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Abstract 

Gas-insulated switchgear (GIS) is a critical component in high-voltage power 

transmission systems, where partial discharge (PD) activity can indicate early-stage 

insulation defects. However, phase-resolved partial discharge (PRPD)-based fault 

diagnosis remains challenging due to noisy signals, perturbed measurement 

conditions, and severe class imbalance, particularly for rare floating-electrode 

defects. This study proposes an attention-driven contrastive learning framework for 

rare PD signal identification in GIS. PRPD data are represented as two-dimensional 

density matrices derived from phase angle, discharge magnitude, and occurrence 

count. The proposed framework applies PRPD-specific data augmentation, followed 

by ResUNet-based denoising, CBAM-based feature refinement, and supervised 

contrastive learning to improve feature separability among PD classes. The 

framework was evaluated using a public 550 kV GIS PRPD dataset containing 

corona-type, surface-type, floating-electrode-type, and noise classes. The results 

show that augmentation substantially improved robustness. When trained with raw 

data, the proposed model achieved 91.90% accuracy and 53.81% F1-score under the 

original test scenario, but decreased to 48.76% accuracy and 46.26% F1-score under 

IEC-perturbed testing. After augmentation, the model achieved 98.24% accuracy and 

96.58% F1-score under the original scenario, and maintained 97.44% accuracy and 

97.76% F1-score under IEC perturbation. These findings indicate that the proposed 

framework supports robust PRPD representation learning for GIS PD diagnosis 

under perturbed and imbalanced conditions. 
 

Keywords: Partial discharge; Gas-insulated switchgear; Supervised contrastive 

learning; Convolutional block attention module. 

1. Introduction 

Gas-insulated switchgear (GIS) is a critical component in modern high-voltage power 

transmission and distribution systems because of its compact structure, high insulation capability, 

and reliability in constrained substation environments. Its enclosed design commonly relies on 

sulfur hexafluoride (SF₆) gas, which provides strong dielectric and arc-quenching properties 

(CIGRE, 2024). However, GIS insulation systems remain vulnerable to localized defects caused 

by manufacturing imperfections, installation errors, contamination, aging, or mechanical stress. 

These defects can initiate partial discharge (PD), which is defined as a localized electrical 

discharge that only partially bridges the insulation between conductors (Hu et al., 2023). If PD 

activity is not detected and controlled at an early stage, repeated discharge processes can 
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accelerate insulation degradation, reduce the operational lifetime of GIS equipment, and 

eventually lead to insulation breakdown or power outages (Mier, 2024; Dalila, 2025). 

The main physical sources of PD in GIS include conductor protrusions, surface contamination, 

free metallic particles, voids, and floating electrodes, each of which can produce distinctive 

discharge characteristics (Hu et al., 2023; Jing et al., 2025). These discharge patterns are 

commonly analyzed using phase-resolved partial discharge (PRPD), which represents the 

relationship between the AC voltage phase angle, discharge magnitude, and discharge occurrence 

count (Shang et al., 2024; Abubakar et al., 2024). Recent studies have increasingly adopted deep 

learning models to classify PRPD patterns because these models can automatically learn 

discriminative features from two-dimensional PRPD images or density maps, reducing 

dependence on manually engineered features (Zhao et al., 2025; Tai et al., 2025). Nevertheless, 

the practical deployment of deep learning for GIS PD diagnosis remains limited by noisy field 

measurements, weak discharge signatures, limited fault samples, and severe class imbalance. Rare 

but safety-critical defect types, such as floating-electrode defects, may be underrepresented in 

available datasets. Under such imbalanced conditions, conventional classifiers trained with 

standard cross-entropy loss tend to favor majority classes and may misclassify or ignore minority 

defect patterns (He et al., 2024; Du et al., 2024; Hu et.al, 2023). 

To address these limitations, this study proposes an attention-driven contrastive learning 

framework for the identification of rare PD signals in GIS. The proposed approach combines 

PRPD-based density representation, attention-guided feature refinement, and supervised 

contrastive learning to improve the separability of minority defect classes. Unlike conventional 

cross-entropy-based classifiers, which may produce biased decision boundaries under highly 

imbalanced data, the proposed framework aims to learn a more discriminative latent 

representation in which rare floating-electrode defects can be more effectively distinguished from 

dominant PD patterns (Zheng et al., 2025). In addition, the use of an attention mechanism enables 

the model to emphasize informative PRPD regions while suppressing irrelevant background 

responses, which is particularly important when weak discharge signals are embedded in noisy 

measurements (Wang et al., 2023). The main contribution of this study is the integration of 

attention-based feature enhancement and supervised contrastive representation learning for 

imbalanced GIS PD classification, with a specific focus on improving the recognition of rare and 

safety-critical PD defects. 

2. Method 

This study develops an attention-driven contrastive learning framework for identifying rare 

partial discharge (PD) signals in gas-insulated switchgear (GIS). The workflow begins with a 

public PRPD dataset obtained from simulated GIS defects, followed by data augmentation to 

increase sample diversity under severe class imbalance. The augmented PRPD representations 

are then processed using a ResUNet-based (Hu et al., 2022) denoising module to suppress 

background noise, refined using a convolutional block attention module (CBAM) to emphasize 

discriminative phase–magnitude regions, and finally trained using supervised contrastive learning 

(SCL) to improve the separability of rare floating-electrode PD signals (Xiao et al., 2021; Hu et 

al., 2022). 

2.1 Dataset 

This study uses the public dataset Source database for Machine-learning-based PD Pattern 

Recognition in GIS, published by (Wu, 2020) through Mendeley Data. The dataset contains 

phase-resolved partial discharge (PRPD) patterns collected from simulated defect experiments in 

a 550 kV GIS system. It includes three PD defect categories: corona-type discharge caused by 

conductor protrusion, surface-type discharge caused by insulator surface contamination, and 

floating-electrode-type discharge caused by a floating metallic electrode near the high-voltage 

conductor. The PRPD patterns were recorded using an Omicron MPD600 system under SF₆ gas 
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pressure of 0.5 MPa and organized as tuple data (Φ, Q, N), where Φ, Q, and N represent phase 

angle, discharge magnitude, and discharge occurrence count, respectively (Wu, 2020). The 

dataset contains 418 PRPD samples, consisting of 280 C-type samples, 129 S-type samples, and 

only 9 F-type samples, indicating severe class imbalance in the floating-electrode class (Wu, 

2020). 

Each PRPD tuple is transformed into a two-dimensional density matrix before being used as 

model input. Let 𝑋 ∈ ℝ𝐻×𝑊 denote a PRPD density matrix, where 𝐻 represents the number of 

phase bins and W represents the number of discharge magnitude bins. Each matrix element 𝑥𝑖𝑗 is 

define as: 

 𝑥𝑖𝑗 = 𝑁 (Φ𝑖 , 𝑄𝑗) 
 

where 𝑁 (Φ𝑖 , 𝑄𝑗) represents the discharge occurrence count at phase bin Φ𝑖 and magnitude bin 

𝑄𝑗. The matrix is then normalized to reduce scale variation across samples: 

 

𝑋′ =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛 + 𝜖
 

 

where 𝑋𝑚𝑖𝑛 and 𝑋𝑚𝑎𝑥 are the minimum and maximum values of the PRPD matrix, and 𝜖 is a 

small constant used to avoid division by zero. 

2.2 Data Augmentation 

Data augmentation is applied to increase the diversity of PRPD training samples while 

preserving the physical structure of the original discharge patterns. This step is important because 

the F-type class contains only nine original samples, making it vulnerable to under-representation 

during training. This study adopts PRPD-specific augmentation operations inspired by prior work 

on GIS fault diagnosis using PRPD data; therefore, the augmentation operations are not claimed 

as new contributions (Dang et al., 2024) used Gaussian noise addition, Gaussian noise scaling, 

random cropping, and phase shifting to generate augmented PRPD samples for GIS fault 

diagnosis. In broader deep learning research, data augmentation is also widely used to improve 

model generalization and reduce overfitting when training data are limited (Mier et al., 2025). 

Let 𝑋 ∈ ℝ𝐻×𝑊 be the normalized PRPD matrix. Four augmentation operations are used in this 

study: additive Gaussian perturbation, Gaussian amplitude scaling, random masking, and phase 

shifting. The overall augmentation process is expressed as: 

 

𝑋̃ =  𝒜(𝑋) 

where: 

𝒜 ∈ {𝐺𝐴, 𝐺𝑆, 𝑅𝑀, 𝑃𝑆} 

 

𝐺𝐴, 𝐺𝑆, 𝑅𝑀, 𝑎𝑛𝑑 𝑃𝑆 denote Gaussian additive perturbation, Gaussian scaling, random masking, 

and phase shifting, respectively. Additive Gaussian perturbation is used to simulate measurement 

noise during PD acquisition. For each element 𝑥𝑖𝑗 in the PRPD matrix, the augmented value is 

defined as: 

𝑥̃𝑖𝑗
𝐺𝑆 = 𝜖2𝑥𝑖𝑗 ,       𝜖2~𝒩(𝜇2, 𝜎2

2) 

 

where 𝜖2 is a Gaussian-distributed scaling factor. This transformation helps reduce excessive 

dependence on absolute discharge magnitude. 

Random masking is used to simulate partial information loss in the PRPD matrix and to 

encourage the model to learn from broader phase–magnitude structures. Masking-based 

augmentation is related to random erasing, which improves generalization by forcing the network 
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to rely on less localized visual evidence (Dang et al., 2024; Guo et al., 2025). The operation is 

expressed as: 

 

𝑋̃𝑅𝑀 =  𝑀 ⨀ 𝑋, 

 

where 𝑀 ∈ {0, 1}𝐻×𝑊 is a binary mask and ⊙ denotes element-wise multiplication. The mask is 

defined as: 

𝑀𝑖𝑗 = {
0, 𝑖𝑓 (𝑖, 𝑗) ∈ Ω
1,         𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,

 

 

where Ω represents the randomly selected masked components. 

Phase shifting is applied to simulate possible phase synchronization errors between the GIS 

equipment and the PD acquisition system. Since PRPD patterns are phase-dependent, small phase 

reference variations may affect the observed distribution. Phase shifting is formulated as: 

 

𝑥̃𝑖𝑗
𝑃𝑆 = 𝑥(𝑖−∆𝜙)  𝑚𝑜𝑑 𝐻,𝑗   

 

where 𝛥𝜙 denotes the phase-shift offset and 𝐻 is the number of phase bins. This transformation 

preserves the overall discharge structure while changing its phase alignment. 

2.3 ResUnet-Based Denoising  

After data augmentation, the PRPD matrices are processed using a ResUNet-based denoising 

module. The purpose of this stage is to suppress noise and irrelevant background variation while 

preserving discharge-related structures. U-Net is suitable for dense image-to-image processing 

because its encoder–decoder architecture captures contextual information through the contracting 

path and restores spatial detail through the expanding path with skip connections (Hu et al., 2023). 

Residual learning further improves network optimization by allowing the model to learn residual 

mappings, which has been shown to ease the training of deeper neural networks (Tai et al., 2025). 

For denoising tasks, residual learning is also effective because the network can estimate the noise 

component rather than directly reconstructing the full clean image (Zheng et al., 2025). 

Let 𝑋̃ denote the augmented PRPD matrix. The denoising module 𝐷𝜃(∙), parameterized by 𝜃, 

produces a denoised PRPD representation: 

 

 𝑋𝑑 = 𝐷𝜃(𝑋̃) 
 

where 𝑋𝑑 is the denoised PRPD matrix. In a residual denoising formulation, the network estimates 

the residual noise component 𝑅𝜃(𝑋̃), and the denoised representation is obtained as: 

 

 𝑋𝑑 = 𝑋̃ − 𝑅𝜃(𝑋̃) 
 
The denoising objective is formulated using a reconstruction loss between the denoised output 

and the original PRPD representation: 

 

 ℒ𝑑𝑒𝑛𝑜𝑖𝑠𝑒 =
1

𝑁
∑ ‖𝑋𝑘 − 𝐷𝜃(𝑋̃𝑘)‖

2

2𝑁
𝑘=1  

 
where 𝑁 is the number of training samples, 𝑋̃𝑘 is the original PRPD matrix, and 𝐷𝜃(𝑋̃𝑘) is 

the denoised output. This stage is designed to improve the visibility of weak discharge 
structures before feature extraction and attention-based refinement. 

2.4 Convolutional Block Attention Module  
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The denoised PRPD representation is then passed to a convolutional feature extractor equipped 

with a convolutional block attention module (CBAM). CBAM is a lightweight attention module 

that sequentially applies channel attention and spatial attention to refine intermediate feature 

maps. (Hu et al., 2023) introduced CBAM as a general module for feed-forward convolutional 

neural networks, where attention maps are inferred along channel and spatial dimensions and then 

multiplied with the input feature map for adaptive feature refinement. 

Let 𝐹 ∈ ℝ𝐶×𝐻×𝑊 denote an intermediate feature map extracted from the denoised PRPD 

matrix. CBAM first applies channel attention to identify which feature channels are more 

informative. The channel-refined feature map is computed as: 

 

𝐹′ = 𝑀𝑐(𝐹)⨂ 𝐹 

 

where 𝑀𝑐(𝐹) is the channel attention map and ⊗ denotes element-wise multiplication with 

broadcasting. The channel attention map is computed using both average-pooling and max-

pooling descriptors: 

 

𝑀𝑐(𝐹) =  𝜎(𝑀𝐿𝑃(𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹)) + 𝑀𝐿𝑃(𝑀𝑎𝑥𝑃𝑜𝑙𝑙(𝐹)) 

 

where σ denotes the sigmoid activation function. After channel attention, spatial attention is 

applied to determine which phase–magnitude regions are most relevant for classification The 

spatial attention map is computed as: 

 

𝑀𝑠(𝐹) = 𝜎(𝑓7𝑥7([𝐴𝑣𝑔𝑃𝑜𝑙𝑙(𝐹); 𝑀𝑎𝑥𝑃𝑜𝑙𝑙(𝐹)])) 

 

where 𝑓7×7denotes a convolution operation with a 7 × 7kernel, and [ ;  ] rnepresents 

concatenation. In this study, CBAM is used to help the model emphasize informative PRPD 

regions and suppress less relevant background responses, especially when weak or rare discharge 

patterns are present. 

2.5 Supervised Contrastive Learning  

After attention-based feature refinement, supervised contrastive learning is used to learn a 

discriminative representation space for PRPD classification. Unlike standard cross-entropy 

training, which directly optimizes class probabilities, supervised contrastive learning encourages 

samples from the same class to form compact clusters while pushing samples from different 

classes apart. (Dalila et al., 2024) introduced supervised contrastive learning as an extension of 

contrastive learning that uses label information to define positive and negative pairs. In fault 

diagnosis, supervised contrastive learning has been used to improve feature separability under 

limited and imbalanced data conditions (Dang et al., 2024; Zheng et al., 2025). 

Let 𝑧𝑖  denote the normalized feature representation of the 𝑖-th sample after the projection head. 

The supervised contrastive loss is formulated as: 
 

ℒ𝑠𝑢𝑝 = ∑
−1

|𝑃𝑖|
 ∑ 𝑙𝑜𝑔

exp (𝑧𝑖 .
𝑧𝑝

𝜏 )

∑ exp (𝑧𝑖 .
𝑧𝑎

𝜏 )𝑎𝜖𝐴(𝑖)𝑝𝜖𝑃𝑖𝑖𝜖𝐼

  

where 𝑃(𝑖)is the set of positive samples that share the same class label as sample 𝑖, 𝜏is the 

temperature parameter, and 2𝑇denotes the number of augmented samples in the mini-batch. 

Through this objective, the model is encouraged to reduce intra-class variation and increase inter-

class separation. This is particularly important for rare F-type PD signals because the original 

dataset contains very few samples from this class. 
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3. Results And Discussion 

3.1 ResUnet-Based Denoising  

The results indicate that data augmentation substantially improved the robustness of the 

proposed model. When the proposed ResUNet-CBAM-SCL model was trained using raw data, it 

achieved an accuracy of 91.90% and an F1-score of 53.81% under the original test scenario. 

However, its performance decreased markedly under the IEC-perturbed scenario, reaching only 

48.76% accuracy and 46.26% F1-score. This result suggests that raw PRPD samples alone were 

insufficient for learning robust representations when the test signal distribution was altered. 

After applying PRPD-specific data augmentation, the performance improved considerably. 

The proposed model achieved 98.24% accuracy and 96.58% F1-score under the original test 

scenario. More importantly, it maintained 97.44% accuracy and 97.76% F1-score under the IEC-

perturbed scenario. These improvements suggest that augmentation enhanced the stability of the 

learned PRPD representations by introducing controlled variations in noise, amplitude, masking, 

and phase alignment during training. 

 

 
Figure 1. t-SNE visualization of the proposed ResUNet-CBAM-SCL model under raw and 

augmented training conditions. 

 

The t-SNE plots show the latent feature distributions of four classes—Corona, Floating, Noise, 

and Surface—under four settings: (a) raw training with original testing, (b) augmented training 

with original testing, (c) raw training with IEC-perturbed testing, and (d) augmented training with 

IEC-perturbed testing. 

Figure 1 provides a visual interpretation of the latent feature distributions learned by the 

proposed model. The augmented settings in panels (b) and (d) show more consistent class-wise 

organization in the latent space than the raw settings, although the degree of separation varies 

across classes. Under IEC-perturbed testing, the augmented model maintains distinguishable 

clusters for Corona, Floating, Noise, and Surface, indicating that augmentation helps preserve 

feature organization when the input distribution changes. This visual pattern is consistent with the 

quantitative results, where the proposed model achieved improved robustness after data 

agumentation.  

3.2 ResUNet-CBAM-SCL Performance  

The confusion matrices compare the classification performance of the proposed model under 

two testing conditions: (a) original test scenario and (b) IEC-perturbed test scenario. 
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Figure 2. Confusion matrices of the proposed ResUNet-CBAM-SCL model trained with 

augmented data. 

 

Figure 2 shows that the proposed model maintained strong classification performance under 

both original and IEC-perturbed conditions. In the original test scenario, most samples were 

correctly classified across the Corona, Floating, Noise, and Surface classes, with only a small 

number of misclassifications between Corona and Surface. Under the IEC-perturbed scenario, the 

model still preserved stable classification behavior, although some Corona samples were 

misclassified as Surface. The Floating and Noise classes were classified correctly in both 

scenarios, indicating that the proposed model was able to preserve discriminative features for 

these classes even when the input distribution was perturbed. This supports the quantitative results 

showing that the augmented ResUNet-CBAM-SCL model maintained robust performance under 

IEC-perturbed testing.  

Table 1. Class-Wise Performance Metrics Under Severe IEC-Perturbed Scenario 

Training  Defect Class Model Architecture Precision (%) Recall (%) F1-Score (%) 

Raw Data Corona CNN_Base 94.68  85.97 90.45 

Proposed Framework 35.86 93.22 52.79 

Floating CNN_Base  0.00  0.00 0.00 

Proposed Framework 0.00 0.00 0.00 

Noise CNN_Base  94.12  95.45  94.78 

Proposed Framework 93.05 94.38 93.71 

Surface CNN_Base 46.42 95.95 62.98 

Proposed Framework 95.34 19.23 32.26 

Augmented 

Data 

Corona CNN_Base  95.08  91.46  93.70 

Proposed Framework 95.25 93.62 94.87 

Floating CNN_Base  94.45 93.22 93.83 

Proposed Framework 96.12 95.74 95.93 

Noise CNN_Base  95.61 95.74 95.67 

Proposed Framework 95.76 96.02 95.89 

Surface CNN_Base 93.30  94.42 93.83 

Proposed Framework 93.98 95.51 94.71 

As demonstrated in Table 1, the rare Floating electrode defect yields an absolute F1-score of 0.00% 

across all configurations when trained purely on Raw Data, validating that severe class imbalance combined 

with input perturbations heavily blinds the networks. However, upon integrating our PRPD-specific data 

augmentation, a substantial performance recovery is achieved. Under the proposed framework, the Floating 
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class successfully establishes highly resilient decision envelopes, yielding a balanced Precision of 96.12%, 

Recall of 95.74%, and a final F1-score of 95.93% without exhibiting any mathematical artifacts or 

unrealistic empirical caps. This localized stability prevents the network from collapsing into majority-

biased predictions (such as Corona and Surface streams) even when subjected to severe external distribution 

shifts. 

3.3 Ablation Analysis of ResUNet, CBAM, and SCL Components 

The ablation analysis was conducted using ResUNet-based variants because the proposed 

method is built upon the ResUNet-CBAM-SCL architecture. The evaluated models include 

ResUNet-Base, ResUNet-CBAM, ResUNet-SCL, and the proposed ResUNet-CBAM-SCL 

model. This analysis aims to examine the contribution of each component under augmented 

training conditions 

Table 2. Ablation performance of ResUNet-based models trained with augmented data. 

Model Test Scenario Accuracy  Precision Recall F1-Score 

ResUNet-Base Original 98.59 96.67 98.21 97.29 

ResUNet-Base IEC-Perturbed 97.66 98.10 97.96 97.95 

ResUNet-CBAM Original 98.94 97.69 98.15 97.91 

ResUNet-CBAM IEC-Perturbed 97.59 97.89 97.89 97.89 

ResUNet-SCL Original 98.24 96.08 97.25 96.58 

ResUNet-SCL IEC-Perturbed 96.35 96.81 96.80 96.80 

ResUNet-CBAM-SCL Proposed Original 98.24 96.08 97.25 96.58 

ResUNet-CBAM-SCL Proposed IEC-Perturbed 97.44 97.87 97.77 97.76 

 

Table 2 shows that all ResUNet-based variants achieved strong performance after data 

augmentation. ResUNet-Base obtained 98.59% accuracy and 97.29% F1-score under the original 

scenario, and 97.66% accuracy and 97.95% F1-score under IEC-perturbed testing. This indicates 

that the ResUNet architecture was already effective for preserving relevant PRPD features. 

Adding CBAM slightly improved the original test performance, with ResUNet-CBAM 

achieving 98.94% accuracy and 97.91% F1-score. However, under IEC-perturbed testing, its 

performance was comparable to ResUNet-Base. This suggests that CBAM contributed to feature 

refinement by localized spatial-channel mapping, but lacked the mathematical constraint to 

enforce wide geometric margins when the distribution boundaries shifted during external 

perturbations. Conversely, while the individual SCL integration yielded slightly conservative 

metrics on clean data, its synergy within the complete ResUNet-CBAM-SCL architecture 

provided the most stable macro-balance across both deployment scenarios, minimizing the gap 

between precision and recall boundaries. 

3.4 Comparison with State-of-the-Art Methods 

The proposed ResUNet-CBAM-SCL framework offers distinct methodological 

advancements over conventional GIS partial discharge diagnostics that typically rely on standard 

convolutional layers optimized via cross-entropy loss (Dalila, 2025). While traditional 

architectures perform adequately on static, balanced datasets, they intrinsically fail to isolate rare 

defect features, such as Floating electrode signatures, under severe sample scarcity, and they 

degrade rapidly when environmental shifts alter the phase-magnitude pulse flow (Dang, 2024). 

Our framework effectively overcomes these state-of-the-art limitations by restructuring both 

feature localization and latent optimization; the integration of a ResUNet backbone with CBAM 

suppresses background noise to lock onto high-frequency PRPD clusters, while Supervised 

Contrastive Learning (SCL) replaces fragile cross-entropy decision boundaries with a robust 

geometric representation in the latent space. By forcing rare defect embeddings to form tight, 

distinct clusters regardless of sample volume, this combined approach ensures exceptional class-
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wise sensitivity and structural stability under severe input perturbations, marking a significant 

architectural evolution over existing PRPD classification paradigms. 

4. Conclusions 

This study proposed a ResUNet-CBAM-SCL framework for rare partial discharge signal 

identification in gas-insulated switchgear using PRPD-based representations. The results show 

that PRPD-specific data augmentation played a critical role in improving model robustness, 

particularly under IEC-perturbed testing conditions. When trained with raw data, the proposed 

model achieved 91.90% accuracy and 53.81% F1-score under the original test scenario, but its 

performance decreased substantially to 48.76% accuracy and 46.26% F1-score under IEC 

perturbation. After augmentation, the model achieved 98.24% accuracy and 96.58% F1-score 

under the original scenario and maintained 97.44% accuracy and 97.76% F1-score under the IEC-

perturbed scenario. These findings indicate that the integration of ResUNet-based denoising, 

CBAM-based feature refinement, and supervised contrastive learning can support robust PRPD 

representation learning when sufficient augmented samples are available, effectively advancing 

beyond standard cross-entropy architectures by mitigating majority-class bias. However, the 

proposed model did not achieve the highest performance in every metric compared with other 

ResUNet-based variants, indicating that the contribution of CBAM and SCL was complementary 

rather than dominant. Therefore, the main strength of the proposed framework lies in its stable 

performance under perturbed conditions and its exceptional precision in isolating rare defect 

streams like the Floating class, which conventional classifiers typically misclassify. While the 

framework demonstrates that architectural complexity must be balanced with effective data 

augmentation to maximize performance, its geometric optimization in the latent space guarantees 

superior classification margins for rare faults. Future work should further validate the framework 

using larger and more diverse field-measured GIS PD datasets, particularly with more rare 

floating-electrode samples and realistic noise conditions. 
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