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ABSTRACT

The electric power system is one of the greatest engineering achievements in the history of
mankind. Electricity is integral to every part of our economy and society. Therefore, it is essential
to make the electricity grid more resilient in facing different extreme events and black outs. In this
work, four problems have been investigated to study and improve the resiliency of distribution
networks. The first one focuses on the problem of power line congestion which can negatively
harm the economy and different equipment in the grid. Two neural network models are used to
predict where the congestion might happen and what would be the cause of it. Using these
predictions, the problem can be alleviated in time and the resiliency of the grid will be improved.
The second problem discusses power management of the distribution network under the
occurrence of an extreme event. The problem is formulated as a Markov Decision Process using
different agents and is solved using two Reinforcement Learning algorithms, namely, Q-Learning
and Value Iteration. This approach is then tested on a benchmark system and the results show a
remarkable improvement of the resiliency. The third problem studies the stability and power
sharing of parallel inverters in a multi inverter-fed system. A small signal model of the power
controller is studied. Further, the system’s nonlinear dynamic equations are derived using accurate
mathematical models. The system model is then trimmed and linearized around its operating point
and the system’s control parameters are optimized using Grey Wolf Optimization. Finally,
improvement of stability and power sharing are verified by running time domain simulations. The
last problem investigates the optimal siting and sizing of energy storage systems in a multi-
microgrid system to improve the resiliency. A two-stage optimization method is used to solve the
nonlinear and non-convex problem. The first stage involves an Optimal Power Flow and the
second stage uses Genetic Algorithm. Further an investment cost based on the sensitivity analysis
is introduced to improve the resiliency even further. The effectiveness of this ESS placement is
tested on a benchmark system and validated using a fault scenario.
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CHAPTER ONE

INTRODUCTION

The electric power system is one of the greatest engineering achievements in the history of
mankind. Electricity is integral to every part of our economy and society. To remain reliable, our
electricity grid must be revitalized with a new generation of infrastructure and investment.
According to the international energy agency, the American power sector will need 2.1 trillion
dollars of investment between now and the year 2035. Of course, we need to install more than steel
and copper infrastructures to make our grid more connected, flexible, and resilient so it can
integrate a new generation of cleaner, increasingly dispersed, and intermittent power sources, such
as wind and solar. We must also protect the grid against new risks like cyber-attacks and extreme
weather events. Besides a knowledge of the grid's physical laws, a profound understanding of data
communication and analytics will also be needed to provide data-driven insights that are essential
for the system optimization.

Today’s power grid consists of three general sections: 1) Generation which is responsible
for generating the power and electricity. 2) Transmission, that transmits the power to the
distributers and 3) Distribution which distributes the power to the consumers. These general
sections are shown in Fig. 1. The main focus of this thesis is on the resiliency of the distribution
part of the power system.

Resiliency is the ability of the system to withstand extreme events and recover rapidly with
minimum damage. It features, maintaining stability by fast restoration, adapting strategy for future

events, prediction of extreme events and minimizing their impacts. I’m sure we all remember the
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Fig. 1. General Sections of Today’s Power Systems [6]

disastrous outage that happened in Texas on Feb 2021 which affected millions of people’s lives
and had consequences that would take years to recover (Fig. 2.). The total costs of this disaster
were estimated to be 295 billion dollars. But this was not the first time that something like this has
happened before, and it sure will not be the last. Besides severe weather there are many other
causes like Vandalism, Equipment Failure, etc. that might lead to power outages. So, we need to
be prepared and improve the resiliency of our grid. Moreover, competitive power markets are
replacing monolithic regulated public utilities; and this, changes power system operation and
regulation [1]. Due to the deregulation of power system and to be most cost-effective, distribution
systems usually operate close to their maximum power transfer capability. Hence, distribution
lines may operate near or exceed their maximum operating limits. This makes the distribution grid
more vulnerable to disturbances and negatively impacts the reliability and resiliency of the

distribution system [2], [3].
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One of the ways to enhance the resiliency of the power system is Microgrid (MG) formation.
Microgrid is an independent Anthonomus power system that can operate in both connected and
islanded modes to provide efficient, resilient, reliable and clean energy [4], [5]. On the other hand,
with the growing penetration of renewable energy resources, the distribution system is imposed to
increasing uncertainty and intermittency; therefore, the grid’s stability and operation is becoming
more important. Due to the distributed characteristic of these generations, MGs are formed as
decentralized group of generation units and loads. Unlike traditional utility grids, which have large
synchronous generators, MGs consist of low inertia components. Therefore, control and stability
issues in MGs are more important especially in an island mode. Different parts of a microgrid are
shown in Fig. 3. As can be seen a microgrid can be combination a of different components such
as generators, storage systems and different consumers. Other ways to improve the resiliency

include distributed generation scheduling, responsive energy storage system, and demand response

and load curtailment.

(b)

Fig. 2. (a) Before Texas Outage; (b) After Texas Outage [7]
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In this work, four problems have been investigated to study and improve the resiliency of
distribution networks:

The first problem in chapter 2 focuses on predicting power line congestion in active
distribution networks which can happen in different cases such as during peak electricity
consumption. Congestion can negatively affect the economy and different equipment in the grid.
Consequently, it is essential to accurately predict congestions in a grid and resolve the issue fast.

Active distribution network is an electricity network that has systems in place to monitor
and control the electricity grid. So, we have access to a very valuable asset, which is Data!

Many organizations have already been making different predictions based on various data.
Amazon products page, Netflix shows, or Google ads which all show recommendations based on
the browsing history. Our colleagues in the data science community have developed different kinds

of prediction models which can use a finite amount of data to be trained and make accurate
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predictions. As an example, one of these models called neural networks have shown an outstanding
performance in predicting the behavior of the electric power systems.

Therefore, in chapter 2, | propose a prognosis method with two neural network models.
The first one will give a prediction of where the congestion would be and the second one will
predict the cause of it. To test the effectiveness of this approach, | simulated and tested my method
on a small power system, and the obtained results were remarkable. By knowing where the
problem is and what is causing it, we can alleviate the problem in time and command proper control
actions. | believe by utilizing my proposed method on a larger scale, we could make our electricity
grid more reliable and we can avoid more catastrophic events.

Section | in chapter 2 provides a literature review of the subject; section Il provides a
detailed description of the neural network training algorithm and the general scheme used for the
congestion predictions. In section I11 the training process of the NNs is described and improvement
of the NN accuracy as per each iteration is illustrated. Further in this section, the trained neural
networks are examined, and the results are presented based on two datasets; also, two indices are
introduced to determine the performance of the proposed method. Finally, main conclusions and
discussions of the future work are presented in section IV.

Chapter 3 presents power management of the distribution network under the occurrence of
an extreme event. | aim to increase the resiliency of the system by adapting strategies for future
event and minimizing the impacts. The power management problem is formulated as a Markov
Decision Process using different agents. Then the problem is solved using two Reinforcement
Learning algorithms, namely, Q-Learning and Value Iteration. This approach is then tested on a

benchmark MG system and the results show a noticeable improvement of the resiliency.
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Chapter 4 aims to improve the resiliency of a distributed generation system by focusing on
the power electronic layer of the system. In this work, the stability, resiliency, and power sharing
characteristics of IDGs comprising of a droop control with a secondary control loop and an IMC-
based voltage and current controller is studied. Accurate mathematical modeling and equations of
each of the mentioned components along with PLL, and the network and load models are
discussed. The equations are then modeled using MATLAB, SIMULINK, after which an operating
point is derived, and the equations are linearized around that operating point using the Linear
Analysis Tool. The state space equations of the system are presented and the eigenvalue and
sensitivity analysis of the IDG are presented using the system matrix (A). The critical parameters
are identified, and stability domains of these parameters are presented. Moreover, a GWO
algorithm is proposed to find the optimal control parameters and to improve the stability,
resiliency, and power sharing in the system. Various load disturbances are applied in different time
steps to show the effectiveness of the proposed GWO algorithm in the time domain simulations.
Finally, different stability indices are calculated to verify the stability and resiliency of the DG
system.

At first a comprehensive literature review is included in Section | of chapter 4. Section 1l
provides a detailed description of mathematical modeling and equations of the MG components.
In section I11, the linearization and state space equations of the MG system is discussed in detail.
In section 1V, eigenvalue, and sensitivity analysis of the MG system are investigated. Furthermore,
critical control parameters of each component are recognized, and the parameter stability domains

are presented. After which, the optimal control parameters are derived using GWO. Section V
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presents the simulation results and performance evaluation of the optimal parameters. Finally,
main conclusions and discussions of the future work are presented in section VI.

Chapter 5 includes the problem of optimal siting and sizing of energy storage systems in a
multi-microgrid system to improve the resiliency. Specifically, this study discusses a planning
optimization problem relating to siting and sizing of the ESSs with the goal of minimizing the
network loss and energy cost from the grid in a multi-microgrid system. The mentioned problem
is a mixed-integer, nonlinear and non-convex problem. Due to the complexity of this problem, a
two-stage process is introduced. The two stage iterative process consists of two parts: (i) the first
part, a GA algorithm is used to find the site and size of the ESS units (ii) in the second stage, the
fitness of the first part is evaluated using an AC-OPF. A benchmark multi-microgrid system is
studied to show the effectiveness of the proposed method to find the optimal allocation of the
ESSs. In this study, loads and PV absorption and generation has been considered for a winter day.
Also, two investment costs are considered for the simulation: one constant and another one based
on the voltage sensitivity analysis. A fault scenario is also examined to verify the performance of
the ESSs’ siting and sizing.

Section 1 of chapter 5 goes over the literature related to the topic. Section Il provides a
detailed description of the problem formulation. In section Il1, the benchmark multi-microgrid
system is introduced and the suggested planning of the ESSs is investigated on this system
considering a constant investment cost. The obtained results from the proposed optimization
method are presented using different tables and figures. Further, an investment cost is introduced

based on the sensitivity analysis of the MGs and the improvement of the resiliency is demonstrated.
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Also, a fault scenario is investigated to show the effectiveness of the optimal planning of the

batteries. Finally, main conclusions and discussions of future work are presented in in section IV.
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Intelligent Line Congestion Prognosis in
Active Distribution System Using
Artificial Neural Network

Mohammad Alali, Farshina Nazrul Shimim, Zagros Shahooei, Maryam Bahramipanah
Department of Electrical and Computer Engineering,
Montana State University, Bozeman, MT

Abstract—This paper proposes an intelligent line congestion
prognosis scheme based on wide-area measurements, which
accurately identifies an impending congestion and the problem
causing the congestion. Due to the increasing penetration of
renewable energy resources and uncertainty of load/generation
patterns in the Active Distribution Networks (ADNs), power line
congestion is one of the issues that could happen during peak
load conditions or high-power injection by renewable energy
resources. Congestion would have devastating effects on both
the economical and technical operation of the grid. Hence, it is
crucial to accurately predict congestions to alleviate the problem
in-time and command proper control actions; such as, power
redispatch, incorporating ancillary services and energy storage
systems, and load curtailment. We use neural network methods in
this work due to their outstanding performance in predicting the
nonlinear behavior of the power system. Bayesian Regularization,
along with Levenberg-Marquardt algorithm, is used to train the
proposed neural networks to predict an impending congestion
and its cause. The proposed method is validated using the
IEEE 13-bus test system. Utilizing the proposed method, extreme
contrel actions (i.e., protection actions and load curtailment)
can be avoided. This method will improve the distribution grid
resiliency and ensure the continuous supply of power to the loads.

Index Terms—Fault Prognosis, Line Congestion, Resiliency,
Neural Networks, Levenberg-Marquardt, Bayesian Regulariza-
tion

[. INTRODUCTION

owadays, we are more dependent on electric energy than
N ever. On the other hand, with the growing penetration
of renewable energy resources, the distribution system is im-
posed to increasing uncertainty and intermittency. Moreover,
competitive power markets are replacing monolithic regulated
public utilities; and this, changes power system operation and
regulation [1]. Due to the deregulation of power system and
to be most cost-effective, distribution systems usually operate
close to their maximum power transfer capability. Hence,
distribution lines may operate near or exceed their maximum
operating limits. This makes the distribution grid more vulner-
able to disturbances and negatively impacts the reliability of
the distribution system [2], [3]. It is hence critical to predict
the impending congestions to minimize load curtailments
and ensure fast recovery from a disturbance. Congestions in
distribution system should be mitigated very fast to ensure
the safe and normal operation of the system and avoid any
resulting or cascading failures. By fast detection of impending
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congestion in an Active Distribution Network (ADN), proper
preventive control actions can be taken to alleviate the problem
and prevent further contingencies. Hence, fast and accurate
congestion detection, will help to improve the grid resiliency.

Generally, constraints such as load level and thermal limits
of the distribution lines are considered as a scheduling op-
timization problem to properly schedule all the generation
units for the next day or hour. However, due to the highly
nonlinear characteristics of the distribution system, especially
with intermittent renewable resources, these constraints may
change very quickly or be violated in practice. Therefore, it
is crucial to monitor the distribution system and predict line
congestions to avoid the harmful consequences such as load
curtailment and damages to equipment [4].

There are two different strategics to mitigate congestion in
an ADN: grid reinforcement, and active management strate-
gies. Grid reinforcement is a long-term solution and refers
to installing new distribution lines and generation units. Ac-
tive management strategies are performed during distribution
system operation and include generation rescheduling, on-
load tap changers, flexible AC transmission system (FACTS)
devices, incentive-price-based demand response, transaction
and auction techniques, load curtailment, and etc. [3]. [5].
[6]. However, it is very important to predict an impending
congestion and decrease congestion risks in a cost-efficient
way instead of mitigating congestion in an ADN.

In [7], a congestion relief problem in a transmission system
is investigated considering generation cost and demand inter-
ruption cost for N-1 contingency criteria. Further, different
components such as energy storage devices and uncertain
renewable energy sources are considered and the non-linear
problem is solved using GAMS. [8] and [9] propose a demand
response approach for the congestion management problem in
distribution systems. Furthermore, [10] discusses the increas-
ing need for the cooperation between the distribution system
operators and lransmission system operators, and proposes
some solutions for distribution congestion management prob-
lem.

Data-driven methods such as Neural Networks (NNs) are
also introduced as alternative solutions for congestion man-
agement and prevention. NNs have a wide range of appli-
cations in power system monitoring, analysis, control, and
protection such as load forecasting, economic dispatch, and
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Fig. 1. General Scheme of the Intelligent Congestion Prognosis

fault diagnosis. Among the various architectures associated
with NNs, Feed-Forward Neural Network (FNN) is very
popular due to its simplicity and high accuracy rate. NNs
could also be used to predict line overloading. Sharma et al.
[11] presents a Cascade Neural Network (CNN) approach to
identify the overloaded transmission lines and then predict the
amount of overloading in a transmission line. In [12], Artificial
Neural Network (ANN) is used instead of classical estimation
algorithms to predict different states of transmission and
distribution system. Further in [13] a Multilayer Perceptron
Neural Network is utilized for state estimation of a power
system. Fainti et al. [14] use ANN to predict congestion in
each phase of a three-phase distribution system; however, they
assume that congestion only occurs in the first bus where the
main feeder is connected to the grid. Moreover, their method
does not identify the cause of congestion; so, the provided
information does not help the system operator to perform
corrective control actions to mitigate the problem.

In this paper, we propose a novel intelligent scheme to
predict line congestions in ADNs which will help to im-
prove the grid resiliency. Our proposed method overcomes
the inherent nonlinear and nonconvex behavior of distribution
system and congestion management problem. We introduce
an intelligent congestion prognosis scheme utilizing two NNs.
Our proposed method is capable of predicting line congestions
in an ADN, where overloading can occur in more than one
line. We are using congestion detection as a way to prevent
overloading on the lines. Further, our method identifies the
cause of the congestion as well and this will guide the grid
operators to perform proper preventive actions to mitigate
the problem. With the proposed method, we can deal with
small disturbances such as load increase or dynamic changes
of the system without any extreme control actions such as
load curtailment and this will help to improve the distribution
system resiliency.

The remainder of this paper is organized as follows. Section
I1 provides a detailed description of the neural network training
algorithm and the general scheme used for the congestion
predictions. In section III the training process of the NNs
is described and improvement of the NN accuracy as per
each iteration is illustrated. Further in this section, the trained

neural networks are examined, and the results are presented
based on two datasets; also, two indices are introduced to
determine the performance of the proposed method. Finally,
main conclusions and discussions of the future work are
presented in section IV.

II. METHODOLOGY

Unlike transmission system, distribution systems gener-
ally lack real-time measurement and control technologies;
hence, they include large unmonitored areas and, most of
their measurements are not synchronized. Usually, distribu-
tion management systems rely on two approaches: 1) local
measurements provided by Supervisory Control and Data
Acquisition (SCADA); 2) Phasor Measurement Units (PMUs),
which are limited due to the few number of installations.
Different state estimation techniques are commonly used for
distribution network monitoring. However, due to specific
characteristics of distribution systems such as, relatively high
R/X ratio, radial design, three-phase imbalance, unmonitored
states for switches and regulators, incomplete load/generation
information, and limited number of measurements, pseudo-
measurement of unmonitored buses might not be accurate
and this will lead to wrong state estimations. In addition,
these challenges get worse by the changing dynamics of
the distribution network and its growing size. Furthermore,
traditional optimization-oriented state estimation techniques
are computationally expensive and are not able to fully monitor
the system dynamics and state’s variations. Therefore, they
may yield to suboptimal solutions. To overcome the mentioned
obstacles, a feed-forward back-propagation neural network
architecture with one hidden layer is proposed in this paper.

One NN is utilized to monitor the ADN in real-time and
evaluate the possibility of congestion. Then another NN will
be trained in order to identify the location and cause of the
impending line congestion. The inputs of the first NN are
active/reactive powers of each bus while the output is the
possible line which may face congestion in near future. The
output of the first NN, along with the active/reactive power of
each bus and their variation are used as the inputs to the second
NN. Consequently, the second NN will predict the possible
cause of congestion. The general scheme of the proposed
intelligent congestion prognosis is presented in Fig. 1. In this
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figure, = indicates the measurement matrix. Further, &, and 7
correspond to the estimations of the neural networks.

The training process of the NN involves updating the
weights between the neurons and their biases. A loss function
is defined as a measure of the quality of the predictions com-
pared to the actual or target values. With each training instant,
the goal is to minimize this loss function. The loss function
is propagated through the network backwards to fine-tune the
weights and biases of each subsequent layer accordingly. This
method is known as backpropagation. Several methods, such
as Gradient Descent (GD) and Newton’s Method (NM) are
used for the training purpose. In this paper, a Levenberg-
Marquardt (LM) algorithm has been used to iteratively update
the weights and biases of the NN [15]. We also incorporate
a Bayesian Regularization in excess of the LM algorithm to
generalize the trained weights and biases that will lead to a
better performance of the NN over the training set.

1) Levenberg-Marquardt algorithm: LM is one of the
fastest methods to train a NN, and it leverages the accuracy
of Gradient Descent (GD) and the speed of Quasi-Newton
method [16]. In this algorithm, the loss function is expressed
as a summation of the squared errors as shown in (1):

d
)

Where, Y;. ﬁ and d are the target values, predictions
and the number of instances in the dataset respectively. The
information regarding the loss function is backpropagated
through the layers of the NN, and weights are updated using
the approximation of the Hessian matrix as below:

(1)

wy ™ = wfy + H* )

Here, the terms w;; denotes the weight matrix between the
it" and the j'* layers. k is associated with the number of iter-
ations. The terms H”* and g* are the ‘damped’ approximation
of the Hessian and the gradient vector respectively.

In LM algorithm, the Jacobian matrix of the loss function
with respect to the weight is defined as (3) and used to
calculate the approximation of the Hessian matrix as shown

in (4):

ac
7= bur ®
H* = [ J% + ul] ! @)

The scalar g is the damping term which is updated at each
iteration. If ;¢ decreases, we would have the Newton’s method;
while with large value of i, LM transforms to the GD method.
Finally, the gradient ¢* is calculated at cach step as (5).

=T xL (5)

The algorithm terminates when either the gradient or the

error falls below a pre-defined threshold or the maximum
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number of iterations are reached. The same procedure is
applied to the biases as well.

2) Bayesian Regularization: In NN training, over-fitting,
and over-training are the two common issues which are arisen
from the lack of regularization. As a result, the performance of
the NN will degrade although the weights and the biases learn
the training data accurately. A possible technique to avoid
these hurdles is to perform k-fold cross-validation as the whole
dataset is divided into "k’ folds. One set is kept for testing and
(k—1) folds are used for the NN training. The whole process
repeats k times by interchanging the folds between training
and testing sets. This process, however, increases the training
time [17].

Bayesian regularization method is able to regularize the net-
work without explicitly using a test-set or validation-set. This
framework assumes a probability distribution over the entire
weight space [18]. The initial space is randomly generated,
and then at each step of the iteration, they are updated using
the Bayes’ rule as below:

P(D|w,8)P(w|f)
P(DI6)
Where, D denotes the entire dataset, # is the performance
ratio, P(D|w, 0) is the likelihood for a given state and the term
P(D|@) is the normalizer. The main objective of the proposed
framework is to maximize the aforementioned probability
P(w|D,#), which finds the optimal weight w*. Maximizing
(6) is equivalent to minimizing the loss function in (1). The
normalizer in the Gaussian form can be expressed as:

P(w|D,8) = (6)

P(D|6) = g(6)Zr(6) N
9(0) = (%)_5 (1i9)_i ®)
Zr(0) = exp (—L(w*)) (det(H)) " 2m)F  (9)

Therefore, at each iteration of the LM algorithm, after
approximating the Hessian matrix by using (6-9) the value
w is maximized. The algorithm will be stopped, and w is no
longer updated when the optimal w* is obtained.

III. SIMULATION AND RESULTS
A. Training of the Proposed Neural Nerworks

Gathering training data for the proposed method is carried
out using a modified TEEE standard 13-bus distribution system
(Fig. 2) [19]. We made the system balance for this study. Base
voltage of 4.16 KV and base power of 4 MVA are considered
for this system. Two synchronous generators are added at
buses 6 and 13 to derive different test scenarios and impose
congestion in multiple lines. Newton Raphson power flow is
used to produce a dataset with 546,874 combinations of loads
and generations’ variations that simulate different operating
scenarios. %70 of the dataset is randomly used as a training
set, %15 is chosen for the validation set and the remaining
%15 is selected as the testing set for the training process.
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As mentioned, in the proposed method, the first NN detects
the impending congestion in the distribution lines. This NN has
ten neurons in the hidden layer, fifieen neurons in the input
layer, and twelve neurons in the output layer. The neurons
in the input layer are corresponding to the measured system
variables (i.e., bus complex voltage V,, , bus active power
P, bus reactive power Q) gathered at time £. We will get
the congestion prediction as the output in the form of ones
and zeros, where one refers to the high possibility of an
imminent congestion. The second NN identifies the cause of
the anticipated congestion in order to apply corrective actions
to alleviate the problem and avoid further contingencies in
the system. For the second NN, forty-two input neurons are
considered based on the number of congested lines, loads and
generation of each bus, and changes of loads and generations
at each sample of the training set. Further, like the previous
NN, ten and thirteen neurons are considered in the hidden and
output layers respectively. Returning one as the output will
recognize the specific buses that cause the congestion.
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Fig. 2. Modified IEEE 13-Bus Distribution Feeder

As shown in figure 3, the Mean Squared Error (MSE)
improves in each training iteration for both NNs. Note that
in this figure, the X-axis and the Y-axis are in logarithmic
scale.
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Fig. 3. Improvement of Mean Squared Error for the Neural Networks

B. Performance Evaluation

As our first scenario, we developed a 24-hour
load/generation profile based on variable generation at
bus 13 to evaluate the performance of the proposed method.
The generation of bus 13 is increased linearly from O to 4 p.u.
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and when reached to its maximum, it is decreased linearly to
reach 0. Fig. 4 shows the current values for lines 1, 3, and
8. The dashed red line stands for line ampacity; while the
blue line represents the currents of the selected lines and the
green line shows if a possibility of congestion is detected or
not. As seen, line 1 violates the limit from the 12" until the
14" hour and line 8 violates the limit between the 12" and
the 14*® hour. As shown in the figure, current of line 3 does
not violate its limit in this scenario. The green line in Fig.
4 shows that the NNs have successfully predicted the line
congestions. For instance, for line 1, the green line changes
from zero to one at the 11*" hour, indicating that the first
NN has predicted a possibility of future congestion and the
value stays one until the 15" hour. After the 15" hour, no
congestion possibility is detected by the first NN, therefore
the green line changes from one to zero.

A second 24-hour scenario is considered where the load
of bus 4, is increased linearly from 0 to 1.28 p.u. and when
reached its maximum, it is decreased linearly to 0. The NNs’
predictions for the two 24-hour scenarios are reported in Table
I. The predictions of this table match our expected results.
Therefore, the NNs can successfully predict a congestion in
a line and its cause in these two scenarios. Based on the
estimations from the proposed data-based prognosis method,
the operators can take proper control actions. Thus, by utilizing
this technique, the possibility of congestion in distribution
lines is lowered. Consequently, the distribution system be-
comes more resilient to sudden changes in loads/generation.

Line 1 Current for a 24-hour Testease

Current (pu.)

Time {hour)
Lina 3 Current for a 24-hour Testcase

Current (p.u.)
[ =

Time (hour)
Line & Gurrent for a 24-hour Tesicase

Current (p.u.)

Tima (hour)

Fig. 4. Selected Line Currents and the Proposed Method Performance for a
24-hour Scenario

Positive predictive values (PPV) and Negative Predictive
Values (NPV) are well-known indices for evaluating the accu-
racy of different approaches in machine learning and statistics.
These indices are defined as (10) and (11). True Positives are
referring to the cases where there is a congestion and the NN
has detected it successfully. Likewise, True Negatives indicate
the cases where no congestion is detected by the NN and there
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TABLE 1
NEURAL NETWORK PREDICTIONS
Scenarios #1 #2
Congested Lines 1,8, 12 | 1,3,6
Number of the Bus 13 4
Causing the Congestion

was no congestion happening according to the measurement.

PPV — TruePositives

" TruePositives + FalsePositives

(10

NPV — TrueN egatives

TrueNegatives + FalseNegatives an
For further evaluation, the performance of the NN is tested
on two different datasets. The first dataset is the same dataset
where the NNs were trained with, whereas the second dataset
is generated in a way that only one load or generation change
happens in each timestep. Intelligent line congestion prognosis
is applied to each of the datasets. In addition, PPV and NPV
indices are calculated for each of the datasets, and the results
are demonstrated in Table IL

TABLE 11
PERFORMANCE OF THE NNS IN DIFFERENT SETS OF DATASETS
PPV
15t Dataset | 279 Dataset
NNI 99.72% 99.76%
NN2 100% 15.15%
NPV
1°F Dataset | 2% Dataset
NNI 98.85% 98.81%
NN2 54.3% 54.22%

As seen in Table T1, both neural networks have an acceptable
performance for hoth of the datasets.

IV. CONCLUSION AND FUTURE WORK

In this paper we trained two neural networks to determine
the possible congestion in an ADN and further to detect the
possible cause of the congestion. The NNs are trained using
a combination of different loads and generations as a train-
ing set. Bayesian Regularization alongside with Levenberg-
Marquardt algorithm is employed for the training. The perfor-
mance of the NNs were tested on two datasets. Finally, PPV
and NPV indices were introduced to further validate the per-
formance of the NNs in different scenarios. These predictions
can be utilized to further improve the power system operation,
enabling the operators to foresee possible congestion and act
fast to resolve the problem. Hence the resiliency of the ADN is
increased and a more reliable operation is guaranteed. Another
advantage of the proposed method is that the NNs are trained
beforehand, considering the system’s specification, hence the
detection is in real-time.

In our future work, the NNs will be designed to handle
multi-label classifications considering each load-changing bus
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as a label. Furthermore, evaluation of a time-series predictors
such as Long Short Term Memory (LSTM) will be con-
ducted. Finally, the congestion management strategies will
be implemented for real-time scenarios, with a focus on
energy storage system charge/discharge paradigm and demand
response strategies.
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CHAPTER THREE

AGENT-BASED RESILIENT POWER MANAGEMENT OF MICROGRIDS

Abstract

Appropriate planning and optimization strategies for day-ahead power management play
important roles in efficient operation of Microgrids (MGs). Due to the uncertainties in electricity
demand and renewable generations, and the multi-objective (MO) nature of MG power
management, conventional optimization techniques have not been as effective in giving
satisfactory results. This chapter aims at solving the day-ahead power management problem as a
MO optimization problem, with a focus on increasing the system’s resiliency using an agent-based
Dynamic Programming (DP) approach named Value Iteration (V1) and a model-free Q-learning
(QL) algorithm. The two objectives of the MO problem are: maximizing load serviceability and
minimizing operational cost. Both the approaches are data-driven, and the behavior of the agent of
each component of a MG is formulated as a finite-horizon Markov Decision Process (MDP). VI
guarantees an optimal solution to the MO problem given the MDP model, and QL has the ability
to work under uncertainty and incomplete information. The effectiveness of the two algorithms

have been evaluated using a benchmark MG test system.
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Introduction

Dividing a distribution system into several independent and autonomous entities called
Microgrids (MGs) has proven to be a good strategy to deal with the uncertainties of renewable
energy resources, electricity demand, and market retail price [1], [2], [3].

Many studies have been conducted to resolve the issue of power management under these
uncertainties in MGs. [4] gives an overview of the importance of centralized controllers for
stability, power quality, protection and power management of the MG. Stochastic programming is
explained in [5] as an approach for power management. Furthermore, in [6], a two-stage stochastic
programming was employed to minimize the cost due to the variable nature of renewable energy
resources, and in [7], constrained stochastic programming is used to consider the MG limitations.
Value Function Approximation is used in [8] to solve a bench marked ESS management problem.
Further, in [9], a deep Recurrent Neural Network is used to approximate the value function while
considering power flow constraints.

In general, the agent-based power management in a MG on a day-ahead basis can be
modeled as a sequential decision-making problem [9], [10]. Under this scheme, the agents con-
trolling the different components of the MG reduce the overall cost while maximizing the
utilization of its micro sources for a finite-horizon (e.g., 24 hours), looking at the electricity de-
mand. These utilities include Dispatchable Generators (DGs), Renewable Energy Sources (RESS),
Energy Storage Systems (ESSs), and Demand Response (DR) on Price-Sensitive load (PSR). This
chapter addresses a MG where the output of the DGs, charging/discharging paradigm of the ESSs,
and the PSR can be regulated based on different operating conditions with a primary focus on

maximizing the load coverage and a secondary focus on minimizing the cost, using VI and QL,
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which is in the domain of Reinforcement Learning. Therefore, making the power management

problem multiobjective.

Methodology

In this chapter, control of the MG components is formulated as a Markov Decision Process
(MDP). We address the load variations and possible duration and intensity of an upcoming extreme
event, using its probability of occurrence (assumed to be known from weather forecast) in our
simulation. At each discrete time-step (each hour, for example) the output powers for the
controllable utilities (DGs, ESSs, DR) are considered as actions, whereas the state-space consists
of the supplied electricity demand and the State-of-Charge (SoC) of the ESS. The reward function
for each agent is actually a penalty when considering their operating cost or deviation from the
target load (the higher the operating cost or deviation from the target load results in higher
penalties). The agents interact with the environment to achieve their goal of maximizing their

objective functions.

Microgrid Power Management

In general, a MG is connected to the main grid through a Point of Common Coupling
(PCC). In our simulation studies, the proposed methods are applied on a modified benchmark MG
test system (MG3 from [11]), as shown in Fig. 1. The components of the MG are: a Diesel
Generator as DG, several solar photovoltaic (PV) systems, several ESSs (an ESS at each bus with
a PV system, not shown in Fig. 1), and some Controllable Loads (CLs). The day-ahead scheduling
is performed for a 24-hour horizon with a 1-hour time-step. In this chapter, the power management

problem is formulated as a MDP for three agents: a DG agent for the operation and control of the
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dispatchable generators, a DR agent to perform demand response on the CLs, and an ESS agent to

charge/discharge the ESSs. The total PV power is used when available. Therefore, no agent is used

for PV generation.
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Fig. 1. Single-line diagram of the benchmark MG system.

Formulation of MDP

A finite-horizon MDP can be defined as a 5-tuple M =< S, A, R, T,H > where, Sis a finite
set of state variables, A is a finite set of actions, R is the immediate reward observed after reaching
a state, s € S . T is the set of transition probabilities for the transition of one state to another with
a specific action [12], and H is the length of the horizon. For simplicity of implementation for both
Value Iteration (V1) and Q-learning (QL) algorithms, the state-action space is discretized to their
nearest integers. For the implementation of VI algorithm in our power application, the transition

probability of reaching a particular state S; using an action a;; from state si is assumed to be 1, s;,
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s; €S, a;; € A[13]. The detailed models of the associated agents are described in the rest of this

section.

DG Agent The DG agent is responsible for setting the output of the DG located in the

MG, as per the electricity demand. In a MG, if PP¢ is the active power output of the DG at a

time step t, then for each DG, the operational constraints are as follows:

PRI < Phe < PRE” (1)
|Pha — Phe| < p x At 2)

Here, the max and min terms represent the maximum and minimum output of the generator [9].
The term p represents the limit of the increase/decrease of generation at each time step and is
known as the Generation Rate Constant (GRC).

For the DG agent, the set of states consists of the pos-sible load coverage by the DG, and
is defined by Sy, = {sf)cj |Vj € Spg, PI4™ < s,SGj < PJF* 1. Only the active power outputs
have been considered in this work. The action set is the range of feasible discrete set-points of the
generator outputs, defined as: Ap; = {ah¢, | Vi € Apg,laps, | < p x At}

Each DG has an operational cost, which is a function of the active power output of the DG. For
this chapter, a quadratic cost function is considered, as defined in [14]. The cost function denotes
that the higher output power results in higher cost, which is a penalty, denoted by a negative sign.
At the same time, the DG focuses on maximum coverage of load. Therefore, the reward function

for the DG agent is defined as follows:

) o Electricity
Generation Cost Retail Price Demand

a+ B(Pha) + 7(Phe)?) — (X' Phe) L — PL 3
R[)(;(-Q’L)(;j.(li)(,vi) —_ {( DcC \v D( ) L DE ‘} wy — (L\’—v[)(:)“,2 ( )
4V1 1Vo
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where, a,f and y are the generation cost coefficients [14], Pf and PE, are the predictions of
electricity demand and PV output, A* is the market electricity price forecast at time step t. wil and
w2 are the weight factors, and N; and N, are the normalization factors, respectively [15]. Here, it
should be noted that during an extreme event resulting in grid blackout, which islands the MG, the

term At is zero.

DR Agent The task of the DR agent is to perform PSR on CLs. In case of insufficient
generation, a percentage of the electricity demand is available for curtailment (the maximum
percentage is given in Table 1), associated with a penalty for causing discomfort to the user. The
total electricity demand for the time horizon H is denoted by P, = {Pf,vt = 1,2,3,...H}. For
the DR agent, only the active power is considered.

The state space for the DR agent is the permissible range of the curtailed loads Sp; =

tmin tmax

{s{)Rj |Vj € Spr, P < S{)R]. < P/ }. The action space for the DR agent is defined as

. max
ADR = {aERi |Vl € ADR!laf)Ril S PDtR

}. Apg is restricted by the range of deviations of set-
points, P tDR = P{ — P, The load-shedding penalty for the DR is expressed as the following

piece-wise linear model [9]:

So(PL — Pl,,) +¢o, PL _>Pl >Pl

sup sup
PL,={ 0(P,—Pl,,)+¢1. Pi >Pl, >Pt )

Here, &y, 61, 85, @0, 1, and ¢, are the constant coefficients for the load-shedding penalty model.

P{,, is the amount of load that is not curtailed, and hence to be supplied. Both P{; and Pf, are set
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points representing the mild, and moderate curtailment levels, as described in [16]. However, at
the same time, the DR agent should consider the cost of supplying the loads, as per market

electricity price. Therefore, the overall reward function for the DR agent becomes:

Pt /\t Pt _Pt
RDR(,SBRJ,(LS:,RZ,) =— \Oj w3 — ( LN4 L )w4. (5)

Here, w; and w, are the weight factors, and N5 and N, are the normalization factors, respectively

[17].

ESS Agent The ESS agent is responsible for maximum load coverage during an extreme
event, when the generation units are out of service. The agent considers the extreme event
forecast at each hour of the next day, starts storing energy to supply the highest possible loads
during the extreme event. Prior to the extreme event, additional energy will charge the ESS. For
controlling the amount of energy stored in the ESS, the State of Charge (SoC) of the battery at
each time step is defined as follows:

Et
E(l'ap

(6)

apvall —
SoClss =

where E; is the amount of energy stored in the ESS at time step ¢, and E¢,,, is the energy capacity

of the storage unit.
Typically, ESS should not be fully discharged; otherwise the storage unit might be seriously

damaged. The limits for SoC which is known as capacity constraint of the ESS is shown below:

SoCpin < SoCh oo < SoCes (7)
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where SoC,,;, and SoC,,,, respectively denote the minimum and maximum allowed SoC at each
time step. Also, E,,4, and E,,;,, indicate the maximum and minimum allowed stored energy.

Looking at Eq. 7 the state space for the ESS agent can be represented as Sggs = {S};:ss,- |Vj €
Sgss,»SOCH < sgssj < SoCged* } The charging and discharging rates of the ESS (Pggs) are
considered as actions for the ESS agent. Accordingly, the action space for this agent is described
as Agss = {fss; | Vi € Apss, |agss; | < PEss™)-

The reward function of the ESS agent is:

SoChpss X Ecap — P (' =10r M =1) (®)

r f SoCHE e — SoChpge  p' >01&p" #1
REH.‘S'(-""J-:.H'SJ- apss,) = /
o ' a YIILETE .
SoCppss — 90CRyss  else

where pt represents the probability of the extreme event at time step t. M is a flag indicating
whether the grid is still under maintenance, or it is healthy. When healthy, the MG can be

reconnected to the grid.

Power Management in a MDP Framework The agent-based scheduling for a MG is

formulated as an optimization problem under a MDP framework with the following set of

objective function:

H
max Z{RDG: Rpr,Rpss} ©)

apG,ADR.AESS —

subject to (1), (2), (4),(6),(7).
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Solution Approached for MDP To solve the above-mentioned MDP problem, the Value

Iteration (V1) algorithm is applied [18]. In this DP method, the optimal value of a state is

calculated with the help of the following equation [19]:

Qlsear) = Elrlsal + T S P(si|sa)V(s))  (10)

sieS

where, E[r|s;, a;] denotes the expected immediate reward. The probability of transition from state
s; to s{ by taking an action at, is represented by P (s{|s:, a;). I' is the discount factor, which
determines the impact of the future rewards for a specific state. The values are said to converge
when the difference between the values obtained from two consecutive iterations are less than a

pre-defined threshold, 6.

Vis)) = maxQ(sy, a;) (11)
agA
max|V (s)" — V(s)" | < 6 (12)

HES

The MDP has also been solved using a temporal difference algorithm, namely Q-learning (QL).
This algorithm learns the best action to move from one state to another based on the maximum
expected values of the reward functions, without knowing the transition probability. The transition
probability is used in the case of VI, but not in the case of QL. The experience gathered by each
agent from the interaction with the state-space is recorded in a look-up-table, named Q-table. Using
a specific state-action pair, the agents interact with the environment and the corresponding Q-table

values are updated by a running average mechanism [20], [21].



Test Case

The proposed method is validated on the benchmark test MG system as a grid-connected
MG (MG3 from [11]), as shown in Fig. 1. A 24-hour time horizon is considered for the whole
simulation with a 1-hour window time-step. In our simulation, an extreme event occurs at hour 12
when both the grid and the DG go out of service. The extreme event continues until hour 14, after
which a maintenance phase starts for the grid and the DG until hour 21, as shown in Fig. 6. The
probability of occurrence of an extreme event at each time step is also shown in the figure. Note
that, the probability keeps increasing before hour 12 and starts decreasing when the extreme event
is over at hour 14. The forecasted electricity demand, PV output data, and system specification is

adopted from [11]. The retail electricity price data were obtained from [17]. The technical
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Numerical Experiments and Results

information about the components of the MG is displayed in Table 1.

Table 1- Power/Energy Capacity of The Components of The Test System

For the DG agent, the GRC constant, p, the generator cost coefficients a, § and y were selected as
700 kW, $14.67, $0.1709/kWh, and $0.0001773/(kWh)2, respectively. For the DR agent, the

constant coefficients 60, 61 and 62 were set as 0.3, 0.5 and 0.75, respectively. All the ¢ values

were set to 0.

Components | Max. Capacity (MW) | Min. Capacity (MW)
DG 7 2.5
PV 5.6 0
Pl 7.988 6.63
CL 40% of P}i 0% of P}i
ESS 28.6 (MWh) 4.967 (MWh)
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The curtailment levels, PLY and PL,were selected as 90%and 30% of the permissible range, SDR,
respectively. The weight factors for the reward functions were set as, w; = 0.7, w,= 0.3, w3;=0.7
and w,= 0.5, to ensure that the main objective of the agents is maximizing load coverage rather

than minimizing cost.

For VI, I' and 6 were chosen to be 0.99 and 0.001, respectively. For QL, the learning rate n is
selected to be 0.1. The € — greedy algorithm has been used for the QL action selection [19], and
the value of € (exploration rate) was initially chosen as 0.9 for every state-action pair in the Q-

table with a decay rate of 0.95 for each visit of the agent.

Learning Curve for DR agent and DG agent using Q-learning

10q ====eccsccccccs===- s
0.8 1
2
o
5
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@
N
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£
—
S
=
0.2 1
--— Target Reward (VI)
L —— DR Cumulative Reward (QL)
0.0 1 —— DG Cumulative Reward (QL)

0 5000 10000 15000 20000 25000
lteration

Fig. 2. Cumulative reward of the 24-hour planning horizon for the DG agent and the DR agent at
each iteration using QL algorithm.

Agent-based Power Management

The DG agent and the DR agent were trained to find a strategy for the DG, and the supplied
load based on the retail price and customer discomfort level, respectively. Whereas, the ESS agent

learns a strategy to prepare and provide energy to the MG to cover the essential loads (when
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possible) in case of a grid blackout due to a fault or an extreme event. During this period, the MG
is islanded, and the DG is assumed to be out of service. Therefore, PV and ESS will cover the
essential loads (assumed to be 50% of the total load). Fig. 2 shows the learning curve of the DG

agent and DR agent for QL with respect to the number of iterations

Actual load vs. load supplied by the DG for a 24-hour Horizon
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Fig. 3. Economic Dispatch of the DG agent using VI and QL.

Demand Response for a 24-hour Horizon

12000
--— Electricity Demand
Total PV output
10000 4 —a— Demand response output (V)
Demand response output (QL)
= 8000
=3
z
2 6000 4
o
(1
=
E 4000 -
2000 -
0 T T

0 5 10 15 20
Time Step (Hour)

Fig. 4. Day-ahead scheduling of the DR agent using VI and QL.
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The reward obtained through value-iteration is considered to be the target reward. From Fig. 2, the
DR agent reaches the target value in about 12000 iterations and the DG agent in about 19000
iterations.

The selected states by the DG agent and the DR agent using both VI and QL are shown in
Figs. 3 and 4, respectively along with the forecasted electricity demand and the renewable
generation (PV). The policy that sequentially transits from one optimal state to another is
considered to be the optimal policy. The learned optimal policy for the ESS is demonstrated in
Fig. 5. As shown in the figure, from t = 3 (when the extreme event probability is more than 10%)
the battery starts storing as much energy as it can (SoCgs%*) (Fig. 6) so that it can cover maximum
loads possible during the extreme event. After the recovery time, the normal operation of the MG

is continued.

12000 Power Output of the MG Elements for a 24-hour Horizon

10000

Electricity Demand

)
©
o
o
(=]

6000

Active Power (kW

4000 r

2000

Time Step (Hour)

Fig. 5. Load coverage of the ESS agent under an extreme event scenario.
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SoC and Extreme Event Forecast for a 24-hour Horizon
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Fig. 6. Percentage of State of Charge (SOC) of the ESS for the 24-hour horizon, along with the
probability of occurrence of an extreme event: (1) pre-extreme event, (2) during extreme event,
(3) maintenance period, and (4) normal operation.

Discussion

As mentioned in section Il, the reward function for each agent has two inversely
proportional components of different weights. Considering that the main focus of the agents is
maximum load coverage, Figs. 3 and 4 show that using both the VI and QL algorithms, the agents
learn to operate in between the feasible state spaces and take proper actions. For the DG agent,
when the load change is more than the GRC constant (2), the change of generation is bound by the
GRC. On the other hand, the DR agent is mostly operating within (80-100)% of the actual
electricity demand at each hour. Finally, the performance of the system was examined in the
presence of an ESS agent, in a scenario where there was a possibility of an extreme event. As

shown in Fig. 5, before hour 6, 90% of the load is supplied by the generator. From hour 6 to 11,
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the combination of the generator and PV supplies the load. However, during the extreme event,
since the generator is out of service, the combination of the PV and ESS covers the essential load

(50% of the total load). After the recovery time, the MG resumes its normal operation.

Conclusions and Future Work

This formulates the power management of a MG as a MDP, and solves the sequential
decision-making problem using two algorithms: VI and QL. The three agents, controlling the DG,
CLs, and the ESS have been trained to find the solution to the proposed multiobjective problem,
with the pri-mary focus on maximizing the load coverage and a secondary focus on minimizing

the operation cost for a day-ahead finite-horizon.

In case of loss of generation due to an extreme event, the agents would cooperate to make the MG

survive with partial load coverage, thus enhancing the resiliency of the system.
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Abstract: In the modern power grid, with the growing penetration of renewable and distributed
energy systems, the use of parallel inverters has significantly increased. It is essential to achieve
stable parallel operation and reasonable power sharing between these parallel inverters. Droop con-
trollers are commonly used to control the power sharing between parallel inverters in an inverter-
based microgrid. In this paper, a small signal model of a droop controller with secondary loop con-
trol and an internal model-based voltage and current controller is proposed to improve the stability
and power sharing of inverter-based Distributed Generation (DG) systems. The DG system’s non-
linear dynamic equations are derived by incorporating the appropriate and accurate models of the
network, load, PLL and filters. The obtained model is then trimmed and linearized around its oper-
ating point to find the DG system’s state space representation. Moreover, we optimize the critical
control parameters of the model, which are found using eigenvalue analysis, using Grey Wolf Op-
timization technique. Through time-domain simulations, we show that our proposed method im-
proves the system'’s resiliency, stability, and power sharing characteristics.

Keywords: Controller Optimization; Droop Control; Grey Wolf Optimizer; Internal Model Control;
Inverter; Microgrid; Resiliency; Secondary Control Loop; Small-Signal Stability

Nomenclature
z Impedance of the transmission line between the DGs
i,j Index of nodes
V; Voltage of DG;
5; Phase of DG;
P Real power of the inverter
Q Reactive power of the inverter
P Instantaneous real power of the inverter
Q Instantaneous reactive power of the inverter
P;,. Real power reference for inverter i
Qi Reactive power reference for inverter i
w, Value of fitness function
Viabe Voltage of node i in abc reference frame
Viag Voltage of node i in dq reference frame
ijabe Current of node j in abc reference frame
{jabe Current of node j in dq reference frame
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Kpd(s)

Kpi(s)

Kpid(s)

Vipi
Vi
Ry

Output voltage of the power controller Used as a reference voltage for
the IMC voltage controller

Output frequency of the power controller Used as a reference frequency
for the IMC voltage controller

Angular frequency of the PLL

Reference angular frequency

Reference voltage

Angular frequency of the inverters

Inductors used in the lowpass filter

Resistors used in the lowpass filter

Used to model the capacitor’s series resistance

Capacitor of the lowpass filter

The coefficient for the proportional controller related to the voltage
controller

The coefficient for the integral controller related to the voltage controller

The coefficient for the derivative controller related to the voltage
controller

The coefficient for the proportional controller related to the current
controller

The coefficient for the integral controller related to the current controller

The coefficient for the derivative controller related to the current
controller

Transfer function of the PD controller in the internal model-based
controller

Transfer function of the PI controller in the internal model-based
controller

Transfer function of the PID controller in the internal model-based
controller

Tuning parameter for the IMC voltage controller

Tuning parameter for the IMC current controller

Time period of the inverter output signal

Time period of the inverter switching

States of the IMC voltage controller

States of the IMC current controller

Input voltage in d-axis

Input voltage in g-axis

Virtual resistor

One of the Control parameters of the power controller used to control

the voltage
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1. Introduction

With increasing penetration of distributed renewable energy resources in power sys-
tem, grid’s stability and operation is becoming more important. Due to the distributed
characteristic of these generations, Micro-Grids (MGs) are formed as decentralized groups
of generation units and loads. MGs may work in grid-connected or islanded configura-
tions to provide efficient, resilient, reliable, and clean energy [1-2]. Unlike traditional util-
ity grids, which have large synchronous generators, MGs generally consist of low inertia
renewable and distributed generation systems. Therefore, they are more prone to insta-
bility due to contingencies or extreme events. Consequently, operation and control issues
are extremely important, especially in an islanded mode.

The DG’s inverters are mostly connected in parallel to the grid to improve power
sharing and stable performances [3]. Hence, designing a robust controller for Inverter-
based Distributed Generations (IDGs) plays a critical role to improve the stability and re-
siliency of MGs.

Sensitivity and eigenvalue analysis are two common methods used along with the
Small Signal Stability (SSS) analysis to improve the stability and resiliency of the MGs.
One benefit of the SSS is that it is highly dependent on the accuracy of the mathematical
models of the devices in the MG. Different DG systems are discussed in [4] and different
types of the inverters are described based on the frequency regions. Also, it is shown that
the power controller coefficients are within the low frequency region, which is generally
known as the dominant mode. [5] presents a SSS study to optimize the parameters of the
inverter’s PI current controller using Particles Swarm Optimization (PSO); however, in
[5], the SSS analysis was only performed on the PI controller and mathematical model of
the other components is not considered. [6] utilizes PSO to directly tune the control pa-
rameters without any SSS analysis. This can significantly increase the computation burden
since there are no constraints for the parameters during the optimization process. In [7],
the problems with [5] and [6] has been addressed and all the MGs’ controllers are opti-
mized after identifying the significant control parameters using SSS.

Droop control is one of the most common approaches introduced for improving
MGs’ stability, resiliency, and power sharing between parallel inverters. In [8] a virtual
flux droop is used to achieve voltage and frequency stability and equal power sharing. [9]
proposes a modified droop controller to improve the transient response and stability mar-
gins. Droop coefficients have a direct effect on the SSS analysis. It is shown that large
droop coefficients deteriorate the stability and resiliency which can lead to high power
output in some of the sources that can cause failures and even blackouts. On the other
hand, small droop coefficients can result in unequal power sharing. Network parameters
play an important role in power sharing. A very small mismatch between different DG’s
network parameters would lead to large differences in the shared power between the
inverters. Therefore, sensitivity analysis is often used to determine the droop coefficients
to improve the stability, resiliency, and power sharing of the IDGs [10-16].

In [17-20], SSS analysis is investigated under different load conditions. Further, in [4],
[10], [12-14], [17-20], small signal analysis is studied in a system which uses PI controller
to control the voltage and current in the dq axes. However, the dq axes are not fully de-
coupled and variations of one of the axes might lead to transients on the other one. To
have a more stable dynamic performance, Internal Model Control (IMC) is used in IDGs
using the state space [21]; while in [3] the developed model is validated using SSS analysis.
The results from [21] and [22] show that IMC significantly improvs the stability of the
IDGs in comparison to conventional PI voltage and current controllers. Nonetheless, in
the previously mentioned literature, the models of the filter and the Phase Locked Loop
(PLL) are not considered in the stability analysis. [23] presents a SSS analysis, considering
the filter and PLL models and using a PI controller. However, oscillatory modes are ne-
glected in [23] due to the large amount of the damping resistor.
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Further, SSS analysis of IDGs using conventional droop controller is investigated in 78
[9-11], [14-23]. Although the conventional droop controller is generally incorporated to 79
increase the reliability and resiliency of the system, it has two major drawbacks. The first 80
problem is voltage and frequency changes due to a sudden load variation. The second 81
limitation is improper load sharing when the output impedances of the inverters don't 82
match. To solve these issues, a robust controller and a universal droop controller are sug- 83
gested in [24] and [3], respectively. Furthermore, [25] shows a SSS analysis for the univer- 84
sal droop controller. However, it does not investigate the effects of the critical control pa- 85
rameters on the stability and resiliency of the system. Authors in [26] develop a droop 86
controller with secondary control loop to achieve equal power sharing between parallel 87
inverters regardless of the output impedances of the inverters. However, the effects of the 88
filter elements, PLL and network and load models are not considered. 89

In the past decade, the resiliency of modern power system has gained a lot of atten- 90
tion. Resiliency is defined as the ability of the power system to withstand extreme events 91
and recover rapidly with the minimum damage. [33] investigates the effects of power- 92
electronic interfaces, energy storage systems (ESSs) and distribution system architectures 93
on the resiliency of MGs and improves the resiliency during extreme events. [34] proposes 94
an advanced control strategy for power electronic converters and suggests an energy man- 95
agement scheme for MGs with photovoltaic and battery ESSs. It uses model predictive 96
control strategy to minimize the operating cost, maximize the profit and obtain energy 97
resiliency of the MG system. Furthermore, [35] proposes a two-stage, coordinated power 98
sharing strategy between battery ESSs and coupled MGs for overload management in 99
MGs, using dynamic frequency control. In this study we aim to maintain stability by fast 100
restoration and reduce the impacts of different disturbances in order to improve the resil- 101
iency of the DG System. 102

Heuristic algorithms have received a lot of attention in the recent years due to their 103
high speed and efficiency in solving optimization problems. One of the promising heuris- 104
tic methods especially in the power system and power electronic applications, is Grey 105
Wolf Optimizer (GWO) [10]. In [28], a chaotic GWO is proposed to minimize the power 106
losses and improve the voltage stability in order to size and site DGs in the system. Also, 107
the chaotic GWO determines the optimal droop parameters. [29] uses GWO to optimize 108
the control parameters of the proportional resonant controllers and find the optimal de- 109
sign of the output filter of a grid-tied inverter. Furthermore, Djerioui et al. in [30] present 110
a predictive torque control of a permanent magnet synchronous motor based on GWO for 111
smooth operation of electric vehicles. Specifically, the authors try to minimize the oscilla- 112
tions at low-speed operation of the motor. In [31], the optimal allocation of DGs is inves- 113
tigated to minimize the power losses while meeting the real and reactive demands ina 114
distribution network. Also, [32] proposes an optimization problem to minimize the total 115
cost of the two-terminal HVDC system by incorporating the GWO in the optimal power 116
flow algorithm. In this paper, we propose a novel methodology to improve the stability, 117
resiliency, and power sharing of IDGs using GWO algorithm. The contributions of this 118

paper are as follows: 119
120

o Detailed mathematical modeling and equations of an IDG containing droop 121
control with secondary control loop and an IMC-based voltage and current 122
controller is presented. 123

. The state space equations of the system are derived by linearization using 124
Linear Analysis Tool in MATLAB/SIMULINK. The system matrix is then in- 125
troduced. 126

o Critical control parameters of the system are identified after the eigenvalue 127
and sensitivity analysis on the system matrix. After finding the stability do- 128
mains of the critical parameters, GWO is used to find the optimal critical pa- 129

rameters for the controllers. 130
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. The DG system’s stability and power sharing characteristics are verified in
time domain simulations by applying different load disturbances at different
time steps.
o Finally, it is shown that the resiliency of the DG system is significantly im-

DGl

proved by comparing different stability indices.

The remainder of this paper is organized as follows. Section 2 provides a detailed
description of the mathematical modeling and equations of the MG components. In sec-
tion 3, the linearization and state space equations of the MG system is discussed in detail.
In section 4, eigenvalue, and sensitivity analysis of the MG system are investigated. Fur-
thermore, critical control parameters of each component are recognized, and the parame-
ter stability domains are presented. After which, the optimal control parameters are de-
rived using GWO. Section 5 presents the simulation results and performance evaluation
of the optimal parameters. Finally, conclusions and discussions of the future work are
presented in section 6.

2. Mathematical Modeling

In this work, we consider a microgrid with two DGs connected through a power line
with impedance Z. The system is shown in Figure 1(a). Each DG is connected to a static
load. Figure 1(b) shows the DGs’ system block diagram including the LCL filter, voltage
and current controller, PLL and power controller. The mathematical modelling of each
component along with the dynamics of the loads and the network are discussed in the
following sections. The equations are linearized around the operating point and the state
space model of the system is derived later.
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Figure 1. (a) Microgrid Under Test; (b) DG System Block Diagram

2.1. Droop Control with Secondary Control Loop

In this work, the power controller is a droop control with a secondary control loop.
A low pass filter is used to remove the higher harmonics of the instantaneous powers P
and Q. These instantaneous powers are calculated using inverter’s output voltages and
currents (Voq, ijq) Vog, lig) as expressed in (1) and (2).

We

P= St P> P=-Pw,+ (Voaim -}— voqiiq) W 1)
P
We . ) )
Q= s+, Q= Q=-Qw,+ (anlid '|: Uodliq) We (2)
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Figure 2. (a) Secondary Control Loop [5]; (b) Power Controller with Droop Control

Figure 2(a) shows the secondary control loop design of the power controller used in
the suggested MG [5]. The secondary control loop collects the power outputs P and Q of
each inverter and then calculates the reference active/reactive powers according to the
inverter’s power ratings. In this work, the power ratings of the inverters are assumed to
be equal (P;, = P,,) and the studied MG is considered as a low voltage MG. In the low
voltage MGs, the output reactance is lower than the output resistance of the inverter.
Therefore, a P-f/Q-V droop can be well-implemented, which is commonly used for low

voltage MGs. The block diagram of the droop controller is presented in Figure 2(b) and
the corresponding equations are shown in (3)-(4) for each of the DGs: (i=1, 2)
W'y = wn_n(Pref_Pi) 3)
17*oqi =v" - m(Qref - Q) 4)

2.2. Phase Locked Loop (PLL)

PLL is used to model the effects of load changes on the system’s frequency. Figure
3(a) shows the PLL used for the small signal analysis of the DG system. This PLL is mod-
eled in the dqg-axis reference frame [7]. The input of the model is the d-axis voltage of the
capacitor, Cy. The PLL tracks phase angle using a PI controller. The input of the PLL is the
d-axis of the measured output voltage, and it is set to zero (v,4 = 0). Also, the voltage of
the load is considered to be in g-axis (v,q). Following are the equations related to the de-

sign of the corresponding PLL:
dv, d
d_otf = WepttVoa — WeptiVodf )
dpu
i ©
ds
at = Wpy (7)

wpy = 1207 — kpp”vodf + kipu(l)pu (8)
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2.3. IMC-Based Voltage and Current Controller

Figure 3(b) shows the IMC-based voltage and current controller which uses PI, PD
and PID controllers to control the output voltage and current of the filter along with the
frequency of the system [3]. By using IMC, the system’s output can be predicted through
different control signals in the feed-forward loop. Another advantage of the IMC is that
the set points can be changed using a feedback loop to balance out the different model

mismatch and disturbances.
2.3.1. Voltage Controller

Mathematical modeling of the internal model-based voltage controller with filter dy-

namics is derived from [3]. The control parameters are described as below:

Cr

TCCf , (A)CfTE
5 kw=
Ay + Ry

“ A, +R, "W FR, w7

kpy =

v+Rd

)

As shown in Figure 3(b), the reference frequency and the output voltage from the
power controller are used as set-points for the voltage controller. The difference between
droop frequency and the voltage from the load and their set-points are calculated and sent
to the IMC voltage controller. ¢, and ¢, are the states of the IMC voltage controller.

(10)-(13) show the equations related to the voltage controller.

mﬂ =Wy —w"
dt pll
ddg _ .

10 = (e, + 5lea,) (0 0g — Vo) + (', + 222 -

i"1g = (kp, + ska,) (Voqg = Voq) + (K'p, S ) (Wpy — @")
—_— - s

kpdy, () k' piy(s)

k';
g = (kpv + Skdv) (“)pll - “’*) = (k'p, + Slv) (U*oq - ”oq)
kpdv(s) W

Current Controller

Voltage Controller

I

Voar Wput §

Wepu

120m

i,

(a) (b)
Figure 3. (a) Phase Locked Loop Architecture; (b) IMC-Based Voltage and Current Controller

2.3.2. Current Controller

km,(s)

K (5)

(10)

(11)

(12)

(13)

IMC current controller is designed and implemented using the same methods pre-
sented in [2-3]. As it is seen from Figure 3(b), the filtered currents (iy4, i;q) are compared
with the voltage controller output (ijg,ij;)) and then the error is sent to the current
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controller. The output of the integrator, ¥, and y,, are considered as the state variables.
The corresponding differential equations and the control parameters of this controller are
shown in (14)-(18).

k _ T'prwm + Lf ki = T'f - prmLf(Uz k _ TmeLf k' _ Z(A)prmLf
pc lc ’ ic lc dc Ac ’ pc Ac
(14)
k’ _ Z(Lf + TprWm)
Y
C
dyq - .
ar =Llia~ la (15)
avg .. .
dar  tlTha (16)
. ki .. . L AT
Vg =\ kp, + skq, +? @ —ta) — (K'p + 5 ) (%19 — Ug) (17)
kpia.(s) k' pi(s)
. ki, . PN
Vg = | kp, + 5kq, +? (z q— zlq) + (k'p, + T) (g — la) (18)

1]
Kpidc() K'pc(s)

2.4. LCL Filter

The LCL filter is shown in Figure 1(b). This filter is used to eliminate the higher har-
monics. 7, and 7y are parasitic resistances of the inductor. The resistance of the capacitor
is also incorporated in the resistor R;. The method in [7] is used to design Ry. The filter
equations are shown in (19)-(21):

(dig 1. 1 1 ,
| === —""lig + 7 Vig =7 Voq + Wpnlyg
kﬁ = _Ellq + ;viq - ;vod — Wpulia
(dv,, 1 . diyg  digg
I d: = C_f (lia = ioa) + Rq (W - dnt ) + Wy Voq
| dVq _ 1 .. ) diyg  digg (20)
R aACRIORA v R
(dig 1 . .
I dt = E (Yoa — Vba — loaTe) + Wpiilog
\dip, 1 , , @
t? = E (qu ~ Ubq — laqrc) — Wplilod

2.5. Network and Load Model

As it is seen in Figure 1(a), Z represents the line impedance between the two mi-
crogrids. This impedance has a direct effect on the power sharing between the two invert-
ers. The transmission line is mathematically modeled as below:

(dilineDl 1
I—dt =1 (Ybp1 — Vbp2 — liinep1Riine) t Witineg1

. line (22)
| dllinte _ 1

dt L (VbQ1 — UbQ2 — ilinteRline) — Wljinep1
k line
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A static load including a combination of resistors and inductors is connected to each 212
bus of the system. They are modeled using the following equations. Fori=1, 2 we have: 213

214
(di : 1
loadDi . .
I dt = 2 (bpi = lioaapiRioadi) + ®putioaaqi
loadi
: 23
| ditogagi _ 1 . _ (23)
k dat L (Vboi — fioadqiRioadi) = Wpiilioadni
loadi
215

Because the system frequency is constant, w,; appears in the network and load 216
equations. In the equations, the variables which have DQ as the subscript, are in the global =~ 217
reference frame. The first MG is considered as the reference frame for the whole study. 218
The new phase angles for the DGs considering the reference frame, are presented in (24). 219

220
6; = w — W =0
{ 1 pll,1 pll,1 (2 )

6, = Wpi1,2 — Wpir,1

3. Microgrid Model 221

The steady state operating point of the system is found by linearizing the nonlinear 222
equations using linear analysis tool in MATLAB SIMULINK. The DG system model is then =~ 223
linearized around the operating point and the state space representation is obtained as 224

(25). 225
X = A% + Bil 25)

In this equation, u represents the input and consists of the following: 226
u = [Vppy Vbg1 Vbp2 UbQZ]T (26)

In this microgrid every DG has 15 states. The load model has 4 states, and the net- 227
work model has 2 states. Hence, the state space representation has 36 states in total. Matrix =~ 228
x in (27) represents the state variables. 229

X = [xinveterl Xinveter2 Xline xluad]T (27)

The bus voltages should also be considered in the system matrix (A) to accurately predict 230
the load changes. In this respect, a large virtual resistor (Ry) is considered to have mini- 231
mum effects on the dynamics of the system. By introducing Ry, the input matrix u is 232
determined in terms of the states using (28). 233

(me = Ry(lop1 — Lioaap1 — tiinen12)
4 Vpo1 = Rn(log1 — lioade1 — liinegi2) 28)

| Vbp2 = Ry (iop2 = lioaapz + llinen12)

kquz = Ry (iog2 = lioaapz + liinen12)

As previously discussed, MG1 is assumed as the reference. It is important to transform all 234
the variables from their local reference to a global reference frame, because all the mathe- 235
matical models were derived in each of the component’s local frame. This transformation 236
is carried out using (29). 237

{[FD] _ [c056 —sin 5] [Fa]
4 Folgiopar  lsind  cosé 11F

i [Fd] _[cosé sin6] [FD]
| o —sin§ cosé 1 |Fg

Local

Local (29)

Global
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& represents the phase angle between the global and the local reference frame. This equa-
tion is also linearized and incorporated to the system matrix.

4. Control Parameter Optimization

The eigenvalues of matrix A in the state space representation shown in (27), are the
system’s poles. By tuning the control parameters of the system, the critical control param-
eters are found. As it is shown in Figure 4(1)., the eigenvalue spectrum of matrix A can be
divided into three frequency regions: high, medium, and low frequency. It is known that
the control parameters related to the power controller are in the low frequency region.
These parameters are also generally known as dominant mode. It is also demonstrated
that the critical parameters concerning the IMC based voltage and current controllers are
in the medium and high frequency regions.

The values of 1,and 4, are estimated and then tuned (1, = 10* A, = 107°). In Ta-
ble 1, the control parameters, and parameters of the microgrid are shown. In Figure 4(b)
the eigenvalue analysis is presented by changing the “m” parameter of the droop control-
ler. By repeating the same analysis for other control parameters, the domain of the critical
parameters are obtained as follows: n, €[107°,107%];m, € [107°,107%];K, €
[1,120]; k), € [6.72¢ — 3,0.25]; ki, € [1,105]; ky,, € [0.01,12]; k, € [1,272]. These do-
mains will help to improve computational efficiency during the optimization process. It
is noteworthy to mention that the other parameters do not have significant effects on the
power sharing, stability, and resiliency of the system.

Table 1. Microgrid Parameters

Parameters Value Parameters Value Parameters Value
kp, 0.34 Wepn 9420 Ripaa1 22.96 O
ka, 2.14e-4 Ly 1.35 mH Ripaaz 25.0Q
ke, 23149 75 0.15 Q Riine 0.230Q
ki, 14334.47 Cr 1500 uF Lioaar 2.52 mH
ka, 0.008 L, 0.35 mH Livads 537 mH
k', 1.51 T 0.03 O Liine 0.32 mH
k's, 31.72 ki,, 0.25 w, 37.68
k', 4.239 Ry 0.14 m 2.9e-4
k', 271.5 fsw 10 kHz n 3.1e-3
v 380 Ky 8

In this paper, Grey Wolf Optimizer [10] is used to optimize the parameters of the control-
lers. . This algorithm is inspired by the hierarchy and hunting methods of the grey wolves.
The advantages of this method over other heuristic methods are that it is flexible and easy
to implement, and it is applicable to different problems without any significant changes.
Also, this method has a better exploration ability in comparison with other methods, es-
pecially in the power electronics applications.

Power sharing is an important aspect of the operation of the parallel inverters. Therefore,
the objective is considered as a deviation from a reference reactive power (Q,f). For the
optimization, the objective presented in (32) is considered with the constraints shown in
(33). A population size of 15 and an iteration number of 50 are assumed for the optimiza-
tion. Figure 5 presents the objective function convergence with respect to the iterations.
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The derived optimal values for the critical parameters np,mq,Ke,k;),,, Kiy, kpy, kpe are: 273
0.008, 9.018e-05, 120, 0.133, 1.320, 20.240 and 283.6611, respectively. The derived optimal 274
values for the critical parameters np,mq,Ke,k,’,U,k{,,, kpy, kpe are: 0.008, 9.018e-05, 120, 275
0.133, 1.320, 20.240 and 283.6611, respectively. 276

277
min F = (Qm - Qref)z (30)

it < n, < nPex
m[{‘m < mg < myg*
k™ < ko < kJ
kit < kel < ke
K < k< kX
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kgin < ke, < ki
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Best Function Value: 7.32401e-12
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Figure 5. Optimization Convergence Plot 278



47

Sustainability 2021, 13, x FOR PEER REVIEW 12 of 15

5. Simulation Results

An active load of 5kW is added to DG1 between 1s and 1.5s and another active load
of 10kw is connected to DG2 between 1.5s and 2s.

Figure 6 shows the active and reactive power sharing between the two DGs using the
proposed critical parameters in time-domain simulation. Equal power sharing between
the DGs exists in steady-state condition. It is shown that from 1 tol.5 seconds, DG1 is
sharing more power due to the increase of load 1. Similarly, DG2 is sharing more power
from 1.5 to 2 seconds when load 2 is increased. The stability of the frequency and the g-
axis voltage of the DGs are also presented in Figures 6(a) and 6 (b), respectively. It is
shown that both voltage and frequency are regulated within the acceptable range. Figure
6 also shows that the stability of voltage and frequency is maintained by fast restoration, thus prov-
ing the improvement of the resiliency of the system.

In order to evaluate the performance of the proposed critical parameters of the sys-
tem, two disturbances (a small and a large one) are applied. The results using the obtained
critical parameters are shown in Table 2. The DGs’ stability and resiliency performance
are reported as rising time (t,.), overshoot (M) and settling time (t;). For comparison, the
same analysis is executed for the control parameters derived from the conventional meth-
ods and the results are presented in Table 3. For instance, the overshoot (M,,) for both DGs
in case of small disturbance in Table 2 are much less than the overshoot of the DGs with
small disturbance in Table 3. We can see the same improvement for the ¢, and tg indices
in Table 2 in comparison with Table 3. Hence, the effectiveness of the proposed parame-
ters identification method is verified.
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Figure 6. (a) Active Power Sharing and Frequency Characteristics of the Two DGs; (b) Reactive Power Sharing and g-axis
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Table 2. Performance Evaluation of the Proposed Critical Parameters

Parameters Small Disturbance Large Disturbance
1-1.5s 1.5-2s
DG1 DG2 DG1 DG2
t.(s) 0.0947 s 0.0942 s 0.011s 0.013s
M, (%) 0.98 % 0.23 % 2.47 % 1.7 %
ts(s) 0.074 s 0.078 s 0.11s 0.085s
Table 3. Performance Evaluation of the Conventional Controllers
Parameters Small Disturbance Large Disturbance
1-1.5s 1.5-2s
DG1 DG2 DG1 DG2
t-(s) 0.129s 0.142s 0.62's 0.34s
M, (%) 5.87 % 8.68 % 3.69 % 6.12 %
ts(s) 0.69s 0.63 s 0.141s 0.158 s

Especially less settling time (t) in the critical parameters case shows fast restoration
after applying the disturbances, and less overshoot (M,) leads to less chance of damaging
the equipment in the DG system while restoration. Consequently, the results show the
improvement of the resiliency as well.

6. Conclusions and Future Work

In this work, the stability, resiliency and power sharing characteristics of IDGs com-
prising of a droop control with a secondary control loop and an IMC-based voltage and
current controller is studied. Accurate mathematical modeling and equations of each of
the mentioned components along with PLL, and the network and load models are dis-
cussed. The equations are then modeled using MATLAB, SIMULINK, after which an op-
erating point is derived, and the equations are linearized around that operating point us-
ing the Linear Analysis Tool. The state space equations of the system are presented and the
eigenvalue and sensitivity analysis of the IDG are presented using the system matrix (4).
The critical parameters are identified, and stability domains of these parameters are pre-
sented. Moreover, a GWO algorithm is proposed to find the optimal control parameters
and to improve the stability, resiliency, and power sharing in the system. Various load
disturbances are applied in different time steps to show the effectiveness of the proposed
GWO algorithm in the time domain simulations. Finally, different stability indices are
calculated to verify the stability and resiliency of the DG system. The results show an im-
proved performance in comparison to the DG system with conventional droop controller.

In our future work, the performance of the proposed IDG system will be compared
with other control schemes. Also, different optimization techniques will be investigated.
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CHAPTER FIVE

RESILIENCE-ORIENTED OPTIMAL SIZING AND SITING OF ENERGY STORAGE

SYSTEMS IN MULTI-MICROGRID DISTRIBUTION SYSTEMS

Abstract

Using Energy Storage Systems (ESSs) has been shown to be one of the most effective ways
to increase the reliability and resiliency as well as energy balance in active distribution networks.
In this chapter, a novel resilience- oriented algorithm is proposed for optimal siting, and sizing of
ESSs in multi-microgrid distribution networks. Within this context, this chapter proposes a multi-
objective procedure to minimize network loss and the energy flow costs. The proposed procedure
takes into account the sensitivity analysis to model the investment costs in order to improve the
resiliency of the microgrids. The proposed optimization problem, which is non-convex, nonlinear
and mixed-integer problem is solved using novel heuristic methods including a two-stage iterative
process. The first stage consists of a genetic algorithm which gives a primary solution to the place
and size of the ESSs. The second stage evaluates the solutions from the first part by solving an AC
optimal power flow. A benchmark multi-microgrid distribution system is used as the case study to
analyze the effectiveness of the proposed methodology using different investment costs. Finally,

a fault scenario is examined to evaluate the resiliency of the system.
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Introduction

To reduce the carbon emission and increase the energy sustainability, Distributed
Generations (DGs) based on renewable energy resources are utilized in the distribution networks.
For instance, in the past decades a lot of wind farms and solar PV panels were installed to increase
the penetration of renewable energy into the electricity grid. Although renewable energies provide
a cleaner energy and decrease greenhouse gasses emissions, they pose some new challenges. These
challenges can span from some issues like stability and line congestion to power quality and
reactive power requirement [1] [2]-[4]. Energy Storage System (ESS) integration is introduced as
a promising solution to address the issues arisen from the intermittent nature of distributed
renewable energy sources (DRES) in order to improve the system’s stability, reliability, resiliency
[5]-[8].

Moreover, in [9] the wind rooftops are introduced as a way to provide energy for the local
demand. [9], [10] show that placing ESSs is the best solution or problems like storing the excess
energy and reducing the power flow congestion.

In this respect, one of the main problems associated with the use of ESSs is to find their
optimal place and size in order to increase the system resilience.

In [11] a new energy management technique including economic strategies for operation
of system and sizing of battery storage is proposed. The objective of this energy management
technique is to minimize the total operation cost of an on-grid microgrid. Further, [12] proposes
an optimal sizing and allocation of a battery-PV-wind-diesel hybrid energy system to minimize

the total cost and reduce total emission as well as to increase the life cycle of the battery. Optimal
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sizing of battery storage system is also investigated in [13] for minimizing the power losses in the
electrical distribution networks.

This chapter proposes a novel two-stage iterative algorithm for optimal planning of ESSs
in order to improve the network loss and minimize the energy flow cost. Also, an investment cost
is introduced based on the sensitivity analysis. In the first stage of the proposed method, the optimal
size and location of the ESS units are obtained using the Genetic Algorithm (GA). A fitness
function is then calculated using the solutions and the investment cost of the ESSs. The fitness is
then evaluated using an optimal AC Optimal Power Flow (AC-OPF). The AC-OPF considers a
multi-objective function consisting of improving the system resiliency and minimizing the cost of
the exchanged energy with the utility grid.

The remainder of this chapter is organized as follows. Section 2 provides a detailed
description of the problem formulation. In section 3, the benchmark multi-microgrid active
distribution system is introduced and the proposed ESS planning method is investigated on this
system considering a constant investment cost. The obtained results from the proposed
optimization method are then presented using different tables and figures. Further, an investment
cost is introduced based on the sensitivity analysis of the MGs and the improvement of the system
resilience is demonstrated. Also, a fault scenario is considered to show the effectiveness of the
proposed optimal planning of the ESSs. Finally, main conclusions and discussions of the future

work are presented in section 4.

Problem Description

In active distribution network the problem is arisen from the fact that there is no direct

control over non-dispatchable DGs. Therefore, the objective is to install a few numbers of ESSs in
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order to overcome the unpredictable and intermittent power generation from DGs. This paper will
address the optimal location and size of the pre-determined amount ESS units in a multi-microgrid

distribution system. The objective function of the proposed planning problem is presented in (1).

Objective = ~Wigsslioss + Win(). CE ) )
t

It is assumed that the multi-microgrid system is connected to an external grid, and the hourly
exchanged energy cost (CE) is provided. Also, like [12], it is supposed that all the ESSs have the
same operating and installing cost. The first term in (1) is related to the network loss. The second

term in (1) corresponds to the total exchanged energy cost with the external grid.

The weighting coefficients in the objective function (W, s, Wgp) are calculated using the
Analytical Hierarchy Process (AHP) [14],[15]. Global constrains of the problem are as follows: i)
Maximum number of ESSs installed in each MG ii) ESSs capacity and operating constraints (such

as, ESS capability curves and energy reservoir bounds) iii) Constraints of the AC-OPF.

The proposed problem is a mixed-integer, nonconvex and nonlinear problem. A hybrid
approach consisting of an AC-OPF and a Genetic Algorithm (GA) is proposed to deal with the
complexity of this problem. The general scheme of the proposed approach is presented in Fig. 1.
As presented in the figure, for the master problem, a GA algorithm is used to find a first solution
to the siting and sizing of the ESSs. After which a sub-problem is defined that involves a fitness
function consisting of the GA solution and the AC-OPF objectives. More details about the AC-

OPF and the GA are presented in the following sections.
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ESS Site
and Size

Master
Problem
(GA)

Subproblem
(AC-OPF)

Fitness

Fig. 1. The general Scheme of the suggested ESS Planning

Master Problem: Genetic Algorithm

The master problem finds the first optimal solution to the optimal siting and sizing of the ESS
units. A GA approach is incorporated to find a solution to the optimization problem. The fitness
value consists of the objective value of the subproblem (which is explained in the next subsection)
and the investment cost of the ESS units. According to what was described previously, the GA
fitness is presented in (2). In this equation, C;,,,, represents the investment cost and Objectiveg,,,
is the objective for the subproblem. Three constraints are considered for the master problem: (i)
the total capacity of ESSs which can be installed in each node (ii) the total ESSs capacity which is

available (iif) maximum number of nodes that the ESSs can be installed.

Fg4 = Cppy + Objectivegy, 2)
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The Obijective Function

The objective function uses the solution from the master problem and performs a daily AC-

OPF with the objectives introduced in (1) and then returns value to the master problem (Fig. 1).

As described, the objective is shown in (1). The constraints for the subproblem consist of: (i) the
upper and lower voltage limits and the load balance equations known from the power flow (3)-(5)

(ii) the ESS constraints (6)-(10).

. 3
Vit Z(Vj,t(Gi,j sin(8;c — 8;)) — Bij cos(8;, — 8;,)) = Q6;, t QEss;; — Qg ®)
j

. 4
Vie Z(Vj,t(Gi,j cos(8;c — &) + By sin(8;r — 8;)) = Pg;, + Pgss;, — Pr;, @
J

Vmin < Vi,t < Vmax (5)

The maximum amount of energy that can be stored or taken from an ESS are demonstrated
in equations (6) and (7). It is important to mention that in this work, it is assumed that the
absorption and the generation of power do not change the energy reservoir level (this assumption
is logical since most power converters have a high efficiency in the current AC grids).

Plss, Atn; < Ess, Vt,t=12,..,24 ()
t'=0
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! 7
_PEtSSiAtT]i < Eg_ls%f - Eg_gsi t = 1,2, ,24 ( )
t'=0
EFSS, < Efss, < ERE (8)
PESS; < Pess, < PSS ©)
(Pgss)? + (Qfss)? < (CEs5Y)? (10)

Equations (8) and (9) are related to the maximum and minimum energy and real power
rating of the ESS units. Finally, equation (10) defines the limit for the maximum capability curve
of the ESSs. Since the it is assumed that power converters are used in the grid, the capability curve
will be limited by the ampacity of the of the power converter. In this work, the AC grid voltage is
considered to be constant; so, the ampacity could be translated to the apparent power of the ESS

[15].

Simulation and Results

A benchmark multi-microgrid system is used to evaluate the proposed scheme (Fig. 2).

Full details and specification of each MG is presented in [16].

In this work, it is assumed that the synchronous generators and the wind turbines are not
functional. The loads are only supplied by the non-dispatchable distributed generations (DGs)
using the PV panels. In case the PV generation is not enough, the loads will be supplied by the

energy bought from the utility grid.
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The loads in this study are voltage independent PQ absorbers. The total active and reactive load of
each one of the MGs are presented in Fig. 3. The same load pattern is assumed for each MG;
however, the amount has been scaled according to the size of the corresponding MG. Also, the
total PV generation is presented in Fig. 4. The reactive power injective of the PVs are considered
to be zero. loads and the PV generation are presented for a winter day and a base power of 500

kVA is considered for this study.

The PV blocks in Fig. 2 shows the buses with incorporated PV generation. It is assumed
that in each MG maximum number of 3 ESSs can be installed. Also, the total ESS power is
considered to be 600 kW with a relevant energy capacity of 3MWh. Moreover, an efficiency of

80% is considered for the charging/discharging modes.
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Fig. 2. The benchmark multi-microgrid system [16]
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Fig. 5. Changes of the objective function due to keeping the sizing constant and randomly
changing the siting

ESS Placement with Constant Investment Cost

The optimization problem is solved for each one of the MGs individually considering a
constant investment cost of 5000 $/unit and the results for the optimal place and size of the ESSs
are presented in Table 1. Moreover, in Table 2, for each MG, the objective values are shown for
both with and without the optimal ESS allocation. As presented in the table, by using the optimal
planning of the ESS, there will be major improvements in the values of loss and the cost of energy.
To evaluate the effectiveness of the algorithm even further, the siting of the ESSs were randomly
changed while keeping the sizing constant. The changes of the objective are brought in Fig. 5. The

red circle in each plot represents the optimal siting that was derived using the proposed scheme.
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As can be seen, the case represented by the red circle also has the minimum objective value, hence

proving that it’s the optimal case as suggested by the proposed method.

Table 1. Optimal Siting and Sizing of The ESS Units with Constant Investment Cost

MG1
Bus number 101 105 106
Power Rating (kW) 234 266 100
Capacity (MWh) 1.1 1.3 0.6
MG2
Bus number 209 205 206
Power Rating (kW) 180 220 200
Capacity (MWh) 0.7 1.2 1.1
MG3
Bus number 310 318 316
Power Rating (kW) 230 160 210
Capacity (MWh) 1.15 0.8 1.05
MG4
Bus number 403 404 402
Power Rating (kW) 240 270 90
Capacity (MWh) 1.1 1.3 0.6

ESS Placement with Investment Cost based on Sensitivity Analysis

In the last case, the investment cost was considered a constant value for every bus. To
improve upon this and consider the voltage stability of the MGs, an investment cost based on the
voltage sensitivity analysis is introduced below.

Voltage Sensitivity Coefficients (VSCs) are calculated for the sensitivity analysis of the grid. For

a given operating state @, sensitivity matrix for active power ([VSC?]z«y) is calculated whose
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Table 2. Cost of Energy and Loss Before and After the ESS Planning with Constant Investment

Cost
MG1
Objective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 2.6 64
With Optimal ESS Allocation 1.8 9
MG2
Objective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 3.4 92
With Optimal ESS Allocation 2.3 21
MG3
Objective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 8.2 167
With Optimal ESS Allocation 4.3 58
MG4
Obijective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 17 72
With Optimal ESS Allocation 8.3 15

elements are defined in (11) where N is the set of all the network nodes and B is the set of all the

PV nodes. VSC is defined as:

P Vi
11

As an example, the calculated VSCFfor MG1 is shown below:
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0.02 032 0.024 0.16 0.1 0.08

VScP = [0.07 0.19 0.29 0.033 0.11 0.04
0.1 0.2 0.23 0.3 0.03 0.12

As can be seen, in the first row, the fourth coefficient has the largest amount. This means that in
MG1, the PV on bus 102 will mostly affect the voltage of bus 104. Therefore, less investment cost
should be considered for this bus. So, by deriving VSC? in each MG, the influence of each PV bus
on the other buses can be interpreted.

Table 3. Optimal Siting and Sizing of The ESS Units with Investment Cost Based on Sensitivity

Analysis
MG1
Bus number 102 103 104
Power Rating (kW) 230 270 100
Capacity (MWh) 1 1.4 0.6
MG2
Bus number 202 205 208
Power Rating (kW) 190 210 200
Capacity (MWh) 0.8 1.1 1.1
MG3
Bus number 303 315 317
Power Rating (kW) 230 170 200
Capacity (MWh) 1.15 0.9 0.95
MG4
Bus number 405 406 407
Power Rating (kW) 230 275 95
Capacity (MWh) 1.1 1.25 0.65

The bus with the most sensitivity should have the least investment cost to encourage the

operators to install ESSs on the buses that need it most. Thus, the new investment cost is defined
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as a logarithmic function as shown in (12). The trend of the new investment cost is also
demonstrated in Fig. 6. The optimal siting and sizing of the ESS units with the new investment
cost is shown in Table 3. Moreover, the cost of energy and loss are also brought in Table 4.
New Investment Cost = —log,(VSCF) (12)

Table 4. Cost of Energy and Loss Before and After the ESS Planning with Investment Cost
Based on Sensitivity Analysis

MG1
Objective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 2.6 64
With Optimal ESS Allocation 1.5 6
MG2
Objective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 34 92
With Optimal ESS Allocation 2.15 25
MG3
Objective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 8.2 167
With Optimal ESS Allocation 4.2 42
MG4
Objective Loss (MWh/day) Cost of Energy ($/day)
Without ESS 17 72
With Optimal ESS Allocation 6.9 9

To verify the effectiveness of the new investment cost, the voltage profile of MG1 during
normal operation is shown in three cases: 1) Without the ESS units (Fig. 7 (a)) 11) With ESS units

and constant investment cost (Fig. 7 (b)) 111) With ESS units and investment cost based on the
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voltage sensitivity analysis (Fig. 7 (c)). As demonstrated in the figures, Fig. 7 (c) (with the new

investment cost) shows a more stable voltage on all the buses in comparison to the other two cases.

Fault Scenario

For further performance evaluation, a fault scenario is tested for MG1. The PVs on buses
102 and 103 are assumed to be out of work. The voltage profile of MG1 is again shown in three
cases: 1) Without the ESS units (Fig. 8 (a)) I1) With ESS units and constant investment cost (Fig.
8 (b)) 1) With ESS units and investment cost based on the voltage sensitivity analysis (Fig. 8
(c)). As can be seen in Fig. 8(c), the voltage profile in presence of the ESSs and the new investment
cost is more stable than the other two cases and MG1’s resiliency has been improved using the

optimal siting and sizing of the ESSs.

-log,(x)

Fig. 6. The trend of the new investment cost

Conclusion and Future Work

This paper discusses a planning optimization problem relating to siting and sizing of the
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ESSs with the goal of minimizing the network loss and energy cost from the grid in a multi-

microgrid system.

The mentioned problem is a mixed-integer, nonlinear and non-convex problem. Due to the

complexity of this problem, a two-stage process is introduced. The two stage iterative process

consists of two parts: (i) the first part, a GA algorithm is used to find the site and size of the ESS

units (i) in the second stage, the fitness of the first part is evaluated using an AC-OPF.
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A benchmark multi-microgrid system is studied to show the effectiveness of the proposed
method to find the optimal allocation of the ESSs. In this study, loads and PV absorption and
generation has been considered for a winter day. Also, two investment costs are considered for the
simulation: one constant and another one based on the voltage sensitivity analysis. The results
from applying the proposed scheme has shown major improvements in the objectives which were
considered, namely the network loss and the exchange energy cost with the utility grid. As a result,

the proposed method has shown to be effective to increase the resiliency and improve the energy
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Overall, the investment cost based on the sensitivity analysis had a better performance in
maintaining the voltage stability and improving the resiliency of the system. A fault scenario was
also examined to verify the performance of the ESSs’ siting and sizing.

In our future work, we will consider different resiliency indices along with different
scenarios. Also, instead of considering a fixed number of ESSs for each MG, an optimization
problem for the number of ESSs will be conducted in a form of multilevel optimization. Finally, a
scheme will be investigated to implement the optimization problem for the whole multi-MG

system rather that optimizing each MG individually.
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