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Abstract—This paper proposes a Volt/Var control strategy
based on a multilayer perceptron (MLP) to improve the voltage
regulation capability of photovoltaic (PV) inverters under time-
varying load and generation conditions. The proposed model is
trained to capture the nonlinear droop characteristics between
voltage and the reactive power reference (Qrs) using data
generated from dynamic droop simulations. The MLP is trained
with 57,600 samples using the Levenberg-Marquardt algorithm
and demonstrates excellent regression performance (R=0.997).
The case study evaluates three operating modes over a 24-hour
period. Results show that the MLP-based control achieves
nearly identical voltage regulation to the conventional droop
method, with minimal deviation (MSE=7.27x10",
MAE=5.14x10*). Furthermore, harmonic analysis based on the
0. indicates that the proposed approach maintains consistent
harmonic voltage and THD levels compared to the conventional
droop method. These findings demonstrate that the MLP-based
Volt/Var control effectively replicates traditional control
performance while providing superior adaptability and learning
capability under uncertain grid conditions. The proposed
method shows potential for real-time adaptive voltage regulation
in distribution networks with high renewable penetration.

Keywords—multilayer perceptron (MLP), Volt/Var control,
reactive power prediction, photovoltaic (PV) inverter, voltage
regulation, harmonic analysis.

I. INTRODUCTION

The increasing penetration of distributed energy resources
(DERs), such as photovoltaic (PV) and wind power, has
significantly affected grid voltage regulation [1, 2]. Therefore,
maintaining voltage stability in modern power networks has
become a critical concern. One of the most effective strategies
for voltage regulation is Volt/Var control method, which
adjusts reactive power absorption or injection at buses where
the voltage magnitude deviates from the acceptable range [3,
4]. Consequently, Volt/Var control has become essential for
mitigating voltage fluctuations caused by the growing
integration of DERs. However, most existing studies on
Volt/Var control have primarily focused on voltage stability
improvement, while the impact of reactive power control on
harmonic distortion has received limited attention. To address
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this limitation, this study analyzes the harmonic effects
resulting from reactive power exchange through Volt/Var
control.

Recently, artificial intelligence (Al) techniques have
gained considerable attention in power system operation for
modeling nonlinear mappings and enhancing control
adaptability.  Typical approaches include multilayer
perceptrons (MLP), convolutional neural networks (CNN),
long short-term memory (LSTM) networks, and reinforcement
learning algorithms [5-8]. In this work, an MLP-based
Volt/Var control framework is proposed to enhance voltage
regulation under time-varying PV and load conditions. Unlike
conventional droop-based Volt/Var control, which relies on
iterative computation and often suffers from time delays, the
proposed MLP model efficiently learns the nonlinear
relationship between bus voltage and reactive power reference
(Orf), enabling fast and adaptive control. Furthermore, by
applying the O, to the harmonic analysis, the proposed
approach evaluates the harmonic impacts accurately. The main
contributions of this study are summarized as follows:

Accurate Qv prediction using MLP. The proposed MLP
model effectively learns the nonlinear Volt/Var droop
characteristic, providing accurate prediction of the Oy, under
time-varying PV and load conditions.

Harmonic analysis based on predicted Q.. The harmonic
voltages and total harmonic distortion (THD) computed using
the MLP-predicted O,/ show close agreement with those
obtained from conventional droop control, confirming the
precision of the proposed method.

Regression-based Q. estimation as a lightweight
surrogate. A polynomial regression model derived from MLP-
generated dataset provides an additional lightweight surrogate
for O,/ estimation. It enables simplified and computationally
efficient Oy, prediction.

II.  PROPOSED METHODS

A.  Overview

Conventional Volt/var control adjusts Q. based on the
deviation of the bus voltage (Vz.s) from a reference value (V).



As shown in Fig. 1, when the voltage decreases below the
lower voltage limit (Vaear), the inverter injects reactive power
to support the voltage.
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Fig. 1. Volt/Var droop curve.

Conversely, when the voltage exceeds the upper voltage
limit (Vaeaav), the inverter absorbs reactive power to suppress
overvoltage. Within the deadband region (Vaeaar< Vier <Vieadv),
no reactive power is exchanged. This behavior can be
expressed as shown in (1).
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where Quar and QOmin are the upper and lower reactive
power limits of the inverter, respectively.

In this study, the droop parameters (Viin, Vi, Vieadr, Vaeaau,
Vur, Vinar, Omax, Omin) are randomly varied within predefined
ranges as summarized in Table 1, and the MLP-based model is
trained to predict the O,/ corresponding to each combination.
This approach enables the Al model to learn the nonlinear
relationship among system variables such as inverter bus
voltage, PV output power, and local load.

B. Data Generation for MLP Training

To train the MLP for adaptive Volt/Var control, a large set
of training data was generated through time-domain
simulations of the power system under various droop
parameter settings. Each simulation represents a 24-hour
operation of the power system with a PV inverter installed at
the distribution bus. At every 5-minute interval (7'= 288 steps),
the active power of the PV source (P,) and the system load
(Pioad, Qioad) Were updated based on realistic daily profiles in
p.u. The bus voltage magnitude was computed using the
Newton-Raphson power flow analysis. Based on the selected
droop parameters, the corresponding O,/ (¥) is obtained from
(1). The reactive power capacity (Qcqp) Was defined as follows.

0., =\S; =Py (inpu) 2

where S, denotes the inverter’s rate apparent power in p.u.

The parameter variation ranges are summarized in Table 1.
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Table 1. Parameter ranges for dynamic data generation
Parameter Range / Description
Vi [0.92p.u., 0.96p.u]
Vie Vimin+ 4, where 4 € [0.01p.u., 0.03p.u.]
Vacadt [0.990p.u., 0.995p.u.]
Vaeadu [1.005p.u., 1.010p.u.]

Vo Vieaav+ 4, where 4 € [0.02p.u., 0.05p.u.], Vur<1.06p.u.

Vinax Vur+ 4, where 4 € [0.01p.u., 0.03p.u.], Viuar<1.10p.u.

RNy Random scaling factor for Omax, RNy € [0.8, 1.0]

RNuan Random scaling factor for Opmin, RNan € [0.3, 0.6]

Omax RN.pQeap (in p.u.)

Omin - RNanQcap (in p.u.)

Pry Gaussian daily irradiance profile [0.0p.u., 1.0p.u.]
Pload, Otons Scaled by 24-hour base lciad ra;_tlo (in p.u.), power factor

At each time step k, the MLP input vector (X(k)) and
output label (y(k)) were defined as:

TR =[ T 00, B 01 (0,0 0T Vi P Vst Vi Vs RN, RN, 0, (k)]T 3)
¥h=0, )

Here, droop parameters are explicitly included as part of
the input features, allowing the network to learn how these
parameters affect the reactive power response. The bus
voltage (Vpus(k)) is determined by the previously applied
reactive power command (Qp(k)) and the present load
condition. The sinusoidal time embedding terms help the
model capture the daily cyclical pattern of PV generation and
load wvariation. By iterating over multiple random
combinations of the droop parameters listed in Table 1, a
comprehensive dataset was obtained that covers both under-
and over voltage operating conditions. This dataset enables the
MLP to infer an optimal Q,, command for any arbitrary
combination of Vs, Py, and droop parameters.

C. MLP Model Structure and Training Process

The proposed adaptive Volt/Var controller employs an
MLP implemented using MATLAB’s fitnet function. The
MLP learns the nonlinear mapping between the input feature
vector (X(k)) and the corresponding Q"(k). The training inputs
explicitly include droop parameters so that the network can
capture how droop parameters influence the reactive power
response under different operating conditions. Table 2
summarizes the core configuration of the proposed MLP used
for adaptive Volt/Var control.

Table 2. Configuration of the proposed MLP for Volt/Var control
Component Description
13 neurons [Vius, Ppv, Pioads Qloads Viminy ViL, Vdeadr, Vaeadv, VuL,
Vinaxs 1ups v, Oprev]
2 layers, 20 neurons each (fansig activation in MATLAB)
1 neuron: Qref’
Levenberg-Marquardt (trainlm in MATLAB)
70% training, 15% validation, and 15% testing.

Input layer

Hidden layers
Output layer
Training algorithm
Data split

The network consists of two hidden layers with fansig
activation and one output neuron predicting the Q,./. The
Levenberg-Marquardt algorithm (frainlm) was employed for
efficient convergence, with the dataset divided into training,
validation, and testing in a 70:15:15 ratio. The forward
mapping of the proposed MLP is defined as (4).

Ouir = Jo(X) =W, (Wody (WX +b)+by)+b; (4)

where W1, W,, W3 are the weight matrices, b1, by, b3 are the
bias vectors, and ¢, ¢, denote the activation function used in



each hidden layer. The parameter set (6 = Wi, Wa, W3, b, by,
b3) is optimized through supervised learning to minimize the
mean-squared-error (MSE) objective as follows.

N
JO=2 0 -0 0 )
k=1
The Q°(k) used for training is obtained from droop-based
control simulations performed under diverse droop parameters.
The dataset covers 24-hour operation with 5-minite intervals,
capturing variations in PV output, load, and voltage. After
convergence, the MLP effectively generalizes to unseen
operating conditions and replaces the conventional droop
function by generating the instantaneous Q" y.p.

D. Harmonic Voltage and Total Harmonic Distortion
Computation Using MLP-Based Reactuve Power
Command

After obtaining the Q"yzp from the trained network, the
inverter at the PV bus injects a complex power (Spy)
composed of both active and reactive components as:

Spy = Poy + jOpyp (inp.u) (6)

The corresponding fundamental current injected by the PV
inverter is obtained as follows.

S
I, .=|-2~| (inpu)
Sfund
( Vﬁmd J

where Vjq is the fundamental voltage at the inverter bus.

(7

The harmonic current components injected from DG are
determined as a percentage of the fundamental current is
formulated as formulated in (8).

®)

where a, represents the harmonic current ratio for the A-th
order.

Using the harmonic-impedance matrix (Z) constructed for
each harmonic order, the harmonic voltage at each bus can be
computed using (9).

I, =aq, -Iﬁmd (in p.u.)

v, =2, ’Ih,ﬁna/ (inp.u)

: ®
Vi=2y 1, -100 (in %)
Here, each Z, is derived from the lines and generators and
I, sinai represents the vector of harmonic currents injected into
or drawn from each bus at the /-th order.
The THD of voltage is computed as follows:

50 V 2
20" x100% (10)
fund

THD, =

Finally, the calculated ¥, and THDy are verified for
compliance with the IEEE Standards 519 [9].

III. CASE STUDIES

To validate the proposed MLP-based Volt/Var control
strategy and evaluate its effectiveness under various operating
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conditions, this section presents multiple case studies. The test
system is used as the benchmark network [10]. PV generation
is added to the system, and the load demand is varied over a
24-hour period to simulate dynamic operating conditions. The
inverter’s Q. is determined by the trained MLP model, and
for comparison purposes, both the conventional droop control
and the proposed MLP-based control are applied under
identical conditions.

A. Verification of MLP Training Performance

To verify the learning capability and accuracy of the
proposed MLP model, the training process was conducted
using 57,600 samples generated from 200 randomized droop
parameters over 24 hours. The network structure consisted of
two-hidden layers with ten neurons each, and the training was
performed using the Levenberg-Marquardt (trainlm) algorithm
in MATLAB. The dataset was divided into 70% for training,
15% for validation, and 15% for testing. As shown in Fig. 2,
the MLP model converged with a minimum validation MSE
0f 5.97x10* at epoch 218.

Training Performance
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Fig. 2. Training performance of the proposed MLP model, showing the
evolution of MSE for training, validation, and testing datasets.

The regression results of the proposed MLP model are
illustrated in Fig. 3. Each subplot represents the correlation
between the predicted and target reactive power values for
training, validation, testing, and all datasets.
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Fig. 3. Regression performance of the trained MLP model for training,
validation, testing, and all datasets.

As shown in the figure, all regression plots exhibit a
strong linear relationship with correlation coefficients (R)
exceeding 0.997, indicating that the proposed MLP



successfully captures the nonlinear mapping between input
features and predicted Q.

The trained MLP model is approximated by a second-
order regression surrogate to express the nonlinear
relationship. The regression form can be expressed as shown
in(11).

o =co+znz(aixi+bixf) 11

where x; represents the i-th input feature, n is the total
number of input variables, a; and b; denote the linear and
quadratic coefficients, respectively, and ¢y is a constant term.
The complete set of regression coefficients is provided in
Appendix A.

B.  Comparison Among Conventional Droop, MLP-Based
Control, and Regression Model

To assess the effectiveness of the proposed MLP-based
Oyef control, a time-series simulation was carried out over a
24-hour period using PV and load profiles at bus 9. In this
evaluation, three control strategies were tested and compared.
Fig. 4 compares the O,/ generated by the conventional droop
and the MLP-based controller, and the regression-based
model over a 24-hour period.

Comparison of Q:ef obtained from three different methods
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F ig. 4. Comparison of Q,./* between conventional droop control and MLP
prediction over 24 hours.

The three Q.. profiles show nearly identical trends over
the 24-hour period. The MLP prediction closely matches the
conventional droop response across all hours, confirming that
it accurately captures the underlying Volt/Var characteristic.
Although the regression model exhibits a larger deviation at
the first time step, it aligns well with the other two methods
thereafter. Between 12:00 and 14:00, when PV generation
sharply increases, both the MLP and regression models
predicted O, closely follows the conventional droop
response. Fig. 5 shows the comparison of bus voltage under
three different control modes.
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24-hour voltage profile under different Volt/Var control methods
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Fig. 5. 24-hour voltage profiles under four different control methods.
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Without droop control, the voltage remains above 1.06
p-u., indicating sustained overvoltage conditions. When
conventional droop control is applied, the inverter absorbs
reactive power and the voltage effectively regulated. The
MLP-based controller produces a voltage profile that is
nearly identical to the conventional droop result, confirming
that it successfully learns and reproduces the underlying
Volt/Var behavior. The regression-based model also follows
a similar trend, with small deviations at certain time steps,
particularly at the initial hour, due to its simplified
polynomial structure.

C. Harmonic Analysis Based on MLP-Predicted Reactive
Power

This section presents the harmonic analysis results using
the O,/ obtained from the three control cases discussed in
the previous subsection. In grid-connected PV systems, the
inverter introduces harmonic currents, which are analyzed
based on the O, using (6)-(8). In this analysis, only the 5%
and 7" harmonic orders were considered, as they have the
most significant impact on harmonic current magnitudes. The
corresponding o in (8) were set to 5.05% for the 5th
harmonic and 2.59% for the 7th harmonic [11]. These results
are then used to calculate the harmonic voltages and voltage
THD using (9)-(10). Fig. 6 illustrates the 24-hour variation of
the 5" and 7" harmonic voltage magnitudes, as well as the
THD of voltage, under three control modes.

Harmonic voltage comparison under three control modes
(a) 5th harmonic
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Fig. 6. Harmonic voltage comparison under three control modes: (a) 5
harmonic voltage, (b) 7" harmonic voltage, and (c) THD of voltage.



As shown in Fig. 6, when the Volt/Var droop control is not
applied, harmonic voltages appear only during PV generation
period (from 06:00 to 20:00), while they remain zero outside
this period due to the absence of inverter operation. Around
13:00, although the Q.. reaches its minimum, the harmonic
voltage exhibits the highest magnitude because the PV
generation is at its peak. Moreover, the predicted harmonic
voltages from the MLP-based control closely match those of
the conventional droop control while satisfying the IEEE 519
standard. Therefore, it can be concluded that the proposed
MLP-based Volt/Var control provides accurate harmonic
voltage prediction and maintains consistent harmonic
performance.

IV. DISCUSSION

This study compared the O,/ generated by three methods
(i.e., conventional droop control, the proposed MLP-based
model, and the regression model). The MLP-predicted Q"
exhibited behavior that was nearly identical to the
conventional droop output. This outcome indicates that the
MLP effectively acquired the nonlinear droop characteristics.
The regression model exhibited a similar trend, although with
slightly greater deviations, particularly at the first time step.
This is due to its simplified polynomial structure.
Quantitatively, the regression model showed an RMSE of
3.34x102, an MAE of 2.34x1072, and a maximum deviation of
0.109 p.u. when evaluated against the conventional droop
output. Despite these differences, both the MLP and
regression-based O, produced voltage profiles consistent
with those of the conventional method. Furthermore, the
harmonic voltage and THD results remained closely aligned
across three approaches (without droop, conventional droop
method, and MLP-based method). These findings demonstrate
that the MLP-based Volt/Var control method preserves the
performance of traditional droop control while enabling fast,
non-iterative computation suitable for real-time operation,
with the regression model serving as an additional lightweight
surrogate. Future work will extend the framework to adaptive
droop parameter tuning and N-1 contingency scenarios.

V. CONCLUSION

This paper proposed an MLP-based Volt/Var control
method designed to improve the voltage regulation capability
of PV inverters under time-varying load and generation
conditions. The MLP model was trained using 57,600 samples
generated from dynamic droop scenarios and demonstrated
strong regression performance with a R of 0.997. In the case
study presented in Section B, the proposed MLP-based control
exhibited almost identical O, tracking to the conventional
droop method, with a minimum validation MSE of 5.97x10*
during training. When applied to power flow simulations, the
MLP-based control achieved highly accurate voltage
regulation, showing an MSE of 7.27x10”7, a MAE of 5.14x10
4, and a maximum deviation of only 0.0025p.u. compared with
the conventional droop method. Furthermore, harmonic
analysis based on the predicted O/ confirmed that the MLP-
based approach maintained the same harmonic voltage and
THD trends as the conventional droop. These results
demonstrate that the proposed MLP-based Volt/Var control
maintains comparable performance to the conventional
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method while offering superior adaptability and prediction
accuracy under uncertain grid conditions. Future work will
focus on extending the model to dynamically adjust droop
parameters in real time and to enhance robustness through the
investigation and application of various Al models. In addition,
future research will develop a regression model capable of
estimating the harmonic impacts caused by the Q", enabling a
more comprehensive assessment of power quality.

VI.  APPENDIX A

The identified coefficients of the surrogate regression
model described in (11) are summarized in Table A.1.

Table A.1. Identified coefficients ¢; and b; (fori=1,2, ..., 13)
Component Values
-230.37,-0.317, 1.151, 0.378, 0.207, 0.013, 20.17, 12.95,
82.19, 4.13, -0.233, -0.997, -0.367
b 112.04, 0.350, -1.842, -0.199, -0.099, -0.0014, -10.22, -4.95, -
! 37.03,-1.92,0.13, 0.621, 0.529
co 52.48
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