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Abstract

On highly reflective metal surfaces, strong lighting-induced reflections can obscure or
distort defect regions, making accurate defect detection challenging. To mitigate this, vari-
ous classification methods using multi-light source images captured under diverse lighting
conditions have been proposed. However, such approaches struggle with two critical
issues: (i) failing to clearly separate defect-like reflections from meaningful defect cues,
leading to visually ambiguous representations, and (ii) incapable of capturing lighting-
dependent variations in defect appearance. In this work, we propose a Dual-branch
network that disentangles illumination-invariant and lighting-dependent representations
via two dedicated encoders: a view-consistent encoder and a view-specific encoder. The
view-consistent encoder extracts defect features that are robust to misleading reflections
and invariant to changes in illumination, whereas the view-specific encoder focuses on
capturing fine-grained, lighting-dependent visual cues around defect regions. This design
enables the model to learn simultaneously generalized and view-adaptive representations
of defects. Experimental results demonstrate that our method significantly outperforms
existing multi-light source approaches in terms of average classification accuracy.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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1 Introduction
Surface defect classification (SDC) is a critical process in industrial manufacturing, aiming
to ensure product quality and maximize the yield of non-defective products. It is widely
applied in industries such as semiconductors, display panels, and steel production, where
even minor surface imperfections can significantly impact product reliability and performance
[6, 18, 20, 23, 27, 30, 38, 44].

With the advent of deep learning (DL), particularly convolutional neural networks (CNNs),
SDC has significantly advanced by enabling the detection of complex defect patterns without
relying on handcrafted features [10, 11, 19, 34, 36, 40, 41]. However, these methods are
generally trained on images acquired under a single, fixed illumination direction. This
assumption fails in the context of highly reflective materials such as stainless steel, where
strong reflections can obscure true defect regions or distort their shapes and boundaries.
Furthermore, overly bright (i.e., saturation) areas caused by strong reflections often resemble
actual defects in appearance, leading to misclassification and degraded model reliability [24,
39, 43]. Thus, such visual ambiguity could negatively affect DL-based defect classification.

A promising alternative involves utilizing multiple images of a single target object acquired
under varying lighting conditions (i.e., illumination directions such as Down, Up, Left, and
Right; referring to Fig. 1(a)). As illuminating the object from diverse angles enhances the
visibility of defects that may be hidden or distorted under a single illumination condition,
integrating complementary visual cues from each lighting direction allows for providing richer
information [1, 11, 13, 15, 28]. An example of this approach is to apply separate encoders
to each image taken under different lighting conditions, and then fuse the features extracted
from these encoders to create a final feature representation for classification [11, 36].

Despite their advantages, training separate encoders for each lighting view presents several
limitations. These encoders fail to consider the fact that defects may appear differently under
various lighting conditions, and each encoder tends to rely solely on the visual cues present in
its specific lighting input. On highly reflective surfaces, strong reflections may appear in both
defective and non-defective regions, often sharing similar visual characteristics. This makes it
challenging for individual encoders to distinguish between bright reflection-induced areas
and true defects. As shown in Fig. 1(b), when analyzing saliency maps (Grad-CAM [33]) of a
model trained with a conventional multi-light classification method [11], the model fails to
focus on the actual defect (red box) and attends to a saturated region (blue box) caused by
strong reflection. This phenomenon highlights the model’s vulnerability to misinterpreting
misleading reflections as defects, ultimately limiting its robustness and accuracy.

From these observations, we propose a Dual-branch network via multiple illumination-
Aware representation Learning (DiAL) for steel SDC. The rationale behind our method is
grounded in the contrasting behaviors of defects and strong reflections across varying lighting
conditions. While defect regions consistently appear at the same spatial location regardless of
the illumination direction, owing to their physical entities on the surface, reflection-induced
saturation regions shift depending on the lighting angle, as shown in Fig. 1(b). This spatial
discrepancy provides a valuable learning signal: by comparing multiple lighting views of
the same object, the model can be encouraged to concentrate on consistent defect cues
while suppressing unstable misleading reflections. Furthermore, visual responses such as
brightness changes, shadows, and sharpness variations that occur around defects due to
lighting conditions are view-specific cues that vary depending on the lighting direction, and
this can be useful information for defect recognition. Building on these rationales, our goal is
to learn representations that are both robust to misleading reflections and capable of exploiting
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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.

view-specific cues. However, there is an inherent trade-off between robustness to misleading
reflections and the use of view-specific cues. Utilizing view-specific cues during training
makes the model more susceptible to saturation regions, increasing the risk of mistaking
misleading reflections for defects. Conversely, focusing on reducing such confusion may
hinder the model’s ability to capture informative view-specific cues.

Leveraging such insights, our proposed DiAL is designed with two primary encoders
to separately handle these complementary objectives: a view-consistent encoder (VCE),
which learns illumination-invariant defect representations by capturing features that persist
across lighting conditions, and a view-specific encoder (VSE), which focuses on extract-
ing illumination-dependent cues such as brightness changes, shadows, and edge sharpness
variations that may enhance defect discriminability. By explicitly decoupling the learning
of consistent and adaptive features into parallel branches, our method effectively reduces
the negative impact of illumination-related noise while preserving useful lighting-induced
information for accurate defect classification. We finally incorporate the view-consistent and
view-specific defect features through feature fusion which allows the network to effectively
handle diverse defect types and subtle intra-class variations by complementing the strengths
of each representation and selectively emphasizing the most informative features, thereby
improving the overall reliability and adaptability of defect classification.

The main contributions of this study are as follows:

1. We propose DiAL, a novel Dual-branch architecture for SDC that disentangles illumination-
invariant defect features and lighting-dependent features via two dedicated encoders.

2. By fusing both view-consistent and view-specific defect features, our framework effec-
tively handles diverse defect types and subtle intra-class variations by leveraging their
complementary strengths, thereby improving the overall reliability and adaptability of
defect classification.

3. Extensive experiments on a highly reflective surface defect dataset [11] demonstrate that
our DiAL framework outperforms state-of-the-art methods not only in classification
accuracy but also in terms of interpretability and reliability, both qualitatively and
quantitatively.
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2 Related Works

2.1 Models for Surface Defect Classi�cation

SDC based on DL methods represents a key application of image-based computer vision
technology and has been the subject of ongoing research in parallel with advances in image
classi�cation methodologies. The early development of image classi�cation was primarily
driven by CNN-based architectures such as AlexNet [21], VGG [35], and ResNet [14]. More
recently, Transformer-based models such as Vision Transformer [9], Swin Transformer [25],
and Vision Mamba [45] have been proposed. However, in the �eld of defect classi�cation,
securing suf�cient sample images containing various types of defects remains challenging,
primarily because defect occurrences are irregular and rare in real industrial environments
[2, 5, 26, 31, 37].

2.2 Defect Inspection via Multi-Light Source Images

For highly re�ective materials such as stainless steel or glossy metals, defect inspection under
a single lighting condition poses signi�cant challenges, as strong re�ections can obscure
defects or distort their shapes, making visual identi�cation dif�cult [11]. To mitigate the visual
distortions caused by illumination, various studies have explored the use of images captured
under multiple lighting angles to obtain more uniform and enriched visual information. Liet
al. [22] proposed an illumination setup that reduces strong re�ections through an optical
design based on diffuse lighting, thereby enhancing the visibility of surface defects. Similarly,
Huanget al. [16] developed a hemispherical LED lighting module that provides uniform
illumination from multiple directions, improving defect visibility on highly re�ective metallic
surfaces. Recently, Fuet al. [11] introduced a multi-stream CNN model called FOMI that
enhances defect classi�cation performance by fusing multi-light source illumination images
acquired from various lighting directions. However, these existing approaches have a critical
drawback in that they typically use separate encoders for each lighting condition, making
them vulnerable to misleading re�ections [4, 29].

3 Proposed Method

In this study, we propose a novel Dual-branch architecture that employs a view-consistent
encoder (VCE) and a view-speci�c encoder (VSE) to simultaneously learn defect features
that are robust to misleading re�ections in highly re�ective material images, and to effectively
utilize visual cues derived around defects under speci�c lighting conditions.

The proposed method consists of the following three key components:

• View-consistent Feature Extraction (VCE) Branch – learns consistent defect representa-
tions that are invariant across different lighting conditions.

• View-speci�c Feature Extraction (VSE) Branch – captures view-speci�c cues around
defects that are revealed under different lighting conditions.

• Discriminative Feature Fusion – performs defect classi�cation by integrating the view-
consistent and view-speci�c representations.
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Figure 2: The overall architecture of the proposed DiAL.

The input to the model consists of a set of imagesX = f X1;X2; : : : ;XVg captured under
different lighting conditions for a single inspection target, along with the corresponding
defect labely and lighting condition labelyview

n . A total of V = 4 images under different
lighting conditions (Down, Left, Right, and Up) were used for each sample, andn denotes
the index used to distinguish the lighting conditions (n = 1;2; : : : ;V). As shown in Fig. 2, the
encodersEqc andEqs refer to the VCE and the VSE, respectively, whereqc andqs denote
the learnable parameters of each encoder. The proposed overall architecture is designed as a
uni�ed network and is trained in an end-to-end manner.

3.1 View-consistent Feature Extraction Branch

To be robust to misclassi�cation caused by saturation regions and to reliably extract consistent
defect representations that appear across different lighting conditions, we designed the VCE,
denoted asEqc. The moduleEqc is trained to extract generalized defect representations that
are invariant to variations in lighting conditions. As shown in Fig. 2, each input image set
X is passed throughEqc, resulting inV spatial feature mapsFc

n 2 Rh� w� d, whereh andw
denote the spatial resolution of the feature maps, andd represents the number of channels.
Subsequently, these feature maps are spatially reduced via Global Average Pooling (GAP) to
obtainV feature vectorscn 2 Rd, which are then used in two different pathways. First, each
vectorcn is individually fed into the defect classi�erCc

defect for defect classi�cation, where
training is performed using Cross-Entropy (CE) loss. At the same time, the vectors are passed
through a Gradient Reversal Layer (GRL) [12] and then fed into the view discriminatorDview,
where adversarial learning is applied to remove lighting-related information. The GRL guides
Eqc to avoid extracting lighting-related information by reversing the gradient. The two losses
to trainEqc are de�ned as follows:

L c
cls =

V

å
n= 1

CE(Cc
defect(cn);y) ; L dis =

V

å
n= 1

CE
�
Dview(GRL(cn)) ;yview

n
�

: (1)
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With this, Eqc can extract generalized defect features by minimizing the in�uence of
lighting conditions. Thus, it can effectively learn generalized defect-centric representations
while being robust to misleading re�ections. AlthoughEqc is trained to extract features that
are resilient to misleading re�ections, it may still extract features from saturation regions that
are irrelevant to defects under certain lighting conditions among the input imagesX. As shown
in the blue box of Fig. 1(b), it can be observed that the saturation regions caused by the strong
re�ections are formed at different locations depending on the lighting direction. Therefore, to
reduce the in�uence of unnecessary misleading re�ections caused by lighting conditions, the
V feature mapsFc

n extracted from each view are averaged at the same spatial locations and
channels to generateFc

m 2 Rh� w� d. This integrated representationFc
m is subsequently used in

the Discriminative Feature Fusion as a defect feature that mitigates false predictions caused
by misleading re�ections.

3.2 View-speci�c Feature Extraction Branch

The Eqc described in Section 3.1 effectively learns defect representations that suppress
misclassi�cation arising from saturation regions, but it has a limitation in that it cannot extract
view-speci�c defect cues that appear only under certain lighting conditions. To address
this limitation, each input imageX is processed throughEqs. EachXn is transformed into
a view-speci�c spatial feature mapFs

n 2 Rh� w� d via Eqs, andEqs is trained so that each
Fs

n contains defect-relevant information that appears only under the corresponding lighting
condition. Fs

n are then reduced via GAP intoV vectorssn 2 Rd, which are used in the
following two pathways. First, eachsn is independently fed into the view classi�erCview to
compute the lighting condition classi�cation lossL view. At the same time, eachsn is also fed
into its corresponding defect classi�erCs

defect;n to compute the defect classi�cation lossL s
cls

as follows:

L view =
V

å
n= 1

CE(Cview(sn);yview
n ); L s

cls =
V

å
n= 1

CE(Cs
defect;n(sn);y): (2)

Using these two losses, theEqs is guided to effectively learn defect representations that
are emphasized under each lighting condition, thereby enabling it to extract meaningful
view-speci�c defect cues.

3.3 Discriminative Feature Fusion

TheEqc andEqs are designed to extract defect features with different objectives. To verify
whether the design intentions were effectively re�ected, Grad-CAM was applied to a Dent
defect sampleX using the trained model, and the attention regions of the two encoders were
visualized on the right side of Fig. 2. As a result, it was observed that theEqc consistently
focuses on the defect center regardless of the lighting condition, while theEqs attends to the
view-speci�c cues around the defect that vary with the lighting condition. To effectively fuse
these complementary representations, this Subsection introduces a method that combines
Fc

m obtained from theEqc with the V feature mapsFs
n obtained from theEqs, enabling

the simultaneous utilization of defect features that are robust to misclassi�cation caused
by misleading re�ections and view-speci�c defect cues that appear under speci�c lighting
conditions. First,Fc

m and theFs
n are concatenated along the channel dimension to form a

uni�ed representationFfusion2 Rh� w� (d�(V+ 1)) . Subsequently,Ffusion is passed through a1� 1
convolution to align the different features into a uni�ed representation space while reducing
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Method Normal Bright Line Deformation Dent Scratch Overall accuracy

ETE [42] 90.18 55.40 73.13 80.00 86.40 81.38
SN-ELF+MRF [10] 92.77 64.79 77.11 90.37 92.15 86.71
FOMI [11] 94.03 63.03 86.03 95.07 91.03 88.40
SICN [7] 95.00 66.19 85.82 94.44 91.18 88.83
MHAF [36] 91.48 60.56 71.14 96.30 89.47 84.61

Proposed 96.00 82.33 86.67 96.33 91.33 91.44

Table 1: Quantitative comparison of class-wise and overall classi�cation accuracy across
surface defect types under multi-light source illumination. The results compare our proposed
method against existing approaches. The highest classi�cation performance is indicated in
bold red, while the second-highest performance is shown inbold.

the number of channels to extract the core features. Then, Squeeze-and-Excitation (SE) [17] is
applied to adaptively adjust the importance of each channel based on its contribution to defect
recognition. Through this process, features important for defect classi�cation are emphasized,
while irrelevant information is suppressed. This process can be formulated as follows:

Fse= SE(Conv1� 1(Ffusion)) : (3)

The re�ned integrated representationFse2 Rh� w� d is reduced to a global vectorg 2 Rd

via GAP, which is then fed into the defect classi�erCg
defect for defect classi�cation. The CE

loss between the predicted defect class and the ground truth labely is computed as follows:

L g
cls = CE(Cg

defect(GAP(Fse)) ;y); (4)

whereL g
cls is used to trainCg

defect to accurately predict the defect class from the re�ned
integrated feature representation, and the �nal defect classi�cation result is determined by the
output ofCg

defect.

4 Experiments

Dataset.To evaluate the effectiveness of the proposed method, we used a publicly available
multi-light source dataset for SDC, provided by [11], consisting of 687 USB connector
samples made of re�ective stainless steel. Each sample includes �ve images captured under
different lighting conditions: Down, Left, Right, Up, and Uniform. Since defects are typically
localized to small regions, each 800×1000 image was divided into non-overlapping 200×200
patches to focus on informative defect areas. Each patch was annotated according to its
corresponding defect class, chosen from Dent, Scratch, Bright Line, Deformation, and
Normal. Uniform lighting images were collected but excluded from our experiments, which
used the four directional lighting conditions. The resulting patch-based dataset is referred to
as the multi-light patch dataset (MLPD). Further details on the lighting setup, patch extraction
process, and annotation protocol are provided in Supplementary SectionA.
Implementation Details. All experiments were conducted using the PyTorch framework
[32]. Both the proposed feature extractors—VCE and VSE—utilized SqueezeNet [17] as the
backbone, with weights initialized from a model pre-trained on the ImageNet-1K dataset [8].
Further details of the backbone architecture are provided in Supplementary SectionB. For a
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Lighting condition Down Left Right Upper Overall accuracy

Accuracy 99.00 96.85 95.35 97.74 97.23

Table 2: Classi�cation performance of lighting condition by the VSE module.

fair comparison, no data augmentation was applied in any of the experiments. The batch size
was set to 64, and the total number of training iterations was �xed at 500. For learning rate
scheduling, the cosine annealing policy was applied, with an initial learning rate of 0.0025.
The networks were trained using the Stochastic Gradient Descent (SGD) algorithm [3], with
a momentum of 0.9 and a weight decay of 0.0001. All experiments were performed on an
NVIDIA RTX 3090 GPU with 24 GB of RAM.
Comparison with Benchmark Methods. The benchmark methods used for comparative
experiments included CNN-based models designed for SDC under single-light source con-
ditions [7, 10, 42], as well as those developed for multi-light source illumination [11, 36].
All benchmark methods were implemented either based on the authors' publicly available
source code or by following the descriptions provided in their papers. The same four lighting
condition images (Down, Left, Right, and Up) used in the proposed method were utilized.
Single-light-based models generated independent logits for each input image, and the �nal
classi�cation result was determined by summing the logits and selecting the class with the
highest score. In contrast, both the proposed method and other multi-light-based models
extracted features from each lighting condition and subsequently fused them into a uni�ed
representation for predicting defect classes.

4.1 Quantitative Results

We evaluated the SDC performance of the proposed and benchmark methods on the MLPD.
All experimental results were reported as the mean classi�cation accuracy over cross-
validation folds. Table 1 presents the class-wise and overall classi�cation accuracy evaluated
on the MLPD dataset. As shown in the table, existing methods tended to perform worse on the
Bright Line class, likely due to confusion between actual defects and misleading re�ections,
which exhibit similar visual characteristics. In contrast, the proposed DiAL effectively dis-
tinguished actual defects from such misleading re�ections by leveraging illumination-aware
representation learning. In addition, Tab. 2 showed that VSE provided high classi�cation
accuracy for lighting conditions on the MLPD, indicating its ability to effectively learn and
distinguish view-speci�c characteristics across different views. By this, the proposed method
empirically demonstrated a remarkable contribution for SDC within highly re�ective metal
surfaces.

4.2 Qualitative Analysis

Figure 3 showed visualizations using the MLPD to qualitatively evaluate the interpretability
of the VCE and VSE. For Dent, the VCE identi�ed the defect-centered region consistently
across all lighting conditions, while the VSE emphasized defect-related cues such as shadows,
brightness changes, and sharpness variations that occurred around the defect depending on
the lighting condition. This complementary characteristic enabled the �nal fusion result
to achieve reliable defect classi�cation. In the case of Deformation, the VCE captured the
primary deformation boundaries, while the VSE effectively captured �ne-grained surface




