
Ⅰ. Introduction
A. Problem Settings
• Conventional deep learning methods trained under a single illumination direction 

struggle with highly reflective surfaces, where strong reflections either obscure defects 

or distort their shapes and boundaries, leading to misclassification.

• Multi-light imaging provides richer visual cues under diverse lighting directions, but 

existing methods that use independent encoders for each view fail to capture cross-

view defect variations. On highly reflective surfaces, they often misinterpret strong 

reflection regions as defects, leading to misclassification and reduced robustness.

B. Contributions
• We propose DiAL, a novel Dual-branch architecture for SDC that disentangles 

illumination-invariant defect features and lighting-dependent features via two 

dedicated encoders.

• By fusing view-consistent and view-specific features, DiAL enhances reliability and 

adaptability in defect classification.

• Experiments on a highly reflective surface defect dataset [1] show that DiAL 

outperforms SOTA methods in classification accuracy, interpretability, and reliability.

Ⅱ. Proposed Method
A. View-consistent Feature Extraction (VCE) Branch
• To be robust against misclassification caused by saturation regions and to reliably 

extract consistent defect representations across varying lighting conditions, we design 

the View-consistent Feature Extraction (VCE) branch.

Figure 2: The overall architecture of the proposed DiAL

B. View-specific Feature Extraction (VSE) Branch
• While the VCE branch effectively suppresses misclassification caused by saturation, it 

cannot capture defect cues that emerge only under specific lighting conditions. To 

address this, we design the View-specific Feature Extraction (VSE) branch, which 

emphasizes illumination-dependent defect features.

C. Discriminative Feature Fusion
• By combining the features from VSE and VCE for the final classification, the model 

reduces misclassification caused by reflections and effectively leverages illumination-

specific defect cues.

Ⅲ. Experiments

Ⅳ. Conclusion Ⅴ. References

Table 1: Quantitative comparison of class-wise and overall classification 

accuracy across surface defect types under multi-light source illumination. The 

results compare our proposed method against existing approaches. The highest 

classification performance is indicated in bold red, while the second-highest 

performance is shown in bold.

Table 2: Classification performance of lighting condition by the VSE module

Table 3: Ablation study to assess the contributions of ℒview and ℒdis

Figure 3: Grad-CAM visualizations for three defect classes (Dent, Deformation, and 

Bright Line) under four lighting conditions (Down, Left, Right, and Up). Each column 

shows (1) the input image, (2) Grad-CAM results based on view-consistent (V-c) 

encoder features, and (3) those based on view-specific (V-s) encoder features. The last 

row presents the fused attention map obtained by combining V-s features with the 

averaged V-c attention map (𝐅𝑚
𝑐 ).

B. Qualitative AnalysisA. Quantitative Results

• DiAL uses a dual-branch design: a view-consistent encoder (robust to reflection-

induced artifacts) and a view-specific encoder (captures lighting-dependent cues).

• This design enabled the model to reduce misclassification caused by lighting-

induced misleading reflections while leveraging meaningful lighting-responses 

around defects.

• Grad-CAM-based visualizations qualitatively validated the interpretability and 

reliability of the VCE and VSE
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Figure 1: (a) Illustration of the multi-light source illumination and image acquisition 

system (Down/Up lights are omitted). (b) Grad-CAM visualizations of a conventional 

multi-light source illumination-based defect classification method under different 

lighting conditions.
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