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Abstract

Surface weld defects in circular pipes are often low-contrast, elongated, and easily confused with back-
ground texture, which makes accurate real-time inspection challenging on production lines. This work
presents GED-YOLOv5, a lightweight enhancement of YOLOv5 tailored for weld-defect localization.
Specifically, GED-YOLOv5 integrates (i) a C3_DSC block with Dynamic Snake Convolution to better
model slender and irregular defect patterns, (ii) a re-parameterized Gather-and-Distribute mechanism
with efficient fusion to strengthen multi-scale feature aggregation, and (iii) Efficient Channel Attention
for low-cost channel recalibration. We further study a transfer-learning pipeline that adapts a model
pre-trained on a public TIG weld dataset to a small in-house circular-pipe dataset. Experiments show
that GED-YOLOv5 improves F1 and mAP over recent YOLO variants while maintaining real-time
throughput (119 FPS on an RTX 4090). Cross-domain evaluation also indicates that source pre-training
and fine-tuning are beneficial when target annotations are limited. Overall, GED-YOLOv5 provides a
favorable accuracy–efficiency trade-off for industrial weld inspection.

Keywords: Deep learning, Re-parameterization, Transfer learning, Weld defect detection, YOLOv5

1 Introduction

Welded circular pipes are widely used in construc-
tion, petrochemical, marine, and other industrial
applications, where weld quality is directly linked
to structural integrity and service safety. During
manufacturing and in-service operation, surface
weld defects such as undercut, cracks, arc craters,
and other irregular discontinuities may appear
along the weld seam. On real production lines,
these defects are often small, low-contrast, and

elongated, and their appearance varies with illumi-
nation, surface oxidation, and imaging geometry.
These factors make manual inspection subjective
and time-consuming and also challenge traditional
vision pipelines based on handcrafted features
[1–5].

In addition to optical inspection, non-
destructive evaluation techniques (e.g., eddy-
current testing) have been used to screen metal-
lic surface flaws [6]. Nevertheless, camera-based
inspection provides a favorable trade-off among
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cost, throughput, and deployment complexity.
Deep models have therefore been widely explored
for automated surface inspection across domains.
Representative studies include steel-surface defect
detection [7–10], PCB defect detection under
dense components and tiny targets [11–13], and
bruise/blemish detection for agricultural produce
[14, 15].

Recent works have also demonstrated the effec-
tiveness of YOLO-style detectors for industrial
inspection. Zhang et al. proposed YOLO-DSCW
for seamless stainless-steel pipe surface defect
detection [16]. For welding-related vision tasks,
Song et al. developed an improved YOLO variant
to localize weld feature points for robotic welding
under strong noise [17]. Attention-enhanced multi-
scale frameworks have further been explored to
strengthen defect representation under complex
backgrounds [18, 19]. These works motivate both
accuracy-oriented architectural enhancements and
lightweight designs for practical deployment.

With the rapid progress of deep learning, defect
inspection has increasingly shifted toward data-
driven object detection and segmentation [20, 21].
Meanwhile, weak supervision and anomaly detec-
tion have been explored to reduce annotation
costs [22–26]. For weld defect inspection, Block et

al. introduced LoHiWeld to study low-resolution
weld inspection under realistic conditions [27],
and related works have investigated TIG weld
inspection using either classification or detection
frameworks [28–30]. Despite promising results,
two practical issues remain: (i) publicly available
datasets for circular-pipe weld seams are scarce
and often cover limited acquisition conditions, and
(ii) models trained on one dataset can degrade
when applied to new sites due to domain shift
[31]. Transfer learning is therefore often adopted to
reuse knowledge from related datasets when target
annotations are scarce [32, 33].

From a model-design perspective, preserving
weak cues and modeling elongated defect patterns
are critical for one-stage detectors. Dynamic Snake
Convolution (DSC) provides a deformable recep-
tive field that better fits thin or irregular structures
[34]. Gold-YOLO proposes an efficient Gather-and-
Distribute (GD) mechanism to enhance global–
local feature interaction with low computational
overhead [35]. In addition, recent IoU variants

(e.g., MPDIoU) can improve localization robust-
ness for objects with varying aspect ratios [36].
These developments motivate us to redesign convo-
lutional and feature aggregation modules for weld
defect detection while maintaining a lightweight
detector suitable for deployment.

In summary, surface weld defect detection faces
the following practical challenges:

1. Weak and elongated defect patterns:

Small-area and low-contrast defects can be
suppressed during feature extraction and multi-
scale fusion, leading to missed detections.

2. Limited and heterogeneous data: Public
datasets for circular-pipe weld inspection are
scarce, and data distributions can shift across
sites and acquisition setups.

3. Deployment constraints: Inspection systems
must balance accuracy with real-time through-
put and computational cost on production lines
[19].

To address these challenges, we propose an
improved detector named GED-YOLOv5. The
main contributions are summarized as follows:

• We propose GED-YOLOv5, which strengthens
multi-scale feature aggregation via an improved
GD mechanism with re-parameterized infor-
mation injection and efficient fusion, thereby
preserving weak defect cues.

• We introduce a C3_DSC module that inte-
grates Dynamic Snake Convolution to better
capture slender and irregular defect patterns
with modest computational overhead.

• We investigate transfer learning from a public
TIG weld dataset (source domain) to a small
circular-pipe weld dataset (target domain) and
establish a protocol for single-class bad weld

evaluation.
• Comprehensive experiments, including compar-

isons with recent YOLO variants, ablation
studies, and efficiency analysis, validate the
effectiveness of the proposed method.

The remainder of this paper is organized as
follows. Section 2 describes the proposed GED-
YOLOv5 architecture and the transfer-learning
protocol. Section 3 presents experimental settings
and results. Section 4 concludes the paper and
outlines future work.
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2 Materials and Methods

YOLOv5 (v6.1) is adopted as the baseline detector
due to its favorable accuracy–efficiency trade-off for
real-time visual inspection. Nevertheless, surface
weld defects on circular pipes are often weak-
contrast, slender, and irregular, which can be
suppressed during standard convolutional feature
extraction and multi-scale fusion. To better accom-
modate these characteristics, we propose GED-
YOLOv5, which augments YOLOv5 with three
lightweight components and a transfer-learning
protocol for small target-domain datasets: (i) a
C3_DSC block that introduces Dynamic Snake
Convolution (DSC) to improve geometric adapt-
ability, (ii) an improved Gather-and-Distribute
(GD) feature aggregation mechanism that incorpo-
rates re-parameterized information injection and
efficient fusion, and (iii) an Efficient Channel
Attention (ECA) module to recalibrate channel
responses with negligible overhead. An overview
of the proposed architecture is provided in Fig. 1.
For real-time deployment, lightweight backbone
designs such as MobileOne have been investigated
to improve latency on edge devices [37].

2.1 C3_DSC Module

Defects such as porosity clusters, undercuts, and
lack-of-fusion traces may appear as thin, curved,
or fragmented regions. To strengthen the represen-
tation of these elongated structures, we replace the
standard C3 block with a C3_DSC module by inte-
grating Dynamic Snake Convolution (DSC) [34].
Unlike rigid grid sampling in standard convolution,
DSC learns deformable sampling locations guided
by local feature responses, thereby providing a
flexible receptive field that better follows defect
boundaries.

Let X denote the input feature map. The DSC-
based transformation is expressed as

X ′ = DSConv1×1(X), Y ′ = DSConv3×3(X
′)
(1)

where DSConv1×1(·) and DSConv3×3(·) denote
the DSC operators with 1 × 1 and 3 × 3 kernels,
respectively. Following the C3 design, features from
multiple bottlenecks are concatenated and pro-
jected to form the final output. During training,
DSC introduces dynamic kernel modulation; for
inference, the effective kernel of each block can be

written as

Wblock = α ·Wconv ⊙ CDS + bKDS (2)

Wfinal =
∑

block

Wblock (3)

where α is an adjustment coefficient, bKDS denotes
the bias term, and CDS represents the channel-
dependent scaling. This formulation allows the
module to capture defect geometry with limited
additional parameters.

2.2 Improved Gather-and-Distribute
(GD) Mechanism

Feature aggregation in the neck is critical for
detecting defects across scales, especially for small
or weak targets that may be suppressed during
repeated downsampling. We refine the Gather-and-
Distribute (GD) mechanism to improve cross-scale
information flow while keeping the model suit-
able for real-time deployment. The improvements
include (a) re-parameterization of the information
injection branch to reduce inference latency, (b)
a residual path in the fusion module to preserve
weak responses, and (c) depthwise separable convo-
lution in pyramid pooling to lower computational
overhead.

2.2.1 Re-parameterization of the

Information Injection Module

The original information injection module uses
multi-branch convolutions to enrich features dur-
ing training. To avoid the corresponding inference
overhead, we fuse the parallel branches into a sin-
gle equivalent convolution. Specifically, the fused
kernel and bias are computed as:

Kfused = Kdense + pad(K1×1) (4)

bfused = bdense + b1×1 (5)

where pad(·) aligns the 1 × 1 kernel to the spa-
tial support of the 3 × 3 kernel. This structural
re-parameterization preserves the multi-branch
representation during training while deploying a
single convolution branch for efficient inference.
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Fig. 1: The overall architecture of the proposed GED-YOLOv5 model.

2.2.2 Residual Connection in the

Fusion Module

To reduce missed detections on faint defects (e.g.,
fine porosity), we introduce a residual shortcut
that adds a resized intermediate feature map to
the fused output:

Output = Fusion(x1, x2, x3) + Resize(x2) (6)

This design encourages the fusion module to retain
low-level cues that are informative for subtle defect
regions.

2.2.3 Depthwise Separable Convolution

in Pyramid Pooling

Pyramid pooling is effective for enlarging the recep-
tive field but can be computationally expensive
when implemented with standard convolutions. We
therefore employ depthwise separable convolution
in the pyramid pooling stage, reducing parameters

and FLOPs while maintaining multi-scale context
modeling.

2.3 ECA Attention Mechanism

Weld images often contain strong background tex-
ture and illumination variations. To guide the
network to emphasize defect-related responses,
we incorporate Efficient Channel Attention
(ECA) [38] at the end of the backbone. ECA avoids
dimensionality reduction and uses a lightweight 1D
convolution to capture local cross-channel interac-
tions. The kernel size k is adaptively determined
from the channel dimension C:

k =

∣

∣

∣

∣

log2(C)

γ
+

b

γ

∣

∣

∣

∣

odd

(7)

where γ and b are hyper-parameters and (·)odd
denotes the nearest odd integer. The resulting
channel weights are applied to recalibrate the
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feature map with minimal computational cost.
Additional ECA design details are provided in the
Supplementary Material.

2.4 Transfer Learning for Small
Sample Datasets

In practical deployments, collecting and labeling
large-scale circular-pipe weld defect datasets can
be costly. We therefore adopt a transfer-learning
strategy that leverages a public TIG welding
dataset (source domain) for pre-training [28]. The
model is first trained on the source dataset with
multi-class defect annotations to learn generic weld
appearance features. Then, the learned weights are
used to initialize training on the in-house circular-
pipe dataset (target domain), where only limited
samples are available. This procedure improves
optimization stability and reduces overfitting com-
pared with training from scratch. Representative
source/target examples are provided in the Sup-
plementary Material.

3 Experiments and Discussion

3.1 Experimental Setup

All experiments were performed on an Ubuntu
workstation equipped with an NVIDIA GeForce
RTX 4090 GPU (24 GB). Table 1 summarizes the
experimental configuration and the default training
settings. Unless otherwise specified, all models were
trained and evaluated under the same protocol to
ensure a fair comparison.

Inference protocol and speed measurement.

All quantitative results in Table 3 are reported on
the same test split with batch size = 1 and identical
input resolution. Unless otherwise noted, we fol-
low the official YOLOv5 validation script (val.py)
with conf_thres=0.001 and NMS IoU threshold
0.6 for metric computation. Throughput (FPS)
is measured using the official evaluation pipeline,
including preprocessing and non-maximum sup-
pression (NMS) but excluding disk I/O. We
discard the first 50 warm-up iterations and report
the average over the full test set. Half-precision
(FP16) inference is enabled when supported by the
backend.

Preprocessing and augmentation.

Images were normalized using channel-wise mean
and variance. We applied standard YOLOv5 data
augmentation, including mosaic augmentation and
random horizontal flips. Generative data augmen-
tation (e.g., GAN-based synthesis) has also been
explored to alleviate data scarcity in visual inspec-
tion [25, 39]. To improve robustness on the small
target-domain dataset, mild geometric perturba-
tions (rotation within ±10◦) and random cropping
were additionally used.

3.1.1 Dataset and Preprocessing

We evaluate GED-YOLOv5 on two domains: a
source-domain public TIG welding dataset and a
target-domain in-house circular-pipe weld defect
dataset. The source dataset follows the VOC for-
mat and provides multi-class annotations of weld
appearance/defect regions. The target dataset con-
tains images captured by an industrial camera
under controlled illumination; each image includes
one or more defect regions annotated with bound-
ing boxes. Details of the acquisition setup are
provided in the Supplementary Material. For dis-
continuous defects, multiple boxes are used to cover
separated defect segments. Dataset splits are sum-
marized in Table 2. The target-domain dataset
contains 170 raw images. We randomly split the
raw target images into 120/25/25 for train/val/test.
To mitigate data scarcity, we perform offline aug-
mentation on the training split, expanding 120
raw training images to 600 images, while keeping
the validation and test sets unchanged (25 images
each) for an unbiased evaluation. The resulting tar-
get splits contain 790, 28, and 35 defect bounding
boxes for train(aug)/val/test, respectively.

Experimental settings.

To connect the public multi-class benchmark with
the practical in-house inspection scenario, we
report two experimental settings:

• Source-domain in-domain evaluation.

Train, validate, and test on the public TIG
weld defect dataset with the full label set (six
defect types plus defect-free samples). This
setting supports a controlled comparison among
different YOLO variants (Table 3).

• Source→target zero-shot evaluation. Train
on the public dataset and directly evaluate
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Table 1: Experimental configuration and default training settings.

Item Setting

Operating system Ubuntu
GPU NVIDIA GeForce RTX 4090 (24GB)
Input size 640× 640

Batch size 16 (source domain); 8 (target domain)
Framework PyTorch 1.11.0

Optimizer SGD (momentum 0.937, weight decay 5× 10
−4)

Schedule 200 epochs, warm-up 3 epochs + cosine annealing

Table 2: Dataset composition and splits (number
of images). For the target domain, the training
split contains 120 raw images and is expanded
to 600 images after offline augmentation (shown
in parentheses); validation and test sets remain
unchanged. Target-domain boxes: 790/28/35 for
train(aug)/val/test.

Dataset Train Val Test

Source domain total 890 255 127
Target domain total 120 (600) 25 25

on the target-domain test split without any
parameter updates. Because the target-domain
annotations focus on pass/fail inspection, we col-
lapse all predicted defect categories into a single
bad weld class for evaluation (Table 5).

3.1.2 Training Details

We trained models using PyTorch 1.11.0 and the
official YOLOv5 training pipeline. Stochastic Gra-
dient Descent (SGD) was adopted with momentum
0.937 and weight decay 5× 10−4. The initial learn-
ing rate was 0.01 with a linear warm-up during
the first three epochs, followed by cosine annealing.
Unless otherwise stated, training was conducted
for 200 epochs.

For cross-domain evaluation in the
source→target setting, the detector is trained on
the source-domain TIG dataset and then directly
tested on the target-domain split without further
adaptation. Therefore, no additional fine-tuning
schedules (e.g., freezing/unfreezing) are used
unless explicitly stated.

3.1.3 Evaluation Metrics

We report detection effectiveness using precision
(P ), recall (R), F1-score, and mean Average Pre-
cision (mAP). Let TP , FP , and FN denote the
numbers of true positives, false positives, and false
negatives, respectively. Precision and recall are
defined as

P =
TP

TP + FP
, R =

TP

TP + FN
. (8)

The F1-score is the harmonic mean of P and R:

F1 =
2PR

P +R
. (9)

Following common practice in object detection, we
compute mAP@0.5 at an IoU threshold of 0.5, and
COCO-style mAP@0.5:0.95 by averaging over IoU
thresholds from 0.50 to 0.95 with a step of 0.05.
Efficiency is reported as end-to-end latency and
frames per second (FPS) measured on the same
hardware.

3.2 Results and Discussion

3.2.1 Overall Performance of

GED-YOLOv5

We first analyze GED-YOLOv5 on the source-
domain TIG dataset. Compared with the YOLOv5
baseline, the proposed model exhibits a con-
sistently better precision–recall trade-off and
improved robustness to background clutter and
weak-contrast defect patterns. The improvements
are more pronounced on categories with slender or
fragmented morphology, aligning with the design
motivation of the refined feature aggregation and
the C3_DSC replacement. In addition, qualitative
inspections indicate that GED-YOLOv5 reduces
missed detections on small/low-contrast defects
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and suppresses spurious predictions under complex
weld textures. For completeness, we provide PR
curves, per-class breakdowns, and additional qual-
itative examples in the Supplementary Material.

3.2.2 Comparison with

State-of-the-Art Models

Table 3 compares GED-YOLOv5 with sev-
eral recent YOLO variants in terms of
model size, accuracy, and speed. We com-
pare against YOLOv7 and the small variants
YOLOv8s/YOLOv9s/YOLOv10s using publicly
available implementations (official repositories
where available). Unless stated otherwise, all base-
lines are trained from scratch on the same data
split with identical input resolution (640) and the
same training schedule (200 epochs), following
the default training recipes of each framework.
GED-YOLOv5 achieves the highest mAP@0.5
and F1-score among the compared models while
keeping the parameter count in a similar range to
lightweight detectors. Importantly, the inference
speed remains competitive, which is essential for
in-line inspection.

Discussion of quantitative comparison.

Table 3 compares GED-YOLOv5 with represen-
tative YOLO variants under the unified protocol
described in Section 3.1. GED-YOLOv5 achieves
the best F1-score (91%) and the highest mAP@0.5
(91.3%) while keeping the parameter count low
(9.2M) and maintaining real-time throughput
(119FPS). Under the stricter COCO-style met-
ric mAP@0.5:0.95, YOLOv8s reaches the highest
value (75.3%), indicating stronger localization
performance at high IoU thresholds, whereas GED-
YOLOv5 attains 70.3% with a substantially higher
inference speed. Compared with YOLOv7, which
yields a competitive mAP@0.5:0.95 (74.1%) but
requires 37.2 M parameters, GED-YOLOv5 offers
a more favorable accuracy–efficiency trade-off for
in-line inspection. Overall, the results suggest that
the proposed architectural modifications primar-
ily improve detection reliability (precision/recall
balance) and coarse-to-medium localization accu-
racy, while further gains under high-IoU evaluation
may benefit from higher-resolution training and
boundary regression, which we consider in future
work.

3.2.3 Training Curves and Convergence

GED-YOLOv5 exhibits stable optimization behav-
ior under the same training schedule as the
baseline, without introducing noticeable oscilla-
tions. Training-loss trajectories and mAP evolution
curves are provided in the Supplementary Material
for reference.

3.3 Ablation Study

We conduct an ablation study on the public
TIG weld dataset to quantify the contribution of
each proposed component under identical training
and evaluation settings. To keep the presenta-
tion concise for the two-column layout, Table 4
reports the impact of enabling (i) the optimized
Global-Dependency (GOLD) module (GD), (ii) the
C3_DSC replacement, and (iii) the ECA attention.
We summarize performance using F1 and mAP
metrics (mAP@0.5 and the stricter COCO-style
mAP@0.5:0.95). Here, F1 is computed from preci-
sion and recall reported by the evaluation script
as F1 = 2PR

P+R
. Starting from the YOLOv5s base-

line, each individual component yields a consistent
gain in mAP@0.5. The full combination (GED-
YOLOv5) achieves the best overall accuracy on
this benchmark, while detailed model size compar-
isons for the final models are provided in Table 3.

3.4 Transfer Learning Results

Table 5 reports target-domain single-class results
(bad weld) under three protocols: (A) zero-shot

transfer (directly evaluating the source-trained
detector on the target set without any target fine-
tuning), (B) source-initialized fine-tuning on the
target training set, and (C) target-only training
from random initialization.

All protocols use the same target-domain split
in Table 2. For protocol (B), we initialize the model
with the corresponding source-domain checkpoint
and fine-tune all layers (freeze=0) for 200 epochs
using SGD with lr0 = 0.01 (lrf = 0.01), momen-
tum 0.937, and weight decay 5× 10−4, with input
size 640× 640 and batch size 8. Since the target
task is single-class, the detection head is adapted
to nc=1; when nc changes, the YOLOv5 train-
ing pipeline transfers backbone/neck weights and
re-initializes the detection head.
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Table 3: Performance comparison on the public TIG weld dataset (source domain). All models are trained
and evaluated with input size 640 × 640; FPS is measured on an RTX 4090 with FP16 inference and
batch size 1.

Model Params (M) F1 (%) mAP@0.5 (%) mAP@0.5:0.95 (%) FPS

YOLOv5 7.0 88.0 88.6 68.9 120.5
YOLOv7 37.2 90.0 90.5 74.1 116.1
YOLOv8s 11.1 89.0 91.0 75.3 86.2
YOLOv9s 9.7 81.0 84.8 62.7 80.0
YOLOv10s 8.0 83.0 86.0 68.3 147.0
GED-YOLOv5 9.2 91.0 91.3 70.3 119.0

Table 4: Ablation study of the proposed modules on the public TIG weld dataset. All variants are trained
with identical settings.

Setting GD C3_DSC ECA F1 mAP@0.5 mAP@0.5:0.95

Baseline (YOLOv5s) - - - 88.0 88.6 68.9

+GD (GOLD) ✓ - - 89.1 89.8 69.1

+ECA - - ✓ 88.6 89.2 68.9

+C3_DSC - ✓ - 87.7 89.8 65.0

+ECA+C3_DSC - ✓ ✓ 89.4 89.6 69.6

Full (GED-YOLOv5) ✓ ✓ ✓ 91.0 91.3 70.3

In the zero-shot setting (A), GED-YOLOv5

improves recall from 22.9% to 45.7% and F1 from
28.3% to 37.7%, indicating better cross-domain
generalization. With source-initialized fine-tuning
(B), GED-YOLOv5 achieves 63.8% precision /
51.4% recall / 56.9% F1 and 51.7% mAP@0.5, out-
performing YOLOv5 (59.6% / 40.0% / 47.9% and
43.9% mAP@0.5), while remaining comparable

on mAP@0.5:0.95 (20.3% vs. 21.1%). For target-
only training (C), GED-YOLOv5 yields a large
margin (P/R/F1 = 80.4/82.2/81.3%, mAP@0.5 =
86.2%, mAP@0.5:0.95 = 55.9%) compared with
YOLOv5 (61.7/37.1/46.3%, 43.3%, 14.5%). Over-
all, GED-YOLOv5 consistently improves target-
domain detection robustness under domain shift
and limited target data.

Table 5: Target-domain single-class evaluation under protocols (A)–(C). The target dataset uses bad

weld as the only defect class.

Model Protocol / initializa-
tion

Precision (%) Recall (%) F1 (%) mAP@0.5 (%) mAP@0.5:0.95 (%)

YOLOv5 (A) source→target,
zero-shot

37.2 22.9 28.3 27.0 9.7

GED-YOLOv5 (A) source→target,
zero-shot

32.1 45.7 37.7 25.7 6.4

YOLOv5 (B) fine-tune on tar-
get (source init.)

59.6 40.0 47.9 43.9 21.1

GED-YOLOv5 (B) fine-tune on tar-
get (source init.)

63.8 51.4 56.9 51.7 20.3

YOLOv5 (C) target-only train-
ing

61.7 37.1 46.3 43.3 14.5

GED-YOLOv5 (C) target-only train-
ing

80.4 82.2 81.3 86.2 55.9
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3.5 Runtime and Reproducibility

GED-YOLOv5 runs at 119.0 FPS on the RTX
4090 GPU under the evaluation settings described
above, which is comparable to the baseline
YOLOv5 (Table 3). To support reproducibility,
we will provide training scripts, hyper-parameters,
and pre-trained weights upon reasonable request,
together with the finalized dataset split configura-
tion.

4 Conclusion

This paper presented GED-YOLOv5, a lightweight
detector for surface weld defect localization
on circular pipes. By integrating the proposed
C3_DSC block with Dynamic Snake Convolu-
tion, an improved Gather-and-Distribute feature
aggregation mechanism, and an Efficient Channel
Attention module, the detector better preserves
weak cues and captures slender defect patterns
with limited overhead. On the public TIG weld
dataset, GED-YOLOv5 achieves 91.0% F1, 91.3%
mAP@0.5, and 70.3% mAP@0.5:0.95 while run-
ning at 119 FPS with 9.2 M parameters (Table 3).
Cross-domain evaluation on a small in-house
circular-pipe dataset further verifies the general-
ization performance of the source-trained models
under domain shift (Table 5).

Future work will focus on (1) improving robust-
ness to high-illumination reflections and severe
background texture, (2) expanding the in-house
dataset with more diverse operating conditions
and defect types, and (3) investigating domain
generalization strategies to mitigate performance
degradation caused by acquisition and sensor
variations in practical production lines.
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