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Abstract

:

The present study introduces a novel approach employing weightless neural networks (WNN) for the detection and diagnosis of visual faults in photovoltaic (PV) modules. WNN leverages random access memory (RAM) devices to simulate the functionality of neurons. The network is trained using a flexible and efficient algorithm designed to produce consistent and precise outputs. The primary advantage of adopting WNN lies in its capacity to obviate the need for network retraining and residual generation, making it highly promising in classification and pattern recognition domains. In this study, visible faults in PV modules were captured using an unmanned aerial vehicle (UAV) equipped with a digital camera capable of capturing RGB images. The collected images underwent preprocessing and resizing before being fed as input into a pre-trained deep learning network, specifically, DenseNet-201, which performed feature extraction. Subsequently, a decision tree algorithm (J48) was employed to select the most significant features for classification. The selected features were divided into training and testing datasets that were further utilized to determine the training, test and validation accuracies of the WNN (WiSARD classifier). Hyperparameter tuning enhances WNN’s performance by achieving optimal values, maximizing classification accuracy while minimizing computational time. The obtained results indicate that the WiSARD classifier achieved a classification accuracy of 100.00% within a testing time of 1.44 s, utilizing the optimal hyperparameter settings. This study underscores the potential of WNN in efficiently and accurately diagnosing visual faults in PV modules, with implications for enhancing the reliability and performance of photovoltaic systems.
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1. Introduction


Conventional energy sources like coal, oil, nuclear energy and natural gas have been frontrunners in the energy market despite their drawbacks and limitations [1]. The energy demand across the globe has been continually climbing due to the rising global population, with an estimated population of 9 billion by 2050. The corresponding rise in the use of petroleum equivalents is projected to range from 12 billion to 16 billion tons [2]. However, the traditional form of energy sources is non-renewable and existing reserves are depleting rapidly, resulting in an increase in energy costs [3]. On the other hand, the excessive usage of conventional energy sources has created a severe impact on the environment that is claimed to be responsible for the occurrence of global warming, ozone layer depletion, acid rain and the greenhouse effect [4]. Such scenarios have highlighted the need to look for alternative sources of energy that are clean, available in abundance and eco-friendly. To counter environmental impacts and the rising demand for electricity, the scientific community has proposed renewable energy sources as the primary solution [5]. Various sources of renewable energies such as wind energy and solar photovoltaics (PV) have proven to be promising alternatives. Additionally, renewable energy sources offer several advantages like enhanced reliability, eco-friendly power generation, reduced manufacturing costs, large-scale installations, yearlong availability and noise-free operation. Recent reports introduced by the International Energy Agency (IEA) state that global annual installations reached 280 GW in 2020, constituting a 45% increase from past figures. This achievement is coupled with an expansion of global electrical capacity (90%) [6].



The effectiveness of renewable energy sources has not yet been fully exploited due to certain constraints like high maintenance costs, rigorous planning needs and initial capital requirements [7]. Additionally, setting up large PV or wind farms requires large geographical regions for installation to produce a competitive supply of energy. Moreover, the efficiency and reliability of renewable energy sources can further be affected by dynamic environmental and climatic conditions. Solar PV energy generation, the second most popular alternative source of energy, faces off annual energy losses due to the occurrence of faults and degradation over time [8]. The occurrence of various faults in PV modules can create an irreversible deterioration or drop in output performance [9,10]. To eliminate the PV module power loss, the timely monitoring, classification, localization and diagnosis of faults in PV modules is essential [11,12,13]. For instance, the presence of certain faults like aging [14], cracks [15], delamination [16] and corrosion [17] can degrade the lifespan of PV modules, thereby elevating the energy costs involved [18]. PV module faults can be broadly classified into visual and electrical faults; visual faults pave the way for the occurrence of electrical faults [19]. Fault diagnosis and detection in PV modules were initially performed through manual inspections. However, in the case of large PV farms, such manual inspections can be challenging and unprofitable. Thus, there is a need to adopt an automated technique that can detect, diagnose and localize fault occurrences in PV modules. Fault diagnosis and detection techniques for PV modules can be broadly categorized into two methods: (i) vision- or image-based methods (photoluminescence imaging [20], electroluminescence imaging [21,22], RGB imaging [23], fluorescence imaging [24] and infrared thermography [25,26,27]) and (ii) electrical measurement methods (IV curves [28,29], power spectral analysis, signal processing and reflectometry).



Automated fault diagnosis methods have in recent times become effective with the advent of unmanned aerial vehicles (UAVs). UAVs are aircraft that fly remotely or autonomously without the presence of a human pilot. UAVs are generally mounted with cameras, sensors and other payloads that enable them to perform a variety of activities including aerial photography, mapping, surveillance and delivery. Lower costs, less risk to human pilots and better deployment and operating flexibility are certain advantages of UAVs over manned aircraft. Additionally, UAVs are capable of entering regions that human pilots would find difficult or dangerous including disaster zones, building sites or military war zones. Over the years, thermal imaging cameras were widely equipped in UAVs to detect faults in PV modules. However, thermal image cameras have been replaced with high-resolution digital cameras due to the following reasons: (i) minor faults may be precisely spotted by high-resolution digital cameras, (ii) thermal cameras have bad image resolution and (iii) thermal cameras are unable to detect hotspots such as micro-cracks, solid bond failure, partial shading, etc., at higher temperatures [30]. High-resolution images of PV module arrays acquired from UAVs are then analyzed using image analysis and machine learning techniques to find and identify defects [31]. Various researchers have proposed several types of image processing techniques to find defects in PV modules by utilizing UAVs, such as aerial triangulation [32], image mosaicking [33], object detection [34] and extraction of correlated textural features [35]. Additionally, histogram feature analysis was applied by Dashtdar et al. for the localization and detection of faults [36]. However, the quality of the images captured by a UAV has a major role in the efficiency of all of the methods listed above. The image resolution can also be negatively influenced by various factors such as (i) vibration due to flight, (ii) atmospheric haze, (iii) high wind speeds and (iv) reflection from sun/light.



Of late, researchers have begun to apply artificial intelligence (AI)-based techniques for fault diagnosis tasks. Deep learning and machine learning in particular have been claimed to be the most promising methods due to their accurate and instantaneous result generation along with their pattern learning capabilities [37]. Numerous studies have focused on diagnosing PV module faults using convolutional neural networks (CNNs). Broadly, CNNs can be applied to any problem at hand in two different ways, namely, (i) building a model from scratch and (ii) adopting a pre-trained version. Pre-trained versions (GoogLeNet [38], ResNet-50 [39], DenseNet201, AlexNet [40], VGG16 [41] and much more) have been preferred due to their ease of availability, prior domain knowledge and wide adaptability. Additionally, renowned machine learning algorithms like support vector machines (SVM) [42], Naïve Bayes [43], k-nearest neighbor [44], decision trees [23] and much more have been applied in the field of PV module fault diagnosis. The aforementioned techniques work on the weights assigned to neurons to form a pattern and classify the input data into the respective classes. However, the introduction of WNN has created a significant impact due to the absence of a mathematical model or residual weights to determine faults in a system with minimal false rate alarms. WNNs, also termed wavelet neural networks, were introduced by Aleksander [45], who used a digital model built using random access memory (RAM) devices [46]. The learning process in WNNs is carried out through the memory inserts at neurons that take the shape of truth tables. Unlike weighted models, WNNs possess various advantages due to their diverse use of memory units through the elimination of network retraining, non-requirements for residual generation, the generation of accurate and precise results, swift and flexible algorithms with adaptive learning, a similar working principle to that of traditional digital systems, and effectiveness in classification and pattern recognition.



WNNs for classification and pattern recognition tasks have been minimally used in several applications like time series forecasting [47], clustering of data streams [48], navigation in robots [49], face feature identification [50] and fingerprint recognition [51]. However, the usage of WNNs in the field of fault diagnosis and detection is still in the nascent stages of application. The context of WNNs was approached in several articles by De Gregorio; nevertheless, the works do not deal with fault diagnosis tasks [52,53]. The following points were derived based on the abovementioned literature and studies performed.



	
Weightless neural networks have not been applied in the diagnosis of PV module faults.



	
Most of the published works utilized electroluminescence or thermal images in the detection of PV module faults, specifically, cracks and hotspots.



	
To minimize the consumption of inspection duration, manpower and capital costs, unmanned aerial vehicles have been widely adopted.



	
The lack of a public repository and acquisition of a PV module fault dataset is a challenge.



	
Researchers have applied artificial intelligence-based techniques, namely, machine learning and deep learning, to fault diagnosis in PV modules.



	
Over the years, deep learning or machine learning has been individually applied in the detection and diagnosis of PV module faults. However, a combined approach is still in the initial stages.






Based on the literature summary provided above, there were some motivational factors that are listed below:




	
First, there have been minimal attempts to use true color or RGB images for diagnosing faults in PV modules, guiding the direction of research. Since numerous works have studied the adoption of thermal or electroluminescence images.



	
Secondly, UAVs for the acquisition of PV module images have been considered another driving force in reducing monitoring time and manpower.



	
Further, a combined approach of machine and deep learning in the process of fault detection can be considered a prime innovation.



	
Finally, to the best of the authors’ modest knowledge, this is the first study where a WNN is applied to diagnose and classify visual faults in PV modules.








The prime objective of the present study was to develop a fault diagnosis model for PV module visual faults with the aid of deep learning features (DenseNet201) and a WNN (WiSARD classifier). This study aims to develop a simple model that is accurate and precise that can be further implemented into a low-cost device like a microcontroller or microprocessor.



The major contributions of this study are listed as follows:




	
A PV module dataset was created with six different conditions like good panel, delamination, snail trail, burn marks, discoloration and glass breakage. The dataset was acquired using an unmanned aerial vehicle and pre-processed for further usage.



	
The obtained dataset was augmented artificially through application image transforms to enhance the learning capability of the pre-trained network adopted. The augmented dataset was split into training and testing datasets (with a ratio of 0.8:0.2) resized to a size of 224 × 224 to be fed as input to DenseNet-201.



	
The features from the final fully connected layer (fc1000) of DenseNet-201 were extracted and saved as a data file. These extracted features were passed onto a J48 decision tree to select the impactful and contributing features.



	
The selected features were used to train the WNN (WiSARD classifier). The trained model was used to classify the PV module conditions with the supplied test dataset.



	
To improve the classification accuracy of the adopted WNN, several hyperparameters like tic number, bleach configuration, bit number, bleach flag, map type and bleach step were configured.








The novelty of the present study:



The prime novelty of the study revolves around the usage of a WNN (WiSARD classifier) in the detection and diagnosis of six different PV module conditions, namely, good panel, delamination, snail trail, burn marks, discoloration and glass breakage, through the use of an unmanned aerial vehicle (UAV). To improve the learning capability of the adopted model, the dataset was artificially augmented using image transforms. A hybrid approach involving the fusion of deep learning and machine learning techniques was adopted in this study. The features from the final fully connected layer (fc1000) of DenseNet-201 were extracted and a J48 decision tree was employed to select the most impactful and contributing features. These selected features were then utilized to train the WiSARD classifier (WNN), a novel approach for PV module condition classification. This study further optimized the WNN’s accuracy by configuring various hyperparameters, such as tic number, bleach configuration, bit number, bleach flag, map type and bleach step. The results demonstrated the effectiveness of the proposed methodology and the potential of the WiSARD classifier to accurately classify PV module conditions for various applications in the renewable energy domain.




2. Experimental Studies


The present study involves the usage of a UAV in acquiring the images of six different PV conditions considered. The overall data acquisition process was carried out under laboratory conditions with PV modules placed at certain locations inside the laboratory. The image data were acquired by operating the UAV over every PV module with the help of a handheld remote controller handled by a professional drone pilot. Initially, 100 images for every condition were acquired and stored in the storage device in the remote controller through a wireless medium. Further, the images were transferred to the local storage device at the ground station for the next stages of processing. Two sessions of flight travel were performed that lasted for 14 min each to acquire the images of the PV module conditions. The overall monitoring platform is represented in Figure 1. The PV modules used in the present study were manufactured by Udhaya Semiconductors Limited (Coimbatore, India), which has been in operation for 8 years. A detailed specification of the PV module is presented in Table 1.



Good panel, delamination, snail trail, burn marks, discoloration and glass breakage were the six PV module conditions considered in this study. For the application of AI-based techniques, the collected data can be minimal (in terms of volume). Thus, to enhance and expand the dataset artificially, data augmentation involving various image transforms was applied. With the application of data augmentation, 100 images of every PV module condition were expanded to 525 images per condition, accounting for a total of 3150 images. The basic transforms applied are presented in Table 2. The augmented data were further pre-processed and resized to a size of 224 × 224 to be fed as input to DenseNet201. The features from the final fully connected layer (fc1000) were extracted and passed onto a J48 algorithm for the selection of the most contributing and impactful features regarding classification. Furthermore, the WNN (WiSARD) classifier coupled with hyperparameter finetuning helped classify the selected features into the respective classes. A description of PV module faults is provided in Table 3. Limited range, short battery life, small screen size, physical fatigue, minimal features, connectivity issues and compatibility are certain constraints that occur while using handheld remote controllers. Additionally, knowledge of UAV operation and data acquisition is necessary.




3. Methodology


The fault diagnosis methodology for diagnosing PV module visual faults included three stages, namely, the extraction of DenseNet201 features, the selection of contributing features using J48 and classification with the WiSARD classifier. The overall workflow of the PV module fault diagnosis methodology is presented in Figure 2.



3.1. DenseNet-201-Based Feature Extraction


The feature extraction process reduces the number of variables required to analyze and explain a significantly larger quantity of data. A CNN creates features that automatically discriminate between each class based on the dataset labels to improve classification. By making only a few modifications to the last few layers, transfer learning has evolved into an effective method for extracting and categorizing unique image collections. In the present study, the pre-trained network DenseNet-201 was used to extract features from PVM. The network characteristics were obtained from the last fully connected layer (fc1000), which had 1000 features. The obtained features were saved as a “.csv” data file and utilized for further processing. The pre-trained network DenseNet-201 is a densely connected CNN with efficient memory usage. It has a total of 201 layers and 20 million learnable parameters. The size of the network is 80 MB and accepts an image input size of 224 × 224. The DenseNet architecture is primarily composed of dense blocks and transition layers. The dense block contains different numbers of filters with uniform dimensions within the block, while the transition layer performs the down-sampling process through batch normalization.




3.2. Selection of Features


Feature selection comprises identifying and selecting the most relevant features that can successfully help in class predictions. The addition of irrelevant information may reduce classifier performance and significantly increase processing complexity. As a consequence, the feature selection technique eliminates less relevant features to improve the classification algorithm performance. Decision tree (DT) algorithms are often used in feature selection due to their effective information retrieval capabilities and reliable rule generation. DT is a tree-like graphical representation that is used to build classification rules. Roots, nodes, leaves and branches comprise the decision tree. Classification criteria are shown as nodes connected by branches from root to leaf. The selection of features in decision trees begins at the root and progresses via the nodes until a pure leaf is found. Highly relevant and contributory features that impact classification are detected at the decision node using suitable estimate criteria. J48 is a well-known DT method that is widely used for feature selection. In the current study, the J48 DT algorithm was used on DenseNet-201 for the purpose of feature selection. The decision tree features were collected and a review was conducted to identify the best number of features required for feature classification. To identify the appropriate number of features, the experiment consisted of deleting the least significant characteristics and measuring the classification accuracy. Figure 3 represents the complete feature selection process for DenseNet201 features to determine the optimal number of features. In the feature selection process, 33 features were selected. The selected features are portrayed below in order of significance, i.e., high to low (295, 439, 627, 365, 66, 605, 663, 456, 223, 86, 2, 132, 222, 11, 437, 12, 317, 76, 252, 399, 568, 7, 473, 508, 608, 74, 260, 154, 394, 982, 10, 299, 467). The feature representation in the J48 decision tree algorithm is presented as a Supplementary File as the size of the tree is large.




3.3. WNN-Based Classification (WiSARD Classifier)


A novel digital neuron was developed by Aleksander using RAM devices that worked on Boolean logic. The neural networks that adopted such RAM-based neurons were termed as weightless neural networks (WNN).



The learning processes of such networks were performed by transferring data in the form of truth tables present inside the RAM. The WNN node recognizes or learns only a specific part of the input pattern. Such patterns are provided with an address inside the RAM that formulates a mapping criterion that can be fed in a binarized form to the network. Figure 4a represents the basic difference between the weighted and weightless neural networks. In general, weightless neural networks are supported with RAM devices that store the significant image features as addresses (binary initialization). However, weighted neural networks assign weights for a complete set of features. The key advantage of using a weightless neural network over a weighted neural network relates to the representation and computation of the neural network. WNNs use memory locations and hashing, whereas weighted neural networks use weighted synapses to adjust the signal strength between neurons. WNNs are preferred over weighted neural networks in scenarios where memory resources are limited, i.e., resource-constrained environments. This advantage makes WNNs an attractive choice for certain real-world scenarios, especially in situations where minimizing memory overheads is crucial for optimal performance and scalability. WNNs were utilized in the present study due to the low computational resources required and to achieve a potential implementation for real-time application. Figure 4b represents a simplified view of a RAM network and neuron.



The output from a RAM network is designated with a value of either 0 or 1. WNNs composed of RAM devices can be applied with various architectures, among which, WiSARD is widely preferred. The complete structure of WiSARD consists of two or more discriminators corresponding to the number of user-defined classes. Each discriminator is assigned a particular class that is trained individually to learn the patterns of the assigned class. Figure 5 represents the outline of the WiSARD classifier with a discriminator module. The discriminator module consists of RAM devices that map the input patterns. The number of RAM devices in the discriminator module is determined by the mapped model generated from the input patterns. The RAM devices learn sub-patterns from the input pattern of the mapped model, which can be represented as a tuple. During the testing cycle, the memory address of every corresponding tuple is identified by the RAM device, which delivers the stored output value (0 or 1). The pattern of a particular class is determined by the highest sum delivered from the discriminator module. Additionally, the WiSARD classifier (apart from the calculated sum) determines a confidence factor    C f    calculated from Equation (1), which helps in delivering the classification.


   C f  =    V  m a x   −  V  2 m a x      V  m a x        



(1)







In Equation (1),    V  m a x     represents the highest sum obtained from the discriminator value, while    V  2 m a x     represents the second-highest value. In some scenarios, the highest value of the sum can be produced by two or more discriminators, leading to a zero-confidence factor. In such cases, a randomness criterion can be introduced to determine the winner. However, usage of the randomness criterion can have a negative impact on the performance of the WiSARD classifier. Additionally, the WiSARD classifier encounters another issue of RAM saturation, wherein all of the RAM addresses have been used. However, such problems are eliminated with the usage of the bleaching technique. The overall working of the WiSARD classifier can be performed in four individual steps, represented as follows:




	
Step 1—Selection of attributes



	
Step 2—Input pattern mapping through simple mapping, weighted moving average by hamming distance, weighted moving average by degree of membership, weighted moving average by simple exponential smoothing



	
Step 3—Structural determination of neural networks in the WiSARD classifier



	
Step 4—Combining or clustering of filters



	
Step 5—Training and testing of the WiSARD classifier










4. Results and Discussion


The present study aimed to evaluate the performance of a WNN (WiSARD classifier) in detecting visible faults in PV modules. The performance of the classifier was evaluated for six PV module conditions considered. Various hyperparameters of the WiSARD classifier such as bit number, bleach confidence, bleach flag, map type and tic number were tested to determine the optimal values that achieve the highest classification accuracy. The obtained results demonstrate the feasibility of the proposed method and its potential for real-time application. The dataset was primarily split into a train test ratio of 0.8:0.2, while validation was carried out using ten-fold cross-validation. The obtained results are presented in the following subsections. The image resizing and feature extraction processes were carried out in the desktop version of MATLAB 2019b using the deep learning toolbox. Feature selection and classification were performed with Weka, a data mining tool.



4.1. Impact of Changing the ‘Bit Number’


The bit number in the WiSARD classifier determines the number of bits in the input data’s sparse distributed representation (SDR). The number of bits used can impact the classifier capacity and resolution. The term ‘bits’ refers to the individual binary units that are utilized to represent information. WiSARD is a pattern recognition method that employs a set of randomly initialized binary bit cells to identify input patterns. Table 4 represents the impact of changing the bit number on various accuracies. The value with the highest accuracies achieved was selected as the optimal value that was fixed while passing onto the next hyperparameter change. To perform a fair experimentation, all other parameters except bit number were kept constant (default values). Based on the results obtained in Table 4, it can be inferred that for a bit number value of 32, all the accuracies displayed higher values. Hence, bit number 32 was selected as the optimal value.




4.2. Impact of Changing Bleach Confidence


The bleach confidence parameter in the WiSARD classifier modifies the prediction confidence based on the similarity between the incoming and stored patterns. If the input pattern matches one of the stored patterns, confidence is enhanced; otherwise, confidence is lowered. This change improves the prediction accuracy of the classifier. The bleach confidence values that were tuned for this study are presented in Table 5. The results obtained as shown in Table 5 infer that the validation accuracies changed, while training and testing accuracies remained constant. Based on the displayed results, one can conclude that for a bleach value of 1.00, the WiSARD classifier displayed higher accuracies than for other values of bleach confidence.




4.3. Impact of Changing the ‘Bleach Flag’


The bleach flag of the WiSARD classifier acts as a Boolean indication that decides whether the prediction confidence should be changed or not. If the flag is set to true, the bleach confidence procedure is used to alter the confidence value. If the flag is set to false, no confidence modification is applied. Control over when and how confidence modifications are performed in the decision-making process of the classifier is provided by the bleach flag. Since the bleach flag is a Boolean indication, there are only two parameters, namely, true or false. Table 6 represents the obtained values for bleach flag variation.




4.4. Impact of Changing the ‘Bleach Step’


In neural networks, the bleaching process is used in order to combat overfitting, which happens when a model gets overly specialized on training input. Regularization, dropout, early stopping and modifying the model architecture are all frequent techniques. The bleach step hyperparameter controls the pace of bleaching. A lower bleach step value results in slower bleaching, whereas a higher value speeds up the bleaching process. Table 7 provides a clear insight into the impact of the bleach step over classification accuracies. Based on the results obtained in Table 7, a bleach step value of 1 was assigned as the optimal value.




4.5. Impact of the ‘Map Type’ Hyperparameter


The term ‘map types’ refers to various methods for mapping input patterns to the classifier bit cells. Map types govern how the input characteristics are distributed and related to bits in bit cells, which can have an impact on classification performance. The WiSARD classifier employs two map types: linear and random.



	
Linear map: The input characteristics are spread and sequentially related to the bits in the linear map type. Each feature is assigned to a different bit, resulting in a linear mapping from the input pattern to the bit cells. This means that the first feature is linked to the first bit, the second to the second bit and so on. The linear map offers a simple and predictable mapping pattern.



	
Random map: The input characteristics are dispersed and linked to the bits at random in the random map type. The mapping from the input pattern to the bit cells is non-sequential, i.e., random. Irrespective of the order, any feature can link to any of the bits in the bit cells. The random map adds more variety and randomization to the mapping process.






The WiSARD classifier’s performance and behavior can be influenced by the map type used. The linear map provides a systematic and predictable mapping pattern that may be useful in particular situations. The random map, on the other hand, provides unpredictability and can increase the classifier's capacity to handle diverse types of input and generalization. The impact of map type is presented in Table 8.




4.6. Impact of the ‘Tic Number’ Hyperparameter


The tic number in the WiSARD classifier refers to the number of bits in each bit cell. It determines bit cell memory capacity and resolution. Higher tic numbers provide finer-grained memory representation; however, this can be at the expense of increased memory utilization and computational complexity. Tic numbers represent a trade-off between memory capacity and computing efficiency. To optimize classifier performance, they are often determined through trial and error. Table 9 provides a clear insight into the impact of tic numbers on the performance of the WiSARD classifier. One can clearly observe from Table 9 that for a value of 256, the highest possible accuracies were obtained.




4.7. Optimal Hyperparameter Selection


Table 10 presents the optimal hyperparameter selection based on the experiments carried out in the aforementioned sections. The model performance with the optimal hyperparameter settings was evaluated with the aid of the confusion matrix represented in Figure 6. A confusion matrix is a table used to evaluate the performance of a classification algorithm. The matrix summarizes the predictions made by the algorithm on a set of test data, comparing the predicted labels with the true labels. The matrix represents a multiclass classification that separates faulty and non-faulty suspension systems, respectively. According to the matrix in Figure 6, the model demonstrated a high level of accuracy in classifying instances by correctly identifying all 630 instances accurately. Notably, the model exhibited a remarkably short testing time of just 1.44 s, representing potential applicability in real-time fault diagnosis systems. This study emphasizes the significance of employing the WiSARD classifier with 32 bits and 256 tics as this configuration led to accurate classification. Moreover, the study successfully demonstrated the effectiveness of the proposed fault diagnosis method that utilizes the WiSARD classifier.




4.8. Comparison with Other Studies


The performance of the proposed WiSARD classifier was compared and evaluated with various state-of-the-art techniques. Table 11 represents the performance comparison that details the classification accuracy achieved over the years. Based on the observations, one can suggest that the proposed WiSARD classifier outclasses the state-of-the-art works.





5. Conclusions


The present study used a WNN to categorize several PV module conditions using RGB images acquired from a UAV. A hybrid approach involving features extracted from DenseNet 201 (deep learning) followed by selection (J48 decision tree) and classification (WiSARD) was performed to determine the effectiveness of deep learning and machine learning algorithms for fault diagnosis problems. The impact of using the WNN over weighted neural networks was evaluated with several state-of-the-art comparisons. Additionally, to derive the maximum output from the WiSARD classifier, several hyperparameters were tested to determine the optimal hyperparameter setting. The obtained results show that the WiSARD classifier with DenseNet 201 features can achieve 100.00% accuracy with optimal hyperparameter settings, as mentioned in Table 10. Furthermore, the test results were derived in a minimum computational time of 1.44 s, emphasizing the method’s feasibility to be applied to real-time scenarios. The proposed work can help in accurate and instantaneous fault diagnosis that can help enhance the lifespan, reliability and safety of PV modules. The presented methodology can be deployed for real-time monitoring systems for instantaneous results. In the future, the computational effective solutions can be developed to provide cost benefits for investors.
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Figure 1. An overview of the proposed PV module data acquisition process. 
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Figure 2. The complete methodology of the proposed WiSARD classifier. 
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Figure 3. Feature selection process using DenseNet-201. 
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Figure 4. (a) Simple difference among weightless and weighted neural networks. (b) A simplified view of RAM network and neuron (RAM devices). 
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Figure 5. WiSARD classifier with discriminator module. 
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Figure 6. Confusion matrix of WiSARD classifier with optimal hyperparameters. 
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Table 1. Specifications of the PV module manufactured by Udhaya Semiconductors Limited.






Table 1. Specifications of the PV module manufactured by Udhaya Semiconductors Limited.





	Model Name
	Efficiency
	Number of Cells
	Type
	Weight
	Current
	Maximum Power
	Maximum Power Point Current

(Impp)
	Dimensions





	USP-36
	9–10%
	36
	Monocrystalline
	3.5 kg
	2.25 A
	36 W
	2.1
	(1011 × 435 × 36) mm
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Table 2. Image transforms applied to the acquired dataset.
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	Transformation Operation
	Noise
	Angle of

Rotation
	Blur
	Flip Angle
	Warp





	Value
	Random
	0–180°
	Gaussian
	90°
	40
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Table 3. A detailed description of PV module faults.
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	S. No.
	Visual Faults in PVM
	Reason for Occurrence of Fault
	Effect on Modules
	Images





	1
	Burn marks [54]
	Solder bond failure, ribbon ripping, localized heating.
	Safety risks and a drop in performance.
	[image: Energies 16 05824 i001]



	2
	Glass breakage [55]
	Thermal stresses, physical injury induced during installation and travel.
	Lower radiance, corrosion and moisture invasion.
	[image: Energies 16 05824 i002]



	3
	Snail trail [56]
	Microcracks around borders caused by stress.
	Quicker degradation.
	[image: Energies 16 05824 i003]



	4
	Delamination [57]
	Adhesion failure between the glass, encapsulant and back cover.
	Moisture ingresses caused by corrosion.
	[image: Energies 16 05824 i004]



	5
	Discoloration [58]
	Increased heat, humidity and UV radiation exposure.
	Power loss, physical color changes in modules (yellowing or browning).
	[image: Energies 16 05824 i005]
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Table 4. Performance of WiSARD classifier by varying bit number.
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	Bit Number
	Training Set Accuracy (%)
	Cross Validation Accuracy (%)
	Test Set Accuracy

(%)





	4
	100.00
	99.28
	99.68



	8
	100.00
	99.48
	100.00



	16
	100.00
	99.80
	100.00



	32
	100.00
	99.92
	100.00
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Table 5. Performance of WiSARD classifier by varying bleach confidence.
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	Bleach Confidence
	Training Set Accuracy (%)
	Cross Validation Accuracy (%)
	Test Set Accuracy (%)





	0.60
	100.00
	99.74
	100.00



	0.70
	100.00
	99.70
	99.84



	0.80
	100.00
	99.76
	100.00



	0.90
	100.00
	99.80
	100.00



	1.00
	100.00
	99.84
	100.00
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Table 6. Performance of WiSARD classifier by varying bleach flag.
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	Bleach Flag
	Training Set Accuracy (%)
	Cross Validation Accuracy (%)
	Test Set Accuracy (%)





	TRUE
	58.33
	46.54
	40.47



	FALSE
	100.00
	99.84
	100.00
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Table 7. Performance of WiSARD classifier by varying bleach step.
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	Bleach Step
	Training Set Accuracy (%)
	Cross Validation Accuracy (%)
	Test Set Accuracy (%)





	1
	100.00
	99.88
	100.00



	2
	100.00
	99.76
	100.00



	5
	100.00
	99.76
	100.00



	10
	100.00
	99.84
	100.00
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Table 8. Performance of WiSARD classifier by varying map type.
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	Map Type
	Training Set Accuracy (%)
	Cross Validation Accuracy (%)
	Test Set Accuracy (%)





	RANDOM
	100.00
	99.88
	100.00



	LINEAR
	100.00
	90.91
	91.58
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Table 9. Performance of WiSARD classifier by varying tic number.
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	Tic Number
	Training Set Accuracy (%)
	Cross Validation Accuracy (%)
	Test Set Accuracy (%)





	1
	20.23
	20.00
	20.30



	10
	100.00
	98.21
	97.46



	20
	100.00
	98.84
	99.68



	50
	100.00
	99.28
	99.84



	100
	100.00
	99.72
	99.84



	256
	100.00
	99.88
	100.00
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Table 10. Optimal hyperparameters of the WiSARD classifier.
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	Hyperparameter
	Configuration





	bits
	32



	bleach confidence
	1.00



	bleach flag
	FALSE



	bleach step
	1



	map type
	RANDOM



	tic number
	256
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Table 11. Performance comparison with various state-of-the-art methods.
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	Reference
	Methodology Used
	Classification Accuracy (%)
	Test Time (s)





	[59]
	DeepSolarEye (ResNet-Based)
	97.80
	-



	[60]
	Yolo V3
	96.30
	-



	[61]
	Custom CNN
	79.06
	-



	[62]
	Custom CNN
	94.30
	3.66



	[63]
	Custom CNN
	97.90
	0.55



	[16]
	Custom CNN
	95.07
	-



	[23]
	Pretrained CNN + Random Forest
	98.25
	0.89



	[44]
	Pretrained CNN + K-Nearest Neighbor
	98.95
	0.04



	[64]
	Ensemble Model
	99.04
	2.50



	Proposed
	DenseNet-201+ WiSARD
	100.00
	1.44
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