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Abstract

The growing global reliance on solar photovoltaic (PV) systems requires robust, automated
inspection techniques to ensure reliability and efficiency. Thermal infrared (IR) imaging is
widely used for detecting PV faults; however, accurate classification remains challenging
due to severe class imbalance, low thermal contrast, and high inter-class visual similarity
among fault types. This study proposes a hierarchical deep learning framework for thermal
PV fault classification, integrating a multi-class dataset-balancing strategy to enhance
representational efficiency. The proposed framework consists of two major components:
(i) a hierarchical two-stage classification scheme that mitigates data imbalance and leverages
limited labeled data for improved fault discrimination; and (ii) a contrast-preserving MixUp
augmentation technique designed explicitly for low-contrast thermal imagery, improving
minority fault class recognition and overall robustness. Comprehensive experiments were
conducted on benchmark 8-class thermal PV datasets using nine deep network architectures.
Dataset refactoring decisions are validated through quantitative inter-class distance analysis
using multiple complementary metrics. Results demonstrate that the proposed hierarchical
SlantNet model achieves the best trade-off between accuracy and computational efficiency,
achieving an F1-Efficiency Index of 337.6 and processing 42,072 images per second on a
GPU, over twice the efficiency of conventional approaches. Comparatively, the Swin-T
Transformer attained the highest classification accuracy of 89.48% and F1 score of 80.50%,
while SlantNet achieved 86.15% accuracy and 73.03% F1 score with substantially higher
inference speed, highlighting its real-time potential. Ablation studies on augmentation
and regularization strategies confirm that the proposed techniques significantly improve
minority class detection without compromising overall performance, with detailed per-class
precision, recall, and F1 analysis. The proposed framework delivers a high-accuracy, low-
latency, and edge-deployable solution for automated PV inspection, facilitating seamless
integration into operational PV plants for real-time fault diagnosis.

Keywords: solar photovoltaic; thermal imaging; fault classification; class imbalance; data
augmentation; deep learning

1. Introduction

The rapid growth in global energy demand, driven by population growth, industrial-
ization, and technological advancement, has intensified pressure on conventional energy
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resources [1,2]. The U.S. Energy Information Administration (EIA) projects that global
electricity generation will increase by 30-76% by 2050 relative to 2022, underscoring the
urgent need for scalable, sustainable alternatives [3,4]. Among renewable energy sources,
solar photovoltaic (PV) power has emerged as a key clean energy technology, accounting
for approximately 3.6% of global electricity and playing an increasingly central role in the
energy mix alongside wind power. Over the past three decades, a 99% reduction in PV
manufacturing costs has enabled massive deployment, making solar a cornerstone of the
clean energy transition [5].

Despite these advantages, PV systems face harsh outdoor conditions that can lead to
faults, degrade performance, lower energy output, and create safety hazards, including fire
risk. Field studies show that undetected PV faults can result in annual power losses of up
to 18.9%, underscoring the need for reliable monitoring and maintenance [6,7]. Common
PV faults include hotspots (temporary or permanent), cracked cells, partial or total shading,
short- and open-circuit conditions, activated bypass diodes, and soiling such as dust, bird
droppings, snail trails, and delamination. These faults can be broadly categorized as
electrical (e.g., open/short circuits), environmental (e.g., shading or soiling), and physical
(e.g., cracks or glass breakage) [1,8], as illustrated by Figure 1.

Physical

PV Faults Environmental

Electrical

Figure 1. Classification of common PV module faults into three main categories: physical faults
(e.g., glass cracking, impact damage), environmental faults (e.g., soiling, dust, dirt accumulation),
and electrical faults (e.g., cell hotspots, burn marks). Example images from the PV Panel Defect
Dataset [9].

To sustain optimal energy yield and minimize costly downtime, efficient fault detection
and classification have become essential for large-scale PV plants [5,7]. Traditional PV fault
detection methods fall into two main categories: electrical and non-electrical techniques.
Electrical methods, such as voltage and current measurement (VCM), I-V curve analysis
(I-VCA), power loss analysis (PLA), and statistical signal processing (SSP), rely on electrical
parameters to identify faults in strings or modules [10-14]. While effective in controlled
settings, these approaches often cannot precisely localize faults within individual modules
and require physical access to the panels, making them impractical for large, remote
PV farms [15,16].

In contrast, non-electrical techniques, especially thermal infrared (IR) imaging, provide
a non-invasive, scalable alternative for PV inspection [17,18]. Thermal imaging allows the
detection of anomalies, such as hotspots, cracks, and bypass-diode activation, by visualizing
temperature differences across modules [19,20]. When used with unmanned aerial vehicles
(UAVs), thermal inspection becomes an effective tool for quick, large-scale monitoring of
PV systems. However, manual analysis of thermal images is labor-intensive and time-
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consuming, limiting their practicality for real-time, continuous monitoring of large-scale
PV installations.

Recent advances in deep learning have enabled automated thermal PV fault classi-
fication using models such as CNNSs, vision transformers (ViTs), SVMs, and fuzzy logic
systems [21-23]. These methods can automatically detect and categorize faults such as
hotspots, cracks, shading, and circuit issues using thermal patterns, thereby enhancing
safety, efficiency, and early fault detection. Convolutional neural networks with transfer
learning have achieved high accuracy on benchmark datasets [22,24], while lightweight
architectures such as MobileNetV3 [25], LIR-Net [26], and SlantNet [27] have demon-
strated competitive performance with reduced computational overhead, making them
suitable for edge deployment. The solAlr system introduced Mask R-CNN for instance
segmentation in large-scale PV farms [28], and cascading decision frameworks have been
proposed to address data imbalance in UAV-acquired thermal datasets [29]. Furthermore,
Oulefki et al. [8] developed an approach to detect anomalies in solar PV systems by com-
bining unsupervised sensing algorithms with 3D Augmented Reality, demonstrating the
promise of real-time, automated PV module maintenance using drones. However, these
approaches typically report overall accuracy metrics that can mask poor performance
on minority classes, and few explicitly address the multiclass imbalance problem that
characterizes real-world PV inspection scenarios [30,31].

Despite these advances, multiclass thermal PV fault classification faces three significant
challenges in real-world settings [32-34]:

1.  Severe class imbalance: In field inspection datasets, healthy modules often constitute
50% or more of the samples, while critical fault classes (e.g., hotspots, diode failures,
soiling) may represent fewer than 2% of the data. This imbalance biases deep learning
models toward the dominant healthy class, leading to poor recall for rare but safety-
critical faults and undermining the practical reliability of automated systems [35].

2. Low thermal contrast: Thermal images typically exhibit lower contrast than visible-
spectrum images, with fault signatures appearing as subtle temperature gradi-
ents rather than distinct visual patterns [18,36]. This makes it difficult for mod-
els to distinguish between healthy and faulty regions, especially under varying
environmental conditions.

3. High inter-class visual similarity: Many fault types produce nearly identical thermal
patterns (e.g., single-cell vs. multi-cell defects, offline modules vs. healthy ones under
certain conditions), leading to substantial confusion between classes even with suffi-
cient training data [22,24]. Standard classification methods, which assume balanced
class distributions and clear visual distinctions, often fail under these conditions.

Data augmentation is a promising method for addressing class imbalance by artifi-
cially increasing the number of underrepresented categories [37,38]. Although geometric
transformations (such as flipping, rotation, and scaling) are frequently used, they offer lim-
ited diversity for thermal images, where fault signatures rely more on intensity gradients
than spatial structure. MixUp [39] and its variants, such as CutMix [40], have achieved
strong results in natural image classification by creating convex combinations of training
samples. However, directly applying MixUp to low-contrast thermal data poses challenges:
the linear interpolation in standard MixUp tends to lower image contrast, further diminish-
ing the already subtle thermal signatures that differentiate fault categories from healthy
modules and from each other.

To address class imbalance, low thermal contrast, and high inter-class similarity in
thermal PV fault classification, this paper proposes a real-time hierarchical deep learning
framework that integrates a multi-class dataset-balancing strategy with the fast orthogonal
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Slant transform to enhance representational efficiency and support edge deployment in
large-scale PV plants. The framework has four main components:

1.  Hierarchical Two-Stage Classification: A fast, automatic, two-stage pipeline first
performs binary anomaly detection (healthy vs. defective) and then fine-grained
multiclass fault identification. By decoupling the dominant healthy class from the
multiclass classifier, this cascade reduces bias toward majority classes. It signifi-
cantly improves recall for minority faults (e.g., hotspots, diode failures, rare cracks)
while maintaining high precision. Early filtering of healthy modules also reduces
computational load in the second stage, enabling real-time inference.

2. Contrast-Preserving MixUp Augmentation: To improve minority-class recognition
on low-contrast thermal images, a contrast-preserving MixUp technique is introduced.
Unlike standard MixUp, which suppresses subtle thermal gradients through linear
blending, the proposed method includes a contrast optimization step that restores lost
intensity variations. This ensures synthetic samples retain diagnostic, meaningful ther-
mal patterns, enhancing model robustness without introducing unrealistic artifacts.

3. Dataset Refactoring and Preprocessing: A systematic analysis of class structures in
thermal PV datasets identifies visually ambiguous and semantically overlapping cate-
gories (e.g., similar hotspot patterns or indistinguishable partial shading vs. soiling).
Quantitative inter-class distance analysis using multiple complementary metrics
(SSIM, Fréchet distance, HOG, LBP) provides objective evidence for merging deci-
sions. A principled category merging scheme is applied to reduce inter-class confusion
while preserving diagnostically relevant distinctions. This process yields a cleaner,
more balanced dataset that improves classifier convergence and generalization.

4. Comprehensive Benchmark Study: An extensive evaluation of an 8-class thermal
PV benchmark compares various lightweight architectures, including SlantNet, Mo-
bileNetV3, EfficientNetV2, and Swin Transformer. Detailed ablation studies examine
augmentation and regularization strategies, with per-class precision, recall, and F1
analysis to characterize model behavior under class imbalance.

The framework is evaluated on an 8-class thermal PV benchmark covering common
faults (hotspots, cracks, shading, soiling, short/open circuits, bypass diodes). Extensive
evaluations show that the proposed framework achieves a better balance between accuracy
and computational efficiency. The hierarchical SlantNet model reaches an F1-Efficiency
Index of 337.6 and processes 42,072 images per second on a GPU, more than twice the
efficiency of conventional approaches. Swin-T achieves the highest accuracy (89.48%)
and F1 score (80.50%), while SlantNet attains 86.15% accuracy and 73.03% F1 score with
much higher throughput, confirming its real-time potential. Ablation studies on aug-
mentation and regularization strategies, together with per-class precision, recall, and F1
analysis, verify that contrast-preserving MixUp and the hierarchical design significantly
boost minority-class recall without degrading overall performance. Overall, the framework
offers a high-accuracy, low-latency, edge-deployable solution for automated thermal PV
fault classification, enabling seamless integration into operational PV plants for real-time
UAV-based inspection and continuous monitoring.

The remainder of this paper is organized as follows. Section 2 reviews related
work on PV fault detection, thermal imaging diagnostics, data augmentation strategies,
and neural network architectures. Section 3 details the proposed dataset refactoring,
contrast-preserving augmentation, and hierarchical classification pipeline. Section 4 pro-
vides experimental results, benchmark comparisons, ablation studies, and discussions.
Section 5 concludes with a discussion of findings and future research directions.
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2. Background

Solar photovoltaic (PV) systems are increasingly critical in global renewable energy
generation. However, their performance and reliability are significantly affected by various
faults that can arise during operation. Accurate fault detection and diagnosis are therefore
essential for maintaining efficiency, safety, and longevity of PV modules [18,41]. This
section reviews the types of PV module faults, thermal imaging diagnostics, deep learning
approaches for fault classification, data augmentation strategies, and the neural network
architectures commonly employed in this domain.

2.1. Types of PV Module Faults

PV faults are generally categorized by their electrical, mechanical, or environmental
origins [42,43]. Table 1 summarizes common fault types, their causes, diagnostic impor-
tance, and typical occurrence rates reported in the literature.

Table 1. Summary of common PV module faults and their characteristics.

Fault Type Causes and Effects Diagnostic Priority Occurrence
Normal operation with uniform irradiance
No-Anomaly and electrical output. Serves as a baseline N/A N/A

for comparison.

Microcracks, broken interconnects, or cell
degradation cause reduced current and

Cell, Cell-Multi localized heating. Often a precursor High 5-15% [43]
to hotspots.
Mechanical stress, thermal cycling,

Cracking or transport damage leading to increased Medium 4-10% [42]

series resistance. Thermal patterns may
be subtle.

Hot-Spot, Hot-Spot-Multi

Reverse-biased cells, shading, or severe
mismatch causing concentrated heating. Very High 10-15% [18]
Safety risk, including fire hazard.

Shadowing

Partial shading from buildings, vegetation,
or adjacent rows causes electrical mismatch High 15-20% [44]
and potential hotspot formation.

Diode, Diode-Multi

Faulty bypass diodes or solder joints are
causing localized heating and reduced
string performance with pronounced
thermal signatures.

High 3-8% [36]

Plant overgrowth produces shading or

Vegetation trapping soiling and moisture. Generally Medium 10-25% [44]
preventable with maintenance.
Dust, pollen, bird droppings, or salt

Soiling deposits reduce irradiance and cause High 25-35% [45]

uneven heating. Most common
performance loss driver.

Offline-Module

Complete electrical disconnection or severe
module failure. Shows a uniform Very High Site-dependent [41]
temperature difference from the ambient.

Note: Occurrence rates are approximate ranges from field surveys and meta-analyses; actual frequencies depend
on climate, array age, and maintenance practices.
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2.2. Thermal Imaging for Fault Detection

Thermal infrared (IR) imaging has emerged as one of the most efficient diagnostic
techniques for PV systems due to its non-invasive nature, scalability via drone-mounted
cameras, and compatibility with automated deep learning methods [34,36]. Faults such
as hot-spots, diode failures, and shadowing create detectable thermal signatures that can
be captured remotely without electrical contact or system downtime [46]. Field surveys
indicate that soiling and shading are the most prevalent faults (25-35% and 15-20%, re-
spectively), while hot-spots and cell defects occur less frequently (10-15%) but pose greater
safety risks [43,47]. Despite significant progress, challenges persist in standardizing label-
ing conventions, ensuring environmental robustness under different irradiance conditions,
and defining universal temperature thresholds for hazard classification [34,35].

2.3. Deep Learning Approaches for PV Fault Classification

Deep learning has revolutionized fault detection and classification in PV systems,
with convolutional neural networks (CNNs) demonstrating remarkable proficiency in
image classification tasks [21-23]. Early approaches adapted pre-trained networks for
thermal image analysis, while more recent work has focused on architectures specifically
designed for the unique challenges of infrared imagery.

Alves et al. [22] employed CNNs with infrared thermography for multiclass defect
classification, demonstrating the importance of data augmentation to handle unbalanced
datasets. Cipriani et al. [48] specifically addressed dust and hotspot classification in PV
modules using CNNSs, achieving high accuracy in distinguishing between these common
fault types. Korkmaz and Acikgoz [24] proposed a multi-scale CNN with transfer learning,
using multiple convolutional branches to improve feature representation across various
fault types. Their approach employed offline augmentation techniques to address dataset
imbalance and achieved robust performance across fault categories, including cracks and
diode failures.

The solAlr system introduced by Pierdicca et al. [28] represents a significant advance-
ment, utilizing Mask R-CNN for instance segmentation on thermal images to detect and
localize anomalies in large-scale PV farms. This approach demonstrated high accuracy in
identifying and localizing faulty cells, establishing a benchmark for subsequent studies.
Similarly, Ahmed et al. [33] applied transfer learning with deep neural models for PV
panel classification using infrared thermographic images, while Bommes et al. [49] uti-
lized supervised contrastive learning to address domain shift challenges between different
PV installations.

Lightweight architectures have gained particular attention due to the need for real-time
deployment. Pamungkas et al. [50] introduced a coupled UDenseNet model leveraging
geometric transformations and GAN-based image augmentation to achieve high accuracy
suitable for large-scale solar farms. Lee et al. [26] developed LIR-Net, a lightweight in-
ception residual network incorporating hierarchical learning and K-means clustering to
refine datasets and improve fault detection. Tang et al. [25] proposed modifications to
MobileNet for UAV-based automatic defect identification, achieving faster inference and
higher recognition rates. Beyond thermal imaging, Gasparyan et al. [51] recently showed
that efficient, lightweight networks can classify faults in solar panels using electrolumi-
nescence (EL) and RGB images, emphasizing the potential of multimodal methods for
thorough PV diagnostics.

Recent work has also addressed multi-modal and aerial inspection approaches for
PV fault detection. Pinho et al. [52] proposed a multi-modal data fusion framework
for anomaly detection in aerial PV inspections, combining thermal and RGB imagery to
improve detection robustness. Qader and Albalooshi [53] introduced an attention-enhanced
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deep learning model for solar panel anomaly detection, demonstrating improved reliability
through attention mechanisms that focus on diagnostically relevant thermal features. These
advances highlight ongoing efforts to improve model robustness and interpretability in PV
fault classification.

2.4. Data Augmentation Strategies for Thermal Images

Data augmentation plays a crucial role in improving model robustness, particularly
when dealing with limited and imbalanced datasets common in PV fault detection [37,38].
Standard geometric transformations, including rotation, flipping, and scaling, have been
widely adopted to increase training data diversity [24,50]. However, these techniques alone
may be insufficient for the unique characteristics of thermal imagery.

MixUp [39] represents a paradigm shift in data augmentation by creating synthetic
training examples through linear interpolation of image pairs. While effective for natural
images, direct application to thermal data presents challenges: the blending process tends to
reduce contrast, suppressing the already subtle thermal signatures that distinguish fault cat-
egories. CutMix [40] addresses some limitations by cutting and pasting image patches, pre-
serving local features while increasing data diversity. Rand Augment [54] offers automated
augmentation policy selection, reducing the need for manual hyperparameter tuning.

Domain-specific augmentation strategies have emerged for thermal PV images. Con-
trast enhancement techniques guided by image quality measures have shown promise in
improving model performance on low-contrast thermal data [17,55]. The foundational work
on transform-based image enhancement with performance measures by Agaian et al. [56]
established a principled framework for optimizing enhancement parameters using quan-
titative metrics rather than subjective visual assessment. Building on these principles,
Ayunts et al. [57] introduced a novel entropy measure specifically designed for thermal
imaging, enabling uncertainty quantification and enhanced contrast in low-resolution
infrared data. These measure-driven approaches ensure that augmented samples retain the
thermal intensity variations essential for accurate fault classification.

2.5. Neural Network Architectures

We evaluate architecture spanning classical CNNSs, lightweight models, and vision
transformers. Classical architectures include AlexNet [58] and ResNet50 [59], which provide
strong baselines but are computationally intensive. Lightweight architectures designed
for mobile deployment include SqueezeNet [60], ShuffleNetV2 [61], MobileNetV3 [62],
and EfficientNetV2 [63], which achieve competitive accuracy with reduced computa-
tional overhead through techniques such as depthwise separable convolutions and neural
architecture search.

For transformer-based approaches, Vision Transformer (ViT) [64] treats images as
patch sequences but typically requires large datasets, while Swin Transformer [65] ad-
dresses this limitation through hierarchical shifted-window attention, achieving strong
performance with reasonable computational cost. Finally, SlantNet [27] is a domain-specific
lightweight architecture designed for thermal PV fault classification, incorporating slant
convolution layers to capture directional thermal gradients with approximately 60% re-
duced computational overhead compared to leading models [66].

3. Proposed Method
3.1. Dataset Refactoring

The initial dataset [32] comprises thermal infrared images of PV modules across
12 classes: No-Anomaly, Cell, Cell-Multi, Cracking, Hot-Spot, Hot-Spot-Multi, Shadowing,
Diode, Diode-Multi, Vegetation, Soiling, and Offline-Module. The dataset exhibits severe
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Class Distribution

imbalance with No-Anomaly comprising 50% of samples, biasing models toward the healthy
class and reducing recall for rare but critical faults. Additionally, some classes represent
semantically overlapping failure modes. After refactoring (Figure 2), the dataset is reduced
to 8 classes by removing Offline-Module and merging multi-type variants (Cell-Multi, Diode-
Multi, Hot-Spot-Multi) with their base classes.

Class Distribution

(N = 20,000) (N =19,173)
Class Count Percentage
No-Anomaly 10,000 50.0% Count Percentage
! 1877 94% : No-Anomaly 10,000 52.2%
1639 8.2%
Diode 1499 7.5%
Cell-Multi 1288 6.4% B 1674 8.7%
1056 5.3% 1639 8.5%
940 47% 1056 5.5%
827 4.1%
940 4.9%
249 1.2%
246 1.2% 495 2.6%
204 1.0% 204 1.1%
175 0.9%
(a) Original 12-class distribution (b) Refactored 8-class distribution

Figure 2. Class distribution before and after refactoring. (a) Original 12-class dataset with No-Anomaly
dominating at 50%. (b) Refactored 8-class dataset after removing Offline-Module and merging multi-
type variants.

Following dataset refactoring, we applied a stratified random split to partition the
data into training, validation, and test sets with an 80/10/10 ratio. The stratification
ensures that class proportions are preserved across all splits as closely as possible, given
the discrete sample counts. Since the public dataset [32] does not provide metadata such as
site identifiers, flight paths, or acquisition dates, site-aware or temporal splitting strategies
were not feasible. Table 2 reports the exact sample counts per class for each split.

Table 2. Sample counts per class after stratified 80/10/10 split. Totals: 15,337 training/1916 valida-
tion/1920 test.

Class Train Val Test Class Train Val Test
No-Anomaly 8000 1000 1000 Shadowing 844 106 106
Cell 2532 316 317 Cracking 752 94 94
Diode 1339 167 168 Hot-Spot 396 49 50
Vegetation 1311 164 164 Soiling 163 20 21

Thermal imaging plays a key role in identifying these anomalies, as temperature
gradients on the panel surface indicate electrical or physical faults invisible to standard
RGB inspection. However, due to the limited spectral and spatial contrast in thermal-
domain images, many fault categories exhibit only subtle temperature pattern variations,
which complicates model discrimination.

Figure 3 illustrates an example comparison between No-Anomaly and Offline-Module
samples. Despite belonging to distinct classes, their thermal signatures are visually indis-
tinguishable, particularly under varying background and ambient conditions. Because
of this similarity and the relatively small sample size (827 images), the Offline-Module
category was excluded from the refactored dataset to prevent confusion and improve
classifier convergence.

Furthermore, a detailed analysis of thermal patterns revealed substantial similarity
between several “single” and “multi” fault variants, such as Diode vs. Diode-Multi, Cell vs.
Cell-Multi, and Hot-Spot vs. Hot-Spot-Multi. As illustrated in Figure 4, these pairs share
nearly identical heat distribution and structural features, differing primarily in spatial
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extent rather than type. Given their low sample counts and high similarity, each multi-type
was merged with its corresponding base class (e.g., Diode + Diode-Multi) to reduce class
fragmentation and increase intra-class variability.

AELREE

(a) No-anomaly class

o

(b) Offline-module class

Figure 3. Comparison between No-Anomaly (a) and Offline-Module (b) thermal images. Visually, these
two classes show subtle differences in temperature distribution and texture, making them difficult to
distinguish through manual inspection alone.

To quantitatively validate the merging decisions, we computed inter-class distances
using five complementary similarity metrics spanning pixel-level, texture-level, and deep
feature representations. Table 3 summarizes the metrics employed in this analysis.

Table 3. Inter-class similarity metrics used for dataset refactoring analysis.

Metric Type Feature Level Captures Reference

SSIM 1 Similarity  Pixel Luminance, contrast, and structural patterns Wang et al. [67]
Fréchet | Distance  Deep (ResNet-18) Feature distribution difference (FID-like) Heusel et al. [68]
Cosine | Distance  Deep (ResNet-18) Angular separation in feature space -

HOG | Distance = Texture Histogram of edge orientations Dalal & Triggs [69]
LBP | Distance = Texture Local binary texture patterns Ojala et al. [70]

Table 4 presents the inter-class distances for the four merge candidates. Values in
parentheses indicate the percentile ranking, i.e., the percentage of all 66 class pairs with
larger (less similar) distances. Higher percentiles indicate stronger evidence for merging.

Table 4. Inter-class similarity analysis for merge candidates. Percentages indicate the fraction of all
class pairs with lower similarity (higher distance). 1: higher is more similar; |: lower is more similar.

Class Pair

SSIM 1 Fréchet | Cosine | HOG | LBP |

Cell <+ Cell-Multi
Diode <+ Diode-Multi
Hot-Spot <+ Hot-Spot-Multi

0.715 (65%) 554 (98%)  0.0019 (98%)  0.73(97%)  0.0011 (86%)
0.735 (91%) 8.09 (91%)  0.0029 (94%)  1.05(83%)  0.0009 (92%)
0726 (74%)  11.66 (66%)  0.0086 (52%) 229 (18%)  0.0018 (66%)

No-Anomaly <+ Offline-Module ~ 0.738 (92%) 1174 (65%)  0.0065 (66%)  0.97(92%)  0.0057 (29%)

The quantitative analysis reveals that Cell <+ Cell-Multi and Diode <+ Diode-Multi ex-
hibit consistently high similarity across all metrics (83-98% percentile), strongly supporting
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their merger. The Hot-Spot <+ Hot-Spot-Multi pair shows more moderate similarity, partic-
ularly in HOG distance (18% percentile), suggesting greater visual variability; however,
the semantic equivalence of these fault types justifies merging to increase sample diversity.
For No-Anomaly < Offline-Module, the high SSIM (92%) and HOG (92%) similarity confirms
that these classes are visually indistinguishable, supporting the removal of Offline-Module
to prevent classifier confusion.

Notably, the analysis also revealed that some semantically unrelated classes exhibit
unexpectedly high similarity. For instance, Cell <+ Vegetation achieves the highest cosine sim-
ilarity (0.0012) among all pairs, and Hot-Spot <+ No-Anomaly shows the highest SSIM (0.752).
Such cross-category similarities highlight the low thermal contrast inherent in this imaging
domain and underscore the classification challenge posed by subtle inter-class boundaries.

|| FR

(a) Diode anomalies (b) Diode-Multi anomalies
(c) Cell anomalies (d) Cell-Multi anomalies
(e) Hot-Spot anomalies (f) Hot-Spot-Multi anomalies

Figure 4. Comparison of single-type (left) and multi-type (right) solar panel anomalies: (a,b) Diode vs.
Diode-Multi, (c,d) Cell vs. Cell-Multi, and (e,f) Hot-Spot vs. Hot-Spot-Multi. The visual appearance of
these pairs is highly similar, with overlapping thermal intensity patterns and textures. Such similarity
suggests that, across many datasets, single- and multi-variant faults can be merged into unified fault
classes (e.g., Diode + Diode-Multi) to simplify classification and improve model robustness.

As reported in our recent work [27], these inter-class similarities were among the
main causes of low recall and misclassification in convolutional and transformer-based
models. By refactoring the dataset to remove redundant categories and merge overlapping
ones, we effectively reduced confusion during training and improved the discriminative
consistency of the thermal patterns. This restructuring step proved essential for achieving
more balanced and reliable classification performance across diverse PV fault types.
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3.2. Dataset Augmentation

After the dataset refactoring described in the previous subsection, several classes still
remained significantly underrepresented. In particular, Hof-Spot (495 images) and Soiling
(204 images) were vastly smaller compared to the dominant categories, such as No-Anomaly
(10,000 images) and Cell (3165 images). Such an imbalance not only skews the training
process but also decreases the classifier’s ability to generalize when identifying rare but
important anomalies. To address this issue, we are introducing a dataset augmentation
strategy based on a modified offline MixUp procedure.

Importantly, all augmentation operations are performed exclusively on the training
set after the train/validation/test split has been finalized. No validation or test images are
used in the MixUp procedure, and synthetic samples are generated solely from within-class
training pairs. This strict separation ensures that no data leakage occurs between splits,
preserving the integrity of the evaluation protocol.

MixUp is commonly used to increase data diversity by linearly interpolating pairs
of images. However, directly applying MixUp to low-contrast thermal images has an
undesirable side effect: the resulting blended images often exhibit reduced contrast, which
suppresses the already subtle signatures of PV anomalies. This is particularly detrimental
for defects such as Hot-Spot, Soiling, or Diode, where thermal intensity differences are small.
We empirically observed that classical MixUp produces overly smooth images where defect
regions become barely distinguishable. Therefore, a contrast-preserving augmentation
strategy is required.

Our proposed method extends offline MixUp by (1) restricting the mixing ratio to
a range that avoids excessive dilution of defect intensity, and (2) applying a contrast
optimization step that restores detail after mixing. This second step is the key innovation:
for each mixed image, we search for contrast stretching parameters that minimize the
difference between the contrast of the parents and the augmented output. Following
our earlier work [57], we use the standard deviation of pixel intensities as a contrast
measure and employ a simple metaheuristic search over stretching bounds to maximize
contrast preservation. This ensures that augmented samples remain visually plausible and
diagnostically informative.

The theoretical motivation for this approach stems from the observation that standard
MixUp with mixing ratio A produces blended images whose contrast decreases approx-
imately as /A% + (1 — A)? relative to the parent images, assuming uncorrelated pixel
intensities. For A = 0.5, this yields a contrast reduction of approximately 29%. In thermal
imagery where fault signatures already exhibit low contrast (typically 5-15% intensity vari-
ation above background), this additional reduction can push diagnostic features below the
perceptual threshold. Our contrast restoration step explicitly compensates for this degra-
dation by matching the output contrast to the maximum of the parent contrasts, thereby
preserving the thermal gradient information essential for fault detection. The choice of
standard deviation as the contrast metric is grounded in its direct relationship to the Root
Mean Square (RMS) contrast widely used in image quality assessment [71], while being
computationally efficient for real-time augmentation pipelines.

The final augmentation pipeline also incorporates random geometric flips to introduce
spatial variability. Class-specific target sizes are set based on original class frequencies: the
dominant No-Anomaly class is capped at 10,000 images, Cell at 3500, Diode and Vegetation
at 2000, Cracking and Shadowing at 1500, and the smallest classes Hot-Spot and Soiling
at 1000 each, resulting in a total training set of 22,500 images. This augmentation configu-
ration was used consistently across all experiments; the validation and test sets remained
fixed and unaugmented throughout. For the “No Aug” ablation study (Section 4.4), we used
the original unaugmented training set (15,337 images) while keeping the same validation

https://doi.org/10.3390/en19020462


https://doi.org/10.3390/en19020462

Energies 2026, 19, 462

12 of 25

Class Distribution
(N = 15,337)

-

(a) Before augmentation (b) After augmentation

and test splits. Figure 5 shows the training set class distribution before and after applying
the proposed contrast-preserving MixUp augmentation, demonstrating the significant
balancing effect on underrepresented fault categories.

Class Distribution
(N = 22,500)

Class Count Percentage
No-Anomaly 8000 52.2% Count LI
10,000 14.4%
Cell 2532 16.5%
3500 15.6%
Diode 1339 87% 2000 8.9%
1311 85% 2000 8.9%
o i 1500 6.7%
_ 1500 6.7%
‘ Cracking 752 4.9%
Hot-Spot 1000 4.4%
Hot-Spot 396 2.6% 1000 1.4%

Figure 5. Training set class distribution before and after contrast-preserving MixUp augmentation
(validation and test sets remain unaugmented). (a) Original training set with severe class imbalance.
(b) Augmented training set totaling 22,500 samples. All synthetic samples are generated exclusively
from training set images.

Figure 6 illustrates two representative examples of Soiling anomalies augmented with
standard MixUp (« = 0.5) and with our proposed contrast-optimized variant. The standard
MixUp output visibly reduces the temperature gradients that characterize soiling defects,
resulting in overly smoothed textures in which anomaly regions are difficult to distinguish
from the background. In contrast, our optimization procedure restores the thermal contrast
to a level comparable to, or in some cases higher than, the more informative parent image.
This preserves the local intensity variations that neural networks rely on to detect faults.

A concise pseudocode representation of the proposed augmentation process is presented
in Algorithm 1.

Algorithm 1 Contrast-Preserving MixUp Augmentation for Thermal PV Images

Require: Dataset D with per-class image sets {Dc}_;

Require: MixUp shape parameter «, mix range [V'min, "max]

Require: Target sizes {T.}<_, for each class

Ensure: Augmented dataset D’ with balanced class distribution
1: foreachclassc € {1,...,C} do

2. while |D.| < T. do

3: Sample two images: I, I ~ D,

4: Apply random horizontal /vertical flips to I; and I,

5: Sample r ~ Beta(a, a)

6: Scale to range: ¥ <— min + 7 * (max — "min)

7: Mix images: Iy < r-L+(1—7)- I

8: Compute target contrast: 0* < max(STD(I;),STD(I,))
9: Optimize: I, — argminseg|o* — STD(stretch(y,s))|
10: Apply random flip to I;;,
11: Add I;, to D,
12: end while
13: end for

/ C
14: return D’ < | J;_; D,
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(a) Original images (b) MixUp (« = 0.5) (c) Proposed MixUp

(d) Original images (e) MixUp (« = 0.5) (f) Proposed MixUp

Figure 6. Examples of Soiling anomaly augmentation using contrast-preserving MixUp. Two aug-
mentation examples are shown in rows 1 and 2. (a,d) Original parent image pairs used for mixing.
(b,e) Standard MixUp result with « = 0.5, where defect regions appear low-contrast and blurred.
(c,f) Proposed contrast-optimized MixUp output, which restores local thermal intensity variations
and preserves diagnostically relevant defect patterns.

3.3. Hierarchical Pipeline for Solar Panel Anomaly Detection

We adopt a hierarchical two-stage architecture (Figure 7) to mitigate class imbalance
and reduce inter-class confusion. The first stage is a binary classifier distinguishing No-
Anomaly from Defective, acting as a coarse filter that prevents the multiclass classifier from
being overwhelmed by the dominant healthy class. Detected defects are forwarded to the
second stage, which performs seven-class classification among fault categories: Cell, Diode,
Cracking, Hot-Spot, Shadowing, Vegetation, and Soiling.

Both stages share the same backbone architecture, differing only in output neurons,
making the pipeline model-agnostic and compatible with any CNN or transformer back-
bone. This cascade improves recall for rare defects by eliminating competition with the
dominant healthy class and allows the second stage to focus entirely on distinguishing
fault types [27].

Stage 1 healthy
Input Image Binary Classifier No-Anomaly
(No-Anomaly vs Defective)

defective

A

Stage 2
7-Class Defect Classifier JEiEE EEs

Figure 7. Hierarchical classification framework. Stage 1: binary classification (healthy vs. defective).
Stage 2: seven-class fault classification for detected anomalies.
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4. Results and Discussion

This section presents a thorough evaluation of the proposed framework. We begin by
outlining the experimental setup and the metrics used for performance assessment. An in-
depth analysis of the quantitative results follows. Furthermore, we provide ablation studies
to isolate and examine the individual impact of the hierarchical classification strategy and
the proposed augmentation method. Finally, we assess the computational efficiency of the
framework and compare it with representative baseline approaches.

4.1. Experimental Setup

All experiments were performed on a high-performance workstation equipped with
an NVIDIA GeForce RTX 4070 Ti SUPER GPU (12 GB GDDR6X), providing ample com-
putational capacity for deep learning training and large-scale inference. The system was
powered by an Intel Core i7-13700K processor with 16 cores (8 performance and 8 efficiency
cores) and a boost clock of 5.4 GHz, supported by 32 GB of DDR5 RAM. This hardware
configuration ensured the stable execution of memory-intensive workloads, efficient data
loading, and reliable benchmarking of all evaluated models.

To maintain consistency across experiments, the same set of hyperparameters was
applied to both stages of the hierarchical classification system. Each model was trained
for up to 50 epochs using Cross-Entropy loss, with model selection based on the lowest
validation loss. Optimization was performed with the AdamW optimizer, which includes
weight decay to improve generalization. A batch size of 32 was used to balance compu-
tational efficiency and gradient stability. A CosineAnnealingLR scheduler was employed
with Tmax = 50 (equal to the number of epochs) to gradually reduce the learning rate from
its initial value to a minimum of 7, = 1 x 107 over the training period, promoting
smoother convergence.

Initial learning rates were 1 x 1073 for binary classification and 5 x 10~* for multiclass
fault classification, reflecting the increased complexity of distinguishing visually similar
fault categories where a smaller learning rate helps learn more refined decision boundaries.

Direct comparison with prior PV-specific thermal fault classification methods faces
significant reproducibility barriers. First, publicly available open-source thermal PV fault
datasets remain extremely scarce; to our knowledge, the dataset used in this study [32]
is the only openly accessible multiclass benchmark for this domain. Second, existing PV-
specific classifiers rarely provide open-source code, pretrained weights, or detailed training
protocols necessary for faithful reproduction. Third, prior works often use proprietary or
unpublished datasets with different class taxonomies, imaging sensors, and environmental
conditions, making direct metric comparisons misleading. Given these constraints, we
benchmark our method against strong, well-documented general-purpose architectures
with publicly available implementations, ensuring reproducibility and fair evaluation. We
include the SlantNet model from our previous work [27] and representative CNN and
Transformer baselines. Specifically, we selected MobileNetV3, EfficientNetV2, and Swin
Transformer (tiny) to ensure a fair, efficient, and contemporary comparison with the pro-
posed framework. The above hyperparameters were applied to all CNN-based models;
for transformer-based architectures (ViT and Swin), we used the same configuration with
learning rates tuned according to their respective original implementations.

4.2. Evaluation Metrics

Classification performance is evaluated using standard metrics [72]: accuracy, pre-
cision, recall (sensitivity), F1 score, and specificity (Table 5). We emphasize F1 score as
the primary metric since accuracy can be misleading under class imbalance, while F1 bal-
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ances precision (correctness of fault predictions) and recall (ability to detect actual faults).
Specificity reflects how reliably the model identifies healthy modules, reducing false alarms.

Table 5. Summary of evaluation metrics used for PV fault classification [72].

Metric Formula Description
Accurac TP+TN Overall proportion of correct predictions.
y TP +TN + FP+ FN Misleading under the class imbalance.
. TP Correctness of positive predictions; high
Precision —— S . o
TP+ FP precision implies low false-positive rate.
e TP Ability to detect actual faults; high recall
Recall (Sensitivity) TP+ FN indicates few missed defects.
F1 Score 2 x Pr x Rec Harmonic mean of precision and recall;
Pr + Rec useful for imbalanced datasets.
s TN Ability to correctly identify non-faulty
Specificity (TNR) TN + FP modules, reducing false alarms.

Computational efficiency is evaluated following [66]: trainable parameters (P, mil-
lions), FLOPs (MMac), memory footprint (M, MB), throughput (T, images/second), and la-
tency (L, ms/image). To unify classification and efficiency, we introduce the F1-Efficiency
Index (FEI):

FEI = F1 x log,,(T), (1)

where the F1 score is used instead of accuracy due to class imbalance. The logarithmic
throughput term ensures each order-of-magnitude speed increase contributes equally,
meeting the practical need for real-time UAV-based inspection where systems must process
thousands of images efficiently [28,73]. Alternative formulations (e.g., natural logarithm or
F1in [0, 1]) scale FEI by constant factors without affecting model rankings. As with any
composite metric, FEI values are dataset-dependent and should be interpreted within the
specific benchmark context.

4.3. Quantitative Results

Tables 6 and 7 summarize the quantitative performance of all evaluated models
on both the validation and test sets. Table 6 presents the binary classification results
(healthy vs. defective), while Table 7 reports the hierarchical 8-class classification per-
formance. The reported metrics include accuracy (Acc), precision (Pr), recall (Rec), F1
score, and specificity (Sp), providing a comprehensive view of each model’s effectiveness
in detecting and distinguishing photovoltaic module anomalies. For binary classification,
MobileNet-V3 achieves the highest test accuracy (96.41%) and F1 score (96.19%), while
Swin-T demonstrates the best recall (95.54%). In the more challenging hierarchical task,
Swin-T consistently outperforms all other models across all metrics, achieving 89.48%
accuracy and 80.50% F1 score on the test set. Notably, ViT-B/16 struggles significantly with
the thermal PV data, suggesting that standard vision transformers require larger datasets
or domain-specific pretraining for this application.
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Table 6. Binary classification performance (Best F1 Model) on validation and test sets. Best metrics
in bold.

Test Validation
Model
Acc Pr Rec F1 Sp Acc Pr Rec F1 Sp
AlexNet 9474 95.65 9326 9444 96.10 94.78 9533 93.67 9449 95.80
ResNet-50 9411 9570 91.85 9373 96.20 94.10 95.78 91.70 93.70 96.30

SqueezeNet 9328 9294 93.04 9299 93.50 93.58 93.62 9290 93.26 94.20
ShuffleNet-V2  94.22 9520 92.61 93.88 9570 94.73 95.03 93.89 9445 95.50
MobileNet-V3  96.41 97.86 94.57 96.19 98.10 96.29 97.96 9421 96.05 98.20
EfficientNet 96.04 97.85 93.80 95.78 9810 95.72 9749 93.45 9543 97.80

ViT-B/16 90.94 90.28 90.87 90.57 91.00 90.29 89.42 90.39 89.90 90.20
Swin-T 9625 96.59 9554 96.06 9690 96.45 96.49 96.07 96.28 96.80
SlantNet 95.89 97.09 9424 9564 9740 9577 96.23 94.87 95.55 96.60

Table 7. Hierarchical classification performance (Best F1 Model) on validation and test sets. Best
metrics in bold.

Test Validation
Model
Acc Prr Rec F1 Sp  Acc Prr Rec F1 Sp
AlexNet 8438 7054 69.30 6990 9743 8518 73.62 73.11 7330 97.57
ResNet-50 85.16 7329 7253 7278 9747 85.07 74.68 75.06 7445 9745

SqueezeNet 82.14 66.52 67.67 66.77 97.13 8299 7022 7237 70.61 9722
ShuffleNet-V2 8521 73.47 7192 7264 97.52 8533 74.08 7397 73.85 97.60
MobileNet-V3  87.60 76.27 75.17 75.65 9797 8742 7692 7750 77.04 97.92
EfficientNet 87.76 7822 75.67 7647 9794 8747 77.60 7622 7653 97.87

ViT-B/16 7781 5991 6156 6056 9641 77.82 60.88 63.27 6195 96.38
Swin-T 89.48 80.83 80.33 80.50 98.28 88.99 82.21 82.71 82.29 98.23
SlantNet 86.15 74.87 71.66 73.03 9774 86.22 7621 75.66 75.61 9778

Figure 8 illustrates the training and validation loss curves for four representative
models: MobileNet-V3, EfficientNet-V2, Swin-T, and SlantNet. Each subplot displays
the loss progression for both the binary classifier (blue/orange) and anomaly classifier
(purple/red) over 50 epochs. A notable observation across all models is the divergence
between training and validation losses for the anomaly classifier, indicating the inherent
difficulty of multiclass fault discrimination. While training losses consistently decrease,
validation losses for the anomaly task tend to increase after initial convergence, suggesting
overfitting to the training distribution. SlantNet exhibits the most stable convergence
behavior with minimal overfitting, while MobileNet-V3 and EfficientNet-V2 show more
pronounced validation loss divergence in the anomaly task.

Figure 9 presents the normalized confusion matrices for the hierarchical 8-class classi-
fication task on the test set. The matrices reveal class-specific performance patterns across
different architectures. All models achieve high accuracy on the No-Anomaly and Diode
classes, which exhibit distinctive thermal signatures. However, challenging classes such as
Soiling, Hot-Spot, and Vegetation exhibit higher confusion rates due to their visual similarity.
Notably, ViT-B/16 displays a severely degraded diagonal with substantial off-diagonal con-
fusion, particularly misclassifying Hot-Spot and Shadowing as No-Anomaly, confirming its
unsuitability for this thermal imaging task without domain-specific pretraining. In contrast,
Swin-T maintains stronger diagonal values across most fault categories.
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Figure 8. Training curves for four representative models showing training and validation losses for
both binary and anomaly classifiers over 50 epochs. (Top-left) MobileNet-V3, (top-right) EfficientNet-
V2, (bottom-left) Swin-T, and (bottom-right) SlantNet.
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Figure 9. Hierarchical 8-class classification results on the test set. Top row: Normalized confusion
matrices for MobileNet-V3, EfficientNet-V2, Swin-T, and SlantNet (left to right). Bottom row: Per-
class precision, recall, and F1-score for the corresponding models, enabling exact value citation.

4.4. Ablation Studies

To isolate the contribution of the proposed contrast-preserving MixUp augmentation

strategy, we conduct ablation experiments comparing model performance under three

augmentation conditions. Table 8 presents the hierarchical classification results for selected
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architectures. The “No Aug” configuration trains models on the original dataset with
strictly no augmentation applied. The “Standard Aug” configuration applies online ge-
ometric transforms (random horizontal /vertical flips, rotation) during training without
class rebalancing. The “Proposed” configuration incorporates our contrast-preserving
MixUp augmentation targeting minority fault classes. The results demonstrate substantial
improvements across all models, with particularly notable gains in precision and recall.
These metrics are especially critical for safety-related fault detection systems, where high
precision minimizes false alarms and high recall ensures that actual faults are not missed.
For instance, MobileNet-V3 achieves a 7.05 percentage point increase in precision (69.22%
to 76.27%) and a 9.23 percentage-point increase in recall (65.94% to 75.17%). Similarly,
Swin-T improves recall by 8.64 percentage points (71.69% to 80.33%), while SlantNet gains
7.70 percentage points in precision (67.17% to 74.87%). These improvements confirm that
the proposed augmentation effectively addresses class imbalance by providing additional
training diversity for underrepresented fault categories.

Table 8. Ablation study on dataset augmentation. Hierarchical classification results under three
augmentation conditions: no augmentation, standard geometric transforms, and proposed contrast-
preserving MixUp. Best metrics in bold.

Test Validation
Model Augmentation
Acc Pr Rec F1 Sp Acc Pr Rec F1 Sp
No Aug 84.95 6922 6594 67.08 9753 8533 7313 6884 70.68 97.57
MobileNet-V3  Standard Aug  86.51 7414 6999 71.61 9774 8678 7452 7216 7305 97.76
Proposed 87.60 7627 7517 7565 9797 8742 7692 7750 77.04 9792
No Aug 86.30 7404 6893 71.03 97.68 8643 7494 72.00 7334 9771
EfficientNet-V2 Standard Aug  86.56 73.62 6937 7119 9778 8691 7508 7254 73.62 97.81
Proposed 8776 7822 75.67 7647 9794 8747 7760 7622 7653 97.87
No Aug 8745 7549 71.69 7333 9790 87.11 79.08 7480 76.71 97.83
Swin-T Standard Aug 8859 77.60 73.61 7525 9814 8824 8015 7742 7863 98.08
Proposed 89.48 80.83 80.33 80.50 9828 88.99 8221 82.71 8229 98.23
No Aug 84.17 67.17 6550 66.09 9741 8413 7298 6947 70.67 97.42
SlantNet Standard Aug 8521 7223 6658 68.64 9748 8556 73.85 70.12 7158 97.54
Proposed 86.15 7487 71.66 7303 9774 8622 7621 7566 7561 97.78

We also investigate the impact of model selection criteria during training. Throughout
training, we save model checkpoints based on different metrics: the best validation F1
score, the best validation accuracy, the best (lowest) validation loss, and the final-epoch
model. Table 9 compares the hierarchical classification performance of SlantNet under these
different selection strategies. Using the best F1 score criterion yields the most balanced
performance, as F1 directly optimizes the trade-off between precision and recall, which is
crucial for imbalanced fault-detection tasks.

Table 9. Ablation study on model selection criteria. Hierarchical classification results for SlantNet
using different checkpoint selection strategies during training. Best metrics in bold.

Test Validation
Selection Criterion
Acc Pr Rec F1 Sp Acc Pr Rec F1 Sp
Best F1 Score 86.15 74.87 71.66 73.03 97.74 86.22 76.21 75.66 75.61 97.78
Best Accuracy 86.25 75.60 71.49 73.20 97.74 86.38 76.50 75.00 75.41 97.78
Best Loss 83.91 70.20 65.38 67.29 97.31 83.51 72.06 69.25 70.12 97.32
Last Epoch 86.46 75.78 72.15 73.74 97.77 86.27 75.89 75.12 75.24 97.77
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To address the observed validation loss divergence for the anomaly classifier and miti-
gate potential overfitting, we evaluate several regularization strategies. Table 10 compares
the hierarchical classification performance of SlantNet under different loss function config-
urations: standard cross-entropy, weighted cross-entropy using inverse class frequencies to
address class imbalance, label smoothing with € = 0.1 to prevent overconfident predictions,
and a combination of both techniques. These strategies aim to improve minority-class recog-
nition and reduce overfitting without significantly increasing computational overhead.

Table 10. Ablation study on regularization strategies. Hierarchical classification results for SlantNet

using different loss function configurations to address class imbalance and overfitting. Best metrics
in bold.

Regularization Strategy

Test Validation
Acc Pr Rec F1 Sp Acc Pr Rec F1 Sp

Standard CE
Weighted CE

Label Smoothing (e = 0.1)
Weighted CE + Label Smoothing 85.78 74.82 7243 73.44 97.63 85.65 76.37 7592 76.00 97.58

86.15 74.87 71.66 7303 97.74 86.22 7621 7566 75.61 97.78
8531 72,69 71.84 7207 9762 8586 7552 7630 7551 97.68
86.04 7451 7169 7301 9766 8575 7576 7638 7573 97.68

The results indicate that the performance differences across regularization strategies
are relatively modest, with accuracy varying by less than 1 percentage point (85.31-86.15%)
and F1 scores within a 1.4 percentage point range (72.07-73.44%). While weighted cross-
entropy slightly improves validation recall (76.30% vs. 75.66%), it comes at the cost of
reduced test precision. The combined strategy achieves the highest test F1 score (73.44%)
with improved recall, though the gains are marginal. These findings suggest that the
proposed contrast-preserving MixUp augmentation already provides effective class balanc-
ing, reducing the additional benefit of loss-level regularization. Consequently, standard
cross-entropy remains a competitive baseline when paired with our augmentation strategy.

To provide deeper insight into model behavior across individual fault categories,
Table 11 presents per-class metrics for the two key architectures: Swin-T (highest accuracy)
and SlantNet (best efficiency). Both models achieve strong performance on the dominant
No-Anomaly and Diode classes, which exhibit distinctive thermal signatures. However, chal-
lenging minority classes such as Soiling and Hot-Spot show notably lower recall, reflecting
the inherent difficulty of detecting rare faults with subtle thermal patterns. Swin-T consis-
tently outperforms SlantNet across most classes, particularly for Cell and Cracking defects.

Table 11. Per-class classification metrics for Swin-T and SlantNet on the test set. Best values per class
in bold.

Swin-T SlantNet
Class — —
Precision Recall F1 Precision Recall F1

No-Anomaly 95.94 96.90 96.42 94.84 97.40 96.10
Cell 83.83 80.13 81.94 76.30 74.13 75.20
Cracking 84.44 80.85 82.61 74.47 74.47 74.47
Hot-Spot 79.55 70.00 74.47 78.38 58.00 66.67
Shadowing 74.36 82.08 78.03 71.93 77.36 74.55
Diode 95.35 97.62 96.47 94.48 91.67 93.05
Vegetation 74.07 73.17 73.62 64.15 62.20 63.16
Soiling 59.09 61.90 60.47 4444 38.10 41.03

Table 12 summarizes the aggregated performance using both macro and weighted av-
eraging. Macro averaging treats all classes equally, regardless of sample size, providing in-
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sight into the performance of minority classes, while weighted averaging accounts for class
frequencies, reflecting the overall performance of the dataset. The gap between macro and
weighted metrics highlights the impact of class imbalance. Both models achieve substan-
tially higher weighted scores due to strong performance on the dominant No-Anomaly class.

Table 12. Aggregated classification metrics (macro and weighted averaging) for Swin-T and SlantNet
on the test set. Best values in bold.

Swin-T SlantNet
Metric N .
Macro Weighted Overall Macro Weighted Overall

Accuracy 97.37 96.38 89.48 96.54 95.55 86.15
Precision 80.83 89.44 - 74.87 85.88 -
Recall 80.33 89.48 - 71.66 86.15 -
F1-Score 80.50 89.43 - 73.03 85.95 -
Specificity 98.28 96.78 - 97.74 95.75 -

4.5. Computational Efficiency Evaluation

To evaluate the computational efficiency of the proposed hierarchical classification
framework, we measure the combined complexity of both the binary and anomaly classifi-
cation models. The total parameter count is the sum of the parameters from both models.
For FLOPs (floating-point operations), we report two scenarios: best-case, where only the
binary model executes when no anomalies are detected, and worst-case, where both models
execute sequentially for all samples. The expected FLOPs can be estimated by adding the
binary model’s FLOPs to the anomaly model’s FLOPs weighted by the dataset’s anomaly
probability. Memory footprint is computed based on the total number of model param-
eters, assuming 32-bit floating-point storage. This evaluation methodology captures the
inherent efficiency advantage of hierarchical classification, where computational resources
are conserved by only invoking the more complex anomaly classifier when the binary stage
detects a potential fault.

Throughput and latency benchmarks were conducted using PyTorch 2.x with
torch.inference_mode () and CUDA synchronization for accurate GPU timing. Input
resolution varies by architecture: SlantNet uses 80 x 80 grayscale images, while other
models use 224 x 224 (or 227 x 227 for AlexNet/SqueezeNet) RGB inputs. All models
were evaluated with a batch size of 32, preceded by 20 GPU warmup iterations (5 for
CPU) to ensure stable clock frequencies, followed by 100 GPU iterations (20 for CPU).
Timing excludes data preprocessing and host-to-device 1/O transfer; input tensors were
pre-allocated on the target device. Throughput reflects the full hierarchical pipeline: binary
classification on all samples followed by anomaly classification on detected positives. We
report expected throughput assuming a 50% anomaly detection rate, consistent with our
dataset’s class distribution. CPU measurements use PyTorch’s default OpenMP threading
without explicit MKL configuration.

Table 13 reports the key efficiency metrics (as defined in Section 4.2) for each evaluated
architecture, along with the F1-Efficiency Index (FEI) to provide a unified comparison of
fault detection capability and computational efficiency.

Table 13 reveals that SlantNet achieves the highest computational efficiency with
42,072 images per second on GPU and the lowest FLOPs (21M best-case), making it over
7% faster than MobileNet-V3 and 75 x faster than Swin-T while maintaining competitive
classification performance. The F1-Efficiency Index (FEI) confirms SlantNet’s optimal trade-
off between accuracy and throughput, achieving 337.6 compared to 221.3 for Swin-T, which
attains the highest F1 score but at substantially higher computational cost.
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Table 13. Model efficiency comparison. Metrics include the number of parameters (P), multiply-
accumulate operations (FLOPs and worst-case FLOPs), memory footprint (M), GPU throughput (T),
GPU latency (L), and F1-Efficiency Index (FEI) computed using hierarchical classification F1 score.
Best metrics in bold.

Model P (M) FLOPs  FLOPsyorst M (MB) Tepu Tcpy L (ms) FEI
AlexNet 114.04 1072 1430 435.03 10,381 315 3.08 280.7
ResNet-50 47.03 6195 8260 179.41 1065 39 30.05 220.3
SqueezeNet 1.48 1146 1528 5.63 3383 113 9.46 235.6
ShuffleNet-V2 2.52 227 303 9.61 4424 311 7.23 264.9
MobileNet-V3 3.05 90 120 11.63 5377 408 5.95 282.2
EfficientNet-V2 40.37 4335 5780 154.00 1217 39 26.29 235.9
ViT-B/16 171.60 26,415 35,220 654.60 328 15 97.71 152.4
Swin-T 55.17 4680 6240 210.46 561 24 57.08 221.3
SlantNet 26.36 21 28 100.56 42,072 1980 0.76 337.6

To verify ranking stability across alternative metric formulations, Table 14 compares
FEI (base-10 logarithm), FEl}, (natural logarithm), and F1/L (F1 score divided by la-
tency). SlantNet maintains the top ranking across all formulations, confirming that the
efficiency advantage is robust to the specific metric choice. While absolute FEI values
may vary across datasets due to differences in class distributions and task complexity,
relative model rankings are expected to generalize as the metric captures fundamental
efficiency-accuracy trade-offs.

Table 14. Sensitivity analysis of efficiency metrics. FEI uses log;,(T), FEL, uses In(T), and F1/L
divides F1 score by latency. Rankings are consistent across formulations. Best metrics in bold.

Metric  Alex Res Sqz Shuf Mob Eff ViT Swin  Slant

FEI 280.7 2203 2356 2649 2822 2359 1524 2213  337.6
FEI}, 6464 5074 5426 609.8 6498 5432 3508 509.6 7775
F1/L 22.7 24 7.1 10.0 12.7 29 0.6 1.4 96.1

5. Conclusions and Future Work

The increasing global deployment of solar PV systems underscores the critical need for
reliable, automated fault monitoring. Operating under harsh environmental conditions, PV
modules are vulnerable to faults such as hotspots, cracks, and connection failures, which
are typically unevenly distributed in inspection datasets. This class imbalance causes deep
learning models to overfit to majority classes and underperform on rare but safety-critical
faults, reducing diagnostic reliability.

This study introduced a robust hierarchical deep learning framework for real-time
multiclass thermal fault classification in PV modules, directly addressing the persistent chal-
lenges of class imbalance, low contrast, and high inter-class visual similarity. The proposed
solution integrates three key strategies:

*  Dataset refactoring with quantitative inter-class distance analysis to merge overlap-
ping fault categories.

*  Contrast-preserving MixUp augmentation tailored for low-contrast thermal imagery.

e  Hierarchical two-stage classification separating anomaly detection from fine-grained
fault identification.

Experiments on an 8-class thermal PV dataset evaluated nine architectures. Swin Trans-
former achieved the highest performance (89.48% accuracy, 80.50% F1), while SlantNet
achieved a strong accuracy-efficiency trade-off (42,072 images/second, FEI of 337.6), suit-
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able for real-time UAV-based inspection. Ablation studies confirmed the augmentation’s
role in minority-class improvement and validated the Fl-score as a robust selection metric.

Collectively, the proposed hierarchical learning framework with SlantNet establishes
a high-accuracy, low-latency pipeline for real-time, edge-deployable PV inspection. Its
integration with UAV or loT-based systems positions it as a practical solution for large-scale
PV monitoring and fault-maintenance automation.

Future research will extend this framework in several directions to further strengthen
autonomous PV inspection systems:

*  Multi-modal data fusion combining thermal, electroluminescence, and RGB imagery
for comprehensive diagnosis of surface-level and latent defects.

*  Self-supervised and transfer learning strategies to leverage unlabeled thermal data, re-
ducing annotation costs, with cross-domain generalization evaluation across different
PV plants, sensors, and environmental conditions, pending availability of additional
open-source datasets.

¢ Adaptive lightweight architectures optimized for edge devices (FPGA, Jetson) with
experimental validation under real-world deployment constraints, including power
consumption, thermal throttling, and memory limitations.

¢  Explainable Al integration using Grad-CAM, attention visualization, and SHAP-based
attribution to provide interpretable fault predictions essential for operator trust in
safety-critical systems.

¢  Temporal fault progression modeling using sequential thermal frames for early-stage
fault prediction.

¢  Statistical robustness evaluation through multi-seed training and cross-validation to
provide confidence intervals under class imbalance.

* Extended regularization strategies including focal loss for hard example mining,
adaptive dropout, and patience-based early stopping.

These future extensions aim to advance the scalability and intelligence of PV diagnostic
systems toward fully autonomous, data-driven solar plant management.
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