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 Intelligent diagnostic models that can identify and categorise thermal 
anomalies affecting efficiency and safety are essential for the reliable 
operation of photovoltaic (PV) systems.  One of the most serious defects 
is thermal hotspots, which frequently result in energy loss and potential 
fire hazards. Convolutional Neural Networks (CNNs) have 
demonstrated promising performance when applied to aerial thermal 
images for PV fault detection. However, most existing models are 
limited to binary fault identification, thereby constraining their 
applicability for risk-based maintenance. Conventional CNN 
architectures also lack an optimised flatten-layer representation and fail 
to capture the full variability in hotspot severity. This study presents an 
enhanced CNN-based framework for multiclass classification of hotspot 
severity in PV modules. To improve feature abstraction and class 
separability across severity levels, the proposed model employs a staged 
architectural refinement strategy by progressively adding convolutional 
layers to a baseline CNN. Hotspot regions extracted from unmanned 
aerial vehicles (UAV)-acquired thermal imagery were categorised into 
low, medium, and high severity levels for model training and evaluation. 
The improved model achieved a 9.1% increase in accuracy and a 7.6% 
increase in F1-score, outperforming the baseline CNN, thus confirming 
its superior discriminative learning capability and diagnostic robustness. 
These findings demonstrate that architectural deepening and flatten-
layer optimisation can advance automated thermographic inspection 
toward severity-aware predictive maintenance for PV systems. 
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1. INTRODUCTION   

The increasing demand for intelligent diagnostic systems to ensure the safe and reliable operation of solar 
assets aligns with the global growth in photovoltaic (PV) installations [1]. However, in PV operation, 
localised thermal hotspots remain one of the most critical failure modes, contributing to material 
degradation and reduced lifespan. These thermal hotspots accelerate PV material ageing, reduce electrical 
efficiency, and may lead to increased safety risks, including module ignition under severe conditions [2].  

Meanwhile, unmanned aerial vehicles (UAVs) have emerged as a practical, non-invasive method for 
large-scale PV monitoring through aerial thermographic inspection. It provides rapid visualisation of 
suspected abnormal localised temperature variations across large solar farms [3]. Fig.1 presents the visual 
and thermal representations of a PV module acquired through UAV-based inspection. While the visual 
image in Fig. 1(a) conveys structural information, the thermal image in Fig. 1(b) reveals localised 
temperature anomalies associated with hotspot formation through changes in colour formation. 

 

Fig. 1.  (a) Visual image of a photovoltaic module captured using UAV; (b) Corresponding thermal image highlighting 
a localised hotspot region 

In recent studies, deep learning (DL) models using Convolutional Neural Networks (CNNs) 
architecture have proven effective for analysing PV thermal images. The implementation of CNNs using 
artificial intelligence-based techniques has improved the automation of PV fault diagnosis. However, most 
existing CNN models are limited to binary classification tasks that only distinguish between defective and 
non-defective modules [4]. Moreover, conventional CNNs pay limited attention to localised hotspot regions 
and instead rely on global thermal properties within an image. This constraint consequently limits the 
model's capacity to detect subtle spatial feature variations and temperature fluctuations within the affected 
region [5]. This generalisation to assess the PV module disregards the aspects of varying levels of thermal 
severity, which is crucial for risk-based maintenance, as is prioritised during inspection planning [5].  

To address these limitations, this study proposes an enhanced CNN framework that emphasises feature 
representation at the early convolutional layers. These layers capture local spatial structure and fine-grained 
thermal variations, which are important for consistent severity differentiation in later processing stages [6]. 
The proposed architecture strengthens the convolutional hierarchy and refines the flattened feature 
representations to improve feature abstraction and separability across severity levels. This study also 
enhances feature representation by incorporating thermal hotspot anomalies as important features for 
determining PV module defects through multiclass hotspot severity classification.  

In this study, hotspot regions obtained from collected UAV-acquired thermal imagery were categorised 
into low-, medium-, and high-severity classes for model training and evaluation. The proposed framework 
advances automated PV fault diagnostics toward a more severity-aware and predictive maintenance 
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strategy. Instead of increasing network depth, the model refines task-relevant convolutional features and 
improves feature mapping within localised thermal regions. 

2. LITERATURE REVIEW 

Due to its non-contact capability and efficacy in identifying localised temperature anomalies linked to cell 
defects, connection failures, and mismatch circumstances, thermal imaging has been widely employed for 
PV hotspot analysis [7]. In the past, manual thermographic inspection commonly relied on temperature-
difference (ΔT) thresholding, where ΔT represents the temperature contrast between a hotspot region and 
the surrounding healthy module area. This approach is widely used to detect abnormal thermal signals 
associated with PV module defects. 

Further studies have improved this inspection method by incorporating UAV-assisted data acquisition 
to support rapid, large-scale condition assessments of PV installations [8], [9]. More recent work has 
introduced learning-based techniques to automate hotspot detection and reduce reliance on manual 
interpretation. Despite these developments, the interpretation of hotspot behaviour remains inconsistent 
across the literature, specifically when relating thermal patterns to severity assessment under varying 
operating conditions [10]. Thermal signatures are strongly influenced by multiple external factors such as 
irradiance variation, ambient temperature and module ageing. These factors complicate direct severity 
assessment when image-based information is used [11]. Although several studies recognise these 
challenges, many existing frameworks continue to rely on simplified binary interpretation strategies. 
Overall, the literature indicates that while thermal imaging provides a reliable basis for hotspot detection, 
accurate severity-aware interpretation requires more advanced modelling. Effective severity classification 
must integrate spatial-thermal characteristics with contextual operating conditions to support informed 
decision-making in PV inspection and maintenance applications. To address these limitations, deep learning 
approaches, particularly CNNs, have been widely adopted for their ability to automatically learn 
discriminative spatial features from thermal imagery without requiring handcrafted feature extraction. 
CNN-based models have demonstrated strong performance in capturing complex thermal patterns and 
spatial variations, making them suitable for hotspot detection and severity classification tasks in PV systems 
[12], [13]. 

Recent studies have explored multimodal strategies by combining thermal imagery with contextual or 
sensor-derived parameters to improve diagnostic performance [14], [15]. While these approaches enhance 
feature representation, they are rarely designed with severity-aware objectives, particularly in 
distinguishing different levels of hotspot intensity. Consequently, the integration of spatial–thermal 
descriptors remains essential for enabling more reliable and interpretable hotspot severity classification. 
Despite these advancements, systematic feature fusion strategies that effectively combine image and 
temperature-based representations remain underexplored in the current literature, highlighting the need for 
more structured and application-specific modelling approaches. 

Although deep learning approaches combined with thermographic imaging demonstrate strong 
performance in detecting hotspot occurrences, systematic hotspot severity categorisation remains relatively 
underexplored in PV research. Many recent studies formulate hotspot detection as a binary classification 
task, focusing on the presence or absence of anomalies rather than differentiating severity levels [16], [17]. 
Some works have introduced rule-based criteria or ΔT-based categorisation to assess severity. However, 
variation in threshold definitions and methodological choices across studies limits reliability and general 
applicability [11]. More recent research has explored class-based defect classification using CNN-based 
techniques and machine learning approaches. However, severity labelling is often constrained by limited 
datasets and simplified feature representations [18]. In addition, image-based severity models frequently 
struggle to capture minor thermal variations associated with early-stage deterioration, particularly under 
changing environmental conditions [19]. Overall, the literature indicates that effective severity 
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classification requires more structured formulations such as integrating spatial-term features with learning-
based models, rather than relying solely on binary detection.  

Nevertheless, beyond feature representation, architectural design also plays a critical role in improving 
classification performance. Several studies have shown that incorporating task-specific architectural 
refinements, such as adding dedicated convolutional layers, can enhance feature discrimination without 
requiring a complete network redesign [37], [38]. This approach facilitates deeper interaction among 
learned representations and enables the extraction of more relevant high-level features associated with fault 
characteristics [39]. Rather than arbitrarily increasing network depth, strategically integrating additional 
convolutional layers has been found to be more effective in improving feature abstraction and classification 
capability. This observation motivates the proposed enhancement strategy, which incorporates additional 
layers to improve hotspot severity classification performance. 

3. METHODOLOGY 

To evaluate CNN performance for multi-class hotspot severity classification using PV thermal images, this 
study implements a structured methodology. The proposed workflow is designed to overcome the 
limitations of existing image-centric and binary-based approaches by integrating spatial-thermal feature 
information. Fig. 2 shows the overall workflow of the CNN-based model framework for hotspot severity 
classification.  

The process begins with thermal image acquisition, followed by image pre-processing that consists of 
labelling and resizing procedures. The CNN-based model is then applied to represent hotspot features. In 
the final stage, model performance is evaluated using standard quantitative metrics. Overall, the framework 
is organised into a sequence of dependent stages. Each stage is designed to contribute systematically to the 
overall improvement in model performance. A performance enhancement module is subsequently 
introduced to refine feature representation and improve classification robustness. This framework 
establishes a clear progression from baseline modelling to the proposed improvements. 

Fig. 2. Framework of the proposed CNN-based model for hotspot severity classification and performance evaluation 

3.1 Thermal image acquisition 

The dataset used in this study consists of thermal images acquired from a utility-scale solar PV farm 
located in Kelantan, Malaysia. Thermal image acquisition was conducted using a Parrot ANAFI thermal 
camera. All the images were recorded at a resolution of 72 dpi. Aerial data collection was performed at a 
flight height of 15 m. The altitude provided full coverage of the PV array while maintaining sufficient 
spatial detail for hotspot analysis. During image acquisition, the PV module operated at an average 
temperature of approximately 34.43 °C. The recorded solar irradiation ranged from 624.72 to 805.70 W/m², 
which is suitable for detecting anomalies and hotspot-related failures. In total, 670 thermal images were 



62                                                                N.H. Ishak et al./ ESTEEM Academic Journal, Vol. 22, March2026, 58-72 

https://doi.org/ 10.24191/esteem.v22iMarch.10388
 
 ©Authors, 2026 

collected. Out of these, 536 images (80%) were used for training, while the remaining 134 images (20%) 
were reserved for testing and validation. 

3.2 Image pre-processing 

Raw thermal data is often affected by noise and uneven thermal contrast. In addition, background 
temperature variations may arise from environmental and operational conditions. If left unaddressed, these 
factors can obscure fine-scale thermal patterns and reduce the reliability of subsequent learning-based 
analysis. Therefore, image pre-processing was applied to improve the quality and consistency of the 
acquired thermal images. 

Pre-processing steps were performed before model training to prepare the thermal dataset for 
subsequent segmentation and learning tasks. This step included manual annotation and image resizing. 
Image annotation was carried out using the MATLAB Image Labeler app to identify solar PV and hotspot 
regions. This process enabled the generation of reliable ground-truth data.  

The annotated regions of interest were reviewed by domain experts in PV thermal inspection. This 
validation step helped ensure consistent and accurate annotations across the dataset. Regions of interest 
(ROIs) were manually delineated using polygonal annotations to represent hotspot boundaries and 
surrounding module areas.  

All thermal images were resized to a uniform resolution of 224 × 224 pixels to maintain consistency 
across samples. This resizing step reduces computational cost and memory usage during model training. In 
addition, it ensures uniform spatial dimensions for subsequent CNN-based processing. 

3.3 CNN-based model for hotspot features representation 

A CNN-based model is used to represent hotspot features for severity classification. The proposed 
architecture is designed to process spatial features extracted from hotspot areas while incorporating 
additional temperature-based descriptors. In addition, a hybrid, multi-input feature representation 
architecture is used to facilitate hotspot severity classification. To improve severity classification, the 
design uses image-based spatial attributes extracted from hotspot areas. The integration of these features 
with comprehensive temperature-based feature descriptors is illustrated in Fig. 3. This design enables joint 
learning of spatial and thermal information, thereby improving robustness and interpretability in severity 
assessment. 

Fig. 3 shows the flow of the proposed architecture that consists of two parallel processing branches for 
temperature-based feature descriptors and image-based spatial features. The image input branch employs a 
CNN backbone with progressive convolutional refinement that extracts spatial feature representations. In 
contrast, the temperature feature input branch processes thermal descriptors of each training image through 
fully connected layers. The outputs from both branches are subsequently fused to form a unified feature 
representation for hotspot severity classification.  

The proposed contributions are highlighted, with the progressive convolutional refinement module 
serving as an architectural enhancement for improved spatial feature extraction. In addition, the feature 
fusion process through the concatenation layer integrates CNN-derived spatial features with temperature-
based descriptors, enabling more effective severity discrimination. These components collectively form the 
primary contribution of the proposed framework. 
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Fig. 3. Hybrid multi-input CNN architecture integrating CNN-derived spatial features and temperature-based 
descriptors through progressive convolutional refinement and feature fusion for hotspot severity classification 

Baseline CNN architecture and dual-input feature representation 
The baseline CNN architecture in this study is derived from standard backbone networks, namely U-

Net and ResNet, which consist of convolutional feature extraction layers followed by feature flattening and 
fully connected layers for classification. In this configuration, no additional convolutional refinement layers 
were incorporated, and the extracted features were directly used for classification after the backbone 
processing stage. 

To enhance feature representation capability, additional convolutional layers were introduced in the 
proposed framework. These layers were appended after the backbone feature extraction stage to further 
refine spatial features prior to classification. The effect of architectural refinement was systematically 
investigated by progressively increasing the number of additional convolutional layers, enabling a 
comparative analysis between the baseline and enhanced configurations. 

In the image-based domain, pre-processed hotspot ROIs were used as input to a convolutional backbone 
utilising U-Net and ResNet architectures. U-Net was employed due to its encoder-decoder structure with 
skip connections, which enables effective localisation of spatial features in segmentation tasks [20], [21]. 
ResNet facilitates robust feature extraction through residual learning, allowing deeper networks to 
improved representation capability [22], [23]. 
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The backbone learns hierarchical spatial representations associated with hotspot morphology and 
thermal distribution patterns. These features also capture complex thermal distribution patterns, as 
demonstrated in convolutional neural network-based image analysis studies [12], [13]. A concise spatial 
feature vector that encapsulates essential image-based characteristics relevant to severity classification is 
generated by combining and flattening the resulting feature maps. 

Additional thermal descriptors were processed concurrently by the temperature feature branch via a 
fully connected encoding layer and a nonlinear activation function [24]. The thermal input was formulated 
as a temperature feature vector, denoted as 𝑥். This temperature feature summarises quantitative 
temperature information extracted from hotspot regions. In this study, 𝑥் is defined as Eq. (1): 
 

where 𝑇ெ௔௫  represents the maximum temperature, 𝑇ெ௜௡ represents the minimum temperature, 𝑇஺௩௚ 
represents the average temperature and ∆𝑇 denotes the relative temperature difference between the hotspot 
and a reference region. These descriptors provide explicit thermal information that may not be fully 
captured by image-based spatial features alone. 

The thermal feature vector was subsequently encoded using a fully connected layer followed by a 
nonlinear activation function, expressed as Eq. (2): 

where 𝑊் and 𝑏் denote the weight matrix and bias term respectively, while ∅ represents a nonlinear 
activation function. The encoding step converts the raw temperature descriptors into a compact and 
discriminative form. These thermal features are subsequently combined with image-based spatial features 
to support joint spatial–thermal learning in hotspot severity classification. The integration of CNN-derived 
spatial features with temperature-based descriptors represents a key contribution to the proposed 
framework. Unlike conventional CNN-based approaches that rely solely on image features, this dual-input 
representation enables the model to incorporate both spatial and thermal characteristics for improved 
hotspot severity classification. This integration enhances the model’s ability to distinguish visually similar 
hotspots with different thermal intensities, thereby improving classification robustness and interpretability. 

Architectural refinement via progressive convolutional layer addition 
In this study, a progressive architectural refinement process was used to improve feature abstraction 

and class separability across different hotspot severity levels. The CNN architecture was initially configured 
with the baseline backbone described in Section 3.3.1. This baseline CNN architecture in Section 3.3.1 was 
first used to establish a reference level of performance. Additional convolutional layers were progressively 
integrated into the image-based branch to refine spatial feature representations in a controlled and 
systematic manner. 

Under this progressive refinement strategy, multiple refined configurations were evaluated by 
progressively increasing the number of additional convolutional layers from one to five. The progressive 
convolutional refinement configurations are summarised in Table 1 to clearly illustrate the incremental 
addition of convolutional layers in the image-based branch. This staged design encourages stronger 
interaction among learned feature maps and supports the extraction of higher-level spatial features related 
to hotspot severity. Stepwise refinement also enables a systematic examination of the effect of 
convolutional depth on classification performance. 

 𝑥் = ൣ𝑇ெ௔௫,𝑇ெ௜௡ ,𝑇஺௩௚,∆𝑇൧ (1) 

 𝑧் = ∅(𝑊்𝑥் + 𝑏்) (2) 
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Model Variant Backbone Additional Convolutional 
Layers Description 

Baseline U-Net/ResNet 0 Standard backbone without refinement 
Variant 1 U-Net/ResNet 1 One additional convolutional layer added after 

feature extraction 
Variant 2 U-Net/ResNet 2 Two additional convolutional layers for 

deeper feature refinement 
Variant 3 U-Net/ResNet 3 Three additional convolutional layers for 

enhanced feature abstraction 
Variant 4 U-Net/ResNet 4 Four additional convolutional layers for 

increased feature representation capacity 
Variant 5 U-Net/ResNet 5 Five additional convolutional layers for 

further feature abstraction and refinement 

All configurations were trained and evaluated under identical experimental conditions. This ensures a 
fair comparison between the baseline and refined models. Any observed performance differences are 
attributed to the inclusion of additional convolutional layers.  

Feature fusion and severity classification 
After the convolutional feature extraction and refinement, features from the image-based and 

temperature-based branches were integrated using a fusion layer, as shown in Fig. 3. This fusion step 
produces a unified feature vector that represents spatial features and hotspot-related thermal information. 
The unified feature vector was then processed through a series of fully connected layers to support learning 
prior to classification. These layers enhance feature interaction and representation capacity. A SoftMax 
layer was subsequently applied to generate the hotspot severity classification output. 

The framework integrates dual inputs and refined feature representations. This study focuses on 
evaluating classification performance rather than introducing architectural novelty. Model effectiveness 
was assessed based on the robustness and reliability of hotspot severity classification enabled by the fused 
spatial–thermal features. 

Implementation details and training consistency 
Consistent training and optimisation settings were applied across all experiments to ensure a fair among 

architectural configurations. The same input data, optimisation parameters, and evaluation procedures were 
used for both baseline and refined CNN models. The initial learning rate was set to 1 × 10⁻³ and adjusted 
during training using a learning rate drop factor of 0.3, as summarised in Table 2. 

Parameter   Settings 
Optimizer      Adam 
Max Epoch                  80 
Mini Batch Size            10 
Learning Rate              1 × 10⁻³ 
Learning Rate Drop Factor 0.3 
Threshold      1 × 10⁻⁴ 

The additional convolutional layers introduced during refinement followed the design principles of the 
baseline backbone. Activation functions and kernel sizes were kept consistent to avoid introducing 
confounding effects. Under these controlled conditions, performance differences were mainly attributed to 
convolutional depth.  

Table 1. Progressive convolutional refinement configurations  

Table 2. Training configuration and optimisation parameters for CNN model variant 
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Model variants for progressive convolutional refinement 
Multiple model variants were evaluated using a progressive convolutional refinement strategy. The 

baseline CNN configuration was first established, followed by models incorporating an increasing number 
of additional convolutional layers, ranging from one to five. These variants enable a systematic examination 
of the relationship between convolutional depth and hotspot severity classification performance. The 
performance of the different configurations was analysed through comparative evaluation. This analysis 
also reveals the limitations of controlled convolutional layer augmentation in capturing spatial–thermal 
feature representations. The findings from this evaluation provide the basis for subsequent performance 
analysis and discussion. 

3.4 Performance evaluation metrics 

The performance of the proposed hotspot severity classification framework was evaluated using 
standard quantitative metrics. These metrics were selected to assess classification performance at the pixel 
level, with particular emphasis on hotspot detection accuracy and reliability. Accuracy is used to evaluate 
the overall correctness of pixel-level classification, as defined in Eq. (3): 

 

 
Precision is used to assess the reliability of hotspot predictions by measuring the proportion of correctly 

identified hotspot pixels, as expressed in Eq. (4): 

 

 
The recall process evaluates the model’s ability to detect actual hotspot pixels without omission, as 

given in Eq. (5): 
 

 
The F1-score provides a balanced assessment by jointly considering precision and recall, as formulated 

in Eq. (6): 
 

4.      RESULTS AND DISCUSSION 

4.1  Overview of experimental evaluation 

The experimental results of hotspot severity classification are presented and discussed in this section.  
The baseline performance of U-Net, ResNet-18, and ResNet-50 is evaluated before architectural 
refinement. The impact of progressively adding additional convolutional layers is then analysed to examine 
the changes in classification performance. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  𝑇𝑃 + 𝑇𝑁(𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃)                                                  (3) 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃(𝑇𝑃 + 𝐹𝑃)                                                  (4) 

 𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃(𝑇𝑃 + 𝐹𝑁)                                                       (5) 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑥𝑅𝑒𝑐𝑎𝑙𝑙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙                                                  (6) 
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4.2 Baseline performance before architectural refinement 

The baseline classification performance of the evaluated models before the introduction of additional 
convolutional is summarised in Table 3. Among the tested architectures, ResNet-18 achieved the highest 
baseline performance, with an F1-score of 98.67% and an accuracy of 96.00%. ResNet-50 also showed 
strong performance, recording 96.00% accuracy. In contrast, U-Net showed significantly lower baseline 
classification results, with 33.33% accuracy and an F1 score of 16.67%. 

 
 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) 
U-Net 33.33 11.11 33.33 16.67 
ResNet-18 98.67 98.67 98.67 98.67 
ResNet-50 96.00 96.08 96.00 96.01 

Overall, these baseline results highlight the importance of tailoring network architecture to task-specific 
objectives.  Residual networks are well suited for severity quantification due to their focus on   classification 
accuracy. Partition-oriented architecture, such as U-Net, require further architectural refinement to achieve 
comparable classification accuracy. This observation drives the refinement strategies explored in the next 
subsection. 

4.3 Effect of additional layers on u-net performance 

This section examines the effect of increasing the number of additional convolutional layers on the U-
Net architecture. Based on the baseline results presented in Section 4.2, the analysis evaluates whether a 
deeper convolutional configuration improves U-Net’s ability to classify hotspot severity. Configurations 
with one, two, and three additional convolutional layers are compared in terms of classification 
performance. The impact of architectural refinement on the segmentation-oriented U-Net backbone is 
evaluated in this analysis. The classification performance of U-Net under different convolutional layer 
configurations is summarised in Table 4. 

 
 

Layers Accuracy (%) Precision (%) Recall (%) F1-score (%) 
+1 Layer 33.33 11.11 33.33 16.67 
+2 Layers 33.33 11.11 33.33 16.67 
+3 Layers 33.33 11.11 33.33 16.67 

The addition of one, two, and three convolutional layers does not result in measurable performance 
improvement. Accuracy, precision, recall, and F1-score remained unchanged at 33.33%, 11.11%, 33.33%, 
and 16.67%, respectively. These results indicate that increasing the convolution depth alone is not sufficient 
to improve classification performance in U-Net. 

This limitation is particularly evident in architectures that are not optimised for image-level feature 
abstraction. The U-Net encoder-decoder structure is specifically designed to preserve spatial resolution for 
segmentation. As a result, the effectiveness of additional convolutional layers for severity classification is 
limited. 

4.4 Effect of additional layers on ResNet-18 performance 

ResNet-18 demonstrates a consistent improvement in performance with the addition of convolutional 
layers, as shown in Table 5. The accuracy increased from 97.87% with one additional layer to 98.13% with 

Table 3. Classification performance before architectural refinement 

Table 4. Classification performance of U-Net 
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two additional layers. The highest accuracy of 99.47% was achieved with three additional convolutional 
layers. Increasing the number of layers to four did not result in additional improvement, as the accuracy 
showed a slight decrease to 99.20%. Similarly, the configuration with five additional layers achieved an 
accuracy of 99.47%, which is comparable to the three-layer configuration. This indicates that increasing 
the convolutional depth beyond this point does not yield significant performance gains. 

Layers Accuracy (%) Precision (%) Recall (%) F1-score (%) 
+1 Layer 97.87 97.88 97.87 97.87 
+2 Layers 98.13 98.17 98.13 98.14 
+3 Layers 99.47 99.48 99.47 99.47 
+4 Layers 99.20 99.20 99.20 99.20 
+5 Layers 99.47 99.47 99.47 99.47 

The observed performance trend suggests that increasing the convolutional depth improves the feature 
interaction and representation capacity up to an optimal point. The skip connections in the ResNet 
architecture preserve feature integrity while enabling deeper network configurations. This design allows 
for effective feature learning without training instability. However, excessive depth may introduce 
diminishing returns due to increased model complexity and redundancy in learned representations [25]. 
Therefore, the three-layer configuration is considered optimal, as it achieves the best balance between 
classification performance and computational efficiency. This configuration enhances the discriminative 
capability of ResNet-18, particularly in distinguishing hotspot severity associated with fine thermal 
differences. 

4.5 Effect of additional layers on ResNet-50 performance 

A similar performance trend for ResNet-50 with the addition of convolutional layers is shown in Table 
6.  The classification accuracy increased from 96.53% with one additional layer to 98.93% with two layers. 
The best performance was achieved with three additional convolutional layers, obtaining an accuracy of 
99.20%. Increasing the number of layers to four, results in a slight improvement, with the highest accuracy 
of 99.47%. However, when five additional layers were introduced, the performance decreased to 99.20%, 
indicating that further depth does not consistently improve classification performance. 

 
 

Layers Accuracy (%) Precision (%) Recall (%) F1-score (%) 
+1 Layer 96.53 96.56 96.53 96.52 
+2 Layers 98.93 98.93 98.93 98.93 
+3 Layers 99.20 99.21 99.20 99.20 
+4 Layers 99.47 99.48 99.47 99.47 
+5 Layers 99.20 99.20 99.20 99.20 

These results indicate that the deeper residual architecture of ResNet-50 benefits from additional 
convolutional layers that further refine the representation of higher-level features. However, the 
performance gain becomes marginal as the number of layers increases, suggesting diminishing returns with 
excessive convolutional depth. Compared to ResNet-18, the improvement trend is less pronounced, as 
ResNet-50 already has greater representational capacity prior to refinement. Therefore, although additional 
layers can enhance feature representation, increasing depth beyond a certain point does not consistently 
yield performance improvements. This behaviour indicates that ResNet-50 approaches representation 

Table 5. Classification performance of ResNet-18 

Table 6. Classification performance of ResNet-50 
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saturation. As a result, further architectural refinement introduces additional complexity without 
proportional gains in classification performance. 

4.6 Discussion with existing studies 

Previous studies on PV hotspot analysis have largely focused on binary fault classification or hotspot 
identification using CNN-based approaches [26], [27]. Although these methods show promising 
performance, severity differentiation is often treated as a secondary task. This limitation reduces the 
effectiveness of maintenance-oriented applications. In addition, many existing frameworks rely on image-
centric features [28], [29]. These approaches do not explicitly consider refinement strategies that support 
robust discrimination of severity under real-world thermal variability. 

In contrast, the results of this study show that multiclass hotspot severity classification benefits from 
improved feature representation supported by controlled architectural refinement. The proposed approach 
highlights the role of task-aligned feature refinement. Additional convolutional layers are selectively 
introduced to strengthen feature interactions without adding unnecessary complexity [30]. This strategy 
allows the network to better capture severity-related features while maintaining architectural efficiency. 

5. CONCLUSION 

The effectiveness of feature refinement via additional convolutional layers for hotspot severity 
classification using CNNs has been examined in this current study. Experimental results show that 
performance is strongly influenced by both the underlying network architecture and the level of feature 
abstraction. Residual-based models consistently outperform segmentation-oriented networks, highlighting 
their suitability for image-level severity classification tasks. 

Further analysis shows that modest architectural refinement leads to progressive performance 
improvements. This analysis further confirms that progressive architectural refinement improves 
classification performance. In particular, optimal results are achieved using a moderate number of 
additional convolutional layers. In contrast, U-Net does not show any performance improvement after 
refinement. This result is consistent with its design focus on pixel-level segmentation rather than global 
severity discrimination. From a practical perspective, the results show that accurate hotspot severity 
classification relies on task-aligned architectural refinement. The proposed approach supports reliable 
severity-aware classification for solar PV thermal inspection and maintenance.  

This study was conducted under controlled experimental conditions using a selected CNN backbone 
and a predefined architectural refinement strategy. Future work may explore alternative architectures and 
validate the approach using larger and more diverse PV thermal datasets. 
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