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Abstract

Thermal fault classification in photovoltaic modules remains challenging due to low-resolution infrared images, class im-
balance, and strong visual ambiguity between fault types. Conventional approaches treat this task as a flat multi-class problem,
which requires a single model to simultaneously separate heterogeneous classes and often leads to unstable decision boundaries.
This paper presents a structured modeling approach that decomposes the classification process into a hierarchy of conditional
decisions, including anomaly detection, family-level routing, and subtype classification. This formulation aligns the learning pro-
cess with the intrinsic organization of fault categories and simplifies the underlying decision structure. Experiments conducted
under a controlled setting show that the hierarchical formulation improves classification accuracy by up to 8.8% compared to a
flat baseline using the same backbone and training conditions. Ablation results further demonstrate that each stage contributes
to performance gains, while a collapsed-label analysis indicates that remaining errors are primarily concentrated in fine-grained
subtype distinctions. These findings suggest that restructuring the classification problem is more effective than increasing model
complexity for low-resolution and ambiguous thermal fault recognition.

1 Introduction

The rapid expansion of photovoltaic (PV) installations has
made reliable and efficient monitoring increasingly critical.
As global capacity continues to grow beyond the terawatt
scale, even minor faults at the module level can accumu-
late into significant energy losses [1]. Thermal infrared (IR)
imaging has emerged as a practical solution for large-scale
inspection, as it enables the detection of temperature anoma-
lies associated with defects such as hotspots, cracks, and
diode failures [2, 3]. These advantages have driven the de-
velopment of automated approaches for thermal fault classi-
fication in PV systems.

Despite recent advances in deep learning, thermal fault
classification remains challenging due to the combined ef-
fects of low spatial resolution, severe class imbalance, and
strong visual ambiguity between fault types. These factors
hinder the ability of conventional models to learn stable and
discriminative decision boundaries [4-6].

Most existing methods address this problem using a flat
multi-class formulation, where a single model is trained
to predict all fault categories simultaneously. Recent ap-
proaches based on convolutional neural networks and trans-
former architectures have demonstrated improved perfor-
mance on thermal fault datasets [7, 8]. However, these
models still operate within a unified decision space that
must simultaneously separate both coarse and fine-grained
classes. In practice, this often leads to confusion between vi-
sually similar fault types and limits performance under low-
resolution and ambiguous conditions.

An alternative perspective is to explicitly consider the in-
herent structure of the problem. Fault categories are not in-
dependent; rather, they can be organized into meaningful
groups based on their physical characteristics. Hierarchi-
cal classification has been explored in computer vision as a
way to exploit such structure, allowing complex recognition
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tasks to be decomposed into simpler and more tractable sub-
problems [9]. More recent studies have further highlighted
the importance of structured modeling for ambiguous and
fine-grained classification tasks, particularly in challenging
visual environments [10, 11].

Motivated by these observations, this paper investigates a
hierarchical modeling framework for thermal fault classifi-
cation. Instead of treating the task as a single-stage prob-
lem, the proposed approach decomposes it into multiple lev-
els, including anomaly detection, fault family identification,
and fine-grained subtype classification. This design reflects
the natural organization of fault categories and enables each
stage to focus on a more specific and coherent objective.

To evaluate the effectiveness of this formulation, we con-
duct a controlled experimental study on the InfraredSolar-
Modules dataset [4], using consistent data splits and com-
parable backbone configurations. The results show that the
hierarchical approach achieves a clear improvement over a
flat baseline under identical conditions. Further analysis re-
veals that most remaining errors arise from confusion within
fault subtypes rather than between broader categories, high-
lighting the importance of fine-grained discrimination.

Rather than benchmarking against heterogeneous exper-
imental setups, this study focuses on a controlled evalua-
tion to isolate and analyze the impact of hierarchical prob-
lem formulation under low-resolution and ambiguous con-
ditions. Unlike prior work that primarily emphasizes archi-
tectural improvements, the proposed approach highlights the
role of problem formulation by restructuring the classifica-
tion process into a hierarchy of conditional decisions aligned
with the intrinsic organization of fault categories. This per-
spective enables more effective modeling of heterogeneous
decision boundaries and complements existing advances in
model design.

The main contributions of this work are summarized as
follows:

* We propose a structured probabilistic formulation for
thermal fault classification that explicitly decomposes
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Table 1. Class Taxonomy and Family Assignment
Family Class Characteristic
Cell Single-cell fault
Cell-Multi Multi-cell fault
Electrical Cracking Cell cracking
Diode Single diode fault
Diode-Multi Multi-diode fault
Hot-Spot Single hotspot
Thermal-Local Hot—Sgot—Multi Mu%tiple holispots
Shadowing External shadow
Soiling Surface contamination
Env.-System . .
Vegetation Plant obstruction
Offline-Module Module offline
Normal No-Anomaly No fault

the prediction process into anomaly detection, family-
level routing, and subtype classification.

* We demonstrate through controlled experiments that re-
structuring the classification problem yields significant
performance gains over flat multi-class formulations,
without increasing model complexity.

* We provide a comprehensive analysis of error patterns,
showing that the proposed hierarchy effectively sep-
arates coarse-level categories, while remaining chal-
lenges are concentrated in fine-grained subtype distinc-
tions.

* We highlight the importance of problem formulation in
low-resolution and ambiguous visual recognition tasks,
offering insights that extend beyond photovoltaic fault
classification.

The remainder of this paper is organized as follows. Sec-
tion II describes the dataset and challenges. Section III
presents the proposed method. Section IV details the ex-
periments and results. Section V concludes the paper.

2 Dataset and Challenges

This study uses the InfraredSolarModules dataset [2, 4],
which consists of thermal images of PV modules captured
from aerial inspections. Each sample corresponds to a
cropped module with a very low spatial resolution of 24 x 40
pixels, providing only limited structural detail for visual
analysis.

The dataset contains 12 classes (11 fault types and
one normal class). As summarized in Table 1, these
classes exhibit a clear semantic organization, where
faults can be grouped into electrical, thermal-local, and
environmental/system-related categories. ~However, this
structure is not explicitly encoded in the learning objective
and must therefore be implicitly inferred by the model.

Thermal fault classification in this setting is fundamen-
tally challenging due to the interaction of three factors. First,
the low resolution severely limits the availability of discrim-
inative features, making it difficult to capture subtle spatial
variations between fault patterns [5]. Second, the dataset
is highly imbalanced, with several critical fault types hav-
ing very few samples, which biases the learning process to-
ward dominant classes [12,13]. Third, many fault categories

exhibit strong intra-family similarity, where subclasses dif-
fer primarily in the extent or multiplicity of thermal sig-
natures (e.g., Cell vs. Cell-Multi, Hot-Spot vs. Hot-Spot-
Multi) [6, 8].

These challenges are inherently interconnected. Low res-
olution amplifies ambiguity between visually similar sub-
classes, while class imbalance further reduces the model’s
ability to learn reliable decision boundaries for minority
classes.

This observation suggests that the difficulty of the prob-
lem lies not only in feature extraction, but also in how the
classification task is formulated. Although the label space
naturally follows a hierarchical organization, treating it as a
flat classification problem fails to exploit this structure.

Motivated by this limitation, we consider a structured re-
formulation that explicitly aligns the classification process
with the taxonomy in Table 1. By decomposing the task into
stages corresponding to different levels of abstraction, the
proposed approach reduces the complexity of each sub-task
and provides a more effective framework for handling low
resolution, imbalance, and ambiguity.

As shown in Fig. 1, the dataset exhibits a pronounced
long-tail distribution at both class and family levels. In par-
ticular, the No-Anomaly class dominates the dataset, while
several fault subtypes contain only a few hundred samples.

Importantly, the imbalance is not uniform. Most minor-
ity classes correspond to fine-grained subtypes that are also
visually similar to their corresponding major classes. At
the family level, thermal-local faults are significantly under-
represented compared to electrical and environmental cate-
gories.

This multi-level imbalance further motivates the use of hi-
erarchical modeling, where different stages can address class
imbalance and ambiguity at appropriate levels of abstraction.

3 Structured Probabilistic Fault Modeling

A closer examination of the dataset suggests that the diffi-
culty of thermal fault classification arises not only from lim-
ited visual information, but also from how the problem is for-
mulated. In particular, normal samples, fault families, and
fine-grained subtypes exhibit distinct statistical behaviors.
Treating all classes within a single flat classification space
forces a model to approximate a highly heterogeneous deci-
sion boundary, which becomes especially challenging under
low-resolution and ambiguous conditions.

To address this issue, we adopt a structured probabilistic
formulation that decomposes the prediction into a sequence
of conditional decisions aligned with the taxonomy in Ta-
ble 1. This formulation separates decisions across different
semantic levels and allows each component to be learned un-
der a more coherent and homogeneous distribution.

3.1 Hierarchical Posterior Decomposition

Let x denote an input image and ¢ the corresponding class
label. We introduce a binary anomaly variable a € {0,1}
and a family mapping f(c).

For the normal class, we define:

P(No-Anomaly | x) = P(a=0] x). ()

For any anomalous class c, the posterior can be decom-
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Figure 1. Distribution of training samples across classes (left) and fault families (right). Exact sample counts are shown on each bar. The
dataset exhibits a pronounced long-tail distribution, with severe imbalance at both class and family levels.

posed as:

P(e]x) = Pla=1]x) P(f(e) | x.a = 1)
-P(c| f(c),x,a=1), c¢7#No-Anomaly.

This decomposition transforms the original multi-class
prediction into a hierarchy of conditional sub-problems. By
explicitly conditioning on intermediate variables, the model
reduces the effective complexity of the decision boundary. In
contrast, a flat classifier must implicitly learn all dependen-
cies within a single mapping, which is more difficult under
heterogeneous data distributions.

(@)

3.2 Hierarchical Prediction Model

The above decomposition is implemented using three se-
quential predictors, as illustrated in Fig. 2.
The first stage estimates the anomaly probability:

Pla=1|x) =0V (x)). 3)

Conditioned on a = 1, the second stage predicts the
family-level distribution:

p? (x) = softmax(z? (x)). )

The third stage assigns the final class within each family:

p(3=f) (x) = softmaX(Z(3’f) ()C)) (5)

Here, z(!)(x) denotes the logit of the anomaly classifier,
z1?) (x) represents logits over fault families, and z*/) (x) cor-
responds to logits over subtypes within family f.

3.3 Model Instantiation

All stages share a common backbone ¢(x) for feature ex-
traction. In this work, we adopt standard vision backbones
(e.g., Swin-Tiny and EfficientNet-B3) to evaluate the pro-
posed formulation.

Task-specific heads are attached on top of the shared fea-
tures:

 Stage 1: binary classifier with sigmoid output

 Stage 2: multi-class classifier over fault families

 Stage 3: separate classifiers for each family

This design ensures that any observed improvement arises
from the structured formulation rather than architectural dif-
ferences.

3.4 Flat vs. Hierarchical Formulation

For comparison, the flat baseline uses the same backbone
¢ (x) followed by a single classifier:

(6)

In this setting, the model must simultaneously separate
normal samples, fault families, and subtypes within a single
decision space. In contrast, the hierarchical formulation de-
composes this problem into simpler conditional tasks, each
operating on a more structured and coherent subset of the
data. This decomposition is expected to improve learning
under both ambiguity and imbalance.

p(x) = softmax(z(x)).

Handling Class Imbalance. The proposed formulation
explicitly addresses class imbalance at multiple levels of the
hierarchy. At the anomaly stage, weighted binary cross-
entropy compensates for the dominance of normal samples.
At the family level, logit adjustment shifts decision bound-
aries according to class priors, thereby reducing bias toward
majority families. At the subtype level, balanced softmax
further mitigates long-tail effects by incorporating class fre-
quency into the normalization term.

This multi-level strategy differs from conventional ap-
proaches that apply a single imbalance correction globally.
Instead, each stage adapts to the specific distribution of its
corresponding sub-task, resulting in more stable and bal-
anced learning.

3.5 Stage-Aware Optimization

Each stage corresponds to a distinct learning problem and is
optimized using a task-specific objective.

At the anomaly stage, weighted binary cross-entropy
is employed to handle imbalance between normal and
faulty samples. At the family level, logit-adjusted cross-
entropy [14] is applied:

@)

Ze =z +tlogm,,



E3S Web of Conferences 723, 01006 (2026)
AIEI 2026

https://doi.org/10.1051/e3sconf/202672301006

Input Image (24 x 40 px, IR)

Stage 1 — Anomaly Gate

Weighted Binary Cross-Entropy

Normal

No-Anomaly

l Anomaly

Stage 2 — Family Router

Logit-Adjusted CE (t=1.0)

Thermal-Local
Specialist

Electrical
Specialist

Env.-System
Specialist

Hot-Spot
Hot-Spot-Multi

Off.-Module

Cell / Cell-Multi

Final Predicted Class (12 classes)

Figure 2. Overview of the proposed hierarchical formulation. The
model decomposes prediction into anomaly detection, family-level
routing, and family-specific classification, with stage-aware opti-
mization.

which adjusts decision boundaries according to class priors.
At the subtype level, balanced softmax [15] is used:

n-CeZc
=
Yjmjes

Pc|xf) ®

Notation. Here, 7. denotes the empirical class prior, T
controls the strength of prior adjustment, and 7, is the
anomaly threshold used during inference.

3.6 Preserving Spatial Structure

Let the original image size be H x W. We define:

S
ETAT) o
and resize the image to:
(H'\ W) = (|sH], |sW]). (10)

The resized image is then padded to form a square input,
preserving spatial geometry while avoiding distortion.

Algorithm 1 Hierarchical Training Procedure

Require: Training dataset 7

: Train anomaly gate g;

: Extract anomalous subset &,

: Train family router g, on %,

. for each family f do

Train specialist g(3f ) on subset Dy
: end for

: Train refinement head if needed

Algorithm 2 Hierarchical Inference

Require: Inputimage x
: Preprocess x
: Pat81(%)
. if p, < 7, then
return No-Anomaly
end if
f + argmax ga(x)
R argmaxggf) (%)
: return ¢

N

Training Procedure

The hierarchical formulation naturally induces a stage-wise
training strategy. Instead of optimizing all decisions jointly,
each component is trained on a subset of the data corre-
sponding to its role in the hierarchy. This reduces interfer-
ence between tasks and allows each stage to focus on a more
coherent data distribution.

The overall process is summarized in Algorithm 1. The
anomaly gate is first trained to separate normal and faulty
samples. The resulting anomalous subset is then used to
train the family router, followed by family-specific classi-
fiers trained on their respective subsets. This sequential re-
finement ensures that each stage operates on increasingly
structured data, improving stability under imbalance and am-
biguity.

Inference

At inference time, prediction follows the same hierarchical
structure. Rather than evaluating all classes simultaneously,
decisions are made progressively, with each stage condition-
ing on the output of the previous one.

This process is summarized in Algorithm 2. The anomaly
gate first determines whether a sample is normal. For anoma-
lous samples, the family router selects the most likely cate-
gory, and the corresponding specialist classifier produces the
final prediction. By restricting fine-grained classification to
relevant subsets, the model reduces confusion between unre-
lated fault types and yields more stable predictions.

Discussion

The proposed approach demonstrates that performance im-
provements can be achieved by restructuring the learning
problem rather than increasing model complexity. By de-
composing prediction into conditional stages, the model op-
erates on simpler and more structured sub-tasks, leading to
improved robustness under low-resolution and ambiguous
conditions.
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Table 2. Comparison of flat and hierarchical models Table 3. Backbone comparison under hierarchical modeling
Model Acc. wF1 mF1 Backbone Acc. wF1 mF1
Flat Swin-Tiny 0.7480 0.7625 0.6560 EfficientNet-B3  0.8200 0.8170  0.6765
Hierarchical Swin-Tiny 0.8360 0.8351 0.6976 Swin-Tiny 0.8360 0.8351 0.6976

. Table 4. Ablation study of hierarchical components
4 Experiments and Results

Configuration Acc. wF1 mF1

Flat baseline 0.7480 0.7625 0.6560
+ Anomaly gate  0.7920 0.8015  0.6683
+ Family routing  0.8210  0.8237  0.6842
Full hierarchy 0.8360 0.8351 0.6976

4.1 Experimental Setup

All experiments were conducted on Kaggle GPU kernels
(NVIDIA T4) using mixed-precision training. The imple-
mentation is based on PyTorch with the timm library for
model initialization.

All models were trained and evaluated using a fixed
70/15/15 data split with a consistent random seed. Hierarchi-
cal models were trained sequentially, where each stage was
optimized independently and its best checkpoint was used
for subsequent stages. This controlled setup enables a con-
sistent evaluation of the proposed hierarchical formulation
under identical conditions.

We report three evaluation metrics: accuracy (Acc.),
weighted F1 (wF1), and macro F1 (mF1). Accuracy is used
as the primary metric, while weighted and macro F1 pro-
vide additional insight into class imbalance and minority-
class performance.

The hierarchical formulation improves accuracy by
+0.0880 under identical conditions, indicating that the gain
is primarily due to structured prediction rather than increased
model capacity.

We further evaluate the effect of backbone choice under
the hierarchical formulation.

Swin-Tiny consistently outperforms EfficientNet-B3
across all metrics, suggesting that attention-based repre-
sentations better capture spatial relationships in upsampled
low-resolution thermal images.

4.3 Ablation and Error Analysis

Backbone Models and Training Details. We consider To validate the contribution of each component, we conduct

two backbone architectures: Swin-Tiny and EfficientNet-B3, an ablation study by progressively adding stages of the hier-
both initialized from ImageNet-pretrained weights. Swin- archical formulation.
Tiny [16] is a transformer-based model that captures long- Performance improves consistently as hierarchical com-
range spatial dependencies through shifted-window atten- ponents are introduced. The anomaly gate simplifies the
tion, while EfficientNet-B3 [17] serves as a strong convo- decision space by separating normal samples, while family-
lutional baseline with high parameter efficiency. level routing reduces inter-class interference by restricting
This comparison is particularly relevant for low-resolution predictions to semantically related categories.
thermal images, where fine-grained spatial cues are limited To further analyze residual errors, we perform a collapsed-
and global context may play a more important role. By eval- label experiment by merging visually similar subtype pairs.
uating both architectures under identical conditions, we as- The improvement across all metrics indicates that a signif-
sess whether attention-based representations provide addi- icant portion of the remaining error arises from fine-grained
tional benefits in capturing subtle thermal patterns. subtype distinctions, particularly between visually similar
For fairness, the same backbone is used in both flat and hi- patterns such as single-instance and multi-instance faults.
erarchical settings. The flat baseline employs a single clas- Fig. 3 provides further insight through confusion matrix
sifier over all classes, whereas the hierarchical models use analysis. Most misclassifications occur within the same fault
stage-specific heads as described in Section III, ensuring that family rather than across different families. For example,
performance differences arise from the prediction structure confusion is mainly observed between Cell and Cell-Multi,
rather than model capacity. and between Hot-Spot and Hot-Spot-Multi, while cross-

family errors are relatively rare.

These observations confirm that the model effectively
captures coarse-level structure, while the remaining chal-
lenge lies in fine-grained discrimination. Overall, the results
demonstrate that performance gains are achieved by restruc-
turing the learning problem rather than increasing model
complexity.

Data Augmentation. Given the extremely low resolution
of the input images, data augmentation is applied conser-
vatively to avoid distorting thermal patterns. The pipeline
includes random horizontal flipping, small-angle rotations,
and mild brightness and contrast adjustments. All images
are resized using aspect-ratio-preserving scaling followed by

adding. .
P g 5 Conclusion

4.2 Main Results and Analysis This paper presented a hierarchical formulation for thermal

Table 2 summarizes the main results. The most critical com- fault classification in low-resolution infrared images. By de-
parison is between the flat and hierarchical Swin-Tiny mod- composing prediction into anomaly detection, family-level
els, which share the same backbone and differ only in pre- routing, and subtype classification, the proposed approach
diction structure. aligns the learning process with the structure of the label
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Normalized Confusion Matrix — Hierarchical Swin-Tiny (Routed Test Set)
Acc=0.8360 wF1=0.8351 mF1=0.6976

1 1.0
= Elcctrical
’ 0.15 0.01 0.02 0
Cell 1 = Thermal-Local
1 == Environment-Sys.
Cell-Multi 4 0.12 0.15 1 002 001 002 001 013
1
|
Cracking 4 002 o110 1 004 001 004 004 004 0.8
1
Diode 1 0.97 1 _
! 3
&
Diode-Multi 0.04 0.04 g
0.6 »
e e = = TN -— z
= o)
2 Hot-Spot - 027 | 016 by
= =
E S i 003 ! 027 o1 0.03 E
& HS-Multi ] o . 3 E
[ 2;;
bo4 &
No-Anom. <
=
_______ s
&
Off.-Mod. 4 002 002 002 023 ﬂ 0.03
Shadow. 4 001 004 001 o014 I 0.75 [0 0.01 L oo
1 )
1
Soiling 4 013 010 010 016 003 | 039 010
1
Veg. 4 008 006 0os om0 om
1
T T T T T T T T T T T — 0.0
S ® & N & o > & RO
[ed v‘& Q\‘f Q\(“ & \,;ﬁ & Yyo° KOS \\\& Q&
W > Q) el " : S\ <
& e & B & < ™ S

Predicted label

Figure 3. Normalized confusion matrix of the hierarchical model. Most errors are concentrated within the same fault family, indicating
effective coarse-level separation.

Table 5. Collapsed-label analysis [7] A.e.a. Pamungkas, “Infrared solar module fault detec-
tion using deep learning,” Sensors, 2023.

Setting Acc. wF1 mF1

12-class  0.8360 0.8351 0.6976
9-class 0.8643 0.8635 0.7453
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ing transformer neural networks,” Energy Conversion
and Management, 2024.
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space. Experimental results demonstrate that this formula- age database,” in CVPR, 2009.
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proving problem formulation can be more effective than in- 2026.
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