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Abstract

Abstract

The increasing integration of renewable energy resources into power systems has heightened the
need for advanced optimization methods to maintain the grid’s stability and efficiency. This the-
sis presents a framework that integrates Electromagnetic Transient (EMT) simulations in PSCAD/
EMTDC with a genetic algorithm (GA) optimizer, implemented through Python’s PyGAD open-
source library, to optimize the placement and sizing of battery energy storage systems (BESS).
The primary objective is to enhance frequency regulation in response to disturbances caused by
the variability of solar power generation. A 12-bus power system, incorporating both synchronous
machines and a solar power plant, is modeled and simulated. Candidate BESS locations are se-
lected with the goal of optimization being to determine the most suited location as well as the size
of the required BESS. The objective function considers both the frequency nadir and a measure of
the cost associated with the number of BESS units deployed. Simulation results show that the GA
successfully identifies optimal BESS configurations, demonstrating that without a cost constraint,
the optimizer favors the deployment of a large number of units with low droop settings to minimize
frequency deviation. Including the cost terms results in a more balanced trade-off between perfor-
mance and asset cost. The study further highlights the significant impact of BESS placement on
system frequency response, underscoring the importance of strategic siting in future grid planning.
The proposed EMT-based optimization framework provides a robust and accurate approach for

addressing complex, non-linear optimization problems in modern, renewable-rich power systems.
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Chapter 1

Introduction

1.1 Background and Literature Review

1.1.1 Diminishing Inertia in Power Systems

The growing penetration of renewable energy sources (RES) has changed the generation portfolio
of modern power systems. This transition is primarily driven by escalating environmental concerns
— particularly the urgent need to reduce greenhouse gas emissions — and by the escalating de-
pletion of conventional fossil fuel reserves [1]. In addition, the rapid decline in the capital costs of
photovoltaic (PV) and wind power generation technologies has further accelerated this transition.
Faster installation and commissioning processes, modular system designs, and strong government
incentives with supportive energy policies have also played key roles [2,3]. Together, these factors
have significantly reduced the barriers to RES deployment, allowing for large-scale expansion and
smooth integration into existing power grids.

System inertia reflects a power system’s ability to resist rapid frequency changes during supply-

demand imbalances. The system frequency serves as an indicator of the degree of imbalance be-
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1.1 Background and Literature Review

tween power supply and demand. Traditionally, synchronous machines with heavy rotating masses
provide this inertia by absorbing or releasing kinetic energy, helping to maintain stability and
limit frequency excursions. However, the growing replacement of conventional generators with
converter-based renewable sources significantly reduces inertia, weakening the response of fre-
quency and increasing instability risks. As a result, frequency regulation has become a critical
challenge in modern power systems with diminishing inertia. Significant concerns arise from large
frequency deviations, including damage to generating units, potential equipment malfunction, and
transmission line overloading, all of which can create unstable conditions that pose serious chal-
lenges to power system reliability and operation [4—6]. A typical frequency response in a power
system following a supply—demand imbalance is illustrated in Figure 1.1 [7].
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Figure 1.1: Typical response of frequency in a power system [7].
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Ignoring the governor action, the initial stage of this response, known as the inertial response,

can be represented by the swing equation given as follows [8]:

d
2Hd{ = Pyen — Pload (1.1)

where H is the system inertia in seconds, f is system frequency in pu, Py, is the generated power
in pu, and Fly,q 1s the load demand in pu. The inertial response is commonly characterized by two
parameters: the rate of change of frequency (RoC'oF’) and the frequency nadir ( fyaqir); RoCoF rep-
resents the initial slope of the inertial response following a supply—demand imbalance, and f,qi;
denotes the lowest frequency reached during the event. Based on the swing equation and the shape
of the inertial response, both parameters are inversely proportional to the system inertia (/). Con-
sequently, reduced inertia worsens frequency stability and may lead to violations of frequency
regulation standards established by transmission system operators (TSOs). For instance the Euro-
pean Network of Transmission System Operators for Electricity (ENTSO-E) requires generating
units to withstand RoCoF up to £2.0 Hz/s for 0.5 seconds, +1.5 Hz/s for 1 second, and +1.25
Hz/s for 2 seconds without disconnecting from the grid [9]. Also, the frequency must remain above
49.0 Hz for normal contingencies (e.g., generator trip) and above 47.5 Hz for extreme disturbances

(system splits or severe imbalances) [10].

1.1.2 Solutions to Low-Inertia Systems

Various solutions have been proposed in the literature to address the challenges posed by low-inertia
power systems. One practical approach is the direct augmentation of rotating masses through syn-
chronous condensers (SCs), which store kinetic energy in their rotors and release or absorb energy

during power imbalances [11]. However, the considerable operating and capital costs associated




1.1 Background and Literature Review

with synchronous condensers have limited their widespread adoption for improving system iner-
tia [12]. Converter-interfaced energy storage devices have also been investigated in the literature.
DC-link capacitors, which are primarily used to maintain the DC-side voltage of voltage source con-
verters (VSCs), are utilized to support the system in frequency events. While tolerating a dip in the
DC voltage, the energy stored in these capacitors is tapped into to assist the system undergoing fre-
quency deviations [13—15]. These small amounts of energy, however, are typically insufficient for
use during major frequency events. Superconducting magnetic energy storage systems (SMESSs)
utilize direct current and store energy within a magnetic field; they have been proposed for regula-
tion of frequency in [16, 17]. To deliver fast frequency support, [ 18] incorporated supercapacitors
in a hybrid power plant. An accurate dynamic model of supercapacitor banks is presented for power
system simulations in [19] highlighting their high power density and rapid response, thus making
them promising for fast frequency support and transient stability enhancement.

Among all energy storage devices, battery energy storage systems (BESSs) have been at the
center of attention for several reasons. As shown in Figure 1.2, lithium-ion battery pack prices have
continued their long-term downward trend, reaching a record low global average of US$108/kWh
in 2025—an 8% decline from the previous year and a remarkable 93% reduction since 2010 [20].
BESS offers near-instantaneous response times (milliseconds to seconds), ideal for ancillary ser-
vices such as frequency control and black-start capabilities [21-25]. Lithium-ion BESS have also
been reported to achieve 90%+ round-trip efficiency, high energy density, and long cycle life (thou-

sands of cycles) [26-28].
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Figure 1.2: Downward trend of battery pack prices; adopted from [29].

1.1.3 Challenges in Modeling and Simulation of BESS in Power Systems

Computer simulation models play vital rules in studying BESS connected to power systems. The
model must accurately and efficiently (from a computational viewpoint) exhibit the dynamics of
the BESS under various conditions such as de-blocked and blocked modes. However, for certain
studies—for instance, when the BESS is assumed to operate in the de-blocked mode throughout
the entire simulation time—the blocked mode may not be included.

A typical BESS consists of a battery, a DC-DC converter, and a 2-level VSC. Modeling BESS
for power system studies involves capturing the dynamics of batteries, converters, and controls

across various timescales including slow dynamics of the battery’s electrochemical process and
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fast and nonlinear dynamics of the units associated with the converter’s control. Such dynamics
necessitate the use of Electromagnetic Transient (EMT) simulation to accurately capture detailed
interactions between power electronic devices and the grid, ensuring reliable operation and planning
[30].

Modeling each switching element as a separate component allows for a highly accurate repre-
sentation of switching details. However, this approach suffers from the drawback of long simula-
tion times, as the conductance matrix of the entire network model must be re-inverted each time a
switch changes state. The situation becomes even more challenging when multiple BESS units are
connected to the grid at different bus locations for optimization purposes.

To address this, average-value models (AVMs) are employed to approximate the system’s be-
havior by averaging the quantities of interest over successive switching cycle. AVMs preserve
the low-frequency dynamics relevant to grid interactions while eliminating high-frequency rip-
ples [31,32] caused by switching. Such models maintain a constant conductance matrix, thereby

reducing the computational demands of the simulations.

1.1.4 Optimization of BESS Placement for Frequency Regulation

Rapid integration of renewable energy resources into power systems has escalated the need for
advanced optimization techniques to ensure grid stability and efficiency. BESS are pivotal in ad-
dressing the intermittency of renewable resources such as solar PV and wind power, providing
critical services such as frequency regulation, voltage support, and energy arbitrage. However,
determining the optimal placement and sizing of BESS within a power network is a complex, non-
linear problem that requires sophisticated computational approaches. This thesis proposes a frame-
work that combines EMT simulations with genetic algorithms (GA) to optimize BESS placement,

enhancing power system performance under high renewable penetration.

-6-
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Numerous studies have explored optimal BESS placement, targeting various objectives. For
instance, the authors of [33] developed a two-stage framework using the Harris Hawks Optimiza-
tion algorithm to boost microgrid self-consumption and hosting capacity under high renewable
penetration, achieving reduced power losses through strategic BESS placement. The work in [34]
introduced a DC optimal power flow-based approach for simultaneous BESS sizing and place-
ment, enhancing system reliability in a 24-bus IEEE test system. By solving a multi-objective
problem, [35] tackled BESS sizing and allocation for voltage regulation, factoring in battery lifes-
pan and employing an elitist non-dominated sorting GA to minimize energy losses and enhance
voltage profiles. Additionally, [36] proposed a stochastic planning framework for BESS in dis-
tribution networks with significant wind power, utilizing Monte Carlo simulation and differential
evolution to optimize wind power usage while reducing costs. Most of these studies were con-
ducted on non-EMT platforms. However, the growing presence of inverter-based resources (IBRs)
underscores the need for EMT simulations to ensure accuracy. The integration of EMT simulations
with optimization techniques has led to optimization-enabled EMT simulation (OE-EMTS), pre-
viously applied in tasks such as tuning the parameters of converter-intensive power systems [37],
designing controllers for HVDC systems [38], and optimizing parameters of a grid-forming mod-
ular multilevel converter [39].

Among various optimization techniques, this thesis adopts the GA for the following reasons:

* The problem addressed is inherently non-linear, involving both continuous and discrete pa-
rameters, with a complex objective function (OF) that may not be explicitly expressed in a

mathematical formulation.

* The main benefit of GA is that it does not rely on gradient information, making it well-suited

for finding the global optimum while avoiding local optima [40].




1.2 Motivation

This thesis aims at integrating EMT simulations with the flexibility of GA, facilitated by the open-
source PyGAD library [41] in Python. By utilizing simulation automation processes [42], the pro-
posed methodology facilitates seamless interaction between GA and EMT simulations, optimizing
BESS placement to improve frequency regulation. The approach optimizes parameters such as
BESS location, number of BESS units, and droop gains, employing a fitness function derived from
EMT simulation outputs to achieve an optimal OF value. The OF combines the frequency nadir,
which is a measure of the system’s operating fitness, with BESS cost, which is a measure of de-

ployment feasibility, thus balancing competing objectives.

1.2 Motivation

This thesis is motivated by the need to identify optimal location(s) within a power grid for inte-
grating BESS to enhance the system frequency response. It is worth noting that BESS can also
improve voltage stability; however, this study specifically focuses on improving frequency stabil-
ity. In addition to technical considerations, the optimization process indirectly accounts for the
cost implications associated with BESS deployment. While existing research provides a strong
foundation, several gaps remain that this work aims to address.

Current approaches to BESS placement optimization often rely on phasor-domain models,
which overlook EMT details that are critical during fast dynamics. This limitation is signifi-
cant because BESS control systems typically operate at much faster timescales than electrome-
chanical transients. Furthermore, detailed EMT models of BESS—arising from switching device
representations—are computationally intensive, leading to prohibitively long simulation times. To
overcome this challenge, this thesis develops average-value models that preserve dynamic accuracy

while reducing simulation runtime in EMT platforms.




1.3 Outline of the Thesis

Another gap identified in the literature is the absence of automated frameworks integrat-
ing EMT programs with external optimization engines. Such frameworks are crucial for lever-
aging EMT simulators as objective function evaluators while utilizing advanced optimization
algorithms—such as those implemented in Python—to optimize power system objectives effi-

ciently.

1.3 Outline of the Thesis

The remainder of this thesis is structured as follows.

Chapter 2: This chapter develops the average-value model of the BESS, encompassing
the battery, DC-DC converter, and 2-level VSC using circuit averaging techniques. It also
examines the control strategies for both the DC-DC converter and the VSC, designed to

regulate active and reactive power injection at the point of interconnection.

Chapter 3: A conceptual and methodological framework is introduced for integrating EMT
simulations in PSCAD/EMTDC with Python-based optimization workflows. The goal is to
create an automated, iterative process that performs parameter tuning, simulation execution,
performance evaluation through objective functions, and convergence using optimization
algorithms—eliminating manual intervention. This framework is particularly applicable to
power system design and control tasks where transient dynamics are critical, such as con-

troller tuning, fault response optimization, and stability improvement.

Chapter 4: This chapter investigates the optimal placement of BESS within a 12-bus bench-
mark power system using OE-EMTS with a GA optimizer. The system includes synchronous

generators and a solar power plant. Candidate locations for BESS are evaluated to determine
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1.3 Outline of the Thesis

both the most suitable placement and the required size. The objective function considers

frequency nadir and the cost implications of BESS units.

Chapter 5: This chapter concludes the thesis with a summary of its contributions, conclu-

sions made, and recommendations for future research.

-10 -



Chapter 2

Modeling and Control of BESS

The overall structure of a BESS is illustrated in Figure 2.1, which includes a battery pack, a DC-
DC converter, and a VSC [43,44]. The DC-DC converter boosts the battery voltage to a desired
level for use by the VSC. The DC-link capacitor maintains the DC voltage, providing a relatively
constant voltage for the VSC to convert into three-phase AC voltages, thereby delivering active and
reactive power to the grid. In this thesis, multiple BESSs are connected to the grid at different bus
locations for optimization purposes. However, only one BESS is active during each simulation,

while the others remain in idle mode.
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Figure 2.1: Schematic diagram of a battery energy storage system.
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This approach avoids lengthy, repetitive initialization periods required for synchronous ma-
chines in the grid, during which all BESSs operate in idle mode. When a contingency occurs, the
selected BESS at a specific bus is commanded to inject power into the grid to stabilize frequency.
Although most BESSs are in idle mode, they remain connected to the network and are included in
the network solution. Employing detailed switching models for these BESSs would be computa-
tionally intensive, as the conductance matrix of the entire network must be updated and re-inverted
at every time step. To mitigate this issue, an average-value model (AVM) for the BESS is developed
in the following sections. This model simplifies the detailed circuit by eliminating switching dy-
namics while preserving the low-frequency behavior of the converter, which aligns with the scope
of the thesis—focusing on the BESS behavior from the grid’s perspective, where internal switching

events are of lesser concern.

2.1 Modeling of a Battery

Various battery models, such as electrochemical and circuit-based models, have been explored in
the literature. Electrochemical models involve solving partial differential equations to describe
ion and electron movements during chemical reactions. However, the level of detail provided
by these models is often unnecessary for power system applications. In contrast, circuit-based
models represent the battery’s terminal voltage-current relationship. The simplest circuit-based
model consists of an internal voltage source in series with its internal resistance. In practice, the
battery’s internal voltage decreases as it charges/discharges. To account for this, the Shepherd
equation calculates the internal voltage based on the battery’s state-of-charge (SOC) [45]. This

model is illustrated in Figure 2.2.

-12 -



2.1 Modeling of a Battery

Shepherd Equation

Rbat ibat

Figure 2.2: Equivalent circuit a battery according to Shepherd’s model.

The Shepherd equation is given by [45]

B = Bo — oo + Ac™P0m(1-500)

SO0 , (2.1)
where
A = Fan — Eeyp (2.2)
K = (Esti — Eyom + A(e™7%™ — 1)) x Q”Q_fm (2.4)
Ey=FEuy+K—-A (2.5)
and

Ey 1s the battery’s no-load voltage [V],

SOC is the state-of-charge [pu],

El 1s the voltage when the battery is full [V],
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2.1 Modeling of a Battery

Qs 18 the battery capacity [Ah],
FEep 1s the exponential voltage [V],
Qexp 1s the exponential capacity [Ah],
Eom 18 the nominal voltage [V], and
(Qnom 18 the nominal capacity [Ah].
The SOC can be calculated using the initial SOC (SOCi,), battery current, and full battery

capacity as follows:

ftz' ao(T) d7
SOC = 500, — 2™ T g0 @

qull % ’ (2 . 6)

where () denotes the accumulated discharged/charged capacity over the time interval [0, ¢]. The
parameters of a typical battery unit are given in Table 2.1. Note that the per-unit values are expressed
using E,,m as the voltage base and Qg as the capacity base. Using these parameters, the discharge
curve— 1.e., the battery’s internal voltage as a function of its accumulated discharged capacity—is

plotted in Figure 2.3, with the corresponding parameters indicated.

Table 2.1: Parameters of a typical battery unit.

Parameter Enom qull Efull Eexp Qnom Qexp

Value 0.5 00167 1.15 1.03 095 04

Unit kv kAhr pu pu pu pu

-14 -
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Figure 2.3: A typical battery discharge curve.

2.2 Principles of Average-Value Modeling

Average-value models are commonly used to represent power electronic systems, particularly those
involving high-frequency switching events. Unlike detailed switching models that capture individ-
ual switching actions, averaged-value models neglect the rapid switching effects within each cycle
and instead consider the system’s low-frequency behavior.

To determine the average-value model of a switching power electronic converter with a switch-
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ing period Ty, the average value of a signal x(¢) over one switching period is defined as

(2(t))7, = 7{ /:TS:L«(T) dr. 2.7)

This averaging operation filters out the high-frequency switching components of the signal, captur-
ing its low-frequency contents. In the AVM for power electronic converters, continuous (and often
slowly varying) waveforms, such as capacitor voltages and inductor currents, are typically assumed
constant within a single switching period, although they may vary across periods. In other words,
it is assumed that the electrical time-constants of the converter are much longer than the switching
period, 7. Under this assumption, the average of the switched signal s(¢)z(t), where s(t) is a

switching function taking values of 0 or £1, is derived as follows:

(Ol = 7 [ s(Dalr) dr = (el x - [ s(7) dr = @O x () @9)

Notably, (s(t))r, represents the duty cycle of the switching signal s(t).

2.3 Average-Value Model of the DC-DC Converter

A bidirectional DC-DC converter is depicted in Figure 2.4, with the switching network highlighted.
The circuit averaging method, as described in [46], is applied to derive the average-value model
of the converter. The key step in circuit averaging involves replacing the switching network with

averaged dependent voltage and current sources.
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Switching Network
12
L + v
—I Q2
i L
o n vc /< C
U1
el

Figure 2.4: Bidirectional DC-DC converter.

The first step is to establish relationships among the terminal quantities, namely terminal volt-
ages and currents. Switched waveforms are expressed in terms of continuous state variables and
switching functions. In this DC-DC converter, the voltage v; and current ¢ are the switched wave-
forms, while the other terminal quantities, 7; and vc, are continuous (and slowly varying) state

variables. The relationships between these variables are given by:

vi(t) = (1= q(t))ve(t) (2.9)

ia(t) = (1 q(£))i (1) (2.10)

where ¢(t) is the switching function defined as

1 Qq:on, Q,: off
q(t) = (2.11)
0 Q:off, Q,: on
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The second step involves applying the averaging operator to these equations, yielding:

(vi(t))n = (1 = (q(t))n) x (ve(t))n = (1 —d(t)) x (ve(t))n (2.12)

and

(ia(t))ry = (L = {q(t))n) x (i(t))n, = (1 = d(t)) x (iL(t))n, (2.13)

where d(t) is the duty cycle of the converter. The final step is to convert the averaged equations
into a circuit model using dependent voltage and current sources, as shown in Figure 2.5. Here, the

switching network is replaced with the averaged model.

() L Averaged Switching Network
iL
P p—ry™m

<i_> (T =d)(vc) (1 —d)(i) (ve) Z=C

Figure 2.5: Average-value model of the DC-DC converter.

2.4 Average-Value Model of the VSC

Figure 2.6 illustrates a 2-level VSC with its DC side split into two capacitors with their midpoint

grounded. This ground serves as the reference for the terminal voltages vy,, v, and v.
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. Switching Network
. igel
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ve2 A< 2C
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ich

Figure 2.6: Circuit diagram of the VSC.

Applying Kirchhoff’s current law (KCL) to the cut-set involving currents i,, iy, ¢, dc1, and

142, the following expression is derived.

idcl - ich - Z‘a + ib + Z‘c (214)
Assuming balanced three-phase AC currents, the DC currents ¢4, and 74, are equal:
ldel = Tde2 = lde (2.15)

The DC terminal current entering the positive rail exits at the negative rail, resulting in identical

currents through the upper and lower capacitors on the DC bus. Thus, the capacitor voltages are

equal, each being half of the total DC link voltage

Ve (2.16)
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To derive the AVM of the VSC, the switching functions for the three phases are defined as follows.

1 Ty on, Tyt off
(1) = . jefabc} @.17)
—1 Tyj: off, Ty;: on

The converter’s terminal voltages correspond to either the positive or negative DC-rail voltage and
can be expressed using the DC voltage and the respective switching function (i.e., S,, Sy, OrS.) as

follows:

’U — %
ta a 2
Uy = Sa-Z
tb a 9
Ve = sa% (2.18)

Similarly, the DC current is the sum of the AC currents switched by either the upper or lower

switches, expressed as follows.

1 1
ZdC:Sa—F ia+5b2+ !

S+ 1.
1
2

2 c

b (2.19)

which is further simplified into the following equation considering balanced three phase currents.

. Sa . Sp . Se .
igo = s + g b e (2.20)
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2.4 Average-Value Model of the VSC

Applying the averaging operator to these equations yields the following averaged equations

<Uta>TS = My <Ud;>TS

(V) 1, = My <vd§>TS

(Ve)1, = Me <Ud§>TS (2.21)
<idc>Ts _ ma<ia>Ts + mb<ib>Ts + m0<iC>ﬂ (2.22)

2

where m,, my, and m., known as modulation waveforms, represent the average values of the
switching functions s,, sp, and s, respectively. These averaged equations are converted into a
circuit model, as shown in Figure 2.7, representing the AVM of the VSC, where the switching net-
work is replaced with averaged voltage and current sources. Note that the averaging symbol, (.),

will be omitted in the subsequent equations for notational brevity.

Averaged Switching Network

—~
S
o
2
<

3

2 L ia
@ NW'\_<>>_. Va
° ) - (vde)
. . . 2 L
1 ma(ia) + My (ib) + Me(ic) /\ (ib) v
<Udc> _~C 9 4' \|.—f] b
_ m (Vde)
° c 2 I i
@ NVY\_<>>_. Ve

Figure 2.7: Average-value model of the VSC.
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2.5 BESS Control

The control of a BESS, comprising a battery, bidirectional DC-DC converter, and VSC, can be
configured in multiple ways depending on which variables are prioritized [47]. There are three key
control variables, namely the DC-link voltage, active power, reactive power (or alternatively, AC
voltage magnitude). The reactive power (or AC voltage) is always controlled solely by the VSC.
In contrast, the DC-link voltage and active power can be assigned either to the DC-DC converter
or the VSC, leading to two complementary control modes.

In the first mode, the DC-DC converter regulates DC link voltage via its duty cycle while the
VSC controls active power. In the second mode, however, the DC-DC converter regulates active
power, which is nearly identical to the battery DC power, by controlling inductor/battery current
via its duty cycle while the VSC maintains DC voltage.

In this thesis, the first mode is adopted for BESS control. Additionally, reactive power (rather
than AC voltage magnitude) is selected as the control variable. These control strategies are detailed

in the following subsections.

2.5.1 Control of the DC-DC Converter

A block diagram of the DC-DC converter control is shown in Figure 2.8. The DC-link voltage is
measured and compared with the reference value to generate an error signal, which is then fed to a
proportional-integral (PI) controller. The controller outputs the duty cycle of the converter, driving

the error to zero.
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+1

+
Udcref O PI d

S ’

Figure 2.8: Feedback control system of the DC-DC converter.

2.5.2 Control of the Voltage Source Converter

VSCs are typically controlled in a synchronously-rotating dq frame, where AC sinusoidal signals
are transformed into DC quantities under steady-state conditions [48]. This enables the use of
simple PI controllers to eliminate steady-state errors. The dq0 transformation adopted in this thesis

is realized through the following matrix equation [48]:

Ja cos(#) cos(f —120°) cos(6 4 120°)]| | fa
fql = ; sin(f) sin(f —120°) sin(6 4+ 120°) | | fo (2.23)
fO 1 1 1 fc

where the three-phase signals f,, fy, f. are transformed into f4, fq, fo using the transformation
angle . In this thesis, all three-phase signals are assumed balanced, resulting in a zero-axis quantity

fo = 0. The inverse transformation is as follows.

fa cos(0) sin(0) 1| | fq
fo| = |cos(@ —120°) sin(§ —120°) 1| |fq (2.24)
fe cos(f +120°) sin(6 4 120°) 1| |fo

While the transformation angle 6 can be chosen arbitrarily, it is typically selected such that w = %;

while w may be arbitrarily assigned, it is often selected to be the network’s angular frequency.
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2.5 BESS Control

This choice yields a synchronously rotating reference frame in which three-phase quantities appear
as DC signals under steady-state conditions. To illustrate this, consider a three-phase sinusoidal
waveform with a constant angular frequency wy. Let the transformation angle be 6 = wyt + 6,

where 0, is a constant initial angle. The transformed signals are then obtained as follows

Uy Vin cos(wyt) Vg Vin cos(6p)
Uy | = | Vin cos(wot — 120°) I=entibo Vq| = | —Vimsin(ép) (2.25)
Ve Vin cos(wot + 120°) Vo 0

showing that the dq0 components become DC signals. It is important to highlight that the g-
component becomes zero when 6, = 0, i.e., when the the transformation angle is aligned with
the phase angle of the phase-a voltage at the point of common coupling (PCC). During transients,
however, the angular frequency is no longer constant and may vary with time, causing the dq com-
ponents to vary as well.

The instantaneous active and reactive power in the dq0 frame are expressed as [48]

3
P = 5 (Udid + quq)

Q = 2 (Udiq — qud) . (226)

By aligning the transformation angle with the PCC voltage, the power equations simplify to

3 3
P = i/UdZ.d = §Vmid

3 . 3.
Q= oVl = §szq (2.27)

showing that the active and and reactive power are separately controlled with the direct and quadra-
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2.5 BESS Control

ture current components, respectively.
To derive the block diagram representation of the VSC in the dq reference frame, the Kirch-

hoff’s voltage law (KVL) equations at the VSC terminals can be expressed as follows:

d.a C
Ldit + Ri, = ma% — U,
dq _ Ude
Lid: + Rlb = T?”Lbféi — UVp
d.C . C
Ldit + Ri, = mc% - (2.28)

where L and R represent the per-phase inductance and resistance of the interface transformer con-

necting the VSC to the PCC. Transforming these equations into the dq reference frame yields:

di .
Lﬁ -+ Rld = md% — U4 — wLiq

di . |
Lﬁ + Rig = mq% — vy + wliq (2.29)

which may then be represented in the block diagram shown in Figure 2.9. Note that my and m are
the dq components of the modulation waveforms m,, my, and m..

As shown in Figure 2.9 the d- and g-axis currents are coupled, preventing their independent
control via my and my, respectively. To address this issue, the decoupled control strategy, as de-
picted in Figure 2.10, is employed to mitigate the effect of coupling [49]. Additionally, the model
includes nonlinear multiplication by v%, which is compensated in the control block diagram by an
equivalent division by %. Note that the reference currents ¢4t and 7q4..r can be calculated from the

reference active and reactive powers described by

. Pref . Qref
Ldref = ) lgref = . (230)
2V 2V
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Ud
i /l\ 1 ~
m N R+ sL H
wlL
Vde
wlL
+ y 1
) ;
mq N \T/ R+ sL e
Uq

Figure 2.9: Functional block diagram of a VSC connected to the PCC via a transformer.

2'dref

iq

n/d /_ - m

Figure 2.10: Feedback control system of the VSC with decoupled control strategy.
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2.6 Validation of the DC-DC Converter Model

To validate the AVM against a detailed switching model, a controlled DC-DC converter (Fig-
ure 2.11) is simulated in PSCAD/EMTDC using both models. Circuit parameters—including the
DC-link capacitor, inductor, and controller coefficients—are shown in the figure. The controller
regulates the DC-link voltage by measuring and filtering it, comparing it with the 1.2 kV reference,
and feeding the error into an integrator to generate the duty cycle for the gate pulses.

The DC side is represented by a controlled current-source that can supply positive or negative
current. The DC current is initially set to zero until the voltage reaches steady state at 1.2 kV. It
then steps to 0.2 kA at¢ = 2 s and to —0.2 kA at ¢t = 4 s. The resulting waveforms for these current
steps, illustrated in Figures 2.12 and 2.13, show that the AVM closely matches the detailed model

while leaving out high-frequency switching effects.

g 4;{}@
iL 2mH
ve == 5mF <> i
0.019Q
0.6 KV g1 —”g}Ql

1.2kV O

+_
1 J
Ve ——>

14+ 0.1s

PWM

e
ot
V)

Figure 2.11: A controlled DC-DC converter used for model validation.
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—— DSM — AVM
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Figure 2.12: Comparison of the DC-DC converter AVM and detailed switching model
responses to a step change of 0.2 kA in DC current.
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Figure 2.13: Comparison of the DC-DC converter AVM and detailed switching model
responses to a step change to -0.2 kA in DC current.
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2.7 Validation of the VSC Model

To validate the AVM of the VSC against a detailed switching model, the controlled VSC shown in
Figure 2.14 is simulated in PSCAD/EMTDC. The DC-side voltage is assumed to be nearly constant,
and the converter is connected to the AC system through a low-pass filter. The decoupled control

strategy described earlier is employed to regulate the active and reactive power at the point of

interconnection.
Vabe
0.012 0.48kV
~ 125 uH 1250 4, f14.6mQs80°
—4_ o c
= Onl
=]
200 uF == 6251H
100 puF == 0 MVAR
PWM I
Z.albc Vabe
TMabe l l
0
dg/abc abc/dq abc/dq PLL [«— Yabc
r—-—=—=-=-"=-"=-=-=-===7 . .
mgq | mq : .. | vq | Yq
v v
Z.dref P and leulati
Current : and Q Cazl culations «—— Prer
Lqref an
Controller Current Reference Generation [«—— Qref

Figure 2.14: A controlled VSC for model validation.

The active power reference is stepped from 0.2 MW to 0.4 MW at ¢ = 2 s, while the reactive

power reference is kept at zero. At¢ = 3 s, the reactive power reference is stepped from 0 to
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0.1 MVAR. The results presented in Figures 2.15 and 2.16 demonstrate that the AVM accurately
reproduces the low-frequency contents of the response of the detailed switching model. The active
power, reactive power, d- and g-axis currents, and d- and g-axis modulation waveforms obtained
from the AVM closely match the low-frequency contents of the corresponding waveforms of the

detailed switching model.

— DSM — AVM
04F
__0.0001 |
— ~
= <
= 03r E 0.0000
h S
—-0.0001
2.0 2.2
0.02
é 0.00
.Nc.‘
—-0.02
~ —0.10
j=1
&
o
g —0.15
0.85] i [ —0.20 i L
2.0 2.2 2.0 2.2
time (sec) time (sec)

Figure 2.15: Comparison of the VSC’s AVM and detailed switching model responses to a
step change in active power.
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Figure 2.16: Comparison of the VSC’s AVM and detailed switching model responses to a
step change in reactive power.

It is worth noting that the steady-state operating point calculated using equations (2.29) and
(2.30) yields (mq,mq) = (0.92,—0.15) and (mgq, mq) = (0.96,—0.15) for the final active and
reactive power reference sets in Figure 2.15 and Figure 2.16, respectively. These values are in
close agreement with the AVM results, as observed in the waveforms of my and mg in the same

figures.
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2.8 Conclusion

In this chapter, detailed modeling and control strategies for BESS were developed. The battery was
represented using an equivalent circuit model incorporating the Shepherd equation. AVMs were
derived for both the bidirectional DC-DC converter and the 2-level VSC using circuit averaging
techniques, which eliminate high-frequency switching contents while preserving low-frequency be-
haviors essential for grid-level studies. This approach is aimed at reducing computational demands
compared to detailed switching models, making it suitable for large-scale simulations involving
multiple BESS units.

Control schemes were established for the DC-DC converter to regulate the DC-link voltage via
duty cycle adjustment and for the VSC to independently manage active and reactive power using a
decoupled control strategy. Model validations using PSCAD/EMTDC simulations confirmed that
the AVMs closely replicate the responses of detailed switching models to step changes in current,
active power, and reactive power. These validated models provide a robust foundation for studying

BESS contributions to frequency regulation and system stability in subsequent chapters.
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Chapter 3

A Framework for Automated Optimization

in Power System Studies

3.1 Introduction

This chapter presents a practical framework for integrating electromagnetic transient (EMT) simu-
lations (in PSCAD/EMTDC) with Python-driven optimization workflows. The primary objective is
to establish an automated, iterative procedure that enables parameter adjustment, simulation execu-
tion, performance evaluation, and solution convergence using optimization algorithms—all with-
out requiring manual intervention. The framework is particularly suited for power system design
and control problems where transient behavior is critical, such as controller tuning, fault response
optimization, and stability enhancement.

While the implementation details involve programming, this discussion focuses on the archi-
tecture, methodology, and theoretical foundations of the framework.

Although the framework is not novel in its individual components, its value lies in the system-
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atic integration and automation of established EMT simulation and optimization techniques into a

unified workflow.

3.2 Need for Electromagnetic Transient Simulation

Various approaches exist for modeling and simulating power system transients. Utilities commonly
rely on transient stability (TS) tools, such as PSS®E, to assess grid performance under a range of
operating conditions and contingencies. TS solvers prioritize the slower electromechanical dynam-
ics of large interconnected systems while neglecting the rapid electrical transients in the network.
Modern power systems, however, are no longer dominated by synchronous generators; instead,
they increasingly rely on IBRs, which introduce fast and nonlinear dynamics that span several
timescales. If these behaviors are not modeled properly, their contribution to instability, resonant
conditions, and other unforeseen issues may be overlooked. Under this circumstance, EMT simula-
tions are utilized to capture the detailed interactions between power electronic devices and the grid,
ensuring reliable operation and planning [30]. The fast-changing composition of modern power
systems, marked by increasing presence of IBRs, their known reliability concerns, and the rising
complexity of IBR controls and plant designs, requires the adoption of advanced EMT simulation
environments to effectively identify and mitigate reliability risks [50]. This growing dependence

on EMT arises from key technical necessities:

High-frequency dynamics: TS programs use millisecond-range time steps to model low-
frequency electromechanical behavior, inherently neglecting fast transients. In contrast, EMT
simulations operate at microsecond-range resolutions, capturing instantaneous values to accurately

represent power electronic switching, harmonic distortions, and surge phenomena [51, 52].
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Power electronics dominance: IBRs—including wind, solar, and battery systems—depend on
fast-acting converters. Only EMT simulations can model their detailed control loops and switching

behavior; TS simulators rely on oversimplified averaged representations that lack sufficient fidelity.

Increased transient complexity: Reduced system inertia in IBR-dominated grids leads to faster
and more widespread disturbances. EMT’s wide frequency bandwidth is essential for comprehen-

sive stability evaluation in such environments.

3.3 Optimization-Enabled Electromagnetic Transient Simula-
tion (OE-EMTY)

As power systems expand and technology advances, sophisticated devices—such as HVDC sys-
tems, energy storage systems (ESS), synchronous static compensators (STATCOMs), STATCOMs
with energy storage devices (E-STATCOMs), and FACTS controllers—are being widely integrated.
This integration greatly complicates the task of designing and tuning control parameters for each
device. The challenge arises from two key factors. Firstly, developing a complete mathematical
model of the entire system is nearly impossible due to its complexity and scale; even when such
models are constructed, the resulting equations are highly intricate and difficult to interpret or an-
alyze effectively. Secondly, different system components interact dynamically with one another,
even though each operates with its own independent control system, leading to unpredictable, cou-
pled behavior.

The OE-EMTS framework integrates iterative optimization algorithms with high-fidelity elec-
tromagnetic transient simulations to systematically design and tune complex power systems. Un-

like traditional trial-and-error approaches, OE-EMTS automates the evaluation of a large number
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of candidate configurations by coupling an optimization engine with a robust EMT solver such as
PSCAD/EMTDC. This synergy enables the exploration of multidimensional parameter spaces, in-
cluding controller gains, filter time constants, and BESS sizing and placement, all while respecting
physical constraints and performance objectives such as voltage stability, transient response, and
frequency regulation.

At the core of OE-EMTS is a closed-loop workflow where each candidate solution triggers
a complete EMT simulation run. Input variables to be optimized are programmatically injected
into the simulation model, and the resulting time-domain waveforms—voltages, currents, ac-
tive/reactive power flows, and frequency deviations—are post-processed to compute objective
functions and constraints. Advanced optimization techniques such as GA or particle swarm opti-
mization, guide the search toward solutions that minimize overshoot during faults, reduce settling
time in frequency regulation, or optimize BESS placement.

In this thesis, PSCAD/EMTDC serves as the simulation engine in the proposed framework for
two reasons: (i) it is well-suited for studying power systems containing BESS and solar systems,
where fast-acting power electronic controllers are utilized; and (ii) it can interface with Python as
an external automation tool. In the optimization process, each candidate solution is evaluated by
running a full EMT simulation, wherein input variables (e.g., controller gains, time constants, or
BESS locations) are applied to the model, and the resulting waveforms (voltages, currents, power

flows, frequency deviation) are analyzed.

3.4 Python as an Automation Tool in Power System Studies

Python has become a widely adopted tool for automation in power system engineering, driven by its

ease of use, rich library ecosystem, and strong compatibility with specialized simulation platforms.
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As a high-level, interpreted language, Python supports rapid script development for automating
repetitive operations, handling large-scale data, and communicating with external software. Within
power system analysis, Python is particularly effective in complex workflows—such as parameter
tuning, simulation execution, and results analysis—thereby reducing manual effort.

A key advantage of Python is its integration with leading commercial power system simulation
tools, allowing engineers to leverage the strengths of these platforms while automating processes.
For instance, PSS®E, a widely used tool for transmission planning and analysis, provides a Python
application program interface (API) known as psspy. This interface enables programmatic control
over power flow calculations, dynamic simulations, contingency analysis, and optimal power flow
studies. Scripts can automate batch processing of scenarios, such as running multiple load flow
cases or performing stability assessments, which is particularly beneficial for optimization tasks
where numerous iterations are required.

Similarly, PSCAD/EMTDC offers an automation library developed in Python, available to
users since version 4.6.1. This library allows users to programmatically launch simulations, mod-
ify model parameters, extract output data, and integrate with external optimization algorithms. In
EMT studies, Python scripts can automate the injection of candidate parameters into the model, exe-
cute simulations, and evaluate performance metrics, forming the backbone of iterative optimization
frameworks.

Beyond tool-specific integrations, Python’s rich library ecosystem enhances its role in power
system optimization. Libraries such as NumPy [53] and SciPy [54] provide numerical comput-
ing capabilities for handling matrices and solving optimization problems. Optimization-focused
packages, such as SciPy’s optimize module and PyGAD for modeling complex problems, can
be combined with simulation tools to implement algorithms like GA or particle swarm optimiza-

tion. In the developed OE-EMTS framework, Python acts as the connecting layer that integrates
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PSCAD/EMTDC simulations with optimization algorithms. By automating the variable adjust-
ment and evaluation cycle, Python both streamlines the process and enables scalability to handle

increasingly complex power systems dominated by IBRs. This process is illustrated in Figure 3.1.
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Figure 3.1: Flowchart of the OE-EMTS.
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3.5 Optimization Algorithms for OE-EMTS

Optimization algorithms play a crucial role in the proposed OE-EMTS framework, as they guide
the search for optimal parameter sets that enhance system performance. The OE-EMTS framework
treats the EMT simulation as an evaluator of an OF. In power system applications, OFs are often
nonlinear, non-convex, non-differentiable, and computationally expensive when they involve EMT
simulations. Therefore, selecting a suitable optimization algorithm is essential to ensure robustness,
efficiency, and reliability.

Optimization methods can broadly be categorized into deterministic and stochastic algorithms.
Deterministic approaches, such as gradient descent and Newton—Raphson rely on derivative infor-
mation and are generally effective for convex or smooth objective functions. However, their perfor-
mance deteriorates when applied to complex, non-smooth or discontinuous problems—conditions
frequently encountered in EMT-based studies due to switching events, control nonlinearities, and
numerical noise [55]. Moreover, deterministic methods are prone to convergence toward local
minima, making them less suitable for complex parameter landscapes.

In contrast, methods such as GA, PSO, and differential evolution employ probabilistic rules to
explore the search space. These algorithms are derivative-free, flexible, and capable of avoiding
local minima, which make them particularly attractive for optimization problems involving black-
box simulations. In this thesis, GA is selected as the optimizer in OE-EMTS for the following

technical and practical reasons.

1. Alignment with the Computational Nature of EMT Simulations. EMT simulations fre-
quently exhibit abrupt changes in OF due to switching events, bus selection, loss of lines, etc.
These effects, along with discrete (i.e., integer) decision variables such as bus location and

number of BESS units, make the OF non-smooth and non-differentiable, thereby limiting the
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suitability of gradient-based optimization methods. In contrast, the GA’s population-based,

derivative-free search is well suited to handling such non-smooth OF behavior.

2. Natural Handling of Mixed Real and Integer Variables. Power system design variables
include continuous variables such as controllers gains and filter time-constants and discrete
choices such as BESS bus location and tap settings. GA encodes both real- and integer-valued

chromosomes.

3. Proven Performance in the Literature of Power System Studies. GA has been success-
fully applied to design of power system stabilizers [56], FACTS placement [57], real-time
simulation of power systems [37], optimization of LCC-HVDC controller parameters [58],

and optimizing parameters of a grid-forming modular multilevel converter [39].

4. Implementation Simplicity via PyGAD. The open-source Python library PyGAD [41] pro-
vides a high-level GA interface that integrates seamlessly with the PSCAD’s automation
library. Custom fitness functions, mutation rates, number of populations can be defined in

fewer than 100 lines of code, enhancing ease of modification.

3.6 A Brief Formulation of GA

The GA is inspired by the process of natural evolution and operates on a population of N, can-
didate solutions (also called chromosomes), each representing a possible combination of decision
variables x; = [x;1, T2, ..., Ti], Where n is the number of variables to be optimized. Each it-
eration (or generation) of the GA proceeds through the key steps briefly explained in following

subsections. A comprehensive explanation of the GA is provided in [40].

-4) -
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3.6.1 Initialization

A population of N, individuals is randomly generated within the defined bounds:

min _ max
! €T

iy € [ 2™ i =1,2,... Ny j=1,2,...,n. (3.1)

The initial population may be represented with the following matrix,

i1 T2 - TIN
T21 Tog +++  XaN

Xpop = . ) ) : (3.2)
TN TN2 " TN,N

Typically, the elements of this N, x /N population matrix are initialized using a random number
generator that produces normalized values in the range [0,1]. These values are then scaled to their
corresponding limits as

Ty = (2T — 2Ty 4 2 (3.3)

where y;; denotes a uniformly distributed random variable between 0 and 1.

3.6.2 Fitness Evaluation

Each individual is evaluated by running a full EMT simulation in PSCAD/EMTDC. The perfor-
mance is quantified by an objective (fitness) function OF(x;), which may represent, for example,

the weighted sum of transient overshoot, settling time, or voltage deviation:

OF(XZ> = W1 - OS(XZ) + woy - ST(XI) —+ ws - VD(XZ>, (34)
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where wy, are weighting coefficients assigned according to design priorities. Note that this process
may involve reading output files resultant form the EMT simulations. This evaluation requires
automated extraction of simulation outputs—typically from PSCAD-generated . out files—using
Python scripts interfaced via PSCAD’s automation library [42]. Signal processing (e.g., peak de-
tection, settling time estimation) is performed with NumPy/SciPy to ensure robust and repeatable

fitness computation.

3.6.3 Selection

The selection step in a GA is the process of choosing individuals from the current population to
act as parents for the next generation, based on their fitness values. Individuals with higher fitness
have a greater probability of being selected, which promotes the survival and reproduction of better

solutions while still allowing weaker individuals a chance to maintain diversity.

3.6.4 Crossover (Recombination)

Pairs of selected parents exchange parts of their chromosomes to generate offspring. For continuous

variables, a common approach is arithmetic crossover:

Xchild = & Xparentl + (]- - O!) Xparent2 (35)

where « € [0, 1] is a random weighting factor.
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3.6.5 Mutation

To maintain population diversity and avoid premature convergence, random perturbations are ap-
plied to selected genes as follows

v Tij + ) (36)

1] =

where ¢ is a perturbation randomly chosen from a specified interval. If the new value exceeds the
allowed bounds of that gene, it is adjusted according to the selected mutation handling strategy—

such as clamping, wrap-around, or replacing it with a completely new random value.

3.6.6 Replacement and Termination

The offspring population replaces the current generation, and the process repeats until a termination
criterion is met—typically when the best fitness value remains unchanged (or changes only negli-

gibly) or when the maximum number of generations is reached. Figure 3.2 illustrates a flowchart

of the GA.
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Figure 3.2: Flowchart of the GA.
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3.7 Conclusion

This chapter outlined a comprehensive framework for OE-EMTS, integrating PSCAD/EMTDC
simulations with Python-based automation to enable iterative parameter tuning without manual
intervention. The necessity of EMT simulations was emphasized for capturing fast, nonlinear dy-
namics in modern inverter-dominated power systems, where traditional transient stability tools fall
short. Python’s role as an automation tool was highlighted, leveraging its libraries (e.g., NumPy,
SciPy, PyGAD) and interfaces with simulation software to streamline workflows, including param-
eter injection, simulation execution, and objective function evaluation. Optimization algorithms
were discussed, with GA selected for OE-EMTS due to its robustness in handling nonlinear, non-
differentiable, and mixed real- and integer-valued variables, common in power systems. The GA
formulation, including initialization, fitness evaluation, selection, crossover, mutation, and termi-
nation, was presented as an effective method for escaping local minima and exploring complex
parameter spaces. This framework establishes the approach for power system design tasks such as

controller tuning and BESS optimization.
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Chapter 4

Case Study

In this chapter, optimal placement of a BESS is investigated in an exemplar 12-bus power system
using OE-EMTS with the GA as the optimization engine. This 12-bus system incorporates both
synchronous generation and a solar power plant. Candidate BESS locations are selected with the
goal of optimization being to determine the most suited location as well as the size of the required
BESS. The objective function considers both the frequency nadir, and a measure of the cost asso-

ciated with the number of BESS units deployed.

4.1 Structure of the 12-Bus System

Figure 4.1 illustrates the 12-bus power system selected for demonstration in this study [59]. The
system incorporates a solar PV power generation unit at Bus 11, while all other power generation
units are conventional synchronous machines. The data for the transmission lines is summarized
in Table 4.1. All synchronous machines share identical parameters listed in Table 4.2, except for
their ratings, which are shown in Figure 4.1. The AC4A exciter model [60], shown in Figure

4.2, is employed for all machines, and its parameters are summarized in Table 4.3. The system
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4.1 Structure of the 12-Bus System

was modeled and simulated in PSCAD/EMTDC, with the simulation running until all synchronous
machines were fully initialized and the system reached steady state. Table 4.4 summarizes the rated

bus voltages, loads, and compensation, along with the actual generation and bus voltages at steady

state.
Bus 2 Bus 5 Bus 4 Bus 3 Bus 11
Busl — p BESS! ~-{BESS! CBESSE e Solar
Buwso 0y -/ T it Power
Bus 10 Plant
@_I_% — . 1000 MVA
200 1000 MVA < J X=10% —
MVA X =10% 1000 MVA
X =10% 700 -
MVA
1000 MVA Bus 6 1000 MVA
X =10% I BEQQb---- — 100
;BESS! Bus 12 X=10%
Bus 7 % % Bus 8
<4 somwa 500 ]
X=10% MVA

Figure 4.1: Schematic diagram of the 12-bus system [59].
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Figure 4.2: Schematic diagram of the AC4A exciter system.

Buses 2, 3, 4, 5, and 6, shown with dashed lines in Figure 4.1, are selected as candidate locations
for the BESS. In practice, the placement of BESS units is not only a mathematical or optimization

problem, but also subject to real-world constraints. For example, geographic and infrastructural
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4.1 Structure of the 12-Bus System

limitations often restrict where BESS can actually be installed. In this case study, however, candi-
date buses are selected without accounting for these practical constraints, as the focus is solely on
the optimization objective. These BESS units are connected to the system through closed breakers
during initialization but remain idle, injecting no active or reactive power in steady state. A solution
snapshot is then taken to avoid reinitializing the network and machines in subsequent simulations
during the optimal BESS location search. After the snapshot, only one BESS remains connected

in each simulation run, while the others are disconnected by opening their respective breakers.

Table 4.1: Transmission lines data.

Bus from Busto Resistance [pu/km] Reactance [pu/km] Susceptance [pu/km]

1 2 1.144 x 10~ 9.111 x 107* 1.82612 x 1073
1 6 3.356 x 10~ 2.6653 x 1073 5.5477 x 1073
2 3 3.356 x 10~* 2.6653 x 1072 5.5477 x 1073
3 4 1.144 x 10~ 9.111 x 10~* 1.82612 x 1073
4 5 1.144 x 10~ 9.111 x 107* 1.82612 x 1073
5 6 3.356 x 1074 2.6653 x 1072 5.5477 x 1073
7 4 4.159 x 10~* 1.7214 x 107° 3.2853 x 1072
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4.1 Structure of the 12-Bus System

Table 4.2: Synchronous machines data.

Parameter Value Unit
inertia constant, H 5 S
d-axis synchronous reactance, Xy 1.5 pu
g-axis synchronous reactance, X, 1.2 pu
d-axis transient reactance, X 0.4 pu
q-axis transient reactance, X 0.228 pu
d-axis sub-transient reactance, X} 0.25 pu
g-axis sub-transient reactance, X 0.25 pu
d-axis open-circuit transient time constant, 7}, 5.0 S
q-axis open-circuit transient time constant, 77, 0.85 s

d-axis open-circuit sub-transient time constant, 7, 0.05 s

q-axis open-circuit sub-transient time constant, 7, 0.06 s

Table 4.3: Exciter parameters.

TB [S] TC [S] KA [pu] TA [S] VRmin [pu] VRmax [pu] KC [pu] ‘/lmin [pu] Vimax [pu]

0.0 0.0 20.0 0.05 -4.53 5.64 0.0 -10.0 10.0
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4.1 Structure of the 12-Bus System

Table 4.4: Load data.

Bus Nominal Load Compensation Generation Voltage
Voltage [kV] [MW+MVAR] [MVAR] [MW] [pu]
1 230 - - - 1.041
2 230 280+j200 - - 1.005
3 230 320+j240 - - 0.982
4 230 320+j240 160 - 0.960
5 230 100+;60 80 - 0.988
6 230 440+j300 180 - 0.992
7 345 - - - 1.046
8 345 - - - 1.004
9 22 - - 532 1.041
10 22 - - 502 1.022
11 22 - - 168 1.019
12 22 - - 285 1.009

4.1.1 Solar Power Plant

The solar power generation unit, shown in Figure 4.3, is integrated into the AC system through
a 2-level VSC, which facilitates precise control of active power and AC voltage at the point of
interconnection (POI). Table 4.5 summaries the parameters of the converters and scaling component
in the solar power plant system. To maintain a stable and regulated DC voltage at the VSC’s

DC terminal, a unidirectional boost converter is employed between the solar array and the VSC.
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4.1 Structure of the 12-Bus System

This boost converter ensures optimal voltage levels for efficient power transfer. To enhance the
computational efficiency of the PSCAD/EMTDC simulation and reduce runtime, average-value
models are utilized for both the VSC and the boost converter, simplifying the representation of their
switching dynamics while preserving accuracy. The VSC employs a decoupled current controller
within its inner loop control scheme, enabling independent regulation of active and reactive power
components for robust grid integration. Meanwhile, the DC-DC boost converter operates using
a maximum power point tracking (MPPT) algorithm to maximize energy harvest from the solar
panels under varying environmental conditions. The MPPT tracker determines and outputs the
reference voltage corresponding to the maximum available power point. This reference voltage
is compared with the actual photovoltaic voltage, and the error is fed into a PI controller. The
output of this PI controller serves as the reference power to be delivered by the DC-DC converter.
This reference power is then compared with the actual DC output power, and the resulting error is
processed by a second PI controller. The output of the second PI controller generates the appropriate
duty cycle for the DC-DC converter to track the maximum power point effectively. The whole
control process of this strategy is shown in Figure 4.4 along with the corresponding parameters
listed in Table 4.6.

At the POI a scaling component is implemented to amplify the output current while maintain-
ing the same voltage level, effectively representing the aggregated behaviour of a large-scale solar
power plant. This approach models multiple solar panels and their associated converters connected
to a common AC collector bus, significantly reducing the computational burden of EMT simula-

tions while accurately capturing the of the entire solar power plant.
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Figure 4.3: Schematic diagram of the solar power plant.
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Figure 4.4: Control scheme of the DC-DC converter in the solar farm.
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Table 4.5: Parameters of the converters in solar power plant.

Parameter Value Unit
DC-DC Converter

Inductor 2.5 mH

DC link capacitor 10000 pF

Rated DC-link voltage 1.2 kV

Voltage Source Converter

Series filtering inductor 0.9 mH
Parallel filtering capacitor 40 uF
Transformer

Three-phase transformer MVA  0.25 MV A
Rated frequency 60 Hz
Converter-side rated voltage 0.65 kV
Grid-side rated voltage 22 kV

Leakage inductance 0.025 pu

Scaling Component

Scale 668 -
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Table 4.6: Parameters of the controller in Figure 4.4.

Parameter Value Unit

PI Controller Outputting Reference Power
Proportional gain 0.01  pu

Time constant 0.1 S

PI Controller Outputting Duty Cycle
Proportional gain 0.1 pu

Time constant 0.1 S

First-Order Filter
Gain 1.0 pu

Time constant 0.01 S

4.1.2 Battery Energy Storage System

The BESS, illustrated in Figure 4.5, consists of a battery unit, a bidirectional DC-DC converter,
and a 2-level VSC. Parameters of the BESS that do not vary across all generations of the GA
are summarized in Table 4.7. A scaling component is employed at the POI to amplify the output
current while preserving the voltage level, effectively modeling the collective behaviour of a large-
scale BESS installation. The VSC regulates both active and reactive power delivered to the POI,
while the DC-DC converter maintains a stable DC-bus voltage. For simplicity, the reactive power
reference is set to zero, and the system design prioritizes optimal placement to enhance frequency
response, which is closely tied to active power injection.

The control strategy for the BESS is derived from the swing equation, which describes the

- 56 -



4.1 Structure of the 12-Bus System

relationship between power system frequency dynamics, generation, and load. The swing equation

is expressed as

QH?; = Pyen — Pload = Pmech + Peolar + Poat — Pload 4.1)
where
f is the system frequency [pu],
H is the equivalent inertia constant of the power system [s],
P4y 1s the total generated power [pu],
Poaq 1s the total system load [pu],
Peen 1s the mechanical power from synchronous generators [pu],

Pyorar 18 the power output from solar PV systems [pu],

Py, 1s the active power injected or absorbed by the BESS (positive for discharge, negative

for charge) [pu].

The equivalent inertia constant H is the aggregate of the inertia constants of all synchronous ma-
chines, as given by

H=YH,. (4.2)

The system frequency, f, in the swing equation represents the frequency of the center of inertia
(Col) [61], defined as the weighted average of individual machine rotor frequencies (or speeds):
im1 Hifi

f= 7?:1 7 (4.3)
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4.1 Structure of the 12-Bus System

where 7 is the number of synchronous machines, and f; is the electrical frequency corresponding
to the rotor speed of the i-th machine.

In practice, the Col frequency is not directly measurable without access to all machine speeds
[62]. Therefore, a local frequency measurement obtained via a PLL is commonly used [63, 64],

though this introduces limitations in systems with low inertia.

AC
Collector
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n

3
~
\
1
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Battery —— DC-DC - 2-Level
attery -L Converter - e VSsC

Scaling Component

Figure 4.5: Schematic diagram of the BESS.

Table 4.7: Parameters of the converters used in BESS.

Parameter Value  Unit
DC-DC Converter
Inductor 1.0 mH
DC-link capacitor 25000 pF
Transformer
Three-phase transformer MVA 3 MV A
Rated frequency 60 Hz

Converter-side rated voltage 0.723 kV
Grid-side rated voltage 230 kV

Leakage inductance 0.15 pu
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The control architecture of the BESS, depicted in Figure 4.6, is tailored to improve the sys-
tem’s frequency response. System frequency is monitored at the POI using a PLL. To mitigate
high-frequency oscillations arising from numerical inaccuracies in PLL frequency estimation, a
first-order low-pass filter with a 50 ms time constant is applied to the measured frequency [65].
Additionally, a deadband block is incorporated after frequency deviation measurement to reduce
the BESS control’s sensitivity to minor, high-frequency disturbances. This deadband prevents un-
necessary charge/discharge cycles, thereby prolonging the BESS lifespan [66]. The filtered fre-
quency deviation is processed by a droop-based gain block with the droop of R4, which generates a
reference signal for the VSC to inject the necessary active power to counteract frequency deviations
following a power system contingency. Under normal steady-state conditions, the BESS remains
inactive, injecting no active or reactive power, and only engages when a frequency deviation is
detected. The average of frequencies at all busses is calculated as the unique representative of the

frequency of the whole system.

Power System

Frequency Model
‘/Zlcc—)ref > P ‘mech T P, solar — -Pload
ref — |
BESS +
~ 1 FRRL Phat 1
Jret " 77 Rq T\ 2Hs f
dead band
+0.005 pu
(£0.3 Hz)

1
TFsT PLL

Figure 4.6: Control scheme of BESS for frequency regulation.
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4.2 Simulation Results

In this study, a negative step change of 70% is applied to solar irradiation as a disturbance to mimic
the appearance of cloudy weather conditions. As a result, the power injected by the solar system
is suddenly reduced from 168 MW to 25 MW, leading to a drop in system frequency. The system
frequency is defined as the average of the frequencies measured at each bus within the network. The
objective function used in this study considers both the frequency deviation and the cost associated
with the installed BESS, where the cost is assumed to be proportional to the number of BESS units.

The objective function is expressed as

OF(ka Rd7 n) - Afnadir + W X n, (44)

where £ is the bus location, Ry is the droop setting, n is the number of BESS units, A f.qi- 1S the
deviation of the frequency nadir from the nominal value (in per unit), and I is a weighting coeffi-
cient to balance the contributions of the two sub-objectives. The OF depends on three parameters:
bus location, droop setting, and the number of BESS units in the scaling component. The droop
setting is bounded between 1.25% and 10%, while the number of BESS units is restricted to be-
tween 10 and 90. The GA, using PSCAD/EMTDC as the function evaluator, is executed for the
OF with various values of W, to generate several solutions to be assessed.

Table 4.8 summarizes the configuration of the PyGAD’s GA. The algorithm evolves a popula-
tion of 10 candidate solutions across 100 generations. Each solution contains 3 genes representing
system parameters (bus location, droop, number of BESS units), with allowed values specified.
A larger population size increases computational burden; for a problem with only three genes, a

population of 10 is sufficient.
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Table 4.8: GA configuration used in PyGAD.

Parameter Value Description

num_generations 100 Number of generations for the GA
run.

num_parents_mating 4 Number of solutions selected as

parents for mating.

sol_per_pop 10 Number of candidate solutions in
each population.

num_genes 3 Number of variables in each solu-

tion (bus location, droop, number

of BESS units).
parent_selection_type random Selection method for choosing
parents.
keep_parents 2 Number of parents kept in the next

generation without mating.

crossover_type single_point Method used to generate offspring

from parents.

mutation_type random Mutation strategy used to alter
gene values.

mutation_percent_genes 50% Percentage of genes mutated in

each solution.

The number of generations (100) was determined through trial and error, beyond which no
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significant improvement in results was observed. The number of parents selected for mating is
typically between 30% and 50% of the population size; in this case, it is set to 4. Parent selection
is performed randomly, and offspring are generated using single-point crossover.

Mutation is applied randomly to 50% of the genes in each solution. If the mutation rate is set
too high (e.g., 80%), the algorithm behaves more randomly and may fail to converge. Conversely,
if the mutation rate is too low, the algorithm may become trapped in local minima, limiting its
ability to find the global optimum. In this study, a mutation rate of 50% is used, which effectively
results in the mutation of approximately one gene out of the three in each solution.

It is evident that when W = 0, the GA selects the number of BESS units and droop gain values
close to their boundary limits because increasing n and decreasing the droop gain consistently
minimize the frequency deviation. The GA’s results are reasonable, as it places the BESS near the
two largest synchronous machines (see Figure 4.1) allowing for rapid power injection or absorption
to damp out frequency excursions. Furthermore, the electrical distance between the BESS and the
higher-rated synchronous machines is minimized, which helps reduce the effects of transmission
line impedance and associated power losses.

However, by incorporating the cost term (dependent on n) into the OF, the optimization problem
becomes more complex, leading to a more balanced solution. The PSCAD/EMTDC is run with
a time-step of 50 microseconds for a simulation time horizon of 8 seconds. For each complete
solution, running the GA over 100 generations takes approximately 42 hours to complete.

Figure 4.7 illustrates the simulation results corresponding to the parameters from the first row
of Table 4.9. The figure shows that solar power is reduced by applying a negative step in irradiance,
which leads to a frequency depression. To counteract this, the BESS injects real power based on
the droop control mechanism. It is worth noting that the frequency deviation would be significantly

higher without the installation of the BESS, as shown in the third subplot of the figure. Figure 4.8
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further shows the frequency response when the same BESS (with identical number of units and
droop setting) is installed at different locations. This demonstrates that the frequency nadir is de-

pendent on the BESS location, emphasizing the importance of determining the optimal installation

point.
Table 4.9: Optimal solution for different weighting parameters.
14 Bus Location Number of BESS Units Droop Optimal Value of OF
0 2 90 1.39% 0.0096
0.00002 2 70 1.46% 0.0115
0.00005 2 35 1.25% 0.0127
0.0002 2 10 1.76% 0.0171
0.001 2 10 1.79% 0.0251
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Figure 4.7: BESS response to solar power reduction.
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Figure 4.8: Frequency response for various BESS locations.

Figure 4.9 illustrates the OF values as the number of BESS units varies from 50 to 90 in in-
crements of 10, with the BESS installed at bus 2 and the droop gain fixed at 1.46%, as specified in
the second row of Table 4.9. As shown, the OF reaches its minimum when the number of BESS
units is approximately 70, which aligns with the result produced by the GA. Additionally, Figure
4.10 shows the variation of the OF value with respect to the droop setting, assuming 70 BESS units
are installed at bus 2. As expected, the OF value increases with higher droop settings, reaching its

minimum at a droop value of 1.5%, which also aligns with the GA results.
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Figure 4.9: OF value vs. number of BESS units installed at bus 2 with the droop of 1.46%.
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Figure 4.10: OF value vs. droop setting with 70 battery units installed at bus 2.
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4.3 Conclusion

This chapter applied the proposed OE-EMTS framework to investigate the optimal placement and
sizing of BESS in a 12-bus power system with significant renewable energy penetration. A GA
was employed to identify the optimal BESS location, number of battery units, and droop control
settings, with the objective function balancing frequency nadir improvement and BESS deployment
cost.

Simulation results demonstrated that BESS location has a substantial impact on frequency
response following disturbances, with certain buses providing significantly improved frequency
nadir. The optimization results confirmed that strategic placement of BESS can achieve superior
frequency regulation performance compared to arbitrary installation, even with a limited number
of battery units. The case study validated the effectiveness of the proposed OE-EMTS framework
in solving complex EMT-based optimization problems that involve both continuous and discrete

decision variables.
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Chapter 5

Contributions, Conclusions, and

Recommendations for Future Work

5.1 Summary of Contributions

This thesis addressed the growing challenges of frequency regulation and dynamic stability in mod-
ern power systems with high penetration of IBRs. The primary objective was to develop an efficient
and accurate framework for modeling, simulating, and optimizing the integration of BESS for fre-
quency support, while overcoming the computational limitations of detailed EMT simulations.

The main contributions of this thesis can be summarized as follows.

Development of an AVM for BESS

An AVM of a complete BESS—comprising the battery, bidirectional DC-DC converter, and 2-
level VSC—was developed using circuit-averaging techniques. The proposed model preserves

the essential low-frequency dynamics required for grid interaction studies while eliminating high-
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frequency switching behavior. This aims to reduce computational burden without sacrificing mod-

eling accuracy from the system perspective.

Formulation of OE-EMTS with GA

An OE-EMTS framework was introduced to integrate EMT simulations with external optimization
algorithms. By utilizing Python as an automation layer, the framework enables fully automated
parameter tuning, simulation execution, data extraction, and objective function evaluation, elimi-
nating manual intervention and improving scalability and reproducibility. GA were employed as
the optimization engine due to their robustness in handling non-linear, non-convex, and mixed-
integer problems that are typically encountered in EMT-based studies. The thesis demonstrated
that GA can effectively guide the optimization process when EMT simulations are used as objec-

tive function evaluators.

Application to Optimal BESS Placement for Frequency Regulation

The proposed framework was applied to a 12-bus power system with both synchronous generators
and a solar power plant. The optimization process identified optimal BESS locations, sizing, and
droop settings that improved frequency nadir performance while accounting for BESS deployment
cost. The results highlighted the critical influence of BESS location and control parameters on

system frequency response.

Publications

- M. Malekan, S. Filizadeh, ”Optimization of Battery Energy Storage System Placement and

Parameters for Frequency Stability in Renewable-Intensive Power Systems,” in Proc. CI-
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GRE International Symposium, Montreal, QC, Oct. 2025.

5.2 Conclusions

The results presented in this thesis lead to several important conclusions regarding the modeling,
control, and optimization of BESS in modern power systems.

The developed AVM of the BESS provides an effective balance between accuracy and com-
putational efficiency. It enables large-scale EMT simulations involving multiple candidate BESS
locations without the excessive computational cost associated with detailed switching models.

Simulation results confirm that BESS, when properly controlled, can deliver rapid active power
support and significantly improve frequency nadir following disturbances. This capability makes
BESS a viable and flexible solution for mitigating the adverse effects of reduced system inertia
caused by high renewable penetration.

The case study demonstrated that frequency response is highly sensitive to BESS placement,
number of installed units, and droop settings. Optimal placement yields substantially better fre-
quency regulation than arbitrary deployment, even with similar storage capacity.

The proposed OE-EMTS framework successfully combines the accuracy of EMT simulations
with the flexibility of modern optimization algorithms. This approach provides a systematic alter-
native to traditional trial-and-error tuning and is particularly well-suited for converter-dominated
power systems where fast dynamics are critical.

GA proved capable of navigating complex and discontinuous objective landscapes arising from
EMT simulations. Its derivative-free and population-based nature makes it well-matched to opti-

mization problems involving BESS placement and control.
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5.3 Recommendations for Future Work

While this thesis provides a foundation for BESS optimization in EMT platforms, several areas

remain for future research.

Integration of Grid-Forming Controls

This study focused on grid-following BESS controls. Future work should investigate the impact of
grid-forming strategies, which could potentially provide even greater stability benefits in extremely

low-inertia or islanded systems.

Consideration of Multiple Contingencies

The optimization could be expanded to consider a set of varied contingencies (e.g., three-phase
faults, line trips, and different load shedding scenarios) to ensure the BESS placement is robust

across all possible operational disturbances.

Real-Time Implementation

Although AVMs reduce computational effort, non-real-time EMT simulations are still computation-
ally intensive. Therefore, implementing the OE-EMTS framework on real-time digital simulation

platforms is recommended to achieve faster execution and improved overall simulation efficiency.
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