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ARTICLE INFO ABSTRACT
Keywords: Power variations due to uncertainties create fluctuations in voltage/frequency (V/F). Most critical microgrid’s
Microgrid (MG) challenge in smart cities is V/F stability considering uncertainties in different operating conditions. This

Power and Energy Management
Voltage/Frequency Control
Smart Cities

Demand Response Program

study proposes an energy management platform based on an intelligent probabilistic wavelet petri neuro-fuzzy
inference algorithm (IPWPNFIA) to control the V/F index in the presence of renewable energy sources (RESs) and
battery energy storage system (BESS) facing with various uncertainties. The suggested approach is programmed
at two central and local controller stages based on the communication system and time-of-use demand response
programs execution. The suggested approach is modeled by considering asymmetric membership functions based
on the BESS optimal participation to control uncertainties caused by RESs, plug-and-play operations, and load
fluctuations. The proposed platform’s performance is verified and compared in different scenarios with different
methods. The experimental setup and results are based on the rapid control prototyping of the micro-grid
platform, MATLAB/Simulink and RT-LAB software, and hardware infrastructure such as the OPAL-RT
(OP5600/0P8660) System. The most important highlights of this research are: fast dynamic response, real-
time control based on real data, reducing the calculation time and burden based on learning algorithms, and
the suitable coordination to adjust the protection equipment pick-up time.

operation modes, taking advantage of their potential and actual capac-
ities in providing solutions appropriate to energy distribution system
challenges and establishing a reliable and efficient RES-based integrated
distribution system, including solar and wind power [3,4]. Numerous
challenges influence MGs’ performance and operation despite their
numerous technical, economic, and environmental advantages. These
include improved security, reliability, and resilience, reduced operation
service and maintenance costs, and mitigated the GHG using RESs [5].
On the one hand, RESs’ uncertainties, and MGs’ complex security,

1. Introduction

Environmental concerns caused by reduced fossil energy sources,
increased greenhouse gas (GHG) emissions, and restructured traditional
energy distribution systems have raised the microgrid (MG) idea. MG
structure, relying on unique features, is an attractive answer to the
challenges of the energy industry as well as environmental concerns
[1,2]. MGs have been developed using two grid-connected and islanded

Abbreviations: AGF, Asymmetric Gaussian Function; AMI, Advanced Metering Infrastructure; ANN, Artificial Neural Network; BESS, Battery Energy Storage
System; EV, Electric Vehicle; IPWPNFIA, Intelligent Probabilistic Wavelet Petri Neuro-Fuzzy Inference Algorithm; MG, Microgrid; MGCC, Micro-Grid Central
Controller; MGLC, Micro-Grid Local Controller; OPF, Optimal Power Flow; PV, Photovoltaic Panel; PID, Proportional-Integral-Derivative; RES, Renewable Energy
Source; RNN, Recurrent Neural Network; RCP-MG, Rapid Control Prototyping of the Micro-Grid; SOC, State of Charge; TOU-DRP, Time-of-Use Demand Response
Program; V/F, Voltage/Frequency; WT, Wind Turbine.
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o" Error index of each layer based on the propagated process

u The learning rate of each layer

reliability, and resilience metrics, and on the other hand, the launch of
energy management systems (EMSs), the deployment of smart grid
platforms, and complex big data analytics caused by multiple decision-
making variables and linear/non-linear/randomized/probabilistic un-
certainties are considered to be fundamental challenges facing the MG
concept. The mentioned challenges face the EMS structure with signif-
icant changes. It can be mentioned that some challenges, such as

evaluating big data and considering uncertainties, not only increase the
dimensions of the energy management problem, but also make the EMS
structure index more complex [6,7]. Therefore, researchers have con-
ducted several studies leading to the establishment of integrated intel-
ligent energy control and management systems based on various
analytics, including V/F control, power control, demand response pro-
gram (DRP) implementation, grid restoration, and BESS participation.
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Numerous smart models and algorithms have been proposed to tackle
MG challenges.

In [8], a bi-level MG energy control and management model to
control MG power, voltage, and frequency metrics based on a model-
based predictive control (MPC) algorithm at the primary level and an
intelligent neural network (INN) algorithm at the secondary level is
proposed. The proposed approach is modeled in a communication sys-
tem context considering the uncertainties caused by communication
system latency and load fluctuations. Although the suggested
approach’s performance was analyzed in different scenarios, the model
was proposed without considering and modeling RES uncertainty. RES
uncertainty modeling is of great importance because the uncertainty
caused by RES leads to variations in MGs’ net active and reactive
powers. In [9], an energy management and control strategy for optimal
and real-time operation of virtual power plants (VPPs) based on the MPC
technique and feedback correction (FC) algorithm, aiming to minimize
RESs’ uncertainties and prediction error deviation is developed. The
suggested approach’s performance was verified in a real electric energy
distribution grid based on minimum demand and supply errors. The
main challenge of this study is the high computational time and failure
to verify the MG performance stability based on advanced control the-
ories, such as the Nyquist stability criterion, Root Locus method, and
small-signal analysis. In [10], a multi-level MG power management and
control strategy based on primary, secondary, and tertiary objectives is
developed. The primary objectives include voltage quality improvement
and V/F metric restoration. In secondary, V/F deviations of MG are
minimized by determining the secondary controller coefficients through
a distributed fuzzy controller (DFC). Tertiary objectives also manage the
bidirectional power exchange control between the MG and the upstream
grid. The suggested approach constructed an inflexible structure for
subscribers’ participation in the electricity market, regardless of energy
storage systems (ESSs) and DRPs. The suggested approach was also
based on low-uncertainty power supply sources, including fossil fuels-
based distributed generations (DGs), and avoided using RES and its
uncertainty modeling. The RES smart management strategy based on a
hybrid artificial neural network-particle swarm optimization algorithm
(ANN-PSO) method was proposed in [11] to minimize computing time
and maximize flexibility. The optimization algorithm search space was
programmed based on optimizing the nodes in the hidden layers and
improving the training rate to minimize the computing time of the
optimal power distribution in the MG configuration. The most promi-
nent challenge of this research is the exponential increase of the pro-
cessing operations due to the increase in the dimensions of the problem
as well as considering a wide range of uncertainties. Therefore, with the
significant increase in processing operations, the calculation time also
increases significantly.

In [12], the MG performance by considering energy market in-
teractions and proposed a bi-level pricing model based on estimation
and reinforcement learning (RL) metrics to tackle the challenges of
RESs’ and time-varying uncertainties of energy carrier prices in the
retail market using an ANN algorithm is investigated. In addition, in
[13], also a distributed robust model predictive control (DRMPC)
method in the MG islanded configuration, aiming to (1) establish an
energy market based on energy market interactions and (2) minimize
RESs’ uncertainties is proposed. This study modeled RES probability
behavior using an intelligent ANN (IANN) algorithm to minimize RESs’
uncertainties and data prediction errors. Combining the stochastic
processes and IANN algorithms improved the control models’ perfor-
mance. The most obvious challenge of the two mentioned researches is
the low dynamic speed to respond to instantaneous fluctuations. In [14],
a load control platform in residential MG and the participation of elec-
tric vehicle (EV) units in optimal power distribution based on stochastic
Markov decision process (MDP), recurrent neural network (RNN) algo-
rithm, and deep reinforcement learning (DRL) is presented. Control
objectives are implemented in MGs based on time frames and in three
primary, secondary, and tertiary control levels. In [15], a two-layer
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strategy for the optimal control and stability of MG voltage and mini-
mizing the operational time of the suggested approach by considering
active power generation sources, capacitor bank, and tap changer var-
iations of transformers based on deep neural network (DNN) algorithm
is developed. The suggested approach performance was evaluated in
different scenarios regardless of the ESS and RES units and the un-
certainties caused by them. In [16], an economic model for networked-
microgrid primary and secondary frequency control based on a multi-
agent DRL (MA-DRL) method is proposed. In the suggested approach,
each DRL agent is responsible for controlling the generator power of ESS
units. An offline training framework teaches the optimal frequency
control strategy based on the soft actor-critic (SAC) algorithm. The
suggested approach schedules each agent using its local and neighboring
data. Hence, it is less precise than global variations in MG. In [17], the
MG frequency control platform by combining DRL and multi-agent
quantum machine learning (MAQML) based on intelligent data mining
and feature extraction algorithms to tackle this challenge and increase
precision is proposed. Although the suggested approach has a remark-
able performance in frequency control, but the interference of the sug-
gested approach with the protection equipment is considered the most
prominent challenge of this research.

Uncertainties and probability patterns due to subscribers’ behaviors
and RESs affect MG’s optimal and efficient operation. Power harvesting
from RES is influenced by weather conditions and seasonal variations
[18]. Therefore, the power harvested from RESs is highly uncertain and
classified as stochastic sources. Power variations due to RESs’ uncer-
tainty negatively affect protection equipment operations and cause
recurrent outages in power grids. Today, ESSs not only mitigate the
effects of uncertainties in the real-time energy distribution systems and
MGs, but the use of ESSs with DRPs has highlighted the role of sub-
scribers in the energy market [19]. The use of DRP not only provides the
framework for restructuring the electricity market but also demonstrates
the critical role of subscribers in optimal power distribution by modi-
fying the subscriber’s load profile. The BESS is one of the most common
storage system [20]. Due to the growing use of EVs in current grids, the
BESS is considered one of the main constituents of EVs. Therefore,
modeling and analyzing EVs’ impact on power distribution grids is
important [21]. EV units in power flow equations are considered loads
or power suppliers. Since consumers’ behavior has a probability pattern,
it is essential to provide a control model based on uncertainties and the
probability pattern of subscribers’ behavior [22]. For instance, in [23],
the EV battery charge management during grid congestion and peak
load hours based on real-time mechanisms and fair and dynamic
resource allocation is presented. This study developed optimal and hi-
erarchical MG management using stochastic inputs, including RES un-
certainties, the prediction model of connecting EVs to MGs, and EVs’
charging status based on discrete-time Markov chain (DTMC).

In [24], a bi-level optimal distribution model in the integrated en-
ergy system (IES) and electric vehicle charging station (EVCS) by
considering RES uncertainties and enhancing flexible load participation,
aiming to balance energy supply and demand and increase customer
satisfaction at an acceptable level to maximize subscribers’ participation
in the energy market and adjust subscribers’ load profiles is proposed.
This study presented DRP execution algorithms based on two dynamic
mechanisms: Time-of-Use (TOU) pricing and real-time pricing (RTP). In
addition, in [25], a resilient MG control model by considering EV
participation in improving energy distribution in an islanded MG and
implementing DRP to modify subscribers’ load profiles and maximize
their participation in energy distribution is also proposed. The research
model involves the implementation of a hybrid dynamical system theory
in which the continuous-time dynamics component is responsible for
managing EVs’ adjustable loads. On the other hand, discrete-time dy-
namics algorithms manage the shiftable loads. The suggested approach
exhibits suitable performance under plug & play operating conditions
and load fluctuations.
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Fig. 1. The MG topology based on MGCC and MGLC in the context of the communication system.

1.1. Problem statement and research gap

According to the evaluation of previous research, the most obvious
challenges of EMS in MG structure can be mentioned. Among the most
obvious challenges of EMS are the evaluation of big data and various
uncertainties. The assessment of big data and uncertainty not only
complicates the structure of EMS, but also has a significant impact on
processing operations, computation time, and load. One of the most
important requirements of the EMS structure is the fast dynamic
response in the face of instantaneous changes and oscillations. If the
calculation time and burden in EMS are time-consuming and huge, not
only the control approaches do not have a suitable dynamic response,
but the efficiency of EMS in controlling instantaneous changes and os-
cillations decreases significantly. On the other hand, since EMSs are
responsible for controlling normal transient events, therefore, the EMS
structure must be designed in such a way that it has the necessary co-
ordination with protection equipment that is responsible for handling
unexpected transient events. Therefore, in this research, the proposed
approach is presented by considering the properties of the data, as well
as the classification of the data based on the uncertainty model, as well
as using the multi-level intelligent method with an improved learning
structure. In addition to handling a wide range of uncertainties and
random variables, the proposed approach has high dynamic speed. Also,
the proposed approach has a suitable coordination with protective
equipment. Also, in this research, in order to evaluate and validate the
simulation results, experimental results based on IEEE 644-2019 and
IEEE 1159-2009 standards have been implemented in the structure of
the current electrical distribution network (real grid) and its numerical

results have been presented.
2. Research objectives and innovation

The MG model proposed in this study is real grid-based and is a
portion of the electrical energy distribution network of Rajaee Port in
Iran. The control models proposed in this study are analyzed and veri-
fied in the target grid, and the experimental results are also provided. As
shown in Fig. 1, a portion of Rajaee Port’s 16-bus electrical distribution
grid is equipped with wind-solar RESs and the BESS. The proposed grid
comprises a high voltage (HV) substation of 63/20 kV and 65 medium
voltage (MV) substations of 20/04 kV.

The grid is connected to the controller and monitoring centers
through the dispatching system and protection equipment, such as line,
generator, feeder, voltage, and frequency protection (IEC60870-
5-103,104) based on an optical fiber communication system supported
by IEC61850 protocols. Each MV substation is abbreviated as the SS
symbol. The power generation and ESS units are connected to the micro-
grid central controller (MGCC) through the micro-grid local controller
(MGLQ). This portion of the distribution grid is utilized to supply power
to the residential town located 3 km from the 63/20 kV substation. The
proposed grid contains two diesel generators with a nominal power of
500 kW (SD500 | 15.2L | GENERAC model, each diesel can only be used
with 85 % nominal power due to weather conditions and regional fac-
tors), a wind turbine (WT) with 110 kW power, a photovoltaic panel
(PV) (Chroma 62150H-6005 model) with 110 kW power, and BESS set
(Nissan Altra lithium-ion battery model) with 230 kWh power. In this
grid, 30 % of the BESS power comprises the EV battery power and a load
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set equal to 1400 kW with a 75 % simultaneity factor connected to the
electric grid by advanced metering infrastructures (AMIs) based on the
GPRS protocol.

This portion of the grid involves various uncertainties, including the
disconnection of the diesel generator from the MGs, the uncertainty of
RES power generation, and the islanding of this portion of the grid,
leading to the instability of V/F metrics in the target MG. V/F instability
is caused by variations in MG’s net active and reactive power, activates
V/F protection relays, and impairs MG operation under various un-
certainties. The decrease in security and reliability indicators is caused
by the failure to control uncertainties in the proposed grid. However, an
intelligent control model can mitigate risks due to uncertainties signif-
icantly and avoid unnecessary protection equipment operation.
Consistent with IEEE 644-2019 and IEEE 1159-2009 standards, V/F
control requirements for MG operation are determined in two main grid-
connected and islanded operation modes.

The main contribution of this study is to propose the IPWPNFIA
considering asymmetric membership functions based on the BESS units
participation to control RES uncertainties, monitor plug & play opera-
tion conditions in power generation units and load fluctuations with fast
dynamic response, and mitigate transient risks in the power system. The
proposed control algorithm considers the TOU-DRP metric to manage
the BESS units’ operations, including EV batteries, to control the power
and V/F of MGs. The IPWPNFIA controller model is mainly based on
data prediction and probability indicators. Therefore, by using proba-
bility tools such as probability distribution functions with normal dis-
tribution and their generalized types to model uncertainties caused by
the RES and EVs and significantly minimize prediction errors. The
decrease in data prediction error makes the proposed algorithm more
accurate and reduces the computing time. Since the suggested approach
is rule and knowledge-based, the IPWPNFIA controller minimizes the
number of fuzzy function rules to reduce the computing time by taking
advantage of the previous data-based training capability. The suggested
approach was developed based on MGCC and MGLC configuration and
communication infrastructure. MGLC provides MGCC with day-ahead
power prediction using day-ahead algorithms. Based on the IPWPN-
FIA, MGCC also computes intelligent power distribution and adjustment
of V/F metrics in MGs, making them available to MGLC converters
again. Since the suggested approach was implemented in a portion of the
electrical energy distribution grid of Rajaee Port in Iran (a real small-
scale MG), the performance of the suggested approach and IPWPNFIA
controller is verified through different scenarios, the experimental re-
sults is presented, and the performance is also compared with other
general and intelligent methods, e.g., PID and ANN. The experimental
setup was designed and proposed using the RCP-MG platform, MATLAB/

International Journal of Electrical Power and Energy Systems 155 (2024) 109613
2.1. Main contribution and objectives
The main contribution of the study can be summarized as follows:

1. Propose a multi-level V/F metric control model based on the
IPWPNFIA and the optimal BESS participation, aiming to mitigate
RES uncertainties, control plug & play operating conditions, and
improve the performance of protection relays when facing
uncertainties.

2. Facilitate the setting of control metrics and minimize the deviation
error of active/reactive power from reference point values to provide
a fast dynamic response, mitigate the power system’s transient risks,
and maximize RES and BESS penetration in real-world power grids.

3. Provide the proposed controller model’s experimental results by
considering standard protection equipment metrics, adjusting the
protection equipment pick-up time, and controlling the V/F devia-
tion metric in a real-time framework.

The rest of the paper is organized as follows: In section 2, the
probability model of the MG equipment and the power exchange
equations between the MG and the main grid are presented. In the
section 3, the problem solving algorithm based on the IPWPNFIA
method is presented. The section 4 presents simulation and experi-
mental results, and the section 5 presents conclusion, challenges, and
future work.

3. MG topology and equipment

In this section, the MG topology based on the presence of RES, BESS
units, MG power exchange equations, and MGCC and MGLC controllers
are expressed.

3.1. RES uncertainty model

As stated, because the power generation by the RES is dependent on
weather conditions, therefore, power extraction from the RES has a
probability and random pattern. To model the power generation of PVs,
the beta probability distribution function model is used, and for the WT,
the Weibull probability distribution function is used. In addition to the
high potential of solar radiation, the geographical location of Iran’s
Rajaee port also benefits from the high potential of wind power [26].
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3.2. EV units uncertainty model

In power flow equations, EV units are considered either as electric
load or as power supplier. Considering that the consumption pattern of
subscribers has a random process, therefore, the use of probability
models describes the consumption profile of EV units more accurately.
In this section, the equations of the EV unit random process based on the
Weibull normal distribution function and generalized types are pre-
sented in three categories in order to reduce the data estimation error
[26,27]. The first category is when the EV unit is connected to the MG
and either injects power into the grid or receives power from the grid.
The second category is when the EV unit is separated from the MG and
the third category shows the distance traveled by each EV unit along
with the batteries state of charge (SOCpq). Egs. (5) to (7) describe the EV
unit behavior. Eq. (8) also expresses the EV unit power.

AT (4 AT 7("JT)
i
_ H‘EV gy B —(14+r)
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e . 1 + St

ol
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e G a)(cz 1)
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(o) o @
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( o ) ( DBat—mux )
|:—(5239):|
arev(1 —€ ! ), 0 < t<ty
o S = e
P (l) _ P;:r—EV(TC)v tp < t< 5
Bar—EV\I) =

0,t>5
By + Vrpy = 1, VtbG0, gy, U_py € {0, 1}
szi:—EV < Ppu-pv(t) < P;;?LEviP‘}?j:va =(1- DOD)'PE;‘:—EV
(8)
In this study, the characteristics of the battery are according to the

specification of “Nissan Altra lithium-ion battery” which is Pp= . =

6.5kW. The algorithm for determining the EV units load profile is shown
in Fig. 2.

3.3. Load uncertainty model

Consumption loads profiles have a random process pattern because
they are based on the random behavior of subscribers. Modeling of loads
based on normal probability distribution function are described [26,27].

— 1 —FLoad )2
V20100
e

— >0 9
0Load\/271'

PDF(PLuAd) =

3.4. Power exchange model

The power exchange model is determined based on the net power of
MG. The power exchange equations are [27]:
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+P(t + 1) = £DM;.
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Eq. (10) shows the amount of power stored in the battery based on
the BESS capacity and the self-discharge rate at time t. Eq. (11) describes
the battery power based on the generation and consumption powers in
the MG. The MG generally have either surplus power or shortage power.
The MGCC is responsible for controlling and managing optimal power
distribution by receiving information from the MGLC that is planned
based on the day ahead power prediction algorithms.

3.4.1. Power exchange model in MGCC
Because in MGs, different equipment with linear/non-linear or
probabilistic characteristics are used, various uncertainties are effective

on the performance and operation of MGs. In this study, the MGLC based
on sampling and implementation of day-ahead power estimation algo-
rithms are planned. The power prediction data in the MGLC is provided
to MGCC using the communication system. The MGCC also performs
planning and optimal power flow (OPF) calculations according to MGLC
information and reloads the control results to MGLC [28,29]. The
following equations describe the MGCC power exchange.

N; Nwr.i Npy i
{P%%x_DM1<ZPA(:I'(’?dt +ZP;_)ISGI +ZP +ZP’PV(I)>
i=1

i=1

(ZPM ) (ZPﬁiZZ( >) ;
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12)
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Fig. 4. Proposed algorithm.

P (1) >0

Ppes(t) > 0

f(Receive the power shortage signal)=

P <o a)
Ppes(t) <0

PGAeTm (1) < PGt (1) < PG (1),i = 1,2,..,N

if (Receive the power surplus signal)=

Eq. (12) and Eq. (13) shows the net power of MG and the components
affecting it. If the MGCC receives the shortage power signal, it schedules
the operation of the MG based on the power received from the upstream
grid and the power stored in the BESS. If the surplus power signal is
received, MG operation is planned based on power storage in BESS units
and sending power to the upstream network. The performance algo-
rithm of MGCC is shown in Fig. 3.

3.4.2. Shortage power model in MGLC
The shortage power equations when the net power of MG is negative
are as follows.
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PG (i 4 1) = Pyai™™ (1) + Py (1) 18)
Pies(t + 1) = Prgs (1) + Prgs (1) (19)
Pipss (£ + 1) = P (1) + Prgss (1) (20)
Ching < Cppss(1+1) < Cpis, t=1,.., T, 21)
PR S PR +1) S PRSI t=1,..T,, (22)

Eq. (14) and Eq. (15) show the minimization of MG cost function
during shortage power. Eq. (16) and Eq. (17) show the amount of power
stored in the BESS unit during shortage power. Egs. (18) to (20) show
the MG operating power based on power prediction and prediction error
caused by power uncertainties for the main grid, RES units and BESS
units. Eq. (21) and Eq. (22) also show the BESS storage volume con-
straints and power consumption constraints.

International Journal of Electrical Power and Energy Systems 155 (2024) 109613

can be implemented [18,19]. Implementation of TOU-DRP algorithm
based on price elasticity theory is presented. Price elasticity changes the
subscriber consumption pattern based on price changes. Subscribers
show two reactions to price changes. The first reaction is when sub-
scribers are not able to transfer part of the load (such as lighting load) to
other hours. This reaction shows negative elasticity and is known as self-
elasticity. The second reaction is when subscribers change their con-
sumption hours due to price changes and transfer part of their load to
other hours [20]. This reaction shows positive elasticity or mutual
elasticity. Eq. (27) describes self and mutual elasticity. Eq. (28) also
shows the change of consumption pattern based on the TOU-DRP
execution. Eq. (28) shows that not only the subscriber’s load are not
reduced, but the consumption time is simply transferred to other hours.
It also shows the lack of increase in the price of subscribers’ bills after
the implementation of the TOU-DRP algorithm. Eq. (29) also shows the
changes of the load curve compared to the initial conditions.

prsr — 2 9D
. ii DO 65
3.4.3. Surplus power model in MGLC EL = 27)
The surplus power equations when the net power of MG is positive LME _ ﬁ oD;
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toad toad s ELYE (8 o +10())) o e
Z g
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=Lt 5
Ty—1
(P (14 1)) 23
P 1mlzr41rr/, 1) ;f i+ (23)
APy (1) = 17 P (1) = PL (1) (29)

F(Pyig (84 1)) = ((OMCpiser- Py (1)) + (OMCrps.Pigs (1))

+ (OMCppss Pyps (1)) ) (24) 4. Control algorithm modeling and problem solving model
s1Caess(t + 1 + n) = t Pyt + 1)+ smess Cpass(t + 1) (25) The V/F stability of power systems is of great importance, especially
Nwr,i Npv i
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(16)0(19)

The mentioned equations are the same as the shortage power equa-
tions, with the difference that in the condition of surplus power, the
equations related to the upstream grid power are removed from the
surplus power equations and while the rest of the formulation
unchanged.

3.5. Load profile modification based on TOU-DRP and price elasticity
model

In the proposed network, because the subscribers are equipped with
advanced metering infrastructure (AMI) equipment based on the GPRS
protocol, therefore, the TOU-DRP algorithm of the proposed micro-grid

in the presence of various linear, non-linear and random equipment.
Accurate control of power fluctuations in power systems results in the V/
F control. Considering that the power extraction from the RES is based
on random and probability variables, therefore, the RES penetration in
current networks faces the challenge of V/F control. The use of intelli-
gent control algorithm based on random variables is a suitable solution
to meet the challenge of the power system’s V/F control in the presence
of RES. In the following, the IPIWPNFIA model is presented. According to
Fig. 4, the proposed approach is presented in three stages. Stage 1 in-
cludes data modeling and random variables based on probability dis-
tribution functions. Stage 2 includes learning algorithms and creating
control policies for execution in the MG structure. Stage 3 also includes
the execution of dynamic energy management and optimal operation in
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right- j

Fig. 5. AGF curve based on IPWPNFIA structure.

the MG structure. Stage 1 is divided into two parts. In the first part, the
collected data are analyzed to determine the characteristics of the data.
The most important data are load information, RERs, BESS and EVs, as
well as diesel generators. Then, using data normalization technique and
feature extraction, the data are classified into different categories. Then,
in the second part, the data probability matrix is created based on
probability distribution functions. Using the probability data matrix, the
probability curve of the data is drawn. Then, using the curve fitting
technique, the best curve based on the behavior of the data is created.
Finally, the final format of data probability distribution functions based
on the behavior and characteristics of each data is generated and clas-
sified. The results obtained in stage 1 are provided to stage 2 as input
data. In stage 2, control policies and energy management signals are
created using IPWPNFIA, and policies created in multiple episodes are
trained using The Online Back-propagation Learning Algorithm. The
IPWPNFIA model and The Online Back-propagation Learning Algorithm
have a multi-level structure that makes it possible to avoid unnecessary
and repetitive episodes and to perform processing operations in a shorter
time. Therefore, this multi-level structure, in addition to reducing the
computation burden and time, also reduces the memory capacity and
processing operations and turns the serial processing operations into
parallel processing operations to avoid unnecessary and repetitive pro-
cesses. In stage 3 and after processing the data and creating control al-
gorithms and energy management signals, the control policies are
provided to the MGCC unit to execute dynamic energy management and
optimal operation in the MG structure. According to the flowchart
presented in Fig. 3, the MGCC unit provides the operating signal to
various equipment in the MG in the context of the communication sys-
tem, according to the conditions of surplus or shortage power. As long as
there are no changes in the operation of MG, the control policies will
remain according to the previous policies. If there are any changes in the
operation, the MGCC unit again provides new control policies based on
the new operation conditions, relying on the IPIWPNFIA model and The
Online Back-propagation Learning Algorithm to the MGLC units.

4.1. The IPWPNFIA model

According to Fig. 4 (stage 2), the IPWPNFIA is designed and modeled
in 5 layers, including input layer (L1), membership functions layer (L2),
Wavelet/Petri layer (L3), rule layer (L4) and output layer (L5). Because
the structure of the suggested approach is modeled based on learning
algorithms, therefore, in order to create a stable and robust platform,
real-time control structure and the online back-propagation learning
algorithm have been used in the suggested approach [30]. The proposed
learning algorithm is not only used in the deep learning artificial neural
networks algorithm, with more than one hidden layer to calculate the
weight gradient more accurately, but also, this method often provides

10
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reduced gradient calculations of the objective function by optimizing the
learning algorithm and stabilizing the weight of the neurons [31]. This
algorithm is also used for feed-forward neural networks that require
supervised learning [32]. The online back-propagation learning algo-
rithm is also presented in 4 layers, which are membership functions
layer (L2), Wavelet/Petri layer (L3), rules layer (L4) and outputs layer
(L5). In the following, according to Fig. 4 (stage 2), the structure of the
suggested approach is expressed in different layers.

Layer 1: Layer 1 includes inputs and outputs of neurons. In the
proposed algorithm, the inputs include active and reactive power
changes. Changes in active and reactive power cause changes in V/F.
Therefore, in this study, 5 error variables are defined, which are:

ei(l) = ep(l) = Py — Pis(1)

€ (I) =€ (I) Q»ef Qms(l)

€ (1) =ey (1) - Vref mx(l) (30)
4] (] ms(l)

Which e indicates the error of the reference values from the instan-
taneous values (operation values) and ¢ indicates the prediction error
from the actual values in each algorithm iteration I. Therefore, the first
layer can be defined based on inputs and outputs as follows:

NM(D) = x
L, . (3D
{yf‘ = FHNE ) = NP (), = 1,2
Layer 2 (probability layer): According to Fig. 5, by using Asym-
metric Gaussian Function (AGF), the structure of the second layer can be
described based on each neuron that represents the membership func-
tions. Therefore, the equations and output of layer 2 are:

¥ = Mt
( l(sz ;2) -0 <X < M;
2 lefi—j
NP(I) = )
L, (2 — M2 , 32)
e, My <x? < oo
(drighrfj)

12 .
YR = RINED) = V0§ =

Layer 3: Layer 3 equations based on Wavelet/Petri function are
provided. Therefore, the Wavelet/Petri output function based on the I,
neuron are:

(xf‘(l)—/wfkj)2
{ (xf‘(l)Mﬁ)z} @)
e e
Waveletfunction§ Wi (I)= (da) k=1,2,...9
|3
el Zw WE(x)
(33)
LAB3 > f,
TP (N) - ;() "oth = 12,9
0,2, (1) < fun
Petrifunction (34)
(-bV)
ae

According to the equations of Wavelet/Petri layer, the equations of
layer 3 can be described.
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Fig. 6. Control structure based on IPWPNFIA. (a) The BESS unit power control in grid connection mode. (b) The BESS unit power control structure in islanded mode
and the RES unit power control structure in grid connection and islanded modes.

Ly (35)

Layer 4: This layer includes fuzzy rules and membership functions in
the second layer. Fuzzy rules and membership functions are categorized
and presented as normalized weights [33]. In this layer, the inference
results from the fuzzy rules and membership functions are formed until
in the 5th layer, the defuzzification operator is implemented and the
final results are presented.

yj[ lfy,L27 =12.9
L
i) :f}M(NlIA(I)) = V(1)

Layer 5: In this layer, the defuzzification operator is activated and
the output results of the IPWPNFIA are produced. The equations of this
layer are:

NLS

LS A (
E Wi Vi (

Ls (37)

yLS (1) _ Opemnon

__ L5 (AJLS —
_f;; (No (1)) - yLS 1 _ Operarwn

AU (N> (D).

The results obtained from this layer include the control signals of the
converters. Therefore, the active and reactive power controller currents
of the converters are calculated and then sent to each converter.

4.2. The online back-propagation learning algorithm model

As stated, in order to create a stable and powerful platform, real-time
control structure and online back-propagation learning algorithm have
been used in the suggested approach. The online back-propagation
learning algorithm is also presented in 4 layers, which are member-
ship functions layer (L2), Wavelet/Petri layer (L3), rules layer (L4) and
outputs layer (L5). If the objective function (O.F) in the modeling of the
learning algorithm includes the decrease of the operating power error
(Instantaneous powers) compared to the MG reference power, then the
equations of the online back-propagation learning algorithm can be
presented as follows:

11

1 1
(Pref - Pim) = Eel’(lf

2
1 1
5 (Qref - Qins) = EeQ (1)2

OF = (38)

Eq. (38) shows the power error tracking in the learning algorithm.
The error tracking operator tends the active and reactive power error to
zero. Therefore, the error index and normalized weight update between
layer 5 and 4 based on the propagation process and learning rate in layer
5 are:

0(0.F) 0(O.F) 0P,
L5 _ _
Errorp, =0, FYA0) Py v () (39)
W1+ 1) = wh (1) + Awk
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Wi, = —Hio 0W{“05 Hio- 6y[L)5( ) ow JLUS( ) = Hip-0, -

In the following, we can provide two error indicators based on the
propagation process in the 4th layer of the proposed algorithm. The
layer 4 propagation error equations are:

W)
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C =R {ayfu)] oy~ o e )
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The error index and normalized weight update based on the propa-
gation process and learning rate in layer 3 are:
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The error index and the update of the average value of the AGF based

on the propagation process in layer 2 are:
aylA(I) aylz 1
B a2 (1) ONP (I

A(O0.F)

. A0F)
% = 2 0)
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Table 1
MG specifications [8,34].
Parameters Value
Nominal active power 1.4 MW
BESS energy (Nissan Altra lithium-ion battery) 230 kWh
Base power 1000 kW = 1pu
PV power (Chroma 62150H-6005) 110 kW
WT power 110 kw
Diesel generator power (SD500 | 15.2L |-GENERAC) 500 kW

Nominal MG voltage
Nominal MG frequency
Line impedance per kilometer (XLPE Cable)

Converter THD
Power factor
Charge and discharge efficiency

Vi = 400 V, Vp = 220
50 Hz

Zfeeder1 = 0.521 + j0.083
Zteeder2 = 0.395 +j0.078
Zfeeders = 0.442 + j0.088
THD < 5 %

0.85 < Cosg < 0.95

0.95

0(0.F) 0(0.F) ON2(N)
L _ _ _ J
A= gy = T oy | amE(w)
2 0L2 xL2 v 2
om0 M ey
B )’
2puy0). (62 — MY’
(MM])(: j>M<XL2<+OO
(a2 )2 J i
right—j

(45)

The equations for updating the left and right standard deviation of

the AGF are:
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To increase the speed of the learning algorithm, it is possible to use
the adaptive error factor, which is caused by the error of the prediction
power and the instantaneous power compared to the reference values.
Therefore, the adaptive error rules for active power, reactive power, V/F
indicators are:

gi,p = ( ref — ms) + (i’ n:) =ep +?P
o et = Qi) + (Crer — Qins) = €0 + 2.
AdaptiveError 057Q (Q 7~ O ) (9 v~ 9 ) ‘e fQ (48)
0, y= ( ref — Vins) + (Vr ms) =ey +ey
o-(,,f = (fref mx) + ( fnn) =er + 6/

To guarantee the learning algorithm and the efficiency of the sug-
gested approach, discrete time Lyapunov function analysis has been
used, and in this article, for brevity, the discrete time Lyapunov function
analysis equations have been omitted [28,34]. To analyze the perfor-
mance of the suggested approach, the absolute error integral index of
each power system parameter can be used. The absolute error integral
index for different parameters in transient time t are:

!
Eabsolute — / \e(t)\dt
0

The absolute error integral index expresses the error of the proposed
controller’s output response compared to the reference value at the
transient time t. Also, the operation time of the V/F protection equip-
ment based on the operating time are:

49
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Fig. 6 (a, b) shows the control model of RES and BESS in the grid
connection operation mode and islanded operation mode.

1.057 ° - o-Actual Voltage|
] b - o IPWPNFIA_|]
=) i
S
[4)
S _
S
g _
> 1
2 _
2
k=] _
L
o -
0.95 7 J
1 15 30
Operation node
(b)

Fig. 7. The power and voltage prediction index at different operating points.
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5. Results, simulation and experimental setup

The proposed algorithm results are presented in 4 scenarios, which
are:

Scenario 1: Investigation of the suggested approach in normal load
operation and TOU-DRP algorithm execution

Scenario 2: Investigation of the suggested approach in the MG
islanded operation and load oscillations.

Scenario 3: Investigation of the suggested approach in plug &play
operating conditions.

Scenario 4: Investigation of the suggested approach in different
uncertainties.

In addition to simulation results, experimental results are also pre-
sented in this section. Table 1 shows the characteristics of MG topology.

5.1. Scenario 1: Investigation of the suggested approach in normal loadnd
developed DC microgrid energy operation and TOU-DRP algorithm
execution

First, in this scenario, the power and voltage prediction based mul-
tiple and different operating points has been presented. The perfor-
mance of the suggested approach in predicting and tracking the net
power of MG is compared with the ANN [34] method and its results are
presented in Fig. 7(a). According to Fig. 7(a), the suggested approach
has predicted the MG net power with an error of approximately less than
1 %. The power prediction algorithm based on the IPWPNFIA method

has been estimated at 24 operating points and the proposed algorithm
has less tolerance than the ANN method. Also, according to Fig. 7(b), the
voltage profile is predicted at 30 operating points and the IPWPNFIA
method estimated the actual voltage with a tolerance of less than 1.1 %.
In this scenario, the performance of the suggested approach has been
analyzed under normal load conditions and the TOU-DRP algorithm
execution. Fig. 8(a) shows the net power diagram of MG along with the
real time price of the electric energy carrier. According to Fig. 8(a), the
demand of subscribers has increased in the middle hours of the day.
During these hours, part of the MG power is provided by the upstream
grid. The MGCC calculates and sends control signals to each MGLC after
implementing OPF and TOU-DRP algorithms in order to reduce oper-
ating cost and increase subscriber profit. For example, according to
Fig. 8(b), the OPF results have been calculated and the required power of
the MG is received from the upstream grid according to the OPF algo-
rithm. Fig. 8(c) also shows the participation of the RES in providing MG
power. As it is known, the WT units and PV panel combination show a
suitable contribution in providing power. But as stated, the RES have
uncertainty in power generation. Therefore, in the following scenarios,
the performance of the IPWPNFIA method in controlling and managing
the uncertainties of the RES is expressed. Fig. 8(d, e) show the perfor-
mance comparison of the IPWPNFIA and the ANN methods for the
optimal participation of EV units in the MG power supply, especially in
critical conditions. According to Fig. 8(d), the negative powers indicate
the discharge status of EV units and the positive powers indicate the
charging status of EV units. Fig. 8(e) shows the MG operation curve in
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Fig. 9. The voltage, frequency and MG power in islanded mode and load fluctuations (scenario 2).
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Fig. 10. Functions and input control signals to controllers based on scenario 2.

normal and overload loading. In several periods of time, the MG is
overloaded. In this situation, BESS units (a part of BESS power belongs to
EVs) have a suitable participation in providing the MG power and pre-
vent buying power at a higher price. Therefore, the power stored in the
battery of the EV units is injected into the MG in the periods when the
price of the electric energy carrier has increased. According to the re-
sults, the performance of the suggested approach compared to the ANN
method, in addition to high accuracy, also has a higher response speed.
The use of the proposed platform, in addition to reducing operating
costs, has also increased the profit of subscribers. Fig. 8(f) also presents
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the voltage profile during a week and at different loads. As it is clear
from this figure, the IPWPNFIA follows the reference voltage with high
accuracy and low tolerance, while the ANN method has a considerable
error.

5.2. Scenario 2: Investigation of the suggested approach in the MG
islanded operation and load oscillations

In this scenario, the suggested approach performance in controlling
the MG power, V/F in the islanded operation and load fluctuations is
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Fig. 12. Functions and input control signals to controllers based on scenario 3.

investigated and its results are presented. MG is separated from the main
grid at t = Osec and is operated in islanded mode. Transient conditions in
power systems are divided into two categories: normal transient con-
ditions (switching, load fluctuation, motor start-up, etc.) and unex-
pected transient conditions (lightning and short circuit). In normal
transient conditions, protection units are programmed with a delay.
While in unexpected transient conditions, protection units must act
immediately to prevent damage to the power system. When the MG
changes from grid-connected mode into the islanded mode, the power
index changes greatly. Also, MG V/F experience critical transient con-
ditions. In this situation, the probability of protection equipment acti-
vation will increase. If it is possible to control the critical transient
conditions, frequent outages of the power system can be avoided, and in
addition to controlling the MG stability, its operation can be ensured in
safe conditions. In this scenario, when the MG switches to the islanded
mode, the MGLC and related sensors provide signals of critical indicators
such as the voltage, frequency, and net power of the MG to the MGCC.
The MGCC determines the contribution of each unit in power supply by
calculating the OPF and provides control signals to the MGLC.
According to Fig. 9(a, b), after the separation of MG from the main
grid (t = 0 sec), in a short period of time and before the operation of
protection units, the MG V/F index tend to the reference value of MG in
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Fig. 11. MG voltage, frequency and power control in plug & play operating
conditions (scenario 3).

addition to recovery. The conditions for following the reference values
are programmed based on reducing the power, V/F deviation error from
the reference values in the IPWPNFIA. According to Fig. 9(c), the
contribution of different units in MG power supply is determined in
islanded mode and each unit changes its power based on the MGCC and
MGLC control signals. At t = 3sec, 15 % of the load is separated from the
MG and causes power fluctuations as well as V/F fluctuations. In this
situation, the MGCC sends new control signals to adjust and manage the
power of different units. According to Fig. 9(c), the power of different
units are reduced in order to control the V/F index, and the DG, BESS
and RES units are stabilized at the new operating points. One of the
important features of the IPWPNFIA is to reduce the voltage error from
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Fig. 13. The Voltage, frequency, active and reactive power control in plug & play operating conditions with load increase.

the reference value, which in turn provides a self-protection mechanism
for DG units. If the voltage deviation is not compensated, it causes a
circulating current between two diesel generator units and also prevents
the proportional power sharing between the diesel generator units.

Fig. 10 shows the input data for the MG voltage, frequency and
power controllers in islanded operating conditions and load fluctua-
tions. According to Fig. 10 (a-1,2,3), functions and input control signals
to MGLC are presented in order to control the voltage, frequency and
power when the MG is separated from the main grid and operated in
islanded mode. Fig. 10 (b-1,2,3) also shows the function signal and input
control signals to the controllers in order to control the voltage, fre-
quency and power in the condition of load fluctuations. Control signals
based on error and deviation decrease of the voltage, frequency and
power indicators from reference values are designed in the IPWPNFIA. It
should be noted that the learning feature of the proposed algorithm, in
addition to reducing the calculation time, also reduces the data esti-
mation error. Another point is to improve the performance time of the
suggested approach in order to coordinate with the protection units. The
proposed algorithm manages the MG normal transient conditions in a
way that does not require the unnecessary operation of protection units,
and in addition to increasing the MG efficiency, it has also increased the
reliability of MG operation.
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5.3. Scenario 3: Investigation of the suggested approach in plug &Play
operating conditions

In this scenario, the suggested approach capability in managing plug
& play operating conditions is analyzed and its results are presented. In
this scenario, the RES uncertainty is taken into consideration as plug &
play operating conditions. At t = 0.5sec, RES units are disconnected
from the MG and reconnected to the MG at t = 5sec. According to Fig. 11
(a, b, and c), after RESs disconnection from the MG, the MGCC calculates
new control algorithms based on optimal power sharing between
different DG and BESS units and sends them to MGLC. After the RES
disconnection, the power of other units increases in order to control the
V/F index. Therefore, by using the suggested approach, critical transient
conditions are controlled and managed with proper accuracy and speed.
According to Fig. 11 (a, b, and c), after the RES units reconnection, the
MG again experiences critical transient conditions. In this situation, the
MGCC calculates new control algorithms based on optimal power
sharing between different units and sends them to MGLC. Therefore, the
power of different units is reduced in order to reduce the deviation of the
V/F index from the reference values. Considering that the MGCC is
updated every 5 ms, the MGCC information is updated every second
equivalent to 200 times and therefore changes in the MG topology can
be monitored. Fig. 12 (a, b, and c) also shows the functions and control
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Fig. 14. The MG voltage, frequency and power control based on scenario 4. (a) Uncertainty index equivalent to y = 10. (b) Uncertainty index equivalent to y = 20.

17



R. Sepehrzad et al.

x 100

0.12 DG 1
DG 2
= BESS

0.1 m—— RES

o o o
o o o
N

Voltage Controller Input (v)
o
N

Time(s)

Frequency Controller Input (Hz)

1.5 2
Time(s)

(a-2)

International Journal of Electrical Power and Energy Systems 155 (2024) 109613

x 100

e DG 1
DG 2
= BES S|
m— RES

[=}
S o
s

Voltage Controller Input (v)
o
o

Frequency Controller Input (Hz)

1.5 2
Time(s)

(b-2)

Fig. 15. Controller inputs based on scenario 4. (a) Uncertainty index equivalent to y = 10. (b) Uncertainty index equivalent to y = 20.

signals input to the MGLC in order to control the voltage, frequency, and
power when the MG is in plug & play operation. As it is clear from
Fig. 12, the deviation error of power, V/F indicators is controlled in a
fraction of a second and avoids the unnecessary protection units oper-
ation. Fig. 13 also shows the plug & play operation along with load in-
crease. MG is separated from the main grid at t = Osec, and the
IPWPNFIA, in addition to controlling the V/F indicators, also calculates
and sends the proportional division of active and reactive power be-
tween other units. At t = 3sec, RES units are separated from the MG and
MG load increases by 10 %. The MGCC based on the IPWPNFIA sends
control signals to the MGLC and in addition to control the V/F index, it
provides proportional power sharing management between DG and
BESS units [35]. Therefore, in addition to controlling plug & play
operating conditions, the proposed algorithm also shows the suitable
stability in the increased load condition.

5.4. Scenario 4: Investigation of the suggested approach in different
uncertainties

In this scenario, the performance of the suggested approach is
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presented in different ranges of uncertainty. In this scenario, the index of
total uncertainties is considered equal to y = 30. The range between
0 and 20 includes normal transient uncertainties and the range between
20 and 30 includes unexpected transient uncertainties. As mentioned,
the suggested approach is modeled in order to control the MG in normal
transient conditions and prevent the unnecessary operation of the pro-
tection units. According to Fig. 14, MG is separated from the main grid at
t = Osec and is operated with an uncertainty index equal to ¥ = 10 in
islanded mode. According to Fig. 14 (a-1, 2, 3), the proposed algorithm
in the time interval from 0 to 0.8 s, in addition to controlling the MG’s V/
F index, also provides proportional power sharing management between
different power supply units.

If the uncertainty index of MG increases to y = 20, according to
Fig. 14 (b-1, 2, and 3), the control of the V/F indicators will be done
again by the proposed controller, but the time period for controlling
these indicators will increase. Therefore, the presented results show the
efficiency and robustness of the proposed algorithm in the conditions of
increasing uncertainty indices. Fig. 15 also shows the inputs of the
controllers based on the uncertainty index equal to y = 10 and y = 20.
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5.5. Experimental setup and results based on real time control and
monitoring

In this section, the experimental set-up using rapid control proto-
typing of the MG (RCP-MG) platform and the use of MATLAB/Simulink
and RT-LAB software infrastructure as well as hardware infrastructure
such as OPAL-RT hardware (OP5600 and OP8660) and Lab-Volt Elec-
tromechanical Training System is designed and presented. The experi-
mental set-up has been programmed using TMS320F28335 digital signal
processing (DSP) devices to monitor control signals. The proposed
structure is implemented in MATLAB/Simulink software R2019b and
two industrial computers with Intel®Core™ i7-7600U, 3.4 GHz CPU,
and 16.00 GB RAM. The OP5600 equipment as real-time digital simu-
lator and OP8660 equipment as hardware-in-the-loop (HIL) controller
and data acquisition interface provide the control and monitoring
environment of the suggested approach. OP8660 equipment creates a
suitable structure for RT-LAB software communication with OP5600
equipment and other MG parts. RT-LAB software is also a real-time
software that has the ability to implement RCPA based on hardware
infrastructures such as OP5600 and OP8660.

The experimental setup model is presented in four categories, which
are:

1. Modeling and simulation environment (this environment includes
coding algorithms in MATLAB/Simulink and RT-LAB software along
with the main server, MGCC and RCPA structure.

2. Real-time monitoring and control environment (this environment
includes hardware equipment such as OPAL-RT hardware (OP5600
and OP8660) and LabVolt Electromechanical Training System.

3. Experimental setup environment (This environment includes MG
hardware equipment such as photovoltaic panel, wind turbine
modeling, converters, filters and storages.).

4. Measurement equipment environment and results recording (This
environment includes various measurement equipment such as
oscilloscope, AMI meters, vide o wall for MG monitoring and multi-
meters.

The IPWPNFIA model and The Online Back-propagation Learning
Algorithm have a multi-level structure that makes it possible to avoid
unnecessary and repetitive episodes and to perform processing opera-
tions in a shorter time. Therefore, this multi-level structure, in addition
to reducing the computation burden and time, also reduces the memory
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capacity and processing operations and turns the serial processing op-
erations into parallel processing operations to avoid unnecessary and
repetitive processes. Therefore, to better understand, the comparison of
computation error and time of the proposed approach is presented with
other methods. Fig. 16 shows the comparison of the computation error
of the proposed approach with the RNN and ANN methods. According to
Fig. 16, the computation error of the proposed approach is about 2 %,
while the computation error of the RNN method is 5 % and the ANN
method is 6 %. The significant decrease of the computation error based
on the proposed approach compared to other methods is considered to
be another prominent feature of the suggested approach. According to
Fig. 17, the comparison of computation time in the structure of offline
training and online operation is presented. The proposed approach not
only benefits from less offline training time compared to other methods,
but the operating time of the proposed approach also experiences a
significant decrease compared to other methods. The proposed approach
has not only reduced the computation time and burden but also reduced
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the memory capacity and time-consuming processing operations.

Fig. 18 shows the classification structure of the experimental set-up
in four environments. Also, Fig. 19 shows the comparison of the
experimental results and the simulation of V/F control on the load side,
taking into account load decrease fluctuations and uncertainty caused
by the communication system delay (200 ms and 400 ms). Table 2 also
shows the comparison of the suggested approach response time with
other general and intelligent methods. According to Table 2, the sug-
gested approach response time is less than the protection unit pick-up
time (the pick-up time of V/F protection equipment is 0.3-0.4 sec).
While the ANN and RNN controller response time are the same as the
protection equipment pick-up time, and therefore the performance
interference between the protection units and the ANN and RNN con-
trollers occur. The PID method response time is also more than the
protection equipment pick-up time, and therefore the operation inter-
ference of the protection equipment and the PID controller occurs and
the network faces frequent outages. Table 2 also shows the experimental
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Table 2

Comparison of the suggested approach response time with other methods and
comparison of the V/F deviation in switching conditions (grid connection to
islanded mode).

Controller Response Time (s) V/F Deviation
PID 0.45 25v/0.5 Hz
ANN 0.34 19v/0.4 Hz
RNN 0.24 16.5v/0.38 Hz
IPWPNFIA 0.11 12v/0.099 Hz
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Fig. 19. Experimental results. (a) Load side voltage. (b) MG frequency. (c) Measurement environment results.

results of V/F deviation index in different controllers. Considering that
the voltage changes range is equal to 5 % of the rated voltage and the
frequency changes range is equal to 1 % of the rated frequency, the
suggested approach efficiency can be seen in the V/F index controller.
The proposed controller has controlled the V/F index in the permissible
range, while the ANN controller has controlled the voltage index in the
critical range, and this condition increases the probability of protection
equipment pick-up time. The PID controller has also controlled the
voltage outside the standard range and the frequency in the critical
range. Therefore, the interference of protection equipment and PID
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controller causes frequent interruptions in the power system.
6. Conclusion

This study proposed a power management and control platform
aiming to control the V/F metric of MGs in smart cities based on the
IPWPNFIA considering RES, BESS, and various uncertainties. The sug-
gested approach is implemented at the central and local controller
levels. Since MG uses different equipment with linear/non-linear or
probabilistic features, various uncertainties affect MG operations. The
study scheduled the MGLC based on prototyping and implementing day-
ahead power prediction algorithms. MGLC’s power prediction results
are provided to MGCC through the communication system. The MGCC
also performs OPF computations according to MGLC data and reloads
the control results to the MGLC. The proposed control platform con-
siders the TOU-DRP metric to manage the BESS operation, which in-
cludes the EV batteries, to control the power and, consequently, V/F of
the MG. Since the subscribers are equipped with the AMI based on the
GPRS protocol, the TOU-DRP algorithm could be executed in the pro-
posed grid. The TOU-DRP algorithm is executed based on the price
elasticity theory.

The IPWPNFIA controller model is mainly based on data prediction
and probability indicators. Therefore, it can be used probability tools
such as probability functions with normal distribution and their gener-
alized types to model the RES and EV uncertainties and significantly
minimize prediction errors. The decrease in data prediction error makes
the proposed algorithm more precise and reduces the computing time.
Since the suggested approach is rule and knowledge-based, the
IPWPNFIA controller minimizes the number of fuzzy function rules to
reduce the computing time by taking advantage of the previous data-
based training capability. V/F metric control is developed to avoid un-
necessary activation of protection equipment under normal transient
conditions.

The IPWPNFIA model and The Online Back-propagation Learning
Algorithm have a multi-level structure that makes it possible to avoid
unnecessary and repetitive episodes and to perform processing opera-
tions in a shorter time. Therefore, this multi-level structure, in addition
to reducing the computation burden and time, also reduces calculation
errors, memory capacity, and time-consuming processing operations.
According to the results obtained from comparing the calculation error
of the proposed approach with the RNN and ANN methods, the calcu-
lation error of the proposed approach is about 2 %, while the calculation
error of the RNN method is equal to 5 % and the ANN method is equal to
6 %. A significant decrease in the calculation error based on the pro-
posed approach compared to other methods is considered one of the
prominent features of the suggested approach. Also, the results of
comparing the response time of the proposed approach with the RNN
and ANN methods show that the dynamic response speed of the pro-
posed approach is 54.16 % higher than the RNN method and 67.64 %
higher than the ANN method. Therefore, the obtained results show a
high dynamic speed, a decrease in calculation time and burden, as well
as a significant decrease in processing operations.

Since the suggested approach is implemented in a portion of the
electrical energy distribution grid of Rajaee Port in Iran (a real small-
scale MG), the performance of the suggested approach and IPWPNFIA
controller is verified through different scenarios, the experimental re-
sults are presented, and the performance is also compared with other
general and intelligent methods, e.g., PID and ANN. The experimental
setup was designed and proposed using the RCP-MG platform, MATLAB/
Simulink and RT-LAB software, and hardware infrastructures, e.g.,
OPAL-RT hardware (OP5600 and OP8660) Lab-Volt Electromechanical
Training System. The results of this study confirmed the high perfor-
mance of the proposed platform in the V/F control of MGs when faced
with various uncertainties. The proposed platform had a high dynamic
response speed and a short computing time.

This study’s main challenge is analyzing the suggested approach
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based on intelligent data mining and machine learning algorithms to
analyze big data and verify the suggested approach in large-scale grids.
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