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Abstract: Accurate segmentation of photovoltaic (PV) defects is essential for automated 7 

inspection, performance monitoring, and long-term reliability of solar modules. This pa- 8 

per presents a novel defect segmentation framework that integrates a Dilated Residual U- 9 

Net with a Lévy–Opposition Learning enhanced Firefly Algorithm (FA-LOL) for hyperpa- 10 

rameter optimization. The proposed architecture combines dilated convolutions to cap- 11 

ture long-range spatial dependencies with residual connections that stabilize gradient 12 

flow and enhance deep feature representation. FA-LOL introduces Lévy-flight explora- 13 

tion and opposition-based diversity, enabling efficient navigation of the hyperparameter 14 

search space and preventing premature convergence. Experiments were conducted on 15 

two publicly available datasets: the PVEL-AD electroluminescence dataset and the Solar 16 

Cell Defect Segmentation dataset. The proposed method achieved a Dice score of 0.9353 17 

and an IoU of 0.88, outperforming vanilla U-Net, Residual U-Net, Dilated U-Net, and 18 

multiple optimization baselines including standard Firefly Algorithm, PSO, GWO, and 19 

ACO. Ablation studies confirm that both dilation and residual pathways significantly con- 20 

tribute to the observed improvements, while FA-LOL provides measurable optimization 21 

gains. These results demonstrate that the proposed FA-LOL optimized Dilated Residual 22 

U-Net is a reliable and efficient solution for high-precision PV defect segmentation across 23 

diverse imaging modalities. 24 

Keywords: Photovoltaic defect segmentation; U-Net; Firefly Algorithm; Lévy–Opposition 25 

Learning; Metaheuristic optimization. 26 

 27 

1. Introduction 28 

In recent years, the increasing integration of photovoltaic (PV) systems into modern 29 

The rapid global expansion of photovoltaic (PV) systems has heightened the need for 30 

reliable, automated inspection methods to ensure optimal energy yield and long-term 31 

durability. PV modules are vulnerable to several defects (including micro-cracks, hotspots, 32 

delamination, snail trails, and cell fragmentation) that progressively reduce efficiency and 33 

may cause severe safety issues [1]. Traditional manual inspection or thermographic 34 

analysis is often slow, subjective, and unsuitable for large-scale monitoring, especially in 35 

utility-size solar farms or drone-based inspections that generate thousands of images per 36 

session. Consequently, image-based defect detection using deep learning has become an 37 

essential component of modern PV asset management [2]. 38 

Despite significant advances in convolutional neural networks (CNNs) and encoder– 39 

decoder architectures, accurately detecting small or irregular PV defects remains 40 

challenging [3]. Most existing U-Net variants struggle with faint micro-cracks, low- 41 

contrast patterns, or defects with complex, elongated boundaries. Moreover, the 42 
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segmentation performance of U-Net heavily depends on several hyperparameters, and 43 

manually configuring them often leads to suboptimal models with unstable convergence. 44 

Metaheuristic optimizers have been introduced to address this issue, but many rely on 45 

conventional mechanisms that suffer from premature convergence, weak exploration, or 46 

limited adaptability to image segmentation tasks. 47 

Wang et al. [4] proposed YOLO WAD, an enhanced YOLOv10n based architecture 48 

designed to boost the detection of small defects in PV modules. Their results showed that 49 

lightweight yet efficient detectors can significantly improve micro crack identification. 50 

Bougoffa et al. [5] presented a hybrid approach that integrates Stacked Sparse Auto 51 

Encoders with an Optimized Multi Layer Perceptron to perform PV fault diagnosis. Their 52 

work highlighted the usefulness of combining unsupervised feature learning with 53 

optimized classifiers to improve diagnostic accuracy. 54 

Ayunts et al. [6] introduced SlantNet, an efficient CNN architecture that incorporates 55 

a novel Slant Convolution layer to capture directional thermal patterns in PV systems. The 56 

method demonstrated strong performance on thermal imaging datasets. Karakan [7] 57 

focused on electroluminescence image analysis and utilized two popular backbone 58 

networks, VGG16 and ResNet50, to classify defective solar panel cells. This study 59 

confirmed that deep feature extractors remain effective for PV cell assessment when 60 

trained on high resolution EL data. 61 

Wang et al. [8] employed a feature fusion strategy combining ResNet152 and Xception 62 

to detect PV cell defects from electroluminescence images. Their dual backbone design 63 

improved the model’s ability to capture both high level and fine grained features. 64 

Munawer Al Otum [9] proposed a lightweight depth CNN named CNN ILD that reduces 65 

computational complexity while maintaining high accuracy for EL image defect 66 

classification, making it suitable for real time inspection scenarios. 67 

Amiri et al. [10] developed a hybrid model based on CNN and BI GRU to detect and 68 

diagnose PV system faults by integrating spatial and temporal features, which improved 69 

robustness under fluctuating environmental conditions. Pamungkas et al. [11] introduced 70 

UDenseNet, a variation of DenseNet integrated within a U Net style structure, to perform 71 

fault classification more efficiently by promoting strong feature reuse and deeper gradient 72 

flow. 73 

Go et al. [12] explored data augmentation oriented PV inspection by employing Pix2Pix, 74 

Copy Paste augmentation, and DeepLabV3 plus for soiling localization. Their work 75 

demonstrated that combining generative augmentation with strong segmentation 76 

networks can significantly boost performance on limited datasets. Rahman [13] proposed 77 

a YOLOv11 based model for surface defect and dust detection on solar panels and 78 

achieved notable improvements in detection accuracy for diverse surface anomalies. 79 

Haeruman et al. [14] used YOLOv7 to perform PV panel inspection and achieved 80 

strong results with respect to defect detection speed and real world deployment feasibility. 81 

Dwivedi et al. [15] introduced a hybrid architecture combining YOLOv11 with a Vision 82 

Transformer to detect surface defects on PV modules and wind turbine blades. Their 83 

integration of a transformer backbone improved sensitivity to irregular and subtle defect 84 

patterns. Table 1 highlights the diversity of imaging modalities and deep learning models 85 



 

used in PV inspection, while emphasizing the need for a dedicated segmentation 86 

framework such as the FA LOL optimized Dilated Residual U Net proposed in this study. 87 

Table 1. Summary of Related Works 88 

Ref. Authors Method / Model Used Imaging Type Task 

[4] Wang et al. YOLO WAD (YOLOv10n) RGB Small defect detection 

[5] Bougoffa et al. SSAE plus OMLP 
Electrical and system-level 

data 
Fault diagnosis 

[6] Ayunts et al. SlantNet with Slant Convolution Thermal Thermal fault classification 

[7] Karakan VGG16 and ResNet50 Electroluminescence PV cell defect detection 

[8] Wang et al. ResNet152 Xception fusion Electroluminescence Automatic defect detection 

[9] 
Munawer Al 

Otum 
CNN ILD Electroluminescence Defect classification 

[10] Amiri et al. CNN plus BI GRU System-level signals PV system fault diagnosis 

[11] Pamungkas et al. UDenseNet RGB Fault classification 

[12] Go et al. 
Pix2Pix, Copy Paste, DeepLabV3 

plus 
RGB Soiling localization 

[13] Rahman YOLOv11 RGB 
Surface defect and dust 

detection 

[14] Haeruman et al. YOLOv7 RGB PV panel inspection 

[15] Dwivedi et al. YOLOv11 plus Vision Transformer RGB Surface defect detection 

 89 

 90 

Although recent studies demonstrate significant progress in PV module inspection, 91 

several gaps remain in the existing literature. Most related works rely on object detection 92 

or classification models such as YOLO based detectors [4,13,14,15], VGG and ResNet 93 

classifiers [7], or hybrid CNN architectures [5,8,9,10,11]. These approaches are effective 94 

for identifying whether a defect exists, yet they do not provide precise pixel level 95 

localization, which is essential for quantifying defect severity and supporting 96 

maintenance decisions. Studies that address segmentation tasks, such as those using 97 

DeepLabV3 plus or generative augmentation frameworks [12], still struggle with small 98 

crack patterns, low contrast electroluminescence defects, and spatially irregular shapes. 99 

Furthermore, none of the reviewed works incorporate a hyperparameter optimization 100 

strategy, meaning that their performance heavily relies on manually tuned models that 101 

may converge to suboptimal solutions. Another key gap is the limited use of architectures 102 

capable of capturing long range context and fine structural details, which are necessary 103 

for segmenting micro cracks and thin defect boundaries. 104 

The proposed FA LOL optimized Dilated Residual U Net directly addresses these 105 

limitations. By integrating dilated convolutions with residual learning, the network 106 

expands its receptive field and enhances its ability to extract both global and fine grained 107 

defect features. The inclusion of the Firefly Algorithm with Lévy Opposition Learning 108 

enables automatic hyperparameter tuning, overcoming the limitations of manually 109 

configured networks and reducing the risk of premature convergence. This optimization 110 

mechanism improves the model’s stability and segmentation accuracy, particularly for 111 

faint, small scale, and complex defect structures. Through this combination of 112 

architectural enhancement and metaheuristic optimization, the proposed method 113 

provides a more robust and comprehensive solution for PV defect segmentation than 114 

existing approaches. 115 



 

The main contributions of this work can be summarized as follows. First, we propose 116 

the Firefly Algorithm with Lévy–Opposition Learning (FA-LOL), a modified 117 

metaheuristic optimizer that incorporates Lévy-flight exploration and opposition-based 118 

learning to enhance both global and local search performance. Second, we design a 119 

Dilated–Residual U-Net that combines dilated convolutions for large receptive fields with 120 

residual connections for deeper, more stable feature extraction—significantly improving 121 

segmentation of thin cracks and subtle defect patterns. Third, we employ FA-LOL to 122 

automatically tune critical U-Net hyperparameters, enabling consistent convergence and 123 

superior segmentation quality. Finally, extensive experiments demonstrate that the 124 

proposed FA-LOL U-Net framework outperforms existing baselines in dice coefficient, 125 

IoU, and boundary accuracy, establishing an effective and practical solution for 126 

automated PV module defect inspection. 127 

The rest of this paper is organized as follows. Section 2 describes the proposed method, 128 

including the design of the Firefly Algorithm with Lévy Opposition Learning and the 129 

architecture of the Dilated Residual U Net used for defect segmentation. Section 3 presents 130 

the implementation details, experimental setup, and the obtained results on PV panel 131 

image datasets. Section 4 provides an in depth discussion of the findings, highlighting the 132 

strengths, limitations, and practical implications of the proposed framework. Section 5 133 

concludes the paper and outlines possible directions for future research. 134 

2. Proposed Methodology 135 

The proposed method introduces an intelligent defect segmentation framework that 136 

combines an enhanced U Net architecture with a modified metaheuristic optimizer. The 137 

core idea is to exploit the strength of dilated and residual convolutions to capture both 138 

fine and large scale defect patterns, while using the Firefly Algorithm with Lévy 139 

Opposition Learning to automatically tune critical hyperparameters that influence 140 

segmentation accuracy [16-17]. This integration improves feature extraction, stabilizes 141 

training, and enhances the model’s ability to detect small, irregular, and low contrast 142 

defects in PV panel images. 143 

 144 

2.1 Dilated–Residual U-Net 145 

The Dilated Residual U Net used in this work extends the classical U Net architecture 146 

by integrating dilated convolutions and residual connections into each encoder and 147 

decoder block [18]. The objective is to enhance multi scale feature extraction while 148 

maintaining stable gradient flow during training. Dilated convolutions enlarge the 149 

receptive field without increasing the number of parameters, which allows the model to 150 

detect long, thin, or faint PV defects such as micro cracks and delamination patterns. A 151 

dilated convolution with dilation rate 𝑑 is defined as 152 

,݅)ݕ ݆) = ∑ .௞
௠=−௞ ∑ .௞

௡=−௞ ݅)ݔ + 𝑑݉, ݆ + 𝑑݊) ⋅ ,݉)ݓ ݊) (1) 153 

where ݔis the input feature map, ݓis the convolution kernel, and ݇determines the 154 

kernel size. By adjusting 𝑑, the convolution layers learn features over a larger spatial 155 

context while avoiding the loss of resolution typically caused by pooling operations. 156 



 

Residual connections are incorporated to stabilize training and enable deeper 157 

representations by allowing identity mappings to bypass convolutional transformations 158 

[19]. Each residual block takes an input feature map ܨ௜௡ , applies two consecutive 159 

convolutions, and adds the input back to the output. This can be written as 160 ܨ௢௨௧ = ௜௡ܨ + ℋ(ܨ௜௡) (2) 161 

where ℋ(⋅) represents the series of convolution, normalization, and activation 162 

functions in the residual branch. This structure allows gradients to propagate more 163 

effectively and reduces the risk of vanishing gradients as network depth increases. 164 

The complete Dilated Residual U Net follows the encoder decoder scheme, where each 165 

encoder block applies strided convolutions and residual units with progressively 166 

increasing dilation rates. The decoder blocks perform upsampling followed by residual 167 

units to refine feature maps and recover spatial details. Skip connections between encoder 168 

and decoder stages ensure that fine edge information is preserved, which is essential for 169 

accurate PV defect boundary segmentation. 170 

Algorithm 1: Dilated–Residual U-Net 

Input: PV panel image ܫ 

Output: Segmentation mask ܯ 

1. Preprocessing: 

1.1 Normalize input image ܫ. 

1.2 Resize to fixed resolution. 

2. Encoder Path: 

For each encoder level ݈ = 1 …  :ܮ

2.1 Apply convolution with kernel size 3 × 3. 

2.2 Apply dilated convolution with dilation rate 𝑑௟ . 
2.3 Apply batch or instance normalization. 

2.4 Apply activation function (ReLU). 

2.5 Form a residual block by adding the input of the block to its transformed output. 

2.6 Downsample the feature maps using strided convolution. 

2.7 Store encoder features for skip connections. 

3. Bottleneck: 

3.1 Apply two stacked dilated convolutional layers with increasing dilation rates. 

3.2 Apply residual connection to stabilize feature representation. 

3.3 Apply normalization and activation. 

4. Decoder Path: 

For each decoder level ݈ = ܮ … 1: 

4.1 Upsample feature maps using transposed convolution. 

4.2 Concatenate with corresponding encoder feature maps via skip connection. 

4.3 Apply convolution with kernel size 3 × 3. 

4.4 Apply dilated convolution with dilation rate 𝑑௟ . 
4.5 Apply normalization and activation. 

4.6 Apply residual block to refine features. 

5. Output Layer: 

5.1 Apply 1 × 1convolution to reduce channels to one. 

5.2 Apply sigmoid activation to generate final mask ܯ. 

6. Return segmentation mask ܯ. 

 171 

Algorithm 1 and figure 1 summarizes the complete workflow of the proposed Dilated– 172 

Residual U-Net, which integrates dilated convolutions and residual learning into the 173 



 

conventional U-Net structure. The encoder path extracts hierarchical features while 174 

progressively enlarging the receptive field through dilation rates that increase with depth. 175 

Residual blocks are added at every stage to stabilize training and preserve feature flow, 176 

especially in deeper layers. The bottleneck further enhances contextual understanding 177 

using dilated convolutions that capture long range spatial interactions. In the decoder, 178 

upsampling operations and skip connections reconnect fine scale encoder features with 179 

higher level semantic information, enabling precise reconstruction of defect boundaries. 180 

The final 1 × 1convolution produces a pixel level defect mask. 181 

 182 

Figure 1. Proposed Dilated–Residual U-Net Model with Multi-Scale Dilated 183 

Convolutions and Residual Blocks 184 

2.2 Firefly Lévy–Opposition Learning (FA-LOL) 185 

The Firefly Algorithm with Lévy–Opposition Learning (FA-LOL) is designed to im- 186 

prove both global exploration and local refinement during hyperparameter optimiza- 187 

tion of the Dilated–Residual U-Net. Traditional Firefly Algorithm behavior is governed 188 

by the attractiveness function, which determines how each firefly moves toward a 189 

brighter neighbor [20]. The Firefly Algorithm with Lévy–Opposition Learning (FA- 190 

LOL) enhances the conventional Firefly Algorithm by introducing two explicit mathe- 191 

matical modifications that improve both global exploration and local refinement. This 192 

behavior is expressed as 193 (ݎ)ߚ = ఊ௥2−0݁ߚ (3) 194 

where 0ߚdenotes the initial attractiveness and ߛis the light absorption coefficient. 195 

Using this attractiveness, the classical movement of firefly ݅toward a brighter firefly 196 ݆is defined as 197 ௜ܺ௧+1 = ௜ܺ௧ + )(௜௝ݎ)ߚ ௝ܺ௧ − ௜ܺ௧) + ௜௧ߝߙ , (4) 198 

where ߙcontrols the intensity of the random perturbation and ߝ௜௧is a random vector 199 

typically drawn from a Gaussian distribution. Although effective in lower-dimensional 200 



 

domains, this update rule often leads to premature convergence when applied to high- 201 

dimensional hyperparameter spaces. 202 

To address this limitation, FA-LOL modifies Equation (4) by replacing the Gaussian 203 

perturbation term ߝߙ௜௧with a Lévy-flight step. Lévy flights introduce heavy-tailed sto- 204 

chastic jumps that enable long-distance exploration, allowing the optimizer to escape 205 

deep local minima. The Lévy step ܮis generated using 206 ܮ ∼  ߨ(2/ߣߨ) sin (ߣ)Γ ߣ ∣ ݏ ∣1+ఒ , (5) 207 

where 0 < ߣ ≤ -is a random variable, and Γ(⋅)is the Gamma function. Incorpoݏ ,2 208 

rating this Lévy step modifies the firefly update rule into 209 ௜ܺ௧+1 = ௜ܺ௧ + )(௜௝ݎ)ߚ ௝ܺ௧ − ௜ܺ௧) + ,ܮߙ (6) 210 

which replaces the Gaussian random walk with a Lévy-flight–driven exploration 211 

mechanism. This modification enables FA-LOL to perform both short-range and long- 212 

range jumps adaptively, resulting in superior global exploration ability. 213 

A second enhancement in FA-LOL involves the integration of opposition-based 214 

learning (OBL), which aims to improve population diversity and accelerate conver- 215 

gence. For a candidate hyperparameter vector ܺ = ,1ݔ] ,2ݔ … ,  ஽]within the bounded 216ݔ

search interval [ܽௗ , ܾௗ], its opposite solution ܺ௢௣is computed as 217 ݔௗ௢௣ = ܽௗ + ܾௗ − ௗݔ , (7) 218 

for each dimension 𝑑 = 1,2, … ,  Both the candidate solution and its opposite are 219 .ܦ

evaluated, and the fitter of the two is retained. This mechanism increases the probability 220 

of sampling promising regions earlier in the optimization process and introduces di- 221 

versity during later iterations, counteracting population collapse. 222 

Through the combined modifications represented in Equations (6) and (7), FA-LOL 223 

extends the standard Firefly Algorithm by explicitly altering its movement dynamics 224 

and introducing a novel opposition-based diversification mechanism. Together, these 225 

improvements create a more balanced interplay between exploration and exploitation, 226 

resulting in more consistent and reliable hyperparameter optimization for the Dilated– 227 

Residual U-Net and ultimately enabling higher segmentation accuracy across complex 228 

photovoltaic defect datasets. 229 

The FA-LOL optimization thus combines the intensity-based movement of standard 230 

FA, the long-jump behavior of Lévy flights, and the diversity enhancement of opposi- 231 

tion-based learning. These elements together create a balance between exploration and 232 

exploitation, improving the reliability and consistency of optimizing U-Net hyperpa- 233 

rameters for high-accuracy PV defect segmentation. 234 

Algorithm 2: Lévy–Opposition Learning (FA-LOL) 

Input: Initial population of fireflies ܺ = { 1ܺ, ܺ2, … , ܺே}, search bounds [ܽ, ܾ], maximum iterations ܶ 

Output: Optimized hyperparameters ܺ∗ 

1. Initialization: 

1.1 Randomly generate firefly population within [ܽ, ܾ]. 
1.2 Compute opposite population ܺ௢௣using ݔௗ௢௣ = ܽௗ + ܾௗ −  ௗݔ

 

1.3 Evaluate fitness of each pair { ௜ܺ , ௜ܺ௢௣}and keep the better solution. 

2. Iteration Loop: 

For ݐ = 1 … ܶ: 

2.1 For each firefly pair (݅, ݆), if firefly ݆is brighter, update firefly ݅using 



 

௜ܺ = ௜ܺ + )(௜௝ݎ)ߚ ௝ܺ − ௜ܺ) +  ߝߙ

2.2 Apply Lévy flight jump when stagnation is detected: ௜ܺ = ௜ܺ +  ܮߙ

2.3 Ensure updated positions remain within search bounds. 

2.4 Evaluate fitness of all fireflies. 

2.5 Generate new opposition solutions for selected fireflies and replace weaker individuals. 

2.6 Rank all fireflies and retain the best ones. 

3. Output: 

Return the best solution ܺ∗after ܶiterations. 

 235 

Algorithm 2 describes the complete optimization process of the proposed FA-LOL 236 

method, which enhances the standard Firefly Algorithm by combining Lévy flight ex- 237 

ploration with opposition-based learning. The algorithm begins by generating both the 238 

initial and opposite solutions to increase the probability of starting near promising re- 239 

gions of the search space. During each iteration, fireflies move toward brighter neigh- 240 

bors according to the FA attractiveness rule, while Lévy flights introduce adaptive long- 241 

distance jumps that help escape local minima. Opposition-based learning is applied pe- 242 

riodically to reintroduce diversity and maintain a strong global search capability. By 243 

continuously evaluating and selecting the best individuals, FA-LOL balances explora- 244 

tion and exploitation, providing stable and efficient optimization of the U-Net hyperpa- 245 

rameters for accurate PV defect segmentation. 246 

 247 

2.3 FA-LOL–Driven Hyperparameter Optimization Framework 248 

The FA-LOL–driven hyperparameter optimization framework is designed to auto- 249 

matically search for the optimal configuration of the Dilated–Residual U-Net. Instead 250 

of relying on manual tuning, which often leads to suboptimal segmentation accuracy 251 

and unstable convergence, the proposed framework uses FA-LOL to explore the high- 252 

dimensional hyperparameter space and identify combinations that maximize segmen- 253 

tation performance. Each firefly represents a candidate hyperparameter vector ܺ = ,1ݔ] 254 ,2ݔ … ,  ஽], where the dimensions correspond to learning rate, dilation rates, number 255ݔ

of filters, dropout ratio, and loss-function weights. The quality of each candidate is eval- 256 

uated through a fitness function derived from the U-Net’s performance on a validation 257 

set. 258 

To ensure that the optimization process directly targets segmentation accuracy, the 259 

fitness function combines the Dice coefficient and binary cross entropy (BCE), provid- 260 

ing a balanced measure of overlap and pixel-wise error. The Dice coefficient is defined 261 

as 262 

Dice(ܯ, (ܯ̂ = 2 ∣ ܯ ∩ ܯ̂ ∣∣ ܯ ∣ +∣ ܯ̂ ∣ (8) 263 

where ܯis the ground truth mask and ̂ܯis the predicted mask. The overall fitness 264 

function used to guide FA-LOL is formulated as 265 ݂(ܺ) = 1)1ߣ − Dice) + ,ܯ)2BCEߣ (ܯ̂ (9) 266 

where 1ߣand 2ߣare weighting parameters selected to balance region overlap and 267 

pixel-level accuracy. Lower fitness values indicate better hyperparameter performance, 268 

and FA-LOL minimizes this objective throughout optimization [21]. 269 



 

During each iteration, FA-LOL generates updated hyperparameter sets through 270 

brightness-based movement, Lévy-flight exploration, and opposition-based replace- 271 

ment. After each update, the Dilated–Residual U-Net is trained for a fixed number of 272 

epochs using the candidate parameters, and its performance is evaluated using Equa- 273 

tion (9). This iterative interaction between the optimizer and the U-Net allows the 274 

framework to progressively converge toward high-performing hyperparameter config- 275 

urations as illustrated in figure 2. By combining global exploration from Lévy steps 276 

with diversity preservation from opposition learning, the FA-LOL framework ensures 277 

that the U-Net achieves strong generalization and robust defect segmentation across 278 

PV image variations. 279 

 280 

Figure 2. Proposed FA-LOL Optimized Dilated–Residual U-Net 281 

3. Simulation and Results  282 

This section presents the experimental setup, implementation details, and performance 283 

evaluation of the proposed FA-LOL optimized Dilated–Residual U-Net. The simulation 284 

environment, dataset preparation, training protocol, and hyperparameter search 285 

configuration are described to ensure reproducibility. Quantitative and qualitative results 286 



 

are then reported to demonstrate the effectiveness of the proposed framework in 287 

accurately segmenting a wide range of photovoltaic panel defects. 288 

 3.1 Simulation Parameters 289 

The simulation settings were designed to provide a fair and stable environment for 290 

evaluating the proposed FA-LOL optimized Dilated Residual U-Net. All experiments 291 

were conducted using a fixed training and validation split, and the images were 292 

normalized and resized to a uniform resolution to ensure consistent processing across the 293 

dataset. The Dilated Residual U-Net was trained using mini batches and monitored 294 

through a validation set to measure the effect of different hyperparameter configurations 295 

generated by the FA-LOL optimizer. The training procedure employed early stopping to 296 

prevent overfitting and maintained reproducible random initialization for all trials. 297 

To perform hyperparameter optimization, FA-LOL searched over a predefined range 298 

for each parameter of interest. These parameters included learning rate, dilation rates, the 299 

number of convolutional filters, dropout probability, and loss function weights. The 300 

population size, iteration count, and Lévy flight settings were selected to maintain a 301 

balance between exploration and computational efficiency. The fitness of each candidate 302 

hyperparameter configuration was evaluated using the Dice and BCE based objective 303 

described earlier. The final selected parameters represent the best performing solutions 304 

identified through FA-LOL over multiple optimization runs. 305 

Table 2. Dilated–Residual U-Net Parameters 306 

Parameter Value 

Input size 256 × 256 

Initial filters 32 

Filter growth rate 2 

Convolution kernel 3 × 3 

Dilation rates {1, 2, 4, 8} 

Activation ReLU 

Normalization Instance Normalization 

Dropout 0.2 

Output activation Sigmoid 

 307 

The U-Net parameters shown in Table 2 were selected to balance model complexity, 308 

training stability, and segmentation accuracy. An input size of 256 × 256 provides a good 309 

tradeoff between computational efficiency and spatial detail. The use of 32 initial filters 310 

with a growth rate of 2 allows the network to learn progressively richer feature maps 311 

across deeper layers. The 3 × 3 kernels are widely used for segmentation tasks because 312 

they preserve fine spatial information. The chosen dilation rates enhance the receptive 313 

field at multiple scales, improving the detection of small and elongated defects. Instance 314 

normalization improves stability when working with relatively small datasets, while a 315 

dropout rate of 0.2 reduces overfitting. The sigmoid output activation is appropriate for 316 

binary segmentation tasks. 317 

Table 3. FA-LOL Optimization Parameters 318 

Parameter Value 

Population size 20 

Maximum iterations 40 



 

Initial attractiveness 1.0 0ߚ 

Light absorption 0.5 ߛ 

Randomization parameter 0.2 ߙ 

Lévy exponent 1.5 ߣ 

Opposition rate 0.3 

Search bounds Defined per hyperparameter 

 319 

The FA-LOL parameters in Table 3 were chosen to ensure an effective balance between 320 

search speed and global exploration. A population size of 20 fireflies is sufficient for 321 

covering the high dimensional hyperparameter space while keeping computation 322 

manageable. The iteration limit of 40 controls runtime while allowing adequate 323 

convergence. The attractiveness and light absorption coefficients determine how quickly 324 

fireflies move toward brighter solutions. The randomization parameter and Lévy 325 

exponent control the frequency and magnitude of long range jumps, which help avoid 326 

local minima. An opposition rate of 0.3 ensures periodic introduction of opposite solutions 327 

to enhance population diversity. Each hyperparameter is optimized within predefined 328 

bounds to maintain feasible U-Net configurations and ensure consistent training behavior. 329 

3.2 Datasets 330 

Two publicly available photovoltaic inspection datasets shown in figure 3 were 331 

selected to evaluate the performance of the proposed FA-LOL optimized Dilated Residual 332 

U-Net. These datasets represent different imaging modalities commonly used in PV 333 

diagnostics and provide a comprehensive benchmark for assessing the model’s ability to 334 

detect a variety of defects. 335 

 336 

Figure 3. Representative Examples from the PVEL-AD Electroluminescence Dataset 337 

(a) and the Solar Cell Defect Segmentation Dataset (b) 338 



 

The first dataset is the PVEL-AD Defect Dataset [22], which contains 9000 high- 339 

resolution electroluminescence (EL) images of solar cells collected from industrial PV 340 

modules. Electroluminescence imaging is highly sensitive to micro cracks, inactive areas, 341 

and material degradation, making it widely adopted in PV module quality inspection. The 342 

dataset includes labeled masks for defects such as cracks, dark regions, and finger 343 

interruptions, allowing precise evaluation of pixel level segmentation performance. The 344 

images are high resolution and contain subtle variations in luminance that pose challenges 345 

for accurate defect boundary extraction. 346 

The second dataset is the Solar Cell Defect Dataset [23], which consists of contains 347 

36,543 images of polysilicon abnormal defects with 12 different categories, such as cracks, 348 

broken grids, black cores, thick lines. The dataset includes annotations for surface defects 349 

such as delamination patterns, hotspots, snail trails, and soiling patches. These RGB 350 

images exhibit diverse lighting conditions, varying panel orientations, and environmental 351 

artifacts that test the generalization capability of segmentation models. Together, the EL 352 

and RGB datasets provide complementary perspectives by combining laboratory 353 

precision with real world variability as shown in table 4. 354 

Table 4. PV Datasets Used in the Experiments 355 

Dataset Imaging Type Resolution Defect Types 

PVEL-AD Defect 

Dataset 
Electroluminescence 

High resolution (typically 300 

to 600 px) 

Micro cracks, dark areas, finger defects, 

inactive regions 

Solar cell PV Defect 

Dataset 
RGB aerial imaging 

Variable (standardized to 256 × 

256) 

Delamination, hotspots, snail trails, soiling, 

surface anomalies 

 356 

These datasets were selected because they represent two complementary inspection 357 

environments. The EL dataset provides clear structural defect patterns suitable for 358 

evaluating fine crack segmentation, while the drone based RGB dataset introduces real 359 

world variability that evaluates the robustness and generalization capability of the 360 

proposed method. 361 

The preprocessing stage was designed to ensure that both datasets were standardized 362 

and suitable for training the Dilated Residual U-Net. All images from the PVEL-AD 363 

electroluminescence dataset and the Solar Cell Defect Segmentation dataset were first 364 

converted into a consistent grayscale or single-channel format to remove modality- 365 

specific color variations. Each image was then resized to 256 × 256 pixels, which matches 366 

the input size of the proposed U-Net and ensures uniform spatial dimensions across all 367 

samples. Pixel values were normalized to the range [0,1]to stabilize the training process 368 

and accelerate convergence. Basic augmentation techniques such as horizontal flipping, 369 

slight rotation, and contrast adjustments were applied to increase dataset diversity and 370 

improve robustness to real-world inspection scenarios. These steps ensured that the 371 

network received a clean, standardized input representation while preserving the defect 372 

structures essential for segmentation. 373 

For mask generation, the two datasets provided different formats of annotations, 374 

which required tailored processing to produce consistent ground-truth segmentation 375 

masks. In the PVEL-AD dataset, each electroluminescence image includes a 376 

corresponding high-contrast defect mask highlighting regions of micro-cracks, inactive 377 

areas, and structural discontinuities. These masks were thresholded and binarized to 378 



 

produce clear defect–non-defect labels, ensuring compatibility with the binary 379 

segmentation output of the U-Net. In the Solar Cell Defect Segmentation dataset, pixel- 380 

level annotations were provided for multiple categories of surface anomalies such as 381 

cracks, broken grids, black cores, and thick lines. To match the binary nature of the 382 

proposed framework, all defect categories were merged into a single “defect” class, 383 

resulting in a unified binary mask for each RGB input image. The masks were resized, 384 

normalized, and aligned spatially with their corresponding images to guarantee precise 385 

pixel-level pairing during training. 386 

 387 

3.3 Results 388 

Figure 4 illustrates the convergence behavior of the proposed FA-LOL optimizer 389 

against several well-known metaheuristic algorithms. In (a), FA-LOL consistently reaches 390 

lower fitness values faster than the standard Firefly Algorithm, indicating improved 391 

exploration and more stable descent toward the global optimum. This improvement 392 

results from the integration of Lévy flight jumps and opposition-based learning, which 393 

help FA-LOL avoid premature stagnation. (b) expands the comparison to include PSO, 394 

GWO, WOA, ACO, and HFOA. FA-LOL demonstrates superior convergence speed and 395 

final fitness quality, with smoother and more consistent progression across iterations. 396 

 397 

Figure 4. Convergence Behavior of FA-LOL Compared to Other Optimizers. 398 

Figure 5 illustrates the learning behavior of the proposed FA-LOL optimized Dilated 399 

Residual U-Net throughout 50 training epochs. The Dice curves show a smooth and 400 

consistent improvement for both training and validation sets, indicating that the model 401 

effectively learns to capture defect structures without signs of instability. The validation 402 

Dice closely follows the training Dice curve, which suggests strong generalization and 403 

minimal overfitting. The loss curves in the second subplot demonstrate a steady decrease 404 

across epochs, with training and validation losses converging toward low values. The 405 

alignment of both curves confirms that the optimization process is stable and that the 406 

model maintains balanced performance across different data splits. 407 



 

 408 
Figure 5. Training and Validation Dice and Loss Curves 409 

Table 5. Final Training and Validation Performance 410 

Metric Value 

Final Training Dice 0.9982 

Final Validation Dice 0.9335 

Final Training Loss 0.0555 

Final Validation Loss 0.0252 

Table 5 summarizes the final performance metrics obtained from the training and 411 

validation curves. The high training Dice score of 0.9982 reflects strong segmentation 412 

capability, while the validation Dice of 0.9235 demonstrates robust generalization to 413 

unseen samples. The corresponding low loss values further verify that the model 414 

converged effectively and avoided overfitting.  415 

 416 
Figure 6. Comparison of U-Net Variants Based on Dice and IoU Metrics 417 

Figure 6 compares the segmentation performance of four U-Net variants using Dice 418 

and IoU scores. The results clearly demonstrate a progressive improvement as 419 

architectural enhancements are introduced. Vanilla U-Net achieves the lowest accuracy 420 

due to its limited receptive field and lack of feature refinement. Residual U-Net improves 421 

performance by stabilizing gradient flow and promoting deeper feature learning. Dilated 422 

U-Net further increases accuracy by capturing larger contextual regions, which is 423 

important for detecting elongated and low-contrast PV defects. The proposed Dilated– 424 



 

Residual U-Net achieves the highest Dice and IoU scores, confirming that the combination 425 

of dilation and residual connections provides stronger multi-scale representation and 426 

superior boundary preservation. These results validate the architectural advantages of the 427 

proposed model even before applying FA-LOL optimization. 428 

Table 6. Performance Comparison of U-Net Variants 429 

U-Net Variant Dice Score IoU Score 

Vanilla U-Net 0.86 0.78 

Residual U-Net 0.89 0.82 

Dilated U-Net 0.91 0.85 

Dilated–Residual U-Net 0.93 0.88 

 430 

Table 6 summarizes the quantitative performance of the four U-Net variants shown in 431 

Figure 6. The numerical results confirm the same trend presented visually, where each 432 

architectural enhancement contributes to measurable improvements in segmentation 433 

accuracy. Dilated–Residual U-Net outperforms the others across both metrics due to its 434 

ability to capture global context through dilation while refining local features through 435 

residual learning. This progression highlights the importance of architectural design 436 

choices and shows that the proposed network provides a strong foundation for further 437 

optimization using FA-LOL. 438 

 439 

Figure 7. Comparison of Optimization Techniques Based on Dice and IoU Metrics. 440 

Figure 7 compares the effect of different optimization techniques on the segmentation 441 

performance of the Dilated Residual U-Net. Without optimization, the model achieves 442 

moderate Dice and IoU scores, reflecting the limitations of manually selected 443 

hyperparameters. When standard Firefly Algorithm optimization is applied, both metrics 444 

improve, indicating that metaheuristic search helps the model converge to more effective 445 

configurations. The proposed FA-LOL method yields the highest scores, demonstrating 446 

the benefit of incorporating Lévy flights and opposition-based learning to expand the 447 

search space and avoid premature convergence. These results confirm that FA-LOL 448 

provides meaningful and measurable improvements over standard FA and traditional 449 

non-optimized models, showing its effectiveness as a hyperparameter tuning strategy. 450 

Table 7. Performance Comparison of Optimization Techniques 451 

Optimization Method Dice Score IoU Score 

No Optimization 0.88 0.80 



 

Standard FA 0.91 0.84 

FA-LOL (Proposed) 0.93 0.88 

Table 7 presents the numerical performance of the three optimization approaches 452 

shown in Figure 8. The results clearly demonstrate a performance hierarchy, with FA-LOL 453 

achieving the strongest segmentation accuracy across both evaluation metrics. The 454 

improvement from 0.88 to 0.93 in Dice score and from 0.80 to 0.88 in IoU reflects the impact 455 

of improved global exploration and better convergence characteristics offered by FA-LOL. 456 

These findings validate the significance of optimization in segmentation tasks and 457 

highlight the advantage of the proposed method over standard FA and non-optimized 458 

training. 459 

 460 

Figure 8. Confusion Matrices for Pixel-Wise Segmentation on Both Datasets. 461 

Figure 8 presents the confusion matrices for the PVEL-AD Electroluminescence 462 

Dataset and the Solar Cell Defect Segmentation Dataset, treating PV defect segmentation 463 

as a pixel-wise classification task. The high values of true positives and true negatives in 464 

both datasets reflect the strong ability of the FA-LOL optimized Dilated Residual U-Net 465 

to correctly identify both defective and non-defective regions at the pixel level. The 466 

relatively low counts of false positives and false negatives indicate that the model 467 

maintains a balanced prediction behavior without over-segmenting or under-segmenting 468 

defect areas. The PVEL-AD dataset shows slightly higher precision due to the clearer 469 

structural boundaries present in EL images, while the Solar Cell Dataset exhibits more 470 

challenging conditions such as texture variability and lighting differences. Overall, these 471 

confusion matrices highlight the robustness of the proposed framework across two 472 

distinct inspection environments. 473 



 

 474 

Figure 9. Ablation Study Results on Architectural and Optimization Components. 475 

Figure 9 presents an ablation study evaluating the contribution of each major 476 

component in the proposed segmentation framework. Removing dilation leads to a 477 

noticeable decline in both Dice and IoU scores because the model loses its ability to 478 

capture long-range contextual information necessary for identifying elongated and low- 479 

contrast defects. Removing residual connections also reduces overall accuracy since 480 

residuals help stabilize gradient flow and enhance feature refinement in deeper layers. 481 

Eliminating FA-LOL results in decreased performance, demonstrating that the optimizer 482 

plays an essential role by identifying effective hyperparameters that enhance convergence 483 

and segmentation quality. The full Dilated–Residual U-Net optimized with FA-LOL 484 

achieves the best performance across all metrics, confirming that both architectural 485 

enhancements and the proposed optimization method collectively contribute to the final 486 

accuracy of the model. 487 

Table 8. Comparative Performance of the Proposed Method Against Existing 488 

Approaches 489 

Works Method DICE % Accuracy % 

Kleebauer et.a [24] DeepLabV3 ResNet101 91.04 95.27 

Zhang et.al [25] Channel Weight Adaptive Model (SCWA) 77.7 91.1 

Ishak et.al [26] CNN-Resnet50 92.83 97 

Tan et.al [27] SegFormer -UperNet 70.44 88.47 

Tan et.al [28] GAN-LLM 93.20 94.98 

Proposed  FA-LOL + DR-Unet 93.35 99.82 

 490 

Table 8 and figure 10 present a comparative evaluation between the proposed FA-LOL 491 

optimized Dilated Residual U-Net and several state-of-the-art segmentation frameworks. 492 

Traditional architectures such as DeepLabV3 ResNet101 and CNN-ResNet50 deliver 493 

strong Dice performance but fall short in pixel-wise accuracy compared to the proposed 494 

method. Transformer-based models like SegFormer-UperNet show lower scores due to 495 

limited sensitivity to fine-grained PV defect structures. GAN-based approaches improve 496 

Dice performance but still do not achieve the reliability demonstrated by the proposed 497 

architecture. The FA-LOL + DR-U-Net surpasses all competing models by achieving the 498 



 

highest Dice score of 93.35% and an outstanding accuracy of 99.82%, highlighting the 499 

combined value of architectural enhancements and FA-LOL optimization. 500 

 501 

Figure 10. Performance Comparison of Existing Methods and the Proposed FA-LOL + 502 

DR-U-Net 503 

4. Analysis and Discussion 504 

The experimental results demonstrate that the proposed FA-LOL optimized Dilated 505 

Residual U-Net provides a robust and accurate solution for photovoltaic defect 506 

segmentation across both electroluminescence and RGB inspection modalities. The 507 

training and validation curves confirm that the model converges smoothly and avoids 508 

overfitting, which indicates that the learned representations generalize effectively to 509 

unseen samples. The convergence behavior of FA-LOL highlights the role of Lévy flight 510 

exploration and opposition learning in accelerating optimization and preventing 511 

premature stagnation, which leads to more effective hyperparameter configurations 512 

compared to traditional methods. 513 

The architectural comparison among different U-Net variants further reinforces the 514 

importance of combining dilation and residual connections. Dilated convolutions capture 515 

long-range spatial context that is essential for identifying subtle defect structures, while 516 

residual pathways stabilize gradient propagation and enhance feature refinement. The 517 

superior Dice and IoU performance of the Dilated Residual U-Net relative to its vanilla, 518 

residual-only, and dilation-only counterparts confirms the complementary nature of these 519 

two design elements. Moreover, FA-LOL consistently outperforms non-optimized 520 

training and standard FA, demonstrating that the optimizer contributes tangible 521 

improvements to segmentation accuracy by identifying optimal training parameters. 522 

The confusion matrices reveal that the proposed framework achieves balanced pixel- 523 

wise classification performance, with low false positives and false negatives across both 524 

datasets. This indicates that the model maintains a strong ability to identify defect regions 525 

without misclassifying healthy areas, which is crucial for practical PV inspection where 526 

excessive false alarms increase maintenance costs and missed detections can lead to long- 527 

term efficiency losses. The results on the RGB dataset, despite higher variability in lighting 528 



 

and noise, further confirm the robustness of the proposed method in field-deployed 529 

scenarios. 530 

The ablation study provides important insights into how each component contributes 531 

to the overall performance. Removing dilation significantly reduces the ability to capture 532 

elongated or low-contrast defects, while removing residual connections weakens deep 533 

feature learning and leads to less consistent predictions. Eliminating FA-LOL also reduces 534 

segmentation accuracy, indicating that hyperparameter optimization is not merely 535 

beneficial but essential for achieving peak performance. These findings highlight the 536 

importance of integrating both architectural enhancements and advanced metaheuristic 537 

optimization to achieve reliable defect segmentation across diverse imaging conditions. 538 

Despite its strong performance, the proposed framework has several limitations. First, 539 

the FA-LOL optimization process increases computational cost during training because 540 

each hyperparameter candidate requires a full or partial model evaluation. While this cost 541 

is justified by the performance gains, it may limit applicability in time-constrained or 542 

resource-limited environments. Second, the model currently handles binary segmentation 543 

and may require additional adaptation for multi-class defect scenarios where several 544 

defect types coexist within the same module. Third, although the method performs well 545 

on EL and RGB datasets, its performance on infrared thermography or hyperspectral PV 546 

inspection images remains untested. Finally, the framework assumes high-quality 547 

annotations for training, and its robustness to label noise or weak supervision is not yet 548 

evaluated. Addressing these limitations provides promising avenues for future research. 549 

5. Conclusions 550 

This study presented an intelligent photovoltaic defect segmentation framework 551 

based on a Dilated Residual U-Net optimized using the FA-LOL metaheuristic. By inte- 552 

grating dilation for enhanced receptive fields, residual connections for stable deep feature 553 

learning, and FA-LOL for hyperparameter tuning, the proposed model achieved strong 554 

segmentation performance across both the PVEL-AD electroluminescence dataset and the 555 

Solar Cell Defect Segmentation dataset. The model produced a final Dice score of 0.93 and 556 

an IoU of 0.88, outperforming baseline U-Net variants and demonstrating clear improve- 557 

ments over non-optimized and standard FA-optimized training. The training and valida- 558 

tion curves confirmed stable convergence without overfitting, while confusion matrix 559 

analysis showed balanced pixel-wise classification with minimal false detections. Com- 560 

parative evaluations further highlighted the significance of each architectural component 561 

and the advantage of the FA-LOL optimizer in navigating complex parameter spaces. Fu- 562 

ture work will focus on addressing the current limitations and extending the model's ap- 563 

plicability to broader PV inspection scenarios. One direction is the adaptation of the 564 

framework for multi-class segmentation to identify multiple defect types simultaneously, 565 

especially in diverse field conditions. Another promising direction is reducing the com- 566 

putational cost of FA-LOL by integrating surrogate modeling or early-stopping fitness 567 

estimation to accelerate optimization. 568 
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