = (7, 8, 9) Very strongly important
9̃ = (9, 9, 9) Extremely strongly important

2̃, 4̃,̃ 6, 8̃

Intermediate values between two adjacent judgments;
2̃ = (1, 2, 3);
4̃ = (3, 4, 5);
6̃ = (5, 6, 7);
8̃ = (7, 8, 9);

After the fuzzy decomposition, in the form of the real comparison matrix. The scale that was
suggested by Saaty for AHP and ANP can be used. These scales are shown in Table 2 [40].

Table 2. Priority rating scale.

Priority Level Number

Equally preferred 1
Moderately preferred 3

Strongly preferred 5
Very strongly preferred 7

Extremely preferred 9
Intermediate judgment values 2, 4, 6, 8

Step 3: Calculate maximum individual value.
To calculate the maximum specific value for the indicator. In particular, the most widely used is

lambda max (max) by Saaty’s proposition [40]:

|A − λmax.I|= 0, (8)

where
λmax: the maximum value of the matrix.
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A: Comparative matrix of pairs of elements.
I: unit matrix of the same level with matrix A.
Step 4: Check consistency. Calculate the vector of the matrix.
After calculating maximum individual value, Saaty [40] can use the consistency ratio (CR). This

ratio compares the degree of consistency with the (random) objectivity of the data:

CR =
CI
RI

, (9)

where
CI: consistency index,
RI: random index.
If CR ≤ 0.1 is satisfactory, otherwise if CR ≥ 0.1 then we must conduct a reevaluation of the pair

comparison matrix.

CI =
λmax − n

n − 1
, (10)

where
λmax is the maximum value of the matrix,
n is the number of indicators.
For each n-level comparison matrix, Saaty [40] tested the creation of random matrices and

calculated the RI (random index) corresponding to the number of indicators as shown in the Table 3.

Table 3. Randomized index values corresponding to indicators.

N 1 2 3 4 5 6 7 8 9 10

R 0 0 0.52 0.90 1.12 1.24 1.32 1.41 1.45 1.49

Step 5: Form the super matrix
After completing the above steps, a super matrix is formed in Table 4 as follows:

Table 4. Super matrix.

0 U12 0

U21 U22 U23
0 0 0

where

- U12 is a matrix formed from the matrix’s own vector when comparing the choices for
each criterion.

- U21 is a matrix formed from its own vector when comparing the criteria for each choice.
- U22 is a matrix formed from its own vector when comparing the interaction effect between

the criteria.
- U23 is a matrix formed from the matrix’s own vector when comparing the criteria with each other.

2.2.2. TOPSIS Model

TOPSIS model was proposed Hwang and Yoon [41]. The main concept of TOPSIS is that the best
options should have the shortest geometric distance from the positive ideal solution (PIS) and the
longest geometric distance from the negative ideal solution (NIS) [42]. There are m alternatives and
n criteria, and the result of TOPSIS model shows the score of each option [43]. There are six steps of
TOPSIS process, as below:
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Step 1: Determining the normalized decision matrix, raw values (aij) are transferred to normalized
values (nij) by

kxy =
bxy√
∑e

x b2
xy

, x = 1, . . . , e; y = 1, . . . , k. (11)

Step 2: Calculating the weight normalized value (vij), by

fxy = Pxyhxy, x = 1, . . . ., e; y = 1, . . . , k. (12)

where Pj is the weight of the xtk criterion and ∑k
y=1 pp = 1.

Step 3: Calculating the PIS (D+) and PIS (D−), where l+x indicate the maximum values of fxy and
f−x indicates the minimum value fxy:

D+ =
{

f+1 , . . . , f+h
}
=

{(
max

y
fxy

∣∣∣∣x ∈ A
)

,
(

min
y

fxy

∣∣∣∣x ∈ A
)}

, (13)

D− =
{

f−1 , . . . , f−n
}
=

{(
min

y
fxy

∣∣∣∣x ∈ A
)

,
(

max
y

fxy

∣∣∣∣y ∈ B
)}

, (14)

Step 4: Determining a distance of the PIS (Q+
x ) separately by

Q+
x =

{
k

∑
y=1

(
fxy − f+y

)2
} 1

2

, x = 1, . . . , e (15)

Similarly, the separation from the NIS
(
Q−

i
)

is given as

Q−
x =

{
k

∑
y=1

(
fxy − f−y

)2
} 1

2

, x = 1, . . . , e. (16)

Step 5: Determining the relationship proximal to the problem-solving model:

Cx =
Q−

x

Q+
x + Q−

x
, x = 1, . . . , e. (17)

Step 6: Determining the best option with the maximum value of Ca.

3. Case Study

The impact of the industrialization and modernization has resulted in ever-increasing solid waste.
Vietnam is among five countries in the world with the most solid waste discarded into the ocean.
Solid waste in Vietnam includes garbage, construction debris, commercial refuse, hospital waste, etc.
A summary of solid waste in Vietnam is shown in Figure 5.

In this research, the authors analyzed eight potential locations for a solid waste to energy plant in
Vietnam. The information about eight potential locations is shown in Table 5.
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Figure 5. Solid waste in Vietnam.

Table 5. Potential locations for building a solid waste to energy plant.

No Potential Location Decision Making Unit (DMU)

1 Long An DMU 1
2 Tien Giang DMU 2
3 Can Tho DMU 3
4 Ben Tre DMU 4
5 An Giang DMU 5
6 Vinh Long DMU 6
7 Dong Thap DMU 7
8 Hau Giang DMU 8

The geographical location of eight of potential locations (DMU) are shown in Figure 6.

Figure 6. The geographical location of DMU. (Source: UN Development Programme.)
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Based on the results of Expert’s interviews and literature review, the hierarchical structures of the
FANP was contracture, as shown in Figure 7.

 

Figure 7. The hierarchical structures of the fuzzy analysis network process (FANP).

A fuzzy comparison matrix for all criteria from FANP model is shown in Table 6.

Table 6. Fuzzy comparison matrices for criteria.

Criteria EFC ENF SOF TRF

ECF (1,1,1) (2,3,4) (1,2,3) (3,4,5)
ENF (1/4,1/3,1/2) (1,1,1) (1/4,1/3,1/2) (1,1,1)
SOF (1/3,1/2,1) (2,3,4) (1,1,1) (4,5,6)
TRF (1/5,1/4,1/3) (1,1,1) (1/6,1/5,1/4) (1,1,1)

We used the triangular fuzzy number to convert the fuzzy numbers to real numbers. During the
defuzzification, the authors obtain the coefficients α = 0.5 and β = 0.5.

g0.5,0.5(aECF,ENF) = [(0.5 × 2.5) + (1 − 0.5)× 3.5] = 3

f0.5(LEFC,ENF) = (3 − 2) × 0.5 + 2 = 2.5

f0.5(UEFC,ENF) = 4 − (4 − 3) × 0.5 = 3.5

g0.5,0.5(aENF,EFC) = 1/3
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The remaining calculations are similar to the above calculation, as well as the fuzzy number
priority point. The real number priority when comparing the main criteria pairs is presented in Table 7.

Table 7. Real number priority.

Criteria ECF ENF SOF TRF

ECF 1 3 2 4
ENF 1/3 1 1/3 1
SOF 1/2 3 1 5
TRF 1/4 1 1/5 1

To calculate the maximum individual value as follows:

AM1 = (1 × 3 × 2 × 4)1/4 = 2.21

AM2 = (1/3 × 1 × 1/3 × 1)1/4 = 0.58

AM3 = (1/2 × 3 × 1 × 5)1/4 = 1.64

AM4 = (1/4 × 1 × 1/5 × 1)1/4 = 0.47

∑ AM = AM1 + AM2 + AM3 + AM4 + AM5 = 4.9

ω1 =
2.21
4.9

= 0.45

ω2 =
0.58
4.9

= 0.12

ω3 =
1.64
4.9

= 0.33

ω4 =
0.47
4.9

= 0.1⎡⎢⎢⎢⎣
1 3 2 4

1/3 1 1/3 1
1/2 3 1 5
1/4 1 1/5 1

⎤⎥⎥⎥⎦×

⎡⎢⎢⎢⎣
0.45
0.12
0.33
0.1

⎤⎥⎥⎥⎦ =

⎡⎢⎢⎢⎣
1.87
0.48
1.42
0.4

⎤⎥⎥⎥⎦
⎡⎢⎢⎢⎣

1.87
0.48
1.42
0.4

⎤⎥⎥⎥⎦/

⎡⎢⎢⎢⎣
0.45
0.12
0.33
0.1

⎤⎥⎥⎥⎦ =

⎡⎢⎢⎢⎣
4.16

4
4.30

4

⎤⎥⎥⎥⎦
With the number of criteria is 4, we get n = 4, λmax and CI are calculated as follows:

λmax =
4.16 + 4 + 4.30 + 4

4
= 4.12

CI =
λmax − n

n − 1
=

4.12 − 4
4 − 1

= 0.04

For CR, with n = 4 we get RI = 0.9.

CR =
CI
RI

=
0.04
0.9

= 0.044

We have CR = 0.09598 ≤ 0.1, so the pairwise comparison data is consistent and need not to be
re-evaluated. The results of the pair comparison between the main criteria are presented in Table 8.
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Table 8. Fuzzy comparison matrices for criteria.

Criteria ECF ENF SOF TRF Weight

ECF (1,1,1) (2,3,4) (1,2,3) (3,4,5) 0.45
ENF (1/4,1/3,1/2) (1,1,1) (1/4,1/3,1/2) (1,1,1) 0.12
SOF (1/3,1/2,1) (2,3,4) (1,1,1) (4,5,6) 0.33
TRF (1/5,1/4,1/3) (1,1,1) (1/6,1/5,1/4) (1,1,1) 0.1

Total 1

CR = 0.044

All the remaining calculation are shown in Appendix A.
The weight of all subcriteria calculated in FANP model are shown in Table 9.

Table 9. The weight of 13 subcriteria.

No Subcriteria Weight

1 COC 0.09995
2 DCU 0.07521
3 DEN 0.0473
4 DLT 0.03181
5 EOP 0.03948
6 EQR 0.15249
7 IEE 0.16369
8 OPM 0.10082
9 POD 0.10397

10 PUS 0.03423
11 REP 0.04143
12 SWQ 0.06067
13 TEM 0.04896

TOPSIS model is then applied for ranking all the potential locations. The normalized weight
matrix (TOPSIS) are shown in Table 10.

Table 10. Normalized weight matrix (TOPSIS).

Subcriteria
DMUs

DMU 1 DMU 2 DMU 3 DMU 4 DMU 5 DMU 6 DMU 7 DMU 8

COC 0.0260 0.0390 0.0520 0.0260 0.0390 0.0260 0.0390 0.0260
OPM 0.0472 0.0236 0.0236 0.0472 0.0472 0.0354 0.0236 0.0236
POD 0.0466 0.0362 0.0310 0.0414 0.0259 0.0414 0.0310 0.0362
DLT 0.0106 0.0106 0.0106 0.0106 0.0141 0.0071 0.0106 0.0141
DCU 0.0272 0.0272 0.0272 0.0272 0.0272 0.0362 0.0181 0.0181
SWQ 0.0182 0.0243 0.0213 0.0243 0.0243 0.0182 0.0213 0.0182
DEN 0.0168 0.0168 0.0112 0.0225 0.0112 0.0225 0.0112 0.0168
IEE 0.0452 0.0226 0.0339 0.0565 0.0565 0.0565 0.0565 0.1017

EQR 0.0490 0.0490 0.0490 0.0588 0.0294 0.0392 0.0490 0.0882
TEM 0.0183 0.0138 0.0183 0.0160 0.0206 0.0160 0.0160 0.0183
REP 0.0174 0.0116 0.0135 0.0155 0.0155 0.0135 0.0174 0.0116
EOP 0.0168 0.0168 0.0131 0.0150 0.0112 0.0131 0.0131 0.0112
PUS 0.0124 0.0124 0.0108 0.0093 0.0139 0.0139 0.0124 0.0108

4. Results and Discussion

Solid waste to energy plant location selection has been identified as an important problem which
could affect to the economic and social characteristics of a society. It can be seen that location selection
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is complicated, in that decision makers must have broad perspectives concerning qualitative and
quantitative factors.

As an empirical study, the authors collect data from 8 potential locations in Vietnam. A hierarchical
structure to select the best place was built with four main criteria (including 13 subcriteria). Completion
of a questionnaire for analyzing in FANP model were done by expert opinion and literature reviews
from other research. The ANP model was combined with fuzzy logic to define a priority of each
potential location. Then, the TOPSIS model is used for ranking location.

In Figure 8, Hau Giang (DMU 8) has the shortest geometric distance from the PIS and the longest
geometric distance from the NIS.

 

Figure 8. Geometric distance from positive ideal solution (PIS) and negative ideal solution (NIS).

The results of TOPSIS model are shown in Figure 9; based on the final performance score Cx, the
final locations ranking list are DMU 8, DMU 4, DMU 7, DMU 6, DMU 1, DMU 5, DMU 3, and DMU
2. The results show that DMU 8 (Hau Giang) is the best location for building a solid waste to energy
plant in Vietnam.

 

Figure 9. Final performance in technique for order of preference by similarity to ideal solution
(TOPSIS) model.

5. Conclusions

Renewable energy plant location selection requires involvement of different decision makers
who must evaluate both qualitative and quantitative factors. The fact that economic factors, technical
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requirements factors, environment factors, and social factors for solid waste to energy plant location
selection are considered makes the process more complex. Many studies have applied the MCDM
approach to various fields of science and engineering, and this trend has been increasing for many
years. One of the fields that the MCDM model has been employed is for location selection, yet very
few studies consider this problem under fuzzy environmental conditions. Besides, there is no research
that applies the MCDM model for solid waste to energy plant location selection in Vietnam. This is a
reason why we proposed a hybrid fuzzy analysis network process (FANP) and the technique for order
of preference by similarity to ideal solution (TOPSIS) for solid waste to energy plant location selection
in Vietnam.

In the first stage of this research, FANP is applied to determine the weight of criteria. In the FANP
model, the value of the criteria is given by the experts, so the disadvantage is that the input data,
expressed in linguistic terms, depends on the experience of experts, and is thus subjective. This is a
reason why the TOPSIS model was proposed for ranking alternatives in the final stage. The best place
for building solid waste to energy plant was concluded to be Hau Giang (DMU 8), because it has the
shortest geometric distance from the positive ideal solution (PIS) and the longest geometric distance
from the negative ideal solution (NIS).

The contribution of this research is a proposed hybrid FANP and TOPSIS for renewable energy
plant location selection in Vietnam under fuzzy environment conditions. Building solid waste to
energy plant brings many economic and environmental benefits. Building solid waste to energy plant
also creates a new source of renewable energy. This paper also part of the evolution of a new approach
that is flexible and practicable to the decision maker. This research provides a useful guideline for solid
waste to energy plant location selection in many countries, as well as a guideline for location selection
in other industries. Thus, this research has great contributions on academic and practical fronts.

In future research, this hybrid model can be employed to many different countries. In addition,
different methods, such as data envelopment analysis (DEA) or the preference ranking organization
method for enrichment of evaluations (PROMETHEE), etc., could also be combined for evaluating and
selecting locations.
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Appendix A

Table A1. Comparison matrix for ECF.

Criteria ENF SOF TRF Weight

ENF (1,1,1) (3,4,5) (2,3,4) 0.625013
SOF (1/5,1/4,1/3) (1,1,1) (1/3,1/2,1) 0.1365
TRF (1/4,1/3,1/2) (1,2,3) (1,1,1) 0.238487

Total 1

CR = 0.01759
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Table A2. Comparison matrix for ENF.

Criteria ECF SOF TRF Weight

ECF (1,1,1) (2,3,4) (1,2,3) 0.527836
SOF (1/4,1/3,1/2) (1,1,1) (1/4,1/3,1/2) 0.139648
TRF (1/3,1/2,1) (2,3,4) (1,1,1) 0.332516

Total 1

CR = 0.05156

Table A3. Comparison matrix for SOF.

Criteria ECF ENF TRF Weight

ECF (1,1,1) (3,4,5) (1,2,3) 0.58417
ENF (1/5,1/4,1/3) (1,1,1) (1,1,1) 0.184002
TRF (1/3,1/2,1) (1,1,1) (1,1,1) 0.231828

Total 1

CR = 0.05156

Table A4. Comparison matrix for TRF.

Criteria ECF ENF SOF Weight

ECF (1,1,1) (2,3,4) (4,5,6) 0.636986
ENF (1/4,1/3,1/2) (1,1,1) (2,3,4) 0.258285
SOF (1/6,1/5,1/4) (1/4,1/3,1/2) (1,1,1) 0.104729

Total 1

CR = 0.03703

Table A5. Comparison matrix for EFC based on subcriteria.

Subcriteria COC OPM POD Weight

COC (1,1,1) (2,3,4) (2,3,4) 0.593634
OPM (1/4,1/3,1/2) (1,1,1) (1,2,3) 0.249311
POD (1/4,1/3,1/2) (1/3,1/2,1) (1,1,1) 0.157056

Total 1

CR = 0.05156

Table A6. Comparison matrix for ENF based on sub-criteria.

Subcriteria EQR IEE TEM Weight

EQR (1,1,1) (2,3,4) (1,2,3) 0.549946
IEE (1/4,1/3,1/2) (1,1,1) (1,1,1) 0.209843

TEM (1/3,1/2,1) (1,1,1) (1,1,1) 0.240211

Total 1

CR = 0.01759
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Table A7. Comparison matrix for SOF based on subcriteria.

Subcriteria EOP PUS REP Weight

EOP (1,1,1) (1/3,1/2,1) (2,3,4) 0.319618
PUS (1,2,3) (1,1,1) (3,4,5) 0.558425
REP (1/4,1/3,1/2) (1/5,1/4,1/3) (1,1,1) 0.121957

Total 1

CR = 0.01759

Table A8. Comparison matrix for TRF based on subcriteria.

Subcriteria DCU DEN DLT SWQ Weight

DCU (1,1,1) (2,3,4) (1/4,1/3,1/2) (2,3,4) 0.280225
DEN (1/4,1/3,1/2) (1,1,1) (1/5,1/4,1/3) (1/3,1/2,1) 0.090176
DLT (2,3,4) (3,4,5) (1,1,1) (1,2,3) 0.471381
SWQ (1/4,1/3,1/2) (1,2,3) (1/3,1/2,1) (1,1,1) 0.158218

Total 1

CR = 0.08237

Table A9. Comparison matrix for COC.

Subcriteria OPM POD Weight

OPM (1,1,1) (3,4,5) 0.8
POD (1/5,1/4,1/3) (1,1,1) 0.2

Total 1

CR = 0

Table A10. Comparison matrix for DCU.

Subcriteria DEN DLT SWQ Weight

DEN (1,1,1) (1,2,3) (1/3,1/2,1) 0.296961294
DLT (1/3,1/2,1) (1,1,1) (1/4,1/3,1/2) 0.163424044
SWQ (1,2,3) (2,3,4) (1,1,1) 0.539614662

Total 1

CR = 0.00885

Table A11. Comparison matrix for DEN.

Subcriteria DCU DLT SWQ Weight

DCU (1,1,1) (3,4,5) (1,2,3) 0.558424506
DLT (1/5,1/4,1/3) (1,1,1) (1/4,1/3,1/2) 0.121957144
SWQ (1/3,1/2,1) (2,3,4) (1,1,1) 0.319618349

Total 1

CR = 0.01759
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Table A12. Comparison matrix for DLT.

Subcriteria DCU DEN SWQ Weight

DCU (1,1,1) (1/4,1/3,1/2) (1,2,3) 0.249310377
DEN (2,3,4) (1,1,1) (2,3,4) 0.593633926
SWQ (1/3,1/2,1) (1/4,1/3,1/2) (1,1,1) 0.157055696

Total 1

CR = 0.05156

Table A13. Comparison matrix for SWQ.

Subcriteria DCU DEN DLT Weight

DCU (1,1,1) (4,5,6) (3,4,5) 0.673810543
DEN (1/6,1/5,1/4) (1,1,1) (1/4,1/3,1/2) 0.100653892
DLT (1/5,1/4,1/3) (2,3,4) (1,1,1) 0.225535565

Total 1

CR = 0.08247

Table A14. Comparison matrix for EOP.

Subcriteria PUS REP Weight

PUS (1,1,1) (1/6,1/5,1/4) 0.166667
REP (4,5,6) (1,1,1) 0.833333

Total 1

CR = 0

Table A15. Comparison matrix for EQR.

Subcriteria IEE TEM Weight

IEE (1,1,1) (4,5,6) 0.833333
TEM (1/6,1/5,1/4) (1,1,1) 0.166667

Total 1

CR = 0

Table A16. Comparison matrix for IEE.

Subcriteria EQR TEM Weight

EQR (1,1,1) (5,6,7) 0.857142857
TEM (1/7,1/6,1/5) (1,1,1) 0.142857143

Total 1

CR = 0

Table A17. Comparison matrix for OPM.

Alternatives COC POD Weight

COC (1,1,1) (1/6,1/5,1/4) 0.166666667
POD (4,5,6) (1,1,1) 0.833333333

Total 1

CR = 0
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Table A18. Comparison matrix for POD.

Subcriteria COC OPM Weight

COC (1,1,1) (3,4,5) 0.8
OPM (1/5,1/4,1/3) (1,1,1) 0.2

Total 1

CR = 0

Table A19. Comparison matrix for PUS.

Subcriteria EOP REP Weight

EOP (1,1,1) (2,3,4) 0.75
REP (1/4,1/3,1/2) (1,1,1) 0.25

Total 1

CR = 0

Table A20. Comparison matrix for REP.

Subcriteria EOP PUS Weight

EOP (1,1,1) (1/3,1/2,1) 0.333333333
PUS (1,2,3) (1,1,1) 0.666666667

Total 1

CR = 0

Table A21. Comparison matrix for TEM.

Subcriteria EQR IEE Weight

EQR (1,1,1) (1/4,1/3,1/2) 0.249999813
IEE (2,3,4) (1,1,1) 0.750000187

Total 1

CR = 0
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Featured Application: The specific application of this work is that it improves management

of solid biofuel supply chain. Its potential application is for integrated product

distribution management where product quality control and traceability can be integrated to

increase customer satisfaction and resource utilization, and reduce logistics cost as well as

environmental impact.

Abstract: Agricultural pruning biomass is one of the important resources in Europe for generating
renewable energy. However, utilization of the agricultural residues requires development of efficient
and effective logistics systems. The objective of this study was to develop smart logistics system
(SLS) appropriate for the management of the pruning biomass supply chain. The paper describes the
users’ requirement of SLS, defines the technical and functional requirements and specifications for the
development of SLS, and determines relevant information/data to be documented and managed by
the SLS. This SLS has four major components: (a) Smart box, a sensor unit that enables measurement
of data such as relative humidity, temperature, geographic positions; (b) On-board control unit, a unit
that performs route planning and monitors the recordings by the smart box; (c) Information platform,
a centralized platform for data storing and sharing, and management of pruning supply chain and
traceability; and (d) Central control unit, an interface linking the Information platform and On-board
control unit that serves as a point of administration for the whole pruning biomass supply chain
from harvesting to end user. The SLS enables the improvement of performance of pruning biomass
supply chain management and product traceability leading to a reduction of product loss, increased
coordination of resources utilisation and quality of solid biofuel supply, increased pruning marketing
opportunity, and reduction of logistics cost. This SLS was designed for pruning biomass, but could
also be adapted for any type of biomass-to-energy initiatives.

Keywords: smart logistics system; smart box; information platform; renewable biomass energy;
agricultural pruning

1. Introduction

Biomass is an important source of renewable energy sources. Biomass comprises among
others, vegetation, energy crops, biosolids, forestry and agricultural residues, organic municipal
waste, as well as some industrial waste [1]. Agricultural residues from the pruning operations of
fruit plantations can be used as a renewable energy source. However, such utilization of pruning
residues has been limited due to logistic-related constraints in harvesting, processing and transporting
activities [2–4]. Although there is a potential source of renewable energy from agricultural pruning

Appl. Sci. 2018, 8, 1162; doi:10.3390/app8071162 www.mdpi.com/journal/applsci51
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residues, the challenges and opportunities of the logistics operations have not been assessed well
considering the entire chains from pruning harvesting to transport to end users.

It is therefore important to develop new improved logistics for pruning residues, which covers
harvesting, transport and storage for agricultural pruning (fruit tree, vineyards and olive groove
prunings and branches from up-rooted trees). This study aims to develop an integrated concept where
location and quality allow a wise decision tool to support decisions for logistic operators. This paper
describes the users’ need for a smart logistics system (SLS), defines the components of SLS with
technical and functional requirements and specifications, and determines relevant information/data to
be documented and managed by the SLS.

1.1. Telematics Information System

Telematics is modern technology of receiving, storing, and sending of information in a wireless
form. In a broad sense, it means, the use of informatics and telecommunication in an integrated form.
In a telematics system, technologies such as the Global Positioning System (GPS), General Packet Radio
Service (GPRS), and GSM (Global System for Mobile Communications) are used. GPS is a space-based
global navigation satellite system (GNSS) that provides reliable location and time information in all
weather and at all times unless the receiver is underground or in unobstructed line of sight to four
or more GPS satellites. The GPRS is a packet-oriented mobile data service on the 2G and 3G cellular
communication systems. The GSM, originally from Groupe Spécial Mobile, is the world’s most popular
standard for mobile telephony systems.

According to the European Telecommunication Standards Institute (ETSI), GSM was originally
designed to operate in the 900 MHz band and gradually adapted for operation in bands up to
1900 MHz [5]. GPRS was commercially introduced first in early 2000s. It is enabler for always-on data
connection with essential applications for web browsing and offers faster data rates than GSM i.e.,
up to 171 kbit/s, theoretically [6].

Telematics can be used for providing real-time information in fleet management, vehicle tracking,
and monitoring freight and driver data. Mobile telematics are emerging as new models connecting
smartphones to a car’s computer system and exchange data using the wireless network. In logistics
companies, systems developed to improve fleet management mainly apply GPS and GSM.

Telematics refers to the combination of telecommunication and informatics and it is of key
importance in an intelligent transport system (ITS) [7]. Telematics can be expressed as “the use of
wireless devices and “black box” technologies to transmit data in real time back to an organization” [8].
Mobile telematics are emerging as new models connecting smartphones to a car’s computer system
and exchange data using the wireless network. In logistics companies, systems developed to improve
fleet management mainly apply GPS and GSM to retrieve real-time information.

The management of goods during transport requires tracking (ability to locate goods at any
time), tracing (ability to know the product movement from source to end user), and monitoring
(ability to know and control product quality status during transportation) information and its analysis.
This management approach is relevant for agricultural goods and it can be performed based on
technologies such as wireless sensors for climatic conditions (such as temperature and humidity)
which can be installed in a truck trailer [7]. Oliveria et al. [9] proposed a logistics management
system for cargo transport based on geofencing algorithms and radio-frequency technology, in order
to improve services, reduce costs and ensure the safety in cargo transportation. Xiao et al. [10] used a
wireless sensor network to monitor temperature and relative humidity in order to improve cold chain
logistics for table grapes and increase traceability and product quality information.

Some of the important communication technologies applicable in goods transport systems and
implemented in the current SLS include QR codes, Bluetooth wireless communications devices,
GPS and GPRS/GSM receivers. A QR Code is a matrix symbology where the symbols consist of an
array of square modules arranged in a square pattern [11]. Bluetooth is a technology for wireless
communication between different components. In the current Smart system, Bluetooth is used for
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communication between the Smart box code and scanner for reading the QR code, and IR (infrared)
communication is used for communication between a PC and the Smart box. IR communication is used
to load the required parameters, start data collection period, and download data from the Smart box.

1.2. Electron Trade and Its Advantages

In any trading system, market participants interact in various ways [12]. Historically,
this interaction has been based on face-to-face communication. Modern electronic communication
networks (ECNs) could eliminate the face-to-face communication at physical locations. This could
increase competition and reduce transaction costs [13]. Referring to United States Securities
and Exchange Commission, Hendershott [13] defined ENCs as “electronic trading systems that
automatically match with sell orders at specified prices”. ENCs bypass human intermediaries
(e.g., dealers) and offer faster trade execution.

The Committee on the Global Financial System (CGFS) broadly defined [12] the electronic
trading system (ETS) as “a facility that provides some or all of the following services: electronic
order routing (the delivery of orders from users to the execution system), automated trade execution
(the transformation of orders into trades) and electronic dissemination of pre-trade (bid/offer quotes
and depth) and post-trade information (transaction price and volume data)”. In ETS, the trading
processes and trading relationship are automated using computers. ETS differs from traditional trading
systems in many ways [12]:

it is location-neutral and allows continuous multilateral interaction;
it can be scaled up to handle more trades by increasing the computer network capacity;
it integrates the different parts of the trading process from start to end.

The trading system can be structured as decentralized markets (relies largely on bilateral
interaction of market participants) or centralized markets (participants interaction is fully multilateral).
Multilateral interaction is realized when trading activities are pooled on a single platform.

1.3. Basic Concept of Web-Based Information Platform

The motivations why enterprises invest in information systems include cutting cost, increasing
productivity (without increasing cost) and increasing product and/or service quality [14].
Although information systems are introduced with sizable investment costs, they may be underutilized
or abandoned unless accepted by intended users [14,15]. The usage of information systems depend on
the perceived usefulness and how user friendly the systems are. Perceived usefulness may include
improvement of work quality, working time, work performance and control over the work. Similarly,
the perceived ease of use of information system can be conceived if it is easy to operate, enables users
to do what they want to do, and if it is flexible and requires less mental effort to interact with it [14].
In the SLS to be developed, a web-based Information platform should be user friendly and have the
perceived usefulness described above.

The Information platform, as part of this new SLS, has integrated the QR code generation and
printing options to enhance a continuous flow of information associated with the pruning biomass to
be traded using the SLS. According to ISO/IEC 18004:2015 [11], there are four technically different,
but closely related QR Codes: QR Code Model 1 (with a capacity to store up to 1167 numerals),
QR Code Model 2 (an enhanced form of model 1 with a capacity to store up to 7089 numerals and used
as the basis of the first edition of ISO/IEC 18004), QR Code (closely similar to QR Code Model 2 with
additional facility for a mirror image oriented appearance of symbols and this code was used as basis
of the second edition of ISO/IEC 18004:2006), and Micro QR Code format (a variant of QR Code which
enables a small to moderate amount of data to be represented by a small symbol) [11,16].
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2. Biomass Supply Chain and Its Actors

2.1. Biomass Supply Chain

Sources of pruning wood could be different from fruit trees, for example Almond, Fruit, Vineyard,
And Olive, Apple and Cherry prunings. As indicated in Figure 1, the chain includes pruning, collection,
off-farm storage and energy production. Pruning activities are carried out mainly manually by farmers.
Appropriate machinery can be used to collect (harvest) the pruning and bale or chip it as required
based on biomass quality requirements by energy plants (end users). In order to monitor the quality
characteristics of pruning (bales and chips) as it moves from farm to end users (see Figure 1), the SLS
should create an application platform where different actors in the supply chain can interact.

Figure 1. Different actors along the pruning biomass logistics chain.

2.2. Actors in the Pruning Biomass Supply Chain and Their Role in the Smart System

For the pruning supply chain, four actors of the biomass supply chain were considered:
Producers: Farmers are primary producers of biomass. They produce, harvest, process (chipping,

baling) and sell biomass. An account for access to the Information platform could be created for
each farmer participating in the system, so that they can put all the necessary information regarding
their products.

Traders: The biomass traders buy, store, and sell the biomass. Therefore, traders who own storage
and fulfil quality control criteria could be registered and get an ID number from system to gain access
to the platform for information sharing.

Transporters: Biomass transporters or logistics operators are those who handle biomass
procurement, source identification, and a proper way of delivering to end users with the desired
characteristics. These logistics operators can play complex roles by interacting with different actors.

Consumers: Consumers are end-users who can order biomass product needed. They can have
their own account to access the Information platform perform online order and receive information.
They specify the quality and quantity of biomass required at power plant. They also determine and
control the state of deliveries. Consumers can also follow information flow continuity regarding their
orders and deliveries.

3. Components of Smart Logistics System (SLS) Prototype

The Smart Logistics System (SLS) has four units (see Figure 2): (a) a Sensor unit (Smart box); (b) an
On-board control unit; (c) a web-based Information platform, and (d) Central control unit. The Smart
box tool is closely controlled by the On-board control unit. The Central control unit manages also the
web-based Information platform and monitors information and material flow as well as facilitating
interaction among different actors of biomass supply chain (see Figure 3). In this Smart system, the GPS,
GPRS and GSM modules are integrated to monitor the information from the Smart box to the platform
and Central control system.
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Figure 2. The conceptual organization of smart logistics system (SLS) components (Adapted from [17]
with slight modification).

Figure 3. Linkage between different activities of actors along biomass supply chain with application of
SLS. Source: Created by authors using free Icons obtained from FREEPIK [18].

3.1. Sensor Unit (Smart Box)

The sensor unit measures continuously the parameters such as relative humidity, temperature
(with possibility of measuring at different positions at the same time), geographical position and
tracking, and vehicle speed. It has accessories such as a barcode or QR (Quick Reader) and sensors for
temperature and moisture content measurements at remote distance from sensor unit. The extension
of the sensor unit should be placed in the loading compartment (trailer) of the vehicle and able to
communicate wirelessly with the On-board control system, with the ability to transfer and receive
data. The sensor unit (Smart box) is assembled with its accessories, GPS and GPRS/GSM modules
connected with antennas. Sensors for temperature and relative humidity are also connected to it so that
continuous measurement can be done during transport from producers to the required destinations.

55



Appl. Sci. 2018, 8, 1162

3.2. Components of Smart Box Tool (Sensor Unit)

The Smart box uses a sensor probe (see Table 1) which could be placed in the loading compartment
(trailer) of the vehicle and measures temperature and relative humidity of the pruning biomass during
transport with time interval determined prior to start of the measurement. The start and end of
measurements and the real-time performance of the sensor unit is monitored by the transport operator
using the On-board control unit. The Smart box registers the GPS coordinates during transport. It also
captures the QR code readings (data on biomass quality parameters) on the labels during scanning
and retrieves the quality parameters of the transported prunings.

Table 1. Characteristics and functions of components of Smart box tool.

Component Characteristics Description Function as Applied in SLS

Registration unit

Model of the registration unit CS 0940-6

The Smart box which is based on the platform for the
Cargolog Impact Recorder System is a measuring unit that
records the temperature and humidity of the pruning biomass
(using the sensor probe), QR readings (using scanner), and
Global Positioning System (GPS) coordinates (using GPS
signal receivers) during biomass transport. It also transmits
the recorded data to the central server using General Packet
Radio Service/Global System for Mobile Communications
(GPRS/GSM) tools.
It is provided with a holder so that it can be installed with
appropriate protection against mechanical damage. The smart
box could either be equipped with a battery or receive a
power supply of 12 or 24 volt from the vehicle’s battery.

Metal case

 
Metal Case with four magnets

The metal case is used for protecting the smart box from
mechanical damage, aggressive gases, liquids and humidity.
The Smart box is installed in the metal case with its holder.

Power cable

 
Power supply cable

The power supply cable is used to connect the Smart box to
external power source of 12 or 24 V.

Sensor, sensor probe,
and cable

 

Temperature and relative humidity sensors are installed in the
probe for protection. The probe is connected to the Smart box
and long enough to measure at any distance required within
15 m. The sensors are protected by a hard cover. The hard
probe enables the sensors to be inserted into biomass to
measure temperature and humidity during transport.
The measurement interval can be adjusted as required.

GPS antenna

GPS antenna with
magnetic foot

Cable length: 5 m
Size in mm (L × W × H):

50 × 40 × 10

The GPS antenna receives signals from satellites and enables
the GPS system to determine the geographical coordinates.
The GPS antenna is directly connected to the GPS module in
the Smart box.

GPRS/GSM antenna
Antenna with
magnetic foot

Cable length: 2.5 m

The GPRS/GSM antenna transmits data from the Smart box to
the Central control unit. The GPRS/GSM antenna is directly
connected to the Smart box by 2.5 m long cable. The antenna
has a magnetic foot so that it can be placed at appropriate
position with a clear view for optimal transmission of
data/information.
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Table 1. Cont.

Component Characteristics Description Function as Applied in SLS

Scanner

 
Type: PowerScanTM BT9500 family

Model: PBT9500
Capability: Single scanner and omni-directional
reading; improved ergonomic and user comfort

Holder: HLD-P080

The PowerTM 9500 is used to read QR codes on labels of the
pruning biomass. It can read QR codes with a distance of over
1.0 m/3.3 ft, depending on the barcode’s resolution. Its
features support 1D, stacked and 2D codes, postal codes and
image capture.
The Power 9500 scanner enables to perform a reliable, and
long-term operation. PowerScan™ 9500 scanner combines
omnidirectional reading capabilities with an optical
characteristics and it is able to read any kind of bar code,
regardless of the orientation.
It has a HLD-P080 plastic holder designed to be mounted on a
wall or fixed on a desk.

Infrared (IR)
Interface  

Type: Cargolog FAT90 IR Interface
Version: 60944 TopCom version with USB
Size in mm (L × W × H): 150 × 48 × 35

The IR interface is used for communication between the Smart
box and On-board control using Bluetooth. The CargoLog PC
software enables parameters to be to downloaded and
sampling sequences to be initiated, and reads out the collected
data after or during a record period.

Three new Smart box prototypes were developed using an up-to-date data log system to test
their performance. These three Smart box tools could be identified with their serial numbers when
these are connected to the central control and monitoring system. The prototypes use Smart box
and associated accessories (see Table 1). In order to perform measurements, the Smart system
has 6 different components: Smart box for recording required data and transferring data; sensors

for measuring temperature and humidity; GPS module and its antenna for detecting geographical
coordinates; GPRS/GSM module and its antenna for wireless communication with the Central control
unit; a Scanner for scanning QR code from pruning biomass label.

In the Smart System, PowerScan™ 9500 scanner [19] was implemented to read QR codes.
PowerScan™ PBT9500 has powerful algorithm that enables to read the QR code. The QR code
implemented in this SLS has standard QR code Specification (ISO/IEC 18004:2000 bzw. ISO/IEC
18004:2006) which has been replaced by ISO/IEC 18004:2015 [11]. The scanner communicates with the
Smart box via wireless communication using Bluetooth.

The functions of the Smart box were programmed using the CargoLog PC software, and connected
to the web address of the Information platform [20]. In order to use the geographical information
systems with up-to-date information on facility locations and roads as integrated in Google Maps,
the web-based Information platform is linked with Google Maps using Google Maps Engine API
version ct 06.2015. This capability of the smart system enables the smart tool to interact with updated
Google Maps with detailed information for the geographical position.

3.3. Assembly of Smart Box (Sensor Unit) Components

Once the Smart box is connected to its accessories such as power supply, GPS and GPRS/GSM
antennas and temperature and relative humidity sensor probe, it should be installed in the metal case
that has four power magnets (see Table 1 and Figure 4). Using magnets, the metal case can be mounted
on the vehicle at the suitable position. The sensor probe should be inserted into the biomass loaded
in the loading compartment (trailer) of the vehicle. The GPS antenna and GPRS/GSM antenna are
connected to the Smart box with 5 m- and 2.5 m-long cables respectively. The antennas have magnetic
feet and can be affixed on top of a vehicle. For the best signal reception, the GPS antenna should be
placed in a horizontal unshielded line of sight to establish contact with the satellites. The GPRS/GSM
antenna should be placed in a way it can get a clear view. The scanner was provided with a plastic
holder for better handling and protection (see Figure 5).
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Figure 4. Smart box system assembly: (1) Smart box protected with metal case; (2) GPRS/GSM antenna;
(3) GPS antenna; (4) temperature and humidity measuring sensor probe; (5) power cable.

Figure 5. PowerTM 9500 scanner with its components.

3.4. On-Board Control System

The On-board control system is an important unit which should be linked to the sensor unit
via wireless connection (Bluetooth, or IR) and to the Information platform and Central control unit
(Figure 2).

This unit is always on the vehicle and is monitored by the transporter. The main functions are
to: monitor the sensor unit (Smart box); receive and transfer data from the sensor unit to the central
platform and to the Central control unit; receive and transfer data from and to web-based Information
platform and Central control system; and perform route planning.

The SLS has an ability to consider the pick-up and delivery locations on Google Map-based
geographic information system (GIS) and generate optimum biomass delivery routes. The transporters
of biomass use this functionality of the smart system to plan their optimum driving routes based
on locations of pruning (on farm or at storage site) and order locations (consumers’ locations).
This functionality leads to economic and environmental efficiency of the pruning supply chain.

The On-board control unit uses CargoLog [21] software designed for a PC running on Windows
XP/Windows 7/Windows 8, with minimum 20 MB free disk space and 1 free USB port. From the
On-board control unit, the transport operator can monitor the performance of Smart box tool
(parameters to be measured, measurement intervals and data transfer intervals to the Central
control system).

Using the Web-based information platform [20], the SLS has the ability to consider the pick-up
and delivery locations on Google Map integrated into the platform. Using the google based
geographic information systems, the Smart System enables the transporter to generate optimum
pruning delivery routes.
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3.5. Information Platform

The web-based platform has the characteristics of an on-line marketing system. The system
has been built in such a way that all actors such as farmers/producers, users/customers, transport
companies and the on-board control system have access to the platform. The platform will be managed
by the Central control system. The platform has two components:

Component 1: where the producers and processors put in information about their products; and
Component 2: where the product request and billing system is included.
The basic information which the farmers and processors should put in the platform includes

quality parameters of biomass and the amount of biomass so that the end-users (for example a power
plant) could order as required.

The system allows the actors to access the platform and provide and receive the required data.
Special software was developed to enable the actors such as biomass producers and traders to be
able to print a QR code and label their products. It enables them to print a label with QR code and
lot number according to the pre-established labelling characteristics. The detailed information on
traceability system linked to this SLS is reported by Bosona et al. [17].

The platform provides an e-trading platform for effective marketing of pruning biomass. Figure 6
depicts an example of a first page display where different actors can login and use it.

 

Figure 6. SLS Information platform displaying home page for signing in. http://europruning.mobitron.
se/public/en.

3.5.1. Activities by Different Actors

The information platform provides support functionality to different actors such as farmers
(raw material producer), solid biofuel traders, transporters, and final consumers (the power plant).
Figure 7 summarises the major activities of the actors using the platform while Figure 8 depicts the
network of actions indicating how the platform enhances interaction among actors of the pruning
supply chain.
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Figure 7. Major activities of different users of the platform. In order to allow the actors to perform the
activities indicated, the platform has modules and links to defined actions making the platform more
user friendly.

 

Figure 8. Network of actions by different users of the platform.

During development of the platform, firstly, the biomass quality parameters and related
information required to be gathered and stored were organized in a manner convenient to be
implemented in the online platform. For this, a spreadsheet database was created for storing the data
entered into the platform. Based on the defined activities, user-friendly interfaces have been created for
each category of actors and administrators. Programing languages such as C+; php, java, and Delphi
were used during developing the platform.

The platform [20] has been integrated also with Google Maps using Google Maps Engine API
version ct 06.2015. This enables the smart system to interact with updated Google Maps with detailed
information for the geographical position and to display (on the platform) the locations of pruning
farms, biomass storage and processing sites, energy plants, the planned routes, and eventually
the delivery routes. Using geographic information provided by the user (e.g., latitude–longitude
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coordinates of a facility under consideration) and GPS coordinates recorded and transmitted by the
Smart box, the platform provides online mapping and display services.

The platform has been integrated with a QR code generation option for identifying biomass
products entering and leaving the pruning supply chain. The standard specification of this QR code
(ISO/IEC 18004:2000 bzw ISO/IEC 18004:2006) has been replaced by ISO/IEC 18004:2015 in 2015
(ISO, 2015).

This information platform can be upgraded and improved to increase its robustness and/or add
additional functionality based on the feedback of users and experience of the logistics manager who
administrates the Central control unit.

3.5.2. Interfaces of the SLS Platform for Different Actors

The platform has the characteristics of an on-line marketing system. For instance, the interface for
farmers has a format for entering biomass quality parameters and generating lot numbers while the
interface for transporters has features for receiving orders (to provide transport service for consumers
or traders) and performing route planning. All registered actors such as farmers (producers), traders,
transporters, and consumers have to login the web-based application platform before performing
any action.

Interface for administrator: the platform has been designed to have additional functional features
for administrator. For instance, the administrator can add new users, edit the profile of registered
users, or delete users who want to unsubscribe from the system. This enables the logistics manager of
the logistics smart system to administer the whole material and information flow along the biomass
logistics chain.

Interface for biomass producers: the new pruning biomass enters into the trading system when
the farmer registers it in the application platform entering all required information about the product.
The platform allows the producers (farmers or traders) to enter and edit the information regarding
their pruning products (see Figure 9). The tool allows a producer to enter location information for
each pruning batch, if its location differs from the location of a company (producer). It also enables
the producers to generate a QR code of biomass products with a specific lot number. The lot number
generation has been linked to the actual processing date i.e., baling or chipping date.

 

Figure 9. Cont.
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Figure 9. Farmer’s interface as signed in by a raw material producer. The page displays a data entering
format where some of the parameters will be added.

The interface allows the biomass providers (farmers and traders) to print the label associated
to their products. Figure 10 presents label with company name (label holder), product lot number,
and QR code.

Figure 10. Sample of label indicating appearance of company name with its identification code,
lot number of ordered biomass product, and QR code.

Interface for traders: the platform supports the traders during procurement and selling the
pruning biomass. Traders can search for available products in the platform and order it for purchasing.
Traders can use also the platform to register their biomass products (after storing and/or processing to
add value) on the platform to be available for sale.

Interface for consumers: the consumers have access to search for available products that are
ready for sale, read quality parameter information provided by producers, make orders (to purchase
products) and select an appropriate transport company to obtain a transport service for purchased
biomass product.

Interface for transporters: the interface allows a transporter to enter a different start, storage,
and end location for each shipment route. The platform allows the transporters to receive different
orders from different consumers and add the accepted orders into planned shipments. It enables
transporters to identify the location of products and the location of the customers’ store as well as the
quantities required at each store. The location information attached to each user profile will be used
to determine the source and destination locations for each order as well as in planning the route for
each shipment.
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3.6. Central Control Unit

The central control unit is the governing unit linked to the Information platform and On-board
control unit (see Figure 2). It could be able to receive and transfer information within the decided
intervals of time, and saves information. It provides a human–machine interface to administer and
enable the monitoring of the system.

The Central control unit was designed to enable the administrator of the pruning trading system
to monitor the SLS performance as whole. In general, it receives, controls, and transfers information
from one actor to other actors along the pruning supply chain. This is an important unit that enables
evaluation of the performance of the SLS and seeks continuous improvement measures that could
lead to an economically effective and environmentally sustainable supply chain of renewable biomass
energy generation.

4. Implementation and Management of the SLS

4.1. Material Flow Along the Logistics Chain

In the smart system, the web-based Information platform plays an important role to run and
manage the whole pruning trading system. The tool allows each actor to understand the types of data
to share and receive using a user-friendly interface as explained above.

Once the new pruning biomass enters the system, it passes different stages along the logistics
chain. On the platform, the pruning position can be pinpointed under the link ‘Status’ which could be
displayed as ‘Pending’, ‘Ready’, ‘Ordered’, or ‘Routed’. These terms indicating the status of recorded
pruning biomass are defined in Table 2.

Table 2. Pruning record status.

Status Definition

Pending The pruning has been entered into the system; the provider can still edit or delete that pruning.

Ready The pruning has been flagged as ready; all consumers can access the system to view its quality
parameters and order it.

Ordered
The pruning has been ordered by a buyer (consumer or trader) and assigned to a specific
transporter. That transporter can access the system to view its source and destination locations
and add it to a shipment.

Routed The pruning has been selected by a transporter to be included in one of the shipment routes.
The transporter plans its best delivery route

In general, integrating the Smart box tool and web-based Information platform, the SLS enables
users to perform tracking, tracing, and monitoring activities [8] for improved management of the
pruning biomass supply chain.

4.2. Data Acquisition and Management

The platform enables users to have an effective data acquisition, monitoring, and utilization
system. Yu et al. [22] discussed the importance of data-driven supply chains and indicated
that coordination and supply chain responsiveness increases the financial performance of firms.
The developed platform receives data from two sources:

(i) Actors (farmers, traders, etc.) can enter data (regarding biomass quality parameters and biomass
supply related activities) directly into the platform.

(ii) The Smart box measures some parameters such as relative humidity, temperature,
GPS coordinates during biomass transport and transmits these data directly to the platform
via GPRS/GSM devices. The platform can receive data from different Smart box tools and
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store the data along with the identification number (Cargolog serial number) of the respective
Smart box.

The collected data will be stored in the server of the platform and monitored by the administrator
of the system. The platform has a spreadsheet-based database on the server. This data can be used for
different purposes, such as analysis of biomass quality against required quality standards, performance
analyses of biomass distribution and traceability systems, and identifying improvement strategies.

The data gathered and stored in the data base can be categorized as:

(i) information that should be kept for documentation, but non-traceable; and
(ii) information that should be included in the labelling/traceability system and follows the product.

The information that documented in the database and needed to be public could be printed
as a barcode or QR code. The farmers/producers will then deliver the barcode/QR code with the
pruning to the transport company. The information from the barcode or QR code can also be used for
traceability purposes. The information from the barcode/QR code will be first transferred to the sensor
unit and then transferred to the web-based platform. Tables 3 and 4 present data source, destination
and transfer intervals.

Table 3. Data type, source, destination and utilization.

Data Type Data Source
Device (to Transfer
Data to Smart Box)

Data Destination Main Data User

Temperature
New measurement
by sensor placed in

the prunings
Sensor probe with cable Information platform server

(and On-board control unit PC)

Consumer, producer,
Administrator (Central

control unit)

Relative humidity
New measurement
by sensor placed in

the prunings
Sensor probe with cable Information platform server

(and On-board control unit PC)
Consumer, producer,

Administrator

Pruning
characteristics

QR code on labels
of pruning
transported

Scanner Information platform server
(and On-board control unit PC)

Consumer, Trader,
Transporter, Administrator

GPS coordinates Earth orbiting
satellites

GPS antenna and GPS
receiver

Information platform server
(and On-board control unit PC) Transporter, Administrator

Table 4. Smart box data recording and transferring intervals.

Parameter Unit
Recommended

Recording Interval
Recommended

Transfer Interval
Comment

Temperature ◦C 15 min 30 min The intervals can be adjusted by
On-board control unit

Relative humidity % 15 min 30 min The intervals can be adjusted by
On-board control unit

GPS coordinates
(latitude, longitude) Decimal degrees 5 min 30 min -

QR reading Text Twice Twice
QR reading is done during

loading the product and after
end of delivery (unloading)

4.3. Order Management Using the Platform

Order management is one of important contributions of the information platform.
This functionality enables online pruning biomass trading (i.e., pruning e-trade). Two types of orders
are handled in this SLS: Pruning biomass order and Transport service order.

Pruning biomass order management: in this smart system, the contact could be directly between
farmers and consumers or between farmers and traders as well as between traders and consumers
(see Table 5).
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Table 5. Order tracking using smart logistics system.

Pruning Title (or
Lot No.)

Offer (to Sale)
Order (to
Purchase)

Offer (As Purchased or after
Additional Processing)

Order

To be assigned by
pruning provider by producer by consumer - -

To be assigned by
pruning provider by producer by trader by trader by consumer

Transport service order management: traders and consumers order the transport service.
Transporters are order receivers. The transporter has the right to accept or reject the service ordered by
traders or consumers while the traders and consumers have the right to choose transporters from a list
of transporters registered in the SLS.

In both cases of order management (product and service orders), there should be a predefined
contractual agreement between the concerned actors using the SLS platform. Such a contract number
regarding the concerned actor can be registered (by the administrator using ‘Add New User’ link)
within the profile of the respective user. The financial transaction between the actors will be based
on this procurement agreement. There is no financial transaction to be done on this platform and no
financial related data to be documented in the spreadsheet-based database.

In this study, three Smart box prototypes have been developed; the SLS system has been tested in
Sweden, Germany, and Spain with effective results and improvement feedbacks. Detailed performance
evaluation results of this SLS will be reported separately. This SLS has the ability to generate
optimum delivery routes for biomass products. It was found to be an important tool to improve
the performance of pruning biomass supply chain management and product traceability by reducing
biomass loss (in terms of quality and quantity) and increasing the quality of solid fuel and delivery
service, creating effective pruning marketing channels, and reducing logistics and transaction costs.

As a final remark, it must be noted that the improvements in logistics that the system facilitates
are applicable to any type of biomass. Therefore, the whole system can be easily adapted to improve
the management of biomass like forestry woodchips, agrarian residues, or energy crop production
and marketing.

5. Conclusions

The smart logistics system (SLS) has been designed with the objective to effectively and efficiently
manage the pruning biomass supply chain leading to more sustainable biomass utilization. The smart
system allows all recognized actors such as farmers, traders, transporters, and end users (power plants)
to have access to the web-based application platform and provide and receive data, order, and activity
reports. The SLS has four major components:

I. Smart box (Sensor unit): for performing measurements of relative humidity, temperature,
location records, truck speed and routes, and information associated with QR codes.

II. On-board control unit: for performing route planning, monitoring measurements by the
sensor unit, and controlling data/information flow between Smart box tools and the web-based
Information platform.

III. Information platform: for performing documentation and data sharing, facilitating interaction
between different actors and biomass trading, and facilitating the management of pruning
supply chain and traceability.

IV. Central control unit: for providing human-computer interface (linked to the Information
platform and On-board control unit) and administering the whole pruning trading and
delivery system.

Three Smart box prototypes have been developed and the whole SLS system has been tested in
Sweden, Germany, and Spain with effective results and improvement feedback. This smart logistics
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system has the ability to generate optimum delivery routes for biomass products, and its application
leads to economic and environmental efficiency of the pruning supply chain. It also describes how
biomass producers, traders, transporters, and end users use the SLS and play their roles in promoting
an economically effective and environmentally more sustainable logistics system for a pruning biomass
trading system.
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Featured Application: This work can be used as benchmark for performance evaluation of tools

to improve supply chain management in general and solid biofuel supply chain in particular.

The potential application is for integrated goods distribution management that promotes efficient

resource utilization and sustainability.

Abstract: The paper presents a report on the performance evaluation of a newly developed smart
logistics system (SLS). Field tests were conducted in Spain, Germany, and Sweden. The evaluation
focused on the performance of a smart box tool (used to capture information during biomass transport)
and a web-based information platform (used to monitor the flow of agricultural pruning from farms
to end users and associated information flow). The tests were performed following a product
usability testing approach, considering both qualitative and quantitative parameters. The detailed
performance evaluation included the following: systematic analysis of 41 recordable parameters
(stored in a spreadsheet database), analysis of feedback and problems encountered during the
tests, and overall quality analysis applying the product quality model adapted from ISO/IEC FDIS
9126-1 standard. The data recording and storage and the capability to support product traceability
and supply chain management were found to be very satisfactory, while assembly of smart box
components (mainly the associated cables), data transferring intervals, and manageability could be
improved. From the data retrieved during test activities, in more than 95% of the parameters within
41 columns, the expected values were displayed correctly. Some errors were observed, which might
have been caused mainly by barriers that could hinder proper data recording and transfer from the
smart box to the central database. These problems can be counteracted and the performance of the
SLS can be improved so that it can be upgraded to be a marketable tool that can promote sustainable
biomass-to-energy value chains.

Keywords: smart logistics system; information platform; pruning biomass; performance evaluation;
product quality model; product usability testing

1. Introduction

The use of pruning biomass for renewable energy production is one of the renewable energy
uses being promoted in Europe. This study was part of an EU EuroPruning project, “Development
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and implementation of a new and non-existent logistics chain for biomass from pruning”, which was
aimed at developing improved logistics chains for biomass from agricultural pruning residues [1].
This includes the development of a new decision tool for a pruning biomass trading system and
logistics management (see Figures 1 and 2). To fulfill this, a smart logistics system (SLS) was developed
as described by Gebresenbet et al. [2]. Computer technology has changed the historical face-to-face
communication in trading systems [3], and the SLS enables utilization of recent technology.

Understanding and managing the material and information flow (see Figure 1) enables efficient
and effective utilization of resources. The SLS developed for this purpose has been reported in detail
in [2]. But there are associated research questions: What is the performance of the SLS tool in real
conditions? What is the feedback of end users of the tool?

The objective of this study was to evaluate the performance of the SLS under field conditions.
This is important, as the SLS is a newly developed tool and evaluating its performance is important.
This report describes the methodology applied and the results obtained from applying the SLS tool in
real conditions. This is important for replication of the study and improvement of the SLS tool.

1.1. Pruning Biomass Logistics Chain

Figures 1 and 2 describe activities at different stages of a logistics chain. Pruning fruit trees
(removing top or unwanted branches) (see Figure 2a) is done by farmers on an annual or biennial basis
to maintain the desired tree form and structure and to increase the productivity of fruit trees. Pruning
harvesting is often integrated with chipping or baling (see Figure 2b). The harvested product can be
stored in the form of bales or chips (see Figure 2c).

Figure 1. Typical pruning biomass logistics chain.

Storage of biomass is related to seasonal variability and logistics operation cost, and storage
locations should be efficient to reduce transportation and operation costs. The location of biomass
storage can vary depending on the nature of the biomass supply chain [4]: on-field storage,
intermediate storage (between the fields and power plants), and storage facility at the biomass power
plant. Biomass transportation is an important activity in biomass-to-energy systems. This includes
both on-farm transportation and main transportation (from farm to storage or power plant).
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Figure 2. Different stages of logistics chain in the process of biomass-to-energy conversion.

1.2. Smart Logistics System and Its Utilization by Different Actors

The SLS has four major components, as indicated in Figure 3 and presented in detail by
Gebresenbet et al. [2]. The smart box is a sensor unit for measuring parameters such as relative
humidity, temperature, geographic position, and route tracking, and information associated with
quick read (QR) codes. The onboard control unit is used for planning transport routes and monitoring
recordings by Cargolog. The information platform is used for documentation and data sharing, and to
facilitate biomass trading and management of the pruning supply chain and traceability. The central
control unit is a point of administration of the biomass trading and logistics system and links the
information platform and onboard control unit.

The two components of the SLS (the smart box and information platform) have been integrated
so that the smart box is functionally connected with the web address of the information platform [5].
The smart box records and transmits data to the central information platform. The information platform
is designed to facilitate interactions among biomass supply chain actors and data collection, as well as
the management of the entire logistics of the pruning biomass supply chain (see Figure 2 and Table 1).
Table 1 presents how different actors use the platform to interact regarding the flow of materials and
related information along the pruning biomass supply chain.

70



Appl. Sci. 2018, 8, 1987

Figure 3. Major components of the smart logistics system. Reproduced from permission of [2] (MDPI, 2018).

Table 1. Actions to be performed by main actors of the pruning supply chain.

Action Actor Description of Actions to Be Performed

Add new user Administrator
Logistics manager who administers the smart system

can add new users to the system. New label codes will be
assigned to new actors.

Add new pruning Farmers Farmers have to input pruning quality parameters required
by end users.

Edit pruning Farmers Farmers can update input information such as pruning quality
parameters while it is in “pending” status.

Delete pruning Farmers Farmers can delete pruning as long as it is still pending and has
not been flagged as “ready”.

Make ready Farmers Farmers can flag pruning as “ready” so that consumers can view
that pruning and order it.

Generate QR code Farmers Farmers can generate a quick read (QR) code for “pending”,
“ready”, and “ordered” pruning.

Order pruning Consumers
Consumers order pruning based on quality parameters.
Consumers select a transporter from a list registered in

the central system.

Add to shipment Transporters Transporters select orders to be included in one shipment in
order to plan the route between locations of chosen orders.

Plan route Transporters Transporters generate driving instructions for source and
destination locations for all orders included in one shipment.

Add to pruning Traders
Traders use the tool to select which orders are part of a new
treated pruning offer. Trader can add new pruning quality

parameters, e.g., if bales are chipped.

The SLS will be used to improve the performance of the biomass supply chain focusing on pruning
biomass. In evaluating the performance of supply chain management, it is important to identify
the performance measurement metrics within the context of the supply chain under evaluation [6].
The overall performance of a supply chain depends on the role of each stakeholder in the chain [6,7].
Shashi et al. [6] discussed that stakeholders’ interest, value addition, and partners’ performance play
important roles in the overall performance of a supply chain.

The rest of this paper is structured as follows. Section 2 describes the testing of the SLS tool and
evaluation methodology. Section 3 presents the performance evaluation results and discussion, while
Section 4 presents the conclusion.
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2. Testing and Evaluation Methodology

2.1. Usability Testing

Usability testing is an evaluation method that has the largest impact on product [8]. It is one
method of evaluating the learning and use of new products. In this study, the usability testing approach
was used considering six basic characteristics: system to evaluate, focus, participants, tasks, data,
and results [8]. These characteristics were applied as explained in Table 2. Both qualitative and
quantitative data analyses were used in the evaluation of SLS.

Table 2. Usability testing characteristics.

Basic
Characteristics

Description as Applied in SLS Testing

System to
evaluate

Used to evaluate the SLS. Usability testing is an evaluation approach that can be applied to
evaluate almost any product or technology; for example, software for database management,
network management tools, early-stage prototypes, and related help manuals.

Focus
The focus was on usability of the SLS. The test was intended to validate the first release of the
smart system (smart box and information platform) prototype, with less consideration of
marketability of the product.

Participants

The intended main participants were (potential) end users of the smart system who were actors of
the pruning supply chain (farmers, pruning traders, transporters, power plants). Test participants
and administrators interacted during tests. Training and instruction guides were provided before
starting. During this testing, research centers such as Leibniz Institute for Agricultural
Engineering Potsdam-Bornim (ATB) in Germany, Research Centre for Energy Resources and
Consumption (CIRCE) in Spain, and the Swedish University of Agricultural Sciences (SLU) as
well as Gruyser (transport dealer) participated actively.

Tasks

The smart system has different functional features. Each participant considers the specific
functionality of the system that best fits him/her. Test participants who act as farmers perform
tasks that the pruning producers perform, while traders perform what processors and traders of
biomass perform using the system. Similarly, transporters and consumers test features of the
system that serve the transport company and end consumers of the pruning biomass.

Data

Pruning biomass–related data were recorded, stored in a database, and analyzed. Both problems
and positive aspects noticed during tests were analyzed. Data collected with three prototypes
were used to evaluate the functionality of similar features of the system but with different smart
box prototypes. Accordingly, a data triangulation test approach was used, especially to test data
storage and display capability of the central information platform by analyzing data sourced from
testing with three different prototypes.

Results
Test results were used to improve the smart system and communicate the research outputs.
These analysis results are documented, archived, and used to identify what problems surfaced
and how to solve them.

2.2. Metrics and Product Quality Model for Evaluation of SLS

2.2.1. Metrics for Performance Evaluation

The SLS deals with data recording, transfer, and storage in a centralized database through the
integrated action of a smart box and a web-based information platform (see Figure 3). The functional
features of the smart box tool and information platform were integrated using Cargolog PC software,
Cargolog FAT90 V2 (Mobitron, Huskvarna, Sweden). In this report, as part of the evaluation of
the smart system, metrics were selected and adapted from international standards for systems and
software quality requirements and evaluation (ISO/IEC 25010:2011) as described in [9] and Table 3.
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Table 3. Quality attributes considered for performance evaluation of the SLS.

Attribute Description

Functionality How easy it is for the system to integrate its functional units while
maintaining the security and accuracy of service provided

Reliability How well the smart system can provide service with required precision

Usability How easy it is for the smart system to learn, operate, and analyze the
data and make decisions

Efficiency Amount of resources and time required by the system to perform its
intended function

Maintainability How easy it is for the system to identify and fix an error

Portability How easy it is to move the smart box from one place to another and to
move the application platform from one server to another

2.2.2. Product Quality Model

The general product quality model for internal and external quality evaluation of information
technology (software product) described in ISO/IEC FDIS 9126-1 (see Figure 4) was adapted for
evaluation of the smart system [10]. The evaluation is based on the definitions given in international
standards for information technology–based product quality (ISO/IEC FDIS 9126-1) as indicated in
Table 3 and Figure 4. The detailed analysis results are presented in Table 9.

Figure 4. Product quality model for internal and external quality assessment (adapted with modification
from ISO/IEC FDIS 9126-1).

2.3. Smart System Testing

2.3.1. Smart Box Installation and Training

Before starting the actual testing in Sweden, Spain, and Germany, training/guidance was provided
on proper installation and operation of the smart system. In addition to this training, two user guide
documents were prepared and provided to actors involved in testing the tool. The first user guide
enables smart box users to install Cargolog PC software on computers for onboard monitoring purposes
and to mount the smart box tool (with metal case) appropriately on the truck (see Figure 5). The second
guide enables users to use the information platform efficiently.
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(a) 

  
(b) 

Figure 5. (a) Smart Box assembly: (1) smart box protected with metal case; (2) GPRS/GSM antenna;
(3) Global Positioning System (GPS) antenna; (4) temperature and humidity measuring sensor probe;
(5) power cable. (b) PowerTM 9500 scanner with its components.

2.3.2. Smart System Field Testing

In this study, three prototypes were developed. The testing and evaluation activities were done
with all the three prototypes during 2015–2016. Although testing of the smart system was done during
different stages of the development of the system, this report presents only the testing and evaluation
results of the final smart system prototype used by end users during final testing activities. The smart
boxes were used at farm-to-storage and storage-to-consumer transport stages.

3. Evaluation Results and Discussion

3.1. Data Retrieved from Central Database of the Smart System

In the spreadsheet-based central database, the data are stored in 41 columns (see Table 4 and
Appendix A). Data entered by actors directly on the platform and data transferred from the smart box
are stored mainly in the 41 columns, while some additional information can be displayed and visualized
on the platform. It is important to test the performance of the smart system by considering how
correctly the recorded values and information are displayed in each of the 41 columns. This enables
us to understand the performance of the smart system and identify the columns where incorrect
information might be displayed. In general, during this test, about 104 records of product lines
(with specific lot numbers) were retrieved from the SLS database. This in turn enabled us to identify
functional features of the SLS linked to errors in displayed values and to figure out what further
improvement would be needed to upgrade the system.
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Table 4. Parameters and how they are implemented in the spreadsheet-based database on the platform
server under 41 columns.

Column No.
Column Header as

Implemented in Database
Description of Parameters under Each Column Header

1 title Name given to the biomass registered with a unique lot number

2 status Status of the registered biomass along logistics chain (e.g., delivered or not)

3 providerID Label code assigned to the provider (i.e., farmer or trader) of the biomass

4 transporterID Label code assigned to the transport company delivering the biomass

5 consumerID Label code assigned to the end user that ordered (purchased) the biomass

6 shipmentID Number to identify the delivery route of the biomass with the indicated
lot number

7 Cargolog
SerialNo

Identification number of smart box used by the transporter while
transporting this specific biomass

8 deliveryCode Product delivery identification number to monitor the traceability of product
movement along the chain

9 latitude Latitude of the location where the biomass is to be picked up

10 longitude Longitude of the location where the biomass is to be picked up

11 destinationLongitude Longitude of the location where the biomass is to be delivered

12 destinationLatitude Latitude of the location where the biomass is to be delivered

13 lotNumber LotNumber associated with the specific biomass product under consideration

14 quantity Quantity of biomass associated with each lot number

15 species Sources of agricultural pruning where biomass product is produced

16 originClassification Identification of origin and source according to classification in standard
EN-ISO 17225-1:2014

17 tradedForm Information on traded form of biomass

18 particleSize Particle size distribution of chips

19 baleDiameter Diameter of traded bale

20 moistureContent Moisture content of biomass

21 ashContent Ash content of biomass

22 densityChips Density of traded chips

23 densityBale Density of traded bales

24 calorificValue Caloric value of traded biomass

25 cropCharacteristics Additional information regarding biomass production and source

26 pruningDate Date when farmer pruned fruit or other trees

27 collectionDate Date when pruning is gathered (on farm) to be transported or processed
(e.g., chipping)

28 storageDays Duration of storage at storage site, in days

29 piled Information to identify whether biomass is stored as large pile or spread as
small heaps

30 chemicallyTreated Information regarding whether biomass product is chemically treated or not

31 covered Information indicating whether biomass storage is covered or not

32 moved Information to identify whether machinery is used to move biomass at
storage site

33 contaminated Information to identify whether biomass has been contaminated
with impurities

34 useStorage Information indicating whether storage is used and if it is located at a
different position than the address of farm or trader

35 storageLongitude Longitude value of storage

36 storageLatitude Latitude value of storage

37 pickupDate Date and time when the product is picked up for delivery to
intended destination
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Table 4. Cont.

Column No.
Column Header as

Implemented in Database
Description of Parameters under Each Column Header

38 deliveryDate Date and time when the product is delivered to intended destination

39 createdDate Date and time indicating when the product is registered on the
platform server

40 modifiedDate Date and time indicating when the status (see column 2) of the product along
the delivery process is changed by next actor

41 modifiedByUserID Label code assigned to the actor who changed the status of product
(see column 40)

3.2. Data on Product Delivery Information

Using the SLS tool, the system administrator can easily identify products entered into the system,
products for which transport routes are planned, and products that have been delivered to end users.
Table 5 indicates that, out of the recorded 104 products, route planning was tested for 54%, while actual
product delivery of 16% was confirmed according to the data captured by the smart system.

Table 5. Number of products registered in platform during field testing.

Country
Recorded Product with

Specific Lot Number (N)

Route Planned for Product Delivery Product Delivered to Consumer *

Number % Number %

Sweden 28 21 75 14 50

Spain 65 31 48 NA NA

Germany 11 4 36 3 27

Total 104 56 54 17 16

* Percentage of delivered products does not necessarily indicate efficiency, because some registered products may
not be ordered by traders/consumers; for some products, route may be planned but they may not be delivered to
consumers. NA, not available.

3.3. Data Recorded and Visualized Directly on Platform

The feedback from users regarding the attractiveness and user-friendliness of the functional
features of the smart system is very important to improve the system. The feedback may be on
utilization of functional features to perform specific actions and/or visualize the results.

Samples of visualizations of recorded data are presented in Figures 6–9, which describe
information gathered with smart box 2015085119 (see Figure 6) at a test site in Germany during
transport of pruning products registered as Field3, lot number 151008B03R1.

Figure 6. Visualization of smart box reading link indicating its Cargolog serial number.
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Figure 7. Visualization of measured parameter values (temperature and humidity as recorded on 21
December 2015, from 08:29:14 to 11:32:02 and displayed as a table).

Figure 8. Delivery route based on GPS coordinates recorded by the smart box.

 

Figure 9. Example of smart box reading visualization: graphic presentation of measured parameters
(along with displayed values of temperature, humidity, and GPS coordinates as recorded on
21 December 2015, from 08:29:14 to 11:32:02).
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The relative humidity data retrieved from the testing activity in Germany are presented in
Table 6, together with the moisture content of the biomass at the storage site. It must be noted that
relative humidity indicates the humidity in the air inside the truck box after loading the woodchips.
In the initial moment, the moisture measured was just the air moisture at the site. Once the probe
(see Figure 5a) was inserted into the truck box, the air in the internal void volume among the woodchips
increased its moisture content until it reached equilibrium with the moisture of the woodchips.

Table 6. Example of moisture content data compiled from test in Germany.

Product
(Lot Number)

Recorded Moisture Content (%)
Remark

Storage
(start)

Storage
(end)

Relative Humidity (RH)
Measured by Smart Tool

Field1
(151007B01R1) 31.68 31.68 NA Data were not transferred properly

Field3
(151008B03R1) 31.68 13.36 78.5–88.9 RH measured during transport

Field7
(151008B05R1) 31.68 13.36 91.8–93.2 RH measured during transport

Field8
(151008B04R1) 31.68 31.68 NA Route planned, but pruning

was not transported

3.4. Information Flow and Product Traceability Performance of the Smart System

The information gathered using the smart system was rich enough to construct an effective
traceability map of each registered product along the pruning supply chain [11]. Detailed pruning
quality parameters and the product traceability system are provided in [12,13]. The SLS was integrated
with the biomass traceability system, with pruning quality and related traceability parameters.
The usability testing indicated that all of the traceability-related parameters were implemented on
the information platform of the SLS (see Figure 3). The identification of producers (provider ID),
transporters (transporter ID), and consumers (consumer ID), and the specific name (title) and
production lot number assigned to each registered product are mandatory parameters to trace product
movement along the pruning supply chain (see Table 4). Table 7 indicates that except for smart box
number (Cargolog serial no.), delivery code, pickup date, and delivery date, all important parameters
are recorded correctly. The errors in records of Cargolog serial no., pickup date, and delivery date
could be mainly due to barriers in data transfer from the smart box to the central database. In the case
of Spain, the Cargolog serial no., pickup date, and delivery date were not recorded at all in the central
database, indicating that the information was not properly transferred from the smart box tool to the
central database.

For illustration purposes, a product from the test in Germany is considered here. For a product
registered with the title “Field7” and lot number 151008B05R1, the producer, transporter, and consumer
are identified as FDEU020, DDEU012, and CDEU013, respectively (see Appendix A). The corresponding
complete product identification code can be constructed as FDEU020-DDEU012-CDEU013. Whenever
a product traceability issue is initiated, further detailed traceability-related information can be retrieved
from gathered data for each stage of the logistics chain. This can be done by an experienced
administrator of the smart system who can interpret all recorded values in each of the 41 columns of the
spreadsheet-based central database. The data barriers in delivery date (column 38) and Cargolog serial
number (column 7) may hinder the system administrator from confirming the final delivery of the
product to the intended consumer. In such cases, the administrator should find additional information
by telephone or internet conversation, for instance, by introducing an option (on the platform) for
the end consumer to confirm the product delivery. This enables the system administrator to easily
construct the product delivery identification code and strengthen the traceability and management of
the entire pruning supply [10].
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Table 7. Major parameters for traceability information continuity and their recording performance

Column Header
(Indicating Parameter)

as Implemented in
Central Database

Correctly Recorded Values of Registered Products for Which Route
Planning Was Done (%)

Sweden
N = 21

Spain
N = 31

Germany
N = 4

Relevance Level of the Parameter
for Traceability Information

title 100 100 100 Mandatory

Status 100 100 100 Supporting information

providerID 100 100 100 Mandatory

transporterID 100 100 100 Mandatory

consumerID 100 100 100 Mandatory

cargologSerialNo 67 0 75 Supporting information

deliveryCode 91 68 100 Very important

lotNumber 100 100 100 Mandatory

pickupDate 67 0 75 Supporting information

deliveryDate 67 0 50 Very important

modifiedByUserID 100 100 100 Supporting information

N, number of routed chains as indicated.

The smart system was developed to effectively gather, monitor, store, and analyze data to
improve pruning logistics management (even though the tool could be utilized for any biomass
supply chain). As indicated in Table 8, this integrated system enables improved performance of
pruning supply chain management and product traceability by reducing biomass loss (in terms of
quality and quantity), increasing the quality of solid fuel and delivery service, and reducing logistics
and transaction costs [2,11,14]. Therefore, evaluation results indicate that the SLS is important tool for
management of the biomass value chain and trading system. It enables tracing and tracking of the
product, controls product quality, facilitates information flow, reduces management cost, and enables
managers to manage the entire supply chain. Table 8 indicates that most of the major functional
features performed satisfactorily.

Table 8. Analysis results of overall satisfactory level of major functionalities.

Functional Features
Main Actor Responsible

for the Activity

Satisfaction Level (Ease of Use of the
Tool and Precision of Results) *

1 2 3 4 5

Data entering (uploading) onto
web-based platform Biomass producer

√

Data recording by smart box Transporter
√

Data transfer from smart box to
central database Transporter

√

Searching for available product
and ordering for purchase Trader and consumer

√

Whole pruning supply chain
management support System administrator

√

Product quality monitoring and
traceability capability

System administrator,
consumer

√

* This analysis was done assuming that the system will be used by trained actors and system managers. 1 = poor;
2 = fair; 3 = good; 4 = satisfactory; 5 = very satisfactory.

3.5. Evaluation of Smart System Using Product Quality Model

In this section, the product quality model is used to analyze the performance of the smart system.
The feedback from the testing was systematically used as input information for the product quality
model. This input includes observations of the experts participating in testing the tool (see Table 9).
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Table 9. Evaluation of the SLS using product quality model for internal and external quality assessment
(adapted with modification from ISO/IEC FDIS 9126-1).

Attribute Smart Logistics System Performance Description

Functionality

Suitability: The smart system is designed for management of pruning biomass logistics activities. It is
suitable for collecting and managing pruning-related data and provides service for all registered actors of
the pruning supply chain.
Completeness: The system enables complete data to be obtained regarding the biomass quality and
quantity as well as its flow along the supply chain.
Accuracy: For more than 95% of data parameters included in the spreadsheet-based database, the system
accurately displays the recorded data and information. In some cases, errors were noticed, mainly due to
problems encountered during data transfer from the smart box.
Interoperability: The smart system effectively integrates different functional units such as GPS and
GPRS/GSM devices, temperature and humidity recording tools, and the information platform. The data
stored in the central database can be downloaded and easily analyzed using spreadsheets, facilitating
further interoperability of the system.

Efficiency

Time saving: The tool enables transporters to plan their best transport routes, reducing driving time and
distance. Each producer can use the online platform to announce its products while end users and/or
traders can buy the ready products and transport services easily online, where the system is managed by
an administrator.
Resource utilization: Once the pruning biomass-to-energy value chain is initiated, the smart system
facilities the coordinated utilization of available resources owned by actors in the chain.
Capacity: The smart system has functional capacity to record, transfer, and store adequate data along the
pruning biomass logistics chain from producer to end user. It facilities the traceability of pruning quality
and logistics management, leading to economic efficiency.

Usability

Appropriateness: The smart system is appropriate, as it enables recording, documentation,
and having adequate data centrally, which in turn facilitates the performance analysis and traceability of
pruning biomass.
Learnability: The tool has a guiding manual to facilitate training and learning to use the system.
Once registered by the administrator, each actor can easily practice and use the information platform.
User error protection: Once training is provided, there are fewer user errors when using the smart box.
Once the power cable is plugged in, the recording will be triggered (started and ended) by a separate
portable scanner used to read QR codes on biomass labels. While using the information platform, each
registered actor can record and edit only the data he/she provides but not those of other users. Therefore,
user error is minimized and can be easily corrected by the respective responsible actor.
Accessibility: The smart system will be accessible to all interested actors involved in the
pruning-to-energy value chain. However, each user should be registered by the system administrator first
and get a specific identification code (labelling code as described in [2,10]).
Understandability: The system can be used effectively if initial training and user guide documents are
provided. However, how to interpret some displayed values and how to analyze the gathered data can be
difficult for many users and should be handled only by experienced (well-trained) system administrators.
Attractiveness: The web-based user interface information platform has integrated up-to-date Google
Maps, which increases the aesthetics and attractiveness of the online platform.
Operability: Components of the smart box are connected to a recording unit by cables [2] (see Figure 5).
It has no plug-in and plug-out system for the cables increasing difficulty during operation, indicating that
improvement is required. There should also be power on and off buttons for user-friendly operation.

Reliability

Maturity: The smart system is newly developed and tested for the first time. Further repeated tests and
evaluation are recommended to increase its maturity level.
Availability: The tool is newly developed and not available on the market. From feedback during testing
activities, there is a potential market for the smart system, and the tool could be made available
for marketing.
Fault tolerance: The test results indicate that all registered pruning products were successfully recorded
and stored in the central database with associated product quality characteristics. This indicates that a
trader or consumer can confidently order any product registered on the information platform and made
ready for sale. Other faults, if any, in relation to real-time data during transport may be tolerable.
Recoverability: Once the product is registered in the central platform, much associated information will
be generated as the product moves downward along the pruning logistics chain. This increases the
recoverability of some missed data, if any.
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Table 9. Cont.

Attribute Smart Logistics System Performance Description

Security

Confidentiality: Personal information of registered actors is confidential, as it can only be accessed by
system administrators (of the information platform).
Integrity: The system well integrates data recorded by the smart box and related data provided by
pruning biomass producers.
Accountability: All registered users are accountable for the information they provide to intended users of
the information platform. The system enables pinpointing damages that could happen at any stage along
the logistics chain through the pruning traceability system integrated in the smart system.
Authenticity: All registered actors have specific codes and access to and recognition of data and
information they provided.

Maintainability

Modularity: The smart box components can be disassembled and reassembled by the prototype
developer. This facilitates maintenance service.
Reusability: The system can be maintained and reused. Maintenance service may be required on average
once a year, and some parts of the smart box may need to be replaced.
Modifiability: The information platform can be modified based on the interest of users or if additional
service is required.
Testability: Both the smart box and the information platform are testable. After appropriate maintenance,
the system will be well tested before it is used.

Portability

Adaptability: The possibility of adapting to logistics of biomass other than pruning residues, such as
forest wood products, was taken into consideration during the development of the smart logistics system.
Installability: The smart box has a metal case with a magnetic foot for easy and appropriate mounting on
a truck. The metal case is used to protect the smart box from mechanical damage, aggressive gases,
liquids, and humidity.
Packaging: The smart box needs to be shipped from its manufacturing place to end users. The packaging
system for this should be hard enough for protection from damage due to impact. Improved packaging is
recommended for this purpose.

3.6. Major Recommended Improvements

When the SLS was conceived, it was designed for use in supporting and improving biomass
logistics, not only for pruning biomass, but for any type of biomass, such as forestry woodchips and
herbaceous agrarian residues. For this purpose, further improvements are suggested so that the SLS
can be effectively adapted for biomass-to-energy businesses. The performance test results indicate
that the SLS performs data collection and storage in the central database satisfactorily. The stored
data and other relevant information enable the tool to support product traceability and supply chain
management very effectively. For further improvement and service quality, assembly of the smart box
components (mainly the associated cables) and data transfer intervals as well as column arrangement
in the spreadsheet format for data storage could be improved more.

In general, each batch of pruning biomass data entered into the online platform directly by actors
(farmers, traders, etc.) was found to be well documented in the central database and easily visualized
by intended users. However, some errors were noticed regarding data on parameters measured by
the smart box (such as relative humidity, temperature, Global Positioning System (GPS) coordinates
during biomass transport) and transmitted to the database. These errors may be caused by improper
initialization of the smart box, unplugging the power cables before data transmission is complete,
or unexpected barriers that could interrupt data transmission from the smart box to the online platform.

The smart system enables users to determine the transport distance and truck speed at the route
planning stage. However, the real routes followed during transport are displayed only on maps.
The actual driving distance and time (or speed) are not determined and displayed along the route
maps. Through further improvement, these values can be either displayed on the maps or documented
in the spreadsheet-based central database. To increase effective utilization of the information platform,
additional functional options should be created (on the platform interface) for transporters and end
consumers where they can confirm product delivery and acceptance, respectively. In addition, a billing
system could be included as a component to facilitate trading of biomass products.
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4. Conclusions

The testing and evaluation of a smart logistics system was carried out in order to identify
functional limitations and important improvements to be implemented. The functional features of the
smart box and centralized information platform were considered during testing. The features were
designed to enable users to have an effective information acquisition, monitoring, and utilization system
while promoting sustainable pruning for the energy value chain. All three smart box prototypes were
tested together with the information platform. Based on tests done in Spain, Germany, and Sweden,
the performance evaluation of the smart system was carried out by systematically analyzing:

values of parameters recorded and stored in the spreadsheet database with 41 columns (for each
pruning product registered with a specific lot number),
feedback and problems encountered during the test, and
selected performance metrics in relation to product quality model adapted from ISO/IEC FDIS
9126-1 standard.

The performance test results indicate that the smart system satisfactorily performed data collection
and storage in the central database. The stored data and other relevant information enabled the tool to
support product traceability and supply chain management very effectively.

In general, for each batch of pruning biomass (with specific lot number) entering and leaving the
biomass supply chain, data entered into the online platform directly by actors (farmers, traders, etc.)
were well documented in the central database and easily visualized by intended users. The information
platform enabled users to display the locations of pruning farms, biomass storage and processing
sites, energy plants, and the planned and/or actual delivery routes according to the needs of different
actors, such as raw materials producers, traders, and consumers. However, some errors were noticed
regarding the smart box identification numbers (expected to be transferred from the smart box to
the central database during product pickup and delivery), product delivery codes (expected to be
generated by the smart system), and product pickup and delivery times. These errors might have been
caused by improper initialization (while triggering the smart box with a power scan), unplugging the
power cables before data transmission was complete, or unexpected barriers that interrupted data
transmission from the smart box to the online platform. To counteract these problems and increase
information continuity along the pruning supply chain as well as effective utilization of the smart
system, additional functional features should be created so that transporters and consumers can
confirm product delivery and acceptance, respectively. This option enables retrieval of important
information that could be missed due to problems encountered by the smart box during data transfer
to the central database and increases system performance so that it can be upgraded to a marketable
tool promoting sustainable biomass development for renewable energy generation.
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Featured Application: Wind speed forecasting.

Abstract: Wind speed forecasting plays a crucial role in improving the efficiency of wind farms,
and increases the competitive advantage of wind power in the global electricity market.
Many forecasting models have been proposed, aiming to enhance the forecast performance. However,
some traditional models used in our experiment have the drawback of ignoring the importance
of data preprocessing and the necessity of parameter optimization, which often results in poor
forecasting performance. Therefore, in order to achieve a more satisfying performance in forecasting
wind speed data, a new short-term wind speed forecasting method which consists of Ensemble
Empirical Mode Decomposition (EEMD) for data preprocessing, and the Support Vector Machine
(SVM)—whose key parameters are optimized by the Cuckoo Search Algorithm (CSO)—is developed
in this paper. This method avoids the shortcomings of some traditional models and effectively
enhances the forecasting ability. To test the prediction ability of the proposed model, 10 min wind
speed data from wind farms in Shandong Province, China, are used for conducting experiments.
The experimental results indicate that the proposed model cannot only improve the forecasting
accuracy, but can also be an effective tool in assisting the management of wind power plants.

Keywords: cuckoo search algorithm; support vector machine; ensemble empirical mode decomposition;
wind speed forecasting; forecasting validity

1. Introduction

1.1. Background and Motivation

In recent years, a demand for clean and renewable energy resources has increased significantly
because of the air pollution caused by traditional fossil fuels. Wind power, which is one of the most
promising renewable resources, proved to be an ideal alternative. Currently, wind energy has been
successfully employed in many countries, representing approximately 10% of energy consumption in
Europe and more than 15% in countries like America and Spain [1]. However, wind speed, which is
one of the most essential factors in wind power generation, is difficult to forecast due to many natural
factors such as pressure, temperature, and the rotation of the planet.

Therefore, in the development of wind energy, wind speed forecasting is rather important.
The accuracy of the forecasting result can influence the wind rotating equipment, operation cost,
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and the limitations of wind power penetration. With a precise prediction of wind speed, the dispatching
department is able to make adjustments to the program efficiently, so that the influence of wind energy
itself on the power station and the adverse effect of the wind farm on the power system can be
minimized, making wind power more competitive in the global electricity market.

1.2. Existing Models

Currently, developing an accurate and effective wind speed forecasting model is a priority
in many countries. These models can be divided into four categories based on the specific time
horizon: Very short-term, short-term, medium-term, and long-term forecasting [2]. Very short-term
and short-term forecasting can provide aids and references when making economic load dispatch
plans, while medium and long-term forecasting are employed for the maintenance of the grid,
wind farm planning, and providing information for site selection [3,4]. Using computational methods,
these forecasting methods can be further categorized into four different types: Physical, statistical,
intelligent, and hybrid methods. Physical methods are usually based on numerical weather prediction
(NWP), which simulates the physical characteristics of the atmosphere through applying physical
rules and geographical conditions, though there are still many difficulties in employing this model
for wind speed forecasting directly—for example, the forecasting accuracy, resolutions of space and
time, and the importance of the physical procedures. Statistical methods are used for wind speed
forecasting through setting mathematical models, which are similar to the direct random time-series
models [5]. As one of the most widely employed statistical methods, the Autoregressive Integrated
Moving Average (ARIMA) model is adopted to predict wind speed. Moreover, an Autoregressive
Fractional Integrated Moving Average (ARFIMA) model is used in wind speed prediction because of
its superior ability to select valid information from the past time series more effectively, compared with
the traditional ARIMA model. In recent years, intelligent approaches such as artificial neural networks
(ANN) and back propagation neural networks (BP), with the aim of reducing errors by employing
past time series, are being applied to forecast future wind speed because of the rising popularity of
artificial intelligence [6–12].

Due to the complexity of the raw wind speed series, forecasting the traits in the time series
accurately is very difficult to achieve with individual models. Therefore, hybrid models which adopt
multiple approaches to increase the prediction ability of the raw time series, or which assemble
multiple forecasting methods to obtain the traits of the raw data to forecast wind speed, have been
proposed in many studies. Guo et al. combined the Seasonal Autoregressive Intergrated Moving
Average model (SARIMA) and the Least Square Support Vector Machine model (LSSVM) to obtain
a more accurate forecasting model [13]. This new approach can effectively catch the seasonal and
nonlinear features in the input data. Similarly, Guo et al. used a back-propagation neural network,
and relied on the theory of using a seasonal exponential adjustment to reduce seasonal influence from
the raw data, to create a new hybrid approach [14]. Experimental results showed that this new model
is able to effectively increase the forecasting precision, as compared to the results of an independent
back propagation neural network (BPNN) with no adjustment of the seasonal exponent. From the
studies of Pourmousavi et al., a new and very short-term wind speed hybrid model was proposed
and proven to significantly increase the prediction range [15,16]. Liu et al. combined Empirical Model
Decomposition to create a new hybrid Empirical Mode Decomposition-Artificial Neural Network
(EMD-ANN) model. The proposed approach was effective in capturing jumping samples in raw
data with high noise [17]. Mohammadi et al. proposed a Stackelberg game technique to improve the
efficiency of electric grid [18]. Kianoosh et al. introduced a new multi-time-scale approach modeled by
historical time-series for electric data forecasting [19]. Haque et al. put forward the idea of combining
multiple soft computing models with a data preprocessing technique to perform short-term wind
speed forecasting [20]. Li and Shi conducted an experiment to make a comprehensive comparison
among three ANN using one h ahead of forecasting; namely, ADLINE (adaptive linear element),
RBFNN (radial basis function neural network), and BPNN (back-propagation neural network) [21].
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Moreover, to reduce the influence of data diversity, Ortiz-García et al. introduced several novel SVM
structures, which achieved a better performance than a similar multilayer perception [22].

1.3. Introduction of the Proposed Model

However, these individual models mentioned above have certain drawbacks. The disadvantages
are summarized as followed: (1) They usually require a huge amount of wind speed data in order
to build a model for a precise prediction, because of the inner irregularity and instability within the
raw data. If the raw data suddenly changes due to environmental factors, the error of the forecasting
result can be relatively high [23]; (2) Some models only try to match the fitness of the model closer to
the original data. As a result, when processing the wind speed data with high noise and irregularity,
it is difficult to fit the individual model to it by using only traditional physical or statistical methods,
causing poor forecasting accuracy and low efficiency; (3) Individual forecasting methods ignore the
importance of data preprocessing and the necessity of model parameter optimization. Because of this,
the accuracy of the result is not satisfying; (4) While some new models take advantage of artificial
intelligence to enhance their forecasting ability, they still have the problem of over-fitting and a low
convergence rate [24].

Therefore, in order to solve the problems mentioned above, a new hybrid model for more precise
wind speed forecasting and better evaluation, achieved by adapting the Ensemble Empirical Mode
Decomposition (EEMD), the Cuckoo Search Optimization (CSO) algorithm, and the Support Vector
Machine (SVM) model, is introduced in this paper.

The main contributions and innovations of this paper compared to other studies in the field of
wind speed forecasting are summed up as follows:

• The newly proposed approach in this paper takes advantage of the data preprocessing method
and the algorithm of parameter optimization to enhance the performance of the SVM model.
In this paper, the raw time series is first decomposed into several sub-signals, among which
signals with high frequency ones are removed and the rest are restructured to obtain a stationary
time series, with which the intrinsic characteristics of the wind speed data can be better captured
and analyzed so that the forecasting accuracy can be greatly improved.

• This paper employs the Cuckoo Search algorithm to optimize the parameters of the SVM before
training. The CS algorithm, which has the advantage of a powerful capability in terms of global
optimization, requires few parameters and has strong multi-objective problem solving ability,
and therefore can significantly improve the accuracy of the forecasting. The Support Vector
Machine can overcome the difficulties of traditional models, such as the curse of dimensionality,
falling into local optima easily, and over-learning.

• To verify the forecasting ability of the proposed approach, conventional models like BPNN,
RBFNN, and ARIMA are used for comparison. A more comprehensive evaluation is conducted,
including multi-step forecasting experiments and performance evaluation metrics such as six
indexes and a DM(Diebold-Mariano) test, to assess and analyze the performance of the newly
developed method.

The model used the raw data from wind turbines in a large wind farm. The result of this paper
shows that the newly developed approach effectively improves the forecasting accuracy and can
be successfully applied in wind grids to provide statistical support for making operation plans and
managing the power station.

1.4. Structure of the Paper

This paper is organized as follows. Section 2 concisely introduces the required techniques.
Forecasting performance evaluation criterion and numerical experimentation are introduced in
Sections 3 and 4. In Sections 5 and 6, the results and the superiority of the proposed approach
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are discussed by using comparisons with other conventional methods. Finally, Section 7 concludes this
paper and introduces the direction for future studies.

2. Materials and Methods

In this section, main theories about the proposed model will be introduced first. Then, the proposed
hybrid model is introduced. DM tests and forecasting effectiveness are also introduced.

2.1. Empirical Mode Decomposition (EMD)

EMD, which has been proved to be an effective data preprocessing method, is usually applied
to reduce the noise of a time series, which is non-stationary [25]. The main theory of EMD is that by
local characteristic timescale filtering, the original series is decomposed into oscillatory modes (IMFs).
The IMFs follow the rules as shown below: (1) The extremes and the zeros must have the same quantity
or the difference of quantity must be within one in the whole time series; (2) The upper and lower
bounds’ mean must be equal to zero. Let the raw data be s(t)(t = 1, 2, . . . , l). The main procedures of
EMD are listed below:

(a) Set all local maxima and minima of time series.
(b) Connect all local extreme to produce the upper bound eup(t) and the lower bound elow(t) by

applying a cubic spline.
(c) Compute the mean value from the upper and lower bounds m(t) = [eup(t) + elow(t)]/2.
(d) Compute the difference value between the raw data and the mean value h(t) = s(t)− m(t).
(e) Inspect if h(t) fits characteristics of IMF. If yes, h(t) is defined as the ith IMF and the residual

r(t) = s(t)− h(t) will replace s(t). If no, s(t) will be replaced by h(t).
(f) Repeat the above-mentioned procedures. Stop when the value of the two successive siftings’

standard deviation is lower than the threshold set earlier.

By utilizing mentioned procedures, a group of IMFs is settled from the raw data, which is arranged
based on the frequency from high to low.

Definition 1. The raw data, which is used for decomposition and consists of n IMFs and one residual is
obtained as:

s(t) =
n

∑
i=1

ci(t) + rn(t) (1)

where n is the number of IMFs, rn(t) is the residuals representing a trend in s(t)(t = 1, 2, . . . , l),
and ci(t)(i = 1, 2, . . . , n) represents the IMFs. When describing the local characters of a raw time series,
each IMF is independent.

2.2. Ensemble Empirical Mode Decomposition (EEMD)

EEMD, which can successfully overcome the shortcomings of EMD, is first introduced by Wu and
Huang [26]. The main theory of EEMD is that by using the features of the noise, the problem of mode
mixing can be effectively solved. The original time series are combined with true signals and noise.
Thus, to extract the true signals in the raw data, a white noise is added to the original data. Procedures
of EEMD can be described as follows.

• Step (a). Add a white noise to the raw time series.
• Step (b). Based on the method of EMD, decompose the time series with the added white noise

to nIMFs.
• Step (c). Repeat the mentioned two steps, but add the white noise at different scales each time.
• Step (d). Calculate the means of each IMF of decomposition to constitute the final IMFs.
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Through the mentioned process, the whole series of white noise, which are added into the raw
data, can provide a unified reference range to assist the process of noise reduction. As a result, the true
IMFs can be obtained from the original data.

Definition 2. The relationship among the ensemble number, the error tolerance, and the added noise level is
described based on the research of Wu and Huang:

Nε =
ε2

ε2
n

(2)

where ε represents the amplitude of the added noise, εn is the error’s standard deviation, and Nε is value of
ensemble members. Generally, it is suggested that an amplitude fixed at 0.2 will result in an accurate result [26].
In this study, the value of ensemble members are set to 100 and the optimal standard deviation of white noise
series are settled from 0.1 to 0.2.

2.3. Cuckoo Search Optimization (CSO) Algorithm

The CSO, which was recently introduced by Yang et al., is a meta-heuristic search algorithm [27].
The main principle of the algorithm is originated from the application of cuckoo birds’ obligating brood
parasitic behavior and the behavior of Lévy flight. Generally, by the switching/discovery probability
(pa), Cuckoo Search algorithm is able to perform more powerful capability of optimization [28].
In order to successfully adopt the CS algorithm, three basic assumptions are illustrated as follows:

• The egg which is generated by each cuckoo bird represents a solution in a time period, and it is
dumped randomly in the nest.

• The nests which contain better eggs (better solution) are described as the best nests and they will
be passed to the next generation.

• The available host nests’ number is restricted to n, and each host bird is able to recognize the
cuckoo bird’s egg with a probability Pa ∈ [0, 1]. As a result, the host bird has two possible choices,
which are either throwing away the egg or giving up the whole nest and finding a new location to
build a new nest.

Definition 3. Based on the Lévy flight behavior of the cuckoo bird’s nest-seeking nature, set the current solution
as xt

i for ith cuckoo, then new solution xt+1
i is generated as follows:

xt+1
i = xt

i + α ⊕ L(λ), i = 1, 2, 3 · · · n
L(λ) = t−λ, (1 < λ ≤ 3)

(3)

where α > 0 is the size of each step which relates to the optimization. ⊕ is the entry wise multiplications. L(λ)
stands for a Lévy distribution which has an infinite mean and variance. Lévy flight essentially provides a random
walk while the random step length is drawn from L(λ), which can produce a random walk process. Around
the best solution, the local search process can be faster because of the new solution generated by Lévy walk [29].
The flowchart of CSO is shown in Figure 1.
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Figure 1. The flowchart of the Cuckoo Search Algorithm.

2.4. Support Vector Machine (SVM)

The Support vector machine, which is introduced by Vapnik, is one of the newest algorithms [30].
Different from the conventional models, SVM follows the rule of statistical machine learning process
and structural risk minimization to obtain the minimal upper bound generalization error, which
is the biggest advantage of SVM compared with other models. Due to this, SVM has a great
popularity and a wide use in the area of pattern recognition, classification, and regression analysis and
forecasting [31,32].

Definition 4. Suppose a set of data {xidi}n
i , the n-dimensional input vector is represented as xi, and the output

is expressed as di. The estimating function of SVM can be represented as:

f (x) = w·φ(x) + b (4)

where φ(x) is a nonlinear mapping while w, b is the weight vector and scalar, separately, and they are estimated
through the equation:

RSVMs(C) =
1
2
‖w2‖+ C

1
n

n

∑
i=1

L(xi, di) (5)
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where C represents the penalty factor of the error. The L(xi, di) is the loss function C n
2

n
∑

i=1
L(xi, di) represents

the empirical error.

Definition 5. Setting the upper and lower excess deviation ξi and ξ∗i as the positive slack variables,
the optimization problem is obtained as the follows:

MinimizeRSVMs(w, ξ(∗)) = 1
2
‖w2‖+ C

1
n

n

∑
i=1

(ξi + ξ∗i ) (6)

Subject to

⎧⎪⎨⎪⎩
di − wφ(xi)− bi ≤ ε + ξi
wφ(xi) + bi − di ≤ ε + ξ∗i

ξi, ξ∗i ≥ 0, i = 1, . . . , l
(7)

where w2/2 represents the regularization term. ε stands for the loss factor, and its value is related to the
approximate accuracy of the input sample. l represents the quantity of elements in the sample data series.

Equation (4) can be explained through the Lagrange function, which is described as follows:

f (x) =
n

∑
i=1

(αi − α∗i )K(x, xi) + b (8)

where αi and α∗i are the multipliers of Lagrange function. K(x, xi) represents the kernel function and
K
(

xi, xj
)
= φ(xi)φ

(
xj
)
, which is the dot product of the two inner vectors xi, xj in φ(xi) and φ

(
xj
)
.

Gaussian function, which is known for its features of simplicity, efficiency, and reliable computing
ability, has proved to be one of the most effective core functions [30]. SVM model, which employs it as
the core function, can effectively obtain the complex features of nonlinearity of the original data and
result sample by matching input data into a higher-dimensional feature space.

Definition 6. Gaussian function, which is employed as core function of SVM model, is described as follows:

K(xi, xj) = exp
(
−γ‖xi − xj‖2

)
(9)

where the γ stands for the parameter of the kernel function. xi, xj are vector quantities in the input space.

In this paper, parameters (γ, C), which are considered as the two most valuable figures that
influence the performance of wind speed prediction. The CSO is used to optimize them.

2.5. Introduction of the EEMD-CSO-SVM Model

Based on the above-mentioned methods, the EEMD-CSO-SVM model is proposed for wind
speed forecasting. Taking one of the datasets as an example, the main procedures of the proposed
model is shown in Figure 2. Firstly, the EEMD noise reduction technique is applied to the raw wind
speed data in order to obtain a stationary time series. In this paper, the raw data is decomposed into
10 IMFs, among which the first IMF is considered as noise and removed. The rest are recombined for
the forecasting. Then, each set of data from the four wind turbines are used to perform three-step
forecasting to testify the validity of the proposed model. The de-noised wind speed data is applied
to train the SVM model whose key parameters (γ, C) are optimized by the Cuckoo Search algorithm.
The results of forecasting are recorded for further analysis.
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Figure 2. The flowchart of the proposed forecasting method.

2.6. DM Test and Forecasting Effectiveness

The DM test, which focuses on the difference in the forecasting precision between the proposed
hybrid model and other traditional methods, is described as follows:

H0 : E(dn) = 0, ∀n
H1 : E(dn) = 0, ∃n

(10)

The value of the DM test is described as follows:

DM =

k
∑

h=1

(
L
(

ε
(i)
t+h

)
− L

(
ε
(j)
t+h

))
/k

√
S2/k

s2 (11)

where εt+h is the forecasting error.
S2 represents the estimation value for the variance of dh = L

(
ε
(i)
t+h

)
− L

(
ε
(j)
t+h

)
. L is the loss

function, which represents the accuracy of the forecasting.
Among the loss functions, absolute deviation error loss and square error loss are widely applied.

They are described as follows:
Absolute deviation error loss:

L
(

ε
(i)
t+h

)
=

∣∣∣ε(i)t+h

∣∣∣ (12)

Square error loss:

L
(

ε
(i)
t+h

)
=

(
ε
(i)
t+h

)2
(13)

If no significant differences are found between the performances of the included methods, the null
hypothesis will be rejected.

The null hypothesis is described as follows:

|DM| > zα/2 (14)

where zα/2 represents the critical value of the standard value distribution when the value of
significance is α.
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Forecasting effectiveness, which evaluates the performance of the proposed model using the
sum of the squared errors and the mean squared deviation of the forecasting results is also applied.
The forecasting effectiveness is described as follows [33].

The kth order forecasting effectiveness unit is described as:

mk =
N
∑

n=1
Qn Ak

n

N
∑

n=1
Qn = 1

(15)

where Qn stands for the discrete probability distribution when the time is n. An represents the
forecasting accuracy.

The k-order forecasting effectiveness is presented as:

H
(

m1, m2, · · · , mk
)

(16)

The first order forecasting effectiveness is defined as H
(
m1) = m1 while the second-order

forecasting effectiveness is the difference between the standard deviation and expectation, which is
shown as:

H
(

m1, m2
)
= m1

(
1 −

√
m2 − (m1)

2
)

(17)

3. Performance Evaluation Criterion

In this study, to test the accuracy of the proposed approach, six evaluation indexes including
MAE, MAPE, RMSE, WI, ENS, and ELM are applied for evaluating forecasting accuracy. These indexes
are shown as follows in Table 1:

Table 1. The description of the error evaluation indexes.

Metric Definition Equation

MAE The mean absolute error of N
forecasting results MAE = 1

N

N
∑

i=1
|ypi − yi|

MAPE The average of N absolute
percentage error MAPE = 1

N

N
∑

i=1

∣∣∣ ypi−yi
yi

∣∣∣× 100%

RMSE The square root of the average of
the error square RMSE =

√
1
N

N
∑

i=1
(ypi − yi)

2

WI Willmott’s Index WI = 1 − [

N
∑

i=1
(ypi−yi)

2

N
∑

i=1
(|ypi−y|+|yi−y|)2

], 0 ≤ WI ≤ 1

ENS Nash-Sutcliffe coefficient ENS = 1 − [

N
∑

i=1
(ypi−yi)

2

N
∑

i=1
(yi−y)2

], ∞ ≤ ENS ≤ 1

ELM Legates and McCabe Index ELM = 1 − [

N
∑

i=1
|yi−ypi |

N
∑

i=1
|yi−y|

], ∞ ≤ ELM ≤ 1

Respectively, where N is the total output samples; yi represents the actual series; and ypi stands
for the prediction results. For WI, ENS, and ELM, when the values of them are closer to 1, the model
achieves a higher performance.
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4. Numerical Experimentation

The Windows 7 Professional operating system was used to perform the experiments. The specific
version of software, which was used to conduct the proposed model, is Matlab2016a. The details of
the hardware are: Intel Core i5-3230M2.60 GHz CPU, and 4 GB RAM.

4.1. Introduction of Datasets

Penglai is located in the east coast of Shandong in China. It has a 3100 km coastline. Thus, although
the whole region is not large, it is famous for its abundant wind power due to this unique geographical
feature. The approximate wind power capacity of the region is 67 million KW. In this paper, datasets 1,
2, 3, and 4 were chosen from a wind farm in Penglai, with the latitude from 120◦43′ N to 120◦47′ N
and longitude from 37◦50′ E to 37◦37′ E. These datasets are located in mountain and hilly areas whose
altitude is from 100 m to 240 m. The features of the wind power generator are provided as follows:
Rated power: 1500 KW. Height of measurement: 70 m. Sampling time period: 10 min. Scanning
frequency: 144 times per day. All four datasets were included in the experiment, to help analyze the
differences in the results. Multistep forecasting was also conducted in this paper.

Each group is divided into a training group and a testing group. The size ratio of the training
and testing group is set to 9:1. The training sample included a total of 1350 10-min wind speed series,
and the testing sample contains 150 wind speed data points. The ratio of input and output data is set
to 4:1. Figure 3 shows the structure of each dataset.

Figure 3. The original wind speed data and de-noised data from four datasets.

4.2. Forecasting Model Parameter Setting

Wind speed series from four datasets are chosen to test the forecasting accuracy of the proposed
hybrid model. The results of the proposed model are also used to compare with other conventional
methods; namely, BP neural networks, the ARIMA model, and the RBF model. This paper followed
the standard of energy industry NB/T31046-2013 and the rules for measuring wind sources, which
were published and made by the National Energy Administration in 2013.

(1) For BPNN, the newff function of the neural network toolbox is employed to build the network.
The dimensions of the input, hidden, and output layers are 4, 5, and 1, respectively. The learning
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rate is set to 0.1, the maximum number of iterations is set to 100, and the training precision is set
to 0.00004.

(2) For ARIMA, the forecasting results are influenced by the moving average and the order of
auto-regressive. The observed value’s fitting effect is measured by the AIC criterion, and the AIC
also calculates the most suitable number for the parameters. When the AIC reaches the lowest
value, the ARIMA method can achieve the best order.

(3) For RBFNN, similar with BPNN, the newrb function of the neural network toolbox is employed
to build the forecasting network. The same parameters as the BPNN are used in the RBFNN.

4.3. Experimental Results for Datasets

The original time series are first preprocessed through the EEMD. Figure 3 presents the
preprocessed data obtained by the EEMD method for the four wind turbines. As indicated in Figure 3,
for the #2, #3, and #4 wind turbines, 10 IMF sequences are obtained from the original training data
of the time series. According to the principles of denoising, eliminating the high-frequency sequence
from the IMF sequences can assist in obtaining a cleaner data sequence; that is, a data sequence with
lower noise. For this paper, the first IMF sequence obtained by the EEMD method is eliminated from
the original data sequence due to its high frequency, so that a stationary time series can be obtained to
improve the accuracy of the prediction. Taking wind turbine #2’s data as an example, the visualization
of the de-noise preprocessing of the EEMD method is shown in Figure 4. The final result after the
de-noise processing with the EEMD method is also presented in Figure 4. The preprocessing results of
all four wind turbines are shown in Figure 3.

Figure 4. Wind speed data noise reduction using EEMD preprocessing process.
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For the experiment, the proposed method is trained using the selected data from four datasets.
Multistep forecasting is applied in the experiment, which performs the prediction through removing
the old input data for each circulation. By applying the previous output values rather than the actual
series, the multistep ahead method predicts the next wind speed value through this circulation [34].
The one-step forecasting result is calculated based on the observed values from x1 to xn, where n is
the number of output value. Two-step forecasting result is calculated based on the observed value
from x2 to xn and the one-step result. Additionally, three-step forecasting result is obtained based on
the observed value from x3 to xn and the previous two-steps results. The validity of the proposed
hybrid model was analyzed based on the results of multistep ahead forecasting. Tables 2–5 show the
forecasting results of different models in four wind turbines, respectively. The results of multistep
ahead forecasting are shown Table 6.

The performance of hybrid and traditional methods in one-step forecasting are compared. To
testify the effectiveness of the CSO, Particle swarm optimization (PSO) is used for comparison. PSO,
which is similar with CSO, optimizes the parameters based on the velocity of particle and the method
of position updating. The MAPE values of the proposed hybrid are 4.79%, 3.07%, 2.69%, and 3.91% in
four wind turbines, respectively. The values of Willmott’s Index reach 0.9838, 0.9929, 0.9918, and 0.9839,
respectively. The other values of forecasting error indexes also indicate that the hybrid approach
performs better than traditional methods. The results are shown in Tables 2 and 3.

In the results of dataset 2, the MAPE values of the proposed model are 3.07%, 6.53%, and 10.70%
in three-steps forecasting, separately, which shows that one step forecasting performs better. Multistep
forecasting, which is based on the theory of removing old input data and adding new output data
from the previous step, cannot achieve the same performance accuracy as single step forecasting.

Remark 1. The hybrid approach includes more parameters so that better performance can be achieved. As for
the multistep forecasting, its process is complex and leads to high error because less historical data is employed
and the forecasted result of each step will be included as input in the next circulation. Therefore, with more steps
of forecasting being conducted, more errors will appear, leading to poor performance.

Table 2. Comparison of the value of RMSE, MAE, and MAPE between the proposed model and some
related models.

Model RMSE MAE MAPE (%) RMSE MAE MAPE (%)

Wind turbine 1 Wind turbine 3

EEMDCSOSVM 0.3513 0.1815 4.79 0.2463 0.2120 2.69
EEMDPSOSVM 0.4652 0.2159 5.63 0.3027 0.2436 2.82

CSOSVM 0.8294 0.2975 10.67 0.5121 0.4251 5.08
PSOSVM 1.0135 0.7100 12.18 0.7928 0.6362 9.70

Wind turbine 2 Wind turbine 4

EEMDCSOSVM 0.2342 0.1841 3.07 0.2679 0.3028 3.91
EEMDPSOSVM 0.2744 0.2191 3.24 0.3147 0.1869 4.44

CSOSVM 1.1381 0.1927 7.63 0.9204 0.6137 9.27
PSOSVM 0.6680 0.5165 8.58 1.1478 0.8190 10.15

Table 3. Comparison of the value of WI, ENS, and ELM between the proposed model and some
related models.

Model WI ENS ELM WI ENS ELM

Wind turbine 1 Wind turbine 3

EEMDCSOSVM 0.9838 0.9332 0.7600 0.9918 0.9670 0.8268
EEMDPSOSVM 0.9723 0.9251 0.7148 0.9744 0.9310 0.7201

CSOSVM 0.9152 0.6858 0.4460 0.9667 0.8720 0.6525
PSOSVM 0.8622 0.5367 0.3599 0.8239 0.4950 0.1197

Wind turbine 2 Wind turbine 4

EEMDCSOSVM 0.9929 0.9713 0.8388 0.9839 0.9350 0.7565
EEMDPSOSVM 0.9876 0.9424 0.7950 0.9786 0.9234 0.7159

CSOSVM 0.9206 0.7011 0.5134 0.8274 0.4885 0.2514
PSOSVM 0.9174 0.6852 0.4812 0.7490 0.3355 0.1253

97



Appl. Sci. 2018, 8, 1754

5. Analysis of the Forecasting Results

This section analyzes the experimental results of the hybrid approach, and the effectiveness of the
proposed method is verified. First, based on the results of single step forecasting, the hybrid approach
is compared with some existing conventional models. Then, the results of multi-step forecasting are
used for further analysis.

5.1. Single-Step Forecasting

This is divided into two parts to verify the effectiveness of the hybrid approach. First, the hybrid
method is tested by comparing it with conventional methods. Then, the results of four different
datasets are analyzed.

5.1.1. Analysis of the Proposed Method and Conventional Models

The forecasting results of the proposed model and conventional models are shown in
Tables 4 and 5. The original time series and preprocessed data obtained by the EEMD technique
is shown in Figure 3. By comparing the results illustrated above, the following conclusions are made:

The fluctuation and instability of the original time series are clearly shown in Figure 3.
Additionally, in Figure 3, the reconstructed wind speed data in which the signals with high frequency
have been removed obviously shows reduced noise of the raw data. By comparing the forecasting
results of the new preprocessed data with the original data from Tables 2 and 3, the model achieves
a high performance when using the de-noised wind speed data. The MAPE values of the CSOSVM
model decrease by 5.88%, 5.56%, 2.39%, and 7.36%, respectively. Using the PSOSVM model for
comparison, the MAPE values also decrease by 6.55%, 6.88%, 5.34%, and 5.71% in four datasets,
respectively. Therefore, the EEMD technique has good validity.

The proposed hybrid approach achieves better performance than the conventional methods in
wind speed prediction. From Table 4, the MAPE value of BPNN, RBFNN, ARIMA, and the proposed
model in wind turbine 1 are 8.68%, 10.32%, 8.41%, and 4.79%, respectively. In the other three datasets
the proposed method also achieves higher performance than other conventional methods. The values
of the evaluation metrics shown in Tables 4 and 5 all suggest that the hybrid model achieves higher
accuracy. The new hybrid approach can be regarded as more effective than traditional methods.

Remark 2. The data preprocessing technique is a reliable method to reduce the fluctuation in the raw data, and
the EEMD proves to be an effective method to achieve this purpose. Therefore, the proposed hybrid approach
outperforms the conventional methods in forecasting.

Table 4. Comparison of the value of RMSE, MAE, and MAPE between the proposed model and some
traditional models (BP RBF ARIMA).

Model RMSE MAE MAPE (%) RMSE MAE MAPE (%)

Wind turbine 1 Wind turbine 3

BPNN 0.5939 0.4984 8.68 0.4794 0.3286 5.28
RBFNN 0.8867 0.5924 10.32 0.6587 0.4468 6.52
ARIMA 0.5784 0.4672 8.41 0.4472 0.2907 5.13

EEMDCSOSVM 0.3513 0.1815 4.79 0.2463 0.2120 2.69

Wind turbine 2 Wind turbine 4

BPNN 0.3998 0.3232 5.42 0.4585 0.3385 6.34
RBFNN 0.4847 0.3806 6.41 1.2374 0.5543 10.32
ARIMA 0.3627 0.2925 5.61 0.4122 0.3679 5.88

EEMDCSOSVM 0.2342 0.1841 3.07 0.2679 0.3028 3.91
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Table 5. Comparison of the value of WI, ENS and ELM between the proposed model and some
traditional models (BP RBF ARIMA).

Model WI ENS ELM WI ENS ELM

Wind turbine 1 Wind turbine 3

BPNN 0.9410 0.7822 0.5403 0.9708 0.8850 0.6806
RBFNN 0.8926 0.6017 0.4630 0.9429 0.7751 0.6128
ARIMA 0.9476 0.8137 0.6512 0.9755 0.9024 0.7148

EEMDCSOSVM 0.9838 0.9332 0.7600 0.9918 0.9670 0.8268

Wind turbine 2 Wind turbine 4

BPNN 0.9731 0.8889 0.6962 0.9412 0.7628 0.5877
RBFNN 0.9595 0.8320 0.6422 0.7035 0.3339 0.3248
ARIMA 0.9752 0.8933 0.7017 0.9503 0.7937 0.6128

EEMDCSOSVM 0.9929 0.9713 0.8388 0.9839 0.9350 0.7565

5.1.2. Analysis of the Four Different Wind Turbines

This paper employs four wind turbines to conduct the forecasting experiment of the wind speed.
The original time series of the four datasets are presented in Figure 3. The results from the four different
datasets using different approaches are shown in Tables 2–5.

From Figure 3, the general trend of the four time series is approximately the same, though there
are still differences in some time points. The main reason for this difference is that in a general location,
the wind speed is nearly the same. However, when narrowing down to a specific wind farm unit,
the location and size of the wind farm varies, resulting in different wind speed data from one dataset
to another.

When analyzing from the specific forecasting results, according to the data presented in Table 4
for instance, the MAPE values of the proposed model from the four wind turbines are 4.79%, 3.07%,
2.69%, and 3.91%. For the forecasting accuracy, dataset 3 achieves the highest performance.

Remark 3. Because of the uncertainty of the magnitude and direction of the wind in different locations, the
forecasting results of four different datasets vary. The wind speed also experiences enormous fluctuations in
different time periods. As a result, the prediction precision also varies due to different locations and time periods.

5.2. Multi-Step Forecasting

Multi-step forecasting is an effective way to test the accuracy of the forecasting method. Therefore,
this paper employed multistep forecasting on the proposed hybrid model. The experimental results
are used to verify the accuracy of the proposed approach. The results of the multi-step forecasting
are presented in Table 6. Figures 5–7 show the output values of different methods using multi-step
forecasting. In 1-step ahead forecasting, the MAPE values of the BP, ARIMA, RBF, and the proposed
model are 5.46%, 5.22%, 4.83%, and 3.07%, respectively. In 2-step ahead forecasting, the MAPE
values of these models are 6.70%, 6.42%, 5.97%, and 4.55%. Additionally, in 3-step ahead forecasting,
the MAPE values of the four models are 7.83%, 7.15%, 6.92%, and 5.46%, which indicates that the
proposed hybrid model achieves a better performance than other conventional models.

When comparing the results of three-step forecasting with each other, one-step forecasting clearly
performs better than the others.

Remark 4. These results can be summarized as follows: The proposed hybrid approach obtains higher accuracy
compared with the traditional models used in our experiments in both single step and multi-step forecasting.
Therefore, the proposed hybrid approach is valid.
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Table 6. Results of multi-step forecasting of the proposed model.

Dataset MAE MAPE (%) RMSE WI ENS ELM

Dataset 1

1-Step 0.1815 4.79 0.3513 0.9838 0.9332 0.7600
2-Step 0.3622 6.19 0.4546 0.9720 0.8874 0.6699
3-Step 0.5895 10.14 0.7354 0.9249 0.7115 0.4609

Dataset 2

1-Step 0.1841 3.07 0.2342 0.9929 0.9713 0.8388
2-Step 0.3962 6.53 0.5034 0.9583 0.8355 0.6310
3-Step 0.6579 10.70 0.8291 0.8887 0.6073 0.3925

Dataset 3

1-Step 0.2120 2.69 0.2463 0.9918 0.9670 0.8268
2-Step 0.4814 5.97 05308 0.9529 0.8306 0.5820
3-Step 0.8694 9.52 0.8329 0.8599 0.5705 0.3240

Dataset 4

1-Step 0.3028 3.91 0.2679 0.9839 0.9350 0.7565
2-Step 0.4275 5.12 0.3652 0.9645 0.8604 0.6667
3-Step 0.5310 8.03 0.5437 0.9189 0.6883 0.4797

6. Discussion

This section discusses the sample selection, experimental results, which consist of each element in
the proposed hybrid approach, the error evaluation indexes, and the forecast performance based on
the DM (Diebold-Mariano) test and the Forecasting Effectiveness test.

6.1. Sample Selection

Currently, there is no explicit theory about how to select the number of training and testing
sample. Too small and the input sample cannot train the model well, while too large and the sample
will cause over-fitting. In terms of wind speed forecasting, how to select the number of input set is still
a difficult and challenging issue [35,36]. It can only get the optimal input set by experiments. Besides,
we organized and list the simulation results based on different ratio between training and testing
samples in Table 7. Taking the one-step forecasting result of dataset one as an example, the MAPE
values of the proposed model are 5.40%, 4.92%, 4.79%, 4.95%, and 5.11% when the ratio of training and
testing sample is set to 7:3, 8:2, 9:1, 14:1, and 29:1, respectively. The forecasting accuracy of other ratios
are all lower than the ratio 9:1′s accuracy. Table 1 below shows that the experiment we took before
choosing a suitable ratio of training sample and testing sample. It can be indicated that when the ratio
of training and testing sample is set to 9:1, the performance of wind speed forecasting outperforms
the other ratios used in the experiment. Thus, based on the experiments and experience sample data
are selected.

Table 7. MAPE (%) values of different ratios between training and testing sample of the
proposed model.

Datase
Forecasting

Steps

Raito Between the Training Sample and Testing Sample
(MAPE (%))

7:3 8:2 9:1 14:1 29:1

Dataset 1
1-step 5.40 4.92 4.79 4.95 5.11
2-step 9.57 8.15 6.19 8.82 8.97
3-step 13.94 13.46 10.14 14.84 15.73

Dataset 2
1-step 4.16 3.91 3.07 3.54 3.76
2-step 9.32 7.52 6.53 7.32 8.44
3-step 12.69 11.24 10.70 11.15 11.80

Dataset 3
1-step 3.48 3.28 2.69 3.41 3.97
2-step 6.62 6.12 5.97 6.15 6.72
3-step 10.73 9.82 9.52 9.84 10.15

Dataset 4
1-step 4.88 4.09 3.91 4.16 4.51
2-step 7.26 6.65 5.12 5.52 5.84
3-step 11.01 10.39 8.03 8.85 8.99
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6.2. Forecasting Error Analysis

The proposed hybrid approach outperforms the conventional methods. The forecasting results
and precision of the proposed model in four different wind turbines in multi-step forecasting are
shown in Table 6. Then, Figures 5–7 show the forecasting results of multi-step forecasting from the
proposed approach and different traditional methods. The following conclusions are obtained from
these results: (1) From the results of three-step forecasting, we can see that the hybrid method is more
accurate than other conventional models because the error is the lowest many times. (2) The degree of
fitting between the output series and the actual data from different models is shown in Figures 5–7.
The proposed approach is superior to the corresponding traditional methods, with a higher precision.

Figure 5. One-step forecasting results of the proposed model and other traditional models
(BP RBF ARIMA).
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Figure 6. Two-step forecasting results of the proposed model and other traditional models
(BP RBF ARIMA).

Figure 7. Three-step forecasting results of the proposed model and other traditional models
(BP RBF ARIMA).
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Multi-step forecasting is employed to further test the validity of the new hybrid approach. From
Table 6, the results of multi-step forecasting of four wind turbines are shown. For wind turbine 1,
the MAPE values of multi-step forecasting are 4.79%, 6.19%, and 10.14%, respectively. The other
three wind turbines obtain similar results. As the results show, the new hybrid model is valid in
multi-step forecasting.

Remark 5. From the analysis, the performance of the hybrid method is better than those of the traditional models.
The proposed model is able to adapt to the fluctuation of the input data so that it can obtain a more accurate
result. Therefore, the new hybrid approach is more effective in wind speed prediction.

6.3. Validity of the Data Preprocessing Technique

The irregularity of the raw wind speed series often makes the input data contain high noise
and fluctuation. Therefore, removing the noise from the original data is important to obtain a
better forecasting accuracy. To test the validity of this data preprocessing technique, the results
of the proposed model for four datasets using original and preprocessed data are listed together for
comparison. From Tables 2 and 3, the MAPE values of the proposed model decrease by 5.88%, 5.56%,
2.39%, and 7.36% in four wind turbines compared with the CSO-SVM model without the EEMD
process. The MAE values also decreases by 0.1160, 0.0086, 0.2031, and 0.3109 in four wind turbines,
respectively. The WI value increases by 0.0686, 0.0723, 0.0251, and 0.1565, respectively. The results
indicate that the EEMD effectively improves the accuracy of the forecasting. As Tables 2 and 3 show,
all six metrics changed positively, and the results demonstrate that after reducing the noise of the raw
data, the performance of the hybrid model improved significantly.

6.4. Significance of the Error Evaluation Indexes

Based on the results of six error evaluation indexes, namely MAPE, MAE, RMSE, WI, ENS, and
ELM, the significance of the proposed hybrid model is estimated. Taking the forecasting results of
dataset 2 as an example, the MAPE values of the proposed model, BPNN, RBFNN, and ARIMA are
3.07%, 5.42%, 6.41%, and 5.61%, respectively. The WI values are 0.9929, 0.9731, 0.9595, and 0.9752,
respectively. Combining the results of these together, the hybrid model is proven to be superior to
the traditional methods. In conclusion, the forecasting ability of the proposed model can be better
analyzed with the help of these evaluation indexes, and the comparison between the proposed model
and the other forecasting methods is more comprehensive.

6.5. Results of DM Test and Forecasting Effectiveness

Besides the error evaluation indexes, which have been applied to evaluate the forecasting ability
of the proposed hybrid approach, this paper also used the DM (Diebold-Mariano) test and Forecasting
Effectiveness to further study the forecasting accuracy.

In this paper, the DM test is used to study the significant differences in forecasting ability between
the new hybrid model and some conventional methods. The results of the DM test are shown in
Table 8. The DM statistical values far exceed the critical value at the 1% significance level, at which
the value of |DM| is 2.1017. Thus, the proposed approach performs significantly different with the
conventional methods at the 1% significance level. In conclusion, the proposed approach significantly
outperforms the conventional methods.
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Table 8. Results of DM test.

Datasets BPNN RBFNN ARIMA

Dataset 1 1-step 7.2859 7.4392 8.0205
2-step 6.8073 7.1682 7.5217
3-step 6.5270 6.9463 7.2258

Dataset 2 1-step 6.9469 7.4245 6.2829
2-step 6.7716 7.2839 6.5691
3-step 6.8358 7.1475 6.2039

Dataset 3 1-step 7.1325 6.2161 6.2934
2-step 7.0413 6.4755 6.7390
3-step 6.9427 6.3586 6.4803

Dataset 4 1-step 6.8941 7.2790 7.1783
2-step 7.2564 7.2387 7.0492
3-step 6.4396 6.9257 6.5864

The results of forecasting effectiveness is shown in Table 9. The first-order forecasting effectiveness
is based on the expected value of the forecasting accuracy sequence, while the second-order forecasting
effectiveness is related to the difference between the standard deviation and expectation of the
forecasting accuracy sequence. In Table 8, the forecasting effectiveness of the proposed model
outperforms all the other models in both first order and second order.

Table 9. Forecasting Effectiveness of different models for four datasets.

Dataset BPNN RBFNN ARIMA EEMDCSOSVM

Dataset 1
First order 0.8951 0.8889 0.8874 0.9146

Second order 0.8322 0.8257 0.8283 0.8638

Dataset 2
First order 0.9130 0.9029 0.9072 0.9367

Second order 0.8384 0.8362 0.8436 0.8842

Dataset 3
First order 0.9283 0.9177 0.9220 0.9409

Second order 0.8517 0.8582 0.8625 0.8975

Dataset 4
First order 0.8956 0.8934 0.9031 0.9269

Second order 0.8344 0.8360 0.8492 0.8816

7. Conclusions

With a rapidly rising demand for clean energy obtained from renewable power resources, more
attention and resources have been focused on the development of effectively utilizing these energy
resources. Among those resources, wind power has the most promising future. In the area of
the prediction, not only the accuracy, but also the stability, should be seen as key factors of the
forecasting model. However, due to the uncertainty and intermittence of the raw wind speed data,
the forecasting results obtained by conventional models cannot meet this goal. Additionally, with the
poor results of forecasting, the power grids cannot make adjustments to the wind plan timely, causing
low productivity and increasing the operation cost of the wind farms. Therefore, it is necessary to
develop a short-term forecasting method that can achieve satisfactory accuracy and stability at the same
time [37]. This paper suggests a new hybrid model that combines a parameter optimization algorithm
(CSO) and a forecasting module (SVM). The key weight coefficients of the forecasting module are
optimized by the proposed algorithm. To reduce the noise in the raw data, a data preprocessing
technique (EEMD) is used to obtain a stationary time series. To verify the validity of the proposed
model, multi-step ahead forecasting and several performance evaluation metrics are applied in this
paper. Traditional forecasting methods are used for comparison. In one-step ahead forecasting, the
MAPE values of the BP, ARIMA, RBF, and the proposed model are 5.46%, 5.22%, 4.83%, and 3.07%,
respectively. In two-step ahead forecasting, the MAPE values of these models are 6.70%, 6.42%, 5.97%,
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and 4.55%, while in three-step ahead forecasting, the MAPE values of the four models are 7.83%,
7.15%, 6.92%, and 5.46%. Not only the figures of MAPE, but also other five variables and the two
tests, show the excellent performance of the proposed approach. Based on the experimental results,
the newly proposed approach achieved the highest performance in wind speed prediction in both
one-step forecasting and multi-step forecasting, in comparison with the other three methods used in
the experiment. In conclusion, based on the experimental results, the proposed approach achieved
significant improvement in both forecasting accuracy and stability. The proposed a hybrid model,
which effectively improved the accuracy and the stability of wind speed forecasting, can be a great tool
in managing wind farms. Since this paper used the wind speed data from the power grids of China,
the proposed model can adapt to the system smoothly, which can reduce the costs and risks of the
power station. When employed in the dispatch of the power system, the proposed hybrid model can
generate benefits economically. For instance, the wind station is able to make timely adjustments of the
operating plan, and the accurate forecasting results can reserve the capacity of the wind farm, saving
unnecessary costs, and avoiding generating waste. As for the focus of future studies, this proposed
hybrid approach could be employed in other areas relating to trend forecasting, namely extreme
weather prediction, profit forecasting, and traffic condition forecasting.
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Abbreviation

Variables Meaning

s(t) Raw data
ci(t) Residuals in raw data
rn(t) IMFs of the raw data
ε Amplitude of the added noise
εn Standard deviation of the error
Nε Value of ensemble member
xt+1

i New solution of cuckoo search
xt

i Current solution of cuckoo search
α Size of each step in cuckoo search
⊕ Entry wise multiplications
L(λ) Lévy distribution
φ(x) Nonlinear mapping
w Weight vector of SVM
b Scalar of SVM
C Penalty factor of the error
L(xi, di) Loss function

C n
2

n
∑

i=1
L(xi, di) Empirical error

w2/2 Regularization term
l Quantity of elements in the sample data series
αi, α∗i Multipliers of Lagrange function
K(x, xi) Kernel function of SVM
γ Parameter of the kernel function
N Total output samples
yi Actual series
ypi Predicting results
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Abstract: Recently, as renewable and distributed power sources boost, many such resources are
integrated into the smart grid as a clean energy input. However, since the generation of renewable
energy is intermittent and unstable, the smart grid needs to regulate the load to maintain stability
after integrating the renewable energy source. At the same time, with the development of cloud
computing, large-scale datacenters are becoming potentially controllable loads for the smart grid due
to their high energy consumption. In this paper, we propose an appropriate approach to dynamically
adjust the datacenter load to balance the unstable renewable energy input into the grid. This could
meet the demand response requirements by taking advantage of the variable power consumption of
datacenters. We have examined the scenarios of one or more datacenters being integrated into the grid
and adopted a stochastic algorithm to solve the problem we established. The experimental results
illustrated that the dynamic load management of multiple datacenters could help the smart grid to
reduce losses and thus save operational costs. Besides, we also analyzed the impact of the flexibility
and the delay of datacenter actions, which could be applied to more general scenarios in realistic
environments. Furthermore, considering the impact of the action delay, we employed a forecasting
method to predict renewable energy generation in advance to eliminate the extra losses brought by
the delay as much as possible. By predicting solar power generation, the improved results showed
that the proposed method was effective and feasible under both sunny and cloudy/rainy/snowy
weather conditions.

Keywords: renewable energy; load regulation; datacenter; smart grid; demand response

1. Introduction

With the exploitation and usage of green energy, more and more attention has been paid to green
energy generation and management issues of the smart grid. It is predicted that the domestic total solar
power generation will reach 150 GW by the end of 2020 [1]. Although renewable energy generation
is of great importance to environmental sustainability in the future, there are still various problems
to widely penetrate renewable energy into the grid due to its instability and intermittency. With the
large-scale integration of renewable energy generation, the power flow distribution of the grid will
change and the power flow might be reversed. Meanwhile, problems such as voltage fluctuation or
over-limit violations will occur, which will affect the safe and reliable operation of the grid. In order to
maintain the reliability of the grid, traditional grids usually adopt a passive regulation mode where
the power supply changes with power demand. For example, large-scale batteries as an energy storage
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element, combined with corresponding control strategies, could help achieve the stability of the
grid [2,3]. An analysis of three potential future technical regulation systems has been presented [4] in
which wind power and small and medium-scale CHP (combined heat and power) units are involved in
balancing and grid stabilizing tasks. The results indicated that such systems could improve the ability
to integrate renewable energy. Compared to traditional batteries, this system could reduce carbon
dioxide emissions effectively. However, such passive methods might result in an increase in grid
operations. Moreover, the movement of electricity over distances results in losses, leading to a great
amount of economic expense, as reported in Reference [5]. According to statistics, the global electric
power transmission and distribution losses account for nearly 8.3% of the output [6], which shows that
the power transmission and distribution losses are worthy of consideration due to the possible capital
costs they might bring. In other words, the operational costs of the regional grid could be remarkably
reduced by a reduction in transmission losses. Hence, it is necessary to adopt a strategy to make full
use of loads to realize the demand response to balance the power supply and demand, to improve the
efficiency, and to maintain the reliability of the grid with renewable energy sources incorporated.

On the other hand, with the development and wide-spread usage of large-scale datacenters, the
power consumption of one datacenter could reach 50 MW or even more. In China, the total power
consumption of domestic datacenters has exceeded the annual power generation of the Three Gorges
Dam since 2015. Besides, the power of the datacenter is still growing up by 10–20% every year, which is
a similar rate to that of renewables [7]. Studies have shown that the power of the datacenters is flexible
to adjust, which implies that the datacenter is a potentially controllable load to achieve a demand
response. Meanwhile, as a large consumer of electricity, connecting the datacenters into the grid with
renewable sources can also reduce energy expenses effectively.

In this paper, we attempted to explore dynamic load adjustment approaches for multiple
datacenters, holistically in the smart grid, in order to balance the varying renewable energy input
into the grid. By our approach, the total power losses of the whole grid could be reduced, which
showed the value of datacenters participating in demand response programs for the balance of power
generation and consumption. Furthermore, although the power of the datacenters was flexible to
adjust, the actual adjustment actions would have to spend some time, which we called “the action
delay” hereafter. By our investigation, this kind of delay would result in extra losses for the grid. Thus,
we designed a forecasting method, based on the concept of a neural network, to predict renewable
energy generation in advance so as to adjust the power of the datacenters as soon as possible and
reduce the extra losses. Moreover, we also considered the impact of the possible adjustment range
in practical environments, which we called “the flexibility”. This paper is an extended version of
our prior work [8]. The extensions include the results of extended experimental scenarios upon three
datacenters, more experiments under both sunny and cloudy weather conditions, a suitable prediction
method adopted to forecast renewable energy generation in advance, the analysis and comparison
of different forecasting accuracy results on power losses, and discussion of the relationship between
forecasting time and accuracy.

The rest of this paper is organized as follows. In Section 2, we present the background of this
paper and some relevant work. In Section 3, we describe the system model and the establishment
of the problem to be solved later. Section 4 elaborates on the optimization method used to solve the
defined problem. Section 5 demonstrates the experimental results of our approach and the analysis of
practical details. Concluding remarks and a discussion about the future work are given in Section 6.

2. Background and Related Work

2.1. Datacenters Power Consumption and Renewable Energy Generation

With the rapid development of information technology and the coming of the Internet era,
especially the development of cloud computing around the world, the proportion of datacenters with
more than 100 racks is increasing year by year. Hence, the problems of high energy consumption, high
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cost and high pollution are increasingly prominent. For example, for a datacenter with a construction
scale of 2000 racks, the electricity consumption per hour will be around 6000 kWh and the annual
electricity consumption will be about 52,560 MWh. Then, its total annual cost could reach up to
$105 million including the electricity cost, the air conditioning, fresh air, lighting and other power
consumption of the datacenter, with a PUE (power usage effectiveness) of 2 [3]. In addition, the impact
of datacenters on the environment is attracting increasing attention from the public. According to the
current development trends, the average annual electricity consumption of datacenters will account for
1% of the total global value in 2020 as predicted in Reference [9]. The IT industry emits about 35 million
tons of carbon dioxide per year, accounting for 2% of global emissions. In order to reduce energy
consumption and carbon emissions of datacenters, it is important to maintain sustainable datacenters
and make full use of green energy [10,11]. Meanwhile, governments all over the world have also
published laws and policies to encourage energy conservation and the reduction of emissions. The cost
of deploying equipment to build new energy sources, such as photovoltaic panels and wind turbines,
has dropped as manufacturing costs have decreased, along with massive investment and government
incentives. More and more IT enterprises and organizations are gradually realizing full or partial new
energy-driven datacenters, such as the wind power datacenters that the Green House Data built in
Wyoming [12], and the solar datacenters that the Facebook built in Oregon [13]. Early in April 2012,
eBay decided to use 30 Bloom Energy fuel cells to power its datacenter in Utah [14]. Apple will utilize
60% power from photovoltaic generation and battery station to drive their datacenters in Southern
California [15]. On the other hand, datacenter energy efficiency is usually low, with huge energy
waste. According to statistics of the Ministry of Industry and Information Technology, the average
PUE value for datacenters in China is between 2.2 and 3.0, while the actual energy consumption may
be much higher. For enterprises, electricity for datacenters has become a big expense, greatly eroding
the operating profits of enterprises. According to data reported in Reference [3], the total electricity
consumption of datacenters all over China was more than 110.8 billion kWh in 2016, and in 2017
it was 120–130 billion kWh, which is more than the total generating capacity of the Three Gorges
dam in the whole year of 2017 (97.605 billion kWh) together with the Gezhouba dam power plant
(19.05 billion kWh in 2017).

At the same time, with the rapid development of the world’s economy, the demand for energy is
enhancing day by day, while traditional energy sources are drying up gradually. People have begun
to focus on new types of clean energy, hoping that it could change the current energy structure and
realize more sustainable development. In recent years, photovoltaic power generation and wind power
generation have developed quickly. By the end of 2015, the total installed capacity of solar cells had
reached 20,000 MW all over the world [16]. In 2017, the cumulative installed capacity of photovoltaic
generation in China reached 130 million kW with 69% year-on-year growth, accounting for 7.3% of the
total power generation capacity of the whole country. Among them, the cumulative installed capacity
of centralized photovoltaic is 100 million kW and the distributed photovoltaic is 29.66 million kW. The
installed wind power generation capacity in China increased by 53.06 million kW, an increase of 54%
year on year, accounting for 40% of the total installed power capacity in the whole country. At the same
time, by the end of 2017, the cumulative grid-integration capacity of wind power in China had reached
163.67 million kW, growing 10.1% year on year, among which the cumulative grid-connected capacity
of offshore wind power was 2.02 million kW, growing by 37% year on year [8]. On November 20th,
2018, Power Construction Corporation of China opened the tender for the centralized procurement
project of 1 GW photovoltaic modules and inverter frames in 2019 [17].

2.2. Power Consumption Adjustment of Datacenters

Recently, the participation of datacenters towards demand response requirements has become
increasingly important given their high and increasing energy consumption and their flexibility in
demand management compared to conventional industrial facilities. The huge yet flexible power
adjustments of datacenters make them promising resources for demand response, which requires
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a certain amount of power adjustment at a certain time. Datacenters could dynamically adjust
the power consumption themselves by leveraging the IT computing knobs such as geographical
load balancing [18,19], dynamic capacity provisioning [20], and workload shifting [21], as well
as non-IT knobs including batteries and cooling systems [22,23]. One of the most comprehensive
studies describing the potential of different hardware components in the datacenters and strategies
providing a demand response was released by Lawrence Berkeley National Laboratories [24]. Some
of the initial work in the area comes from Urgaonkar et al. [25], which proposed an approach for
adjusting the power consumption of datacenters by using energy storage to shift peak demand away
from high peak periods. While the design of workload planning algorithms for datacenters has
received considerable attention over the recent years [20,26–35], all of the proposed flexible datacenter
workload load planning methods could change the overall power consumption as needed. A more
complex approach was presented in Reference [36]. It took advantage of two datacenter flexibility
mechanisms—workload shifting and local generation (local diesel generators and local renewable
energy). Using these mechanisms, algorithms were developed in order to avoid the coincidental
peak and reduce the energy costs. They relied on the prediction of a coincident peak occurrence
based on historical data to optimize the workload allocation and local generation and to minimize
the expected cost. In Reference [37] a technique was proposed for balancing and keeping the peak
power consumption of the datacenter under a given threshold according to the electricity pricing but
at the same time allowing the datacenter to respond to the regulation control signals that may request
an increase in power consumption. Dan et al in Reference [38], on the basis of real-time electricity
price consideration, proposed to reduce the energy consumption cost of datacenters by dynamically
adjusting the server capacity and performing workload transfers in each time slot.

Besides, some researches have focused on dynamically controlling the number of active servers
based on the load and regard it as an effective means of power control [39–41]. In References [20,42,43],
dynamic speed/voltage scaling (DVS) could change processor power consumption, which could
also adjust the datacenter power consumption on demand by adjusting the frequency based on the
instantaneous power demand. Furthermore, our research team also conducted relevant studies to
dynamically adjust the power consumption amount according to the variation of the power supply.
Zhang et al. [44] designed adaptive scheduling algorithms and deployed renewable energy in the
datacenters, aiming at scheduling approximate applications, in order to meet the user demands as
well as maximizing the utilization of renewable energy. The main purpose was to appropriately
utilize the renewable energy and at the same time aimed at typical approximate applications based
on the trade-off of performance and accuracy to schedule and manage these tasks. By running such
applications, the power consumption of the computing nodes could follow a trend of changing energy
input as much as possible, which showed the effect of adjusting the datacenter power consumption.
Xiaoying et al. [45] also considered that the workloads of large-scale datacenters are variable, believing
that a coordinated resource management and power management approach could help datacenters to
use renewable energy more effectively and proposed a green-power-aware virtual machine migration
strategy to manage resources and power in green datacenters powered by mixed supply of both grid
and renewable energy. The results illustrated that the holistic power consumption of both IT devices
and cooling devices in the datacenter could be controlled towards the variation of the mixed power
supply. Based on the above relevant research and also our prior work, we regard datacenters as
adjustable and controllable loads in the smart grid, which might help the grid to keep its stability and
improve its efficiency.

2.3. Renewable Energy Generation Integrated in the Grid

As renewable energy power stations are being constructed all over the world, the problems
resulting from a grid penetrated with renewables have emerged. The photovoltaic power generation
will be greatly affected by the change of solar radiation, while the wind generation will be affected
by the wind speed variation. This makes renewable power generation intermittent and unstable.
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To improve the utilization efficiency of interconnected devices, improve the power quality of the
renewable energy interconnection grid system, maintain the normal operation of the grid and get
good economic profit, Ahamed et al. [46] proposed a hybrid power generation system that connected
the photovoltaic power station and batteries in parallel, which absorbed and supplied unbalanced
power from the battery and flattened grid-connected power. Zhijiang et al. and Shang et al. [47,48]
established a hybrid energy storage system composed of batteries and supercapacitors and optimized
the power distribution of the storage equipment through different filtering algorithm controls, which
improved the economy of the mixed energy storage equipment. Feng et al. [49] proposed the IP-IQ
current detection method of two kinds of control schemes of the photovoltaic grid inverter based on
the instantaneous reactive power theory in order to realize the dynamic reactive power compensation
and flexible combination of an active filter, while at the same time improving the power quality.
In Reference [50], a control strategy of the unified power quality conditioner was proposed to stabilize
the power system and increase the utilization ratio of the equipment. Although battery storage systems
can effectively increase grid stability after integrating renewable energy, electricity storage is not the
optimum solution to integrate the large inflows of fluctuating renewable energy since more efficient
and cheaper options can be found by integrating the electricity sector with other parts of the energy
system and by creating a smart energy system. Lund et al. in Reference [51] investigated the most
efficient and lowest cost storage options as a part of a smart energy systems approach, as defined
in Reference [52]. By using this approach, it was explained why the best storage solutions could be
found by integrating the individual sub-sectors of the energy system. One of the main reasons why
a cross-sector approach could identify more economically viable solutions was that the cheaper and
more efficient storage technologies that existed in the thermal and transport sectors, compared to the
electricity sector. Lund et al. [53] also made a state-of-the-art description of different single-sector
approaches for the transformation towards future sustainable energy solutions within the electricity,
gas, building and industrial sectors. They discussed the smart energy systems concept with regard to
the issues of the definition of the term, identification of renewable systems design, the integration of
holistic storage solutions and the modelling of national energy systems. In addition, some researchers
have also studied various kinds of controllable loads. Short et al. [54] put forward the dynamically
controllable load-refrigerators. The refrigerator could change its temperature automatically as the
grid frequency changed, which meant changing the power of the load. In the case of an increase
(or decrease) in power generation, the load power can be increased (or decreased) by effectively
controlling the controllable dynamic load. However, a controllable load changing with the frequency
of power grid is still relatively rare at present, so it will take some time for large-scale application.
Kondoh et al. [55] considered that each customer’s load and each generator’s active and reactive
power should be controlled in order to stabilize and optimize the grid, comparing independent and
cooperative control techniques as applied to load regulation using electric water heaters. However,
both refrigerators and electric water heaters are low-power household appliances and the power
control required a large number of such appliances. Besides, on account of the intermittent and
unstable power supply, the controllable load should be adjusted frequently, which would affect the
normal life of users and the service life of the electrical appliances. Although the strategies mentioned
in the above papers could achieve stability after renewable energy is integrated into the grid, they all
required some additional devices or even the devices of the user terminal, leading to additional costs.

In view of solving the instability and intermittency of the grid integrating with renewable energy,
this paper proposed to add datacenters as electric loads into the grid so as to consume surplus power
generated from renewable energy stations. This strategy could help achieve a win-win effect since on
the one hand it could help maintain the normal operation of the grid integrating renewable energy
through the adjustment of the datacenters and, on the other hand, the datacenter itself, as a big
consumer of electricity, could leverage the renewable energy more effectively to further reduce the
operational costs.
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3. System Model and Problem Statement

Since the power of a datacenter could be dynamically adjusted, it can meet the demand response
requirements in a smart grid integrated with renewable energy generation by adjusting the power
itself according to the power of renewable energy generation within one day. However, considering
the large-scale renewable energy generation integrated into the smart grid, the number, location and
the real-time power consumption of datacenters will influence the normal operation and the power
losses of the whole grid, which could comprehensively reflect the rationality and efficiency of the grid
planning and design, production operation, and management level. This paper studies the smart grid
operation with both renewable energy generation and multiple datacenters integrated proposes an
optimal load allocation strategy in several different cases and mainly focuses on the total power losses.
Meanwhile, considering the delay, an appropriate forecasting method has been adopted to predict
the renewable energy generation power, so as to reduce the extra losses caused by the action delay as
much as possible. At the same time, we also pay attention to the bus voltage and branch power flow in
case they exceed the limitation, which might lead to the instability of the smart grid.

3.1. Power Grid System

In this paper, we focus on the interaction of datacenters and renewable power plants in the
transmission network of the smart grid. Take the IEEE 30 Bus system [56] as an example of the
transmission network and the topology of case_ieee30 is shown in Figure 1. The case_ieee30 dataset
was converted from an IEEE common data format. The data of renewable energy generation is the
photovoltaic generation from the Green Power Network [57], which is a third-party monitoring data
management service platform for photovoltaic power stations. It realizes intelligent housekeeping
services of photovoltaic power stations with high-quality products and technologies.

1. Load model: To model the load of this system, we used constant power according to the
specifications in Reference [49]. Loads are connected to 21 buses respectively as shown by
the arrows in Figure 1.

2. Generator model: There are six generators, which are connected to buses 1, 2, 5, 8, 11 and 13
respectively. Specifically, Gen1 is a balancing bus node.

3. Branch model: There are 41 branches each connecting two buses in the system. Each branch has
its own line capacity limit and the voltage limitation of all branches is 0.95 pu to 1.1 pu. We will
check and try to avoid the possible violations based on these limits. Moreover, when power is
transmitted along the branches, there will be some losses on the line. We will use the summarized
losses as the main metric in the experiments in later sections.

 

Figure 1. Model of the IEEE 30-bus test system.
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3.2. The Model of Renewable Energy Generation Station

The power generation of the solar station can be obtained as a function, which can be described
by Equation (1).

P = M · Ap · ϕ · ηp · ηDC (1)

where M is the number of solar photovoltaic panels; Ap is the superficial area of each PV panel; ϕ is
the solar radiant quantity; ηp denotes the efficiency of the PV panel; ηDC denotes the efficiency of the
maximum power tracker of the solar PV panel array. In these factors, ϕ is essentially random, which
will be impacted by seasons, solar radiation, temperature and pressure.

When it is decided to construct a renewable energy station at a certain location, we connect it to
the bus corresponding to the region.

3.3. The Datacenter Model

In this paper, we regard the datacenter as a large and non-neglectable load for the utility grid
system. The capacity of a datacenter is usually described by the power consumption amount when it
is running at peak load and thus fully utilized. When we place a datacenter at a certain location, it is
connected to the bus corresponding to that area where the datacenter is located. Then the load of this
bus should be added to the current load of the datacenter, as follows:{

Pi = Pi + LP
DC

Qi = Qi + LQ
DC

, i = 1, 2, . . . , N (2)

where Pi and Qi denote the active and the reactive power load at bus i respectively; N is the
number of buses in the grid and LP

DC and LQ
DC represents the active load and reactive load of the

datacenter respectively.

3.4. Problem Formulation

In the grid system described above, we assume that a large renewable energy generation station is
to be connected, which might incur oscillating power input to the grid. In order to consume the extra
power generated from renewable sources, multiple datacenters can be established at several different
locations and connected to the grid system as controllable loads. The problem here is to determine how
much power each datacenter should consume in the case of multiple datacenters and make adjustment
accordingly in a real-time manner.

Assume there are n datacenters deployed in the grid. Denote the solar power generated as PS, the
load of the i-th datacenter as Li. Then, the total power losses will be impacted by them, denoted as a
function Loss (PS, L1, L2, . . . , Ln). Then, the problem we need to address can be defined as:

minimize Loss (PS, L1, L2, . . . , Ln) (3)

PS =
n

∑
i=1

Li (4)

UM(1 − ε1) ≤ Ui ≤ UM(1 + ε2), 1 ≤ i ≤ n (5)

|Pij| ≤ PMAX
ij , 1 ≤ i, j ≤ n (6)

wherein UM is the system nominal voltage; ε1 and ε2 are the allowable deviation rates specified
internationally; Pij is the branch power flowing from bus node i to bus node j, and PMAX

ij is the
maximum power allowed to pass through the branch (i.e., the branch capacity limit value). As shown,
Equations (5) and (6) are both constraints to ensure the stability of the grid by avoiding any over-limit
violations across all of the buses and branches. Especially, Equation (5) is the constraint for the bus
voltage of each node and Equation (6) gives the limitation of the power flow on each branch.
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4. Dynamic Load Management of Datacenters Based on Forecasting

4.1. Dynamic Load Adjustment of Datacenters

An imbalance between load and generation might lead to the failure of the normal operation of
the power grid. Therefore, facing the special situation of renewable energy integrated into the grid, we
selected datacenters as dynamic loads to maintain the basic stability of the smart grid. However, while
maintaining stability, we also need to focus on the efficiency of the grid, which can be reflected by the
power losses. In the scenario of multiple datacenters integrated into the smart grid, it will be difficult
to solve the problem defined in Section 3. Furthermore, the Loss, as described in Section 3.4, is not
an explicit function, which means that we cannot use linear or non-linear programming directly to
solve this problem. Thus, a stochastic algorithm is proposed to implement an optimal load allocation
strategy in order to obtain the minimum loss value.

In computer science and operations research, the genetic algorithm (GA) is a metaheuristic
inspired by the process of natural selection that belongs to the larger class of evolutionary algorithms
(EA). Genetic algorithms are commonly used to generate high-quality solutions for optimization and
search problems by relying on bio-inspired operators such as mutation, crossover and selection [58].
As one of the stochastic algorithms, a genetic algorithm is good at solving global optimization problems
and is always used to solve practical problems. In this experiment, we adopt the main concept of the
genetic algorithm and use the toolbox ‘Deap’, a novel evolutionary computation framework for rapid
prototyping and testing of ideas to get an optimal load allocation strategy, to implement the entire
algorithm. The steps of the dynamic load management algorithm can be presented as follows:

1. randomly initialize the population
2. determine the fitness of the current population
3. repeat.

• Select parents from the current population.

In this paper, the tournament selection strategy is adopted, i.e., to select a certain number of
individuals from the population each time. In our experiment, we selected three individuals and then
choose the best one among the three to enter the child population each time.

• Perform crossover operations on parents creating the population.

In this paper, we adopted the two-point crossover strategy, which was helpful to create more new
individuals. Two-point crossover refers to the random setting of two crossover points in the individual
coding string and then the partial genes between the two crossover points will be exchanged. An
example of a two-point crossover operation is shown as Figure 2, wherein the dotted lines represent
the two crossover points.

Figure 2. Two-point crossover operation. (A) and (B) are two randomly selected individuals, and A’
and B’ are the resultant individuals after the crossover operation.
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• Perform mutation operations of the current population.

Here we adopt the gauss mutation strategy, wherein the mean is 0, the standard deviation is 1,
and the independent probability for each attribute to be mutated is 0.1 to enter the child population.

• Determine the fitness of the population until the best individual is good enough.

4. output the best individual of the final population as the result.

When the iteration times of the evolution reach the maximum value, the individual with the
maximum fitness obtained in the evolutionary process will be the output as the optimal solution. In
this algorithm, we used vectors to represent the individual and the load capacity of each datacenter at
every time interval was denoted as a gene. Then, the load capacity values of all datacenters in the grid
at each time interval composed the individual (x1, x2 . . . ) and the dimension of the vector could be
determined according to the number of added datacenters. When an individual completes coding, a
population of a specified size will be created and then we can call the ‘power’ module to calculate the
fitness to assess the relative merits of each individual and determine their genetic opportunity.

4.2. Power Generation Forecasting

Renewable energy resource simulation and power prediction technology have always been a
hot research direction. In recent years, the influence on large-scale renewable energy integrated
into the grid appeared gradually. Renewable energy resource simulation and power prediction
technology are developing in the direction of detailed simulation and customized prediction of
resources, multi-space-time scale power prediction, probability prediction and event prediction [59].

Under the consideration of datacenter action delay, we adopted the neural network and called the
framework “Keras” to forecast renewable energy generation power in advance. Keras is a high-level
neural network API (application program interface), written in Python. It was developed with a
focus on enabling fast experimentation [60]. In this paper, we selected N-days of historical renewable
generation power data as a training set to forecast the renewable generation power of the next day.
In the training set, the power data of n time points were used as a group of historical data to obtain
the power data of the (n + 1)-th time point for training. We used a sequential model to stack the
network layers. Then, the compile () method was used to compile the model. After that, we trained
the network with the function fit () under a certain number of iterations, in which the optimization
and loss function used were “Adam” and “mean_squared_error” respectively. Adam is an algorithm
for the first-order gradient-based optimization of stochastic objective functions, based on adaptive
estimates of lower-order moments, which was straightforward to implement and computationally
efficient. It has little memory requirements, is invariant to the diagonal rescaling of the gradients, and
is well suited for problems that are large in terms of data and/or parameters [61].

5. Experiment Results and Analysis

5.1. Testbed Setup and Parameter Settings

Here, we used MATpower [60] to simulate the operation of the grid in the following experiments.
MATpower is a package of MATLAB M-files for solving power and optimizing power flow problems,
designed to give the best performance possible while keeping the code simple to understand and
modify, which is a simulation tool for researchers and educators.

In our experiments, we chose the monitoring power data from the photovoltaic station in Xuhui
district (which belongs to the city of Shanghai) government from two typical days on 14 July 2018, and
19 December 2018, corresponding to sunny and cloudy/snowy weather conditions respectively. The
monitoring time interval was 10 min and thus 144 data records were collected for one-day simulation.

Here, we simulated three different scenarios of MATpower in the following experiments:
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(1) only one datacenter deployed. The datacenter load varied along with the input solar
generation power;

(2) multiple datacenters deployed. Here we assume there are multiple distributed datacenters put
into the grid and the loads are evenly allocated to them;

(3) multiple datacenters deployed and running with dynamically allocated loads.

We selected bus 9, 15 and 25 to integrate the solar station and datacenters respectively in the
tested grid system. As parameter settings of GA, we define both the size of the population and the
times of iterations as 100 and the fitness function consists of two parts, as follows:

loss1 + α ∗ loss2 (7)

where loss1 is to guarantee the loss value is small enough, loss2 is to ensure the residual error between
the allocated load and the input solar is small enough, and α is used to control the two variables. Here,
we set α = 0.25. Figure 3 shows the input solar generation power on the two days, where Figure 3a,b
correspond to sunny and cloudy/snowy weather conditions respectively.

(a) (b) 

Figure 3. Input solar generation power. (a) Sunny day; (b) cloudy/snowy day.

5.2. Results of Power Losses under Accurate Responses

The experimental results under three scenarios are shown in Figure 4 as a holistic view.
In Figure 4a, the upper curve illustrates the first scenario mentioned in Section 5.1, which means

only one datacenter was integrated into the case_ieee30 at bus 15. The power of the datacenter varied
along with the input solar generation. As shown in the figure, the peak loss is 25.6 MW. The curve in
the middle illustrates the second scenario, in which two datacenters were integrated into case_ieee30
at bus 15 and 25. In this case, the two datacenters consumed an equal amount of power and the
sum of the two datacenter’s power was consistent with the input solar generation. Besides, the solar
station was still at bus 9. We can find the peak loss value was smaller than in scenario 1, which was
25.25 MW. The lowest curve demonstrates the third scenario mentioned in Section 5.1. In this case,
two datacenters were integrated into to case_ieee30 at bus 15 and 25 respectively and the power of
the two datacenters was dynamically adjusted according to changes in solar power generation, while
the total power consumption of the two datacenters was kept constant. We found that the loss value
was smaller than in scenarios 1 and 2, which was 23.93MW at the peak. In Figure 4b, which illustrates
that for the results under cloudy/snowy weather conditions, the peak loss values in the same three
scenarios were 20.99 MW, 19.82 MW, 18.08 MW respectively and the average value in the third scenario
was still the lowest.
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(a) (b) 

Figure 4. Comparison of loss values over three scenarios. (a) sunny day; (b) cloudy/snowy day.

From Figure 4 we can see that the curve of the optimal load-allocation strategy was almost
always below the other two curves, which means that the dynamic load management methods can
help to reduce the power losses of the grid system and thus provide savings in the operational costs.
To examine the values more clearly, the corresponding statistical results are listed explicitly in Table 1.
We also examined the scenario of putting three datacenters into the grid and the results are shown in
Table 2. The datacenters were put at bus 15, 20, and 25 respectively. Here the two tables only give the
results on a sunny day since it can be seen from Figure 4 that the other condition exhibited the same
comparative trend.

Table 1. Statistical results with two datacenters.

Scenario (1) (2) (3)

Average Total loss (MW) 19.548 19.492 19.19
percentage of loss/generation 8.52% 8.39% 8%

Table 2. Statistical results with three datacenters.

Scenario (1) (2) (3)

Average Total loss (MW) 19.548 19.212 18.889
percentage of loss/generation 8.52% 8.02% 7.49%

5.3. Considering Practical Factors Including Flexibility and Action Delays

The above experiments are based on the ideal scenario that the datacenter can act as soon as
possible to adjust the power consumption of itself to the target value exactly. In a practical environment,
the power adjustment range of a datacenter will be constrained, which means that the datacenter cannot
vary the power consumption as much as possible to reach the target value. We defined “flexibility”
to describe such characteristics of the datacenter. Furthermore, the datacenter has to spend some
time (which we defined as “action delay”) to dynamically change its power consumption through the
combination of multiple methods, such as load shedding or cooling temperature adjustment. Hereafter,
we also conducted a series of experiments to study the impact of practical factors. Since the results of
sunny or cloudy scenarios are similar, we have only shown the results of data from the sunny day in
this subsection for clarity.

To examine the impact of the flexibility of the datacenter, the adjustable range of the datacenter
can be expressed as follows:

[(1 − e)× p(t), (1 + e)× p(t)] (8)

wherein e represents the flexibility of the datacenter, and the p(t) means the power of the datacenter
in the last time interval. We specify that if the power of the datacenter in the next interval is out of
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the allowed range, the upper or lower limits of the adjustable range will be taken as the power of
datacenter in the next interval. On the other hand, to evaluate the impact of the action delay, we
simulated different scenarios with a delay of 5, 10, 15 and 20 min respectively.

Figure 5 shows the impact of different flexibility values, where the abscissa represents different
flexibility values and the ordinate represents the mean power losses (MW). We focused on the average
loss under different flexibility values, where e = 0 means the datacenter kept a constant load, and
in such scenario, the loss value was remarkably large. This shows that the adjustments made to the
datacenter loads can help to effectively reduce the total power losses.

Figure 5. The impact of different flexibility values.

The impact of different action delay times on the total power losses of the grid can be seen in
Figure 6. As mentioned, we tested different delay time settings from 0 to 20 min and the average loss
values were recorded under each condition. From the figure, we can see that the loss value increases
proportionally with the delay, which has a great impact on the action delay on the power loss of the
entire grid. Besides, comparing the results with Figure 5, we can see that when the flexibility value
is equal to or greater than 0.3, the loss value does not change substantially anymore and the value is
close to the result in Figure 6 when there is no delay. This implies that even an adjustable range of
±30% of the datacenter power consumption can lead to fairly satisfactory results.

Figure 6. The impact of datacenter action delays.

5.4. Improvement Based on Forecasting Methods

Since we found that the action delay had a great impact on the power losses, in order to eliminate
such impact as much as possible, we tried to adopt some forecasting method to help predict the future
data as accurately as possible.
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We used the neural network to forecast the solar generation power on July 14th and December
19th. Considering that July 14th was a sunny day, in order to improve the accuracy of the prediction,
we chose data obtained from June 1st, 14th, 15th, 26th 2018, which were four sunny days, as the
training set and the power data of 5 time points were used as a group of historical data to obtain
the power data of the next time point for training. Considering that December 19th was a cloudy
day, we chose data obtained from Dec 2th, 5th, 7th, 8th, 9th, 10th, 11th, 15th 2018 which were also
cloudy/rainy/snowy days as a group of historical data to obtain the power data for the next time
point for training. In addition, by adjusting the number of iterations, we obtained the forecasting
results of different errors and obtained the loss values of the grid according to different settings of
prediction accuracy.

In the following experiments, we adopted the framework “Keras” based on neural networks
to forecast the generation of power. Figure 7 shows that forecasting results under sunny weather
conditions, in which Figure 7a shows the comparison of the predicted values and the actual values, and
Figure 7b shows the average power losses under three different accuracy settings. It can be observed
that leveraging forecasting techniques are helpful to eliminate the negative impact of action delay time.

Figure 7. Forecasting results under 5-min action delay on a sunny day. (a) Comparison of the actual
generation power and predicted values after 150 iteration times of one day; (b) comparison of the
average power losses under different forecasting accuracy.

Figure 8 shows the forecasting results under a 10-min action delay of the datacenters, in which
the forecasting average error in Figure 8a,c was 5% and 10% respectively. Figure 8b,d show the
average power losses under different accuracy settings, including 5%/10% forecasting error, accurate
forecasting and without forecasting. From the results in Figures 7 and 8, we can see that improving the
forecasting accuracy can effectively reduce the extra power losses.

In order to verify the effectiveness of our prediction method, we also carried out the same
experiments under cloudy/snowy weather conditions and the results are shown in Figure 9. The
forecasting average error in Figure 9a,c is 10% and 15% respectively. Figure 9b,d shows the average
power losses under different accuracy settings, including 10%/15% forecasting error, accurate
forecasting and without forecasting. Figure 9 also illustrates that although on cloudy/snowy days
the data fluctuations make the forecasting difficult and less accurate, we can still see the advantages
of leveraging the forecasting techniques to help reduce extra power losses. To sum up, a reasonable
forecasting method can eliminate extra losses from the action delay of the datacenters as much as
possible, so it is meaningful to adopt an appropriate forecasting method to improve the impact of
datacenter reaction on the grid.
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Figure 8. Forecasting results under a 10-min action delay on a sunny day. (a,c) show the forecasting
results by different iteration time, where the iteration time is 150 s in (a) and 125 s in (c). (b,d) show the
average power losses under different settings.

Figure 9. Forecasting results under a 10-min action delay. (a,c) show the different iteration time
forecasting results, where the iteration time is 150 s in (a), and 120 s in (c). (b,d) show the average
power losses under different settings.

In addition, we also examined the relationship between forecasting accuracy and the computation
time. In general, in order to get more accurate prediction results, it has to spend more time
on the computation process. Figure 10 illustrates the evaluation results for both the sunny and
cloudy/rainy/snowy weather conditions under a 10-min action delay. From Figure 10a we can see
that nearly-accurate forecasting takes more than twice the time compared to achieving 95% accuracy,
while in contrast, to achieve 95% accuracy only takes 3 s more than to achieve 90% accuracy. Similarly,
from Figure 10b we can see that accurate forecasting takes more than twice the time compared to
achieving 85% accuracy, while to achieve 90% accuracy only takes 4 s more than to achieve 85%
accuracy. This implies it could be practical and helpful to spend a little more time to get better
forecasting results. Besides, comparing Figure 10a,b, it can be observed the forecasting time cost of the
cloudy/rainy/snowy day is much higher than the sunny day. For example, in Figure 10a it only takes
about 17 s to achieve 90% accuracy but in Figure 10b it takes nearly 26 s.
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(a) (b) 

Figure 10. The relationship between forecasting error and forecasting time. (a) sunny day; (b) cloudy/
rainy/snowy day.

6. Conclusions and Future Work

In this paper, we proposed the idea that putting the datacenters into the grid integrated with
renewables as dynamic loads to maintain the normal operation of the grid. In addition, we designed an
optimal load allocation strategy based on stochastic searching ideas, which could achieve a reasonable
distribution of the load to get the minimum power losses when deploying multiple datacenters in the
grid. Our results show that multiple datacenters in the smart grid as dynamic loads can effectively
reduce the power losses and especially when adopting the optimal load-allocation scheme obtained by
the GA-based method to adjust the power usage of datacenters; the advantages would more obvious.
Stability issues of the grid were also considered in the problem we defined and the experiments we
conducted, including bus voltage variations and the overloading of transmission lines. Besides, we
also incorporated practical factors into the experiments such as the flexibility and action delay during
the demand response process of datacenters. Moreover, in order to eliminate the inescapable influence
of the action delay when adjusting the power of the datacenters as much as possible, we adopted
forecasting techniques to predict the renewable energy generation amount looking ahead, under both
sunny and cloudy/snowy weather conditions. Comparing the results under different action delay
settings, it can be seen that adopting the forecasting method could reduce the extra power losses
effectively. During our experiments, the relationship of computational time and the achieved accuracy
was also investigated, which illustrated the feasibility of the proposed method based on forecasting.

From the study about forecasting results and forecasting time, we also found that the time
cost of the forecasting method could further be optimized. As the next step, we will focus on the
combination of multiple kinds of demand response strategies and approaches in the datacenter towards
the requirements of the electricity providers. Besides, we will also pay more attention to the power
management and other kinds of reliability issues of the smart grid after integrating renewable energy
sources and take frequency and voltage excursion as the knobs to facilitate better demand response in
the future work.

Author Contributions: Conceptualization, P.L. and X.W.; methodology, P.L.; software, H.J.; validation, Y.L., X.Y.;
formal analysis, P.L.; investigation, H.J.; resources, P.L.; data curation, Y.L.; writing—original draft preparation,
P.L.; writing—review and editing, X.W.; supervision, X.W.; project administration, X.W.; funding acquisition, Y.W.

Funding: This paper is partially supported by The National Natural Science Foundation of China (No. 61762074,
No. 91847302, No. 61563044 and No. 61862053) and National Natural Science Foundation of Qinghai Province
(No. 2019-ZJ-7034, No. 2015-ZJ-725, No. 2017-ZJ-902).

Conflicts of Interest: The authors declare no conflict of interest.

122



Appl. Sci. 2019, 9, 518

References

1. Singh, G.K. Solar power generation by PV (photovoltaic) technology: A review. Energy 2013, 2, 1–13.
[CrossRef]

2. Hill, C.A.; Such, M.C.; Chen, D.; Gonzalez, J.; Grady, W.M. Battery energy storage for enabling integration of
distributed solar power generation. IEEE Trans. Smart Grid 2012, 2, 850–857. [CrossRef]

3. Freitag, M.; Teuscher, J.; Saygili, Y.; Zhang, X.; Giordano, F.; Liska, P.; Hua, J.; Zakeeruddin, S.M.; Moser, J.;
Grätzel, M.; et al. Dye-sensitized solar cells for efficient power generation under ambient lighting.
Nat. Photonics 2017, 2, 372. [CrossRef]

4. Lund, H. Electric grid stability and the design of sustainable energy systems. Int. J. Sustain. Energy 2005, 2,
45–54. [CrossRef]

5. PJM. A Survey of Transmission Cost Allocation Issues, Methods and Practices; Valley Forge: New York, NY,
USA, 2010.

6. Koomey, J. Growth in Data Center Electricity Use 2005 to 2010; Analytics Press: Oakland, CA, USA, 2011.
7. The Worldbank Data. Available online: https://data.worldbank.org (accessed on 25 January 2018).
8. Luo, P.; Wang, X.; Jin, H.; Li, Y.; Yang, X. Load Management for Multiple Datacenters towards

Demand Response in the Smart Grid Integrating Renewable Energy. In Proceedings of the 2018 2nd
International Conference on Computer Science and Artificial Intelligence (CSAI 2018), Shenzhen, China,
8–10 December 2018.

9. Chec. Available online: http://www.chec.com.cn (accessed on 26 December 2018).
10. Alashkar, A.; Gadalla, M. Thermo-economic analysis of an integrated solar power generation system using

nanofluids. Appl. Energy 2017, 2, 469–491. [CrossRef]
11. Wang, Q.; Xia, C.; Tang, Z. Discussion on Feasibility for Distributed Energy in Internet Data Center. Power Syst.

Clean Energy 2013, 87–91. (In Chinese)
12. Gao, P.X.; Curtis, A.P.; Wong, B.; Keshav, S. It’s not easy being green. In Proceedings of the ACM SIGCOM

2012, Helsinki, Finland, 13–17 August 2012; pp. 211–222. [CrossRef]
13. Ren, C.-G.; Wang, D.; Urgaonkar, B.; Sivasubramaniam, A. Carbon- aware energy capacity planning for

datacenters. In Proceedings of the IEEE International Symposium on Modeling, Analysis and Simulation of
Computer and Tele-Communication Systems (MASCOTS2012), Washington, DC, USA, 7–9 August 2012;
pp. 391–400. [CrossRef]

14. Greenpeace. Available online: http://www.greenpeace.org (accessed on 26 December 2018).
15. Cook, G.; Horn, J.V. How Dirty Is Your Data? A Look at the Energy Choices That Power Cloud Computing;

Greenpeace International Technical Report; Greenpeace International: Amsterdam, The Netherlands, 2011.
16. Ben, K. The country plans to add 6000MW of distributed photovoltaic power generation capacity next year.

East China Electric Power 2013, 10.
17. POWERCHINA. Available online: http://www.powerchina.cn/col/col382/index.html (accessed on

26 December 2018).
18. Qureshi, A.; Weber, R.; Balakrishnan, H.; Guttag, J.; Maggs, B. Cutting the electric bill for internet-scale

systems. In Proceedings of the ACM SIGCOMM, Barcelona, Spain, 17–21 August 2009.
19. Liu, Z.; Lin, M.; Wierman, A.; Low, S.H.; Andrew, L.L. Greening geographical load balancing. In Proceedings

of the ACM SIGMETRICS, San Jose, CA, USA, 7–11 June 2011.
20. Lin, M.; Wierman, A.; Andrew, L.L.; Thereska, E. Dynamic right-sizing for power-proportional data centers.

IEEE/ACM Trans. Network. (TON) 2013, 21, 1378–1391.
21. Liu, Z.; Chen, Y.; Bash, C.; Wierman, A.; Gmach, D.; Wang, Z.; Marwah, M.; Hyser, C. Renewable and

cooling aware workload management for sustainable data centers. In Proceedings of the ACM SIGMETRICS,
London, UK, 11–15 June 2012.

22. Guo, Y.; Fang, Y. Electricity cost saving strategy in data centers by using energy storage. IEEE Trans. Parallel
Distrib. Syst. 2013, 24, 1149–1160. [CrossRef]

23. Guo, Y.; Gong, Y.; Fang, Y.; Khargonekar, P.P.; Geng, X. Energy and network aware workload management
for sustainable data centers with thermal storage. IEEE Trans. Parallel Distrib. Syst. 2014, 25, 2030–2042.
[CrossRef]

123



Appl. Sci. 2019, 9, 518

24. Ghatikar, G.; Ganti, V.; Matson, N.; Piette, M.A. Demand Response Opportunities and Enabling Technologies
for Data Centers: Findings from Field Studies. 2012. Available online: http://eetd.lbl.gov/sites/all/files/
LBNL-5763E.pdf (accessed on 14 September 2018).

25. Urgaonkar, R.; Urgaonkar, B.; Neely, M.; Sivasubramaniam, A. Optimal Power Cost Management Using
Stored Energy in Data Centers. In Proceedings of the ACM SIGMETRICS, San Jose, CA, USA, 7–11 June 2011.

26. Gandhi, A.; Chen, Y.; Gmach, D.; Arlitt, M.; Marwah, M. Minimizing data center sla violations and
power consumption via hybrid resource provisioning. In Proceedings of the IGCC, Orlando, FL, USA,
25–28 July 2011.

27. Chen, Y.; Gmach, D.; Hyser, C.; Wang, Z.; Bash, C.; Hoover, C.; Singhal, S. Integrated management of
application performance, power and cooling in data centers. In Proceedings of the NOMS, Osaka, Japan,
19–23 April 2010.

28. Govindan, S.; Choi, J.; Urgaonkar, B.; Sivasubramaniam, A.; Baldini, A. Statistical profiling-based techniques
for effective power provisioning in data centers. In Proceedings of the 4th ACM European Conference on
Computer Systems, Nuremberg, Germany, 1–3 April 2009.

29. Choi, J.; Govindan, S.; Urgaonkar, B.; Sivasubramaniam, A. Profiling, prediction, and capping of power
consumption in consolidated environments. In Proceedings of the MASCOTS, Baltimore, MD, USA,
8–10 September 2008.

30. Heo, J.; Jayachandran, P.; Shin, I.; Wang, D.; Abdelzaher, T.; Liu, X. Optituner: On performance composition
and server farm energy minimization application. IEEE Trans. Parallel Distrib. Syst. 2011, 22, 1871–1878.
[CrossRef]

31. Verma, A.; Dasgupta, G.; Nayak, T.; De, P.; Kothari, R. Server workload analysis for power minimization
using consolidation. In Proceedings of the USENIX ATC, San Diego, CA, USA, 14–19 June 2009.

32. Meisner, D.; Sadler, C.; Barroso, L.; Weber, W.; Wenisch, T. Power management of online data-intensive
services. In Proceedings of the ISCA, San Jose, CA, USA, 4–8 June 2011.

33. Zhang, Q.; Zhani, M.; Zhu, Q.; Zhang, S.; Boutaba, R.; Hellerstein, J. Dynamic energy-aware capacity
provisioning for cloud computing environments. In Proceedings of the 9th ACM International Conference
on Autonomic Computing, San Jose, CA, USA, 18–20 September 2012.

34. Xu, H.; Li, B. Cost efficient datacenter selection for cloud services. In Proceedings of the IEEE International
Conference on Communications, Beijing, China, 15–17 August 2012.

35. Yao, Y.; Huang, L.; Sharma, A.; Golubchik, L.; Neely, M. Data centers power reduction: A two time
scale approach for delay tolerant workloads. In Proceedings of the INFOCOM, Orlando, FL, USA,
25–30 March 2012; pp. 1431–1439.

36. Liu, Z.; Wierman, A.; Chen, Y.; Razon, B.; Chen, N. Data center demand response: Avoiding the coincident
peak via workload shifting and local generation. In Proceedings of the ACM SIGMETRICS/International
Conference on Measurement and Modeling of Computer Systems; ACM: New York, NY, USA, 2013; pp. 341–342.

37. Aksanli, B.; Rosing, T. Providing regulation services and managing data center peak power budgets.
In Proceedings of the Design, Automation and Test in Europe Conference and Exhibition (DATE), Dresden,
Germany, 24–28 March 2014; pp. 1–4.

38. Xu, D.; Liu, X.; Fan, B. Efficient server provisioning and offloading policies for internet datacenters with
dynamic load demand. IEEE Trans. Comput. 2015, 2, 682–697. [CrossRef]

39. Chen, Y.Y.; Das, A.; Qin, W.; Sivasubramaniam, A.; Wang, Q.; Gautam, N. Managing Server Energy and
Operational Costs in Hosting Centers. In Proceedings of the ACM SIGMETRICS International Conference
on Measurement and Modeling of Computer Systems, Banff, AB, Canada, 6–10 June 2005.

40. Chen, G.; He, W.; Liu, J.; Nath, S.; Rigas, L.; Xiao, L.; Zhao, F. Energy-Aware Server Provisioning and Load
Dispatching for Connection-Intensive Internet Services. In Proceedings of the Fifth USENIX Symposium
Networked Systems Design and Implementation (NSDI), San Francisco, CA, USA, 16–18 April 2008.

41. Weiser, M.; Welch, B.; Demers, A.; Shenker, S. Scheduling for Reduced CPU Energy. In Proceedings of the
First USENIX Conference Operating Systems Design and Implementation (OSDI), Monterey, CA, USA,
14–17 November 1994.

42. Yao, F.F.; Demers, A.; Shenker, S. A Scheduling Model for Reduced CPU Energy. In Proceedings of the 36th
Annual Symposium Foundations of Computer Science (FOCS), Milwaukee, WI, USA, 23–25 October 1995.

124



Appl. Sci. 2019, 9, 518

43. Lorch, J.R.; Smith, A.J. Improving Dynamic Voltage Scaling Algorithms with PACE. In Proceedings of the
ACM SIGMETRICS Int’l Conf. Measurement and Modeling of Computer Systems, Cambridge, MA, USA,
16–20 June 2001.

44. Wang, X.; Zhang, G.; Yang, M.; Zhang, L.A. Green-aware Virtual Machine Migration Strategy for Sustainable
Datacenter Powered by Renewable Energy. Simul. Model. Pract. Theory 2015, 58, 3–14. [CrossRef]

45. Gungor, V.C.; Sahin, D.; Kocak, T.; Ergut, S.; Buccella, C.; Cecati, C.; Hancke, G.P. A Survey on Smart Grid
Potential Applications and Communication Requirements. IEEE Trans. Ind. Inform. 2013, 2, 28–42. [CrossRef]

46. Ahamed, M.H.F.; Dissanayake, U.; De Silva, H.M.P.; Pradeep, H.R.C.G.P.; Lidula, N.W.A. Modelling
and simulation of a solar PV and battery based DC microgrid system. In Proceedings of the IEEE
International Conference on Electrical, Electronics, and Optimization Techniques (ICEEOT), Chennai, India,
3–5 March 2016; pp. 1706–1711. [CrossRef]

47. Cheng, Z.; Li, Y.; Xie, Y. Control strategy for hybrid energy storage of photovoltaic generation microgrid
system with super capacitor. Power Syst. Technol. 2015, 2, 2739–2745. (In Chinese)

48. Shang, G.; Xin-Chun, Q.I.; Tao, X.; Zheng, X. Common DC bus based PV-hybrid energy storage power
system and optimal control using double filters. Power System Prot. Control 2014, 2, 92–97. (In Chinese)

49. Zheng, S.C.; Wang, P.Z.; Ge, L.S. Study on Pwm Control Strategy of Photovoltaic Grid-connected Generation
System. In Proceedings of the 2006 CES/IEEE 5th International Power Electronics and Motion Control
Conference, Shanghai, China, 14–16 August 2006.

50. Zhang, G.; Zhang, T.; Ding, M.; Su, J.; Wang, H.; Lv, S.; Chen, J. Simulation research on unified power quality
conditioner with PV grid connected generation. Proc. CSEE 2007, 2, 82–86. (In Chinese)

51. Lund, H.; Østergaard, P.A.; Connolly, D.; Mathiesen, B.V. Smart Energy and Smart Energy Systems. Energy
2017, 137, 556–565. [CrossRef]

52. Lund, H. Renewable Energy Systems—A Smart Energy Systems Approach to the Choice and Modeling of
100% Renewable Solutions. Chem. Eng. Trans. 2014, 39, 1–6.

53. Lund, H.; Østergaard, P.A.; Connolly, D.; Ridjan, I. Energy Storage and Smart Energy Systems. Int. J. Sustain.
Energy Plan. Manag. 2016, 11, 3–14.

54. Short, J.A.; Infield, D.G.; Freris, L.L. Stabilization of Grid Frequency Through Dynamic Demand Control.
IEEE Trans. Power Syst. 2007, 2, 1284–1293. [CrossRef]

55. Kondoh, J.; Aki, H.; Yamaguchi, H.; Murata, A.; Ishii, I. Consumed power control of time deferrable loads
for frequency regulation. In Proceedings of the IEEE Power Systems Conference and Exposition, New York,
NY, USA, 10–13 October 2004.

56. Zimmerman, R.D.; Murillo-Sánchez, C.E.; Thomas, R.J. MATPOWER: Steady-State Operations, Planning
and Analysis Tools for Power Systems Research and Education. IEEE Trans. Power Syst. 2011, 26, 12–19.
[CrossRef]

57. SmartPV. Available online: http://www.lvsedianli.com (accessed on 26 December 2018).
58. Mitchell, M. An Introduction to Genetic Algorithms; MIT Press: Cambridge, MA, USA, 1998.
59. Yang, C.; Du, Z.; Shi, T.; Fang, L. Development status and trend of large-scale new energy and renewable

energy power friendly access technology. China Acad. J. 2008, 8, 14–17. (In Chinese)
60. Keras Documentation. Available online: https://keras.io (accessed on 26 December 2018).
61. Chow, J.H.; Frederick, D.K.; Chbat, N.W. Discrete-Time Control Problems Using MATLAB and the Control System

Toolbox; Thomson-Brooks/Cole: London, UK, 2003; 269p, ISBN 05343847.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

125



applied  
sciences

Article

Meteorological Variables’ Influence on Electric Power
Generation for Photovoltaic Systems Located at
Different Geographical Zones in Mexico

Jose A. Ruz-Hernandez 1, Yasuhiro Matsumoto 2, Fernando Arellano-Valmaña 1,

Nun Pitalúa-Díaz 3,∗, Rafael Enrique Cabanillas-López 3, José Humberto Abril-García 3,

Enrique J. Herrera-López 4 and Enrique Fernando Velázquez-Contreras 3

1 Facultad de Ingeniería, Universidad Autónoma del Carmen, Calle 56 No. 4 Esq. Avenida Concordia Col.
Benito Juárez, Cd. Del Carmen C.P. 24180, Campeche, Mexico; jruz@mail.unacar.com (J.A.R.-H.);
ff.arellano@hotmail.com (F.A.-V.)

2 Departamento de Ingeniería Eléctrica, Centro de Investigación y de Estudios Avanzados del IPN, Av.
Instituto Politécnico Nacional 2508, San Pedro Zacatenco, Ciudad de México C.P. 07360, CDMX, Mexico;
ymatsumo@cinvestav.mx

3 Departamento de Ingeniería Industrial, Departamento de Ingeniería Química y Metalurgia, Departamento
de Investigación en Polímeros y Materiales, Universidad de Sonora, Blvd. Luis Encinas y Rosales S/N,
Col. Centro, Hermosillo C.P. 83000, Sonora, Mexico; rcabani@iq.uson.mx (R.E.C.-L.);
jose.abril@unison.mx (J.H.A.-G.); evlzqz@guaymas.uson.mx (E.F.V.-C.)

4 Biotecnología Industrial, Sublínea Bioelectrónica, Centro de Investigación y Asistencia en Tecnología y
Diseño del Estado de Jalisco A.C., Camino Arenero 1227, Col. El Bajío del Arenal,
Zapopan C.P. 45019, Jalisco, Mexico; eherrera@ciatej.mx

* Correspondence: nun.pitalua@unison.mx; Tel.: +52-1662-114-0682

Received: 1 March 2019; Accepted: 10 April 2019; Published: 20 April 2019

Abstract: In this study, the relation among different meteorological variables and the electrical
power from photovoltaic systems located at different selected places in Mexico were presented.
The data was collected from on-site real-time measurements from Mexico City and the State of Sonora.
The statistical estimation by the gradient descent method demonstrated that solar radiation, outdoor
temperature, wind speed, and daylight hour influenced the electric power generation when it was
compared with the real power of each photovoltaic system. According to our results, 97.63% of
the estimation results matched the real data for Sonora and 99.66% the results matched for Mexico
City, achieving overall errors less than 7% and 2%, respectively. The results showed an acceptable
performance since a satisfactory estimation error was achieved for the estimation of photovoltaic
power with a high determination coefficient R2.

Keywords: photovoltaic systems; meteorological variables; electric power; gradient descent;
sustainable development

1. Introduction

Renewables energies represent a potential alternative in the transition towards a low-carbon
society, where photovoltaic sources play a key role; however, consumers are also investors and a
project is implemented only if economic conditions are verified [1].

Solar technologies are characterized depending on the way they capture, convert, and distribute
sunlight such as photovoltaic (PV) systems and their corresponding requirements for an energy storage
arrangement [2,3]. Consequently, these technologies feed power to the electric grid by using solar
panels as generators [4–6]. In addition, concentrating solar power plants (CSP) use mirrors to focus the
energy from the sun to drive traditional steam turbines or engines to create electricity; solar heating and
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cooling (SHC) systems which collect the thermal energy from the sun use this heat to provide hot water,
space heating, and cooling for residential, commercial, and industrial applications. These technologies
displace the need to use electricity or natural gas [7–9].

A photovoltaic system is composed of several components: the solar panel and the inverter for
grid-connected systems and additionally energy storage for stand-alone systems. The fabrication of the
solar panel involves diverse stages. The first step is to define the type of panel, where the most known
is monocrystalline or polycrystalline and where the solar cells are manufactured using wafers made
of silicon [10]. Nowadays, the PV systems are widely used to generate electricity due its accessible
cost [5,6,11,12]. Some studies aimed at reducing this cost even more, e.g., in Reference [13], a design
optimization model for the residential PV systems in South Korea was proposed, where the objective
function to be minimized consisted of three costs, such as the monthly electric bill, the PV-related
construction costs, and the PV-related maintenance cost.

The solar radiation (photons) is responsible for the photovoltaic effect; nonetheless, some weather
factors have an effect on the amount of energy generated even with the optimum radiation. A cloudy
day generates a shadow on the solar panel by the time it has to capture the photons so that the
incidence of these particles will be less, achieving a minor electric power. It is well-known that clouds
are water steam concentrated in the air; in other words, humidity and temperature work together,
and such a relation is an example of how the meteorological variables impact the generation of electric
power [14,15].

Solar energy, besides wind energy, is currently the most resourceful renewable source
worldwide [16,17]. Its obtainment, unlike many others currently used, does not mean any harm
to the environment, and its resources overcome, by far, everyone else [12,18–20]. Some countries such
as Germany, Italy, Spain, United States of America, and China are ahead on solar energy research;
meanwhile in Mexico, being a country rich in solar radiation, with a great territorial extension,
and having some solar energy studies, solar energy still does not have the necessary research compared
to countries leading solar technology [4–6,11,12,21].

Figure 1 depicts the behavior of the horizontal solar radiation on the world. Similarly, if Mexico is
compared with Europe, it can be seen that the only country with a notorious radiation incidence is
Spain, achieving a maximum value between 4.8 and 5.4 kWh/m2 [22]. Mexico exceeds Spain both in
incidence territory and in radiation intensity, with an average between 5.6 and 6.2 kWh/m2, as can be
seen in Figure 2, exceeding even China, which mostly contemplates values of 4.6 kWh/m2.

Figure 1. The worldwide horizontal solar radiation [23].
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Figure 2. The Mexican solar radiation atlas [24].

Table 1 shows the data compilation from 2010 describing the global-horizontal solar radiation
for some locations in Mexico. The total irradiation provided by solar energy in the year 2018
was summarized in Reference [25]. Both reports agree that the Northwest of Mexico reached the
maximum values, the states of Sonora, Baja California, Coahuila, and Chihuahua being the main
producers/receivers.

Recently, diverse reports have studied the relations between some meteorological variables and
the electric power generated in a photovoltaic system. In Reference [26], an analysis of the climatic
factors and solar data from the Andes site was performed; nonetheless, all the data gathered for the
study was averaged every 10 min and the power measurements were estimated. In [27], the effect of
diverse meteorological variables (outdoor temperature, air pressure, humidity, wind speed, and solar
radiation) on the generated energy are mentioned, although a representative model of the plant was
not obtained and all the data was experimentally generated. In Reference [28], a statistical method was
applied to forecast the energy generated by a solar plant, though a database of 30 plants from different
locations is necessary and although it does not have real power measurements from the site and the
computational load is heavy. In Reference [29], an artificial neural network (ANN) is used to obtain a
model to forecast the photovoltaic energy; however, the solar radiation was the only meteorological
variable analyzed.

Higher Education Institutions (HEI) currently play a major role in the generation of human capital
and the associated impact on societal development; HEIs are ideal locations to focus the resources in
terms of the deployment and experimentation of decarbonization technologies to demonstrate the best
practice for a further replication within wider society [30].
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Careful planning is required to manage the future electricity demand of PV systems due to its
increasing potential demand in Mexico [31,32]. Therefore, it is vital to understand the influence of
meteorological variables on energy consumption in which a better understanding of it can contribute
to a more useful strategy in meeting the energy efficiency goal for the country.

According to the above and considering References [1,13,30], the aim of this work is to present
a statistical analysis based on the gradient descent method that is easy to implement and has a low
computational load to estimate the electric power generation from the meteorological data such as the
solar radiation, outdoor temperature, wind speed, and daylight time collected from PV systems located
in Mexico City and Sonora [33]. This is important because most of the current photovoltaic system
deployments do not monitor these factors or employ them in adaptation and prediction tasks [34–36].

The proposed methodology achieves a satisfactory estimation of the PV power with a high
determination coefficient and a fair error percentage value.

Table 1. The solar radiation on select places in Mexico (data in kWh/m2 per day) [37].

State City Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Avg

Sonora Hermosillo 4.0 4.6 5.4 6.6 8.3 8.5 6.9 6.6 6.7 6.0 4.7 3.9 6.0
Sonora Guaymas 4.5 5.7 6.5 7.2 7.3 6.8 5.9 5.8 6.3 5.9 5.0 5.6 5.9
Chihuahua Chihuahua 4.1 4.9 6.0 7.4 8.2 8.1 6.8 6.2 5.7 5.2 4.6 3.8 5.9
SLP SLP 4.3 5.3 5.8 6.4 6.3 6.1 6.4 6.0 5.5 4.7 4.2 3.7 5.4
Zacatecas Zacatecas 4.9 5.7 6.6 7.5 7.8 6.2 6.2 5.9 5.4 4.8 4.8 4.1 5.8
Guanajuato Guanajuato 4.4 5.1 6.1 6.3 6.6 6.0 6.0 5.9 5.8 5.2 4.8 4.6 5.6
Aguascalientes Aguascalientes 4.5 5.2 5.9 6.6 7.2 6.3 6.1 5.9 5.7 5.1 4.8 4.0 5.6
Oaxaca Salina Cruz 5.4 6.3 6.6 6.4 6.1 5.0 5.6 5.9 5.2 5.9 5.7 5.2 5.8
Oaxaca Oaxaca 4.9 5.7 5.8 5.5 6.0 5.4 5.9 5.6 5.0 4.9 4.8 4.4 5.3
Jalisco Colotlán 4.6 5.7 6.5 7.5 8.2 6.6 5.8 5.6 5.8 5.3 4.9 4.1 5.9
Jalisco Guadalajara 4.6 5.5 6.3 7.4 7.7 5.9 5.3 5.3 5.2 4.9 4.8 4.0 5.6
Durango Durango 4.4 5.4 6.5 7.0 7.5 6.8 6 5.6 5.7 5.1 4.8 3.9 5.7
Baja California La Paz 4.4 5.5 6.0 6.6 6.5 6.6 6.3 6.2 5.9 5.8 4.9 4.2 5.7
Baja California San Javier 4.2 4.6 5.3 6.2 6.5 7.1 6.4 6.3 6.4 5.1 4.7 3.7 5.5
Baja California Mexicali 4.1 4.4 5.0 5.6 6.6 7.3 7.0 6.1 6.1 5.5 4.5 3.9 5.5
Querétaro Querétaro 5.0 5.7 6.4 6.8 6.9 6.4 6.4 6.4 6.3 5.4 5.0 4.4 5.9
Puebla Puebla 4.9 5.5 6.2 6.4 6.1 5.7 5.8 5.8 5.2 5.0 4.7 4.4 5.5
Hidalgo Pachuca 4.6 5.1 5.6 6.8 6.0 5.7 5.9 5.8 5.3 4.9 4.6 4.2 5.4

2. Methodology

2.1. Statistical Method

The amount of data collected and the correlation among them are quite important to accomplish
an estimation. If the total data is scarce or the correlation between any input and the output is low,
the estimation will not be satisfactory.

The correlation analysis is one of the most used and reported statistical methods on scientist and
medical researches; its visual representation is known as a dispersion graphic. It is used to prove
or reject the existence of a relation between two different variables based on the Pearson correlation
coefficient described by Equation (1).

ρ (a, b) =
E (ab)
σaσb

(1)

where E (ab) is the crossed correlation between a and b and where σ2
a = E

(
a2) and σ2

b = E
(
b2) are the

variations of the variables a and b, respectively [38].
If “a” and “b” are the two considerate variables, then a dispersion graphic shows the location

of each ordered pair in a coordinated system. If most points appear to be close to a straight line,
this correlation is known as linear. If most points appear to be close to a curve, the correlation is known
as nonlinear. On the other hand, if a clear pattern among the ordered pairs is inexistent, then there is
no relation between both variables [39]. In order to represent the curve (curve or line regression) that
best fits the behavior of ordered pairs, Equation (2) is used.
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y = a0 + a1x + a2x2 + a3x3 + · · ·+ amxm (2)

The correlation coefficient or R requires that both a magnitude and a direction be either positive
(from 0 to 1) or negative (from −1 to 0). If R gets close to ±1, the correlation will be stronger.
The correlation does not depend on the direction or the sign: A correlation of 0.57 is equal to a
−0.57 one.

It can be also stated that the greater the absolute value of R, the greater the correlation will be.
The determination coefficient R2 is defined as the percentage of the variation of the dependent variable
values that can be explained as variations of the independent variable. In other words, a determination
coefficient R2 = 0.23 symbolizes that 23% of the dependent variables is attached to the changes of the
independent variable. Therefore, if a correlation factor of R = 0.20 was found between two variables,
the determination coefficient would be R2 = 0.04 so that only 4% of the dependent variable is affected
by the variations of the independent variable [40].

In order to create a statistical representative model of the generated power by solar energy, the
concept of gradient descent optimization (GDO) was considered due its ability to minimize the model
error by the LSR of a linear regression model, which is often used on estimation studies, but it is not as
complex to implement as an intelligent technique [29,41,42].

This optimization method has multiple applications. In Reference [43], this method was used to
optimize the geometry of the strut-and-tie truss to minimize the difference in the share of resisting
actions with respect to the prediction of the multi-action shear model. In Reference [44], a model based
on gradient descent is proposed that integrates several important parameters for ranking channels in
order to select the best communication channel from a radio spectrum for transmission, enhanced by
cognitive radio as an intelligent wireless solution.

The GDO is based on the linear regression method known as the relation among all the input
variables and the output one. Depending on the number of input variables, the regression can be
simple or multiple [45–47]. To organize all the gathered data, every input variable is considered as
a column in a matrix called “X” and the output parameter is considered as a vector “y”, as seen in
Equation (3).

X =

⎡⎢⎢⎢⎢⎢⎢⎣
x11 x12 x13 · · · x1k
x21 x22 x23 · · · x2k
x31 x32 x33 · · · x3k

...
...

...
...

xn1 xn2 xn3 · · · xnk

⎤⎥⎥⎥⎥⎥⎥⎦ y =

⎡⎢⎢⎢⎢⎣
y1

y2
...

yn

⎤⎥⎥⎥⎥⎦ (3)

The purpose of GDO is to find an estimation of the real output through an equation involving all
the collected data as shown in Equation (4).

hθ (x) = θ0 + θ1x1 + θ2x2 + . . . + θkxk + ε (4)

where hθ (x) is the estimated output, xk is the kth input variable, θk is the characteristic coefficient of
every variable, and ε is the error between the model and the real data [48].

As can be seen from Equation (4), θ0 is not a value of influence for any input; however, it does
locate the resulting estimation graphic on the Y-axis. If θ0 is greater than expected, the plot will have a
wide gap against the real data in the lower values; nonetheless, if θ0 is smaller than necessary, the gap
between the real and estimated model will be large on the upper zone. Therefore, both cases have a
greater error. In order to achieve the minimum error value and instead of a linear regression which
uses the least squares method, the GDO finds the right θ0 by recursive partial derivatives of the cost
function described by Equation (5)

J [θ] =
1

2m

m

∑
i=1

(
hθ

(
x(i)

)
− y(i)

)2
(5)
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where m is the total amount of rows in the matrix, x (i) represents the ith row of “X”, and y (i) is the
value of the ith row of “y”. The gradient descent, denoted by Equation (6), aims to converge to the cost
function minimum through its partial derivative. The quickness of the convergence is given by α.

θk := θk − α
∂

∂θk
J [θ] (6)

Equation (7) shows the substitution of Equation (5) into (6) which has to be repeated itself n-times
until the convergence is done.

θk := θk − α
1
m

m

∑
i=1

(
hθ

(
x(i)

)
− y(i)

)
· x(i)k (7)

2.2. Solar Data

The data gathered from the State of Sonora, specifically the city of Hermosillo, were obtained with
the support of the University of Sonora (UNISON), while the ones from Mexico City were issued by
the Centro de Investigación y de Estudios Avanzados (CINVESTAV) campus Zacatenco, with the solar
radiation (global-horizontal), outside temperature, wind speed, and daylight hour (time) as the input
meteorological variables and the electric power as the output for both PV systems. Considering that
both the solar plants are from different locations and do not have the same arrangement, their respective
output power magnitudes vary among them; Hermosillo site has an electric power maximum around
2500 W, while Mexico City site reaches values around 45 kW.

The matrix “X” and the vector “y” from Equation (3) are shown in Equation (8).

X =
[

Solar radiation Temperature Wind speed Time
]

y = [Electric Power]
(8)

By using the same variables from both locations, the aim is to achieve an acceptable statistical
estimation of the electric power even if those variables are gathered from distant geographic areas.

3. Results and Discussion

3.1. Hermosillo Site

Figure 3 shows the geographical zone where Hermosillo Site (HS) is located. This site covers a
period data of 6 months. Figures 4–7 depict the dispersion graphic and fitted curve for each input
variable against the electric power. In Tables 2 and 3, the monthly and total results of the characteristic
equations for each fitted curve and their determination coefficients are described, respectively.

Equation (7) is applied in order to calculate the values of θk for Hermosillo by using the Matlab R©
software. The optimal values found for θ are mentioned in Table 4 and substituted into Equation (4),
thereby obtaining its mathematical representation given by Equation (9). Figure 8 is obtained by
implementing six months of gathered data into Equation (9). It describes the behavior of the statistical
estimation (red) against the real data (green) obtained by the PV system in Hermosillo. For a better
appreciation of these results, Figure 9 shows a close-up from 24 November to 24 December 2018.
A tracing practically coincident with the rise and fall times for each day as a satisfactory reach of the
maximum and minimum values is observed.

hθ = 0.0044 + 2.2387x1 + 0.1156x2 + 0.0154x3 + 0.0022x4 (9)
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Figure 3. The geographical location of the Hermosillo Site (HS) [49] (29.0843293 N, −110.9583558 W).

Figure 4. The Power vs. Solar radiation of HS.

Figure 5. The Power vs. Temperature of HS.
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Figure 6. The Power vs. Wind speed of HS.

Figure 7. The Power vs. Time of HS.

Table 2. The fitted curve characteristic equation of every input from HS.

Month Input Variables

Solar radiation Temperature
Aug f (x) = 2.245x + 92.59 f (x) = −17.98x2 + 1274x − 20,920
Sep f (x) = 2.308x + 28.45 f (x) = −11.43x2 + 796.7x − 12,210
Oct f (x) = 2.276x + 50.32 f (x) = −8.751x2 + 556.5x − 7217
Nov f (x) = 2.326x − 29.48 f (x) = −6.074x2 + 354.8x − 3505
Dec f (x) = 2.25x − 36.17 f (x) = 0.08391x2 + 45.57x + 219.1
Jan f (x) = 2.398x + 8.88 f (x) = −2.016x2 + 144.8x − 752.7

TOTAL f (x) = 2.296x − 1.747 f (x) = −1.751x2 + 124.2x − 581.9

Wind speed Hour
Aug f (x) = −60.94x2 + 438.2x + 753.3 f (x) = −43,250x2 + 44,070x − 8893
Sep f (x) = −21.89x2 + 111.6x + 1352 f (x) = −42,970x2 + 43,290x − 8593
Oct f (x) = −20.63x2 + 118.4x + 1292 f (x) = −46,940x2 + 46,740x − 9314
Nov f (x) = 4.208x2 + 12.31x + 1348 f (x) = −50,610x2 + 50,160x − 10,180
Dec f (x) = −11.68x2 + 120.2x + 1005 f (x) = −51,600x2 + 51,860x − 10,900
Jan f (x) = −14.18x2 + 206.8x + 886.7 f (x) = −55,500x2 + 56,360x − 11,960

TOTAL f (x) = −14.47x2 + 138.7x + 1096 f (x) = −49,950x2 + 50,110x − 10,360
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Table 3. The determination coefficients (R2) of every input from HS.

Month Solar Radiation Temperature Wind Speed Hour

Aug 0.9917 0.1679 0.0541 0.9825
Sep 0.9981 0.1502 0.0242 0.9968
Oct 0.9523 0.1664 0.0380 0.9850
Nov 0.9708 0.1955 0.0135 0.9962
Dec 0.9851 0.0965 0.0136 0.8865
Jan 0.9609 0.1390 0.0565 0.9760

TOTAL 0.9532 0.1077 0.0140 0.8098

Table 4. The values of θk from HS by gradient descent.

θk HS

θ0 0.0044
θ1 2.2387
θ2 0.1156
θ3 0.0154
θ4 0.0022

Figure 8. The results obtained from HS by gradient descent.

Figure 9. A close-up of the results from HS.
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3.2. Data from Mexico City

The geographical zone of the Mexico City Site (MCS) is presented in Figure 10. The data covers a
period of 6 months. From Figures 11–14 the dispersion graphic and fitted curve for each input variable
against electric power are shown. In Tables 5 and 6, the monthly and total results of the characteristic
equations for each fitted curve and their determination coefficients are described, respectively.

Figure 10. The geographical location of Mexico City Site (MCS) [50] (19.5099425 N, −99.1317477 W).

Figure 11. The Power vs. Solar radiation of MCS.
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Figure 12. The Power vs. Temperature of MCS.

Figure 13. The Power vs. Wind speed of MCS.

Figure 14. The Power vs. Time of MCS.
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Table 5. The fitted curve characteristic equation of every input from MCS.

Month Input Variables

Solar radiation Temperature
Jul f (x) = 53.58x + 135 f (x) = −20.07x2 + 3392x − 44,530

Aug f (x) = 56.62x + 241.2 f (x) = −43.78x2 + 4162x − 51,030
Sep f (x) = 59.48x + 245.7 f (x) = 9.184x2 + 1875x − 25,960
Oct f (x) = 57.58x + 189.8 f (x) = −6.143x2 + 2115x − 18,990
Nov f (x) = 57.64x + 1.454 f (x) = −132x2 + 5978x − 36,790
Dec f (x) = 53.52x − 7.362 f (x) = −104.9x2 + 4312x − 18,320

TOTAL f (x) = 56.75x + 65.85 f (x) = 31.9x2 + 203.1x + 2471

Wind speed Hour
Jul f (x) = −173.8x2 + 531.6x + 20,420 f (x) = −584,100x2 + 632,300x − 137,600

Aug f (x) = −157.7x2 + 325.2x + 21,850 f (x) = −599,500x2 + 649,400x − 141,400
Sep f (x) = −156.4x2 + 459.8x + 19,960 f (x) = −632,500x2 + 686,200x − 153,700
Oct f (x) = −113x2 + 47.06x + 23,490 f (x) = −693,400x2 + 735,600x − 159,300
Nov f (x) = 66.96x2 − 1894x + 28,680 f (x) = −918,400x2 + 908,400x − 181,500
Dec f (x) = 44.08x2 − 706.9x + 22,910 f (x) = −837,800x2 + 843,100x − 175,100

TOTAL f (x) = −130.7x2 + 61.23x + 22,720 f (x) = −617,100x2 + 650,100x + 136,600

Table 6. The determination coefficients (R2) of every input from MCS.

Month Solar Radiation Temperature Wind Speed Hour

Jul 0.9997 0.4952 0.0295 0.6032
Aug 0.9990 0.3261 0.0214 0.5652
Sep 0.9950 0.3684 0.0093 0.5014
Oct 0.9923 0.2148 0.0177 0.5803
Nov 0.9995 0.1674 0.0320 0.8684
Dec 0.9995 0.1440 0.0015 0.8865

TOTAL 0.9989 0.2052 0.0178 0.5725

The determination coefficient values for Mexico City are found applying the same procedure used
in the case of Hermosillo, as shown in Table 6. Analogous to the case from Hermosillo, the coefficients
θ for Mexico City data and its mathematical representation are displayed in Table 7 and Equation (10),
respectively. Figure 15 shows a six months estimation result (red) against the real data behavior (green)
from Mexico City. In order to a better appreciation, Figure 16 shows a close-up of Figure 15 covering
the same period as that in the case of Hermosillo. The estimation result matches with the rise and fall
times of the real power.

hθ = 0.1005 + 55.9815x1 + 2.2910x2 + 0.1290x3 + 0.0533x4 (10)

Table 7. The values of θk from MCS by gradient descent.

θk MCS

θ0 0.1005
θ1 55.9815
θ2 2.2910
θ3 0.1290
θ4 0.0533
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Figure 15. The results obtained from MCS by gradient descent.

Figure 16. A close-up of the results from MCS.

3.3. Error Analysis On-Site

As seen in Section 1 and according to Reference [51], the output power of a PV array greatly
depends, among other parameters, on solar radiation; however, this variable has an intermittent nature
and suffers from rapid fluctuations. In Reference [41,51], the above is considered and some parameters
besides the solar radiation such as clear sky or weather data are added; nonetheless, for these cases,
the solar radiation is either the estimated output or an estimated input, contrary to this paper where
this variable is measured on-site.

Each coefficient θk from Equations (9) and (10) represents the characteristic magnitude of its
respective input variable xk. Its quantity values prove the influence in the mathematical model
approximation, establishing an existing relationship between the meteorological variables involved
and (responsible for solar fluctuations) the power output.
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Comparing Figures 9 and 16, an adequate behavior is observed between both results, achieving a
valid statistical estimation. Regardless of the amount of stored data, similar outcomes were obtained
from both locations.

This statement is mathematically proved through the correlation and error analysis.

3.3.1. Correlation Analysis

According to Section 2.1, the smaller an error between the estimation and real data, the greater
the determination coefficient will be. Figures 17 and 18 show the dispersion graphic of the estimation
against the real electric power for Hermosillo and Mexico City respectively. Moreover, in Table 8,
the monthly and total fitted curve characteristic equation and determination coefficients for both cases
are displayed.

Figure 17. The estimated vs. real photovoltaic power of HS.

Figure 18. The estimated vs. real photovoltaic power of MCS.
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Table 8. The monthly and total fitted curve characteristic equation and determination coefficient values
of estimation for both locations.

Location Month Fitted Curve R2

Aug f (x) = 1.005x + 84.92 0.9916
Sep f (x) = 1.032x + 20.92 0.9981
Oct f (x) = 1.031x + 44.45 0.9877

HS Nov f (x) = 1.022x − 29.74 0.9926
Dec f (x) = 1.05x − 37.57 0.9849
Jan f (x) = 1.009x + 6.707 0.9982

TOTAL f (x) = 1.025x − 4.633 0.9763

Jul f (x) = 1.003x + 91.51 0.9989
Aug f (x) = 1.01x + 184.3 0.9961
Sep f (x) = 0.9843x + 525.7 0.9946

MCS Oct f (x) = 1.003x + 140.6 0.9997
Nov f (x) = 1.007x − 40.05 0.9982
Dec f (x) = 1.004x − 44.28 0.9995

TOTAL f (x) = 1.014x + 19.18 0.9966

Both statistical models estimate favorably the real electric power for each tested day as we can
observe through the values in Table 8. A great closeness can be confirmed between the estimation and
the real data for each location, which shows that the implementation of a gradient descent optimization
achieves a satisfactory result.

3.3.2. Error Analysis

The less the difference between the estimated and the real value, the better the estimation. Two
kinds of errors were applied, where “Pm” was the measured power, “Pe” was the estimated power, “s”
was the sample in consideration, and “N” was the total amount of samples. The first one was called
Mean Absolute Error (MAE) defined by Equation (11) and was used as a standard statistical metric to
measure the model performance in meteorology, air quality, and climate research studies [42,51,52].
The second one was the percentage of the MAE known as Mean Absolute Percentage Error (MAPE)
defined by Equation (12).

Given that the results shown in Figures 9 and 16 resemble a sinusoidal behavior, (Pm − Pe) /Pm

does not present the real error between both signals. Considering Figure 19a, if the measured value is
on a high level, then the rate between the Pm − Pe and Pm values will be low; however, if the measured
value is on a low level, then the same rate will be high or close to 1, as seen in Figure 19b. According to
this, the rate is changed regarding the full range of the measured signal (max-min) instead in order to
obtain a reliable value. Equation (13) represents the modified MAPE.

MAE =

N
∑

s=1
|Pm − Pe|

N
(11)

MAPE% =

N
∑

s=1

∣∣∣ Pm−Pe
Pm

∣∣∣
N

· 100 (12)

MAPE(range)%
=

N
∑

s=1

∣∣∣ Pm−Pe
max(Pm)−min(Pm)

∣∣∣
N

· 100 (13)

With respect to the data from HS and MCS, Table 9 shows the values of the errors mentioned in
Equations (11) and (13).
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Figure 19. The difference errors between the high and low values: (a) Error value when measured data
is high; (b) Error value when measured data is low.

Table 9. The error values between the estimated and real data.

Location Month MAE MAPE (Range)

Aug 299.7928 W 11.9436%
Sep 203.7386 W 7.5643%
Oct 267.9841 W 9.2382%

HS Nov 138.1913 W 5.1418%
Dec 178.9316 W 7.0381%
Jan 184.5001 W 6.7978%

TOTAL 200.0924 W 6.8859%

Jul 590.6460 W 1.0480%
Aug 1192.3 W 2.0392%
Sep 726.2990 W 1.2646%

MCS Oct 741.8355 W 1.2660%
Nov 741.4300 W 1.3534%
Dec 812.8113 W 1.7237%

TOTAL 1130.4 W 1.9291%

Table 9 shows the errors for both locations, where the MAE result values for HS have a range
from 138.1913 W to 299.7928 W and an overall of 200.6071 W. Considering MCS, its MAE goes from
590.6460 W to 1192.3 W, with an overall of 1130.4 W. From these results we can highlight that the
values are low according to the total value range for each location, being up to 2500 W and 45 kW for
HS and MCS, respectively. This statement is proven by column 4 from Table 9, achieving a MAPE of
6.9036% in general for HS; meanwhile, for MCS, its respective results is a MAPE of 1.9291%. The above
demonstrates the estimation robustness of the statistical model.

4. Conclusions

A gradient descent method was used to calculate, through a characteristic equation,
the relationship between several variables which can be easily computed using quantitative data.

The results showed that solar radiation and daylight time are relevant in estimating the electric
power, with solar radiation being the one with the most influence over the photovoltaic power
generation; nonetheless, temperature, wind speed, and daylight hour affect this process, with their
inclusion being fundamental in the analysis to achieve a proper electric power estimation.

According to Figures 9 and 16, an acceptable approximation between the statistical simulation
results and real-time power generation has achieved. This is proven both by Table 8, where 97.63% of
the estimation results matches with the real data for HS and 99.66% match for MCS, and by Table 9,
achieving overall error values no greater than 7% and 2% for HS and MCS, respectively. An observable
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relationship between the determination coefficient values and error results is clear, concluding that the
percentage error will be lower while R2 is higher.

Several causes could perturb the correlation, resulting in a wider dispersion, with the weather
conditions as the most important for this study. Contrary to Mexico City, Hermosillo has abrupt
changes in climate throughout the year, reaching temperatures around 50 ◦C and 0 ◦C in summer and
winter, respectively, as well as sudden weather changes from a sunny day to a cloudy or even a rainy
day within hours.

However, according to the above and even if the results have a satisfactory behavior, by definition,
a statistical estimation will always have an error value. Nevertheless, these error values can be reduced,
increasing the gathered input data or by other alternative methods such as intelligent systems which
have proven to be an efficient methodology [53–56]. The above will be discussed elsewhere.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
CSP Concentrated Solar Power Plants
GDO Gradient Descent Optimization
HEI Higher Education Institutions
HS Hermosillo Site
kWh/m2 Quantity of kilowatts during an hour striking a squared meter area
LSR Least Square Regression
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MCS Mexico City Site
PV Photovoltaic
SHC Solar Heating and Cooling
W Watt. It is a unit of power defined as a derived unit of 1 joule per second (J/s)
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Abstract: This paper proposes a robust strategy to select the load identification features, which is
based on particle resampling to promote the performance for the successive load identification. Firstly,
the sliding window incorporated with the bilateral cumulative sum control chart (CUSUM) method is
utilized to obtain the load event. Then, the minimum inner-class variance, using the time-serial data,
is introduced to judge the happened time as precise as possible, thus marking the changing point
of the state of load for the following feature extraction. Due to the fluctuating data of current and
voltage sampled by the monitoring device, the particle resampling method, containing the importance
principle, is applied to find the steady and effectiveness point, ensuring that the obtained features
have the desired fit with its actual features. The fitness measurement is then carried out by using
the 2-D fuzzy theory. Finally, the proposed method was tested on the real household measurements
in the labs. The result demonstrates an improvement in obtaining the desired load features when
applied to the real household for the following load identification.

Keywords: resampling; feature extraction; non-intrusive load monitoring

1. Introduction

Recently, non-intrusive load monitoring (NILM) has gained major attention in the research field
of smart grid [1], which aims to separate household energy consumption data collected from a single
point of measurement into appliance-level consumption data. Since this technology was invented by
George W. Hart et al. [2] in the early 1980s, non-intrusive load monitoring has been considered as a
low-cost alternative to attaching individual monitors on each appliance, in contrast to the intrusive
load monitoring method. In addition, it can provide information, such as energy usage, the state of the
device, and so on. Up to now, the technology of NILM is becoming the state-of-the-art in the field of
smart grid, which is built on signal processing, pattern recognition, and such deep learning algorithms
for recognizing the power consumed in a household.

In general, the existing NILM methods can be divided into two main categories: event-based and
non-event based [3]. The event-based approaches attempt to detect the changes of the state according
to the significant change in power and then the features are obtained according to the changes in states.
The recognition of appliances is then carried out by using a method, like the matching method and
the clustering method, which is modeled by the real appliance recorded in the database. Non-event
based NILM approaches are related to the machine learning from the big data collected by the single
appliance or mixture of appliances during their working. However, the fundamental principle of load
identification is dependent on the extraction of a stable and reliable load feature.

Load feature, also named load signature, is often represented during the appliance’s work,
including the start, running, and the stop state. Generally speaking, the feature of the start state
and the stop state is the most remarkable during the extraction of the load feature. In the literature,
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the feature extraction stage can judge the algorithm type of the appliance, such as the transient
state features-based algorithms and the steady state features-based algorithms [4–6]. Chang and
Lian [7] adopted the wavelet transform coefficients (WTCs) to get the turn-on/off transient signal
identification of load events. Similarly, a multi-resolution S-transform-based transient feature extraction
scheme was proposed and presented in [8]. However, transient state features were obtained only if
the sampling frequency exceeded 1000 Hz [9]. Taking into account the implementation, the steady
state features-based algorithms seem to be more economical than the transient state features-based
algorithms. Dinesh and Perera proposed a feature extraction method in [10] by using a modified mean
shift algorithm at a low sampling rate. In [11], Leen’s team shared a modified version of the chi-square
goodness-of-fit test for event detection and getting the load features. Moreover, there are also many
other methods based on stable load characteristics [12].

Those works above, however, almost all focused on the local information of the load during
its turning on or off. The features extracted by the existing methods might not reach satisfactory
predictive performance for load identification. Hence, in this paper, a particle resampling algorithm is
proposed to select the desired load identification features, and then using the fuzzy theory, the method
is tested with real data. The results showed that the proposed method that employed the steady state
of load signatures, such as active power and reactive power, can identify the load accurately during
load disaggregation.

The rest of the paper is organized as follows: Section 2 provides the proposed method, Section 3
describes the NILM platform in this work and the experimental results, and, finally, Section 4 concludes
the paper.

2. Materials and Methods

This section mainly describes the materials and methods used for selecting the desired features
and their evaluation. Generally speaking, the load identification method structure mainly consisted
of the following three parts: (1) event detection, (2) feature extraction, and (3) fuzzy evaluation and
identification. In this work, we mainly focused on feature extraction, and the whole framework is
illustrated in Figure 1. In the event detection, the bilateral cumulative cum control chart (CUSUM)
algorithm, combined with minimum inner-class variance rule method, was used to ensure that the
load events and the change points were detected accurately. According to these change points,
the resampling method was introduced to avoid the influence by the fluctuations of the voltage and
current. Besides, the extracted features were validated by using the fuzzy evaluation, and, thus, can be
applied to load identification. And then, the work is described as follows.
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Figure 1. The method structure.
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2.1. Event Detection Algorithm

Load event, which is defined as changes in load characteristics caused by switching on/off or state
changes of individual devices [13], is the first and significant step in the load identification. In practical
applications, the reliability and accuracy of event detection could be affected by the unpredicted
switching and the interference of voltage and current fluctuations. In this paper, a non-parametric
cumulative sum control chart (CUSUM) event detection algorithm was used for load detection.
This method accumulates the sample data as well as the small deviation of the process. Since the
accumulated value is significantly higher, a load event occurs. In addition, the method can be extended
to the algorithm bilateral CUSUM due to the fact that the load events about turning on and turning off
usually happened in pairs.

Let the time series of extracting load data be X = {x (k)}, k = 1, 2, . . . The statistic function in
nonparametric bilateral CUSUM algorithm is defined as:

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩
f+0 = 0
f+k = max

(
0, f+k−1 + xk − (μ0 + θ)

)
f−0 = 0
f−k = max

(
0, f+k−1 − xk + (μ0 − θ)

) , (1)

where μ0 is the average value before the occurrence of the load event, θ is random noise introduced
from outside, and fk+ and fk− are the random variable with 0 being the mean (i.e., random fluctuations
around zero). When the load is turning on, xk will increase and fk+ will have an increasing trend.
On the contrary, the load when turned offwill make fk− decrease. So the load event can be detected
when the change exceeds the threshold h. Usually, the threshold h is set according to the lowest power
value of the load.

To make the Equation (1) more understandable, Figure 2 gives a detailed description of the
CUSUM. The load is a continuous change on the time axis, i.e., the mean μ0 in the Equation (1) is
changed with time. The sliding window model was then constructed to constrain the accumulated sum
to ensure the load event was acquired accurately. So the W1 window and W2 window were modeled in
this paper. The W1 window was used to calculate the mean value μ0 of the sampling sequence. The W2
window was considered as the basis for judging whether a load event has occurred. From Equation (1),
the value of fk+ in window W2 gradually accumulates when the value of xi increases. So when fk+

exceeds a certain threshold h, the load occurs. On the contrary, the value of fk+ in window W2 fluctuates
within a small range if no load event is detected. In this case, the W1 and W2 windows slide to the new
sampling point and continue to detect.
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Event 2 detected

Sampling time nk=n k=k+LA k=k+LAk=nk=k+LAk=n

W1 W2
W2W1

W1

W1

W1

W1

W2

W2

W2

W2

 
Figure 2. Two-sided cumulative sum control chart (CUSUM) algorithm sliding window model.
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Considering that the threshold h is a global parameter, it is usually determined by the minimum load
characteristic value. Therefore, to reduce the influence of the manually set threshold h, the minimum
inner-class variance rule can be taken as the change point detection method. In the load event detection
window, the active power data samples are classified into two categories: class C0 {x1, x2, . . . , xk} and
class C1 {xk+1, xk+2, . . . , xV}, where V is the sample length in the window, let:

m(C0) =
1
k

k∑
i=1

xi and (2)

m(C1) =
1

V − k

V∑
i=k+1

xi. (3)

When the objective function

min
k

k∑
i=1

(xi−m(C0))
2 +

V∑
i=k+1

(xi −m(C1))
2, (4)

reaches the minimum and |m(C1) − m(C0)| is greater than the set active power change value, the time of
the change point could be found.

2.2. Identification Feature Extraction and Resampling

Since the change point was found by the above method, the feature of the load could be obtained by
using the load characteristics of the changes [14]. Usually, the load event is determined based on physical
changes in current, voltage, and other power information. Therefore, the load characteristics of these
changes can be considered as the characteristics of the switching of the electrical device. For example,
Figure 3 illustrates three types of load, named resistive load, capacitive load, and inductive load, which
have different current phases for their capacitive reactance and opposite impedance performances.
We can figure out the active power P by the voltage U, current I, and their phase difference ϕ that:

P = UIcosϕ. (5)

Similarly, the reactive power Q can be described as:

Q = UIsinϕ. (6)

Active power and reactive power can be calculated by Equations (5) and (6), and they can
distinguish between the different types of loads according to their values. Moreover, active power and
reactive power can be captured by low-frequency meters. In this paper, active power P and reactive
power Q were adopted as the features.

u

1
2 3

Voltage

Capacitive load current

Resistive load current

Inductive load current

Figure 3. Current of the linear load.
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In order to clearly illustrate the extraction of the load features, including the active and reactive
characteristics, let P(t) denote the active power variation with time t for an example. Usually, it is
statistically stable. However, once the load changes the status, the P(t) may undergo large changes at
that time. So, the difference of P can represent the change of the status of the device, thus the value of
P(t) can be disaggregated. Here, we denote the ΔP = P(t + Δt) − P(t) as the difference of P, and the P(t)
satisfies the condition as follows:

min

∣∣∣∣∣∣P(t) − m∑
i=1

ai(t)Pi

∣∣∣∣∣∣
min
Δt=T

∣∣∣∣∣∣P(t + Δt) − m∑
i=1

ai(t + Δt)Pi

∣∣∣∣∣∣
, (7)

where P(t) is the active power at time t; m is the total number of load in the database; ai is the mark of
the state of load, where ai = 1 indicates the running state and ai = 0 means turned off; and T is the
time interval.

Similarly, the reactive characteristic (or called the difference of Q) ΔQ = Q(t + Δt) − Q(t) at time t
satisfies the condition as follows:

min

∣∣∣∣∣∣Q(t) − m∑
i=1

ai(t)Qi

∣∣∣∣∣∣
min
Δt=T

∣∣∣∣∣∣Q(t + Δt) − m∑
i=1

ai(t + Δt)Qi

∣∣∣∣∣∣
. (8)

From Equations (7) and (8), it can be observed that the extraction of load characteristics from
power load switching is related to the time of change point, i.e., the time interval T.

Although the change point is found according to the rules of the minimum inner-class variance,
the voltage and current fluctuations make it difficult to determine this time interval T. Usually, the
different time T can obtain the different P and Q features. In some papers [15–17], the time T is selected
as the point after the change point. For some situations, the changes in P and Q may mismatch the
load during load identification. So, in this paper, the importance resampling method was proposed to
avoid the uncertainty of time interval T and the influence of power load information fluctuation.

The resampling algorithm is often used to solve the sequential importance sampling algorithm [18].
At present, there are many kinds of resampling algorithms [19,20]. In this paper, the importance
resampling algorithm is adopted.

To further explain, Figure 4 describes the process of resampling. It can be seen that this method
regards the characteristics at each time as a particle and resamples the importance of each particle
according to the distribution of particles before and after the change point. The specific process is
as follows:

Step 0: Assuming that the load is put into operation, the change point time t is obtained. Let k = 0,
which randomly gets N particles after the current time t and before the next change point, and initializes
each particle xi with equal weight ω̃k(xi), i = 1, . . . , N.

Step 1: Importance sampling is used to distribute the weight of each particle. For each particle
i = 1, . . . , N, estimate the weight of importance ωk according to the degree of center deviation:

ωk(xi) = 1/
∑
y∈Ω

‖xi − y‖2 , (9)

where Ω is the particle set. And we normalize Ω to get new weight ω̃k(xi).
Step 2: We discard those particles with smaller weights and substitute sampling near the particles

with larger weights.
Step 3: Set k→ k + 1 and repeat the process of Step 1 and Step 2 to minimize the variation of

variance in particle set Ω.
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Step 4: We differentiate the current load characteristics in the particle set from the previously
recorded load characteristics to extract the load variation characteristics.

Current particles

Compute weights
Resampling

Move particles

Figure 4. Process of resampling.

2.3. Fuzzy Evaluation Method

It is necessary to propose an evaluation method based on fuzzy membership after the identification
features obtained by using the resampling method. The concept of the fuzzy set was first introduced
in [21]. Fuzzy theory is a kind of transaction that copes with the concept of uncertainty through
membership degree [22]. So, it can evaluate the relationship between load identification features and
real load characteristics in the database. Considering the use of P and Q features as identification
features, the 2-dimension fuzzy set are used in this paper.

Suppose that there are n loads, A1, A2, A3, . . . , An, with two evaluation factors, active power
(f 1) and reactive power (f 2). Consider m linguistic hedges Ψ. Note that it is possible to consider
an objective application between the finite chain L and the ordinal scale Ψ, which keeps the order.
Thus, each normal convex fuzzy subset defined on the ordinal scale Ψ can be considered as a discrete
fuzzy number with the support L, L = {1, 2, . . . , m}. Then the following data can be set for the load
Ai (i = 1, 2, . . . , n):

Ai =

(
Ai1
Ai2

)
=

(
xi11 xi12 · · · xi1m
xi21 xi22 · · · xi2m

)
, (10)

where Ai1 and Ai2 are two discrete fuzzy numbers of the metric feature, m is the evaluation coefficient
level, and xijk is the evaluation factor of the object Ai (i = 1, 2, . . . , n).

Then, the mean value can be worked out as μ(Aij) =
m∑

k=1
xijk · k/

m∑
k=1

xijk . Let elements in K be

the number (or numbers) that is (or are) closest to the mean value μ(Aij) in L = {1, 2, . . . , m}, i.e.,

K =
{
k ∈ L :

∣∣∣k− μ(Aij)
∣∣∣ ≤ 0.5

}
. It is obvious that the number of the elements of K can only be one or

two. Then the following method can be given to construct one-dimensional discrete fuzzy number
uAij : R→ [0, 1] for any i = 1, 2, . . . , n and any j = 1, 2.

As K only has one element (denoted by k0), uAij can be defined as:

uAij(x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1− 1−uAij

(
li j

)
k0−li j

(k0 − x), x ∈
[
li j, k0

]
∩ L

1 +
1−uAij (li j)

k0−li j
(x− k0), x ∈

(
k0, li j

]
∩ L

0 otherwise

. (11)
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As K has two elements (denoted by k0 and k0 + 1), uAij can be defined as:

uAij(x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1− 1−uAij

(
li j

)
k0−li j

(k0 − x), x ∈
[
li j, k0

]
∩ L

1, x = k0, k0 + 1

1 +
1−uAij (li j)

k0+1−li j
(x− k0 − 1), x ∈

(
k0 + 1, li j

]
∩ L

0, otherwise

, (12)

where li j = min
{
k
∣∣∣∣xijk � 0, k = 1, 2, · · ·m

}
, li j = max

{
k
∣∣∣∣xijk � 0, k = 1, 2, · · ·m

}
, uAij(li j) = xijli j /

m∑
k=1

xijk ,

uAij(li j) = xijli j
/

m∑
k=1

xijk , and i = 1, 2, . . . , n, j = 1, 2. We stipulate that
(
1− uAij

(
li j

))
/
(
k0 − li j

)
= 0 as

k0 = li j,
(
1− uAij(li j)

)
/
(
k0 − li j

)
= 0 as k0 = li j, and

(
1− uAij(li j)

)
/
(
k0 + 1− li j

)
= 0 as k0 = li j − 1 in

Equations (10) and (11).
Then, we can construct the two-dimensional unite discrete fuzzy number uAij of uAij and uAij to

express device Ai according to uAi(X) = uAi(x1, x2) = min
{
uAi1(x1), uAi2(x2)

}
for any X = (x1, x2) ∈ R2

(i = 1, 2, . . . , n). Next, the centroid can be calculated based on the resulting matrix:

C = (c1, c2) =
m∑

i=1

u(Xi)Xi/
m∑

i=1

u(Xi) . (13)

In order to obtain the final evaluation value, it is necessary to combine the ratios of the two criteria
of the centroid p = (p1, p2), where p1 and p2 describe the importance of the features of the centroid
counterpart. Considering that the combination of the centroid and weight is more conducive to the
comprehensive evaluation of the possibility of the category, the metric can be established as follows:

v = p1c1 + p2c2. (14)

Finally, through comparing the v values of different objects, the actual object, which has the
highest evaluation value, is found. Therefore, if the obtained load identification features had the largest
evaluation value, the actual object was determined.

3. Experiments and Results

This section describes the experimental procedure and discusses the obtained results for
demonstrating the efficiency of our method. Electrical characteristics, such as current and voltage,
of the home were obtained through the monitoring device that was installed at the power inlet of the
experimental resident user.

3.1. Laboratory Validation

The experiments used five devices, including a rice cooker, microwave oven, induction cooker, air
conditioner, and kettle. Firstly, the individual device underwent the state of turning on and turning
off several times, as seen in Figure 5 for an example. Then, the active power and reactive power
were obtained through data statistical analysis, as shown in Table 1. Finally, these load features were
recorded in the MySQL database. Meanwhile, the threshold was h = 350, the minimum change load
active power was 100 watts, and the event detection window length was 20 sample points for the load
event detection in this example.
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Table 1. Household load power information. P: the active power; Q: the reactive power.

Devices P/W Q/Var Mean of P/W Mean of Q/Var

Induction cooker 1556.8–1622.1 54.5–63.5 1586.1 54.8
Kettle 1397.6–1429.4 −20.4–−2 1405.2 −8.6

Rice cooker 584.3–600.3 −8.5–1.9 594.6 −2.8
Air conditioner 435.9–516.9 −192.8–−145.1 467.3 −173.3

Microwave oven 1170.5–1223.6 −272.9–−196.2 1207.9 −221.6

 
(a) 

 
(c) 

 
(e) 

 
(b) 

 
(d) 

0 10 20 30 40 50 60 70 80 90
0

500

1000

1500

2000

Sampling point/n

A
ct

iv
e 

P
ow

er
/W

 

 

Induction cooker

0 10 20 30 40 50 60 70 80 90
220

240

260

280

300

Sampling point/n

R
ea

ct
iv

e 
P

ow
er

/V
ar

0 20 40 60 80 100 120 140 160 180
0

200

400

600

800

Sampling point/n

A
ct

iv
e 

P
ow

er
/W

 

 
Rice cooker

0 20 40 60 80 100 120 140 160 180
200

210

220

230

240

Sampling point/n

R
ea

ct
iv

e 
P

ow
er

/V
ar

0 10 20 30 40 50 60 70 80 90
0

500

1000

1500

Sampling point/n

A
ct

iv
e 

P
ow

er
/W

 

 

Microwave Oven

0 10 20 30 40 50 60 70 80 90
-500

0

500

Sampling point/n

R
ea

ct
iv

e 
P

ow
er

/V
ar

0 50 100 150 200 250 300
0

500

1000

1500

Sampling point/n

A
ct

iv
e 

P
ow

er
/W

 

 

Kettle

0 50 100 150 200 250 300
215

220

225

230

235

Sampling point/n

R
ea

ct
iv

e 
P

ow
er

/V
ar

0 20 40 60 80 100 120
0

200

400

600

Sampling point/n

A
ct

iv
e 

P
ow

er
/W

 

 

Air conditioner

0 20 40 60 80 100 120
0

100

200

300

Sampling point/n

R
ea

ct
iv

e 
P

ow
er

/V
ar

Figure 5. Active and reactive power diagrams of different devices: (a) induction cooker, (b) kettle,
(c) rice cooker, (d) air conditioner, and (e) microwave oven.

Figure 6 shows the above load during its state of turning on and/or turning off in the actual test.
The order sequence is air conditioner on, induction cooker on, kettle on, microwave oven on, rice cooker
on, then kettle off, induction cooker off, microwave oven off, rice cooker off, and air conditioner off,
respectively, as shown in Table 2. Table 3 shows the timing of the change point obtained by the original
CUSUM load event detection [23]. It can be seen that there was a certain multi-detection phenomenon
due to the increase slowly of active power after turning on the air conditioner. Nevertheless, our
method could detect this type of load and could get better result accuracy, as shown in Table 4. So the
resulting change points is approximated by the real-time change points.
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Figure 6. The active and reactive power during the load turning on or off.

Table 2. The description of the load event for the test.

Order Sequence Event Description

A Air conditioner on
B Induction cooker on
C Kettle on
D Microwave oven on
E Rice cooker on
F Kettle off
G Induction cooker off
H Microwave oven off
I Rice cooker off
J Air conditioner off

Table 3. Load event change point obtained by the original CUSUM method.

Devices On Change Points Devices Off Change Points

Air conditioner 93, 98, 105 Air conditioner 773, 778
Induction cooker 178 Induction cooker 552

Kettle 248, 253 Kettle 402, 409
Microwave oven 308, 313 Microwave oven 608

Rice cooker 333, 343, 353, 362 Rice cooker 647

Further, Table 4 shows the difference of P and Q in the case of the time interval T = 1, using the
change point detected by our method. It was found that the obtained load identification features had
a certain distance from the corresponding actual load characteristic information shown in Table 1.
In particular, the active power with slow increases, such as the air conditioner, greatly differed from the
actual characteristic values, which may fail to identify the load. In addition, these loads have different
load characteristics between on and off, such as electric kettles and induction cookers. In this paper,
the particle resampling algorithm was used to extract features. By retaining the particles with larger
weights, some off-center particles were discarded and the best load characteristics could then be found.
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Table 4. Differences on the load switching point.

Devices State Change Point Difference of P/W Difference of Q/var

Air conditioner
on 103 26.1 −8.4
off 774 −500.07 146.66

Induction cooker
on 178 1562 51.2
off 552 −1635 −86.51

Kettle
on 250 1566 −14.1
off 406 −1211 18.5

Microwave oven
on 310 755 −291.86
off 608 −1279 66.9

Rice cooker
on 362 523 −2.7
off 647 −614.6 16.43

Taking the air conditioning load switching on and off as an example, Figure 7 shows the whole
process of particle resampling. It can be seen that, in Figure 7a,b, there are a few particles far away
from the center point obtained by the whole particles and that the distribution is not uniform. So, these
particles can be replaced by the resampling method, as seen in Figure 7c,d. These particles almost
converge to a state after resampling. In order to describe the state clearly, Table 5 illustrates the
fluctuation range of active power and reactive power. After resampling, the fluctuation range is lower
than before resampling. So, the load feature can be obtained properly. Here, we used the difference of
the center of resampling particles after the device was switched on and the center of the resampling
particles before the device was switched on as the load feature. Finally, the obtained active power was
462.17 W and the reactive power was −150.55 Var. Referring to Table 1, it can be found that the value
of the obtained active power and reactive power was in the range of air conditioning, rather than the
range of other devices. So we can easily identify this device.
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Figure 7. Cont.
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Figure 7. Air-conditioning resampling process: (a) particles before resampling (before change point);
(b) particles before resampling (after change point); (c) particles after one resampling (before change
point); (d) particles after one resampling (after change point); (e) particles after resampling (before
change point); and (f) particles after resampling (after change point).

Table 5. Air conditioning load switching and resampling results.

Scenes
Before Device

Turning on P/W
After Device

Turning on P/W
Before Device

Turning on Q/Var
After Device

Turning on Q/Var

Before resampling 48.1–68.9 374.3–558.3 147.1–247.6 76.5–141.2
After one resampling 52.8–68.9 505.1–558.3 227.8–247.6 76.5–109.2

After resampling 60.5–71.6 513.8–540.5 226.5–246.0 80.7–89.8

In addition, Table 6 shows the obtained P and Q features using our method. It can be seen that the
value of P and Q had a better correlation with the load features in Table 1. Notably, the obtained value
did not change the sign if the status of the load was turning off.

Table 6. Load characteristic information after resampling.

Turn on P/W Q/Var Turn off P/W Q/Var

Event A 461.2 −150.6 Event F −1325.5 −29.8
Event B 1622.2 46.7 Event G −1568.6 −54.92
Event C 1410.0 −25.3 Event H −1242.2 119.9
Event D 975.4 −283.6 Event I −609.6 1.3
Event E 687.7 33.5 Event J −556.0 156.77
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In order to verify the effectiveness of the above-obtained features, here, an induction cooker,
a kettle, an air conditioner, a rice cooker, and a microwave oven are represented by A1, A2, A3, A4,
and A5. In addition, nine levels of fuzzy language are used for active and reactive features:

Ψ= {EB, VB, B, MB, F, MG, G, VG, EG}, (15)

respectively, denoted as extremely bad, very bad, bad, more or less bad, fair, more or less good, good,
very good, and extremely good, and they are linked to the finite chain L = {1, 2, . . . , 9}. According to
the previous two-dimensional fuzzy membership evaluation method, the results of the final evaluation
are shown in Table 7. It is not difficult to see that the load characteristics obtained after the load event
detection could basically match the actual switched electrical equipment.

Table 7. The value of 2-D fuzzy membership about each event.

Event Induction Cooker Kettle Rice Cooker Air Conditioner Microwave Oven

A 3 4 6 8.69 4.43
B 8.17 6.06 3.78 3.01 4.30
C 5.48 8.24 5.50 4 5.5
D 5 5.5 5.22 5.5 7.57
E 5.70 4.64 6.92 4.85 3.5
F 5.57 7.46 5.42 4.13 5.63
G 8.72 6.02 3.59 3 4.10
H 4.89 6.5 4.5 5.34 7
I 4.18 6.16 8.95 5.82 3.68
J 3.5 4 6.54 8.25 5

3.2. Validated on REDD

The reference energy disaggregation dataset (REDD) is a freely available data presented by
J. Z. Kolter and M. Johnson [24]. The REDD contains detailed power usage information from several
homes, which provides circuit-level data, rather than plug-level data. Here, we used it for demonstrating
the performance of the event detection and feature extraction.

3.2.1. Event Detection

This part presents the performance of the proposed bilateral CUSUM event detection method and
makes a comparison with the original CUSUM method over the REDD. In this work, the confusion
matrix-based metrics are taken as the evaluation metric [25]. So, the detection events were divided
into four categories: true positive (TP), true negative (TN), false positive (PF), and false negative (FN).
Only TP, FP, and FN are considered in event detection performance evaluation because TN is usually
infinite. On the basis of the confusion matrix, the evaluation can be carried out by using the following
measurements, as seen in Table 8.

Table 8. The measurements to evaluate event detection.

Symbols Math Equation Description

TPR TPR = TP
TP+FN ∈ [0, 1]

True positive rate: This is the ratio that is correctly judged to be
positive in all samples that are actually positive.

FPR FPR = FP
FP+TN ∈ [0, 1]

False positive rate: The ratio that is erroneously judged to be positive
in all samples that are actually negative.

Acc Acc = TP+TN
TP+TN+FP+FN

Accuracy: The ratio of the number of correct decisions to the total
output of the system is used to measure the frequency of correct

decisions made by the system.

Score Score = TP
TP+FP+FN

Score: This definition is meaningless in event detection as there is no
available TN count. To solve this problem, Dixon [26] proposed the

definition of score.
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Taking data from House3 in the REDD as an example, Table 9 illustrates the main metrics using
the bilateral CUSUM, original CUSUM, and BIC (Bayesian information criterion) detector [27]. This is
a day-of-event detection statistics. From the results, it can be seen that the bilateral CUSUM had
the highest Score. The original CUSUM event detection method had the highest true positive rate
(TPR), but it often had multiple FPs. The BIC detector had the lowest TPR and Score. By comparison,
the bilateral CUSUM method performed better than the other two methods.

Table 9. The performance of different event detection algorithms on the reference energy disaggregation
dataset (REDD).

Algorithm TP FP FN TPR FPR Acc Score

Bilateral CUSUM 115 1 5 95.83% -- -- 95.04%
Original CUSUM 118 35 2 98.33% -- -- 76.13%

BIC detector 108 39 12 90% -- -- 67.92%

3.2.2. Feature Extraction on REDD

The data in the REDD in House 3 contained 10 appliances: lighting2/4/5, refrigerator, furnace,
washer1/2, microwave, bathroom_gfi, and kitchen outlets2. The characteristics of a single electrical
equipment were obtained from the statistics of the information from a single channel. This paper
mainly focuses on active and reactive power information. In order to demonstrate the effectiveness of
the feature extraction method, the resampling and average value method [27] were compared. Figures 8
and 9 illustrate the two-dimensional discrete fuzzy number. It can be seen that the particles obtained
by the resampling method had higher overall accuracy in hypothesis and identification. Although the
particles selected by the average value method and resampling method had a good performance on
furnace, washer1, lighting4, and lighting5, the particles selected by the average value method made
mistakes in identifying bathroom_gfi and kitchen_outlets2 as these devices having similar features.
This demonstrates that our method has advantages in terms of feature extraction.

Figure 8. Features performance on REDD based on the average value method.
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Figure 9. Features performance on REDD based on the resampling method.

4. Conclusions and Future Works

In this paper, a load identification features selection method was proposed and validated by using
the laboratory dataset and REDD. The experiment showed that our method has the ability to extract
the desired features, which may accurately match the features of the device recorded in the database.
In the experiment, the performance of load event detection was also carried out. A bilateral CUSUM
combined with the minimum inner-class variance approach that we proposed also promoted the
detection effectiveness, especially for the climbing character of a load event. Besides, the resampling
method incorporated in our method was used to find the stable characteristics of the load event, thus
obtaining the desired features. Through the 2-D fuzzy membership measurement, it was found that
the feature extracted by the resampling method is closer to that of the actual device, and can be applied
to load identification. However, this resampling method requires a relatively stable switching period
of the device. In practice, the device being turned on or off is random, thus the obtained features may
fail to match the features of devices in the database.

In the future, the limitations mentioned above should be carefully considered. For example, some
devices have a short duration after state switching, and the corresponding steady-state time is also
very short. In this case, the method combining the transient features may work better. Moreover,
different algorithms, based on different features, may be valid for certain types of devices. Therefore, it
is necessary and feasible to integrate the proposed method with other complementary NILM models.
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Abstract: Reducing energy consumption and creating a comfortable thermal indoor environment in
rural residential buildings can play a key role in fighting global warming in China. As a result
of economic development, rural residents are building new houses and modernizing existing
buildings. This paper investigated and analyzed a typical rural residential building in the Ningxia
Hui Autonomous Region in Northwest China through field measurements and numerical simulation.
The results showed that making full use of solar energy resources is an important way to improve
the indoor temperature. Reasonable building layout and good thermal performance of the building
envelope can reduce wind velocities and convective heat loss. Insulation materials and double-glazed
windows should be used to reduce energy loss in new buildings, although it is an evolution process in
creating thermally efficient buildings in rural China. This research provides a reference for the design
and construction of rural residential buildings in Northwest China and similar areas for addressing
energy poverty.

Keywords: rural residential building; solar energy; heat transfer; wind velocities; field test and
numerical simulation

1. Introduction

Climate change has become a worldwide issue and buildings account for over 40% of global
energy consumption, a figure which is still rising [1,2]. Building sectors can potentially make significant
reductions in greenhouse gas emissions compared with other sectors. Energy efficiency in the built
environment can make great contributions to a sustainable economy [3]. In addition to minimizing
energy requirements, sustainable buildings should also be designed and constructed to reduce
water consumption, use low environmental impact materials, reduce wastage, protect the natural
environment, and safeguard human health and wellbeing [4,5]. In China, there are about 600 million
people living in rural areas. With the economic development over the last several decades, people in
these areas have been building new houses, and a great amount of energy consumption is expected
as a consequence of the growing living standard [6]. A report of building energy efficiency in rural
China by Evans et al. [7] found that most of these buildings are very energy inefficient. Shan et al. [8]
and Liu et al. [9] also reported energy and environmental situations, challenges, and intervention
strategies in Chinese rural buildings. They found that the walls are typically built of solid bricks
and single-layer glass windows with large window/wall ratios being commonly used in northern
China. The energy consumption per household in northern China can be 10 times as much as that in
southern China. Although a large amount of energy is consumed for space heating in northern China,
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the indoor thermal environment is still poor and does not meet the thermal comfort requirement of
the occupants [10,11]. Rural energy inefficient buildings, however, are not just a concern in China,
which is a developing country; as reported by Roberts et al. [12] and Bouzarovski et al. [13], the level
of fuel poverty in the United Kingdom increased rapidly from 2003 to 2010 due to the dramatic
increase in electricity and gas prices. Fuel poverty is when people are unable to adequately heat
their homes due to a lack of resources and because of the inefficiency of house insulation and heating.
Fuel poverty in China should be addressed because poor thermal comfort can lead to respiratory
problems, circulatory problems, pneumonia, etc. [14]. To increase building energy efficiency, common
measures such as the cavity wall, roof insulation, double glazing, low-emissivity glass, and draught
proofing can be used [15]. Boeck et al. [16] reviewed many methods which can be used to improve the
energy performance of residential buildings. These measures can potentially solve energy efficiency
problems in buildings; however, they need to be adapted to the local environment, building types,
and occupants’ habits. To achieve an optimal building design, the overall concept of the construction
needs to respond to the local environment and the intended use of the building. As pointed out by
Mitterer et al. [17] and Wang et al. [18], a profound understanding of the reaction of a building to the
specific climate and user’s behavior is important in holistic building climate designs.

Building form can affect energy consumption. Hemsath and Bandhosseini [19] highlighted that
the vertical and horizontal geometric proportions are sensitive factors related to building energy use.
Larger surface-to-volume ratios increase heat transfer through the building envelope by conduction
and convection. Montazeri et al. [20] conducted research on the effect of the ratio of building width
to height on the convective heat transfer coefficient at the windward facades. They found that the
convective heat transfer coefficient reduces when the building’s width/height ratio increases. It was
explained that the wind blocking effect is more pronounced for wider buildings, and the time that air
is in contact with the upstream building facades increases, which therefore decreases the temperature
difference between the air and the windward facades.

Solar radiation affects the surface temperature of walls [21], and it can be explored in building
space heating. Pisello et al. [22] continuously monitored indoor and outdoor thermal conditions in
two types of buildings which had different envelopes and a window/wall ratio of 0.17 for the south
facade. Because of the different construction of the envelopes, they found that the difference of radiant
temperature was more than 1 ◦C.

According to the climate regions of architecture in China, most areas in Northwest China are in
cold or severe cold zones with a fragile ecological environment and lagging economic development.
A large number of rural residents have built many widely distributed rural buildings, yet the design
and construction of rural residential buildings still lack the guidance of scientific theory. It is an
indisputable fact that the indoor thermal environment is poor in winter and there is high heating energy
consumption. Therefore, it is very important to understand the climate characteristics, building types,
and thermal performance of the enclosure structure in this area, which is particularly important to
improve the indoor thermal environment quality and reduce building energy consumption in rural
residential areas in the Northwest and similar areas of China.

Ningxia Hui Autonomous Region, in the hinterland of Northwest China, is located at the
intersection zone of Ningxia, Gansu, and Mongolia provinces and has climate characteristics and
residential forms typical of Northwest China [23]. Therefore, in this paper, a typical rural residential
building in Zhongwei, Ningxia was studied to show the effect of the building’s construction, layout,
occupant habits, and solar radiation on the building’s energy efficiency. The aim of the paper is to
foster an evolution process for enhancing building thermal efficiency in rural buildings. Heat flow rate
and heat flux through the building envelopes were analyzed with ANSYS finite element simulations
and field measurements. Because the convective heat transfer coefficient plays a major role in the heat
transfer of buildings, the effects of the building enclosures on the heat transfer coefficient in the rural
residential buildings were studied in this paper as well. ANSYS CFX was employed to simulate air
velocities around the building.
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2. Methods

2.1. Object Selection

During the period from 16 to 20 January 2015, we carried out a field survey targeting rural
residential buildings in the Ningxia Zhongwei areas. It was found that in the local area, there exist
two kinds of residential buildings: earth houses and brick houses, which account for 13% and 87% of
the residential structures, respectively. The survey also found that most of the new brick houses face
south, with a long east–west and short north–south layout. The outer wall is often made of 370-mm
solid clay brick, the roof is usually flat or in double slope, and most of the windows are in single frame
and made of aluminum alloy or plastics. Based on the above initial analysis, in order to investigate the
indoor thermal environment and thermal efficiency in local dwellings, a representative brick concrete
building, as shown in Figure 1, was selected in this paper for subsequent measurements and analysis.
The inside of the main bedroom was also being used as living room, as shown in Figure 2.

Figure 1. A typical residential building in Ningxia.

Figure 2. The inside situation of the main bedroom.

2.2. Data Acquisition

The outdoor measurement parameters included air temperature and solar radiation intensity,
and indoor measurement parameters included air temperature and air velocity.

The intensity of solar radiation was measured by a solar radiometer, and the measuring points
were arranged outdoors with no shelter, as denoted by the symbol “�” in Figure 3. The air temperature
was measured with a thermometer and hydrometer. The measuring points of outdoor air temperature
were under outdoor shades, and the measuring points of the indoor temperature were at 1.5 m above
the floor in the center of the room, as denoted by the symbol “ ” in Figure 3. The interior wall surface
temperature was measured by an enclosure heat transfer coefficient field detector, and the measuring
point was located at the middle of the measured wall surface, as denoted by the symbol “�” in Figure 3.
However, due to the concern that it would be inconvenient to place a hot wire anemometer in the room
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for a long time, the measurements of average wind speed were done by intermittent tests, and the
measuring point was placed at the height of 1.0 m above the floor in the center of the room, as denoted
by the symbol “⊕” in Figure 3. The monitoring period for the above measuring points was 24 h,
and the acquisition time interval was 10 min. The models and parameters of the instruments are listed
in Table 1, and the layout of the measuring points are shown in Figure 3.

Table 1. Models and parameters of the measuring instruments.

Test Instrument Type Test Parameters Range Accuracy

Solar radiometer JTDL-4 Solar radiation intensity 0–2000 W/m2 ±0.2 ◦C
Thermometer and hydrometer TESTO175-H Air temperature −20 to 70 ◦C ±0.1 ◦C

Envelope structure heat transfer coefficient detector JTNT-C Interior wall surface temperature −20 to 85 ◦C ±0.2 ◦C
Hot wire anemometer Testo425 Air velocity 0–20 m/s ±0.03%

Figure 3. Layout of the residential building.

To conduct numerical heat transfer simulations, the following material properties of the building
envelope listed in Table 2 were used. In the numerical simulations, heat transfer by convection and
conduction were considered. Heat transfers by radiation were studied by analyzing the heat transfer
rates from the measured temperature data and the simulated results.

Table 2. Thermal conductivities of materials.

Material Thermal Conductivity (W/m·K)

Solid clay brick 0.81
Mortar plasters 0.93

Glass 1.3
Door (PVC) 0.19

Air 0.024

In the convective heat transfer analysis, the convective heat transfer coefficients were affected by
the temperature difference between wall and fluid. As reported by Obyn and Van [24], the selection of
surface convective heat transfer coefficient affects the evaluation of energy consumption of buildings.
In the work carried out by Awbi and Hatton [25], convective heat transfer coefficients of buildings in
the range of 1–6 W/m2·K were obtained.

According to a number of intermittent field tests, the average wind velocity of the indoor
movement area is 0.06 m/s at maximum, far below the human body’s sensory threshold to air
(0.2 m/s). Therefore, the convective heat transfer coefficient was calculated using the free convection
method. This was also done because the measured indoor temperature was mainly in the single figures
and the mean outdoor temperature was −2.98 ◦C according to the field tests. Air properties at 0 ◦C
(273 K) were used to calculate the convective heat transfer coefficient:
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Prandtl number Pr = 0.715 μ·cp/k, thermal conductivity k = 0.0243 W/m·K, dynamic viscosity
μ = 1.720 × 10−5 N·s/m2, specific heat cp=1005 J/kg·K, and density ρ = 1.293 kg/m3.

For the vertical walls of this house, the characteristic length was 3.0 m, which was the height of
the room. Thus, the Grashof number Gr was

Gr =
ρ2L3

μ2 gβ(T − T∞) = 1.07×1010 (1)

Rayleigh number Ra is Ra = Gr × Pr = 7.63 × 109> 109 (2)

From Equation (2), the Ra is greater than 109; therefore, the flow of the air inside the room was
turbulent. The average Nusselt number Nuavg was

Nuavg = 0.677(0.952 + Pr )−
1
4 Pr

1
2 GrL

1
4 = 148.9 (3)

The average heat transfer coefficient havg was

havg =
Nuavgk

L
= 1.21 W/m2·K (4)

The calculated convective heat transfer coefficient was 1.21 W/m2·K, which was in the range of
data reported by Awbi and Hatton [25].

Based on the building layout and dimensions in Figure 3, a 2D model was created in ANSYS
software to analyze the heat flux through the building. The model is shown in Figure 4a. Because of the
thin glass panel in the windows, a mesh size of 0.006 m was used, and the ANSYS 2D plane thermal
element type 55 was used for meshing the walls, windows, and doors. The calculated convective heat
transfer coefficient of 1.21 W/m2·K was applied to the wall, window, and door surfaces. The mesh of
the internal partition wall with different material layers are shown in Figure 4b, for which there was
one layer of mortar plasters on each side of the clay brick internal wall. The external surface of the
front wall had a layer of ceramic tiles.

 
(a) (b) 

Figure 4. (a) Finite element model of the building (plan view) and (b) finite element mesh of the
internal partition wall.

To analyze heat transfer by convection and minimize heat loss via the convection mode,
the relationships between the external convective heat transfer coefficient and wind velocity were
studied. Hagishima and Tanimoto [26] measured the convective heat transfer coefficient for building
envelopes, which is influenced by wind speed. Mirsadeghi et al. [27] reviewed prediction models of
external convective heat transfer coefficients in building energy simulation programs and pointed out that
different models can result in 30% deviations in the yearly energy demand. It is recommended by Liu and
Harris [28] that the model should be used for one-story buildings; hence, it was adopted in this paper.

External convective heat transfer coefficient hc,ext for total wind velocity at 0.5 m away from the
wall is shown in Equations (5) and (6) [28].

hc,ext = 2.08V + 2.97 (Windward) (5)

hc,ext = 1.57V + 2.64 (Leeward) (6)
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In order to analyze the effect of wind on the heat transfer coefficient and understand the effect of
the building layout on the wind velocities, a numerical model was created using ANSYS CFX software
to obtain wind velocities near the buildings. Fine meshes were used in the modelling; an element size
of 0.2 m was used for meshing the surfaces of the building. To simulate the mean flow characteristics
for turbulent flow conditions, the most common k-ε model was used as it is suitable for a wide range
of simulations. A no-slip wall boundary condition was applied to all surfaces, and the standard wall
function in ANSYS CFX was used with zero roughness height, as used by Ramponi and Blocken [29].
The model and a part of the numerical mesh are shown in Figure 5a,b, respectively. When the north
and west winds were simulated separately, a typical wind velocity of 10 m/s was applied to the model
to show the variations of wind velocities near the building envelopes.

  
(a) (b) 

Figure 5. (a) Fluid domain and (b) meshes around the building in the simulation.

3. Results

The tests were all done on fine days and the outdoor weather conditions were similar. Therefore,
the indoor thermal environment parameters on 17 January were analyzed.

The changes of indoor and outdoor temperatures of the residential building during the tests are
shown in Figure 6.

It can be concluded from Figure 6 that the outdoor temperature varied from −7.6 to 2.5 ◦C and
the mean temperature was −2.7 ◦C. The indoor average temperature was 9.48 ◦C in the main function
room, and the average temperature in the secondary function room was 4.02 ◦C. The average surface
temperature of the west wall of the main bedroom was 9.45 ◦C. To conclude, in this region it is cold
and the indoor temperature is low in winter.

Figure 6. Indoor and outdoor temperatures of the residential building.

The changes of solar radiation intensity during the tests are as shown in Figure 7.
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Figure 7 shows that the local sunshine duration was about 11 h, the solar radiation intensity was
286 W/m2 on average and came to the peak value of 544.8 W/m2 at around 4:00 pm, the scattered
radiation intensity was 124.9 W/m2, and the direct solar radiation intensity accounted for about 80% of
the total radiation intensity. In summary, the sunshine in this area lasts longer and the solar radiation
intensity is higher. The solar radiation certainly needs to be considered and explored further in the
building designs.

Figure 7. Solar radiation intensity outside the residential building.

Figure 8 shows that when the air temperature of the main bedroom was 9.48 ◦C, the surface
temperatures of the west and east side walls of the main bedroom were about 7.23 ◦C and the inside
surface temperature of the north wall was 4.87 ◦C, which is about half of the room temperature.

 
Figure 8. Temperature distributions in the walls with natural convection on the surface.

It can be seen from Figure 9 that heat flux at the middle section of the partition wall between the
main bedroom and the second room was 3.04 W/m2. The relatively large heat flux occurred at the
window corners at south and north walls of the main bedroom. From the simulation results, the flow
rate from the main bedroom to the second bedroom through the partition wall was 55.3 W, and the
heat flow through the north, south, and west side enclosures of the second bedroom was 260.5 W.
The difference between the two heat flow rates is 205.2 W.

 

Figure 9. Heat flux through the walls under the free convection simulation.

The above heat flow rates were calculated based on the existing windows, which have a single
layer of glass. If two layers of glass with a 12-mm air gap between them were installed, the heat flow
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rate through the north, south, and west enclosures of the second bedroom would be reduced to 242.2
W, with a reduction of 18.2 W or about 7% of the current heat flow rate out of the second bedroom.

North and west wind velocities around the buildings are shown in Figure 10a,b. Also, a sectional
view of the velocity distribution in the north wind simulation is shown in Figure 10c.

  
(a) (b) 

 
(c) 

Figure 10. Wind velocity around the building: (a) north wind, (b) west wind, and (c) sectional view of
velocity distribution in the north wind.

It can be seen from Figure 10 that the wind velocities around the building in the north wind is
smaller than that in the west wind. Wind velocities on the top of the roof are much higher in the west
wind than that in the north wind.

The wind velocities at 0.5 m from the south and north wall surfaces are presented in Figure 11a,b
in the north wind simulations, respectively. The velocities at 0.5 m from the south wall vary from 1.1
to 4.0 m/s. The velocities at 0.5 m from the north wall vary from 1.2 to 6 m/s. The wind velocities
at 0.5 m from the south wall surface in the west wind are also shown in Figure 11c, which vary from
2.5 to 3.5 m/s. However, the wind velocities at 0.5 m from the north wall surface in the west wind,
as shown in Figure 11d, vary from 2.2 to 5.8 m/s.

 
(a) 

 
 

 (b) 

Figure 11. Cont.
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 (c) 

 
 

 (d) 

Figure 11. Wind velocities at 0.5 m to the walls of the building: (a) south wall in the north wind,
(b) north wall in the north wind, (c) south wall in the west wind, and (d) north wall in the west wind.

4. Discussion

As Shan et al. [8] reported, a comfortable indoor temperature is around 15 ◦C in rural areas in
northern China in contrast to 20 ◦C in urban areas because rural occupants wear thick clothing and
move in and out rooms more frequently. From the measured data shown in Figure 6, the indoor
temperature is much lower than 15 ◦C, except at 4:00 p.m. The indoor average temperature of
the main bedroom is 9.48 ◦C, which is only 63% of 15 ◦C, in secondary rooms, and the indoor
average temperature is 4.02 ◦C, which is only 26.8% of 15 ◦C. As reported by Santamouris et al. [30],
there are several national and international standards which define comfortable indoor temperatures,
and they are in the range of 18–21 ◦C. Therefore, the indoor temperature was quite low in the current
study, and low indoor temperatures have a great impact and effect on various illness. In 2000,
Clinch and Healy [31] studied housing standards and excess winter mortality in Ireland and Norway.
They reported that relative excess winter mortality from cardiovascular and respiratory diseases in
Ireland was higher than that in Norway. A possible explanation for this may be due to poorer Irish
housing standards than those in Norway and that the indoor temperature was greatly impacted
by falls of outdoor temperature. Zhao et al. [32] recently studied the effect of cold temperatures
on clinical visits for cardiorespiratory diseases in the Ningxia Hui Autonomous Region, the same
region as this study. They collected cardiovascular and respiratory illness data from 203 villages
between 1 January 2012 and 31 December 2015. The average temperature in the 203 villages was 8.5 ◦C.
They concluded that the overall suboptimal temperatures were responsible for 13.1% of total clinic
visits for cardiovascular illness, and 25.9% of total clinic visits for respiratory disorders. From Figures 8
and 9, it can be seen that most of the heat loss from the main bedroom is through the north and south
walls, windows, and doors. Paolini et al. [33] studied the hydrothermal performances of residential
buildings at urban and rural sites and found that the most significant differences between urban and
rural indoor conditions were related to the moisture levels, as computed by the indoor Humidex index.
With the lower average temperature of 9.48 ◦C in the main bedroom and a variation of about 10 ◦C
within 24 h, the relative humidity in the indoor environment fluctuates, and the effect of this will be
studied in future work.

It can be concluded from Figure 6 that from 8:30 am to 5:00 pm, the outdoor temperature is on
the rise, while from 5:00 pm to 8:30 am the next day, the outdoor temperature shows a decreasing
trend. From 10:00 a.m. to 4:00 p.m., the temperature in the main bedroom increased from 7 to
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15.0 ◦C in 6 h, and the temperature change rate was 1.0 ◦C/h. From 12:00 to 6:00 a.m., the indoor
temperature of the main bedroom reduced from 8.0 to 6.4 ◦C in 6 h, and the temperature change
rate was −0.27 ◦C/h. However, during the same period, the corresponding outdoor temperature
change rates were 1.25 and −0.75 ◦C/h, respectively. The higher indoor temperature rise rate between
10:00 a.m. and 4:00 p.m. can be explained by the heating contribution from solar radiation, which is
shown in Figure 7. The slower indoor temperature decreasing rate is due to the energy stored in
the wall. The surface temperature of the west side wall of the main bedrooms was lower than the
room temperature between 10:00 a.m. and 6:00 p.m., however, it was reversed between 7:00 p.m. and
10:00 a.m. the following day. It is evident that the walls transfer their stored energy to the room. As
reviewed by Navarro et al. [34], high thermal mass materials in buildings can provide thermal stability
and smooth thermal fluctuations. Yang et al. [35] pointed out that using a thermal storage medium
to utilize solar energy is a relatively simple, economical, and reliable way to improve the building
thermal environment.

It is interesting to note here that there was no coal stove in the second bedroom; the heat sources
were solar radiation energy and the heat from the internal walls adjacent to the main bedroom. The solar
radiation intensity is shown in Figure 7. It can be seen that the maximum of solar radiation occurred at
1:00 p.m. and the higher values of radiation were between 12:00 and 2:00 p.m. The air temperature in
the second bedroom increased from 1.2 to 7.8 ◦C, a notable increase of 6.8 ◦C, between 10:00 a.m. and
2:00 p.m. This building is in one of the richest regions in terms of solar resources in China [23], so solar
radiation certainly needs to be considered and explored further in building designs.

To further analyze the contribution of solar radiation in room space heating, the analysis of the
heat flow rate of the second bedroom shows that there is more heat leaving the second room than
is gained from the main bedroom through the internal wall. From the calculations of heat flow rate,
the net heat flow rate out of the second bedroom is 205.2 W. Because the average indoor and outdoor
temperatures were used in the simulation, the average solar energy gained by the second bedroom
should be at least 205.2 W, which is about 3.7 times the energy gained from the internal wall which
is adjacent to the main bedroom. This means that solar radiation plays a big role in maintaining the
higher temperature in the second bedroom than the outdoor temperature.

The average surface temperature of the west side wall of the main bedroom is 9.45 ◦C, which is
very close to the average air temperature of 9.48 ◦C in the main bedroom. This can be explained by
the location of the coal stove which was close the west side of the main bedroom, as seen in Figure 2.
The simulated wall surface temperature as shown in Figure 8 was about 2 ◦C less than that of the main
bedroom temperature; this is due to the omission of the radiation effect of the coal stove on the wall
surface temperatures.

Rural buildings in northern China have a unique style. Courtyards are often open and main
buildings face south, which can maximize the exposure of the walls and windows of the building to
the sun and reduce the velocity of cold northern winds. It is evident from the simulations and analysis
that a great amount of solar energy is absorbed by the building. From the simulation results shown
in Figures 10 and 11, the building and the enclosures reduce the wind velocities in the courtyard.
When the building is south facing, not only is the solar radiation energy absorbed by the room, it can
be seen that the wind velocity on the roof of the building in the north wind is much less than that in
the west wind, and the wind velocity is reduced greatly in the front of the main bedroom. The north
wind is the dominate wind in the region; therefore, south-facing buildings should be constructed.

When a north wind velocity of 10 m/s was simulated, it was found that the wind velocities at
0.5 m from the building in the south of the building varied from 1.1 to 4 m/s. The convective heat
transfer coefficients obtained from Equation (6) are 4.37 to 8.92 W/m2·K, which will affect the heat
transfer rate in individual rooms in the building. Therefore, to accurately predict the heat flow rate
in the building, numerical simulations can help determine the convective heat transfer coefficients at
various points in the building. The simulation results echo the findings by Montazeri et al. [20] that a
wider building has more impact on wind blocking.
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It can be seen from Figure 6 that the temperature of the main bedroom dropped below 10 ◦C
between 9:00 p.m. and 10:00 a.m. on the following day. To maintain a comfortable indoor temperature
in a rural residential building, more energy needs to be consumed. With growing concerns about energy
consumption, builders and owners want to design and build energy efficient buildings in rural China.
Because most of the heat is lost through the south and north walls of the main bedroom, it is important
to show the builders and owners the benefits of using insulation materials and increasing wall thickness,
even if this may incur additional costs to the initial budget. Studies suggest that insulation board or
double-glazed windows could be installed to reduce heat loss, as shown in the paper. Since energy
is so important in maintaining a comfortable thermal environment for occupants, to minimize the
building energy used while choosing building envelopes and insulation materials, their environmental
impact also needs to be considered. Huedo et al. [36] provided a sustainability evaluation model
based on a lifecycle assessment for different envelope assemblies, building orientations, and climate
zones. Making buildings more energy efficient will be an evolution process in rural China since
people are not used to changing windows or installing insulation materials on existing buildings.
Santamouris et al. [30] showed that the indoor temperature in dwellings of very-high-deprivation
residents in Athens, Greece was very low, with an average temperature of 12.2 ◦C, and that the thermal
quality of the building envelope was low. They suggested improving the thermal performance of
low-income houses to improve indoor environmental quality. To address energy poverty and improve
building energy efficiency, as suggested by He et al. [37], some easy methods could be used in rural
cold regions, Including improving the tightness of doors and windows and reducing window and
door cold bridges such as by coating wood doors with heat preservation materials. Heat transfer
through the roof and floors are usually overlooked in rural regions, and a sloping roof tends to have
better insulation effect than a flat roof. Further, moisture-proofing and insulation design under the
floors can reduce heat loss. Other measures for reducing energy consumption could be optimizing the
length/with ratio and shape coefficient of rural buildings.

5. Conclusions

The typical rural residential building studied in this paper has its merits. Its south-facing layout is
not only able to absorb solar radiation during the winter, it also can reduce north wind velocities around
the building. The wind blocking effect can then reduce the convective heat transfer coefficients and
minimize heat loss. The computer simulations can predict the velocity distributions of the wind around
the building, from which the function of the rooms or the layout of the building could be optimized.
The good practice of constructing south-facing buildings and enclosures in rural areas should be promoted
with the demonstrated benefits in this study. The solar energy absorbed by the room raised the room
temperature around 7 ◦C above the outdoor average temperature, so solar energy should be maximized
in the area for space heating. Heat loss from the room also can be minimized by using double-glazed
windows and insulation boards, which should be considered and used in new residential buildings.
To conduct heat flow rate calculations in the building energy efficiency analysis, computational fluid
dynamics should be used to obtain the convective heat transfer coefficient at different locations.
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Abstract: The heating load of intermittent heating is not always lower than that of continuous heating
for heat storage and release of internal walls. Therefore, the threshold value of daily operation hours
exists, and is affected by the configuration of internal walls. A comparative study is performed
between continuous and intermittent heating modes to investigate the threshold value of daily
operation hours for different internal wall configurations by employing computational fluid dynamic
(CFD) models. Meanwhile, field tests on the temperature distribution within a thermal mass was
carried out to validate the simulation. The results show that the heating load index of intermittent
heating is larger than that of continuous heating with increased amplitude ranging from 31.58%
to 152.63%. The threshold value of daily operation hours is, respectively, 18.04 h, 15.80 h, 14.59 h,
and 13.46 h for four internal wall configurations. Moreover, with the increase in the insulation level of
internal walls, the threshold value of daily operation hours decreases. In addition, the results indicate
that it is more economical to use continuous heating when the daily operation hours are more than
the threshold values.

Keywords: threshold value of daily operation hours; intermittent heating; configurations of internal
wall; heat storage and release; hot summer and cold winter climate zone

1. Introduction

Residential heating issues in the hot summer and cold winter (HSCW) climate zone of China have
attracted increasing attention for the low outdoor temperature and absence of district heating [1–3].
The HSCW climate zone of China, located near the lower reaches of the Yangtze River, is one of the
most economically developed regions, and has the highest population density in China. The mean
temperature of January is between 2 ◦C and 7 ◦C, which is about 8 ◦C lower than other places of the
same latitude in the world [4]. According to Chinese heating policy [5], central heating systems are not
provided in the HSCW zone. To improve the poor indoor thermal environment, more than 90% of
households have been equipped with individual air conditioners for heating. The survey performed by
Yoshino [6] and Hu [7] showed that the operation of heating devices in the HSCW zone is intermittent,
and occupants run heating devices only in the room they are using.

For intermittent heating mode, envelopes release heat during the heating cessation period.
Therefore, more heat is absorbed a stored by building walls during the heating period, while it
is not required for continuous heating mode. For this reason, the heating load of the unit floor area per
unit time for intermittent heating mode is larger than that of continuous heating mode. The situation
where daily heating load of intermittent heating is larger than that of continuous heating may occur,
which leads to a threshold value of daily operation hours. Dreau and Heiselberg [8] investigated the
effect of heating duration on energy consumption under two residential buildings with different levels
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of insulation. The results showed that the amount of energy reached a peak value for heating durations
longer than 18 h. Slightly larger threshold values of heating duration of about 20 h were obtained by
Badran [9] for a local residential building in Jordan with several levels of insulation thickness.

However, the main objective of those studies [8,9] was only to investigate the dynamic thermal
performance of external walls. In the HSCW zone, usually just one room in the house is heated at a
given time, which leads to the temperature difference between indoor air and the adjoining room air
being slightly lower than that between indoor air and outdoor air. Moreover, the inner surface area of
the internal walls is approximately 5 times larger than that of the external wall. Therefore, the effect of
dynamic thermal performance of internal walls on the threshold value of daily operation hours need
to be analyzed.

Much research has been performed on the dynamic thermal behavior of walls for intermittent
heating mode. Tsilingiris [10] investigated the effect of thermal resistance and heat capacity as well
as thermal constant on the heat exchange through the building envelope by implicit finite-difference
method. Meng [11] and Zhang [12] analyzed the temperature response rate and the heat flow of
different wall insulation forms under intermittent and continuous operation in summer by simulative
and experimental method, respectively. Yuan et al. [13] analyzed the effects of insulation and
thermal resistance on dynamic heat transfer of building walls by combining mathematical models and
numerical solutions. Their results showed an evident process of heat storage and release of walls was
found for intermittent heating mode, while the key points of those studies are still the heat transfer of
external walls. The thermal performance of internal walls plays a vital role in affecting the threshold
value of daily operation hours, but little research has been carried out.

According to the above problems, the aim of this study is to explore the effect of internal wall
configurations on the threshold value of operation hours for intermittent heating mode. Therefore,
four typical internal wall configurations commonly used in the HSCW region are considered, two of
which are uninsulated walls with different thermal mass, and others are integrated with insulation
layer of different materials. Moreover, five intermittent heating duration cases according to occupants’
behavior in residential buildings are selected in the present work. Computational fluid dynamic (CFD)
techniques are employed to perform a series of unsteady cases. The analysis of the threshold value of
operation hours for different internal wall configurations is carried out by comparing the heating load
between the intermittent and continuous heating mode.

2. Model Setup and Validation

2.1. Computational Domain

In the present study, a room located at the middle of an intermediate floor is selected as the model
prototype, as shown in Figure 1. The room’s internal dimensions are 4 m (length) × 4.3 m (width) ×
2.7 m (height) and the floor area is 17.2 m2. The insulated external wall consists of 0.2 m reinforced
concrete layer and 0.035 m extruded polystyrene (XPS) layer inside of the reinforced concrete layer.
A single-glazing window in the external wall has dimensions of 2.5 m × 1.2 m. The ceiling and floor
are made of a 0.1 m reinforced concrete layer. Moreover, all the walls are plastered on both sides with
0.015 m cement layer. Two pieces of furniture, with the sizes of 2.2 m × 0.8 m × 0.3 m + 0.6 m × 0.6 m
× 0.3 m (L × W × H, furniture 1) and 1.6 m × 0.55 m × 0.3 m (L × W × H, furniture 2), respectively,
are placed inside the room. The warm air inlet, with dimensions of 0.7 m × 0.1 m, is at a height of 2 m
from the floor level, while the air outlet, with the same dimensions, is 0.3 m above the air inlet.

Four different configurations of internal walls commonly used in the HSCW zone are considered
in this paper. A detailed schematic of internal wall configurations is shown in Figure 2. Figure 2a
shows the Wall 1 containing thermal mass layer of 0.2 m reinforced concrete and 0.015 m plaster layers.
Figure 2b shows the Wall 2, which consists of thermal mass layer of 0.2 m reinforced concrete, 0.03 m
insulation layers of thermal mortar and 0.015 m plaster layers. Figure 2c shows a lightweight wall
(Wall 3), which contains base wall layer of 0.2 m aerated concrete block and 0.015 m plaster layers.
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Figure 2d shows the Wall 4 containing thermal mass layer of 0.2 m reinforced concrete, insulation
layers of 0.02 m XPS board and 0.015 m plaster layers. Thermal properties of the construction materials
are given in Table 1.

 

ρ
⋅°

λ
⋅° ⋅°

α

⋅° α

Figure 1. Schematic of the room: (a) three-dimensional schematic of the room model; (b) side view
(plane y-z) of the model.

ρ
⋅°

λ
⋅° ⋅°

α

⋅° α

Figure 2. Sections of four kinds of internal wall structures.

Table 1. Thermo-physical properties of building construction materials [5].

Material
Density ρ
(kg/m3)

Specific Heat Capacity c
[J/(kg·◦C)]

Thermal Conductivity λ
[W/(m·◦C)]

Thermal Storage S
[W/(m2·◦C)]

Thermal Diffusivity α
[m2/s]

Plaster layer 1700 1050 0.87 10.75 4.87 × 10−7

Reinforced concrete 2500 920 1.74 17.2 7.57 × 10−7

Thermal mortar 600 1050 0.18 2.87 2.86 × 10−7

Aerated concrete block 700 1050 0.18 3.10 2.45 × 10−7

XPS 35 1380 0.036 0.32 7.45 × 10−7

The thermal resistance and thermal diffusivity of the four walls are also given in Table 2 to better
understand the heat conduction and storage process of walls.

Table 2. Thermal resistance and thermal diffusivity of walls.

Internal Wall Configuration Thermal Resistance R [m2·◦C/W] Thermal Diffusivity α [m2/s]

Wall 1 0.15 6.89 × 10−7

Wall 2 0.48 3.16 × 10−7

Wall 3 1.15 2.30 × 10−7

Wall 4 1.26 1.12 × 10−7

Due to the effect of the thermal bridge, the heat transfer of connections between external and
internal walls as well as the floor is a three-dimensional unsteady process. The heat transfer through
the external wall is considered to be one-dimensional along the x-axis away from the connectors.
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For this reason, the envelopes of 0.5 m height in the four adjoining rooms on the directions of ±y, ±z
based on the investigated room are also contained in the computational domain (seen in Figure 1).
Moreover, the cross-sectional planes of envelope in the adjoining rooms are adiabatic surfaces.

The indoor thermal comfort environment is achieved by operating individual heating facilities
with 600 m3/h supply air volume. The velocity of the air inlet is 2.38 m/s. The heating device is
operated with high running power (3,500 W added with additional 1000 W electric auxiliary heat)
when the average room temperature is lower than 18 ◦C. When the indoor air temperature rises to
20 ◦C, the running power of the heating device drops to 1800 W, and then the air temperature will
decrease. Based on this system, the indoor air temperature varies between 18 and 20 ◦C.

2.2. Governing Equations

The airflow and temperature distribution in the room are set to maintain conservation laws
of mass, momentum and energy. The airflow is simulated as unsteady state, incompressible,
and turbulent. Based on the above assumptions, the governing time-averaged equations are given
by [14]:
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where xi represents the Cartesian coordinates while the subscripts i and j range between 1 and 3,
separately, refer to the (x, y, z) directions in space. The term ui is the velocity of component i. p and T
are the pressure and temperature, respectively. ρ and λ are the air density and thermal conductivity,
respectively. ν is the kinematic viscosity, νt is the turbulent eddy viscosity, k is turbulent kinetic energy,
and δij is the Kronecker delta (i = j, δij = 1; i = j, δij = 0).

The renormalization group (RNG) k-ε turbulence model is used to simulate the three-dimensional
turbulent airflow, as it has been shown to accurately describe the flow field of the near wall region
and relatively better predict of the indoor environment than the standard k-ε model by introducing an
additional term in the ε-equation [15–17].

The transfer equations of turbulent kinetic energy k and turbulence dissipation rate ε are given by:
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where η = S (k/ε) is the ratio between the time scales of the turbulence and the mean flow, S
is the coefficient of surface tension and is defined by S =

√
2SijSij, Sij =

(
∂ui/∂xj + ∂uj/∂xi

)
/2.
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The constants appearing in the RNG k-ε model are: Cμ = 0.0845, C1ε = 1.42, C2ε = 1.68, σk = σε = 0.7178,
ζ = 0.012, η0 = 4.38.

To observe the dynamic heat transfer process in envelope, a three-dimensional system of wall
with thickness direction x, width direction y and height direction z is established (see Figure 3a). δ, W
and H are the thickness, width, and height of the wall, respectively.

Figure 3. Simulation model of internal wall: (a) three-dimensional schematic of internal wall; (b) heat
transfer boundary conditions on the wall surfaces.

The heat transfer across the wall is described in the following equation [18,19]:
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Convective heat transfer boundary conditions are adopted on the wall’s inner and outer surfaces.
For the inner surface, it is expressed as:

−λs
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= hi(Tx=0 − Ti) (10)

For the outer surface, it can be expressed as:

−λs
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= ho(Ta − Tx=δ) (11)

Moreover, adiabatic boundary conditions are used on the cross-sectional planes (y = 0 and y = W,
z = 0 and z = H) of the envelope [20]:
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= 0 (12)

where ρs and λs are the density and thermal conductivity of the wall, respectively. Ta refers to the
temperature of the surrounding air (i.e., the outdoor air or the adjoining air). Ti is the indoor air
temperature. hi and ho are the heat transfer coefficients of inner and outer surfaces of walls, respectively.

2.3. Numerical Aspects and Boundary Conditions

The commercial program of ANSYS 6.3.26 with the finite volume method is employed to
solve the three-dimensional numerical simulations. To improve the accuracy of the numerical
simulations, second-order discretization schemes are applied to the momentum, turbulent kinetic
energy, and turbulent dissipation rate equations. Semi-Implicit Method for Pressure Linked Equations
(SIMPLE) algorithm is used to evaluate pressure-velocity coupling in the continuity equations.
Meanwhile, the standard wall-function method is applied to model the near wall regions with low
Reynolds number [21].
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According to the “Design standard for energy efficiency of residential buildings in hot summer
and cold winter zone” (JGJ 134-2010) [22], the cold air infiltration is 1 h−1. The heat transfer coefficient
for the window should be less than 4.7 W/(m2·◦C), and the window: external wall area ratio should
be less than 0.4 (north-facing) and 0.45 (south-facing), respectively. Thus, the area of window in the
computational model is 3 m2, and the heat transfer coefficient of window is 3.0 W/(m2·◦C).

At the inlet of the computational domain, uniform velocity and temperature are imposed, and the
inlet values of turbulent kinetic energy (k0) and dissipation rate (ε0) profiles [23] are set as follows:

Tu = 0.16(ReL)
−1/8 (13)

ε0 = C3/4
μ

k3/2

l
(14)

where V, Tu and ReL, respectively, denote the mean velocity, the turbulence intensity, and the Reynolds
number at the inlet. l is a length scale defined as l = 0.07 L, where L is the hydraulic diameter at the
inlet. Furthermore, outflow boundary condition is applied at the outlet of the computational domain
and non-slip conditions are imposed on the inner surfaces of solid walls.

2.4. Grid Independency

The computational domain is discretized with tetrahedral elements, while non-uniform
computational grids are used for the present simulation. To describe the heat transfer and flow
status more accurately, grids are further refined near walls, inlet and outlet, while relatively coarse
grids are used for zones away from solid surfaces. The expansion rate between two consecutive cells is
no more than 1.12.

To ensure the first numerical point is located inside the logarithmic layer, the variable y+, termed
as the dimensionless wall distance, is controlled in the range of 90~220, satisfy the requirement range
of 30 ≤ y+ ≤ 300 for RNG k-ε model using standard wall functions [24].

y+ =
y
ν

√
τw

ρ
(5)

where, y is the vertical distance from wall to the first cell center. ν is the kinematic viscosity. τw is the
wall shear stress.

Grid independency is carried out to achieve converged results of the simulations. A set of
pre-simulations are carried out to check the same physical parameters by using different grid densities
(coarse, normal, and fine), and the grid number is increased until the numerical results will not be
affected by the grid size. In this study, the root-mean-square error in the temperature, shown in
Equation (16), εr,m,s of less than 2% is used as the criterion for grid independence [25].

εr,m,s =

√√√√ 1
N

N

∑
1

(Ti, f − Ti,c

Tr

)2

(16)

where, Ti,f is the temperature in the former grid number, Ti,c is the temperature in the current grid
number, the subscript i represents the ith sampling point, Tr = 19 ◦C is the reference temperature,
and N is the number of the examined sample points. Based on the different configurations of building
envelope, the resulting unstructured grid numbers of 4.03~5.02 million are used for the simulations.

2.5. Model Validation

Validation exercises were performed to ensure the reliability of the results from the CFD
simulations. The temperature fields in a test chamber were investigated by experimental and numerical
simulation. Figure 4 gives the detailed arrangement of the test system.
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Figure 4. Schematic of the experimental system: (a) layout of the laboratory, (b) dry sand and steel
reinforcing rods in the boxes, (c) measuring points in the mixture.

The experiment was carried out in an environment chamber with dimensions of 3.6 × 3.0 ×
2.6 m (L × W × H), which is placed in a large laboratory, as shown in Figure 4a. The walls of the
chamber were made of 0.01 m thickness colored steel plates which were hollow and filled with 0.07 m
thickness insulated rock wool. The heat transfer coefficient of the envelopes was about 0.9 W/(m2·◦C).
The dimension of door was 0.7 m × 2 m. The door was open, and the area of which was covered with
plastic film. The fresh air ratio was regulated to 10%, and the condition of slightly positive pressure
was maintained in the chamber during the experiment. Two boxes with dimensions of 0.5 m × 0.3 m
× 0.28 m (see Figure 4b), containing mixture of dry sand and steel reinforcing rods were placed at the
floor near one internal wall. Moreover, the mass ratio of the dry sand to the steel reinforcing rods was
about 0.91, and the thermal conductivity of the mixture was 0.7 (W/(m·◦C)).

The air conditioning system was used to warm the chamber. The supply velocity and temperature
of the warm air inlet is 1.62 m/s and 36.9 ◦C, respectively. The air inlet was placed at the height of
0.15 m with the dimension of 0.3 m × 0.1 m. The exhaust device was mounted at the center of the
ceiling with the dimension of 0.3 m × 0.2 m.

The temperature was measured by Type-K thermocouples with an accuracy of ±0.1 ◦C.
The temperature of each wall was measured at the central point by thermocouples. Because the
walls were made of colored steel plates with uniform temperature distribution, the value of the points
can represent the corresponding surface temperature. In addition, four thermocouples were placed
uniformly in each mixture, the turn of which from external to internal side is measuring point 1, 2,
3 and 4. The distribution of four measuring points in the mixture is shown in Figure 4c. All the
thermocouples were covered with aluminum foil tape to minimize radiation effects.

Before the tests, the air temperature of the chamber and the outside laboratory had been kept at
10 ◦C for two hours by adequately ventilating. Then the air conditioning system was operated, and the
air temperature of the outside laboratory was kept at 10 ± 1 ◦C during the experiment.

Moreover, the RNG k-ε model was verified by experimental data to simulate the thermal
performance of heating room and the dynamic thermal behavior of thermal mass. Figure 5 gives
the comparisons of temperature distribution of the mixture 1 between CFD simulations and the
experimental data.

Figure 5a–d indicates that the numerical predictions of the temperature distribution in Mixture
1 are in good agreement with the measured results. The temperature difference of Point 2 is the
maximum of the four points, while which is less than 0.3 ◦C. Moreover, the temperature difference
of the other three points is less than 0.1 ◦C. Hence, it can be concluded that the numerical simulation
used in the present study is appropriate for simulating the temperature fields in the heating room.
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τ τ

Figure 5. Validation of temperature distribution in a thermal mass: (a) Point-1; (b) Point-2; (c) Point-3;
(d) Point-4.

2.6. Study Cases

In the present study, five intermittent heating durations have been considered, ranging from 0.5
h to 8 h, according to the occupants’ behavior in residential buildings [26]. A heating cycle contains
heating duration and heating cessation duration, in which the heating cessation duration is 2 h.
The results of four heating cycles is given in this paper. The detailed heating operation cases are
summarized in Table 3.

Table 3. Information of operation cases.

Operation Case
Heating Duration per

Operation τo (h)
Hours Contained in a
Heating Cycle τ (h)

Cτ=0.5 0.5 h 2.5 h
Cτ=1 1 h 3 h
Cτ=2 2 h 4 h
Cτ=4 4 h 6 h
Cτ=8 8 h 10 h

3. Results and Discussion

3.1. Comparison of Surface Temperature of Four Internal Wall Configurations

To observe the dynamic thermal behavior of four internal walls for different heating durations,
Figure 6 shows the variations of inner surface temperature Tin,i of the internal walls, taking heating
duration of 1 and 8 h as examples.

τ τ

 

Figure 6. Variations of inner surface temperature Tin,i of the internal walls with time: (a) Cτ=1, (b) Cτ=8.
Note: the light gray zone in Figure 6 represents the heating cessation period.

It is found in Figure 6 that at the starting time of heating cycle, the Tin,i of Wall 4 (insulted
with XPS) is increasing rapidly at the beginning of the heating period, and then fluctuates at 16 ◦C,
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approaching the indoor air temperature Ti (18 ◦C to 20 ◦C). However, Tin,i of the other three internal
walls increases slowly and is obviously lower than the Tin,i of Wall 4 during the whole heating period.
Once the heating device is shut off, Tin,i drops sharply for Wall 4, but drops slowly for the other three
internal walls. The reason is the heat capacity of the inner layer of Wall 4 is the lowest, which leads to
nearly no time lag between changes of Tin,i and Ti (indoor air temperature).

Comparing Figure 6a,b, it can be seen that the Tin,i of Wall 2 is equal to that of Wall 3 during
heating period in Figure 6a. However, when it comes to the longer heating duration, as shown in
Figure 6b, significant temperature difference is found between the inner surface of Wall 2 and Wall
3. This is because the thermal resistance of Wall 2 is smaller than Wall 3, which leads to more heat
transferring to the inside of Wall 2 with the heating duration increases.

The internal walls absorb and store heat from indoor air during the heating period. Then, some
heat transfers through the internal walls, which leads to the fluctuation of surface temperature of
internal walls close to the adjoining room. The outer surface temperature (Tin,o) of internal walls close
to the adjoining room is shown in Figure 7 for short and long heating duration.

 

Figure 7. Variations of outer surface temperature Tin,o of the internal walls with time: (a) Cτ=1, (b) Cτ=8.

As shown in Figure 7a, the Tin,o of four internal walls is similar to each other and close to the
adjoining air temperature. It indicates that almost all the heat absorbed by the inner layer of internal
walls is stored and little energy transfer to the outer surface of internal walls for short heating duration.

An apparent increase of Tin,o of four internal walls is found in Figure 7b for long heating duration,
and the difference of Tin,o between four walls increases with the increase of heating duration. The raise
of Tin,o ranks from high to low with the configuration of Wall 1, Wall 4, Wall 2, and Wall 3. This is
dependent on the heat capacity of inner layer and thermal resistance of four internal walls. Tin,o of the
Wall 1 is the highest due to its higher thermal capacity and lower thermal resistance.

3.2. Comparison of Surface Heat Flow of Four Internal Walls

Figure 8 shows the variation of inner surface heat flow (qi) of four internal walls with time under
short and long heating durations.

As shown in Figure 8a, the inner surface heat flow qi of Wall 4 is the lowest of the four walls,
and the heat flow qi of the other three walls are similar to each other during heating period. This is
because Wall 4 gives the smallest temperature difference between the inner surface and indoor air,
and hence the smallest heat flow qi. It can also be seen from Figure 8a that the internal walls release
heat to the indoor air during heating cessation period, and the heat flow achieves a similar effect by
the configuration of internal walls.

The results in Figure 8b indicate that Wall 4 still demonstrates the smallest heat flow among
the four internal wall types, which is consistent with the situation presented in Figure 8a. However,
the heat flow of Wall 3 drops gradually with the heating duration and is almost equal to the qi of Wall 4.
This is because of the similar temperature different between indoor air and inner surface temperature
of Wall 3 and Wall 4.
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Figure 8. Variation of inner surface heat flow qi of four internal walls with time: (a) Cτ=1, (b) Cτ=8.

To evaluate the heat transferring to the adjoining room, the variation of the heat flow qo between
outer surface (close to the adjoining room) of internal wall and adjoining air are shown in Figure 9.

 
Figure 9. Variation of outer surface heat flow qo of four internal walls with time: (a) Cτ=1, (b) Cτ=8.

It can be observed from Figure 9a that the heat flow qo of four internal walls is always small
for heating case Cτ=1 (less than 5 W), and the difference of qo between four walls is slight. With the
increase of heating duration, the heat flow qo increases obviously (as shown is Figure 9b). Moreover, a
significant difference of qo between four walls is observed. This is because of the temperature difference
of outer surface between the four internal walls.

The results in Figure 9b also shows that the heat flow is nearly zero when the heating duration is
less than 5 h. It means the process of heat absorption and storage of internal walls lasts 5 h before heat
transferring to the adjoining room, no matter what the configuration of internal wall is.

3.3. Threshold Value of Daily Operation Hours Under Four Internal Wall Configurations

It is obvious that the extent of building walls heated by indoor air is different under various
heating durations, which will lead to different heating loads of the unit floor area per unit time.
Therefore, the heating load index Qi, as expressed in Equation (17), is introduced to analyze the
characteristics of the heating load during the heating period. Also, the increasing rate η, as expressed
in Equation (18), is employed to compare the heating load index between intermittent heating mode
and continuous heating mode.

Qi =

τo∫
0

pdτo/(F × τo) (17)

η =
Qi,m − Qi,c

Qi,c
× 100% (18)
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where p is the running power of heating device. τo is the heating duration. F is the floor area of the
investigated room. Qi,m is the heating load index for intermittent heating. Qi,c is the heating load
index for 24 h continuous heating (Ccon).

Figure 10 demonstrates the effect of intermittent heating duration on the heating load index Qi

for four internal wall configurations, and the case of 24 h (Ccon) heating duration is also given.

Figure 10. Variations of Qi and η with operation cases: (a) Wall 1, (b) Wall 2, (c) Wall 3, (d) Wall 4.

Figure 10 shows that Qi of intermittent heating is significantly larger than that of Ccon. This is
because the inner layer of walls release heat during heating cessation time, which leads to more energy
being required to heat the inside layer of the walls at the next heating cycle for intermittent heating.
Compared with Figure 10a–d, it can be found that the heating load index with the same heating
duration drops in turn under the Wall 1, Wall 2, Wall 3, and Wall 4. The heating load index depends
on the heat convection between the inner surface of walls and indoor air. Wall 1 gives the largest
temperature difference between the inner surface of walls and indoor air. Therefore, the largest Qi is
obtained by Wall 1.

It can be seen in Figure 10a that the increasing rate η ranges from 31.58% to 76.35% for five heating
durations. Moreover, the heating cessation time ratio of Cτ=8 is 20%, while the increasing rate η is
31.58%, which is larger than 20%. This indicates that the daily heating load of heating time ratio
19.2/24 is larger than that of 24 h continuous heating and a threshold value of daily operation hour
exists for intermittent heating mode. By comparing Figure 10a–d, it also can be seen that with various
internal wall configurations, the increasing rate η is different. This will lead to various threshold values
of daily operation hours.

The daily heating load is calculated by Equation (19):

Q = Qi × 24τo

τ
(19)

where τ is the hours contained in a heating cycle (see Table 3).

185



Appl. Sci. 2019, 9, 756

The variation of daily heating load (Q) with operation hour for internal wall configurations is
shown in Figure 11.

 
Figure 11. Variations of daily heating load (Q) with operation hour.

As illustrated in Figure 11, the daily heating load (Q) is increasing continuously at first and then
decreasing linearly with the operation hour per day. Comparing the heating load of intermittent (Qm)
and 24 h continuous heating (Qc), Qm is larger than Qc when the heating time ratio is 19.2/24 and Qm

is smaller than Qc when the heating time ratio is 12/24.
The threshold value of operation hours 18.04 h, 15.80 h, 14.59 h and 13.46 h, respectively, for Wall

1, Wall 2, Wall 3, and Wall 4. The threshold value of Wall 1 is 18.04 h, which is close to 18 h obtained
in the research [8]. This is because the thermal performance of envelope investigated in two papers
is similar. With the operation hours lower than the threshold value, the daily heating load is clearly
less than that of continuous heating. Nevertheless, it seems to be more economical to use continuous
heating mode when the operation hour is more than the threshold value.

It also can be found that the variation of heating load index with internal wall configurations is
consistent with the variation of threshold value with internal wall configurations, which drops in turn
under Wall 1, Wall 2, Wall 3, and Wall 4. This means that with the increase of insulation level of the
internal wall, the optimum heating duration decreases.

4. Conclusions

The relatively low outdoor temperature and absence of district heating leads to the intermittent
heating operation mode in the HSCW climate zone of China. More heat is absorbed by building
walls during the heating period due to the heat release and storage of the internal wall, while it is
not required for continuous heating mode. Therefore, the heating load of the unit floor area per unit
time for intermittent heating mode is larger than that of continuous heating mode. This means that
the daily heating load of intermittent heating will be larger than that of continuous heating, and a
threshold value of daily operation hours occur for intermittent heating.

In the present work, a three-dimensional simulation method is established to study the heating
load of buildings with different intermittent heating duration and configuration of internal walls.
The threshold value of daily operation hours is analyzed under four configurations of internal walls
by comparing the heating load of continuous and intermittent heating. Thorough experiments on
temperature distributions of thermal mass are carried out to validate the simulation model.

In the intermittent heating room, the temperature of building envelope increases by storing energy
during heating period, and the inside layer cools to a lower temperature during heating cessation
period. As a result, more energy is used to heat the inside layer of the walls at the starting time of the
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heating cycle. This leads to a lager heating load index for intermittent heating system than continuous
heating system with increasing rate ranging from 31.58% to 152.63%.

By comparing the daily heating load with operation hours, it is found that the daily heating load
increases to a peak value as the operation hours increase, and then starts to decrease. This indicates
that the threshold value of operation hours is 18.04 h, 15.80 h, 14.59 h and 13.46 h for four internal
wall configurations, respectively. Moreover, with the increase of insulation level of internal walls,
the optimum heating duration decreases. In addition, the results indicate that it is more economical to
use continuous heating when the daily operation hours are more than the threshold values.

It should be noted that the threshold value of daily operation hours given in this paper is obtained
according to the present situation of heating in the HSCW zone. However, the heating duration per day
and the amount of heated rooms are increasing with the rapid growth of the economy and continuous
increase of disposable personal income. This leads to a higher average air temperature of adjoining
rooms; thus, a smaller threshold value of daily operation hours is obtained, which will be discussed
in future works. Moreover, just four configurations of internal wall commonly used in the HSCW
zone are investigated in this paper, and the threshold value of daily operating hours varies for other
configurations of the internal wall.
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Nomenclature

Cp Specific heat capacity of air (J/(kg·◦C))
Prt Turbulent Prandtl number
Tu Turbulence intensity at the inlet (%)
ReL Reynolds number at the inlet
k0 Turbulent kinetic energy (m2/s2)
V Local air velocity (m/s)
T Local air temperature (◦C)
Tr Reference temperature (◦C)
To Outdoor air temperature (◦C)
Ti Indoor air temperature (◦C)
p Power of heating device (kW)
l Length scale (m)
y+ Non-dimensional distance
Tin,i Inner surface temperature of the internal wall (◦C)
Tin,o Outer surface temperature of the internal wall (◦C)
hi Heat transfer coefficient of inner surface of the internal wall (W/(m2·◦C))
ho Heat transfer coefficient of outer surface of the internal wall (W/(m2·◦C))
V0 Volume of the investigated room (m3)
n Air change rate of infiltration (h−1)
F Floor area of the room (m2)
Qi Heating load index of room (W/m2)
Q Daily heating load (MJ/m2)
qi Inner surface heat flow of internal wall (W)
qo Outer surface heat flow of internal wall (W)
Greek symbols
p Air density (kg/m3)
λ Thermal conductivity (W/(m·◦C))
τo Heating duration per operation (h)

187



Appl. Sci. 2019, 9, 756

τ Hours contained in a heating cycle (h)
ν Kinematic viscosity (m2/s)
νt Turbulent eddy viscosity (m2/s)
δij Kronecker delta
εr,m,s Root-mean-square error in temperature
η Increasing rate (%)
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Abstract: This paper presents a novel framework for economic cooling load dispatch in conventional
water-cooled chillers. Moreover, information gap decision theory (IGDT) is applied to the optimal
chiller loading (OCL) problem to find the optimum operating point of the test system in three
decision-making modes: (a) risk-neutral approach, (b) risk-aversion or robustness approach, and
(c) risk-taker or opportunistic approach. In the robustness mode of the IGDT-based OCL problem,
the system operator enters a desired energy cost value in order to find the most appropriate loading
points for the chillers so that the total electricity procurement cost over the study horizon is smaller
than or equal to this critical value. Meanwhile, the cooling load increase is maximized to the
highest possible level to find the most robust performance of the benchmark grid with respect to
the overestimated load. Similarly, the risk-taker optimization method finds the on/off status and the
partial load ratio (PLR) of the chillers in order to keep the total energy cost as low as the given cost
function. In addition, the minimum value of cooling load decrease can be found while satisfying the
refrigeration capacity of the chiller and the load-generation balance constraint. Thus, a mixed-integer
non-linear programming problem is solved using the branch and reduce optimization (BARON)
tool of the generalized algebraic mathematical modeling system (GAMS) for a five-chiller plant, to
demonstrate that IGDT is able to find a good solution in robustness/risk-taker OCL problem.

Keywords: optimal chiller loading (OCL); uncertain cooling demand; information gap decision
theory (IGDT); mixed-integer non-linear programming problem (MINLP)

1. Introduction

In summer, different end users, such as residential and commercial sectors, consume more electricity
for building space cooling. This may lead to an energy crisis and cascading power outages [1,2].
Therefore, the economic operation of electrical air conditioners is important to reduce the energy demand
of interconnected power systems. The optimal short-term scheduling of multiple-chiller systems is
a cost-effective tool to minimize the total energy cost and power consumption of multiple-chiller
plants [3,4]. The main objective of the economic chiller dispatch problem is to minimize the power
consumption of the chillers while satisfying the cooling load-generation balance constraint and the
refrigeration capacity of the chiller units [5,6]. The partial load ratio, refrigeration production, and
electrical power consumption of the chillers have been selected as the decision variables of the
optimization problem. Moreover, the binary variables that show the on or off status of the chillers
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are used to determine which ones are turned on at each operating time interval. The variable
climatic conditions affect the building cooling demand, the optimum value of the partial load ratios
(PLRs), and the cooling capability of the chillers, as well as their power consumption [7]. Therefore,
the uncertainties associated with the cooling load should be modeled by short-term scheduling of
electrical air conditioners [8,9].

Recently, researchers have presented fast optimization algorithms for solving the optimal chiller
loading (OCL) problem. In [10], the branch and bound method was proposed to find the best values of
the PLR of the chillers and minimize the power consumption of the water coolers. Chang et al. [11]
proved that the gradient method achieves the optimum scenario with less calculation time and better
objective function than the Lagrangian approach. The authors of [12] demonstrated that if the particle
swarm optimization (PSO) is integrated with the neural networks, the power consumption of the
chillers will be 18% less than that achieved by linear regression and the equal loading distribution
method. The simulated annealing method, which is used for heating a specific metal to its melting
temperature, reducing shape defects, and cooling the modified metal, provides more accurate solutions
than the Lagrangian approach [13]. Coelho and Mariani [14] solved the OCL problem by using the
Gaussian distribution function coupled with the firefly search algorithm. The firefly search algorithm
is a well-known search strategy that was inspired by the behavior of fireflies, which attract mating
partners based on light intensities. In this model, it is assumed that all fireflies except one are of the
same sex and only the firefly of the different sex can be attracted by the others. Other search algorithms,
such as evolution strategy [15], teaching learning procedure [16], cuckoo search algorithm [17],
differential evolution method [18], exchange market strategy [19,20], and basic open-source non-linear
mixed-integer programming [21], provide global optimal solutions with a lower computational burden
in less time than the genetic algorithm [22,23]. Lo et al. [24] introduced a novel OCL strategy based on
non-linear ripple weight indices and self-adaption repulsion factors, known as the ripple bee swarm
optimization technique, but invasive weed optimization [25] is able to find better operating points in
the three test systems than those obtained by this technique. Saeedi et al. [26] applied an interval robust
optimization algorithm to the OCL problem in order to model the uncertainty of the cooling demand.
Minimum and maximum forecasted values of cooling load over a 24-h study horizon were considered
in order to minimize the total electricity requirement of a three-chiller standard grid. The partial load
ratio, refrigeration production, and power consumption of the chillers in three scenarios—(a) minimum
cooling load profile, (b) forecasted demand, and (c) maximum load level—were compared. Recent
studies on the possible use of thermoacoustic refrigerators have provided quite significant results,
which may lead to a considerable reduction in environmental pollutants and, in the future, a reduction
in costs [27] due to the use of new smart-window technologies that reduce the cooling load [28].

Different search methods have been proposed for solving the OCL problem and saving energy in
air conditioning systems, but the uncertainty of the cooling demand has only been discussed in [26].
Two consecutive intervals have been considered for modeling the underestimated and overestimated
cooling loads in the robust optimization approach. Meanwhile, information gap decision theory (IGDT)
could be applied to economic dispatch problems in order to model both risk-aversion or robustness
and risk-taker or opportunistic aspects of risk-constrained OCL strategy. This paper implements
the IGDT algorithm on a benchmark five-chiller plant in order to solve a mixed-integer non-linear
programming problem with a generalized algebraic mathematical modeling system (GAMS). In the
risk-aversion OCL problem, the system operator enters a critical cost value. The cooling load increase
is then maximized in such a way that the sum of the refrigeration production of the chillers is higher
than or equal to the overestimated cooling demand, and the daily energy cost of the test system is
smaller than the given cost function. In other words, the total electricity cost over the study horizon is
not considered to be the objective function. It is restricted so that it is smaller than the critical cost
function. The maximum value of the cooling demand increase that can be satisfied by chillers is
then calculated as the objective function. In the risk-taker or opportunistic decision-making process,
the minimum value of the cooling load decrease is calculated in order to reduce the total energy cost so
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that it is as low as the given cost function. The refrigeration capacity constraints of the chillers and
load-generation balance criterion are also modeled in robustness and risk-taker modes. The on/off
status, partial load ratio, cooling generation, and electricity consumption of each chiller are selected as
the decision variables that are found in the base case study and the robustness and opportunistic OCL
problem. In all reviewed works, the total power consumption of the chiller plants was minimized as
the objective function, but real-time electricity prices should be considered for minimization of the
total energy cost of multi-chiller systems. The novel contributions of this paper can be summarized
as follows:

� The IGDT method was applied to the OCL problem to model the uncertainty of the cooling demand.
� The robustness or risk-aversion decision-making approach was used for maximizing the value

of the cooling load increase while minimizing the daily energy cost so that it was as low as the
critical energy cost.

� The opportunistic or risk-taker OCL strategy was used to find the best operating point of the
chillers so that the minimum value of the cooling load decrease that results in target cost saving
was found.

2. Proposed IGDT-Based OCL Strategy

Figure 1 shows the single-line diagram of a conventional multi-chiller plant. In this system,
the total electricity cost is minimized over the T-hour study horizon, as given by Equation (1), where
λt and Pt

i are the electricity price and the power consumption of chiller i at operating time interval t,
which can be calculated from Equations (2)–(4), where, ut

i is a binary decision variable that is equal to 1
if the ith chiller is on at hour t; otherwise, it will be 0. Based on Equation (3), the partial load ratio of
chiller i is selected as another decision variable and represents the cooling capacity constraint. As is
evident from Equation (4), when chiller i is on at hour t, its electrical power consumption depends on
the constant coefficients ai, bi, ci, and di and its cooling production; otherwise, it will be 0. Equation (5)
demonstrates that the refrigeration capability of the chillers should be equal to or larger than the
cooling demand at time interval t. Note that CLt and RTi denote the cooling load at hour t and the
refrigeration capacity of chiller i, respectively [26].

Energy cost =
T∑

t=1

N∑
i=1

(
λt × Pt

i

)
(1)

ut
i =

{
0 if chiller i is off
1 if chiller i is on

}
(2)

PLRt
i =

⎧⎪⎪⎨⎪⎪⎩ 0 if chiller i is off
Cooling load of chiller i at time t
Refrigeration capacity of chiller i = rand if chiller i is on

⎫⎪⎪⎬⎪⎪⎭ (3)

Pt
i =

⎧⎪⎪⎨⎪⎪⎩ 0 if ut
i = 0

ai + biPLRt
i + ci

(
PLRt

i

)2
+ di
(
PLRt

i

)3
if ut

i = 1

⎫⎪⎪⎬⎪⎪⎭ (4)

CLt ≤
N∑

i=1

PLRt
i ×RTi (5)
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Figure 1. Single-line diagram of a conventional multi-chiller plant.

2.1. IGDT-Based OCL Problem

The main objective of the IGDT approach is to maximize the horizon of the cooling demand
uncertainty, while minimizing the daily energy cost of the multiple-chiller plant to be as low as
the given value. The IGDT method enables the system operator to make the appropriate and most
cost-effective decisions regarding the probable fluctuations of the cooling demand. In the economic
dispatching of chiller units, the cooling load may behave adversely and lead to a higher energy cost or
it may behave desirably and lead to a lower electricity cost. In other words, the IGDT strategy assesses
the robustness and opportunistic aspects of the air conditioning process by modeling the unexpected
variations of the cooling load using three components: (a) system model, (b) performance requirement,
and (c) uncertainty model.

2.1.1. System Model

It is presumed that the cooling demand, CLt, is an uncertain parameter, and it may be increased
or decreased at each time interval t. Moreover, the input–output model of the multi-chiller system is
shown as the energy cost function F

(
xt

i , CLt
)
, where xt

i denotes the decision variables of the optimization
problem, which include the on/off status, partial load ratio, cooling production, and electrical power
consumption of ith chiller at hour t. The daily energy cost function, F

(
xt

i , CLt
)
, should be minimized to

be as low as possible.

2.1.2. Performance Requirement

The expectations of the system operator regarding the energy cost function are evaluated using the
robustness and opportunistic strategies, Equations (6) and (7), respectively. According to Equation (6),
the robust optimization problem is formulated with an aim to maximize the uncertainty variable, α,
while the energy cost is less than the given cost, Fk. The uncertainty variable, α, is maximized as per
Equation (8). The system operator makes the robustness decision with less sensitivity to the variations
of the uncertain parameter, CLt. Moreover, the energy cost over the study time interval T is smaller than
the predefined critical cost Fk. The robustness function, α̂, investigates how robust the multi-chiller
system is against the possible increase in cooling demand. A risk-taker decisionmaker requests a
lower energy cost by implementing the opportunity mode of the IGDT algorithm. As formulated by
Equation (9), the variable β is the minimum value of αwith the aim of achieving lower costs for the
decision variables, xt

i . Note that Fw represents the maximum cost of the opportunity strategy, which
is determined by the system operator, for paying less under the favorable changes of the uncertain
cooling demand, CLt.
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α̂ = Max
α

{
Maximum energy cost is lower than a predefined critical cost

}
(6)

α̂ = Max
α

{
Maximum energy cost is lower than a predefined critical cost

}
(7)

α̂
(
xt

i , Fk
)
= Max

α

⎧⎪⎪⎨⎪⎪⎩α : Max
xt

i

F
(
xt

i , CLt
)
≤ Fk

⎫⎪⎪⎬⎪⎪⎭ (8)

β̂
(
xt

i , Fw
)
= Min

β

⎧⎪⎪⎨⎪⎪⎩α : Min
xt

i

F
(
xt

i , CLt
)
≤ Fw

⎫⎪⎪⎬⎪⎪⎭ (9)

2.1.3. Uncertainty Model in Risk-Aversion or Robustness Mode

The robustness variable, α̂
(
xt

i , Fk
)
, is defined for the risk-aversion decision-making approach and

evaluates the greatest value of the uncertainty variable, α, when the maximum cost is smaller than
the predefined cost, Fk. The larger α̂

(
xt

i , Fk
)

indicates higher robustness against uncertainty. Therefore,

α̂
(
xt

i , Fk
)

will increase as Fk increases, and vice versa. The uncertain cooling demand can be calculated
by Equation (10). The increasing rate of the cooling load causes an increase in the energy cost function,
which is evident from Equation (10). According to Equation (11), the objective is to maximize α for the
given critical cost, Fk. The parameter CL0

t represents the forecasted cooling demand at operating time
interval t.

CLt = (1 + α) ×CL0
t (10)

α̂
(
Qt

i , Pt
i , Fk
)
= Max

α

⎧⎪⎪⎨⎪⎪⎩α : Max
Qt

i ,P
t
i

T∑
t=1

N∑
i=1

(
λt × Pt

i

)
≤ Fk

⎫⎪⎪⎬⎪⎪⎭ (11)

2.1.4. Uncertainty Model in Opportunistic Decision-Making Strategy

The opportunity function, β̂
(
xt

i , Fw
)
, assesses the feasibility of the lower costs. Therefore, a small

value of β̂
(
xt

i , Fw
)

is desirable. According to Equation (12), the opportunity variable is the lowest value

of α for minimization of energy cost as low as Fw. Therefore, it is expected that β̂
(
xt

i , Fw
)

increases
with the reduction of Fw for the energy cost minimization approach as in Equations (13) and (14).
As expected from Equation (13), the decreasing rate of the cooling demand causes a decrease in
electricity cost.

β̂
(
xt

i , Fw
)
= Min

xt
i

α̂
(
xt

i , Fw
)

(12)

CLt = (1− α) ×CL0
t (13)

β̂
(
Qt

i , Pt
i , Fk
)
= Min

α

⎧⎪⎪⎨⎪⎪⎩α : Min
Qt

i ,P
t
i

T∑
t=1

N∑
i=1

(
λt × Pt

i

)
≤ Fw

⎫⎪⎪⎬⎪⎪⎭ (14)

3. Numerical Result and Discussions

A mixed-integer non-linear program (MINLP) was developed by GAMS software [29] and was
solved using a branch and reduce optimization navigator (BARON) tool [30]. A benchmark multi-chiller
system with two 550 and three 1000 RT chillers [31] was used for simulations. The power consumption
coefficients and the cooling capacity of the chillers are presented in Table 1. The forecasted value of
the cooling load over a 24-h study horizon [31] is illustrated in Figure 2. The hourly variations of the
electricity prices [32] are shown in Figure 3.
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Table 1. Power consumption coefficients and cooling capacity of chillers.

Chiller ai bi ci di Qmax
i (RT)

1 57.2 329.73 0.05 7.85 550
2 50.09 419.28 −123.8 76.36 550
3 −76.29 1226.94 −709.37 296.93 1000
4 −72.56 1100.42 −145.77 −137.1 1000
5 −186.18 1817.08 −1755.59 847.43 1000

 
Figure 2. Forecasted value of cooling demand over a sample 24-h time interval.

 
Figure 3. Hourly variations of energy rates.

First, the robustness OCL problem was solved using the GAMS optimization software in
conjunction with the different values of the critical energy costs. The risk-aversion optimization
problem was performed on the test system, taking Equations (1)–(5), (10), and (11) into consideration.
The system operator then determined the value of the known parameter Fk for 12 iterations (k = 12).
As mentioned in Section 2.1.3, the main objective of the robustness mode at each scenario k was to
maximize the percentage of the cooling load increase by increasing α in such a way that the maximum
value of the daily energy cost is smaller than or equal to the predefined critical cost Fk. Meanwhile,
the cooling capacity of the chillers was satisfactory at each solution. In addition, the total refrigeration
production of the chiller units was more than or equal to the overestimated cooling demand, or
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(1 + α) × CL0
t . Figure 4 shows the optimum value of the cooling demand increase at each iteration

of the robustness economic dispatch problem. The vertical axis represents the predefined critical
energy cost, Fk, at each iteration k. The horizontal axis refers to the maximum value of the cooling
load increase, which is obtained by solving the robust short-term scheduling problem. As expected
from Equations (3)–(5), (10), and (11), when the building cooling load increased, the value of the
refrigeration production of the chillers increased, as did the electrical power consumption of the chillers.
Figure 4 shows the optimum value of the cooling load increase at each scenario of the robust economic
dispatch problem. It is clear that the daily electricity cost increased, a result which is to be expected
as per Equation (1). In the opportunistic optimal cooling energy procurement strategy, the target
energy cost, Fw, is lower than that obtained from solving the base case study (Equations (1)–(5))
without considering the uncertainty of the cooling load. In other words, the system operator wants the
daily electricity purchasing cost to be smaller than the energy cost of the multi-chiller system under
α = β = 0 or the base optimization problem. The system owner wants to reduce the daily energy cost
of the five-chiller plant so that it is as low as the target energy cost, Fw. Hence, the minimum value
of the cooling load decrease, which reduces the energy cost to predefined values Fw, must be found
by solving the optimization problem (Equations (1)–(5), (13) and (14)). As shown in Figure 5, eight
scenarios were considered for the risk-taker decision-making approach (w = 8). As expected from
Equations (5) and (13) and displayed in Figure 5, when the cooling demand decreased, the value of
the cooling production of the chillers also decreased. Therefore, they consumed less electrical power
while supplying this underestimated cooling demand. The day-ahead energy cost was also reduced,
as predicted by Equations (1)–(4).

 
Figure 4. The optimum value of the cooling load increase at each scenario of the robust economic
dispatch problem.

Figures 6 and 7 show the daily electricity consumption of the chillers in three cases: (a) risk-neutral,
(b) risk-aversion or robustness OCL problem, and (c) risk-taker or opportunistic economic dispatch
process. As mentioned before, when the values of the robustness and opportunity factors are equal to
zero, α = β = 0 and the base OCL problem is solved in accordance with the forecasted cooling load
profile (Figure 2). Hence, the daily electricity cost will be equal to $254.5 as a result of 6097.69 kW
power consumption by the chillers, as seen in Figures 6 and 7. If the system owner wants to pay the
higher energy costs and procure greater electrical power for the chillers, the maximum value of the
cooling demand increase can be found, as shown in Figure 6. This figure enables the system operator
to know how much the cooling demand can be increased to meet the specific value of the energy cost.
It is also possible to find the minimum value of the cooling load decrease in order to save the electrical
power a certain value, as demonstrated in Figure 7.
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Figure 5. The minimum value of the cooling load decrease at each iteration of the opportunistic optimal
chiller loading (OCL) strategy.

 

Figure 6. Daily power consumption of chillers versus α.

 

Figure 7. Daily energy requirement of chiller units versus β.

The PLR cooling generation and the electrical power consumption of the chillers in the three
cases are shown in Figure 8a–c, respectively. Figure 8a depicts the PLRs of the chillers versus the
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critical (Fk) and target (Fw) costs. The orange line marks the boundary between the opportunistic and
robustness modes. At hour 7, the PLR and the power consumption of chiller 2 will be equal to zero
in all robustness and risk-taker scenarios. The optimization problem detects that if chiller 2 is off
and does not operate at hour 7, the total energy cost of the system will be less than when it turns on
at this hour. It may be economic to turn on chiller 2 at hours with different cooling demand values.
Figure 8 demonstrates how the cooling demand changes at hour 7, as well as how much electrical
power is consumed by the chillers to supply this value. This information can be utilized when it
comes to making robustness/opportunistic decisions with respect to the cooling load increase/decrease.
Figure 8 also allows the system operator to see the value of the power consumption of the chillers and
daily energy cost when the cooling load at hour 7 changes from 1400 to 2600 RT. As seen in Figure 2,
the forecasted cooling demand at hour 7 in the deterministic or risk-neutral optimization problem,
without considering the uncertainty of the cooling demand, is equal to 1979 RT, which is shown with
a vertical line. If the cooling demand is less than 1979 RT (opportunistic zone), the system owner
gains more energy cost savings from the underestimated cooling load. In the same manner, when
the cooling demand increases from 1979 RT (robust mode), the daily energy cost increases. Hence,
the value of the power consumption of the chillers will change according to the left and right sides of
the vertical boundary line, designated as "Opportunity" and "Robust". For example, if the opportunity
factor is equal to 0.289 and the cooling demand is (1 − 0.289) × 1979 = 1407 RT in opportunistic
operating mode, the value of the power consumption of chillers 1, 3, 4, and 5 will be equal to 65,
68, 107, and 0 kW, respectively. However, if the cooling demand at this hour increases to 1431 RT,
their power consumption will change to 0, 68, 0, and 101 kW, respectively. Even though the cooling
demand increases, it will still be more economic to turn off chillers 1 and 4 and turn on chiller 5.
Similarly, if the cooling demand increases from 1979 RT in the deterministic or risk-neutral optimization
problem to 2478 RT (α = 0.252, CLt=7 = (1− 0.252) × 1979 = 2478) in the robust economic dispatch
strategy, the electricity consumption of chiller 1 changes from 0 to 65 kW. The IGDT-based uncertainty
modeling approach enables the operator to make appropriate decisions in order to optimize the
system’s operation with respect to possible changes in cooling load. Similar analysis can be considered
for other hours with different values of cooling load.

 
(a) Partial load ratio (PLR) of chillers at hour 7. 

Figure 8. Cont.

198



Appl. Sci. 2019, 9, 1925

 
(b) Refrigeration production of chillers at hour 7. 

 
(c) Electrical power consumption of chillers at hour 7. 

Figure 8. The optimal operating points of the chillers at hour 7 (a) PLR, (b) cooling generation and
(c) power consumption.

4. Conclusions

This paper proposed a novel framework for modeling the uncertain nature of cooling demand in
the day-ahead optimal scheduling of multiple-chiller systems. The information gap decision theory
approach was used for finding the robustness or risk-aversion solution against the maximum cooling
load increase. Moreover, the opportunity for cost and energy saving under the minimum value of the
load decrease was maximized. The presented model was shown to enable a system operator to input
the desired energy cost parameter and minimize the daily energy cost to this critical value and also to
determine the maximum cooling demand increase in the robustness model. In addition, a risk-taker
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decisionmaker can schedule the daily refrigeration generation patterns of the chillers so that the daily
energy cost of the plant is smaller than the predefined target cost. The minimum value of the cooling
demand can also be calculated and reduced for favorable cost saving.
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Featured Application: This work shows a new methodology to optimize the exact amount of

permeable internal coverings in a building, thereby becoming a passive method control system

for this indoor ambience.

Abstract: Although several papers define energy saving and thermal comfort optimization with
internal coverings materials, none of them deal with predictive models to improve design in building
constructions. Thus, artificial intelligence (AI) procedures were applied in this paper. In particular,
neural networks (NNs) were designed for indoor ambiences with internal covering materials in
different buildings, were trained and employed to predict indoor ambiences (indoor temperature and
relative humidity as a function of weather conditions), and, based on these procedures, local thermal
comfort conditions and energy consumption, due to the type of internal covering permeability level,
were calculated. Results from this original methodology showed a better acceptability of indoor
ambiences when permeable coating materials were used, in agreement with previous research works.
At the same time, with permeable coverings, a lower energy consumption of 20% in the heating,
ventilation, and air conditioning (HVAC) systems was needed to reach more comfortable conditions
during the summer season in the first hours of occupation. Finally, all these results suggest an original
methodology to optimize indoor ambiences based on the design of internal coverings by NN.

Keywords: novel method; internal coverings; neural networks; energy; thermal comfort; control
system

1. Introduction

Internal coverings are now commonly employed in new and old buildings. In particular, public
spaces, such as office buildings, are selected for internal coverings based on the principles of a good
economy and easily washable surfaces. Consequently, most of the time, impermeable coverings are
selected for buildings due to their high durability and ease of cleaning. On the other hand, in the last
decade, permeable internal coverings as a passive method to control indoor ambiences have attracted
much attention [1–5]. Initially, this passive effect was neglected for a long time [6]; however, under
low ventilation rates, this passivity was clearly appreciated [7]. Finally, initial studies in wooden
structures [6,8] were employed to analyze the same passive effect on concrete buildings covered with
coatings of different materials, such as paper, wood, and paint or plastic [7,9]. Initially, these studies
were evaluated in laboratories to define their coefficients, such as diffusion coefficients or water vapor
permeability [10], for applications such as inputting data in future modelling processes [11] so as to
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define the real effect of internal coverings over indoor ambiences after placing these materials in their
final constructive position in buildings [12].

The International Energy Agency (IEA) made several different attempts to predict indoor ambiences
based on outdoor weather conditions. However, predicting indoor ambiences is a complex objective
with a large number of unknown variables, such as the properties of materials in a building construction
positions. Despite the fact that materials are tested in a laboratory in their final application place,
experiments with different treatments change their expected behavior, [13] such varnishing, painting,
covering with paper, or simply dusting over the covering. Recent papers have reported that many of
the current numerical models for building energy systems assume empty rooms and do not account
entirely for the thermal inertia of objects and materials, such as furniture. This assumption makes the
models invalid for dynamic calculations [14]. The issues arising during the simulation processes are
too complex to understand and apply realistically to building behavior.

Despite the interest in heat and mass transfer processes in buildings, toward energy saving and
thermal comfort improvement, most of the studies are centered on phase change materials (PCMs)
that affect buildings [15,16] due to the addition of new materials, reaching a more intense effect over
indoor ambiences. Despite this, in accordance with the sustainability, and considering the impossibility
of development in most countries, these constructive materials seem expensive, which is why it is
necessary to continue the analysis of this effect on the basis of the usual internal covering materials to
reach the optimization level in buildings.

In previous research on the effect of permeable internal coverings in the indoor conditions of
25 office buildings [1–5], it was possible to define, based on statistical studies, the effects of internal
coverings over real indoor ambiences during an unoccupied period. During the occupied period, the
offices attend to clients and the air changes are so high that the covering materials are ineffective in
controlling the ambiences [7]. In this sense, internal covering materials like paper, wood, paint, and
plastic can be classified as permeable, semi-permeable, and impermeable, in clear agreement with its
expected permeability level.

Furthermore, in previous works [1–5], the statistical hourly study of the partial vapor pressure
difference between indoor and outdoor ambiences showed that, although this effect is more intense in
wooden constructions, the internal covering over concrete walls act as a barrier that influences the
building by controlling the indoor ambience. In particular, permeable materials show a tendency to
reduce the indoor partial vapor pressure when it is high in the ambience, and vice versa. Simultaneously,
impermeable materials only increase the effect of outdoor humidity, reaching a greater number of
dissatisfied persons during the first hours of occupation. As a consequence, during the first hours
of occupation, the enthalpy was high and the energy consumption increased to reach an acceptable
ambience, which was a peak of energy demand during the morning.

Although our results suggest the applicability of permeable materials, the information on optimal
material properties and the amount of internal coverings needed in an indoor ambience to act as an
adequate mechanical thermal comfort controller, remains unknown, and so a new design methodology
towards nearly-zero energy building (NZEB) is needed [17,18]. This is related to the fact that statistical
studies do not allow us to model this process and recognize the real material coefficients once placed
in the building.

Despite the fact that there are previous works about control systems of indoor ambiances in
buildings and its posterior optimization by artificial intelligence, a few of them are centered on wall
construction materials. Furthermore, the permeability level of internal coverings was simulated in heat
and mass transfer software resources, which, most of time, do not let researchers develop feedback
and redesign the building construction characteristics. Furthermore, in the present paper, the input
variables considered were outdoor temperature and relative humidity, which could be related to just
one output variable per neural network (NN), such as indoor local perception of indoor air quality
(PD), indoor air acceptability (ACC) and indoor enthalpy (energy consumption), with the aim of a
future optimization of indoor thermal comfort and a reduction of building energy consumption.
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NNs are employed when the statistical results are insufficient in revealing great results in most
of the research areas, indicating the solution to different problems, such as natural ventilation and
thermal comfort in buildings [18,19]. In particular, NNs are a universal approach that allow us to
model everything that statistical curve fitting cannot, letting us model some processes and predict
their behavior. Once statistics showed these results, it was of interest to train neural networks based
on outdoor conditions to predict indoor conditions and reach a quantitative determination of the
permeability level of internal coverings. In the present paper, an initial step was performed on
the validation of an original modelling procedure based on real sampled data and its predictions,
in accordance with the knowledge developed in the last few decades.

2. Materials and Methods

2.1. Office Buildings

In previous research works [1–5], different statistical studies were developed to identify the
behavior of indoor conditions in office buildings in the northwest region of Spain. This region is of
special interest due to its high relative humidity, which is nearly 80% throughout the year, and its mild
climate with a mild temperature.

Offices were selected owing to their usage of the same construction materials and structure, except
the internal covering, which let us relate the effect of internal coverings with different ambiences. This
internal covering was classified as permeable, semi-permeable, and impermeable, in accordance with
indoor ambience behavior under different weather conditions. The behavior of internal coverings was
in accordance with the expected permeability level of other materials, such as paper, paint, and plastic.

Two time periods were identified in these offices, in accordance with the working hours, which
could be directly related to the high or low ventilation rate and the presence or absence of humidity
sources from its metabolic rate. The occupied period was defined as a period when clients and workers
were in the office from 09:00 to 19.00, and the unoccupied period was defined as the time-period
when nobody was in the office from 19:00 till 09:00 the next day. During the unoccupied period,
the ventilation rate was reduced and only the internal coverings could have decreased humidity
these ambiences.

2.2. Sampling Temperature and Relative Humidity

Different weather stations from the Environmental Information System of Galicia (SIAM) [20]
in the entire Galician region provide us the main climatic variables, such as temperature, relative
humidity, pressure, and air velocity, with a time frequency of 10 min. This sampling frequency can be
considered to be adequate for our research work.

On the other hand, to sample indoor conditions, different tiny tag data loggers [21] of temperature
and relative humidity were placed in each office during the summer and winter seasons, with a
sampling frequency of 5 min after calibration, with a precision range of ±1 ◦C of temperature and 1%
of relative humidity, respectively.

3. Calculation

3.1. Local Thermal Comfort Indexes

Indoor temperature and relative humidity can be related to some local thermal comfort indexes, as
shown in a previous study by Toftum et al. [21–23] and Simonson et al. [24]. Different research works
revealed that the percentage of dissatisfied persons with warm respiratory thermal comfort (PDWRC)
or the percentage of dissatisfied persons with indoor air quality (PDIAQ) were employed to identify the
acceptable level of an indoor ambience (ACCIAQ), which ranges from −1 (clearly unacceptable) and
0 (just acceptable) to +1 (clearly acceptable), and the expected percentage of dissatisfied persons. As in
previous research, PDIAQ was found to be more sensitive to the changes in the indoor air conditions,
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which is an interesting index for this study, as compared to the PDWRC. The Equations (1) and (2)
represent the variables ACCIAQ and PDIAQ:

ACCIAQ = −0.033h + 1.662 (1)

PDIAQ =
exp
(
−0.18− 5.28 ACCIAQ

)
1 + exp

(
−0.18− 5.28 ACCIAQ

) × 100 (2)

The two indexes shown in Equations (1) and (2) were obtained by Fang et al. [25] and were based
on the laboratory studies, where the subjects were facially exposed to clean air in a climatic chamber,
and different indoor air temperatures and relative humidity could be modelled with a perception
of indoor air quality. In this sense, the first term defined by these laboratory results showed moist
air acceptability due to the indoor air quality. As can be seen from Equation (1), this acceptability
is clearly a function of moist air enthalpy (h). On the other hand, the second index obtained from
the previous index is the percentage of dissatisfied persons expected to be in disagreement with the
proposed indoor air (PDIAQ). This index, shown in Equation (2), is the only function of the moist air
acceptability (ACCIAQ).

At the same time, due to the moist air, the enthalpy difference respects the comfortable conditions,
both in summer or winter seasons, which are proportional to the energy consumption needed to reach
this comfortable ambience; the enthalpy was calculated for each indoor ambience under the effect of
each internal covering during extreme summer and winter seasons.

3.2. NN Training and Prediction

Matlab NN [26] is the main software resource employed to train and predict the behavior of
internal covering materials as a function of weather conditions. In this sense, it is of interest to highlight
that the generalized regression neural network (GRNN), due to its main advantages, is related to the
lack of need to define the topology of the network. One of the more complex decisions to make when
developing this kind of study is the number of nodes needed that relate to the precision of the results
and the time and the number of calculations needed to obtain each of the different predictions. As a
consequence, an interesting neural net selection of two hidden layers were selected by default, which
is considered to be adequate for most of the real processes.

The neuronal model of generalized regression employed in this research work (GRNN) was
proposed and developed by Specht in 1991 [27,28]. It possesses the desirable property of not requiring
any iterative training, that is, it can approximate any arbitrary function between input vectors (inputs)
and output vectors (outputs), taking the estimation of the function directly from the training data.
In this sense, the GRNN model relies on nonlinear regression theory. It is, in essence, a method to
estimate a function f (x, y) only through the training set, so that the joint probability function, which is
unknown, is estimated using the Parzen estimator [27,28]. To do this, we must first define the following
distances between “x” and “y”.

The output of the GRNN can be defined by Equations (3) and (4):

D2
i = (x− xi)

T((x− xi)) (3)

ŷ(x) =

∑n
i=1 yiexp

(
− D2

i
2σ2

)
∑n

i=1 exp
(
− D2

i
2σ2

) (4)

where x isthe training sampled, y is the training sampled output, σ is the smoothing parameter of the
GRNN, and T is the number of Parzen windows used in the estimation process. Equation (3) shows
the Euclidean distance between the input xi and the training sampled (Di), and Equation (4) shows the
fundamental expression of the neuronal model.
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The topology of the GRNN model has four layers. The first layer represents the vector of inputs
or inputs. The second layer, called the pattern layer, is equal to the number of observations of the input
vector. The value of the neuron in this non-visible layer is obtained by applying the activation function,

h = exp
(
− D2

i
2σ2

)
, which is an extension of the Gaussian multivariate function. The third layer includes

two types of summations: (i) Ss =
∑
i

hi, which represents the denominator (D(x)) and (ii) Sw =
∑
i

wihi,

which is the numerator (N(x)), where “wi” are the values of the output used in the learning phase and
which act as weights. Finally, in the fourth layer the output is obtained by the following operation,
y = Sw

Ss
, as we can see in the Figure 1.

Figure 1. Typology of a generalized regression neural network (GRNN).

Once training data are introduced in the input layer, the training starts and it will stop when a
previously marked fitness is reached or, if the values don’t improve, when they reach a value close
to zero, for a number of consecutive generations. In our case, the average percentage of incorrect
predictions for each weather station was selected, as we can see in Table 1.

Table 1. Average percentage of incorrect predictions.

GRNN Error (%)

Winter permeable 1.59
Winter semi-permeable 1.20

Winter impermeable 1.34
Summer permeable 1.47

Summer semi-permeable 1.21
Summer impermeable 1.68

In the second part of this experimental configuration, the main variables to be employed were
selected in accordance with the NN rules. In this sense, NNs can predict only one dependent variable as
a function of a wide number of independent variables. The problem appears to adjust this methodology
to our case study, where we need to define the indoor conditions as a function of how to minimize the
indoor and outdoor temperatures and the relative humidity. As a consequence of this, partial vapor
pressure was selected as the main study variable as it represents indoor conditions and due to its
difference with the outdoor partial vapor pressure, which used to be employed to analyze heat and
mass transfer processes in building construction materials.

However, different results from past studies [1,2] have shown that only outdoor partial vapor
pressure, outdoor temperature or relative humidity is needed to train the NNs with an adequate
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precision. In consequence, these two input variables were selected to train and predict indoor partial
vapor pressure, enthalpy, and local thermal comfort indexes during the summer and winter seasons.

Finally, in the second step, to compare and understand the behavior of the internal coverings,
each of the trained networks were required to be stimulated under the exact same weather conditions
for each season. Figures 2 and 3 depict the outdoor temperature and relative humidity (RH) sampled
in a typical Galician night. The data reflected in Figures 2 and 3 are real curves obtained from nearer
weather stations that are certificated and calibrated by the Spanish ministry. These are the real weather
conditions selected for their usual nearly constant high relative humidity, as is normal in the coastal
regions of Galicia. In the winter season relative humidity increases during the night and, in summer, it
may reach 100% during long periods of time due to fog, as we can see in Figure 3.

Figure 2. Outdoor temperature during the unoccupied period employed in the prediction process
(data collected from different weather stations in Galicia, Spain).

Figure 3. Outdoor relative humidity during the unoccupied period employed in the prediction process
(data collected from different weather stations in Galicia, Spain).

An interesting change in temperature from 20–15 ◦C during the unoccupied period of the summer
season can be observed. As we can see in Figure 2, in summer weather the temperate remains constant
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from 0:00 until 7:00, but during the winter season a nearly constant 12 ◦C can be observed. This event
is typical of the weather conditions that would help understand its effect over indoor ambiences.

4. Results

Using the previous methodology, and with a frequency of 10 min, about 80 samples/day during
the unoccupied period over more than 1 week were needed to obtain a minimum training data of
300 samples per office and per season. For NN validation, when the percentage of error is reduced
during the training process, it can be modified from the standard 60% of data for training and 40% for
validation [29] to a more interesting 75% of data for training the network and 25% to validate it, by
comparing the NN results with real sampled data and their derived indexes of thermal comfort and
energy saving, obtained from this sampled data, inside each office building.

The stopping criteria was the minimum absolute number of errors obtained in most of the indoor
vapor pressure predictions. In particular, the maximum absolute error allowed was fixed to 6 during
the training period and 9 during the testing period, with a standard deviation of this error in both
cases of 8%, which represented an nearly null percentage of incorrect predictions, providing a clear
example of the power of NNs to model this process. Next, as an example of the accuracy obtained to
define indoor air variables, such as partial vapor pressure (pv), the sampled and predicted values were
compared during the validation process, as shown in Figure 4.

Figure 4. Example of sampled and predicted partial vapor pressure in the winter season.

For the indoor partial vapor pressure prediction, more interesting thermodynamic variables and
thermal comfort indexes were predicted. The moist air enthalpy, PDIAQ and ACCIAQ, was calculated
for each season and for each internal covering during the unoccupied period from 19:00 to 09:00.
Thus, partial vapor pressure, ACCIAQ, PDIAQ, and enthalphy were represented as the three most used
materials for internal covering (paper, paint, and plastic) during the winter season in Figures 5–8 and
during the summer season in Figures 9–12. Taking into account the permeability of these materials
(Table 2) and the results obtained in previous works [1–5], based on a statistical study of indoor
ambiences with these wall internal coverings, the following assumption is considered in the present
study: Paper represents the permeable materials family, paint represents the semi-permeable materials
family, and plastic represents the impermeable materials family.
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Figure 5. Indoor partial vapor pressure predicted for each internal covering during the winter season.

 
Figure 6. Indoor air acceptability (ACCIAQ) predicted for each internal covering during the
winter season.

 

Figure 7. Indoor air percentage of dissatisfied persons (PDIAQ) predicted for each internal covering
during the winter season.
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Figure 8. Indoor air enthalpy predicted for each internal covering during the winter season.

 
Figure 9. Indoor air partial vapor pressure predicted for each internal covering during the summer
season.

Figure 10. Indoor air acceptability (ACCIAQ) predicted for each internal covering material during the
summer season.
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Figure 11. Indoor air percentage of dissatisfied persons (PDIAQ) predicted for each internal covering
during the summer season.

Figure 12. Indoor air enthalpy predicted for each internal covering during the summer season.

Table 2. Permeability values of different types of coverings [1–5].

Covering Permeability (kg/(m s Pa))

Paper and Plaster 1.44e-10
Paint 1.75e-12

Plastic 0.80e-12

5. Discussion

Each NN was trained based on the respective indoor sampled conditions of each office and
its respective outdoor weather conditions, with an adequate margin of error. Each of the different
trained networks had predicted indoor conditions as a function of the same outdoor weather (Figures 2
and 3) with the aim to demonstrate the effect of internal coverings over indoor ambiences, as in the
laboratory analysis.

Previous to this analysis, it is important to remember that, in previous works [1,2], statistical
studies showed that internal covering materials used in several offices such as paper, paint, and plastic,
showed a statistical behavior representative of the permeable, semi-permeable, and impermeable
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materials and, in consequence, the offices buildings with these materials were selected to model the
behavior of internal covering materials.

In accordance with the previous works performed in the summer season, for this climatic region,
a more interesting period helps to appreciate the more intense effect of internal coverings. In this sense,
we can appreciate that, during the winter (Figure 5), permeable coverings tended to exert an opposite
effect on the outdoor conditions. In particular, the humidity cumulated and released from permeable
materials is expected to be found in the first 4 h (from 19:30 to 11:30) and, after this, only permeable
internal coverings will reduce partial vapor pressure more slowly than impermeable internal coverings.
Additionally, the opposite effect was appreciated during the last hours of occupation in this season.

This effect was more intense in the summer, as can be seen in Figure 9. As soon as the outdoor
partial vapor pressure was reduced from an initial value of 19:12 to 0:00, the indoor partial vapor
pressure in offices with permeable internal coverings released humidity and tended to increase its
partial vapor pressure. Furthermore, the opposite effect to the increase in the outdoor partial vapor
pressure can be appreciated during the last hours of the unoccupied period from 06:00 to 09.00.

We can also see that, during the winter and summer seasons, the indoor ambiences of office
buildings with impermeable internal coverings showed a tendency very similar to that of the outdoor
ambiences. Finally, the office with semi-permeable materials tended to maintain a nearly constant
partial vapor pressure during the night in both the seasons (cf. Figures 5 and 9).

As a consequence of this effect of the internal covering over indoor ambiences, we can appreciate
clear consequences to thermal comfort and energy saving. For instance, as seen in Figure 6, the
acceptability index (ACCIAQ) during the winter showed a nearly constant value of 0.5, while the
impermeable coverings showed a great variability of this index over time. This variability is a clear
example of the effect of temperature and relative humidity over indoor partial vapor pressure in office
buildings with impermeable coverings.

As seen in Figure 10, this same index revealed higher acceptability during the summer season as a
consequence of lower indoor partial vapor pressure during the first and last hours of the unoccupied
period. Consequently, a better acceptability of indoor ambiences was expected when these materials
(permeable coatings) were used.

The same effect was identified via the expected number of people that were unsatisfied with the
perception of indoor air quality, by means of the PDIAQ index (Figures 7 and 11). As expected, the
percentage of dissatisfied persons during the winter season tended to be reduced to an extremely
low value, which was similar for all the offices. Despite this, the effect of internal coverings was
more intense in summer and, as a direct effect of indoor partial vapor pressure, the percentage of
dissatisfied persons tended to be nearly 10% during the last hours of inoccupation and the first hours
of occupation. Moreover, from these results, it is possible to confirm that, in general, a better indoor
ambience is reached (Figure 11). Furthermore, this value of 10% of unsatisfied persons can be reduced
when compared with 40% of unsatisfied persons with impermeable coverings.

Finally, since the energy needed by a heating, ventilation, and air-conditioning (HVAC) system
to reach an adequate indoor ambience is directly related to moist air enthalpy, we could deduce the
energy consumption tendency as a function of this thermodynamic variable (represented in Figures 7
and 12). Figure 7 shows a higher enthalpy value during nearly all of the unoccupied periods in office
buildings with permeable internal coverings. Consequently, a lower energy consumption of 20% in
the HVAC systems was needed to reach more comfortable conditions during the summer season in
the first hours of occupation. At the same time, it is interesting to highlight that, during a reduced
percentage of time, offices with impermeable internal coverings showed a peak of indoor partial vapor
pressure and, as a consequence, a peak of enthalpy and percentage of dissatisfied persons.

Despite these results, these effects are reduced when compared with the values obtained during
the summer season. As can be seen in Figure 12 there is a difference in the indoor enthalpy of 10 kJ/kg
and the enthalpy of indoor air in offices with impermeable respect permeable internal coverings during
the last hours of inoccupation and during the first hours of occupation. This effect implies reduced
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energy consumption to reach a cool ambience during the summer season, which is really important
since such a reduced consumption is becoming one of the key objectives in the majority of today’s
research related to sustainability [30].

Based on these results, we can deduce that it is possible to model indoor ambiences based on the
outdoor conditions by means of NN procedures. At the same time, we can confirm the validity of
these predictions owing to its agreement with the results obtained in previous research [1,2] based on
the statistical analysis of real sampled data. In this sense, NN predictions let us confirm the effect of
permeable internal coverings, such as paper or wood, to control the indoor ambiences toward better
local thermal comfort and energy saving, which acted as a mechanical control system. In particular,
internal coverings materials behavior depended on the extreme outdoor conditions to which the office
was exposed. For instance, the climatic region of this study showed a high relative humidity but no
extreme temperature changes. This is the reason why, during the winter season, this effect was reduced
and clearly more intense in the summer season.

Finally, this passive method needs to be redesigned and adjusted to the amount of surface and
permeability level of covering employed in each case in order to obtain the best possible indoor
ambience behavior. Thus, this methodology can be employed for almost all kinds of buildings and
weather conditions [31,32]. Furthermore, this methodology would be of interest because climate
variations will induce different indoor ambiences in each type of building and, therefore, this and
others passive methods must be adjusted for each particular region [33–36]. Other kinds of artificial
PCMs [37] are employed as building construction materials rather than the typical permeable internal
covering materials, because these PCMs are well modelled in laboratories [37]. However, only limited
information is available about the behavior of PCMs in real buildings, which is why this new generation
procedure seems promising toward understanding their effect and improving their future design.

6. Conclusions

The present paper shows new and interesting results about a new methodology for internal
covering designs to improve these materials effect over indoor ambiences. In this sense, based on
the results obtained from previous works, the effect of permeable, semi-permeable, and impermeable
internal coverings was analyzed after placing them in the actual final building construction position.
The main data was employed to obtain different neural networks that, once trained, were employed to
predict the indoor ambience based on input data with the same weather conditions.

This result had a direct implication on the indoor thermal comfort and energy consumption,
proposing permeable coverings as the better way to reduce energy peak demands in the first hours
of occupation and a better thermal comfort condition, which acted as a mechanical control system.
In particular, a reduction of 20% in the expected energy consumption of the HVAC system and a
reduction from 40% to 10% of unsatisfied persons was obtained during the summer season when the
permeable coverings were employed.

Finally, from these interesting results, we can conclude that, once the effect of internal coverings
over thermal comfort and energy consumption has been demonstrated, it is possible to design internal
coverings and, consequently, to define the exact amount of internal covering surface and permeability
level needed, to reach an adequate behavior for a specific indoor ambience as the main constant to
adjust this mechanical control system.
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Featured Application: The findings obtained from this study have implications for application

of the pure electric bus.

Abstract: As a new type of green bus, the pure electric bus has obvious advantages in energy
consumption and emission reduction compared with the traditional fuel bus. However, the pure
electric bus has a mileage range constraint and the amount of charging infrastructure cannot meet the
demand, which makes the scheduling of the electric bus driving plans more complicated. Meanwhile,
many routes are operated with mixing pure electric buses and traditional fuel buses. As mentioned
above, we focus on the operating organization problem with the multi-type bus (pure electric buses
and traditional fuel buses), aiming to provide guidance for future application of electric buses. We take
minimizing the energy consumption of vehicles, the waiting and traveling time of passengers as
the objectives, while considering the constraints of vehicle full load limitation, minimal departure
interval, mileage range and charging time window. The energy consumption based multi-type bus
operating organization model was formulated, along with the heuristic algorithm to solve it. Then,
a case study in Beijing was performed. The results showed that, the optimal mixing ratio of electric
bus and fuel bus vary according to the variation of passenger flow. In general, each fuel bus could be
replaced by two pure electric buses. Moreover, in the transition process of energy structure in public
transport, the vehicle scale keeps increasing. The parking yard capacity and the amount of charging
facilities are supposed to be further expanded.

Keywords: pure electric buses; multi-type bus operating organization; time-space network; energy
consumption; public transport

1. Introduction

In China, with the rising amount of motor vehicles, the energy consumption is aggravating.
At the same time, the automobile exhausted emissions bring severe air pollution, and the energy and
environmental problems caused by transportation vehicles are becoming increasingly serious. Driven
by the oil crisis and environmental pressure, the government and enterprises are actively promoting the
development of pure electric buses. According to statistics, the cost of energy consumption accounts for
30% to 40% of the operating costs of bus operation enterprises. In addition, under the background of
the national policy of energy conservation and emission reduction, many bus operators are confronted
the targets of the total energy consumption control. Once the target is not completed, they will face
penalties. Pure electric buses have the advantages of high energy efficiency and low pollution and
they are rapidly replacing traditional fuel buses, accounting for a gradually increasing proportion in
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the bus fleet. However, pure electric buses have an insufficient driving mileage range, long charging
time and the amount of charging infrastructure is not enough, which adds the complexity of bus
operation organization. Under the background of application of the pure electric buses, it is the
main support to realize the large-scale pure electric bus operation by strengthening the study on the
scheduling driving plan based on the constraints of the pure electric bus mileage range and charging
time window, ensuring the vehicles to complete the daily operation tasks with maximum reduction on
energy consumption under the condition of pure electric buses and fuel buses mixing operation.

In the field of the bus operating organization considering driving ranges constraint, Bodin L
et al. [1] described the problem, and focused on the constraint of the mileage limit of a vehicle without
returning to the yard to replenish energy after the departure. Freling. R et al. [2] discussed the driving
ranges constraint as well. This vehicle operating organization method is based on a single parking yard,
solving the problem by considering the battery life constraint in the single trip of entering and leaving
parking yard, without taking into account the situation that the bus drives back to the yard halfway
to charge and continue to conduct the tasks, which makes the model not suitable for the problem
considering fuel consumption constraints. Haghani et al. [3,4] studied the problem of the regional bus
operating organization based on the driving ranges battery life constraint. The paper classified the
buses into three shifts, morning, noon and evening, and divided them into the yard matching shifts and
the route matching shifts. The model reduced the size of the problem by about 40% without reducing
any feasible solutions. The application showed that the research could effectively increase the vehicle
operating time and cut the operation cost of bus operators. However, it adopted the post-check strategy,
which limited the optimization of the solution to some extent. Ali Haghani et al. [5] constructed a
mathematical model for the multi-depot scheduling with path time constraints, and used an exact
algorithm and two heuristic algorithms to solve the model. Amar Oukil [6], Guy Desaulners [7] and
M.A. Forbes [8] also studied the multi-depot vehicle scheduling problem, but they used the column
generation algorithm and exact algorithm, respectively to solve the problem. Ali Haghani [4] compared
one multi-depot vehicle scheduling model with two single-depot vehicle scheduling models. Natalia
Kliewer [9] and Pablo C. Guedes [10] modeled the multi-depot bus scheduling problem based on the
spatio-temporal network.

In terms of solving the operating organization optimization model, hyper-heuristic and hybrid
algorithms have attracted much attention in recent years. Pepin et al. [11] compared a variety of
hybrid heuristic methods for vehicle scheduling, finding that the heuristic method based on column
generation had the best solution quality yet with a long solution time, while the heuristic method
based on large-scale neighborhood search was fast and of good quality. Among the soft computing
method applied to the vehicle scheduling, VAMPIRES [12,13] was one of the most successful early
heuristic methods, having the similar main ideas to 2-opt algorithms. It had successfully solved
hundreds of actual public transport vehicle scheduling problems, and later was replaced by the the
BOOST object-oriented software system. Wren and Kwan [14] reported the application of the system
in a British bus company. In the past ten years, more researches focused on the realistic constraints
or characteristics, resulting in the emergence of a series of hyper-heuristic and hybrid approaches.
For example, Shen [15] developed a vehicle scheduling method based on the tabu search by applying
the 2-opt algorithm. Eliiyi et al. [16] proposed six types of meta-heuristic methods to solve vehicle
scheduling problems with multiple vehicle types and continuous driving time constraints.

Since the 1990s, the focus of the problem research has been on solving the exact solution of the
problem. Some scholars had proposed the precise branch-bound method and the precise column
generation method. In order to reduce the scale of the problem, the time-space network was introduced
into the multi-yard vehicle operating organization. Kliewer et al. [17] applied the concept of the
time-space network to the multi-station vehicle operating organization problem for the first time and
explained the method of cutting empty-drive arcs in the network. In addition, it introduced the method
and steps of reducing the network scale, proposed the multi-commodity network flow model of the
multi-type multi-yard bus driving plan scheduling problem based on the time-space network, and
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solved an example problem with a large-scale vehicle operation organization by using the standard
mathematical optimization software CPLEX. Naumaim et al. [18] provided a multi-commodity network
flow model based on the time-space network and proposed a stochastic programming algorithm to
solve the model. It was of great significance to simplify the problem, establish the model and solve
the problem. He Di et al. [19] analyzed the connotation of bus regional dispatching and distribution
planning problem, constructed a model of bus regional dispatching and distribution planning based
on the space-time network, and verified the model and algorithm through an example. Yang Yang
et al. [20] transformed the planning problem of the electric bus into a directed network. Bodin L
et al. [21] and others put forward the idea of two-stage heuristics to solve the problem of multi-station
traffic planning for the first time. Dell Amico et al. [22] took the minimum number of vehicles required
as the optimization objective and used the heuristic algorithm to solve the problem in stages. Freling,
R et al. [23] considered decision variables describing the connection between the vehicles and assigning
vehicles to each station. Laurent [24] solved the problem of the multi-station traffic planning based on
the iterative local search algorithm, and analyzed 30 cases.

At present, the research on the bus driving region dispatching is not very mature. Wei Ming
et al. [25] established a mixed integer programming model with time windows, aiming at the minimum
number of vehicles, vehicle waiting time and empty driving time, taking into account factors such
as yard capacity, allowable vehicle refueling and task reliability of each vehicle. On the basis of
describing the vehicle scheduling problem with time windows, multiple yard and multiple vehicle
types, Yang Yuanfeng [26] established a mathematical model and proposed a simulated annealing
genetic algorithm to solve the problem. The strong climbing performance of simulated annealing
algorithm could avoid the “premature” of the genetic algorithm and improve the convergence speed
of the algorithm. Zou Ying [27] took the regional scheduling of multiple bus lines as the service object,
established a bus driving plan model with the objective of minimizing the passengers waiting cost,
in-bus cost and the cost of the bus companies and proposed the solution idea of “allocate shifts by-line,
optimize to form a network”. Li Jun [28] proposed a heuristic algorithm based on dispatching after
analyzing the vehicle scheduling problem with time windows. The algorithm defined two kinds of
dispatching costs, designed a method to arrange routes in the dispatching process, and conducted
case verification. Later, Li Jun [29] proposed a heuristic algorithm based on network optimization,
which transformed the vehicle scheduling problem with time windows into several vehicle scheduling
problems with a certain start time, then, used the minimum cost and the maximum flow algorithm to
solve the vehicle scheduling problem with a certain start time.

To sum up, there are few researches on the optimization theory of regional operating organization
currently. From the perspective of the network description, most of them emphasize the fixed allotment
relationship between vehicles and vehicle yard. The researches without the fixed allotment relationship
between the vehicles and vehicle yard are mainly found in logistics distribution, while fewer studies
are in the field of the bus operating organization. The existing researches on the vehicle driving plan
model are too simple, which greatly simplify the real operating environment, and the results are
difficult to adapt to the complex work. Additionally, the current researches are hardly carried out
under the background of the mixing operation with multiple vehicle types such as electric buses and
fuel buses, and there are no regional bus driving plan models considering both the mileage range and
charging time constraints. Some literature took the battery life into account, but they only discussed
the battery life constraint within one shift and did not consider the condition that the vehicle drives
back to the yard for charging and continues the tasks. Furthermore, there is little research on bus
energy consumption. Therefore, we conduct the research on the regional pure electric bus driving
plan with the objectives of energy consumption and bus service level, considering the pure electric bus
charging constraints and mileage range constraints, and modify the algorithm to better support the
application of pure electric buses in the real operation.
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2. The Establishment of Time-Space Network

2.1. Establish the Time-Space Network

The time-space network is composed of a large number of nodes and various arcs. While
establishing the network, the simplification of empty-driving arcs should be considered at the
generation stage. We do not distinguish the vehicles belonging to different parking yards, and there
is no fixed allotment relationship between vehicles and parking yards. As long as the number of
vehicles in the yard is unchanged, there is no necessity that the vehicles must return to the original
departing parking yard. Therefore, the yards can be regarded as general stations, and used to
express the connection between yards and other stations in the same network. The processes of
establishing multi-type pure electric buses system time-space network with the characteristic of
recharging requirement are as follows:

1. Generate task nodes and task arcs. Generate the task start node and task end node according
to the route timetable, and each node has its own time and space attributes. Assuming that
there are N task vehicles, Si is the departure site of number i; ei is the arrival site of number i;
di is the departure time of number i; ai is the arrival time of number i. According to the above
process, the start node t(Si, di) can be formed, and the start node of the task can be arranged in
chronological order to form a set of task start nodes T; the end node e(ei, ai) can be arranged in
chronological order to form a set of end-of-task nodes E. Task arc: (t, e), t ∈ T, e ∈ E. The set of
task arcs is Atask. Connect the task start node with the corresponding task end node to generate
the task arc.

2. Generate the parking lot node, exit arc, and entry arc. According to the task start node set, the
task end node set and the empty-driving time between each station and parking yard, set up the
corresponding exit node and entry node (collectively regarded as the parking yard node). Then
set up the exit arc connecting the exit node and task start node, and the entry arc connecting the
task end node and entry node.

3. Generate the waiting arc. Sort by stations first, then arrange them in time order and generate a
collection of all the nodes.

4. Generate the empty-driving arc. Take out the task end node set and generate a DHE set according
to the sequence of the task end time from the smallest to the largest. Sort the task start nodes
according to the stations firstly, and then generate a T set according to the sequence of time from
the smallest to the largest. Initialize the empty-driving arc.

2.2. The Representation of Vehicle Operating States

In the processes of optimizing the energy consumption of the multi-type buses operating
organization, it is assumed that when there are no pure electric buses that can operate, the fuel buses
will be arranged. Compared with the charging time of electric buses, the refueling time of the fuel
buses is negligible, which can be assumed that the fuel buses can run unlimitedly. Assuming that if the
energy of a pure electric bus is not enough to run the next task, it cannot charge in the halfway, instead,
it needs to return to the yard to charge. Therefore, after the bus completes a certain task, it would
have one of the following states. (1) Get into the parking yard through the entry arc and wait for the
next task, as shown in Figure 1a; or considering the mileage range of the pure electric bus, if it has
reached the maximum mileage, it has to get into the yard through the entry arc to recharge, as shown
in Figure 1b. (2) The bus departs from the terminal station either directly or after a period of waiting,
conduct the next task departing from this terminal station, which is shown in Figure 1c. (3) The bus
arrives at the departure station of another task through an empty-driving arc to operate the next task.
There is a certain waiting time between the termination of this task and the departure of the next task,
which indicates there may be some empty-driving arcs and a certain number of waiting arcs between
running the two tasks, which are shown in Figure 1d.
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(c) (d) 

Figure 1. The representation of vehicle operating states in the time-space network. (a) The bus returns
to the parking yard to wait for next task; (b) the pure electric bus gets into the yard to charge; (c) the
connection of the two tasks at the same site; (d) the bus runs two tasks connecting with the empty
running arcs.

3. Multi-Type Bus Operating Organization Energy Consumption Optimization Model

3.1. Problem Description

Compared with the operating organization of traditional buses, the multi-type bus operating
organization has the constraints of both pure electric buses mileage range and charging time windows.
In addition, in the context of “energy conservation and emission reduction”, we not only consider the
completion of operational tasks, but also take the reduction of energy consumption into consideration.
Therefore, the bus operating organization studied in this paper is similar to the vehicle scheduling
problem with the constraint of mileage range, charging time and the consideration of energy
consumption optimization. At the same time, we study the regional bus driving mode, and the
track of vehicles changes from a single route to several routes. The relationship among vehicles,
stations, bus routes and task shifts become extremely complicated, making it more difficult to organize
the operation of buses.

3.2. Model Establishment

3.2.1. Model Assumption

In the process of replacing fuel buses with electric buses, the condition that fuel buses and electric
buses are mixed operated exists. Based on this background, we establish an operating organization
energy consumption optimization model with the following assumptions: (1) The bus driving plan is
scheduled with the unit of day, and it takes a minute as the smallest unit of time; (2) according to the
data collected from the Beijing Bus Group, the maximum mileage for the 12-meter-long electric buses
is 133 km and 117 km for the 18-meter-long electric buses. The buses powered by fuel and natural
gases have unlimited mileage; (3) the quick charging time for electric buses is 30 min; (4) all the buses
can run the task on time, and the model does not consider the condition of delay.
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3.2.2. Objective Function

In the process of optimizing the multi-type bus operating plan while controlling the total energy
consumption, we consider the service level of the bus, which includes the comfort indicators (waiting
time, full load rate), convenience indicators (transfer distance, station coverage rate) and economic
indicators (fare). However, for fixed bus lines, the transfer distance and station coverage indicators
have been determined, and the ticket fare has no relation to the departure frequency, so the service
level indicators considered in the paper mainly contains the waiting time and full load rate. The time
cost of passengers waiting for a bus is mainly related to the time of waiting, and the full load rate
is associated with the time cost of the passengers’ in-bus time, because passengers have different
perceptions of the travel time for the same travel distance under different full load rates. Therefore,
we establish a multi-objective bus operating organization energy consumption optimization model.
The objectives include the total energy consumption, passengers waiting time and passenger’s in-bus
time. By transforming different objectives into cost, multiple objectives can be converted into a single
optimization objective with a unified unit of measurement, which can reduce the complexity and
difficulty of solving the model.

The minimum total energy consumption E can be calculated as the sum of the product of vehicle
per unit energy consumption and driving mileage for each task, which is shown as Formula (1).

minE =
∑
p∈Ω

∑
k∈K

∑
m∈M

ekLpβ
k
mpθp (1)

Ω is the set of all the feasible bus order chain solutions. P represents the bus order chain. M is the
set of buses. m represents the bus. K represents the vehicle type set. ek is the unit (per kilometer)
energy consumption of type k vehicles. LP is the mileage of the bus order chain P. βk

mp is a variable
ranging from zero to one, representing whether the bus order chain P is executed by the bus m of the
vehicle type k. If it is, βk

mp is one, otherwise, βk
mp is zero. θp is a variable ranging from zero to one,

indicating whether the bus order chain P is in the feasible solution. If it is, then θp is one, otherwise
θp is zero. P = {1 , 2, 3, . . . , i, n} is a set representing the sequence of the exit arc, task arc, waiting arc,
empty-driving arc, and entry are executed by a bus departing from a certain parking yard.

C1 is the minimum passengers’ waiting time. Since the passengers’ waiting time cost is mainly
decided by the waiting time, and the waiting time is associated with the departure frequency of the bus,
the relationship between the departure frequency and the passengers’ waiting time can be described as
follows. Assuming that the law of the buses and the passenger arriving at the bus stations are subject
to the Poisson Distribution and uniform distribution, respectively. The passengers’ waiting time on
average is the half of the departure interval and the bus lines’ departure interval in unit time is equal
to the reciprocal of departure frequency. The passengers’ waiting time cost is inversely proportional to
the departure frequency, and directly proportional to the number of people boarding the bus in the
stations, so the calculation of the waiting time is shown in Formula (2).

minC1 =
1

2 f

∑
n
χn (2)

f is the departure frequency of the research bus line in the unit time period, with the unit of times/h. χn

is the number of passengers boarding the bus at station n in a unit time period, with the unit of persons.
C2 is the minimum passengers in-bus time. The passengers’ perception of the in-bus time cost

is mainly influenced by the degree of the in-bus crowding (full load rate), which is determined by
the departure frequency to some extent. The in-bus time cost of the same travel distance perceived
by passengers is various under different crowding degrees, which is mainly affected by the in-bus
time perception coefficient. Therefore, we consider that the passenger’s in-bus time cost is mainly
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determined by the cross-sectional passenger flow per unit period, travel time and passenger’s in-bus
perception coefficient, as shown in Formula (3).

minC2 = min
∑

k

∑
n

xn,n+1
ln,n+1

vk
Fk(x) (3)

Fk(x)= 1+βmin(
xn,n+1

f ·Nk
)
βmax

xn,n+1 is the cross-sectional passenger flow between station n and station n + 1 in a unit time period,
with the unit of person. ln,n+1 is the operation distance of the research route between station n and
station n + 1, with the unit of km. vk is the average velocity of the type k bus. Fk(x) is the passenger
perception coefficient of the type k bus when the cross-sectional passenger flow between station n and
station n + 1 is x. Nk is the specified passenger capacity, with the unit of persons. g represents the
time period. βmin is the minimum allowable full load rate of the research route, βmax is the maximum
allowable full load rate of the research route.

Therefore, by converting the multiple objectives into a single optimization objective,
the multi-objective operating organization energy consumption optimization model can be represented
as Formula (4).

minz = min(ω1E +ω2C1 +ω3C2)

= min(ω1
∑

p∈Ω

∑
k∈K

∑
m∈M

ekLpβk
mpθp +ω2

1
2 f
∑
n
χn +ω3

∑
k

∑
n

xn,n+1
ln,n+1

vk
Fk(x)) (4)

ω1,ω2,ω3 is the cost converting coefficient.

3.2.3. Constraint Conditions

To ensure the original service level of the route, meeting the accurate matching between the
transport capacity in the processes of replacing fuel buses with electric buses, while considering the
mileage and charging time of electric buses, we establish constraints conditions from the aspect of the
bus operating service level including the vehicle full load capacity, departure interval, road capacity,
mileage of electric buses and charging time. The specific conditions are as follows:

1. The constraints of the full load rate

βmin ≤ βgh ≤ βmax (5)

βgh =
qgh

NgC
=

qghdg

NgHg

In the formula, βgh is the cross-section full load rate of the h section in a g time period of the
research route, qgh is the cross-section passenger flow of the h section in a g time period of the research
route, Ng is the number of passengers on board of the h section in a g time period of the research route,
dg is the departure interval in a g time period of the research route, with the unit of minute, C is
number of vehicles that passed the section h in a g time period, Hg is the duration of the g period, with
the unit of minute, N0 is the standard passenger capacity of the pure electric buses.

2. The constraint of departure interval

If the departure interval is too short, the energy consumption will increase that will result in the
resource waste. If the departure interval is too long, the waiting time of passengers will be longer,
and the full load rate will increase, then the service level decreases. Therefore, we comprehensively
consider the acceptability of enterprises and passengers to the departure interval and refer to the
Beijing bus departure interval which is less than 5 min in the peaking period and less than 15 min in
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the low peak period. We widen the constraints of departure frequency within a certain range and set
the following constraint conditions:

4 ≤ f ≤ 60 (6)

3. The constraints of mileage and charging time windows∑
p∈Ω

aipθp = 1 i ∈ Atask (7)

αip is a variable either zero or one, indicating whether the bus order chain P contains the arc i. If it
does, αip equals to one, or αip equals to zero.∑

p∈Ω

sdpθp =
∑
p∈Ω

edpθp ≤ capacityd ∀d ∈ D (8)

sdp is a variable either zero or one, representing whether the bus order chain P departs from the parking
lot D or not. edp is a variable either zero or one, representing whether the bus order chain P stops at the
parking lot d. D represents the parking yard set. capacityd is the capacity of the parking yard ∀d ∈ D.
Vk

d is the vehicle set of type k ∈ K departing from the parking yard d ∈ D.

∑
i

liaip ≤ DDk∀p ∈ Ω i ∈ Atask j ∈ A (9)

DDk represents the maximum mileage of type k ∈ K bus. li is the mileage of arc i, and if the arc i is
the waiting arc, li = 0, otherwise, it equals the distance between the two stations.

aiparrtimei ≤ ajpdeptimej i < j,∀p ∈ Ω (10)

arrtimei represents the arrival time of arc i. deptimei represents the departing time of arc i.

sdpedpyiθp ∈ {0, 1
}

p ∈ Ω, d ∈ D, i ∈ Atask (11)

yi is the variable ranging either zero or one, indicating whether the bus returns to the parking yard to
charge after completing the task i (assuming that the bus can only be charged at the yard). If the bus
needs to be charged, yi equals to one, and the corresponding entry time is αi + tei + STk. STk is the
charging time of the bus, which is 30 min in the paper.

In summary, we establish a bus driving plan optimization model considering the service level with
the objective function (4) and constraint conditions from formulas (5) to (11). The constraint condition
(7) means every task can only be executed once by one bus. The left-hand side of the constraint
condition Formula (8) represents the number of bus order chains departing from parking yard d, and
the right-hand side represents the number of bus order chains finally returning to the parking yard,
and both of them should not exceed the total number of vehicles in the yard d. Formula (9) means the
driving distance should be less than the maximum driving distance if the bus has not been supplied
with energy. Formula (10) represents the time connection constraints between the arcs. Constraints
condition (11) means the related variables ranging from zero to one.

4. Research on Heuristic Optimization Algorithm

In this paper, the energy consumption optimization problem of multi-type bus operating
organizations is abstracted into a set segmentation problem, which can be described as the problem
that which vehicle completes task shifts in turn. The integer coding method based on vehicles is
adopted for chromosome coding, which can be simply expressed as [1231312...]. The coding represents
that task one, four and six are completed by the first bus, task two and seven are completed by the
second bus, and task three and five are completed by the third bus.
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4.1. The Production of Initial Population in Heuristic Algorithm

To solve the model, the paper sets the heuristic algorithm with the following steps:

1. Arrange the tasks in ascending order according to the task departure time to form T, and the
task information includes the task sequence number, route number, departure time, arrival time,
departure station, arrival station, travel time, route mileage, the nearest parking yard to the
arrival station and the distance between them.

2. Set up the vehicle set in each parking yard, including the parking yard number and its capacity.
3. Assign one bus for the first task (the bus has not executed the task, which means the last task shift

is empty), randomly extract an electric bus from the parking yard to execute, and record in the
following order: The parking yard which the bus belongs to, the remaining mileage of the bus,
the sequence number of the completed shift. Additionally, record the driving path of the current
bus: The departure parking yard and the task sequence number.

4. For the rest of task i:

Look for whether there are any already used electric buses that can still execute the task i, which
should meet the following two requirements: 1. Remaining mileage subtracts possible empty-driving
mileage is greater than task mileage adds the mileage returning to the nearest parking yard; 2. the time
when the last task was completed adds possible empty-driving time is less than the start time of the
task adds 30 min (the charging time).

According to the following rules, relate the bus to the task:

1. Give priority to the buses meeting both requirements;
2. Give priority to the buses meeting the second requirement but not the first. In this case, the bus

can return to the parking yard to charge, making it meet the first requirement. Record the nearest
charging yard and update the bus information and the driving path information.

3. If all the requirements cannot be satisfied, the fuel buses will be used.

Look for the last task of each vehicle currently, assign the task i to the vehicle which has the
smallest time difference from task i. Determine whether it is necessary to return to the parking yard to
link up the tasks and update the vehicle information. All the individuals achieved based on the above
heuristic algorithm are all the feasible solutions to the problem.

4.2. Design of Fitness Function

In the process of generating the initial solution, that is, the generation of the running plan of each
vehicle, the corresponding task mileage, empty driving mileage, station or waiting time in the yard of
the vehicle are recorded. In this paper, ObjV =

∑
p∈Ω

cpθp is taken as the basis of the individual fitness

evaluation, and the advantages and disadvantages of individuals are evaluated. The chromosomes that
do not meet the constraints are eliminated. Calculate the objective function value of each individual and
sort it. The fitness value of each individual is calculated according to its position in the arrangement.
The fitness function of individual i is as follows:

g(i) = 2− sp + 2(sp− 1)
[

pos− 1
N − 1

]
(12)

In the formula, sp represents the selected pressure difference which is the difference between fitness
values of assigned individuals, with a default value of two; N represents the size of the population;
Pos represents its position in the arrangement.

4.3. Genetic Manipulation

Through selection, crossover and mutation to achieve the genetic manipulation, the specific
process is as follows.
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1. Selection. We adopt the roulette strategy RWS as the selection method. Since the probability of
each individual being selected is proportional to its fitness function value. The probability of
being selected is as follows:

p(i) =
g(i)∑N

i=1 g(i)
(13)

On the basis of knowing the probability of each individual being selected, the selected individual
is randomly determined. The specific steps are shown in Figure 2.

 
Figure 2. Individual selection step.

2. Crossover. The single point crossover is used. To adapt to the multi-constraint model proposed
above, the following ideas are designed in the crossover operation.

(a) Achieve the population from the selection operation for chromosome pairing;
(b) According to the crossover probability, determine whether to carry out the crossover

operation. If so, move to the next step, otherwise, move to the next species.
(c) Search for feasible intersections. Decode to achieve the task shifts of each vehicle in the

chromosome, randomly select two vehicles, and determine whether there is an intersection.
If yes, conduct the crossover. Otherwise, pass it on to the next population until the two
parents are inherited.

(d) Move the chromosomes into the next population, determine whether the population
size has been reached. If yes, terminate the crossover operation. Otherwise, repeat the
above steps.

3. Variation. The variation ranges from 0.0001 to 0.1. Randomly select a certain task of a certain
vehicle in the chromosome. Delete the task and the insert it into other vehicles at random, then
determine whether the mileage range constraint can be satisfied. If it is feasible, then insert the
task. Otherwise, continue to search for the vehicles that can be inserted. If no suitable insertion
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position can be found in the existing vehicles, a new vehicle will be assigned to perform the
corresponding task.

4.4. Design of Termination Principle

Before reaching the maximum number of iterations, determine whether the average fitness of
successive generations has not changed, or the variation is less than a threshold. If so, the iterative
process of the algorithm converges and the algorithm ends. Before reaching the maximum number
of iterations, it is judged whether the average fitness of successive generations is unchanged or the
change value is less than a minimum threshold. If so, the iteration process of the algorithm converges
and the algorithm ends. Otherwise, if the maximum number of iterations has been reached, the new
generation population obtained through selection, crossover and mutation will replace the previous
generation population.

4.5. Flow Diagram of the Algorithm

The flow chart describing the established driving plan model is shown in Figure 3.

 
Figure 3. Flow diagram of the algorithm.

1. Input the parameter of the genetic algorithm: Species size, species generation, crossover probability,
mutation probability, and the generation gap.

2. Input the task information, parking yard information, empty driving distance, average velocity,
vehicle information and maximum mileage of pure electric buses. To make the calculation easier,
the task information includes the task sequence number, route number, departure time, arrival
time, departure station, arrival station, traveling time and route mileage. The parking yard
information includes the parking yard number and the number of parking space in the yard.
The vehicle information includes the vehicle number, parking yard number which the vehicle
belongs to, remaining mileage, completion time of the last task, the sequence number of the
last task, the information that whether the vehicle can execute the current task, the parking lot
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number which the vehicle returns to, empty driving mileage, number of charge cycles and the
vehicle energy consumption.

3. Input the coefficient of the vehicle energy consumption, the coefficient of passengers waiting cost
and coefficient of passengers in-bus cost.

5. Result and Discussion

5.1. Explanation of Basic Information

Taking a certain bus system in Beijing as an example, we study multi-type buses scheduling and
analyze an algorithm calculation example. The example contains six bus routes (Route 405, Route 415,
Route 538, Route 1, Route 322 and Route 496), 12 timetables, 1040 tasks in total and seven bus parking
yards. The parking yard information is shown in Table 1. The number of parking space in Table 1 is
one of the constraints which is calculated by Formula (8).

Table 1. Parking yard information.

Number of Parking Yard Name of Parking Yard Number of Parking Space

1 Si Hui Junction Station Parking Yard 50
2 Sun He Bus Parking Yard 35
3 Hui Zhong Li Parking Yard 25
4 National Stadium East Parking Yard 25
5 Lao Shan Bus Parking Yard 25
6 Gu Cheng West Bridge Bus Parking Yard 25
7 Kang Jing Nan Li Parking Yard 25

The vehicle information is shown in Table 2. The energy consumption per 100 km is applied in
the objective function (1). The specified passenger volume is one of the correlative conditions of the
full load rate constraint Formula (5).

Table 2. Vehicle information.

Type of Fuel
Length of

Bus(m)
The Sequence Number

of Vehicle Type
Energy Consumption per
100 km (Standard Coal)

Specified Passenger
Capacity (Person)

Electricity 18 V1 55.76 130

Diesel 16 V2 71.66 140

Natural Gas 16 V3 75.47 164

The bus route information is shown in Table 3. The route mileage is the key index for calculating
energy consumption of the objective function (1).

Table 3. Bus route information.

Bus Route Departure Parking Yard Terminal Parking Yard Route Mileage (km)

405 1 2 22.31
415 3 2 17.69
538 4 2 19.76

1 1 5 24.84
322 1 6 18.8
496 1 7 12.78

The empty driving distance between different parking yards is shown in Table 4. When the end of
a task site is not the next start of a task site, there is an empty driving distance.
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The maximum mileage for the 12-meter-long electric buses is 133 km and 117 km for the
18-meter-long electric buses and the buses powered by fuel and natural gases have unlimited mileage.
The quick charging time of pure electric buses is 30 min. The tasks of each route are executed jointly
by the buses of seven parking yards. Convert the unit of energy consumption into the standard coal.
According to the unit price of standard coal of 71.39 €/ton, ω1 = 3.3. The average annual salary level in
Beijing in 2017 is 11033€. Calculated by 250 working days per year for 8 h per day, the average salary is
5.45 €/h, so ω2 = ω3 = 5.45. The parameters of the example are shown in Table 5.

Table 5. Setting of parameters in the calculation example.

ω1 ω2 ω3

3.3 5.45 5.45

In the genetic algorithm proposed in this paper, the initial species size is 200 individuals,
the crossover probability is 0.6, the mutation probability is 0.01, and the retention rate of good genes
is 0.1.

5.2. Results Analysis

After calculation, the value of the objective function is 8456 € and a total of 144 buses are required.
Among them, the number of vehicles needed for type V1, V2, V3 is 86, 14 and 44, respectively.
The number of buses needed to be stopped in the parking yard is 48,36,19,16,8,7,10 respectively for
the Si Hui Junction Station Parking Yard, Sun He Bus Parking Yard, Lao Shan Bus Parking Yard,
Gu Cheng West Bridge Bus Parking Yard, Kang Jing Nan Li Parking Yard, Hui Zhong Li Parking Yard
and National Stadium East Parking Yard. The total mileage of the tasks is 19,741 km and the total
number of the charge is 70. The program iteration diagram is shown as Figure 4.

Figure 4. Program iteration diagram.

The bus order chain of each vehicle is shown in Table 6, in which 1041 to 1047 represents the
parking yard one to seven, and if they are in the middle of the chain, it means the bus gets into the
parking yard to charge.

229



Appl. Sci. 2019, 9, 3352

Table 6. Bus order chain.

Bus Sequence Number Vehicle Type Bus Order Chain

1 V1 1041-682-429-759-934-38-882-47-893-1043
2 V1 1043-411-1046-839-771-128-865-1045
3 V3 1044-10-421-321-687-206-1047
4 V1 1046-966-868-1041-236-257-727-203-354-763-1044
5 V1 1042-326-163-1041-870-1043
6 V1 1042-925-1046-545-379-1045
7 V1 1042-511-1043-492-148-1046
8 V1 1047-791-516-157-730-765-582-1043
9 V3 1042-85-234-561-622-697-590-292-552-1041
10 V3 1045-136-653-662-917-838-577-584-1046
. . . . . . . . .
142 V2 1043-650-747-372-908-595-949-1044
143 V3 1041-497-996-51-578-41-94-910-1047
144 V1 1041-25-263-422-1046-651-846-931-1035-599-1046

5.3. Comparative Analysis

From the program iteration chart, we can see the variation trend. The optimal scheme is the
lowest cost, but in the actual situation, it is impossible to achieve the optimal configuration at once.
The capacity of the yard and the charging infrastructure need to be expanded. In the process of
gradually replacing fuel vehicles by pure electric buses, we need to pay attention to how costs change
and what proportion of fuel vehicles should be replaced by pure electric buses, so we choose different
vehicle ratios to discuss. The cost of different plans with different vehicle type proportions is shown in
Table 7. Energy consumption cost one refers to the energy consumption cost of pure electric buses,
and energy consumption cost two refers to the energy consumption cost of diesel buses and liquefied
natural gas buses. The proportion of two types of buses of five different plans and the changes in costs
in each case are shown in Table 7.
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It can be concluded from the above table that:

1. From the 1–3 columns of the table, we can see that in the process of pure electric buses replacing
fuel vehicles, the total number of vehicles increases gradually. The proportion of the number of
reducing fuel vehicles and increasing pure electric buses is about 1:2., because pure electric buses
with similar passenger capacity need to return to the parking lot to recharge after reaching the
limited mileage. Therefore, in practical application, it is necessary to replace one fuel vehicle with
two pure electric vehicles.

2. From the 4–5 columns of the table, we can see that energy consumption cost one increases
while energy consumption cost two decreases. However, the energy consumption cost shows a
decreasing trend, indicating that the energy consumption of the pure electric bus is much lower
than that of the fuel vehicle. On the premise of ensuring the completion of the operation task,
the energy consumption of the increased pure electric bus is lower than that of the reduced fuel
vehicle. Therefore, considering the energy consumption alone, it is better to keep the higher the
proportion of the electric bus.

3. The total cost is shown as concave in column 7 of Table 7, with decreasing energy costs and
increasing passengers cost. It indicates that when the number of electric buses increases to a
certain proportion, the saving costs on energy are not enough to make up for the rising passengers
cost. There is a balance between the two costs in order to achieve the optimal (the lowest total
cost). Therefore, it is not acceptable to merely consider energy consumption reduction from the
perspective of the total cost. How to choose depends on which aspect the bus enterprises focus
on, and at the same time, they should respond to the national policy.

4. As is shown in column 8 of Table 7, increasing charging times is inevitable in the
process of increasing the proportion of pure electric buses, which requires the expansion of
charging infrastructure.

5. The total number of vehicles in column 1 of Table 7 shows that in the process of replacing fuel
buses by pure electric buses, the size of buses keeps increasing, so the capacity of the parking
yard and charging equipment need to be expanded.

The current discussion on energy consumption saving is mostly concentrated in reducing the
number of cars and formulating policies on reducing car use, but the studies on public transit are
less. Based on the characteristics of energy-intensive for the traditional buses, blindly advocate public
transit may save energy but it is not the best solution. The application of the electric bus in a reasonable
ratio can achieve the reduction on public transport energy consumption. The current situation is
that the environmental-friendly electric buses are gradually replacing the fuel vehicles. Although the
replacement is not entire, the scale is gradually expanding. Therefore, the study on the schedule of the
bus driving plan to reduce the energy consumption is particularly important. The variation of the
single bus type operation is not reasonable, which may easily lead to the waste of capacity during
flat peak periods and the shortage of capacity during peak periods. Different types of buses can carry
different passenger loads, so different bus type matching ratios should be considered according to the
passenger flow.

6. Conclusions

This paper makes an in-depth analysis on the relationship between the bus driving energy
consumption and bus dispatching and bus type matching ratio under the background that pure electric
buses gradually replaces traditional fuel buses, and many routes are operated with mixing pure electric
buses and traditional fuel buses. There are mainly two steps to solve the problem. The first is to
establish an optimization model of the multi-type bus operation energy consumption based on the
time-space network and reduce the scale of the problem by cutting the empty driving arc. In the
second, the genetic algorithm is applied to optimize the multi-objective function to obtain the optimal
driving scheme. The proportion of electric vehicles replacing fuel vehicles is analyzed with examples
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under the situation of gradual reduction of fuel vehicles. The optimal vehicle scheduling scheme
and vehicle type ratio are obtained. In addition, the energy consumption cost and passenger cost are
calculated in each case, and the suggestion of expanding the parking yards is given.

Currently, the Chinese government vigorously promotes the public transport with low energy
consumption. The ratio of electric buses in the bus fleets increases, and mixing operation with multiple
bus types makes the bus operating organization more complex. The paper innovatively takes the energy
consumption as the objective and organizes the bus operation. The difference from the traditional fuel
bus operating organization lies in the constraints of mileage range and charging time. In the multi-type
energy consumption optimization model, the solution scale of the problem is reduced by establishing
the time-space network and cutting the empty driving arcs. Due to the constraint of the charging
time window of pure electric buses, two pure electric buses need to be added to replace one fuel bus,
and the parking yard capacity needs to be expanded correspondingly. The bus type matching ratio is
different for the situation considering the energy consumption cost alone and the situation considering
the total cost. The decision depends on the preference of the decision makers. However, under the
dual pressure of the environment and energy consumption, the growth of pure electric buses is a trend,
and it also needs a stronger policy support from the government.
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Abstract: Motor vehicles have been identified as a growing contributor to air pollution, such that
analyzing the traffic policies on energy and environment systems (EES) has become a main concern
for governments. This study developed a dual robust stochastic fuzzy optimization—energy and
environmental systems (DRSFO-EES) model for sustainable planning EES, while considering the
traffic sector through integrating two-stage stochastic programming, robust two-stage stochastic
optimization, fuzzy possibilistic programming, and robust fuzzy possibilistic programming methods
into a framework, which can be used to effectively tackle fuzzy and stochastic uncertainties as
well as their combinations, capture the associated risks from fuzzy and stochastic uncertainties,
and thoroughly analyze the trade-offs between system costs and reliability. The proposed model
can: (i) generate robust optimized solutions for energy allocation, coking processing, oil refining,
heat processing, electricity generation, electricity power expansion, electricity importation, energy
production, as well as emission mitigation under multiple uncertainties; (ii) explore the impacts
of different vehicle policies on vehicular emission mitigation; (iii) identify the study of regional
atmospheric pollution contributions of different energy activities. The proposed DRSFO-EES model
was applied to the EES of the Beijing-Tianjin-Hebei (BTH) region in China. Results generated from
the proposed model disclose that: (i) limitation of the number of light-duty passenger vehicles and
heavy-duty trucks can effectively reduce vehicular emissions; (ii) an electric cars’ policy is enhanced
by increasing the ratio of its power generated from renewable sources; and (iii) the air-pollutant
emissions in the BTH region are expected to peak around 2030, because the energy mix of the
study region would be transformed from one dominated by coal to one with a cleaner pattern.
The DRSFO-EES model can not only provide scientific support for the sustainable managing of
EES by cost-effective ways, but also analyze the desired policies for mitigating pollutant emissions
impacts with a risk adverse attitude under multiple uncertainties.

Keywords: dual robust optimization; risk aversion; energy and environmental systems; vehicular
emissions; multiple uncertainties
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1. Introduction

1.1. Background

China has experienced severe environmental pollution in recent years, which pose a critical
threat to public health and sustainable development [1,2]. Energy-related activities are the dominant
sources of air pollution [3], with the amounts of carbon dioxide (CO2) and air pollutant emitted
from electricity generation plants accounting for approximately 40% and 30% of the total CO2 and
air pollutant emissions, respectively [2,4]. Further, motor vehicles have been identified as growing
contributors to air pollution due to the rapid growth of transportation, accounting for approximately
20–67% of carbon monoxide (CO) emissions, 12–36% of oxynitride (NOx) emissions, and 12–39% of
hydrocarbon compound (HC) emissions [5,6]. The scale of emissions of most of China’s regions has
exceeded the capacity of self-purification and air-pollutants’ diffusion from the atmosphere. There is
currently a severe conflict between increasing energy demand, excessive vehicle population, and “high
coal” energy mix on the one hand, and the imperative of mitigating air pollution on the other hand [7].
To tackle the above-mentioned problems, several policies and measures have been implemented
with regard to the development of renewable energy resources: adjustment of the energy structure;
encouragement of the use of electric cars (EVs); improvement of energy conversion efficiencies; and
enhancement of vehicular emission standards. However, it remains unclear how much pollution
reduction can be achieved by these control measures and policies. This situation has forced local
managers to propose ambitious schemes for planning energy and environment systems (EES), and to
deeply analyze the impacts of different emission mitigation policies and measures on these EES [8,9].
However, EES are complicated by many systemic uncertainties regarding the relevant environmental,
economic, energy, and social factors. For instance, electricity demands are often shown as stochastic
uncertainties that vary over time based on extant policies and highly variable conditions [10]. Moreover,
many economic data and energy demands often exhibit ambiguity [11,12]. Failure to consider these
uncertainties may result in less robust decision support [8,13]. Therefore, EES planning as well as
considering uncertainty information are required to help confront such problems of EES, and to ensure
sustainable economic development and environmental protection [14,15].

1.2. Literature Review

Numerous non-deterministic programming approaches have been used to handle uncertainties
in EES. Table 1 lists some previous studies on non-deterministic programming problems.

Table 1. Previous studies related to the subject.

Ref. No.
Non-Deterministic Programming Research Area Considering Traffic Sector

TSP RTSO FPP RFPP Energy Systems Others Yes No

[5]
√ √ √

[17]
√ √ √

[18]
√ √ √

[19]
√ √ √

[20]
√ √ √

[21]
√ √

[22]
√ √ √ √

[23]
√ √ √

[24]
√ √ √ √

[25]
√ √ √ √

[26]
√ √ √

[27]
√ √ √ √

[28]
√ √ √ √

[29]
√ √ √

[30]
√ √ √

[31]
√ √ √

[32]
√ √ √ √

Note: TSP, two-stage stochastic programming; RTSO. robust two-stage stochastic optimization; FPP, fuzzy
possibilistic programming; and RFPP, robust fuzzy possibilistic programming.
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Among them, two-stage stochastic programming (TSP) has been widely used to tackle
uncertainties expressed as a probability distribution [3,16–18]. For instance, Gong et al. [16] proposed a
two-stage programming method to optimize electric power systems considering air pollutant emissions
and CO2 mitigation. Mavromatidis et al. [19] developed a two-stage integer linear program model to
optimize distributed energy systems, enable cost-optimized design decisions regarding technology
selection and sizing before the determination of uncertain parameters. Mohan et al. [20] presented
a two-stage stochastic method for managing the energy reserve of a microgrid system, with an
emphasis on the different levels and sources of uncertainties. However, the TSP is unable to regard the
variability of stochastic recourse values because it is based on the assumption that the manager adopts
a risk-neutral attitude. Thus, TSP may become infeasible when managers are risk-averse under the
conditions of high variability [21].

The robust two-stage stochastic optimization (RTSO) method is an attractive method for tackling
the above shortcomings of TSP. It is specifically used to penalize the costs of the second-stage that are
greater than the expected values and capture the associated risk of stochastic uncertainties [22–24].
In the last few decades, the RTSO method has been extensively employed in many research
areas, such as supply chain systems, electric power systems, solid waste management, and water
resource allocation [3,23,25]. For example, Govindan and Cheng [26] developed a stochastic robust
programming method for improving retail supply chain planning through supply chain coordination,
risk reduction, vendor selection, and sustainability assessment. Xu et al. [24] proposed a robust
TSP method for tackling water resource allocation problems, enabling the handling of uncertainties
expressed as stochastic, and analysis of policy scenarios regarding economic penalties for the violation
of predefined policies.

However, in the real world, many economic parameters and energy demands often exhibit
ambiguities, which can be shown as fuzzy sets [27,28]. Fuzzy possibilistic programming (FPP)
theory can effectively address the fuzzy uncertainties of goals and constraints [29]. For instance,
Vahdani et al. [30] employed an FPP method for closed-loop recycling collection networks, in which
some uncertainty information (e.g., distance, capacity, demand, costs, as well as returned products
quantity) were tackled by FPP. Lu et al. [31] proposed an interval FPP method for managing China’s
energy systems with CO2 emissions constraints, which could address the uncertainties presented in
terms of fuzzy-boundary intervals in both the objective and constraints.

However, an FPP algorithm is unable to ensure the minimization of objective function under
all conditions because minimizing of the expected objective value is used as the objective function.
This can result in significant deviations of the optimized decision schemes, even in the event of
system optimization failure. Robust fuzzy possibilistic programming (RFPP) was developed by
Pishvaee et al. [32] to overcome the drawbacks of FPP methods and involves the extension of robust
optimization from stochastic algorithms to fuzzy algorithms. RFPP considers three sections in objective
function: (i) the minimization of the weight sum of the expected objective values; (ii) the difference
between two possible extreme objective values; and (iii) the penalty for constraint violation as the
objective function [27,33]. It has, however, been limitedly applied to EES planning.

Generally, although previous research works can effectively deal with EES issues under multiple
uncertainties, several gaps still need to be remedied. Firstly, few of the previous studies considered the
traffic sector, which has been identified as a growing contributor to air pollution. Currently, a series of
traffic policies have been adopted to alleviate the air pollution caused by motor vehicles. However, it
remains unclear how much pollution reduction can be achieved by these control measures and policies.
Secondly, most of these studies are incapable of considering the system risks from the stochastic and
fuzzy uncertainties during the optimization process, which may lead to significant deviations in the
optimized decision schemes, even in the event of system optimization failure. Thirdly, the RFPP
method is commonly used to plan water resource allocation, and solid management, and is scarcely
applied to plan EES systems.
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1.3. Objective

The objective of this study was the development of a dual robust stochastic fuzzy
optimization—energy and environmental systems (DRSFO-EES) model for planning EES while
considering the traffic sector. This study is the first attempt at planning an EES while considering
the traffic sector by integrating TSP, FPP, RTSO, and RFPP into a single framework. The proposed
model can effectively tackle stochastic and fuzzy uncertainties as well as their combinations, capture
associated risks from fuzzy and stochastic uncertainties, and thoroughly analyze trade-offs between
system costs and reliability. The proposed DRSFO-EES model was applied to the Beijing-Tianjin-Hebei
(BTH) region in China, which experiences severe smog and haze associated with high concentrations
of air pollutants. The following is a detailed enumeration of the capabilities of the proposed model:
(i) exploration of the impacts of different vehicle policies (such as regarding EVs usage, EV’s power
source, and vehicular emission standards) on vehicular emission mitigation via scenario analysis;
(ii) generation of robust optimized solutions for energy allocation, coking processing, oil refining,
heat processing, electricity generation, electricity power expansion, electricity importation, energy
production, as well as emission mitigation under multiple uncertainties; (iii) identification of the study
regional atmospheric pollution contributions of different energy activities such as coke processing,
heat processing, oil refining, electricity generation, and motor vehicle operation.

2. Methodology

The robust two-stage stochastic optimization (RTSO) method brings risk aversion into stochastic
programming methods, and finds robust schemes for system management [33,34]. The RTSO method
can deal with the stochastic uncertainties of real-world management problems, analyze the policy
scenarios associated with economic penalties when the predefined policies of the first-stage are violated,
capture the variability of the second-stage costs that are greater than the expected values, and evaluate
trade-offs between system economy and risk [23,24]. An RTSO method is formulated as follows:

Min f = CT1
X +

s

∑
h=1

phDT2
Yh + ρ1

s

∑
h=1

ph V (1)

subject to
ArX ≤ Br, r ∈ M; M = 1, 2, . . . , m1 (2)

ArX + A′
rhYh ≥ w′

ih, i ∈ M; i = 1, 2, . . . , m2; h = 1, 2, . . . , s (3)

xj ≥ 0, xj ∈ X; j = 1, 2, . . . , n1 (4)

yjh ≥ 0, yjh ∈ Y; j = 1, 2, . . . , n2; h = 1, 2, . . . , v (5)

V = DT2
Yh −

s

∑
h=1

phDT2
Yh + 2θh, h = 1, 2, . . . , s (6)

vjh ≥ 0, vjh ∈ V; j = 1, 2, . . . , n2; h = 1, 2, . . . , s (7)

where, X and Yh denote the decision variables of the first-stage and the second-stage, respectively;

ph are occurrence probability of scenario h,
H
∑

h=1
ph = 1; C represent coefficients of X and Dh are

coefficients of Yh; w′
ih are random variables with probability levels ph; Ar is the fixed coefficient of X;

Arh
′ are coefficients of Yh. Br represent the boundary vectors of the right-hand side of constraints. θh

denote slack variables used for achieving looser constraints. ρ1 denotes a goal programming weight
of stochastic uncertainties; the managers can regulate the variability of the stochastic recourse cost
through adjusting the ρ1 level [24,35]. When ρ1= 0, the RTSO model becomes a conventional TSP,
which indicates that the managers adopt risk-neutral attitudes and the variability of the stochastic
uncertain recourse costs is not considered. However, when ρ1 = 1, the managers adopt risk- aversive
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attitudes and the variability of the second-stage cost is considered. V denotes the deviation of an
expected value from the given scenario’s cost [3]. Besides, constraints (6) and (7) can define the positive
variability of the recourse costs.

However, RTSO is inefficient in addressing the uncertainties expressed by fuzzy sets. Thus, fuzzy
possibilistic programming (FPP) is joined to RTSO as a hybrid robust stochastic-fuzzy optimization
(RSFO) model as follows:

Min f̃ = C̃T1
X +

s

∑
h=1

phD̃T2
Yh + ρ1

s

∑
h=1

ph V (8)

subject to
Cr{B̃|ArX ≤ B̃r} ≥ α, r ∈ M; M = 1, 2, . . . , m1 (9)

ArX + A′
rhYh ≥ w′

ih, i ∈ M; i = 1, 2, . . . , m2; h = 1, 2, . . . , s (10)

xj ≥ 0, xj ∈ X; j = 1, 2, . . . , n1 (11)

yjh ≥ 0, yjh ∈ Y; j = 1, 2, . . . , n2; h = 1, 2, . . . , v (12)

V = DT2
Yh −

s

∑
h=1

phDT2
Yh + 2θh, h = 1, 2, . . . , s (13)

vjh ≥ 0, vjh ∈ V; j = 1, 2, . . . , n2; h = 1, 2, . . . , s (14)

where Cr{·} represents the credibility measure of a fuzzy event in {·}; C̃T1
and D̃T2

are cost coefficients
expressed as a triangular fuzzy number; B̃r(Br

1, Br
2, Br

3) is the boundary vectors of the right-hand
side of constraints, which expresses as triangular fuzzy sets with its membership functions μ(B̃r). α

denotes the predetermined confidence-level. Cr{B̃|ArX ≤ B̃r} ≥ α denotes the credibility of satisfying
ArX ≤ B̃r is higher than or equal to confidence-level α. According to reference [29], the detailed
solution procedures of model (2) can be summarized as: firstly, transforming objective function (8) into
its expected value form; secondly, converting constraints (9) into their crisp equivalents. A series of
solutions can be obtained under difference confidence-levels [25].

However, an FPP algorithm cannot ensure the minimization of objective function under all
conditions because the expected objective value is used as the objective function. This may result in
significant deviations of the optimized decision solutions, even in the event of system optimization
failure. Robust fuzzy possibilistic programming (RFPP) was developed by Pishvaee et al. [32] to
overcome the above-mentioned drawbacks of FPP methods. Additionally, the RFPP method is scarcely
applied to EES systems, which are commonly used to plan water resource allocation, and solid
management [25,27].

Therefore, this study developed a dual robust stochastic fuzzy optimization (DRSFO) method
through integrating TSP, RTSP, FPP, and RFPP methods in a single framework, which can be used
to effectively tackle fuzzy and stochastic uncertainties as well as their combinations, capture the
associated risks from fuzzy and stochastic uncertainties, as well as thoroughly analyze the trade-offs
between system costs and reliability. In detail, it is formulated as follows:
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Min f̃ = f + λ1·( fmax − f ) + λ2·( f − fmin) + ρ2·[BR(α)− Br
1]

= 0.25·(C1
T1
+ 2·C2

T1
+ C3

T1
)·X + λ1·[C3

T1
− 0.25·(C1

T1
+ 2·C2

T1
+ C3

T1
)]·X

+λ2·[0.25·(C1
T1
+ 2·C2

T1
+ C3

T1
)− C1

T1
]·X

+0.25·(D1
T2
+ 2·D2

T2
+ D3

T2
)· s

∑
h=1

ph·Yh

+λ1·[D3
T2
− 0.25·(D1

T2
+ 2·D2

T2
+ D3

T2
)]· s

∑
h=1

ph·Yh

+λ2·[0.25·(D1
T2
+ 2·D2

T2
+ D3

T2
)− D1

T2
]· s

∑
h=1

ph·Yh

+ρ1·
s
∑

h=1
ph V+ ρ2·[BR(α)− Br

1]

(15)

subject to:
Cr{B̃|ArX ≤ B̃r} ≥ α, r ∈ M; M = 1, 2, . . . , m1 (16)

ArX + A′
rhYh ≥ w′

ih, i ∈ M; i = 1, 2, . . . , m2; h = 1, 2, . . . , s (17)

xj ≥ 0, xj ∈ X; j = 1, 2, . . . , n1 (18)

yjh ≥ 0, yjh ∈ Y; j = 1, 2, . . . , n2; h = 1, 2, . . . , v (19)

V = DT2
Yh −

s

∑
h=1

phDT2
Y + 2θh, h = 1, 2, . . . , s (20)

vjh ≥ 0, vjh ∈ V; j = 1, 2, . . . , n2; h = 1, 2, . . . , s (21)

where f denotes the expected value of objective function (8); fmax and fmin are the maximum value
and minimum value of objective function (8); BR(α) is the maximum values of all potential values, i.e.,
BR(α) = sup{B

∣∣B = μ−1(α)
}

, μ−1 is the inverse of μ. The first section in the objective function (i.e., f )
is used to denote the system cost, while minimizing the weight sum among the expected objective
values; the second section [i.e., λ1· ( fmax − f ) + λ2· ( f − fmin)] represents the differences between
two extreme possible values, which can enhance the robustness of optimization solutions, where
λ1 and λ2 represent their respective weight coefficients; and the last section (i.e., ρ2·[BR(α)− Br

1])
denotes the difference between the extreme values of fuzzy uncertainty information, which can control
the feasibility robustness of the generated solution. ρ2 is a goal programming weight for fuzzy
uncertainties [25]. The evaluation of the trade-offs between system cost and risk can be obtained
under different coefficients λ1, λ2, ρ1, ρ2, and α. The constraint (16) can be tackled by a conventional
FPP algorithm.

3. Applications

3.1. Statement of Problem

The BTH region is regarded as China’s economic, political, cultural, and technological innovation
center, representing the most dynamic urban cluster in the country, including 11 prefecture-level
cities of Hebei Province, as well as two megacities (Beijing and Tianjin) [36,37]. The region has
experienced rapid economic development, with a high annual growth rate of 6.64% for gross domestic
product (GDP) over the last five years [1–3]. The BTH region’s energy demands have dramatically
increased along with its rapid urbanization, industrialization, and economic development. According
to the National Bureau of Statistics of the People’s Republic of China, the region’s electricity demand
reached 50.92 million kWh in 2016, representing an increase of 13.31% compared with five years
earlier. The domestic energy structure is heavily dependent on coal resources, with coal-based power
accounting for 85.04% of the region’s electricity power generation, while renewable energy contributes
only 8%.

240



Appl. Sci. 2019, 9, 928

Fossil fuels in general are the major contributor to air pollution. For example, approximately
50%, 70%, 90%, and 65% of the total CO2 emissions, nitrogen oxide (NOx), sulfur dioxide (SO2), and
particulate matter (PM) are contributed by coal resources [4,38]. In addition, the BTH region is one
of the high-traffic regions of China, with a vehicle population of 20.67 million in 2016, representing
an increase of 63% from 2011. Motor vehicles are recognized as a major contributor of regulated
pollutants such as CO, NOx, HC, and PM. Based on several references, vehicular emissions contributed
approximately 20–67% of CO emission, 12–36% of NOx emission, and 12–39% of HC emissions [5].

The BTH region experiences severe air pollution due to increasing energy consumption and
vehicle population, as well as a “high coal” energy mix characteristic. Cities in the region generally
occupy more than half of the top-ten spots for the most polluted cities in China [39]. The scale of
emissions in the BTH region has exceeded the capacity of self-purification and air-pollutants’ diffusion
from the atmosphere [25,33]. This situation has forced local managers to propose ambitious schemes
for planning the EES of the BTH region.

To tackle the above-mentioned problems, several policies and measures have been implemented
with regard to the development of renewable energy resources: adjustment of the energy structure;
encouragement of the use of EVs; improvement of energy conversion efficiencies; and enhancement
of vehicular emission standards. For example, several strategies have been proposed for reducing
vehicular emissions, such as the deployment of EVs and the implementation of the China VI vehicular
emission standard. However, it remains unclear how much pollution reduction can be achieved
by these control measures and policies. As noted earlier, this paper proposed the DRSFO-EES
model for the assessment of the impacts of different emission mitigation policies and measures
on EES; development of robust optimization solutions for EES planning; determination of the regional
atmospheric pollution contributions of different energy sectors such as energy processing, electricity
generation, and vehicular traffic.

3.2. Schematic Overview of This Study

The proposed DRSFO-EES model was applied to EES planning for the BTH region. As shown
in Figure 1, the considered EES included several energy-related activities such as heat processing,
coke processing, oil refining, electricity conversion, EVs expansion, and energy import. The electricity
demands of the BTH region are supplied by local power plants and import from adjacent power grids.
The major local electricity conversion technologies include natural gas-based, coal-based, wind and
solar power. The vehicle population consists of heavy-duty passenger vehicles (HDVs), light-duty
passenger vehicles (LDVs), light duty trucks (LDTs), heavy duty trucks (HDTs), EVs, and “others”.
The DRSFO-EES model was used in this study to determine the air pollutants and greenhouse gases
(NOx, SO2, PM, CO, HC, and CO2) emitted from the different energy related-activities in the region.
The EES considered a number of uncertainties (such as electricity demand, and many economic
parameters expressed as random variables and fuzzy sets) that would affect the optimization scheme.
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Figure 1. Schematic overview of this study.

3.3. Development of DRSFO-EES Model

Minimizing the system cost is the objective of DRSFO-EES, which includes costs for coke
processing, heat processing, input for coal-based power, oil refining, input for natural gas-based
power, imported electricity, first-stage of electricity generation, second-stage of electricity generation,
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electricity expansion, energy production, subsidy for solar power generation, subsidy for wind power
generation, EVs charging piles, EVs charging stations, pollutants treatment, and risk recourse for the
stochastic and fuzzy uncertainties. The proposed DRSFO-EES can be solved by Lingo 11.0 software.
The schematic diagram of DRAOM-EWNS model is presented in Figure 2.

 

 
Figure 2. The schematic diagram of dual robust stochastic fuzzy optimization—energy and
environmental systems (DRSFO-EES).

In the DRSFO-EES, t denotes the planning periods, period 1 (2020), period 2 (2025), and period 3
(2030); i denotes the primary energy production type, i = 1 is coal, i = 2 is natural gas, and i = 3 is crude
oil; k denotes the electric conversion technology, k = 1 is coal-based power, k = 2 is natural gas-based
power, k = 3 is solar power, and k = 4 is wind power; h expresses the electricity demand-level, h = 1
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(low demand level), h = 2 (medium demand level), h = 3 (high demand level),
3
∑

h=1
ph = 1; g are the

vehicles types, g = 1 is HDVs, g = 2 is LDVs, g = 3 is TDTs, g = 4 is HDTs, and g = 5 is others. The
proposed DRSFO-EES is formulated as follows:

Objective:
Min f̃ = f + λ1( fmax − f ) + λ2( f − fmin) + VFt

= f1 + f2 + f3 + f4 + f5 + f6 + f7

+ f8 + f9 + f10 − f11 − f12 + f13 + f14

+ f15 + f16

(22)

where f̃ represents the system cost; f̃1 denotes the heat processing cost; f̃2 denotes oil refining cost; f̃3

denotes coke processing cost; f̃4 denotes the cost of coal inputs for coal-based power; f̃5 denotes the
cost of natural gas inputs for natural gas-based power; f̃6 denotes importing electricity cost; f̃7 denotes
the cost of first-stage electricity generation; f̃8 denotes the cost of second-stage electricity generation; f̃9

denotes electricity expansion cost; f̃10 denotes the energy production cost; f̃11 denotes the subsidy for
solar power; f̃12 denotes the subsidy for wind power; f̃13 denotes the cost of charging pile; f̃14 denotes
the cost of changing station; f̃15 denotes air-pollutants removal cost; f̃16 denotes the risk recourse costs
of stochastic and fuzzy uncertainties. VFt represents the positive deviation between maximum values
and worst value of fuzzy parameters. λ1 and λ2 represent their respective weight coefficients, where it
is assumed λ1 and λ2 are fixed (i.e., λ1 = λ2 = 1).

(1) Cost of heat processing. This cost is used for heat processing, and it is calculated based on the
unit-price and amount of heat processing.

f̃1 =
3
∑

t=1
[0.25(HPPt

1+2HPPt
2 + HPPt

3) ·HGAt

+ λ1·
3
∑

t=1
[HPPt

3 − 0.25(HPPt
1+2HPPt

2 + HPPt
3)] HGAt

+ λ2·
3
∑

t=1
[0.25(HPPt

1+2HPPt
2 + HPPt

3)− HPPt
1] HGAt

(23)

where HP̃Pt(HPPit
1, HPPit

2, HPPit
3) is the cost for unit of heat processing, which is expressed as a

triangular fuzzy number; HGAt is the heat processing amount.
(2) Cost for oil refining. This cost is calculated in terms of the unit-price and the amount of

oil refining.

f̃2 =
3
∑

t=1
[0.25(PVOt

1+2PVOt
2 + PVOt

3) ·OFOILt

+ λ1·
3
∑

t=1
[PVOt

3 − 0.25(PVOt
1+2PVOt

2 + PVOt
3)]OFOILt

+ λ2·
3
∑

t=1
[0.25(PVOt

1+2PVOt
2 + PVOt

3) − PVOt
1] OFOILt

(24)

where PṼOt (PVOt
1, PVOt

2, PVOt
3) is the cost for unit of oil refining; OFOILt is the crude oil

consumption of oil refining. (3) Cost for coke processing. This cost is calculated in terms of the
unit-price and the amount of coke processing.

f̃3 =
3
∑

t=1
[0.25(PWOt

1+2PWOt
2 + PWOt

3) ·CKPAt

+
3
∑

t=1
[PWOt

3 − 0.25(PWOt
1+2PWOt

2 + PWOt
3)] CKPAt

+
3
∑

t=1
[0.25(PWOt

1+2PWOt
2 + PWOt

3) − PWOt
1] CKPAt

(25)
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where PW̃Ot(PWOt
1, PWOt

2, PWOt
3) is the cost for unit of coke processing; and CKPAt is the coke

processing amount.
(4) Cost for purchasing coal resources. This cost is used for purchasing coal resources, and it is

calculated based on the unit-price and the amount of coal resource.

f̃4 =
3
∑

t=1
[0.25(NSCt

1+2NSCt
2 + NSCt

3)] ·ECOALMt

+ λ1·
3
∑

t=1
[NSCt

3 − 0.25(NSCt
1+2NSCt

2 + NSCt
3)]ECOALMt

+ λ2·
3
∑

t=1
[0.25(NSCt

1+2NSCt
2 + NSCt

3) − NSCt
1] ECOALMt

(26)

where NS̃Ct(NSCt
1, NSCt

2, NSCt
3) is the price for unit of coal resource; and ECOALMt is the coal

consumption of coal-based power.
(5) Cost for purchasing natural gas resources. This cost is used for purchasing natural gas

resources, and it is calculated based on the unit-price and the amount of natural gas resource.

f̃5 =
3
∑

t=1
[0.25(NSNt

1+2NSNt
2 + NSNt

3)] ·ENGMt

+ λ1·
3
∑

t=1
[NSNt

3 − 0.25(NSNt
1+2NSNt

2 + NSNt
3)]ENGMt

+ λ2·
3
∑

t=1
[0.25(NSNt

1+2NSNt
2 + NSNt

3) − NSNt
1] ENGMt

(27)

where NS̃Nt(NSNt
1, NSNt

2, NSNt
3) is the price for unit of natural gas resource; and ENGMt is the

natural gas consumption of natural gas-based power.
(6) Cost for importing electricity. This cost is calculated in terms of the unit-price and the amount

of importing electricity.

f̃6 =
3
∑

t=1

3
∑

h=1
[0.25(NEt

1+2NEt
2 + NEt

3) ·EDth

+ λ1·
3
∑

t=1

3
∑

h=1
[NEt

3 − 0.25(NEt
1+2NEt

2 + NEt
3)]EDth

+ λ2·
3
∑

t=1

3
∑

h=1
[0.25(NEt

1+2NEt
2 + NEt

3) − NEt
1] EDth

(28)

where NẼt(NEt
1, NEt

2, NEt
3) is the price for unit of imported electricity; EDth is the amount of

imported electricity.
(7) Operation cost for first-stage electricity generation. The cost represents the operation cost of

first-stage electricity generation facilities (i.e., coal-based power, gas-based power, wind power and
solar power) during the planning periods. It is calculated in terms of the operation costs and the amount
of electricity generation for each of the electricity generation facilities. Furthermore, the first-stage is
given by W±

kt = W−
kt + rrkt·ΔW, where rrkt denotes the decision variables, ΔW = W+

kt − W−
kt .

f̃7 =
4
∑

k=1

3
∑

t=1
[0.25(PVkt

1 + 2·PVkt
2 + PVkt

3) ]· (Wkt
− + rrkt·ΔWkt)

+λ1
4
∑

k=1

3
∑

t=1
[PVit

3 − 0.25(PVkt
1 + 2·PVkt

2 + PVkt
3) ]· (Wkt

− + rrkt·ΔWkt)

+λ2
4
∑

k=1

3
∑

t=1
[0.25(PVkt

1 + 2·PVkt
2 + PVkt

3) − PVkt
1]· (Wkt

− + rrkt·ΔWkt)

(29)
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where PṼkt(PVkt
1, PVkt

2, PVkt
3) denotes the operation cost of different power conversion technologies;

Wkt
± = Wkt

− + rrkt·ΔWkt is the first-stage electricity generation amount, which is determined by
decision variables rrkt (ΔW = W+

kt − W−
kt and rrkt ∈ [0, 1]).

(8) Penalty cost for second-stage electricity generation amounts (i.e., shortage electricity amount
of first-stage). It is calculated in terms of the penalty costs and the amount of second-stage electricity
generation by each electricity generation technology.

f̃8 =
4
∑

k=1

3
∑

t=1

3
∑

h=1
[0.25(PPkt

1+2·PPkt
2+ PPkt

3)]·pth·Ykth

+ λ1·
4
∑

k=1

3
∑

t=1

3
∑

h=1
[PPkt

3 − 0.25(PPkt
1+2·PPkt

2+ PPkt
3)]· pth·Ykth

+λ2·
4
∑

k=1

3
∑

t=1

3
∑

h=1
[0.25(PPkt

1+2·PPkt
2+ PPkt

3)− PPkt
1]· pth·Ykth

(30)

where PP̃kt(PPkt
1, PPkt

2, PPkt
3) is the operating cost for the second-stage electricity generation amount

(Ykth). Ykth is the second-stage electricity generation amount.
(9) Fixed and variable costs for electric capacity expansion. These costs include the fixed

and variable electric capacity expansion costs of four electricity generation technologies in the
planning horizon.

f̃9 =
4
∑

i=1

3
∑

t=1

3
∑

h=1
pth[0.25(Akt

1+2·Akt
2+ Akt

3)]·Qkth

+λ1·
4
∑

i=1

3
∑

t=1

3
∑

h=1
pth[Akt

3 − 0.25(Akt
1+2·Akt

2+ Akt
3)]·Qkth

+λ2·
4
∑

i=1

3
∑

t=1

3
∑

h=1
pth[0.25(Akt

1+2·Akt
2+ Akt

3)− Akt
1]·Qkth

+
4
∑

i=1

3
∑

t=1

3
∑

h=1
pth[0.25(Bkt

1+2·Bkt
2+ Bkt

3)]·Zkth

+λ1·
4
∑

i=1

3
∑

t=1

3
∑

h=1
pth[Bkt

3 − 0.25(Bkt
1+2·Bkt

2+ Bkt
3)]·Zkth

+λ2·
4
∑

i=1

3
∑

t=1

3
∑

h=1
pth[0.25(Bkt

1+2·Bkt
2+ Bkt

3)− Bkt
1]·Zkth

(31)

where Ãkt(Akt
1, Akt

2, Akt
3) denote fixed-charge cost for different electric capacity expansion. Qkth are

binary variables for identifying whether or not the capacity expansion needs to be undertaken by
power conversion technology k. B̃kt(Bkt

1, Bkt
2, Bkt

3) denote the variable cost of capacity expansion.
Zkth denotes the continuous variable of the capacity expansion amount.

(10) Generation costs for primary energy resources. This cost is calculated in terms of the unit-price
of primary energy (i.e., coal, natural gas, and crude oil) and the amount of primary generation.

f̃10 =
3
∑

i=1

3
∑

t=1
0.25(EPPit

1 +2·EPPit
2 + EPPit

3)· EPAit

+λ1·
3
∑

i=1

3
∑

t=1
[EPPit

3 − 0.25·(EPPit
1+2·EPPit

2 + EPPit
3)]· EPAit

+λ2·
3
∑

i=1

3
∑

t=1
[0.25·(EPPit

1+2·EPPit
2 + EPPit

3)− EPPit
1]· EPAit

(32)

where EP̃Pit(EPPit
1, EPPit

2, EPPit
3) is the production cost per unit of energy resource; and EPAit is the

production amount.
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(11) Subsidy for solar power. The government provides a subsidy for units of electricity generated
by solar power, and it is calculated in terms of the unit-subsidy of solar power and the amount of
electricity generation amount of solar power.

f̃11 =
3
∑

t=1
[0.25(SPt

1+2SPt
2 + SPt

3) ·(W3t
− + rr3t·ΔW3t)

+
3
∑

t=1
[SPt

3 − 0.25(SPt
1+2SPt

2 + SPt
3)] (W3t

− + rr3t·ΔW3t)

+
3
∑

t=1
[0.25(SPt

1+2SPt
2 + SPt

3) − SPt
1] (W3t

− + rr3t·ΔW3t)

(33)

where SP̃t(SPt
1, SPt

2, SPt
3) is the solar subsidy provided by government for unit of electricity generated

by solar power.
(12) Subsidy for wind power. The government provides a subsidy for units of electricity generated

by wind power, and it is calculated in terms of the unit-subsidy of wind power and the amount of
electricity generation amount of wind power.

f̃12 =
3
∑

t=1
[0.25(WPt

1+2WPt
2 + WPt

3) ·(W4t
− + rr4t·ΔW4t)

+
3
∑

t=1
[WPt

3 − 0.25(WPt
1+2WPt

2 + WPt
3)] (W4t

− + rr4t·ΔW4t)

+
3
∑

t=1
[0.25(WPt

1+2WPt
2 + WPt

3) − WPt
1] (W4t

− + rr4t·ΔW4t)

(34)

where WP̃t(WPt
1, WPt

2, WPt
3) is the wind subsidy provided by government for unit of electricity

generated by wind power.
(13) Costs for battery charging piles. It is calculated in terms of the average charging pile amount

for unit of electric vehicle, the EVs population, as well as the investment cost per EV charging pile.

f13 =
3

∑
t=1

EVAtRECtFCDt (35)

where EVAt is the EVs population; RECt is the average charging pile amount for unit of electric vehicle;
FCDt is the investment cost per EV charging pile.

(14) Costs for battery changing station. It is calculated in terms of the average changing station
amount for unit of electric vehicle, the EVs population, as well as the investment cost per EV
changing station.

f14 =
3

∑
t=1

EVAtREVtFVDt (36)

where REVt is the average changing station amount for unit of electric vehicles; FVDt is the investment
cost per EV changing station.

(15) Costs for pollutant reduction. These costs include reduction costs for three pollutants, i.e.,
SO2, NOX, and PM emissions.

f̃15 = f̃15s + f̃15N + f̃15PM (37)

where f̃15s is the cost of desulfurization; SO2Kt is the SO2 emissions from coking processing; SO2CEt

is the SO2 emissions from coal-based power; SO2NEt is the SO2 emissions from natural gas-based
power; SO2Ht is the SO2 emissions from heating processing; SO2Ot is the SO2 emissions from oil
refining; TP̃St(TPSt

1, TPSt
2, TPSt

3) is the desulfurization cost of per unit of SO2 emission; ηs is the
desulfurization efficiency.
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(15a) Costs for SO2 emissions reduction. The cost is calculated in terms of the total SO2 emissions,
the desulfurization cost per unit of SO2 emission, and the desulfurization efficiency.

f̃15S = { 3
∑

t=1
(SO2Kt + SO2CEt + SO2NEt + SO2Ht + SO2Ot)

·0.25· (TPSt
1 + TPSt

2 + TPSt
3 )· ηs

}
+λ1·{

3
∑

t=1
(SO2Kt + SO2CEt + SO2NEt + SO2Ht + SO2Ot)

·[TPSt
3 − 0.25· (TPSt

1 + TPSt
2 + TPSt

3 )]· ηs
}

+λ2·{
3
∑

t=1
(SO2Kt + SO2CEt + SO2NEt + SO2Ht + SO2Ot)

·[0.25· (TPSt
1 + TPSt

2 + TPSt
3 )− TPSt

1]· ηs
}

(38)

where f̃15s is the cost of desulfurization; SO2Kt is the SO2 emissions from coking processing; SO2CEt

is the SO2 emissions from coal-based power; SO2NEt is the SO2 emissions from natural gas-based
power; SO2Ht is the SO2 emissions from heating processing; SO2Ot is the SO2 emissions from oil
refining; TP̃St(TPSt

1, TPSt
2, TPSt

3) is the desulfurization cost per unit of SO2 emission; ηs is the
desulfurization efficiency.

(15b) Costs for NOX emissions reduction. The cost is calculated in terms of the total NOx emissions,
the desulfurization cost per unit of NOx emission, and the desulfurization efficiency.

f̃15N = { 3
∑

t=1
(NOXKt + NOXCEt + NOXNEt + NOXHt + NOXOt)

·0.25· (TPNt
1 + TPNt

2 + TPNt
3 )· ηN

}
+λ1·{

3
∑

t=1
(NOXKt + NOXCEt + NOXNEt + NOXHt + NOXOt)

·[TPNt
3 − 0.25· (TPNt

1 + TPNt
2 + TPNt

3 )]· ηN
}

+λ2·{
3
∑

t=1
(NOXKt + NOXCEt + NOXNEt + NOXHt + NOXOt)

·[0.25· (TPNt
1 + TPNt

2 + TPNt
3 )− TPNt

1]· ηN
}

(39)

where f̃15N is the cost of denitration; NOXKt is the NOx emissions from coking processing; NOXCEt

is the NOx emissions from coal-based power; NOXNEt is the NOx emissions from natural gas-based
power; NOXHt is the NOx emissions from heat processing; NOXOt is the NOx emissions from oil
refining; TP̃Nt(TPNt

1, TPNt
2, TPNt

3) is the denitration cost per unit of NOx emission; ηN is the
denitration efficiency.

(15c) Costs for PM emissions reduction. The cost is calculated in terms of the total PM emissions,
the desulfurization cost per unit of PM emission, and the desulfurization efficiency.

f̃15PM = { 3
∑

t=1
(PMKt + PMCEt + PMNEt + PMHt + PMOt)

·0.25· (TPPMt
1 + TPPMt

2 + TPPMt
3 )· ηPM

}
+λ1·{

3
∑

t=1
(PMKt + PMCEt + PMNEt + PMHt + PMOt)

·[TPPMt
3 − 0.25· (TPPMt

1 + TPPMt
2 + TPPMt

3 )]· ηPM
}

+λ2·{
3
∑

t=1
(PMKt + PMCEt + PMNEt + PMHt + PMOt)

·[0.25· (TPPMt
1 + TPPMt

2 + TPPMt
3 )− TPPMt

1]· ηPM
}

(40)

where f̃15PM is the PM removal cost; PMKt is the PM emissions from coking processing; PMCEt is
the PM emissions from coal-based power; PMNEt is the PM emissions from natural gas-based power;
PMHt is the PM emissions from heating processing; PMOt is the NOX emissions from oil refining;
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TP̃PMt(TPPMt
1, TPPMt

2, TPPMt
3) is the treatment cost per unit of PM emission; ηPM is the PM

removal efficiency.
(16) Costs for risk recourse of stochastic and fuzzy uncertainties.

f̃16 = VT̃S + VT̃F = ρ1·
I

∑
i=1

T

∑
t=1

H

∑
h=1

pth(Vith + VCith] + ρ2·
3

∑
t=1

VFt (41)

where VT̃S denotes the risk recourse cost for stochastic uncertainties; VT̃F denotes the risk recourse
cost of fuzzy uncertainties, with capturing the difference between the extreme values of fuzzy
parameters. The nonnegative factors ρ1 and ρ2 represent robust levels (its range from 0 to 1), which
can help managers make trade-offs between system economy and reliability.

Constraints:
The constraints of the proposed DRSFO-EES model include traffic sector, heat processing, coke

processing, oil refining, electricity generation, energy production, air-pollutants treatment, and risk
recourse cost for stochastic uncertainties and risk recourse for fuzzy uncertainties.

(1) Constraints for traffic sector.
This constraint represents that the optimized vehicles population must be not less than the

lower bounds of vehicle population. Cr{MÃLgt

∣∣∣MAgt ≥ MÃLgt

}
≥ α means the credibility of the

MAgt ≥ MÃLgt is higher than or equal to confidence-level α.

Cr{MÃLgt

∣∣∣MAgt ≥ MÃLgt

}
≥ α (42)

where MAgt is the optimized solutions of vehicles population; MÃLgt(MALgt
1, MALgt

2, MALgt
3) is

the lower bounds of vehicle population, which is expressed as a triangular fuzzy number.
Constraints for vehicle-emissions, including CO, NOx, HC, and PM emissions. These constraints

represent that the vehicle-emissions are calculated in terms of the annual average mileage, the
proportion of electric vehicles and the emission factors of CO, NOx, HC and PM emissions.

TRCOgt|g=1,3,4,5 = MAgt|g=1,3,4,5·MQgt|g=1,3,4,5·TRCOEgt|g=1,3,4,5 (43)

TRCO2t = (MAgt − MAgt·REVt)·MQgt·TRCOEgt (44)

TRNOXgt|g=1,3,4,5 = MAgt|g=1,3,4,5·MQgt|g=1,3,4,5·TRNOEgt|g=1,3,4,5 (45)

TRNOX2t = (MAgt − MAgt·REVt)·MQgt·TRNOEgt (46)

TRHCgt|g=1,3,4,5 = MAgt|g=1,3,4,5·MQgt|g=1,3,4,5·TRHCgt|g=1,3,4,5 (47)

TRHC2t = (MAgt − MAgt·REVt)·MQgt·TRHCgt (48)

TRPMgt|g=1,3,4,5 = MAgt|g=1,3,4,5·MQgt|g=1,3,4,5·TRPMgt|g=1,3,4,5 (49)

TRPM2t = (MAgt − MAgt·REVt)·MQgt·TRPMgt (50)

where TRCOgt is CO emissions from vehicle g in period t; MQgt is the annual average mileage; REVt is
the proportion of electric vehicles; TRCOEgt the emission factor of CO; TRNOEgt the emission factor
of NOX; TRHCgt the emission factor of HC; TRPMgt the emission factor of PM.

Constraints of the electricity demands of EVs. This constraint is calculated in terms of the
electricity consumption amounts per hundred kilometers of EVs and the amount of EVs.

EVECt = MA2t·REVt·MQ2t·ECPEVt (51)

where EVECt is the electricity consumption amounts of EVs; ECPEVt is the electricity consumption
amounts per hundred kilometers of EVs.
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(2) Constraints of heat processing. Constraint (52) depicts that the heat generation amounts must
not be less than the heat demands, and Cr{DM̃Ht

∣∣∣HGAt ≥ DM̃Ht

}
≥ α means the credibility of the

HGAt ≥ DM̃Ht is higher than or equal to confidence-level α. Constraints (53) and (54) represent the
consumption amounts of natural gas and coal for heat processing.

Cr{DM̃Ht

∣∣∣HGAt ≥ DM̃Ht

}
≥ α (52)

CFHGCt = CFHt·HGAt·HCPt (53)

CFHGNt = CFHt·HGAt·HNPt (54)

where DM̃Ht(DMHt
1, DMHt

2, DMHt
3) is the heat demand; CFHt denotes the energy consumption

for the unit of kerosene processing. CFHGCt denotes the coal consumption of heat processing;
CFHGNt is the natural gas consumption of heat processing; HCPt denotes the ratio of coal consumption
of heat processing; HNPt denotes the ratio of natural gas consumption of heat processing.

(3) Constraints of oil refining. The constraint depicts the input amounts of crude oil for oil refining.

OFOILt = ZCYt·ZCYEt + ZQYt·ZQYEt + ZMYt·ZMYEt

+ ZRLYt · ZRLYEt + ZSNYt · ZSNYEt

+ ZSJYt · ZSJYEt + ZLPGt · ZLPGEt + ZQTt

(55)

where ZCYt is the diesel processing amount; ZCYEt denotes the crude oil consumption for unit of diesel
processing; ZQYt is the processing amount of gasoline; ZQYEt denote the crude oil consumption
for unit of gasoline processing; ZMYt is the processing amount of kerosene; ZMYEt denotes the
crude oil consumption for unit of kerosene processing; ZRLYt is the fuel oil processing amount;
ZRLYEt is the crude consumption for unit of fuel oil processing; ZSNYt is the processing amount
for naphtha; ZSNYEt denotes the crude oil consumption for unit of naphtha processing; ZSJYt is
the processing amount of asphaltic pyrobitumen; ZSJYEt denotes the crude oil consumption for unit
of asphaltic pyrobitumen processing; ZLPGt is the processing amount of LPG; ZLPGEt denotes the
crude consumption for unit of LPG processing; ZQTt denotes the crude oil consumption of other oil
products.

(4) Constraints of coke processing. Constraint (56) means that the amount of coke processing is
not less than the coke demands, and Cr{DMC̃Jt

∣∣∣CKPAt ≥ DMC̃Jt

}
≥ α means the credibility of

the CKPAt ≥ DMC̃Jt is higher than or equal to confidence-level α. Constraint (57) depicts the coal
consumption amount for coke processing.

Cr{DMC̃Jt

∣∣∣CKPAt ≥ DMC̃Jt

}
≥ α (56)

CFCJt = CKPAt/CTCKEt (57)

where DMC̃Jt(DMCJt
1, DMCJt

2, DMCJt
3) is the coke demand expressed as a triangular fuzzy number.

CTCKEt denotes the coal consumption for unit of coke processing; CFCJt is the coal consumption of
coke processing.

(5) Constraints of electricity generation.
Constraints for mass balance of coal and natural gas resources. These constraints are established

to calculate the consumption amounts of coal and natural gas for electricity generation.

[(W−
1t + rr1t·WC1t) + Y1th + EVECt]·FE1t = ECOALMt (58)

[(W−
2t + rr2t·WC2t) + Y2th]·FE2t = ENGMt (59)
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where FEit is the coal (i = 1) and natural gas (i = 2) consumption for a unit of electricity generation.
Constraints of electricity demand and supply balance. Constraint (60) is established to ensure

the electricity demand be satisfied by domestic electricity generation and importation. And

Cr{D̃th|
4
∑

i=1

3
∑

t=1
[(W−

it + rritWCit) + Yith + EVECt] + Edth ≥ D̃th

}
≥ α means the credibility of the

4
∑

i=1

3
∑

t=1
[(W−

it + rritWCit) + Yith + EVECt] + Edth ≥ D̃th is higher than or equal to confidence-level

α. For constraint (61), the optimized amount of electricity generated in the first-stage is given by
W±

kt = W−
kt + rrkt·ΔW, where rrkt denotes the decision variables, and rrkt ∈ [0, 1].

Cr{D̃th|
4

∑
i=1

3

∑
t=1

[(W−
it + rritWCit) + Yith + EVECt] + Edth ≥ D̃th} ≥ α (60)

0 ≤ rrit ≤ 1 (61)

where D̃th is the electricity demand under various electricity demand levels, which show the
characteristics of stochastic and fuzzy sets. rrit denotes the decision variable of first-stage
electricity generation.

Constraints for electricity capacities. These constraints mainly depict that the amount of generated
electricity must not exceed its existing and expanded capacities, which are established to ensure that
the available electricity-generation capacity is greater than the generated electricity.

4

∑
i=1

(W−
it + rrit·WCit) + Yith + EVECt ≤

2

∑
i=1

[CFit·(RCit + Zith)] (62)

4

∑
i=1

(RCi + Zith) ≥ Ut; ∀t, h (63)

4

∑
i=1

(RCi + Zith) ≤ USt; ∀t, h (64)

4

∑
i=1

Yith ≤
4

∑
i=1

CFit·Zith (65)

0 ≤ Yith ≤ (W−
it + rrit·WCit); ∀i, t, h (66)

Qith =

{
= 1, if capacity expansion of is undertaken ∀i, t, h
= 0, if otherwise

(67)

where CFkt is the operating hours of electricity conversion technology k; RCkt is the original capacity;
Ut is the lower bound of load demands; USt is the upper bound of load demands.

(6) Constraints of energy production. The constraint is established to ensure the primary energy
production amount must be less than the lower bound and higher than the upper bound.

EPAL ≤ EPAit ≤ EPAUit (68)

where EPAUit is the upper bound of amount of primary energy production. EPALit is the lower bound
of amount of primary energy production.

(7) Constraints for air-pollutants management.
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SO2 emissions. Constraints (69) to (74) represent the SO2 emissions from energy activities (i.e.,
coke processing, heat processing, electricity generation, and oil refining). Constraints (74) are used for
ensuring that the SO2-emissions are satisfied by the pollutant-emission permits.

SO2Kt = CFCJt·CSt (69)

SO2CEt = ECOALMt· CSt (70)

SO2NEt = NEGMt·CSt (71)

SO2Ht = CFHGCt·CSt + CFHGNt·NSt (72)

SO2Ot = OFOILt·OSt (73)

(SO2Kt + SO2CEt + SO2NEt + SO2Ht + SO2Ot) · (1 − ηs) ≤ TSt (74)

where CSt is the SO2 emission factor of coal; NSt is the SO2 emission factor of natural gas; OSt is the
SO2 emission factor of crude oil; ηs is the desulfurization efficiency; TSt is the upper bounds of SO2

emission.
NOX emissions. Constraints (75) to (79) represent the NOx emissions from energy activities (i.e.,

coke processing, heat processing, electricity generation, and oil refining). Constraints (80) are used for
ensuring that the NOx-emissions are satisfied by the pollutant-emission permits.

NOXKt = CFCJt·CNt (75)

NOXCEt = ECOALMt· CNt (76)

NOXNEt = NEGMt·NNt (77)

NOXHt = CFHGCt·CNt + CFHGNt·NNt (78)

NOXOt = OFOILt·ONt (79)

(NOXKt + NOXCEt + NOXNEt + NOXHt + NOXOt) · (1 − ηN) ≤ TNt (80)

where CNt is the NOx emission factor of coal; NNt is the NOx emission factor of natural gas; ONt is
the NOx emission factor of crude oil; ηN is the denitration efficiency; TNt is the upper bounds of NOx

emission.
PM emissions. Constraints (81) to (85) represent the PM emissions from energy activities (i.e.,

coke processing, heat processing, electricity generation, and oil refining). Constraints (86) are used for
ensuring that the PM-emissions are satisfied by the pollutant-emission permits.

PMKt = CFCJt·CPMt (81)

PMCEt = ECOALMt· CPMt (82)

PMNEt = NEGMt·NPMt (83)

PMHt = CFHGCt·CPMt + CFHGNt·NPMt (84)

PMOt = OFOILt·OPMt (85)

(PMKt + PMCEt + PMNEt + PMHt + PMOt) · (1 − ηPM) ≤ TPMt (86)

where CPMt is the PM emission factor of coal; NPMt is the PM emission factor of natural gas; OPMt

is the PM emission factor of crude oil; ηPM is the PM removal efficiency; TPMt is the upper bound of
PM emission.
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CO2 emissions. Constraints (81) to (85) represent the CO2- emissions from energy activities (i.e.,
coke processing, heat processing, electricity generation, and oil refining).

CO2Kt = CFCJt·CCO2t (87)

CO2CEt = ECOALMt· CCO2t (88)

CO2NEt = NEGMt·NCO2t (89)

CO2Ht = CFHGCt·CCO2t + CFHGNt·NCO2t (90)

CO2Ot = OFOILt·OCO2t (91)

where CCO2t is the CO2 emission factor of coal; NCO2t is the CO2 emission factor of natural gas;
OCO2t is the CO2 emission factor of crude oil.

(8) The expected deviations for stochastic uncertainties. These constraints are used for capturing the
risk from stochastic uncertainties.

Vith = PP̃it·Y±
ith −

H

∑
h=1

pthPP̃itY
±
ith + 2θh; ∀i, t, h (92)

VCith = (ÃitQith + B̃itZith)−
H

∑
h=1

pth(ÃitQith + B̃itZith) + 2θh; ∀i, t, h (93)

V±
ith ≥ 0, VC±

ijcth ≥ 0; (94)

where θh ≥ 0 are slack variables that can achieve looser constraints; Vith and Vijcth are the weighted
values of the expected deviations from stochastic uncertainties.

(9) The expected deviations for fuzzy uncertainties. These constraints are used for capturing the risk
from fuzzy uncertainties.

VFt = (DMCJt
R(α)− DMCJt

1) + (DMHt
R(α)− DMHt

1)

+
5
∑

g=1
(MALgt

R(α)− MALgt
1) +

3
∑

h=1
[Dth

R(α)− Dth
1]; ∀g, t, h (95)

VFt ≥ 0 (96)

where VFt represents the positive deviation between maximum values and worst value of fuzzy
parameters of right-side of constraints. DMCJt

R(α), DMHt
R(α), MALt

R(α), and Dth
R(α) are the

maximum values of all potential values, i.e., DMCJt
R(α) = sup{B

∣∣B = μ−1(α)
}

, μ−1 is the inverse
of μ. DMCJt

1(α), DMHt
1(α), MALt

1(α), and Dth
1(α) represent the possible worst values of fuzzy

numbers DMC̃Jt(α), DM̃Ht(α), MÃLt(α), and D̃th(α), respectively.

(10) Non-negative constraints. This constraint assures that only positive variables are considered in
the solutions, eliminating infeasibility while calculating the solution.

MAgt, EPAit, HGAt, CFHGCt, CFHGNt, OFOILt,
CKPAt, ECOALMt, ENGMt, Edth, rrit, EVECt,
Yith, Qith, Zith ≥ 0

(97)

3.4. Data Acquirement

The data sources of the DRSFO-EES are related references, government reports, and statistical
yearbooks. The data regarding the vehicle population of the BTH region in particular was obtained from
reference [38]. The annual average vehicle kilometers travelled (VKT) data were obtained from related
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reference [40–42]. Table 2 details the vehicular emission factors of China-V and China-VI [40,41,43–48].
Table 3 gives the electricity demands and representative technical data [1,23,49–52]. The electricity
demands were expressed as stochastic uncertain with three probability levels (20%, 60%, and 20%
corresponding to low, medium, and high levels of electricity demand, respectively). The residual
capacities and operation times of the different electricity generation technologies were obtained
from [49]. The CO2 and air-pollutant emission factors were acquired from related references and
Intergovernmental Panel on Climate Change (IPCC) reports [2,3,53,54].

Table 2. Vehicular emission factors with different emissions standards (mg/km•unit).

CO NOX HC PM

HDV
China-V 300 4610 35 100
China-VI 300 4610 35 100

LDV
China-V 1400 60 230 5
China-VI 700 35 115 5

LDT
China-V 5800 60 1200 5
China-VI 2900 35 600 5

HDT
China-V 200 3530 35 100
China-VI 200 3530 35 100

Other
China-V 2750 150 855 20
China-VI 2750 150 855 20

Table 3. Electricity demand and technological data.

Period

Period 1 Period 2 Period 3

Electricity demand (109 kWh)

Low demand level [517.71, 537.71, 557.71] [553.82, 573.82, 593.82] [594.67, 614.67, 634.67]
Medium demand level [547.25, 567.25, 587.25] [595.73, 615.73, 635.73] [636.18, 656.18, 676.18]

High demand level [559.07, 579.07, 599.07] [646.05, 666.05, 686.05] [686.87, 706.87, 726.87]

Electricity generation target (109 kWh)

Coal-fired power [221.07, 279.81] [213.27, 268.01] 208.93, 269.50]
Gas-fired power [58.41, 63.41] [76.91, 80.91] [91.88, 95.88]

Wind [40.19, 49.55] [45.79, 56.48] [51.01, 61.94]
Solar power [1.20, 1.70] [3.20, 3.60] [5.99, 6.22]

Energy consumption amounts per unit of electricity production

Coal (ton of SCE/103 kWh) 30.50 30.50 30.50
Natural gas (m3/103 kWh) 142.80 142.80 142.80

Coal consumption amounts per unit of coke processing (ton of SCE/ton)

1.35 1.35 1.35

Energy consumption amounts for unit of heat processing (ton of SCE/109 kJ)

36.00 36.00 36.00

4. Results analysis

4.1. Analysis of Vehicular Emissions of BTH Region

Several policies on vehicular emission mitigation, such as the development of EVs, EV power
sources and vehicular emission standards, have been proposed by the government of China. In this
study, five scenarios labeled S1–S5 were designed to analyze the potentials of different emission
mitigation strategies and policies for reducing vehicular emissions (NOx, HC, CO, and PM) in the
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BTH region. Table 4 gives the parameter settings of the different scenarios. Following is a description
of each scenario:

S1: Without consideration of EVs, and with the local governments implementing the China V vehicular
emission standard.
S2: With consideration of EVs, which account for 1.5% of the LDVs population. EV power sources are
100% based on coal-based power, and the China V vehicular emission standard is implemented.
S3: With consideration of EVs, which account for 1.5% of the LDVs population. EV power sources are
based 50% on coal-based and 50% on renewable power. It is assumed that coal-based power is local
coal-based power, and renewable power included wind, solar power and imported electricity. The
China V vehicular emission standard is implemented.
S4: With consideration of EVs, which account for 1.5% of the LDVs population and with power sources
based 100% on renewable energy. The China V vehicular emission standard is implemented.
S5: With consideration of EVs, which account for 1.5% of the LDVs population and with power sources
based 100% on renewable energy. The China VI vehicular emission standard (gasoline standard)
is implemented.

Table 4. Parameter settings of scenarios.

Vehicular Emissions Standards The Proportion of EVs Power Sources for EVs

S1 China V 0% —
S2 China V 1.50% 100% coal-fired power based

S3 China V 1.50% 50% coal-fired power based,
50% renewable energy based

S4 China V 1.50% 100% renewable energy based
S5 China VI 1.50% 100% renewable energy based

4.1.1. Contributions of Different Vehicle Categories to Vehicular Emissions

Numerous results were obtained by the DRSFO-EES model, and the situation of α = 0.5, ρ = 0.2,
and scenario S2 is used here as an example to illustrate the optimized solutions for the EES. The
rapid development of traffic systems has led to large amounts of vehicular emissions such as CO,
HC, NOx, and PM. Figure 3 presents the contributions of the different vehicle categories to vehicular
emissions in the BTH region over the planning periods. As indicated in Figure 3a–d, due to the sharp
growth of LDVs, the total CO, NOx, HC, and PM emissions are expected to increase by 23.28%, 17.07%,
17.19%, and 22.22% over the planning periods, respectively. The results indicated that LDVs are the
major contributors of CO and HC emissions, to which they contribute 65.46–73.72% and 60.15–69.15%,
respectively, over the planning horizon. It is therefore necessary for local governments to limit the
number of LDVs through appropriate measures and policies such as improvement of the public transit
system and encouragement of the use of EVs.

Further, HDTs are the major contributor of NOx and PM, to which they are expected to contribute
67.07–63.08% and 58.58%–54.98%, respectively, between 2020 and 2030. Limiting the development of
HDTs would therefore be effective for reducing vehicular NOx and PM emissions. The results also
indicated that the traffic sector is set to be one of the major emitters for NOx in the BTH region. For
example, the NOx emission from vehicles will account for 58.65%, 60.13%, and 61.90% of the total
NOx emission (the total NOx emission includes contributions from oil refining, coke processing, heat
processing, natural gas-based power, and coal-based power) in 2020, 2025, and 2030, respectively.

255



Appl. Sci. 2019, 9, 928

F
ig

u
re

3
.

C
on

t.

256



Appl. Sci. 2019, 9, 928

F
ig

u
re

3
.

(a
)C

O
em

is
si

on
s

fr
om

tr
af

fic
sy

st
em

.(
b

)N
O

X
em

is
si

on
s

fr
om

tr
af

fic
sy

st
em

.(
c)

H
C

em
is

si
on

s
fr

om
tr

af
fic

sy
st

em
.(

d
)P

M
em

is
si

on
s

fr
om

tr
af

fic
sy

st
em

.

257



Appl. Sci. 2019, 9, 928

4.1.2. Analysis of the Impact of Traffic Policies on Vehicle Pollutants

Figure 4 shows the vehicular emissions for different scenarios and can be used to analyze the
pollutant emission mitigation potential of different vehicle policies. As per the results, implementation
of the stringent China VI emission standard is effective for mitigating vehicular emissions, especially
CO and HC emissions. The standard is specifically projected to afford CO, HC, NOx, and PM emission
reductions of 49.08%, 49.00%, 4.88%, and 0.00%, respectively, in 2020. As also indicated in Figure 4,
the adoption of an EVs policy could reduce CO, NOx, HC, and PM emissions from vehicles by
25.01×103, 1.07×103, 4.11×103, and 0.08×103 ton, respectively, by 2020. However, approximately
2.6×109, 3.2×109, and 3.7×109 kWh of electricity would have to be added by 2020, 2025, and 2030,
respectively, to meet the power requirements of EVs. This implies the emission of additional air
pollutants (SO2, NOx, PM, and CO2) through the increased electricity generation. Further analysis is
thus required to explore the comprehensive impact of the adoption of EVs on pollutant emissions.

The sources of electricity for EVs generally include coal-based power and renewable energy.
In this study, it is assumed that electricity from coal-based power was locally generated and renewable
power means solar, wind power and imported electricity. Based on different power sources of EVs,
there would be different impacts on the environment. Figure 5 shows the additional CO2 and air
pollutant (PM, SO2, and NOx) emissions that result from the additional electricity generation required
by the adoption of EVs. As can be seen, an EVs policy promises to effectively mitigate CO and HC
emissions in all the scenarios. However, it increases SO2 and CO2 emissions. Moreover, no reduction
in NOx and PM emissions would be achieved by the EVs policy if the power required by the EVs were
entirely generated by coal-based power. Actually, in such a case, the total NOx emission would increase
by 0.72×103 ton by 2020, 0.87×103 ton by 2025, and 1.32×103 ton by 2030. Conversely, if the power for
EVs was generated 50% by coal-based and 50% from renewable sources, as in scenario S3, the EVs
policy would reduce NOx emission by 0.17×103 ton by 2020, 0.21×103 ton by 2025, and 0.24×103 ton
by 2030. If the EVs power was entirely generated from renewable sources, as in scenario S4, the policy
would remarkably reduce NOx emission by 1.07×103 ton by 2020, 1.29×103 ton by 2025, and 1.49×103

by 2030. These results indicate that the vehicle-emissions could be reduced directly; but through the
extra electricity generated from local region, leading to additional air-pollutants. Thus, an EVs policy
should be enhanced by increasing the ratio of the needed power generated from renewable sources.

Figure 4. Cont.
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Figure 4. Vehicular emissions from traffic systems under different scenarios.

Figure 5. Additional emissions caused by electric vehicles under different scenarios.

4.2. Optimized Robust Solutions for Energy and Environment Systems

4.2.1. Optimized Schemes of Energy Allocation

Figure 6 shows the optimized energy consumption of energy processing (heat processing, coke
processing, and oil refining) and electricity generation (natural gas-based power and coal-based
power) between period 1 and period 3. The use of natural gas is expected to substantially increase
toward achieving a sustainably developed society. For example, the natural gas inputs to heat
processing and natural gas-based power generation are projected to respectively increase by 47.16%
(from 3.15 × 109 m3 in 2020 to 4.63 × 109 m3 in 2030) and 53.86% (from peak m 9.51 × 109 m3 to 14.63 ×
109 m3) between 2020 and 2030. Crude oil input to oil refining, coal input to coke processing, and coal
input to heating processing are expected gradually increase by 10.88%, 10.95%, and 3.86%, respectively,
in periods 1, 2 and 3. Conversely, the coal consumption of coal-based power generation is expected
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to decrease by 2.69% between 2020 and 2030, specifically from 79.83 × 106 ton to 77.68 × 106 ton
between period 1 and period 3. An appropriate energy mix can thus be effectively used to reduce coal
consumption, and hence mitigate pollutant emissions.

Figure 6. Optimized solutions of energy input amounts for energy processing and electricity generation
between 2020 and 2030. CFO represents crude oil input to oil refining; CFH represents coal input to
heat processing; NFH represents natural gas input to heat processing; CFC represents coal input to
coke processing; CFF represents coal input to coal-fired power; NFC represents natural gas input to
coal-fired power.

4.2.2. Optimized schemes of electricity supply

Figure 7a shows the optimized electricity generation scheme between 2020 and 2030. The major
electricity power conversion technologies in the BTH region include gas-based, coal-based,
wind, and solar power. Optimized electricity generation is defined by the following equation:
OEGkth opt = W±

kt opt + Ykth opt, where W±
ktopt and Yktopt are the amounts of electricity generated in

the first and second stages. Coal-based power is expected to play the dominant role, contributing
what would be 259.06 × 109 kWh, 265.41 × 109 kWh, and 250.97 × 109 kWh in periods 1, 2 and 3
(h = 3), respectively. With the implementation of a series of energy mix policies for pollutant emission
mitigation, such as the “Paris Agreement” and “Chinese Action Plan of Air Pollution Prevention and
Control”, the ratio of coal-based power generation would decrease from 68.79% in 2020 to 55.48% in
2030. The utilization of natural gas-based and renewable energy would rapidly develop from 2020
to 2030. Natural gas-based power, wind power, solar power and generation are projected to increase
by 53.86%, 87.96%, and 266.34% over the planning horizon, contributing 22.65%, 20.44%, and 1.44%,
respectively to the total power generation by 2030.

Further, the amount of locally generated electricity is insufficient for the needs of the BTH region,
with approximately 36% of the consumed electricity imported from other regions. Figure 7b describes
imported electricity under different electricity demand levels between 2020 and 2030. Imported
electricity is expected to increase from 202.47 × 109 to 254.47 × 109 kWh over the planning horizon
under a high electricity demand level. This indicates that imported electricity is expected to play an
increasingly important role from period 1 to period 3, especially at a high demand level.

261



Appl. Sci. 2019, 9, 928

Figure 7. Optimized solutions for electricity supply of the Beijing-Tianjin-Hebei (BTH) region between
2020 and 2030.

4.2.3. Optimized Schemes of Energy Processing

Figure 8 shows the amounts of processed secondary energy (i.e., coke, heat, diesel, gasoline,
fuel oil, liquefied petroleum gas, kerosene, naphtha, and tar) during periods 1 to 3. With the rapid
development of society over the entire considered time, the energy processing amounts for heat,
gasoline, coke, kerosene, naphtha, fuel oil, tar, and liquefied petroleum gas (LPG) are expected to
respectively increase by 10.37%, 29.98%, 10.59%, 19.97%, 1.11%, 7.48%, 6.90%, and 8.84%, between 2020
and 2030.
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Figure 8. Optimized solutions for energy processing between 2020 and 2030.

4.2.4. Pollutant Emissions from Energy Activities

Figure 9 shows the CO2 and air pollutant (NOx, SO2, and PM) emissions from natural gas-based
power generation, coal-based power generation, heat processing, coke processing, and oil refining) over
the planning horizon. As can be observed, CO2, NOx, SO2, and PM emissions are expected to gradually
increase by 9.37%, 5.25%, 4.43%, and, 3.59%, respectively, between 2020 and 2030. The air-pollutants
emissions would approach their peak values around 2030. For example, the SO2 emission would
increase by 4.14% between 2020 and 2025, and by 0.27% between 2025 and 2030, indicative of peaking
around 2030. Coal-based power generation would be the major contributor of NOx, SO2, and
PM emissions, respectively accounting for 36.66–33.90%, 41.89–39.03%, and 47.33–44.46% of these
emissions between 2020 and 2030, with the specific contributions progressively decreasing. Coke
processing would contribute 30.86–32.53%, 35.26%–37.46%, and 39.84%–42.67% of NOx, SO2, and PM
emissions, respectively.

As indicated in Figure 9d, oil refining, coal-based power generation, and coke processing would be
the major sources of CO2 emissions between 2020 and 2030 in BTH region, accounting for 33.83–34.30%,
28.08–24.99%, and 23.64–23.98%, respectively. In conclusion, coal-based power generation and coke
processing would be the major enablers of SO2, NOx, and PM emissions reduction, while oil refining,
coal-based power generation, and coke processing would be the major contributors of CO2 emission.

Figure 9. Cont.
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Figure 9. Pollutants and CO2 emissions from energy activities between 2020 and 2030.
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4.2.5. Analysis of system cost

The system costs are composed of 16 main components, namely, the costs of heat processing,
coke processing, oil refining, coal input to coal-based power generation, natural gas input to natural
gas-based power generation, imported electricity, first-stage of electricity generation, second-stage
of electricity generation, electricity expansion, subsidy for solar power generation, subsidy for wind
power generation, energy production, EVs charging piles, EVs charging stations, pollutants treatment,
and risk recourse for the stochastic and fuzzy uncertainties. As shown in Figure 10, the costs of
electricity generation, imported electricity, energy production, and coal input for coal-based power
generation account for 30.51%, 16.90%, 16.67%, and 11.98% of the total system costs, respectively.
Solar and wind power would be subsidized by the local government because their current price and
technology limitations make them uncompetitive in the market. Government subsidies for wind and
solar power would be RMB ¥ 40.99 × 109, and RMB ¥ 6.52 × 109, respectively.

 
Figure 10. System cost over the planning periods.
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5. Discussion

5.1. Analysis of Stochastic Uncertainties

In EES in the real-world, many parameters are expressed as random distribution (i.e., electricity
demand, electricity generation, and electricity expansion). In this study, the TSP method was used to
tackle the stochastic uncertainties. The decision variables of the electricity generation were divided into
two subsets, namely, W±

ktopt and Yktopt, which are respectively the amounts of electricity generated in
the first-stage (which must be predetermined) and the second-stage (obtained after the determination
of the random variables) [55]. Generally, shortages may occur if the electricity demand-levels are
continuously high, and the second-stage electricity generation amount Yktopt would be undertaken to
avoid insufficient electricity supply.

In the TSP method, the final optimized electricity generation schemes were equal to W±
kt + Y±

kth.
In detail, the optimized amount of electricity generated in the first-stage is given by W±

kt = W−
kt +

rrkt·ΔW, where rrkt denotes the decision variables, ΔW = W+
kt − W−

kt , and rrkt ∈ [0, 1]. Take period
1 for example, λ11opt = 0.55, λ21opt = 1, λ31opt = 1.00, and λ41opt = 1.00, indicating that the optimized
electricity generation amounts for coal-based power, natural gas-based power, solar power and wind
power are supposed to be (221.08 + 0.52 × 58.74) × 109, (58.41 + 1.00 ×5.00) × 109 kWh, (1.78 + 1.00 ×
0.50) × 109 kWh, and (49.54 + 1.00 × 9.36) × 109 kWh, respectively. Generally, the variation of rrkt
represents diverse policies of electricity generation under stochastic electricity demands. When rrkt =
0, the cost would be relatively low, although a higher penalty may have to be paid when the generated
electricity does not meet the demand. On the contrary, when rrit = 1, the cost would be higher, but
accompanied by a lower risk of violating the target, and hence of incurring a lower penalty.

5.2. Analysis of Fuzzy Uncertainties

In the real world, energy price and energy demands often exhibit vagueness and ambiguity
because of the subjectivity of human judgment [25]. According to FPP theory, the minimum, medium,
and maximum values of these parameters are sufficient for expressing a triangular fuzzy parameter.
And the proposed DRSFO-EES model can be used to effectively address the uncertainties expressed
as triangular fuzzy parameter of the objectives and constraints. For FPP, the confidence level α is an
indication of the manager’s violation risk attitude towards imprecise information [56,57]. In the present
application of the DRSFO-EES model, four confidence levels (α = 0.5, 0.6, 0.8, and 0.9) were used to
examine the impacts of different confidence levels on the EES. Generally, a higher confidence level
implies a higher likelihood of satisfying the fuzzy confidence constraints, resulting in less uncertainty
about the imprecise constraints. For instance, a confidence level of 0.8 indicates that the credibility
of the constraint (e.g., Cr{MÃLgt

∣∣∣MAgt ≥ MÃLgt

}
≥ α) is greater than or equal to 0.8. However, a

higher confidence level increases the system costs. Contrarily, a lower confidence level implies a more
aggressive attitude of the decision maker regarding the expected total system costs, and increases
the uncertainty of the fuzzy constraints, resulting in a higher risk of violating the energy demand.
Table 5 gives the optimized solution under different confidence levels α during the planning periods.
As can be seen, a higher α increases the coefficients of the right-side constraints, further necessitating
electricity import and increasing pollutant emission and the system costs. Vehicle ownership, heat
processing, and coke processing also increase with α, all accompanied by pollutant emissions.
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Table 5. (a) Optimized solutions under different α levels in 2020.

α = 0.5 α = 0.6 α = 0.8 α = 0.9

Traffic system and its relative pollutants

Vehicle ownership (106) 22.11 22.34 22.80 23.03
CO emissions (103 ton) 2534.02 2561.58 2616.70 2644.26

NOX emissions (103 ton) 679.66 685.44 696.98 702.75
HC emissions (103 ton) 452.69 457.67 467.62 472.59
PM emissions (103 ton) 22.09 22.28 22.67 22.86

Heat processing (1012 kJ)

707.31 708.31 710.31 711.31

Coke processing (106 ton)

69.61 70.11 71.11 71.61

Import electricity amounts (109 kWh, h = 1 )

161.10 163.10 167.10 169.10

Air pollutants and CO2 from energy processing and electricity generation (103 ton)

SO2 emissions 667.86 669.95 674.12 676.20
NOX emissions 476.67 479.17 484.17 486.67
PM emissions 83.92 84.18 84.69 84.95
CO2 emissions 560593.92 564482.45 572259.52 576148.05

(b) Optimized solutions under different α levels in 2025.

α = 0.5 α = 0.6 α = 0.8 α = 0.9

Traffic system and its relative pollutants

Vehicle ownership (106) 26.16 26.39 26.84 27.07
CO emissions (103 ton) 2886.63 2914.19 2969.31 2996.87

NOX emissions (103 ton) 754996.10 760.77 772.31 778.09
HC emissions (103 ton) 510.96 515.93 525.88 530.86
PM emissions (103 ton) 24.75 24.94 25.33 25.52

Heat processing (1012 kJ)

748.38 749.38 751.38 752.38

Coke processing (106 ton)

73.84 74.34 75.34 75.84

Import electricity amounts (109 kWh, h = 1 )

164.89 166.89 170.89 172.89

Air pollutants and CO2 from energy processing and electricity generation (103 ton)

SO2 emissions 689.20 691.28 695.45 697.53
NOX emissions 497.49 499.95 504.85 507.30
PM emissions 87.16 87.41 87.93 88.18
CO2 emissions 594920.14 598809.23 606587.42 610476.51

(c) Optimized solutions under different α levels in 2030.

α = 0.5 α = 0.6 α = 0.8 α = 0.9

Traffic system and its relative pollutants

Vehicle ownership (106) 29.69 29.92 30.38 30.61
CO emissions (103 ton) 3127.77 3155.33 3210.45 3238.01

NOX emissions (103 ton) 819.79 825.56 837.11 842.88
HC emissions (103 ton) 547.42 552.40 562.35 567.32
PM emissions (103 ton) 27.01 27.21 27.59 27.78

Heat processing (1012 kJ)

780.64 781.64 783.64 784.64

Coke processing (106 ton)

77.24 77.74 78.74 79.24

Import electricity amounts (109 kWh, h = 1)

194.72 195.44 196.88 197.60

Air pollutants and CO2 from energy processing and electricity generation (103 ton)

SO2 emissions 688.19 690.27 694.44 696.52
NOX emissions 501.10 503.75 509.05 511.70
PM emissions 86.79 87.05 87.56 87.81
CO2 emissions 612669.67 617113.59 626001.42 630445.34

267



Appl. Sci. 2019, 9, 928

5.3. Risk Analysis

A robust optimization method can be effectively used to determine the associated risk from
stochastic and fuzzy uncertainties. In this study, two risk recourse actions were adopted to make
the model robust, which were used to capture the risks from stochastic and fuzzy uncertainties,
respectively. Figure 11 presents the weighted values of the expected deviations from the stochastic

uncertainties (VT̃S = ρ· I
∑

i=1

T
∑

t=1

H
∑

h=1
pth(Vith +VCijcth]) and fuzzy uncertainties (VT̃F = ρ· 3

∑
t=1

VFt) under

different robustness levels of 0.2, 0.6, 0.8, and 1.0, respectively. ρ is a goal programming weight,
through varying the ρ level, the decision makers can then control the variability of the recourse cost.
Generally, a lower ρ corresponds to a lower weight value of the expected deviations and system costs,
indicating an aggressive attitude of the manager regarding the system costs. However, this might
be associated with a higher risk level because of the expected deviations from the uncertainties. On
the contrary, a plan with a higherρwould better resist a deviation from the uncertainties of the EES.
A decision with a higher robust level would thus correspond to a lower risk of system failure and
higher system reliability. As results, the weighted values of the expected deviations from the stochastic
and fuzzy uncertainties increased with increasing robustness level ρ. For instance, VT̃S would be RMB
5.17 × 109 when ρ = 0.2, RMB 15.54 × 109 when ρ = 0.6, RMB 20.71 × 109 when ρ = 0.8, and 25.89 × 109

when ρ = 1. This analysis demonstrates the trade-offs between system costs and reliability. The results
enable the manager to plan with a reasonable consideration of both system costs and reliability.

 

Figure 11. Cont.
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Figure 11. Weighted values of the expected deviations under different robust levels.

6. Conclusions

In this study, a DRSFO-EES model was developed for planning an EES while considering the
traffic sector, which integrates the TSP, FPP, RTSO, and RFPP methods in a single framework for the
effective handling of EES uncertainties expressed as fuzzy sets and stochastic uncertainties as well
as their combinations, capturing of the associated risks from the stochastic and fuzzy uncertainties,
and analyzing the trade-offs between system costs and reliability. Four confidence levels (α = 0.5,
α = 0.6, α = 0.8, and α = 0.9) and four robust levels (ρ = 0.2, ρ = 0.6, ρ = 0.8, and ρ = 1.0) were used for
examining the impacts of uncertainties on the objective function, constraints and optimized solutions
of the DRSFO-EES model.

The proposed model was applied to the EES of the BTH region in China. Following is a summary
of the findings and the identified policy implications:

(1) Limiting the numbers of LDVs and HDTs could effectively reduce vehicular emissions. LDVs are
expected to be the major contributors of CO and HC emissions, and HDTs are expected to be the
major contributors of NOx and PM emissions.

(2) A EVs policy would be enhanced by increasing the ratio of power generated for EVs from
renewable sources. The emission reduction effect of an EVs policy would thus be limited,
especially with regard to NOx and PM emissions, if the EVs power source was entirely coal-based.

(3) Optimizing the energy mix and developing the renewable energy can effectively reduce
air-pollutant and CO2 emissions. Air-pollutant amounts of NOx, SO2, and PM emissions in
the BTH region are expected to peak around 2030, because the energy mix of the study region
would be transformed from one dominated by coal to one with a cleaner pattern, with vigorous
development of the utilization of natural gas and renewable energy.

(4) Enhancement of the energy utilization efficiencies of coal-based power generation, oil refining,
and coke processing would effectively reduce CO2 and air-pollutant emissions. Coal-based
power generation and coke processing are expected to be the major contributors of air-pollutant
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missions, while oil refining, coal-based power generation and coke processing would be the chief
sources of CO2 emissions.

Although the DRSFO method was the first attempt for planning an EES while considering the
traffic sector of the BTH region, results indicated that DRSFO-EES could: (i) explore the impacts of
different vehicle policies (i.e., EVs deployment, EVs power source for EVs, and vehicular emission
standards) on vehicular emissions; (ii) generate robust optimized solutions for energy allocation,
oil refining, coking processing, heat processing, electricity generation and expansion, electricity
importation, as well as emission mitigation under multiple uncertainties; (iii) identify the atmospheric
pollution contributions of different energy activities such as coke processing, electricity generation,
heat processing, oil refining, and motor vehicle operation. The proposed model could help to balance
the contradiction between increasing energy demands and an increasing vehicle population, “high
coal” energy systems, and the pressures of emission mitigation. Moreover, the proposed model could
be applied at both city and regional scales, which would support policymakers adjusting current
energy and environmental strategies in sustainable and robust ways.

However, the DRSFO-EES also has potential limitations and extensions should be addressed
in future study. Firstly, the developed model, based on historical data of annual electricity demand
to predict future electricity demands, does not consider the specific parameters such as hourly or
seasonal electricity load curves, which may result in significant deviations from the optimized decision
schemes, even in the event of electricity shortage. Thus, further study is required for considering the
hourly and seasonal electricity load curves; secondly, the TSP, FPP, RTSO, and RFPP methods were
combined into a single framework to formulate the DRSFO-EES model, leading to relatively high
computational requirements. As a result, simplifying the calculation procedure could be required in
the further study work; thirdly, the DRSFO-EES model mainly focused on economic objectives, whilst
scarcely considering the trade-off between economic and environmental objectives. Therefore, further
study should make improvements in the handling of multi-objective problems and better balance the
tension between energy and environmental systems.
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