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Abstract

This paper proposes an efficient risk-based infrastructure management approach for a
multi-energy microgrid to assess the effectiveness of demand-side management (DSM)
through a stochastic strategy. The studied microgrid consists of photovoltaic and com-
bined cooling, heat and power as the energy generation units and load aggregator with the
aim of DSM. Based on this structure, day-ahead operational scheduling is investigated for
the microgrid in different scenarios in both summer and winter seasons. The risk consid-
eration is also performed in the bidding procedure dealing with different scenarios and
variable prices and probabilities. In this study, the conditional value at risk index is consid-
ered to assess the amount of risk and is also studied from two perspectives. In the first case,
the level of risk acceptable to the investor, the load aggregator, is selected, and its impact
on the day-ahead scheduling is examined. In the second case, the effect of different levels
of risk-taking and their importance on the scheduling procedure are examined. The main
purpose is to show the shortcomings of the traditional DSM method when load manage-
ment is done for private companies with a certain level of risk and prepare the ground for
future studies to solve them.

1 INTRODUCTION

1.1 General motivation

In recent years, a significant increase in energy demand and
environmental concerns such as air pollution, the long-term
effect of hydroelectric units, and nuclear pollution have led
to new technologies such as renewable and co-generation
resources. For instance, the photovoltaic (PV) power plants and
combined cooling, heat & power (CCHP) units are some of the
most efficient generators in this way. The original concept of
CCHP systems introduces a multi-purpose system that can sup-
ply the consumer’s electric power, heat, and cold demands. In
this new system formation, the bilateral contract between the
CCHP and the main grid creates a new set of challenges in
the power system’s management. This concept introduces new
strategies in power system managements that have not been
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considered in traditional approaches. New strategies such as
demand-side management and peak shaving have significantly
improved the power system’s capability to integrate renewable
energy sources. Considerable attention to these new concept
has introduced a new field of research known as ‘Intelligent
Energy Networks’ or ‘IENs’ [1].

The CCHP in microgrids is mainly classified into two main
groups. The first one is known as large-scale CCHP applica-
tions and the second one known as distributed CCHP units [2].
The distributed CCHP units have considerable benefits, such as
higher fuel efficiency and lower emission rates than the typical
centralized power plants, making them an extremely appealing
solution for institutional, residential, and small industrial sec-
tors. However, these advantages will all go to waste if the oper-
ation of these units is not optimized correctly. The independent
system operator (ISO) typically does this optimization, but with
rapid movement of power system toward deregulation, this task
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has been assigned to the distribution system operator (DSO).
One of the important and efficient solutions to solve the men-
tioned problems is utilizing the multi-energy microgrid concept.
This type of microgrid is a multi-energy system that is included
in a set of energy carriers and resources that are aggregated and
some proposes are supplying the loads, gaining the profit, mini-
mization of the costs, etc. [3].

1.2 Literature review

To solve some challenges, many types of research have been
performed in recent years. For example, in [4] a minimum dis-
tance operation strategy is proposed, which can lead to a better
matching performance for CCHP system compared with fol-
lowing electrical loads (FELs), following thermal loads (FTLs),
and following hybrid loads (FHLs). Some other research focus-
ing on incentive policies is reference [5], which has proposed
two incentive policies consisting of the feed-in tariff and carbon
emission trading. In this research, the effects of the policies
on the performance of CCHP systems running in office and
residential buildings under five different operation strategies
are compared, and analyzed. With these incentive policies
and government’s encouragements, a new concept known as
integrated CCHP systems has been introduced. One of the
essential strategies introduced in recent years is demand side
management (DSM) [6, 7] that has been used widely in CCHP
operation management topics [8]. In [9], a fuzzy risk-explicit
interval parameter programming approach is proposed for mul-
tiple energy supply and demand management in the microgrid
system under uncertainties. The programming approach has
integrated risk-explicit interval linear programming with fuzzy
theorem in a general framework. In addition, in [10] a risk-based
performance is proposed for CCHP integrated with renewable
sources, in which the uncertainty in price has been considered
and to cope with this the information gap decision theory is
employed.

A three-stage stochastic management framework is proposed
in [11] to solve the optimal day-ahead scheduling and minimiz-
ing the operational cost of grid-connected microgrid. In the
first stage, possible scenarios for solar and wind power genera-
tion profiles are created to address the uncertainty problem and
the second stage deals with the microgrid configuration, oper-
ational constraints, and assigning DSM load participation data
to be incorporated with the objective function. In [12], a multi-
time scale dynamic robust optimal scheduling strategy is pro-
posed for the coordinated operation of CCHP microgrid, which
includes two time scales: the day-ahead scheduling scale and the
intraday adjustment scale. The scheduling decision-making vari-
ables and the interaction power with power grid are obtained
by considering the regulation cost in the worst-case scenario.
In the intraday scheduling operation scale, the rolling optimiza-
tion strategy is applied to obtain intraday optimal power allo-
cation by minimizing the scheduling cost. In order to achieve
economic optimization and peak-load reduction of the CCHP
microgrids model, a multi-objective optimal scheduling model
for CCHP microgrids integrated with renewable energy, energy

storage system, and incentive-based demand response is pro-
posed in [13]. The results in this reference show that the CCHP
microgrids are effective in reducing pollutant gas emissions and
reducing the cost of treating them. Reference [14] proposes a
CCHP-power-to-gas microgrid system and a data-driven set-
based robust optimization model considering the uncertainties
of wind power and multiple demand response programs have
been presented, which consists of two stages: day-ahead dis-
patching stage and real-time adjusting stage. An optimum design
and energy management of various distributed energy resources
is investigated in a hybrid microgrid system in [15] with the
examination of electrical, heating, and cooling demand. This ref-
erence has suggested an optimal approach to design and oper-
ate a microgrid incorporating with battery energy storage, ther-
mal energy storage, photovoltaic arrays, fuel cell, and boiler with
minimization of the total operational cost of the hybrid micro-
grid.

Reference [16] focuses on the operation of CCHP-based
microgrid coupled with hybrid chiller, multi-energy storage,
solar and wind power, etc., under the chance-constrained pro-
gramming approach by considering the mutual relationship
between carriers. While modelling consumption and wind and
solar energies fluctuations, the proposed approach analyzes the
violation of the balance constraint for each carrier and sub-
jects it to guarantee the corresponding confidence level. In [17],
robust self-scheduling of a virtual energy hub for participat-
ing in the energy and reserve markets is presented. The ther-
mal reserve market is proposed to maintain the real-time ther-
mal power balance and compensate for the effects of thermal
demand uncertainty. Reference [18] presents a novel stochastic
model from a microgrid operator perspective for energy and
reserve scheduling considering risk management strategy. It is
assumed that the system operator can procure energy from var-
ious sources, including local generating units and demand-side
resources to serve the customers. The objective is to deter-
mine the optimal scheduling with considering risk aversion and
system frequency security to maximize the expected profit of
operator. The downside risk constraints technique is employed
in [19] to manage and minimize the risk associated with var-
ious uncertainties in the studied sample CCHP-based micro-
grid under environmental and economic constraints and the
effect of the real-time pricing rate of the demand response pro-
gram has been studied. In [20], a risk-constrained stochastic
framework is presented for joint energy and reserve scheduling
of a resilient microgrid considering demand side management.
The optimization problem is formulated to schedule the system
operation in both normal and islanding modes by addressing the
prevailing uncertainties of islanding duration as well as predic-
tion errors of loads, renewable power generation, and electricity
price.

1.3 Contributions of the paper

To the best of knowledge and the literature review performed,
no other works and studies have been conducted on the pro-
posed area and considering the impact of risk on the day-ahead
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operational scheduling of a multi-energy microgrid. So, the main
contributions of this paper can be presented as follows:

∙ To propose a new stochastic approach for day-ahead scheduling of a

multi-energy microgrid

Although previous studies have focused on day-ahead plan-
ning for multi-energy systems and the effect of decentralized
management approaches, they mostly used deterministic meth-
ods. Therefore, they overlooked the fact that different scenar-
ios could greatly affect this planning. In this study, a suitable
formulation is presented to analyze this problem in a stochastic
manner that the impact of scenarios on the generation of renew-
able units, seasonal changes and ambient temperature, transac-
tion prices between main network and microgrid components,
especially CCHP and LA, is included. The proposed model
makes it possible to plan far more efficiently than the determin-
istic study because deterministic studies usually only consider
the worst-case scenarios. In contrast, the presented stochastic
analysis accounts for the probability of each scenario and plans
accordingly.

∙ To integrate risk measures in the proposed scheduling approach.

Whenever there is talk of probability in the decision-making
process, the discussion of risk is inevitable. Especially in this
study, since this trend is examined from a private unit (i.e. LA)
perspective, the importance of risk will be doubled. The CVaR
index has been used here among different risk measure indices
due to its coherence and ability to express it as a linear equa-
tion. Using this criterion makes it possible to consider the opin-
ion of non-technical investors in the analysis and planning pro-
cess. Investors’ preferences can significantly impact the choice
of sources or their weighting so that total investment at risk is
minimized, which is a highly desirable factor for a private sec-
tor.

∙ To integrate probabilistic model for the PV power plant in the CCHP-

based microgrid.

Given the emerging energy crisis as well as growing concerns
about climate change, the integration of renewable resources
such as PV units and cogeneration resources like CCHP sys-
tems is inevitable. Therefore, in this paper, the PV and CCHP
units are probabilistically modelled and added to the frame-
work. Based on different scenarios’ probability, their major
impact on the LA transactions and consequently the amount
of risk imposed on the LA have been investigated by these
cases.

∙ To investigate the effect of risk measures on demand side management

(DSM).

One strategy that has shown significant impact in recent stud-
ies, in both the technical and economic sectors, is load man-
agement, a strategy that governments often propose as incen-
tive schemes to help heavy loads shift to off-peak hours. In this

paper, it is shown that due to the impartible uncertainties of the
energy market, the traditional model of DSM will fall short in a
system structure in which the interest of the private sector like
LA is different from the main grid. Therefore, in some cases,
this strategy not only does not help the system technically but
also puts it in a possible worse situation. Obviously, this will also
affect the LA risk criteria because it will act as a tool for LA to
increase the safe margin of its investment. It can minimize the
risk and maximize profits with passive financial savings through
incentive schemes and cooperation with private sources. This
paper shows how the LA achieves an optimal profit using DSM
in some scenarios, while in some other scenarios, this avoids it
altogether.

∙ To investigate the effect of DSM on amount of risk and day-ahead

scheduling.

Just as load shifting by the LA changes the amount of
capital at risk in this unit, in a mutual way, the amount of
risk that the private investor is willing to accept can affect
load shifting plans by the LA. This paper shows how differ-
ent scenarios with different risk levels could change decisions
drastically.

1.4 Organization of the paper

The rest of the paper is organized as follows. Section 2
introduces the system structure and operations mode of the
multi-energy microgrid. The scheduling model has been pre-
sented for different parts of the system and demand response
constraints in Section 3. In Section 4, the risk measures and
their integration in stochastic programming problem have
been explained. In Section 5, the proposed model has been
implemented in a hypothesis multi-energy microgrid in the
summer and winter seasons and the effect of risk measures
has been investigated. Finally, the conclusions of the results
and implementation of the proposed model are presented in
Section 6.

2 SYSTEM STRUCTURE AND
OPERATION MODE

2.1 Multi-energy microgrid structure

In this paper, a multi-energy microgrid is considered a hub con-
nected to the main grid. This system consists of PV power plant,
CCHP unit, and load aggregator (LA), which supplies electric-
ity, heating, and cooling demands. The structure and operation
mode of the microgrid with components are shown in Figure 1.

The CCHP owner cooperates with the LA through bilateral
transaction and with PV power plant; they constitute a multi-
energy microgrid jointly. The LA in the residential area gains
the right to manage loads of residential demands and it pro-
vides energy services through signing long-term contracts. As
an independent operator, the LA needs to forecast the loads
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FIGURE 1 Structure and operation mode of the microgrid with components

accurately and provide the integrated demand response (IDR)
program using advanced technologies. It has to implement an
energy purchase scheme based on the energy price provided by
the system to maximize the benefits. In the following subsec-
tions, a brief explanation for PV power plant, LA operator, and
CCHP unit part has been prepared:

∙ Photovoltaic power plant

Since the photovoltaic power plant is one of the fastest-
growing renewable energy resources in recent years, so this unit
is considered within the microgrid structure. The mathematical
model used for the PV unit is expressed by (1) [21]:

Pbi (Gbi ) = Psn

(
G 2

bi

Gstd.Rc

)
, 0 ≤ Gbi < Rc

= Psn

(
Gbi

Gstd

)
, Rc ≤ Gbi < Gstd

= Psn, Gbi > Gstd

(1)

where Pbi shows the radiation to energy conversion function for
solar radiation band i of the SCG (solar cell generator) [MW],

Gbi represents the forecasted solar radiation at band i (
W

m2
), Gstd

with the usual value of 1000 [
W

m2
] is considered as standard envi-

ronment solar radiation, Rc shows a constant radiation point set

usually as 150 [
W

m2
], and at last Psn expresses the equivalent rated

capacity of the SCG [MW] [22].
Due to the random nature of solar radiation caused by sea-

sonal and environmental phenomena, a probabilistic model
constructed from historical data and Equation (1) is used in
the proposed microgrid. Figures 2 and 3 show the probability

of different scenarios in summer and winter, respectively, and
Figure 4 illustrates the power generated at those scenarios.

∙ LA operator

The LA operator in a residential area is responsible for
the DSM through load shifting, buy-, and sell-scheme. This
unit provides purchasing scheme utilization based on thermal
and electrical load prediction to maximize the daily profit. In
this scheduling process, LA uses the FEL and FTL strate-
gies at the same time to make sure that demand side be
fed utterly. The LA shares day-ahead plan with these units
based on a bilateral contract with CCHP unit and main grid
[23].

∙ CCHP unit

The CCHP unit plans the day-ahead generation scheme
to maximize the daily profit based on the LA-reported
scheme and the main grid market price provided by the mar-
ket agent. The CCHP unit same as the LA unit employs
the FTL and FEL strategies in the IDR program. Thermal
energy produced by the CCHP unit is restricted in a spe-
cific range distance around the demand due to the high losses
of transmission. This critical problem will mainly affect the
price of such units. In such circumstances, bilateral trans-
action mode is practical and efficient for CCHP through
microgrids.

2.2 Operation mode

The operation mode of the multi-energy microgrid is mainly
affected by two main factors that can be summarized as follows:
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FIGURE 2 Probability of different scenarios in summer

FIGURE 3 Probability of different scenarios in winter

∙ Energy prices of the CCHP system

The CCHP system needs an efficient pricing strategy
due to the complicated relationship between the electricity,
heating, and cooling produced that can reflect this com-
plication accurately. At the same time, this pricing strategy
should provide a sufficient profit margin for the CCHP
system. Furthermore, since LA and CCHP have a bilateral

contract, this strategy should also be acceptable by the LA
agent.

∙ IDR program of the LA

The LA runs an IDR program commensurate to the pre-
dicted demand that allows it to utilize the full characteristics of
the electricity, heating, and cooling loads. An IDR program is
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FIGURE 4 Photovoltaic power in different scenarios

valid if it can manage the combination of electrical and ther-
mal loads (heating and cooling) in such a way so as to meet the
LA profit margin. Also, the IDR program allows LA to engage
the consumer in load management as a key goal of modern
DR [24].

3 PROPOSED MULTI-ENERGY
SCHEDULING MODEL

As discussed earlier, the LA has the main management role,
and the CCHP agent has to decide on a day-ahead schedule
based on the information provided by the LA. So, in other
terms, the problem can be seen as a two agent-two stage opti-
mization problem. The first agent is the LA that defines the
goal as maximum profit, and the second agent is the CCHP
management that should minimize the generation cost and at
the same time responds to the LA’s demands. In this paper,
the problem is considered in a stochastic format and also the
risk associated with the LA trades is considered. So, based on
this assumption the profit of the LA can be expressed by (2)
as follows:

ProfitLA = (1 − 𝛽)

{∑
𝜔

𝜙(𝜔)
[
ProfitGrid(𝜔) − Cost

Buy
CCHP(𝜔)

− CostComp(𝜔)

]}

+𝛽

{
v − (

1
1 −Con

).
∑
𝜔

𝜙(𝜔)S (𝜔)

}
(2)

The LA profit is defined as the difference between the profit
made from trading with the main grid and the cost associated
with buying from CCHP and compensating for the load shift.
The second part in (2) is responsible for the risk measure. As
will be mentioned in Section 4, the β is the weighting factor that
LA should choose based on the amount of risk that is willing
to accept, and Con expresses the level of confidence that LA
has in the investment. It will be shown that the answer is not
a deterministic and it highly depends on the preferences of the
LA. The LA profit is performed through the trades with the
main grid which could be modelled by (3):

ProfitGrid =

t=24∑
t=1

Sell
Pr

Grid,LA
(𝜔).

(
PSell

Grid,LA(t , 𝜔) + Pres(t , 𝜔)
)

−

24∑
t=1

Buy
Pr

Grid,LA
(t , 𝜔).P

Buy
Grid,LA(t , 𝜔), ∀𝜔 ∈ Ω

(3)

Equation (3) is made out of two terms, in which the first
one shows LA’s sources of income and the second one mod-
els the cost of electricity that LA has to buy in order to meet the
demand. The electricity sold to the main grid consists of two
parts, the first part is the electricity that LA collects by shifting
loads, and the second part is electricity generated by the PV unit.

Since the price that LA sells this electricity follows the market
price, so the risk evaluation is necessary.

This profit function is limited to a set of constraints
expressed in (4). The first two constraints show the limitation
in the amount of electricity that LA can trade with the main
grid and the third constraint ensures that LA is only allowed to
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sell/buy, to/from the main grid at a specific time and scenario.

⎧⎪⎪⎪⎨⎪⎪⎪⎩

0 ≤ P
Buy

Grid,LA(t , 𝜔) ≤ 𝜀
Buy
Grid,LA.P

Max
Grid,LA,∀t ,𝜔 ∈ T ,Ω

0 ≤ PSell
Grid,LA(t , 𝜔) ≤ 𝜀Sell

Grid,LA.P
Max

Grid,LA,∀t ,𝜔 ∈ T ,Ω

𝜀
Buy
Grid,LA(t , 𝜔) + 𝜀Sell

Grid,LA(t , 𝜔) = 1,∀t , 𝜔 ∈ T , Ω

𝜀
Buy
Grid,LA(t , 𝜔), 𝜀Sell

Grid,LA(t , 𝜔) ∈ {0, 1}

(4)

One of the main costs that LA should cover is the energy cost
bought from the CCHP unit. Since this unit can generate elec-
tricity, cooling, and heating on demand, it is necessary to define
a proper model that can cover the whole range of its operation.
However, such modelling can lead to a complicated formulation
which makes the computational burden costs and untraceable
complexity. The seasonal changes in energy demand are used
for simplification to prevent this. In the summer, most of the
energy demand consists of electricity and cooling, and by the
winter, the cooling demand is replaced with heating. Therefore,
the formulation can be modified based on this information.

Cost
Buy
CCHP,summer =

24∑
t=1

(Prel.Pel(t , 𝜔)

+

𝜄𝜄𝜄∑
i=𝜄

C Cold
i .QCold

i (t , 𝜔)), ∀𝜔 ∈ Ω (5)

There are two main parts in this cost function. The first part
is the electricity cost and the second part expresses the cool-
ing cost in a three-step pricing strategy. In (5), Pel represents
the generated and sold power by the CCHP unit. This power
changes based on the LA’s needs and price fluctuations, and its
surplus will be sold directly to the main grid.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

QCold (t , 𝜔) =
𝜄𝜄𝜄∑

i=𝜄

QCold
i (t , 𝜔)

QCold (t , 𝜔) = 𝛼.𝜂hr.Pel (t , 𝜔) +
𝜄𝜄∑

i=1

𝜓Cold
i

QCold (t , 𝜔) = 𝜓Cold
𝜄𝜄𝜄 + QCold

𝜄𝜄𝜄 (t , 𝜔) − 𝜅ec.Pel (t , 𝜔)

𝜀el (t , 𝜔).PMin
gt ≤Pel (t , 𝜔)+

(
QCold

II (t , 𝜔)

𝜅ec + 𝛼.𝜂hr.𝜅ac

)
≤ 𝜀el (t , 𝜔).PMax

gt

𝜓Cold
I (t , 𝜔) + K .𝜀Cold

I (t , 𝜔) ≥ 0 , ∀t , 𝜔 ∈ T , Ω

𝜓Cold
II (t , 𝜔) ≤ (𝜀Cold

II (t , 𝜔) + 𝜀Cold
III (t , 𝜔)).K

QCold
III (t , 𝜔) ≤ 𝜀Cold

III (t , 𝜔).K

𝜀Cold
III (t , 𝜔).(𝜅ec + 𝛼.𝜂hr.𝜅ac ).PMax

gt ≤ 𝜓Cold
III (t , 𝜔)

≤ (𝜅ec + 𝛼.𝜂hr.𝜅ac ).PMax
gt

QCold
𝜄𝜄 (t , 𝜔) = 𝜓Cold

II (t , 𝜔) − QCold
𝜄𝜄𝜄 (t , 𝜔)

𝜀Cold
I (t , 𝜔) + 𝜀Cold

II (t , 𝜔) + 𝜀Cold
III (t , 𝜔) = 1

𝜀Cold
I (t , 𝜔), 𝜀Cold

II (t , 𝜔), 𝜀Cold
III (t , 𝜔) ∈ {0, 1},

(6)

The constraints associated with this model are defined in (6),
where 𝜓Cold

I
.𝜓Cold

II
.𝜓Cold

III
are auxiliary variables to determine the

steps of the cooling demand, K is a positive number that is suffi-
ciently large, and 𝜀Cold

I
.𝜀Cold

II
.𝜀Cold

III
are binary variables that deter-

mine the cooling demand in different times and scenarios. For
example, 𝜀Cold

I
(t1.𝜔1) = 1 means that the cooling demand at

(t1.𝜔1) is in the first step.
The cost function shown in (5) will be reformed as (7) based

on the fact that most of the energy demand in winter consists
of electricity and heating.

Cost
Buy
CCHP,winter=

24∑
t=1

(Pre.Pel(t , 𝜔) +
II∑

i=I

C i
h.Q

i
hl(t , 𝜔)), ∀𝜔 ∈ Ω

(7)

This function also consists of two main terms. The first term
is the electricity cost, and the second term is the heating demand
cost. It is important to mention that in this model, the price of
electricity for CCHP is considered constant for both summer
and winter. In this function, C I

h
.C II

h
are the heating prices at

the first and second steps, respectively. As same as constraints
that were established for summer, the constraints for the winter
version are represented by (8):

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

Qhl(t , 𝜔) =
II∑

i=I

Qi
hl

Qhl(t , 𝜔)−𝛼.𝜂hr.Pel(t , 𝜔)=𝜓hl(t , 𝜔) +QII
hl (t , 𝜔)

𝜀el(t , 𝜔).PMin
gt ≤ Pel(t , 𝜔) ≤ 𝜀el(t , 𝜔).PMax

gt

−𝜀I
hl(t , 𝜔).K ≤ 𝜓hl(t , 𝜔) ≤ 0

0 ≤ QII
hl (t , 𝜔) ≤ 𝜀II

hl.K

𝜀I
hl(t , 𝜔) + 𝜀II

hl(t , 𝜔) = 1

𝜀I
hl(t , 𝜔), 𝜀II

hl(t , 𝜔) ∈ {0, 1}

, ∀t , 𝜔 ∈ T , Ω

(8)

where 𝜓hl is an auxiliary variable to determine the steps of the
heat demand, K is a positive sufficiently large number, and 𝜀el is
a binary variable that determines whether LA needs to buy elec-
trical power from CCHP or not. Also, 𝜀I

hl.𝜀
II
hl are binary variables

that determine the LA needs for purchasing the heating energy
from CCHP and at which step it should do so. One important
note here is that purchasing the electrical power from CCHP is
an optional choice for LA but based on the sixth part of (8), this
is not the case for heating/cooling energy. This is because that
the CCHP should compete with the main grid by the electrical
power price but because there is no competition in the cooling
and heating market, CCHP is the only option that LA is facing
with it.

Another cost that LA should consider is the compensation
cost which is a direct function of the IDR program. The com-
pensation cost is the cost of shifting the load out from where
the consumer wants it to be. In other words, it is the cost of
the incentive plan that LA proposes to consumers to encourage
them to participate in the DR program. This cost is modelled
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by (9):

CostComp(t , 𝜔) = Ue.

24∑
t=1

Pout
el (t , 𝜔), ∀𝜔 ∈ Ω (9)

where Ue is the compensation factor and POut
el is the electri-

cal load that is shifted out. The compensation factor is defined
based on the worst-case scenario meaning the minimum and
maximum price differences. This factor works as a tool for LA
to first incentivize customers to participate in the DR program
and secondly assure the customers that they got the best deal
possible. It can be also used as a strong leverage point over LA’s
competitors and give them the slight advantage in the market.
As mentioned earlier, the compensation cost is a direct function
of shifted power, so it is required to explain the program behind
the IDR. This program includes two main parts, the first part
addresses the electrical-loads shifting and the second part mod-
els the flexible heating/cooling supply:
• The electrical load of the end-users comprises three main

parts. The first part is the fixed load; this part of the load is
constant and there is no control over it from the management
perspective. The second part is the shiftable load and could be
adjusted based on the LAs desire or incentive plans that are pro-
posed. The last part is the random load that is not plannable. So,
based on these three parts, the electrical-load shifting could be
modelled as (10):

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

Pel (t , 𝜔) + |PBuy
Grid,LA(t , 𝜔)| − |PSell

Grid,LA(t , 𝜔)| =
PDemand(t , 𝜔) + P In

el (t , 𝜔) − POut
el (t , 𝜔)

PDemand(t , 𝜔)=P fix
el (t , 𝜔)+P random

el (t , 𝜔)+PShiftable
el (t,𝜔)

0 ≤ P In
el (t , 𝜔) ≤ 𝜀In

el (t , 𝜔).P In,Max
el

0 ≤ POut
el (t , 𝜔) ≤ 𝜀Out

el (t , 𝜔).POut,Max
el

24∑
t=1

P In
el (t , 𝜔) =

24∑
t=1

POut
el (t , 𝜔)

𝜀In
el (t , 𝜔) + 𝜀Out

el (t , 𝜔) = 1

𝜀In
el (t , 𝜔), 𝜀Out

el (t , 𝜔) ∈ {0, 1}

, ∀t , 𝜔 ∈ T , Ω

(10)
where the first two constraints express the balance in electrical
power and different parts of electrical demand. The third and
fourth constraints show the limitation of load shifting. The fifth
constraint makes sure that the amount of power shifted out in
a specific scenario always is equal to the power that shifted in.
Finally, the sixth constraint expresses that the power only could
shift out or in at a determined time and scenario, and it cannot
happen simultaneously.
• The second part of the IDR program is the flexible heat-

ing/cooling supply. By using the thermodynamic model pro-
posed for the residential buildings [23], it is considered that the
indoor temperature should stay within the comfortable range.
So, based on this assumption:

Tin(t , 𝜔) ∈ [T Min
In , T Max

In ],∀t , 𝜔 ∈ T , Ω (11)

where T Min
In .T Max

In are the indoor minimum and maximum
comfortable ranges, respectively. To reach the goal of main-
taining the temperature at the desired value, its fluctuations
are the main concern. By modelling them using (12), the
heating and cooling demands are related to the temperature
demands.

⎧⎪⎪⎪⎨⎪⎪⎪⎩

𝜁+Air(t , 𝜔) =
T Max

In − T
Opt

In|T Opt
In − TOut(t , 𝜔)|

𝜁−Air(t , 𝜔) =
T Min

In − T
Opt

In|T Opt
In − TOut(t , 𝜔)|

, ∀t , 𝜔 ∈ T , Ω (12)

Therefore, for a given forecasted outdoor temperature and
optimal indoor temperature, the relative value of the scope of
fluctuations for Qair(t .𝜔) can be obtained.

The constraints of IDR for the heat and cool loads are intro-
duced by (13).

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

24∑
t=1

QAir(t , 𝜔) =
24∑

t=1

QF
Air

(1 + 𝜁−Air(t , 𝜔)).QF
Air(t , 𝜔) ≤ QAir(t , 𝜔)

≤ (1 + 𝜁+Air(t , 𝜔)).QF
Air(t , 𝜔)

(1 − 𝜁Max
Air ).QF

Air(t , 𝜔) ≤ QAir(t , 𝜔)

≤ (1 + 𝜁Max
Air ).QF

Air(t , 𝜔)

, ∀t , 𝜔 ∈ T , Ω (13)

where the first constraint ensures that the summation of the
heating and cooling supply is equal to the summation of the
demand. The second constraint indicates the range of flexibility
of QAir(t .𝜔) and the third constraint limits the adjusting range
of QAir(t .𝜔).

So, based on the explanations mentioned, the heating and
cooling load can be represented by (14) and (15) for summer
and winter, respectively.{

Qhl(t , 𝜔) = 0

QCold(t , 𝜔) = QAir(t , 𝜔)
, ∀t , 𝜔 ∈ T , Ω (14)

{
Qhl(t , 𝜔) = QAir(t , 𝜔)

QCold(t , 𝜔) = 0
, ∀t , 𝜔 ∈ T , Ω (15)

It is worth mentioning that any other source of heating or
cooling can be simply added to (14) and (15).

As mentioned before, another agent in the presented model is
the CCHP unit which has to plan the day-ahead dispatch in such
a way that minimizes the cost and at the same time meets the
LA demand. After receiving the purchase plan from the LA, the
CCHP agent defines an optimization problem that tries to min-
imize the total cost and, at the same time, meet the LA demand.
The cost function that the CCHP agent must consider is the
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function introduced by (16).

CostCCHP =
∑
𝜔

𝜑(𝜔).

[
Pr
gas
.

24∑
t=1

(
Pgt(t , 𝜔)

𝜂gt
+

Qgb(t , 𝜔)

𝜂gb

)

+

24∑
t=1

Buy
Pr

Grid
(t , 𝜔).P

Buy
CCHP,Grid(t , 𝜔)

+

24∑
t=1

C Sell
Grid(𝜔).PSell

CCHP,Grid(t , 𝜔)

]
(16)

in which this function consists of three main parts. The first one
is the natural gas cost which highly depends on the natural gas
price and the efficiency of the gas turbine and gas boiler. The
second and third parts are the cost of the electricity purchasing
from the main grid and selling power to the main grid, respec-
tively.

The constraints of this model can be classified into three
main categories: energy flow balance, power limits of the main
grid, and power limits of the devices.

The energy flow balance constraints are represented in (17).
In this set of constraints, the balance of electrical, heating, and
cooling energies will be checked.

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

Pgt(t , 𝜔) + PRes(t , 𝜔) + P
Buy

CCHP,Grid(t , 𝜔) =

Pel(t , 𝜔) + Pec(t , 𝜔) + PSell
CCHP,Grid(t , 𝜔)

Qhr(t , 𝜔) + Qgb(t , 𝜔) = Qhe(t , 𝜔)

+Qac(t , 𝜔) + ΔQ(t , 𝜔)

QCold(t , 𝜔) = 𝜅ec.Pec(t , 𝜔) + 𝜅ac.Pac(t , 𝜔)

Qgt(t , 𝜔) = 𝛼.Pgt(t , 𝜔)

Qhr(t , 𝜔) = 𝜂hr.Qgt(t , 𝜔)

Qhl = 𝜂he.Qhe(t , 𝜔)

,∀t , 𝜔 ∈ T , Ω

(17)
The power limits of the main grid constraints have been rep-

resented by (18). The first and second constraints are the limita-
tions of the exchanged power, and the third and fourth are the
states constraints that make sure that at a set time and scenario,
the CCHP can trade only in one direction.

⎧⎪⎪⎪⎨⎪⎪⎪⎩

0 ≤ P
Buy

Grid,CCHP(t , 𝜔) ≤ 𝜀
Buy,Max
Grid,CCHP(t , 𝜔).PBuy,Max

Grid,CCHP

0 ≤ PSell
Grid,CCHP(t , 𝜔) ≤ 𝜀Sell,Max

Grid,CCHP(t , 𝜔).PSell,Max
Grid,CCHP

𝜀
Buy,Max
Grid,CCHP(t , 𝜔) + 𝜀Sell,Max

Grid,CCHP(t , 𝜔) = 1

𝜀
Buy,Max
Grid,CCHP(t , 𝜔), 𝜀Sell,Max

Grid,CCHP(t , 𝜔) ∈ {0, 1}

, ∀t , 𝜔 ∈ T , Ω

(18)

The constraints expressed in (19) show the limitation of
devices that are used in the CCHP. In these equations, x in the
first constraint denotes the gas turbines and electrical chillers,
and in the second constraint it denotes the gas boiler, absorp-
tion chiller, heat exchangers, and radiators. εx is the binary

variable that shows the state of these devices.

⎧⎪⎨⎪⎩
𝜀x (t , 𝜔).PMin

x ≤ Px (t , 𝜔) ≤ 𝜀x (t , 𝜔).PMax
x

𝜀x (t , 𝜔).QMin
x ≤ Qx (t , 𝜔) ≤ 𝜀x (t , 𝜔).QMax

x

𝜀x (t , 𝜔) ∈ {0, 1}

,∀t , 𝜔 ∈ T , Ω

(19)

4 RISK CONTROL IN THE
STOCHASTIC PROGRAMMING PROBLEM

The general formulation for a two-stage stochastic problem is
as follows [25]:

Maxx,y(𝜔)c
T x +

∑
𝜔∈Ω

Π(𝜔).qT (𝜔).y(𝜔)

S.t.

Ax = b

T (𝜔)x +W (𝜔).y(𝜔) = h(𝜔)

x ∈ X , y(𝜔) ∈ Y , ∀𝜔 ∈ Ω

(20)

where x and y = {y(𝜔) ∶ ∀𝜔 ∈ Ω} are the first- and second-
stage decision-making variables. If f (x, 𝜔) is defined by the fol-
lowing formulation:

f (x, 𝜔) = cT x + max
y(𝜔)

{qT (𝜔).y(𝜔) ∶ T (𝜔)x +W (𝜔).y(𝜔)

= h(𝜔), y(𝜔) ∈ Y } (21)

Then the problem can be reformulated as follows:

Maxx𝜀𝜔{ f (x, 𝜔)}
S.t.
x ∈ X , ∀𝜔 ∈ Ω

(22)

The objective of this problem is to maximize the expected
value of f (x, 𝜔) which can be the profit of an LA in a specific
scheduling horizon.

If the problem is considered in more depth, it can be seen that
after decision-making about x and observing the𝜔 scenario, it is
time to find the optimal y(𝜔) that is acceptable for the second-
stage optimization problem. This stage optimization problem
can be represented as follows:

Maxy(𝜔)q
T (𝜔).y(𝜔)

S.t.
W (𝜔).y(𝜔) = h(𝜔) − T (𝜔).x
y(w) ∈ Y

(23)

Therefore, it is convenient to view f (x, 𝜔) as the value of a
random variable f (x, .) at argument 𝜔. In other words, it means
that for a variable like x in X, a group of random variables with
the form of { f (x, .) ∶ x ∈ X } will be introduced to the second-
stage problem.
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The objective of such a problem is to find the best x that
corresponds to the best random variable in { f (x, .) ∶ x ∈ X }.

Till this point, the formulation proposed for modelling the
LA profit is risk neutral. In the following two sections, by defin-
ing the concept of risk-averse decision-making and risk mea-
sures, this model will be transformed into a risk-based decision-
making problem.

4.1 Risk-averse decision-making

The main disadvantage of neglecting the risk term in this prob-
lem is that it is possible to find optimal x and y(𝜔) that leads
to the maximum expected profit; however, reaching this opti-
mal point is at the expense of having a meager profit in some
undesirable scenarios. Therefore, it is advisable to consider a
risk management term in a two-stage problem to avoid such sit-
uations.

It is important to know that the risk is associated with the
amount of profit made; therefore, the term that represents the
risk of a specific scenario should be introduced as follows:

For f (x, 𝜔), ∀𝜔 ∈ Ω ⇒ r𝜔{ f (x, 𝜔)} → also known as Risk-
Measure

The Risk-Measure terms can be added to the problem
formulation in two ways. Risk-Measure can be incorpo-
rated either into the objective function or be added as a
set of additional constraints. So with this information, it is
tried to rewrite the general formulation of the two-stage
problem:

Maxx∶𝜎𝜔{ f (x, 𝜔)} − 𝛽.r𝜔{ f (x, 𝜔)}

S.t. → x ∈ X , 𝛽 ∈ [0,∞)
(24)

where 𝛽 is a weighting factor that materializes the trade-off
between expected profit and risk aversion. Based on this, if
𝛽 = 0, the problem becomes a risk-neutral two-stage optimiza-
tion problem.

It is also possible to consider the risk measure as a constraint
in the optimization problem; therefore, in this context, the for-
mulation will be rewritten as follows:

Max
x,y(𝜔)

𝜎𝜔{ f (x, 𝜔)}

S.t. → x ∈ X , r𝜔{ f (x, 𝜔)} ≤ 𝛿
(25)

where 𝛿 is the maximum risk that decision-maker is willing to
take. Based on this formulation, it can be said that the optimal
solution obtained from the problem depends on the value of
𝛽∕𝛿ratio. For a specific 𝛽∕𝛿, the optimal expected profit and
risk solution will be known as an efficient point. If the operator
wants to achieve a greater expected profit or lower risk, he or
she should change 𝛽 or 𝛿. Now, if a set of expected values ver-
sus risk is drawn for each weighting factor, it can be ended up
with a diagram that is known as the efficient frontier. This fron-
tier helps decision-makers to find the trade-off between risk and
expected profit.

4.2 Risk measures

Risk measures characterize the risk associated with different
solutions to a problem and help decision-makers choose the
best one. In technical literature, there is a wide range of risk
measures that have been used for different applications. In [25],
a set of properties such as Transition Invariance, Subadditiv-
ity, Positive Homogeneity, and Monotonicity are presented that
risk-measures should fulfill to be considered a coherent risk-
measure. Some of the most known risk-measures are Variance,
Shortfall Probability, Expected Shortage, Value-at-Risk (VaR),
and Condition Value-at-Risk (CVaR). Among these measures,
Conditional Value at Risk (CVaR), because of its coherence and
linear formulation, is chosen to evaluate the risk associated with
the proposed problem.

4.2.1 CVaR

The CVaR(𝛼, x )for a discrete distribution is mathematically
defined as

CVaR(𝛼, x ) =Max
{
𝜂 −

1
1 − 𝛼

𝜀𝜔
{

Max
{
𝜂 − f (x, 𝜔), 0

}}}
,

∀ 𝛼 ∈ (0, 1) (26)

The CVaR(𝛼, x ) can be incorporated to the general formula-
tion of the two-stage optimization problem. Therefore, the for-
mulation will be rewritten as follows [25]:

Max
x,y(𝜔),𝜂,S (𝜔)

(1 − 𝛽)

(
C T x +

∑
𝜔∈Ω

𝜋(𝜔).qT (𝜔).y(𝜔)

)
+𝛽

(
𝜂 −

1

1−𝛼

∑
𝜔∈Ω

𝜋(𝜔).S (𝜔)

)
S.t.

Ax = b

T (𝜔x ) +W (𝜔).y(𝜔) = h(𝜔), ∀𝜔 ∈ Ω

𝜂 − (C T x + qT (𝜔).y(𝜔)) ≤ S (𝜔), ∀𝜔 ∈ Ω

S (𝜔) ≥ 0, ∀𝜔 ∈ Ω

x ∈ X , y(𝜔) ∈ Y , ∀𝜔 ∈ Ω

(27)

where 𝜂 is an auxiliary variable and S (𝜔) is a continu-
ous non-negative variable equal to maximum of 𝜂 − (C T x +
qT (𝜔).y(𝜔)) and zero. 𝛽 is a weighting factor that quantifies
the importance of risk and 𝛼 shows the confidential level of
decision-maker in taking risk.

5 CASE STUDY, RESULTS, AND
DISCUSSION

In this paper, a hypothetical residential microgrid with 2000 res-
idential units and a PV power plant with a nominal capacity of
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TABLE 1 Parameters of the CCHP system

Parameters Value Parameters Value

P
Min∕Max

gt 1(MW)∕5(MW) 𝜂gt 0.3

P
Buy∕Sell ,Max

CCHP ,Grid
1(MW)∕1(MW) 𝜂hr 0.75

QMax
hr 10(MW) 𝜂gb 0.8

QMax
gb 2 (MW) 𝜂he 0.9

QMax
he 10 (MW) 𝜅ec 4

QMax
ac 5 (MW) 𝜅ac 1.2

QMax
ec 5 (MW) 𝛼 2.3

TABLE 2 Parameters of the IDR program

Parameters Value Parameters Value

Prgas 0.045 (€/kWh) PMax
Grid ,LA

2 (MW)

Ue 0.2 (€/kWh) T
Opt

in
21oC

P
In,Max

el
300 (kW) T Min

in
18oC

P
Out ,Max

el
500 (kW) T Max

in
24oC

TABLE 3 Price steps for cooling, heating, and electricity of the CCHP

Step I II III

Price (€/kWh) Prel 0.17 – –

C i
h

0.0115 0.073 –

C Cold
i

0.0115 0.2249 0.3

700 kW is considered. This system has been studied in terms
of climate in two summer and winter seasons, and 27 differ-
ent scenarios are considered. In these scenarios, the changes in
electricity load demand, power transaction prices with the main
grid, and the amount of PV power plant generation are consid-
ered. This section is intended to examine the economic dispatch
in different scenarios and study the impact of the risk index on
this scheduling.

The CCHP and IDR program parameters used for the case
study along with the price of CCHP generation in different steps
are presented in Tables 1–3.

It is worth mentioning that, because of the complicated
nature of the power system, like other engineering systems, it
is necessary to consider simplification assumptions to make
its analysis possible. However, these assumptions will turn to
challenge when it is gone from theory to real-world imple-
mentation. In the case of this study, some of the main factors
worth mentioning are the load and behaviour forecast, trans-
mission constraints, and different dynamics of heating and cool-
ing compared with electricity. More accurate load and market
behaviour predictions create a slight edge in competition for
LA. However, the highly random nature of human behaviour
makes this task a significant challenge. For simplicity in this
study, some of the operational constraints of microgrids are
neglected. For instance, it is assumed that transmission of

electricity, heating, and cooling is done without any loss. In
contrast to the heat and cold generation part of the micro-
grid, the electrical demand and generation have a much faster
dynamic. Since these two parts are highly dependent on each
other, in some cases, the demand for heating or cooling can
cause congestion in the electricity part of the microgrid and vice
versa.

5.1 Summer season

In this subsection, the proposed method’s performance is inves-
tigated in the summer season. Before examining how LA man-
ages the required power load and how CCHP works in different
scenarios, it is necessary to introduce them and represent the
available information.

As can be seen in Figure 2, the scenarios 𝜔1 ∶ 𝜔9 are
the most probable scenarios. In the following, to avoid the
complexity of the diagrams and their analysis, only results
of these scenarios are reported. For the sake of avoid-
ing complexity and better presentation of results, scenarios
with similar effects on load demand, transaction prices, and
PV power generation are bundled, as shown in (28), and
the information about these scenario bundles is shown in
Figures 2–5.

Ω = {𝜔1, 𝜔2, … , 𝜔27}

Ω = Ω1 ∪ Ω2 ∪ … ∪ Ω9

}
→

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

Ω1 = {𝜔1 ∶ 𝜔3, 𝜔10 ∶ 𝜔12, 𝜔19 ∶ 𝜔21}

Ω2 = {𝜔4 ∶ 𝜔6, 𝜔13 ∶ 𝜔15, 𝜔22 ∶ 𝜔24}

Ω3 = {𝜔7 ∶ 𝜔9, 𝜔16 ∶ 𝜔18, 𝜔25 ∶ 𝜔27}

Ω4 = {𝜔1, 𝜔4, 𝜔7, 𝜔10, 𝜔13, 𝜔16, 𝜔19, 𝜔22, 𝜔25}

Ω5 = {𝜔2, 𝜔5, 𝜔8, 𝜔11, 𝜔14, 𝜔17, 𝜔20, 𝜔23, 𝜔26}

Ω6 = {𝜔3, 𝜔6, 𝜔9, 𝜔12, 𝜔15, 𝜔18, 𝜔21, 𝜔24, 𝜔27}

Ω7 = {𝜔1 ∶ 𝜔9}

Ω8 = {𝜔10 ∶ 𝜔18}

Ω9 = {𝜔19 ∶ 𝜔27}

(28)

For summary, this system is examined in the following three
cases:

1. Investigation of the system behaviour in possible scenarios
without considering the risk

2. Investigation of the effect of confidential level on system
behaviour in possible scenarios

3. Investigation of the risk weighting factor (𝛽) effect on system
behaviour in possible scenarios

It should be noted that in each of the above cases, the impact
of DSM is also considered.
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FIGURE 5 Purchasing price from the main grid

5.1.1 Investigation of the system behaviour in
possible scenarios without considering the risk

For the sake of studying the system in risk-neutral mode, the
value of 𝛽 will be set to zero in Equation (2). So, the term of
the risk index will be removed, and the problem will become a
simple stochastic problem. Before examining the behaviour of
LA, it is necessary to express the cooling energy demand. This
energy is directly a function of the temperature and insulation
structure of residential buildings, which is mentioned in the IDR
program. Therefore, according to the average temperature of a
summer day shown in Figure 6, the required cooling energy can
be obtained through the relationships expressed in the IDR pro-
gram. It is important to note that considering the slow dynam-
ics of ventilation systems compared with the microgrid system,
taking into account the different temperature scenarios in a day-
ahead scheduling problem increases the computational burden
drastically without significantly impacting the scheduling pro-
cess. The data needed for air temperature is extracted from his-
torical data and is considered deterministic.

In the following, the LA day-ahead scheduling is performed,
and the result is presented for high probable scenarios.

As illustrated in Figure 7, in these scenarios, LA’s purchase
and sale of electrical power follow the trend of changes in
electricity demand. Using this strategy, in the early and last
hours of the day, when electricity demand decreases, the amount
of power sold to the network will be increased. In the mid-
hours of the day, the power exchange trend changes from sell-
ing power to the main grid to buying needed power from
it to meet the demand increase. It can be seen from the
figures the sale of electrical power in probable scenarios has
a similar trend and is consistent with changes in demand and
price.

In this case study, since the main purpose of the problem
is maximizing the LA profit, many decisions are not necessarily
the best technical decisions. For example, let us look at the effect
of DSM on the load profile in the possible scenarios as illus-
trated in Figure 8. It can be seen that the DSM did not necessar-
ily smooth the profile, but LA has tried to move the load in such
a way that it could maximize the profit in a period. For example,
in some scenarios, the load is removed from the off-peak hour
and transferred to the mid-load period. Since the electricity pur-
chasing price is the same at all hours, LA prefers to increase its
free capacity during off-peak hours and use it on power selling
to the network and then using profit obtained to compensate
for the required power through purchase from the main net-
work. It should be noted that although the sample structure of
the case study is hypothetical, but the prices are extracted from
the MIBEL (Iberian Electricity Market) [26]. Therefore, it can
be said that the existence of incentive policies makes it possible
for load management private companies to take advantage of
such a possibility, which does not necessarily mean a technical
improvement of the network situation.

This strategy obviously will show its effect on the different
costs of LA and its total profit. In Table 4, the impact of DSM
on LA and CCHP trades, on the LA’s profit from trading with
the main grid, and finally on the total profit obtained by LA is
investigated.

It can be seen that in most scenarios, the use of DSM
has significantly reduced the cost of purchasing power from
CCHP. In some scenarios such as scenarios 3, 5, and 7, the
cost of purchasing power from CCHP has not changed. With
day-ahead scheduling in consideration, changes in the price
and load have created circumstances that allow LA to use the
purchased electricity from CCHP for maximizing its profit and
act as a broker between CCHP and the main grid and which
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FIGURE 6 Forecasted temperature

FIGURE 7 LA & grid trades in most probable scenarios in summer: (a) to (i) are related to scenarios ω1 to ω9
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FIGURE 7 Continued

is not necessarily desirable for CCHP. Another factor affecting
LA profit is the profit from its transactions with the network
(the middle columns of Table 4), which the positive effect of
DSM is evident in this situation. Finally, the result of all these
factors shows its final impact on LA profits that are shown in
the right columns of Table 4.

As can be seen, in all scenarios without exception, the use
of DSM puts the LA at a better level of profitability. It is note-
worthy that since all of these scenarios are related to the day-
ahead scheduling and each of them comes with inherent prob-
ability, the final expected profit is the measure of the DSM
effectiveness.
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FIGURE 8 Effect of the DSM on electrical demand curve in summer: (a) to (i) are respectively related to scenarios ω1 to ω9

So if this relationship will be calculated for each of the 27
scenarios, it will be reached the approximate amount of €2678
in case of using DSM and €2460 in case of neglecting it. These
numbers mean that with using the DSM, the LA will eventually
make an expected profit of €2678 on the next day, and also sim-
ilarly for the case without DSM. Note that the expected value,
as its name implies, is an expected value and never means that
LA will necessarily earn a profit equal to the expected value in
one day; rather, it means it is expected that given the 27 scenar-
ios considered and their analysis, the LA profit is acceptable in
a neighbourhood of expected value.

5.1.2 Investigation of the risk effect on system
behaviour

Whenever the effect of risk is considered in a problem, it will
be transformed to NP-hard, which means that there is not
necessarily a single solution to them and usually a trade-off is a
final solution. It will be found out that in some cases, when the
impact of risk is considered high and the level of confidence

close to one, the amount of expected profit will be negative
in the sense that LA scheduling will be loss-making. That is
why it is necessary for LA to choose a reasonable level of risk
and confidence level to plan accordingly. Another point to
note is that in this study, load shedding is not considered an
option for LA. Hence, LA only has to maximize the profit by
moving the load and changing its production units’ loading
and transactions with the main network. Therefore, the best
way to plan the amount of expected profit is the scheduling
without risk, but in that case, all the calculated expected profit is
at risk.

When discussing the impact of risk indicators rises, two
main parameters are confidential level and risk-weighting
factor. In the following, the effect of these parameters on the
expected profit and the value of the CVaR index is shown,
and also the procedure for reaching the best trade-off mode
is explained. Here, calculations are performed for confidence
levels of 0.00, 0.25, 0.5, 0.75, and 0.99, and for the weight-
ing values of 0.3, 0.5, 0.7, and 0.9. It is important to note
that this programming can be computed for any value of
0 ≤ 𝛽 ≤ 1, 0 ≤ Con ≤ 1, but since the calculation of all of
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FIGURE 8 Continued

these cases does not contribute to the results, this seeks and
only increases the computations time, so it is avoided reporting
them.

To begin with, the expected profit versus the CVaR index,
known as the efficient frontier, is illustrated. Figure 9 shows the
efficient frontier for the summer season in the absence of DSM,

each of the curves represents a certain weight given to the risk
index, and different points on them represent a certain level of
investor confidence. As can be seen, all curves eventually end at
a point at which the confidence level’s value is zero, and this is
a limit state in terms of the mathematical definition of the risk
index.
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TABLE 4 Effect of the DSM on LA cost via trades with the CCHP, LA profit by trading with the grid, and LA total profit in different scenarios in summer

LA cost via trades with the CCHP LA profit by trading with the grid LA total profit

Scenarios

with

DSM (€)

without

DSM (€)

Difference

(%)

with

DSM (€)

without

DSM (€)

Difference

(%)

with

DSM (€)

without

DSM (€)

Difference

(%)

𝜔1 14,320 14,731 −2.87 18,030 17,511 2.88 3109 2780 10.59

𝜔2 13,882 14,320 −3.16 16,030 15,533 3.10 1488 1212 18.56

𝜔3 13,882 13,882 0 15,229 14,336 5.86 687 454 33.84

𝜔4 15,141 16,373 −8.14 19,855 20,390 −2.70 4233 4016 5.11

𝜔5 15,141 15,141 0 18,050 17,360 3.82 2428 2218 8.62

𝜔6 14,731 15,141 −2.79 16,803 16,492 1.85 1532 1350 11.84

𝜔7 16,373 16,373 0 21,606 21,129 2.21 4932 4755 3.60

𝜔8 15,963 16,373 −2.57 19,303 19,208 0.49 2980 2834 4.90

𝜔9 15,141 15,963 −5.42 17,658 17,844 −1.06 2036 1881 7.61

FIGURE 9 Efficient frontier for different risk-weighting factors with and without DSM showing work points in summer season

From the economic point of view, this means that LA has
no confidence in this investment, so all its expected profits are
at risk, which can be seen in Figure 9. On the other hand, to
examine the results for different weighting factors, it can be
seen that by increasing these coefficients, the difference between
expected profit will be increased significantly while the confi-
dence level is changing. In this case, it is observed that in weight-
ing values close to zero, because the impact of risk is less, as

expected, the amount of expected profit from transactions and
the amount of capital at risk is also high. Now, according to
these results, to choose the best values for the level of confi-
dence and risk weight, the point that has the highest expected
profit and at the same time has the lowest CVaR value will be
selected. Note that this statement is not always necessarily true
because in some cases, LA may take more or less risk because
of chosen policies. For example, in microgrids operating under
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government agencies, LA chooses a much higher level of confi-
dence because it is confident of government support. It should
be noted that LA also has the option of using the DSM. The
efficient frontier is also illustrated for this mode in Figure 9. It
can be seen that the general trend of the system behaviour is
similar to the previous case, except that the expected profit has
increased as expected.

In this case, since these two charts intersect, LA has more
options to choose the right level of confidence and weight-
ing factor. For example, suppose LA is willing to accept a risk
around €600 to €1200 according to its policies; in this case, the
set of points that LA can choose are displayed in the green area
of Figure 9.

Now, in this area, the point that has the highest expected
profit and the lowest CVaR value should be selected. Here, the
point displayed with the blue arrow is the best point. At this
point, the expected profit is around €2090 and the CVaR value
is equal to €1125. This point corresponds to the weighting fac-
tor of 0.3 in the absence of DSM and a confidence level of 0.75.
In this case, it can be seen that using the DSM does not neces-
sarily lead to an optimal decision. It should be noted that this
is not required for the whole spectrum. For example, suppose
LA decides that the acceptable CVaR value is between €1200
and €1700. In this case, the area in which to choose the optimal
point is shown by orange colour. The best choice in this area
is the point displayed with the red arrow, which corresponds to
the weighting factor of 0.5 when using DSM and a confidence
level equals to 0.5. It is important to note that in both green
and red areas, the zero confidence level curve is not considered
because it is a limit state and has only a theoretical aspect.

Therefore, it can be observed that, in accordance with LA
policies, the parameters selected for the risk may be relevant to
the state with or without the DSM.

5.2 Winter season

In the same fashion as the last section, the most probable sce-
narios are first identified for the winter season, and the evalua-
tion for this condition is conducted. It can be seen in Figure 10
that, 𝜔1, 𝜔5 are the most likely scenarios and after them, 𝜔8, 𝜔9
are the scenarios with the most probabilities. It is assumed here
that in order to represent the impact of seasonal changes on risk
more accurately, the amount of PV power generation and the
transaction price with the grid are considered in the probability
of changes. With this assumption, it is moved on to how LA
behaves in the face of scenarios 𝜔1, 𝜔5 and 𝜔8, 𝜔9 (Figure 11).
As done in the previous subsection, it is first examined the risk-
neutral mode and then it is moved on to the impact of risk on
LA scheduling.

The effect of DSM on electrical demand curve is drawn in
Figure 12. With an accurate looking at the figure, one of the
important points is that the DSM does not affect scenario 𝜔8.
If this scenario will be examined in detail, it will be found out
that it is related to the situation where the electricity demand
is reduced along with the increase of the PV unit power gener-
ation. In such a scenario, the electric demand can be supplied

mainly through a PV power plant and purchased power from
the CCHP unit, and the surplus can be sold to the main grid.
Hence, with the use of DSM the LA’s compensation cost will
be increased. The question that may arise here is why such a sit-
uation did not occur for the same scenario in the summer. To
answer this question, it should be considered that in the sum-
mer, in addition to the electric demand of consumers, a large
part of the electric demand is imposed on the problem by the
electric chillers existed in CCHP. However, in the cold season,
since the heating load is supplied as a by-product of the electric
demand, there will be no additional electric demand, so there
is no need to move the load for optimization. In Table 5, the
impact of DSM on LA’s overall costs and profits will be exam-
ined.

According to the table (the scenarios are sorted from highest
probability to the lowest one), it can be seen that DSM mostly
results in cost reduction and profit increase in the effective sce-
narios. With looking more closely at these scenarios, it is emi-
nent that first of all these scenarios are in the lower probability,
and secondly, this effect is not very much significant. Hence,
it is safe to say that DSM does not significantly increase the
efficiency in winter. The reason behind this behaviour has been
explained in scenario 𝜔8.

5.2.1 Investigating the effect of risk on system
behaviour

Similar to what was stated in the summer case study, to deter-
mine the optimal point of LA performance, it is necessary
to illustrate efficient frontiers for various parameters of risk
weighting and confidence levels select it based on the LA’s
acceptable range.

First, the state without DSM and its effect on the efficient
frontier is explained. Previously, in the summer, the meaning of
this diagram was discussed in detail; therefore, it will be only
reported the results and analysis of the specific cases here.

As said before, if the impact of risk in studies is considered
more than a certain limit, it is possible that the system be into a
loss state. For example, as seen in Figure 13, if the 𝛽 is equal to
0.7 and 0.9 at the low confidential levels, the system will be into
loss situation. In other words, LA will lose money regardless of
the scenario and the day-ahead plan. Another important point
to note here is the lower curvature of the efficient frontier curve
compared to the summer case. It can be explained by the fact
that unlike the summer scenarios, they are primarily risk-neutral
as a trade-off. Therefore, the system in each scenario is on the
verge of profitability and loss. However, in the cold season, the
risk-neutral states are mostly in a profitable state, and if we do
not consider the weight of risk too high, it is unlikely that the
system will go into a loss-making state.

Since DSM does not have a considerable effect in the cold
season, the effect of DSM on efficient frontiers is reported and
the impacts of its presence and absence are compared through
Figure 13.

One of the important points that was mentioned in the
summer season was the discussion of determining an optimal
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FIGURE 10 Electrical power demand

FIGURE 11 The LA & grid trades in most probable scenarios in winter: (a) scenario ω1, (b) scenario ω5, (c) scenario ω8, (d) scenario ω9
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FIGURE 12 Effect of the DSM on electrical demand curve in winter: (a) scenario ω1, (b) scenario ω5, (c) scenario ω8, (d) scenario ω9

TABLE 5 Effect of the DSM on LA cost via trades with the CCHP, LA profit by trading with the grid, and LA total profit in different scenarios in winter

LA cost via trades with the CCHP LA profit by trading with the grid LA total profit

Scenarios

with

DSM (€)

without

DSM (€)

Difference

(%)

with

DSM (€)

without

DSM (€)

Difference

(%)

with

DSM (€)

without

DSM (€)

Difference

(%)

𝜔1 19,611 20,558 −4.83 21,476 22,257 −3.63 1745 1698 2.67

𝜔5 20,558 20,558 0 22,059 22,059 0 1501 1501 0

𝜔8 20,558 20,558 0 22,972 22,972 0 2414 2414 0

𝜔9 20,558 20,558 0 21,824 21,824 0 1265 1265 0

𝜔2 19,055 19,611 −2.92 19,036 19,350 −1.65 −199 −260 −30.97

𝜔4 20,558 20,558 0 24,265 24,265 0 3707 3707 0

𝜔6 20,558 20,558 0 20,956 20,956 0 398 398 0

𝜔7 20,558 20,558 0 25,270 25,270 0 4711 4711 0

𝜔10 19,611 20,558 −4.83 21,476 22,257 −3.63 1745 1698 2.67

𝜔14 20,558 20,558 0 22,059 22,059 0 1501 1501 0

𝜔19 19,611 20,558 −4.83 21,476 22,257 −3.63 1745 1698 2.67

𝜔23 20,558 20,558 0 22,059 22,059 0 1501 1501 0



2056 NOSRATABADI ET AL.

FIGURE 13 Efficient frontier for different risk-weighting factors with and without DSM showing work points in winter season

work point. Here, to reach a summary of the impact of the
weather, two acceptable risk ranges for LA are examined that
were expressed in the summer season. The result for the winter
is illustrated in Figure 13 as an efficient frontier.

To begin with, it is assumed that the acceptable risk level for
LA is between €600 and €1200. In this case, the points displayed
in the blue area are the points where the system can work and
the point with the highest expected profit and the lowest CVaR
is needed. Therefore, if we do not consider the theoretical limit
case like the summer season, the point displayed with the blue
arrow will show the optimal point. This point corresponds to
the expected profit of €1421. If we consider the acceptable area
for risk between €1200 and €1700, in this case the optimal point
is displayed with the red arrow, which is approximately equal to
€1550. The matter that needs to be reminded again is that these
points are not unique and these are obtained for the conditions
considered in this study and the steps considered in it related
to the risk weighting and confidence level values. By consider-
ing smaller steps, other points can be found and the selection of
optimal point can be done from them. In addition, in the dia-
gram illustrated, although the modes with and without DSM are
very close to each other, but still their effect in the theoretical
limit case is clear. For instance, pay attention to the red arrow at
this point where the risk limit is €1200. The value of two modes
with and without DSM is small, but if we consider the accuracy
of selecting the optimal point as small, the point corresponding
to the mode with DSM is selected as the optimal point.

6 CONCLUSIONS

In this paper, a new scheduling procedure is proposed based on
a proposed structure for a multi-energy microgrid. The micro-
grid scheduling aims to maximize the LA’s profit by consider-
ing the power trades with the main grid. The presented micro-
grid contains a PV unit, a CCHP agent, and a LA operator.
Some beneficial conclusions are obtained with implementing
the proposed plan that is as follows. It is observed that the deci-
sions made by the LA (as a private agent with the aim of profit
maximization) are not necessarily the best technical decisions.
For instance, it was observed that although DSM increased the
profit but did not help to improve the load profile. This means
that the existing incentive scheme allows private load manage-
ment companies to manage load regardless of technical issues
in a form to maximize their final profit. In the summer, the
cost of trading between LA and CCHP is decreased as expected
in many scenarios with the DSM. On the other hand, in gen-
eral, LA’s profit in the case of considering the load management
is higher in all probability scenarios than in cases without load
management. It is observed in the study of the risk assessment
on the scheduling, in both summer and winter, the selection of
the optimal point is NP-Hard, and the risk level of LA strongly
influences the choice of the optimal point. Another important
point that needs to be mentioned is the impact of DSM and
risk on DSM. It is shown that the use of DSM is not necessarily
better in considering the risk indicators and depends on the LA



NOSRATABADI ET AL. 2057

demand. But, as expected under the same conditions, using the
DSM will bring a higher amount of expected profit in terms of
risk index. In comparing the summer and winter seasons, it is
observed that the effect of the load management scheduling in
winter is less effective than the summer season.

NOMENCLATURE

P
fix

el
fixed electrical load of users

Prandom
el

random electrical load of users
𝛼 heat–electricity ratio of gas turbine
𝛽 risk measure weighting factor

ΔQ(t , 𝜔) wasted heat power of CCHP system
𝜀el state of buying electricity from CCHP system

𝜀
In∕out

el
binaries to determine the status of shifting
in/out

𝜀
Buy∕Sell

Grid ,LA
binary variables that determine buy or sell sig-
nal for LA

𝜀i
hl

binaries to determine the steps of heat demand,
i = I, II

𝜓Cold
i auxiliary variables to determine the steps of

cool demand i = I,II,III
𝜁+air , 𝜁

−
air relative value of the downward/upward fluctu-

ation of Qair
C i

h
heat energy price of CCHP system at step
i = I,II

CCold
i cool energy price of CCHP at step i = I,II,III

CostBuy

CCHP
(𝜔) total cost of buying power from CCHP

P
Buy∕Sell ,Max

CCHP ,Grid
maximum electrical power that the CCHP sys-
tem exchanges with the main grid

P
Buy∕Sell

CCHP ,Grid
electrical power that the CCHP system
exchanges with the main grid

P
In∕out ,Max

el
maximum shiftable electrical load of users

P
In∕out

el
electrical load shifted in and out

P
shi ftable

el
shiftable electrical load of users

P
Buy

Grid ,LA
power purchased from main grid by LA

PMax
Grid ,LA

maximum power that LA exchanges with the
main grid

PSell
Grid ,LA

power sold to main grid by LA

P
Min∕Max

gt minimum/maximum electrical power of gas
turbine

PrBuy

Grid ,LA
purchase price of power from the main grid by
LA

PrSell
Grid ,LA selling price of LA power to the main grid

PrBuy

Grid
price of electricity bought from the main grid

PrSell
Grid price of electricity sold to the main grid

QF
Air

forecasted heat demand for maintaining the
indoor temperature

Qi
hl
∶ heat power at step i = I,II,III that LA buys

from CCHP
QCold

i ∶ cool power at step i = I,II,III that LA buys
from CCHP

T Min
in , T Max

in allowable indoor temperature

T
Opt

in optimal indoor temperature

Ccomp cost of compensation
Gbi forecasted solar radiation at band i

Gstd solar radiation in the standard environment
K an auxiliary positive number that is big enough

but less than +∞

Pac power of absorption chiller unit
Pbi radiation to energy conversion function

PDemand electrical power demand of users
Pec electrical power of electrical chiller
Pel electrical power sold by CCHP

Prel price of electrical power sold by CCHP
Pres power generated by renewable resources
Prgs heat price of natural gas

ProfitGrid LA’s profit from trades with the main grid
ProfitLA LA’s total profit

Psn equivalent rated capacity of the SCG [MW]
QAir heat power that the load aggregator supplies to

end users for indoor temperature
Qgb heat power of gas boiler
Qhe heat power of heat exchanger unit
Qhr heat power of heat recovery unit
Rc constant radiation point
t,T time/set of 24 hours of a day

Tin,Tout indoor/outdoor temperature of users
Ue compensation factor of the shifted electrical

load
ηgb efficiency of gas boiler
ηgt electrical efficiency of gas turbine
ηhe efficiency of heat exchanger unit
ηhr efficiency of heat recovery unit
κac performance coefficient of absorption chiller
κec performance coefficient of electrical chiller

φ(ω) probability of different scenarios
ψhl auxiliary variable to determine the steps of heat

demand
ω,Ω scenario/set of all scenarios
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