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Abstract— This study presents a methodology for diagnosing 

faults in photovoltaic (PV) systems using Convolutional Neural 

Networks (CNNs). By leveraging CNNs' ability to extract intricate 

features from PV data, including voltage, current, irradiation, and 

temperature, the proposed approach enables the accurate 

identification of various fault types such as short circuits, open 

circuits, wear, and shading. The contribution of this paper 

enhances PV system performance and reliability through early 

fault identification and a comprehensive framework for fault 

analysis. By effectively distinguishing between normal operating 

conditions and different fault occurrences, this methodology 

supports a more sustainable and efficient solar energy future. 

Through data preprocessing, optimization of the CNN 

architecture, and incorporation of a multi-class classification 

layer, the model achieved a high accuracy in fault detection, with 

an average detection and classification accuracy of 99.7%. The 

rigorous validation and testing employed in this study affirm the 

effectiveness and reliability of the CNN-based approach. Overall, 

this methodology offers a promising strategy for improving fault 

diagnosis in PV systems, advancing the reliability and efficiency of 

solar energy applications. 

Keywords— Photovoltaic (PV), Diagnosis, Fault Detection, AI 

techniques, CNN. 

I. INTRODUCTION  

 

In recent years, the deployment of photovoltaic (PV) 
systems has increased globally as a clean and sustainable energy 
solution. However, ensuring the reliable operation of these 
systems is crucial for optimizing energy production and 
reducing maintenance expenses. Faults and failures in PV 
systems can significantly impact their performance, leading to 
reduced efficiency, increased downtime, and potential safety 
risks. Therefore, effective fault detection and classification 
methods are essential for maintaining the optimal functioning of 
PV installations [1]. 

Traditional fault detection methods often rely on manual 
inspection or rule-based algorithms, which can be time- 
consuming, labor-intensive, and susceptible to inaccuracies. 
With the advancements in deep learning, particularly 
Convolutional Neural Networks (CNNs), there is an opportunity 

to revolutionize fault classification in PV systems. CNNs have 
demonstrated remarkable capabilities in recognition tasks, 
making them well-suited for analyzing array data generated by 
PV modules [2]. 

In recent years, the detection and categorizing faults  in PV 
systems have been explored using various machine learning 
algorithms other than CNNs. Studies have investigated the 
efficacy of Support Vector Machines (SVM), Artificial Neural 
Networks (ANN), Multi-Layer Perceptrons (MLP), and Long 
Short-Term Memory (LSTM) networks in addressing the 
challenges of fault identification and classification in PV 
systems [3,4]. 

Support Vector Machines have been widely applied in fault 
detection tasks within PV systems. For example, in [5] the 
authors present SVM-driven fault diagnosis algorithm that 
utilizes SVM to identify short circuit, open circuit, and absence 
lack of irradiation faults, by analyzing the I–V characteristic 
curves of PV arrays.  

Multi-Layer Perceptrons and Artificial Neural Networks 
have also been employed in fault classification tasks in PV 
systems [6]. In [7], the authors utilized MLP for fault detection 
by extracting features from sensor data, demonstrating its ability 
to accurately classify faults in PV systems. Similarly, in [8], 
Khelil et al. applied radial basis function (RBF) neural networks 
to identify and localize the most prevalent faults in photovoltaic 
(PV) generators, including short-circuit and open string faults. 
In the experimental trials, all fault categories were accurately 
classified. 

Long Short-Term Memory networks, known for their ability 
to capture temporal dependencies in sequential data, have shown 
promise in fault detection and classification tasks in PV systems. 
For instance, in [9] Appiah et al. employed LSTM networks to 
analyze time-series data from PV modules for fault detection, 
demonstrating its effectiveness in identifying anomalies and 
predicting impending faults. 

Study [10] introduced a model that utilized stacked 
autoencoders to detect faults in photovoltaic modules. This 
approach was validated using simulated data from PV systems. 



Additionally, another study in [11] integrated nonlinear 
autoregressive exogenous (NARX) network and linguistic fuzzy 
rule-based systems to identify and categorize faults in PV 
systems. This method utilized Sugeno fuzzy inference and 
incorporated real-time sensor data to predict and observe the 
power generated by the PV array and the ambient environmental 
conditions. 

In this paper, we propose a novel deep learning approach for 
fault classification in photovoltaic (PV) arrays, leveraging the 
power of Convolutional Neural Networks (CNNs) to accurately 
detect and categorize a variety of fault types. Using a robust 
dataset derived from real PV array operations, our method 
effectively captures and analyzes complex interactions between 
system parameters and fault conditions. 

The proposed methodology comprises several critical 
phases: data preprocessing, CNN architecture design, model 
training, validation, and testing. Our carefully curated dataset, 
rich with operational parameters and corresponding fault labels, 
is used to train the CNN model to identify intricate patterns and 
relationships within the data. By learning these relationships, the 
CNN can precisely classify faults, even in previously unseen 
scenarios [12]. During training, the model iteratively optimizes 
its feature extraction and classification capabilities, 
progressively improving its accuracy in fault detection across 
diverse test samples. 

The contributions of this work extend beyond merely 
developing a fault classification model for PV arrays. By 
showcasing the efficacy of CNN-based deep learning techniques 
in PV diagnostics, this research highlights the potential for 
integrating sophisticated ML tools into renewable energy 
systems. Automated fault detection systems powered by CNNs 
can substantially enhance the reliability, operational efficiency, 
and maintenance strategies of PV installations, ultimately 
supporting the broader adoption of solar energy as a sustainable 
and resilient power source. 

 The organization of this paper is outlined as follows: the 
subsequent section provides detailed insights into the 
methodology employed to develop this approach, Section 3 
outlines the findings and initiates discussion, and lastly, the 
concluding section offers a summary of the paper. 

 

II. METHODOLOGY 

This section outlines our methodology for fault detection and 

classification in PV systems, utilizing Convolutional Neural 

Networks (CNN). The proposed approach begins with data 

preprocessing to enhance dataset quality. Then, CNNs are used, 

they allow feature extraction, and optimizing model parameters 

and architecture, ensuring thus accurate fault classification. Fig. 

1 depicts the flowchart of the proposed methodology.  

 

Fig.1. Proposed architecture for fault diagnosis within the system. 

  

A. Photovoltaic system 

The data used in this research are obtained from [13], 

originating from a real PV system that intentionally includes 

four different types of faults. Importantly, this dataset comes 

from an actual setup capable of accurately simulating faults, as 

illustrated in Fig. 2. The PV setup comprises two strings, each 

consisting of eight C6SU-330P PV modules labeled as PV1 

through PV16. The output of each string is connected to a 5 kW 

grid-connected inverter (NHS Solar 5K-GDM1). Additionally, 

an electrical panel encompasses circuit protection components 

such as main circuit breakers (DM1), circuit protection block, 

circuit breakers (DS1,2), and fuses. 

 

Fig. 2.  Schematic representation of the solar PV system. 

 

B. Dataset Description 

The dataset was created by Lazzaretti et al.  in 2020 and 

encompasses various parameters including voltage, current , 

temperature and the level of irradiation. It comprises data for 

five different operational conditions: open circuit (OC), short 

circuit (SC), partial shading (PS), degradation, and normal 

conditions. For our research, we specifically selected five 

photovoltaic features denoted as x = [x1,x2,x3,x4,x5] representing 

[Vdc1, Vdc2, Idc1, Idc2, fnv] respectively to be used as input for 

training our model Table I.  



TABLE I. ELECTRICAL DATASET 

 

 

 

 

 

 

 

C. Convolutional Neural Network algorithm 

This section provides an extensive explanation of the 

proposed method for detecting and classifying faults. 

Researchers have introduced various methods for normalizing 

data, as well as for training, validating, and testing neural 

networks [8,14]. The flowchart given in Fig. 3 showcases a 

comprehensive illustration of the development convolutional 

neural networks algorithm. 

 

Fig. 3.  The flowchart of the approach. 

The CNN architecture designed for fault classification in PV 

panels undergoes preprocessing steps involving normalization 

and resampling before progressing through a convolution filter 

[15]. This filter efficiently extracts relevant features, generating 

a feature map. The convolution and pooling layers play an 

essential part in reducing the spatial dimension of the 

representation post convolution, effectively minimizing 

computational load and parameter count. Subsequently, the 

output layer, consisting of five nodes, is engaged for 

classification. These nodes correspond to distinct fault 

occurrences: normal condition (NC), degradation, short circuit 

faults, open circuit faults, and partial shading (PS), offering a 

comprehensive classification framework for fault analysis. 

 

 

 

III. RESULTS AND DISCUSSION 

This section presents a comparative analysis is conducted based 

on standard Machine Learning (ML) evaluation metrics, 

including precision, recall (sensitivity), specificity, and 

accuracy [16]. These metrics provide a comprehensive 

understanding of the algorithm performance in classifying 

faults across multiple classes, allowing for a quantitative 

analysis of its effectiveness.  

The dataset was randomly divided into two portions: a training 

set, which consisted 70% of the data, and a testing set, which 

contained 30%. The segmentation facilitates a comprehensive 

evaluation of the algorithm's performance on novel data, 

typically represented by the testing dataset.  

The performance of the algorithm was evaluated based on its 

ability to classify faults in solar photovoltaic systems. To assess 

this, the fault classifications generated by the algorithm were 

analyzed using a confusion matrix, which is depicted in Fig. 4.  

Prior to testing, the algorithm was trained using labeled data to 

identify patterns in both electrical and environmental data 

collected from the PV systems. These training values enabled 

the algorithm to learn and assign fault labels to the measured 

values. The dataset, derived from the mention PV system, 

provides data points that distinguish between healthy and faulty 

operation.  

Once trained, the algorithm was subjected to new test data to 

predict and categorize the corresponding fault types in the PV 

system. As our focus lies on classification algorithm, the 

evaluation metrics are associated with the accuracy of 

classification, distinguishing between true positives (TP) when 

the detection process correctly identifies a fault, true negatives 

(TN) when the detection process correctly identifies no fault, 

false positives (FP) when the detection process identifies a 

fault, and the system show no faults, and false negatives (FN) 

when the detection process show no fault, and the system 

experience a fault  [17]. 

In the context of binary classification (where there are two 

classes: positive and negative), the recall (sensitivity) refers to 

the ability of a model to correctly identify all positive instances, 

on the other hand, specificity, is a measure of a model's ability 

to correctly identify all negative instances [18].  

We then define accuracy as the measure of the overall 

correctness of the model's predictions. Unlike recall and 

specificity, which focus on specific aspects of the model's 

performance related to TP and TN, accuracy considers the 

overall correctness of the model across all classes [19].  

Table II demonstrates the testing results based on these 

evaluation metrics.  

Variables Description 

Vdc1 Voltage of String1 

Vdc2 Voltage of String2 

Idc1 Current of String1 

Idc2 Current of String2 

Fnv Label Fault 



 

Fig. 4.  The confusion matrix. 

 

 

The confusion matrix summarizes the classification 

performance of a model across different classes. In this case, 

the model accurately classified all instances of the "normal" and 

"open circuit" classes. However, there were misclassifications 

observed for the "short circuit" and "degradation" classes, with 

some instances being incorrectly classified as "shadowing." 

These results highlight the model's strengths in certain classes 

but also indicate areas for improvement, particularly in 

distinguishing between similar fault types. 

 

 
TABLE II. TESTING RESULTS 

 Test 1 Test 2 Test 3 Average 

Precision 99.6% 99.8% 99.6% 99.6% 

Sensitivity 99.2% 99. 4% 99.4% 99.3% 

Specificity 100% 100% 100% 100% 

Accuracy 99.6% 99.7% 99.8% 99.7% 

 

Table II provides the testing results of the model across three 

different tests, along with their average values. The model 

demonstrates consistently high performance across all 

evaluation metrics, including precision, sensitivity, specificity, 

and accuracy. Precision ranges from 99.2% to 99.8%, 

sensitivity from 99.2% to 99.4%, specificity achieved 100%, 

and accuracy from 99.6% to 99.8%. These results indicate the 

model's robustness and reliability in fault detection within 

photovoltaic systems. 

 

D. Comparative study 

This section conducts a comparative study between our 

approach and recent models in the field of fault detection within 

photovoltaic systems using machine learning techniques such 

as SAE (Stacked Autoencoder), ANN, and MLP, as detailed in 

Table III. To evaluate how effective our suggested research is 

compared to previous studies, we compiled the table, outlining 

the identified fault types, the employed algorithms, and the 

accuracy of each method. Our method exhibits significantly 

superior testing accuracy when compared to these algorithms. 

 

TABLE III. RESULTS OF THE COMPARATIVE STUDY 

Classifier Faults Accuracy 

SAE & 

clustering [20] 

SC, PS, degradation 97.12 % 

ANN [13] OC, SC, PS, degradation 92.64 % 

MLP [14] SC, OC 97 % 

Our method OC, SC, PS, degradation 99.7 % 

 

Table III compares the performance of different classifiers in 

fault detection within PV systems. SAE & clustering achieved 

97.12% accuracy in identifying short circuits (SC), partial 

shading (PS), and degradation faults, while ANN achieved 

92.64% accuracy in detecting open circuits (OC), SC, PS, and 

degradation faults. The accuracy of MLP is 97%. Notably, our 

method demonstrated the highest accuracy among all 

classifiers, at 99.7%, in identifying OC, SC, PS, and 

degradation faults. These results highlight the potential of our 

approach to significantly enhance fault detection accuracy in 

PV systems, thereby improving their reliability and efficiency. 

IV. CONCLUSUION 

In conclusion, our methodology for detection faults and 

classification in PV systems, utilizing Convolutional Neural 

Networks (CNN), presents a systematic and effective approach. 

Beginning with meticulous data preprocessing to ensure dataset 

quality, we proceeded to utilize CNNs for feature extraction, 

optimizing model parameters and architecture to ensure precise 

fault classification. Rigorous validation and testing confirmed 

the reliability and effectiveness of our CNN-based approach. 

The utilization of real-world data from an actual PV system, 

intentionally incorporating various fault types, ensures the 

practicality and relevance of our research. Our 

accomplishments include enhanced performance and 

reliability, thus aiding in the progression of fault detection 

methods within the renewable energy domain. Our method 

presents a robust framework for improving both the 

performance and reliability of PV systems. To further enhance 



the proposed methodology for diagnosis faults within PV 

systems, we will focus on the integration of additional data 

sources, such as weather conditions or panel orientation, to 

provide more comprehensive insights into fault occurrences 

and improve the model's predictive capabilities. Additionally, 

conducting real-world field tests and validations to assess the 

scalability and applicability of the proposed methodology in 

diverse operational environments.  
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