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Abstract

Industrial surface defect detection is crucial for quality control in manufacturing, yet re-
mains challenging due to the small scale, low contrast, and texture variability of defects.
While YOLOvS8n offers high inference speed and efficiency, its accuracy is limited by in-
sufficient feature representation and inadequate data diversity. This paper proposes a de-
tection framework integrating Channel-Spatial Modulation Attention (CASM) and Small-
Scale Grid Texture Shuffling Augmentation (SG-TSA) into YOLOv8n to improve detection
performance without sacrificing efficiency. CASM introduces a parallel channel-spatial
attention structure with adaptive fusion to better capture fine-grained defect features,
while SG-TSA increases sample diversity by introducing realistic texture perturbations
within defect regions. Experiments on the NEU-DET dataset show that our method im-
proves mAP@0.5:0.95 by 3.01% and mAP@0.5 by 2.84% over baseline YOLOv8n. These
results highlight the importance of architecture-specific optimization for lightweight de-
tectors in industrial scenarios.

Keywords: defect detection; deep-learning; computer vision

1. Introduction

Currently, advanced industrial systems require increasingly improved product per-
formance along with an increased need for quality control during production [1]. How-
ever, defects such as cracks, inclusions, patches, pitted surfaces, rolled-in scales, and
scratches can significantly compromise product performance, aesthetics, and safety [2].
As a result, automated and accurate defect detection has become an indispensable step in
manufacturing quality control.

Traditional methods, such as manual inspection and traditional image processing
techniques, have low reliability, low accuracy, long detection time, and different conclu-
sions drawn by operators under different production conditions [3], which cannot pro-
vide the accuracy and efficiency required by modern production environments.

In recent years, as deep learning has developed rapidly and object detection tasks
have been successfully carried out in many fields, object detection technology based on
deep learning has also made remarkable progress. According to the steps of obtaining
detection results, it can be divided into two categories: two-stage object detectors [4,5] and
one-stage object detectors [6,7]. In 2014, Ross et al. [8] proposed using CNN to obtain can-
didate regions, and since then, object detection has developed at an unprecedented speed.
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LiJ. et al. [9] proposed a new method that integrates an improved faster region convolu-
tional neural network (R-CNN) and an adaptive Canny algorithm to enhance the defect
detection performance of ECT. Wu, Y. et al. [10] chose the improved faster R-CNN deep
learning model to classify steel plate surface defects. It notably increased the classification
accuracy of small defects. These improved methods achieve high detection accuracy, but
they have difficulty meeting the real-time detection requirements for surface defects on
steel strips. Compared to two-stage algorithms, one-stage algorithms treat object detection
tasks as regression tasks and retrieve all objects through one-step inference, but at a faster
speed. There are obvious advantages of real-time detection, but the accuracy is slightly
inferior. However, with the development of one-stage object detection technology, its per-
formance has approached or even surpassed that of two-stage algorithms. In the field of
defect detection, YOLO algorithms are popular for detection. Wang Hongyao [11] pro-
posed an improved YOLOb algorithm that uses a fast adaptive weighted median filter for
image preprocessing, improving the recognition accuracy of wire rope damage images.
Zhao et al. [12] proposed a model, named RDD-YOLO, based on YOLOVS5 for steel surface
defect detection. The extensive experimental results illustrate that the accuracies of RDD-
YOLO reach 81.1 mAP on NEU-DET and 75.2 mAP on GC10-DET, improvements of 4.3%
and 5.8% over YOLOvS. Although the method has improved the accuracy of surface de-
fect detection on strip steel to a certain extent, it still faces problems such as interference
from complex backgrounds of defect targets, small targets, and variable scales. This re-
sults in missed and false detections, especially for industrial workpieces such as steel
plates with highly textured or reflective surfaces [13]. However, traditional deep learning-
based methods, including CNN, faster R-CNN, and standard YOLO models, often fail to
distinguish between actual defects and naturally occurring texture patterns [14].

Therefore, in order to solve the above problems, this article improves the YOLOv8n
model as the benchmark. We propose a dual improvement strategy. First, we introduce
Channel-Spatial Modulation Attention (CASM), a parallel attention mechanism combin-
ing channel and spatial information with an adaptive fusion gate, enhancing the net-
work’s sensitivity to critical defect features while suppressing background noise. Second,
we design Small-Scale Grid Texture Shuffling Augmentation (SG-TSA), a targeted data
augmentation method that perturbs defect region textures at the micro-structure level,
increasing feature diversity and improving robustness to intra-class variation.

2. Related Work

In recent years, with the swift development of deep learning and the successful im-
plementation of object detection tasks in numerous fields, the object detection technology
founded on deep learning has also achieved significant advancements. Depending on the
diverse kinds of data labels, defect detection grounded in deep learning can be classified
into supervised learning models, unsupervised learning models, and semi-supervised
learning models [15]. Among these, the supervision method is currently the most com-
monly use.

Recently, unsupervised and self-supervised anomaly detection (UAD) has advanced
rapidly for industrial inspection. Unsupervised learning approaches employ a small
amount of labeled data and a large quantity of unlabeled data for training to boost the
predictive capability of the model, thus helping to lessen human involvement in training
the model. Jun Long et al. [16] proposed a finer-grained self-supervised proxy task to ex-
tract differences between normal and abnormal patterns via augmented patch segmenta-
tion; SSAPS achieves excellent performance in surface defect detection and localization
for high-resolution industrial images without matching simulated anomalies to real sce-
narios. Daitao Wang et al. [17] put forward a pixel-level real-time detection scheme based
on autoencoder morphology to tackle the issue of insufficient sample data and high-cost
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datasets due to the need for high-precision marking of a large number of abnormal sam-
ples by current deep learning algorithms in textile defect detection. Experimental results
show effective detection when using the dataset. Compared with methods such as RCNN
and YOLO, the training process greatly reduces errors. Moreover, the accuracy and F1-
score both exceed 0.95 on four different datasets, and its FPS is 36.2. Sa Xiao et al. [18]
proposed a lightweight CNN based on MobileNetV3, which can be trained with only a
few normal extract feature gradients input images, achieving 99% accuracy. This algo-
rithm is trained by using normal samples to obtain an overfitting model. Then, all kinds
of images are fed into the overfitting model.

Unsupervised learning falls between fully supervised learning and semi-supervised
learning. Compared to supervised learning models, it uses less labeled data for training
and uses data with noisy labels. These labels are typically generated by computers, which
combine unlabeled data with signals using heuristic methods to create their labels. The
disadvantage is that this requires a large amount of unlabeled data, and the model may
overfit the unlabeled data, resulting in inaccurate prediction results. It also cannot process
data of unknown categories. Therefore, this article uses the YOLO series as the baseline
model.

2.1. Deep Learning-Based Object Detection

YOLOVS features a novel backbone using C2f modules, a fully anchor-free decoupled
detection head, and a new label assignment strategy (TAL). These improvements make
YOLOV8 highly competitive in both speed and precision. YOLOv8n is the lightest version
in the YOLOVS series, and due to its minimal parameters and computational footprint, it
is naturally suitable for edge deployment. In actual industrial strip surface defect detec-
tion, only lightweight models are often required, so this article uses YOLOv8n as the
benchmark model.

2.2. Attention Mechanisms in Object Detection

In the field of computer vision, the emergence of attention mechanism technology
has brought new opportunities to improve the performance of models. Attention mecha-
nism can help the model allocate more “attention” to the parts that may have defects,
improving the accuracy and efficiency of detection [15]. Typical attention mechanism al-
gorithms include Squeeze-and-Excitation (SE) [17], Efficient Channel Attention (ECA)
[18], and CBAM [19]. In addition, there are some other improved versions available [20—-
23]. A novel attention mechanism combining Shuffle Attention (SA) and SENetV2 (SaE)
was proposed by Xiang Li et al. [24], which integrates channel-spatial feature shuffling
with channel-global feature optimization into YOLOv8n, thereby enhancing feature ex-
traction capability and improving the classification accuracy of steel. Song X. et al. [25]
integrated the polarized self-attention (PSA) mechanism to improve the model’s feature
representation and enhance its ability to focus on relevant information. In addition, we
incorporated the BAM attention mechanism into the C2F module to enhance the feature
selection function of the model. Ching-Chi Yeung et al. [26] proposed a fused-attention
module (FAM) to address the shape variations of defects. This module can enhance the
channel and spatial feature information to perform precise localization and classification
of defects with shape variations. In order to improve the accuracy of steel defect detection,
Shi, J. et al. [27] introduced SENet, CBAM, and ECANet attention mechanism algorithms
on the basis of YOLOv5. Experimental results showed that the introduction of SENet,
CBAM, and ECANet improved the average accuracy by 4.05%, 4.57%, and 2.83%, respec-
tively.
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However, conventional attention mechanisms often treat channel and spatial atten-
tion sequentially, which may lead to suboptimal feature fusion. Our proposed CASM ad-
dresses this limitation by processing channel and spatial attention in parallel and combin-
ing them through an adaptive fusion gate. This design allows the network to dynamically
balance the contributions of channel and spatial cues based on the input feature charac-
teristics, which is particularly beneficial for detecting low-contrast defects against com-
plex backgrounds.

2.3. Data Augmentation for Defect Detection

Data augmentation is essential in industrial defect detection due to the limited avail-
ability of defect samples and the significant intra-class variation in real-world conditions.
Common augmentation strategies include geometric transformations (rotation, scaling,
flipping) [28], photometric adjustments (brightness, contrast, hue changes), and advanced
synthetic approaches like MixUp, CutMix, and Mosaic, which combine multiple images
to improve robustness.

By using defect free steel images and masks containing real defects, the defects in the
steel images were simulated, and a synthetic defect (SDG) technique was proposed by
Gucly, E. and Akin, E., [29] to enhance the dataset and improve model robustness. Yang,
B. et al. [30] proposed a new data augmentation algorithm called Mask2Defect. Through
knowledge-based data injection, this method can generate defects with multiple function-
alities. It can generate a large number of defects with different shapes, severity, scales,
rotation angles, spatial positions, and part numbers in a controllable manner, improving
the performance of defect classification and localization inspection models. Ran, G.et al
[31] proposed an image synthesis framework based on Generative Adversarial Networks
(GANs). Defect edges and background texture information are selectively extracted from
the original image and used as network inputs through a spatial adaptive (DE) normali-
zation (Spade) module. This enriches the input information, thus greatly reducing the
amount of training data for GANs in image generation and enhancing the background
details and defect boundaries in the generated images. Other scholars have also proposed
some data augmentation algorithms [32-34].

For small-scale defects, localized augmentations can improve feature diversity more
effectively than global transformations. Grid-based methods, such as GridMask, ran-
domly mask out square regions in images to encourage the model to learn more discrim-
inative features. Building upon this idea, our SG-TSA focuses on perturbations within de-
fect regions, modifying local textures to increase intra-class diversity while preserving
global structure. This targeted augmentation strategy is particularly effective for small
and texture-sensitive defect detection.

3. Materials and Methods

3.1. Overall Framework

The proposed method is built upon the YOLOvV8n architecture, which consists of
three main components: the backbone for feature extraction, the neck for feature aggrega-
tion, and the head for multi-scale prediction. To enhance the model’s ability to capture
small and low-contrast defect features, we integrated the Channel-Spatial Modulation At-
tention (CASM) module into multiple feature extraction stages and introduced a targeted
data augmentation strategy, Small-Scale Grid Texture Shuffling Augmentation (SG-TSA),
during training.

CASM modules are inserted after the C2f blocks in the P3, P4, and P5 feature layers
of the backbone. This placement ensures that both shallow and deep features benefit from
improved attention to defect-relevant patterns. SG-TSA, on the other hand, operates at the
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data preprocessing stage, selectively perturbing local textures in defect regions to increase
feature diversity without altering the global structure.

The combination of CASM and SG-TSA enables YOLOvS8n to achieve higher detec-
tion accuracy while maintaining its lightweight and fast inference characteristics, making
it suitable for real-time industrial defect detection.

3.2. Channel-Spatial Modulation Attention (CASM)

The CASM module is designed to simultaneously leverage channel and spatial cues
while enabling adaptive fusion between them. Unlike CBAM, which applies channel at-
tention followed by spatial attention sequentially, CASM processes them in parallel, thus
preserving independent information streams before combination.

The CASM module is composed of two parallel submodules: Lite Channel Attention
(LCA) and Guided Spatial Attention (GSA). A fusion modulation unit is integrated at the
end to dynamically balance and combine the contributions of channel and spatial features
through a soft attention weighting strategy. Figure 1 presents the structural diagram of
CASM.

Lite Channel Attention

AvgPool FCbottleneck ¥ CASM
> T
1 1 L .
c [¢

_
>
> —%%)—’

%— -
N
>

[Gradient, AvgPool]

Guided Spatial Attention

Figure 1. Structural diagram of CASM.

3.2.1. Lightweight Channel Attention (LCA)

Given the input feature map, LCA first applies global average pooling to summarize
the feature distribution along the spatial dimension:

F* = Avgpool(F), 1)

avg

Then, a lightweight fully convolutional bottleneck is applied to introduce non-line-
arity and inter-channel dependencies:

Mycq = o(W, - ReLU (W - Fgpg)), (2)

where
° W1 c RCXC/TI W2 € RC/T‘XC;
. r is the reduction ratio;

1. . . . .
— is the sigmoid activation function.
1+e™*

° o-(x) =
The LCA attention-refined feature is obtained via element-wise multiplication:
F'=F Q@ My, (3)

This module consists of two fully connected layers and two excitation functions: the
first fully connected layer and ReLU function achieve dimensionality reduction, reduce
parameter and computational complexity, and introduce non-linear mapping to enhance
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the model’s ability to express complex features. The second fully connected layer and Sig-
moid function restore the dimensionality-reduced features to the original number of chan-
nels, generating the final channel attention weights.

3.2.2. Guided Spatial Attention (GSA)

GSA is designed to highlight important spatial locations by combining average acti-
vation and texture gradient information. Given the same input, the following steps are
taken:

Compute average feature activation across channels:

1
Fas;ﬂg =c g:l F, 4)

Compute texture gradients along the vertical axis:

Fgrad=|F[:,:,1,:,:]—F[:,:,:,—l,:]l, (5)

Fyraq = Mean(Fyyqq, dim = 1), (6)
Concatenate and convolve:
Mgss = o(Convy (Concat (g, Fivaa) )), @)

where

. Conv, denotes a convolution with kernel size k;
° The concatenated result has 2 channels and is reduced to 1 channel via convolution.

The spatially refined feature map is

F” = F ® MGSA/ (8)

3.2.3. Attention Fusion Modulation

To effectively integrate the refined channel and spatial features F' and F”, CASM
introduces a learnable fusion strategy:
Stack both outputs:

Fstack :Stack(Fl'F”) ERZXCXHXW/ (9)
Compute soft weights via global averaging and softmax:

a = Softmax(GAP (Fspqcr)) € R? X1 X1X1 (10)

Perform weighted fusion:
FCASM =a1'F,+a2'F”, (11)

where

e a; +a, =1, automatically balancing channel vs. spatial emphasis;
e  This fusion strategy enhances the adaptive feature selection capability of the atten-
tion mechanism.

3.3. Small-Scale Grid Texture Shuffling Augmentation

SG-TSA is a targeted augmentation strategy designed to increase intra-class variation
for defect samples, particularly small or texture-sensitive defects. This method enhances
the diversity and saliency of small defects during training by applying texture-level per-
turbations within the defect region, while preserving the overall location and boundary
structure of the object.
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Original Image

The key idea behind SG-TSA is to divide a defect region into multiple small grids,
shuffle the positions of these grids randomly, and reconstruct the region with altered in-
ternal textures. Unlike traditional geometric transformations or pixel-level perturbations,
SG-TSA focuses on fine-grained texture-level disturbances that simulate real-world indus-
trial variations, such as surface inconsistencies, minor occlusions, or material shifts. The
pseudocode is as follows:

Pseudocode

Input:
-Original image I of size H x W
-Bounding box B = (xmin, ymin, xmax, ymax)
-Grid division size G = (4, 4)

Output:

-Augmented image I_aug

: Extract the defect region R = I[ymin:ymax, xmin:xmax]
. Get height h and width w of R
. Compute patch height: step_h = floor(h/4), patch width: step_w = floor(w/4)
. Crop R to (step_h x 4, step_w x 4)
. Initialize empty patch list P =[]
.Fori=0to3:
Forj=0to3:

P_ij = Rl[i*step_h: (i + 1)*step_h, j*step_w: (j + 1)*step_w]

Append P_ijto P
7. Shuffle patch list P randomly

AN O &~ W N =

8. Reconstruct R_shuffled by placing shuffled patches back in order
9. Replace original region in I with R_shuffled—I1_aug
10. Return I_aug

To facilitate a more intuitive understanding of the operating mechanism and aug-
mentation strategy of SG-TSA, this study adopts a graphical representation to illustrate
the complete process of the proposed Small-Scale Grid Texture Shuffling Augmentation
(SG-TSA) algorithm. As shown in Figure 2, the flow proceeds from left to right through
the following four stages: (1) the original defect image; (2) the defect region cropped based
on YOLO-format annotations; (3) the texture-shuffled patch generated by partitioning the
cropped region into a 4-by-4 grid and randomly permuting the patches; (4) the final aug-
mented image with the disturbed region pasted back into its original position. This
method enhances the local texture complexity of defect regions without altering the global
structure or semantic consistency. This approach increases the visual variability of small
target defects and mitigates the risk of overfitting to fixed texture patterns.

Augmented Image

Defect Region Shuffled Region
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Original Image

———
= =

Augmented Image

Defect Region Shuffled Region

Figure 2. Visualization of the SG-TSA augmentation pipeline on defect images.

4. Results and Discussion
4.1. Dataset and Experimental Setup

We evaluated our proposed method on the NEU-DET dataset, a widely used bench-
mark for steel surface defect detection. The dataset contains 1800 grayscale images (300 x
300 pixels), evenly distributed among six defect categories: crazing (Cr), inclusion (In),
patches (Pa), pitted surface (PS), rolled-in scale (RS), and scratches (Sc), with 300 samples
per category.

4.2. Evaluation Metrics

To quantitatively evaluate detection performance, we adopted the COCO-style mean
Average Precision (mAP) at multiple Intersection over Union (IoU) thresholds:

mAP@0.5: Average precision at IoU = 0.5, reflecting the detection capability with
moderate localization accuracy.

mAP@0.5:0.95: Average precision over IoU thresholds from 0.5 to 0.95 in steps of 0.05,
providing a comprehensive measure of both classification and localization quality.

We also report the Precision (P), Recall (R), and F1-score to assess the trade-off be-
tween false positives and false negatives.

4.3. Implementation Details

We evaluated the detection performance using the mean Average Precision (mAP) at
two IoU thresholds: mAP@0.5 and mAP@0.5:0.95. Precision (P), Recall (R), and F1-score
are also reported. We did not perform evaluation based on small, medium, and large ob-
ject sizes, as the NEU-DET dataset consists of defect regions with relatively consistent
scales and minimal size variation, making such categorization less informative.

The metrics are defined as

TP

Precision = ——, (12)
TP+FP
TP
Recall = TPIEN (13)

where TP, FP,and FN denote true positives, false positives, and false negatives, respec-
tively.

4.4. Combined Effect of CASM and SG-TSA on YOLOv8n

To verify the synergistic gain effect of CASM module and SG-TSA data augmentation
method in the YOLOv8n framework, this paper designed a stepwise introduction ablation
experiment. Firstly, based on the original YOLOvS8n, the performance differences of the
three-stage models were compared by sequentially adding the CASM module and SG-
TSA module. The contribution of each module to the improvement in detection accuracy
was analyzed. The specific experimental results are shown in Table 1 and Figures 3-5.
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Table 1. Comparison of ablation experiment results.

Improvement CASM v v
SG-TSA 0

map50 75.27% 75.47% 76.28%

map50-95 39.31% 40.9% 42.32%

Recall 69.28% 69.72% 71.82%

Crazing 18.16% 20.93% 20.92%

Performance Inclusion 48.35% 49.56% 44.05%

Patches 57.91% 62.56% 64.48%

Pitted surface 47.12% 46.58% 49.04%

Rolled-in scale 28.64% 29.37% 28.4%

Scratches 35.69% 36.41% 47.04%

As shown in Table 1, the original YOLOv8n achieved a mAP@0.5:0.95 of 39.31%. Af-
ter incorporating the CASM module, the accuracy improved to 40.90%, and with the ad-
ditional application of SG-TSA, the performance further increased to 42.32%. This high-
lights the effectiveness of the proposed improvements.

Figure 3 and Table 1 illustrate the ablation experimental results of integrating the
proposed CASM module and SG-TSA augmentation method into the YOLOvS8n detection
framework. The experiments were conducted in three configurations: baseline YOLOVS8n,
YOLOv8n+CASM, and YOLOv8n+CASM+SG-TSA.

From the bar chart in Figure 3, it is clear that performance improvements are partic-
ularly evident in metrics such as Recall, and in categories like “patches” and “scratches”,
which are characterized by small size or low contrast. This indicates that CASM enhances
the attention to crucial features, while SG-TSA improves the model’s ability to perceive
fine-grained textures and small-scale defects.

Comparison of Detection Performance Across Algorithms

. YOLOvS
B YOLOvB + CASM
mmm YOLOv8B + CASM + 5G-TSA

Percentage (%)
IS
o

be} o A 09 .o 3 e N >
0 o2 5 e &0 X G @ oAd
<€ N A S5 e 2 s"é A0S @
o« @ w S &
Q o o

Figure 3. Bar chart comparison of detection performance across different algorithms.

To further analyze the effectiveness of the proposed CASM module, attention feature
maps at different detection layers (P3, P4, and P5) were visualized for both the baseline
YOLOVS and the improved YOLOv8+CASM model, as shown in Figure 4. The input im-
age used for visualization contains multiple linear scratch defects, which pose a challenge
due to their subtle texture and elongated structure.
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YOLOV8

YOLOV8+CASM

P3 P5

Figure 4. Comparison of feature heatmaps before and after using CASM.

In contrast, the YOLOv8+CASM model demonstrated significantly enhanced and
more focused activation across all three layers. Especially in P4 and P5, the attention maps
show clearer and more continuous responses along the defect regions. This suggests that
the CASM module effectively enhances the model’s capacity to capture structural and se-
mantic cues of the defects, thereby improving detection.

These visual results corroborate the quantitative improvements observed in the eval-
uation metrics and demonstrate the practical benefit of integrating contextual attention
mechanisms in defect detection tasks. These visual results corroborate the quantitative
improvements observed in the evaluation metrics and demonstrate the practical benefit
of integrating contextual attention mechanisms in defect detection tasks.

To evaluate the effectiveness of the proposed SG-TSA (Spatial-Global Transformer
Self-Attention) module, we compared the attention feature maps of the YOLOv8+CASM
baseline and the improved YOLOv8+CASM+SG-TSA model at the P3, P4, and P5 detec-
tion layers, as presented in Figure 5. The input image remained the same to ensure a fair
comparison.

YOLOv8+CASM

P5

YOLOV8+CASM+SG-TSA

P3 P4 P5

Figure 5. Comparison of feature heatmaps before and after using SG-TSA summary.

Compared to YOLOv8+CASM, the YOLOVS8+CASM+SG-TSA model exhibits
stronger, more concentrated, and better-aligned attention responses across all layers. No-
tably, the P4 and P5 feature maps display higher activation specifically around the defect
areas, indicating that SG-TSA further enhances the model’s ability to focus on subtle de-
fect features by integrating spatial and global contextual information.

Additionally, the attention maps from YOLOv8+CASM+SG-TSA show reduced noise
activation in non-defect regions, suggesting improved discrimination between defects
and background textures. This refined attention helps minimize false positives and con-
tributes to better detection performance, as also supported by quantitative results.

The experimental findings demonstrate that the proposed SG-TSA module effec-
tively complements the CASM structure, leading to more robust and accurate defect de-
tection in challenging scenarios.
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To further verify the generality and adaptability of the SG-TSA data augmentation
algorithm, this paper integrates the SG-TSA module with the traditional attention mech-
anism CBAM, forming a new enhanced detection model. By comparing the detection per-
formance with YOLOv8n and YOLOv8n+CBAM, the wide applicability and effectiveness
of SG-TSA are further confirmed, and the performance advantage of CASM module in
feature selective modulation is indirectly reflected. The relevant experimental results are
shown in Table 2 and Figures 6-8.

Table 2. The results of the ablation experiment.

Improvement CBAM v v
SG-TSA V

map50 75.27% 75.6% 77.12%

map50-95 39.31% 40.4% 41.66%

Recall 69.28% 66.53% 71.24%

Crazing 18.16% 19.80% 19.55%

Performance Inclusion 48.35% 43.22% 46.96%

Patches 57.91% 63.89% 63.10%

Pitted surface 47.12% 42.02% 48.83%

Rolled-in scale 28.64% 31.74% 28.79%

Scratches 35.69% 41.71% 42.74%

Comparison of Detection Performance Across Algorithms

- OLOVE
- VOLOVE + CBAM
- VDLOVE + CBAM + SGTSA

Percentage (%)

Figure 6. Comparison of detection performance.

— YOLOVE
0.4 —— YOLOVE + CBAM
—— YOLOVE + CBAM + SG-TSA

mMAP@D0.5:0.95
(=] o
N w

o
I

0.0

0 25 50 75 100 125 150 175 200
Epoch

Figure 7. The mAP50-95 curve of the ablation experiment.

https://doi.org/10.3390/automation7010032


https://doi.org/10.3390/automation7010032

Automation 2026, 7, 32

12 of 18

YOLOv8

YOLOV8+CBAM+SG-TSA

Figure 8. Comparison of feature heatmaps of using CBAM summary.

Overall, the incorporation of SG-TSA leads to consistent improvements across nearly
all evaluation metrics. Specifically, mAP@0.5 increased from 75.6% to 77.12%, and
mAP@0.5:0.95 rose from 40.4% to 41.66%, indicating better localization accuracy and ro-
bustness across IoU thresholds. Recall also improved from 66.53% to 71.24%, showing en-
hanced sensitivity in detecting true positives.

The quantitative results of the second ablation experiment are summarized in Table
2 and visualized in Figure 6. These results illustrate the impact of the SG-TSA augmenta-
tion strategy when applied to a YOLOv8n detection framework enhanced with the CBAM
attention mechanism.

In terms of class-wise performance, the gains were observed in the detection of
scratches (from 41.71% to 42.74%), inclusion defects (from 43.22% to 46.96%), and pitted
surfaces (from 42.02% to 48.83%). These categories typically suffer from background in-
terference or small-scale features, which validates the effectiveness of SG-TSA in enhanc-
ing texture diversity and local discriminability during training.

Although the accuracy of certain categories (such as rolling scale) has actually de-
creased (e.g., 31.74% to 28.79%), the overall trend confirms the universal applicability of
SG-TSA in CBAM-based frameworks, further enhancing its value as a lightweight and
transferable enhancement method.

These findings not only demonstrate the compatibility of SG-TSA with existing at-
tention mechanisms like CBAM, but also indirectly support the claim that CASM offers
more substantial performance gain when compared under identical augmentation strate-
gies.

It is evident that the YOLOv8+CBAM+SG-TSA model not only achieves the highest
final detection performance but also exhibits a faster and more stable convergence process.
After approximately 100 epochs, the mAP of the SG-TSA-enhanced model stabilized
above 41%, surpassing both the YOLOv8 and YOLOv8+CBAM baselines.

Moreover, the SG-TSA model demonstrated reduced fluctuation in intermediate
epochs (e.g., between 50-150), indicating better robustness and generalization during
training. In contrast, the base YOLOv8 and YOLOv8+CBAM showed greater performance
jitter, especially in early stages, which may reflect sensitivity to local minima or noise in
training data.

These findings provide further empirical evidence supporting the conclusion that
SG-TSA not only enhances detection accuracy but also contributes to faster convergence
and improved training stability, making it highly suitable for integration into lightweight
industrial defect detection pipelines.
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To further examine the synergistic effect of SG-TSA augmentation when applied to
an attention-based detection framework, Figure 8 presents the attention heatmaps of three
model variants —YOLOvVS, YOLOv8+CBAM, and YOLOv8+CBAM+SG-TSA —across the
P3, P4, and P5 stages. The test image contains multiple elongated, low-contrast scratch
defects that challenge both spatial localization and feature discrimination.

In the baseline YOLOvV8 model, the attention response is sparse and tends to miss
critical regions of the scratches, especially in deeper layers (P5). While some activations
align with defect locations, the responses are weak and scattered, indicating insufficient
feature representation.

After integrating CBAM, the attention maps show notable improvements. The
YOLOvV8+CBAM model focuses more effectively on the horizontal scratch regions, espe-
cially in the P3 and P4 layers. However, background interference still remains evident,
and some defect edges are not well captured.

The proposed YOLOv8+CBAM+SG-TSA configuration delivers the most focused and
discriminative attention distribution. Across all three stages (P3-P5), the attention maps
demonstrate dense, continuous activations that align well with the full extent of the
scratch defects. Compared to the other two models, this configuration suppresses irrele-
vant background responses more effectively, while highlighting subtle textures with
greater precision. These visual results confirm that SG-TSA improves data diversity dur-
ing training, improving the model’s perception of fine-grained textures. The results con-
firm that SG-TSA is a transferable and universally applicable augmentation strategy.

In order to comprehensively and intuitively verify the advantages and disadvantages
of the proposed algorithm in defect detection tasks, this section will design and conduct
multiple sets of comparative experiments. These experiments will cover performance
comparisons with classical benchmark models and mainstream attention mechanisms in
order to systematically evaluate the advantages and disadvantages of our research
method in terms of accuracy improvement and parameter quantity. The experimental re-
sults are shown in Table 3.

Table 3. Comparison of multiple experimental groups.

Algorithm Map50-95 GFLOPs Params
YOLOvVSn 39.31% 8.1 3,012,018
YOLOv8n+CBAM 40.29% 8.3 3,098,776
YOLOv8n+ECA 39.86% 8.1 3,006,827
YOLOvV8n+SE 41.05% 8.1 3,017,570
YOLOv8n+CBAM+SG-TSA 41.66% 8.3 3,098,776
YOLOv8n+CASM+5G-TSA 42.32% 8.2 3,023,540
YOLOvV5n 39.50% 7.2 2,509,618
YOLOv5n+CASM+SG-TSA 41.12% 7.2 2,521,156

Table 3 presents the comparison results of ablation experiments conducted on the
NEU-DET dataset with different improved algorithms. As shown, the baseline YOLOv8n
model achieved only 39.31% mAP50-95. By incorporating CBAM and SG-TSA jointly, the
performance improved to 41.66%, with only a slight increase in parameter size and com-
putational cost. Furthermore, integrating CASM with SG-TSA into YOLOv8n boosted the
mAP50-95 to 42.32%, demonstrating a significant improvement over the baseline, while
maintaining a relatively low computational complexity (8.2 GFLOPs) and parameter
count (approximately 3.02M). In addition, other lightweight attention mechanisms, such
as ECA and SE, also showed better performance compared to the baseline YOLOv8n, but
their improvement was not as substantial as CASM combined with SG-TSA. Moreover,
applying CASM and SG-TSA to YOLOvV5n achieved 41.12% mAP50-95, indicating the

https://doi.org/10.3390/automation7010032


https://doi.org/10.3390/automation7010032

Automation 2026, 7, 32

14 of 18

generalization and transferability of the proposed method across different model archi-
tectures. In summary, the results in Table 3 clearly demonstrate that the proposed combi-
nation of CASM and SG-TSA significantly enhances defect detection accuracy while main-
taining lightweight model characteristics, thus achieving a balance between accuracy and
efficiency and highlighting both the advancement and practical applicability of the
method.

To visually verify the advantages of the proposed CASM over the classical serial at-
tention mechanism CBAM, this study conducted multi-scale visualization analysis on the
feature heatmaps of YOLOv8+CASM, YOLOv8+CBAM, and the benchmark YOLOVS. The
results are shown in Figures 4-9.

YOLOV8

YOLOv8+CASM

YOLOv8+CBAM

Figure 9. Comparison of feature heatmaps between CASM and CBAM.

In the feature map of benchmark YOLOVS, there is obvious background interference
in the high-response area (such as redundant response in the blue background area of
P3/P4). Although the feature response of YOLOv8+CBAM has been enhanced, the high-
response areas exhibit a “scattered” feature (such as the deviation of the response point
from the scratch area in P3, and the yellow area in P5 heatmap exceeding the scratch
boundary of the original image), resulting in insufficient positioning accuracy for slender
scratches. In the feature maps of YOLOv8+CASM, the red/yellow high-response areas
completely overlap with the scratch defects in the original image, while the non-defect
background areas always maintain low response, proving that CASM can accurately focus
on the fine-grained features of real defects and avoid interference from background tex-
tures.

Compared to YOLOv8+CBM, the color contrast between “high response (red/yellow)”
and “low response (blue)” in the feature map of YOLOv8+CASM is significantly improved:
the response intensity in the defect area is higher, and the response suppression in the
background area is more thorough. The essence of this difference is that CBAM adopts a
serial process of “channel attention—spatial attention”, and there is information loss in
the transmission of attention weights; The parallel attention mechanism of CASM can sim-
ultaneously weight and enhance the defect semantics in the channel dimension and the
defect positions in the spatial dimension, thereby maximizing the feature differences be-
tween defects and the background and providing more discriminative feature represen-
tations for subsequent defect detection.
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In summary, through the visualization comparison of multi-scale feature heatmaps,
it can be intuitively proved that the proposed CASM has significant advantages over the
classical serial attention mechanism CBAM in the three core dimensions of attention fo-
cusing accuracy, multi-scale feature consistency, and defect background discrimination
for fine-grained defects. This also provides a feature level explanation for the improve-
ment of YOLOv8+CASM in detection accuracy in subsequent experiments.

The YOLO series has a new version, and to demonstrate the generality and portabil-
ity of the proposed method across different model architectures, a comparison was made
specifically between the more mature Yolovlln and Yolov12n. The results are shown in
Table 4. It can be clearly seen that the proposed combination of CASM and SG-TSA sig-
nificantly improves the accuracy of defect detection, with high universality and portabil-
ity. It should be noted that the following experimental results were conducted on the
NVIDIA GeForce RTX 4070 Ti SUPER platform.

Table 4. Generalization of CASM+SG-TSA across different detectors.

Algorithm

Map50 Map50-95 Recall FPS

YOLOvlln

76.69% 41.23% 75.14% 103.26

YOLOv1In+tCASM+SG-TSA 78.32% 42.03% 76.03% 93.05

YOLOv12n

74.97% 40.26% 71.44% 89.15

YOLOv12n+CASM+SG-TSA 78.32% 42.88% 74.47% 81.45

YOLOv12n+CASM

75.92% 40.60% 74.59% —

YOLOv12n+BAM

75.11% 40.16% 71.52% 70.08

RT-DETR

68.43% 35.99% 65.02% —

To support the real-time claim, we report the actual inference throughput (FPS)
measured. The results are summarized in Table 4. The baseline YOLOvlln and
YOLOVI12n achieved 103.26 FPS and 89.15 FPS, respectively. After integrating CASM and
SG-TSA, YOLOv11n+CASM+SG-TSA maintained 93.05 FPS, while
YOLOvVI2n+CASM+SG-TSA ran at 81.45 FPS. Although the proposed enhancements in-
troduce a moderate speed reduction due to additional attention computation and post-
processing, the resulting throughput remains within a practical real-time range for online
defect inspection, while delivering consistent accuracy improvements across detectors.

To verify the effectiveness of the proposed SG-TSA, we used YOLOv12n and CASM
as baselines and only replaced the data augmentation strategy while maintaining con-
sistent training settings. We conducted comparative experiments between SG-TSA and
typical general augmentation methods Mosaic and MixUp, and the results are shown in
Table 5. It can be seen that compared to Mosaic and MixUp, SG-TSA achieved better (or
more competitive) detection performance on the NEU-DET dataset, indicating that in de-
fect detection scenarios, local texture perturbations targeting defect ROIs can more effec-
tively enhance intra-class diversity while maintaining the overall structural information
of defects, thereby bringing more stable performance gains.

Table 5. Augmentation comparison on NEU-DET (YOLOv12n baseline).

Algorithm

Map50 Map50-95 Recall

YOLOv12n+CASM+SG-TSA 78.32% 42.88% 74.47%

YOLOv12n+CASM+MixUP 75.97% 41.12% 73.13%

YOLOv12n+CASM+Mosaic 75.97% 40.60% 74.59%

To further validate the generalization performance of the proposed algorithm and
improve the reliability and universality of the research conclusions, this study conducted
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supplementary experiments on a second independent dataset of metal surface defects
(DAGM 2007) [35]. DAGM 2007 [35] is a synthetic benchmark dataset for industrial sur-
face defect detection, consisting of 10 artificially generated defects (Class 1-Class 10), each
corresponding to a different texture background and defect morphology, used to simulate
surface anomalies in real industrial scenes. There are differences between this dataset and
the first experimental dataset in terms of data distribution, defect type coverage, and im-
age acquisition environment. Through cross-dataset validation, the adaptability and per-
formance stability of the algorithm can be effectively tested in different data scenarios.
This experiment was also based on the NVIDIA GeForce RTX 4070 Ti SUPER platform.

As shown in Table 6, the proposed algorithm has significant advantages in compre-
hensive indicators, with mAP50 reaching 98.2% and mAP50-95 reaching 69.1%. Com-
pared with the original YOLOv8n algorithm (mAP50 of 95.3%, mAP50-95 of 64.3%) and
only adding CASM algorithm (mAP50 of 96.4%, mAP50-95 of 67.2%), both achieved im-
provements.

Table 6. Augmentation comparison for defect location on metal surfaces (YOLOv8n baseline).

Improvement CASM v v
SG-TSA v

map50 95.3% 96.4% 98.2%

map50-95 64.3% 67.2% 69.1%

Recall 94% 92.6% 96.9%

Classl 58.3% 67.1% 70.2%

Class2 72% 77.8% 78.5%

Class3 66.3% 76.7% 62%

Performance Class4 48.3% 45.3% 58.4%

Classb 71.2% 70.9% 71.1%

Class6 52.1% 59.5% 68.9%

Class? 65.2% 64% 69.1%

Class8 57.8% 58.4% 61.5%

Class9 75.6% 76.3% 74.9%

Class10 76% 76.3% 76.9%

In summary, both on the first dataset and the second dataset used in this article, the
proposed algorithm demonstrated superior performance compared to the other algo-
rithms in terms of comprehensive detection metrics and recognition accuracy for most
single-class defects, fully verifying the effectiveness and generalization ability of the algo-
rithm.

5. Conclusions

This paper presents a defect detection framework that enhances the YOLOv8n model
with two key innovations: the Channel-Spatial Modulation Attention (CASM) module
and the Small-Scale Grid Texture Shuffling Augmentation (SG-TSA) strategy. (1) CASM
improves feature representation by parallelizing channel and spatial attention computa-
tions and adaptively fusing their outputs, enabling better discrimination between defects
and background noise. (2) SG-TSA augments defect samples by locally perturbing tex-
tures within defect regions, increasing intra-class diversity without altering the global
structure. (3) Evaluated on the NEU-DET dataset, the proposed YOLOv8n+CASM+SG-
TSA outperforms the baseline YOLOv8n and YOLOv8n+CBAM variants, achieving a
2.84% increase in mAP@0.5 and a 3.01% increase in mAP@0.5:0.95, while maintaining real-
time inference speeds.
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In order to further characterize the portability and robustness of CASM and SG-TSA,
this paper also conducted validation experiments on the DAGM 2007 [35] dataset. The
experimental results show that the proposed algorithm exhibited better performance in
defect detection and recognition accuracy, fully verifying the effectiveness and generali-
zation ability of the algorithm. Future work will explore adaptive enhancement strategies
that adjust disturbance intensity based on defect type, as well as lightweight attention
variants tailored for ultra-low power edge devices.
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