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Abstract. The present study reviews Deep
Reinforcement Learning (DRL) algorithms as
applied to Photovoltaic (PV) systems. A lit-
erature survey was conducted on various DRL
techniques for Maximum Power Point Tracking
(MPPT) and Partial Shading Conditions. The
survey shows Deep Deterministic Policy Gradi-
ent (DDPG) to be the most implemented tech-
nique because of its fast convergence speed. Deep
Q-Network (DQN) was considered to achieve
faster response than DDPG. Twin Delayed
Deep Deterministic Policy Gradient (TD3) was
considered preferable, while Soft Actor-Critic
(SAC), approach better eliminates power oscil-
lations, under partially shaded conditions.

The implementation of DRL-based MPPT for
critical and effective learning requires defining
the state variable, action variable and reward
function of the PV module. It is therefore im-
portant to observe the voltage, current, irradi-
ance, and temperature data that can allow for
easy adaptation to changing environmental con-
ditions. DRL requires higher computational ef-
fort compared to conventional methods due to its
training phase. However, the trained models can
operate with relatively low computational effort,
thus making it a promising approach for real-
time applications.

The literature survey also showed that the ex-
ploration–exploitation trade-off is a fundamental
challenge in DRL-based MPPT control. There-
fore, effective management of this trade-off, as
well as bridging the gap between simulation and
real-world hardware implementation, will enable
DRL to become a practical solution for MPPT
in PV systems.

Keywords: DRL Algorithms, Exploration-
Exploitation, MPPT techniques, Solar - PV.

1. Introduction

Maximum Power Point Tracking (MPPT) al-
gorithms are essential for maximizing the en-
ergy output of PV arrays that are continuously
exposed to varying environmental conditions.
Nonuniform irradiance and temperature varia-
tions affect PV modules by altering the PV sys-
tem dynamics. This has a direct impact on
the available power generated, thereby increas-
ing the complexity of the MPPT control task.
PV systems comprise a combination of solar
cells connected in series and parallel to generate
power output. The solar cell is basically repre-
sented by a single diode model [1], as shown in
Figure 1. The governing equation of the PV cell
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is stated in Equation (1), which describes the
current (I)–voltage (V ) characteristics of a PV
cell [2].
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Figure 1: Circuit Model of a Single-diode solar cell [2].
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Where Il, Is, m, Rs, Rsh, nse, and VT are the
light-induced current, the diode dark saturation
current, the diode quality factor, the series resis-
tance, the shunt resistance, the number of series-
connected cells in the PV module, and the ther-
mal voltage, respectively. The light-induced cur-
rent, Il, is affected by changes in the irradiance
and temperature [3]. Furthermore, the dynam-
ics of solar panels that capture the interdepen-
dencies between current, voltage, power, solar
irradiation, and temperature have been studied
in the literature [4]. The efficiency of the so-
lar PV system depends upon its power output,
which is a product of the panel’s output voltage
and current. The operating point at which the
PV current and voltage are maximum is termed
MPP, and this can be maintained via MPPT
strategies [5, 6].

Moreover, the performance of the PV sys-
tems is directly affected by either partial or com-
plete shading from the profile of the solar irra-
diation. The shaded portion of the PV mod-
ules acts as a resistance of loads consuming elec-
trical power. Thus, the unshaded PV mod-
ule parts cause the shaded part to operate in
other reverse-bias conditions. For the reverse-
bias conditions, the shaded portion dissipates
the obtained power, causing an increase in the
surface temperature, leading to hotspots. Ex-
perimental approaches to single-cell shading in
high-efficiency monocrystalline silicon PV Pas-
sivated Emitter and Rear Cell (PERC) modules

have been investigated [7].
Power electronic converters are becoming

more relevant in recent times because of the
easy integration of renewable energy sources
into the electrical grid [8–11]. There are many
useful applications of boost converters such as
’battery chargers for traction, energy storage
systems [12, 13], photovoltaic voltage regula-
tors [14,15], power factor correction [16–18], dis-
tributed generation systems [19], and microgrid
applications [20,21]’. The boost converter is re-
quired for stepping up the DC voltage output
obtained from solar panels from a relatively low
and unstable voltage to a higher and more stable
voltage. This helps to overcome the fluctuating
output of PV panels due to variations in irradi-
ance and temperature and, more importantly, is
crucial for electronic inverters or DC loads that
require a stable voltage to operate efficiently.
Boost converters are commonly integrated with
MPPT algorithms to allow dynamic adjustment
of the MPP of the PV array under varying envi-
ronmental conditions. Thus, the converter can
maintain the PV panel at its optimal voltage and
current so that energy harvesting can be maxi-
mized [22,23].

Structure of the Study

This review study is structured into five
sections. Section 1 introduces the concept of
PV system dynamics and the concept of MPPT.
Section 2 reviews conventional and advanced
MPPT techniques, with particular emphasis on
the challenges introduced by partial shading
conditions. Section 3 surveys DRL algorithms
applied to MPPT and partial shading mitiga-
tion, highlighting their operating principles and
comparative performance. Section 4 provides
a critical discussion of reward function design,
state representation, and control architectures
in DRL-based PV systems. It also outlines
open challenges, practical considerations, and
emerging research directions. Finally, a sum-
mary of key findings and insights is presented
in Section 5.
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2. MPPT Strategies and
Partial Shading Effects:
A Systematic Technical
Review

This section reviews the evolution of MPPT
strategies from conventional algorithms to ad-
vanced and intelligent methods, highlighting
their suitability under Partial Shading Condi-
tions (PSC). Perturb and Observe (P&O), Incre-
mental Conductance (INC), and Constant Volt-
age (CV) [24–26] are conventional MPPT tech-
niques that are simple and computationally ef-
ficient. However, under PSC, they are unable
to differentiate between local maxima and the
Global Maximum Power Point (GMPP), which
results in incorrect tracking and significant en-
ergy losses. These limitations have motivated
the development of more advanced MPPT meth-
ods such as metaheuristic optimization, artificial
intelligence (AI) approaches, and a hybrid com-
bination of these techniques.

Metaheuristic algorithms such as ‘Particle
Swarm Optimization (PSO) [27,28], Genetic Al-
gorithms (GA) [29, 30], and Differential Evolu-
tion (DE) [31]’ offer global search capability and
are therefore well suited to PSC. Nevertheless,
they struggle with rapidly changing environmen-
tal conditions and must be reinitialized to de-
tect new GMPPs. This incurs high computa-
tional cost and slow convergence, making them
less practical for real-time deployment.

AI techniques including fuzzy logic control
[32, 33] and artificial neural networks (ANNs)
[34] provide adaptability, robustness, and strong
nonlinear modeling capability. These strengths
make them effective for MPPT under PSC; how-
ever, their performance is dependent on the
quality of training data and careful parameter
tuning, which can limit generalization.

Hybrid MPPT strategies attempt to com-
bine the strengths of conventional, metaheuris-
tic, and AI-based approaches to balance track-
ing accuracy and convergence speed under PSC.
Several such techniques have been widely re-
ported in the literature [35–38].

Moreover, physical reconfiguration methods

have been employed to restructure the inter-
connections of PV modules either manually or
through automated schemes to reduce mismatch
losses under PSC. This may involve rearranging
modules to cluster shaded cells or using scan-
ning algorithms to identify optimal configura-
tions [39,40].

When physical rewiring becomes computa-
tionally infeasible, metaheuristic-based electri-
cal reconfiguration offers an alternative. Tech-
niques such as neuro-fuzzy control with switch
matrices [41], PSO [42, 43], War Strategy Op-
timization [44], and Grasshopper Optimization
Algorithm (GOA) [45] can search for optimal ar-
ray configurations, though they often introduce
additional implementation complexity.

To address this complexity, a Rule-Based
Adaptive Approach [46] has been proposed,
where the array topology is adjusted after de-
tecting irradiance thresholds. Although compu-
tationally light, its fixed rules limit adaptabil-
ity to shading scenarios not explicitly considered
during the design stage.

Reinforcement Learning (RL) provides a more
flexible solution by learning optimal reconfigura-
tion or control policies through interaction with
the environment. Unlike rule-based or meta-
heuristic approaches, an RL agent can general-
ize to previously unseen shading patterns, ex-
plore the state space more comprehensively, and
learn strategies that locate the global optimum
without explicit programming for each scenario.
This makes RL particularly suitable for highly
dynamic and unpredictable shading conditions.
However, these benefits come at the cost of in-
creased computational complexity and the need
for extensive training data.

A comprehensive review of the various MPPT
algorithms and their effectiveness in mitigating
PSC is presented in Table 1.

2.1. Concept of Reinforcement
Learning

Reinforcement Learning is based on Markov
Decision Process (MDP) [62], whereby the agent
learns to make sequential decisions by interact-
ing with an environment. RL framework for
PV systems can be represented by the tuple
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Table 1: Review of MPPT Control Algorithms in PV Applications.

Algorithms Technique Advantages Research Gap
Conventional: Hill-
Climbing (HC) [24],
Incremental Con-
ductance (INC) [25],
Perturb & Observe
(P&O) [26]

Model-based Easy implementa-
tion; effective PV
power tracking un-
der static irradiation

Exhibit slower tracking, steady-
state oscillations, and poor con-
vergence. Not suitable under
partial shading conditions.

Metaheuristic Algo-
rithms: PSO [27,28],
GA [29]

Model-based Suitable for non-
linearity analyses
of the PV system,
optimization of PV
power under uniform
and partial shading
conditions

It cannot store optimal data and
thus does not have learning abil-
ity where optimal data can be
reused.

Q-learning [47, 48]
and SARSA [49]

Model-free RL algo-
rithm implemented
in the MDP frame-
work

Assumes discrete
state and action
spaces

In practice, Q-learning requires a
quantized model of state and ac-
tion space for non-linearities and
noise in PV systems. Unsuitable
for continuous action and state
spaces.

DQN [50–53] Deep neural net-
works approximate
Q-value function

Applicable for con-
tinuous state spaces

Not suitable for continuous ac-
tion spaces. Discretization of
the action space may reduce
control resolution and precision,
leading to performance degra-
dation. Moreover, the method
tends to overestimate Q-values,
particularly in noisy environ-
ments, which can result in sub-
optimal or unstable policies.

DDPG and TD3 [54,
55]

Model-free RL Suitable for continu-
ous state and action
spaces

Hyperparameter sensitivity, brit-
tle training, and slow conver-
gence rate.

SAC [56–58] Model-free reinforce-
ment learning based
on the maximum en-
tropy framework

Suitable for contin-
uous action spaces;
ideal for PV systems
requiring fine con-
trol, such as contin-
uous duty-cycle ad-
justment of boost
converters

Requires two Q-networks, an ac-
tor network, a target Q-network,
and temperature tuning, mak-
ing it computationally heavier
and more complex. Also it is
Hyperparameter Sensitive such
that poor tuning of the learning
rates, entropy temperature or Q-
function update rates can lead to
instability or slow learning.

PPO [59–61] Model-free, on-
policy reinforcement
learning belonging to
the policy-gradient
family

Supports both dis-
crete and continuous
action spaces. Sim-
pler than SAC, re-
quiring only an actor
network and a value
function

Not suitable for applications re-
quiring high control precision
and resolution.
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Table 2: Performance Metrics of DRL Algorithms.

Algorithm Tracking Efficiency /
Power Deviation

Convergence /
Training Time

Stability & Oscilla-
tions

DQN Faster response than
DDPG [50]; Outperforms
PSO & GWO [69]

Trains faster than
DDPG [50]; faster than
P&O and PSO [69]

Some oscillations; less
stable at low irradiance

DDPG <1% deviation from the-
oretical GMPP [54]; im-
proved efficiency [55]

∼0.8 s convergence [55] Good performance but
hyperparameter sensi-
tive [54]

TD3 Higher power output (up
to +8.37%) vs. DDPG at
high irradiance [70]

Slower than DQN;
comparable to
DDPG [70]

Most stable among
DQN, DDPG, and
TD3 [70]

SAC Reduces oscillations com-
pared to DDPG [56]

Slower than DQN [56] More stable than
DDPG [56]

PPO Demonstrated in PV sys-
tems [59]; 96–98% effi-
ciency reported [60,61]

Moderate; slower than
DQN but stable [60]

Stable but lower pre-
cision for fine MPPT
control

(S,A, P,R, γ) where S, A, P , R, γ represent
the state, action spaces, transition probability
function, non-negative reward function and dis-
count factor respectively. When the RL agent
takes an action, it receives feedback in the form
of rewards or penalties, which makes it learn
the optimal policy that guides it for maximum
cumulative expected rewards [63, 64]. The RL
technique is considered a useful tool for MPPT
in PV systems particularly for PSC. An ex-
ample is the Q-learning-based Global Flexible
Power Point Tracking (GFPPT) algorithm [65]
which dynamically adapts to changes due to
PSC, thereby improving the performance of the
system. The RL agent explores the PV charac-
teristics over time to improve convergence and
robustness compared to conventional and meta-
heuristic approaches.

3. Survey of DRL Control
Techniques for Partial
Shading Conditions

Deep Reinforcement Learning (DRL) is an
advancement of Reinforcement Learning (RL).
It offers adaptive, model-free control under dy-
namic and complex environmental conditions.

The agent senses its environmental state ‘s ∈ S’
and takes action ‘a ∈ A’ according to a policy
π that is optimized through learning to maxi-
mize future rewards ‘r ∈ R’. In this case, a
deep neural network is used to represent the
policy π, which is referred to as a deep policy
network. Thus, DRL is based on training deep
neural networks to approximate the optimal pol-
icy π [66]. Various DRL algorithms include
‘Q-learning, Deep Q-Network (DQN), Proximal
Policy Optimization (PPO), Soft Actor-Critic
(SAC), and Deep Deterministic Policy Gradi-
ent (DDPG)’, as well as hybrid combinations of
these methods. The implementation of DRL for
MPPT control under partial shading conditions
has been shown to achieve faster response times
and better adaptability to dynamic and com-
plex shading environments [50, 54, 67, 68]. Ta-
ble 2 presents the performance metrics of vari-
ous DRL techniques reported in the literature,
in terms of tracking efficiency, output power im-
provement, convergence or training time, and
stability.

The DDPG showed deviations of less than 1%
from the theoretical MPPT [54]. A fuzzy-DDPG
hybrid attained 95% tracking efficiency [71],
while DQN achieved faster response than
DDPG [50]. Other advantages include reduced
oscillatory output power, which can be achieved
using the SAC approach [56]. SAC exhibits
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Table 3: Computational Complexity, Strengths and Limitations of DRL Algorithms.

Algorithm Computational
Complexity

Strengths Limitations

DQN Low–Moderate Fast convergence; simple im-
plementation

Requires action space discretization
(reduced precision)

DDPG Moderate–High Works well in continuous
state–action spaces

Training brittleness; slower than
DQN

TD3 High Robust to noise; avoids over-
estimation bias

Lower output than DQN at low ir-
radiance

SAC High (two crit-
ics + tempera-
ture tuning)

Smooth continuous duty-
cycle control

Computationally heavier; complex
tuning

PPO Moderate Easy to implement; sup-
ports discrete and continu-
ous actions

Less precise than SAC/DDPG for
high-resolution control

reduced steady-state power oscillations primar-
ily due to its entropy-regularized objective,
which promotes smooth stochastic policies and
suppresses aggressive action updates near the
MPP. It employs dual critic networks, which
further mitigate overestimation bias and sta-
bilize control actions. TD3 improves stability
and can achieve higher output power of up to
8.37% compared to DDPG at high irradiance,
but it produces lower output power than DQN
at low irradiance [70]. Table 3 summarizes
the computational complexity, strengths, and
limitations of each DRL algorithm.

3.1. Comparisons:
Experimental vs.
Simulation

The review of DRL MPPT literatures appli-
cable to PV systems reveals limited but infor-
mative evidence regarding experimental versus
simulation performance differences. Literatures
[72, 73] were able to give a direct experimental
vs simulation comparison, with divergent find-
ings. For example, the literature [72] found that
DQN’s superiority over P&O observed in sim-
ulation did not entirely replicate in real-world
testing, while [73] reported that DDPG exper-
imental improvements of 51.45% substantially
exceeded simulation predictions of 10.45%. This
evidence indicates that experimental-simulation

gaps are algorithm-dependent and condition-
specific rather than systematic. Thus, the rela-
tive advantage of DDPG over P&O, as presented
in Table 4, was found to be greater in experimen-
tal conditions than that of simulations.

4. Formulation of DRL for
PV Systems

This section describes the application of DRL
to PV systems. The MPPT problem is for-
mulated based on a Markov Decision Process
(MDP) that enables the agent to learn optimal
control policies through interaction with a dy-
namic PV environment, especially under PSC.
The following terminologies are described as fol-
lows:

4.1. Markov Decision Process
(MDP) Framework for PV
Systems

1) Agent

This is the DRL algorithm that learns opti-
mal decisions that maximizes reward, by deter-
mining the best action to take in each state to
maximize long term rewards [74].

89 ©2026 Journal of Advanced Engineering and Computation (JAEC)



VOLUME: 10 | ISSUE: 2 | 2026 | JUNE

Table 4: Comparison of Experimental and Simulation Studies.

Study Simulation Perfor-
mance

Experimental Perfor-
mance

Performance Gap

DQN [72] Consistently superior to
P&O

Consistently superior to
P&O

Not entirely replicable
in real-world testing

DDPG [73] 10.45% power improve-
ment; settling time 24.54
times faster than P&O

51.45% power improve-
ment; settling time 0.25 s
vs. 4.26 s for P&O

Experimental results
outperformed simula-
tion predictions

2) Environment and States

Environment models the PV panels, DC-DC
boost converter and load dynamics based on a
Markov decision process (MDP) [62]. The MDP
consists of a set of states S, a set of action A and
a set of rewards R. In relation to PV systems,
the set of states S observed by the agent for
MPPT under steady state conditions are the in-
stantaneous measurements of PV panel param-
eters of voltage, current and PV power. When
considering partial shading conditions, the ob-
servable states are a combination of PV panel
parameters with change in power, ∆Ppv and pre-
vious duty cycle of the boost converter. Op-
tional observable states that can be considered
include the irradiance profiles or temperature.
These observations determine the state space
that set up the learning environment.

3) Action and Reward

In DRL for PV converters, the reward is a
scalar function of the state–action transition,
typically designed to encourage maximum power
extraction while respecting voltage, current, and
stability limits. The RL agent interacts with
the environment by adjusting the duty cycle or
voltage reference of the MPPT boost converter
in the PV system. In return, the environment
provides a reward to the agent. This reward
may be defined based on maximum power out-
put, efficiency improvement, or constant voltage
regulation. Common reward formulations used
in previous works are discussed in detail in Sec-
tion 3.1.

4) Episodes

Episodes consist of sequences of states, ac-
tions, and rewards that terminate at a terminal
state, thereby reflecting the time required for the
agent to converge to an optimal and stable pol-
icy. A lower number of episodes to convergence
indicates faster learning as compared to a higher
number of episodes. Thus, for practical deploy-
ment, having a low number of episodes to con-
vergence is preferable. Moreover, this helps to
show the computational effort required by the
agent in reaching its target and hence the via-
bility of the DRL technique. Longer episodes re-
quire more simulation time which suggests more
computational effort and larger memory require-
ment.

5) Policy

This is the mapping of states to action;
thereby defining the best action to take for a
given state as represented in Equation (2):

π(s, a) = Pr(At = a | St = s) (2)

where St and At denote the state and action
random variables at time step t, respectively.
Thus, the optimal policy represents the prob-
ability of taking action ‘a’ given the state ‘s’,
in order to maximize the cumulative future re-
wards. Policies used in DRL algorithms include
discrete action policies such as the ε-Greedy pol-
icy [75–77], which is widely used in DQN, and
continuous action policies such as Gaussian poli-
cies [78], which can be applied in DDPG, PPO,
and SAC. Entropy-based exploration, which in-
corporates entropy into the reward objective to
encourage broader exploration, can be applied in
SAC [56]. Deterministic policies, applicable to
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DDPG [79], are also commonly used. A combi-
nation of these policy techniques within DRL al-
gorithms provides a balanced trade-off between
exploration and exploitation strategy.

4.2. Exploration-Exploitation
trade-off

The exploration–exploitation trade-off is a
fundamental challenge in DRL-based MPPT.
Several studies highlight the importance of
balancing these two aspects to optimize system
performance. The study in [56] on SAC-based
MPPT control discusses the challenge of bal-
ancing exploration and exploitation to achieve
efficient and accurate tracking under varying
environmental conditions. An Exploration
Decay Policy (EDP) has been designed to
enhance this trade-off within DDPG [80]. This
approach adaptively modulates exploration over
time to improve continuous control performance
and prevent suboptimal convergence. A chaotic
K-best gravitational search algorithm that
nonlinearly balances exploration and exploita-
tion through chaotic dynamics has been shown
to improve convergence and avoid local op-
tima [81]. Furthermore, a framework enabling
adaptive exploration strategies via Universal
Value Function Approximators (UVFA) has
been proposed [82]. This concept is further
advanced by introducing Meta-SAC, which
automatically tunes the entropy temperature
parameter in the SAC algorithm [83]. Thus, the
choice of exploration strategy significantly in-
fluences learning efficiency and control stability.

4.3. Types of reward
formulations used for
MPPT

1) Maximum Power Reward

Many MPPT studies define the reward as the
instantaneous power or its normalized form, as
described in Equation (3) [54].

Instantaneous Power

The reward rt at each time step t, is defined
by Equation (3):

rt =


Pt

c
, if Pt > 0

−1, if Pt ≤ 0
(3)

where, Pt(t) = Vt × It instantaneous PV power,
Vt and It are the PV array voltage and current
at time step t respectively, and c is a positive
scalar used to scale down the reward magnitude.
This prevents excessively large rewards, improv-
ing numerical stability during training and critic
learning. If the power becomes negative, it indi-
cates unstable or non-physical operating points;
thus, the agent receives a fixed negative reward
to discourages actions that drive the PV system
into infeasible regions.

2) Threshold Reward

This reward constitutes a threshold-based
power reward whereby a predefined voltage win-
dow acts as a gating condition that helps rein-
force operation near the GMPP and suppress
local optima. The reward at each time step t,
denoted as rt is defined by Equation (4) as [84]:

rt =


(

Pt

Pmax

)4

if |Vt − Vmax|≤ 2.5

0 otherwise
(4)

Where Pmax is the maximum power of the PV
array at GMPP, Vmax is voltage corresponding
to GMPP and the 2.5V is the voltage tolerance
window around Vmax.

3) Hybrid Shaped Reward

A typical hybrid approach example is one that
embeds Incremental Conductance (IC) physics
inside a PPO framework. Although the reward
is not explicitly formulated in closed form, the
PPO agent in [85] is guided by Incremental Con-
ductance (IC) principles. The underlying de-
cision logic can be equivalently expressed as a
binary reward that enforces the IC equilibrium
condition as defined by Equations (5) – (7).
From the IC theory in Equation (5):
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dP

dV
= I + V

dI

dV
(5)

Such that at MPP,

dP

dV
= 0 ⇒ dI

dV
= − I

V
(6)

An IC-consistent reward can therefore be ex-
pressed as defined in Equation (7):

rt =

+1,
∣∣∣∆It
∆Vt

+ It
Vt

∣∣∣ ≤ ϵ

−1, otherwise
(7)

Where ∆Vt and ∆It are the time step change
in voltage and current respectively. This reward
implicitly informs the agent whether it operates
to the left or right of the MPP, emulating clas-
sical IC decision rules.

4) Fuzzified Reward Function

A fuzzified reward mechanism is introduced
in [71] to enhance DRL-based MPPT by replac-
ing a crisp scalar reward with a fuzzy inference-
driven feedback signal. The motivation is to
overcome the limitations of sparse or discontin-
uous rewards when dealing with the nonlinear
and continuously varying power–voltage charac-
teristics of PV systems.

The reward formulation is based on the slope
of the PV power–voltage curve, defined by Equa-
tion (8) as:

e(t) =
∆Ppv(t)

∆Vpv(t)
(8)

Where ∆Ppv(t) and ∆Vpv(t) are the instanta-
neous change in PV power and voltage respec-
tively.

Equation (8) provides information about the
relative position of the operating point with re-
spect to the MPP. A positive slope indicates op-
eration on the left of the MPP, while a negative
slope indicates operation on the right. To cap-
ture the dynamic behavior of convergence, the

temporal variation of this slope is also consid-
ered in Equation (9):

∆e(t) = e(t)− e(t− 1) (9)

These two signals, e(t) and ∆e(t), are used
as inputs to a Mamdani-type fuzzy inference
system. Each input is fuzzified into linguis-
tic variables such as “Negative Big, Negative
Small, Zero Error, Positive Small, and Positive
Big”, thereby allowing the controller to interpret
MPPT behavior at different abstraction levels.

The fuzzy rule base maps these linguistic
inputs to a reward level categorized as Low,
Medium, or High, such that large deviations
from the MPP or incorrect movement directions
result in low rewards. In contrast, stable oper-
ation near the MPP yields high rewards. The
fuzzy output is then defuzzified to generate a
continuous and bounded reward signal, which is
supplied to the DRL agent.

By embedding expert knowledge into the
reward design, the fuzzified reward provides
smoother gradients for learning, accelerates con-
vergence toward the MPP, and reduces steady-
state oscillations.

5) Weighted Sum of Multiple
Sub-Rewards

The total reward at each time step is defined
as the weighted sum of multiple sub-rewards,
each targeting a specific control objective of the
MPPT problem, as shown in Equation (10) [71]:

Rt = rmpp + r1 + r2 + r3 + r4 + r5 (10)

Each of these sub-rewards is described in
Equations (11)–(17) as follows:

rmpp: Deviation from GMPP

This term penalizes deviation of the measured
power P from the maximum observed power
value, PMPP,max, during training as shown in
Equation (11):

rmpp =

−2

∣∣∣∣P − PMPP,max

PMPP,max

∣∣∣∣ , PMPP,max > 0

0, otherwise
(11)
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This component drives the agent toward the
GMPP rather than local maxima.

r1: Power-Proportional Reward

A normalized reward proportional to the in-
stantaneous extracted power Pt is defined as
in Equation (12):

r1 =

0.1
Pt

PMPP,max
, PMPP,max > 0

0, otherwise
(12)

This ensures continuous positive reinforce-
ment as power extraction improves.

r2: Sign-Based Power Trend Reward

To encourage monotonic improvement in
power, a sign-based term is included as shown
in Equation (13):

r2 = sign(∆Pt) (13)

where
∆Pt = Pt − Pt−1 (14)

This component rewards actions that increase
power and penalizes those that reduce it.

r3: Voltage Constraint Penalty

To ensure safe operation, voltage excursions
beyond the open-circuit voltage (Voc) are penal-
ized as defined in Equation (15):

r3 =

0, 0 ≤ Vt ≤ Voc

−2, otherwise
(15)

This introduces a hard safety constraint into
the learning process.

r4: Voltage Change Penalty (Linear)

Sudden voltage changes are discouraged using
a linear penalty as defined by Equation (16):

r4 = −0.1 |∆Vt| (16)

This promotes smoother control actions and
reduces oscillations around the MPP.

r5: Voltage Change Penalty (Quadratic)

A stronger penalty is applied for large voltage
variations as defined in Equation (17):

r5 = −0.5 |∆Vt|2 (17)

The quadratic term significantly penalizes ag-
gressive control actions that may destabilize the
system. The total reward function adopts a
hybrid shaping strategy that integrates global
optimality enforcement rmpp, continuous power
maximization r1, sign-based power trend guid-
ance r2, threshold-based operational safety con-
straints r3, and smoothness penalties r4 and r5.

Thus, the reward enables the agent to dis-
tinguish between local and global maxima and
reduces steady-state oscillations, achieving fast
and stable convergence to the GMPP under par-
tial shading conditions.

5. Comparative Analysis
of DDPG, SAC, and
PPO Training
Algorithms

5.1. SAC training algorithm

SAC is an off-policy DRL algorithm as de-
scribed in Figure 2. The SAC is designed to op-
timize a stochastic policy by jointly maximizing
the expected cumulative reward and the policy
entropy, thereby promoting efficient exploration.
The SAC framework adopts an actor–critic ar-
chitecture consisting of a stochastic actor and
twin critic networks. The actor outputs the
parameters of a Gaussian action distribution,
and actions are sampled using the reparameter-
ization trick and passed through a hyperbolic
tangent function to enforce bounded control ac-
tions. The overall SAC training flowchart is de-
veloped based on the literature [57]. The learn-
ing process begins with the observed state s,
which is provided as input to the actor network.
The actor produces the mean and standard de-
viation of the stochastic policy, from which a
bounded action A is sampled and applied to the
environment. The environment returns a reward
R and the subsequent state s′. The resulting
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Figure 2: Training flow chart for SAC.

transition (s, a, r, s′) is stored in the replay buffer
D.

During training, mini-batches sampled from
the replay buffer are used to update two critic
networks, Q1(s, a;ϕ1) and Q2(s, a;ϕ2), which es-
timate state–action values to mitigate overes-
timation bias. Target Q-values are computed
using the target critic networks, Q1,target and
Q2,target, along with the entropy-regularized ex-
pected future return. The critic parameters ϕ1

and ϕ2 are updated by minimizing the mean-
squared Bellman error, while the actor param-
eters θ are updated to maximize the entropy-
regularized objective. An optional temperature
update adjusts the entropy coefficient to regu-
late policy stochasticity. The target critic net-
works are softly updated to ensure stable and
consistent learning dynamics.
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5.2. DDPG training algorithm

The DDPG is an off-policy actor–critic rein-
forcement learning algorithm as shown in Fig-
ure 3, that is designed for continuous control
problems. It employs a deterministic actor net-
work that directly maps the observed state to
a continuous action and a critic network that
evaluates the corresponding state–action value.

The training flow chart begins with the State
‘s’ block, which represents the observation ob-
tained from the environment at each interval of
time. This state is provided to the Actor Net-
work, which outputs a deterministic control ac-
tion. To enable the exploration during the train-
ing process, the action is perturbed by the ‘N ’
external Noise Model, resulting in the final ac-
tion ‘a’ that is applied to the environment. The
environment replies by yielding the ‘r’ Reward,
and the ‘s′’ Next State together with the current
state and action, form an experience tuple that
is stored in the Replay Buffer.

During the learning process, mini-batch sam-
pling is used to randomly select the Replay
Buffer experiences. The Target Actor Network
processes the sampled next state, while the Tar-
get Critic Network evaluates the resulting ac-
tion within the Target Q computation block to
produce a stable target value for learning. The
Critic Network is updated by minimising the
Bellman errors within the computed target value
and its current Q value estimate. Simultane-
ously, the Actor Update block revises the pa-
rameters of the actor by using the critic’s gra-
dients to maximise the evaluated state–action
values. Finally, the Target Network Soft Up-
dates block slowly corrects the parameters of
the target critic networks and the target ac-
tor to follow the learned networks, guarantee-
ing steady and constant training dynamics. This
iterative procedure persists until the procedure
converges. The flow chart is based on existing
literature [86].

5.3. PPO Training Algorithm

The PPO training flowchart in Figure 4 illus-
trates the interaction between the actor policy
and critic value networks within an on-policy

DRL framework. The actor network π(s; θ)
maps the state ‘s’ to a stochastic action distribu-
tion from which an action ‘a’ is sampled, while
the critic network V (s;ϕ) estimates the state
value. s, a, r and s′ represents the current state,
selected action, received reward, and next state
s′ respectively. These are experience tuples that
are grouped into trajectories and stored in a tra-
jectory buffer for learning. Based on these tra-
jectories, returns and advantage estimates are
computed, optionally using generalized advan-
tage estimation (GAE), and advantage normal-
ization is applied to improve training stability.
The collected trajectory data are then reused for
multiple optimization epochs, during which the
actor network is updated using a clipped policy
objective to constrain policy updates, and the
critic network is trained by minimizing the value
estimation loss. The iterative optimization pro-
cess continues with newly collected trajectories,
forming a stable on-policy learning loop that bal-
ances policy improvement and value function ap-
proximation. The flowchart is developed based
on the literature [87].

5.4. Similarities in Training
Characteristics

DRL algorithms such as DDPG, SAC and
PPO share a common actor–critic training
framework in which an actor network gener-
ates control actions, and a critic network eval-
uates their quality through value function ap-
proximation. In all three methods, learning is
achieved through gradient-based optimization,
where neural network parameters are updated
by minimizing loss functions derived from Bell-
man equations or policy gradient objectives us-
ing mini-batches of experience. The agent in-
teracts iteratively with the environment in an
episodic manner by observing the current state,
selecting an action, receiving a reward, and tran-
sitioning to the next state. Future rewards are
weighted using a discount factor γ allowing the
algorithms to optimize long-term performance
rather than immediate gains. By leveraging
deep neural networks as function approxima-
tors, these methods can effectively address high-
dimensional, nonlinear control problems encoun-
tered in complex dynamical systems.
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Figure 3: Training flow chart for DDPG.

5.5. Differences in Training
Characteristics

In terms of differences, the DDPG, SAC, and
PPO differ significantly in their training philoso-
phies and stability mechanisms. DDPG employs
a deterministic policy, where exploration is in-
troduced through externally injected noise. It
relies on a single critic network, which can result
in overestimation bias and sensitivity to hyper-
parameter tuning, particularly in noisy environ-
ments. SAC adopts a stochastic policy formu-

lation that explicitly maximizes both expected
return and policy entropy, promoting robust ex-
ploration. The use of twin critics and a min-
imum Q-value selection further mitigate over-
estimation bias, while automatic tuning of the
entropy temperature enables a balanced trade-
off between exploration and exploitation, result-
ing in improved stability and sample efficiency.
PPO follows a fundamentally different on-policy
training approach, where data are collected in
trajectories and discarded after each update.
Training stability is enforced through a clipped

©2026 Journal of Advanced Engineering and Computation (JAEC) 96



VOLUME: 10 | ISSUE: 2 | 2026 | JUNE

 

For K Epochs 

States s 

Actor Network 

 𝜋(𝑠; 𝜃) 

 

Mean 𝜇 , Std Dev 𝜎  

Sample action 𝑎 

Environment 

Store Trajectory  (𝑠, 𝑎, 𝑟, 𝑠′) 

Compute Returns & Advantages 

 

Critic Network 

𝑉(𝑠;  𝜙) 
Actor Network 

 𝜋(𝑠; 𝜃) 

 

Trajectory Buffer 

Actor Update 

 (Clipped Policy Objective) 

Critic Update 

 (Value Loss) 

For K Epochs 

 

Actor Update 

(Clipped Policy Objective) 

 

Critic Update 

 (Value Loss) 

Figure 4: Training flow chart for PPO.

surrogate objective that constrains policy up-
dates, and variance is reduced using advantage
estimation techniques such as generalized advan-
tage estimation (GAE). While PPO is generally
easier to tune and exhibits strong training sta-
bility, it is typically less sample-efficient than off-
policy methods such as DDPG and SAC.

5.6. Practical Implications for
Control Applications

From a control perspective, DDPG is well
suited for fast, deterministic continuous-control
tasks but may suffer from stability issues due
to its sensitivity to exploration noise and hy-
perparameter selection. SAC is generally pre-
ferred for complex nonlinear systems, such as
power electronic converters and microgrids, as
its entropy-regularized stochastic policy and
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twin-critic structure provide improved robust-
ness and exploration efficiency.

In contrast, PPO prioritizes training stabil-
ity and implementation simplicity through con-
strained policy updates, making it attractive for
applications where reliable convergence is more
important than sample efficiency.

5.7. Challenges and Future
works

The DRL approach is promising for MPPT
and partial shading mitigation; however, sev-
eral challenges remain before these methods can
achieve widespread practical adoption. These
challenges include scalability, real-time stability
and safety, generalization and adaptability, com-
putational and hardware constraints, as well as
benchmarking and standardized evaluation.

The scalability of DRL to larger systems re-
mains an open research direction, as most DRL
techniques are implemented on a single PV ar-
ray–converter system. Future PV farms will
require multi-agent DRL frameworks capable
of coordinating PV arrays and grid interfaces.
Real-time stability under strict grid codes must
also be ensured, since exploratory actions of
DRL may lead to suboptimal or unstable con-
trol.

With respect to generalization and adaptabil-
ity, DRL agents should be trained under vary-
ing irradiance and temperature profiles to enable
adaptation to new climates and load conditions
without retraining. Although the execution
phase of DRL is lightweight, the training process
remains computationally expensive. Therefore,
future research should focus on resource-efficient
DRL solutions deployable on low-cost embed-
ded platforms and validated through Hardware-
in-the-Loop (HIL) testing prior to large-scale
deployment. Finally, standardized benchmarks
and test protocols will enable more rigorous
comparisons of DRL algorithms with respect to
MPPT efficiency and response time.

6. Conclusion

This study provides a comprehensive review
of DRL techniques for MPPT and partial shad-
ing mitigation in PV systems. The progres-
sion of MPPT strategies—from conventional
model-based methods, through metaheuristic
and artificial intelligence approaches, to mod-
ern DRL controllers—has been systematically
reviewed. The analysis demonstrates that DRL
algorithms exhibit superior adaptability and ro-
bustness in handling the nonlinear, stochastic,
and time-varying characteristics of PV systems,
particularly under partial shading conditions,
where conventional and heuristic techniques of-
ten struggle to maintain global optimality.

A comparative evaluation of prominent DRL
algorithms reveals distinct performance trade-
offs. Value-based approaches such as DQN of-
fer rapid convergence but are inherently limited
by discrete action spaces, which restrict control
resolution. Actor–critic methods such as DDPG
enable continuous control but are sensitive to
hyperparameter tuning and exploration noise,
which may affect training stability. TD3 im-
proves upon DDPG by mitigating overestima-
tion bias through twin critics and delayed pol-
icy updates, while SAC further enhances robust-
ness by incorporating entropy regularization and
stochastic policies. The resulting effect is re-
duced steady-state power oscillations and im-
proved exploration–exploitation balance.

PPO provides a stable and computation-
ally efficient alternative through constrained on-
policy updates and advantage estimation, but
at the cost of lower sample efficiency and con-
trol precision compared to off-policy methods.
These findings confirm that no single DRL algo-
rithm is universally optimal, and algorithm se-
lection should be guided by application-specific
requirements such as control accuracy, conver-
gence speed, and computational constraints.

Despite significant progress, several challenges
remain, including effective management of the
exploration–exploitation trade-off and limited
experimental validation. The absence of stan-
dardized benchmarks and evaluation protocols
further complicates fair performance comparison
among DRL algorithms. Ultimately, effective
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handling of the exploration–exploitation trade-
off and bridging the gap between simulation and
real-world hardware implementation will enable
DRL to become a practical solution for MPPT
in PV systems.
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