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Abstract

New trends were introduced in using PhotoVoltaic (PV) energy which are mostly attributable to new laws internationally having a goal to decrease the usage of fossil fuels. The PV systems efficiency is impacted significantly by environmental factors and different faults occurrence. These faults if they were not rapidly identified and fixed may cause dangerous consequences. A lot of methods have been introduced in the literature to detect faults that may occur in a PV system such as using Current-Voltage (I-V) curve measurements, atmospheric models and statistical methods. In this paper, various machine learning techniques in particular supervised learning techniques are used for PV array failure diagnosis. The main target is the identification and categorization of several faults that may occur such as shadowing, degradation, open circuit and short circuit faults that have a great impact on PV systems performance. The results showed the technique’s high ability of fault diagnosis capability. The K-Nearest Neighbor (KNN) technique showed the best fault prediction performance. It achieves prediction accuracy of 99.2% and 99.7% Area Under Curve-Receiver Operating Curve (AUC-ROC) score. This shows its superiority in fault prediction in PV systems over other used methods Decision Tree, Naïve Bayes, and Logistic Regression.
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1 Introduction
In the presence of different energy sources, solar PhotoVoltaic (PV) system have grown rapidly in recent years [1]. In these systems, several type of faults may occur due to environmental changes and the possible failure that may occur in manufacture, transportation, installation, and other processes [2, 3]. These appearing faults may cause serious safety risks [4] including fire occurrence, electrical shocks, and physical harm. They also have a serious impact on the amount of power generated. Consequently, it is essential to perform efficient PV fault detection and diagnosis.
PV electrical data are used for fault diagnosis such as output power, output voltage, current at the DC or AC side, and the current-voltage characteristic (I-V curve) [5]. The fault diagnosis using the I-V curve is an important method [6] because the I-V curve gives rich information about the health state of PV modules. I-V tracers could give the measurement for a single module, small-scale string or array when there is a need for getting the I-V curves. The solution of the hardware for the measurement of I-V curves periodically at the power plant level has become accessible commercially [7, 8]. Diagnosis of faults using the I-V curve was used in a variety of ways in literature to extract data. It is possible to take the curve’s important features such as VOC, ISC, VMPP, IMPP, FF, Rs, and Rsh to be used for fault diagnosis using threshold analysis, statistical methods, Machine Learning Techniques (MLT), etc. For demonstration, in [9], Partial Shading (PS), Short Circuit (SC), Open Circuit (OC) as well and failure of bypass diode were detected using VOC, ISC, VMPP, and IMPP characteristics. The threshold method and Artificial Neural Network (ANN) are both used to determine the faults. In [10], VOC, VMPP, IMPP, and Rs that are extracted from the I-V curve are used for short circuit fault, partial shading and degradation diagnosis. The parameters VMPP, IMPP, and PMPP were also used to detect partial shading faults in [11]. In [12], the VMPP parameter was used to identify the occurrence of partial shading using the voltage drop on the I-V curves. Similar techniques can be seen in [13, 14]. Another technique is to determine the steps on the I-V curves are calculate the curve’s first or second derivative. The steps were extracted by the analysis of the negative peaks on the I-V curve and then a threshold is found to determine the partial shading and crack faults in [15]. I-V curves were divided into low and high-voltage domains in [16]. More related studies can be found in [17, 18]. The third introduced technique was comparing full I-V curves to simulated ones. This was applied in [19] by comparing the generated I-V curves that was inspected from the double diode model with the measured ones which were used to diagnose faults like partial shading and degradation using threshold analysis. Also Partial shading, ground faults and short circuits were identified using the same method in [15].
Another applied technique for fault diagnosis and classification in PV systems is machine learning. Artificial Intelligence (AI) refers to computer programs that emulate human cognitive functions to carry out sophisticated activities like data analysis, language translation, and decision-making that were previously limited to human performance. A branch of AI known as machine learning involves training algorithms on data sets to create models that can carry out particular tasks. Machine learning models are able to do complicated tasks like sales forecasting, image sorting, and big data analysis. These models have been used in several applications showing significant results. These applications are the medical ones which can help in saving many human lives. Convolutional Neural Networks (CNNs) have been used in classifying normal and cancerous cells to provide early detection of Acute Lymphoblastic Leukaemia (ALL) [28]. This method was able to achieve high accuracy of prediction. Another application where the MLT which is applied in diagnosing the symptoms of Coronary Artery Disease (CAD) [29]. Many models of machine learning have been applied in the prediction of CAD symptoms which is one of the primary causes of death worldwide. These models were Neural Networks (NN), Support Vector Machines (SVM), Random Forests (RF), Logistic Regression (LR), and K-Nearest Networks (KNN). MLT have been also applied in the diagnosis of malaria which continues to be a major global health issue, with a high case incidence and substantial annual death toll [30]. Effective treatment for malaria depends heavily on early detection and precise diagnosis. The purpose of this study was to evaluate how well CNNs and conventional NNs performed in the identification and categorization of various malaria kinds using images from blood smears. The CNN model outperformed other diagnostic models, providing improved precision and consistency when categorizing cases of malaria. MLT have also been used in the precise COVID-19 diagnosis and evaluation [31]. This study showed that deep learning approaches have a substantial practical potential to offer a precise and effective intelligent system for identifying and gauging COVID-19 severity.
These techniques allow software applications to be able to make more accurate predictions. This is done by providing prediction models that are based on statistical techniques. The input data is processed to get the predicted output and then updated when new inputs are available. Two categories are available in machine learning which are supervised learning and unsupervised learning. They are used depending on the type of problem considered. These techniques use different groups of approaches to make accurate prediction models [20].
In supervised learning the input and output pairs are provided for categorization. To get the desired results, some algorithms are used such as regression, Decision Tree (DT), RF, KNN and logistic regression [21].
Unsupervised learning produces predictive models even when there is no labeled pair of input-output to use. Depending on the problem, some techniques are used such as k-means for clustering problems, the Apriori algorithm [22] for learning problems and many more.
2 Literature on PV fault diagnosis techniques
Most prediction models depend on knowing the incident radiation on the PV solar park and from these values the electrical power generated was determined. The curves formulated by the PV panels were used as the sources of data along with several formulas and correlations [23]. In order to give crucial information for the prediction of faults, prediction models often depend on evaluating statistical data generation over time and long-term meteorological data [24]. In research [5], neural network techniques were used to forecast the produced energy by PV systems. The temperature of the PV modules has also been predicted in [25]. The PV prediction models are categorized as shown in Figure 1.
	[image: thumbnail]	Fig. 1 PV classification models and strategies for prediction.




2.1 Machine learning techniques
These techniques are based on artificial intelligence methods. These techniques need a lot of input data to give high prediction accuracy of PV fault diagnosis. Some of the techniques used for machine learning approaches are listed below:
	
ANN: Networks of Multilayer Perceptron type are used in most of the research. ANN-based methods for predicting faults in PV systems are given a lot of attention [5].



	
SVM: They are used to diagnose faults in PV systems using a time series analytic method, and a lot of interest is given to these techniques [22].





2.2 Hybrid models
To increase the advantages of several approaches and improve the accuracy of fault prediction, some models were used integrated together. For example, systems like neuro-fuzzy combine fuzzy logic with the ability to learn a neural network. Adaptive Neuro-Fuzzy Inference Systems (ANFIS) have been used for fault diagnosis as well [26]. Another hybrid model that combines both Back Propagation Neural Network and Particle Swarm Optimization technique (BPNN-PSO) has also been used for fault diagnosis in PV systems [5].
2.3 Atmospheric models
These models are interested in the metrological variables related to the forecast. These variables are acquired from various metrological institutes that give numerical forecasting programs. Environmental behavior affects greatly the fault occurrence in PV systems. These meteorological factors include humidity, temperature, air pressure, shading, and wind speed.
3 Methodology
Several techniques were used for PV fault diagnosis had been used as illustrated in Section 2. In this paper, some deep learning techniques were applied for fault diagnosis in PV system. The system used here is a microgrid that was designed to show the effect of using supervised deep-learning techniques in fault diagnosis [27]. In order to study which supervised learning model gives the most accurate predictions, several supervised learning models have been applied. These models will be suitable for simulation and implementation for other PV systems in the future and will lead to the system’s improved performance through avoiding different faults effects.
Four supervised learning techniques are used in this study for PV faults diagnosis: KNN, LR, DT, and Naïve Bayes (NB). The framework of the used methodology is shown in Figure 2.
	[image: thumbnail]	Fig. 2 The proposed methodology’s framework.




The techniques used were developed using a data mining tool for machine learning and data visualization “Orange” integrated with MATLAB for numerical computations and algorithms. The four algorithms and the error metrics are discussed in the following sections.
3.1. K-nearest neighbors
KNN algorithm can be used for both classification and regression problems. The KNN algorithm assumes that objects belong to the same class as their nearest neighbors. The method needs the value of a positive integer k. The algorithm gives k points on the dataset having a similar pattern to the sample (called KNN) [15]. The KNN algorithm works by detecting the neighbors when used in the prediction applications [21]. The values of the secondary current Isec and the load power are the key features. These data are then added together in a matrix X
ij
, where each row represents a feature vector for a specific period. The feature vector y
j
 that represents the nearest neighbor for a new data point at time t, is then compared with all the rows in X
ij
 and the vector of Euclidean distances d
i
 gives:[image: thumbnail](1)

The distance values are sorted in ascending order and the first k matches are found. The average value of all the variable’s numerical values of the KNN is used as the value for y
j
.
3.2 Logistic regression
The main purpose of using supervised machine learning, and LR is to solve classification problems. The objective is to estimate the probability that a certain instance belongs to a class. It is considered a statistical method that studies the correlation between a group of independent variables and a set of binary dependent variables. It is an effective technique for making decisions. The formulas that are used to represent this logistic function are shown below which are also known as the log odds or the natural algorithm of odds:[image: thumbnail](2)
[image: thumbnail](3)

The beta parameter is estimated using maximum likelihood estimation (MLE) in this model. It is important to test the model’s accuracy. The Hosmer-Lemeshow test is a technique for evaluating the model’s prediction accuracy.
3.3 Decision tree
This is a supervised learning technique that is used for regression and classification applications. It has a hierarchy organization, containing root nodes, branches, internal nodes and leaf nodes. This hierarchy is shown in Figure 3.
	[image: thumbnail]	Fig. 3 A decision tree diagram.




All the outputs in the dataset are represented as leaf nodes. Pruning is the method used for preventing overfitting and complexity reduction. Cross-validation is then used to test the accuracy of the model.
The characteristic having the least entropy is used to choose the best feature to get the best DT. The characteristic that gives the best results in the classification of the training data will result in the best split. The formulas of entropy and information gain that are used for classification are described in equations (4) and (5).[image: thumbnail](4)where S represents the dataset that entropy is calculated; c represents the classes in set S; p(c) represents the proportion of data points that belong to class c to the number of total data points in the set, S
[image: thumbnail](5)where a represents a specific attribute or class label; Entropy(S) is the entropy of the dataset, S; |SV|/|S| represents the proportion of the values in SV to the number of values in the dataset, S; Entropy (SV) is the entropy of the dataset, SV.
3.4 Naïve Bayes
Naïve Bayes algorithms is a supervised learning technique used for classification and is based on the Bayes theorem. It is used for the classification of large datasets. It is one of the most efficient classification algorithms available. It makes predictions based on the prediction that a data sample will occur.
The Bayes theorem, commonly known as the Bayes Rule or Bayes law, is used to calculate the probability of a hypothesis given some prior information. The conditional probability is used.
The Bayes theorem/s formula is as follows:[image: thumbnail](6)where P(A/B) is Posterior probability: Probability of hypothesis A on the observed event B. P(B/A) is Likelihood probability: Probability of the evidence given that the probability of a hypothesis is true. P(A) is Prior probability: Probability of hypothesis before observing the evidence. P(B) is Marginal probability: Probability of evidence.
3.5 Evaluation metrics
Performance evaluation metrics such as F1 score, AUC-ROC, precision, and recall were used to determine how well the models predicted faults. The ratio of true positives to all the true positives and false negatives is called the recall.[image: thumbnail](7)

The ratio of true positives that were accurate is known as precision.[image: thumbnail](8)

Another evaluation metric is the F-score or F1 score. It is calculated using both Precision and Recall. The following formula describes the F1 score:[image: thumbnail](9)

The AUC-ROC curve is used to display the results of the classification model on graphs. It is a significant indication of the effectiveness of the model. The ROC (Receiver Operating Characteristic) curve is a graph that shows how well a model of classification works at various threshold values. It is plotted between the True Positive Rate and the False Positive Rate. The 2-D area under the curve of ROC (AUC) is calculated.
4 Data analysis of PV system in different conditions
Referring to a previously designed model of a microgrid PV system in [27], the dataset obtained is used for validation and showing the ability of the supervised learning algorithms for the prediction of different faults. Figure 4 shows the constructed simulation blocks, where S1 and S2 describe PV strings with eight 330 W PV modules each with inputs temperature and irradiance.
	[image: thumbnail]	Fig. 4 Architecture of a photovoltaic simulator system [27].




Each module gives a simulated voltage Vdc,s and also a simulated current Idc,s which are inputs to a voltage output boost converter (Bs) that uses the Maximum Power Point Tracking(MPPT) algorithm (with S1 and S2). The output is then routed into a full bridge inverter (J1), that transforms the DC into a single-phase output with 127 V and 60 Hz that is connected to a model utility grid.
To simulate the faults that may occur in the system considered above, some elements are used such as switches that simulate open circuit faults, resistors that simulate string degradation, a variable that simulates partial shadowing and switches to simulate short circuit faults. The simulation was used to make a training dataset that included data for a full range of temperature (T) and irradiance (G) for each of the five conditions. The temperature is bound to 85 °C, to be the maximum working temperature of the PV module while the lower temperature is set at 5 °C. The range of irradiance is set between 100 W/m2 and 1000 W/m2 corresponding to the time interval between starting the inverter operation and the peak of power generation. For each of the faults under consideration, the temperature was simulated in 19 stages of 50 W/m2. In total, 10,000 samples were produced by this configuration.
4.1 Classification of faults
The fault diagnosis provides the user with information about the sources of any faults that were discovered. The performance of the four most popular supervised MLT was tested. A feature vector is formed containing the input variables of these algorithms.[image: thumbnail](10)

The faults that are determined and diagnosed are short circuit faults, open circuit faults, degradation, and shadowing. The used dataset includes 16 days of data from an on-grid PV plant that works normal conditions and when faults occur. These faults were labeled as shown in Table 1.
Table 1 
Normal and faulty conditions given values.


5 Results and discussion
5.1 Steps for algorithms application
Four machine learning algorithms are applied for fault diagnosis in the PV system based on the analysis performed in the previous sections. These algorithms are KNN, LR, DT, and NB. The input variables are used in these models such as solar irradiance, temperature, simulated voltage, and simulated current. In the training process, the cross-validation method is applied. This method divides the training dataset into two groups, the first is used for training and the second is used to test the accuracy of classification. Using different data to create each part allows for several iterations of the procedure. Attention must be taken to make sure that the training and test groups contain samples of data from each category. The average of all iterations shows the result. In this work, the simulated dataset is divided into five equal parts and 80% of the data is used for training and a new sample of data is used each time. The parameters of each technique were changed during applying cross-validation and they are set to the values that produce the best accuracy. The following are some parameter settings:
	
KNN: The KNN parameters were chosen such that: k = 2 neighbors and the distance used is the Euclidean distance.



	
LR: The regulation type in the LR method was set to Lasso (L1). This decreases the complexity of prediction.



	
DT: Minimum number of instances was set to 2 and the maximum tree depth was limited to 100. The stop condition was set to occur when the majority reaches 95%.



	
NB: According to the values of the samples, the probability that each sample belongs to a certain category is determined. The sample is then classified in the category having the highest probability.





The sampling type used for testing in all models is stratified five-fold cross-validation.
The model is trained again if the obtained results are not accurate in predictions to give the output. The part of the data for testing is then applied. After making predictions, the predicted data and the actual data are then compared to determine the most accurate model.
5.2 Fault detection results
The output obtained after using the models to identify the faults in PV systems are shown in this section. The total number of instances obtained is 10,000. Of which, 8054 instances are the actual instances used for training. They are divided into sets of values for testing the ability of the model to correctly predicting the faults occurring in the PV system. The normal condition indexed “0” and faults indexed from “1” to “3” shown in Table 1 are those classified.

Figures 5–8 represent the confusion matrix of the results of fault detection obtained from the applied techniques which are KNN, LR, DT, and NB. Some other classification models were simulated such as SVM, RF, and NN. However, the focus of the results and the work was on the mentioned models as those are the ones that show the best results of fault detection.
	[image: thumbnail]	Fig. 5 Confusion matrix for fault detection based on KNN model.




	[image: thumbnail]	Fig. 6 Confusion matrix for faults detection using LR model.




	[image: thumbnail]	Fig. 7 Confusion matrix for faults detection using DT model.




	[image: thumbnail]	Fig. 8 Confusion matrix for faults detection using NB Model.





Figures 5–8 show the data that was used to calculate the overall efficiency of the models proposed for fault detection. Some results are concluded. The instances which are used for the test show the best accuracy in predicting the normal functioning of the system, the best ability in diagnosis of faults in the PV system, the least number of false positives and the least number of false negatives.

Table 2 shows the performance metrics that show the results of using the different models for the classification of faults occurring in the PV system. Referring to the given results, DT model outperforms the three alternative models across all statistical characteristics examined. It is shown that the AUC-ROC result is 99.4% using the DT model, 99.8% using the NB model, 99.9% using the LR model, and 99.7% using the KNN model. The precision using the DT model is 98.6%, using the NB model is 97.8%, using the LR model 97.8%, and using the KNN model 99.2%.
Table 2 
Performance metrics scores for classification of faults in PV system using different classification models.


All the results show high performance in the prediction of instances in their correct classes. The highest accuracy of prediction goes to the KNN technique over other techniques.
The ROC curve analysis for the classification of the faults in the PV system is used to display a classification model’s performance across all classification levels. Two parameters are plotted on this curve, the true positive and the false positive rates.
The ROC analysis here was done for all the types of faults to show the performance of the classification of different learning models. All the target classes 0, 1, 2, and 3 are considered for classification. Figures 9a–9e show the ROC analysis for all the classification models. The results of the ROC analysis all show the superiority of correct prediction for all the target classes for fault diagnosis in the PV system using the KNN algorithm over all the other used classification algorithms.
	[image: thumbnail]	Fig. 9 a) ROC Analysis for prediction of target class (0); b) ROC Analysis for prediction of target class (1); c) ROC Analysis for prediction of target class (2); d) ROC Analysis for prediction of target class (3); e) ROC Analysis for prediction of target class (4).




6 Conclusion
This study compares the effectiveness of supervised learning methods for diagnosing PV system faults using data from a grid-tied photovoltaic plant that was operating both improperly and normally for 16 days [27]. The methods KNN, LR, DT, and NB were used to create four alternative models for prediction.
In literature, many techniques have been used for predicting faults in solar PV systems as discussed. The analysis made on these techniques shows that most studies conduct the use of MLT for PV fault diagnosis because of their high efficiency in estimation and prediction. Supervised Machine Learning algorithms are useful tools for the prediction of faults that lead to PV system degradation. In this work, the faults that were predicted in the PV system are the short circuit, degradation, open circuit, and shadowing. These faults happened over 16 days in a working PV system. The techniques used for predictions are (KNN, LR, DT, and NB), giving high accuracy for prediction by comparing the error metrics. The KNN technique showed a precision of prediction of 99.2% and the AUC-ROC result is 99.7%, outperforming the other methods of LR, NB, and DT for PV system fault diagnosis.
As a future work, formulating a small PV system as hardware can be done and showing the faults occurrence that affects this system. A complete study of the method of hardware design and fault types that can be shown to this system is intended to be made. Techniques that can be applied for eliminating the effects of these faults can also be applied.
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        Architecture of a photovoltaic simulator system [27].

      

    

  
    
      Table 1 

      Normal and faulty conditions given values.

      
        


	Value
	Description





	0
	Normal operation (no faults)



	1
	Shot circuit (between 2 modules of a string)



	2
	Degradation (resistance between 2 modules of a string)



	3
	Open circuit (one string disconnected from the power inverter)



	4
	Shadowing (shadow in one or more modules)
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        Confusion matrix for fault detection based on KNN model.
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        Confusion matrix for faults detection using LR model.
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        Confusion matrix for faults detection using DT model.
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        Confusion matrix for faults detection using NB Model.

      

    

  
    
      Table 2 

      Performance metrics scores for classification of faults in PV system using different classification models.

      
        


	Model
	AUC
	
F1
	Precision
	Recall





	KNN
	0.997
	0.992
	0.992
	0.992



	Logistic regression
	0.999
	0.977
	0.978
	0.977



	Decision tree
	0.994
	0.986
	0.986
	0.986



	Naïve Bayes
	0.998
	0.979
	0.978
	0.977





      

    

  
    
      Fig. 9 
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        a) ROC Analysis for prediction of target class (0); b) ROC Analysis for prediction of target class (1); c) ROC Analysis for prediction of target class (2); d) ROC Analysis for prediction of target class (3); e) ROC Analysis for prediction of target class (4).
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