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Abstract 

Solar Photovoltaic (SPV) systems are pivotal in the transition 

towards renewable energy sources. However, their efficiency 

and reliability can be significantly hindered by various faults, 

necessitating effective detection and diagnosis mechanisms. This 

paper explores a range of computational techniques employed to 

identify and diagnose faults in SPV systems. We discuss data 

driven methods, including machine learning algorithms such as 

Support Vector Machines (SVM), Decision Trees, and Neural 

Networks, along with deep learning approaches like 

Convolutional Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs). Signal processing techniques, such as Fourier 

Transform and Wavelet Transform, are examined for their ability 

to detect anomalies in electrical signals. Statistical methods, 

including Principal Component Analysis (PCA) and regression 

analysis, are highlighted for their role in feature extraction and 

system behaviour prediction. Model based approaches, such as 

equivalent circuit models and state estimation techniques, are 

evaluated for their accuracy in simulating SPV system 

behaviour. The integration of Internet of Things (IoT) and cloud 

computing for real time monitoring and remote diagnostics is 
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also discussed. Through case studies and comparative analysis, 

this paper underscores the effectiveness of these computational 

techniques in enhancing the performance and reliability of SPV 

systems. Finally, we address the challenges and future directions 

in the field, emphasizing the need for advanced AI techniques 

and improved data quality to further refine fault detection and 

diagnosis processes. 

 

Introduction  

Solar Photovoltaic (SPV) systems are crucial for harnessing renewable energy from the sun, 

providing a sustainable alternative to conventional energy sources. However, the efficiency 

and reliability of SPV systems can be compromised by various faults. These faults can stem 

from environmental factors, component degradation, and operational anomalies. To maintain 

optimal performance and extend the lifespan of SPV systems, it is essential to detect and 

diagnose these faults promptly and accurately (Mahalakshmi, P et al., 2020). Computational 

techniques play a vital role in the fault detection and diagnosis process. These techniques 

leverage data analysis, machine learning, signal processing, and other advanced methods to 

identify and classify faults in SPV systems. The burgeoning adoption of Solar Photovoltaic 

(SPV) systems as a cornerstone of renewable energy generation necessitates robust 

methodologies for ensuring their optimal performance. However, the efficiency and reliability 

of SPV systems can be significantly compromised by a diverse range of faults that can emerge 

at various operational stages. These faults, if left undetected or misdiagnosed, can lead to 

substantial energy production losses, increased downtime, and a diminished lifespan for the 

entire system. Consequently, the timely and accurate detection and diagnosis of faults within 

SPV systems is paramount. Traditional approaches to fault detection in SPV systems often rely 

on manual inspection and data analysis. While these methods have served their purpose, they 

are inherently limited by factors such as time-consuming procedures, subjectivity in 

interpretation, and susceptibility to human error (Li, X et al., 2018). To overcome these 

limitations, a paradigm shift towards data driven, and computational techniques is underway. 

This shift leverages the wealth of data generated by SPV systems. This data encompasses a 

broad spectrum of electrical parameters, including voltage, current, and power output, along 

with environmental factors like temperature and irradiance. By employing sophisticated 

algorithms and machine learning models, computational techniques can extract meaningful 
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insights from this vast data repository (Misra, S et al., 2017). The core principle lies in 

identifying deviations from normal operating conditions through pattern recognition and 

anomaly detection within the data. These deviations can then serve as crucial indicators for 

pinpointing the specific fault and its precise location within the SPV system. The adoption of 

computational techniques offers a multitude of advantages: 

 

1. Enhanced Accuracy and Reliability: By meticulously analyzing large datasets, these 

techniques can achieve superior accuracy in fault detection compared to manual methods 

(Sudhakar, K et al., 2019). 

2. Early Fault Identification: Continuous monitoring of system data enables the prompt 

detection of faults, preventing them from escalating into more severe issues that could 

significantly impact system performance (Sudhakar, K et al., 2019). 

3. Reduced Maintenance Costs: Early fault detection facilitates preventive 

maintenance strategies, thereby minimizing the need for corrective maintenance and its 

associated costs (Khatib, T et al., 2016). 

4. Optimized System Performance: By swiftly identifying and addressing faults, 

computational techniques contribute to maintaining optimal system performance and 

maximizing energy production (Khatib, T et al., 2016). 

 

The domain of fault detection and diagnosis in SPV systems is witnessing the exploration of a 

diverse range of computational techniques. Some of the most promising methodologies 

include: 

 

1. Statistical Analysis: This technique focuses on identifying statistically significant 

deviations from established norms within the data, such as abrupt changes in voltage or current 

levels (Alzahrani & Zhang, 2020). 

2. Signal Processing Techniques: These techniques aim to extract specific features from 

the data that are known to be indicative of particular fault types (Silva, L et al., 2019). 

3. Machine Learning: By training machine learning algorithms on historical data, these 

algorithms can learn the characteristic patterns associated with different faults. This acquired 

knowledge can then be leveraged for real-time fault identification in new data streams. As 

research in this field continues to evolve, computational techniques are poised to play an 

increasingly pivotal role in guaranteeing the smooth operation and optimal performance of 

SPV systems (Sharma, V et al., 2020). This data driven approach promises to revolutionize 
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the way faults are detected and diagnosed within SPV systems, ultimately leading to a more 

reliable, efficient, and cost-effective renewable energy source. Solar Photovoltaic (SPV) 

systems are technology setups that convert sunlight directly into electricity using solar cells 

made of semiconductor materials. These systems are a vital component of the renewable 

energy landscape due to their ability to provide clean, sustainable, and increasingly cost-

effective energy (Kumar, R et al., 2021). 

 

Components of SPV Systems 

1. Solar Panels: Arrays of photovoltaic cells that capture sunlight and convert it into direct 

current (DC) electricity (Kumar, R et al., 2021). 

2. Inverters: Devices that convert DC electricity generated by the solar panels into 

alternating current (AC) electricity, which is used by most electrical appliances (Kumar, 

R et al., 2021). 

3. Mounting Systems: Structures that support and position solar panels to maximize sunlight 

exposure (Kumar, R et al., 2021). 

4. Balance of System (BOS): Includes wiring, switches, meters, and other electrical 

components necessary for the operation of the SPV system (Kumar, R et al., 2021). 

5. Energy Storage: Batteries or other storage solutions that store excess electricity for use 

when sunlight is not available (Kumar, R et al., 2021). 

6. Monitoring Systems: Tools and software used to monitor the performance and health of 

the SPV system (Arfaoui, Y et al., 2019). 

 

Types of SPV Systems 

1. Grid-Tied Systems: Connected to the local utility grid, allowing excess energy to be fed 

back into the grid and providing electricity when solar generation is insufficient (Arfaoui, 

Y et al., 2019). 

2. Off-Grid Systems: Operate independently of the utility grid, typically using batteries for 

energy storage to ensure a continuous power supply (Youssef, M et al., 2020). 

3. Hybrid Systems: Combine grid-tied and off-grid features, often incorporating energy 

storage and alternative power sources like generators (Wang & Chen, 2019). 

 

Survey of Publications 

The literature on fault detection and diagnosis in Solar Photovoltaic (SPV) systems reveals 

a diverse array of computational techniques aimed at improving system reliability and 
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efficiency. This review categorizes these techniques into data driven methods, signal 

processing approaches, statistical techniques, model based methods, and hybrid systems. 

 

Data Driven Methods 

1. Machine Learning (ML) Algorithms: Numerous studies have demonstrated the 

effectiveness of ML in fault detection and diagnosis. Support Vector Machines (SVM) 

have been widely used for their robustness in classification tasks. Decision Trees and 

Random Forests are also prevalent due to their interpretability and ability to handle 

nonlinear relationships. K Nearest Neighbours (KNN) is another technique noted for its 

simplicity and efficacy in fault classification (Zhang, Z et al., 2021). 

2. Deep Learning (DL) Approaches: Deep learning techniques, particularly Convolutional 

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), have shown great 

promise. CNNs are adept at image-based fault detection, leveraging their capacity to 

automatically extract hierarchical features from input data. RNNs are particularly useful for 

time series analysis, making them suitable for monitoring and predicting system 

performance over time (Zhang, Z et al., 2021). 

 

Signal Processing Techniques 

1. Fourier Transform (FT): FT and its variants, like the Fast Fourier Transform (FFT), are 

employed to analyze the frequency components of electrical signals, aiding in the detection 

of periodic faults. These techniques are especially useful for identifying harmonics and 

other periodic disturbances in the system (Woyte, A et al., 2017). 

2. Wavelet Transform (WT): WT provides a time frequency analysis, making it suitable for 

detecting transient faults. This technique can localize faults in both time and frequency 

domains, offering a more detailed fault characterization compared to FT (Zhang, Z et al., 

2021). 

 

Statistical Methods 

1. Principal Component Analysis (PCA): PCA is frequently used for dimensionality reduction 

and feature extraction. It helps in isolating fault related variations in the data, thereby 

enhancing the detection process (Dash, C. S. K et al., 2023).  

2. Regression Analysis: Regression methods are applied to predict the normal operational 

behaviour of SPV systems and identify deviations indicative of faults. These techniques 

can model the relationship between various system parameters and output performance 



71 
 

(Woyte, A et al., 2017). 

3. Statistical Process Control (SPC): SPC techniques involve monitoring the system's 

performance metrics to detect outliers and deviations from normal operation. Control charts 

and other SPC tools are used to maintain the quality and reliability of SPV systems (Zhang, 

Z et al., 2021). 

 

Model Based Approaches 

1. Equivalent Circuit Models: These models simulate the electrical behaviour of SPV 

systems, allowing for the detection of discrepancies between expected and actual 

performance. Such models are instrumental in diagnosing faults at the component level 

(Wang & Chen, 2019). 

2. State Estimation Techniques: These approaches estimate the internal states of SPV 

components, providing insights into potential abnormalities. Kalman filters and other state 

estimation methods are often employed to track the dynamic behaviour of the system 

(Wang & Chen, 2019). 

3. Physics Based Models: Utilizing physical principles, these models offer a detailed 

understanding of the system’s behaviour under different conditions, aiding in the detection 

and diagnosis of faults based on physical laws (Arfaoui, Y et al., 2019).    

 

Hybrid Methods 

1. Hybrid techniques combine multiple computational approaches to leverage their strengths 

and mitigate their weaknesses. For instance, integrating PCA with SVM can enhance fault 

classification accuracy by reducing data dimensionality before applying a robust classifier. 

Similarly, combining wavelet transforms with neural networks can improve the detection 

of transient faults by using wavelet coefficients as input features for the network (Wang & 

Chen, 2019). 

 

Real-time Monitoring and IoT Integration 

1. Internet of Things (IoT): IoT enables continuous monitoring and realtime data collection 

from SPV systems. Studies have shown that IoT based frameworks facilitate prompt fault 

detection and remote diagnostics, enhancing the overall maintenance strategy (Woyte, A 

et al., 2017). 

2. Cloud Computing: Cloud platforms offer scalable processing power and storage, essential 

for handling large volumes of data and running complex fault detection algorithms (Zhang, 
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Z et al., 2021). The literature indicates that cloud-based solutions are becoming 

increasingly popular for their flexibility and efficiency in processing SPV data (Dash, C. 

S. K et al., 2023). 

 

Case Studies and Applications 

1. Various case studies illustrate the practical application of these computational techniques. 

Real world implementations demonstrate significant improvements in fault detection 

accuracy and response times, underscoring the practical benefits of advanced computational 

methods (Bendary, A et al., 2021). 

2. Other Techniques: Additional computational techniques are being explored to complement 

the aforementioned methods. Fuzzy logic systems, for instance, can handle the inherent 

uncertainties associated with fault data, offering a level of robustness in dealing with 

imprecise information (Vieira, R et al., 2022). Furthermore, data fusion techniques that 

combine information from multiple sources, such as electrical parameters and thermal 

imaging, can provide a more comprehensive picture for fault diagnosis (El-Banby, G. M et 

al., 2023). The literature review highlights a vibrant research landscape in the domain of 

computational techniques for SPV fault detection and diagnosis (Hong & Pula, 2022). From 

traditional statistical analysis to cutting-edge deep learning approaches, a diverse set of 

methodologies are being employed to harness the power of data for ensuring the optimal 

performance of SPV systems (Liu, Y et al., 2021). As research continues to advance, the 

integration of these techniques with improved data acquisition and management systems 

promises to revolutionize the way faults are identified and addressed within the realm of 

renewable energy generation. (Eldeghady, G. S et al., 2023). 

 

          Computational Techniques      for Detection & Diagnosis of Different Faults in Solar 

Photovoltaic (SPV) Systems 

The methodology for detecting and diagnosing faults in SPV systems involves a systematic 

approach that integrates various computational techniques (Liu, H et al., 2023; Mellit & 

Kalogirou, 2022). This section outlines the steps involved in implementing these techniques, 

from data collection and pre-processing to model training, validation, and deployment (Silva, 

L et al., 2021). 

 

Data Collection Sensor Deployment 

1. Temperature Sensors: Measure the temperature of PV panels and ambient conditions (Hu, 
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H et al., 2019).  

2. Irradiance Sensors: Record solar irradiance levels (Alashhab, Z, 2023). 

3. Current and Voltage Sensors: Monitor electrical parameters of the SPV system (Alashhab, 

Z, 2023). 

4. Thermo graphic and Electroluminescence Imaging: Capture images for detecting physical 

defects in PV panels (Alashhab, Z, 2023). 

 

Data Acquisition Systems (DAS) 

1. Use DAS to collect real-time data from the deployed sensors (Gemignani, M, 2023). 

2. Ensure data integrity and reliability by implementing redundancy and error checking 

mechanisms (Gemignani, M, 2023). 

 

Data Pre-processing Data Cleaning 

1. Remove noise and outliers from the collected data (Sundar, A. V, 2022).  

2. Handle missing data using interpolation or imputation techniques (Sundar, A. V, 2022).  

 

Feature Extraction 

1. Extract relevant features such as voltage, current, power output, temperature, and 

irradiance (Parthasarathy, R, 2022).  

2. For image-based data, pre-process images using techniques like resizing, normalization, 

and augmentation (Smith & Kwon, 2023).   

 

Dimensionality Reduction 

1. Apply Principal Component Analysis (PCA) to reduce the dimensionality of the feature 

set while retaining essential information (Zhang, W, 2023).  

2. Decision Trees and Random Forests: Develop tree-based models for interpretable fault 

classification (Kim, J, 2023).   

3. KNearest Neighbours (KNN): Implement KNN for simple and effective fault detection 

(Kim, J, 2023).   

 

Deep Learning Models 

1. Convolutional Neural Networks (CNNs): Design and train CNNs for image-based fault 

detection, utilizing pre-processed thermographic and electroluminescence images (Mehta, 

K, 2022).   
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2. Recurrent Neural Networks (RNNs): Train RNNs for time series analysis to detect temporal 

patterns in the SPV system data (Mehta, K, 2022).   

 

Signal Processing Techniques 

1. Fourier Transform (FT): Apply FT to analyze the frequency components of electrical 

signals for periodic fault detection (Ali & El-Amine, 2022).  

2. Wavelet Transform (WT): Use WT for time frequency analysis to identify transient faults 

(Ali & El-Amine, 2022).  

 

Statistical Method 

1. Regression Analysis: Develop regression models to predict normal system behaviour and 

identify deviations (Ali & El-Amine, 2022).  

2. Statistical Process Control (SPC): Implement SPC techniques to monitor performance 

metrics and detect outliers (Ali & El-Amine, 2022).  

 

Model Based Approaches 

1. Equivalent Circuit Models: Create simulation models to represent the electrical behaviour 

of SPV systems and identify discrepancies (Lin, F, 2022).  

2. State Estimation Techniques: Use Kalman filters and other state estimation methods to track 

dynamic behaviour and detect abnormalities (Lin, F, 2022).  

 

Model Training and Validation Training 

1. Split the dataset into training and validation sets (Lin, F, 2022).  

2. Train models using the training set, optimizing hyper parameters through cross    

     validation. Validation Evaluate model performance using the validation set  

     (Yuan, Y, 2023).  

3. Metrics: Accuracy, Precision, Recall, F1Score, Mean Absolute Error (MAE),  

     Root Mean Square Error (RMSE) (Yuan, Y, 2023).  

 

Model Tuning 

1. Fine-tune model parameters based on validation results to improve performance (Soni, A, 

2023).  

2. Apply techniques like grid search or random search for hyper parameter optimization (Soni, 

A, 2023).  
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Deployment 

Real-time Monitoring 

1. Integrate trained models into a real-time monitoring system using IoT and edge computing 

technologies (Soni, A, 2023).  

2. Ensure the system can handle continuous data streams and provide timely fault detection 

alerts (Soni, A, 2023).  

 

Cloud Computing Integration 

1. Utilize cloud computing platforms for scalable data storage and processing (Abdelkader & 

Hu, 2024). 

2. Implement cloud-based analytics to enhance the fault detection capabilities (Abdelkader & 

Hu, 2024). 

 

Maintenance and Updates 

1. Regularly update models with new data to maintain accuracy (Ragul, S et al., 2023). 

2. Implement automated retraining mechanisms to adapt to changing system conditions 

(Ragul, S et al., 2023). 

 

Case Studies & Validation   

Real World Applications 

1. Conduct case studies to validate the developed models in real world SPV installations 

(Ragul, S et al., 2023). 

2. Compare the model performance against baseline methods and manual inspections (Ragul, 

S et al., 2023). 
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Figure 1 Flow chart for Detection       and Diagnose the Different Faults in SPV 

 

Table 1 Different Faults in Solar Photovoltaic (SPV) Systems using Computational 

Techniques 

Fault Type Ideal Parameters and Values Computational Techniques Used 

Partial Shading - Uniform irradiance across all 

PV modules 

- IoT sensors for irradiance 

measurement 

 
- Normal current-voltage (I-V) 

curve 

- Machine learning models for 

pattern recognition 

 
- Minimal power loss 

 

Degradation - Consistent power output over 

time 

- Historical data analysis 

 
- Gradual decrease in efficiency - Neural networks for trend 

analysis 

 
- Early detection through 

performance metrics 

 

Short Circuits - Stable voltage and current 

levels 

- Real-time monitoring 

 
- No sudden drops in power 

output 

- Fault signature recognition 

 
- Isolation of faulty modules 

 

Inverter 

Malfunction 

- Stable AC output voltage and 

frequency 

- Grid-connected data analysis 

 
- Inverter efficiency within 

normal range 

- Anomaly detection algorithms 
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- Rapid response to grid 

requirements 

 

Miscellaneous 

Faults 

- Abnormal temperature rise or 

hotspots 

- Temperature sensors and thermal 

imaging 

 
- No unusual noise or 

mechanical vibrations 

- Edge computing for local analysis 

 
- Overall system reliability - Predictive maintenance strategies 

Performance Evaluation 

1. Assess the effectiveness of computational techniques in detecting and diagnosing 

faults (Ragul, S et al., 2023). 

2. Metrics: Detection Rate, False Positive Rate, Detection Latency, Cost Benefit 

Analysis (Ragul, S et al., 2023). 

 

Conclusion 

The research findings demonstrate that computational techniques, particularly machine 

learning algorithms and hybrid diagnostic methods, have significant potential in identifying 

faults in solar photovoltaic (SPV) systems. These techniques were tested using various datasets, 

including electrical parameters such as voltage and current measurements, environmental 

conditions, and thermal imaging data. 
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