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Abstract 

This paper presents a comprehensive methodology for fault classification and severity 

analysis in solar photovoltaic (PV) systems that employs advanced machine learning and 

optimization techniques. The approach's central component is the Context Rank Layer with 

Parameterized Tanh-based Deep Bidirectional Long Short-Term Memory (CRLPT-DBi-

LSTM) classifier, which improves fault detection accuracy. Sorted Bisection Farthest First 

Clustering (SBFFC) is used to group data efficiently, and Bayes Probability Function-based 

Coot Bird Optimization (BPF-CBO) is used to choose the best features. Data preprocessing 

includes multivariate imputation (MVI) and 2D scalogram visualization to ensure data 

integrity and quality. The Covariance-based Fuzzy Inference System (CFIS) is used for 

severity analysis, which results in detailed impact assessments. The proposed model does 

better than other classifiers in terms of sensitivity, specificity, accuracy, precision, recall, F-

measure, negative predictive value (NPV), and Matthews correlation coefficient (MCC). A 

GUI is also being developed to allow for real-time monitoring and analysis, which will 

include performance metrics and visualization tools. The proposed methodology significantly 

improves fault management in solar PV systems, increasing reliability and operational 

efficiency. Future research will investigate scalability and adaptability to various 

environmental conditions. 
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1. Introduction 

The growing use of solar photovoltaic (PV) systems as a renewable energy source 

necessitates the implementation of effective fault detection and severity analysis methods to 

ensure optimal performance and reliability [1,2]. The occurrence of faults in solar PV systems 

can result in substantial reductions in energy output, potential safety risks, and higher system 

maintenance costs [3]. Traditional fault detection methods frequently fail to accurately and 

promptly identify issues, especially in complex and dynamic environments. The objective of 

this research is to tackle the challenges by introducing a sophisticated approach for fault 

classification and severity analysis. This approach utilizes a CRLPT-DBi-LSTM classifier 

and a CFIS-based severity level assessment. The proposed method enhances the accuracy and 

efficiency of fault detection by integrating innovative techniques such as Sorted Bisection 

Farthest First Clustering (SBFFC) and Bayes Probability Function-based Coot Bird 

Optimization (BPF-CBO) for feature selection. The present study enhances fault 

classification and offers a comprehensive analysis of severity, which is essential for prompt 

maintenance and reducing downtime in solar PV systems. The results illustrate the potential 

of the proposed approach in transforming the maintenance and operational strategies of solar 

PV installations. 

1.1. Background and Motivation 

The global transition towards renewable energy sources has established solar PV systems as a 

fundamental component of sustainable power generation [4]. These systems must operate 

efficiently and reliably as they become more common. The presence of faults in solar PV 

systems can have a significant negative impact on their overall performance. These faults can 

result in energy losses, higher operational expenses, and even pose potential safety risks [5]. 

Conventional fault detection and severity analysis techniques frequently encounter 

difficulties in handling the intricate and diverse nature of solar PV systems. As a result, more 

sophisticated and dependable approaches are required. The motivation for conducting this 

study arises from the necessity to improve fault detection and severity analysis in solar PV 

systems. The accurate classification of faults and timely identification of severity levels are 

crucial for ensuring the efficiency and longevity of PV installations. The current methods 

frequently lack the precision and adaptability required to effectively manage the ever-

changing characteristics of solar power generation [6]. The objective of this research is to 

address the existing gap by proposing a new framework for fault classification and severity 

analysis. 

The proposed approach utilizes the Context Rank Layer with Parameterized Tanh-based Deep 

Bidirectional Long Short-Term Memory (CRLPT-DBi-LSTM) classifier, which has been 

specifically developed to enhance the precision of fault classification. Moreover, the 

utilization of Covariance-based Fuzzy Inference System (CFIS) in severity analysis offers a 

reliable mechanism for forecasting the rate of degradation and the overall health of the 
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system. The efficacy of the proposed method can be further enhanced by integrating 

advanced techniques such as SBFFC and BPF-CBO for feature extraction and selection. This 

study aims to contribute to the development of more resilient and efficient solar PV systems 

by addressing the limitations of existing fault detection systems. The proposed framework 

enhances fault detection accuracy and provides a comprehensive approach to severity 

analysis, resulting in improved maintenance strategies and reduced downtime for solar PV 

installations. 

1.2. Importance of Fault Classification and Severity Analysis 

Fault classification and severity analysis play a crucial role in the operation and maintenance 

of solar PVsystems. With the growing importance of renewable energy sources, specifically 

solar PV systems, in global energy strategies, it is crucial to ensure the reliability and 

efficiency of these systems to sustain their economic and environmental advantages [7]. 

Solar PV systems are susceptible to a range of faults that can have a significant impact on 

their overall performance. The faults that can occur in a solar power system include partial 

shading [8], module degradation [9], inverter failures [10], and grid-related issues [11]. Fault 

classification is a critical process that helps identify the exact type of fault. This, in turn, 

facilitates targeted maintenance activities and effectively minimizes system downtime. The 

prompt and accurate classification of faults is critical to ensure timely resolution of issues, 

thereby preserving the system's operational efficiency and preventing minor problems from 

escalating into major failures. 

Safety hazards can arise from faults in solar PV systems, including the potential for electrical 

fires or the risk of electrocution [12]. Severity analysis is an essential component in 

evaluating the level of risk associated with identified faults. The prioritization of actions by 

maintenance teams is facilitated by assessing the severity level of each fault. This enables 

immediate attention to high-severity faults, thereby reducing safety risks. The implementation 

of this proactive approach significantly improves the overall safety of solar PV installations. 

The implementation of efficient fault classification and severity analysis techniques is critical 

in achieving substantial cost savings in solar PV system maintenance. Accurately identifying 

faults and determining their severity can minimize unnecessary inspections and maintenance 

activities [13]. Utilization of this focused strategy for maintenance not only results in a 

reduction of labor costs, but also serves to prolong the lifespan of system components by 

preventing unnecessary interventions. Furthermore, identifying significant faults in a timely 

manner can help avoid costly repairs or replacements in the future. 

The reliability of solar PV systems is of utmost importance to facilitate their widespread 

adoption and seamless integration into the energy grid. Ensuring reliable fault classification is 

crucial for maintaining consistent system operation with minimal interruptions [14]. A 

severity analysis is a method that provides valuable information about a system's condition 

and deterioration rate. This information can be used to develop proactive maintenance 

strategies. Implementing these strategies facilitates consistent energy generation and fosters 

confidence among consumers and stakeholders in the effectiveness of solar PV technology. 
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Contemporary solar PV systems frequently incorporate sophisticated monitoring and control 

systems. These systems' effectiveness is dependent on fault classification and severity 

analysis [15]. This system's analyses provide real-time information on faults and their 

severity. This information allows for automated control actions, such as isolating faulty 

components or adjusting operational parameters to optimize performance. The integration of 

various components results in enhanced intelligence and improved responsiveness in PV 

systems. 

Fault classification and severity analysis are essential for ensuring the efficient, safe, and 

cost-effective operation of solar PV systems. The processes are implemented to ensure the 

timely and accurate identification of faults, assessment of their potential impact, and 

execution of appropriate maintenance actions [16]. The analyses conducted aim to improve 

the reliability and performance of solar PV systems, thereby contributing to the overall 

objective of developing sustainable and resilient energy infrastructure. 

1.3. Problem Statement 

The controller plays a crucial role in optimizing power generation from PV solar systems by 

regulating the DC-DC converter's duty cycle. If the adjustment is not properly balanced, it 

can have a negative impact on the performance of the PV power generation system. Existing 

research has largely overlooked the errors caused by controller imbalances, which can lead to 

incorrect fault detection. In PV solar power systems, a range of faults can occur. However, it 

is important to note that studies such as the one conducted by [17] only address a limited 

number of faults. As a result, their findings may not be applicable or reliable for other types 

of faults. Research requires an extended training duration due to the complex nature of 

learning parameters [18]. The study [19], solely focused on time-domain data, potentially 

leading to unbalanced results. Furthermore, certain methodologies rely on direct voltage 

measurement to predict faults without considering the temperature dependence of solar 

power. This oversight leads to an increase in the misclassification rate. Finally, most of the 

current research fails to assess fault severity, resulting in a notable deficiency in 

comprehending the influence of various fault types on the system's performance. 

1.4. Research Contribution 

The purpose of this research is to present a new framework for fault classification and 

severity analysis in solar PV systems. This framework utilizes advanced machine learning 

and optimization techniques. This work's main contribution is the development of the 

CRLPT-DBi-LSTM classifier. Research has demonstrated that this classifier significantly 

enhances the accuracy of fault classification. Furthermore, the inclusion of the CFIS provides 

a reliable mechanism for analysing severity, allowing for accurate degradation rate prediction 

and system health assessment. SBFFC and BPF-CBO techniques are used in the proposed 

method to improve feature extraction and selection, which leads to better performance. This 

comprehensive approach not only improves fault detection and classification, but also 

provides a thorough analysis of their severity. This contributes to the development of more 
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efficient maintenance strategies and improves the overall operational reliability of solar PV 

systems. 

2. Related Works 

There are several types of faults that can occur in a PV system, regardless of whether it is a 

stand-alone system or connected to the grid. PV modules, electrical devices, the Maximum 

Power Point Tracking (MPPT) side, the converter, and the inverter are some of the parts of 

the PV system that can go wrong. Faults can also arise within the PV modules itself [20].A 

failure in a PV module can result in a decrease in its power output, which in turn reduces the 

performance and reliability of the entire system. This can potentially give rise to safety 

concerns. Faults in PV systems not only result in significant energy losses, but they also pose 

significant fire risks [21]. 

Using the nonlinear equations of the PV panel model, signal analysis is conducted on the 

input-output data from the model. The presence of a fault in the system is determined by 

comparing the differences, or residuals, between the actual system measurements and the 

model predictions. Well-known Fault Detection and Diagnosis (FDD) models in PV systems 

include the single-diode model, the double-diode model, and the current-driven three-diode 

model [22]. While model-based strategies can achieve acceptable accuracy under high 

irradiance conditions, their accuracy tends to decrease under low irradiance conditions.The 

data-driven approach places a strong emphasis on collecting large amounts of data for 

analysis and interpretation [23]. This approach differs from the model-based approach, which 

relies on pre-existing qualitative or quantitative knowledge about the system.Data-driven 

FDD methods rely on extensive training datasets that cover a wide range of operational 

conditions and fault scenarios [24]. These methods aim to establish relationships between 

input and output signals to enable accurate fault identification and diagnosis. 

Data-driven FDD techniques for PV systems utilize various methods, such as statistical 

analysis and ML, which are well-suited for addressing complex and nonlinear problems. PV 

systems utilize various AI systems. These include ANN, fuzzy logic, support vector 

machines, decision trees, and k-nearest neighbours algorithms. The adoption of these 

methods has increased fault detection accuracy and efficiency in PV systems [25,26].The 

study [27] introduced a method for classifying 11 classes of PV module faults. This method 

employed a multi-scale kernel approach as well as the visual perception levels of a CNN 

based on transfer learning. The approach utilizes the pre-trained Alex-Net model to augment 

the network's capabilities. To mitigate the problem of class imbalance in the dataset, offline 

augmentation techniques were utilized, including oversampling.Long Short-Term Memory 

(LSTM) is a specialized type of recurrent neural network (RNN) that is specifically 

developed to effectively manage long-term dependencies. LSTM networks can retain and 

establish connections between information even when there are long gaps between the input 

and output sequences, which is not possible with regular RNNs [28]. The forget gate 

mechanism effectively addresses the limitations of traditional RNNs by facilitating the 

management of long-range dependencies. 
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The comprehensive survey shows that PV system faults can occur in PV modules, electrical 

devices, MPPT, converters, and inverters. PV module faults reduce system performance and 

reliability, posing safety and energy risks. Traditional model-based FDD strategies, such as 

the single-diode, double-diode, and current-driven three-diode models, work well under high 

irradiance but poorly under low. In contrast, data-driven approaches use ML and AI methods 

like ANN, fuzzy logic, support vector machines, decision trees, and k-nearest neighbours to 

collect and analyse large datasets. These methods address complex and nonlinear problems to 

improve PV fault detection accuracy and efficiency. Advanced methods, such as multi-scale 

kernels and CNN-based transfer learning, classify PV module faults. The forget gate 

mechanism in LSTM networks allows them to manage long-term dependencies, which could 

improve sequential data for fault detection. These findings highlight the need for ongoing 

research to improve fault detection models, considering operational conditions and 

incorporating advanced AI methods to ensure PV system reliability, efficiency, and safety. 

3. Methodology 

The proposed methodology aims to improve the accuracy and reliability of fault classification 

and severity analysis in solar PV systems by integrating advanced techniques 

 

Figure 1. Block diagram for the proposed research methodology 

. The approach encompasses several essential steps, namely data acquisition, preprocessing, 

feature extraction and selection, fault classification, and severity analysis. The system 

specifically designs its components to address the challenges associated with fault detection 
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and severity assessment in solar PV systems. The flowchart depicted in Figure 1 illustrates 

the overall process. 

3.1. Data Acquisition 

In this study, two distinct datasets are employed to develop and validate the proposed fault 

classification and severity analysis methodology for solar PV systems. 

• Dataset 1: Fault Detection Dataset in Photovoltaic Farms [29] 

The study employed a simulated 250-kW PV power plant to create training and testing 

datasets that included a range of PV fault scenarios. The simulation defines three distinct fault 

types in addition to normal operation. The fault cases consist of three types: string fault (F1), 

string-to-ground fault (F2), and string-to-string fault (F3). PV system tests these faults on 

various strings. The training dataset comprises 600 instances, each containing 30 features and 

one categorical column indicating the fault type. The dataset distribution consists of 100 

instances (16.67%) of normal operation, 153 instances (25.5%) of string faults, 149 instances 

(24.83%) of string-to-ground faults, and 198 instances (33%) of string-to-string faults. The 

simulation has a total duration of 0.4 seconds, during which faults are expected to occur at 

0.2 seconds. The measurements for the training dataset are captured within a time window of 

0.2 seconds to 0.4 seconds following the initiation of the fault. The testing dataset consists of 

50 instances, with measurements ranging from 0.1 seconds to 0.3 seconds. The transient 

period spans from 0.1 seconds to 0.2 seconds, during which faults occur between 0.2 seconds 

and 0.3 seconds. The setup used in this scenario guarantees a thorough assessment of the 

model's performance under various fault conditions. 

• Dataset 2: PV Fault Dataset [30] 

The second dataset encompasses a span of 16 days and contains operational data from a grid-

tied photovoltaic plant. This dataset includes information on both faulty and normal operation 

conditions. The dataset is partitioned into two MATLAB '.mat' files, which enables 

convenient accessibility and analysis. The data collection system is composed of a 

photovoltaic plant with two strings. Each string is equipped with 8 C6SU-330P PV modules. 

These modules are connected to a 5-kW grid-tie power inverter, specifically the NHS Solar 

5K-GDM1 model. The dataset contains various fault scenarios, including intentionally 

induced degradation, short-circuit, and open-circuit conditions. Additionally, it includes 

naturally occurring shadowing effects caused by nearby buildings. The degradation 

simulation utilizes a resistive load bank positioned between two modules. Connecting a cable 

between the positive and negative terminals of neighbouring modules induces short-circuits. 

Open circuits are introduced by opening the main circuit breaker on one string. The provided 

datasets offer a diverse and comprehensive basis for training and evaluating the proposed 

models for fault classification and severity analysis. This ensures that the models can perform 

reliably and effectively in various operational scenarios, as well as with different types of 

faults in solar PV systems. 

3.2. Pre-Processing 
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The data is subjected to pre-processing using multivariate imputation (MVI) [31] to address 

any missing or inconsistent values. This step crucially verifies the integrity and quality of the 

data before using it for subsequent analysis, including fault classification and severity 

analysis in solar PV systems.MVI is a statistical technique that is employed to estimate and 

replace missing values in a dataset. It does so by considering the relationships among 

multiple variables, making it a sophisticated method. The MVI method differs from 

univariate imputation by considering the correlations and interactions between variables. This 

approach enhances the accuracy and reliability of estimates by accounted for the relationships 

between different variables. The method operates based on the assumption that the missing 

data points can be estimated using a multivariate distribution derived from the observed data. 

The process commences with an initial imputation, typically employing the mean, median, or 

another straightforward technique to temporarily substitute missing values. The MVI 

technique is used to iteratively refine initial estimates by creating models for variables with 

missing data based on other variables in the dataset. The iterative process is repeated until the 

imputations reach a stable state. This process yields a dataset where plausible estimates 

accurately represent the underlying data structure and variability, replacing the missing 

values. The utilization of MVI guarantees the preservation of dataset integrity and 

impartiality, effectively reducing the potential risks associated with data loss. The proposed 

approach not only ensures the preservation of the original integrity of the data but also 

enhances the performance of ML models by offering a comprehensive dataset for both 

training and testing purposes. 

3.3. Correlation Calculation 

The next step involves computing the correlation between various solar power measurements. 

In this process, understanding relationships and dependencies among various parameters 

within the solar PV system is essential. A correlation is a statistical measure that quantifies 

the strength and direction of the linear relationship between two variables. The identification 

of potential effects of changes in one parameter, such as solar irradiance or temperature, on 

another parameter, such as power output, can be achieved by calculating the correlation 

coefficients. The purpose of this analysis is to identify discrepancies and anomalies that could 

potentially indicate faults. This is an example when there is an expected strong correlation 

between irradiance and power output. In such cases, if there is a sudden deviation from this 

expected pattern, it could indicate a potential fault in the system. A systematic analysis of 

these correlations can identify specific components or conditions that are not meeting 

expectations. The process of correlation calculation is utilized to facilitate feature selection by 

determining the parameters that are most pertinent for fault detection and severity analysis. 

This step is crucial for ensuring that the following stages of the methodology, such as 

clustering and classification, rely on the most informative and relevant data. This enhances 

the overall accuracy and reliability of the fault detection process in solar PV systems. 
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3.4. Clustering using SBFFC 

The SBFFC technique clusters the data after performing the correlation calculation. The 

SBFFC method is a highly reliable clustering technique specifically developed to effectively 

group together data points that exhibit similarity. This clustering process greatly aids in the 

identification of fault patterns within the solar PV system. The technique commences by first 

sorting the data points. It then proceeds to iteratively divide the dataset into smaller clusters. 

This division is based on the farthest distance between points within each cluster. By focusing 

on the farthest points, the SBFFC method effectively captures the data's inherent variability 

and distribution. This ensures that each cluster contains data points that are closely related in 

terms of their characteristics. The proposed approach facilitates the differentiation between 

normal operational states and different fault conditions by leveraging the natural grouping of 

data points that represent similar fault types. The utilization of SBFFC for clustering 

facilitates the process of reducing the intricacy of the dataset, thereby enhancing the ease of 

analysis and interpretation. The clear structure of the data provided also enhances the 

subsequent stages of the methodology, such as feature extraction and fault classification. This 

technique enables more effective fault detection and isolation in solar PV systems, resulting 

in improved accuracy when identifying and diagnosing faults. 

3.5. Feature Extraction and Selection 

The feature extraction and selection phase are crucial for enhancing the classification process 

in the proposed fault detection methodology for solar PV systems. Initially, feature extraction 

converts raw data into a set of quantifiable characteristics that effectively represent the 

inherent patterns in the data. This process involves applying various statistical, mathematical, 

and signal processing techniques to identify significant features such as mean, variance, 

frequency components, and temporal dynamics.After extracting these features, the BPF-CBO 

algorithm is utilized for feature selection. BPF-CBO is an advanced optimization technique 

inspired by the foraging behaviour of coot birds and Bayesian probability principles. This 

method evaluates the relevance of each feature by estimating its contribution to the 

classification task, considering both its discriminative power and redundancy with other 

features. 

The BPF-CBO algorithm employs an iterative approach to identify the optimal subset of 

features, effectively balancing the trade-off between maximizing classification accuracy and 

minimizing computational complexity. By selecting only, the most informative and non-

redundant features, BPF-CBO ensures that the classifier is trained on the most relevant 

data.This streamlined feature set enhances the performance and efficiency of the CRLPT-

DBi-LSTM classifier. As a result, the classifier can more accurately identify and categorize 

faults in solar PV systems, leading to improved fault detection and reliability. 

3.6 Classification using CRLPT-DBi-LSTM 

During the classification phase, the chosen features are fed into the CRLPT-DBi-LSTM 

classifier. The classifier has been purposefully developed to effectively manage the intricacies 

and subtleties commonly found in time-series data, which are characteristic of solar PV 
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systems. The CRLPT-DBi-LSTM classifier is a combination of multiple advanced techniques 

that have been implemented to improve the accuracy of classification. The LSTM 

architecture is designed to effectively capture long-term dependencies in sequential data, 

thereby overcoming the limitations of traditional RNNs. Because the LSTM works in both 

directions, it can consider both the previous and subsequent contexts. This makes it better at 

finding patterns and outliers. The context rank layer is an additional component of the model 

that aims to improve its performance. It achieves this by giving more importance to the 

temporal features that are most relevant, thereby enhancing the classifier's ability to focus on 

critical data points. The parameterized Tanh activation function is a versatile and adaptable 

mechanism used to regulate the non-linearity of a model. It enables the model to capture the 

underlying data distribution more accurately. The algorithm of parameterized Tanh activation 

function is shown in Figure 2. The combination of these components allows the CRLPT-DBi-

LSTM classifier to effectively differentiate between the 'Abnormal' and 'Normal' categories 

with high accuracy. The classifier utilizes its advanced architecture to analyze the extracted 

features and identify subtle fault patterns and variations in the solar PV system. Implementing 

this approach results in improved fault classification accuracy, increased system reliability, 

and prompt maintenance interventions. 

 

Figure 2. Pseudocode of ParameterizedTanh Algorithm 

3.7. Severity Prediction and Analysis 

A severity prediction is performed on data classified as 'Abnormal' by utilizing degradation 

rate calculation. The process entails quantifying the degradation rate of the PV system's 

performance caused by identified faults. The CFIS is utilized to perform a comprehensive 

analysis of severity. The CFIS utilizes covariance measures to effectively manage uncertainty 

and imprecision in the data. This approach offers a reliable framework for assessing the 

severity of faults. The system evaluates the impact and urgency of identified faults by 

analysing the correlation and variability among various fault indicators. This analysis allows 

for an accurate determination of the criticality of the fault. Based on the severity analysis, the 

controller adjusts the duty cycle of the DC-DC converter to optimize the PV system's 

function ParameterizedTanh(ranked_context): 

    tanh_transformed = [] 

    for each context in ranked_context: 

        transformed_value = parameterized_tanh_function(context) 

        tanh_transformed.append(transformed_value) 

    return tanh_transformed 
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performance. The CFIS will send an alert message to the PV sensors to initiate corrective 

actions when it detects medium- or high-severity levels. The dynamic adjustment of the 

system guarantees its operation within safe and efficient parameters, effectively reducing the 

risk of severe damage and maintaining an optimal power output. Integrating severity analysis 

with real-time controller adjustments improves the system's resilience and reliability. This 

integration guarantees prompt intervention and maintenance to avert potential failures. 

4. Results and Analysis 

This section presents and analyses the results obtained from the implementation of the 

proposed fault classification and severity analysis methodology for solar PV systems. The 

performance evaluation of the CRLPT-DBi-LSTM classifier, as well as the effectiveness 

assessment of the feature extraction and selection process, is conducted using the previously 

described datasets. The classifier's ability to accurately identify and categorize faults is 

assessed using various metrics, such as accuracy, precision, recall, and F1-score. In this study, 

we investigate the effects of the CFIS on severity prediction and the resulting modifications 

in the duty cycle of the DC-DC converter. The results are compared with established 

methodologies to emphasize the enhancements achieved through our approach. The presented 

analysis showcases the strength and effectiveness of the proposed system in improving fault 

detection and management in solar PV systems. 

Figure 3 presents a 2D scalogram of PV data, which offers a time-frequency representation. 

This representation enables the visualization of amplitude variations in the solar PV system's 

measurements over time. Wavelet transform techniques generate the scalogram by breaking 

down the signal into its constituent frequencies. It then displays how these frequencies 

change over time. The color intensity represents the amplitude of the signal at various 

frequencies and times. This research utilizes the scalogram to identify unique patterns and 

peaks at specific frequencies and times. These high-intensity regions correspond to 

significant amplitude variations, which can be indicative of faults or anomalies in the PV 

system. Consistently observed at regular intervals, the presence of these peaks indicates the 

occurrence of events, potentially including string-to-ground or string-to-string faults. The 

identification of these patterns is of utmost importance for the CRLPT-DBi-LSTM classifier 

to differentiate between 'normal' and 'abnormal' operational states. The scalogram can be used 

to extract features such as the frequency of occurrence, duration, and amplitude of peaks. 

These features are important inputs for the classification model. The visualization serves as a 

tool to enhance comprehension of the severity and impact of faults. Regions with higher 

amplitude may indicate more severe faults. In addition, the scalogram is used to validate the 

pre-processed data, ensuring that it maintains important information for precise fault 

classification. The 2D scalogram is utilized to capture the intricate details of signal variations, 

which in turn enhances the robust training of the CRLPT-DBi-LSTM classifier. This process 

ensures accurate identification of faults and subsequently improves the reliability and 

performance of solar PV systems. 
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Figure 3. 2D Scalogram of PV Data 

Figure 4 demonstrates the outcomes of applying the SBFFC algorithm to the features 

extracted from the solar PV system data. Principal Component Analysis (PCA) is utilized to 

decrease the dimensionality of the data, guaranteeing that the two principal components 

capture the most significant variance. The fact that the clusters are clearly separated shows 

that the SBFFC algorithm is good at figuring out different kinds of data patterns, which could 

mean both normal and broken operational states. The separation of components is crucial to 

achieve precise fault detection and classification. The spread and distribution of points within 

the clusters offer valuable insights into the significance and discriminative capability of the 

extracted features. The presence of a well-separated cluster structure indicates that the 

features chosen by the BPF-CBO algorithm possess informative and pertinent qualities for 

classification. 

 

Figure 4. Clustering Results Using SBFFC 
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The fitness values over iterations for the BPF-CBO algorithm and four other comparison 

algorithms are shown in Figure 5. It's worth noting that the BPF-CBO algorithm has the 

fastest convergence rate and highest fitness value, which shows how well it works for 

choosing features for fault classification in solar PV systems. The BPF-CBO algorithm works 

better than others, which means it picks the most useful and unique features, which makes the 

classifier more accurate and dependable. The plot illustrates the relative effectiveness of 

various optimization algorithms. The BPF-CBO algorithm consistently demonstrates superior 

performance compared to other algorithms, indicating its suitability for handling the intricate 

and non-linear characteristics of solar PV system data. 

 

Figure 5. Fitness Convergence of BPF-CBO and Comparison Algorithms 

 

Figure 6. Comparative Performance Metrics for Fault Classification 
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Figure 6 showcases a comprehensive comparison of performance metrics for the proposed 

CRLPT-DBi-LSTM classifier and other models, including Bi-LSTM, LSTM, DNN, and 

ANN. According to the results, the proposed CRLPT-DBi-LSTM model is the most sensitive, 

which means it can accurately find real fault instances. The implementation guarantees the 

reliable detection of faults, thereby minimizing the potential for undetected issues. The 

CRLPT-DBi-LSTM model demonstrates the highest level of accuracy compared to other 

models. This indicates its superior performance in accurately classifying both normal and 

faulty states. The high accuracy of solar PV systems is crucial for ensuring their reliability 

and efficiency. The proposed model exhibits a precision of 0.97, indicating its capability to 

maintain a high true positive rate compared to false positives. This ensures that most 

identified faults are indeed actual faults, which is crucial for efficient fault management. The 

proposed model demonstrates high reliability in correctly identifying non-faulty conditions, 

as evidenced by its achieved NPV of 0.99. In this context, it is critical to ensure system 

stability and avoid unnecessary maintenance actions. The Matthews Correlation Coefficient 

(MCC) value of 0.98 obtained for the CRLPT-DBi-LSTM model demonstrates a high degree 

of correlation between the predicted and actual classifications. This result serves as additional 

evidence of the model's robustness and accuracy. 

 

Figure 7. GUI for Fault Detection and Severity Analysis in Solar PV Systems 

Figure 7 displays a GUI specifically designed for the purpose of monitoring and analysing 

fault detection and severity in solar PV systems. The interface seamlessly integrates various 

components and functionalities to provide a comprehensive overview of the system's 

performance and fault management. The system will present the user with the calculated 

degradation rate and severity level of any detected faults. The values provided are used to 

evaluate the effect of faults on the performance of the PV system. The GUI offers a 

comprehensive platform that enables the real-time monitoring and analysis of solar PV 

systems. The system integrates data acquisition, processing, and visualization tools to enable 

streamlined fault detection and severity analysis. The alert message system improves the 
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user's capacity to promptly address critical faults, thereby enhancing the reliability and safety 

of the PV system.In the context of fault detection and severity analysis, it provides a measure 

of how quickly the system's performance is degrading due to specific faults. A higher 

degradation rate indicates a more severe fault, necessitating immediate attention to prevent 

further deterioration and potential system failure. 

5. Conclusion 

This paper introduces a novel method for fault classification and severity analysis in solar PV 

systems. The approach entails using a context rank layer with a parameterized Tanh-based 

deep bidirectional long short-term memory (CRLPT-DBi-LSTM) classifier. Advanced 

techniques like Sorted Bisection Farthest First Clustering (SBFFC) for data clustering and 

Bayes Probability Function-based Coot Bird Optimization (BPF-CBO) for feature selection 

are used in the proposed method to make fault detection much more accurate and reliable. 

The application of multivariate imputation (MVI) and the use of a 2D scalogram for 

amplitude visualization guarantee high-quality data preprocessing. The covariance-based 

fuzzy inference system (CFIS) further refines the severity analysis, providing comprehensive 

insights into the urgency and impact of the fault. The tests show that the suggested CRLPT-

DBi-LSTM model does better than other classifiers in terms of its sensitivity, specificity, 

accuracy, precision, recall, F-measure, negative predictive value (NPV), and Matthews 

correlation coefficient (MCC). This research's GUI integrates a variety of performance 

metrics and visualization tools to enable real-time monitoring and analysis. The calculated 

degradation rate and severity levels guarantee the operational efficiency and safety of solar 

PV systems, thereby facilitating proactive maintenance. The proposed methodology provides 

a comprehensive and robust solution for fault management in solar PV systems, thereby 

enhancing the sustainability and reliability of renewable energy sources. Future work will 

further enhance the model's adaptability to a variety of environmental conditions, focusing on 

its potential application in larger-scale PV installations. 
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