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ABSTRACT

This study introduces a data-driven Volt-Var control strategy aimed at maximizing hosting capacity (HC) and
mitigating voltage violations in distribution networks. Central to the proposed methodology is a quantized one-
dimensional convolutional neural network (QCNN), developed to emulate optimal Volt-Var control decisions.
Post-training quantization is applied, resulting in tenfold reduction in model size, making QCNN well-suited for
deployment on resource-constrained edge devices. The training data is prepared using Modified Reptile Search
Algorithm, which determines optimal Volt-Var control set points for HC maximization. The QCNN model trained
offline processes measurements from the test network to predict the optimal reactive power reference points,
which are supplied to the Decoupled Finite Control Set Model Predictive Controller (D-FCS-MPC). The D-FCS-
MPC subsequently determines the optimal inverter switching states to directly regulate reactive powers to the
predicted reference values. The methodology is validated using model of a real-world medium voltage (MV)
network situated in Vaasa, Finland, known as the Sundom Smart Grid (SSG). Both simulation and OPAL-RT based
real time results confirms the effectiveness of the proposed methodology in maximizing hosting capacity and

ensuring grid stability.

1. Introduction

The increasing penetration of renewable energy sources like PV and
wind generation presents significant challenges related to the power
system stability and managing hosting capacity (HC) [1]. A report
submitted by Clean Energy Group in May 2023 points out that about
429 MW of energy storage and 2,321 MW of PV capacity are stuck in
interconnection queues in Massachusetts [2].The reason being the
limiting HC of the existing grid. Also, Yle News report that continued
development of large-scale solar farms in eastern Finland could create
bottlenecks in the FINGRID transmission network. These challenges
demand a systematic evaluation of the grid known as hosting capacity
analysis.

Regulators and distributed system operators (DSOs) are particularly
interested in determining the extent to which the current power systems
can handle the future generation and demand without violating system
limits. HC is defined as “the total DER capacity that can be accommo-
dated on a given feeder without adversely impacting reliability and
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stability of the grid” [3]. The HC of a network is usually limited by
frequency fluctuations, power quality issues, voltage limits, thermal
limits and protection measures [4]. Thermal overloading and over-
voltage are the most crucial factors that limits the HC of a distribution
network. DERs are connected to the grid through smart inverters (SIs).
These SIs, equipped with efficient control functions, offers an efficient
solution for increasing the HC of distribution networks [5,6].
Numerous methods have been studied in the literature to evaluate
and improve the distribution network hosting capacity [7-9].In [10], a
Differential Evolution (DE) optimizer was explored to identify the
optimal placement, sizing, and power factor (pf) of DERs, with the pri-
mary goals of minimizing network losses and maximizing DER pene-
tration. Similarly, the study in [11] employed a modified Particle Swarm
Optimization algorithm to determine optimal power factor settings for
preventing voltage violations in a real-world feeder. Volt-Var (Q(V))
control is one of the most widely used SI control modes for mitigating
voltage violations and maximizing hosting capacity (HC) in distribution
networks [12-14]. In [15], a Particle Swarm Optimizer was employed to
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Table 1

Summary of Recent Data-Driven Volt-Var Control Studies.
Ref. Objective Test Network ML Technique Grid code Quantization
[30] Voltage regulation Real distribution feeder Mean-Corrected Recursive Ridge Regression IEEE 1547 No
[31] Voltage regulation Real distribution feeder Deep Reinforcement Learning - No
[34] Voltage regulation IEEE 33-bus Constrained Temporal Convolutional Network - No
[36] Voltage regulation IEEE 33 & 123 bus system Deep Convolutional Neural Network — No
[37] Voltage regulation IEEE 123-bus Deep Neural Network - No
[38] Voltage regulation Loss minimization IEEE 33-bus system Multi-Agent Soft Actor Critic - No
[32] Voltage regulation Loss minimization IEEE 33-bus system Deep Convolutional Neural Network IEEE 1547 No
[34] Voltage regulation Loss minimization IEEE 33-bus system Constrained Temporal Convolutional networks — No
This study HC maximization Real distribution feeder Deep Convolutional Neural Network EN 50549 Yes

Voltage regulation

optimize the location, size, and Volt-Var control set-points for distrib-
uted energy resources in a medium voltage distribution feeder. The al-
gorithm effectively mitigate overvoltage issues, leading to a 32.1 %
increase in HC. In reference [16], the problem of maximizing hosting
capacity and minimizing voltage deviations was formulated as a multi-
objective nonlinear optimization and solved using the Slime Mould Al-
gorithm. This approach determined the optimal locations, sizes, and
Volt-Var Control based power dispatch for photovoltaic and battery
energy storage systems. In [17], the Equilibrium Optimization Algo-
rithm was employed to optimize the locations, sizes, and Volt-Var con-
trol settings, with the goal of maximize the hosting capacity of the IEEE
123-bus test system.

Since DERs are connected to the distribution grid via three-phase
inverters, an efficient control technique is crucial for optimally regu-
lating inverter switching and managing active and reactive power set-
points within the grid [18,19]. Successful implementation of model
predictive control-based Volt-Var control has been reported in few
research articles[20-22]. In [23], a Volt-Var control strategy was
developed using Model Predictive Control (MPC) and compared against
a traditional PID controller. The results demonstrated the superior per-
formance of the MPC controller in maximizing the hosting capacity of an
IEEE-9 bus test system. The research in [24] investigated PI controller-
based Volt-Var, Volt-Watt and Volt-Var-Watt control schemes for
maximizing the HC in a distribution network.

In recent years, supervised deep learning techniques have garnered
significant attention from researchers [25,26]. These methods leverage
large datasets and advanced machine learning architectures to accu-
rately model complex, nonlinear relationships between voltage and
reactive power [27-29]. In [30], a data-driven distributed energy
resource management system (DERMS) was introduced for voltage
regulation. Unlike traditional approaches, the method eliminates reli-
ance on detailed network models by leveraging real-time grid and DER
measurements to determine optimal dispatch strategies, while simulta-
neously minimizing active power curtailment. Furthermore, in [31], a
reinforcement learning framework employing the Importance Weighted
Actor-Learner Architecture (IMPALA) was proposed for Volt-VAR and
PQ optimization in solar-powered distribution grids.

In [32], a data-driven deep convolution neural network was designed
and trained to generate optimal local voltage control curves. The
effectiveness of the proposed method was validated using an IEEE 33 bus
test system. In [33], an ANN controller was trained to replicate the
optimal centralized control set points of a photovoltaic (PV) inverter in a
decentralized manner, using data optimized by chance constraint
optimal power flow. Reference [34] proposed a data-driven Volt-Var
Control strategy using Constrained Temporal Convolutional Networks
(C-TCN) to reduce power losses and mitigate voltage violations. The C-
TCN model incorporates a corrective layer to penalize constraint vio-
lations and was validated on the IEEE 33-bus system. The study in [35]
employed a Multilayer Perceptron (MLP) to manage the active and
reactive power setpoints of DERs, with the objective of minimizing
power losses and maintaining the voltage profile within acceptable
limits. Table 1 presents a comparison of various data-driven Volt-Var

control strategies for smart inverters in distribution networks.

Contributions

Most existing studies rely on conventional Volt-Var control methods,
such as those specified in IEEE 1547, often neglecting critical factors like
the nonlinearity of Volt-Var curves, deadband ranges, and the
complexity of real-world grid scenarios. This oversight leads to subop-
timal performance. Moreover, a notable research gap exists in the
development of advanced control strategies tailored to optimize DER
integration while ensuring compliance with modern grid codes. In
comparison to the existing research, the major contributions of this
study are:

Detailed HC analysis of a real-world MV network situated in Vaasa,
Finland, known as the Sundom Smart Grid (SSG).

A Modified Reptile Search Algorithm (MRSA) is proposed to deter-
mine optimal size, location, dynamic deadband ranges, and Volt-Var
slopes for maximizing hosting capacity.

e A novel data-driven volt-var control for HC maximization is pro-
posed, in which a quantized 1D convolutional neural network
(QCNN) model is developed to emulate Volt-Var control. Trained on
historical load and generation data from the Sundom Grid, the deep
learning model effectively captures the complex nonlinear relation-
ships between voltage and reactive power.

Post-training quantization is applied to reduce model size for real-
world deployment. Quantization results in a tenfold reduction in
model size, making QCNN well-suited for deployment on resource-
constrained edge devices like microcontrollers.

A novel control framework is investigated, where the D-FCS-MPC
tracks the power setpoints predicted by the deep learning model. The
control framework is verified using OPAL-RT-based real-time
simulator. Under various DER penetration scenarios, the D-FCS-
MPC controller gives a smooth and robust control response within
the allowed tolerance levels mentioned in EN 50549-2 grid codes.

The paper is divided into 5 sections. The mathematical modelling of
the proposed Volt-Var control strategy and optimization problem
formulation for HC maximization is presented in section 2. Section 3
explains in detail the research methodology. Finally, sections 4 and 5
presents the results and discussions.

2. Standards and methods

This section gives a brief introduction of EN 50549 grid codes and
explains in detail the mathematical modelling of the Volt-Var control.
Furthermore, this section also explains the formulation of HC maximi-
zation as an optimization problem.

2.1. Grid codes

Grid codes describe the operational and technical requirements of
the equipment to be connected to the power system. Compliance with
grid codes ensures that the equipment willing to connect will not harm
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Fig. 2. Required Reactive Power Capability according to EN 50549.

stability and reliability of the grid. EN 50549 grid codes, published by
the European Committee for Electrotechnical Standardization (CEN-
ELEC), have been widely adopted across Europe. These Standards relate
to both the RfG European Network Code requirements and current
technical market needs. Fig. 1 illustrates the structure and development
of the EN 50549 series.

2.1.1. Voltage support by reactive power
Modern grid codes demand various ancillary services from the grid
connected DER units such as regulating reactive and/or real power to

keep the voltage at PoC within the acceptable limits. According to EN
50549-2 the acceptable voltage ranges from 90 % to 110 % of the
nominal voltage. The default requirements mentioned in EN 50549-2
are as follows:

e The reactive power requirement for Q is up to 33 % of the demanded
active power (Py) over-excited and under-excited when P is above 20
%Py
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Table 2
SI control modes.
Modes STANDARDS
FINGRID VJV IEEE 1547 California Rule- EN 50,549
2018 [39] [40] 21 [41] [42]
QW) 4 v e v
Q setpoint v v - Ve
QP) v v v
P(V) - v/ - v
Cos® v Ve v v
setpoint
Cos ®(P) — — — v

* : Default mode.

e If active power is less than 20 % of P4, the DER unit should be
capable of injecting or absorbing reactive power up to a minimum pf
of 0.52 as shown in Fig. 2.

e The stringent requirements reactive power requirement is up to 48.4
% of P4 over-excited and under-excited, when P exceeds 20 % of P;.

e When operating below 20 % of P4 the reactive power shall be pro-
vided according to Fig. 2 with a minimum pf of 0.38.

2.2. Modelling of SI control

Distributed energy resources (DERs), such as photovoltaic systems or
wind turbines, are typically connected to the grid via smart inverters
(SIs). These SIs can actively participate in grid management by injecting
or absorbing reactive power. Table 2 outlines different SI control modes
defined in various standards.

2.2.1. Volt-Var control

In Volt-Var (Q(V)) control mode, the inverter dynamically regulates
the reactive power (Q) based on the measured voltage at the point of
connection (v,) as illustrated in Fig. 3. The proposed Volt-Var control
introduces static (fixed) and dynamic (variable) dead bands (dB) to
accommodate different voltage ranges. If v, falls between dynamic and
static dB ranges, the inverter does not provide any reactive power sup-
port. The static dB is nonadjustable and ranges from 0.95 pu to 1.05 pu.
In contrast, the limits of the dynamic dB are adjustable, with the upper
limit vg, ranging from 1.05 pu to 1.099 pu, and the lower limit v4 from
0.9 pu to 0.95 pu. The length of the dynamic dB can be adjusted to get
the maximum value of HC. In this study the optimal length of the dy-
namic dead band is determined by selecting v4, and vy, with the aim of
maximizing hosting capacity (HC).
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When the measured voltage (v,,) exceeds the upper dynamic dB limit
(Vay), the inverter behaves as an inductor and absorbs Q. Alternatively,
when v, < vy, inverter injects reactive power. Furthermore, the rate of
reactive power injection/absorption is dependent on the slope (m) of the
Q(V) curve. By determining the optimal values of Volt-Var slopes (m)
and dynamic dead band limits (vay, va), SIs can efficiently manage
reactive power absorption/injection to maximize hosting capacity.
Based on these ideas, the reactive power as a function of measured
voltage, dynamic dead band voltage limits, and slope is mathematically
formulated as:

ﬂ(‘vm - Vdul )mus lfvm > Vay
BV — vall )y, if v < var )

Qosr =P " 50 484, ifv, > v > W
0,ifva < Vm < Vau
Mgy = M )
Vul — Vdudl
Vr — Vnm
_ 3
p [Vr — V|

Here, v, = 1 and P, is the demanded active power. The value of # can
be either —1 or 1. The positive  implies reactive power injection while
negative value means reactive power absorption.

2.2.2. Optimization problem

The problem is defined as a constraint, non-convex and nonlinear
optimization problem. The objective is distribution network HC maxi-
mization.

Nper

Max ins
d D Phikg )
g=1

Here, d = |N, Spgr, My, My, Vau, le]T is a decision vector which includes
location (N), size (Spgr) and Volt-Var control setpoints (slopes (m) and
dead band limits (v4)).Npgr = number of buses containing DERs. The
load flow constraints are represented in equations (5) and (6).

Ny
PO 4 PP — P = Vi D | Vil (GknCOSOkn + BinSin6in) (5)
n=1
Ny
Q¥+ Q™ — Qf = Vil Y Vil (GunSinG + BinCOS6kn) (6)
n=1

Here, P8 and Q¢ show grid active and reactive powers; P2*R and QPFR
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Fig. 3. Volt-Var curve.
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represent active and reactive power generation at bus k while P{ and Q¢
are the demanded active and reactive powers at bus k; N}, = total number
of buses; Vi and V,, are bus k and n voltages; Gy, and By, represents real
and imaginary part of bus admittance matrix; 6y,= angle difference
between bus k and n.

Vi Yy < v vk €N, )
Ly I YkeEN, ®
Soer™™ < Spex < Spir™™ V¥ k € Nz (C))
mmt < mit < m"* k€ Npgg 10)
va"™" < gt <va™ Y k € Npr (an

The equations (7), (8) and (9) modeled the voltage, current and DER
installed capacity constraints. Furthermore, the minimum and
maximum slope and dynamic dead band limits are given by equations
(10) and (11) respectively.

3. Methodology

This study introduces a data-driven Volt-Var control strategy aimed
at maximizing hosting capacity (HC) and mitigating voltage violations
in distribution networks. Central to the proposed methodology is a
quantized one-dimensional convolutional neural network (QCNN),
developed to emulate optimal Volt-Var control decisions. For dataset
preparation, a Modified Reptile Search Algorithm (MRSA) is employed
to determine optimal reactive power setpoints for HC maximization. The
prepared dataset is used to train the QCNN, enabling it to predict
optimal reactive power reference points based on real-time measure-
ments from the test network. These reference points are subsequently
provided to a Model Predictive Control (MPC) framework, which cal-
culates the optimal inverter switching states to directly regulate reactive
powers to the predicted reference values. Therefore, the methodology of
this research is organized into three sections. Section 3.1 introduces the
modified reptile search algorithm (MRSA) and explains how it can be
applied to determine optimal size and location of DER along with SI
control set points for hosting capacity maximization in a distribution
network. Section 3.2 focuses on the quantized one-dimensional convo-
lution network, detailing its use in data driven volt var control. Finally,
Section 3.3 explains the decoupled Finite Control Set Model Predictive
Control (D-FCS-MPC) framework, for precise active and reactive power
control in the network.

3.1. Modified reptile search algorithm

The reptile search algorithm (RSA), a metaheuristic approach, con-
sists of two main stages: the encircling stage and the hunting stage.

3.1.1. Encircling stage as exploration
The encircling phase involves exploring the search space. In the
encircling phase, crocodile movements are mathematically modelled as:

Xon(i+ 1) = besty(i) ( fu(m)(i)) % B (R (i) x rand) i < 7 12)
. . . . T . T
Xmn (i + 1) = best, (i) x X, ny x ES(i) x rand,i < Zzand i> 7 (13)
Where,
Himny = best,,(i) X P(mn) 14)
Ry — best, (i) — Pryn 1s)

best, (i) + €

Xmn Tepresent ng position of the my, solution,Best,(i) represent
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optimal solution, rand represent random number between 0 and 1, i and
T show current and maximum iterations.

3.1.2. Hunting stage as exploitation

The encircling involves exploiting the search space and consist of
hunting coordination and cooperation, which are mathematically
modelled as:

X(mn) (i + 1) = besta ()X (P (i) x rand,i < 3£and i> 2% 16)

X(m) (i + 1) = besta(i) — fip (i) X € — R (i) x rand, i < T and i > 3%
a7

where, best,(i) is the best solution in the current iteration. The
detailed explanation of these equations can be found in [43].

3.1.3. Proposed modified reptile search algorithm (MRSA)

When addressing the high dimensional, nonlinear and non-convex
HC maximization problem, the original RSA exhibits prominent short-
comings, such as local maxima stagnation, inadequate convergence and
high computational complexity. To overcome these issues, some modi-
fications are introduced in the original algorithm.

a) Cosine operator in the exploration phase

The main cause of local maxima trapping is inadequate exploration
during the high walking stage. To improve exploration, a cosine oper-
ator is introduced in the encircling phase. The addition of cosine func-
tion enhances the exploration of the search space in the initial stages and
prevent trapping in the local maxima. With the inclusion of cosine
operator, Eq. (12) is replaced by the following equation:

Xmn (1 + 1) = best, (i) + (r1 x cos(rand) x |ry x best, (i) — Xmn|, for i <

Wi~

18)

Here rand, r; and r, are the random numbers.
b) Levy flight in the exploitation phase

The second modification is designed to improve the convergence
during the hunting phase of the original RSA. To achieve this, the Levy
operator is used, which includes a jump size control factor, denoted by &:

levy = 0.01%% 19)
Ve

where, v and u follows the normal distribution.
uN(0,62),v N(0,02) (20)
1/¢

i
60 = A + g)siny @1

o, =1 (22)

A represents the gamma function, while £ is a crucial parameter that
controls the jump size of the search particles. A smaller value of & results
in shorter, random steps during the exploitation phase, enabling solu-
tion candidates to effectively explore the vicinity of the current best
solution. This improves the algorithm's ability to achieve global
convergence. Therefore, equation (17) is replaced with the following
equation in the modified algorithm:
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| Calculate Q using eq. (1) }:
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Fig. 4. MRSA based HC maximization methodology.

Xmn (i + 1) = best, (i) + rand x levy x (Xmn — best,(i) ), for i < T and i
T
>3 2

(23)

In the original algorithm, equations (14) & (15) are computationally
intensive, leading to increased time complexity. However, with the
aforementioned modifications, these equations no longer need to be

Table 3
Methodology of Data Driven Volt Var control.

calculated in MRSA algorithm, resulting in a 2-to-3-fold reduction in
time complexity.

3.1.4. MRSA for HC maximization

The methodology of maximizing hosting capacity using the MRSA
algorithm is illustrated by a flowchart in Fig. 4. The procedure begins
with modeling the distribution network. Next, the MRSA parameters are
initialized, including the population size and dimensions, sensitivity

Algorithm: Proposed data driven Volt-Var control-based HC maximization

Step 1: Collect historic load and generation data of the test network (Sundom Grid)
Step 2: Apply k-means clustering to reduce the number of scenarios (n).

Step 3: Data set preparation

fork=1:n

Determine optimal control set points using MRSA optimizer (explained in section 3.1.4)
Calculate optimal Q using equation (1)

end

Load prepared dataset to the neural network

Step 4: Training and validation

Reshape the data for 1 D CNN

Split the data into training and testing samples

Build a 1D CNN with multiple layers and initialize weight and biases.

Train the deep learning model and calculate loss function

Calculate outputs using trained 1D CNN

Save the offline trained model

Step 5: Post-training quantization

Apply quantization to the pretrained model

Calculate outputs using quantized 1D CNN (QCNN)

Save the quantized deep learning model

Step 6: Implement the pre-trained deep learning model for HC maximization.
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parameter (f), sensitivity limit (a), jump size (£), maximum iterations as follows:
T), and iteration counter (i). The population consists of a decision
M ® bop ¥Yx = ReLU(yx) = max(0, yx) (25)

variable vector d, which includes the slope of the Volt-Var curve (m),
length of the upper dynamic dead band (v4,), the location (N) and size of
the DER (S).

After initialization, the fitness function is evaluated, and the decision
vector (d) that yields the maximum hosting capacity value (objective
function) is chosen. If any operational constraint is violated, a penalty is
applied to the cost function, reducing the fitness function value to zero.
Afterwards, MRSA updated the decision vector for the next iteration,
and the fitness function is evaluated for the updated values. The entire
process is repeated for the predefined number of iterations. Once the
stopping criteria is met, the decision vector with the optimal cost
function value (active power) is selected as the final output.

3.2. Proposed data driven Volt Var control

Applying data-driven Volt-VAR control for hosting capacity maxi-
mization involves leveraging real-time and historical data to optimize
voltage and reactive power management in a power distribution
network. The summary of the proposed data driven volt var control-
based HC maximization process is presented in Table 3.

3.2.1. Data set preparation

The initial step involves collecting hourly averaged historical load
and generation data from the test network over a one-year period. The
collected data contains numerous scenarios that can be overwhelming,
potentially leading to computational inefficiencies. To address this, k-
means clustering is applied to reduce the dataset to manageable number
of representative scenarios. After clustering a data set is prepared
considering each representative scenario. In this dataset, load, genera-
tion, and voltage values are used as input features. The corresponding
optimal reactive power, determined using the MRSA optimization al-
gorithm with the objective of maximizing HC, is designated as the target
output.

3.2.2. One-Dimensional convolutional neural network (1D CNN)

A 1D CNN is a variant of convolutional neural network designed to
process one-dimensional sequential data. It consists of convolutional
layers with filters that slide over the input sequence, performing dot
products at each position to produce feature maps. The convolution
operation for a 1D CNN can be mathematically represented as:

1
Yo = ((cw)+b) = (x(k +i)w(i) ) +b 24
=0

where * represent the discrete convolution operation; x is the input
signals,w represent filter of length [ and k is the filter position, while b
represent the bias parameter. After the convolution operation, the
feature maps are passed through the ReLU activation function, defined

The ReLU is preferred because it introduces nonlinearity which al-
lows the model to capture complex patterns in the data. Additionally,
the ReLU function also helps to avoid the vanishing gradient problem by
maintaining stronger gradients. The output is then passed through a
pooling layer. Pooling (e.g., max pooling) is a down sampling operation
that reduces the size of the output:

Yoole = MaxX?_g (Yip) (26)

Where p is the pooling size. The cost function (loss function) which
needs to be minimized during the training process is defined as ridge
regularized normalized root mean square error between true and pre-
dicted reactive power (Q):

N —
Q-
floss = FT + A Z (Wk)2 (27)

k=1

Here Q; and Q; are the true and predicted reactive power values; N is
the total number of samples and wy represents weights of the model. The
second term represent a ridge regularization process which prevent
overfitting by adding a penalty to the model coefficients. In this work,
regularization strength (1) of 0.01 is utilized. 1D CNN is used because it
automatically learn local patterns in the data by applying convolutional
filters, making it highly effective at detecting important features [44].
This reduces the need for manual feature engineering and often results
in improved performance compared to traditional regression models.

3.2.3. Quantization

Quantization is a powerful technique for deployment of DL models
on resource-constrained edge devices [45]. Quantization maps 32-bit
floating-point model parameters to an 8-bit representation. This reduc-
tion in precision decreases model size, accelerates inference, and re-
duces power consumption. The quantization function can be formulated
as follows [46]:
r

Q(r) = Int( 3

)—Z (28)
where Int is a function that maps a real valued input r to an integer
value by using a rounding operation, S represent scaling factor, and Z is
the zero-point offset. In this study both weights and activations of 1D
CNN model were quantized using the post-training quantization (PTQ),
resulting in a reduction in model size with approximately no loss in
accuracy. The structure of Quantized 1 D CNN is presented in Fig. 5.
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Fig. 6. Proposed D-FCS_MPC based control with pre-trained deep neural network.

3.3. D FCS_MPC based controller with 1D CNN

The methodology of the decoupled finite control set model predictive
control (D-FCS-MPC) combined with a deep convolutional network is
illustrated in Fig. 6. A pre-trained deep learning model (as explained in
section 3.2 of methodology) processes measurements from the test
network to predict the optimal reactive power reference points, which
are then supplied to the MPC controller. The MPC controller subse-
quently determines the optimal inverter switching states to directly
regulate both active and reactive powers to meet the provided reference
values.

3.3.1. Decoupled Finite control set model Predictive control (D-FCS-MPC)

FCS-MPC is a specialized form of MPC designed to handle systems
with discrete control actions. D-FCS-MPC regulate active and reactive
powers directly, without the need for intermediate control loops,
enabling fast, simplified, and decoupled control [47]. D-FCS-MPC pro-
vide robust and efficient discrete control and can be utilized to control
switch states of grid tied inverters [48]. D-FCS-MPC control for 3 phase
grid tie inverters consist of three steps:

(a) Measuring current states: The first step involves developing a
mathematical model that captures the current states of the sys-
tem. For the implementation of D-FCS-MPC, an inverter model is
developed using P and Q as state variables. Equation that calcu-
lates the current active and reactive power is:

<= || =3l e |l ]

Here, x(j) = [P Q]"is the state variable at the current sampling instant

(29)

K, Vv = [v,,,,{Z vm_,;}r is the voltage measured at the point of connection

. . . T . .
and, i, = [ipq Gop] is the line current.

(b) Creating a prediction model: This step involves creating a
prediction model to estimate future behavior of the system over a
defined time horizon (t;). The prediction model is formulated as,

xX(j+1) = x() + Ax(j)+%BVi(i)—%Cvm(j) 6 (30)
Here,
R _,
L
A= R 31)
© -
_ vm,a vm.ﬂ
B {W Wﬂ} 32)
_ Vm,(z Vm,/i
c- { me ¥ } 33)

Heret, = sampling time, V; = [Vi, Vig] T is the inverter voltage and @
is the angular frequency. Equation (30) predicts the behavior of P and Q
(state variables) in terms of inverter voltage space vector (V;), grid
voltage (v,,) vector and line current (i,).

(c) Minimizing Cost function: In the third step, optimal space
vectors for next sampling interval is identified to minimize the
defined cost function. In this study the objective is optimal real
and reactive power injection for HC maximization. Therefore,

cost function L is:
L=PY-Pk+1)’+(Q¥-Qk + 1)) (34)

Here, P'Y and Q¥ represent reference real and reactive powers
provided by the deep learning model, while P(k+1) and Q(k+1)
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represent predicted real and reactive powers. To match predicted and
desired reference powers, the control algorithm determines optimal
space vectors for each sampling interval, thus minimizing the power
error.

4. Test results

The results section is divided into four subsections for clarity and
detailed analysis. Section 4.1 explains the test network. Section 4.2
evaluates the performance of the Modified Reptile Search Algorithm
(MRSA) for HC computation by focusing exclusively on worst case sce-
nario. Section 4.3 demonstrates the application of MRSA in generating a
dataset that is subsequently used to assess the proposed data-driven
Volt-Var Control approach (explained in section 3.2). Finally, Section
4.4 analyzes the effectiveness of the Decoupled Model Predictive Control
(D-FCS-MPC) framework which calculates the optimal inverter switch-
ing states to directly regulate reactive powers to the predicted references
provided by the trained neural network.

4.1. Test network

The test network used to evaluate the proposed methodology is a
real-world MV network situated in Vaasa, Finland, known as the Sun-
dom Smart Grid (SSG). The single-line diagram of Sundom Grid is shown
in Fig. 8, with specific details provided in Table 4. The SSG, equipped
with intelligent electronic devices (IEDs), functioned as a pilot labora-
tory in collaboration with the University of Vaasa. The SSG supported
various research activities through data collection and real-time
communication. A cloud service gathered IEC 61850 sampled values

Table 4
Test network specifications.

Test Network Details

No. of metering 2500 (Small commercial and residential users)
units

Wind generation

Feeders

Feeder Length

3.6 MW

4

J6 Sulva: 7.93 km (C) + 25.24 km (O) = 33.182 km

J7 Sundom: 10.19 km (C) + 12.95 km (O) = 23.141 km

J8 Wind: 0.733 km (C)

J9 Vaskiluoto: 1.12 km (C) + 5.91 km (O) = 7.03 km
Sparrow AF40, AHXW 3x95, AL 132, Raven AF62, AHXW 185,
Swan AF25, SAX-W 50

Conductors

*C: Underground Cable, *O: Overhead Line.
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and Generic Object-Oriented Substation Event (GOOSE) measurements
from various points across the grid. For this study, hourly average load
and generation data measured over the course of one year is utilized as
illustrated in Fig. 7.

4.2. Hosting capacity

The performance of the Modified Reptile Search Algorithm (MRSA)
for HC computation was assessed through extensive simulations con-
ducted using MATLAB software. The analysis focused on key grid met-
rics such as thermal loading and overvoltage. The HC evaluation was
carried out under extreme operating conditions, specifically maximum
generation and minimum load scenario. The load and DER generation
values used in this analysis are marked by purple circles in Fig. 7.

The Sundom Grid comprises four feeders: J9 Vaskiluoto, J8 Wind, J7
Sundom, and J6 Sulva. Feeder J8 already hosts a 3.6 MW wind turbine,
and no additional installations were considered for this feeder in the
analysis. Feeder J9, a short feeder with a length of 7.035 km, was
analyzed in detail. The analysis on J9 indicated that neither overvoltage
nor thermal loading pose any limitations on the hosting capacity (HC).
The focus is then shifted to feeders J6 and J7, where a detailed analysis
revealed that overvoltage was the primary factor limiting DER hosting
capacity. Additionally, the HC was found to be significantly influenced
by the locations of DER installations. To address this, five potential
installation sites were selected for each feeder, considering environ-
mental, climatic, and topographical factors, as shown in Fig. 8.

Two cases were considered in this analysis:

Case 1: HC was evaluated using location and size of DER as decision
variables, without employing any control.

Case 2: The Volt-Var (Q(V)) control was activated, and the optimal
size, location, dynamic deadband limits and slopes were identified to
maximize hosting capacity.

Each test case involved evaluating multiple scenarios to determine
grid level and feeder level hosting capacity by using MRSA algorithm.
For feeder J7, Scenarios 1 and 4 examined the effects of installing one
and two DER units, respectively. Similarly, Scenario 2 and 5 analyzed
the installation of one and two DER units on feeder J6. In the grid-wide
HC analysis, Scenario 3 considered installing one DER unit on both
feeders J6 and J7, while Scenario 6 evaluated two DER units on each
feeder. In all scenarios, the minimum DER installation was fixed at 2
MW. Also, for scenarios with one DER unit, the maximum installation
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Fig. 7. Sundom Grid hourly load and generation data for one year.
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Fig. 8. Sundom Grid with potential locations and HC values.

was limited to 16 MW, while for scenarios with two DER installation, it
was reduced to 8 MW per unit. The simulation parameters are presented
in Table 5.

For case 1, the results in Table 6 indicate that the highest hosting
capacity of 18.784 MW was achieved by simultaneous installation of two
DER units, one with a capacity of 10.783 MW on feeder J7 and another
with a capacity of 8.001 MW on feeder J6.0n feeder J7, the HC reached
10.942 MW when a single DER unit was installed at the 13th location,
while for feeder J6, the HC was 8.2881 MW with a DER installed at the
8th location. Similarly, when two DER units were installed at optimal
locations, the achieved HC values on Feeders 6 and 7 were 10.561 MW
and 7.330 MW, respectively.

Table 7 presents the hosting capacity (HC) values when Volt-Var (Q
(V)) control is applied. The results showed that with Volt-Var control,
the maximum HC increased from 18.784 MW to 27.368 MW in Scenario
3, representing a 45.858 % increase compared to the no-control case
(case 1). On feeder J7, an HC value of 13.818 MW was achieved by

Table 5

Simulation settings.
Simulation Parameters Values
Population 50
Max. iterations 50
Dynamic deadband range 1.05-1.099 pu
v, M 1.15 pu
Slope (k,) range 4-48
o, B, & 0.8, 0.1, 0.01
Voltage threshold 1.1 pu

Installed DER range 2 MW — 16 MW

Table 6
Case 1 results: no control.
Scenarios Feeder J7 Feeder J6 HC
Location/Size (MW) Location/Size (MW) (MW)
DER # 1 DER # 2 DER # 1 DER # 2
1 13/10.942 10.942
2 — - 8/ 8.281 - 8.2881
3 13/10.783 - 8/ 8.001 — 18.784
4 13/ 7.140 14/ 3.422 — — 10.561
5 - - 8/5.273 9/ 2.057 7.330
6 13/7.147 14/ 3.079 8/ 4.339 9/ 1.907 16.472

installing a single DER at location 13, while a HC of 12.989 MW was
obtained by installing two DER units at locations 13 and 14. Similarly,
for feeder J6, HC values of 9.827 MW and 8.559 MW were achieved in
Scenarios 2 and 5, respectively. In all cases, the results indicate that
higher HC values are attained by placing a single DER unit at the optimal
location, rather than deploying multiple DER units along the feeder. The
Volt-Var curves for various locations are presented in Fig. 9.
Comparative Analysis: The performance of the proposed MRSA al-
gorithm is evaluated against various state-of-the-art metaheuristic al-
gorithms, including the traditional Reptile Search Algorithm (RSA),
Grasshopper Optimization Algorithm (GOA) [49], and Particle Swarm
Optimization (PSO) algorithms [50]. The convergence curves for
various considered scenarios are presented in Fig. 10. The results clearly
show that MRSA achieves an average improvement of 0.49 % in HC

Table 7
Case 2 results: volt-var control.

Scenarios  Feeder J7 Feeder J6 HC
Location/ Size (MW)/ [v4p,, Location/ Size (MW)/ (MW)
slope] [Vaguy , slope]

DER # 1 DER # 2 DER # 1 DER # 2
1 13/ — - - 13.8181
13.8181/
[1.080,
9.490]
2 — - 8/ 9.8272/ - 9.8272
[1.087,
15.612]

3 13/ - 8/ 11.64/ — 27.3681
15.7281/ [1.062,

[1.056, 5.551]
6.472]

4 13/ 14/ - - 12.9890
7.2522/ 5.7368/

[1.059, [1.063,
8.972] 7.111]
5 - — 8/6.3662/ 9/ 8.5592
[1.052, 2.1930/
8.689] [1.073,
9.244]

6 13/ 15/ 3.233/ 8/ 6.7441/ 9/ 22.5714
6.1357/ [1.058, [1.077, 6.4586/

[1.091, 11.518] 12.745] [1.069,
5.172] 8.827]
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value compared to the PSO algorithm and outperforms other algorithms
in terms of global optima search capability. Furthermore, to ensure a fair
evaluation, each algorithm was executed 15 times, and the results are
presented using a box plot in Fig. 11. These findings highlight that the
modified RSA, enhanced through strategic improvisations, demonstrates
robust global optimization capabilities, consistently surpassing other
algorithms in terms of precision, reliability, and overall effectiveness.

4.3. Performance evaluation of data driven Volt-Var control

This section evaluates the performance of the proposed data driven
volt var control for the Sundom grid. The analysis utilizes data from the
summer season, specifically between 3000 and 6000 h, which represents
lower load and higher generation scenarios. Real-world data, as shown
in Fig. 7, contains numerous scenarios that can be overwhelming,
potentially leading to computational inefficiencies. To address this, k-
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Fig. 13. Correlation matrix of the dataset.

means clustering is applied to reduce representative scenarios. The
clustering streamline the dataset while preserving the diversity and
representativeness of the original data. Additionally, to enhance the
quality of the data set, some randomly generated scenarios were also
added by intuition.

After clustering, a dataset is prepared with load, generation, and
voltage as inputs, and reactive power as the output. The dataset is
created considering a single DER installation at bus 03 of feeder J6
Sulva. For each scenario, the optimal reactive power output is deter-
mined using the MRSA optimization algorithm. The data-driven 2D and
3D Volt-Var curves constructed from the prepared dataset are shown in
Fig. 12 (b). The 2D curves reveal that the Volt-Var curves generated from
real-world load and generation scenarios exhibit nonlinear behavior, in
contrast to the conventional linear Volt-Var curves depicted in Fig. 9.

The correlation analysis of the dataset is shown in Fig. 13. The

12

correlation matrix indicates a strong correlation between the load on
feeder J6, voltage, and reactive power, as well as a moderate positive
correlation between active generation and reactive power output. There
is significant multicollinearity between J6 load, voltage and reactive
power which can lead to overfitting. This overfitting issue is addressed
by applying L2-regularization in the cost function. A multilayered
quantized 1D CNN model containing three convolutional layers is uti-
lized for prediction. The model is trained for 50 epochs with a batch size
of 32, using the Adam optimizer. Additionally, the dataset is split into
three parts: 80 % for training, 10 % for validation, and 10 % for testing.

The prediction results for both the quantized and non-quantized 1D
CNN models are presented in Fig. 14. The results demonstrate that the
predicted values closely align with the true values, indicating a high
level of accuracy in the trained model. Furthermore, the performance of
the quantized model is identical to the non-quantized model, showing
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Table 8

Comparison of Performance Metrics.
Model Type RMSE NMSE MAE Size (KB)
Non-Quantized 0.09672133 0.0271639 0.0692889 5071.85
Quantized 0.09684882 0.0272356 0.0693220 439.91
Non-Quantized (Noise) 0.09924032 0.0288751 0.0738533 5071.85
Quantized (Noise) 0.09981813 0.0288899 0.0739615 439.91

that quantization did not significantly affect accuracy. Furthermore, the
efficiency of the trained models is evaluated using various performance
indices, including normalize mean square error (NMSE), root mean
square error (RMSE) and mean absolute error (MAE), as shown in Fig. 15
and summarized in Table 8. The results indicate a 10-fold reduction in
model size for the quantized version, with only a negligible loss in ac-
curacy, demonstrating the effectiveness of quantization in optimizing
model performance.

Data-driven models often operate as “black boxes” and are inherently
sensitive to measurement uncertainties, unforeseen operating condi-
tions, and missing data. To mitigate these limitations, various multi-
fidelity modeling approaches have been proposed in the literature
[51,52], which aim to improve robustness by integrating data sources of
varying accuracy. In this study, to specifically assess the robustness of
the proposed data-driven model under noisy conditions, we introduce
relative Gaussian noise into the dataset. The noisy dataset is generated
using the following relation:

x_noise = +1.x.N(0,1) (35)

Herex_noise = data with noise, x = clean data, 1 = noise level (set to
10 %) and N(0, 1) is the normal random variable with zero mean and
unit variance. As illustrated in Fig. 15, introducing 10 % relative
Gaussian noise results in a slight increase in RMSE, NMSE, and MAE.
However, the overall performance of both quantized and non-quantized
models remains stable, thereby confirming the robustness of the pro-
posed data-driven model against measurement uncertainties and vali-
dating its reliability under noisy conditions.

The model is first trained in an offline environment to develop the
best control strategy. Once the deep learning model is fully trained, it is
deployed within the Sundom Grid to manage reactive power and
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optimize grid performance in real-time. To assess the reactive power
management capabilities of the trained neural network models, a subset
of real-world Sundom Grid scenarios, spanning from 3400 to 5900 h, is
used as input for both the quantized and non-quantized neural network
models. The results are presented in Fig. 16. The results show that both
CNN and QCNN effectively predict optimal reactive power setpoints
under varying load and generation conditions during voltage violations.
They successfully restore voltage to its normal operating ranges, thereby
enhancing the network’s hosting capacity (HC).

4.4. Performance evaluation of D-FCS-MPC based control with 1D CNN

This section evaluates the performance of the designed decoupled
model predictive controller for optimal reactive power management. To
carry out this evaluation, the considered Sundom grid test network was
modeled in MATLAB Simulink. Simulations were performed under two
operational modes: no control (NC) mode and data driven Volt-Var (Q
(V)) control mode. In NC, no Volt-Var control is enabled while in case of
Q(V) control pre-trained deep learning model (evaluated in section 4.3)
processes measurements from the test network to predict the optimal
reactive power points for HC maximization. Model Predictive Control
(MPC) calculates the optimal inverter switching states to directly regu-
late reactive powers to the predicted references provided by the trained
deep learning neural network model. The controller performance is
evaluated based on a single DER installation at bus 03 of feeder J6. The
operating conditions for the test cases considered are detailed in Table 9.

4.4.1. Case 1: Moderate operating conditions

Case 1 considers moderate load and DER penetration scenarios. The
results of case 1 are presented in Fig. 17. Fig. 17 (a) illustrates the results
when SI control is not activated, while Fig. 17 (b) shows the results when
Volt Var (Q(V)) control is enabled. Initially, the DER generates 0.9 MW
of active power (P), while the voltage at PoC is 1.033 pu. Keeping the
load constant, DER penetration increased to 1.9 MW at t = 0.3 sec,
resulting in a voltage rise to 1.086 pu. Since the voltage at PoC stays
within the permissible limits, the predicted Q is zero as shown in Fig. 17
(b, ii).

At t = 0.6 sec, the DER penetration increases to 2.956 MW, resulting
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Fig. 16. Performance evaluation of CNN and QCNN models using subset of Sundom Grid scenarios.
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Table 9
Operating conditions for case 1& 2.

Cases Load J6 Load J7 Wind J8 Load J9 DER Generation
mw) mw) mMw) mw) mMw)

Case 1 0.652 0.5 3.6 0.033 2.956

Case 2 0.475 1.1318 3.6 0.033 3.0136

in a voltage rise to 1.1135 pu as shown in Fig. 17 (a, iii). When Volt-Var
control is disabled, no reactive power support is provided (Q = 0) as
shown in Fig. 17 (a, ii). Therefore, the voltage remains at 1.135 pu
resulting in voltage violations and limiting the HC at PoC. However,
with the activation of SI control, the data driven Volt-Var control re-
sponds by absorbing 1.13 MVar of reactive power as illustrated in Fig. 17
(b, ii). This reactive power absorption restore the voltage to 1.099 pu
(Fig. 17 (b, iii), effectively enhancing the HC limits at PoC.

4.4.2. Case 2: Extreme operating conditions

In case 2, extreme operating conditions i.e. minimum loading and
maximum DER penetrations are considered to generate overvoltage
conditions. As the DER penetration increases to 100 % (3.0136 MW) at t
= 0.6 sec, the voltage at PoC increase to 1.122 pu resulting in an
overvoltage scenario as illustrated in Fig. 18 (a, iii). However, when
Volt-Var control is enabled, the controller absorbs 1.49 MVar of reactive
power which brings the voltage back in the continuous operating range
as depicted in Fig. 18 (b, ii) and Fig. 18 (b, iii).

4.4.3. OPAL -RT-based real-time verification

In this section, the OP4510 real-time simulator is integrated with
MATLAB/ Simulink model to perform software in the loop (SIL) testing.
In the SIL testing, both the plant model and the control algorithm run
inside OPAL-RT, without any external hardware controller [53]. In

x10°
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comparison to traditional simulation, SIL provide higher fidelity vali-
dation by testing actual VHDL, C, or C++ codes that will eventually run
on the embedded hardware[54]. SIL testing provide efficient verifica-
tion of controller performance in a realistic real-time execution
environment.

The MATLAB results (presented in 4.4.1 and 4.4.2) are validated
using OPAL-RT-4510, a real time digital simulator which is equipped
with Xilinx Kintex-7 FPGA technology. The hardware setup is presented
in Fig. 19. The RT Lab simulator operates in hardware synchronization
mode and transmit signals to the Keysight Infinium EXR0O58A Oscillo-
scope via the analog ports of the OP4510. The results obtained, as shown
in Figs. 20 and 21, provide real-time validation of the simulated model,
confirming its performance in conditions that closely resemble real-
world operations.

The MATLAB results are validated using the OPAL-RT OP4510, a
real-time digital simulator equipped with a Xilinx Kintex-7 FPGA and a
quad-core CPU. The corresponding hardware setup is shown in Fig. 19.
This setup demonstrates the OPAL-RT-based real-time platform used to
validate the proposed controller. OPAL-RT executes Simulink models in
real time through the RT-Lab software environment, where the model is
divided into two subsystems: SM and SC. The SM (Simulation Master)
subsystem contains the main model for real-time execution, while the SC
(Simulation Console) subsystem includes scopes and console blocks for
monitoring and user interaction. Communication between SM and SC is
managed through OpComm blocks. In this study, the simulator is
operated in hardware synchronization mode, transmitting signals to a
Keysight Infinium EXRO58A oscilloscope via OP4510's analog ports.
These ports are accessed using the OpCtrl block, which provides an
interface to OPAL-RT I/0 cards and supports up to 256 I/0 lines. In this
configuration, OpCtrl is set to control a TE0741 board, and the Analog
Out block is employed to route the outputs to the first three analog
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output ports of the OP4510.

The results obtained, as shown in Figs. 20 and 21, provide real-time
validation of the simulated model, confirming its effectiveness under

Fig. 19. Hardware setup for real-time simulations.

conditions closely resembling real-world operation. Specifically, for

follows the active power
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Volt-Var control of case 1 & 2 (Fig. 20(b) and Fig. 21(b)), the controller
reference points

while absorbing
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approximately 1.13 MVar and 1.49 Mvar of reactive power respectively
to maintain the voltage within the permissible operating range. A clear
consistency is evident between the MATLAB/Simulink simulations and
the real-time results, demonstrating that under all DER penetration
scenarios, the proposed MPC controller accurately tracks the active and
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reactive power setpoints, delivering a smooth and robust response. Ac-
cording to EN 50549, the maximum allowed tracking deviation is
limited to 5 %. The presented results confirm that the proposed MPC
controller meets these requirements, maintaining the reactive power
response within the prescribed tolerance band with little to no
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overshoot. important question arises regarding how often the model should be

5. Discussions
In this study, a pre-trained deep learning model processes measure-

ments from the test network to predict the optimal reactive power
reference points. Since the deep learning model is trained offline, an
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retrained in the context of rapidly evolving distribution systems. The
frequency of data collection, device updates, and neural network
retraining depends on factors such as grid dynamics, renewable energy
penetration, and the ongoing evolution of distribution networks. As the
penetration of renewable energy resources (RES) increases, grid dy-
namics can change significantly over short periods. The variable,
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unpredictable, and intermittent nature of RES can impact the voltage
profile and reactive power requirements. Therefore, in areas experi-
encing rapid renewable deployment, it is recommended to retrain the
model on a quarterly or semi-annual basis.

Another key point of discussion is that this study presents a data-
driven Volt-VAR control strategy designed in alignment with the re-
quirements outlined in the EN 50549-2 standard. According to Article
4.7.2 of EN 50549-2, “throughout the continuous (normal) operating fre-
quency and voltage range, the generating plant shall be capable of delivering
the requirements stipulated in Fig. 2 (section 2.12).” Volt-VAR control is
therefore intended to operate only within the continuous operating
ranges. According to EN 50549, the continuous operating voltage range
lies between 0.9p.u to 1.1p.u. Under abnormal or fault-level conditions,
the Volt-VAR controller is not activated, and the generating unit follows
the positive- and negative-sequence active/reactive power requirements
defined in sections 4.7.4 and 4.9 of EN 50549-2.

Furthermore, in this study neural network predict active and reactive
power reference points which are then supplied to the MPC controller.
The MPC controller subsequently determines the optimal inverter
switching states to directly regulate both active and reactive powers to
meet the provided reference values. However, it is important to note
that, as with all data-driven models, a certain level of prediction error is
unavoidable in neural networks, especially when dealing with nonlinear
systems. Therefore, even though controller performance remain stable
and consistent, the accuracy of response is limited by the quality of
prediction. The tracking error is due to the neural network limitations
rather than deficiency in the controller itself. In future work, improve-
ments in the data set, along with the integration of Physics-Informed
Machine Learning models, could help mitigate prediction errors. By
embedding physical laws, grid constraints, and Volt-VAR characteristics
directly into the learning process, Physics-Informed Machine Learning
approaches could lead to more accurate predictions and, ultimately,
improved controller performance.

6. Conclusions

In this study, data-driven Volt-Var control is proposed for managing
reactive power, with the goal of mitigating overvoltage issues and
enhancing hosting capacity. A quantized deep learning model, trained
offline using historical load and generation scenarios, processes real-
time measurements from the test network to predict the optimal reac-
tive power reference points which are supplied to D-FCS-MPC controller.
The major conclusions are:

e Volt-Var curves generated using real-world load and generation
scenarios exhibit nonlinear behavior.

The QCNN model showcase efficient prediction performance under
varying load and generation conditions achieving a Normalized
Mean Squared Error (NMSE) of 0.0272, comparable to the 0.0271
NMSE of the standard 1D CNN model.

Quantization results in a tenfold reduction in model size, making the
QCNN model well-suited for deployment on resource-constrained
edge devices.

Under various DER penetration scenarios, the D-FCS-MPC controller
gives a smooth and robust control response within the allowed
tolerance levels mentioned in EN 50549-2 grid codes.

Furthermore, the research provides detailed HC analysis of the
Sundom Grid (SSG), covering aspects from initial planning to the Volt-
Var based control implementation. A Modified Reptile Search Algo-
rithm (MRSA) is proposed to identify optimal size, location, dynamic
deadband ranges, and slopes for maximizing hosting capacity. The
major conclusions are:

e As the distance from the substation increases, the maximum HC
value decreases.

International Journal of Electrical Power and Energy Systems 174 (2026) 111524

Higher HC values are attained by placing a single DER unit at a
suitable location, instead of deploying multiple DER units along the
feeder.

e When smart inverter (SI) Volt-Var control mode is activated, HC

increases by 45.858 %.

e MRSA achieves an average improvement of 0.49 % in HC value
compared to the PSO algorithm and demonstrates robust global
optimization capabilities, surpassing other algorithms in terms of
precision, reliability, and overall effectiveness.
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