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ABSTRACT

The increasing deployment of solar photovoltaic (PV) systems has intensified the need for intelligent
approaches that ensure reliable operation, minimize performance losses, and improve economic viability.
Conventional maintenance strategies in solar farms are largely reactive or scheduled, often leading to delayed
fault detection, reducing energy yield, and increased operational costs. This study presents a machine learning-
based predictive maintenance and optimization framework aimed at enhancing the operational efficiency of a
solar photovoltaic power plant, using Azari Farm as a case study. Operational data such as PV array voltage,
current, irradiance, temperature, and power output are analyzed to identify performance degradation patterns
and detect potential system faults before failure occurs. Machine learning algorithms are applied to monitor
system behavior, predict anomalies, and optimize maintenance scheduling. The results demonstrate that
integrating machine learning with predictive maintenance strategies significantly improves system reliability,
reduces downtime, and enhances overall solar farm efficiency. The study highlights the potential of intelligent
monitoring and optimization techniques to improve energy generation performance and sustainability in large
scale solar photovoltaic installations.

INTRODUCTION

Traditional maintenance strategies for solar PV systems typically rely on either reactive maintenance, where
faults are addressed only after failure occurs, or scheduled maintenance, where system components are
inspected periodically regardless of their condition. While these approaches are widely used, they are often
inefficient because they may lead to unexpected system downtime or unnecessary maintenance activities. As
solar installations continue to expand, there is a growing need for intelligent monitoring and predictive
maintenance techniques capable of detecting anomalies and forecasting failures before they significantly
affect system performance.

Recent advances in artificial intelligence and machine learning have created new opportunities for improving
the reliability and efficiency of solar photovoltaic systems. Machine learning algorithms can analyze large
volumes of operational data from solar plants to identify hidden patterns, predict system faults and optimize
maintenance schedule. By leveraging historical and real-time data such as solar irradiance, PV module
temperature, voltage, current, and power output. Machine learning models can detect performance deviations
and recommend corrective actions. This predictive capability enables proactive maintenance strategies that
reduce downtime, improve system yield and extend lifespan of system component

Maintenance is crucial for the reliability and profitability of solar farms. Traditional approaches—namely
corrective maintenance (fixing after failure) and preventive maintenance (routine inspections at fixed
intervals)—are becoming less effective in modern large-scale setups. Corrective maintenance causes
unexpected downtime, energy losses, and costly emergency repairs, while preventive maintenance can lead to
unnecessary replacement of healthy components, resulting in inefficiencies (Carneiro et al., 2021). Predictive
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maintenance (PdM), on the other hand, uses condition-monitoring data, statistical models, and ML algorithms
to forecast failures before they happen.

Machine learning methods such as Support Vector Machines (SVM), Decision Trees, Random Forests, and
Deep Neural Networks (DNNs) have demonstrated strong potential in fault detection and diagnosis within PV
systems (Attoui et al., 2020). More advanced methods, including Long Short-Term Memory (LSTM)
networks, can analyze temporal dependencies in operational data such as temperature, irradiance, current, and
voltage fluctuations to predict degradation trends or failures (Zhang et al., 2021). In scenarios where labeled
fault data is limited, unsupervised learning methods, such as clustering and anomaly detection, offer reliable
alternatives (Nivedha & Kumar, 2022). PdM thus minimizes unexpected outages, reduces operating
expenditure (OPEX), and enhances the overall availability of solar farm assets.

The second major challenge in solar energy systems is intermittency. Solar output fluctuates with irradiance
variations caused by weather conditions and diurnal cycles, which makes grid integration and demand-supply
balancing difficult. Battery Energy Storage Systems (BESS) mitigate this issue by storing surplus energy
during peak generation periods and discharging it during demand peaks or low-generation intervals (Luo et
al., 2015). This helps improve grid stability, reduces curtailment, and ensures a more consistent energy supply.
However, battery efficiency and lifespan are strongly influenced by charging and discharging cycles, operating
temperature, and depth of discharge. Without optimized control, batteries degrade quickly, leading to capacity
fade, efficiency loss, and costly replacements (Wang et al., 2020).

Machine learning improves battery management systems (BMS) by enhancing predictions of key parameters
like State of Charge (SoC) and State of Health (SoH). Traditional electrochemical models are computationally
demanding and less flexible to real-world variability, whereas ML methods can learn directly from historical
and real-time data to deliver accurate, adaptable predictions (Richardson et al., 2019).

Techniques such as regression models, gradient boosting, and convolutional neural networks (CNNs) have
been used to forecast battery degradation, while reinforcement learning (RL) methods are increasingly adopted
to optimize dynamic charge-discharge scheduling under uncertain conditions (Zhang et al., 2020). By
extending battery lifespan, reducing inefficiencies, and optimizing dispatch, ML-based battery optimization
enhances the economic viability and sustainability of solar farms.

The integration of ML-based predictive maintenance and battery optimization creates a synergistic effect in
enhancing solar farm efficiency. While PdM ensures that generation assets such as PV modules and inverters
stay operational with minimal downtime, intelligent battery optimization guarantees that stored energy is
managed and dispatched efficiently. This dual approach increases energy yield, reduces operational costs, and
boosts return on investment (ROI) for solar developers and operators. Additionally, ML-based optimization
supports broader energy system goals, like reducing reliance on fossil-fuel backup generation, improving grid
resilience, and speeding up progress toward global sustainability targets (IEA, 2022).

Machine learning-based predictive maintenance and battery optimization represent a paradigm shift in the
operation of solar farms. By leveraging big data analytics, artificial intelligence, and intelligent control
strategies, solar farms can achieve enhanced reliability, reduced costs, and improved energy delivery. These
approaches address the critical challenges of reliability and intermittency, ensuring solar PV systems operate
at peak efficiency. Consequently, the integration of ML into solar farm operations not only improves economic
viability but also significantly contributes to the global energy transition and climate change mitigation efforts.

System Description

The study was conducted using Azari Farm as the case study. The farm relies on a hybrid energy system
consisting of a solar photovoltaic (PV) system, grid electricity supply and a diesel generator for backup power
generation. The integration of these energy sources ensures reliable power supply for the farm operations such
as irrigation, stotage lighting and other agricultural activities
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Data Collection and Pre-Processing

The data set used in this study consists of operational and environmental parameters obtained from the solar
PV system. The data were recorded at regular time intervals and stored for further analysis. Data preprocessing
was carried out to remove missing values, noise, and inconsistencies in the dataset. This step is essential to
improve the accuracy of machine learning models and ensure reliable analysis (Kotsiantis et all 2016).
Normalization and feature scaling were also applied to ensure that all variables contributed equally to the
machine earning algorithms. This helps improve model convergence and predictive performance.

Machine Learning-Based Predictive Maintenance Model

Machine learning techniques were employed to develop a predictive maintenance framework capable of
identifying potential faults and performance degradation in the solar PV system. Machine learning algorithms
analyze historical operational data to identify patterns associated with normal system behavior and detect
behaviors that may indicate faults.

The machine learning model was developed and implemented using MATLAB due to its strong capabilities
in data analysis, machine learning, and system simulation.

Predictive Maintenance Framework

Predictive maintenance uses sensor data and ML models to forecast fault detection by identifying whether and
when a fault has occurred, and to estimate RUL, predicting how long before a component, such as a battery
or inverter, fails or degrades below a threshold. Mathematically, predictive maintenance can be determined
using equation (1).

ye = f(x, 0) + & (1)
Where, y, is the observed signals such as voltage, current, temperature, SOC, irradiance, etc

X 1s the state or features extracted from SCADA or PV system

f(.) is the predictive ML model

0 is the model parameters

€ 1S the noise term

fault_prob_ts Confinuous
fault_prob s
RUL_pred_ts
RUL pred_ts
u 4 ¥ > [:]
06 fen
thr_fp
PREDICTIVE MAINTENANCE
pm_decision
100
thr i PREDICTIVE MAINTENANCE MODEL

Figure 1: Predictive Maintenance MATLAB/Simulink Block Model
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The diagram Figurel represents a Predictive Maintenance (PM) system, which uses real-time or predicted
sensor and system data to decide whether maintenance should be scheduled. The system evaluates the fault
probability over time (fault prob ts), remaining Useful Life predictions (RUL pred ts), the thresholds for
fault and RUL and outputs a maintenance decision signal (pm_decision).

Inputs (fault_prob ts and fault prob_ts (duplicated))

These are time-series data representing the probability of a fault occurring over time. High probability
indicates  higher risk of system failure. RUL pred ts and RUL pred ts (duplicated)
These are predicted Remaining Useful Life (RUL) time series values. They estimate how much operational
life is left before maintenance or failure is required. The thr fp (0.6) is the fault probability threshold. If
fault prob ts exceeds this value (0.6 in this case), the system may trigger a maintenance action. The thr rul
(100) is the RUL threshold. If the predicted RUL drops below 100 time units, maintenance may be required.

Function Block (fcn) does Predictive Maintenance and is the core decision-making block, possibly a
MATLAB function block. Inputs data are fault prob ts, RUL pred ts, thr fp, thr rul, Output data is
pm_decision and logic (typical for PM systems):

Then check if fault probability exceeds thr fp, check if RUL is below thr rul and combine conditions (e.g.,
logical OR or AND) to produce a binary or continuous maintenance decision.

Output, y can be seen through the scope/display block which represents the decision signal over time. It can
be continuous (showing probability of maintenance need) or discrete/binary (0 = no maintenance, 1 =
maintennce required).

System Flow is such that, input signals (fault prob ts, RUL pred ts) enter the PM function block, thresholds
(thr_fp, thr rul) guide the decision criteria, fcn block computes the maintenance decision based on fault
probability and predicted RUL; and the output is sent to a display/scope for visualization or to a control system
for automated scheduling.

The purpose of this model is to implement predictive maintenance by preventing unexpected failures by acting
before the system reaches critical thresholds, using data-driven predictions (fault probability and RUL) to
make informed maintenance decisions and potentially integrating with a maintenance scheduling system in
industrial, automotive, or energy systems.

Residual Generation (Model — Based Fault Detection)

Model-Based Fault Detection (MBFD) is a technique used to detect abnormal behavior (faults) in a system
by comparing measured system outputs with the predicted outputs from a mathematical model of the
system. It is used to identify when the system deviates from normal operation due to faults (sensor failure,
actuator fault, component degradation).

Assumption: A reasonably accurate model of the system is available.

Mathematically, if we denote y(t) as the actual measured output and y(t) as the model-predicted output, then
any significant difference between y(t) and y(t) may indicate a fault. A residual is the difference between
measured and predicted outputs. Therefore, Equations (2) and (3) are the state space model of the solar
farm.

Xt+1 = AXt + But + Wt (2)
Yt = CXt + Dut + Vt (3)
Equation (4) is the Residual Signal

re =ye + 9t (4)
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Equation (5) Represent the fault possibility equation
lIre| 2 > 8 (5)
Machine Learning — Based Fault Detection

Equation (6) is for the classification of fault types using the classifier models such as (SVM, Random Forest
(RF) Neural Network (NN)) learning mapping.

¥t = ML(x¢) (6)

0, if normal (healthy)

With the decision boundary function as g(x;) = { 1 if faulty
Remaining Useful Life (RUL) Estimation

Remaining Useful Life (RUL) is the estimated time duration that a system or component can continue
to operate before it reaches a predefined failure threshold. The RUL is the time remaining before a
component reaches its failure threshold.

Degradation Model

A Degradation Model mathematically describes how a system/component’s performance deteriorates over
time. It captures the relationship between age/usage and functional loss and often used to predict failures and
estimate RUL. The health indicator h(t) such as battery capacity, inverter efficiency) decrease over time. The
exponential degradation Model is given by equation (7).

h(t) = hee ™™ + g, (7)
Linear degradation is given by equation...

h(t) = hy — Bt+ & (®)
but failure occurs when the equation (8) is:

h(tp < hy,

Thus, RUL is determined using the equation

RUL = tf - tnow (9)
Probabilistic RUL Estimation

Here, if degradation follows a stochastic process such as equation (10);
h(t+ 1) = h(t) + pAt+ o6.N(0,1) (10)

where p = the drift such as mean degradation rate and the failure time distribution is given by equation

(11).

P(Tier) < T=P(h(1) < hy, an
Thus,

RUL Distribution in ML is given by equation (12)

P(RUL = k) = P(T; — tyow = k) (12)
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Machine Learning RUL Prediction

Supervised Regression Model = RUL(t) = f(x, 0) (13)
Where x; includes degradation features (SOC, SOH, temperature, irradiance voltage).

Neural Network and LSTM (time series) = RUL; = LSTM (Xg.¢)

Evaluation of the Metrics

Fault Detection Metrics such as the accuracy, precision, recall, F1-score. And ROC curve.

RUL Prediction Metrics:

MAE = %N, |RUL; — ROL| (14)
1 N =~ 2

RMSE = [<¥N,(RUL; — ROL, (15)

Fault with Maintenance Timing Prediction

Here, supervised classification and regression models (e.g., Random Forests, SVM, Gradient Boosting) is
used to predict time-to-failure or maintenance needs and incorporate anomaly detection (e.g., clustering, auto-
encoders) to flag emerging faults in real-time (ResearchGate, arXiv).

Fault Detection Modeling
Hypothesis Testing
We define fault detection as a binary hypothesis test such that:

Hy : ¥: = fuom(x:) + x; (normal operation)
{ H, : yt = fraue(xe) + x, (fault condition)

The decision rule is based on residuals such as:

re =yt — ¥t (16)
Where

If |ry] < §,accept H, (Healthy)

If |r] = §,accept H; (faulty)

And ¢ is the threshold, derived statistically from training data.

Q-learning

Q-learning is a model-free reinforcement learning algorithm used to learn the optimal action-selection policy
for an agent interacting with an environment. Its model-free and does not require a model of the environment;
it learns from trial-and-error interactions. Learn a policy 7(s)\pi(s)n(s) that tells the agent which action as to
take in a given state to maximize cumulative reward over time. The Q-value function satisfies the Bellman
equation such as;

Q*(s,a;0) = R(s,a) + yXs P(s’|s,a)maxa’Q* (s'a’) (17)
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Updating the rule in Q-learning, we have;

Q(sp ar « Q(sy, a¢ + a[R(sy ap) + ymaxa'Q(si41,a") — Q(sp a)] (18)
Deep Reinforcement Learning (DRL)

Deep Reinforcement Learning (DRL) is a combination of reinforcement Learning (RL) as a framework where
an agent learns to make decisions by interacting with an environment to maximize cumulative reward and
Deep Learning (DL) as the use of deep neural networks (DNNs) to approximate complex functions, such as
state-value, action-value, or policy functions. DRL uses deep neural networks as function approximators to
handle large or continuous state and action spaces that traditional RL cannot manage. When the state or action
space is large (continuous), Deep Q-Network (DQN) or Actor-Critic Methods will approximate Q (s, a) or
1t(a|s)using neural networks given as;

Q(s,a;0) =~ fNN(s,a; 0) (19)
0 are the neural network weights
Estimation Methods

Estimation Methods are techniques used to determine unknown quantities or parameters of a system based on
measured data, models, or observations. In engineering, estimation is used for estimating internal states of a
system (e.g., current, voltage, or system health), parameter estimation used for estimating system parameters
(e.g., resistance, capacitance, mechanical stiffness), and fault estimation used for estimating magnitude or
location of a fault. The idea is to use measurements (possibly noisy or incomplete) to infer the true values of
variables that cannot be measured directly. To implement optimization, state estimation is required Kalman
Filter for linear models:

Rt = Ryje—1 + Ke(¥e — HRje-1) (20)
Extended or unscented Kalman Filter (EKF/UKF) for nonlinear battery models.

Particle Filters for highly nonlinear, stochastic battery degradation estimation

Normalization

Normalization is the process of scaling data into a specific range, typically between 0 and 1, or -1 and 1. It
ensures that all features contribute proportionally to the analysis or model, avoiding domination by variables
with larger magnitudes.

. . . X¢—min(x
Min — max normalization, x; = : (9

e2y)

max(x)—-min(x)

Xg— T

Z — Score Standardization, X; = (22)

[e)

This ensures comparable scales for the ML input
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Figure 2 Complete Power System Supply of Azari Farm Matlab/Simulink Block Model

The Azari Solar Farm hybrid power system shown in Figure 2 integrates three main energy sources: a
photovoltaic (PV) array, a diesel generator, and the national grid. In the Simulink model, the PV array is
represented as a DC voltage source block connected to a DC—AC inverter, which converts the solar DC power
into AC for the farm loads. The PV block is modeled with an irradiance and temperature input, allowing the
simulation to account for variations in solar energy throughout the day.

The diesel generator is implemented in the Simulink model as a controlled AC voltage source with a speed
and fuel consumption subsystem. The generator block is triggered by a logic-based controller block that
monitors load demand and grid availability, ensuring that the generator starts automatically when the grid
supply is unavailable or when the combined PV and grid output is insufficient to meet the load.

The national grid is modeled as an ideal AC voltage source with adjustable voltage magnitude and frequency.
A switching or priority controller block in Simulink determines the contribution of each source. The controller
continuously monitors the total load, PV output, and grid status, and then dispatches power from the sources
based on a predefined hierarchy: solar power is prioritized, the grid supplies the remaining demand, and the
diesel generator operates as a backup during grid outages or high-load conditions.

The load block in the Simulink model represents the farm’s consumption, including variable resistive,
inductive, and motor-type loads, which change according to time-of-day profiles. Measurement blocks capture
the voltage, current, and power from each source, allowing real-time monitoring of energy contributions and
system performance.

The Simulink diagram also includes protection and synchronization subsystems that ensure the diesel
generator and grid operate in phase and at correct voltage levels before being connected to the load.
Additionally, a control logic block implements the energy management strategy, activating or deactivating
sources, shedding loads if necessary, and optimizing efficiency to reduce diesel fuel usage while maintaining
uninterrupted power supply.

During the morning, the Simulink model shows the PV output as low, so the system relies primarily on grid
power, and the diesel generator remains off. In the afternoon, the PV output reaches its peak, supplying most
of the load while the grid supplements the deficit. At night, when PV generation is zero, the system depends
on the grid, and the diesel generator only operates if the grid is unavailable or insufficient, maintaining a
continuous power supply to the farm.
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The overall operation in Simulink demonstrates the dynamic interaction between sources, the real-time
response of the energy management system, and the effectiveness of the hybrid configuration in reducing
diesel consumption, maximizing renewable energy use, and maintaining grid stability across varying load
conditions.

RESULTS AND DISCUSSION

Table 1 Performance analysis Result of the Solar Farm before and after the optimization

SN Parameter Before Optimization After % Improvement
Optimization

1 PV Efficiency (npv) 16.4% 18.2% +10.9%

2 Battery 1pat 85.1% 91.5% +7.5%

3 System Efficiency (1system) 81.3% 87.4% +7.5%

4 Mean RUL Prediction Error 0.12 0.056 -53.3%

5 Fault Detection Accuracy 90.7% 98.4% +8.5%

6 Reliability (R(T=1000h)) 0.49 0.66 +35%

Table 1 presents a comparative performance evaluation of the Azari Farm before and after optimization. From
the table, the PV efficiency before optimization was 16.4% and after optimization rose to 18.2%. This indicates
that the optimization technique improved. The increase suggests better maximum power tracking, improved
energy dispatch. The battery efficiency also increased from 85.1% before optimization to 91.5 after
optimization representing a 7.55 increase. This improvement indicates that the optimization control strategy
reduces energy losses during charging and discharging leading to better energy storage performance. The
system efficiency also increased from 81.3% before optimization to 87.4% after optimization. Similarly, the
Mean Reinforcement Learning Prediction error reduced from 0.12 before optimization to 0.056 after
optimization indicating that the predictive model or learning algorithm became much more accurate in
estimating system behavior. The Fault Detection Accuracy also increased from 90.7% before optimization to
98.4% after optimization indicating that the intelligent algorithm significantly enhances the ability of the
system to identify and classify faults accurately. Finally, the Reliability also gave an increase from 0.49 before
optimization to 0.66 after optimization indicating the probability of the system operating without failure over
the specified time period has significantly increased indicating that the optimized system is more stable,
dependable and resilient to disturbances.

100
80
60

a0t

Cumulative Reward

20

0 25 50 75 100 125 150 175 200
Episode

Figure 3 RL Convergence Curve for Battery Optimization

The plot shows how the cumulative reward stabilizes as the reinforcement learning agent converges toward
an optimal battery control policy over successive episode. It illustrates how the reinforcement learning (RL)
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agent improves its performance over successive training episodes in optimizing battery operation within the
solar farm system.

At the beginning, the cumulative reward fluctuates due to exploration and random actions. As the agent learns
the relationship between solar generation, battery state of charge (SOC), and load demand, the reward
gradually increases. Eventually, the curve stabilizes, showing that the RL algorithm has converged to an
optimal control policy. This convergence indicates that the RL-based controller has successfully learned to
maximize energy efficiency, reduce battery degradation, and maintain system stability. It confirms the
effectiveness of the proposed machine learning approach for intelligent battery optimization and predictive
maintenance in solar farm operations

Predictive Maintenance Results

ML-based predictive maintenance framework, modeled was evaluated using SCADA-derived voltage,
temperature, and current features. The classifiers used include Random Forest (RF), Support Vector Machine
(SVM), and Long Short-Term Memory (LSTM) neural networks.

Table 2 Description of Results of Major Subsystems in the Solar Farm Predictive Maintenance Model

SIN Model Accuracy (%) | Precision | Recall | F1-Score
SVM 04.6 0.93 091 092
Random Forest | 96.3 0.95 096 |095
LSTM 08.4 0.97 098 097

The Long Short-Term Memory (LSTM) exhibited superior time-dependent feature learning, capturing non-
linear degradation trends better than static models. False alarms were reduced significantly due to feature
standardization and residual filtering.

aa | - | ==

Remaining Useful Life (RUL) Estimation

The degradation models were trained on historical capacity and temperature data. Using Gaussian Process
Regression (GPR), Long Short-Term Memory (LSTM), and the Remaining Useful Life (RUL) estimation
achieved low prediction errors.

Table 3 Functional Description of Solar Farm of Output Data Training using GPR and LSTM

S/N Model Root Mean Square Error | Mean  Absolute  Error | Coefficient of
(RMSE) (MAE) Determination R?
1 GPR 0.094 0.081 0.94
2 LSTM 0.056 0.048 0.98
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Figure 4 Predicted vs. Actual RUL Curve

Figure 4 compares the LSTM-predicted and actual RUL trajectories derived from degradation data. The close
alignment between the two curves indicates that the LSTM captured the temporal degradation trend with high
fidelity (RMSE = 0.056). Accurate RUL forecasting enables maintenance scheduling before critical failure,
thereby reducing unplanned downtime and improving asset utilization in the solar farm. The LSTM model
accurately followed the degradation trend with an average RMSE = 0.056, demonstrating high reliability in
long-term degradation prediction.

Reinforcement Learning Performance

Using the reward function and Q-learning updates, the policy converged after ~150 episodes giving average
cumulative reward of +4.6, energy cost reduction of 9.2%, battery life extension: 14.7%

160

Cumulative Reward
S .
=11 =] o [§%] =N
(=1 (=1 [=1 (=1 [=1
:

.
f=]
T

[
=

20 40 (] 80 100 120 140 160 180 200
Episode Number

Figure 5. RL Convergence Curve for Battery Optimization
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Figure 5 plots cumulative reward versus training episode for the reinforcement-learning agent controlling
battery operation. The reward gradually increases and stabilizes after about 150 episodes, demonstrating
policy convergence.

The converged policy achieved an average cumulative reward of +4.6, corresponding to approximately 9.2 %
energy-cost reduction and 14.7 % battery-life extension. The convergence trend confirms successful learning
of optimal charge/discharge scheduling under varying irradiance conditions. The RL agent balanced efficiency
and degradation by learning adaptive charge/discharge scheduling under variable irradiance.

Solar Irradiance

600

Irradiance (W/m#)
=
[=]

L] 500 1000 1500 2000 2500 3000 3500 4000
PV Power Output

2000

1500

PV Power (W)

-
=
=]
=]

0 500 1000 1500 2000 2500 3000 3500 4000
Battery State of Charge
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Figure 6 Solar Irradiance, PV Power Output, and Battery State of Charge

Figure 6 illustrates the dynamic behavior of a solar photovoltaic (PV) system with integrated battery energy
storage over a typical day.

The top subplot shows the variation in solar irradiance (W/m?) with time. The irradiance follows a near-
sinusoidal pattern, increasing in the morning, peaking at midday, and then decreasing toward evening,
representing natural solar radiation variation due to the sun’s position. Minor fluctuations in the waveform
correspond to transient weather disturbances such as passing clouds.

The middle subplot depicts the PV power output (W), which closely follows the irradiance pattern. As solar
irradiance increases, the PV power output rises almost proportionally, achieving its maximum during peak
sunlight. This correlation confirms the PV module’s proper response to solar input. However, slight deviations
are observed due to conversion efficiency limits and temperature effects on the module’s performance.

The bottom subplot shows the battery State of Charge (SOC) variation over the same period. The SOC
gradually increases as the PV array generates excess power during high irradiance periods indicating battery
charging. Conversely, as irradiance and PV power drop later in the day, the battery discharges to maintain the
power supply, resulting in a gradual SOC decline.

Overall, this figure demonstrates effective energy flow management in the solar farm. The system efficiently
captures solar energy during the day, converts it to electrical power, and stores surplus energy in the battery
for use during low-irradiance periods. This validates the correct operation of the MPPT and battery
management algorithms in MATLAB/Simulink and supports the system’s suitability for continuous
renewable energy supply.
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Comparative Summary

Table 4 Comparative Analysis Performance Result of the Solar Farm Before and After Optimization

S/N Parameter Before Optimization After % Improvement
Optimization
1 PV Efficiency (npv) 16.4% 18.2% +10.9%
2 Battery 1pat 85.1% 91.5% +7.5%
3 System Efficiency (1system) 81.3% 87.4% +7.5%
4 Mean RUL Prediction Error 0.12 0.056 -53.3%
5 Fault Detection Accuracy 90.7% 98.4% +8.5%
6 Reliability (R(T=1000h)) 0.49 0.66 +35%
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