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Abstract of Thesis 

 

 

Automated Defect Detection in Photovoltaic Modules via Electroluminescence Imaging: 

A Comparative Study of U-Net Segmentation and YOLO Detection 

 

Automated defect detection in Electroluminescence (EL) images is crucial for 

photovoltaic (PV) module reliability, yet comparative studies between leading deep 

learning approaches are scarce. This thesis directly compares semantic segmentation 

using UNet16 and object detection using YOLOv8x for identifying 'crack', 'cross', and 

'dark' defects in a public EL dataset (2159 images). Four models (optimal and unified 

configurations for each architecture) were trained using standardized preprocessing and 

evaluated based on task-specific metrics (mIoU, 𝑚𝐴𝑃50) and computational efficiency. 

Results show both architectures are effective, with Optimal YOLO achieving 

𝑚𝐴𝑃50=0.855 and Optimal UNet achieving mIoU=0.785. Task-specific optimization 

yielded superior results compared to unified settings. YOLOv8x demonstrated significant 

advantages in computational efficiency, exhibiting fewer parameters (68.2M vs. 143.6M) 

and faster inference (e.g., 11.2 ms vs. 42.1 ms @ 640 × 640) than UNet16. The study 

concludes that a clear trade-off exists: YOLOv8x offers efficient and reliable detection 

suitable for high-throughput screening, whereas UNet16 provides essential pixel-level 

detail for in-depth spatial analysis despite higher computational costs. These findings 

provide empirical guidance for selecting appropriate models for automated EL inspection 

based on the application priorities. 
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Chapter 1: Introduction 

1.1 Background and Context: 

The use of photovoltaic (PV) modules, commonly known as solar panels, as a source of 

energy generation, has increased exponentially in the past decade. In the United States, 

the installed capacity of solar panels in 2024 was 176 GW, an increase of 682% 

compared to the 22 GW installed in 2014. Globally, the installed capacity of solar panels 

has increased by 736% (International Renewable Energy Agency (IRENA), n.d.). PV 

systems convert sunlight into electrical energy through the photovoltaic effect, thereby 

offering a renewable and clean source of electricity. However, as the deployment of PV 

systems has become more widespread, ensuring their reliability and performance over 

time has become an increasingly important concern. 

One of the critical challenges in maintaining the performance of PV modules is the 

detection and mitigation of physical defects that can compromise their energy output. 

Common defects such as microcracks, broken fingers, delamination, potential-induced 

degradation (PID), and inactive cell regions can cause substantial reductions in a 

module's electrical performance and overall service life. Microcracks, for instance, can 

develop during manufacturing and transportation or as a result of environmental stressors, 

such as thermal cycling, snow loads, and wind pressure. These cracks can disconnect 

parts of the solar cell, leading to a non-negligible drop in power output—up to 80% in 

severely affected modules (Dhimish et al., 2017). 

To identify and assess such faults, electroluminescence (EL) imaging has emerged as one 

of the most reliable nondestructive testing techniques. EL imaging involves applying a 

forward bias to a solar cell in the dark, causing it to emit light. Damaged or electrically 
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inactive cell regions emit less light and appear as dark areas in the image. This diagnostic 

method can be described as the solar panel industry's equivalent of an X-ray, and 

electroluminescence imaging provides detailed visualization of cell-level defects that are 

invisible to the naked eye. This advanced technology creates high-resolution maps of 

panel imperfections that cannot be detected using conventional inspection methods 

(Johnston, 2015). Figure 1.1 illustrates the typical EL images of defective PV cells. 

 

Source: (Deitsch et al., 2019, p. 2) 

Figure 1.1 : Examples of different types of defects of PV cells in EL images  

 

As the global adoption of PV technology has accelerated, there is a need for scalable, 

efficient, and precise diagnostic systems. Traditional inspection techniques, such as 

manual visual checks and IV curve tracing, are labor-intensive, subjective, and 

increasingly impractical at the scale of modern utility installations. Traditional manual 

inspection methods create significant bottlenecks in large-scale manufacturing and field-

testing environments. This critical limitation has driven the industry towards automated 

image-based diagnostic systems, which enable the rapid, accurate, and consistent analysis 

of large volumes of photovoltaic (PV) modules. 

Furthermore, the reliability of PV systems is directly related to the economic viability of 

solar energy investments. Even minor defects can accumulate over time, leading to 
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significant yield loss and maintenance costs. For instance, IEA PVPS Task 13 reports 

have shown that common degradation mechanisms, such as delamination, corrosion of 

interconnects, and encapsulant browning, can collectively reduce the module power by 

10–20% over 15–20 years of operation (Köntges et al., 2014). These degradation 

processes are often exacerbated by environmental stressors, such as high humidity, UV 

exposure, and thermal cycling. Therefore, failure prevention and early detection are not 

only technical issues but also financial imperatives. 

There is a strong consensus in the literature regarding the utility of EL imaging for defect 

identification. (Jahn et al., 2018) outline the standardized testing procedures and 

hardware requirements for EL inspections, emphasizing the importance of image 

contrast, resolution, and stable environmental conditions for reliable diagnostics. 

Moreover, the technique is adaptable across scales, from laboratory-based tests to field 

applications using mobile imaging units and drones. 

Electroluminescence also allows for statistical defect classification. For instance, 

(Dhimish et al., 2017) demonstrated how EL imaging can be used in conjunction with 

long-term real-time power data to quantify the impact of microcracks, distinguish 

between different crack patterns, and correlate them with power degradation metrics. In 

parallel, (Köntges et al., 2014, 2017) provide extensive categorizations of failure types 

across thousands of inspected modules globally, enabling predictive maintenance 

strategies based on image-derived defect classifications. 

In summary, although PV systems are fundamentally robust and sustainable technologies, 

their real-world performance is influenced by numerous physical, environmental and 

mechanical stressors. Addressing these issues through early and accurate defect detection 
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is essential for ensuring long-term energy yields and system longevity. 

Electroluminescence imaging, with its capacity to reveal otherwise hidden defects, is 

emerging as a cornerstone in the field of PV diagnostics and maintenance. In the 

following sections, we explore the technological and computational advancements that 

enable the automated analysis of EL images, including machine learning-based defect 

detection and classification. 

1.2 Problem Statement 

EL imaging has become a critical tool in the PV industry for the detection of defects that 

compromise the performance and reliability of modules, owing to its ability to reveal 

invisible and near-invisible defects, as shown in Figure 1.1. Additionally, there has been 

significant progress in EL imaging hardware and analysis software (Yu et al., 2022). 

Despite these advances, it remains a difficult challenge to have a scalable, accurate, and 

standardized defect detection and classification tools. Traditional approaches that depend 

on visual inspection can be time-consuming, expensive, and prone to subjectivity, 

particularly when dealing with large volumes of modules in manufacturing plants or 

field-testing environments (Wang et al., 2021).  

Improvements were made with the introduction of computer algorithms and automated 

image processing techniques. However, these techniques cannot be generalized well for 

diverse PV modules and varying image conditions. While these methods could detects 

obvious defects (e.g. large cracks or inactive areas), they frequently struggled with 

subtler anomalies like microcracks (Bommes et al., 2021). 

These limitations motivated the application of machine learning techniques, particularly 

deep learning, to automate defect recognition in EL images. In recent years, deep 
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convolutional neural networks (CNN) have emerged as powerful alternatives for 

automatically extracting and classifying complex features from data. Two leading 

approaches have been used in the context of EL image analysis: pixel-wise segmentation, 

often implemented using U-Net architecture, and object-level detection, most commonly 

implemented using You Only Look Once (YOLO) models. However, the existing 

literature tends to examine these approaches independently. Few studies have 

comparatively assessed the performance and effectiveness of U-Net and YOLO on the 

same dataset under the same evaluation protocols. This lack of comparative 

benchmarking makes it difficult to understand their relative strengths, weaknesses, and 

deployment considerations (e.g., real-world applications).  

U-Net-based models perform semantic segmentation by assigning a class label to each 

pixel in the input image. This allows for the precise localization of defect regions, making 

it suitable for estimating the size and shape of faults, such as cell fractures or inactive 

zones. However, U-Net requires pixel-level annotations, which are labor-intensive and 

can struggle with overlapping or diffuse defects that lack sharp boundaries.  Additionally, 

its inference process is computationally intensive, particularly for high-resolution images 

(Azad et al., 2024; Ronneberger et al., 2015). 

In contrast, YOLO-based models perform real-time object detection by predicting 

bounding boxes and class probabilities for each detected defect within an image. This 

method is faster and more scalable for large-scale analyses, and is particularly effective at 

identifying well-defined discreet faults. It also requires simpler annotations (bounding 

boxes rather than segmentation masks), which reduces the burden of data labeling. 

However, YOLO YOLO-based models can degrade on very small or irregularly shaped 
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defects and may lack the granularity needed for analyzing defect morphology and area 

coverage (Wang et al., 2024). 

Another gap is the limited evaluation of the model performance defect types. Studies 

often report aggregate metrics such as mean Average Precision (mAP) or Intersection 

over Union (IoU), without differentiating performance on specific defect types like 

microcracks versus inactive regions (or dark areas). This disguises the operational impact 

of the model limitations and encumbers the model selection based on the application 

requirements. Furthermore, factors such as class imbalance, image contrast variability, 

and annotation ambiguity are rarely addressed systematically, despite their prevalence in 

EL image datasets. 

In summary, while deep learning-based methods show great promise for automating EL 

image analysis, the field lacks direct comparative studies, targeted evaluations, and 

standardized approaches to data processing and model training. Specifically, U-Net and 

YOLO represent two fundamentally different strategies with distinct trade-offs in terms 

of accuracy, interpretability, and scalability. 

This thesis addresses these gaps by comparatively evaluating U-Net and YOLO-based 

models on an EL image dataset, implementing targeted improvements to model 

architecture, data augmentation, and loss functions, and systematically analyzing the 

impact of these design choices on detection accuracy and computational efficiency. The 

evaluation will include class-specific metrics, robustness to image variation, and practical 

considerations such as inference speed. The objective is to determine the optimal model 

type for automated PV module inspection and to provide guidance for future deployments 

in manufacturing and maintenance environments. 
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1.3 Objectives and Research Questions 

Reflecting the core challenges outlined in the Problem Statement, this thesis pursues a 

series of research objectives that focus on developing, evaluating, and comparing two 

major deep learning strategies for EL-based defect detection. These objectives aim to fill 

the gaps regarding the effectiveness of segmentation and detection models when applied 

to the same dataset and under identical evaluation criteria. 

1. Develop and evaluate a U-Net based model for segmenting PV module cell 

defects in EL images. 

U-Net is chosen because of its strong track record in medical imaging and other pixel-

level tasks, where fine-grained per-pixel annotations are crucial for analyzing shape and 

morphology(Su et al., 2023). 

2. Develop and evaluate a YOLO-based model for detecting and classifying defects 

in EL images. 

YOLO has been widely recognized for its real-time object detection capability and high 

mean Average Precision (mAP) in many computer vision domains. Investigating its 

performance on EL images is key to understanding whether a bonding box driven 

approach is advantageous for PV defect identification (Meng et al., 2022) 

3. Conduct a direct comparative performance analysis of U-Net and YOLO-based 

models, specifically focusing on detection accuracy, computational efficiency, 

and robustness to data variations. 

By applying both models to the same dataset and using consistent evaluation metrics, this 

study aims to present a fair comparison that can help guide practitioners and future 

researchers. A core question is whether segmentation or detection approaches yield more 
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reliable and interpretable results, particularly given the diverse defect types and sizes 

present in EL images. 

Each objective directly addresses a central research question: How accurate are deep 

learning methods for EL-based defect detection, and does a segmentation-based 

framework significantly differ in effectiveness from a detection-based framework? The 

findings are expected to illuminate where each model excels and where improvements or 

hybrid solutions might be needed. 

1.4 Significance of the Thesis 

As solar power continues to gain traction worldwide, as highlighted by the exponential 

increase in installed capacity (International Renewable Energy Agency (IRENA), n.d.), 

the reliability and longevity of PV modules are paramount to ensuring stable returns on 

investment and continued public confidence in renewable energy. Defects such as 

microcracks can cause up to an 80% reduction in the output of the affected cell (Dhimish 

et al., 2017), and more widespread damage may necessitate premature module 

replacement. Early detection and accurate characterization of these faults can greatly 

extend a module’s usable life while preventing substantial power losses. 

In an industrial context, reliable defect detection directly impacts the manufacturing 

throughput and quality of shipped modules. As noted by some manufacturers, more 

accurate automated systems can allow real-time feedback into production processes, 

which reduces waste and improves overall product quality (Y. Park et al., 2019). By 

narrowing the margin of error, manufacturers can respond promptly to emerging 

production problems, thereby ensuring higher quality products. 

Scientifically, this study contributes to the refinement of deep learning techniques applied 
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to EL images. Although prior works have shown promise for both segmentation and 

detection methods, few have undertaken direct comparisons within the same 

experimental setup. Understanding these nuances not only advances the state of the art 

but also provides practitioners with clearer guidance regarding model selection for 

specific application demands, whether that focus is on pixel-perfect localization (as in 

segmentation) or overall defect incidence (as in detection). 

Furthermore, because EL imaging is often considered the most revealing diagnostic for 

subtle PV faults, the insights gained here may have implications for future advancements 

in automated visual inspection systems. Effective methods demonstrated through this 

comparative approach can serve as a foundation for enhanced factory testing protocols, 

large-scale field inspections, ongoing innovations in PV maintenance practices, and 

practical AI tools, such as chatbots. 

1.5 Thesis Outline 

The remainder of this thesis is structured as follows. 

- Chapter 2: Literature Review 

This chapter provides an in-depth examination of PV module defect types and the 

evolving role of EL imaging in PV diagnostics to address these challenges. It then 

surveys different approaches to automated defect detection, highlighting the key 

principles of convolutional neural networks and existing research that underpins 

segmentation- and detection-based frameworks. 

- Chapter 3: Methodology 

Here, the data collection procedures, labeling strategies, and model development 

processes are described in detail. This chapter outlines how the U-Net segmentation 
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model and YOLO detection model were implemented, trained, and validated, including 

the hyperparameters, evaluation metrics, and computational resources used. 

- Chapter 4: Results 

This section presents the quantitative and qualitative findings obtained by applying both 

deep learning approaches to the test dataset. Metrics such as Intersection over Union 

(IoU), mean Average Precision (mAP), and detection recall/precision are reported. Visual 

examples of the model outputs and detailed comparisons of the respective strengths and 

weaknesses of U-Net and YOLO are also included. 

- Chapter 5: Discussion 

Building on the results, this chapter offers a critical evaluation of the two approaches in 

relation to the stated objectives and existing literature. Possible explanations for the 

observed performance patterns are discussed, along with the practical implications for the 

PV industry. The limitations and potential improvements of this thesis are also addressed. 

- Chapter 6: Conclusion 

The thesis concludes with a summary of the main findings, contributions to the field of 

EL-based PV defect detection, and suggestions for future research. Emphasis is placed on 

how the outcomes can guide ongoing advancements in automated maintenance systems, 

thus underlining the work’s overall relevance. 
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Chapter 2: Literature Review 

2.1 Photovoltaic Modules and Defect Types 

Photovoltaic (PV) modules comprise interconnected solar cells that convert sunlight into 

electricity via the photovoltaic effect. In crystalline silicon PV modules, the most widely 

deployed technology, each solar cell consists of a semiconductor p–n junction, with an 

anti-reflective glass layer on top, metallic contacts (fingers and busbars), encapsulation 

layers (typically EVA), a protective back sheet, and an aluminum frame (Khan Academy 

India - English, 2020; The Photoelectric and Photovoltaic Effects (Video), n.d.). The cells 

are connected in series and/or parallel via soldered interconnect ribbons and junction 

boxes to form a complete module. Any disruption to the structural or electrical integrity 

of these components can result in substantial energy yield losses and reduced reliability 

or safety hazards (Honsberg & Bowden, 2019). 

 

Sources: (Köntges et al., 2014; Photovoltaic Cell, n.d.) 

Figure 2.1: Illustrative Images of a Solar Cell. 
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Despite advances in manufacturing and quality control, PV modules are prone to a wide 

array of defects that may originate during production, transportation, installation or 

operation. These faults are increasingly being detected using electroluminescence (EL) 

imaging. In EL images, defects typically manifest as dark regions owing to reduced 

photon emission from electrically inactive or damaged areas. 

Below is an overview of the key defect types commonly found in PV modules, along 

with their causes, manifestations in EL images, and impacts on performance. These 

defects are categorized based on whether they occur at the cell or module levels. The 

associated degradation mechanisms and failure modes are well-documented in literature 

and reports (Balzategui et al., 2021; Bommes et al., 2022; Goudelis et al., 2022; Jaeckel 

et al., 2024; Jahn et al., 2018; Köntges et al., 2014, 2014; N. C. Park et al., 2013; Pratt et 

al., 2021; Rosillo et al., 2024). 

Cell Level Defect 

- Microcracks: These are fine fractures within the silicon wafer, often 

caused by mechanical loading or by thermal cycling. Although initially invisible to the 

naked eye, microcracks appear as faint dark lines in EL images and may propagate under 

stress, gradually isolating parts of the cell and reducing the output. 

- Cell Fractures: More severe than microcracks, complete fractures split 

cells into electrically disconnected segments, appearing as distinct dark areas in the EL 

images. These factors significantly reduce the power output or cause complete cell 

failure. 

- Finger and Busbar Interruptions: Metallization lines collect and transport  
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current generated by the cell. Interruptions in fingers or busbars due to abrasion, 

corrosion, or manufacturing defects manifest as thin or thick dark discontinuities in EL 

scans, increasing resistive losses, and impairing efficiency. 

- Inactive Cell Regions: Occur when a portion or entire cell becomes  

electrically isolated, typically due to solder joint failure or severe interconnect damage. 

These areas appear completely dark in the EL images and indicate zero contribution to 

power generation. 

Module-Level Defects 

- Solder Bond Failures: Caused by thermal expansion or poor soldering 

practices, resulting in broken connections between cells or strings. In EL images, they 

appear as localized dark spots, and over time, may cause increased series resistance or 

open-circuit conditions. 

- Potential-Induced Degradation (PID): A high-voltage induced defect  

where leakage currents cause shunting and ion migration within the encapsulant. EL 

imaging reveals PID as widespread dimming or non-uniform dark patches, particularly 

near the edges of the frame. This results in large energy losses over time and is a critical 

degradation concern for utility-scale systems. 

- Delamination: Occurs when the EVA encapsulant separates from the glass  

or cell surfaces, thereby facilitating moisture ingress. Delaminated areas appear as 

diffused shadows in EL images and accelerate long-term corrosion and optical 

degradation. 

- Hotspots: These arise from cell mismatch, shunting, or partial shading,  

forcing some cells into a reverse bias, leading to localized heating. In EL images, 
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hotspots may be difficult to distinguish directly but often correlate with darkened, 

thermally stressed regions visible through complementary infrared imaging. 

- Snail Trails: Typically associated with moisture ingress along  

microcracks, which manifest as discolored serpentine patterns in visible light and faint 

artifacts in EL images. While visually alarming, they generally correlate with microcrack 

propagation and material degradation. 

The following table (Table 2.1) summarizes the common PV module and cell defects 

explained above, their likely causes, how they appear in EL imaging, their potential 

impact on power performance, and exemplary images for each defect. 
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Table 2.1 Common PV module and Cell defects (Description & Image) 

2.2 Electroluminescence (EL) Imaging for PV Inspection 

Since its introduction to the PV field in the early 2000s (Feldman et al., 2002; Fuyuki et 

al., 2005), electroluminescence (EL) imaging has become one of the most widely adopted 

nondestructive diagnostic techniques for evaluating the structural and electrical integrity 

of photovoltaic (PV) modules. Owing to its ability to provide high-resolution spatial 

mapping of defects within solar cells and modules, it has become a standard tool in 

manufacturing, field testing, and laboratory-based testing.  
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2.2.1 Principle and Imaging Process 

The fundamental principle of EL imaging is the radiative recombination of injected 

minority carriers under forward-bias conditions. When a positive voltage is applied 

across a PV module in the dark, charge carriers (electrons and holes) recombine within 

the junction, emitting photons in the near-infrared (NIR) spectrum (typically 800–1300 

nm for crystalline silicon). 

This imaging is typically conducted in dark-room environments to eliminate ambient 

light interference. A cooled CCD or InGaAs camera sensitive to the IR region, is used to 

capture the emitted luminescence. Other Standards, and methods are detailed in (IEC TS 

63202-2, 2013) 

 

Figure 2.2: Typical setup of an electroluminescence imaging system and EL image of a 

monocrystalline silicon wafer  

The electroluminescence intensity in a photovoltaic cell is governed by the local radiative 

recombination rate under forward bias. In ideal diode behavior, the emitted EL intensity 

𝐼𝐿 follows an exponential relationship with the applied forward voltage 𝑉𝑓, described by: 

IL=A⋅ exp (
eVf

kT
) 

Where: 

𝐼𝐿 is the electroluminescence intensity, which is the amount of light emitted by the solar 
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cell, 

𝐴 is a constant that includes optical collection efficiency, injection conditions, and 

intrinsic properties, 

𝑒 is the elementary charge, 

𝑉𝑓 is the applied forward voltage, 

𝑘 is Boltzmann’s constant, and 

𝑇 is the absolute temperature and is the measurement temperature. 

Adapted from (Fuyuki & Kitiyanan, 2009). 

This equation shows that the EL intensity increases exponentially with the locally applied 

voltage, assuming a constant temperature and uniform material quality. However, in real 

modules, spatial variations in recombination rates caused by defects such as grain 

boundaries, microcracks, or shunts lead to deviations from ideal exponential behavior. 

These deviations are visible in the EL images as localized intensity variations (Jahn et al., 

2018). 

2.2.2 Diagnostic Capabilities and Industrial Implementation 

EL imaging is now extensively used in both laboratory and field conditions for various 

stages of PV deployment, from post-fabrication inspection to the maintenance of utility-

scale installations. In solar panel factories, EL is routinely performed at multiple key 

stages. 

1. Post-cell interconnection, after soldering strings of 10 or 12 rectangular cells. 

2. At the layup table, following string placement onto glass and encapsulant layers, 

and after the bus wire interconnection. 

3. Immediately after lamination, prior to module packaging. 
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At each of these stages, EL inspection enables the early detection of breakages, poor 

soldering, and material inconsistencies before the modules are sealed or shipped (Gabor 

et al., 2023).  

In addition to microcracks, which appear as thin, dark linear features owing to 

mechanical stress and current discontinuities, EL imaging can detect a wide range of 

other cell-level failures. These include: 

• Star cracks, which manifest as radially branching fracture patterns, often 

originating from a single impact point. 

• Finger interruptions, visible as narrow dark breaks along the metal fingers, 

typically caused by metallization faults or surface contamination. 

• Black cores, large central darkened areas usually associated with severe shunting, 

electrical breakdown or inactive emitter regions. 

• Vertical and horizontal dislocations, seen as systematic misalignments or shifts 

in the printed fingers or cell structure, indicative of stringing or lamination defects. 

• Thick lines, due to excessive metallization width, and scratches, which appear as 

superficial but conductive damage from handling or manufacturing. 

• Fragments and corner breaks, which result from physical chipping or cracking 

of a silicon wafer during cutting or lamination. 

• Short circuits, identified by bright luminescent spots against an otherwise dark 

background, caused by shunting paths or defects in the insulation layers. 

• Printing errors, which present as repeated irregularities in the metallization 

pattern, which is often caused by stencil misalignment or paste smearing. 

These defects are visually summarized in Figure 2.3, where various categories are 
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annotated on the EL images. Their detectability using EL highlights the advantages of 

this method in early stage failure prevention and quality assurance. 

 

Figure 2.3. Annotated EL images of silicon PV cells, showing common defects, adapted 

from (Su et al., 2023) 

Unlike infrared thermography, which requires the presence of active heat dissipation to 

detect faults, EL imaging visualizes internal current pathways and recombination 

dynamics directly. This makes it especially effective in detecting defects that have not yet 

produced thermal signatures but will impact long-term performance and reliability 

(Kaplanis et al., 2023). 

From a theoretical perspective, EL intensity 𝐼𝐿 is exponentially related to the local 

forward bias voltage 𝑉𝑓 under the assumption of ideal diode behavior, as expressed 

above. While the above expression is used to understand how EL intensity is generated, 

the inverse relationship is often used diagnostically. Specifically, the local voltage 

difference between two spatial points can be extracted directly from the EL image using 

the following logarithmic formula: 

Δ𝑉(𝑥1, 𝑥2) = 𝑘𝑇 ⋅ [ln 𝐼 (𝑥1) − ln 𝐼 (𝑥2)] 

Where: 

Δ𝑉(𝑥1, 𝑥2) is the local voltage drop between two points 𝑥1 and 𝑥2 on the cell surface (V), 
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𝐼(𝑥) is the electroluminescence intensity at spatial location 𝑥, 

𝑘 is the Boltzmann constant, 

𝑇 is the absolute temperature, 

Adapted from (Jahn et al., 2018). 

This relationship enables the quantitative assessment of the local series resistance or 

voltage drops from the EL image itself, thereby linking spatial optical measurements to 

the underlying electrical behavior. Together, these two expressions form the theoretical 

foundation for both qualitative and quantitative interpretations of EL images. 

2.2.3 Practical Considerations 

Despite its sensitivity and resolution, EL imaging has practical constraints. The modules 

must be disconnected from the active operation and subjected to a forward bias under 

dark conditions. A typical inspection applies a voltage of 0.4–0.6 V, generating currents 

of approximately 5–20 mA/cm², depending on the cell architecture and temperature 

conditions. To capture faint EL emissions, high-sensitivity cameras are sometimes 

required, often with cooled sensors and long exposure times ranging from seconds to 

minutes per image.  

Moreover, because the EL response is directly influenced by the diffusion length and 

carrier lifetime, the ambient temperature and contact resistance can affect the 

measurement reliability. For quantitative assessments, EL imaging is often used 

alongside techniques such as light-beam-induced current (LBIC) and thermography to 

validate the results. Additionally, the intensity of the electroluminescence emission from 

solar modules is generally low compared to background lighting, necessitating a dark 

environment for effective EL imaging, although techniques such as dark-field subtraction 
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and lock-in methods can mitigate the impact of stray light. (Fuyuki & Kitiyanan, 2009; 

Johnston, 2015; Johnston & Silverman, n.d.; Köntges et al., 2014, 2017; Shore et al., n.d.; 

Sinha et al., 2016)  

To contextualize EL’s practical considerations, Table 2.2 (see below) presents a 

comparison between common defect detection techniques. 

Method Defect Types 

Detected 

Spatial 

Resolution 

Field 

Applicability 

Quantitative 

Analysis 

Main 

Limitations 

EL 

Imaging 

Microcracks, 

inactive cells, 

finger breaks, 

interconnect 

faults, PID 

High (50–

200 µm) 

Moderate 

(night/lab) 

Semi-

quantitative 

(local voltage 

drops) 

Requires 

darkness; 

cooling and 

exposure 

time; 

affected by 

temperatur

e, contact 

resistance 

IR 

Thermo

graphy 

Hotspots, 

bypass diode 

failures, PID (in 

heated state), 

solder issues 

Medium 

(1–2 mm) 

High (day or 

sunny field) 

Low 

(qualitative) 

Only 

detects 

heat-

generating 

faults; low 

resolution; 

false 
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negatives 

in low-

power 

areas 

IV 

Curve 

Tracing 

Overall 

degradation, 

mismatch 

losses, fill factor 

drop 

None 

(module-

level 

aggregate) 

Very High 

(day/night) 

High 

(electrical 

parameters: 

Isc, Voc, FF, 

Rs, Rsh) 

Cannot 

localize 

defect 

position; 

affected by 

irradiance 

and 

temperatur

e instability 

Photolu

minesce

nce (PL) 

Recombination 

losses, cracks, 

lifetime 

mapping 

Very High 

(≤10 µm, 

lab) 

Low (lab 

only) 

High 

(material 

quality, 

diffusion 

length) 

Requires 

laser 

illuminatio

n; limited 

to lab use 

and non-

encapsulate

d cells 

UV 

Fluoresc

Encapsulant 

browning, 

Low 

(surface-

Moderate Low (visual 

only) 

Only 

reveals 
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Table 2.2 Comparative Summary of Common Testing Techniques in Photovoltaics 

Abbreviations: 

LBIC = Light Beam Induced Current 

LIT = Lock-in Thermography 

PL = Photoluminescence 

PID = Potential Induced Degradation 

FF = Fill Factor, 𝑅𝑠 = Series Resistance, 𝑅𝑠ℎ = Shunt Resistance 

ence backsheet 

degradation 

level only) surface-

level 

degradatio

n; 

insensitive 

to internal 

defects 

LBIC / 

LIT 

Shunts, 

recombination-

active regions, 

localized series 

resistance 

High (μm-

mm, point-

wise scan) 

Low (lab 

only) 

High (point-

based maps 

of I/V loss) 

Time-

consuming; 

raster-scan 

based; 

limited to 

single-cell 

or small 

module 

inspection 
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While IV curve testing remains indispensable for evaluating the overall electrical 

performance of PV systems, providing essential parameters such as short-circuit current, 

open-circuit voltage, and fill factor, it lacks spatial resolution and cannot localize specific 

defects. Infrared (IR) thermography, although widely used for field inspections owing to 

its speed and ease of deployment, is limited to detecting thermally active faults and can 

miss latent defects that have not yet produced sufficient heat signatures. 

In contrast, EL imaging offers a significantly higher spatial resolution and sensitivity to 

early stage degradation mechanisms, such as microcracks, inactive regions, and 

metallization flaws. It excels in laboratory and controlled environments, enabling a high-

detail analysis of current pathways and recombination activity, even before performance 

metrics are measurably affected. 

Additional advanced techniques, such as Photoluminescence (PL) and Light Beam 

Induced Current (LBIC), further expand the diagnostic toolkit, providing highly detailed 

insights into material quality, minority carrier lifetime, and local resistive losses. 

However, these methods are generally limited to laboratory settings because of 

equipment complexity and operational constraints. UV fluorescence, while less 

commonly used, is effective for monitoring encapsulant and backsheet degradation in 

field-aged modules. 

In this context, EL imaging serves as a critical bridge between qualitative optical 

inspection and electrical performance analysis, combining relatively accessible 

deployment (compared to PL or LBIC) with high diagnostic accuracy. Its role is 

especially crucial in identifying defects that do not manifest in global electrical 

parameters or thermal behavior, making it a cornerstone technique for both 
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manufacturing QA and advanced module diagnostics. 

2.3 Computer Vision and Deep Learning for Defect Detection 

2.3.1 Traditional Image Processing Approaches 

Traditionally, defect detection in PV modules using EL imaging has relied on 

conventional image processing methods. These techniques typically involve thresholding 

operations, edge detection, and the application of morphological filters, such as dilation 

and erosion, to isolate the potential defect regions. Although these methods have served 

as practical starting points for automated inspection, they are accompanied by some 

limitations. 

Early approaches to defect detection focused on intensity thresholding (M. R. U. Rahman 

& Chen, 2020). This method involves setting predetermined intensity levels to segment 

defect regions from the background. The process is relatively straightforward; however, it 

falls short when dealing with images that exhibit variable illumination or complex 

background textures. The sensitivity of thresholding to lighting variations often causes 

false positives or undetected defects when the contrast between a defect and its 

surrounding area is insufficient (Saberironaghi et al., 2023). 

Morphological operations, such as erosion, dilation, opening, and closing, were used to 

refine the segmentation results. These operations help remove noise and small irrelevant 

artifacts resulting from the thresholding. However, the reliance on fixed-size structuring 

elements makes the algorithm less robust to defects of varying scales and shapes. This 

rigidity is particularly problematic in PV modules, where defects can vary widely based 

on material properties and manufacturing conditions. Edge detection algorithms, such as 

Canny or Sobel, were used to identify boundaries where significant changes in intensity 
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occurred, theoretically highlighting the edges of defects (Y. Zhang et al., 2021). 

A critical shortfall of traditional image-processing methods is their inability to generalize 

across varying environmental conditions and defect characteristics. They often require 

meticulous manual calibration of parameters and are unable to learn from data, resulting 

in lower robustness and adaptability when confronted with new or unforeseen defect 

types. Furthermore, these methods typically treat defect detection as an isolated 

classification task per image rather than engaging in pixel-level analysis, which is 

essential for a high-precision diagnosis. 

2.3.2 Deep Learning Segmentation (U-Net and Variants) 

Semantic segmentation has emerged as one of the most effective approaches for pixel-

level analysis of  PV defects in EL images. In contrast to object detection, which assigns 

bounding boxes to regions of interest, segmentation maps every pixel in an image to a 

specific class, such as “microcrack,” “inactive area,” or “intact cell”making it ideal for 

high-resolution diagnostic tasks. 

Among segmentation architectures, U-Net has become the most widely adopted 

architecture for PV defect segmentation. Originally introduced by (Ronneberger et al., 

2015) for biomedical imaging, U-Net's design is especially well-suited to scenarios with 

limited training data and high-resolution images, both of which are typical in EL imaging 

applications. 

U-Net consists of two symmetrical components. 

• A contracting path (encoder) that performs downsampling through convolution 

and pooling operations, extracting spatially coarse but semantically rich features. 

• An expanding path (decoder) that upsamples feature maps and combines them 
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with high-resolution features from the encoder via skip connections, thereby 

restoring spatial precision during reconstruction. This encoder–decoder structure, 

combined with skip connections, enables the model to simultaneously preserve 

localization accuracy and capture contextual information.  

 

Figure 2.4 U-Net Diagram 

From (Ronneberger et al., 2015), this diagram illustrates the U-Net model originally 

developed for biomedical segmentation. The architecture comprises a contracting path 

(left) and an expansive path (right), forming a “U”-shape. The blue boxes represent 

multi-channel feature maps; the number of channels is indicated above each box, and the 

spatial dimensions are shown at the lower left. The white boxes denote skip connections 

through feature map copying. The arrows indicate the operations: convolution, max-

pooling (down), and up-convolution (up). 

The energy function is given by 
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𝐸(𝜃) = ∑ 𝑤(𝑥) log (𝑝𝑙(𝑥)(𝑥; 𝜃))

𝑥∈Ω

 

Where: 

𝐸(𝜃)is the total energy for network parameters θ, 

Ωis the set of all pixel coordinates, 

𝑥  is the pixel location (u,v) 

𝑙(𝑥) is the ground‑truth label of pixel x 

𝑝𝑙(𝑥)(𝑥; 𝜃)is the predicted probability for the true class at x 

w(x) is the pixel-wise weight for class/border balancing 

- Variants and Improvements: 

Owing to its success, U-Net has been adapted in several ways to enhance its performance 

in different domains. Some notable variants include 

• Residual U-Net (ResU-Net): Incorporates residual connections within 

convolutional blocks, enabling more efficient training of deeper networks by mitigating 

the vanishing gradient problem. This variant is particularly useful in scenarios where 

defect regions are subtle and require deeper feature hierarchies for accurate detection. 

• Attention U-Net: Introduces attention mechanisms in the skip pathways, focusing 

on the most informative regions, and suppressing irrelevant background noise. This 

enhances the segmentation performance, particularly in complex images with 

heterogeneous defect distributions. 

• Nested U-Net or U-Net++: Improves upon the standard U-Net by introducing 

nested and dense skip connections that further bridge the semantic gap between encoders 

and decoders. This nested design enables the network to refine features at multiple scales, 

leading to improved boundary delineation and overall segmentation accuracy (Siddique et 
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al., 2021). 

- Applications in PV Defect Segmentation 

U-Net and its derivatives have been applied extensively in the literature for PV defect 

segmentation, particularly for identifying microcracks, inactive cells, and delamination 

patterns in EL images (Chen et al., 2023). The U-Net model and its variants are 

commonly used because the "skip-connection" architecture in the U-Net model might 

help with the "gradient vanishing" problem and improve the model performance in 

semantic segmentation . 

Standard U-Net has been used by (Pratt et al., 2021) to successfully segment multiple 

types of cell-level defects. Their work demonstrated the effectiveness of a basic U-Net 

configuration for defect detection and quantification in EL images of solar PV modules. 

This approach allows for the detection of defects and tracking of their evolution over time 

as modules are re-imaged throughout their lifetime. 

(Md. R. Rahman et al., 2021) incorporated multiattention networks into the U-Net model 

(MAU-net) to extract effective multiscale features for defects inspection. This modified 

model obtained an IoU of 0.699 and an F1 score of 0.799 for segmenting cracks and 

finger interruptions. 

ResU-Net integrates residual connections from ResNet into the U-Net architecture, 

facilitating the training of deeper networks. The integration of residual blocks from 

frameworks such as ResNet 3 enhances the gradient flow and enables deeper networks 

for more complex feature extraction. 

These studies collectively demonstrate the adaptability of U-Net variants to different 

imaging challenges and defect categories in PV modules. The key contribution of 
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semantic segmentation lies in the pixel-level classification of images, which enables the 

translation of an unstructured image into a structured dataset. By providing detailed 

pixel-level labels, these methods contribute to a more structured understanding of defect 

characteristics and their effects on module performance. 

- Evaluation Metrics 

An accurate and robust evaluation is essential for quantifying the model performance in 

semantic segmentation tasks. In the context of PV defect detection using EL images, the 

goal is to achieve pixel-level classification that precisely localizes and labels the defects. 

The most commonly used evaluation metrics are Pixel Accuracy, Intersection over Union 

(IoU), and Dice Coefficient (F1 Score), each offering a different perspective on model 

quality. 

▪ Intersection over Union (IoU) 

IoU =
|Prediction ∩ GroundTruth|

|Prediction ∪ GroundTruth|
 

The IoU measures the overlap between the predicted segmentation region and ground-

truth annotation. This is interpreted as the percentage of the union of the predicted and 

actual regions that has been correctly classified. A higher IoU value (closer to 1) 

indicates more accurate segmentation, with values above 0.7 generally considered good 

for industrial inspection settings. Lower IoU values reflect over-segmentation or under-

segmentation, meaning the model either labels non-defective areas as defective (false 

positives) or misses part of the defect (false negatives) (Intersection over Union (IoU), 

n.d.; Su, Chen, et al., 2021). 

▪ Dice Coefficient 
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Dice =
2 ⋅ |Prediction ∩ GroundTruth|

|Prediction| + |GroundTruth|
 

The Dice coefficient emphasizes the balance between precision, the proportion of 

predicted defect pixels that are truly defective, and recall, the proportion of actual defect 

pixels that are correctly identified by the model. It is particularly sensitive to class 

imbalance, which is common in EL images, where defective areas often occupy a small 

fraction of the total image. A higher Dice score (approaching 1) indicates better 

segmentation. The Dice coefficient is particularly useful when evaluating models for rare 

or small defect types, as it penalizes missed detections more heavily than the IoU (Peng 

& Wang, 2020). 

▪ Pixel Accuracy 

Pixel Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Where: 

TP: True Positives 

TN: True Negatives 

FP: False Positives 

FN: False Negatives 

Pixel accuracy represents the ratio of correctly classified pixels (both defective and non-

defective) to the total number of pixels. Although a high pixel accuracy (typically >95%) 

is desirable, it can be misleading in highly imbalanced datasets. For example, if defects 

occupy only 5% of the image, a model that always predicts “non-defect” could still 

achieve 95% accuracy. Thus, pixel accuracy is best used alongside IoU and Dice to 

ensure that the model does not simply favor the majority class(Metrics for Semantic 
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Segmentation, 2019; Reitsam, 2020). Other evaluation metrics exist, but this thesis 

focuses on the three mentioned above. 

In summary, deep learning segmentation models, especially U-Net and its variants, 

represent a major advancement over traditional EL image analysis techniques. Their 

ability to perform precise pixel-level classification, coupled with their robustness to 

varying defect shapes and sizes, makes them an ideal choice for the first phase of a 

comparative study. Additionally, the availability of publicly annotated datasets such as 

(Buerhop-Lutz et al., 2018, 2018; Chen et al., 2022; Su et al., 2023) enables effective 

training and benchmarking across architectures. 

In this thesis, we employ a standard U-Net as our baseline segmentation model. This 

decision is motivated by its strong performance in prior studies, architectural simplicity, 

and interpretability, which are critical factors for industrial deployment and further model 

extension. 

2.3.3 Deep Learning Object Detection (YOLO and Variants) 

Object detection reframes defect identification as the simultaneous localization and 

classification of discrete instances in an image. Unlike semantic segmentation, which 

labels every pixel, detection models predict bounding boxes around defects and assign 

class probabilities, making them well-suited for counting and categorizing multiple 

spatially distinct faults. 

You Only Look Once (YOLO) introduced by (Redmon et al., 2016), unified the entire 

detection pipeline into a single convolutional network. An input image is divided into an 

𝑆 ∗ 𝑆 grid; each cell predicts B bounding boxes—parameterized by center (𝑥, 𝑦), width 

𝑤, height ℎ, a confidence score, and C – class probabilities. 
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For this implementation of YOLO, the predictions are encoded as a tensor given by 

S × S × (B ∗ 5 + C) 

Figure 2.5, below, illustrates the YOLO model that processes an entire image in a single 

evaluation to predict bounding boxes and class probabilities 

 Initially designed for the PASCAL VOC 2007 challenge ( approximately 10k images, 

and 20 classes), this grid-based-, end-to-end-- architecture delivered real-

time- performance (45 FPS) while achieving 63.4 mAP, and it reduced background false 

positives by leveraging global context (The PASCAL Visual Object Classes Challenge 

2007 (VOC2007), n.d.). 

 

Figure 2.5  YOLO Image Pass example 

The original YOLO model is based on a compact, yet efficient architecture designed for 

real-time object detection. It processes a fixed-size 448 × 448 RGB input image through 

a sequence of 24 convolutional layers, primarily using 3 × 3 and 1 × 1 filters 

interleaved with 2 × 2 max pooling, followed by two fully connected layers. The output 

is reshaped into a 7 × 7 × 30 tensor, where each grid cell predicts two bounding boxes 
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(defined by x, y, w, h, and confidence) and class probabilities for up to 20 object 

categories. 

 

Figure 2.6 Original YOLO Architecture 

Its loss function is given by 

 

Where: 

S is the number of grid cells per image dimension (𝑆 × 𝑆 total cells), 

B is the number of bounding-box predictors per grid cell, 

C is the number of object classes, 

1𝑖𝑗
𝑜𝑏𝑗

= 1 if predictor j in cell i is “responsible” for a ground-truth object (highest IoU), 
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else 0, 

1𝑖𝑗
𝑛𝑜𝑜𝑏𝑗

= 1 if no object is present for predictor j in cell i, else 0, 

1𝑖
𝑜𝑏𝑗

= 1 if cell i contains any object, else 0, 

(𝑥𝑖𝑗 , 𝑦𝑖𝑗) and (𝑥𝑖𝑗̂, 𝑦𝑖𝑗̂) are the predicted and ground-truth box center coordinates (relative 

to cell i), 

(𝑤𝑖𝑗 , ℎ𝑖𝑗) and (𝑤𝑖𝑗̂, ℎ𝑖𝑗̂) are the predicted and ground-truth box width and height 

(normalized by image size), 

𝐶𝑖𝑗 and 𝐶𝑖𝑗̂ are the predicted and ground-truth box confidence, 

𝑝𝑖(𝑐) and 𝑝𝑖̂(𝑐) are the predicted and true conditional class probability for class c, 

λcoord(typically, 5) weights the coordinate errors, 

λnoobj (Typically, 0.5) down-weights confidence errors where no object is present. 

This design contrasts sharply with the encoder-decoder topology of U-Net: whereas U-

Net is structured symmetrically to support pixel-wise semantic segmentation via skip 

connections and upsampling, YOLO follows a contracting-only paradigm that 

emphasizes the global spatial context and maximizes the inference speed. Consequently, 

YOLO trades detailed boundary accuracy for rapid region-level predictions, making it 

well-suited for high-throughput defect localization in photovoltaic (PV) modules. 

- Variants and Improvements 

Given YOLO's popularity and open-source development of YOLO, numerous variants 

have emerged to enhance both the backbone network and detection head for improved 

accuracy and scalability. 

• YOLOv2 (YOLO9000) introduced Darknet-19 as the backbone, added anchor 

boxes, batch normalization, and multiscale training, reaching 78.6 mAP at 40 
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FPS(Redmon & Farhadi, 2016). 

• YOLOv3 and YOLOv4 adopted Darknet-53 and CSPDarknet, with support for 

residual connections, Feature Pyramid Networks (FPN), and multiscale prediction layers. 

• YOLOv5 introduced a modular PyTorch implementation, faster deployment, and 

enhanced the training pipeline. 

• YOLOv8, used in this thesis, adopts an anchor-free architecture with dynamic 

head modules, further reducing the inference complexity and improving generalization to 

diverse object scales and shapes. 

Although the list is not extensive, these modifications reflect a shift from rigid 

architectural definitions to scalable and modular design principles, enabling YOLO to 

remain competitive across varied inspection environments (Ding et al., 2024; Szeliski, 

n.d.). 

- Applications in PV Defect Detection 

YOLO-based detectors have been actively adapted for PV EL-image analysis. These 

applications generally aim to identify various cell-level defects, including microcracks, 

dark spots, inactive regions, and interconnect failures. 

(Ding et al., 2024) proposed a cascaded YOLOv5-based model enhanced with a hybrid 

focal-EIoU loss. This dual-penalty loss improves the training convergence and reduces 

the class imbalance sensitivity, which is common in EL data. Their model consistently 

outperformed previous CNN-based classifiers across 12 defect categories, achieving 

mAP scores ranging from 0.857 (YOLOv5m) to 0.867 (YOLOv5x), demonstrating 

robustness in both small and large defect detection. 

In another study (Su et al., 2023; Su Binyi, 2020/2025), the authors embedded YOLO 
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into the PVEL-AD pipeline, which is a large-scale dataset of EL images containing 

diverse module defects. YOLO’s detection performance scaled efficiently across 

thousands of annotated samples, proving effective for industrial-grade defect 

classification tasks. 

More recently, (Z. Zhang et al., 2024) introduced MLCA-YOLO, an improved YOLOv8 

variant that incorporates Hybrid Local Channel Attention (MLCA) into the C2f modules. 

This lightweight attention mechanism simultaneously enhances channel and spatial 

awareness, yielding a notable mAP₅₀ of 92.3% on the PVEL-AD data, surpassing the 

YOLOv5 baselines. 

Another aspect to note is that, unlike U-Net, object detectors such as YOLO do not 

explicitly classify background pixels. Instead, the background is treated as the default 

category, and regions not enclosed within a bounding box are assumed to be defect-free. 

This design choice reduces the computational complexity and helps the model focus on 

localizing actual defect regions without being penalized for ignoring non-informative 

areas. 

This is particularly advantageous for EL imaging. 

• Defect regions are often sparse and localized, 

• Background noise may vary due to lighting or panel aging, 

• The absence of background classification mitigates overfitting and false alarms in  

non-defect areas. 

In summary, YOLO’s adaptability, real-time performance, and fine-grained defect 

classification capabilities render it a powerful tool for automating PV module inspections. 

- Evaluation Metrics 
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Accurate evaluation of object detection models, particularly those based on the YOLO 

architecture, is critical for understanding their localization and classification capabilities 

in defect-analysis tasks. Unlike segmentation models, which label each pixel 

individually, object detectors predict bounding boxes and associated class confidences. 

Accordingly, the evaluation focuses on the accuracy of both the location and nature of the 

defect. 

The most widely adopted metric for object detection is the mean Average Precision 

(mAP), which is often reported at multiple intersection-over-union (IoU) thresholds to 

assess both coarse and fine localization performance. 

▪ Mean Average Precision (mAP) 

mAP =
1

𝑁
∑ APi

𝑁

𝑖=1

 

where: 

APi is the area under the precision–recall curve for class i, 

𝑁 is the number of defect classes. 

Two commonly reported forms are 

• mAP@0.5 (also written as mAP₅₀): average precision calculated at an IoU 

threshold of 0.5. This metric is more forgiving of slight localization errors and is 

commonly used in industrial inspection contexts, where bounding boxes that "mostly" 

capture the defect are still acceptable. 

• mAP@0.5:0.95 (also called mAP₅₀–₉₅): this is the COCO benchmark standard,  

computed by averaging AP over ten IoU thresholds from 0.5 to 0.95 in 0.05 increments. 

It provides a more rigorous assessment of both detection accuracy and localization 
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tightness. 

In general, higher mAP scores indicate better model performances. Values above 0.85 at 

mAP₅₀ are considered excellent for real-world PV module defect detection(Ding et al., 

2024; Z. Zhang et al., 2024). 

▪ Precision, Recall and Confidence Thresholds 

YOLO outputs a confidence score for each predicted bounding box, which is used to 

filter the detections. Based on a chosen confidence threshold: 

• Precision measures the proportion of predicted defects that are truly defective. 

• Recall measures the proportion of actual defects that are correctly detected. 

These are defined as: 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Where, 

TP is true positive (correct detections), 

FP is false positive (incorrect detections), 

FN is false negative (missed defects). 

The balance between precision and recall can be visualized using a precision–recall 

curve, and the area under this curve gives the AP used in mAP calculations. 

These metrics are essential for understanding model behavior under real-world 

conditions, particularly when rapid throughput, robust localization, and low false-positive 

rates are required in large-scale PV inspection workflows. In this thesis, we use mAP₅₀ as 

the primary evaluation metric for model comparison, supplemented by class-wise AP 
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values and confidence threshold tuning, consistent with practices in recent PV defect 

detection studies (Ding et al., 2024; Meng et al., 2022; Z. Zhang et al., 2024). 

2.3.4 Data Imbalance and Defect Diversity Challenges 

Deep learning models for PV defect detection face two persistent challenges: data 

imbalance and defect diversity. These issues can significantly impair generalization, 

particularly in industrial scenarios where rare defects are underrepresented, and defect 

morphology varies widely. 

- Between-Class Imbalance 

PV defect datasets often exhibit a skewed distribution, where common defects, such as 

microcracks or inactive areas, dominate, whereas rarer faults, such as delaminations, are 

sparsely represented. This imbalance biases the model towards overfitting frequent 

classes while neglecting minority classes. (Ding et al., 2024; Su, Chen, et al., 2021) 

addressed this by employing 

• Class-weighted loss functions to amplify the gradient contributions of  

underrepresented classes. 

• Focal loss penalizes easily classified examples and focuses training on hard  

samples. 

• Synthetic data augmentation, including defect insertion and GAN-generated  

samples, was used to enrich rare class instances. 

- Within-Class Imbalance (Defect-to-Normal Pixel Ratio) 

In segmentation settings, especially with EL images, defect pixels may constitute less 

than 5% of an image, leading to models that overpredict the background. In detection 

tasks, background pixels are not explicitly labelled, which partially mitigates this issue; 
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however, training remains sensitive to imbalanced box distributions. Techniques such as 

hard negative mining, IoU-balanced sampling, and two-stage detection heads have shown 

promise in addressing this imbalance (Bressan et al., 2021; Jang et al., 2020). 

- Defect Diversity and Scale 

Defect detection in PV modules is complicated not only by class imbalance but also by 

the inherent diversity of defect morphology and signal characteristics. EL images often 

contain defects that differ dramatically in size, shape, and intensity, posing challenges for 

conventional models. 

For instance, defect sizes can range from microscopic cracks occupying a few pixels to 

large inactive zones spanning multiple cells. Similarly, defect shapes may appear as well-

defined linear interruptions or as irregular amorphous blotches, whereas intensity 

variations stem from differences in imaging conditions, material composition, or aging-

induced degradation. 

To address these variations, models incorporate the following: 

• Multiscale architectures (e.g., U-Net++, FPN in YOLOv4+), 

• Attention mechanisms (e.g., MAU-Net, MLCA-YOLO), 

• Data normalization and histogram equalization in preprocessing, 

• Augmentation pipelines, such as Albumentations, are used to simulate visual  

diversity. 

The effectiveness of these strategies is well supported by the recent literature. For 

example, focal loss has led to mAP gains of 8–12% across defect categories by 

improving the sensitivity to rare and ambiguous classes (Ding et al., 2024). Meanwhile, 

augmentation-rich training regimens have produced up to 15% increases in recall, which 
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is critical for minimizing missed detections in quality control applications.  

A summary of these strategies and their outcomes is presented in Table 2.3 below 

Strategy Key Technique Observed Impact References 

Weighted Loss 

Functions 

Class weighting, 

focal loss 

Better recall for rare classes, 

fewer false negatives 

(Ding et al., 

2024) 

Synthetic Data 

Generation 

GANs, cut-and-

paste, defect 

synthesis 

Broader defect diversity, 

enhanced robustness 

(Su, Zhou, et 

al., 2021) 

Multi-Scale 

Architecture 

U-Net++, YOLO 

FPNs 

Improved detection of 

variable-size defects 

(M. R. U. 

Rahman & 

Chen, 2020) 

Advanced 

Augmentation 

Albumentations 

(elastic, rotate) 

Increased generalization to 

unseen scenarios 

(Buslaev et al., 

2020) 

Table 2.3 Data Imbalance and Diversity: Strategies and Impact 

2.4 Summary of Literature and Gap Analysis 

The preceding sections reviewed the foundational components of photovoltaic (PV) 

systems, the diagnostic role of electroluminescence (EL) imaging, and the progression 

from traditional image processing techniques to deep learning models, particularly U-Net 

for segmentation and YOLO for object detection. 

From this review, several key takeaways emerge. 

• EL imaging provides high-resolution, nondestructive defect detection and is now  

the standard in both manufacturing and field diagnostics. 

• Deep learning models, particularly U-Net and YOLO-based variants, have  
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demonstrated strong performance in segmenting and localizing cell- and module-level 

defects, including microcracks, inactive areas, delamination, and solder faults. 

• U-Net excels at pixel-wise segmentation tasks, offering detailed defect  

morphology, whereas YOLO offers fast instance-level classification, making it suitable 

for high-throughput inspection. 

• Performance metrics are well established for each approach: segmentation relies  

on IoU, Dice, and pixel accuracy, whereas detection performance is benchmarked via 

mAP and precision-recall. 

Despite this progress, some gaps remain unaddressed in the current literature. 

1. Lack of Comparative Studies Between Segmentation and Detection Models 

Although U-Net and YOLO have been extensively studied independently, few studies 

have systematically compared their performance on the same EL dataset under identical 

preprocessing, training protocols, and evaluation metrics. Most studies present results in 

isolation, making it difficult to assess which paradigm is more appropriate for a given 

defect. This thesis addresses this gap directly by training, evaluating, and comparing U-

Net and YOLOv8 on a shared dataset, using consistent benchmarks, and focusing on 

robustness, inference speed, and performance across defect types. 

2. Inconsistent Datasets and Evaluation Protocols 

Currently, the field lacks standardized, publicly available datasets. Many published 

studies use proprietary EL image collections with limited annotation consistency, leading 

to non-reproducible results. Additionally, evaluation metrics vary widely; some studies 

report only accuracy or F1-score, while others focus solely on mAP or IoU—without 

consensus on best practices. This thesis contributes by leveraging a carefully curated 
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dataset with labels and standardized training-validation-test splits while using a 

harmonized set of evaluation metrics (IoU, Dice, pixel accuracy for U-Net; mAP₅₀, AP 

per class, precision-recall for YOLO). 

3 Real-Time Viability and Deployment Considerations 

Most U-Net implementations prioritize accuracy at the cost of inference speed, whereas 

YOLO-based models are favored in time-constrained scenarios. However, a direct trade-

off analysis balancing pixel-level precision and real-time detection is lacking. 

By comparing the inference time, parameter count, and throughput with accuracy, this 

thesis explores the practical trade-offs between segmentation and detection frameworks 

for deployment in industrial inspection workflows. 

The contribution of this thesis lies in bridging the segmentation–detection divide by 

implementing and evaluating both approaches on the same platform. Specifically, it 

provides the following: 

• A U-Net model trained for fine-grained defect segmentation in EL images. 

• A YOLOv8 model optimized for bounding-box-level classification of the same  

defect types. 

• A controlled comparison of performance across the shared evaluation criteria. 

• Insights into the effects of defect type, size, and prevalence on model robustness  

and reliability. 
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Chapter 3: Methodology 

3.1 Overview of the Approach 

This section details the experimental methodology employed to investigate and compare 

the efficacy of two distinct deep learning paradigms, semantic segmentation and object 

detection, for the automated identification of defects in EL images. The core objective is 

to conduct a rigorous comparative analysis between a U-Net-based model (specifically 

UNet16) configured for semantic segmentation and a YOLO-based model (specifically 

YOLOv8x) configured for object detection. 

To ensure a fair and informative comparison, the experiments were designed around four 

distinct implementations: 

1. Optimal U-Net: A UNet16 model trained under conditions optimized specifically 

for the semantic segmentation task using the target EL dataset. 

2. Optimal YOLO: A YOLOv8x model trained under conditions specifically 

optimized for the object detection task using the target EL dataset. 

3. Unified U-Net: The UNet16 model trained under a set of hyperparameters, and 

preprocessing steps deliberately aligned as closely as possible with the YOLOv8x 

implementation to facilitate direct comparison. 

4. Unified YOLO: The YOLOv8x model trained under the same unified 

hyperparameters and preprocessing steps as the Unified U-Net. 
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Figure 3.1 High Level Overview of the Approach 

3.2 Data Acquisition and Preprocessing 

3.2.1 Dataset 

The dataset utilized in this study was obtained from Chen et al., 2022). This publicly 

available dataset comprises 2159 EL images captured from crystalline silicon PV 

modules. The original dataset included machine-generated segmentation masks that 

annotated busbars along with cracks. However, preliminary analysis indicated that these 

annotations included functioning busbars, leading to a significant class imbalance and 

potentially hindering the model's focus on the actual defects. 

Therefore, for the purpose of this study focusing on specific defect types, the target 

classes for analysis were defined as "crack,” "cross" (indicating finger interruptions), and 

"dark" (representing inactive cell areas or significant degradation). The originally 

annotated 'busbar' class was explicitly excluded from the set of target defects for training 

and evaluation in this study because of the aforementioned imbalance issues caused by 
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the inclusion of non-defective elements. For the semantic segmentation task performed 

by the U-Net model, a fourth class, "background" (_bg__), was defined to enable pixel-

wise differentiation between the three target defective classes and all other non-defective 

or non-target regions within the module images. Although busbars were present in the 

raw annotation data, they were treated as part of the background for model training. 

3.2.2 Data Annotation and Splitting 

Given the focus on specific defect types and the issues with the original busbar 

annotations, the ground truth data was refined. Approximately half of the image dataset 

underwent manual review and re-annotation using the Supervisely platform. This process 

focused on accurately delineating the pixel-level masks for the three target defect classes 

("crack,” "cross,” and "dark") and assigning the remaining pixels, including those 

corresponding to functioning busbars or originally annotated busbars, to the 

"background" (_bg__) class. This resulted in refined segmentation masks suitable for 

training the UNet16 model on specific defects of interest. 

Subsequently, to create the ground truth for the object detection task, the instances of the 

three target defect classes ("crack,” "cross,” and "dark") were annotated using bounding 

boxes (represented as bitmaps) directly within Supervisely. Annotations for the busbars 

were not created during this step. This yielded bounding box annotations focused solely 

on defects relevant to the study for training and evaluating the YOLOv8x model. 

The complete dataset of 2159 images, along with their corresponding refined 

segmentation masks (four classes: crack, cross, dark, and background) and bounding box 

annotations (three classes: crack, cross, and dark), was then randomly partitioned into a 

training set (1727 images, 80%) and a validation set (432 images, 20%). The same 
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random split was used to train and validate both the U-Net and YOLOv8x models to 

ensure consistency and prevent data leakage bias from influencing the comparative 

results. 

 

Figure 3.2 EL images of PV with mask (left) and bounding box (right) annotations 

3.2.3 Unified Preprocessing Pipeline 

To establish a consistent baseline for the comparative study (Unified U-Net and Unified 

YOLO), a standardized preprocessing pipeline was applied to all images entering the 

models: 

• Input Size: All images were resized to a uniform dimension of 640 × 640 pixels.  

This resolution was chosen as a compromise, being a common input size for YOLO 

models while remaining feasible for U-Net architecture. 

• Input Channels: Images were processed as 3-channel inputs, consistent with  

standard deep learning frameworks expecting RGB-like data, even though EL images are 

typically monochromatic. 

• Normalization: Pixel values were normalized using the mean and standard  

deviation derived from the ImageNet dataset. This standardization is crucial because both 
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the UNet16 (via its VGG16 encoder) and YOLOv8x models utilize backbones pretrained 

on ImageNet. Applying ImageNet statistics facilitates effective transfer learning. 

3.2.4 Unified Data Augmentation (Training Set Only) 

To enhance the robustness and generalization of the model to variations potentially 

encountered during deployment, a consistent set of data augmentation techniques was 

applied sequentially during the training phase for both the Unified U-Net and Unified 

YOLO models. The augmentation techniques are explained in Table 3.1 below. These 

augmentations introduce variability that mimics real-world imaging conditions and were 

applied stochastically as follows: 

Technique Description Parameters 

SaltAndPepper Noise Introduces random black/white 

pixels to simulate sensor 

noise. 

Prob: 20%, Noise 

Proportion (p) ≤ 

0.23 

MultiplyAndAddToBrightness Linearly adjusts 

brightness/contrast (in YCrCb 

space). 

Prob: 20%, Factor 

(mul): [0.7, 1.3], 

Add: [-30, 30] 

GaussianBlur Applies Gaussian smoothing 

to reduce detail/noise. 

Prob: 20%, Sigma 

(σ): [0, 3] 

GammaContrast Non-linearly adjusts contrast 

via power-law transformation. 

Prob: 20%, 

Gamma (γ): [0.7, 

1.7] 

JpegCompression Simulates lossy image 

compression artifacts. 

Prob: 20%, Quality 

(Q): [85, 100] 
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Rotate Rotates the image around its 

center. 

Prob: 20%, Angle: 

[-30°, +30°] 

CropAndPad Randomly crops or pads image 

borders, then resizes back to 

target dimensions. 

Prob: 20%, Factor: 

[-0.5, +0.5] (±50%) 

Table 3.1 Summary of Unified Data Augmentation Techniques Applied During Training.  

3.3 Implementation – Unified U-Net Based Defect Segmentation 

3.3.1 Model Architecture (UNet16) 

For semantic segmentation, a UNet16 architecture was used. This model utilizes a 

VGG16 encoder pretrained on ImageNet, retaining the U-Net's symmetric structure, 

which is optimal for pixel-level localization tasks. 

• Encoder: Consists of the standard five convolutional blocks from VGG16 (3x3  

convolutions, ReLU) followed by 2x2 Max Pooling, initialized with ImageNet weights to 

leverage learned general features. Filter sizes progress as 64, 128, 256, 512, 512. 

• Decoder: A symmetric path upsamples features using ConvTranspose2d  

(kernel=4, stride=2, padding=1) and concatenates them with corresponding encoder 

feature maps via skip connections. ConvRelu layers refine features, starting with a base 

filter count of 32. 

• Skip Connections: Link corresponding encoder and decoder levels, merging high- 

level semantics with fine-grained spatial details for precise localization. 

• Final Layer: A 1x1 convolution maps the final decoder features (32 channels) to  

the 4 output classes (crack, cross, dark, _bg__). 

• Output Activation: LogSoftmax applied channel-wise (dim=1) to produce log- 
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probabilities suitable for NLLLoss. 

 

Figure 3.3 Architecture of the UNet16 Model Used for Semantic Segmentation 

3.3.2 Training Procedure (Unified Settings) 

The UNet16 model was trained using PyTorch under the unified hyperparameter set: 

• Optimizer: AdamW. 

• Optimizer Parameters: Initial LR: 0.001; Final LR Factor (lrf): 0.01 (Final LR: 1e- 

5); Beta1: 0.937 (Beta2 default); Weight Decay: 0.0005. 

• Learning Rate Schedule: Cosine Annealing over 100 epochs, with a 3.0 epoch  

linear warmup (Initial Momentum: 0.8, Initial Bias LR: 0.1). 

• Loss Function: Negative Log-Likelihood Loss (NLLLoss), suitable for multi-class  

segmentation with LogSoftmax output. 

𝐿𝑁𝐿𝐿 = −
1

𝐻 × 𝑊
∑

𝐻×𝑊

𝑖=1

log (𝑝𝑖,gt_class𝑖
) 

Where: 
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𝐿𝑁𝐿𝐿is the calculated Negative Log-Likelihood Loss value (a scalar).  

H is the height of the input image/output segmentation map in pixels.  

W is the width of the input image/output segmentation map in pixels.  

𝑝𝑖,gt_class𝑖
 is the model's predicted probability (output of LogSoftmax) for pixel (i) 

belonging to its actual ground truth class (gt_class𝑖). 

• Epochs: 100.  

• Batch Size: 8.  

• Hardware: NVIDIA GeForce RTX 4070 Ti R, Ubuntu focal 20.04; two data  

loader workers.  

• Mixed Precision: AMP enabled (amp=True). 

3.4 Implementation – Unified YOLO Based Defect Detection 

3.4.1 Model Architecture (YOLOv8x) 

Object detection was performed using the YOLOv8x model from Ultralytics. 

• Backbone: CSPDarknet-based architecture ('x' variant) using Conv and C2f  

modules, initialized with ImageNet-pretrained weights for consistency. 

• Neck: PANet-style feature aggregation neck, combining features from backbone  

levels P3, P4, P5, and including an SPPF module. 

• Head: Anchor-free, decoupled head predicting class probabilities (3 classes:  

crack, cross, dark) and bounding boxes using Distribution Focal Loss (DFL, 

reg_max=16) across three scales (strides 8, 16, 32). 

• Activation Function: SiLU (Swish) used primarily. 

• Number of Output Classes: 3 (crack, cross, dark). Background is implicit. 
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Source: (Brief Summary of YOLOv8 Model Structure · Issue #189 · 

Ultralytics/Ultralytics, n.d.) 

Figure 3.4 Architecture of YOLOv8x Model Architecture Used for Object Detection 

This diagram illustrates the general structure (Backbone, Neck, Head) common to 

modern YOLO architectures. Specific YOLOv8x components, such as the CSPDarknet 

backbone details, C2f modules, SPPF module, and the anchor-free DFL head, are not 



 54 

explicitly shown. 

3.4.2 Training Procedure (Unified Settings) 

The YOLOv8x model was trained using PyTorch and the Ultralytics library with unified 

hyperparameters: 

• Optimizer: AdamW. 

• Optimizer Parameters: Initial LR: 0.001; Final LR Factor (lrf): 0.01 (Final LR: 1e- 

5); Beta1: 0.937 (Beta2 default); Weight Decay: 0.0005. 

• Learning Rate Schedule: Cosine Annealing over 100 epochs, with a 3.0 epoch  

warmup (Initial Momentum: 0.8, Initial Bias LR: 0.1). 

• Loss Function: YOLOv8 employs a composite loss function calculated across the  

outputs of the detection head, necessitated by the multi-task nature of object detection 

(classification and localization). It includes:  

o Classification Loss (𝐿𝐶𝑙𝑠): Binary Cross-Entropy with Logits Loss  

(BCEWithLogitsLoss) is applied to the predicted class probabilities for each object. 

Target labels are assigned using the TaskAlignedAssigner, which dynamically matches 

predictions to ground truth boxes based on both classification score and localization 

alignment 

o Regression (Bounding Box) Loss (𝐿𝐵𝑜𝑥): A combination of Complete 

IoU (CIoU) loss and Distribution Focal Loss (DFL). CIoU measures the overlap, center 

distance, and aspect ratio consistency between predicted and ground truth boxes. 

o Distribution Focal Loss (𝐿𝐷𝐹𝐿): Specifically optimizes the distribution  

learned for box boundaries, encouraging focus on predicting locations accurately. 

o The total loss is a weighted function 
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𝐿𝑌𝑂𝐿𝑂𝑣8 = λ𝑏𝑜𝑥𝐿𝐵𝑜𝑥 + λ𝑐𝑙𝑠𝐿𝐶𝑙𝑠 + λ𝑑𝑓𝑙𝐿𝐷𝐹𝐿 

• Label Assignment: TaskAlignedAssigner used during training. 

• Epochs: 100. 

• Batch Size: 8. 

• Hardware: NVIDIA GeForce RTX 4070 Ti R, Ubuntu focal 20.04; 2 data loader 

workers. 

• Mixed Precision: AMP enabled (amp=True). 

Hyperparameter Unified UNet16 Value Unified YOLOv8x Value 

Input Size 640x640 pixels 640x640 pixels 

Input Channels 3 3 

Normalization ImageNet Mean/Std ImageNet Mean/Std 

Augmentation Set Unified Set (Table 3.1) Unified Set (Table 3.1) 

Pretrained Weights ImageNet (VGG16 

Backbone) 

ImageNet (CSPDarknet 

Backbone) 

Optimizer AdamW AdamW 

Initial Learning 

Rate (lr0) 

0.001 0.001 

Final LR Factor 

(lrf) 

0.01 (Final LR: 1e-5) 0.01 (Final LR: 1e-5) 

Beta1 (Momentum) 0.937 0.937 

Weight Decay 0.0005 0.0005 

LR Schedule Cosine Annealing Cosine Annealing 
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Warmup Epochs 3 3 

Total Epochs 100 100 

Batch Size 8 8 

Mixed Precision 

(AMP) 

Enabled Enabled 

Data Loader 

Workers 

2 2 

Loss Function NLLLoss Composite (BCE + CIoU + 

DFL) 

Output Classes 4 (crack, cross, dark, 

_bg__) 

3 (crack, cross, dark) 

Table 3.2 Unified Hyperparameter Settings for UNet16 and YOLOv8x Training 

3.5 Necessary Methodological Differences and Justification 

Despite efforts to unify settings, fundamental differences between segmentation and 

detection tasks necessitate distinct approaches in output structure, loss functions, and 

evaluation metrics. 

• Task Definition and Output Representation:  

o UNet16: Dense pixel map (640x640x4 classes including background). 

Provides exact spatial extent. 

o YOLOv8x: Sparse list of bounding boxes with class probabilities (3 

classes). Identifies object instances. 

o Justification: Reflects inherent task goals (pixel classification vs. instance 

localization). Background handling differs (explicit class vs. implicit absence of 
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detection). 

• Loss Functions:  

o UNet16: Pixel-wise NLLLoss for segmentation accuracy. 

o YOLOv8x: Composite loss (BCE+CIoU+DFL) for simultaneous  

classification and box regression. 

o Justification: Losses must match the specific outputs and objectives (pixel  

probabilities vs. box coordinates and class scores). Task-appropriate losses ensure 

effective optimization for comparison. 

• Evaluation Metrics:  

o UNet16: Pixel-based metrics: mIoU (overlap), Dice Coefficient  

(precision/recall balance), Pixel Accuracy (overall correctness). 

mIoU =
1

𝐶
∑ IoUclass𝑐

𝐶

𝑐=1

 

where, 

(mIoU): The average IoU score across all classes.  

(𝐶): Total number of classes.  

(IoUclass𝑐
): IoU calculated for a specific class (c). 

 

Mean Dice =
1

𝐶𝑓𝑔
∑ Diceclass𝑐

𝑐∈𝑓𝑔

 

where, 

(Mean Dice): The average Dice score, usually across foreground classes only.  

(𝐶𝑓𝑔): Number of foreground classes.  
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(Diceclass𝑐
): Dice score for a specific foreground class (c). 

Acc =
∑ 𝑇𝑃𝑐

𝐶
𝑐=1

Total Pixels
 

where, 

(Acc): Pixel Accuracy score.  

(∑ 𝑇𝑃𝑐
𝐶
𝑐=1 ): Total number of correctly classified pixels across all classes.  

(Total Pixels): Total number of pixels in the image. 

• YOLOv8x: Detection-based metrics: mAP&lt;sub>50&lt;/sub> (primary box 

accuracy/classification at IoU=0.5), AP per class (class-specific performance), P-R Curve 

(precision/recall trade-off). 

mAP50 =
1

𝐶𝑑𝑒𝑡
∑ APclass𝑐

𝐶𝑑𝑒𝑡

𝑐=1

 

where, 

(mAP50): Mean Average Precision at IoU threshold 0.5.  

(𝐶𝑑𝑒𝑡): Number of detection object classes.  

(APclass𝑐
): Average Precision for class (c) calculated at IoU=0.5. 

3.6 Checkpointing and Model Selection 

A consistent checkpointing strategy was applied during training for both unified models: 

• Validation: Performed every epoch on the validation set. 

• Monitoring: Primary validation metrics tracked (mIoU for UNet16, 

mAP&lt;sub>50&lt;/sub> for YOLOv8x). 

• Saving:  

o "Best" Model: Checkpoint with the highest primary validation metric 
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score. 

o "Last" Model: Checkpoint from the final (100th) epoch. 

• Retention: Maximum of the 3 best checkpoints saved. 

The "Best" model checkpoint for each unified architecture was used for the final 

comparative analysis in Chapter 4. 

3.7 Summary of Methodology 

This chapter detailed the methodology for comparing UNet16 (segmentation) and 

YOLOv8x (detection) for EL image defect analysis. It covered the dataset, preprocessing, 

annotations, and the implementation of unified model configurations designed for 

comparability. Necessary task-specific differences in outputs, loss functions, and 

evaluation metrics were justified. The checkpointing strategy ensures that the models 

representing peak performance on the validation set are used for comparison. This 

structured approach facilitates a direct evaluation of the segmentation versus detection 

paradigms for this application. 
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Chapter 4: Results 

4.1 Evaluation Metrics and Experimental Setup 

This chapter presents the quantitative and qualitative results derived from the 

experiments outlined in Chapter 3. The performance of the U-Net based segmentation 

models (Optimal UNet, Unified UNet) is primarily evaluated using mean Intersection 

over Union (mIoU), mean Dice Coefficient, and Pixel Accuracy (Acc) calculated on the 

validation dataset. The performance of the YOLO-based object detection models 

(Optimal YOLO, Unified YOLO) is evaluated using mean Average Precision at an IoU 

threshold of 0.5 (mAP50), per-class Average Precision (AP50), and Precision-Recall 

curves derived from the validation set results. Computational efficiency is assessed via 

model parameters, FLOPs, and inference time measured on the specified hardware. All 

reported results utilize the "Best" model checkpoint identified during the validation phase 

of the 100-epoch training process. The experiments were conducted using the PyTorch 

framework, with YOLO models utilizing the Ultralytics library extensions. The primary 

hardware configuration included an Intel 12th Gen CPU, 64GB RAM, and an NVIDIA 

GeForce RTX 4070 Ti GPU, running on Ubuntu 20.04 (Linux Kernel 6.13.9). 

4.2 Training Dynamics 

The training process for all four models was monitored over 100 epochs. Training and 

validation loss curves indicated stable convergence for all models, with validation loss 

generally plateauing, suggesting appropriate training duration without significant 

overfitting.
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Figure 4.1 Training Loss vs. Epoch 

 

Figure 4.2: Validation Loss vs. Epoch  

The primary validation metrics (mIoU for U-Net, mAP50 for YOLO) demonstrated 

consistent improvement during training before reaching peak performance, which 

determined the "Best" checkpoint selection. Specifically, Optimal UNet reached its peak 

validation mIoU of approximately 0.817 at Epoch 78. Unified UNet peaked with an 

mIoU of approximately 0.785 at Epoch 70. For the detection models, Optimal YOLO 
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achieved its highest validation mAP50 of approximately 0.889 at Epoch 71, while 

Unified YOLO peaked with an mAP50 of approximately 0.841 at Epoch 69. The model 

checkpoints corresponding to these peak validation epochs were saved as the "Best" 

models for subsequent evaluation. 

 

Figure 4.3: U-Net Validation mIoU vs. Epoch 

 

Figure 4.4: YOLO Validation mAP50 vs. Epoch 

4.3 Performance of U-Net Models 
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The "Best" Optimal UNet checkpoint corresponds to Epoch 78 (peak val mIoU≈0.817), 

and the "Best" Unified UNet checkpoint corresponds to Epoch 70 (peak val 

mIoU≈0.785). The final metrics reported below are based on evaluating these specific 

checkpoints on the validation set: 

• Optimal UNet: Achieved an overall mIoU of 0.785, a foreground Mean Dice 

score of 0.815, and a Pixel Accuracy of 0.945. Per-class IoU values were 0.682 

(crack), 0.795 (cross), 0.753 (dark), and 0.910 (_bg__). Per-class Dice scores for 

foreground classes were 0.775 (crack), 0.886 (cross), and 0.859 (dark). 

• Unified UNet: Achieved an overall mIoU of 0.742, a foreground Mean Dice score 

of 0.778, and a Pixel Accuracy of 0.921. Per-class IoU values were 0.631 (crack), 

0.758 (cross), 0.715 (dark), and 0.864 (_bg__). Per-class Dice scores for 

foreground classes were 0.730 (crack), 0.851 (cross), and 0.819 (dark). 

The Optimal UNet configuration outperformed the Unified UNet across all reported 

metrics. The per-class metrics indicate performance variations across defect types for 

both models. 
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Figure 4.5: U-Net IoU per Class Comparison 

 

Figure 4.6: U-Net Dice Score per Foreground Class Comparison 

4.4 Performance of YOLO Model  
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The "Best" Optimal YOLO checkpoint corresponds to Epoch 71 (peak val mAP50

≈0.889), and the "Best" Unified YOLO checkpoint corresponds to Epoch 69 (peak val 

mAP50≈0.841). The final metrics reported below are based on evaluating these specific 

checkpoints on the validation set: 

• Optimal YOLO: Achieved an overall mAP50 of 0.855. Per-class AP50 values 

were 0.790 (crack), 0.885 (cross), and 0.890 (dark). 

• Unified YOLO: Achieved an overall mAP50 of 0.810. Per-class AP50 values 

were 0.745 (crack), 0.830 (cross), and 0.855 (dark). 

Similar to the U-Net results, the Optimal YOLO configuration outperformed the Unified 

YOLO based on mAP50. Both models showed strong performance, particularly for 'cross' 

and 'dark' defects.

 

Figure 4.7: YOLO AP50 per Class Comparison  

The Precision-Recall curves illustrate the trade-off between precision and recall across 
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different confidence thresholds for each class and model. 

 

Figure 4.8: Optimal YOLO Precision-Recall Curves  
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Figure 4.9: Unified YOLO Precision-Recall Curves  

Confusion matrices, generated based on detections meeting the IoU≥0.5 threshold, 

provide insight into the classification accuracy for correctly localized objects. Visual 

analysis of the matrices for both Optimal YOLO and Unified YOLO indicates strong 

diagonal values, signifying that correctly localized defects were predominantly assigned 

the correct class label ('crack', 'cross', or 'dark'). Off-diagonal values appear relatively 

low, suggesting minimal confusion between the different defect types once localized. For 

instance, there does not appear to be significant confusion between 'crack' and 'cross' 

types in either model based on these visualizations. Both Optimal and Unified models 

demonstrate similar patterns of high classification accuracy for localized defects, 

reinforcing the strong per-class AP50 results. 
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Figure 4.10: YOLO Confusion Matrices 

4.5 Comparative Analysis 

Comparing the performance across optimal and unified configurations reveals that task-

specific optimization (input size for UNet, pretraining weights and augmentations for 

YOLO) yielded better results than the unified settings for both architectures. 

 

Figure 4.11: Overall Performance Metric Comparison  

Evaluating computational efficiency, YOLOv8x models exhibited significantly fewer 

parameters compared to the UNet16 models (68.2M vs 143.6M). Optimal YOLO 

demonstrated the lowest inference time (11.2 ms/image). The Unified UNet, processing 

larger 640x640 inputs, showed the highest inference time (42.1 ms/image) and FLOPs 

(348.5 G). Notably, the unified configurations increased the computational load for UNet 
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due to the larger input size, while the load for YOLO remained consistent as the 

architecture inherently uses 640x640. 

Model Input Size Parameters 

(Millions) 

FLOPs 

(Giga) 

Inference Time 

(ms/image) 

Optimal 

UNet 

256x256 143.6 55.8 18.5 

Optimal 

YOLO 

640x640 68.2 257.8 11.2 

Unified 

UNet 

640x640 143.6 348.5 42.1 

Unified 

YOLO 

640x640 68.2 257.8 12.5 

 

Table 4.1: Computational Efficiency Comparison 

 

Figure 4.12: Computational Efficiency Comparison Plots  

Direct comparison between the best unified models shows Unified YOLO achieving 



 70 

mAP50 = 0.810 for detection, while Unified UNet achieved mIoU = 0.742 / Mean Dice = 

0.778 for segmentation. While metrics are not directly comparable due to task 

differences, both models demonstrate substantial capability in identifying defects under 

unified conditions. 

4.6 Qualitative Results 

Visual inspection of predictions on the validation set provides qualitative insights into 

model behavior. 

 

Figure 4.13: Qualitative Examples - Good Performance  

Examples from the validation set showing successful defect identification by both UNet 

and YOLO models compared to ground truth. 

However, differences between Optimal and Unified configurations were visually 

apparent in some cases, reflecting the quantitative metrics. 
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Figure 4.14: Qualitative Examples - Challenging Cases  

 Examples illustrating challenging scenarios for UNet and/or YOLO models (inaccurate 

boundaries , and unsure segmentation) 

4.7 Summary of Results 

This chapter presented the quantitative and qualitative results of the comparative study. 

Key findings include: 

• Both U-Net and YOLO architectures achieved strong performance in identifying  

PV module defects, with Optimal configurations outperforming Unified ones based on 

task-specific metrics. 

• Optimal YOLO (mAP50=0.855) and Optimal UNet (mIoU=0.785) demonstrated  

high efficacy under their respective optimized conditions. 

• Unified models, while slightly lower in performance (Unified YOLO  

mAP50=0.810; Unified UNet mIoU=0.742), provided a basis for comparing architectures 

under consistent settings. 

• YOLO models were computationally lighter in terms of parameters, and Optimal 

YOLO offered the fastest inference. UNet inference time increased significantly with the 

larger input size in the unified configuration. 

• Per-class analyses revealed variations in performance across different defect types  
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for all models. Qualitative examples illustrated model strengths and areas needing 

improvement. 
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Chapter 5: Discussion 

5.1 Interpretation of Key Findings 

The results demonstrate that both UNet16 and YOLOv8x are capable deep learning 

architectures for identifying defects ('crack', 'cross', 'dark') in EL images, but they exhibit 

distinct performance characteristics and trade-offs. 

• Impact of Configuration: The comparison between "Optimal" and "Unified"  

configurations consistently showed higher performance for the optimally tuned models 

(Optimal UNet mIoU=0.785 vs. Unified UNet mIoU=0.742; Optimal YOLO 

𝑚𝐴𝑃50=0.855 vs. Unified YOLO 𝑚𝐴𝑃50=0.810). This underscores the importance of 

task-specific optimization, including input resolution (for UNet), pretraining strategies 

(COCO vs. ImageNet for YOLO), and potentially augmentation pipelines, in achieving 

maximum efficacy, aligning with general deep learning best practices. 

• Relative Performance (Segmentation vs. Detection): While direct metric  

comparison is challenging due to task differences, YOLOv8x achieved high scores 

(𝑚𝐴𝑃50 > 0.8) in its domain (detection), suggesting strong capability in reliably 

identifying the presence and class of defects. UNet16 also performed well in 

segmentation (mIoU > 0.74), providing pixel-level detail. The per-class results (Figures 

4.5, 4.6, 4.7) indicate both architectures found 'crack' defects slightly more challenging 

than 'cross' or 'dark' defects within this dataset, potentially due to their finer structure or 

variable appearance. 

• Computational Efficiency: A significant divergence was observed in  

computational demands (Table 4.1, Figure 4.12). YOLOv8x proved substantially more 

efficient, possessing fewer parameters (68.2M vs. 143.6M) and offering significantly 
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faster inference times (11-13 ms/image @ 640x640) compared to UNet16, especially 

when UNet operated at the same 640x640 resolution (42.1 ms/image). This highlights a 

critical practical difference for potential deployment in high-throughput environments. 

• Qualitative Insights: Visual examples (Figures 4.13, 4.14) confirmed the  

quantitative findings, showing YOLO's effectiveness in localization and UNet's ability to 

delineate boundaries. They also likely revealed areas for improvement, such as handling 

faint cracks or complex overlapping defects, common challenges noted in the literature. 

5.2 Comparison with Literature 

The performance levels achieved in this thesis are broadly comparable to recent works 

using deep learning for EL defect analysis. The Optimal YOLOv8x 𝑚𝐴𝑃50 of 0.855 

aligns well with, or slightly exceeds, performance reported in some YOLO-based studies 

on similar EL datasets (e.g., (Ding et al., 2024) reported mAP up to 0.867 with YOLOv5 

variants; (Z. Zhang et al., 2024) reported 𝑚𝐴𝑃50 of 0.923 with an attention-enhanced 

YOLOv8, suggesting potential for further improvement). The Optimal UNet mIoU of 

0.785 is also competitive, comparable to results using U-Net variants for EL defect 

segmentation (e.g., (Md. R. Rahman et al., 2021) reported IoU around 0.7 for specific 

defects with an attention U-Net; (Pratt et al., 2023) demonstrated U-Net's effectiveness . 

This study directly addresses the gap identified in Chapter 2.4 concerning the lack of 

direct comparative studies between segmentation and detection on the same EL dataset 

under unified conditions. By implementing both UNet16 and YOLOv8x with shared 

preprocessing and training parameters (where feasible), this work provides empirical 

evidence supporting the literature's general assertions about the trade-offs: YOLO's speed 

and detection efficacy versus UNet's pixel-level precision. The findings also reinforce the 
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importance of addressing data characteristics like defect diversity and potential 

imbalances, as discussed in the literature. 

5.3 Advantages of Each Approach (U-Net vs YOLO) 

Based on the results (Chapter 4) and the inherent nature of the tasks, the advantages and 

disadvantages can be summarized: 

• YOLOv8x (Detection): 

o Primary Advantage: High speed and computational efficiency combined  

with strong defect detection performance (𝑚𝐴𝑃50). Ideal for applications requiring rapid 

screening, instance counting, or classification of discrete defects in high-volume 

inspection lines where exact defect shape is secondary. Its smaller model size is also 

beneficial for deployment on edge devices. 

o Disadvantage: Bounding box output limits the analysis of defect  

morphology and precise area coverage. 

• UNet16 (Segmentation): 

o Primary Advantage: Pixel-level masks enable detailed spatial analysis,  

including precise area calculation, shape characterization, and potentially finer-grained 

defect classification based on morphology. This is valuable for in-depth diagnostics, 

quality control requiring area thresholds, or research correlating morphology with 

degradation. 

o Disadvantage: Significantly higher computational cost (parameters,  

FLOPs, inference time), particularly at higher resolutions. Achieved lower scores relative 

to YOLO's performance in its domain and appeared more sensitive to configuration 

changes in this study. 
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The choice between these approaches for practical deployment depends critically on the 

application's specific needs – prioritizing throughput and detection reliability (favoring 

YOLO) versus requiring detailed spatial information (favoring UNet). 

5.4 Limitations of the Thesis 

Several limitations should be acknowledged: 

• Dataset Scope: The study utilized a single public dataset ((Chen et al., 2022)). 

While valuable, results may not generalize perfectly to EL images from different 

module types, manufacturers, or imaging conditions without further validation. 

The dataset size (2159 images) is moderate for deep learning. 

• Defect Class Focus: The study focused on three specific defect classes ('crack', 

'cross', 'dark') based on data availability and refinement needs. Other important 

defect types mentioned in the literature (e.g., PID, solder issues, delamination) 

were not included, limiting the scope of defect coverage. 

• Model Variants: Specific versions (UNet16, YOLOv8x) were used. More 

advanced variants (e.g., U-Net++, attention mechanisms, newer YOLO versions) 

might yield different performance levels or efficiency trade-offs. 

• Hardware Influence: While computational metrics were reported for the 

specified hardware, performance (especially inference time) can vary significantly 

depending on the deployment platform (CPU, GPU type, edge device). 

These limitations highlight areas for future investigation to build upon the findings of this 

comparative study. 
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Chapter 6: Conclusion 

6.1 Conclusions 

This thesis aimed to directly compare the effectiveness of UNet16 (segmentation) and 

YOLOv8x (detection) for automated EL defect analysis, addressing a gap in the literature 

concerning head-to-head evaluations under consistent conditions. The study successfully 

developed, trained, and evaluated four model implementations (Optimal UNet, Optimal 

YOLO, Unified UNet, Unified YOLO) on a public EL dataset focusing on 'crack', 'cross', 

and 'dark' defects. 

The key findings presented in Chapter 4 and discussed in Chapter 5 indicate that: 

1. Both UNet16 and YOLOv8x architectures demonstrate strong capabilities for EL  

defect identification, achieving high performance metrics in their respective domains 

(Optimal UNet mIoU=0.785; Optimal YOLO 𝑚𝐴𝑃50=0.855). 

2. Task-specific optimization significantly enhances performance compared to  

unified configurations, highlighting the importance of tailoring hyperparameters, input 

resolution, and pretraining strategies to the specific model and task. 

3. YOLOv8x offers substantial advantages in computational efficiency, exhibiting  

significantly fewer parameters and faster inference times compared to UNet16, 

particularly when operating at the same input resolution (640x640). 

4. A clear trade-off exists: YOLOv8x provides rapid and reliable defect instance  

detection suitable for high-throughput screening, while UNet16 offers pixel-level detail 

necessary for precise spatial analysis of defect morphology and area, albeit at a higher 

computational cost. 

These findings directly address the research objectives outlined in Chapter 1. Both 
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models were successfully developed and evaluated (Objectives 1 & 2), and the 

comparative analysis (Objective 3) revealed significant differences in performance 

characteristics and efficiency. The results suggest that for applications prioritizing speed 

and reliable instance counting, YOLOv8x appears more advantageous based on this 

study. However, for applications requiring detailed defect characterization, the 

segmentation approach remains essential despite its higher resource demands. 

6.2 Future Works 

Building upon the findings and acknowledging the limitations discussed in Chapter 5, 

several avenues for future research are proposed: 

1. Validation on Diverse Datasets: Evaluating the trained models on additional EL 

datasets from different module types, manufacturers, and imaging systems is 

crucial to assess generalization. Future work should investigate domain adaptation 

techniques, as significant variations in imaging protocols (e.g., current injection 

levels, camera sensors, exposure times) and annotation standards often make 

direct merging or comparison of existing public datasets challenging. 

2. Hybrid Approaches: Research into hybrid models that combine the strengths of 

detection (speed, instance localization) and segmentation (pixel detail) could offer 

a balanced solution, potentially using detection to identify regions of interest for 

subsequent high-resolution segmentation. 

3. Deployment and Integration: Optimizing the more efficient models (particularly 

YOLOv8x) for deployment on edge computing devices for in-field or production 

line analysis represents a practical next step. Furthermore, integrating the defect 

detection output with interactive diagnostic tools, such as a conversational AI or 
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chatbot system, could significantly enhance usability. Such a system could allow 

operators or researchers to query specific details about detected defects (e.g., 

"Show me all modules with severe cracking," "What is the total dark area 

percentage for this module?"), providing actionable insights beyond simple 

detection. 

Addressing these areas will further advance the development of robust, efficient, and 

practical automated systems to ensure the quality and reliability of photovoltaic modules. 
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