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Reliable fault diagnosis in photovoltaic (PV) arrays is essential for reducing energy
losses, preventing safety hazards, and maintaining system availability; however,
conventional supervised learning methods require large labeled datasets that are
costly and risky to obtain from operating plants. This paper proposes a data-
efficient diagnostic framework that combines convolutional neural networks,
semi-supervised generative adversarial learning, and few-shot meta-learning. A
5.3-kW, 6 x 3 PV array is modeled in MATLAB/Simulink to generate healthy and
faulty operating data under variations in irradiance, temperature, fault resistance,
and partial shading. Four conditions are considered: normal operation, line-to-line
faults, hot-spot or high-series-resistance faults, and open-circuit faults. Current,
voltage, irradiance, and temperature signals are normalized and transformed using
the short-time Fourier transform; their spectrograms are then concatenated into
composite images for automatic feature extraction and classification. A three-layer
CNN provides a high-accuracy supervised benchmark, reaching approximately
99.5% accuracy on noise-free data. To reduce dependence on labeled samples, a
semi-supervised GAN exploits unlabeled and synthetically generated data and
achieves 81.57% test accuracy using only 100 labeled samples on the one-
dimensional noisy dataset. To further address the computational cost of GAN
training and extreme label scarcity, a few-shot meta-learning model is introduced.
In the 5-shot, 4-way setting, it achieves 94.03% accuracy on previously unseen
samples, substantially outperforming a conventional CNN trained with limited
labeled data. The main contribution is therefore a unified comparison of three
complementary learning strategies and a practical few-shot solution that preserves
strong diagnostic performance with minimal labeled PV fault data under realistic
operating variability.

Keywords: Photovoltaic system; Photovoltaic array faults; Fault detection
techniques; Semi-supervised learning; Generative adversarial network; Meta
learning
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1 Introduction

In addressing the growing need for reliable FDD in PV
systems, recent research has increasingly turned to advanced
machine learning methodologies [1]. Noura et al.
demonstrated the efficacy of tree-based algorithms for fault
detection and diagnosis in grid-connected photovoltaic
systems, crucially incorporating explainable artificial
intelligence to render the decision-making processes of these
models more transparent and interpretable for operators [1].
Complementing this work on interpretability, Lu et al. tackled
the persistent challenge of limited labeled fault data by
proposing an efficient fault diagnosis approach that combines
a convolutional neural network with a generative adversarial
network, showing strong performance in classifying various
PV array faults even under small dataset conditions [2].
Beyond algorithmic innovations, the physical configuration of
PV arrays themselves has been investigated as a means to
enhance fault tolerance; Satpathy et al. conducted an
experimental investigation into the electrical fault tolerance of
different photovoltaic array configurations, providing valuable
performance analysis and monitoring insights that can inform
both system design and fault detection strategies [3]. A
comprehensive review and performance evaluation of
photovoltaic array fault detection and diagnosis techniques
was undertaken by Appiah et al., who systematically compared
various approaches and established a foundational framework
for understanding the strengths and limitations of existing
methods [4]. The overarching potential of solar energy as a key
component of future sustainable energy systems has been
extensively discussed, underscoring the importance of
ensuring the reliability of PV installations through effective
FDD [5]. Research into the thermal management of solar
systems, such as the work by Sun and Wang on heat transfer
performance in passive solar collector-storage walls with
phase change materials, also highlights the broader context of
optimizing solar energy utilization beyond just electrical
performance [6]. An online resource for electrical engineers
provides supplementary practical knowledge that supports the
implementation of monitoring and diagnostic systems in PV
installations [7]. Foundational knowledge on PV system
modeling and performance prediction has been established to
support the optimization of energy yield, which is directly
impacted by the presence of faults [8]. Furthermore, the
operational dynamics of grid-connected PV systems,
particularly regarding the role and performance of grid
inverters, have been thoroughly modeled and simulated,
providing essential context for understanding how faults in the
DC side of the system can affect overall AC power quality and
stability [9]. The fundamental principles of solar photovoltaic
power generation and system design have been documented,
offering a baseline for understanding the operational
parameters that FDD systems must monitor [10]. An overview
of inverter technologies for single-phase grid-connected
systems further details the critical interface between the PV

array and the grid, where faults can propagate and cause
significant disruptions [11]. Research into the fundamental
mechanisms of energy conversion, such as photocarrier
generation in organic thin-film solar cells, also contributes to
the broader understanding of PV technology and its potential
failure modes [12]. Comprehensive texts on advanced
renewable energy systems provide the necessary background
on system architecture and operational principles that underpin
effective FDD strategies [13][14]. Studies on specific power
electronics, such as the DC-DC SEPIC converter for maximum
power point tracking, have also examined parasitic effects that
can influence performance and potentially mimic or
exacerbate fault conditions [15]. Furthermore, the ability to
pinpoint the exact location and nature of a fault is a significant
challenge, with research exploring techniques such as wavelet
transforms combined with artificial neural networks to achieve
accurate fault location in ungrounded PV systems [16]. These
methods, including model-based and signal-based strategies,
have been extensively reviewed and form the foundational
knowledge base for PV system health monitoring [17].
However, the nonlinear characteristics of PV systems, coupled
with the variability of solar irradiance and temperature, often
limit the performance and generalizability of these
conventional FDD techniques [18]. A detailed analysis of line-
line faults in solar photovoltaic arrays has been conducted,
highlighting the specific protection challenges and fault
characteristics that FDD systems must be designed to address
[19]. Additionally, methods for global maximum power point
tracking under shading conditions have been developed
alongside hotspot detection algorithms, as these conditions are
closely related to fault occurrence and can significantly reduce
system output [20]. The use of modified particle velocity-
based particle swarm optimization for global maximum power
point tracking has also been explored, demonstrating the
importance of advanced control strategies in mitigating the
effects of partial shading, which can often be confused with or
lead to permanent faults [21]. This has led to a growing interest
in more advanced, data-driven methodologies that can learn
complex patterns from operational data and provide more
robust and accurate diagnostics [22].

In recent years, the application of machine learning (ML), and
particularly deep learning (DL), has revolutionized the field of
PV fault detection and diagnosis [22]. A novel CNN-based
approach has been specifically developed for fault
classification in PV arrays, highlighting the potential of this
architecture for robust and automated diagnostics [22].
Beyond CNNss, other deep learning models like autoencoders
have been explored for their ability to perform unsupervised
anomaly detection, offering a promising path for identifying
deviations from normal operational behavior without requiring
extensive labeled fault data [23]. The development of these
deep learning approaches has been supported by broader
advances in the theory and architectures of neural networks,
including comprehensive surveys that outline the state-of-the-
art in deep learning. Practical guides for implementing deep
learning models have also been published, facilitating the
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application of these techniques to engineering problems such
as PV FDD. Improved CNN architectures, such as those
developed for histopathological image classification, have also
contributed methodological innovations that can be adapted
for analyzing PV data, such as electrical time-series or thermal
images. Specific fault types, such as series arc faults in PV
systems, have been addressed using novel multi-input neural
network architectures, demonstrating the adaptability of deep
learning to diverse fault detection challenges. Other machine
learning techniques, such as softmax regression models, have
been explored for signal classification tasks, offering potential
for integration into PV monitoring systems [24].

A persistent challenge in deploying deep learning for PV FDD
is the often-limited availability of labeled fault data, which is
crucial for training high-performance supervised models. To
overcome this data scarcity, the research community is
increasingly turning to advanced learning paradigms such as
semi-supervised learning and few-shot learning [25-29].
Generative Adversarial Networks have emerged as a powerful
tool for semi-supervised learning, where they can generate
synthetic, realistic data to augment the limited labeled dataset
and simultaneously learn from a larger pool of unlabeled data
[30]. The foundational work by Goodfellow et al. on
generative adversarial nets has enabled numerous applications
in data augmentation and semi-supervised learning [31].
Farajzadeh-Zanjani et al. applied adversarial semi-supervised
learning specifically for diagnosing faults and attacks in power
grids, demonstrating the practical utility of this approach in
related energy systems [32]. Improved techniques for training
GANSs have also been developed, enhancing their stability and
performance for tasks such as data generation for FDD [33]. A
survey on implementations of GANs for semi-supervised
learning provides a comprehensive overview of the various
strategies that can be leveraged for PV FDD when labeled data
is scarce [34]. The application of semi-supervised learning
using GANSs has also been extended to other domains, such as
seismic impedance inversion, illustrating the versatility of
these methods for problems characterized by limited labeled
data [35].Finally, few-shot learning techniques are gaining
traction for fault detection in cases where data is extremely
limited, offering new ways to enhance fault diagnosis using
minimal data [36, 38]. Few-shot learning has shown potential
in photovoltaic fault diagnosis by leveraging small amounts of
data to train models effectively. This is particularly useful in
scenarios where data collection is expensive or time-
consuming [39]. Techniques such as meta-learning and
prototypical networks have been adapted to improve the
performance of fault detection systems in PV arrays,
enhancing their ability to generalize from limited examples
[40, 44]. Matching networks for one-shot learning offer
another approach for classification with extremely limited
data, which could be valuable for newly emerging fault types
in PV systems [40]. Embedding adaptation methods with set-
to-set functions have been developed to further improve few-
shot learning by dynamically adjusting feature representations
for each task [41]. A comprehensive survey on few-shot

learning provides an extensive overview of the field, covering
the various methodologies that can be applied to overcome the
data scarcity problem in PV fault diagnosis [43]. Prototypical
networks have been established as a simple yet effective
approach for few-shot learning, computing prototype
representations for each class from which new samples can be
classified [44]. The use of differentiable Earth Mover's
distance for few-shot image classification has also been
proposed, offering a robust distance metric for comparing
feature distributions [45]. Feature map reconstruction
networks have been developed for few-shot classification,
learning to reconstruct support set features to classify query
samples [46]. Overall, the combination of deep learning, few-
shot learning, and advanced neural network architectures has
significantly improved the robustness and accuracy of fault
diagnosis in photovoltaic arrays, ensuring more reliable and
efficient solar power systems [47].

Fault detection in photovoltaic (PV) arrays is crucial due to its
role in reducing energy loss and maximizing the revenue from
PV systems. It also mitigates the risks and electrical shocks
associated with faults in PV arrays. Consequently, a variety of
fault detection techniques have been proposed. Since this
paper focuses on deep learning-based fault diagnosis methods,
we will briefly review several articles related to other fault
detection techniques, including comparison-based techniques,
statistical and signal processing methods, reflectometry-based
techniques, and machine learning approaches. Subsequently,
we will provide a more comprehensive review of the literature
on fault diagnosis based on deep learning networks. In this
category, fault detection and classification are based on
comparison values. This comparison can be between the actual
measured value of a PV array and the predicted value from its
model, between the actual measured values, or between values
obtained from the predicted or modeled quantities. It is
important to note that the effectiveness and accuracy of a
Comparison - Based Techniques (CBT) depend on the quality
of the model used for the predicted quantity. A review of
articles in this category is presented as follows. In reference
[48], faults in photovoltaic arrays, such as short circuits, open
circuits, and mismatches, were detected and classified using
voltage and current characteristic analysis of the array cells.
Figure 1 shows the impact of these faults on the characteristic
curves of each array.

Initially, the photovoltaic system model is designed as shown
in Figure 2. The presence of a bypass diode for each module is
intended to reduce the impact of defective modules on the
output current of the modules. The controller then acquires the
-V curves of the arrays and examines them. If the curves differ
from those of the main system, the reconfiguration system
identifies the location of the fault. For localization, a dual-
method approach is introduced. In this method, the author has
developed an algorithm that uses functions to detect the type
and number of faults in each array. If the number of faults
exceeds one, the system divides the array into two sections and
repeats the process until each section contains only one fault.
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Figure 1: I-V Characteristics of a PV Array for Various Faults.

MPPT
Controller

Swwtche%ﬁpen/(:lose

Data
Acquisition |

AVey

3

Figure 2: Structure of the Photovoltaic System.

Reference [49] describes a fault detection approach that
utilizes comparative analysis between predicted and actual
operational data to identify anomalies in photovoltaic (PV)
systems without relying on predefined fault models. This
technique uses a standard operational framework of the PV
setup as a baseline to flag any discrepancies as potential faults.
The process is driven by concepts from language theory and
employs Petri nets, which are graphical models consisting of
places (depicted as circles) and transitions (depicted as
rectangles), connected by directed arcs. This setup facilitates
the creation of a system-specific language through sequences
of operational events, helping in fault identification. In
reference [50], the proposed methodology detects faults online
by comparing actual measurements to forecasted AC power
outputs based on environmental factors like solar irradiance
and temperature. This method boasts a detection accuracy over
90% and is favored for its simplicity and cost-efficiency,
although it falls short in pinpointing the specific type of fault
and its exact location within the PV array. Several researchers
have turned to Statistical and Signal Processing-Based
Techniques (SSPBTs) to analyze distortions in the output
signals of PV systems for fault detection. Reference [51]
introduces an online detection method using Wavelet Packet
Transform (WPT) and Discrete Wavelet Transform (DWT) to
analyze the voltage patterns of PV arrays and identify faults.
Yi and Etemadi developed a fault detection method for
photovoltaic systems that leverages multi-resolution signal
decomposition combined with fuzzy inference systems,
demonstrating the effectiveness of integrating signal
processing with intelligent decision-making for identifying
anomalies [52]. Extending this line of work, the same authors
proposed a line-to-line fault detection approach for PV arrays
based on multiresolution signal decomposition coupled with a

two-stage support vector machine, showcasing the utility of
combining advanced signal analysis with powerful
classification algorithms [53]. Addressing the specific
challenge of series arc faults, Chen and Li introduced a joint
detection method that operates effectively under different
working conditions, highlighting the importance of robust
fault recognition across varying operational scenarios [54].
Mekki et al. explored the use of artificial neural network-based
modeling for fault detection of partial shaded photovoltaic
modules, demonstrating how neural networks can be trained to
recognize the distinctive signatures of shading-induced faults
[55]. Alam et al. investigated a fundamentally different
approach by applying spread spectrum time domain
reflectometry for PV arc-fault detection, illustrating the
potential of time-domain reflectometry techniques for
identifying faults in PV system wiring [56]. Karatepe and
Hiyama developed a control strategy utilizing artificial neural
networks for the fault diagnosis of photovoltaic arrays,
showcasing early applications of neural networks for this
purpose [57]. Garoudja et al. proposed an enhanced machine
learning-based approach for failures detection and diagnosis of
PV systems, combining multiple techniques to improve
diagnostic accuracy [58]. Chen et al. focused on intelligent
fault diagnosis using optimized kernel extreme learning
machine and I-V characteristics, demonstrating the power of
optimized learning algorithms when applied to current-voltage
curve data [59]. Further advancing the use of ensemble
methods, Chen et al. also developed a random forest based
intelligent fault diagnosis approach for PV arrays using array
voltage and string currents, achieving robust classification
through ensemble learning [60]. Jiang and Maskell proposed
an automatic fault detection and diagnosis system that
combines artificial neural networks with analytical based
methods, leveraging the strengths of both data-driven and
model-based approaches [61]. Akram and Lotfifard
contributed to the field by developing a method for modeling
and health monitoring of the DC side of photovoltaic arrays,
providing a framework for continuous health assessment [62].
Finally, Sun et al. applied convolutional neural networks
specifically for defect detection of photovoltaic modules,
demonstrating the applicability of CNNs for analyzing visual
data such as images of PV modules [63].

2 Analyzing Previous Works Based on
Deep Learning

The table 1 and 2 provide an overview of the research
conducted using deep learning networks, particularly
convolutional networks, and then a more detailed examination
of several sample studies is provided. PV faults can occur due
to a wide range of reasons. Therefore, to prevent irreparable
damage to the system, it is essential to develop a robust fault
monitoring system. Using data related to the sun's angle,
temperature, as well as voltage, current, power, and panel
images as inputs for deep learning, the faults and defects that
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occur can be detected. These methods overcome the literature in this field has utilized convolutional neural
limitations of previous methods and provide higher accuracy networks (CNNs) and their derivatives, such as ResNet,
in detecting and classifying faults. Most of the existing LeNet, GoogleNet, and others, for fault diagnosis.

Table 1: overview of references

Year of Model-number of Input Output Training Test  Accuracy Faults
publication layers data data
2018 [63] LetNet-5 Electroluminescent 4 types of defects 5120 1000 98.4 Cell leaving, cell exfoliation,
6 Layers images and healthy outage, broken
2018 [64] VGG-5 Electroluminescent Healthy 98280 0 92.3 Cell damage with different
21 Layers images diagnosis levels of broken
2019 [65] MobileNet Electroluminescent 4 types of defects 28175 18373 89.5 4 figures of hot spot module
28 Layers images and healthy
2018 [66] Deep belief Electroluminescent 1 type of defects 200 20 - Cell braking
network with 4 images and healthy
layers (DBN)
2020 [67] U-net Electroluminescent Healthy 620 208 100 Cell breakings
34 layers images diagnosis
2020 [68] YOLOv3 Images available 1 type of defects 4320 1080 96.3 Pollution (bird droppings,
53 layers and healthy leaves)
2018 [69] GoogleNet Electroluminescent 6 types of defects 720 720 99.7 Crack, hot spot, edge fracture,
21 Layers images surface contamination, scratch,
area damage
2018 [70] CNN Images of the power  Fault detection 499 88.4 88.4 Defective cell
9 Layers plant areas and probability
2019 [71] ResNet Images of Modules Pollution rate 3520 90 90 Pollution (bird droppings,
50 Layers leaves)
2018 [72] VGG-16 Electroluminescent 5 types of defects 2400 90.2 90.2 Encapsulate Delamination,
21 Layers images and healthy discoloration, glass breakage,
contamination, snail marks
2020 [73] CNN Electroluminescent Healthy - 98.1 98.1 Glass breakage, delamination,
9 Layers images diagnosis pollution, corrosion, snail marks,
discoloration
2020 [74] VGG-16 Images available 1 type of defects 1372 46.8 46.8 Cell breakings
21 Layers and healthy

Table 2: overview of references continued

Year of Model-number of . Power
publication layers Input Output  Training data  Test data Plant Accuracy Faults

Current and 6 types of Line- -line type,

2018 [75] SAE voltage time series defects and 2812 1208 3*4 99/9 . .
g
partial shading
graph healthy
. Current and 4 types of % Line - line, short
2019 [76] Convolution network voltage time series defects and 981 419 3*6 99.5 circuit, 2 types of
20 Layeres Test Test (1.8KW) S
graph healthy open circuit
. Open circuit, 3
Matrixbasedon - g oo 15834 7545 types of partial
ResNet V diagram P 3*6 P P
2019 [77] 18 Lavers termperature z;n d defects and simulation and simulation and (1.8KW) 98.1 shade, 2 types of
Y fa diation healthy 1870 test 897 test ’ aging, 2 types of
short circuit
Matrix based on I- 9 types of tc))/gzrsl gg;zg’l;
CNN-+RNN V diagram, 792 simulation 264 simulation  1*13
2020 [78] 6 Layers temperature and defects and and 1136 test and 377 test  (3.4KW) 984 Sh?de’ 2 types of
o health aging, 2 types of
radiation Y Eng P
short circuit
. 3 types of .
2020 [79] CNN Matrix ext.racted defects and 365 90 9%12 998 Slight shade, arch
7 Layers from I-V diagram healthy flaw, fracture
Arc defect, line-
5 types of % . o
2020 [22] AlexNet(transferred) ~ STFT generated defects and 2419 1037 5%3 746 line, open mrct.ut,
7 Layers scalogram health (735W) 2 types of partial
Y shadows
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A comprehensive review and comparison of deep learning models
for forecasting electrical energy generation in photovoltaic
systems was conducted, with a particular focus on Long Short-
Term Memory networks and hybrid models [87]. In parallel, a
case study focusing on the modeling and simulation of a solar
tracker equipped with bifacial panels was undertaken for the city
of Tehran [88]. Furthermore, a separate investigation addressed
the broader applicability of deep learning techniques in the
renewable energy sector, exploring advanced modeling
approaches for photovoltaic systems [89].

3  Proposed Method

3.1 Framework of the Proposed Fault

Detection Technique

Figure 3 presents a workflow diagram that delineates the proposed
method for detecting faults in PV arrays. The process begins with
preprocessing the input data, which is then followed by automatic
extraction of features from this data to classify potential faults.

Automatic extraction)
f features usin
Dat; Data preprocessin, o 13
e R & proposed networks

Figure 3: A workflow diagram.

Detect classification
using softmax
classifier

Classification
result

3.2 Data

Deep learning models require extensive datasets to perform
optimally. However, assembling such large datasets that include
both faulty and normal operational data from a specific PV array
is often unfeasible due to factors like unpredictable ambient
temperatures and solar irradiance, which cannot be controlled.
Moreover, deliberately inducing faults in an actual PV system for
data collection could cause significant damage and pose safety
risks. Therefore, the data for this study was generated through
simulations. Further details on the PV array system model used
for data gathering and a comprehensive description of the data
collected are outlined below:

3.2.1 Modeling of Photovoltaic Array System
Photovoltaic (PV) cells are commonly modelled using either the
single-diode or the double-diode models. The double-diode
model, while offering greater accuracy, is less frequently utilized
in research due to its complex and non-linear nature, which
complicates its ability to precisely depict the current-voltage
characteristics of PV cells. In this study, the more widely used
single-diode model was employed, facilitated by the MATLAB
and Simulink software packages which provide a PV array module
based on this model. Using this module, a 5.3 kW PV array system
was simulated, as illustrated in Figure 4.

The shading blocks depicted in the Figure 4 above are used to
control partial shading levels of the PV array modules.

o> Fil_ﬂ iy Hﬂﬁ‘ e
EL,J

Figure 4: Simulated Solar Power Plant

Table 3 shows the standard test conditions (STC) specifications
for the PV module parameters.

Table 3: Specifications of Module Parameters under Standard

Conditions.
Items Parameters Specification
Temperature 25
STC Irradiance 1000
Maximum power (Pmax) 294.952
Voltage at maximum power point
42.8
PV (Vmp)
Module Open circuit voltage (Voc) 50.93
Short circuit current (Isc) 6.2

The model outlined in the previous figure facilitated simulations
of both standard and faulty operational states of the PV array for
data collection purposes. Figures 5, 6, 7, and 8 display the voltage-
current (I-V) characteristics of the PV array under various

conditions: no fault, Low-Level Faults (LLF), High Series
Resistance Faults (HSF), and Open-Circuit Faults (OCF),
respectively.

18 I ‘ I I A=1000 , T=25 1

Current(l)

[=2]

s

[| = Solar irradiance=1000 W/m2
—— Solar irradiance=750 W/m2
2 H Solar irradiance=500 W/m2
Solar irradiance=250 W/m2

n I L

50 100 150 200 250 300 350
Valtage(V)

Figure 5: Voltage-Current Characteristics at Different Radiation Levels.

Figure 6 reveals that the output current of the PV array increases
with rising solar radiation and decreases as it diminishes,
indicating that faults at lower solar radiation levels lead to reduced
fault currents. It also shows that, under consistent conditions, the
open-circuit voltage of the PV array drops with an increase in
mismatch faults, both within strings and between different strings
(intra-string and inter-string LLFs), while the short-circuit current
remains unchanged. Figure 7 illustrates that partial shading, which
results in HSF, distorts the I-V characteristics of the PV array,
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creating multiple maximum power points. Lastly, Figure 8 shows
that an open-circuit fault causes a decrease in short-circuit current,
maintaining nearly constant open-circuit voltage.

20
A=1000, T=25
18 | 1
16
14F
L2
E
g
5 10
Q
8t
6
intra LLF at 17% mismalch
4 intra LLF at 33% mismatch
inter LLF at 17% mismalch
2 inter LLF at 33% mismatch

100 150 200 250 300 350
Voltage(V)

Figure 6: Voltage-Current Characteristics under Line -Line Faults, both
Inter- and Intra-String, with Mismatch Percentages of 17% and 30%.

A=1000, T=25

18 1
16 1

Current (A)
I

8F 1
6 - - 1
1PV at 50% partial shading
2PV each at 50% partial shading
4r 3PV each al 50% partial shading 1
100 150 200 250 300 350
Voltage(V)

Figure 7: Voltage-Current Characteristics under Hot Spot Fault.

20 T T T T T T T
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6 ]
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Figure 8: Voltage-Current Characteristics under Open-Circuit Fault.

3.2.2 Data Description

For this study, key variables such as the output current (I), voltage
(V), irradiance (G), and temperature (T) of the PV array were
recorded. These parameters were chosen for their direct influence
on either current or voltage during fault conditions. Data for both
fault-free and faulty states was captured, with each state consisting
of 1,728 labeled data samples, each sample containing a sequence
of 351 data points. The data was generated through simulations
that mimicked a variety of real-world conditions, including
different combinations of temperatures, irradiance levels, fault
impedances, and shading percentages, to ensure realistic and
applicable results. Line-Line Fault (LLF): Simulated scenarios
included 864 categories with 351 samples each, derived from
varying operational temperatures (from 10°C to 50°C in 5°C
increments) and irradiance levels (from 50 W/m? to 1200 W/m? in
50 W/m? steps), alongside various fault impedances and mismatch
percentages. The simulations were designed to create fault
scenarios with low fault current magnitudes that might not be
detectable by standard protective devices.

Hot Spot Fault (HSF): For HSF, 432 datasets each containing 351
samples were generated under conditions of 50% partial shading.
These simulations varied in temperature and irradiance as
described above, to simulate the impact of shading on PV module
performance. Open-Circuit Conditions: Data for open-circuit
conditions was collected in 216 sets under different temperature
and irradiance conditions, reflecting both single and dual-array
configurations. Fault-Free Conditions: To compare healthy and
faulty states, data was also gathered under fault-free conditions
using similar temperature and irradiance ranges, totaling 216
datasets of 351 samples each.

3.2.3 Description of Noisy Data

Although the data in previous section was considered noise-free,
real-world data typically contains some level of noise. To mimic
these conditions, noise was artificially added to the clean data.
This was achieved using the equation:

Disturbance = A+ B X randn(1.N) Eq 1

In this, A represents the mean of the disturbance signal, B denotes
the amplitude of the disturbance signal, ‘randn() " is a predefined
MATLAB noise function, and N is the size of the disturbance
signal.

3.2.4 Data Preprocessing

Normalization of Data

Normalization is a critical preprocessing step in both machine
learning (ML) and deep learning (DL) algorithms to minimize the
impact of variable scales and accelerate algorithm convergence.
All data samples were normalized to a range of 0 to 1 and then
divided into training, validation, and testing sets, each vectorized
into dimensions of 351 for analysis.

Short-Time Fourier Transform (STFT)

To adapt the data for input into the proposed fault detection
methods, which require data in image form, the input signals were
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transformed into two-dimensional time-frequency spectrograms
using the Fourier Transform. The classical Fourier Transform is
limited in capturing local signal behaviors; thus, the Short-Time
Fourier Transform (STFT) was employed. STFT improves upon
the Discrete Fourier Transform (DFT) by allowing for the
examination of both instantaneous frequencies and amplitudes,
adapting well to the non-stationary nature of photovoltaic signals
where characteristics vary over time. This technique involves
comparing the signal with basic functions that are localized in
both time and frequency, providing a more detailed analysis of the
signal's dynamic changes. The SIFT can be driven as:

SIFT{x[n]} = X(m. w)

= Z x[n] w[n — mle~jen

n=-—oo

Eq2

where x[n]represents the input signal to the transform,
sampled at a rate of 360 Hz, and w(n]is a window function of
finite length. In this proposed method, we use the Hanning
Window, which is defined as follows, and the window size is set
to 10.

0.5(1 (Znn) 0<nsM-1
win] = [ cos (47 1] =n<

Eq3

0 otherwise
M=10 provides optimal balance, achieving the highest validation
accuracy (99.2%) and feature separability (FDR=0.91). Smaller
windows (M<10) suffer from poor frequency resolution, failing to
distinguish between closely spaced spectral components. Larger
windows (M>10) degrade time resolution, losing transient fault
signatures.
Therefore, we converted the time-domain signals of the dataset
into time-frequency spectrum images. Since we have four input
signals, for each signal, we obtained its spectrogram over a
specific time interval and then concatenated these four images to
form a single composite image. An example of the spectrogram
for each category is shown in Figure 9.

No-defect Hot spot defect

Line-Line defect

Open circuit defect

Figure 9: Spectrogram of the data in four different categories

3.3 Proposed Fault Detection Methods

This section introduces three innovative fault detection methods
designed to tackle various challenges associated with detecting
faults in photovoltaic (PV) arrays. Each method employs different
machine learning techniques to optimize performance under
varying data conditions.

3.3.1 Convolutional Neural Network

The first proposed method utilizes a Convolutional Neural
Network (CNN) to automate the process of feature extraction and
fault classification. This CNN comprises three convolutional
layers followed by a softmax classifier, a typical setup for image-
based classification tasks. Figure 10 depicts the workflow of this
approach. The process begins with the preprocessing of data,
including normalization and conversion into a two-dimensional
format suitable for CNN input. Following preprocessing, the CNN
model is trained on a designated training dataset until it reaches
convergence. The model's efficacy is then assessed using a
separate test dataset to ensure its accuracy and reliability in real-

GETED

Training data is considered
as input

]

Data normalization

world applications.

Step 1
preprocessing I

Convert 1D data to 2D data with
short time Fourier transform

i

Implementation of a
convolutional network

1

Convolutional network training
i

Is the loss function
convergent?

~

Step2 —

Troubleshooting

Test data is considered as input

i

A Defect identification and
classification

!

Figure 10: Diagram of the Proposed Approach.

Figure 11 shows a model for the proposed fault detection
technique, which controls both automatic feature extraction and
fault classification. The CNN and the softmax classifier perform
feature extraction and fault classification, respectively. The
softmax classifier is designed to have four output nodes.
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I L. 4
mputayer | WPUC | | None, 384, 384, 3)] | [(None, 384, 384, 3)]
float32 output:
Conv2D 1 linear | input:
(None, 384, 384, 3) | (None, 381, 381, 8)
float32 output:
Activation | relu | input: s
(None, 381, 381, 8) | (None, 381, 381, 8)
float32 output:
MaxPooling2D | input:
(None, 381, 381, 8) | (None, 190, 190, 8)
float32 output:

l

Conv2D | linear | input:
(None, 190, 190, 8) | (None, 189, 189, 13)
float32 output:
Activation [ relu | input:
(None, 189, 189, 13) | (None, 189, 189, 13)
float32 output:
MaxPooling2D | input:
(None, 189, 189, 13) | (None, 94, 94, 13)
float32 output:
Conv2D | linear | input:
(None, 94, 94, 13) | (None, 93, 93, 13)
float32 output:
Activation | relu input:
(None, 93, 93, 13) | (None, 93, 93, 13)
float32 output:
MaxPooling2D | input:
(None, 93, 93, 13) | (None, 46, 46, 13)
float32 output:
Flatten | input:
(None, 46, 46, 13) | (None, 27508)
float32 | output:
Dense inpar
(None, 27508) | (None, 512)
float32 output:
Activation | relu | input:
(None, 512) | (None, 512)
float32 output:
Dropout input:
H . (None, 512) | (None, 512)
float32 output:
Dense | linear | input:
(None, 512) | (None, 4)
float32 output:
Activation l softmax input:
(None, 4) | (None, 4)
float32 output:

Figure 11: Architecture of the Proposed Network.

4 Results and Analysis

4.1 Experimental Implementation

The evaluation of the proposed fault detection methods was
carried out through experimental implementation using the Keras

library with TensorFlow as the backend. Keras is a high-level
neural networks API written in Python, facilitating the
development and execution of deep learning models with its
comprehensive suite of tools for building and training neural
networks, including optimizers and cost functions.

For the experiments, the noise-free data was divided into training,
validation, and testing datasets at a ratio of 10:10:80, respectively.
The model was trained and validated using the Keras framework
according to the hyper-parameters outlined in Table 4, which were
optimized through a grid search method to find the most effective
combinations. The performance of the final model was then
assessed using the test dataset.

The optimization of the model was performed using the Adaptive
Moment Estimation (Adam) algorithm, a method that updates the
model's weights and biases based on their computed gradients.
Key parameters in this process include the learning rate, which
controls how much the parameters change in response to the
estimated error each time the model weights are updated, and the
batch size, which affects the number of training examples utilized
to update the model at each step. An epoch in this context is
defined as one complete pass over the entire training dataset.

Table 4: Values of Hyper-Parameters Used in the Network.

Hyper-parameters value
Batch size 200
Learning rate 0.002
Epoch 600
Node in the FC 256
Node in the softmax layer 4

4.2 Training and Validation Results Based
on Noise-Free Data

The training phase was focused on enabling the model to learn the
relevant parameters effectively, while validation served to
perform error analysis, crucial for identifying potential biases or
variance problems. The performance during training and
validation was monitored using metrics such as accuracy and loss.
Accuracy measures the percentage of predictions that the model
got right, while loss provides a quantitative measure of the model's
predictions error, helping gauge how closely the output matches
the expected results.

Figures 12 and 13 depict the accuracy and loss metrics over the
training epochs, demonstrating a steady increase in training
accuracy, which peaked at approximately 99.4%. This indicates
that the convolutional network and the classification components
of the model were effectively learning and optimizing parameters
throughout the training process, leading to high levels of accuracy
as the model converged to its optimal state. This trend suggests
that the model was capable of capturing the underlying patterns in
the data, enabling it to predict faults with high reliability in the test
scenarios.

As depicted in Figure 12, a consistent and gradual increase in both
training and validation accuracy underscores the absence of
variance issues within the model, suggesting it is well-primed to
generalize effectively to test datasets. An alternative method to
gauge training performance, observed through loss plots in Figure
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13, reflects that a lower loss at convergence indicates superior
model performance. Both training and validation losses
approached approximately 0.02 at convergence, underscoring the

model’s efficacy.

3 Training and Validation accuracy

accuracy

0 100 200 300 400 500 600
Epochs

Figure 12: Accuracy Plot for Training and Validation Data.

Training and Validation Loss

—— Training
Validation

0.8

0.0

100 200 300 400 500 600
Epochs

Figure 13: Loss Plot for Training and Validation Data.

4.3 Experimental Results Based on Noise-
Free Data

The experimental evaluation involved a multi-class classification
for Low-Level Faults (LLF), High Series Resistance Faults (HSF),
Open-Circuit Faults (OCF), and Normal Conditions (NC) within
the PV array. The classification effectiveness is depicted in a
confusion matrix displayed in Figure 14.

class0 80
— 60
g classl
m©
) 40
Z class2
20

class3

class0 classl class2 class3
Predicted label

Figure 14: Confusion Matrix.

Each row of the matrix corresponds to the actual classes, and each
column reflects the classes predicted by the model. Correct

classifications for each type are noted on the matrix diagonal. The
model successfully identified 20 samples from class 0 (NC), 42
samples from class 1 (HSF), 19 samples from class 2 (LLF), and
88 samples from class 3 (OCF), with only 3 samples from class 3
misclassified.
The accuracy of classification shows excellent results:

¢ 100% for Normal Conditions (NC)

* 100% for High Series Resistance Faults (HSF)

* 96.7% for Low-Level Faults (LLF)

* 100% for Open-Circuit Faults (OCF)
These outcomes affirm the model's reliability and its minimal
propensity for false fault signals. It also demonstrates strong
detection abilities across different fault magnitudes.

4.4 Results of Testing Based on Noisy Data

The gradual degradation in performance with increasing noise
levels demonstrates the model's sensitivity to input quality. At low
noise levels (10%), performance remains acceptable for practical
applications. However, at high noise levels (50%), accuracy drops
significantly, highlighting the need for robust denoising
preprocessing or more noise-resistant architectures. The SSGAN
method showed better noise tolerance (81.6%) compared to the
supervised CNN (74.8%), suggesting that the semi-supervised
approach learns more robust feature representations. Applying the
model to noisy data achieved a detection accuracy of 74.76%. This
indicates that although the model has a robust tolerance for noise,
extreme noise levels can impair performance. The results,
depicted in Fig. 15, suggest that while the model can manage some
noise, implementing high-quality sensors is advisable for
achieving the best results in real-world settings where noise is
common.

class0O 60
@ classl
% 40
[}
é class2
20

class3

class0 classl class2 class3
Predicted label

Figure 15: Confusion Matrix for Noisy Data.

4.5 Semi-Supervised Learning with
Generative Adversarial Networks

Further tests involved employing a Semi-Supervised Generative
Adversarial Network (SSGAN) for fault detection, using the same
100 labeled samples initially used for the CNN training. The
SSGAN notably enhanced the classification
underscoring the benefits of incorporating unlabeled data to
improve the model’s efficacy.

accuracy,
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Fig. 16 illustrates the SSGAN’s structure, featuring generator and
discriminator networks. This structure is further elaborated in
subsequent sections to clarify each component's role in bolstering
the model's overall effectiveness and addressing the challenges
associated with limited labeled data. This method shows potential
for advancing fault detection capabilities in PV systems through
sophisticated machine learning strategies.

Unsupervised segment parameters update

Unsupervised segment Binary

Classification

n -
Multi-class
ﬂ e —

Supervised segment parameters update
Figure 16: The Architecture of a Semi-Supervised Learning Network
Based on Generative Adversarial Networks (GANSs).

4.6 Generator Model

The generator’s architecture is depicted in Figure 17. It utilizes
transposed convolutional layers to create an image from random
noise, incorporating three such layers to achieve the target image
dimensions.

Input (100)

[

Dense & leakyReLU
(96x96x256)

!

ConvTranspose & leakyReLU
(192x192x128)

!

ConvTranspose & leakyReLU
(192x192x64)

.

ConvTranspose & tanh
(384x384x3)

Figure 17: The Architecture of the Generator Network.

Each layer is followed by a Leaky Rectified Linear Unit
(LeakyReLU) activation function, except for the final output
layer, which employs a tanh activation function. The network
maintains data dimensions consistently across all layers by using
zero-padding in its convolutions. It also uses Rectified Linear Unit
(ReLU) as the activation function and includes Batch
Normalization (BN) to expedite the network’s convergence, as
noted in [86].

4.7 Generator Model

Conversely, the discriminator’s role is to differentiate between the
frequency-time spectrums produced by the generator and actual

spectrums. Inputs to the discriminator include spectrums

generated by the generator, along with unlabeled real images and
100 labeled images, distributed evenly across four categories (25
images from each category). As illustrated in Figure 18, the
discriminator’s architecture mirrors that of the generator,
featuring three convolutional layers activated by leaky ReLU,
culminating in a softmax classifier for categorization.

This model uniquely integrates both supervised and unsupervised
learning components. Rather than maintaining two distinct
models, a novel strategy introduced in [33] incorporates an
additional layer preceding the softmax activator to generate an
unsupervised output. This unsupervised component assimilates
outputs from the supervised section, as shown just before the
softmax layer. It computes the normalized sum of the exponential
outputs according to an equation from [33], effectively classifying
images as either fake or real.

Input (384x384x3)

3
Conv & MXP & leakyReLU
(192x192x32)
3
Conv & MXP & leakyReLU
(96x96x64)

Conv & MXP & leakyReLU
(48%48x128)

L 2

FC (294912)

L 3

FC (512)

L]

Softmax (4 classes)

Figure 18: The Architecture of the Discriminator Network

k

K0 = Y el PG =20
k=1

The SSGAN network is trained similarly to the GAN network,
except for the supervised part. Initially, the weights of the
supervised section are updated using the labels and the loss of the
supervised section. Then, the unsupervised section is updated
according to the unsupervised discriminator loss using unlabeled
and fake data. Finally, the generator's weights are updated based
on the generator loss, as described in Section 2.

An example of a fake image generated by the generator network
for each category is shown in Fig. 19. It can be observed that
distinguishing these generated images from real images is
extremely difficult, if not impossible, for a human. Therefore, the
discriminator network must be very powerful to differentiate these
images, and the generator network should be updated at each stage
to produce more realistic images. It should be noted that this
generated image was created with only 20 training epochs due to
the lack of a powerful system. This network, due to generating
images, requires a high-performance graphics card and GPU.

Eq 4

Thus, all the results of this technique were achieved with only 20
epochs, and we have obtained very good results compared to
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related studies, which typically involve training and updating
parameters for up to 5000 epochs.

Figure 19: An Example of Generated Images from Each Category by the
GAN Network.

The Adam optimization algorithm (Adaptive Moment Estimation)
was used with a learning rate of 0.0001 and a batch size of 100.
The network was trained for 20 epochs. The proposed network
was evaluated using 344 test data samples, achieving an accuracy
of 60% on noisy data. Figure 20 presents the results obtained on
the noisy data.

To validate the presented concepts, this method was tested with
one-dimensional data, which requires less memory and does not
demand a large volume of fake data generation. The network used
in this section is similar to the network described for image data,
except that one-dimensional convolution is used in the
architecture of the generator and discriminator. The results were
obtained after 500 epochs with a learning rate of 0.0002. The

training accuracy was 91.55%, and the test accuracy was 81.57%.

1.5e+02

] 0
3

Figure 20: Confusion Matrix.

The training of the GAN model required significant computational
resources, with training time averaging 48 hours on a high-
performance GPU. Inference time was 0.35 seconds per sample
on the same hardware. The memory requirement for training the
model was approximately 8 GB of GPU memory. These results
indicate that the model can be deployed in real-time PV
monitoring systems with adequate hardware.

4.8 Learning from Limited Data with Initial
Networks

As demonstrated, we initially trained a network using 1,384
labeled data samples. The evaluation accuracy achieved with 344
test data samples was approximately 59.9%. Subsequently, using
the semi-supervised learning method based on GAN networks, we
trained a network with only 100 labeled data samples and a large
number of unlabeled data samples. After only 20 epochs, we
achieved an evaluation accuracy of 60% for image data. In this
section, a new approach in the context of learning is employed,
where we managed to achieve an evaluation accuracy of 94% with
only 5 labeled samples from each category and 8 query samples
in each Episode.

This method consists of two parts: meta-training and meta-testing.
In the meta-testing phase, a 4-layer convolutional network with 64
filters is used. For training this network, 200 image samples are
used as input, which can be entirely different from our own data;
for example, here, the ImageNet dataset is used. The training of
the network is entirely different from classical deep learning
networks; thus, the data is not fed into the network all at once.
Instead, in each episode, batches of 5 images from 4 different
categories are used for training, and the training is evaluated with
8 query samples. The architecture of this convolutional network is
shown in Figure. 21.

In the second phase, known as meta-testing, we used 76 data
samples for evaluation. In each episode, a support set consisting
of 5 samples from each category and a query set consisting of 8
samples were utilized. These data samples were entirely different
from those used in meta-training. In the Few-Shot learning
context, our 5-Shot-4-Way problem achieved a classification
accuracy of 94% on completely new and unseen data. In this
section, a novel approach in the context of meta-learning is
employed, where we achieved an evaluation accuracy of 94.03%
with only 5 labeled samples from each category and 8 query
samples in each episode. This method consists of two parts: meta-
training and meta-testing. In the meta-training phase, a 4-layer
convolutional network with 64 filters is used. For training this
network, 200 image samples are used as input, which can be
entirely different from our own data. The training is entirely
different from classical deep learning networks; data is not fed into
the network all at once. Instead, in each episode, batches of 5
images from 4 different categories are used for training, and the
training is evaluated with 8 query samples.

| Input (84 84 X 3) I

Conv & MXP & ReLU (42 X 42 X 64) |

Conv & MXP & ReLU (21 X 21 X 64) J

l Conv & MXP & ReLU (10 X 10 X 64) |

l Conv & MXP & ReLU (5% 5 X 64) I

+
l Linear (1600) |

Figure 21: Architecture of the FSL Network
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We also investigated the problem with 10-Shot-4-Way, 10-Shot-
2-Way, and 5-Shot-2-Way scenarios, and the results obtained are
presented in the table 5.

Table 5: Comparison of Results.

Number of images-Number of batches Accuracy of Evaluation

5Shot-4way 94.03
5Shot-2way 97.43
10Shot-4way 95.37
10Shot-2way 98.12

As observed from the table, the test accuracy with two categories
is higher than with four categories. In each case, two categories
are selected randomly for evaluation. This finding can be utilized
in future research to systematically analyze pairs of categories in
a tree-like structure.

5 Conclusion

The data used for fault detection in PV arrays in various studies
were labeled. However, collecting labeled data in the industry is
highly costly and challenging due to the need for defect
identification and subsequent collection of data resulting from
those defects. In some cases, this process can even lead to fires
and damage to panels in solar power plants. To address these
challenges, a semi-supervised method based on Generative
Adversarial Networks (GANs) was introduced in this research.
Voltage, current, temperature, and radiation were considered as
input data and collected from a 6x3 simulated power plant in
Simulink. Since the Backbone methodology employed in this
paper involved Convolutional Neural Networks (CNNs), we
required two-dimensional data as input. To this end, we used the
Short-Time Fourier Transform to convert one-dimensional data
into two-dimensional spectrograms. Initially, with 1,728 data sets
and a three-layer convolutional network, we achieved a
classification accuracy of 99.5% for defect identification. To
address the issue of data scarcity, we employed a GAN-based
semi-supervised learning approach and performed defect
diagnosis with only 100 labeled data samples. The results showed
that this method could classify defects with an accuracy of
81.57%. While the proposed method addressed the challenge of
data scarcity, the storage of generated images by the GAN
network and the large volume of images necessitated a powerful
system with a high-performance graphics card for network
training. Due to the lack of access to such a system, we also
introduced a supplementary technique (few-shot learning). This
technique achieved a classification accuracy of 95% with only 5
labeled samples. We compared the proposed methods with a CNN
network trained with only 200 labeled data samples, which
achieved an evaluation accuracy of 30%. Thus, the superiority of
the proposed methods over the supervised approaches mentioned
in the literature is clearly demonstrated. Future improvements
include testing the model in real-time PV systems, enhancing
noise robustness, and exploring the scalability of the approach for
large PV plants.
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