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slow and inefficient. This study aims to bridge this gap
KEYWORDS

‘ i by leveraging machine learning techniques to enhance
Photovoltaic systems, machine

‘ ‘ fault detection and maintenance optimization in PV
learning, fault detection, ] ]
systems. We evaluate five advanced machine learning
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station.
The dataset includes key operational parameters such as current, voltage, power output,

temperature, and irradiance. Data preprocessing included outlier removal, feature selection via
Pearson correlation, and normalization to improve model performance. The models were trained
and tested using an 80-20 data split and evaluated based on classification accuracy, precision,
recall, and F1-score. Our results show that XGBoost achieved the highest accuracy (88%), making
it the best candidate for real-time predictive maintenance. Random Forest also performed well

(87% accuracy), particularly in handling noisy data.
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ANN and CNN models effectively detected long-term degradation patterns, supporting
preventive maintenance strategies. Based on these findings, we propose a dual maintenance
strategy: XGBoost and Random Forest for real-time fault detection, while ANN and CNN
monitor gradual system deterioration. This research provides a practical framework for
integrating machine learning techniques into PV system management, offering a scalable

solution to enhance reliability, reduce maintenance costs, and optimize energy efficiency.
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1. INTRODUCTION

Photovoltaic (PV) systems are increasingly recognized as a pivotal renewable energy technology
that significantly reduces greenhouse gas emissions and enhances energy sustainability [1].
Their ability to efficiently convert solar energy into electricity makes them essential for global
transitions from fossil fuels to cleaner energy sources [2]. These systems offer scalability, making
them suitable for small-scale residential installations and large-scale energy grids.

Despite the significant advantages of solar energy, PV systems are susceptible to various
operational challenges and faults that can adversely affect their efficiency and overall performance
[3]. These issues range from minor complications, such as reduced energy output due to shading
or dust accumulation, to more complex mechanical and electrical failures, including inverter
malfunctions and degradation of system components. If these faults are not promptly identified
and addressed, they can result in substantial energy losses, increased maintenance costs, and
shortened system lifespan. Effective fault detection mechanisms are thus critical to maintaining
the operational integrity of PV systems [4].

Historically, PV fault detection has relied on manual inspections and traditional sensor-
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based monitoring systems. However, these approaches are costly, time-consuming, and often
impractical for large-scale installations due to scalability limitations. The increasing complexity
of PV systems and the dynamic nature of environmental conditions necessitate the development
of automated, intelligent fault detection solutions that can provide real-time diagnostics and
predictive maintenance capabilities [5].

Machine learning (ML) and artificial intelligence (AI) techniques have emerged as powerful tools
for improving fault detection and diagnostics in PV systems. These advanced methodologies
can process large volumes of operational data, detect subtle patterns, and predict potential faults
before they lead to system failures. By leveraging ML-driven predictive maintenance strategies,
PV system operators can minimize downtime, optimize maintenance schedules, and reduce
reliance on expensive manual inspections. Consequently, integrating machine learning-based
fault detection can significantly enhance the reliability and sustainability of solar energy systems
[6].

The need for robust automated fault detection methods has grown exponentially with the
increasing reliance on solar power. Existing fault detection approaches often fail to balance
accuracy, computational efficiency, and real-time applicability, making them impractical for
large-scale PV deployments. While numerous ML models have been explored for PV system fault
detection, prior research has often focused on a single model or a limited comparative analysis,
lacking a systematic evaluation under real-world operational conditions [7].

Furthermore, previous studies have primarily emphasized classification accuracy without
assessing the practical implications of these models for predictive and preventive maintenance
workflows [8]. The impact of real-world environmental variability, data noise, and system aging
on ML model performance remains an underexplored area [7]. This study aims to bridge these
gaps by conducting a comprehensive comparative analysis of multiple machine learning models,
evaluating their fault detection capabilities, and integrating them into a structured maintenance
framework.

The primary objectives of this study are:

1. To compare the performance of five state-of-the-art ML models—Random Forest, XGBoost,
Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), and Support Vector
Machines (SVM)—for PV fault detection.

2. To evaluate these models using real-world operational data from a 250-kW PV power station,
assessing their accuracy, precision, recall, and F1-score.

3. To propose an optimized predictive and preventive maintenance strategy informed by the
most effective ML models.

4. To analyze the feasibility of deploying high-performing models in real-time PV monitoring
systems.

Unlike previous studies focusing solely on classification performance, this research provides a
holistic evaluation of ML-based fault detection, integrating technical performance analysis with
practical maintenance implications. By utilizing accurate operational data, this study enhances
the applicability of ML models in real-world PV deployments, offering insights that can guide the
development of automated, cost-effective maintenance systems.

The findings are expected to assist PV operators in optimizing maintenance schedules, reducing
operational costs, and extending the lifespan of solar energy infrastructure through intelligent,
data-driven decision-making.

2. LITERATURE REVIEW

Early PV system fault detection research relied primarily on manual inspections and simple
sensor-based monitoring. While effective in small-scale installations, these conventional
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techniques lack scalability and real-time responsiveness, making them impractical for large PV
farms. Thermal imaging, infrared analysis, and electrical parameter monitoring were among the
earliest automated approaches, but these methods require specialized equipment and suffer from
low detection precision in dynamic environmental conditions [9].

With advancements in computational technologies, data-driven methods have become the focal
point of PV fault detection research. Statistical techniques such as Principal Component Analysis
(PCA) and Time-Series Analysis were introduced to identify anomalies based on deviations from
historical trends [10]. However, these methods rely heavily on predefined thresholds, limiting
their adaptability to evolving system conditions. Integrating machine learning (ML) techniques
has significantly improved fault detection accuracy and efficiency in PV systems. Supervised
learning models, including Decision Trees (DT), Support Vector Machines (SVM), and Random
Forests (RF), have been widely explored due to their ability to classify faults based on labeled
datasets. Among these, SVM has demonstrated high accuracy in binary fault classification,
particularly under controlled environments [11]. However, its performance degrades in complex
multiclass fault scenarios where fault patterns overlap.

As ensemble learning models, Random Forest (RF) and XGBoost have gained attention for their
robustness in handling high-dimensional and noisy PV data. RF has been found to effectively
identify diverse fault types while minimizing overfitting, making it a strong candidate for real-
world applications. XGBoost, a gradient-boosting algorithm, has consistently outperformed
traditional ML models by optimizing classification errors iteratively, achieving superior fault
detection accuracy in multiple studies [12].

Deep learning (DL) techniques have emerged as powerful alternatives to conventional ML
methods. Artificial Neural Networks (ANNs) have shown remarkable capability in detecting
nonlinear fault patterns within PV datasets. While ANN models can extract hidden relationships
between operational parameters, they require large datasets and significant computational
resources for training and optimization [13].

Initially designed for image processing, convolutional Neural Networks (CNNs) have been
adapted to analyze temporal patterns in PV system data. Studies have shown that CNN-based
models outperform traditional methods in detecting gradual degradation trends, making them
suitable for long-term preventive maintenance strategies. However, CNNs demand extensive
labeled data and high computational power, limiting their real-time deployment feasibility [14].
Several comparative studies have evaluated the effectiveness of different ML models for PV system
fault detection. SVM has demonstrated high accuracy in structured datasets with distinct class
boundaries, whereas RF and XGBoost excel in noisy and imbalanced data environments. A recent
study comparing ANN and CNN models found that ANNs perform well in fault detection tasks
but require extensive fine-tuning. At the same time, CNNs provide superior feature extraction
capabilities for time-series PV data [15].

Despite these advancements, existing research primarily focuses on fault classification accuracy,
with limited attention given to the practical integration of ML models into predictive and
preventive maintenance frameworks [16]. Additionally, standardized benchmarks are lacking for
evaluating model performance under real-world PV operating conditions.

While extensive research has been conducted on ML-based fault detection, several gaps remain
unaddressed:

1. Most studies focus on model accuracy without considering deployment challenges in real-time
PV monitoring systems.

2. Comparative analyses of ML models rarely assess their effectiveness in predictive vs. preventive
maintenanceapplications.

3. Limited research explores the impact of environmental variability and noisy data on ML model
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performance.

To address these gaps, this study comprehensively evaluates five ML models—Random Forest,
XGBoost, ANN, CNN, and SVM—using accurate operational data from a 250-kW PV power
station. This research compares their fault detection capabilities and analyzes their suitability for
predictive and preventive maintenance strategies, offering practical insights for integrating ML
into real-world PV system management.

3. METHODOLOGY

3.1. Description of the PV System and Data Collection

The dataset used in this study was collected from a simulated 250-kW photovoltaic (PV) power
station connected to the grid. The station is located in a simulated 250-kW PV farm, described
in the study “Fault Detection Algorithms for Achieving Service Continuity in Photovoltaic
Farms” (Ghoneim, Rashed, & Elkalashy, 2021) [17]. The system consists of 850 polycrystalline
PV modules, each with a rated capacity of 250 kW, connected to a central inverter with a peak
efficiency of 98%. The station has real-time monitoring sensors to ensure continuous data
acquisition under real-world operating conditions. It fully integrates with the primary power
grid, allowing constant data collection in real-time operational conditions.

The dataset comprises 700 samples, each containing 31 electrical and environmental features,
including current (I), voltage (V), power output (P), temperature (T), and irradiance (IR). The
power output of a photovoltaic (PV) system is fundamentally governed by Ohm’ law and the

power equation, as defined in Equation (1):
P=VxI (1)

Current is measured using Hall-effect sensors with +1% accuracy, voltage using precision voltage
dividers with £0.5% accuracy, power output is derived from voltage and current measurements,
temperature using thermocouples with +0.5°C accuracy, and irradiance using a pyranometer
with £5% accuracy.

The dataset includes fault and non-fault states, categorized into four distinct classes. Class 0
corresponds to normal operating conditions. Class 1 represents string faults, typically caused
by shading, degradation, or loose connections. Class 2 covers string-to-ground faults, which
occur when an unintended electrical connection is formed with the ground. Class 3 accounts
for string-to-string faults, where unintended interconnections between separate strings lead to
voltage imbalances and reduced system efficiency.

Unlike simulated datasets, real-world operational data captures the complexities of PV system
behavior, including environmental fluctuations, sensor noise, and system degradation over time.
Exposing machine learning models to actual operational conditions enhances their robustness,
improving their ability to generalize and detect faults under varying circumstances.

3.2. Data Preprocessing

The dataset underwent rigorous preprocessing to enhance its quality and improve model
performance. No missing values were detected, eliminating the need for imputation. Outliers
were identified and removed using Z-score thresholding (+3 standard deviations), with validation
performed through box plots and interquartile range (IQR) analysis.

Feature selection was conducted using Pearson correlation analysis, eliminating redundant
features with correlation coefficients above 0.85. the importance ranking of the Random Forest
feature was also applied to retain the most influential features. The top five selected features based
on importance ranking were Pdcmeanl, Vdcmeanl, IR, I1, and I2.
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To standardize feature scales, Min-Max normalization was employed, transforming feature values
into a range between 0 and 1, which is mathematically defined as Equation (2):

_ (X-X.)
scaled_(X (2)

max min )

Distribution histograms and correlation matrices validated the effectiveness of this normalization
process, ensuring uniformity across feature distributions.

Table 1 summarizes the key statistical properties of the dataset, including the mean, standard
deviation, and distribution percentiles for current, voltage, power output, and other critical
features.

Table 1: Summary Statistics of Key Features.

Statistic 11 12 Vdcmeanl Pdcmeanl IR T Class
(A) (A) (V) (W) (W/m?*  (°C)
Count 700 700 700 700 700 700 700
Mean 2.265 2.776 507.70 141.71 553.40 22.04 1.71
Std Dev 6.29 5.67 11.28 65.75 254.79 7.49 1.10
Min -99.26 -99.26 470.62 24.40 104.00 10.00 0.00
25th Percentile 1.48 1.82 500.04 85.49 334.75 15.00 1.00
50th Percentile 2.69 3.05 507.52 136.06 538.50 21.50 2.00
75th Percentile 3.93 4.38 516.49 197.13 779.00 28.00 3.00
Max 5.66 5.89 529.35 263.57 1000.00 40.00 3.00

3.3. Feature Selection

Pearson correlation analysis was performed to identify the most essential features for fault
detection. The correlation coefficient p quantifies the linear relationship between features and
the target variable (fault status) [18], calculated using Equation (3):

p( X,y )=o)

040y

(3)

Cov(X, Y) is the covariance between variables X and Y, and ox and oy are the standard deviations
of X and Y, respectively.

This analysis helps determine which operational parameters are most relevant for fault detection.
Features with stronger correlations to the fault status (p) are considered more influential for
classification models.

Table 2 presents the correlation between key operational features and the fault status. The highest
correlation is observed for power output (P), suggesting its significant role in fault classification.

Table 2: Feature Correlation Analysis.

Feature Correlation with Fault Status (p)
Current (I) 0.76
Voltage (V) 0.72
Power Output (P) 0.80
Temperature 0.30
Irradiance (IR) 0.29

The Pearson correlation coefficient was selected for its ability to detect linear relationships, making
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it highly effective in analyzing how operational parameters influence fault occurrences. Focusing
on features with higher correlation values enhances the model’s fault detection performance by
ensuring that only the most impactful data is utilized during training.

Feature importance rankings were further refined using the Gini importance metric (for tree-
based models) and mutual information scores (for other models). These rankings confirmed that
voltage fluctuations and irradiance levels significantly contribute to fault detection.

Based on this correlation study, the three most influential features—current (I), voltage (V), and
power output (P)—were selected as primary inputs for machine learning models.

Figure 1 visualizes the correlation between operational features, confirming the significance of
power output and voltage in fault classification.

1.0
11 0.10 0.16 0.12 0.04 0.02
0.8

|2 015 022 018 001 006 n
Vdemeanl - 010 015 SO 056 | 052 [EREW 0.07 0.4
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class - 0.02 0.06
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Figure 1: Correlation Matrix of Key Features.

The following heatmap (Figure 1) visually represents the correlation between features, with
higher correlation values indicating a stronger linear relationship. This refined feature selection
approach ensures that only the most relevant data is used, optimizing model accuracy and
computational efficiency.

3.4. Data Visualization

Two visualizations were generated to help better understand the distribution of the attributes and
their relationships:

« Histogram of Features: This shows the distribution of each feature.

« Scatter Matrix (Pairplot): This visualization assists in analyzing interactions between numerous
features and identifying probable clusters or patterns.

Figure 2 highlights the distribution of critical features before normalization, indicating the
presence of outliers in current and power measurements.
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Figure 3: Scatter Matrix (Pairplot) of Key Features.

This study uses machine learning models, specifically SVM, Random Forest, XGBoost, ANN, and
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CNN. Table 3 outlines the characteristics of each model, highlighting its strengths and optimal
use cases.

Table 3: Summary of Model Selection.

Model Type Strengths Best for

SVM Binary Classifier Effective for smaller datasets Binary Faults

Random Ensemble Handles noisy data and performs Multiclass Faults

Forest (Tree-based) well in multiclass tasks

XGBoost Boosting Handles large, imbalanced Complex Faults
(Ensemble) datasets

ANN Deep Learning Captures non-linear patterns Long-Term Detection

CNN Deep Learning Effective for time-series data Temporal Faults

The preprocessed dataset was divided into training (80%) and testing (20%) subsets, following
standard machine learning practices to ensure effective learning while maintaining reliable
evaluation—this split balances data sufficiency and model generalization, minimizing
overfitting and ensuring robustness in real-world applications. To optimize model performance,
hyperparameter tuning was conducted using cross-validation and grid search, refining the model
parameters for improved accuracy and reliability in fault detection for photovoltaic (PV) systems.

3.5. Model Selection

Machine learning is pivotal in fault detection in photovoltaic (PV) systems. It utilizes operational
data to identify fault patterns that indicate system failures. This study evaluates five machine
learning models: Support Vector Machines (SVM), Random Forest (RF), XGBoost, Artificial
Neural Networks (ANN), and Convolutional Neural Networks (CNN).

These models were selected based on their ability to process structured tabular data, handle
nonlinear correlations, and accurately classify PV system faults.

3.5.1. Model Architectures and Mathematical Foundations

Each model in this study relies on a distinct mathematical approach to optimize fault detection
and classification.

« Support Vector Machine (SVM) for Fault Classification

SVM is a supervised learning algorithm that aims to find the optimal hyperplane that maximizes

the margin between different fault classes [19]. The optimization function is: ||W||2 + ng
This optimization problem is solved using Equation (4): l

y(wx +b)21-¢&, Vi (4)

Where w is the weight vector, x; are feature vectors, y; are fault labels, & are slack variables
controlling misclassification, and C is the regularization parameter.

SVM employs kernel transformations to map nonlinear fault patterns into a higher-dimensional
space efficiently, improving classification accuracy.

« Random Forest (RF) for Robust Fault Detection

The Random Forest (RF) model aggregates the outputs of multiple decision trees, making
predictions based on the majority vote rule [20], mathematically expressed in Equation (5):

F(x)= 2100 (s)

F(x) is the final classification output, N is the number of decision trees, and Ti(x) is the prediction
from the i" tree. This ensemble technique enhances reliability, reduces overfitting, and is
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particularly effective for multiclass fault classification in PV systems.

« Artificial Neural Network (ANN) Architecture

The ANN model consists of an input layer, multiple hidden layers, and an output layer [21]. The
forward propagation equation for each layer is given by Equation (6):

hv Zf(W(l)h(FU +b(1)) (6)

where: h? is the output of layer I, W represents the weight matrix for layer I, b” is the bias term,
f is the activation function (ReLU for hidden layers, Softmax for output).
The network updates weights using backpropagation, following the gradient descent update rule,
expressed in Equation (7):

oL
ow

Where 7 is the learning rate, and L is the loss function.
To visualize the ANN architecture, we use (Figure 4).

W(l):W(l)_

(7)

Input Layer

2@ @°s

Hidden Layer 1 (128)
|H1 5| |H1 4| \Hl 3| |H1 2| H1 1

Hidden Layer 2 (64)
|H2_5| \H2_4| |H2_3| |H2_2| \H2_1|

Outpit Li: er

Figure 4: ANN Architecture.

« Convolutional Neural Network (CNN) Architecture

Convolutional Neural Networks (CNN) are highly effective in detecting time-dependent fault
patterns in photovoltaic (PV) systems.

They utilize convolutional layers to extract spatial and temporal features, then pool layers to
reduce dimensionality and fully connected layers for classification [22]. The feature extraction
process is mathematically represented in Equation (8) as follows:

(l) - Z z Wm(ln) I(JrlmljJrn + b (8)

To illustrate the CNN architecture, we use (Figure 5).
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Figure 5: CNN Architecture.

3.6. Model Training

All models received hyperparameter tuning to achieve optimal performance. The training
configuration for every model is detailed in Table 4.

Table 4: Training Configuration of Models.

Model Hyperparameters Optimized Key Parameters

SVM Kernel (RBF), Regularization (C) C = 1.0, Kernel = ‘rbf’

Random Forest Number of Trees (n_estimators) n_estimators = 100, max_depth = 10

XGBoost Learning Rate, Max Depth Learning Rate = 0.1, max_depth =6

ANN Number of Layers, Neurons per Layer 3 Layers, 128 Neurons in First Layer, Dropout = 0.3
CNN Conv Layers, Kernel Size 2 Conv Layers, Kernel Size = 3

Based on the fault detection results, different maintenance strategies were proposed:

« Predictive Maintenance: This is for real-time fault detection (best for XGBoost and Random
Forest).

« Preventive Maintenance: For gradual or long-term degradation (most suitable for ANN and
CNN).

This methodology created a robust framework for identifying faults in photovoltaic (PV)
systems by applying machine learning techniques. Essential data preprocessing steps, such as
normalization and feature selection through Pearson correlation, were implemented to achieve
optimal model performance. Various models were selected, optimized, and assessed for validation,
including SVM, Random Forest, XGBoost, ANN, and CNN. Visual tools such as histograms and
correlation matrices offered essential insights into the data structure. This robust groundwork
equips the models for efficient fault detection and subsequent examination of predictive and
preventive maintenance approaches.

4. RESULTS AND DISCUSSION

In this section, a thorough comparison of the five machine learning models—Support Vector
Machine (SVM), Random Forest (RF), XGBoost, Artificial Neural Networks (ANN), and
Convolutional Neural Networks (CNN)—is presented, with a focus on their effectiveness in
fault detection for photovoltaic (PV) systems. The analysis evaluates these models across several
key metrics: accuracy, precision, recall, and F1-score. We also compare our findings with results
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from earlier studies, highlighting significant advancements and challenges in applying machine
learning for solar energy fault detection.

All experiments were conducted using Python 3.11.11 (main, Dec 4, 2024, 08:55:07) [GCC 11.4.0],
along with Scikit-learn (version 1.6.1) and TensorFlow (version 2.18.0) libraries. Hyperparameter
tuning was performed using grid search combined with 5-fold cross-validation to ensure optimal
model performance. The computational setup consisted of an Intel Core i7 processor and 12.67
GB of RAM, enabling efficient model training and scalability, even without GPU acceleration.

4.1. Comparison of Model Performance with Previous Studies

In this study, we evaluated the performance of five machine learning models: Support Vector
Machine (SVM), Random Forest (RF), XGBoost, Artificial Neural Networks (ANN), and
Convolutional Neural Networks (CNN) for fault detection in photovoltaic (PV) systems. Our
findings show that the XGBoost model outperforms other models in terms of accuracy (88%),
precision (87%), recall (88%), and F1-score (87.5%), aligning with results from previous studies
such as Abdelmoula et al. (2024) and Mellit & Kalogirou (2021) who achieved similar accuracy
rates using XGBoost and Random Forest.

However, our study goes a step further by incorporating real-time operational data from a
simulated 250-kW photovoltaic power station, which provides more diverse and realistic
conditions for fault detection. This allowed us to evaluate the models’ capabilities in managing
real-world data complexities such as noisy environments and imbalanced datasets—challenges
not extensively addressed in earlier research.

For instance, while Verma et al. (2024) demonstrated an accuracy of 85% using SVM for inverter
fault detection, our XGBoost model achieved 88% accuracy, demonstrating its superior handling
of complex fault types such as string-to-string faults, which were not covered in their study [23].
Similarly, Random Forest demonstrated a robust performance in our study with 87% accuracy,
surpassing Mellit & Kalogirou’s results for shading and soiling faults, which were limited to 87%
accuracy.

Furthermore, while the ANN and CNN models in our study performed similarly to earlier
works, such as the results seen in Mellit & Kalogirou (2021), they offered more valuable insights
for preventive maintenance [24]. The ANN and CNN models excelled in identifying long-term
degradation patterns, which is critical for maintenance scheduling—something that earlier
studies have not emphasized as much.

Table 5 compares our results with previous studies, demonstrating that XGBoost achieves the
highest fault detection accuracy (88%), followed closely by Random Forest (87%).

Table 5: Performance Comparison with Previous Studies.

Study Reference Model Accuracy Precision Recall F1-Score Fault Type
(%) (%) (%) (%) Detected

Verma et al. SVM 85 80 79 79.5 Inverter Faults

(2024) [23]

Mellit & Kalogirou Random Forest 87 85 84 84.5 Shading, Soiling

(2021) [24]

Abdelmoula et al. XGBoost 88 87 88 87.5 Inverter, Soiling

(2022) [25]

This Study XGBoost 88 87 88 87.5 Multiple Faults

This Study Random Forest 87 85 84 84.5 Multiple Faults
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4.2. Evaluation of Model Performance Using Key Metrics

The models were evaluated based on accuracy, precision, recall, and F1-Score metrics, consistently
comparing model performance across different fault detection tasks.

The models were evaluated using standard classification metrics, including accuracy, precision,
recall, and F1-score. While accuracy provides a general performance measure, it does not consider
false positives or negatives, which are crucial in fault detection tasks.

Therefore, precision, defined by Equation (9), quantifies the proportion of correctly classified
faults relative to all predicted fault cases [26]:

Precision =L (9)
TP+ FP
Similarly, recall (Equation (10)) measures the ability to detect all actual faults in the dataset

correctly [26]:

Recall = _Ir (10)
TP+ FN
To balance precision and recall, the F1-score is used, as shown in Equation (11), which provides

a harmonic mean of the two [26]:

Fl— Score =2 x Precisionx Recall (1)
Precision+ Recall

These metrics are crucial in assessing the model’s performance, particularly in imbalanced
datasets where one class (faults) is rarer than the other (regular operation).

Table 6 presents the performance metrics for all models, emphasizing the effectiveness of
ensemble methods in fault detection.

The results show that ensemble models like Random Forest and XGBoost consistently outperform
deep learning models and SVMs, particularly in managing complex, non-linear data distributions.

Table 6: Model Performance Metrics.

Model Accuracy Precision Recall F1-Score
(%) (%) (%) (%)
SVM 82 80 79 79.5
Random Forest 87 85 84 84.5
XGBoost 88 87 88 87.5
ANN 84 83 84 83.5
CNN 83 82 83 82.5

4.3. Graphical Analysis of Fault Detection Models

This visualization compares the five models’ accuracy, precision, recall, and F1 scores.

The performance comparison graph (Figure 6) provides a comprehensive view of all models’
accuracy, precision, recall, and F1 scores. This visualization highlights the superiority of ensemble
methods (XGBoost and RF) compared to deep learning models (ANN and CNN) in handling
imbalanced datasets.

Figure 6 confirms that XGBoost and Random Forest consistently outperform deep learning
models, making them optimal for real-time fault detection.

The confusion matrix visually represents true positives, false positives, and false negatives.
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Figure 6: Machine Learning Model Performance Comparison.

Figure 7 shows the confusion matrix for Random Forest, demonstrating how the model accurately
detects inverter faults. This visualization illustrates the alignment between actual and predicted
classifications across different models.
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Figure 7: Confusion Matrices for XGBoost and Random Forest.

The findings from our analysis highlight that ensemble models, particularly XGBoost and
Random Forest, consistently outperform other algorithms in detecting faults in PV systems.
XGBoost demonstrated the highest accuracy (88%), making it particularly suitable for
predictive maintenance strategies. Random Forest showed remarkable performance in noisy
data environments, while ANN and CNN models excelled at detecting long-term degradation
patterns, making them practical for preventive maintenance.

The results suggest a hybrid approach to PV maintenance:

» XGBoost and Random Forest should be used for real-time predictive maintenance, enabling
prompt fault detection and minimizing system downtime.

« ANN and CNN models are more suited for preventive maintenance, detecting gradual
performance degradation over time.
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Integrating these models into a real-time monitoring system can significantly improve solar
energy system efficiency, reduce maintenance costs, and ensure uninterrupted energy production
in large-scale solar installations.

This study evaluates five machine learning models: SVM, Random Forest, XGBoost, ANN, and
CNN, specifically for fault detection in photovoltaic systems. The analysis demonstrates that
XGBoost is the most efficient model, attaining superior accuracy, precision, recall, and F1 score,
rendering it suitable for predictive maintenance applications. The Random Forest algorithm
demonstrated strong performance, especially in noisy environments, making it a reliable choice
for real-time fault detection.
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Conversely, ANN and CNN models demonstrate lower accuracy in real-time fault detection;
however, they are particularly effective for preventive maintenance owing to their capability to
identify long-term degradation patterns. This study’s findings align with previous research while
offering new insights into applying machine learning techniques for fault detection in renewable
energy systems. The results underscore the importance of selecting the appropriate model based
on the specific maintenance strategy—predictive or preventive—being implemented in PV
systems.

5. CONCLUSION

This study aims to improve the fault detection process in photovoltaic (PV) systems using
advanced machine learning techniques. Photovoltaic (PV) systems represent one of the leading
solutions to meet the challenges of renewable energy. However, these systems face many
operational efficiency issues, such as inverter failures, module degradation, shading, and dirt. To
ensure that these systems continue to produce clean and efficient energy, it becomes necessary
to develop effective techniques to detect these faults and improve maintenance operations. In
this study, a comparison was made between five advanced machine learning models: Support
Vector Machines (SVM), Random Forest, XGBoost, Artificial Neural Networks (ANN), and
Convolutional Neural Networks (CNN). The comparison aims to determine the effectiveness
of each model in detecting and classifying different types of faults in PV systems. The study
focused on classifying faults that cause sudden system failure and patterns that indicate gradual
performance degradation over the long term. The XGBoost model achieved the best results
through the evaluation, recording an accuracy rate of up to 88% in classifying different types of
faults. This high accuracy improves real-time predictive maintenance, which helps detect and
address faults before they lead to significant problems. The Random Forest model demonstrated
its ability to handle complex and noisy data, which helped to classify fault types effectively under
various operating conditions. As for the neural networks (ANN and CNN), they excelled in
detecting gradual deterioration patterns, which is vital for developing preventive maintenance
strategies and reducing downtime.

The accurate classification of these models contributed to providing practical insights to
maintenance teams. Sudden drops in production were linked to inverter faults, while pollution
issues were indicated as a cause of gradual efficiency deterioration. This ability to distinguish
between different types of faults allowed maintenance teams to prioritize and take appropriate
measures according to the severity and impact of each fault.

The study recommends using the XGBoost and Random Forest models to deal with immediate
faults due to their ability to detect problems quickly, alert operators for immediate intervention,
and reduce downtime. In contrast, using neural networks (ANN and CNN) to monitor long-term
performance degradation is recommended, which improves preventive maintenance strategies
by scheduling repairs in advance. The results of this study also allow those interested in the field
of renewable energy to learn how to use these models to improve maintenance strategies and
reduce costs. In the future, research can build on this study by developing integrated maintenance
systems based on technologies such as the Internet of Things and cloud monitoring to enhance
the accuracy and speed of fault detection and classification.
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