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Steel surface defect detection is susceptible to small target sizes, low contrast, and class imbalance. 
To this end, we propose the Gradient-Reweighting with Awareness of Confidence and Lightweight 
Feature Enhancement (GRACE) algorithm built upon YOLO11s, composed of two synergistic modules: 
Dynamic Sampling with Confidence-Gradient Balanced Sampling Mechanism (DS-CBSM++) performs 
dynamic reweighting via joint confidence-gradient feedback, improving the separability of hard 
examples and long-tailed classes; Lightweight Feature Enhancement Network (Lite-FEN) introduces 
lightweight channel/spatial enhancement at the P3 layer to strengthen shallow textures and boundary 
cues while keeping computation low. Experiments on the NEU-DET dataset show that the baseline 
YOLO11s achieves an mAP@0.5:0.95 of 42.66% and an mAP@0.5 of 74.69%. GRACE achieves 43.66% 
and 75.88%, respectively, improving over the baseline by 1.00 percentage points and 1.19 percentage 
points, with 9.56 M parameters, suitable for real-time inference. These results indicate that GRACE 
yields more robust detection and localization of small defects under complex textured backgrounds.
Additional experiments on the GC10-DET and X-SDD datasets further confirm that GRACE maintains 
competitive performance across different steel surface defect distributions.
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Quality control in steel and electronics manufacturing relies heavily on surface defect inspection, directly affecting 
product quality and line yield1–3. In practice, defects are often small in size, irregular in shape, and embedded 
in complex background textures; manual inspection is highly subjective and inefficient, and automated optical 
inspection (AOI), though widely deployed, remains prone to false positives and false negatives under weak 
defect contrast and complex textures, making it difficult to robustly cover diverse fine-grained defect types. 
Consequently, academia and industry have shifted toward vision-centric automated inspection systems and have 
established public datasets to support benchmarking; among them, the NEU-DET dataset contains six common 
surface defects of hot-rolled steel strips4,5—inclusion, patches, crazing, rolled-in_scale, scratches, and pitted 
surface—providing a representative evaluation platform for small-object and weak-texture defect detection.

Early methods largely relied on handcrafted features and traditional classifiers—for example, texture- or 
edge-based descriptors combined with thresholding or shallow learners for recognition; such schemes are 
inexpensive and easy to deploy, but they are sensitive to imaging conditions, noise, and parameter settings, 
with limited cross-domain generalization. Subsequent machine-learning-based automated visual inspection 
(AVI) alleviated subjectivity and efficiency issues to some extent and can achieve favorable detection speed and 
accuracy under standardized illumination and backgrounds. However, when defects exhibit low contrast, fine-
grained textures or diverse morphologies, handcrafted features with fixed representational capacity still struggle 
to capture discriminative information; the models are brittle under data distribution shift and entail higher 
maintenance overhead and iteration costs.

With the rise of deep learning, end-to-end convolutional networks have markedly improved representational 
capacity and robustness in industrial vision, with segmentation, classification, and detection advancing in 
parallel; in steel strip/plate surface-defect scenarios, many studies show that detector-centric pipelines can 
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deliver higher detection and localization accuracy while maintaining inference efficiency. With the development 
of generic techniques such as feature pyramids, multi-scale fusion, and hard-example reweighting, detectors 
further enhance the visibility and localization stability of small objects in complex backgrounds, yet challenges 
persist under long-tailed categories, small pixel footprints, and texture-similarity interference6. For real-time 
monitoring—especially under the real-world production constraints on latency and model light-weighting7,8—
balancing accuracy and efficiency remains a central research focus. More broadly, deep learning-based models 
have recently shown strong performance in diverse application domains, including microscopic biomedical 
image super-resolution, mechanical transmission modelling, financial portfolio optimisation, and multimodal 
zero-shot learning9–12, underscoring their versatility for complex, data-intensive tasks.

However, existing deep-learning-based steel surface defect detection methods still exhibit several limitations 
in practical deployment. First, many works that address long-tailed distributions and hard examples rely on 
fixed loss re-weighting or sampling schemes (e.g., focal loss and class-balanced loss)13,14, which mainly exploit 
static statistics such as class frequency while providing little adaptive feedback from the evolving confidence 
or gradient signals during training; as a result, the learning effect for minority classes and low-contrast defects 
remains limited. Second, to strengthen the representation of fine-grained textures and weak boundaries, 
numerous methods directly stack channel/spatial attention modules (e.g., SE and CBAM)15,16 or introduce more 
complex large-kernel and multi-branch structures into the backbone or feature pyramid. Although these designs 
often improve accuracy on benchmark datasets, they also substantially increase the number of parameters and 
computational cost, which makes deployment on resource-constrained, real-time production lines difficult. 
Finally, many steel surface studies report results only on one or two datasets (e.g., NEU-DET or GC10-DET)17 
and lack systematic cross-dataset evaluation under different steel grades, process conditions, and background 
textures, so the robustness of the algorithms in real manufacturing environments is not fully verified. Motivated 
by these limitations, the GRACE framework in this paper aims to compensate for the above issues from the 
perspectives of dynamic sampling and lightweight feature enhancement, and provides unified, reproducible 
empirical analysis on multiple steel surface defect datasets.

Despite advances in sampling strategies, loss design, and attention modeling, scenarios with small-scale, low-
contrast, irregular steel-surface defects and long-tailed categories18 still exhibit pronounced false positives and 
false negatives, and localization is readily disturbed by background textures. To address these issues, we build 
the modular, small-object-aware GRACE algorithm on YOLO11s, centered on the co-optimization of a data-
driven training strategy and in-model feature enhancement, balancing accuracy, efficiency, and deployability, 
with systematic validation on the NEU-DET dataset19.

Our contributions are as follows: 

	1.	 We propose the Gradient-Reweighting with Awareness of Confidence and Lightweight Feature Enhancement 
(GRACE) algorithm, which prioritizes training and representational resources for long-tailed, low-contrast 
small-object classes; while the overall mAP increases, a few high-frequency classes exhibit a slight decline—a 
controllable trade-off aligned with hard-example optimization;

	2.	 We introduce Dynamic Sampling with Confidence-Gradient Balanced Sampling Mechanism (DS-CB-
SM++). It introduces dual feedback from forward confidence and backward gradients during data loading 
and training, performing class- and difficulty-aware dynamic reweighting and in-batch composition to sup-
press easy-sample dominance and majority-class gradient bias, thereby improving coverage and convergence 
stability for tail classes and hard samples. The mechanism interfaces seamlessly with existing training pipe-
lines;

	3.	 We design Lightweight Feature Enhancement Network (Lite-FEN). At the early feature layer (P3), it embeds 
dual-path channel/spatial lightweight attention and boundary-friendly filtering, refining texture and edge 
representations, strengthening small-object separability, while keeping the parameter budget controlled and 
suitable for real-time detection and industrial deployment requirements.

The remainder of this article first reviews related work; then presents the results and analysis (including setup, 
comparisons, ablation studies, and visualizations); followed by a discussion; and finally describes the methods, 
including the dataset, baseline, evaluation metrics, and implementation details. Required statements (data 
availability, author contributions, and competing interests) appear at the end.

Related work
Evolution of industrial defect detection methods
Industrial surface defect inspection has transitioned from manual inspection and rule-based AOI to learning-
driven, deep-learning-integrated frameworks20, a shift that coincides with the growing prominence of class 
imbalance and multi-scale challenges in industrial settings. Early approaches relied on thresholding, edge- or 
texture-based operators and descriptors, and template matching, together with handcrafted features such as LBP, 
GLCM, and HOG and shallow classifiers; this route is low-cost and interpretable, yet sensitive to illumination, 
process drift, and misalignment, with limited generalization across devices and production batches, and it 
struggles to robustly cover low-contrast and small-scale defects. With the advent of deep learning and end-to-
end feature learning, segmentation, classification, and detection advanced in parallel; the detection paradigm 
evolved from preprocessing-plus-classifier to dense-prediction architectures that integrate multi-scale features 
with regression. In production practice, pipelines that first generate candidate regions and then classify/regress 
within them have matured, while approaches that directly regress classes and boxes on multi-scale feature maps 
have also been refined, typically paired with feature pyramids for scale variation and small objects; two-stage 
methods (e.g., Faster R-CNN) excel in proposal quality and localization accuracy but incur higher latency and 
resource usage; single-stage methods such as YOLO, SSD21,22 achieve high-throughput inference and good 
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deployability via anchor-based/anchor-free designs, feature pyramids, and lightweight backbones, and thus 
have become mainstream for real-time industrial scenarios. In this context, research focus has shifted toward 
improving small-object visibility, learning from long-tailed data, and efficient modeling of shallow details, laying 
the groundwork for subsequent co-optimization on the training side and the feature side.

The YOLO series and lightweight development
Since YOLOv1 introduced the single-stage unified regression paradigm, object detection has shifted from 
the two-stage “proposal generation–classification refinement” pipeline to end-to-end high-speed inference23. 
YOLOv2 balanced accuracy and speed through anchor boxes, batch normalization, and multi-scale training; 
YOLOv3 achieved cross-scale fusion via a residual backbone and feature pyramids; YOLOv8 introduced an 
anchor-free mechanism that removes anchor dependence, reduces manual prior bias, and improves adaptability 
to multi-scale detection24,25. Subsequent versions have continued engineering iterations on backbone 
factorization, path aggregation, data augmentation, and label assignment, with compact variants progressively 
adapted to edge devices. Recent advances emphasize anchor-free prediction, decoupled detection heads, and 
lightweight fusion structures, reducing prior dependence and computational cost while improving small-
object visibility and bounding-box regression stability. As a representative, YOLO1126 carries these strengths 
forward, enhancing fine-grained representations at early scales while controlling latency and memory footprint, 
making it well suited for industrial real-time detection. The series’ modular and lightweight evolution27–29 also 
provides favorable interfaces for training-side dynamic reweighting and shallow feature-enhancement methods. 
Balancing performance and efficiency, and following the official n/s/m/l/x variants, we adopt YOLO11s as the 
baseline model in subsequent experiments.

Small-object detection and class-imbalance handling
In industrial scenarios, steel-surface defects are predominantly small objects, the instance-level class distribution 
is markedly long-tailed, the imbalance between small-object and foreground–background pixels further 
increases false-positive and false-negative risks, and background clutter is severe30. Although YOLO11s has 
limited capacity for small-object detection, two challenges remain: (i) the scarcity of samples in long-tailed 
categories leads to high miss rates for minority classes; (ii) shallow texture and boundary cues are progressively 
attenuated through deep feature fusion, weakening discriminative representations.

In recent years, many studies have approached the problem from the architectural side, improving detection 
performance and robustness through optimizations of network architectures and path designs. To reduce 
latency and computational cost, work has continued on lightweighting and backbone refactoring: CRFD-YOLO 
achieves hundred-fps real-time performance on NEU-DET while maintaining accuracy, and SS-YOLO replaces 
the backbone with MobileNetV3 to cut parameters and accelerate inference31,32. Global attention and cascaded 
fusion enhance discrimination of complex textures and fine-grained defects; GC-Net and GCF-Net33 report 
stable gains on steel-surface datasets. Transformers and sparse attention strengthen global–local coupling, and 
DSAT34 has been validated across multiple datasets. For small-area defects, SRN-YOLO35 improves separability 
via super-resolution and multi-scale reconstruction. Overall, these methods act mainly on the inference 
architecture; class-imbalance handling and hard-example modeling during training remain comparatively 
underdeveloped.

The two modules proposed in this work, DS-CBSM++ and Lite-FEN, target the training-sampling stage and 
the shallow-feature stage, respectively, establishing a modular, plug-and-play mechanism that effectively balances 
small-object sensitivity and lightweight inference efficiency. As a composite implementation of reweighting and 
lightweight feature enhancement, the strategy achieves coordinated improvements in the training pipeline and 
inference capability.

Results and analysis
Experiment setting
The proposed model is built on the PyTorch deep-learning framework and the Ultralytics YOLO library. 
The hardware configuration includes an NVIDIA GeForce RTX 3070 Ti GPU with 8 GB of VRAM and the 
Windows 11 operating system. The software stack comprises Python 3.8, PyTorch 2.0.1+cu118, and torchvision 
0.15.2+cu118. Training hyperparameters are set as follows: 200 total epochs; batch size = 16; input size = 640; 
initial learning rate = 0.001; and an SGD optimizer for stable convergence.

Evaluation on the NEU-DET dataset uses five metrics—mAP@0.5:0.95, mAP@0.5, Precision, Recall, and 
F1—as given by equations (1)–(5). The definitions of these metrics are as follows:

	
mAP@0.5:0.95 = 1

10

0.95∑
IoU=0.5

APIoU. � (1)

	
mAP@0.5 = 1

N

N∑
i=1

APi. � (2)

	
Precision = TP

TP + FP
. � (3)

	
Recall = TP

TP + FN
. � (4)
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F1 = 2 Precision · Recall

Precision + Recall
. � (5)

In equations (1)–(5), the symbols are defined as follows. In equation (1), IoU denotes the intersection-over-union 
between a predicted bounding box and its corresponding ground-truth box, and APIoU is the class-averaged 
average precision computed at a fixed IoU threshold. We follow the COCO protocol and average APIoU over ten 
IoU thresholds from 0.50 to 0.95 with a step of 0.05 to obtain mAP@0.5:0.95. In equation (2), N is the number 
of defect classes and APi is the average precision of class i at IoU = 0.50; mAP@0.5 is the mean of APi over 
all N classes. In equations (3) and (4), TP, FP and FN denote the numbers of true positives, false positives and 
false negatives at the chosen confidence threshold: a detection that matches a ground-truth box of the same class 
with IoU above the threshold is counted as a true positive, an unmatched detection as a false positive, and an 
unmatched ground-truth box as a false negative; background regions without annotations are ignored. Finally, 
in equation (5), Precision and Recall are combined into the F1 score, i.e., the harmonic mean of Precision and 
Recall, which is computed at the dataset level from the above counts.

Overall performance on NEU-DET
Under the same split, training strategy, and input size on NEU-DET, we compare YOLOv5s, YOLOv8s, YOLO11s, 
RT-DETR-L, and Faster R-CNN (R50-FPN). Table 1 summarizes the results.

GRACE attains the best performance on two core metrics, with mAP@0.5:0.95 = 43.66% and mAP@0.5 = 
75.88%; its F1 score reaches 72.97%, an improvement of 0.81 percentage points over the next-best YOLO11s, 
indicating a balanced trade-off between precision and recall while maintaining high mAP. The parameter 
count is 9.56 M, comparable to that of YOLO11s (9.44 M), and the measured inference latency is 16.93 ms per 
640 × 640 image (59.07 FPS), only slightly higher than YOLO11s (15.97 ms, 62.62 FPS).

We use YOLO11s as the primary comparator, with YOLOv8s and YOLOv5s as references. YOLOv8s shows 
higher Precision but lower Recall, whereas YOLOv5s is relatively balanced. Relative to YOLO11s, GRACE trained 
on NEU-DET improves mAP@0.5:0.95 and mAP@0.5 by 1.00 percentage points and 1.19 percentage points, 
respectively, and increases F1 by 0.81 percentage points; compared with YOLOv8s, at comparable Precision 
it provides more stable Recall, which is more favorable for low-contrast and small-scale defects. Overall, the 
gains center on the trade-off between false-positive control and stable detection, which is non-trivial given that 
GRACE keeps almost the same parameter count and training configuration as the YOLO11s baseline.

Two-stage and Transformer-based detectors show no clear advantage on this dataset. RT-DETR-L attains 
mAP@0.5:0.95 of 37.52%, mAP@0.5 of 68.97%, and F1 of 66.68%, with 32.00 M parameters; Faster R-CNN 
(R50-FPN) reports mAP@0.5:0.95 of 33.82% and mAP@0.5 of 66.25%, with 43.71  M parameters, incurring 
substantially higher compute and memory overhead. Consistently, their inference latencies (43.47  ms and 
30.10 ms per image, respectively) are much higher than those of the one-stage detectors, reinforcing the advantage 
of a lightweight design for real-time inspection. Given the NEU-DET instance-size statistics—dominated by 
medium-scale instances, followed by large ones, with relatively few small instances—a lightweight one-stage 
framework offers a better accuracy–efficiency trade-off.

To further characterize overall detection reliability and class-wise gains, Fig. 1 shows the PR curves of multiple 
models at IoU = 0.50, and Fig. 2 reports per-class AP for the six defect categories. GRACE maintains higher 
Precision over the main operating range of recall approximately 0.63–0.85, and it nearly overlaps the baselines 
at the high-confidence end, indicating that the quality of high-confidence predictions is not compromised. 
Aggregating the metrics in Table 1 (reported as relative changes from YOLO11s baseline), mAP@0.5:0.95 and 
mAP@0.5 increase by 2.34% and 1.60%, respectively; Precision rises by 4.10%, while Recall decreases slightly 
by 1.81%.

Class-wise, AP gains are pronounced for crazing (up 5.20 percentage points) and pitted_surface (up 7.11 
percentage points); patches rises slightly (up 1.08 percentage points); inclusion is essentially flat (down 0.03 
percentage points). The rolled-in_scale and scratches drop by 3.63 percentage points and 3.74 percentage 
points, respectively. This pattern aligns with the design: DS-CBSM++ improves coverage of minority and low-
confidence samples, while Lite-FEN enhances shallow textures and weak-contrast details, increasing sensitivity 
to fine textures and dim defects. Overall, with minimal additional inference overhead, the combined strategy 
yields a better precision–recall trade-off and a higher aggregate mAP.

Model
mAP@0.5:
0.95 (%)

mAP@0.5
(%)

P
(%)

R
(%)

F1
(%)

Param
(M)

Latency
(ms/img)

YOLOv5s 42.51 73.24 73.15 69.82 71.45 7.20 14.11

YOLOv8s 39.97 72.14 74.57 66.98 70.57 11.16 12.52

YOLO11s 42.66 74.69 70.72 73.66 72.16 9.44 15.97

RT-DETR-L 37.52 68.97 69.42 64.14 66.68 32.00 43.47

Faster R-CNN (R50-FPN) 33.82 66.25 59.49 71.19 64.82 43.71 30.10

(GRACE) Ours 43.66 75.88 73.62 72.33 72.97 9.56 16.93

Table 1.  Performance comparison of different object detection models.
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Cross-dataset generalization on GC10-DET and X-SDD
To further examine whether GRACE overfits NEU-DET, we conduct cross-dataset generalization experiments 
on the two steel surface defect datasets GC10-DET17 and X-SDD36 introduced above. In both cases, we compare 
only the baseline YOLO11s and our GRACE, reusing the same training schedule and hyperparameters as on 
NEU-DET without any dataset-specific tuning, so as to isolate the effect of the proposed architectural changes.

On GC10-DET, mAP@0.5:0.95 increases from 29.02% to 32.38% (up 3.36 percentage points), and mAP@0.5 
from 58.66% to 61.14% (up 2.48 percentage points); Recall increases from 61.65% to 63.68% (up 2.03 percentage 
points), while Precision slightly decreases from 56.84% to 55.47% (down 1.37 percentage points). The 
corresponding F1 score, computed as the harmonic mean of Precision and Recall, increases slightly from 59.15% 
to 59.29% (up 0.14 percentage points), indicating a near-neutral change in the overall precision–recall balance. 
Overall, GRACE recovers more defect instances on this benchmark and yields a more pronounced improvement 
in overall localization quality.

On X-SDD, where defect scales and background textures are more diverse, Precision increases from 
66.94% to 74.68% (up 7.74 percentage points) and Recall from 56.71% to 60.89% (up 4.18 percentage points). 
Accordingly, the F1 score increases from 61.40% to 67.08% (up 5.68 percentage points), suggesting a more 
favorable precision–recall balance. mAP@0.5 increases marginally from 64.84% to 65.14% (up 0.30 percentage 
points), whereas mAP@0.5:0.95 decreases from 36.19% to 33.03% (down 3.16 percentage points), reflecting 
a localization trade-off under stricter IoU thresholds. Taken together, the two additional datasets show that 
GRACE maintains competitive performance across different steel surface defect distributions, rather than being 
tailored to the specific characteristics of NEU-DET alone. Representative Eigen-CAM visualizations on GC10-
DET and X-SDD are provided in Supplementary Fig. S1.

Ablation studies
To further validate the effectiveness of GRACE, we perform an ablation study by isolating DS-CBSM++ and 
Lite-FEN under identical experimental conditions, adopting a unified COCO evaluation protocol across all 
models. Table 2 summarizes the results.
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Fig. 2.  Per-class AP (AP@0.5:0.95) on NEU-DET. Compared with YOLO11s, GRACE yields pronounced gains 
on crazing and pitted_surface, a slight gain on patches, near parity on inclusion, and slight drops on rolled-
in_scale and scratches; overall, mAP@0.5:0.95 shows a net increase.

 

Fig. 1.  PR curves of multiple models (IoU = 0.50). The proposed method outperforms the baselines over the 
recall range of approximately 0.63–0.85 while remaining comparable at the high-confidence end, reflecting a 
better precision–recall trade-off.
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With DS-CBSM++ only, mAP@0.5:0.95 increases from 42.66% to 43.69% (up 1.03 percentage points), 
mAP@0.5 from 74.69% to 75.95% (up 1.26 percentage points); Precision rises to 72.77% (up 2.05 percentage 
points), Recall dips slightly to 72.59% (down 1.07 percentage points), and F1 improves to 72.68% (up 0.52 
percentage points). With Lite-FEN only—which strengthens shallow textures and small-object boundaries—
mAP@0.5:0.95 reaches 45.14% (up 2.48 percentage points) and mAP@0.5 reaches 76.25% (up 1.56 percentage 
points), the best among the ablations; however, Precision drops to 68.66% (down 2.06 percentage points), 
indicating more false positives.

Combining the two yields GRACE (Ours). With only a slight increase in parameter count (from 9.44 M for 
YOLO11s and YOLO11s + DS-CBSM++ to 9.56 M for YOLO11s + Lite-FEN and GRACE), Precision = 73.62% 
and F1 = 72.97% are the best in the group; the two mAP metrics remain high (43.66% for mAP@0.5:0.95 and 
75.88% for mAP@0.5), comparable to the single-module optima. This indicates that distribution rebalancing 
on the sampling side (DS-CBSM++) and fine-grained enhancement on the feature side (Lite-FEN) are 
complementary: the former suppresses enhancement-induced false positives, while the latter mitigates missed 
detections of small, low-contrast defects that sampling alone cannot address. Overall, GRACE delivers a more 
stable precision–recall trade-off in the main operating range of industrial quality inspection and greater practical 
utility. All ablated variants share exactly the same YOLO11s backbone, detection head and training settings; only 
the presence or absence of DS-CBSM++ and Lite-FEN is changed, so the observed performance differences can 
be attributed to the proposed modules rather than to the underlying framework.

Visualizations and case analysis
Eigen-CAM produces class activation maps by extracting principal components of feature maps and does not rely 
on back-propagated gradients, making it suitable for robust visualization under low-contrast settings37. Figure 3 
presents three NEU-DET samples—rolled-in_scale_283, crazing_299, and pitted_surface_279—whose textures 
are coarse, contrast is low, and background boundaries are blurry, which are representative. The heatmaps are 
uniformly normalized; yellow/orange denote high response, and purple/dark denote low response. Using rolled-
in_scale_283 as an example: in (b), YOLO11s yields a diffuse response with spurious highlights in non-defect 
background, obscuring the target; in (c), adding DS-CBSM++ concentrates attention on the true defect and 

(b)YOLO11s(Baseline) (c)YOLO11s+DS-CBSM++ (d)YOLO11s+Lite-FEN (e)GRACE(Ours)
(a)Input Image

(rolled-in_scale_283)   

(a)Input Image

(crazing_299)   
(b)YOLO11s(Baseline) (c)YOLO11s+DS-CBSM++ (d)YOLO11s+Lite-FEN

(a)Input Image

(pitted_surface_279)   

(e)GRACE(Ours)

(b)YOLO11s(Baseline) (c)YOLO11s+DS-CBSM++ (d)YOLO11s+Lite-FEN (e)GRACE(Ours)

(b)YOLO11s(Baseline) (c)YOLO11s+DS-CBSM++ (d)YOLO11s+Lite-FEN (e)GRACE(Ours)
(a)Input Image
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(a)Input Image

(crazing_299)   
(b)YOLO11s(Baseline) (c)YOLO11s+DS-CBSM++ (d)YOLO11s+Lite-FEN

(a)Input Image
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(e)GRACE(Ours)

(b)YOLO11s(Baseline) (c)YOLO11s+DS-CBSM++ (d)YOLO11s+Lite-FEN (e)GRACE(Ours)

Fig. 3.  Eigen-CAM visualizations. (a) Input image; (b) YOLO11s; (c) YOLO11s + DS-CBSM++; (d) YOLO11s 
+ Lite-FEN; (e) GRACE (Ours). All heatmaps use global min–max normalization with identical colormap and 
transparency, and are visualized from the same target layer.

 

Model
mAP@0.5:
0.95 (%)

mAP@0.5
(%)

P
(%)

R
1 (%)

F1
(%)

Param
(M)

YOLO11s 42.66 74.69 70.72 73.66 72.16 9.44

YOLO11s + DS-CBSM++ 43.69 75.95 72.77 72.59 72.68 9.44

YOLO11s + Lite-FEN 45.14 76.25 68.66 72.71 70.63 9.56

GRACE (Ours) 43.66 75.88 73.62 72.33 72.97 9.56

Table 2.  Ablation results on NEU-DET under a unified COCO evaluation protocol.
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increases activation on small targets, indicating that this module effectively guides the model toward difficult 
samples; in (d), introducing Lite-FEN refines features—better align the activations with fine defect structures 
while background texture is suppressed; in (e), GRACE (Ours) combines both advantages, covering the core 
defect with the highest focus and strongest suppression of distractions. The contraction of the response region 
and the concentration of peaks provide an intuitive account of the model’s decision process when pursuing high 
Precision; under complex textures, the model more reliably highlights true defect areas, supporting the overall 
gains on small-defect detection. Consistent patterns are observed on crazing_299 and pitted_surface_279: 
hotspots shift from edge/background scatter in the baseline to clustered responses aligned with defect texture, 
with the combined model showing the best focus and background suppression.

Discussion
This study targets steel-surface defects in NEU-DET and, building on the YOLO11s baseline, introduces two 
improvements: DS-CBSM++ and Lite-FEN. DS-CBSM++ uses gradient magnitude and predicted confidence as 
dual-modal signals; after log normalization, cardinality compensation, and bounded weighting, it establishes a 
stable dynamic sampling mechanism that focuses training on infrequent, low-confidence hard cases–improving 
learnability from the data-selection side. Lite-FEN injects lightweight channel- and spatial-path attention into 
the fine-scale P3 branch and employs residual scaling to progressively control strength, enhancing texture and 
boundary representations from the feature-space side with controllable computation. The two designs differ in 
focus yet are stackable: the former suppresses distribution bias and over-confidence, while the latter sharpens 
separability and local contrast.

Under the standard split and unified training protocol, the ablation outcomes are consistent with the Eigen-
CAM visualizations38. With DS-CBSM++ alone, high-response regions concentrate around true defects and 
spurious background activations contract markedly. With Lite-FEN alone, fine and low-contrast textures 
receive more coherent boundary delineation, improving overall detection stability. The fused variant, GRACE 
(Ours), exhibits the most compact attention distribution and the most concentrated peaks; non-defect regions 
are effectively suppressed, yielding steadier discriminative purity and clearer localization. Class-wise, pitted_
surface benefits most39, while rolled-in_scale and scratches show occasional fluctuations under complex 
textures, consistent with the slight conservatism of a strong denoising strategy for samples with extremely weak 
boundaries. 

	1.	 The precision–recall trade-off40: when the fused model emphasizes discriminative purity, recall on extremely 
low-contrast or blurred-boundary samples remains under pressure;

	2.	 Scene generalization41: the data source is relatively homogeneous, and the proportion of hard cases differs 
from real production lines;

	3.	 To better align with application needs and the data itself, we will: (i) perform lightweight deployment-side 
calibration by setting per-class score thresholds and simplifying NMS to reduce false alarms; (ii) remedy 
data gaps by collecting more production-line samples–especially extremely low-contrast, blurred-boundary, 
and complex-texture cases–and adjust sampling to match real prevalence; (iii) strengthen interpretability 
analysis by combining multi-layer responses to localize false positives/negatives, and accordingly fine-tune 
the weight bounds in DS-CBSM++ and the scaling strength in Lite-FEN.

The goal is to improve recall on extremely weak targets and cross-scene stability while keeping inference 
overhead minimal.

Under the unified setting, GRACE–compared with the YOLO11s baseline–raises mAP@0.5:0.95 from 
42.66% to 43.66% (up 1.00 percentage points) and mAP@0.5 from 74.69% to 75.88% (up 1.19 percentage points); 
Precision is 73.62%, and Recall is 72.33%. These results are consistent with recent empirical trends in small-
object modeling and long-tailed robust learning42. The parameter count is 9.56 M. Eigen-CAM visualizations 
show more concentrated attention with fewer spurious background activations, aligning with the metric gains; 
improvements are pronounced for crazing and pitted_surface, and detection of small-scale, low-contrast defects 
is more stable. The method is minimally invasive and deployment-friendly for online inspection; future work will 
validate cross-scene robustness using larger-scale production-line data and lightweight threshold calibration43. 
It should be emphasized that all experiments in this work are still conducted in an offline setting on public steel 
surface defect datasets, and GRACE has not yet been embedded into an online AOI system on a real production 
line for long-term validation. Integrating the proposed method into an actual industrial inspection pipeline and 
systematically evaluating its latency, stability and maintenance cost under real production constraints will be an 
important direction of our future collaboration with industrial partners.

Methods
Dataset and splits
The NEU-DET dataset contains 1,800 grayscale images of size 200 × 200 pixels of steel-surface defects, covering 
six typical defect categories44. The dataset retains the original resolution without resampling; during training, 
images are uniformly scaled to 640 × 640 and converted to the YOLO format45 via a custom script, transforming 
XML annotations into TXT labels and splitting the data at an 8:2 ratio. During conversion, a content-hash check 
found that patches_101.jpg and patches_105.jpg in the patches class are identical; to avoid duplicate counting 
we kept only patches_101.jpg, yielding 1,439 training images and 360 validation images. Although the per-class 
image count is balanced in NEU-DET (300 images per class), the number of annotated defect instances per class 
is long-tailed in our split.

Class- and size-wise statistics are as follows: inclusion and patches together account for approximately 46.13% 
of all instances, whereas pitted_surface is markedly underrepresented (approximately 10.35%). In total there are 
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4,186 instances: 447 small (10.68%), 2,772 medium (66.22%), and 967 large (23.10%). Object sizes follow the 
COCO convention46,47 at the 200 × 200 resolution:

	 small: area < 322, medium: 322 ≤ area < 962, large: area ≥ 962 pixel2.

Equivalently, in YOLO-normalized coordinates the thresholds are (32/200)2 and (96/200)2.In the remainder 
of this paper, we therefore refer to defect instances whose bounding-box area is smaller than 322 pixel2 at the 
200 × 200 resolution (i.e., less than about 2.56% of the image area) as “small defects”, following the COCO 
convention, and use “medium” and “large” for the other two ranges. This distribution suggests that shallow 
textures and fine-grained edges are especially critical for detection.

In addition, to assess the cross-dataset generalization ability of GRACE, we further conduct experiments on 
two public steel surface defect datasets, GC10-DET and X-SDD. GC10-DET contains about 2,300 color images 
of hot-rolled steel strips annotated with ten typical surface defect categories; we follow the original 8/1/1 train/
validation/test split and convert the annotations into the YOLO format. X-SDD is collected from continuous 
casting slabs; the detection version released on Roboflow Universe contains 2,258 images with seven defect 
classes and complex background textures. We adopt its official split of 1,850/269/139 images for train/val/test 
and resize all images to 640 × 640 during training.

Baseline model and implementation details
We adopt YOLO11s as the baseline detector. Compared with earlier anchor-based YOLOv5s variants, YOLO11s 
provides a modern anchor-free head and an enhanced feature pyramid while maintaining a similar parameter 
scale and real-time inference speed. Under the unified training setting used in this work, YOLO11s already 
achieves a strong mAP–F1 trade-off on NEU-DET (Table  1), so it serves as a representative and reasonably 
strong baseline for small-defect detection. In our setting, two factors are particularly relevant: 

	1.	 Class-imbalance-induced training bias: a standard uniform sampler tends to overfit high-frequency defects 
(e.g., inclusion and patches), while low-frequency categories (e.g., crazing) are under-represented48.

	2.	 Insufficient shallow features for small objects: early-stage downsampling weakens fine texture and bound-
ary cues, leading to missed detections of small or low-contrast targets49,50.

These limitations directly motivate the targeted improvements proposed in this work (DS-CBSM++ and Lite-
FEN).

Overall framework
We adopt YOLO11s as the detection baseline. The network is organized in a backbone–neck–head pipeline: the 
backbone performs hierarchical feature extraction; the neck, using FPN/PAN-style cross-scale fusion, aggregates 
multi-scale semantics; and the decoupled detection head outputs separate classification and bounding-box 
regression branches at three scales P3/P4/P5 (with strides of approximately 8/16/32)51,52.

To mitigate the sampling bias and insufficient shallow representations of YOLO11s in long-tailed and small-
object scenarios, we construct the GRACE algorithm, keeping the backbone and detection head unchanged 
while adding two complementary components only on the training and feature sides: DS-CBSM++ and Lite-
FEN. The former operates at the data-loading stage, fusing exponentially smoothed statistics of class cardinality, 
forward confidence, and backward gradients to produce normalized, boundary-clipped class sampling weights. 
The latter injects lightweight feature enhancement on the P3 path, reinforcing fine-grained textures and edges 
via a residual dual-path (channel and spatial) attention. Working in concert, the two modules improve small-
object visibility and training stability under class imbalance with minimal additional inference overhead. The 
overall pipeline is illustrated in Fig. 4.
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Fig. 4.  Schematic of the GRACE algorithm. Solid lines denote the forward-propagation path. DS-CBSM++ 
is located at the data-loading stage and receives confidence and gradient feedback from the detection head 
(dashed lines) to dynamically update the sampling strategy. Lite-FEN is inserted between the neck output and 
the detection-head input to enhance the P3 feature map.
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DS-CBSM++: dynamic sampling with confidence-gradient balanced sampling mechanism
DS-CBSM++ is embedded at the data-loading stage and uses dual-signal feedback—gradient magnitude 
and predicted confidence—to generate class sampling weights, alleviating insufficient coverage of long-tailed 
categories. Both signals are smoothed with an exponential moving average (EMA); the design aligns with recent 
reweighting/resampling paradigms for imbalanced detection and incorporates density-aware reweighting53 to 
enhance stability.

First, we construct the base weights according to class frequencies (equation (6)):

	
w̃base

c = Normalize
(

1√
fc + ε

)
,� (6)

where fc denotes the frequency of class c in the training set; ε is a numerical-stability term; Normalize denotes 
mean-normalization across classes so that 1

C

∑C

c=1 w̃base
c = 1.

To capture hard samples and suppress overconfident samples, we construct a dynamic adjustment term 
(equation (7)):

	 ∆c = α · log(1 + gema
c ) + β · (1 − cema

c ) ,� (7)

where gema
c  and cema

c  denote, respectively, the EMA of gradient magnitude and the EMA of confidence for class 
c. We fix α = 0.22 and β = 0.14. The hyperparameters α, β are used to match the scales of log(1 + gema

c ) and 
1 − cema

c , and to suppress fluctuations of ∆c. Based on the observed magnitudes of class frequencies and warm-
up EMA on NEU-DET (≤ 10 epochs), exploratory ranges of α ∈ [0.20, 0.24] and β ∈ [0.12, 0.16] yielded 
variations of mAP@0.5:0.95 and P/R within ±0.5%; therefore, we fix the above values.

Building on the base weights, we derive the dynamic weights (equation (8)):

	 w̃dyn
c = clip

(
Normalize

(
w̃base

c · exp(∆c)
)

, wmin, wmax
)

.� (8)

We first perform cross-class normalization. After multiplying w̃base
c  by exp(∆c), we normalize again and 

then clip within [0.85, 1.35] to suppress extreme amplification. This yields the dynamic weight w̃dyn
c . We fix 

wmin = 0.85 and wmax = 1.35 throughout this work.
To stabilize early training and enhance discriminability in later stages, we apply epoch-wise progressive 

mixing to the final sampling weights (equation (9)–(10)):

	
γe = γmax · min

(
1,

e + 1
Eramp

)
, � (9)

	 wfinal
c = (1 − γe) · w̃base

c + γe · w̃dyn
c , � (10)

where e is the epoch index starting from 0; γe increases linearly from 0 to γmax during the warm-up phase. Here, 
γmax controls the maximum contribution of the dynamic term in the final sampling, and Eramp controls the 
duration of the linear ramp from warm-up to the steady stage. To balance early stability and later discriminability, 
we fix γmax = 0.60 and Eramp = 30.

Implementation details and data flow are shown in Fig. 5. To suppress noise, only confidence scores ≥ 0.01 
are counted; every 20 mini-batches, a backward pass updates the EMA and the weight mapping. After the 
sampling weights are computed at the class level, they are mapped to the index set of samples belonging to that 
class to drive the next round of resampling.

Lightweight feature enhancement network
Lite-FEN is injected at P3 to perform lightweight enhancement on the detail layer that is more sensitive to 
small objects54, as illustrated in Fig. 6. The module comprises two parallel paths—channel attention and spatial 
attention—whose outputs are fused with equal weights to form the attention map55, which is added to the 
input features in a bounded residual manner; no learnable fusion coefficients or additional normalization are 
introduced.

We fuse the channel-attention and spatial-attention paths with equal weights to obtain (equation (11)):

	 att(x) = 1
2 CA(x) + 1

2 SA(x),� (11)

where x denotes the P3 input feature. CA(x) consists of GAP; Conv 1×1 (channels C → C/r), SiLU, 
Conv 1×1 (C/r → C), and Sigmoid in sequence (compression ratio r = 4); SA(x) consists of DWConv 3×3, 
Conv 1×1, and Sigmoid, yielding a single-channel spatial weight that is broadcast along the channel dimension. 
Hence att(x) ∈ [0, 1]H×W ×C , and has the same shape as x.

To control the enhancement strength and stabilize early training, we set a linearly ramped residual ratio with 
epoch (equation (12)):

	
se = sbase · min

(
1,

e + 1
Eramp

)
,� (12)
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and clip within [smin, smax] (equation (13)):

	 ŝe = clip
(
se, smin, smax

)
,� (13)

where sbase denotes the target strength of the residual; smin and smax globally bound the enhancement 
magnitude. To follow a “weak residual + upper-bound constraint” and to avoid early-training oscillation, we fix 
sbase = 0.20, smin = 0.05, and smax = 0.30 throughout all experiments.

The module output is (equation (14)):

Fig. 6.  Lite-FEN architecture. The upper branch (channel-attention path) consists of GAP, MLP (channel 
squeeze/restore, compression ratio r = 4), SiLU, and Sigmoid, producing CA(x); the lower branch (spatial-
attention path) consists of DWConv 3 × 3, Conv 1 × 1 (C → 1), and Sigmoid, producing SA(x). The 
two branches are fused with equal weights to obtain att(x), which is then used in a bounded residual 
enhancement.
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	 y = x + ŝe ·
(
x ⊙ att(x)

)
,� (14)

⊙ denotes element-wise multiplication; y is the output feature of Lite-FEN and is fed directly into the 
subsequent layers of the detection head.

Lite-FEN is inserted at the input of the detection head and operates only at P3, ŝe is updated each epoch by 
the trainer and is non-learnable. The module consists only of 1 × 1 pointwise and 3 × 3 depthwise convolutions 
together with element-wise operations; gradients flow only through the two attention branches and the backbone 
convolutions. The additional parameter count is small.

Data availability
The NEU-DET steel-surface defect dataset analysed in this study is publicly available; accessible download link: 
https://zenodo.org/records/16882077. The GC10-DET dataset analysed in this study is publicly available; an ​a​c​
c​e​s​s page is provided at https:​​​//gith​ub.​com/lvxiaoming​2019​/GC​10-DET​-M​etallic​-Surfa​ce-Defect-Datasets. The 
X-SDD data analysed in this study were obtained from a public Roboflow Universe object-detection dataset re-
lease (Project: https://universe.roboflow.com/yolov5-dh3rz/x-sdd). Processed artefacts supporting the findings 
(YOLO-format labels, train/val/test splits and figure source files) are available from the corresponding author 
on reasonable request.

Code availability
The code used in this study will be made publicly available upon publication; the repository link/DOI will be 
added to the final article.

Received: 15 October 2025; Accepted: 13 January 2026

References
	 1.	 Ameri, R., Hsu, C.-C. & Band, S. S. A systematic review of deep learning approaches for surface defect detection in industrial 

applications. Eng. Appl. Artif. Intell. 130, 107717 (2024).
	 2.	 Ma, Y., Yin, J., Huang, F. & Li, Q. Surface defect inspection of industrial products with object detection deep networks: A systematic 

review. Artif. Intell. Rev. 57, 333 (2024).
	 3.	 Tang, B., Chen, L., Sun, W. & Lin, Z.-K. Review of surface defect detection of steel products based on machine vision. IET Image 

Process. 17, 303–322 (2023).
	 4.	 Chazhoor, A. A. P., Ho, E. S., Gao, B. & Woo, W. L. A review and benchmark on state-of-the-art steel defects detection. SN Comput. 

Sci. 5, 114 (2023).
	 5.	 Zou, J. & Wang, H. Steel surface defect detection method based on improved yolov9 network. IEEE Access (2024).
	 6.	 Nikouei, M. et al. Small object detection: A comprehensive survey on challenges, techniques and real-world applications. arXiv 

preprint arXiv:2503.20516 (2025).
	 7.	 Wang, A. et al. Yolov10: Real-time end-to-end object detection. Adv. Neural Inf. Process. Syst. 37, 107984–108011 (2024).
	 8.	 Zhao, Y. et al. Detrs beat yolos on real-time object detection. In Proceedings of the IEEE/CVF conference on computer vision and 

pattern recognition, 16965–16974 (2024).
	 9.	 Rodríguez, R., Brito, L., León, A. & Torres, E. Super resolution in microscopic images of SARS-CoV-2 through deep learning. Int. 

J. Complex. Appl. Sci. Technol. 1, 364–381 (2025).
	10.	 Lin, B.-Y. & Lin, K. C. Analysis of centrifugal clutches in two-speed automatic transmissions with multilayer perceptron neural 

network-based engagement prediction. Int. J. Complex. Appl. Sci. Technol. 1, 350–363 (2025).
	11.	 Lin, J., Sun, Y. & Gao, Y. A solution to portfolio optimisation based on random forest and long short-term memory networks. Int. 

J. Complex. Appl. Sci. Technol. 1, 211–232 (2025).
	12.	 Li, Y., Yang, Z., Zheng, H. & Zhang, X. A hybrid LSTM-SNN approach for robust multimodal zero-shot learning. Int. J. Complex. 

Appl. Sci. Technol. 1, 195–209 (2024).
	13.	 Lin, T.-Y., Goyal, P., Girshick, R., He, K. & Dollár, P. Focal loss for dense object detection. Proc. IEEE Int. Conf. on Comput. Vis. 

(ICCV) 2980–2988 (2017).
	14.	 Cui, Y., Jia, M., Lin, T.-Y., Song, Y. & Belongie, S. Class-balanced loss based on effective number of samples. Proc. IEEE/CVF Conf. 

on Comput. Vis. Pattern Recognit. (CVPR) 9268–9277 (2019).
	15.	 Hu, J., Shen, L. & Sun, G. Squeeze-and-excitation networks. Proc. IEEE Conf. on Comput. Vis. Pattern Recognit. (CVPR) 7132–7141 

(2018).
	16.	 Woo, S., Park, J., Lee, J.-Y. & Kweon, I. S. Cbam: Convolutional block attention module. Proc. Eur. Conf. on Comput. Vis. (ECCV) 

3–19 (2018).
	17.	 Lv, X., Duan, F., Jiang, J.-J., Fu, X. & Gan, L. Deep metallic surface defect detection: The new benchmark and detection network. 

Sensors 20, 1562 (2020).
	18.	 Zhang, C. et al. A systematic review on long-tailed learning. IEEE Transactions on Neural Networks Learn. Syst. (2025).
	19.	 Song, K. & Yan, Y. A noise robust method based on completed local binary patterns for hot-rolled steel strip surface defects. Appl. 

Surf. Sci. 285, 858–864. https://doi.org/10.1016/j.apsusc.2013.09.002 (2013).
	20.	 Chen, W., Yang, K., Yu, Z., Shi, Y. & Chen, C. P. A survey on imbalanced learning: latest research, applications and future directions. 

Artif. Intell. Rev. 57, 137 (2024).
	21.	 Ramos, L. T. & Sappa, A. D. A decade of you only look once (yolo) for object detection. arXiv preprint arXiv:2504.18586 (2025).
	22.	 Liu, W. et al. Ssd: Single shot multibox detector. In Computer Vision – ECCV 2016, vol. 9905 of Lecture Notes in Computer Science, 

21–37, https://doi.org/10.1007/978-3-319-46448-0_2 (Springer, Cham, 2016).
	23.	 Wang, C.-Y., Yeh, I.-H. & Mark Liao, H.-Y. Yolov9: Learning what you want to learn using programmable gradient information. In 

European conference on computer vision, 1–21 (Springer, 2024).
	24.	 Song, X., Cao, S., Zhang, J. & Hou, Z. Steel surface defect detection algorithm based on yolov8. Electronics 13, 988 (2024).
	25.	 Lu, J., Yu, M. & Liu, J. Lightweight strip steel defect detection algorithm based on improved yolov7. Sci. reports 14, 13267 (2024).
	26.	 Ultralytics. Ultralytics: YOLO11 models and usage. https://github.com/ultralytics/ultralytics (2024). Readme shows YOLO11 

usage; Accessed 2025-10-14.
	27.	 Tie, J. et al. Lska-yolov8: A lightweight steel surface defect detection algorithm based on yolov8 improvement. Alex. Eng. J. 109, 

201–212 (2024).
	28.	 Chu, Y., Yu, X. & Rong, X. A lightweight strip steel surface defect detection network based on improved yolov8. Sensors (Basel, 

Switzerland) 24, 6495 (2024).

Scientific Reports |         (2026) 16:5676 11| https://doi.org/10.1038/s41598-026-36543-w

www.nature.com/scientificreports/

https://zenodo.org/records/16882077
https://github.com/lvxiaoming2019/GC10-DET-Metallic-Surface-Defect-Datasets
https://universe.roboflow.com/yolov5-dh3rz/x-sdd
http://arxiv.org/abs/2503.20516
https://doi.org/10.1016/j.apsusc.2013.09.002
http://arxiv.org/abs/2504.18586
https://doi.org/10.1007/978-3-319-46448-0_2
https://github.com/ultralytics/ultralytics
http://www.nature.com/scientificreports


	29.	 Zhao, B., Chen, Y., Jia, X. & Ma, T. Steel surface defect detection algorithm in complex background scenarios. Measurement 237, 
115189 (2024).

	30.	 Zheng, X. et al. Starting from the structure: A review of small object detection based on deep learning. Image Vis. Comput. 146, 
105054. https://doi.org/10.1016/j.imavis.2024.105054 (2024).

	31.	 Huang, J., Zhang, X., Jia, L. & Zhou, Y. A high-speed yolo detection model for steel surface defects with the channel residual 
convolution and fusion-distribution. Meas. Sci. Technol. 35, 105410 (2024).

	32.	 Wu, Y., Chen, R., Li, Z., Ye, M. & Dai, M. Sdd-yolo: A lightweight, high-generalization methodology for real-time detection of strip 
surface defects. Metals 14, 650 (2024).

	33.	 Shi, W., Li, C., Dai, J. & Niu, N. Gcf-net: Steel surface defect detection network based on global attention perception and cross-layer 
interactive fusion. Electronics 14, 1776 (2025).

	34.	 Wu, S. et al. Dsat: a dynamic sparse attention transformer for steel surface defect detection with hierarchical feature fusion. Sci. 
Reports 15, 29198 (2025).

	35.	 Gao, S., Chu, M. & Zhang, L. A detection network for small defects of steel surface based on yolov7. Digital Signal Processing 149, 
104484. https://doi.org/10.1016/j.dsp.2024.104484 (2024).

	36.	 Roboflow Universe contributors. X-SDD (Object Detection) Dataset, Version v2. Roboflow Universe (2023). ​h​t​t​p​s​:​/​/​u​n​i​v​e​r​s​e​.​r​o​b​o​
f​l​o​w​.​c​o​m​/​y​o​l​o​v​5​-​d​h​3​r​z​/​x​-​s​d​d​​​​​; visited on 2025-12-29; CC BY 4.0

	37.	 Muhammad, M.  B. & Yeasin, M. Eigen-CAM: Class activation map using principal components. In 2020 International Joint 
Conference on Neural Networks (IJCNN), 1–7, https://doi.org/10.1109/IJCNN48605.2020.9206626 (IEEE, Glasgow, United 
Kingdom, 2020).

	38.	 Rožanec, J. M., Šircelj, B., Fortuna, B. & Mladenić, D. Adaptive explainable artificial intelligence for visual defect inspection. 
Procedia Comput. Sci. 232, 3034–3043 (2024).

	39.	 Wang, Y., Liang, C., Wang, X. & Liu, Y. Msca-yolo: A yolov5-based steel defect detection method enhanced with multi-scale feature 
extraction and contextual augmentation. J. Imaging Sci. & Technol. 68 (2024).

	40.	 Yu, H. & Chen, J. Towards robust long-tailed recognition: a class-balanced loss based on example forgetting. Math. Found. Comput. 
10, 138–154 (2026).

	41.	 Cheng, Y. et al. A comprehensive survey for real-world industrial defect detection: Challenges, approaches, and prospects. arXiv 
preprint arXiv:2507.13378 (2025).

	42.	 Wang, X., Li, W., Cui, L. & Ouyang, N. Sddiff: Semi-supervised surface defect detection with diffusion probabilistic model. 
Measurement 238, 115276 (2024).

	43.	 Guerrouj, F. Z., Florez, S. A. R., El Ouardi, A., Abouzahir, M. & Ramzi, M. Quantized object detection for real-time inference on 
embedded gpu architectures. International journal of advanced computer science and applications (IJACSA) 16 (2025).

	44.	 Hu, S., Ma, X., Zhang, Y. & Xu, W. Application of self-supervised learning in steel surface defect detection. J. Mater. Informatics 5, 
44 (2025).

	45.	 Redmon, J., Divvala, S., Girshick, R. & Farhadi, A. You only look once: Unified, real-time object detection. In Proceedings of the 
IEEE conference on computer vision and pattern recognition, 779–788 (2016).

	46.	 Padilla, R., Passos, W. L., Dias, T. L., Netto, S. L. & Da Silva, E. A. A comparative analysis of object detection metrics with a 
companion open-source toolkit. Electronics 10, 279 (2021).

	47.	 Lin, T.-Y. et al. Microsoft coco: Common objects in context. In European conference on computer vision, 740–755 (Springer, 2014).
	48.	 Crasto, N. Class imbalance in object detection: an experimental diagnosis and study of mitigation strategies. arXiv preprint 

arXiv:2403.07113 (2024).
	49.	 Li, F., Yan, H. & Shi, L. Multi-scale coupled attention for visual object detection. Sci. Reports 14, 11191 (2024).
	50.	 Yasir, S.  M. & Ahn, H. Faster metallic surface defect detection using deep learning with channel shuffling. arXiv preprint 

arXiv:2406.14582 (2024).
	51.	 Mittal, P. A comprehensive survey of deep learning-based lightweight object detection models for edge devices. Artif. Intell. Rev. 

57, 242 (2024).
	52.	 Tan, M., Pang, R. & Le, Q. V. Efficientdet: Scalable and efficient object detection. In Proceedings of the IEEE/CVF conference on 

computer vision and pattern recognition, 10781–10790 (2020).
	53.	 Luo, J. et al. Revive re-weighting in imbalanced learning by density ratio estimation. Adv. Neural Inf. Process. Syst. 37, 79909–79934 

(2024).
	54.	 Li, Y. et al. Large selective kernel network for remote sensing object detection. In Proceedings of the IEEE/CVF international 

conference on computer vision, 16794–16805 (2023).
	55.	 Ma, F. et al. Csanet: a lightweight channel and spatial attention neural network for grading diabetic retinopathy with optical 

coherence tomography angiography. Quant. Imaging Medicine Surg. 14, 1820 (2024).

Acknowledgements
Not applicable.

Author contributions
L.C. conceived and designed the study. X.W. and C.G. developed the methodology; X.W. implemented the soft-
ware. H.X. and S.C. performed validation. C.G. and S.C. conducted the investigation; C.G. curated the data and 
S.C. provided resources. L.C. wrote the original draft; L.C., X.W. and J.L. reviewed and edited the manuscript. 
H.X. prepared the visualizations. J.L. supervised the project; project administration, J.L.; funding acquisition, J.L. 
All authors reviewed and approved the final manuscript.

Funding
This work was supported by the College of Intelligent Manufacturing, Putian University (Grant Nos. yjs2025002 
and yjs2024047).

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​o​r​g​/​1​
0​.​1​0​3​8​/​s​4​1​5​9​8​-​0​2​6​-​3​6​5​4​3​-​w​​​​​.​​

Scientific Reports |         (2026) 16:5676 12| https://doi.org/10.1038/s41598-026-36543-w

www.nature.com/scientificreports/

https://doi.org/10.1016/j.imavis.2024.105054
https://doi.org/10.1016/j.dsp.2024.104484
https://universe.roboflow.com/yolov5-dh3rz/x-sdd
https://universe.roboflow.com/yolov5-dh3rz/x-sdd
https://doi.org/10.1109/IJCNN48605.2020.9206626
http://arxiv.org/abs/2507.13378
http://arxiv.org/abs/2403.07113
http://arxiv.org/abs/2406.14582
https://doi.org/10.1038/s41598-026-36543-w
https://doi.org/10.1038/s41598-026-36543-w
http://www.nature.com/scientificreports


Correspondence and requests for materials should be addressed to J.L.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give 
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and 
indicate if changes were made. The images or other third party material in this article are included in the article’s 
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included 
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2026 

Scientific Reports |         (2026) 16:5676 13| https://doi.org/10.1038/s41598-026-36543-w

www.nature.com/scientificreports/

http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿Confidence–gradient reweighting and lightweight feature enhancement algorithm for steel surface defect detection
	﻿Related work
	﻿Evolution of industrial defect detection methods
	﻿The YOLO series and lightweight development
	﻿Small-object detection and class-imbalance handling

	﻿Results and analysis
	﻿Experiment setting
	﻿Overall performance on NEU-DET
	﻿Cross-dataset generalization on GC10-DET and X-SDD
	﻿Ablation studies
	﻿Visualizations and case analysis

	﻿Discussion
	﻿Methods
	﻿Dataset and splits
	﻿Baseline model and implementation details
	﻿Overall framework
	﻿DS-CBSM++: dynamic sampling with confidence-gradient balanced sampling mechanism
	﻿Lightweight feature enhancement network

	﻿References


