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	Abstract: This study presents an experimental investigation of defect detection in monocrystalline and polycrystalline photovoltaic panels using electroluminescence imaging. Twelve modules with varying levels of degradation, deployed in rural Andean installations, were evaluated through visual inspection and automatic analysis based on convolutional neural networks. The methodology included manual defect segmentation and the application of a U-Net model for automatic classification of structural and electrical anomalies. Results showed that fractures and inactive areas were more frequent in monocrystalline panels, whereas potential-induced degradation (PID) and discoloration were mainly observed in polycrystalline ones. The comparison between manual inspection and the automated model demonstrated high performance in detecting discrete defects such as cracks and busbars, although lower accuracy was obtained for diffuse anomalies like PID. Spatial analysis of defect maps revealed the clustering of certain fault types within cell regions, highlighting the importance of considering spatial correlations in future detection algorithms. These findings support the development of targeted preventive maintenance strategies and reinforce the potential of semantic segmentation as a diagnostic tool for photovoltaic modules.
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	Resumen: Este estudio presenta una investigación experimental sobre la detección de defectos en paneles fotovoltaicos monocristalinos y policristalinos mediante imágenes de electroluminiscencia. Se evaluaron doce módulos con distintos niveles de degradación, instalados en entornos rurales andinos, mediante inspección visual y análisis automático basado en redes neuronales convolucionales. La metodología incluyó la segmentación manual de defectos y la aplicación de un modelo U-Net para la clasificación automática de anomalías estructurales y eléctricas. Los resultados mostraron que las fracturas y áreas inactivas fueron más frecuentes en paneles monocristalinos, mientras que la degradación inducida por potencial (PID) y la decoloración se observaron principalmente en paneles policristalinos. La comparación entre la inspección manual y el modelo automático evidenció un alto desempeño en la detección de defectos discretos como grietas y barras conductoras, aunque con menor precisión en defectos difusos como la PID. El análisis espacial de los mapas de defectos reveló la agrupación de ciertos tipos de fallas dentro de las celdas, destacando la importancia de considerar correlaciones espaciales en futuros algoritmos de detección. Estos hallazgos respaldan el desarrollo de estrategias de mantenimiento preventivo más específicas y refuerzan el potencial de la segmentación semántica como herramienta de diagnóstico para módulos fotovoltaicos.

	Palabras clave: Electroluminiscencia, paneles fotovoltaicos, mantenimiento preventivo, segmentación semántica, U-Net.

	1. INTRODUCTION

	The reliability of photovoltaic (PV) installations depends on the integrity of their components, particularly the condition of individual solar cells within the modules. Over time, degradation mechanisms such as micro-cracks, potential-induced degradation (PID), delamination, discoloration, and metallization layer disruptions compromise the energy yield and operational lifespan of PV systems [1], [2], [3]. Beyond their direct impact on energy yield, these defects also reduce the diagnostic signal-to-noise ratio in imaging workflows and complicate large-scale quality assurance as PV deployment accelerates worldwide [4].

	Monocrystalline and polycrystalline silicon modules remain the most widely deployed PV technologies, but they differ in structural characteristics and vulnerability to specific defect types [5]. Several comparative studies have reported variations in performance degradation, thermal behavior, and defect propagation across these two material classes [6]. Understanding how defect types manifest and distribute in each case is essential for improving diagnostic accuracy and guiding maintenance strategies. From an operations standpoint, mixed portfolios that combine mono- and multi-Si modules introduce additional variability for condition monitoring systems; models tuned to one substrate may generalize sub-optimally to the other, which motivates explicit, side-by-side analyses of defect prevalence and appearance across materials.

	Electroluminescence (EL) imaging has become a common diagnostic technique to inspect defects that are not visible under standard illumination or thermal imaging. When a forward bias is applied to a PV module in darkness, radiative recombination generates infrared emission that can reveal hidden structural and electrical anomalies [7], [8]. The contrast and resolution of EL images, however, depend on capture conditions, the sensitivity of the camera system, and the severity of the defect. Manual interpretation of EL images also introduces subjectivity and may overlook subtle features. Complementary modalities such as infrared (IR) and RGB imaging are increasingly integrated into inspection pipelines at module and plant scale, where IR assists in locating thermally driven anomalies and RGB highlights surface-level issues like broken glass, discoloration, or delamination, enabling faster triage in field campaigns [4].

	In recent years, machine learning approaches, particularly convolutional neural networks (CNNs), have been employed to support automatic defect segmentation and classification. Among these, the U-Net architecture has been applied to PV inspection tasks using electroluminescence imaging, showing encouraging performance in pixel-level detection [9], [10], [11]. Despite these advancements, few studies have examined whether model performance or defect detection outcomes vary when applied to different module types. A systematic comparison between monocrystalline and polycrystalline panels-using both visual and automated inspection methods-remains limited in current literature.

	Recent surveys emphasize a shift from handcrafted feature pipelines toward end-to-end CNNs for EL image analysis, while underscoring persistent challenges: defect diversity, scale variation, class imbalance, and domain shifts between laboratory and field data [12].

	To mitigate data scarcity, synthetic EL datasets produced with deep convolutional generative adversarial networks (DCGANs) have been introduced, reaching quality indicators (e.g., Inception Score and FID) that support their use to augment training sets and to probe the relationship between image patterns and electrical performance via learned regressors [13].

	At the detector level, one-stage architectures (e.g., YOLOv5) combined with tailored loss functions—such as focal and efficient IoU (EIoU) variants—have shown gains in mean average precision for multi-class EL defect detection, particularly under class imbalance and scale heterogeneity [14].

	This study presents an experimental evaluation of defect detection in monocrystalline and polycrystalline PV panels using EL imaging. Manual and U-Net-based inspections are performed on a shared dataset, enabling a comparative assessment of defect type prevalence, spatial distribution, and detection accuracy across material types. The work also analyzes how common degradation modes manifest differently in each case, contributing to the development of more targeted inspection and maintenance protocols for silicon-based PV modules.

	2. Materials and Methods

	2.1. Panel samples and degradation overview

	The experimental study was conducted on a set of 12 PV panels, including six monocrystalline and six polycrystalline modules, representative of systems deployed in rural Andean installations. Technical specifications of the modules are presented in Table 1. All panels exhibited varying degrees of physical and electrical degradation, with service durations ranging from 5 to 10 years under typical field conditions. Experimental evaluations were conducted at the Microgrid Laboratory of the University of Cuenca, Ecuador [15].

	Table 1. Specifications of tested PV modules.
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	Visual inspections and EL imaging revealed a wide range of degradation patterns, classified according to IEC 61215 [16]. Observed modes included interconnect ribbon corrosion, solder bond failure, cell cracks, PID, busbar interruptions, and discoloration due to encapsulant browning.

	Figure 1 illustrates the representative degradation patterns found in the samples. Figure 1(a) shows severe encapsulant discoloration (browning) concentrated in the active cell areas, a typical sign of chemical degradation due to UV exposure. Figure 1(b) highlights external factors such as accumulated dust along the frames and localized bird droppings, which induce partial shading. Additionally, Figure 1(c) reveals oxidation. It is important to note that while these defects were identifiable through visual inspection, structural fractures and microcracks remained invisible to the naked eye, necessitating the subsequent use of electroluminescence imaging for their detection.
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	Figure 1. Visible degradation observed during physical inspection: (a) Encapsulant discoloration (browning) in the center of the cells; (b) Soiling accumulation and bird droppings on the glass surface; (c) Signs of corrosion.

	2.2. Image acquisition and experimental setup

	The EL image acquisition process was conducted in a darkroom to minimize ambient interference. Each module was forward-biased using a programmable Chroma DC power supply to induce electroluminescence, with polarization currents set to approximately 6 A (two-thirds of  ). The camera used was an OWL 640 M model equipped with an InGaAs sensor, sensitive to the 900–1700 nm wavelength range.

	Images were captured using the XCAP-Std software with the following configuration: exposure time between 30–50 ms, digital gain factor of 2.5, and three-point non-uniformity correction (offset, gain, dark). Figure 2 shows the laboratory setup used during the inspection process.
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	Figure 2. Experimental setup showing the EL imaging system in the darkroom environment.

	2.3. Ground Truth generation via visual inspection

	To establish a reliable reference for supervised learning, a rigorous visual inspection was conducted solely to generate the Ground Truth dataset. Each EL image was segmented into individual cells and independently evaluated by three expert reviewers. The classification process labeled four main defect categories: cell breaks (visible micro-cracks disrupting current flow), PID (darker areas with reduced luminescence), discoloration (localized dimming due to aging), and finger interruptions (breaks in metallization lines). The manual annotations were recorded and cross-validated among reviewers to create the final target masks used for training and evaluating the automated system.

	2.4. U-Net based semantic segmentation

	Automatic defect detection was implemented using a U-Net architecture, trained on the annotated dataset derived from the visual inspection phase. The input consisted of preprocessed EL images, standardized in resolution and contrast.

	The network consisted of four encoder-decoder levels, using ReLU activation and dropout layers for regularization. The dataset was split into 70% training, 15% validation, and 15% testing. The training outcomes, including F1 score, recall, and precision, are summarized in Table 2, which presents the performance metrics obtained for the optimized U-Net_V32 model.

	Table 2. Training performance of U-Net_V32.
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	2.5. Implementation details and reproducibility

	The U-Net models were implemented using the PyTorch framework (v2.3.1). Training and inference procedures were executed on the Google Colab Pro platform, utilizing an NVIDIA T4 GPU with 16 GB of VRAM. The input EL images were resized to 256×256 pixels using bilinear interpolation to preserve spatial details, while nearest-neighbor interpolation was applied to the ground truth masks to maintain class integrity.

	The training process employed the Adam optimizer with an initial learning rate of 0.0018 and a batch size of 16 samples. A cross-entropy loss function was minimized over 48 epochs, with a step-based learning rate decay (factor of 0.05 every 8 epochs) to facilitate convergence. Under this configuration, the average inference time was approximately 32 ms per image, demonstrating the model's feasibility for high-throughput processing in industrial scenarios.

	2.6. Evaluation metrics

	Model performance was evaluated using pixel-based accuracy, Dice score, and class-level recall. These metrics were computed for each defect category on mono and polycrystalline modules independently. Statistical comparison between module types was conducted using paired t-tests to assess differences in segmentation accuracy.

	Defect frequency maps and classification heatmaps were also generated to visualize spatial distribution, as discussed further in the next section.

	3. Results

	3.1. Defect frequency and type distribution

	A total of 142 cells were evaluated through visual inspection using EL imagery. The breakdown of defect types across three tested PV modules is presented in Table 3. The most frequently detected issues were material anomalies and conductor finger interruptions. The presence of PID was exclusive to polycrystalline modules, while contact interruptions were absent in monocrystalline samples.

	Table 3. Visually identified defects per module.
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	3.2. Automatic detection results

	The segmentation model was trained to identify three categories—conductor bars, cracks, and inactive dark zones—using expert-generated Ground Truth masks as the reference for supervised learning and evaluation. Table 4 presents a clear, class-by-class quantitative comparison of the U-Net_V32 performance using precision, recall, and F1-score. In particular, the final model (U-Net_V32) achieved an F1-score of 0.9083 for conductor bar detection, 0.6557 for crack identification, and 0.6466 for inactive-zone segmentation. In addition to these aggregated metrics, Figure 4 provides a qualitative, pixel-level comparison between the Ground Truth masks and the U-Net_V32 predictions, including error maps that distinguish false positives (FP) and false negatives (FN), thereby highlighting where the model agrees with the manual annotations and where discrepancies occur.

	Table 4. Performance metrics for U-Net_V32.
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	3.3. Spatial patterns of defects

	Figure 3 illustrates three distinct heatmaps showing the spatial distribution of predictions for busbars, cracks, and dark zones on monocrystalline modules. The heatmap for busbars demonstrates their consistent and localized presence within the module. In contrast, the heatmaps for cracks and dark zones reveal that these defects had a higher occurrence in the central regions of the cells. The co-occurrence matrix, shown in Figure 4, highlights the conditional presence of multiple defect types in the same cell regions.
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	Figure 3. Heatmaps showing defect distribution across cells in monocrystalline module.
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	Figure 4. Co-occurrence matrix of defects in monocrystalline cells.

	3.4. Case studies

	To assess model accuracy at the image level, a representative cell was manually annotated and its predicted segmentations were compared. Figure 5 shows a visual comparison of U-Net_V32 predictions against manual annotations for the cracks, dark zones, and busbar defects within this single cell. The figure also includes error maps, highlighting false positives and false negatives for each defect type. The U-Net_V32 model demonstrated proficiency in identifying microcracks not marked by the manual classifier, suggesting that EL signal attenuation can be captured algorithmically even when visually imperceptible. However, it occasionally misclassified encapsulant delamination artifacts as inactive zones.
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	Figure 5. Qualitative comparison of segmentation performance. Each row corresponds to a specific defect class: (a) Cracks, (b) Dark Zones, and (c) Busbars. The columns display the U-Net prediction, the Ground Truth (manual annotation), and the spatial Error Map. In the error maps, Cyan pixels represent False Positives (over-segmentation), while Orange pixels indicate False Negatives (missed defects).

	4. Discussion

	The results provide multiple layers of interpretation regarding the classification of defects in PV modules through EL imaging. One of the central observations is the disparity in defect prevalence between mono- and polycrystalline modules. Although both types exhibited broken cells, inactive regions, and discoloration, fractures were especially concentrated in monocrystalline samples. This trend is consistent with the higher structural uniformity of mono-Si wafers, which tend to propagate mechanical stress more efficiently. Conversely, PID and snail trails were more commonly detected in polycrystalline modules, indicating distinct degradation pathways influenced by material properties and manufacturing conditions.

	The defect maps and co-occurrence matrices reinforce these findings. As shown in Figure 3, defects such as cracks and dark zones appeared concurrently in multiple cells, suggesting spatial clustering. In mono modules, 48 cells were simultaneously marked with cracks and inactive areas. These results emphasize the importance of including spatial correlation when developing defect detection algorithms, particularly for defect classes that emerge in proximity.

	The automatic segmentation achieved through U-Net produced consistent predictions across several categories, with high F1 scores for crack detection and busbar alignment. However, performance varied by defect type. For example, the identification of PID was less accurate, possibly due to its diffuse appearance and lower contrast under EL. These outcomes align with findings from previous studies that highlight the difficulties of detecting uniform degradation patterns compared to discrete faults such as fractures or inactive zones.

	Compared with prior EL-based inspection studies that focus primarily on reporting segmentation accuracy, the present work adds three practical elements that become relevant under real field conditions. First, the dataset is built from mono- and polycrystalline modules with degradation accumulated in service (rather than controlled laboratory aging), which exposes the model to realistic variability in soiling, corrosion, and encapsulant discoloration that can interfere with EL interpretation. Second, the Ground Truth was generated through cross-validated expert annotations, and the evaluation is explicitly anchored to a pixel-level comparison (including FP/FN error maps), enabling a more transparent identification of failure modes rather than relying only on aggregate scores. Third, beyond per-class metrics, the study analyzes the spatial organization of defects (co-occurrence and clustering), showing that cracks and inactive regions often appear jointly within neighboring cells; information that can be integrated into inspection workflows to prioritize modules or strings for targeted maintenance and further testing.

	When comparing manual and automatic assessments, qualitative agreement was observed in most annotated panels. Nonetheless, certain cases showed undersegmentation by the model, especially for defects located at the edges or overlapping with frame artifacts. These discrepancies underline the importance of training with representative samples that include peripheral and partially obscured defects.

	Limitations in the current implementation stem from the relatively small annotated dataset and the fixed architecture of the segmentation model. Although the version trained (U-Net_V32) was optimized with adjusted filters and skip connections, future work should examine ensemble strategies or hybrid approaches that merge multiple model outputs. Additionally, data augmentation strategies could be enhanced to simulate edge-based distortions and noise patterns encountered in real field conditions.

	5. CONCLUSIONS

	This study evaluated the detection of structural and electrical defects in mono- and polycrystalline PV panels through EL imaging combined with U-Net-based semantic segmentation. A comparative analysis revealed that fractures and inactive areas were more frequent in monocrystalline modules, whereas PID and surface discoloration appeared predominantly in polycrystalline ones.

	Manual inspection protocols were cross-validated with automated segmentation outputs. Using expert-generated Ground Truth masks as the reference, the final U-Net version (U-Net_V32) provided a clear class-by-class performance, achieving an F1-score of 0.9083 for conductor bar (busbar) detection, 0.6557 for crack identification, and 0.6466 for inactive-zone segmentation. The model achieved strong F1 performance on discrete defects such as cracks and disconnected busbars, but underperformed in detecting diffuse anomalies like PID. This indicates that CNN-based segmentation can support diagnostic assessments, provided that training datasets cover sufficient variation in defect morphology and imaging artifacts.

	The spatial distribution analysis confirmed that certain defects appear in clusters, especially in mono panels, highlighting the relevance of incorporating spatial information into diagnostic workflows. Although the model correctly classified most defect types, limitations remain in handling image boundaries and overlapping noise patterns. In practical terms, these results support the use of EL-driven segmentation as a screening tool to prioritize modules for further inspection, while emphasizing that improved labeling diversity and artifact-aware training are needed to increase reliability for low-contrast and diffuse degradation signatures (e.g., PID).

	The findings of this study also emphasize the industrial applicability of EL-based segmentation for enhancing preventive maintenance strategies in photovoltaic systems. The model's ability to prioritize modules for inspection based on defect severity offers significant potential for optimizing maintenance schedules and reducing operational downtime in large-scale PV installations.

	In terms of scalability, the methodology can be expanded to handle larger datasets by leveraging batch processing and incremental model training, ensuring that it remains feasible for wide-scale deployment in the industry. Additionally, this framework can be adapted to different PV technologies and expanded to include additional defect categories.

	Future work should focus on extending the training dataset, improving edge-specific augmentation strategies, and integrating temporal EL imaging for defect tracking. Further improvements in the training process could include hybrid and ensemble approaches, as well as better artifact handling through more diverse and realistic training data. Overall, the methodology supports a structured framework for comparing degradation patterns across different PV technologies and contributes to enhancing inspection strategies for preventive maintenance.
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