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Abstract − Conventional Maximum Power Point Tracking (MPPT) methods in photovoltaic (PV) systems frequently suffer
from significant efficiency degradation when subjected to dynamic weather variations and Partial Shading Conditions (PSC).
To address this issue, this study proposes a novel hybrid control algorithm integrating Bayesian Optimization (BO) and Deep
Reinforcement Learning (DRL). The primary contribution of this research is the development of an adaptive MPPT system
architecture that leverages the global exploration capabilities of BO alongside the high-precision local tuning of DRL to
maximize solar energy extraction. The methodology evaluates the proposed BO-DRL agent through an ablation study within
a Python simulation environment across four distinctive environmental profiles: uniform irradiance, light partial shading,
heavy partial shading, and extreme dynamic conditions. In this framework, the BO component executes a probabilistic
global search via Gaussian Processes to prevent the system from becoming trapped in local maxima, while the DRL agent
performs continuous duty cycle adjustments to minimize steady-state oscillations. Simulation results demonstrate that the
hybrid approach significantly outperforms the conventional Perturb and Observe (P&O) method. Under heavy partial
shading, the hybrid algorithm achieves a tracking efficiency of 96.08%, whereas the P&O method drops to 62.24% due to
local peak entrapment. Under extreme dynamic scenarios, the hybrid efficiency remains robust at 93.22%, while the P&O
performance drastically degrades to 39.07%. Furthermore, the ablation validation proves that standalone DRL agents fail
to initialize optimally without the global search assistance from the BO unit. In conclusion, the synergistic integration of
BO-DRL yields a highly robust, efficient, and adaptive MPPT control solution capable of optimizing PV energy harvesting in
highly volatile environments.

Keywords − Maximum Power Point Tracking; Deep Reinforcement Learning; Bayesian Optimization; Photovoltaic Systems;
Partial Shading Conditions.

I. INTRODUCTION

IN the modern era, massive global dependence on
fossil fuels has triggered a serious energy crisis and

accelerated climate change, making the transition to
renewable energy an urgent international priority [1].
Photovoltaic (PV) systems play a fundamental role in
this transition due to their capability to convert solar
radiation directly into clean and sustainable electrical
energy [2]. Despite theoretically offering an unlim-
ited power supply, the efficient implementation of PV
systems faces complex technical challenges. The out-
put power characteristics of solar panels are highly
non-linear and sensitive to dynamic weather conditions,
particularly fluctuations in solar irradiation intensity
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and operational temperature [3].
To overcome these environmental variabilities and

ensure maximum energy harvesting, the implementa-
tion of Maximum Power Point Tracking (MPPT) tech-
nology is an absolute necessity [4]. Historically, con-
ventional MPPT methods, such as Perturb and Observe
(P&O) and Incremental Conductance (INC), have dom-
inated the solar power industry due to their simplicity
and low computational cost [5]. Under uniform and sta-
ble irradiation conditions, these algorithms effectively
climb the power curve. However, they possess inher-
ent weaknesses, including persistent power oscillations
at steady-state and a fatal inability to handle Partial
Shading Conditions (PSC) [6]. During PSC caused
by clouds, trees, or nearby buildings, the uneven en-
ergy distribution drastically distorts the power-voltage
(P-V) curve, generating multiple local power maxima.
Conventional gradient-based algorithms fail to distin-
guish between local and global peaks, frequently trap-
ping the system at the nearest local optimum, which
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leads to massive energy losses and degrades overall
efficiency [7].

In response to the limitations of classical methods,
many researchers have explored meta-heuristic opti-
mization techniques. Recent studies have proposed var-
ious algorithms, such as Particle Swarm Optimization
combined with INC [8], Honey Badger Algorithms [9],
Zebra Optimization [10], Pelican Optimization [11],
and Dung Beetle Algorithms [12]. While these global
search methods successfully map the entire curve and
prevent local peak entrapment, they universally suf-
fer from high computational burdens and slow conver-
gence times [13]. This computational delay is highly
detrimental, as weather dynamics occur within seconds,
leading to cumulative daily extraction losses [14]. Ar-
tificial Intelligence (AI) models, particularly Artificial
Neural Networks (ANNs), have been introduced to ad-
dress these delays [15, 16]. Although ANNs provide
faster and more stable tracking, their performance re-
lies heavily on massive training datasets and often fails
when exposed to load patterns outside their historical
modeling [17].

To resolve the data dependency issue, the modern
MPPT control paradigm has shifted strongly toward
Deep Reinforcement Learning (DRL) [18, 19]. DRL
empowers an agent to learn optimal decision-making
autonomously through continuous trial-and-error inter-
actions with its environment [20, 21]. Advanced archi-
tectures, such as Deep Deterministic Policy Gradient
(DDPG) and Fuzzy-DDPG [22], as well as Recurrent
Reinforcement Learning [23], have proven highly ef-
fective in dampening power fluctuations and generating
smooth control signals under dynamic shading con-
ditions. However, empirical studies reveal that DRL
models exhibit a critical vulnerability during the initial-
ization or “cold start” phase. Pure DRL agents tend to
be inherently risk-averse; when attempting to traverse
the potential energy valley toward the Global Maximum
Power Point (GMPP), short-term reward penalties of-
ten cause the agents to stagnate prematurely at the first
local maximum they encounter.

Addressing this critical research gap, this study pro-
poses a novel hybrid architecture integrating Bayesian
Optimization (BO) and Deep Reinforcement Learning
(DRL) to maximize MPPT efficiency under extreme
dynamic conditions. While previous research has uti-
lized Bayesian multi-objective modeling [24], its syn-
ergistic integration with continuous AI-based tracking
remains underexplored [25]. In the proposed system,
BO serves as a probabilistic global rescuer utilizing
Gaussian Processes to instantly scan uncertainty with
minimal iterations, thereby freeing the system from lo-
cal maxima traps. Once the GMPP region is identified,

control is dynamically switched to the DRL agent for
agile, high-precision local tuning, effectively eliminat-
ing steady-state oscillations. The contribution of this
research lies in evaluating the robustness of the BO-
DRL architecture through an ablation study approach
across complex and rapidly changing environmental
scenarios, providing a highly adaptive and resilient so-
lution for modern smart grid applications.

II. RESEARCH METHODS

The research methodology is designed as a sys-
tematic, closed-loop process encompassing literature
review, system design, simulation data generation,
agent training, and comprehensive testing. As il-
lustrated in Figure 1, the overall workflow is di-
vided into two primary phases: the training phase,
which includes system initialization and running train-
ing iterations to generate the trained model weights
(drl bo mppt model.weights.h5), and the testing phase,
where the trained model is evaluated across four highly
dynamic environmental scenarios to calculate its final
extraction performance.

i. Hybrid MPPT (DRL+BO)

The core novelty of this study lies in the synergistic
integration of two advanced optimization algorithms
within a unified hierarchical control framework. The
system employs dynamic switching logic to regulate
component interactions. As presented in Figure 2, the
architecture of this hybrid system demonstrates a so-
phisticated approach to maximum power point tracking.

Based on this architecture, the system operates
through three fundamental modules:
1. Bayesian Optimization (BO) Unit: Serving as the

“global rescuer,” this unit is triggered during the
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Figure 1: Simulation Workflow Diagram
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Figure 2: DRL+BO Hybrid System Architecture

cold-start initialization phase or whenever extreme
weather shifts are detected. The BO performs a
probabilistic global search utilizing Gaussian Pro-
cess modeling to rapidly identify the Global Maxi-
mum Power Point (GMPP) region, effectively pre-
venting the system from falling into local maxima
traps.

2. Deep Reinforcement Learning (DRL) Agent:
Serving as the “agile tracker.” Once the BO identi-
fies the GMPP area, control is instantly handed over
to the DRL agent, which utilizes a Deep Q-Network
architecture. The agent performs continuous, high-
precision local tuning to maintain peak power and
eliminate steady-state oscillations.

3. Virtual PV Environment: A customized module
that reads historical irradiance datasets (.csv) and
dynamically models the instantaneous power re-
sponse.
For a more comprehensive view, the implementation

of this hybrid architecture within the direct voltage
control simulation cycle is shown in Figure 3.
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Figure 3: System Algorithm Flowchart

To ensure operational safety and prevent control
signal conflicts, the hybrid architecture utilizes a strict
rule-based switching mechanism. The BO unit is trig-
gered solely when a severe weather anomaly is de-
tected, defined by a sudden power drop exceeding 10%
(∆P/Pold > 0.1). During the BO activation window, the
DRL agent is paused, and the BO directly outputs the
voltage reference (Vref) in an open-loop configuration.
Furthermore, to protect the physical converter from ex-

cessive duty cycles, the entire operational search space
for both BO and DRL is strictly clamped within a safety
constraint of:

0.2Voc ≤Vref ≤ 0.9Voc (1)

As shown in Equation 1, this constraint ensures safe
operation throughout all control modes.

ii. Mathematical Modeling of the PV and the MPPT

The mathematical foundation of the PV system mod-
eling is critical for accurate simulation and controller
design. The power output characteristics of the PV
array were simulated using a dynamic parabolic ap-
proximation model representing the P-V curve. At
each simulation step (t), the PV power output (Ppv) is
calculated based on the operating voltage (Vin) via the
following nonlinear characteristic equation:

Ppv = Pmpp −K · (Vin −Vmpp)
2 (2)

where Pmpp and Vmpp represent the theoretical opti-
mal power and voltage based on the real-time irradia-
tion profile, and K denotes the curvature constant of
the P-V curve. The process of tracking the maximum
power is illustrated in Figure 4.

Figure 4: MPPT Process

As demonstrated in Equation 2, the tracking process
continuously evaluates the power gradient ( dP

dV < 0). If
the system is far from the MPP, the controller dictates
voltage perturbations (+∆V or −∆V ) until the peak of
the curve is successfully reached and maintained.

iii. DRL Learning Agent Formulation

The autonomous interaction between the DRL agent
and the dynamic PV environment is formulated within
a closed-loop Markov Decision Process (MDP) frame-
work, as illustrated in Figure 5.

This mechanism operates through three core Rein-
forcement Learning elements:
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Figure 5: DRL Agent Interaction Loop

1. State (St): A real-time representation of the PV
operational state, defined as an array of the previ-
ous time step’s voltage and power, as expressed in
Equation 3:

St = [Vt−1,Pt−1] (3)

Equation 3 provides the observation space used by
the DRL agent to determine the current operating
condition of the PV system.

2. Action (At): The policy network of the DRL agent
determines the optimal action in the form of dis-
crete voltage perturbations, selected from the action
space defined in Equation 4:

∆V ∈ {−5.0,−1.0,0,+1.0,+5.0} (4)

The selected action is subsequently applied to the
PV operating voltage according to Equation 5:

Vt =Vt−1 +At (5)

Equation 4 defines the available control actions,
whereas Equation 5 describes the state transition
mechanism used to modify the operating point of
the PV system.

3. Reward (Rt): The environment returns scalar feed-
back to the agent. The custom reward function
assigns a positive scalar when the generated power
increases (Pt > Pt−1). Conversely, it imposes a se-
vere penalty when the power decreases or when the
agent exhibits oscillatory behavior after the output
power has reached at least 98% of the theoretical
Maximum Power Point (MPP). This reward mecha-
nism encourages the agent to maximize power ex-
traction while minimizing unnecessary steady-state
oscillations.
The selection of a discrete action space as speci-

fied in Equation 4 over a continuous algorithm like
DDPG was intentionally designed to minimize com-
putational overhead. This allows the algorithm to be
deployable on low-cost microcontrollers that gener-
ate stepped PWM signals, utilizing +5.0 for coarse
transients and +1.0 for steady-state fine-tuning. For
reproducibility, the DQN architecture employs two hid-
den layers with 64 neurons each and ReLU activations.
The network is trained using the Adam optimizer with
a learning rate of 0.001. The Markov environment

utilizes a replay buffer capacity of 5000, a discount
factor (γ) of 0.95, and an ε-greedy strategy decaying
at a rate of 0.995 down to a minimum of 0.01. Based
on these parameters, stable training convergence was
consistently observed after 120 episodes.

iv. Data Acquisition and Test Scenarios

The operational assessment of the proposed hybrid
control system requires representative environmental
datasets and comprehensive test scenarios. Operational
datasets representing the environmental profiles were
extracted using MATLAB/Simulink’s Stair Generator
feature in .csv format with a high-resolution time step
of dt = 0.001 seconds. Following the 200-episode train-
ing phase, the agent’s reliability was tested against four
extreme operational scenarios as detailed in Table 1.

Table 1: Environmental Test Scenarios

Scenario Description

Uniform Condi-
tions

Stable irradiance of 1000 W/m2 at 25°C

Light Partial Shad-
ing

A 30–50% irradiance reduction (simu-
lating 2–3 shaded modules)

Heavy Partial Shad-
ing

Extreme irradiance drop of 50–70%
(4–6 shaded modules), resulting in a
highly complex multi-peak P-V curve

Dynamic Condi-
tions

Rapid and continuous fluctuations in
both shading patterns and intensity,
mimicking unpredictable cloud move-
ments within seconds

As presented in Table 1, the dynamic conditions
scenario represents the most challenging test case, as
it rigorously tests the tracking agility of the hybrid
algorithm against severe non-linear power-voltage dis-
turbances.

v. Analysis Metrics and Ablation Studies

The validation of the proposed hybrid control architec-
ture requires systematic performance evaluation against
baseline approaches. To scientifically validate the ro-
bustness of the proposed hybrid architecture, the sys-
tem’s performance was dissected using an Ablation
Study methodology. The power output performance
was compared across five distinct control variables: (1)
Ideal Theoretical MPP, (2) Hybrid BO-DRL, (3) Stan-
dalone BO, (4) Standalone DRL, and (5) Conventional
P&O Agent.

The algorithmic effectiveness was quantitatively
measured by calculating two key metrics. First, the
Total Harvested Energy is determined using Equation 6:

E = ∑Pt ·∆t (6)
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Equation 6 computes the cumulative electrical en-
ergy extracted throughout the simulation period, where
Pt denotes the instantaneous output power and ∆t rep-
resents the simulation time interval.

Second, the MPPT Tracking Efficiency is calculated
according to Equation 7:

ηmppt =
Eextracted

Eideal
(7)

In Equation 7, Eextracted denotes the total energy har-
vested by the evaluated controller, whereas Eideal repre-
sents the theoretically obtainable energy under perfect
tracking conditions. Therefore, Equation 7 quantifies
the ability of the MPPT algorithm to approach the ideal
energy extraction performance.

Together, Equations 6 and 7 provide quantitative
measures for evaluating and comparing the effective-
ness of the proposed BO-DRL framework against con-
ventional and standalone control strategies under vari-
ous environmental scenarios.

III. RESULTS AND DISCUSSION

This section presents a comprehensive evaluation of
the proposed Maximum Power Point Tracking (MPPT)
system, featuring an in-depth performance analysis of
the hybrid architecture (BO-DRL). The system’s robust-
ness is systematically validated through a quantitative
and qualitative Ablation Study, comparing its extrac-
tion capabilities against the conventional Perturb and
Observe (P&O) algorithm, a standalone Bayesian Opti-
mization (BO) model, and a pure Deep Reinforcement
Learning (DRL) agent across four distinctive and highly
dynamic testing scenarios.

i. Test Performance Environment

Establishing a comprehensive test performance envi-
ronment represents a critical prerequisite for validating
the robustness and reliability of complex control al-
gorithms in photovoltaic systems. The experimental
framework requires meticulous attention to computa-
tional setup and precise parameter definition to ensure
reproducible, scientifically rigorous results across di-
verse operational scenarios. To accomplish this objec-
tive, all simulated test scenarios were systematically
executed within a sophisticated Python computational
environment, leveraging the advanced capabilities of
the TensorFlow (Keras) library for both the architec-
tural design and iterative training processes of the Deep
Reinforcement Learning (DRL) agent. This integrated
computational framework provided the necessary nu-
merical precision and algorithmic flexibility required

for implementing the hybrid Bayesian Optimization
and DRL control strategy.

Initial analytical configurations and preliminary fea-
sibility studies identified a stringent requirement for
extraordinarily precise energy calculation adjustments
and high-fidelity power tracking simulations. Given
the comprehensive simulation duration of 2.0 seconds
encompassing a total of 2001 discretized data points
extracted from high-resolution meteorological datasets,
the determination of an appropriate temporal resolu-
tion became paramount. Consequently, the actual time
interval (dt) utilized for instantaneous power integra-
tion in the numerical simulation was rigorously estab-
lished and strictly maintained at exactly 0.001 seconds
throughout all test iterations. This exceptionally high
temporal resolution parameter, representing a sampling
frequency of 1000 Hz, serves as the fundamental math-
ematical foundation for accurately calculating the to-
tal energy harvested (measured in Watt-seconds, Ws)
and computing the comprehensive overall maximum
power point tracking efficiency (ηmppt) with minimal
numerical truncation error across all rigorously eval-
uated environmental scenarios. The selection of this
particular time step resolution represents an optimal
balance between computational tractability and numer-
ical accuracy, ensuring that transient phenomena in
the photovoltaic power output are captured with suf-
ficient granularity while maintaining reasonable com-
putational overhead during extensive simulation cam-
paigns.

ii. Under Uniform Irradiance Conditions

The initial evaluation serves as a baseline to assess
algorithm performance under ideal environmental con-
ditions. The initial evaluation utilized the test1.csv
dataset, representing an ideal, uniform environmen-
tal condition characterized by a stable irradiance of
1000 W/m2 and a constant temperature of 25°C. This
scenario functions as the baseline performance metric,
presenting a Power-Voltage (P-V) curve with a single,
absolute global peak.

The quantitative performance comparison under uni-
form conditions is presented in Table 2, while the track-
ing trajectory is illustrated in Figure 6.

Based on the quantitative data in Table 2 and the
tracking trajectory plotted in Figure 6, the conven-
tional P&O method successfully navigated the curve to
reach the peak power vicinity of approximately 1700 W.
However, its maximum tracking efficiency plateaued at
89.78%. This operational limitation stems from the in-
herent steady-state error of the P&O algorithm, which
continuously oscillates around the peak point, trigger-
ing power fluctuations of approximately 10%. In stark
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Figure 6: Uniform Conditions Result

contrast, the proposed Hybrid (BO-DRL) method ef-
fectively recognized the steady-state environment, sub-
sequently minimizing unnecessary exploration actions
to achieve an exceptional efficiency of 96.85% with
negligible power ripple. Conversely, a critical archi-
tectural failure was observed in the pure DRL agent,
which completely stagnated at a meager 8.54% effi-
ciency. The standalone AI agent failed to initialize
at low operational voltages because the initial power
gradient was insufficiently steep to trigger a positive re-
ward function, causing premature movement stagnation
long before approaching the peak.

iii. Under Light Partial Shading Conditions

Light partial shading conditions introduce multiple lo-
cal maxima, presenting a moderate challenge to track-
ing algorithms. The second analytical scenario de-
ployed the test2.csv dataset to simulate light partial
shading. In this environment, 2 to 3 PV modules were
artificially shaded, inducing a 30–50% reduction in
overall irradiance and triggering the formation of dis-
tinct local power maxima.

The performance metrics for mild partial shade con-
ditions are summarized in Table 3 and visualized in
Figure 7.

The empirical results in Table 3 demonstrate that
the conventional P&O algorithm was still capable of
climbing toward the Global Maximum Power Point
(GMPP), yielding an efficiency of 86.44%. This suc-
cess occurred primarily because the local troughs gen-

Table 2: Quantitative Performance Results (Uniform Condi-
tions)

Algorithm Total Energy (Ws) Efficiency (ηMPPT)

Hybrid 3130.20 96.85%
BO Only 3189.28 98.67%
P&O 2901.79 89.78%
DRL Only 276.06 8.54%

Table 3: Quantitative Performance Results (Mild Partial
Shade Conditions)

Algorithm Total Energy (Ws) Efficiency (ηMPPT)

Hybrid 1792.98 94.29%
BO Only 1741.71 91.60%
P&O 1643.66 86.44%
DRL Only 204.82 10.77%

erated by the light shading were not yet severe enough
to physically trap the gradient-based algorithm. Never-
theless, the P&O method suffered a substantial 13.56%
energy loss attributed to its slow, linear convergence tra-
jectory along the voltage curve. The proposed Hybrid
architecture exhibited superior resilience, delivering a
94.29% tracking efficiency as shown in Figure 7. The
probabilistic scanning function of the BO unit proved
highly capable of instantly shifting the agent’s opera-
tional starting point directly into the GMPP vicinity,
which was subsequently fine-tuned and smoothed by
the DRL module.

iv. Under Heavy Partial Shading Conditions

Severe partial shading creates complex multi-peak
power curves that severely challenge conventional al-
gorithms. To push the algorithms to their operational
limits, an extreme durability test was conducted in the
third scenario using test3.csv. This profile represents
massive environmental shading—imposing a 50–70%
loss of irradiance across 4 to 6 modules—which inher-
ently generates a highly complex P-V characteristic
curve riddled with steep, deceptive local maxima. This
severe condition rigorously evaluates the capability of
the hybrid algorithm to escape local entrapments and
securely extract the absolute global maximum power
point.

The performance metrics under severe partial shade
conditions are presented in Table 4 and illustrated in
Figure 8.

Figure 7: Mild Partial Shade Conditions Result
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Table 4: Quantitative Performance Results (Severe Partial
Shade Conditions)

Method Total Energy (Ws) Efficiency (ηMPPT)

Hybrid 608.68 96.08%
BO Only 597.30 94.28%
P&O 394.33 62.24%
DRL Only 116.95 18.46%

Figure 8: Severe Partial Shade Conditions Result

This extreme scenario distinctly exposes the funda-
mental flaws of conventional tracking methodologies;
the P&O algorithm’s efficiency plummeted drastically
to 62.24%, as shown in Figure 8. Being strictly de-
pendent on local gradient searches, the P&O is essen-
tially “blind” to the global curve structure, causing
it to spend more than half of the simulation duration
trapped within a sub-optimal local maximum, directly
resulting in a massive 37.76% potential energy loss.
Meanwhile, the standalone DRL method reaffirmed
its inherently risk-averse nature by stagnating at an
abysmal 18.46% efficiency. The autonomous agent out-
right refused to traverse the temporary “power valley”
due to severe penalty accumulations from the reward
function during power-down transitions. In exceptional
contrast, the Hybrid BO-DRL method maintained a
high-performance efficiency of 96.08%. The BO’s
probabilistic global rescue feature seamlessly detected
the absolute 470 W power region, effectively leaping
over the steep valley and immediately liberating the
system from the DRL’s initialization stagnation.

v. Under Dynamic Environmental Conditions

Dynamic environmental variations present the most
challenging operational scenario, requiring rapid adap-
tation to continuously changing conditions. The final
validation scenario (test4.csv) was engineered as the
most critical and chaotic test environment, where both
shadow distributions and irradiation intensities drasti-
cally fluctuated within seconds, accurately mimicking
unpredictable, real-world cloud movements.

The performance metrics under dynamic conditions
are summarized in Table 5 and visualized in Figure 9.

Table 5: Quantitative Performance Results (Dynamic Con-
ditions)

Method Total Energy (Ws) Efficiency (ηMPPT)

Hybrid 1362.31 93.22%
BO Only 1346.11 92.11%
P&O 571.03 39.07%
DRL Only 170.87 11.69%

Figure 9: Dynamic Conditions Result

Under these volatile conditions, the P&O method
suffered a complete systemic failure, generating a criti-
cally low efficiency of only 39.07%, as documented in
Table 5 and Figure 9. Because its operational logic is
strictly deterministic (“climbing the nearest hill”), the
algorithm became completely paralyzed at the very first
local optimum it encountered when initialized from a
cold start of 0V. On the contrary, the Hybrid method
firmly validated its architectural robustness by securely
maintaining a high tracking efficiency of 93.22%. Ad-
vanced data analysis indicates that regardless of the ini-
tial starting voltage (0V), the periodic global scanning
cycles executed by the BO successfully and continu-
ously realigned the DRL agent’s orientation, systemati-
cally preventing the system from falling into deceptive
traps caused by rapid weather variations.

vi. Comprehensive Ablation Study Summary

The ablation study comprehensively consolidates find-
ings across all four testing scenarios to establish the
superiority of the hybrid approach. To objectively
consolidate the empirical findings derived from the
four distinct simulation environments, the final oper-
ational performance metrics of all evaluated algorith-
mic approaches are systematically synthesized in Table
6. This comprehensive summary serves to explicitly
highlight the overarching performance disparities and
convergence stability between the baseline models and
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the proposed hybrid architecture.

Table 6: Summary of Tracking Efficiency in All Scenarios

Test Scenario Method Measured Pmax (W) Tracking Efficiency (%) Convergence Status

Test 1 Hybrid 1765.25 96.85 Success (GMPP)
(uniform) BO only 1700.97 98.67 Success (GMPP)

P&O 1701.32 89.78 Success (Oscillation)
DRL only 153.96 8.54 Failure (Stagnation)

Test 2 Hybrid 1801.85 94.29 Success (GMPP)
(Mild Shading) BO only 1793.13 91.60 Success (GMPP)

P&O 1793.13 86.44 Success (Slow)
DRL only 153.96 10.77 Failure (Stagnation)

Test 3 Hybrid 470.52 96.08 Success (GMPP)
(Heavy Shading) BO only 470.56 94.28 Success (GMPP)

P&O 470.56 62.24 Trapped in LMPP
DRL only 75.20 18.46 Trapped in LMPP

Test 4 Hybrid 1714.96 93.22 Success (GMPP)
(Complex Shading) BO only 1241.67 92.11 Success (GMPP)

P&O 1241.68 39.07 Total Failure
DRL only 153.48 11.69 Total Failure

Therefore, this extensive evaluation reveals that
combining Bayesian global search logic with deep re-
inforcement learning completely eliminates early con-
vergence traps, ensuring highly reliable and maximized
solar power extraction across every tested dynamic con-
dition. The comprehensive ablation study thoroughly
elucidates the distinct contributions of the proposed
hybrid algorithm. It confirms that the P&O method is
fundamentally unreliable for partially shaded environ-
ments due to its absolute vulnerability to local max-
ima entrapment during cold-start phases. Furthermore,
while a standalone DRL agent possesses exceptional
steady-state agility, it chronically suffers from prema-
ture convergence syndrome during initialization due
to strict reward penalties. Ultimately, the Hybrid (BO-
DRL) approach conclusively establishes itself as an
advanced, adaptive MPPT control solution. By inge-
niously fusing a probabilistic global rescue mechanism
(BO) to completely eradicate premature convergence,
with a sophisticated local adaptation mechanism (DRL)
to smooth out power oscillation ripples, the hybrid
system consistently achieves tracking efficiencies ex-
ceeding 93.00% across all tested uniform, shaded, and
extreme dynamic scenarios. Consequently, this archi-
tectural synergy effectively bridges the critical gap be-
tween rapid global exploration and high-precision local
exploitation, setting a new robust benchmark for in-
telligent tracking control in modern renewable energy
applications.

IV. CONCLUSION

The comprehensive findings and extensive empirical
validation presented in this research unequivocally
demonstrate the significant technological advancement
and performance improvements achieved through the
development and implementation of the innovative hy-
brid Bayesian Optimization and Deep Reinforcement
Learning (BO-DRL) control approach. This in-depth
study has successfully established and rigorously vali-
dated that the integrated Hybrid Bayesian Optimization

and Deep Reinforcement Learning (BO-DRL) algo-
rithm and control framework significantly enhance and
substantially improve Maximum Power Point Tracking
(MPPT) performance metrics in photovoltaic energy
conversion systems operating under highly complex,
nonlinear, and dynamic environmental conditions char-
acterized by rapidly fluctuating irradiance patterns and
spatially heterogeneous shading scenarios. The pro-
posed innovative hybrid architecture design effectively
and systematically resolves the critical performance
limitations and fundamental algorithmic weaknesses in-
herent in conventional gradient-based tracking methods,
legacy heuristic approaches, and standalone artificial in-
telligence agents by ingeniously and synergistically in-
tegrating probabilistic global optimization search strate-
gies with adaptive, learning-based local fine-tuning
mechanisms. The Bayesian Optimization (BO) compo-
nent, functioning as a sophisticated global optimization
rescuer and recovery mechanism, definitively and reli-
ably prevents the hybrid control system from becom-
ing trapped in deceptive local maxima and suboptimal
power output regions, thereby ensuring that the system
successfully identifies and reaches the true global max-
imum power point even under severely complex multi-
peak power-voltage curves. Simultaneously and com-
plementarily, the Deep Reinforcement Learning (DRL)
agent component guarantees exceptional high-precision
tracking stability, eliminates steady-state power oscil-
lations completely, and maintains near-optimal power
extraction during the continuous steady-state opera-
tional phase, thereby maximizing the overall energy
harvesting efficiency.

The empirical simulation results and quantitative
performance metrics presented in this research con-
clusively and unambiguously validate the substantial
superiority and effectiveness of the proposed BO-DRL
hybrid approach when compared to existing state-of-
the-art and conventional control methodologies. Specif-
ically, the BO-DRL system achieved exceptional and
remarkable tracking efficiency values of 96.08% un-
der the most challenging heavy partial shading con-
ditions (with 50-70% irradiance loss) and maintained
an impressively high efficiency of 93.22% in highly
dynamic and unpredictable irradiance scenarios charac-
terized by rapid and continuous shading pattern varia-
tions and intensity fluctuations. In stark and dramatic
contrast, the conventional Perturb and Observe (P&O)
gradient-based tracking method exhibited severe and
catastrophic performance degradation under identical
test conditions, with efficiency values plummeting to
merely 62.24% under heavy partial shading scenarios
and dropping precipitously to an unacceptable 39.07%
under dynamic irradiance conditions. This profound
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performance gap, representing relative efficiency im-
provements of 54.5% and 138.5% respectively, directly
and decisively demonstrates the critical limitations of
gradient-based approaches, particularly their complete
inability to navigate complex power-voltage surfaces
with multiple local maxima, their fundamental inabil-
ity to cross deceptive power valleys that temporarily
decrease power output, and their inherent susceptibil-
ity to becoming permanently trapped in suboptimal
local maximum regions once initialized near such re-
gions. These comprehensive and rigorously validated
findings collectively and definitively confirm that the
strategic synergy, complementary integration, and co-
operative interaction between Bayesian Optimization
global search and Deep Reinforcement Learning local
optimization delivers a fast-converging, highly adap-
tive, robustly generalizable, and profoundly efficient
solution architecture for maximizing solar energy har-
vesting performance across the full spectrum of envi-
ronmental conditions. Consequently and conclusively,
this innovative hybrid BO-DRL control architecture
stands as a highly promising, technologically mature,
and robust candidate solution for implementation and
deployment in modern, large-scale renewable energy
systems, utility-scale photovoltaic farms, distributed
energy resources networks, and intelligent smart grid
infrastructures of the future.

i. Research Limitations and Future Perspectives

While the proposed hybrid BO-DRL control architec-
ture and algorithmic framework demonstrates excep-
tionally strong performance characteristics and remark-
able achievements across all evaluated test scenarios, it
remains scientifically and ethically imperative to trans-
parently acknowledge several important methodologi-
cal limitations, assumptions, and constraints that define
the scope and applicability boundaries of this research.
The current comprehensive evaluation and validation
study, while rigorous and systematic within its defined
scope, fundamentally serves as an advanced Proof of
Concept (PoC) prototype that was executed entirely
within a carefully controlled software simulation en-
vironment using MATLAB/Simulink with idealized
mathematical models of photovoltaic system dynam-
ics. The reliance upon simulated rather than experi-
mentally measured environmental data, while enabling
controlled testing of algorithm performance under spe-
cific scenarios, necessarily limits the generalization
and applicability of results to real-world hardware sys-
tems subject to measurement noise, sensor inaccura-
cies, unpredictable environmental disturbances, and
complex physical phenomena not fully captured by
simplified mathematical models. To transition this re-

search from theoretical validation to practical indus-
trial implementation, future research trajectories and
experimental campaigns must critically involve com-
prehensive Hardware-in-the-Loop (HIL) testing and
validation on actual photovoltaic conversion hardware
to rigorously evaluate and verify the agent’s generaliza-
tion capabilities, robustness, and adaptive performance
when subjected to out-of-distribution real-world irradi-
ance datasets from high-fidelity meteorological sensors,
weather stations, and actual field measurements from
deployed solar installations. Additionally and impor-
tantly, sustained investigations into the complex and
time-dependent effects of long-term PV panel physical
degradation mechanisms (including gradual efficiency
loss, potential-induced degradation, and material degra-
dation), variations in series-parallel module configu-
rations and array topologies, temperature-dependent
performance variations, and integration with battery en-
ergy storage systems and grid-tie inverter architectures
remain scientifically imperative and practically essen-
tial for comprehensive industrial-scale deployment and
commercialization of this hybrid control approach in
real-world renewable energy systems.
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