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Abstract. This paper investigates a deep re-
inforcement learning (DRL) mazimum power
point tracking (MPPT) strategy for a photo-
voltaic (PV) boost converter system wusing the
Deep Deterministic Policy Gradient (DDPG) al-
gorithm. The proposed controller is designed
to overcome limitations of conventional perturb-
and-observe (P&0) methods combined with PID
control, particularly under non-uniform irradi-
ance and load impedance variations. The DDPG
agent is trained offline and learns the monlin-
ear mapping between PV electrical states and
duty-cycle control, while explicitly accounting for
DC-link voltage regulation. A comparative per-
formance evaluation is conducted against con-
ventional P&O-PID and a PSO-NN MPPT
scheme wunder fast irradiance transients, and
varying load conditions. Simulation results show
that while the P&EO-PID and PSO-NN con-
troller achieves marginally higher instantaneous
PV power under rapid irradiance changes, the
proposed DRL controller provides superior DC-
bus woltage requlation and sustained stability
within a simulated irradiance levels ranging from
1000 W/m? to 400 W/m?. This reflects a trade-
off between energy extraction and system-level
stability but overall, the DRL MPPT approach
demonstrates improved robustness under fast en-
vironmental transients and realistic operating
conditions, highlighting its suitability for stan-

dalone DC microgrid and advanced PV power
conversion applications.

Keywords: Deep Reinforcement Learning,
Mazimum Power Point Tracking, Perturb and
Observe, Particle swarm optimization — Neural
Network.

1. Introduction

Solar photovoltaic, PV systems is a type of
renewable energy source that is clean, noiseless
and eco-friendly and free of GHG emissions
during operation. It is one of the cheapest
sources of electricity generation due to its
reduced average levelized cost of electricity
from the year 2010 to 2022 [1]. However, a
major drawback of PV system is its low energy
conversion efficiency and thus, the need for im-
provements in PV technology that will increase
PV output [2]. It has been suggested that
advanced PV technologies can help to increase
energy output, making solar PV more efficient
and scalable [3]. The PV system exhibits a
nonlinear current—voltage characteristic that is
dependent on temperature and solar irradiance.
The operating point of the PV array directly
determines the amount of power extracted.
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It is significantly affected by environmental
conditions as well as the nature of the connected
load. This can cause the PV system to operate
away from its maximum power point, MPP
that can result to substantial energy losses.
Therefore, MPPT is essential to ensure that
PV systems consistently deliver optimal power
under dynamic environmental scenarios [4].

A typical PV system comprises of solar
cells connected in series and parallel to yield
a desired power output. The solar cell can be
represented by a single diode model and the
governing equation is stated in Equation 1.
This describes the current - voltage I-V charac-
teristics of a photovoltaic, PV cell [5].

V + IR,
1= Il _IS (eXp<7n:VT> - 1)
se

Where I is the current and V is the voltage, I
is the light induced current, Ig is the diode dark
saturation current, m is the diode quality factor,
R, is the series resistance, R, is the shunt
resistance, n,. is the number of series-connected
cells in the PV module, Vp is the thermal
voltage. The induced current in Equation 1
is affected by changes in the irradiance and
temperature [6]. The dynamics of solar panels
that captures the interdependencies between
current, voltage, power, solar irradiation, and
temperature has been considered extensively [7].
The efficiency of the solar PV system depends
upon its power output and this output is
dependent on the panel’s output voltage and
current. Thus, the maximum power point MPP
is the operating point at which the PV current
and voltage is maximum. Hence, maintaining
the MPP via MPPT strategies is essential
for maximizing the power delivered by PV
systems [8,9].

Various MPPT control strategies have been
developed to optimize the performance of PV
systems. MPPT control strategies such as the
P&O [10] and incremental conductance [11]
offers low-cost solutions but may exhibit
steady-state oscillations and slow convergence
under rapidly changing environmental and
partial shading conditions. To overcome these
drawbacks, artificial intelligence such as fuzzy
logic—based methods [12,13], can help to improve
adaptability. However, it often relies on heuris-
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tic tuning that is parameter sensitive. With the
evolution of biologically inspired algorithms,
neural networks and metaheuristic optimizers,
such as particle swarm optimization [14, 15],
Genetic Algorithm [16, 17], and Differential
Evolution [18], have been introduced due to
its global search capabilities. However, these
approaches are inherently iterative optimizers
rather than learning based controllers. When
irradiation conditions change, the P-V curve
shifts, requiring the algorithm to reinitialize
its population and run the search again. This
makes them relatively slow to track dynamic
variations in the Global MPP, GMPP as they
cannot be pre-trained over a range of operating
conditions to directly generalize new scenarios.

Also, they do not undergo an offline training
stage but execute the optimization process
online. This involves repeated population
evolution and fitness evaluations that leads to
high computational complexity, making them
unsuitable for real-time MPPT under rapidly
changing irradiance conditions. Recent studies
show that Artificial Intelligence — based con-
trollers achieve faster and more reliable GMPP
tracking under variable irradiance compared
to classical MPPT techniques [19]. Moreover,
an ANN-based MPPT scheme was designed to
address the high complexity and computational
demands of traditional model predictive control,
MPC methods [20]. A stacked LSTM controller
was applied to a 100 kWp grid-tied system
and results showed over 99% tracking efficiency
achieved under dynamic irradiance [21]. These
findings confirm the growing suitability of intel-
ligent control for PV applications, particularly
in dynamic conditions.

Despite these advances, Classical MPPT
algorithms with PID controllers remain widely
adopted in practice due to their ease of imple-
mentation and established industrial acceptance
as highlighted in the literature [22]. The PID
helps to ensure accurate tracking of the refer-
ence voltage generated by the MPPT controller.
In contrast, the DRL controller directly maps
PV system measurements to the converter duty
cycle thereby unifying the roles of both the
MPPT and PID. This single learned policy
achieves maximum power extraction and stable
converter operation without the need for manual
tuning and thus simplifies the control architec-
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ture while maintaining performance. Most of
the reviewed literatures have only considered
the comparisons of DRL with Conventional or
Heuristic approaches for MPPT control. But
scarcely is there any literature that considered
the comparison for both MPPT control and
voltage tracking simultaneously. This motivates
a systematic comparison between conventional
MPPT schemes, such as P&O combined with
a PID-controlled boost converter and a DRL
controller. The DRL directly generates the duty
cycle without relying on either an outer-loop
MPPT algorithm or an inner-loop PID regula-
tor. Such a comparison allows quantification
of the performance gains achievable when the
entire MPPT and control process is handled by
DRL. Insights into the specific scenarios where
DRL offers significant benefits over conventional
control methods are presented in this study.

Contributions of study

This study advances the state-of-the-art by
reframing DRL MPPT as a system-level power
management problem, in which PV power
extraction and DC-link voltage stability are
addressed simultaneously within a single control
framework. Specifically, the proposed DDPG
controller incorporates duty-cycle constraints
and power—load balance considerations directly
into the learning objective, enabling the agent
to implicitly regulate the DC-bus voltage
without relying on auxiliary voltage controllers.
A key contribution of this work is the explicit
comparative evaluation of DC-link stability
under severe irradiance reduction. Through
detailed simulations, it is demonstrated that the
proposed DRL controller maintains stable DC
— bus voltage operation down to an irradiance
level of 400 W/m?, whereas a PSO-ANN-based
MPPT controller exhibits significant DC-link
voltage deviation under the same conditions.
By demonstrating robust DC-bus regulation
under dynamic load and low-irradiance condi-
tions, this study extends DRL MPPT beyond
conventional power-tracking performance met-
rics and establishes its effectiveness as a unified
control solution for PV systems operating under
realistic and challenging conditions.

2. Theoretical Framework
for Conventional and
DRL MPPT control

2.1. Conventional MPPT

control

The conventional P&O algorithm achieves
MPPT via perturbation of the duty cycle of
the DC-DC converter and observes the corre-
sponding change in PV output power. The di-
rection of perturbation is maintained with an
increase in power and is reversed with a de-
crease in power. This process converges around
the maximum power point, MPP. The classical
P&O with fixed step size has inherent limita-
tions: a large step size accelerates convergence
but causes oscillations around the MPP, whereas
a small step size reduces oscillations at the cost
of slower convergence. To mitigate this, several
studies have proposed Variable Step-Size, VSS
extensions of P&O, in which the perturbation
magnitude adapts dynamically according to op-
erating conditions. Although VSS-P&O is not
as widely implemented in real-world as classical
P&O, it serves as a useful academic benchmark
to highlight the trade-offs in tracking speed, ac-
curacy, and adaptability, and therefore provides
a fair basis for comparison with DRL approach.

The VSS-P&O approach adapts the perturba-
tion size based on the slope, dP/dV of the Power
— Voltage, P —V curve. Large step-size is applied
when far from MPP to speed convergence, while
step-size decreases as the system tends towards
MPP to minimize oscillations. This approach
can be expressed mathematically as stated in
Equation 2 [23]

dP
DVSS:MX —_—

dv @

where Dy gg is the duty cycle increment and
M is the scaling factor, % shows how power
changes when voltage is slightly perturbed. This
approach is easy to implement and requires
low computational demand. It tracks better
with improved convergence under moderate
irradiance fluctuations compared to the classical
fixed P&O [24].
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2.2. Deep Reinforcement

Learning Approach

Reinforcement learning is a machine learn-
ing technique that is typically formulated as
a Markov Decision Process (MDP), where the
agent learns to make sequential decisions by
interacting with an environment. Sequential
implies that each action taken by the agent
not only yields an immediate reward but also
influences the next state of the environment
that affects future rewards. In the context of
MPPT, this dependency is formalized by the
MDP whereby the adjustment of the duty cycle
at a given moment affects subsequent PV voltage
and current responses such that the controller
must learn a policy that accounts for these tem-
poral dependencies rather than treating each de-
cision as isolated. The MDP is described by
(s,a, P,r,7y) where ‘s’ and ‘a’ represent state
and action spaces respectively. The function P
is the transition probability function of moving
from one state to another following an action ‘a’.
Then ‘r’ is the non — negative reward function
while v € [0, 1] is the discount factor that mod-
ifies the value of future rewards [25]. When the
agent takes an action, it receives feedback in the
form of rewards or penalties. It therefore learns
the optimal policy that guides its decision mak-
ing for maximum cumulative expected rewards
over time [26-28].

With respect to the PV system, the ‘s’ is the
observable state space vector comprising of PV
measurements of voltage, current, and power,
whereas ‘a’ corresponds to the duty cycle applied
to the boost converter. In the simulation envi-
ronment, the generated duty cycle is modeled as
a continuous variable within the range [0.1, 0.9]
but in a practical digital controller, this signal
can be quantized according to the resolution of
the pulse-width modulation, PWM hardware.
Such quantization introduces only a negligible
error relative to the MPPT precision require-
ments so that the continuous action assumption
in simulation remains consistent with what can
be achieved in a practical digital implementa-
tion. The reward ‘r’ is formulated to maximize
power extraction and ‘y’ ensures long-term effi-
ciency in decision-making by the DRL agent. In
the context of PV, long-term efficiency refers to

maximizing cumulative energy output over time
that accounts for challenges such as irradiance
fluctuations. Whereas short-term actions could
trap the system at local maxima or cause os-
cillations around the MPP. During training the
DRL agent continuously observes the PV envi-
ronment at each simulation time step to update
its policy 7(s) with the objective of maximizing
the cumulative expected reward. It can achieve
stable MPPT, which refers to reliable conver-
gence to the GMPP with minimal oscillations
in duty cycle and power output. Achieving a
stable MPPT is promoted through the reward
structure and the choice of discount factor with
the objective of maximizing the expected cumu-
lative reward. This enables the agent to achieve
stable MPPT, meaning it can converge reliably
to the global maximum power point while min-
imizing oscillations around it and maintaining
robustness under dynamic irradiance and load
variations.

DRL is an extension of reinforcement learn-
ing that employs deep neural networks to ap-
proximate the policy and value function [29],
enabling effective control in high-dimensional
and nonlinear systems such as large-scale PV
arrays. In this context, effectiveness refers to
the controller’s ability to track the MPP while
maintaining stability under nonlinear conditions
such as irradiance fluctuations and partial shad-
ing. High dimensionality arises from the sys-
tem state space that includes electrical vari-
ables of PV voltage, current and power. Al-
though the present study focuses on a 100 kW
PV array with a single boost converter, the ap-
proach is scalable to larger systems where mul-
tiple converters and interacting subsystems in-
crease both the state and action dimensional-
ity. By demonstrating feasibility in the single-
converter case, this work establishes a founda-
tion for extending DRL MPPT approach to dis-
tributed converter architectures used in utility-
scale PV plants. The DRL method is particu-
larly suitable for MPPT in PV systems partic-
ularly for partial shading conditions, PSC be-
cause the deep neural networks allow the policy
to adapt to nonlinear PV characteristics across
diverse irradiance and temperature profiles with-
out requiring an explicit system model. An ex-
ample of DRL method is the Q-learning-based
Global Flexible Power Point Tracking algorithm
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that helps to improve the performance of the
PV system by dynamically adapting to changes
due to PSC [30]. Unlike conventional MPPT ap-
proach, the DRL does not require prior PV array
knowledge. Rather it explores the PV character-
istics over time, thereby improving convergence
and robustness.

There are various DRL algorithms that have
been implemented for MPPT control in PV
systems. These algorithms include Deep Q-
Network, DQN [31], Proximal Policy Optimiza-
tion, PPO [32], Soft Actor-Critic, SAC [33],
Deep Deterministic Policy Gradient, DDPG [34]
and a hybrid combination with other control
techniques [35]. A comparison of DQN, DDPG
and TD3 was also conducted in [36]. Based
on the comparative study shown in Table 1,
the DQN is the fastest in tracking the MPPT
but its reliance on discretization can affect the
duty-cycle resolution. DDPG provides the nat-
ural continuous control mapping and off-policy
sample reuse that justify it as our baseline for
fine duty-cycle control and it is also moder-
ate in terms of computational complexity. The
implementation of DRL for MPPT control un-
der partial shading conditions have been shown
to have faster response times and higher accu-
racy in locating the GMPP, compared to con-
ventional methods. Although previous studies
have shown the effectiveness of DRL over con-
ventional MPPT methods, there is not much
emphasis on the loading condition that better
represents real-world PV system operation. The
present study aims to fill this gap by providing
a comparative analysis of DRL and conventional
MPPT control techniques under non-uniform ir-
radiance and varying load conditions that high-
lights the practical advantages of DRL in realis-
tic operating scenarios.

The algorithm of the DDPG agent can be im-
plemented in the Matlab environment [43] and
this algorithm was adopted from the literature
[44].

DRL MPPT Control
Design for PV systems

3.

In practical grid-connected PV plants, the
boost converter typically interfaces with a

DC-AC inverter stage, delivering power to
the grid and local AC loads. Furthermore,
in large PV arrays, it is common to employ
multiple DC-DC converters [45] that can allow
for independent MPPT control and mitigation
of partial shading effects. This section presents
the design of the DDPG — DRL agent system
for the MPPT control of a 100 kW PV boost
converter system as shown in the schematic
diagram for Figure 1. A single boost converter
architecture is considered whereby the entire
100 kW PV array feeds a single converter stage.
This represents a simplified but challenging
configuration because all panels share the same
duty cycle, and the system must converge to
a single operating point. Unlike distributed
MPPT architectures or module-level power
electronics with bypass diodes, this setup
does not allow localized bypassing of shaded
panels. As such, the optimization burden shifts
entirely to the control strategy that makes it an
appropriate benchmark problem for evaluating
the effectiveness of DRL MPPT approach.

Environment

Boostcanverter'—-l Load |

DC voltage

Tand Gt PV Array

Vand |

State space
V, land P

Designed
Reward function

PWM
generator

Duty cycle

DDPG - DRL
MPPT controller
(Actor + Critic)

—

Figure 1: Schematic Design of the DDPG DRL MPPT
control of PV system.

3.1. Environment Model

description

The environmental model description is pre-
sented in Figure 1. The 100 kW PV system is de-
signed based on the manufacturer ratings shown
in Table 2 with 50 Modules connected in paral-
lel and 10 modules connected in series and the
corresponding P — V and I — V characteristics
is shown in Figure 2. The output of the PV
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Table 1: Comparative study of DRL Techniques.

Algorithm Tracking Efficiency Strengths Limitations

DQN Faster response than Fast convergence and Sim- Requires discretization of
DDPG [37]; Outperforms ple implementation action space (reduced pre-
PSO & GWO |[38] cision)

DDPG < 1% deviation from the- Works well in continuous Hyperparameter sensitive
oretical GMPP [39]; Im- state action space
proved efficiency and ~
0.8 convergence [40]

TD3 Higher power output (up Most stable compared to Computational complex-
to +8.37% vs. DDPG at DQN and DDPG and ro- ity is high
high irradiance) [36] bust to noise

SAC Reduces oscillations com- Smooth continuous con- Computational complex-
pared to DDPG [41] trol of duty cycle ity is high (two critics +

temperature tuning)
PPO Demonstrated in PV sys- Easy to implement, sup- Lower precision for fine

tems with 96-98% track-
ing efficiency [42]; slower

ports both discrete and
continuous actions

MPPT than SAC and
DDPG

than DQN

arrays interfaced with a DC — DC boost con-
verter with calculated values of 0.623 mH, and
1888 pF for the inductance and capacitance re-
spectively. Considering Figure 1 again, an initial
load resistance of 0.696 €2 is connected to this
set-up to achieve resistance matching, R = r for
maximum power output. Where R and r are
the load and internal resistances of the PV sys-
tem respectively. By varying the load resistance
starting with an initial value of 0.696 2, the per-
formance of the system with respect to its power
output can be evaluated.

3.2. Model Verification
(a) PV Model

The PV array is implemented using the MAT-
LAB/Simulink PV Array block, which is based
on the single-diode equivalent circuit and pa-
rameterized using manufacturer datasheet val-
ues consistent with the NREL System Advi-
sor Model (SAM) database. The model inter-
nally reproduces the I-V and P-V characteris-
tics provided in the datasheet under standard
test conditions. To ensure numerical reliability,
the boost converter and DC-link dynamics are
modeled using averaged continuous-time equa-

Table 2: Data specification: Kyocera Solar KC200GT.

Parameter Ratings
Maximum Power (W) 200.12
Voltage at Maximum Power 26.3V
(Vmp)

Current at Maximum Power 7.61 A
(Imp)

Open Circuit Voltage (Voc) 329V
Short circuit Current (Isc) 8.21 A
Total number of cells in Series 54

(Ns)
Total number of cells in parallel 1
(Np)

tions. The employed Simulink implementation
is widely validated and extensively used in ex-
isting literature [40] for MPPT and DC-DC con-
verter control studies.
(b) Boost Converter

The boost converter is designed to raise the
voltage output of the PV array from an input
voltage to a regulated output voltage. Its per-
formance is dependent on the duty cycle i.e.
D € ([0, 1]), which is autonomously adjusted by
the DDPG DRL agent. With respect to these
present analyses, the boost converter component
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Figure 2: -V and P-V characteristics for 100 kW PV
system @ 1000, 700 W/m? irradiance levels.

sizing is obtained considering the input voltage
of 263 V and regulated output of ~ 320 V, 5%
ripple in inductor current, 1% ripple in regulated
output voltage, 0.95 efficiency, n and switching
frequency of 10 kHz are assumed. Estimated
values of the duty cycle, input current, induc-
tance and capacitance for the boost converter
are summarized in Table 3.

The inductance of 0.236 mH and capacitance
values of 1125 uF are the theoretical values ob-
tained based on standard calculations. These
calculations do not consider possible effect of
losses in the PV boost converter system. The
simulated values used for the present study are
0.623 mH and 1888 pF for the inductance and
capacitance respectively.

The proposed control architecture integrates

Table 3: Parameter Estimation for Boost Converter.

S/N Description Symbol Unit Formula Value
of parameter
Vin
1 Duty cycle D - — 0.18
Vout
Pout
2 Input power P, kW — 105.26
n
Pin
3 Input current I A v 400.23
4 Inductor size L mH A‘?Z bew 0.238
Iout .D
5 Capacitor size C nF m 1125

a DDPG MPPT strategy into the DRL con-
troller of the PV boost converter system com-
prising of the PV system and the DRL control
loop. The PV system model, makes up the envi-
ronment dynamics, consisting of PV array, boost
converter, and load. Whereas the DRL con-
trol loop comprises of the state observer, reward
function, and the DDPG agent. The measured
variables obtained from the sensors are PV volt-
age and current. The irradiance and tempera-
ture Gt and T respectively are the inputs to the
PV array. Therefore, observed states are based
on the normalized values of the measured volt-
age, current and power as defined by Equation
(3)
_ [V () Ipu(t)  Bpo(t)
St = 3 ) (3)
Vrated ITated Prated

where V,,(t), I, (t) and P,,(t) are the instanta-
neous measured PV voltage, current and power
respectively.

The duty cycle, D is modeled as a continuous
action variable a;, in the DDPG-DRL frame-
work but practically it is constrained by con-
verter operation limits as stated in Equation (4).

(4)

and then sends it to the PWM signal generator
that generates the PWM signal to control the
boost converter’s switch.

For a boost converter operation:

ar = D €[0.1,0.9]

Vi

‘/ou:
T 1-D

(5)

Where V,,: is the controlled output voltage
while V;,, is the PV voltage. Based on Equation
(5), as D tends to 1, inductor current becomes
very large and switch stress increases which can
affect negatively the control sensitivity. As D
tends to 0 there is no boost action and thus
MPPT cannot be achieved. Thus, a good prac-
tice is to avoid extreme duty ratios of D = 0
meaning no boost or D = 1 meaning inductor
saturation.

3.3. Reward design

The design of the reward function is critical
for the effective learning of the DDPG agent
and its operational performance. The reward
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function translates PV system objectives such
as maximum power extraction and stability into
quantitative evaluation signals. This shapes the
DDPG agent’s policy and influences its action
selection. Previous studies have emphasized
that in the context of PV MPPT, the reward
design and algorithm selection are particularly
critical due to the challenges that exist in PV
cases. For example, the PV power—voltage curve
is highly nonlinear, and it exhibits multiple lo-
cal maxima under partial shading. If the re-
ward function is poorly designed, the agent may
converge to suboptimal local maxima or oscil-
late around the MPP. A fuzzified reward ap-
proach [46] was introduced to improve the map-
ping of continuous PV states into effective learn-
ing signals. In a similar direction, DDPG was
employed for MPPT [47], demonstrating the ad-
vantages of continuous action spaces in provid-
ing smooth duty cycle control while reducing
steady-state oscillations.

Based on the challenges identified in these
previous studies such as the sensitivity of con-
vergence to reward shaping in nonlinear P —
V characteristics, this study develops a cus-
tomized reward function as shown in Equation 6.
The reward function explicitly incorporates PV
array dimensions, instantaneous power, irradi-
ance, and converter duty cycle. To address the
issue of smooth and stable control under vary-
ing irradiance and partial shading conditions. A
DDPG framework is adopted, leveraging on its
continuous action space and actor—critic struc-
ture. This study develops a customized reward
function based on Equation 6 that incorporates
PV array dimensions, instantaneous power, ir-
radiance, and converter duty cycle. It adopts a
DDPG framework to ensure stable convergence
under varying partial shading conditions.

The irradiance is not typically measured in
practical PV system, but it is included in the
reward function solely for normalization pur-
poses. The role of irradiance, G; is to provide
a reference for the maximum theoretically avail-
able solar power, ensuring that the reward re-
mains bounded between 0 and 1 regardless of
irradiance level or array size. Importantly, the
DDPG agent itself does not require irradiance
as an input state but relies only on voltage, cur-
rent and power measurements that are normally
available in PV systems. In practical deploy-

ment, since irradiance is not usually measured
the normalization factor can be replaced by al-
ternative schemes. A simple option is to use a
constant scaling term based on nominal maxi-
mum power under STC conditions [48] so that
the reward remains bounded. This approach
however ignores short-term irradiance variabil-
ity and hence a more adaptive option is to use a
moving-window estimate of peak power whereby
the instantaneous extracted power is normalized
by the maximum power observed within a recent
time window [49].

The reward design, r; is a function of both the
measured PV system outputs and the agent’s
action explained in Equation (6). Specifically,
the instantaneous power P(t) and irradiance Gy
are environment measurements, while the duty
cycle D(t) represents the control action. The
first term of the reward normalizes the extracted
power P(t) against the theoretical maximum
available solar power on the array surface. This
ensures that the reward is scale-independent and
bounded between 0 and 1. The second term, pe-
nalizes abrupt changes in the duty cycle between
consecutive steps, thereby discouraging exces-
sive switching activity. This promotes smooth
control actions that help reduce converter stress
and switching losses. It also helps to prevent os-
cillations around the MPP. Physically, the com-
bined formulation captures the dual objectives
of MPPT in achieving efficient power extraction
and ensuring stable converter operation. The
time index t refers to the discrete decision step
of the DDPG agent at which the continuous duty
cycle action is updated. In simulation, this de-
cision interval is set equal to the environment
sampling time that corresponds to the switch-
ing frequency of the boost converter. Thus, the
fast PV dynamics can be captured while ensur-
ing numerical stability of both the power elec-
tronic model and the learning process.

re = f(st;ar)
PO b
— max(nAG(t), €) AID(#) = Dt = 1)|
(6)

where P(t) is the instantaneous power at
time t, G, is the solar irradiance (W/m?),
|D(t) — D(t — 1)] is the absolute change in duty
cycle. X is the penalty weight on changes in
duty cycle, n and A are the efficiency and total
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area of the PV array respectively. Also, ¢ (1073)
is a small constant to avoid division by zero,
especially when the solar irradiance G; = 0.
This term is only applicable for simulation
purposes and has no physical interpretation. In
the Simulink environment when P(t) or Gy is
exactly zero, certain blocks can produce NaN
or zero-gradient issues for the DRL agent. To
avoid this, a small offset € > 0 is added. This
does not represent meaningful energy or MPPT
performance but ensures the simulation and
learning process remain numerically stable. The
weight A is a hyperparameter that balances
maximizing power output with control stability
by penalizing large duty cycle variations.

The first term in Equation (6) is the nor-
malized power term that is bounded between 0
and 1 and therefore does not require additional
weight. With respect to the second term, the
penalty is scaled through the parameter A which
is selected to be small enough so that power
maximization remains the dominant objective.
Nevertheless, it is large enough to discourage
excessive duty cycle oscillations. A is tuned
empirically by comparing the magnitude of
the two reward terms. This ensures that the
DDPG agent prioritizes maximizing power while
still being penalized for excessive switching.
Sensitivity tests can be performed by varying
A within [0.01, 0.1], and the chosen value
corresponds to the best tradeoff between fast
convergence and stable duty cycle trajectories.

The parameter 7 represents the nominal
efficiency of the PV array and it is typically
obtained from manufacturer specifications. The
conversion efficiency varies with temperature,
dust accumulation, and aging but in this study,
the role of 7 in the reward function is only
to normalize the instantaneous extracted PV
power with respect to the theoretical maximum
available solar power defined by max(nAG.(t)).
This normalization provides a bounded reward
rather than an exact physical quantity so that
the learning process is not highly sensitive to
variations in 7. Moreover, this makes the re-
ward a relative measure of utilization efliciency
that is independent of the absolute array size
or irradiance level. This provides a scale-free
performance measure bounded between 0 and
1 that allows the DDPG agent to consistently
evaluate its performance under different irradi-

ance levels and array sizes.

This choice was made to facilitate a fair
and consistent performance comparison under
rapidly varying irradiance conditions during
the training and evaluation phases, as G,
normalization ensures numerical stability of
the reward signal and accelerates policy con-
vergence in simulation. Also in the context of
MPPT control, the reward formulation does
not aim to optimize a specific numerical reward
value but rather to guide the agent toward
a physically meaningful control policy that
maximizes harvested energy while maintaining
system stability.

The DRL agent is trained offline prior to
deployment and the reward parameters were
selected based on empirical stability and con-
vergence considerations. A sensitivity analysis
was conducted during preliminary experiments
by varying the weighting parameter A within
the practical range 0.01 < A < 0.1. Within this
interval, no significant changes were observed
in convergence behavior or steady-state power
tracking accuracy. Consequently, the qualitative
conclusions of the study remained unchanged
whereas for A values outside this range, the
training process exhibited slower convergence
and increased duty-cycle oscillations.  Thus
preventing reliable policy learning and ren-
dering the resulting controller unsuitable for
deployment in the PV system.

3.4. Training Repeatability and

Variability

The primary objective of this study is the
evaluation of closed-loop control performance af-
ter offline training rather than statistical bench-
marking of learning dynamics. In this context,
the agent is trained until convergence to a stable
policy and then subsequently it is deployed and
evaluated deterministically in the PV system en-
vironment. Once training converges, the learned
policy is fixed and does not exhibit stochastic
behavior during deployment. Preliminary re-
peated training runs with different random seeds
produced policies with comparable steady-state
MPPT efficiency and DC-link voltage regula-
tion, indicating limited sensitivity to initializa-
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tion. Therefore, for clarity and conciseness, only
representative results are reported.

Hyperparameters shown in Table 4 were tuned
empirically to ensure stable convergence while
minimizing oscillatory behavior in the duty cy-
cle. The actor and critic network architecture
specify the number of hidden layers and neu-
rons while the activation functions were used to
model the policy and value functions. Learning
parameters such as the discount factor, target
smoothing, experience buffer length, and mini-
batch size, define how the agent updates its net-
works during training. Exploration parameters
describe the Gaussian noise added to the actions
to encourage exploration, including its magni-
tude and decay rate. Finally, simulation and
training settings specify the sample time, num-
ber of episodes, steps per episode, and crite-
ria for saving the trained agent. Collectively,
these parameters ensure that the training is re-
producible, and that the agent achieves effective
MPPT performance.

Table 4: DDPG Agent Training Hyperparameters.

Component Parameter Value
Hidden Layers 64, 64
Actor Network Activation Function ReLU

Output Layer

Sigmoid (duty cycle be-

tween 0 and 1)

Critic Network

State Path
Layers

Hidden

32, 32

Action Path Hidden
Layers

32

Combination Layer

Addition + ReLU

Discount Factor (v) 0.99
Learning Target Smooth Factor 0.001
Parameters Experience Buffer 1,000,000
Length
Mini-batch Size 64
Noise Type Gaussian
Exploration Noise Standard Devi- 0.1
ation
Noise Decay Rate 1x107°
Simul Sample Time 1x107°%s
imulation -
/Training Max Episodes 200-1000
Max Steps per 2000
Episode
22

4.  Analysis of DRL with
Conventional MPPT

This section presents the DDPG DRL re-
sults for MPPT under uniform irradiance and
non — uniform irradiation conditions. The eval-
uation was conducted using MATLAB R2024b
and Simulink. VSS P&O [23] combined with a
PID regulator is used as a benchmark to validate
the design of the DRL MPPT control. Impor-
tantly, only the VSS P&O [23| technique was
adopted from the literature while all PV array
parameters, boost converter specifications, and
controller parameters including PID gains were
derived and tuned for the 100 kW Kyocera- PV
system modeled in this study.

The training of the DDPG DRL agent is
shown in Figure 3 and the agent’s adaptive na-
ture can be explained by the reward formula-
tion and the choice of state variables. The re-
ward is defined in terms of the PV power out-
put, and the state vector includes parameters
of PV voltage, current, and power. This al-
lows the agent to learn the underlying system
dynamics that govern maximum power extrac-
tion. Even though the agent was trained un-
der uniform irradiance, these state variables con-
tinue to describe the system consistently under
varying irradiance and load conditions. As a re-
sult of this, the trained agent can be deployed
without retraining for any operating condition
within the same PV system environment. Re-
training is only required when the environment
itself changes structurally in terms of the differ-
ent PV sizing or converter configuration.

Episode reward is a measure of how much re-
ward the agent has earned in each episode, in-
creasing from approximately 0 to 10° over the
first 20 episodes. Thereafter, it flattens out close
to 9.5 x 10° after 50 episodes indicating reward
saturation. This implies that the DDPG agent
can track the maximum power point effectively.
Average Reward is the mean of the instanta-
neous rewards across each episode, and it is an
indication of reward stability. It initially starts
low and then steadily converges to the episode
reward ~ 20, which is an indication of stable
learning. The training results indicate that the
DDPG agent consistently achieves high episode
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Figure 3: Training for DDPG control of PV boost con-
verter.

rewards which are defined based on the instan-
taneous power of the PV system relative to its
maximum power under uniform irradiation.

The critic network in DDPG estimates the
function Q(s,a) which represents the expected
cumulative discounted reward from taking ac-
tion ‘a’ in state ‘s’. In training logs, the no-
tation Episode Qg is used to denote the value
of Q(so,ap) which is the estimated expected re-
turn from the initial state at the start of each
episode. Monitoring this quantity provides an
indication of how the critic’s estimation of over-
all episode performance evolves during train-
ing. It increases over time, suggesting that the
DDPG agent is in a good state and likely to
perform well. Both average reward and critic
Q-values provide complementary insights. For
instances, the average reward indicates the sta-
bility and convergence of learning, while critic
Q-values reflect the quality of the learned pol-
icy.

Therefore, the learning curves are directly
linked to physical MPPT performance through
the reward formulation. Specifically, the episode
reward is proportional to the instantaneous PV
power which is normalized by the theoretical
maximum power under the same irradiance con-
dition. Therefore, an increase in episode reward
directly reflects improved power tracking effi-
ciency and closer operation to the MPPT and
convergence of the episode reward directly indi-
cates convergence of MPPT tracking efficiency
and DC-link stability. Moreover, the reduction
in reward variance across episodes indicates di-
minished duty-cycle oscillations and improved

steady-state behavior of the boost converter.

Similarly, convergence of the Episode Q0 met-
ric reflects stabilization of the expected long-
term return which is manifested physically as
steady MPPT operation and eventually regu-
lated DC-bus voltage.

4.1. Environment Validation

The DRL agent is trained within a physics-
based Simulink environment representing the
PV-boost converter dynamics. The trained
DRL DDPG agent is evaluated against a theo-
retical PV model under identical irradiance and
load conditions and the converter dynamics were
perturbed by varying the inductance and capac-
itance parameters by +30% around their nom-
inal values, as summarized in Table 5. The re-
sults demonstrate that the average harvested PV
power and settling time remain consistent across
all cases, indicating that the environment dy-
namics are robust to parameter variations and
faithfully capture the underlying PV—converter
behavior.

Table 5: Perturbation of Boost converter parameters.

Case L C Average Settling

Power time

(kW) (secs)
Nominal Lo Co 96.91 0.00050
L—-30% 0.7Lo Co 95.98 0.00042
L+30% 1.3Ly Cp 96.73 0.00057
C—30% Lo 0.7Cy  96.55 0.00044
C+30% Lo 1.3Cy 96.46 0.00056
4.2. MPPT Control

Performance Under
Uniform Irradiation

This section presents a performance compari-
son between the proposed DDPG and VSS P&O
PID controllers under uniform irradiance condi-
tions of 1000 W/m? where the nominal PV pa-
rameters and MPP position are particularly reli-
able. This is to ensure that the results obtained
reflect the inherent behavior of the controllers
rather than model uncertainty. Subsequently,
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the analysis is extended to non-uniform irradi-
ance patterns, where the reliability of manufac-
turer data is reduced and the MPP location is
more uncertain, thereby allowing a more rigor-
ous assessment of the DDPG agent’s robustness
under realistic conditions. The VSS P&O PID is
used to validate the DDPG technique under uni-
form irradiance and resistance matching loads
of R =r = 0.697 Q. This setup is commonly
adopted in MPPT studies to provide a controlled
environment for comparing algorithms.

At 1000 W/m?, the nominal PV parameters
and MPP position are particularly reliable, en-
suring that the results obtained reflect the in-
herent behavior of the controllers rather than
model uncertainty. Subsequently, the analysis is
extended to non-uniform irradiance, where the
reliability of manufacturer data is reduced and
the MPP location is more uncertain, thereby al-
lowing a more rigorous assessment of controller
robustness under realistic conditions.

The result of this comparison is shown in Fig-
ure 4. The PV system is subjected to uniform ir-
radiation of 1000 W/m? and the performance of
both controllers are evaluated in terms of maxi-
mum power output and tracking accuracy.

From the PV power results in Figure 4, both
controllers were able to reach the theoretical
maximum power point of approximately 100 kW,
which confirms their capability to identify the
MPP. The tracking error, TE was observed for
both controller and it is defined as the relative
deviation between the maximum power achieved
by the controller and the theoretical maximum
power at the corresponding irradiance as defined
in Equation (7)

Rneasured - Ptheoretical

TE = (7)

Ptheoretical
where Ppeasured 1S the measured PV power
and Pipeoretical 18 the reference power. Under
uniform irradiance of 1000 W/m? it was ob-
served that the PID controller achieved a lower
tracking error of 5.58% compared to 6.24% for
the DDPG agent. Also, it is observed that the
DDPG agent exhibits a slight negative bias
in voltage and power, behaving like a tight
but uniform band that reflects the trade-off
imposed by the reward function and critic
approximation.

The slight reduction in steady-state power

observed with the DRL controller reflects a
reward - critic trade-off to suppress duty-cycle
oscillations as well as prevent over-excitation of
the DC-DC converter, which is not accounted
for in conventional MPPT control designs.

4.3. MPPT control Under Non

uniform irradiation

In this study, irradiance variation was im-
plemented deterministically using a time-based
shading function. whereby the nominal irradi-
ance of 1000 W/m? was reduced to 70% of its
original value during the time interval ¢ = 0.15
to t = 0.30s. This represents a temporary par-
tial shading event with a defined magnitude and
duration so that outside this interval, the irradi-
ance remained constant. This deterministic for-
mulation ensures that the temporal shape, shad-
ing depth, and rate of change are precisely de-
fined and fully reproducible.

This section presents the testing of both con-
trollers under non - uniform irradiance at the
nominal matched resistance R = r. This pro-
vides a fair baseline for comparison where the
PV parameters are most reliable. Once this
reference performance was established, the con-
trollers were further assessed under more chal-
lenging conditions of a combination of non-
uniform irradiance and varying load resistances.

Figures 5, 6, 7 and 8 are used to evaluate the
effect of non — uniform irradiance on the perfor-
mance of both controllers for MPPT of the PV
system. Table 6 presents a comparative evalu-
ation of the proposed DDPG MPPT controller
against the VSS P&O-PID controller. Four per-
formance indices are reported: Average Power,
Average Voltage and % Ripple for power and
voltage at steady state. In this study, ripple (%)
is defined as the peak-to-peak variation of a mea-
sured steady-state signal that is normalized by
its mean value and calculated over a steady-state
observation window following transient settling.
This definition is applied consistently for all re-
ported voltage and power ripple measurements.

At R =r = 0.697 Q, corresponding to nomi-
nal power operation, the VSS P&O_PID con-
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Figure 4: MPPT Comparison of DDPG and VSS P&O PID.

troller achieves slightly higher average power
extraction compared to DDPG. However, both
controllers exhibit relatively low ripple power
and voltage with DDPG showing a larger fluctu-
ation compared to VSS P&O_ PID. At R =1 (),
DDPG demonstrates a better performance in
the average power and voltage with substantially
reduced % ripple. This indicates that at medium
load conditions the DDPG policy successfully
learns the optimal duty cycle adjustments with
reduced ripple. At R =2 — 5 Q, both methods
achieve comparable average power levels, but the
DDPG controller consistently yields lower ripple
levels.

This improvement is primarily due to the re-
ward structure that is designed to penalize os-
cillatory behavior and large control deviations.
As a result, the DDPG agent reduces the excita-
tion of converter dynamics that would otherwise
amplify ripple. In addition, at this medium load
the slope of the P-V curve is moderate which

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

indicates that small perturbations in duty cycle
have limited effect on the extracted power.

Table 6: Comparative results of DDPG and VSS P&O
PID control.

MPPT con- Average Average Ripple Ripple
troller Power Voltage power Voltage

W) ™ (%) (%)
R=r=0.697 Q
DDPG 67,769 190.70 2.81 1.41
VSS P&O_PID 74,447 199.85 <1 <1
R=1Q
DDPG 82,766 286.69 1.55 0.78
VSS P&O_PID 79,960 281.90 <1 <1
R=2Q
DDPG 51,554 320.53 0.83 0.41
VSS P&O_PID 47,539 307.67 <1 <1
R=5Q
DDPG 22,481 334.63 0.44 0.22
VSS P&O_PID 20,907 321.86 <1 <1
R=109Q
DDPG 11,579 339.58 0.36 0.18
VSS P&O_PID 11,138 330.34 <1 <1
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Figure 6: Comparison of DDPG and VSS P&O PID @ R =1 Q.

These factors allow the DDPG policy to main-
tain stable operation with reduced ripple while

still tracking the maximum power point.

By

26

contrast, the VSS P&O controller adjusts the
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Figure 8: Comparison of DDPG and VSS P&O PID @ R=15 Q.

perturbation size based on the local slope of achieves higher average power compared to VSS
the P-V curve reducing oscillations near the P&O PID with substantially lower and ripple.
MPP. At light current, R = 10 2, DDPG again Although the DDPG controller exhibits slightly
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higher steady-state ripple ~ 0.1-3%, it provides
superior performance in the power and voltage
for medium to high resistance ranges. This trade
off in the DDPG is due to its exploratory and
stochastic nature. In contrast the PID maintains
negligible ripple < 1% but at the cost of fail-
ing to track the GMPP. The simulation results
demonstrate that the DDPG controller achieves
higher load power and voltage with reduced rip-
ple compared to VSS P&O — PID controllers
across varying load conditions. The observed re-
duction in load voltage and power ripple directly
reflects the PV-side duty-cycle adjustments by
the DDPG controller which in turn minimizes
ripple on the load power and voltage.

Table 7: Comparative Metrics of DDPG and VSS

P&O.
MPPT Energy Dynamic MRMSEP
Controller (kWh) Effi- (%)
ciency
(%)
R = 0.697
DDPG 8.79 89.15 18.87
VSS_ P&O 9.21 93.42 14.48
R=1
DDPG 9.12 92.50 8.62
VSS_ P&O 8.82 89.42 12.12

To complement instantaneous power and
ripple-based assessments, the cumulative har-
vested energy, dynamic efficiency, DE and mean
root mean square error of power (MRMSEP)
is adopted as performance metric. The Energy
metric (kWh) is obtained by integrating the de-
livered load power over the entire operating pro-
file, thereby capturing both steady-state MPPT
accuracy and transient tracking behavior under
dynamic conditions while the MRMSEP and %
DE are calculated based on Equations (8) and
(9) respectively.

MRMSEP = \/ mean ((Pmax - Pavg)Q) (8)

mean Py
% DE = ——>& « 100% (9)
Where P,,y and P4, are the instantaneous
average and maximum power respectively. As

shown in Table 7, the energy-based evaluation,

mean P ax

dynamic efficiency reveals that although both
controllers can achieve comparable instanta-
neous power levels near the MPP. However,
when the load is increased from the impedance-
matched condition (R = 0.697 2) to a more
realistic operating load (R = 1 ), the DRL
DDPG controller exhibits superior energy
harvesting performance, improved dynamic
efficiency and lower mean root mean square
error  power (MRMSEP) compared to the
conventional VSS P&O method. This behavior
highlights the enhanced adaptability of the
DRL controller to non-ideal and varying load
conditions, where classical perturbative meth-
ods become more sensitive to operating-point
shifts.

Validation of DRL
With AI based - MPPT

5.

To further evaluate the effectiveness and
generality of the proposed DRL MPPT scheme,
a comparative study was conducted with a
hybrid particle swarm optimization—neural
network (PSO-NN) MPPT controller [50].
The PSO-NN approach represents a strong
intelligent optimization baseline, combining
global search capability with nonlinear function
approximation, and has been shown to perform
well under uniform irradiation conditions.

5.1. Description of the

PSO-NN MPPT Setup

To ensure a fair and rigorous comparison
with intelligent optimization-based MPPT
methods, a PSO-NN-based controller was
implemented following the structure reported
in the referenced literature. The neural network
was trained offline using a particle swarm opti-
mization (PSO) algorithm as shown in Figure
9 to minimize the MPPT tracking error under
varying operating conditions for the 100kW
photovoltaic system.

The PSO algorithm was initialized with a
population of candidate weight vectors and
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Figure 9: Trained PSO — NN for 100 kW PV system.

each particle’s fitness was evaluated based on
a power-tracking cost function. The tracking
cost function is the normalized error between
the extracted PV power and the estimated
maximum available power. The optimization
process iteratively updated particle positions
and velocities until convergence was achieved.
Figure 9 illustrates the evolution of the
PSO cost function over iterations for the 100
kW PV system. It can be observed that the
swarm converges monotonically reaching a best
cost value of approximately 0.0038 after 100
iterations. This low final cost indicates effective
training of the neural network and reliable
convergence of the PSO-NN MPPT controller.

Performance Under fast
changing Irradiance

5.2.

Under fast changing irradiance conditions,
both the proposed DDPG DRL controller and
the PSO-NN scheme achieved effective MPPT
as shown in Figure 10. The PSO-NN method
exhibits a marginally higher instantaneous PV
power output compared to the proposed DRL
scheme. This behavior is expected, as the
PSO-NN controller is explicitly designed to
maximize PV-side power which does not incor-
porate the DC-bus voltage constraints whereas,
the DRL formulation explicitly balances power
extraction with DC-link voltage regulation. As
a result, a slight reduction in peak power is
observed by the DRL method and this reflects
a deliberate trade-off to ensure stable and
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Figure 10: Validation of DRL with PSO — NN under
uniform conditions.

safe system operation. This slight reduction
in PV power is therefore not a disadvantage
when compared with other approaches like the
VSS P&O and the PSO — NN MPPT techniques.

Performance on DC
Voltage Bus Regulation

5.3.

To assess robustness under more realistic
operating scenarios, both controllers were
subjected to step-changing irradiance profiles.
Under these conditions, the PSO-NN-based
MPPT exhibits pronounced DC-bus voltage de-
viations as irradiance decreases and the absence
of an explicit voltage regulation mechanism in
the PSO-NN formulation leads to excess power
injection into the DC-link capacitor, causing
the DC-bus voltage to rise significantly above
its rated value. In contrast, the proposed DRL
MPPT controller can maintain the DC-bus
voltage tightly regulated around its designed
reference value of approx. 320 V. despite rapid
irradiance fluctuations. Consequently, the DRL
agent adjusts its power extraction behavior in
real time to prevent overcharging of the DC-bus
capacitance and at the same time preserves
near-optimal MPPT performance.

Figure 11 presents the effect of fast changing
irradiance on the DC bus voltage supplying
a resistive load of 3 . From these results,
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it can be observed that the DC voltage is
sustained up to a much lower irradiance level of
400 W/m?2. The comparison demonstrates that
for realistic operating conditions involving fast
environmental transients the DC-bus voltage
stability can be sustained using DRL approach.
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Figure 11: Performance on the DC bus voltage under
fast changing irradiance.

5.4. Real-Time Applicability

and Computational
Considerations

In this study, the DDPG- DRL MPPT con-
troller is trained offline using simulation data
and so does not involve any online learning or
optimization during real-time operation. Once
trained, the controller generates the duty-cycle
command through a single forward pass of
a compact neural network, consisting of two
hidden layers with a limited number of neurons.

As a result, the online inference complexity is
significantly lower than that of population or it-
erative MPPT methods such as Particle Swarm
Optimization (PSO) or Genetic Algorithms
(GA) which require repeated fitness evaluations
at each control step. Furthermore, the reward
function and critic network are used only during
the training phase and do not contribute to
computational overhead during deployment.

Although explicit hardware timing bench-
marks are not considered in this study, the

employed network architecture is well within
the computational capabilities of commonly
used embedded platforms such as DSPs or real-
time controllers for DC-DC converter control,
where sampling periods in the microsecond to
millisecond range are typical.

6. Conclusion

In this study, a 100 kW photovoltaic (PV)
boost converter system was used as the bench-
mark to evaluate the performance of a DDPG
— DRL controller in comparison with a con-
ventionalVSS P&O PID controller under both
uniform and non-uniform irradiance conditions.
Simulation results indicate that both controllers
provide reliable and stable operation with
the conventional marginally higher than the
DRL under nominal conditions. However, its
reliance on continuous perturbations limits its
adaptability during rapid irradiance or load
variations, leading to its degrading perfor-
mance.

In contrast, the proposed DDPG — DRL
controller exploits a learned control policy that
generalizes across a wide range of operating
conditions without requiring persistent per-
turbations. As a result, it achieves smoother
control trajectories, reduced power ripple, and
improved robustness to parameter mismatches
and measurement uncertainties.

The results further demonstrate the flexibil-
ity of the DRL framework in learning MPPT
behavior that implicitly integrates desirable
characteristics of traditional P&O and PID
approaches within a unified control policy.
Unlike heuristic or hybrid methods, the DRL
controller operates as a system-level optimizer,
jointly addressing MPPT and DC-link voltage
regulation within a single learning objective.
This eliminates the need for auxiliary voltage
control loops and enables stable operation
under both irradiance and load disturbances.

Comparatively, while alternative strategies
such as PSO-NN-based controllers may achieve
higher instantaneous power extraction under
specific conditions, they do not inherently
guarantee stable or safe operation in practical
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DC-connected photovoltaic systems. The pro-
posed DRL approach prioritizes overall system
stability and operational feasibility alongside
MPPT performance.

Future work will focus on hardware-in-
the-loop and experimental implementation to
further validate the effectiveness of the proposed
DRL MPPT controller.
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