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Abstract—The increasing integration of photovoltaic
(PV) systems into distribution networks has introduced
significant challenges related to voltage regulation, reverse
power flow, and power quality. Traditional voltage control
methods, which rely on rule-based logic or centralized op-
timization, often fail to address the dynamic and stochastic
nature of PV generation. This paper proposes an adaptive
deep reinforcement learning (DRL) framework for coordi-
nated voltage control in PV-rich distribution grids. The
proposed method employs a Deep Deterministic Policy
Gradient (DDPG) algorithm that learns optimal control
policies by interacting with the distribution network en-
vironment. The DRL agent coordinates multiple voltage
regulation devices, including smart inverters, on-load tap
changers (OLTCs), and capacitor banks, to maintain
voltage within acceptable limits while minimizing network
losses and control actions. The framework incorporates
an adaptive mechanism that adjusts the learning process
based on changing network conditions, seasonal variations,
and PV output patterns. Simulation results on a modified
IEEE 33-bus distribution system demonstrate that the
proposed approach outperforms conventional methods in
terms of voltage profile improvement, loss reduction, and
computational efficiency.

Index Terms—Deep reinforcement learning, voltage con-
trol, photovoltaic systems, distribution networks, smart
inverters, DDPG algorithm

I. INTRODUCTION

A. Background

The global transition toward sustainable en-
ergy systems has accelerated the deployment of
distributed energy resources (DERs), particularly
rooftop and utility-scale photovoltaic (PV) systems.
According to the International Energy Agency, solar

PV capacity is expected to triple by 2030, with a
significant portion connected to low and medium
voltage distribution networks [1]. While this growth
supports decarbonization goals, it also introduces
operational challenges that existing grid infrastruc-
ture was not designed to handle.

Distribution networks traditionally operated with
unidirectional power flow from substations to con-
sumers. However, high PV penetration reverses this
paradigm, causing bidirectional power flows that
lead to voltage rise, thermal overloading, and power
quality issues [2]. Voltage violations occur when PV
generation exceeds local demand, pushing voltages
beyond statutory limits and potentially damaging
sensitive equipment.

B. Challenges in Voltage Control

Conventional voltage regulation relies on me-
chanical devices such as on-load tap changers
(OLTCs), step voltage regulators, and switched ca-
pacitor banks. These devices operate based on lo-
cal measurements and predefined setpoints, making
them unsuitable for the rapid fluctuations charac-
teristic of PV output [3]. The response time of
mechanical devices ranges from seconds to minutes,
which is inadequate for managing cloud-induced
irradiance variations that occur within seconds.

Modern approaches have introduced smart in-
verters capable of providing reactive power sup-
port through functions such as Volt-VAR and Volt-
Watt control [4]. However, uncoordinated operation
of multiple smart inverters can lead to conflicting
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control actions, oscillatory behavior, and subopti-
mal network performance. Centralized optimization
methods, while theoretically optimal, require com-
plete network observability, accurate forecasts, and
significant computational resources, limiting their
practical applicability [5].

C. Motivation for Reinforcement Learning

Reinforcement learning (RL) offers a fundamen-
tally different approach to control problems. Unlike
model-based optimization, RL agents learn control
policies through trial-and-error interaction with the
environment, without requiring explicit mathemati-
cal models of system dynamics [6]. This character-
istic makes RL particularly suitable for distribution
networks, where accurate models are difficult to
obtain due to limited observability, measurement
errors, and constantly changing load patterns.

Deep reinforcement learning (DRL), which com-
bines RL with deep neural networks, has demon-
strated remarkable success in complex control tasks,
including robotics, game playing, and autonomous
systems [7]. Recent studies have explored DRL
for power system applications, including economic
dispatch, frequency regulation, and voltage control
[8]. However, existing DRL-based voltage control
methods often assume static network conditions and
do not adequately address the adaptive requirements
of PV-rich grids.

D. Contributions

This paper addresses the limitations of existing
approaches by proposing an adaptive deep reinforce-
ment learning framework for coordinated voltage
control. The main contributions are:

1) Development of a comprehensive DRL frame-
work that coordinates multiple voltage regula-
tion devices including smart inverters, OLTCs,
and capacitor banks in a unified control archi-
tecture.

2) Introduction of an adaptive learning mecha-
nism that adjusts the exploration-exploitation
balance and reward function based on chang-
ing network conditions and seasonal PV pat-
terns.

3) Design of a multi-objective reward function
that balances voltage regulation, loss mini-
mization, and control effort reduction.

4) Extensive validation on a modified IEEE 33-
bus distribution system with realistic PV gen-
eration and load profiles.

5) Comparative analysis with conventional con-
trol methods demonstrating superior perfor-
mance in terms of voltage profile, network
losses, and computational efficiency.
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Fig. 1. Architecture of the proposed adaptive deep reinforcement
learning framework.

II. LITERATURE REVIEW

A. Traditional Voltage Control Methods
Voltage control in distribution networks has tradi-

tionally relied on mechanical devices and rule-based
control strategies. On-load tap changers (OLTCs)
at distribution transformers adjust the turns ratio
to regulate secondary voltage based on measured
values at the substation or load center [9]. The
control logic typically employs a deadband and
time delay to avoid excessive tap operations that
accelerate mechanical wear.

Capacitor banks provide reactive power compen-
sation to improve voltage profiles and reduce losses.
Fixed capacitors offer constant compensation, while
switched capacitors allow discrete adjustment based
on load conditions [10]. Step voltage regulators,
installed along feeders, provide additional voltage
boost or buck to maintain acceptable levels at distant
nodes.

These conventional methods suffer from several
limitations in PV-rich networks:

• Slow response times incompatible with rapid
PV fluctuations
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• Local control without coordination across de-
vices

• Fixed setpoints that do not adapt to changing
generation patterns

• Limited controllability for bidirectional power
flows

B. Smart Inverter-Based Control

The IEEE 1547-2018 standard mandates ad-
vanced capabilities for DER interconnection, includ-
ing autonomous voltage regulation functions [11].
Smart inverters can provide reactive power support
through Volt-VAR control, Volt-Watt control, con-
stant power factor operation, and constant reactive
power mode.

Several studies have investigated optimal settings
for these functions. Researchers in [12] developed
a time-series analysis approach to determine Volt-
VAR curve parameters that minimize voltage viola-
tions over annual operating scenarios. Authors in
[13] proposed a two-stage optimization that first
determines global settings and then refines them
based on local conditions.

Despite their advantages, smart inverters operat-
ing autonomously can create adverse interactions.
Studies have documented cases of voltage oscilla-
tions, hunting behavior, and even instability when
multiple inverters with aggressive settings operate
in proximity [14].

C. Optimization-Based Approaches

Centralized optimization methods formulate volt-
age control as a mathematical programming prob-
lem. The optimal power flow (OPF) framework min-
imizes an objective function subject to power flow
equations and operational constraints [15]. Mixed-
integer formulations accommodate discrete devices
such as tap changers and switched capacitors.

Model predictive control (MPC) extends opti-
mization to consider future time steps, incorporat-
ing forecasts of PV generation and load demand
[16]. The receding horizon approach re-solves the
optimization at each time step, providing feedback
to handle forecast errors. However, MPC requires
accurate network models and forecasts, and com-
putational burden increases with prediction horizon
length.

Distributed optimization algorithms, including al-
ternating direction method of multipliers (ADMM)
and consensus-based methods, decompose the cen-
tralized problem into local subproblems that ex-
change information iteratively [17]. These ap-
proaches offer scalability advantages but may con-
verge slowly and require reliable communication
infrastructure.

D. Reinforcement Learning in Power Systems
Reinforcement learning has emerged as a promis-

ing alternative for power system control due to its
model-free nature and ability to handle uncertainty.
Early applications used tabular Q-learning for dis-
crete control problems such as capacitor switching
[18]. However, tabular methods suffer from the
curse of dimensionality when state and action spaces
are large or continuous.

Deep reinforcement learning addresses scalability
through function approximation with neural net-
works. The Deep Q-Network (DQN) algorithm has
been applied to various power system problems
[19]. For continuous action spaces, policy gradient
methods such as Deep Deterministic Policy Gradi-
ent (DDPG), Twin Delayed DDPG (TD3), and Soft
Actor-Critic (SAC) offer superior performance [20].

Recent studies have applied DRL specifically to
voltage control. Authors in [21] developed a multi-
agent DRL system where each smart inverter oper-
ates as an independent agent. Researchers in [22]
proposed a safe reinforcement learning approach
that constrains actions to prevent voltage violations
during learning. Work in [23] introduced a trans-
fer learning framework that accelerates training by
leveraging knowledge from similar network config-
urations.

III. SYSTEM MODEL AND PROBLEM
FORMULATION

A. Distribution Network Model
Consider a radial distribution network with N

buses, represented by the set N = {0, 1, 2, ..., N},
where bus 0 is the substation. The set of branches
is denoted by L = {(i, j) : i, j ∈ N}. For each
branch (i, j), let rij and xij represent the resistance
and reactance, respectively.

The power flow equations for a radial network
can be expressed using the DistFlow model [24]:
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P 2
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ij

V 2
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V 2
j = V 2

i −2(rijPij +xijQij)+ (r2ij +x2
ij)

P 2
ij +Q2

ij

V 2
i

(3)
where Pij and Qij are the active and reactive

power flows on branch (i, j), Pj and Qj are the
net active and reactive power injections at bus j,
and Vi is the voltage magnitude at bus i.
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Fig. 2. Training progress comparison between standard DDPG and
proposed adaptive DDPG.

B. PV System Model
Each PV system is characterized by its rated

capacity Srated
PV and maximum active power output

Pmax
PV . The actual active power output depends on

solar irradiance:

PPV (t) = Pmax
PV · G(t)

Gref

· ηtemp(t) (4)

where G(t) is the solar irradiance at time t, Gref

is the reference irradiance (typically 1000 W/m²),
and ηtemp(t) is the temperature-dependent efficiency
factor.

Smart inverters can provide reactive power within
their apparent power rating:

Qmax
PV (t) =

√
(Srated

PV )2 − (PPV (t))2 (5)
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Fig. 3. Daily load demand and PV generation profiles used in
simulation.

C. Problem Formulation

The voltage control problem aims to maintain all
bus voltages within acceptable limits while min-
imizing network losses and control actions. The
multi-objective optimization problem is formulated
as:

min J = ω1Jvoltage + ω2Jloss + ω3Jcontrol (6)

where:

Jvoltage =
∑
i∈N

max(0, Vi−Vmax)
2+max(0, Vmin−Vi)

2

(7)

Jloss =
∑

(i,j)∈L

rij
P 2
ij +Q2

ij

V 2
i

(8)

Jcontrol =
∑
k

|∆tapk|2+
∑
m

|∆capm|2+
∑
n

|∆Qinv,n|2

(9)
Subject to:

Vmin ≤ Vi ≤ Vmax, ∀i ∈ N (10)

−Qmax
PV,n ≤ Qinv,n ≤ Qmax

PV,n, ∀n (11)
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IV. PROPOSED ADAPTIVE DRL FRAMEWORK

A. Reinforcement Learning Formulation
The voltage control problem is formulated as a

Markov Decision Process (MDP) defined by the
tuple (S,A, P,R, γ), where S is the state space, A
is the action space, P is the transition probability, R
is the reward function, and γ is the discount factor.

1) State Space: The state vector st ∈ S captures
the network operating condition at time t:

st = [Vt, P
load
t , Qload

t , P PV
t , tapt, capt, thour, tday]

(12)
where Vt represents voltage magnitudes at all

buses, P load
t and Qload

t are load demands, P PV
t is PV

output, tapt and capt are device states, and temporal
features are encoded cyclically.

2) Action Space: The action vector at ∈ A
represents control decisions:

at = [∆tap,∆cap,Qinv] (13)

where ∆tap represents tap change commands,
∆cap represents capacitor switching commands,
and Qinv represents reactive power setpoints for
smart inverters.

3) Reward Function: The reward function guides
the agent toward desired behavior:

rt = rvoltage + rloss + rcontrol + rbonus (14)

where voltage regulation reward penalizes vi-
olations, loss reduction reward minimizes power
losses, control effort penalty reduces unnecessary
actions, and bonus reward encourages maintaining
all voltages within limits.

B. Deep Deterministic Policy Gradient Algorithm
The Deep Deterministic Policy Gradient (DDPG)

algorithm is selected for this application due to
its ability to handle continuous action spaces and
its sample efficiency [20]. DDPG is an actor-critic
algorithm that maintains four neural networks:

1) Actor network µ(s|θµ): Maps states to actions
2) Critic network Q(s, a|θQ): Estimates action-

value function
3) Target actor µ′(s|θµ′

): Provides stable target
values

4) Target critic Q′(s, a|θQ′
): Provides stable tar-

get values
The critic is trained to minimize the temporal

difference error:

L(θQ) = E(s,a,r,s′)∼D

[(
Q(s, a|θQ)− y

)2]
(15)

where the target value is:

y = r + γQ′(s′, µ′(s′|θµ′
)|θQ′

) (16)

The actor is trained using the policy gradient:

∇θµJ ≈ Es∼D
[
∇aQ(s, a|θQ)|a=µ(s) · ∇θµµ(s|θµ)

]
(17)
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Hidden 1
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Hidden 2
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Hidden 3
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Output

Action (a)
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Fig. 4. Architecture of the actor neural network used in the DDPG
agent.

C. Adaptive Learning Mechanism

A key contribution of this paper is the adaptive
mechanism that adjusts the learning process based
on changing network conditions.

1) Adaptive Exploration: Standard DDPG uses
Ornstein-Uhlenbeck noise for exploration. We pro-
pose an adaptive noise scaling that considers voltage
violation severity:

σadaptive = σbase ·
(
1 + λ · Nviolation

N

)
(18)

where Nviolation is the number of buses with
voltage violations and λ is a scaling factor.
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2) Adaptive Reward Weighting: The reward
weights are adjusted based on operating conditions:

α1(t) = αbase
1 ·

(
1 + µ ·max

i
|∆Vi|

)
(19)

where ∆Vi = Vi − Vnominal. This prioritizes
voltage regulation when deviations are large.

3) Experience Prioritization: Instead of uniform
sampling from the replay buffer, experiences with
larger temporal difference errors are sampled more
frequently:

P (i) =
pαi∑
k p

α
k

(20)

where pi = |δi|+ ϵ and δi is the TD error.

V. SIMULATION STUDIES

A. Test System Description
The proposed framework is evaluated on a mod-

ified IEEE 33-bus distribution system. The system
operates at 12.66 kV with a total base load of 3.72
MW and 2.30 MVAr. Five PV systems are installed
at buses 7, 14, 18, 25, and 32 with rated capacities of
500, 400, 300, 400, and 500 kW, respectively. Total
PV capacity is 2.1 MW, representing approximately
56% of peak load.
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Fig. 5. Modified IEEE 33-bus distribution network with PV systems
and capacitor banks.

B. Benchmark Methods
The proposed adaptive DDPG method is com-

pared against:
1) No Control (NC): Only substation voltage

regulation

2) Local Volt-VAR (LVV): Autonomous smart
inverter operation

3) Centralized OPF (COPF): Optimal power flow
at each time step

4) Standard DDPG (S-DDPG): DDPG without
adaptive mechanisms

5) Multi-Agent DDPG (MA-DDPG): Decentral-
ized control

C. Results and Analysis

1) Voltage Profile Comparison: Table I presents
the voltage performance metrics for all methods
during the test period.

TABLE I
VOLTAGE PERFORMANCE COMPARISON

Method VDI VVR Max V Min V
(p.u.) (%) (p.u.) (p.u.)

NC 0.0342 12.45 1.087 0.921
LVV 0.0198 4.32 1.062 0.938
COPF 0.0089 0.12 1.048 0.952
S-DDPG 0.0112 0.85 1.051 0.948
MA-DDPG 0.0134 1.23 1.054 0.945
A-DDPG 0.0095 0.18 1.049 0.951

The proposed adaptive DDPG achieves voltage
performance close to centralized OPF while main-
taining the computational advantages of a model-
free approach. The voltage violation rate is reduced
from 12.45% to 0.18%.
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Fig. 6. Voltage profile at bus 18 (PV bus) comparing different control
methods.

2) Loss Reduction: Table II compares the total
energy losses during the test period.

3) Computational Performance: Table III com-
pares the computation times.
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TABLE II
ENERGY LOSS COMPARISON

Method Total Loss (MWh) Reduction (%)
NC 142.3 —
LVV 128.7 9.6
COPF 112.4 21.0
S-DDPG 118.2 16.9
MA-DDPG 122.5 13.9
A-DDPG 114.8 19.3
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Fig. 7. Comparison of voltage violation rates across different control
methods.

TABLE III
COMPUTATIONAL PERFORMANCE

Method Avg. Time (ms) Real-Time
NC 0.1 Yes
LVV 0.5 Yes
COPF 850 Marginal
S-DDPG 2.3 Yes
MA-DDPG 1.8 Yes
A-DDPG 2.5 Yes

VI. DISCUSSION

The simulation results demonstrate several im-
portant findings. First, adaptive DRL achieves near-
optimal performance comparable to centralized OPF
while offering significant computational advantages.
Second, coordination of smart inverters, OLTC, and
capacitor banks outperforms methods that operate
these devices independently. Third, the adaptive
mechanisms enhance learning and improve perfor-
mance across varying conditions. Finally, computa-
tion times in the millisecond range enable deploy-
ment in practical distribution management systems.
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Fig. 8. Comparison of total energy losses across different control
methods.
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Fig. 9. Seasonal variation of voltage deviation index across 12
months.

VII. CONCLUSION

This paper presented an adaptive deep reinforce-
ment learning framework for coordinated voltage
control in distribution networks with high photo-
voltaic penetration. The framework employs a Deep
Deterministic Policy Gradient algorithm enhanced
with adaptive mechanisms including dynamic ex-
ploration, reward weighting, and prioritized expe-
rience replay. Simulation studies on a modified
IEEE 33-bus distribution system demonstrated that
the proposed approach achieves voltage regula-
tion performance comparable to centralized optimal
power flow while requiring only milliseconds of
computation time. The voltage violation rate was
reduced from 12.45% to 0.18%, and network losses
were reduced by 19.3%. Future work will focus on
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multi-agent extensions, safety guarantees, and field
validation.
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