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Abstract: Photovoltaic (PV) systems are integral to global renewable energy generation, yet
their efficiency and reliability are frequently compromised by undetected faults, leading to
significant energy losses, increased maintenance costs, and reduced operational lifespans.
To address these challenges, this study proposes a novel hybrid deep learning framework
that combines Stacked Sparse Auto-Encoders (SSAE) for autonomous feature extraction
with an Optimized-Multi-Layer Perceptron (OMLP) for precise fault classification. The
SSAE extracts high-dimensional fault features from raw operational data, while the OMLP
leverages these features to classify faults with exceptional accuracy. The model was rig-
orously validated using real-world PV datasets, encompassing diverse fault types such
as partial shading, open circuits, and module degradation under dynamic environmental
conditions. Results demonstrate state-of-the-art performance, with the model achieving
99.82% accuracy, 99.7% precision, 99.4% sensitivity, and 100% specificity, outperforming
traditional machine learning and deep learning approaches. These findings highlight
the framework’s robustness and reliability in real-world applications. By significantly
enhancing fault detection accuracy and computational efficiency, the proposed approach
optimizes PV system performance, reduces operational costs, and supports sustainable
energy production. This study concludes that the hybrid SSAE-Optimized MLP model
represents a scalable and efficient solution for improving the reliability and longevity of
renewable energy infrastructure, setting a new benchmark for intelligent maintenance
strategies in the field.

Keywords: photovoltaic system; fault detection; fault diagnosis; stacked sparse autoencoder;
optimized multi-layer perceptron

1. Introduction
Artificial Intelligence (AI) has emerged as a cornerstone of 21st-century innovation,

driving transformative advancements across industries such as healthcare, finance, and
energy [1,2]. By enabling systems to analyze data, recognize patterns, and make informed
decisions, AI methodologies such as machine learning (ML) and deep learning (DL) have
unlocked unprecedented opportunities to address complex challenges and optimize oper-
ational workflows [3]. Nowhere is this potential more critical than in renewable energy,
where AI is revolutionizing the efficiency and reliability of infrastructure, particularly in
solar PV systems.

PV systems, which convert sunlight into electricity, are pivotal to the global transition
toward sustainable energy. Despite their growing adoption—from residential installations
to utility-scale solar farms—their performance and longevity are hindered by operational
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challenges such as module degradation, shading effects, inverter failures, and environ-
mental variability [4]. PV array faults such as Open Circuits (OC), Short Circuits (SC), and
environmental faults such as Partial Shading (PS) are particularly insidious, often leading
to energy losses, increased maintenance costs, and reduced return on investment [5,6].

A 2010 study demonstrated that faults and failures in solar PV systems can lead to
an annual energy output reduction of 18.9% [7], while harsh environmental conditions
exacerbate efficiency drops to 15–20% [8]. For instance, prolonged exposure to extreme
climates accelerates module degradation, with reported annual degradation rates of 0.923%
in desert environments [9]. Dust accumulation further compounds these losses: experimen-
tal data from Saharan regions shows 8.41% power loss over eight weeks due to soiling [10],
while uncleaned systems in Mediterranean climates suffer 9.99% instantaneous power
drops and 2.93% average reductions [11]. Partial shading—often caused by cloud cover
or debris—can obscure up to 75% of PV array surfaces, creating localized hotspots and
mismatch losses [12]. Mitigation strategies, such as PV array reconfiguration and tilt-angle
optimization, demonstrate promising results, with adjusted tilt angles boosting power
output by 50.36% in some regions [13]. These findings underscore the critical need for
intelligent fault diagnosis frameworks to minimize energy losses, extend system lifespans,
and maximize return on investment in solar infrastructure.

Traditional fault diagnosis in PV systems relies on analyzing electrical parameters
such as voltage (V~dc~), current (I~dc~), and irradiance (Irr), often collected via sensors
such as maximum power point trackers (MPPTs) and environmental monitors. Rule-
based algorithms and physical inspections remain prevalent but are labor-intensive and
lack scalability. Advanced methods include infrared thermography for hotspot detection
and electroluminescence imaging for microcracks. However, these techniques require
specialized equipment and are unsuitable for real-time monitoring.

The integration of AI into PV fault diagnosis represents a paradigm shift in renewable
energy supervision [14], enabling scalable and automated solutions. Recent advancements
leverage ML models such as Support Vector Machines (SVMs), Random Forests (RFs), and
Adaptive Neuro-Fuzzy Inference Systems (ANFIS) to process historical and real-time data
from supervisory control and data acquisition (SCADA) systems [15–19]. Despite progress,
these methods struggle with high-dimensional data and dynamic environmental variability,
underscoring the need for hybrid AI-driven approaches.

For instance, AdaBoost achieved 0.95 precision in fault classification using temperature
and radiation features [20], while kernel-based extreme learning machines [21] and proba-
bilistic neural networks (PNNs) [22] showed high precision in identifying short-circuited
modules. However, traditional ML methods struggle with overfitting, high-dimensional
data, and scalability [23,24].

DL, a subset of ML, addresses these limitations through hierarchical feature extraction.
Hybrid architectures, such as Convolutional Neural Networks (CNNs) combined with
residual gated recurrent units (ResGRUs), classify I-V curve anomalies with 98.61% accu-
racy [25], while Stacked Auto-Encoders (SAE) enable fault diagnosis in PV arrays through
I-V characteristic analysis [26,27]. Similarly, particle swarm optimization (PSO)-enhanced
long short-term memory (LSTM) networks improve fault detection reliability by optimizing
parameter tuning and temporal pattern recognition [28,29]. Autoencoder (AE)-based frame-
works, including LSTM, CNN, and variational, sparse, or denoising variants, are widely
applied for fault detection across systems [30,31]. For instance, Graph Convolutional Varia-
tional AutoEncoders (GCVAE) model complex spatial–temporal dependencies to identify
anomalous patterns [32], further advancing detection capabilities. Despite these advances,
critical gaps persist: (1) many models require large labeled datasets and lack generalizabil-
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ity across PV designs [33]; (2) computational complexity hinders real-time deployment [34];
and (3) integration with cost-effective monitoring systems remains underexplored.

To bridge these gaps, this paper proposes a novel hybrid deep learning architecture
combining SSAE and Optimized-MLP. The SSAE extracts high-dimensional fault features
from raw operational data (e.g., current, voltage, irradiance), capturing subtle patterns
associated with faults such as partial shading and degradation. The OMLP then classifies
these features with minimal computational overhead, enabling efficient diagnosis while
maintaining accuracy [35]. This approach diverges from prior work, such as [36], which
relies on hybrid CNN-Bi-GRU models constrained by database quality, and [37], which
depends on simulated data for MLP-based classification. By balancing SSAE’s robust
feature extraction with MLP’s lightweight classification, our hybrid architecture introduces
three key innovations: (1) a KL divergence-regularized SSAE that enforces sparsity during
unsupervised feature learning, enhancing sensitivity to rare faults under class imbalance;
(2) a Bayesian-optimized MLP with weighted loss functions, automating hyperparameter
selection while mitigating bias toward majority classes; and (3) end-to-end integration
of environmental variables (irradiance, temperature) with electrical parameters, enabling
robust diagnosis under dynamic outdoor conditions. Compared to CNN-Bi-GRU models—
which incur high computational costs from convolutional operations and bidirectional
temporal processing—our SSAE-OMLP achieves superior accuracy (99.82%) on tabular PV
data while reducing inference latency, making it deployable on low-cost edge hardware.

Using empirical data from operational PV systems, we evaluate the SSAE-OMLP
framework against traditional methods (SVM, RF) and state-of-the-art DL architectures
(CNN, LSTM). Our contributions include:

1. A comparative analysis of DL models under dynamic stresses (e.g., fluctuating irradi-
ance, partial shading).

2. A hybrid SSAE-OMLP framework optimized for computational efficiency, enabling
rapid fault detection under dynamic environmental conditions.

3. Empirical validation of scalability for large-scale deployments, addressing a critical
gap in prior research [38].

The results demonstrate that the SSAE-Optimized-MLP hybrid reduces false positives
by 22%, achieves 99.82% accuracy in fault classification, and operates 35% faster than
conventional CNN-based models. By minimizing energy losses and maintenance costs,
this work advances the reliability of PV systems, directly supporting global sustainability
goals. Furthermore, it underscores how AI-driven digital transformation can enhance
project leadership in renewable energy, ensuring the successful deployment of innovative
technologies in real-world settings.

2. Photovoltaic Fault Types
Faults in PV systems are categorized based on their origin within the system’s Direct

Current (DC) or Alternating Current (AC) components. AC-side faults typically stem from
inverter malfunctions or grid-related disturbances. In contrast, DC-side faults are more
diverse, encompassing issues such as MPPT algorithm inefficiencies, bypass diode failures,
ground faults, arc faults, module mismatch, OC, and SC faults [6,39].

2.1. Arc Faults

In photovoltaic systems, arc faults occur when a high-energy electrical discharge
jumps through air or across a gap between conductive parts. Such arcs can be triggered by
issues such as deteriorated insulation, loose or corroded connections, damaged cables, or
failed components [40].
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2.2. Open-Circuit Faults

These occur when a disconnection disrupts current flow within the system. Such faults
significantly reduce power generation, potentially affecting individual module strings or the
entire system, depending on the disconnection’s location and the PV array’s topology [41].

2.3. Short-Circuit Faults

These arise from unintended electrical connections between two points in a PV array
at different potentials. These faults may manifest within a single string or between adjacent
strings in the system [41].

2.4. Ground Faults

These occur when the PV array unintentionally makes contact with earth, creating
safety hazards, reducing operational efficiency, and risking damage to the system’s compo-
nents [42].

2.5. Line-to-Line Faults

These faults happen when two conductors in a PV system become directly short-
circuited. They typically involve a direct connection between any two of the system’s three
AC output phases—often referred to as a three-phase fault [43].

2.6. Module/Cell Mismatch

This fault arises when cells or modules exhibit divergent electrical properties, com-
promising system efficiency. Mismatch is subdivided into temporary and permanent
categories. Temporary mismatch is caused by transient factors such as dust/snow accumu-
lation or dynamic shading from nearby structures, whereas permanent mismatch results
from long-term degradation or physical damage to modules. Where temporary mismatch
is exemplified by partial shading, and permanent mismatch by module degradation [8].

2.7. Partial Shading

Occurs when parts of the PV modules are obstructed and cannot receive full sunlight,
temporarily reducing their power output. Shading can be either static or dynamic. Static
shading is caused by long-term deposits on the module surface—such as dust, leaves, or
bird droppings, and dynamic shading comes from fleeting shadows cast by nearby trees or
buildings [12].

2.8. Degradation

Over time, PV systems lose performance due to several factors, including surface
contamination, UV-induced optical wear, increases in series or decreases in shunt resistance,
and declines in SC current [44]. This deterioration can be confined to individual modules
or progressively affect the entire array, leading to an overall drop in energy production.

The experimental dataset in this study focuses on four critical DC-side faults in PV
systems: OC, SC, PS and module degradation. These faults were selected due to their
recurrent occurrence and significant impact on system performance.

3. Materials and Methods
This section outlines the hybrid approach used for fault diagnosis in PV systems, com-

bining Stacked Sparse Auto-Encoders for feature extraction with a Multi-Layer Perceptron
classifier for fault categorization as presented in Figure 1. The proposed methodology in-
volves several stages: data preprocessing, feature extraction using SSAE, fault classification
using Optimized-MLP, and performance evaluation using various metrics.
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Figure 1. Proposed system architecture for fault diagnosis.

3.1. PV System

The PV system used for data collection, as described by Lazzaretti et al. (2020) [45],
consists of two strings of eight C6SU-330P PV modules, labeled PV1 through PV16, con-
nected to a 5 kW grid-tied inverter (NHS Solar 5K-GDM1). Each string is equipped with
circuit breakers and fuses to ensure safe simulation of fault conditions. Figure 2 illustrates
the system installation.
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3.2. Dataset Description

The dataset, sourced from a real PV system, was sampled at 1 Hz over a continuous
16-day period from 07:30 to 17:00, capturing irradiance variations from 100 to 1000 W/m2

and temperature ranges from −5 ◦C to +85 ◦C, (cloudy and rainy days are not considered).
It contains electrical parameters representing each fault condition. Key features include:

• Vdc1, Vdc2: Voltage for each string.
• Idc1, Idc2: Current for each string.
• Irr: Irradiance.
• pvt: PV Module Temperature.
• fnv: Fault label.

To assess the PV system’s performance under realistic conditions, the simulation frame-
work integrates photovoltaic strings—each comprising eight 330 W modules—modeled
in MATLAB 2022b/Simulink 10.6, with environmental variables such as irradiance and
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temperature. The simulated DC voltage and current outputs from these strings, shown in
Figures 3 and 4, feed into subsequent system components. Dataset parameters are aligned
with the reference system configuration detailed in Figure 2, ensuring consistency between
the simulation and real-world setups. Building on the validated PV model from earlier
sections, comprehensive databases are generated to capture both optimal operation and
intentional fault scenarios. These datasets leverage daily solar irradiance and temperature
profiles, as illustrated in Figure 5, to replicate outdoor conditions.
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The dataset is divided into two distinct parts: one derived from simulated fault scenar-
ios and the other from real-world measurements. The training phase relied exclusively on
simulated data generated using a validated PV system model in MATLAB/Simulink. Fault
types such as short circuit, open circuit, degradation, and shadowing were modeled under
varying irradiance and temperature conditions to reflect realistic operational behavior.
For instance, in the case of shadowing faults, four distinct scenarios were simulated, each
introducing 5% to 15% shading across a PV string, resulting in a total of 5054 synthetic
samples used in training.

In contrast, the testing phase was conducted entirely on real-world data collected
from an actual PV installation, which comprises 514,958 labeled samples, with the class
distribution detailed in Table 1. To evaluate model generalization across different fault
categories under realistic conditions, the testing procedure was repeated three times using
different subsets of the real dataset.
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Table 1. Proportion of data and fault label.

Proportion of Data

Label Class Samples

0 Normal Operation 309,253
1 Short Circuit 5999
2 Open Circuit 6024
3 Degradation 10,371
4 Shadowing 184,311

Environmental variables such as temperature and irradiation are also included to
account for real-world operating conditions. The data was normalized to a (0, 1) range
and split 70-30 into training and testing sets. We specifically selected six photovoltaic
features denoted as x = [x1, x2, x3, x4, x5, x6] representing [Vdc1, Vdc2, Idc1, Idc2, Irr,
pvt], respectively, to be used as input for training our model, providing data points that
distinguish between healthy and faulty operation. Table 1 presents the data samples of
each category.

3.3. Data Preprocessing

The data was processed through a preprocessing pipeline to make it suitable for
machine learning models, including data cleaning to handle potential anomalies, feature
selection for critical parameters (voltage, current, temperature, and irradiation), and nor-
malization to ensure consistency across features. Normalization was performed using
min-max scaling, as outlined in Equation (1), where xmin and xmax were computed from
the training set to avoid test data leakage and standardize the range of feature values [46].

xScaled =
x− xmin

xmax−xmin
(1)

Dimensionality reduction, known as feature extraction, involves condensing the num-
ber of variables or attributes in a dataset. Its purpose is to identify and retain the most
meaningful and pertinent data embedded within the original features, transforming it into
a smaller set of features while striving to preserve as much critical information as possible.

These steps are essential to improve data quality, enhance model performance, and
ensure the reliability and accuracy of the resulting insights. By addressing issues such as
missing values, inconsistencies, and irrelevant data, preprocessing ensures that the machine
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learning model receives clean, well-structured, and meaningful input, leading to more
accurate and reliable predictions [47].

3.4. Stacked Sparse Auto-Encoder for Fault Extraction

The SSAE is a deep learning model specifically designed for unsupervised feature
extraction. In this architecture, multiple auto-encoders are sequentially stacked, allowing
the model to capture complex, high-dimensional fault features relevant to PV diagnostics.

• Architecture: Each auto-encoder in the SAE comprises an encoder, a hidden layer
(bottleneck), and a decoder. The encoder transforms the normalized data into a
compressed representation in the bottleneck layer, where critical patterns relevant to
fault types are retained. This architecture allows the SSAE to automatically learn and
preserve the most informative features for fault detection [48].

• Encoding and decoding: The encoder maps the input vector Xi = [Vdc1, Vdc2, Idc1, Idc2,
Irr, pvt] to a hidden representation hi to predict output X̂i = V̂dc1V̂dc2 Îdc1 Îdc2 Îrr, F̂nv],
as determined by (2) and (3):

- Input Transformation (Encoding Layer)

hi = f (xi) = sigm(W1.x + b1) (2)

During the encoding process, the input vector xi is mapped to a latent representation
hi. This transformation is achieved through a linear operation involving weight matrix W1

and bias b1, followed by a nonlinear sigmoid activation function.

• Decoding Layer:
x̂i = g(hi) = sigm(W2 .h + b2) (3)

The latent representation hi is then reconstructed into x̂i via the decoding function
g which applies another linear transformation (using weights W1 and bias b1) and
passes the result through a sigmoid activation, as shown in Equation (3).

- Cost Function:

Equation (4) represents the cost function of the Sparse Autoencoder. It consists of
three main components that will be further decomposed in Equations (10)–(12), where the
first term quantifies the reconstruction loss (mean squared error between the input xi and
reconstructed output x̂i), ensuring accurate feature representation, and the second term is
the weight decay regularization that penalizes large weights to prevent overfitting, and a
sparsity constraint using Kullback–Leibler (KL) divergence.

J =
1
N ∑N

i=1

(
1
2
∥ x̂i − xi ∥2

)
+

λ

2 ∑N
i=1 ∥Wi ∥2 + β∑N

i=1 KL
(
ρ ∥ ρ̂j

)
(4)

where m represents the number of neurons in the hidden layer. The hyperparameters
λ and β control the relative influence of the weight decay (L2 regularization) and the
sparsity penalty, respectively. The sparsity constraint utilizes the KL divergence, denoted
as KL

(
ρ ∥ ρ̂j

)
[49], to quantify the discrepancy between the target sparsity parameter ρ and

the empirical average activation of the i-th hidden neuron over the training dataset.

3.5. Multi-Layer Perceptron for Fault Classification

Following feature extraction by the SSAE, an Optimized Multi-Layer Perceptron is
employed for fault classification. The MLP is a supervised neural network model that
excels at distinguishing between different classes (fault types) by learning complex feature
mappings [50].
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Architecture: The MLP consists of an input layer, one or more hidden layers, and an
output layer as shown in Figure 6. Each layer is fully connected to the subsequent layer.
The input layer receives SSAE-extracted features, and each hidden layer transforms these
features via learned weights and biases [35].
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where W represents the weight matrices, b represents biases, and f denotes the ReLU
activation function, which introduces non-linearity to the model, which is expressed by
(7) [38].

f (.) = max(0, xi) (7)

Hyperparameter tuning: Optimal parameters were selected via grid search, adjusting
learning rate, batch size, and hidden layer dimensions to improve accuracy and effi-
ciency [50].

The combined SSAE and Optimized-MLP model form a powerful framework for fault
detection and classification: the SSAE captures intricate fault-related features, while the
MLP effectively translates these features into actionable insights. This approach demon-
strates high performance, as validated across multiple key metrics.

3.6. Hybrid SSAE with Optimized-MLP Based Models

From prior research, hybrid architectures combining unsupervised and supervised
learning have proven effective in scenarios with limited labeled data, particularly in fault
diagnosis and anomaly detection [51]. AEs are widely recognized for their ability to learn
hierarchical features from unlabeled data through unsupervised pre-training, reducing
dependency on costly labeled datasets [27]. Meanwhile, MLPs excel at mapping learned
features to target labels via supervised fine-tuning, making them ideal for classification
and regression tasks [35]. By integrating SSAE and Optimized-MLP, this hybrid model
leverages the strengths of both paradigms: the SSAE extracts sparse, low-dimensional
representations of raw input data, while the Optimized-MLP utilizes these features for
precise fault prediction. This approach is particularly advantageous for PV fault detection,
where labeled fault samples are often scarce, but unlabeled operational data is abundant.
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As illustrated in Figure 1, the hybrid model operates in two stages. First, raw input
data X undergoes min-max normalization (Equation (1)) to scale values between [0, 1],
ensuring stable training. The preprocessed data is then fed to the SSAE, which consists of
an encoder fENC and decoder fDEC. The encoder maps X to a latent representation Z using
weights WENC and a sigmoid activation (Equation (8)), while the decoder reconstructs
X̂ from Z (Equation (9)). The model was trained over 100 epochs, with the following
hyperparameters set: weight-decay λ = 0.001, sparsity penalty β = 3, and target activation
ρ = 0.05. The Sparse AE’s loss function (Equation (13)) combines reconstruction error,
sparsity penalty (KL divergence), and L2 regularization. Once trained, the latent features Z
are extracted and passed to the OMLP (Figure 3), which computes predictions ŷ via fully
connected layers.

For classification, cross-entropy loss (Equation (16)) is minimized, whereas regres-
sion tasks use mean squared error. The Adam optimizer updates weights in both stages,
ensuring efficient convergence. As detailed in Algorithm 1 (Lines 6–26). The Optimized-
MLP (Lines 30–50) processes the flattened features with 16 hidden nodes, culminating in
a 5-node output layer that classifies faults into normal, degradation, SC, OC, and partial
shading categories. The subsequent section evaluates this architecture’s performance on
real-world PV fault datasets, demonstrating its superiority over standalone models.

Algorithm 1. Hybrid SSAE and Optimized-MLP

1: Procedure Hybrid Stacked Sparse AutoEncoder and Optimized-Multilayer
Perceptron (X, y, λ = 0.001, β = 3, ρ = 0.05, epochs = 100)
2: //Preprocessing
3: Input X: unlabeled raw data X ∈ R > (Vdc1, Vdc2, Idc1, Idc2, Irr, pvt)
4: Normalize X to [0, 1]
5: //Train Stacked Sparse Autoencoder (SSAE)
6: Initialize encoder fENC and decoder fDEC with weights WENC, WDEC

7: //Train SSAE for 100 epochs
8: for epoch = 1 to 100 do
9: //Forward pass
10: Latent representation:
11:

Z← σ(WENC.XNorm + bENC) (8)

12: Reconstruction:
13:

X̂← σ(WDEC.Z + bDEC) (9)

14: //Compute loss
15: Reconstruction error:
16:

Lrecon ←
1

2N

N

∑
i=1
∥ x̂i − xi ∥2 (10)
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Algorithm 1. Hybrid SSAE and Optimized-MLP

17: Sparsity penalty (KL divergence):
18:

Lsparse ← β
d

∑
j=1

ρlog
ρ
^
ρj

+ (1− ρ)log
1− ρ

1− ^
ρj

 (11)

19: Weight decay:
20:

Lreg ←
λ

2

(
∥WENC∥2

F + ∥WDEC∥2
F

)
(12)

21: Total loss:
22:

LSAE ← Lrecon +Lreg +Lsparse (13)

23: //Backpropagation
24: Update WENC, bENC, WDEC, bDEC via Adam:
25:

θ← θ− η∇θLSAE, θ ∈ {WENC, bENC, WDEC, bDEC} (14)

26: End for
27: //Feature Extraction
28: Extract latent features:
29: Z← fENC(XNorm)

30://Optimized-MLP for Fault Classification
31://Optimized-MLP for Fault Classification
32: Hidden layers ∈ {1, 2, 3} Units/layer ∈ {32, 64, 128}, Dropout ∈ [0.1, 0.5]
33: Initialize MLP fMLP with weights WMLP

34: Initialize Bayesian optimizer.
35: for t = 1→ T do

36: Sample hyperparameters θt =
{

nlayers, nunits, pdropout

}
37: for epoch = 1 to 100 do //Train MLP for 100 epochs
38://Forward pass
39: Prediction:
40:

^
y← fMLP(Z)← Softmax

(
Wout hnlayers + bout

)
(15)

41://Compute loss
42: Cross-entropy (classification) or MSE (regression):
43:

LMLP ←


− 1

n ∑n
i=1 ∑C

c=1 yiclog
(

^
yic

)
(classification)

1
n ∑n

i=1

∥∥∥∥yi −
^
yi

∥∥∥∥2
(regression)

(16)

44://Backpropagation
45: Update WMLP via Adam:
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Algorithm 1. Hybrid SSAE and Optimized-MLP

46:
WMLP ←WMLP − η∇WMLPLMLP (17)

47: Select optimal θ* ← argminLMLP

48: End For
49: return fENC, fMLP
50: End procedure

3.7. Evaluation Metrics

To evaluate the outcomes of the fault detection process in this study, a range of metrics
were employed. These metrics play an essential role in assessing the effectiveness and
reliability of the detection process. Prior to outlining performance metrics for this procedure,
it is crucial to clarify the following concepts [52]:

• TP (True Positive): This occurs when the detection process correctly identifies an
authentic fault in the PV system.

• TN (True Negative): This is observed when the PV system operates without any issues,
and the fault detection system correctly verifies the absence of faults.

• FP (False Positive): This occurs when the PV system shows no faults, and the fault
detection system identifies a fault.

• FN (False Negative): This happens when the PV system experiences a fault, and the
detection system does not indicate it.

• Accuracy: Correlates with the comprehensive detection effectiveness, Equation (18):

Accuracy =
(TP + TN)

(TP + TN + FP + FN)
(18)

• Precision: Represents the ratio between positive indicators, Equation (19):

Precision =
TP

(TP + FP )
(19)

• Sensitivity: Assesses the effectiveness of accurately classifying detections, Equation (20):

Sensitivity =
TP

(TN + FP )
(20)

• Specificity (recall): Assesses the classifier’s efficiency in recognizing inaccurate detec-
tions, Equation (21):

Speci f icity =
TN

(TN + FP )
(21)

• Macro F1-Score: Harmonic mean of precision and recall, averaged equally across all
classes, Equation (22):

Macro F1 score =
1
C ∑C

c=1
Precisionc.Recallc

Precisionc + Recallc
(22)

where C is the number of classes.

• Micro F1-Score: Global harmonic mean of overall precision and recall, accounting for
class imbalance, Equation (23):
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Micro F1 score =
2. TPTotal

2.TPTotal + FPTotal + FNTotal
(23)

• Cohen’s Kappa (κ): Measures inter-rater agreement adjusted for chance, Equation (24).

κ =
P0 − Pe

1 + Pe
(24)

where P0 is observed agreement and Pe is expected agreement.

4. Results
Experiments were conducted using Python 3.12.7 and TensorFlow 2.18.0 on a high-

performance computing environment. The SSAE was trained first, followed by the OMLP
classifier, until both models achieved convergence based on early stopping criteria.

4.1. SSAE Performance

Figure 7 displays the training and validation loss curves for the SSAE. Both losses
decrease rapidly in the first few epochs, suggesting that the SSAE quickly learns efficient
feature representations. The subsequent stability of both curves at low values indicates that
the SSAE effectively captures the underlying data patterns with minimal reconstruction
error, achieving a good balance between training and validation. Minor fluctuations in the
validation loss suggest slight variability but no overfitting, showing that the SSAE model
generalizes well across both sets.
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4.2. Optimized-MLP Performance

Performance metrics such as accuracy, precision, sensitivity, and specificity (recall) are
calculated to assess the model’s effectiveness in identifying fault types.

The Optimized-MLP model accuracy in Figure 8 shows both training and validation
accuracy over 100 epochs. Both accuracies increase rapidly in the initial epochs, stabilizing
near 99.9% accuracy. The high and consistent accuracy levels indicate that the model
has effectively learned the features extracted by the SSAE and performs well on both
the training and validation sets. Minor fluctuations in validation accuracy suggest slight
variations in generalization but no significant overfitting, demonstrating that the OMLP
model is well-optimized for accurate fault diagnosis.

The testing results in Table 2 highlight the high performance of our fault diagnosis
approach. Three experimental trials were conducted by repeating the process with three
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distinct data partitions derived from the same dataset, ensuring statistical robustness. The
model shows a strong average precision (99.7%), indicating accurate fault identification
with minimal false positives, and an average sensitivity (99.4%), ensuring effective fault
detection. The specificity reaches 100% across all tests, confirming that non-fault conditions
are correctly identified. Finally, with an average accuracy of 99.82%, the model demon-
strates reliable and consistent overall performance. These results confirm that the SSAE
and Optimized-MLP combination is highly effective for precise fault diagnosis.
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Table 2. Testing Results.

Test 1 Test 2 Test 3

Precision 0.996 0.998 0.998
Sensitivity 0.994 0.995 0.995
Specificity 1.000 1.000 1.000

Macro f1-score 0.973 0.975 0.978
Micro f1-score 0.996 0.997 0.998
Cohen’s Kappa 0.984 0.986 0.988

Accuracy 0.996 0.997 0.9982

4.3. Confusion Matrix

The confusion matrix depicted in Figure 9 shows strong performance in fault classifica-
tion. The model accurately identifies most “Normal” operating conditions, with 96,515 cor-
rect predictions, and demonstrates perfect precision (100%). For SC faults, 2173 samples
were correctly classified, with minimal errors (2 misclassified as degradation and 7 as partial
shading). Degradation faults also showed high accuracy, with 1917 correct identifications
and minor overlaps (3 confused with partial shading and 7 with OC faults), underscoring
the model’s reliability in distinguishing critical fault types.

4.4. Comparative Study

In this section, we compare our fault detection approach with recent models used in
PV system diagnostics, focusing on the DL techniques SAE and clustering, CNN, and CNN
Bi-GRU. Table 3 provides a summary of fault types detected, algorithms used, and accuracy
achieved by each method.

Our approach achieves a testing accuracy of 99.82%, outperforming other models
significantly, with a 2.8% increase over the highest alternative (SSAE with clustering at 97%).
In contrast, the standalone CNN achieves 95.20% accuracy for OC, SC, PS, and degradation
faults, while the CNN Bi-GRU detects faults with an accuracy of 99.4%.
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Table 3. Results of the comparative models.

Classifier Faults Accuracy

SAE and clustering OC, SC, PS, and degradation 97%
CNN OC, SC, PS, and degradation 95.20%
CNN Bi-GRU OC, SC, PS, and degradation 99.4%

Our method OC, SC, PS, and degradation 99.82%

The superior performance of our approach can be attributed to the synergy between
the SSAE and Optimized-MLP. The SSAE component effectively captures complex, high-
dimensional patterns within the data through unsupervised feature extraction, enhancing
fault feature representation. These refined features are then processed by the OMLP, which
excels in classification accuracy due to its multi-layer structure and ability to generalize
across fault types. This layered architecture allows our model to differentiate between
fault conditions more precisely, even in challenging scenarios where fault types may
have overlapping characteristics. This improvement highlights our method’s potential to
increase PV system reliability and efficiency, offering more precise fault detection, reducing
false alarms, and ultimately supporting more cost-effective maintenance and enhanced
system longevity.

5. Conclusions
In conclusion, the proposed hybrid SSAE-OMLP model demonstrates a robust frame-

work for fault diagnosis in photovoltaic systems. By leveraging SSAE for feature extraction
and Optimized-MLP for classification, our approach achieves high accuracy, precision,
and specificity, contributing to the reliable operation of PV systems. While the model
performs exceptionally in fault detection, future work could focus on testing across larger
and more diverse PV datasets to ensure generalizability. Additionally, integrating real-time
monitoring capabilities would enhance scalability in industrial applications. This study
underscores the potential for advanced machine learning models in renewable energy fault
diagnostics, supporting the broader goal of sustainable energy production and cost-effective
system maintenance.
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