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Abstract

The proactive involvement of photovoltaic (PV) smart inverters (PVSIs) in grid management
facilitates voltage regulation and enhances the integration of distributed energy resources
(DERs) within distribution networks. However, to fully exploit the capabilities of PVSlIs,
it is essential to achieve optimal control of their operations and effective coordination
with voltage-regulating devices in the distribution network. This study developed a
dual strategy approach to forecast the optimal setpoints of onload tap changers (OLTCs),
PVSIs, and distribution static synchronous compensators (DSTATCOMs) to improve the
voltage profiles in power distribution systems. The study began by running a centralized
AC optimal power flow (CACOPF) and using the hourly PV output power and the load
demand to determine the optimal active and reactive power of the PVSIs, the setpoint of the
DSTATCOM, and the optimal tap setting of the OLTC. Furthermore, Machine Learning (ML)
models were trained as controllers to determine the reactive-power setpoints for the PVSIs
and DSTATCOM s as well as the optimal OLTC tap position required for voltage stability
in the network. To assess the effectiveness of the method, comprehensive evaluations
were carried out on a modified IEEE 33 bus with a high penetration of PV energy. The
results showed that deep neural networks (DNNs) outperformed other ML models used to
mimic the coordination method based on CACOPE. Furthermore, when the DNN-based
controller was tested and compared with the optimizer approach under different loading
and PV conditions, the DNN-based controller was found to outperform the optimizer in
terms of computational time. This approach allows predictive control in power systems,
helping system operators determine the action to be initiated under uncertain PV energy
and loading conditions. The approach also addresses the computational inefficiency arising
from contingencies in the power system that may occur when optimal power flow (OPF) is
run multiple times.

Keywords: distributed energy resources; PV energy; voltage-regulating devices; coordination
control; uncertainties

1. Introduction

Electrical energy is one of the key factors in the economic development of any nation.
The recent adoption of the Paris Agreement, which enforces reductions in carbon emis-
sions by nations under the United Nations (UN), has caused many nations that depend
on fossil fuels to seek alternative sources of energy [1]. One approach used by many
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nations to achieve the objective of the Paris Agreement is the use of distributed energy re-
sources (DERs) such as PV energy to reduce dependency on fossil fuel-based generators [2].
PV energy sources are connected to existing distribution networks through PV smart in-
verters (PVSIs). However, the introduction of PVSIs into existing distribution networks
causes bidirectional current flows in power system networks. This has led to a number
of complexities in power system parameter control [3,4]. Many of the devices used in the
regulation of power system parameters depend on a unidirectional flow of current in the
network. The integration of PVSIs into a network can cause a reverse flow of current to
the substation so that the power generated at the point of connection of the inverter is
greater than the load demand. This issue of reverse current flow affects the operation of
voltage-regulation devices in the substation, such as the on-load tap changer (OLTC), which
is installed at the transformer in the substation.

The growing prevalence of DER integration introduces new technical and operational
hurdles for existing power system distribution networks [5]. Distribution networks must
now contend with novel issues such as voltage fluctuations, potential grid overloading, and
unprecedented power flow dynamics that challenge traditional electrical system design
and management [6,7]. Active distribution network management (ANM), which refers to
the techniques used to control and manage distribution networks in a more flexible and
dynamic manner in the presence of DERs, is one of the main methods used to manage
technical issues and maintain operations within permissible limits, and it involves the use of
reactive power and voltage-compensating devices [8-10]. ANM involves controlling power
flow across the distribution network to optimize efficiency, minimize losses, and maintain
operation of the reactive and voltage-regulating devices in the network to ensure that
there are no violations of power system operating parameters. Several voltage-regulating
devices are used in ANM, such as static voltage regulators, switched-capacitor banks
(SCBs), distribution static synchronous compensators (DSTATCOMs), and other flexible
AC transmission (FACT) devices [11]. An OLTC regulates the voltage by adjusting the
transformer’s tap position, whereas SCBs and DSTATCOMs regulate the voltage by reactive
power compensation. However, SCBs have slow response times and a limited number of
switches, whereas DSTATCOMs have fast response times owing to thyristor-controlled
switching. A DSTACOM can provide inductive reactive power to alleviate the problem
of voltage rise in addition to compensating for capacitive reactive power. Therefore,
DSTATCOMs are preferable to SCBs for fast voltage regulation.

Recently, many PVSIs have begun to be used to supply reactive power to regulate
their bus voltage along the distribution network. According to the recently updated
IEEE standard (IEEE 1547-2018), smart inverters can be used to provide or absorb reactive
power for fast voltage regulation [12]. A smart inverter is an advanced type of inverter
used primarily in renewable energy systems, such as solar power installations, to convert
the direct current (DC) electricity generated by renewable sources into alternating current
(ACQ) electricity which can be used by electrical appliances or fed into the grid. Unlike
traditional inverters, smart inverters come equipped with advanced features that improve
the functionality, reliability, and integration of renewable energy systems within the grid.
The smart inverter functionality includes fault ride-through, voltage and frequency ride-
through, and grid voltage support. Among these functions, grid voltage support is obtained
by the reactive function mode of smart inverters, which depends on the voltage at the
point of connection to the grid network. The reactive function of smart inverters controls
the local voltage by either absorbing reactive power or providing it to the grid. However,
smart inverters can also introduce challenges and issues, such as voltage fluctuations
and instability, which may occur when multiple DERs like PV and wind energy operate
simultaneously. When additional power is thereby injected into the grid, overvoltage may
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result if smart inverters are not well coordinated with other voltage-regulating devices
in the network, further leading to overvoltage or undervoltage outside acceptable limits
within some buses in the network. Additionally, variability in DER output, as occurs
when solar generation is influenced by weather, can complicate load and generation,
making it harder to plan and manage the network effectively. Excessive generation by
DERs can cause reverse power flow from distribution networks to transmission networks,
creating challenges in grid operation and potentially damaging equipment. To address the
challenges caused by the use of smart inverters in distribution networks, there is a need to
develop advanced control techniques to coordinate and control the volt/ VAR optimization
of smart inverters and other voltage-regulating devices as well as the generation output
power of the inverters.

Various approaches for managing smart inverter operations and coordinating them
with conventional voltage control devices have been explored in the literature. Refer-
ence [13] presented a hybrid scheme combining centralized and local real and reactive
power control for PV smart inverters. In this method, the inverter’s local control is based
on piecewise linear functions, while its parameters are periodically optimized through a
centralized process. However, this centralized optimal power flow (OPF) strategy demands
extensive computing and communication resources. In [14], a distributed adaptive robust
Volt/ VAR control method was developed to reduce power losses in distribution systems,
but it relies on multiple control centers to carry out Volt/ VAR optimization. Similarly, [15]
proposed a model-free extremum-seeking adaptive local Volt/ VAR control to minimize net-
work losses, but its computational complexity is relatively high. Reference [16] introduced
a probabilistic approach to coordinate PV smart inverters with on-load tap changers (OLTC)
and electric vehicles (EVs) to maximize hosting capacity. This method’s dependence on pre-
cise probability distributions limits its practicality in dynamic and uncertain environments,
potentially reducing network reliability under extreme or unexpected scenarios. In [17], a
data-driven distributionally robust stochastic OPF method was suggested to control PV
smart inverters and energy storage setpoints to address overvoltage issues. However, its
performance is constrained by the quality and availability of historical data, which might
not reflect rare events or rapidly changing conditions, resulting in suboptimal control under
significant uncertainty. Reference [18] proposed a data-driven local control strategy for
determining setpoints for smart inverters, controllable loads, and battery storage systems,
but the use of iterative OPF leads to high computational demands. Likewise, [19] described
a data-based nonlinear control policy for the real-time reactive power dispatch of smart
inverters, which requires repeated OPF runs, making it computationally intensive. A
multi-mode data-driven method to coordinate conventional voltage regulation devices and
PV inverters was proposed by [20], but it did not account for variations in PV output and
load conditions.

In [21], a multi-objective model for reactive power and voltage optimization was
introduced, using the gray wolf optimization algorithm to enhance node voltage qual-
ity and improve overall system stability. Although this method boosts voltage quality
and operational stability, it does not provide real-time adaptability to sudden changes or
the unpredictable nature of renewable generation. Reference [22] developed a reactive
power optimization algorithm specifically for distribution networks with PV generation,
addressing power quality issues through a multi-objective optimization model solved with
the Non-dominated Sorting Genetic Algorithm III (NSGA-III). Test results showed that
the NSGA-III approach could reduce active power output by up to 25%, whereas other
methods reduced PV active power by less than 10%. Traditional reactive power optimiza-
tion methods still struggle with finding globally optimal solutions efficiently and often
suffer from slow computational performance. The authors in [23] applied the simulated
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annealing technique to optimize models involving photovoltaic systems, wind turbines,
and electric vehicles in active distribution networks. Experiments based on a modified
IEEE 14-bus distribution system indicated significant reductions in voltage deviations
and overall system losses after optimization. However, the approach does not explicitly
account for the variability of intermittent energy sources, which limits its effectiveness
under uncertain conditions. To address the need to avoid repeatedly solving OPF to iden-
tify optimal setpoints for smart inverters and other voltage control devices, while also
minimizing communication infrastructure requirements and capturing dynamic system be-
havior with integrated PV smart inverters (PVSIs), this paper proposes a machine learning
(ML)-based coordinated control strategy for PVSIs in combination with DSTATCOM and
OLTC. Initially, a centralized AC optimal power flow (CACOPF) is used to determine the
coordinated setpoints for PVSIs, DSTATCOM, and OLTC based on PV generation and load
demand data. Then, machine learning models are trained as controllers to select optimal
operating points for the PVSIs, DSTATCOM, and OLTC under varying load and distributed
generation conditions.
The major contribution of this research is as follows:

1.  The research addresses the computational inefficiency of running optimal power
flow (OPF) multiple times by proposing an ML-based approach to predict optimal
setpoints of voltage-regulating devices under different loading conditions. The ap-
proach reduces the need for repeatedly solving OPF problems, enhancing real-time
operational efficiency.

2. The proposed coordinated control scheme involving PV smart inverters, DSTATCOM,
and OLTC enables effective voltage regulation and power flow management by
leveraging the combined capabilities of multiple devices in the power system.

3. The centralized AC optimal power flow (CACCOPF) adopted in this research ensures
that the control strategy accounts for nonlinear power system dynamics, improving
the accuracy and robustness of the coordination.

4. The use of ML models as local controllers to determine the best operational points of
PV smart inverters, DSTATCOM, and OLTC allows a scalable and communication-
efficient control mechanism, enabling faster decision making.

2. Proposed Framework

The proposed framework for coordinating and controlling the output of PV energy
along with voltage regulation devices is illustrated in Figure 1. The time-varying output
power from the PV system and dynamic loading were fed into an optimizer, which contin-
uously operates based on a multi-objective function aimed at maximizing PV output while
minimizing voltage deviations across the network. The optimizer calculates the setpoints
for the voltage regulation devices and the PV smart inverter (PVSI) at hourly intervals,
considering both load demand and PV generation. To eliminate the need for repeatedly
running the optimizer, the hourly setpoint results for the voltage devices and PVSIs’ reac-
tive power are used to train machine learning models. As a result, the setpoints for both
the voltage regulation devices and the PV inverter can be predicted for any combination of
load demand and PV generation output.
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Figure 1. Proposed framework of the coordination and control approach.

3. Mathematical Modeling

This section outlines the centralized AC optimal power flow (CACOPF) approach for
power system networks, which is based on the nonlinear power flow equations. It also
presents the mathematical formulations for controlling the reactive power output of PVSIs
as well as the control equations for the OLTC and DSTATCOM. Compared to linearized
or DC power flow models, the nonlinear power flow model provides a more accurate
representation of actual system behavior. While linearized and DC power flow methods
often rely on simplifying assumptions such as ignoring reactive power and bus voltage
angles, the nonlinear model captures these aspects, delivering a more realistic and precise
depiction of power system conditions [24-26].

3.1. Nonlinear Centralized AC OPF (CACOPF)

The nonlinear OPF is formulated by the following power flow model as in (1) to (4).
The equivalent active power and reactive power at any bus in the network are described
in Equations (1) and (2). The equivalent active and reactive power that flows in bus i,
connected to a PSVI and the load connected, is given as in (3) and (4) [27].

Pg_i—Pp_i=Pi(V, 9) 1)
Qc—i — Qc—i = Qi(V, 9) ()
Ppysi—i — Pp—i = Y _y_y ViVi|Yik| cos(8; — & — 0 3)
n
Qpvsi—i — Qp—i = Y_ ViVk|Yik|sin(6; — & — 0ix) 4)
k=1

where P;_; and Q¢_; are the active and reactive power generated at bus I, respectively.
Ppys; is the active power of the PVSI, Pp_; is the active load at the point of connection,
Qpys is the reactive power of the PVSI, and Qp_; is the reactive power demand at the point
where PVSl is connected. V; and Vj are the buses between bus i and k, respectively, Yj is
the admittance between i and k, ¢; is the bus angle of i, J is the bus angle of k, and 6y is the
angle difference between i and k. The Ppys; and gpyst will be zero when there is no PVSI
connected at bus i. In the slack bus, the active and reactive power are free to balance the
mismatch in the network.
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3.2. OLTC Model

The tap position of the OLTC is determined by the secondary and primary voltage
of the transformer and the change ratio per step. The OLTC tap position is modeled as

= (())0)

where v, and v; are the primary and secondary connection points of the transformer, and o

expressed in (5).

is the change ratio per step.

3.3. Smart Inverter Model

In this study, the smart inverter is designed to regulate voltage by adjusting its reactive
power output in response to voltage levels. When the terminal voltage drops below the
network’s minimum threshold, the inverter supplies reactive power to the grid; when the
terminal voltage exceeds the maximum limit, it absorbs reactive power from the grid. The
inverter’s voltage setpoints (v1, vp, v3, and vy4) are optimally determined using three key
parameters: the reference voltage (v;), the voltage range (D), and the deadband (d). The
inverter’s goal is to keep the terminal voltage close to v;. The amount of reactive power
injected or absorbed to achieve this is based on D and the inverter’s maximum reactive
power capacity. The voltage setpoints are calculated using Equations (6) through (10).

v =0v,—D (6)
vy =0, —d (7)
v3=10v,+d (8)

The voltage gap D used is 5% of the nominal voltage, the deadband is 2% of the
nominal voltage, and V, is the nominal voltage of 1. The reactive power output of the smart
inverter as a function of voltage is modeled using a piecewise function, which is expressed
as in (10).

Qmax v <1
(vfﬁf;;l) x (v —Vp) 0 <v<0,
Qpvsr =40 vy <0< (10)
%X(U—%) v3 <0< vy
_Qmax U >0y

where V denotes the bus voltage, Qpysy is the smart inverter available reactive power at
the connected bus n, and Qs is the maximum reactive power that can be absorbed or
supplied by the PVSL

3.4. Distribution Static Synchronous Compensator (DSTATCOM) Model

A DSTATCOM (distribution static synchronous compensator) is a device used to
regulate voltage by generating or absorbing reactive power at high speed. The reactive
power of a DSTATCOM is controlled using power electronics, which is typically through
voltage—source converters (VSC) that allow rapid and continuous adjustments of the
reactive power. There are two main operation modes for DSTATCOM: voltage regulation
mode and reactive power control mode. In voltage regulation mode, the DSTATCOM
can be modeled by two parameters: the slope (Xpstatcom) and the voltage reference
(Vr). In reactive power control mode, the DSTATCOM can be modeled as a constant
susceptance. However, when the DSTATCOM reaches its limits, it operates as either a fixed
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capacitive or a fixed inductive device under low or high voltage conditions, respectively.
In these situations, the DSTATCOM is not actively controlled, which limits its ability to
regulate voltage effectively. In this study, the voltage control mode of the DSTATCOM
was employed. It is modeled by a voltage source in series with reactance (Xpstarcom). An
auxiliary generator is used to model the DSTATCOM in the networks. The Xpstarcom and
V. are the decision variables, and the DSTATCOM reactive power (Qpstarcom) is obtained
from the optimal OPF as depicted in (11) to (13).

XMt < Xgp < Xg ™™ (11)
Vmin < Vi < Vinax (12)
Q™" hsrarcom < Qpstarcom < Qpstarcom™ (13)

where X" ¢; and Xg; " denote the minimum and maximum values of the DSTATCOM
slope settings, respectively. Vnin and Vinax represent the minimum and maximum per-
missible voltage limits, respectively. Q" srarcom and Qpsrarcom™™ are the lower and
upper limits of the DSTATCOM reactive power, respectively.

4. Objective Function and Constraints

The robust, coordinated control setpoints of the reactive power of the PVSIs and the
tap position of the OLTC are computed and determined using the centralized AC optimal
power flow (CACOPF) approach. The objective functions and constraints under different
loading and power outputs are discussed as follows:

4.1. Objective Function

The objective function of the proposed approach is the maximization of the active
power of the PVSI and the minimization of voltage deviation of all buses in the networks
as described in (14).

1-V
max (wl ZZP Vst vasz) + min (wzan_i |(NZ)) (14)

where Ppyg; is the active power of the PVSI and Npyg; is the number of PVSIs connected in
the network, V; is the voltage at bus i, and N is the total number of buses in the network.
Since the objective function is a multiple function, it is scalarized via a weighted sum. After
normalizing each objective and inspecting the Pareto front, we set the weights in the ratio
7.9:0.2, which corresponds (when normalized to sum to 1) to approximately w; = 0.975 for
the PVSI power and w, = 0.025 for the voltage deviation objective.

4.2. Constraints

Several power flow constraints were set for the optimization process as discussed in
the following sections:

4.2.1. Voltage Constraint

The voltage magnitude at bus 7 should satisfy the permissible voltage limit as in (15).
Vinin < Vi < Vinax (15)

where V,,;,, is the minimum voltage, V, is the voltage at any bus n, and Vmax is the
maximum voltage.
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4.2.2. Thermal Capacity Constraint

The thermal capacity limit of the distribution line should be less than the maximum
apparent power value as in (16).

Pzn + qzn < Szn_max (16)

where P, and g, are the active and reactive power that flows along the distribution line,
and Sp-max is the maximum apparent power of the line.

4.2.3. Tap Position of OLTC Constraints

The OLTC tap position should be within the permitted range, and the difference
between consecutive tap changes should be limited, as presented in (17). The number of
tap positions varies from —8 to 8.

Ty < Tpy < Tp™"™ (17)

where T""p and Tp"* are the minimum and maximum tap positions. Tp; is the tap
position at time t.

4.2.4. Smart Inverter (SI) Constraints

The PV smart inverter constraints are presented in Equations (18) to (19).

Ppysimin < Ppvst < Ppvsimax (18)

Qprvsimin < Qpvsr < Qpvsimax (19)

where Ppysimin and Ppysyy are the maximum and minimum active power limits of smart
inverters, respectively. Qpysmin and Qpysimay are the minimum and maximum reactive
power limits of PV smart inverters, respectively. Ppys; and Qpygy are the active and reactive
power of the smart inverter, respectively.

4.2.5. Power Flow Constraints

The power flow constraints at the point without PVSI and with PVSI are given in (20)
and (21) for active power and (22) and (23) for reactive power, respectively.

P, = —Pp (20)
Py, = Ppys; — Pp (21)
Qn = _QD (22)
Qn = Qpvsi — Qp (23)

In addition, the reactive power flow constraint at the point of connection of the
DSTATCOM is given in Equation (26).

Qn = Qpstarcom — Qp (24)

where Pp and Qp represent the active and reactive load demand at the bus n, respectively,
QstaTcom is the reactive power supplied by DSTATCOM at bus n, and Ppys; and Qpys;
represent the active power and reactive power of the PVSIs, respectively. To minimize the
computational load of repeatedly solving the OPF, machine learning models are trained on
the results of the CACOPF, enabling real-time implementation.
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5. Machine Learning Approaches in Predicting the Optimal Setpoints of
PVSIs and Voltage Regulating Devices

The prediction is carried out after the implementation of the CACOPE. The step-by-step
approach is presented in Figure 2.

r L] | L] I I I | | | ] L] I I I | | | 1
Data of PV and Objective:
Loads | Maximized PV Active
"| Power and minimized
H voltage deviation
Perform CACOPF Constraints: Voltage,
thermal line rating, PV
N active and reactive
power limit,
- - DSTATCOM limit,
Split data into OLTC tap limit.
training and
testing

Ij

Machine Learning Model

1 ,,

Predict ] Predi:.:t the
OLT(E: TAP Predlgtn I::;IS Set Setpoint of
Position DSTATCOM

Figure 2. Step-by-step approach of the machine learning models.

CACOPF is carried out offline using the defined objective function and constraints to
find the optimal operating points for the PVSIs, the reactive power output of the DSTAT-
COM, and the ideal tap settings for the OLTC under different PV generation and load
conditions. The resulting CACOPF dataset is then normalized and divided into training
and testing sets with 80% allocated for training and 20% for testing. In machine learning,
the accuracy of parameter prediction depends mainly on three factors: the quality of the
data, how the input is structured, and the chosen algorithm or model [28]. According to
the “no free lunch theorem,” no single model excels universally across all problems [29,30].
Therefore, multiple machine learning algorithms must be evaluated to ensure reliable
predictions. In this study, three algorithms; extreme learning machine (ELM), decision tree
(DT), and deep neural network (DNN); are used to forecast the OLTC tap positions and the
reactive power setpoints for the PVSIs and DSTATCOM. The prediction performance is
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assessed using the root mean square error (RMSE) and mean absolute error (MAE) metrics,
as defined in Equations (25) and (26).

. 2
2:1 (Xn - Xn)
RMSE = - (25)
= (Xa — X )
MAE = ———~= (26)

where Xn is the predicted value, X, is the actual value, and n is the number of
samples predicted.

Since predicting the OLTC tap position is a classification problem, its evaluation relies
on metrics derived from the confusion matrix with accuracy and precision calculated as
shown in (27) and (28). However, as noted in [30,31], accuracy and precision alone can
be misleading when classes are imbalanced. To address this, the Matthews Correlation
Coefficient (MCC), given in (29) [31], is also used to assess the performance of the machine
learning models for predicting the OLTC tap positions, ensuring that class imbalance does
not distort the results.

TP+ TN
A = 27
MY = TP TN+ FP+ FN 27)
. TP
Precision = TP+ EP (28)
vce - (TP.TN) — (EP.EN) 29

J/(Tp + EP)(Tp + EN)(IN + EP)(TN + EN)

where TP and TN are the true positive and true negative, respectively. FP and FN are the
false positive and false negative, respectively. To test the proposed approach, a simulation
analysis was carried out on a modified IEEE bus 33 with high penetration of PV energy
under different loading conditions.

6. Simulation Setup

The proposed method was validated using a modified IEEE 33-bus network, as il-
lustrated in Figure 3. In this setup, four PV smart inverters are installed at their optimal
locations along with a DSTATCOM, as shown in the figure. Both the PV output and load
demand change over time. Each PV inverter has a capacity of 4.5 MVA and is placed at
its optimal position within the network. The PVSI can inject or absorb up to 1.5 MVAR
of reactive power to help maintain voltage levels, ensuring a minimum power factor of
0.94. Additionally, the maximum reactive power capacity is 300 kVAR. To demonstrate
the effectiveness of the optimization within the defined objectives and constraints, a daily
simulation was carried out, accounting for variations in PV generation and load demand,
to determine the best operating points for the voltage regulation devices and PVSIs under
different scenarios. Following the daily simulation, the CACOPF was applied to the entire
dataset, which included 1080 samples reflecting various PV outputs and load conditions.

Two scenarios were considered for the networks: Scenario 1, when the smart inverter
is not optimally controlled, and Scenario 2, when the reactive power of the smart Inverter
is optimally controlled by a controller in the OPE. The CACOPF is conducted in MATLAB
using FMINCON solver.
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Figure 3. Topology of the modified IEEE bus 33 network.

7. Results and Analysis

The test system, case studies, and performance evaluation of the machine learning-
based coordination control methods are thoroughly discussed in the following subsections.

7.1. Daily Voltage Profile and Optimal Setpoint of OLTC, PVSI, and DSTATCOM Network

Figure 4 displays the daily voltage profiles of all nodes in the network when the
OLTC, DSTATCOM, and PVSIs are coordinated using the CACOPF for both scenarios. The
figure shows that the voltages remain within the acceptable range of 0.95 to 1.05 PU across
all conditions of load and PV output. This indicates that the CACOPF successfully met
its objective, maintaining voltage limits for all buses even with the uncertainties in PV
generation and varying load conditions.

0.975

0.97

0.965

0.96

0.955

Bus Number

Time (Hour)

Figure 4. Cont.
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Figure 4. Voltage profile of all buses: (a) Scenario 1, (b) Scenario 2.

Figure 5 illustrates the dynamic behavior of the reactive power from the PVSIs under
varying loading conditions and fluctuating power generated. As seen in the figure, the
reactive power output from the PVSIs adjusts continuously to maintain the voltage within
the accepted limit in the network. This indicates that the PVSIs play a crucial role in
voltage regulation by either supplying or absorbing reactive power, depending on the
system’s voltage needs. The reactive power fluctuates within the operational limits of
the PVSIs, which are determined by the inverter’s capabilities and the system’s voltage
stability requirements. The optimizer ensures that the PVI does not exceed its maximum
power generation capacity or absorb more reactive power than it can handle. By adjusting
the reactive power output, the PVSIs help stabilize the voltage at the point of common
coupling (PCC), ensuring that voltage remains within acceptable bounds despite changes
in load and PV generation. This dynamic adjustment highlights the PVSIs’ flexibility in
voltage control, enabling more efficient system operation and enhancing grid stability under
varying conditions. In Figure 6, the DSTATCOM is shown to frequently supply reactive
power to maintain the bus voltage. However, with optimal control of reactive power
from the PV inverter in Scenario 2, the STATCOM compensates more actively for voltage
fluctuations, ensuring voltage stability by injecting reactive power as needed. This is due to
the controller logic embedded in the OPF regulating the reactive power of the PVSIs, which
will not allow any excessive import or export of reactive power from the PVSI in order to
reduce active power losses in the network. Therefore, the CACOPF allows the DSTATCOM
to supply less reactive power in Scenario 2 than in Scenario 1, with low PV generation
periods, and it supplies more reactive power in Scenario 2, as shown in Figure 6b, than
in Scenario 1, when the PV generation is high. This is due to the objective function of the
CACOPF, which is the maximization of the PV power active and the minimization of the
voltage profile. The CACOPF prefers to use the best setpoints of the DSTATCOM to keep
the PVSI at the maximum power capacity at any point in the network and ensure that the
voltage of all buses in the network is within the acceptable limits.
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Figure 5. Reactive power imported and exported by the PVSIs: (a) Scenario 1, (b) Scenario 2.
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Figure 6. Reactive power DSTATCOM: (a) Scenario 1, (b) Scenario 2.

The tap changes of the OLTC for the two scenarios under the variation in the PV
power output and loading condition are presented in Figure 7. In Scenario 1, when the
Volt-VAR of the inverter is not optimally controlled, the operation of the tap position of the
OLTC for voltage regulation increases in frequency as the stall changes with a frequency of
4 under the 24 timesteps. This implies that without optimal control, the volt-var increases
the dependents of voltage regulation of the OLTC. The results in Figure 6b indicate that by
optimally coordinating the OLTC with the smart inverter and DSTATCOM, the frequency
of switching the OLTC tap position is reduced with a stall change of 2 under the 24 h
timestep. This implies that the system can maintain voltage stability more efficiently
in Scenario 2 where the OLTC role is optimized. The reduction in switching frequency
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suggests improved overall voltage regulation and reduces mechanical wear on the OLTC,
which can enhance the longevity and reliability of the OLTC. Additionally, it indicates that
the PVSI and DSTATCOM are effectively assisting in maintaining the desired voltage levels,
leading to a more efficient operation of the power grid. The coordination approach reduces
the dependency on OLTC adjustments and enhances the system’s response to dynamic
variations of the PV and loading conditions.
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Figure 7. Tap position: (a) Scenario 1, (b) Scenario 2.

To validate the effectiveness of optimally controlling the Volt-VAR of the PVS]I, the
sensitivity analysis is presented in Table 1. The findings demonstrate that in Scenario
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2, where the inverter’s Volt-VAR is optimally managed, the voltage profile improves
and the total active power output from the PV inverter increases. In Scenario 1, the
average voltage deviation across the network is 0.0425 PU, and the total active power
generated by the PV smart inverter is 130.239 MW. In contrast, Scenario 2, where reactive
power is optimally controlled, yields an active power output of 131.4998 MW and a
reduced voltage deviation of 0.034 PU under varying PV generation and load conditions.
These results indicate that integrating a controller into the optimization process is an
effective strategy for coordinating PV output and voltage regulation. The optimal control of
reactive power not only improves PVSI performance but also enhances the utilization of the
PV system'’s generation capacity. The increased power output in Scenario 2 confirms more
efficient inverter operation, showing that coordinated reactive power control significantly
contributes to overall system efficiency and improved network performance.

Table 1. Sensitivity analysis.

Scenarios Maximum Active Power (MW)  Average Voltage Deviation (PU)
1 130.239 0.0425
2 131.4998 0.0340

To minimize the computational demands of repeatedly executing the OPF and enable
real-time implementation, the CACOPF results from Scenario 2 were used to train various
machine learning models. These models were then tested to predict the setpoints of the
voltage regulation devices and the reactive power output of the inverter.

7.2. Machine Learning Prediction Results

After the comprehensive coordinated dataset was generated using the CACOPF, a
machine learning-based local coordination controller was trained to predict the OLTC tap
positions, PVSI reactive power setpoints, and DSTATCOM reactive power under varying
load levels and PV generation outputs. The deep neural network (DNN) model was
developed using the TensorFlow library.

7.2.1. Smart Inverter Reactive Power Prediction

The reactive power of smart inverters for each PV was predicted using the active
power, the reactive load demand, and the active power of the PVSI. The results of the
evaluation metrics of the different machine learning models used are presented in Table 2.

Table 2. Performance of ML models in predicting the PV reactive power of the IEEE networks.

ELM DNN DT
PVSI RMSE MAE RMSE MAE RMSE MAE
Q1 0.106 0.0870 0.0543 0.0455 0.0933 0.0914
Q2 0.0985 0.0830 0.0683 0.0457 0.0898 0.0832
Q3 0.0789 0.0970 0.0675 0.0551 0.0668 0.0543
Q4 0.1024 0.2305 0.0435 0.0572 0.0932 0.0891

The results demonstrate that the deep neural network (DNN) outperforms the extreme
learning machine (ELM) and decision tree (DT) models in predictive accuracy, as indicated
by its lower root mean square error (RMSE) and mean absolute error (MAE) values. This
highlights DNN’s stronger capability to learn complex data relationships, making it more
effective at predicting optimal reactive power setpoints for voltage regulation. The lower
error values confirm that DNN can accurately model the correlation between input vari-
ables, such as load and PV output, and the required reactive power output. This makes it
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well suited for real-time voltage control applications, where fast and precise decisions are
critical. Its ability to manage nonlinearities and complex interactions allows it to respond
effectively to the dynamic behavior of power systems, enhancing reactive power control
and system optimization. In comparison, while ELM and DT are competent models, their
limited ability to capture deeper patterns in the data results in lower performance relative
to DNN. Thus, DNN emerges as a more dependable solution for managing PVSI reactive
power under varying load conditions.

7.2.2. OLTC Taps Position Classification Performance

To assess the machine learning models” ability to predict the OLTC tap position, active
power, demand, and PVSI output power were used as input variables for the prediction
models. Figure 8 presents the evaluation results for the different machine learning models
tested. The findings show that the deep neural network (DNN) outperforms both the
extreme learning machine (ELM) and the decision tree (DT) models in accurately predicting
the OLTC tap position for reliable voltage control. The assessment uses the Matthews
Correlation Coefficient (MCC), where the DNN achieves the highest scores among the
models. The MCC is a robust metric for evaluating classification performance, particularly
when dealing with imbalanced data, as it considers true and false positives and negatives,
providing a more balanced measure of accuracy. Because accurate tap position predic-
tion is critical for stable voltage regulation, higher MCC values mean the DNN handles
class imbalance better and delivers more dependable predictions. The DNN’s superior
performance suggests it effectively captures the complex, nonlinear patterns between input
variables and the OLTC tap setting. By better managing data imbalance, the DNN supports
more precise tap changer control, which is essential for voltage stability and optimizing
system performance in real-time applications.

(I oNN R ELM T DT|

Accuracy Precision MCC
Metrics

Figure 8. Comparison of the tap position classification performance of the machine learning.
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7.2.3. DSTATCOM Reactive Power Prediction Performance

The results in Table 3 illustrate how the machine learning models perform in predicting
the DSTATCOM'’s reactive power output under varying PV generation and load conditions.
Among the models, the deep neural network (DNN) achieves the best performance, as
shown by its lower root mean square error (RMSE) and mean absolute error (MAE) com-
pared to the extreme learning machine (ELM) and decision tree models. The RMSE and
MAE are essential indicators of prediction accuracy, and lower values reflect more reliable
forecasts of the DSTATCOM'’s reactive power. The DNN's superior results suggest it can
effectively capture and adapt to the complex, dynamic nature of the power system, account-
ing for changing loads, generation levels, and network configurations. This capability is
vital for the reliable operation of reactive power devices like DSTATCOMSs, which need to
respond quickly to maintain voltage stability and support overall grid performance. The
DNN’s strong prediction accuracy demonstrates its practical value for real-world voltage
regulation and power quality improvement in modern power systems.

Table 3. Performance of the model in forecasting the optimal reactive power of STATCOM in IEEE
bus 33 network.

ELM DNN DT

RMSE MAE RMSE MAE RMSE MAE
0.786 0.907 0.0267 0.0229 0.034 0.0498

7.3. Testing of the DNN-Based Controller

To demonstrate the advantages of the DNN-based controller, it was tested under
new, unseen PV generation and load scenarios to predict the setpoints for the PVSI, the
DSTATCOM'’s reactive power, and the OLTC tap position. The resulting voltage profiles
and computation times were then compared to those produced by the optimizer under the
same conditions. Table 4 presents the network’s average voltage profile and simulation
time for a 24-timestep variation in PV output and load demand. The results indicate that
the DNN controller is better suited for real-time use, achieving a quick response time of
just 2.32 s for the 24 timesteps. This shows that the DNN controller can reliably coordi-
nate the PVSI, DSTATCOM, and OLTC setpoints in real time even with uncertainties in
PV generation and load fluctuations.

Table 4. Comparison between the DNN controller and simulation time.

Techniques Average Voltage Deviation (PU)  Simulation Time (Seconds)
Optimizer 0.0392 108.45
DNN Controller 0.0413 2.32

8. Conclusions

In this paper, we developed an ML-based intelligent controller for the coordination
control of PV energy smart inverters integrated with DSTATCOMs and OLTC, consider-
ing the uncertainties in PV output and load demand. The proposed approach begins by
performing a centralized AC optimal power flow (CACOPF) analysis to determine the coor-
dination setpoints for the smart inverters, DSTATCOMs, and OLTCs under various loading
and power output conditions. In addition, ML-based control methods are trained as local
controllers to determine the optimal reactive power of the smart inverters, DSTATCOMs,
and tap position of the OLTCs. The simulation was tested under two different scenarios:
Scenario 1, when the Volt-VAR of the smart inverter was not optimally controlled, and
Scenario 2, when it was optimally controlled by a controller embedded in the CACOPE. The
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results from the study underscore the importance of optimally coordinating various grid de-
vices, such as the OLTC, smart inverters, and DSTATCOM, for maintaining voltage stability
in a power distribution system. The comparison between Scenario 1 and Scenario 2 demon-
strates that optimally controlling and coordinating Volt-VAR with other voltage-regulating
devices improves its operational efficiency. Moreover, the frequency of OLTC tap switching
is reduced in Scenario 2 when coordinated with the reactive power control from the smart
inverter and DSTATCOM. This reduction in switching frequency suggests a more stable
voltage profile, with less mechanical stress on the OLTC, which can improve its operational
lifespan and reduce maintenance needs. The findings of this research also established that
the optimal coordination of PVSI with other voltage-regulating devices allows the effective
usage of PV smart inverters in distribution networks. Furthermore, the use of a DNN-based
controller reduces computational inefficiency in performing optimal power flow multiple
times to determine the optimal setpoints of the PVSIs, OLTC, and DSTATCOM. In addition,
the DNN-based controller approach allows system operators to take predictive actions
rather than reactive ones, which delay responses under the uncertainty of loading and
PV power generation, can cause voltage violations in the network, and lead to equipment
damage. The DNN-based controller results in predicting the optimal setpoints for the
reactive power of the PV smart inverter, tap position of the OLTC, and reactive power of
the DSTATCOM, showing that the DNN-based controller excels in predicting the setpoints
for the coordination of reactive power for smart inverters, DSTATCOMSs, and OLTCs, out-
performing ELM and DT models. The DNN-based local coordination control approach
mirrors the CACOPF but does not require repeated execution of OPF. The adoption of this
method in the optimal coordination of PV smart inverters with OLTCs and DSTATCOMs
will enhance voltage stability, reduce operational costs, and improve the longevity of grid
equipment, making the system more resilient to load and generation variations.
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