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Abstract: Automated inspection of steel surfaces is challenged by minute defects, weak 

contrast, repetitive rolling textures, and substantial scale variation. This paper presents ECD-

YOLO, an enhanced YOLO11n detector for accurate and efficient defect localization. The 

proposed ETC-Down module decomposes downsampling into four complementary branches 

that preserve spatial structure, gradient edges, multiscale texture, and local contrast. The 

DAFB module employs differential attention to suppress redundant background responses 

and combines large-kernel positional encoding, dilated depthwise convolution, and channel 

gating to strengthen global-local discrimination. SSFF and TFE are incorporated into the 

neck to align and fuse P3-P5 features across spatial scales. Experiments on the NEU-DET 

dataset show that, relative to YOLO11n, ECD-YOLO improves precision, recall, mAP@0.5, 

and mAP@0.5:0.95 by 12.1, 2.6, 5.4, and 10.2 percentage points, respectively, while 

increasing the parameter count from 2.58 M to 3.28 M and computation from 6.3 to 7.4 

GFLOPs. Ablation results confirm complementary gains in detail preservation, background 

suppression, and multiscale fusion. ECD-YOLO therefore provides a favorable accuracy-

efficiency trade-off for online steel surface inspection. 

1. Introduction 

Steel surface defects, including cracks, scratches, inclusions, pitting, and rolled-in scale, arise from 

variations in raw materials, equipment condition, and rolling, cooling, and conveying processes. Their 

small size, weak contrast, irregular geometry, and texture similarity directly affect product quality. 

Manual inspection and magnetic flux leakage testing are constrained by operator fatigue, experience, 

and equipment conditions[1], whereas vision-based deep learning is better suited to high-speed 

production[2]. Two-stage detectors such as Faster R-CNN provide strong recognition performance but 

impose substantial computational cost[3]. One-stage YOLO detectors offer faster inference and have 

consequently become a practical choice for online defect inspection[4]. Recent studies have improved 

YOLO-based steel defect detectors through dynamic convolution and diffusion pyramids[5], 

multiscale convolution and contextual attention[6], lightweight feature and detection-head 

optimization[7], residual structures and improved localization losses[8], global attention and cascade 
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fusion[9] knowledge distillation[10] and global-local perception with hierarchical fusion[11] 

Nevertheless, three limitations remain. First, conventional downsampling can discard the edges of 

fine or low-contrast defects. Second, response-based attention may amplify rolling textures and 

reflections. Third, conventional necks provide insufficient scale alignment and feature selection. To 

address these issues, this paper proposes ECD-YOLO based on YOLO11n[12]. The main contributions 

are as follows: (1) ETC-Down preserves spatial, gradient, texture, and contrast cues during 

downsampling; (2) DAFB combines differential attention, positional encoding, dilated convolution, 

and channel gating to suppress repetitive backgrounds; and (3) an SSFF-TFE neck aligns and fuses 

P3, P4, and P5 features to strengthen multiscale representation. 

2. Related Work 

YOLO11 is an Ultralytics one-stage detector developed after YOLOv5[13]and YOLOv8[17]. It 

provides n, s, m, l, and x variants that trade accuracy for computational cost. The backbone uses C3K2, 

C2PSA, and SPPF modules to extract hierarchical features; the neck integrates features from multiple 

stages; and the detection head predicts class probabilities and bounding boxes. This study adopts 

YOLO11n because it has the smallest parameter count and highest inference efficiency in the family, 

making it a suitable baseline for online steel surface inspection. 

3. Methodology 

3.1 Overall Architecture of ECD-YOLO 

YOLO11n remains limited in fine-defect inspection because stride-based downsampling weakens 

edge detail, local convolution provides insufficient global context, and simple upsampling-

concatenation does not fully exploit shallow details and deep semantics. ECD-YOLO addresses these 

limitations through three changes, as shown in Fig. 1. ETC-Down replaces selected downsampling 

operations to retain spatial, gradient, texture, and contrast information. DAFB is inserted into key 

backbone stages to model global relationships and suppress repetitive background responses. SSFF 

and TFE are added to the neck to align P3, P4, and P5 features and improve cross-scale interaction. 
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Fig. 1. Overall architecture of ECD-YOLO. 
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3.2 ETC-Down: Detail-Preserving Downsampling 

Fine steel defects are characterized by elongated edges, local gray-level changes, and irregular 

textures. Because stride convolution performs spatial compression and feature transformation 

simultaneously, weak responses can be attenuated during early downsampling. ETC-Down therefore 

performs 2x downsampling through four complementary branches: Space-to-Depth (SPD)[23], 

Gradient Aware (GA), Texture Aware (TA), and Contrast Aware (CA). These branches preserve 

spatial structure, gradient edges, multiscale texture, and local contrast, respectively. The module is 

illustrated in Fig. 2. 
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Fig. 2. Structure of the ETC-Down module. 

Let the input be 𝑋 ∈ ℝ𝐵×𝐶1×𝐻×𝑊and the output be 𝑌𝑎 ∈ ℝ𝐵×𝐶2×𝐻/2×𝑊/2 

The SPD branch rearranges spatial samples into channels and applies a 1 × 1convolution, batch 

normalization (BN), and SiLU activation to produce the spatial-detail feature 𝐹1. 

 𝐹1 = 𝑆𝑖𝐿𝑈 [𝐵𝑁 (𝐶𝑜𝑛𝑣1×1(𝑆2𝐷(𝑋)))] (1) 

The GA branch applies horizontal and vertical Sobel operators to obtain 𝐺ℎ and 𝐺𝑣, concatenates 

their responses, and uses channel projection to obtain the edge feature 𝐹2. 

 𝐹2 = 𝑆𝑖𝐿𝑈 [𝐵𝑁 (𝐶𝑜𝑛𝑣1×1(𝑆𝑖𝐿𝑈[𝐵𝑁(𝐶𝑜𝑛𝑐𝑎𝑡(𝐺ℎ, 𝐺𝑣))]))] (2)  

The TA branch uses depthwise convolutions with dilation rates 1 and 2. Their outputs, 𝑇1 and 𝑇2, 

are concatenated and projected to produce the multiscale texture feature 𝐹3. 

 𝐹3 = 𝑆𝑖𝐿𝑈 [𝐵𝑁 (𝐶𝑜𝑛𝑣1×1(𝐶𝑜𝑛𝑐𝑎𝑡(𝑇1, 𝑇2)))] (3) 

The CA branch defines local contrast as the difference between 3 × 3 max-pooled and average-

pooled responses, and then applies channel projection to obtain 𝐹4. 

 𝐹4 = 𝑆𝑖𝐿𝑈[𝐵𝑁(𝐶𝑜𝑛𝑣1×1(𝐹′))] (4) 

All four branches have spatial dimensions 𝐻/2 × 𝑊/2 Four branches are concatenated. And a 

depthwise 3 × 3 convolution extracts local spatial information, and a 1 × 1 pointwise convolution 

fuses channels to produce 𝐹𝑓𝑢𝑠𝑒. 
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 𝐹𝑑𝑤 = 𝑆𝑖𝐿𝑈 [𝐵𝑁 (𝐷𝑊𝐶𝑜𝑛𝑣3×3(𝐶𝑜𝑛𝑐𝑎𝑡(𝐹1, 𝐹2, 𝐹3, 𝐹4)))] (5) 

 𝐹𝑓𝑢𝑠𝑒 = 𝐵𝑁(𝑃𝑊𝐶𝑜𝑛𝑣1×1(𝐹𝑑𝑤)) (6) 

A spatial attention gate further suppresses background texture. Channel-wise average and 

maximum responses of 𝐹𝑓𝑢𝑠𝑒 are concatenated and passed through a 7 × 7 convolution and sigmoid 

activation to obtain the spatial weight 𝑀𝑠. 

 𝑀𝑆 = 𝜎[𝐵𝑁(𝐶𝑜𝑛𝑣7×7[𝐶𝑜𝑛𝑐𝑎𝑡(𝐴𝑚𝑎𝑥, 𝐴𝑎𝑣𝑔)])] (7) 

Here,𝜎(⋅) denotes the sigmoid function. 

The ETC-Down output is obtained by weighting 𝐹𝑓𝑢𝑠𝑒 with 𝑀𝑠 and applying SiLU activation. 

 𝑌𝑎 = SiLU(𝐹𝑓𝑢𝑠𝑒 ⊙ 𝑀𝑠) (8) 

3.3 Differential Attention Feed-Forward Block 

DAFB replaces selected C3k2 or feature-embedding layers to reduce repeated responses from 

rolling textures and reflections. It combines a split aggregation structure, differential attention, local 

positional encoding, and a gated lightweight feed-forward branch, as shown in Fig. 3. 
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Fig. 3. Structure of the DAFB module. 

For an input 𝑋𝑏 ∈ ℝ𝐵×𝐶1×𝐻×𝑊, a 1 × 1convolution, normalization, and SiLU activation produce 

the hidden feature 𝐹𝑠. 

 𝐹𝑆 = 𝑆𝑖𝐿𝑈(𝐶𝑜𝑛𝑣1×1(𝑋𝑏)) (9) 

𝐹𝑠 is divided into a shallow retention branch 𝑋1and a branch 𝑋2 processed by 𝑛 DIDF blocks. 

𝑋1, 𝑋2, and the intermediate DIDF outputs are concatenated and projected to obtain 𝑌𝑏, preserving 

shallow texture while aggregating deeper relational information. 
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 𝑌𝑏 = 𝑆𝑖𝐿𝑈 (𝐵𝑁 (𝐶𝑜𝑛𝑣1×1(𝐶𝑜𝑛𝑐𝑎𝑡(𝑋0, 𝑋1, . . . , 𝑋𝑛+1)))) (10) 

Where 𝑌𝑏 ∈ ℝ𝐵×𝐶2×𝐻×𝑊 denotes the output feature representation. 

Each DIDF unit combines differential attention with a local feed-forward enhancement branch. 

For a DIDF input𝑋 ∈ ℝ𝐵×𝐶×𝐻×𝑊, a 1 × 1 projection generates the query, key, and value features 

𝑄, 𝐾, and 𝑉. 

For each attention head, 𝑄  and 𝐾  are divided into two groups. The corresponding attention 

matrices 𝐴1 and 𝐴2are computed as follows. 

 𝐴𝑗 = 𝑆𝑜𝑓𝑡𝑀𝑎𝑥 (
𝑄1𝐾1

𝑇

√𝑑
) , 𝑗 ∈ {1,2} (11) 

A learnable coefficient 𝜆 forms the differential attention matrix 𝐴𝑑𝑖𝑓𝑓 
[22]. 

 𝐴𝑑𝑖𝑓𝑓 = 𝜆𝐴1 − 𝐴2 (12) 

 𝜆 = exp(𝜆𝑞1
𝖳 𝜆𝑘1) − exp(𝜆𝑞2

𝖳 𝜆𝑘2) + 𝜆𝑖𝑛𝑖𝑡 (13) 

The initial bias 𝜆𝑖𝑛𝑖𝑡 controls the differential-attention amplitude during early training. 

𝐴𝑑𝑖𝑓𝑓 is applied to 𝑉; the head outputs are concatenated, normalized using RMSNorm[15], and 

projected to produce the global relation feature 𝑍𝑎. 

 𝑍𝑎 = 𝐶𝑜𝑛𝑣1×1 [𝑅𝑀𝑆𝑁𝑜𝑟𝑚 (𝐶𝑜𝑛𝑐𝑎𝑡𝐻𝑒𝑎𝑑𝑠(𝐴𝑑𝑖𝑓𝑓𝑉))] (14) 

To restore two-dimensional locality, a positional branch reshapes 𝑉  and applies a 7 × 7 

depthwise convolution, producing the positional feature 𝑃𝑣. 

 𝑃𝑣 = DWConv7×7(Reshape2𝐷(𝑉)) (15) 

𝑃𝑣 is fused with the attention output and the residual input to obtain 𝑋𝐷. A DCSF-MLP branch 

then enlarges the local receptive field and selects informative channels. 

The DCSF-MLP maps input 𝐹 to a hidden space and applies dilated depthwise convolution, BN, 

and SiLU activation. 

 𝑈 = 𝑆𝑖𝐿𝑈 [𝐵𝑁 (𝐶𝑜𝑛𝑣3×3,𝑟=2(𝐶𝑜𝑛𝑣1×1(𝐹)))] (16) 

Global average pooling and a sigmoid gate generate channel weights that adaptively rescale the 

hidden feature𝑈. 

 𝑈̃ = (1 + 𝜎[𝐶𝑜𝑛𝑣1×1(𝐺𝐴𝑃(𝑈))]) ⊙ 𝑈 (17) 

After output projection, the gated feed-forward feature is fused with 𝑋𝐷  to obtain the DAFB 

output 𝑌𝐷. 

 𝑌𝐷 = 𝑋𝐷 + Conv1×1(𝑈̃) (18) 

Differential attention suppresses repetitive background responses, while positional encoding and 

DCSF-MLP restore local continuity and enhance informative channels. 

3.4 SSFF and TFE Multiscale Fusion 

Steel defects vary substantially in scale, so the neck incorporates the Scale Sequence Feature 

Fusion (SSFF) and Triple Feature Encoder (TFE) modules from ASF-YOLO [14]. SSFF models 

correlations across spatial and scale dimensions, whereas TFE aligns high-, medium-, and low-

resolution features before fusion. Their structures are shown in Figs.4 and 5. 
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Fig. 4. Structure of the SSFF module. 
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Fig. 5. Structure of the TFE module. 

SSFF organizes 𝑃3 , 𝑃4 ,and 𝑃5  as a continuous scale sequence and uses three-dimensional 

convolution to jointly capture spatial and cross-scale dependencies. 

The three backbone features contain complementary information: 𝑃3  preserves fine edge and 

texture cues, whereas 𝑃4 and 𝑃5 provide progressively stronger semantics and larger receptive fields. 

Gaussian kernels 𝐺𝜎𝑖
 with different scale parameters generate smoothed scale-space features 𝐹𝜎𝑖

 

before alignment. 

 𝑃𝑖̌ = 𝐴𝑙𝑖𝑔𝑛(𝐹𝜎 × 𝐺𝜎) i=3,4,5 (19) 

After channel and spatial alignment, 𝑃̃3, 𝑃̃4, and 𝑃̃5 are stacked along a new scale dimension. A 

3D convolution, 3D batch normalization, and SiLU activation then produce the SSFF output 𝐹𝑆𝑆𝐹𝐹. 

 𝐹SSFF = 𝑆𝑖𝐿𝑈 [𝐵𝑁3D (𝐶𝑜𝑛𝑣3D(𝑆𝑡𝑎𝑐𝑘(𝑃̃3, 𝑃̃4, 𝑃̃5)))] (20) 

TFE jointly encodes large-, medium-, and small-resolution features to recover details lost during 

downsampling. 

Let the three input features be 𝐹𝑙, 𝐹𝑚, and 𝐹𝑠. The large-resolution branch applies convolution 

followed by parallel max and average pooling; the small-resolution branch uses convolution and 

nearest-neighbor upsampling; and the medium-resolution branch requires only channel mapping. The 

three branches are thereby aligned to the same spatial resolution. 
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𝐹̂𝑙 = 𝜙𝑙[𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝐹𝑙) ⊕ 𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐹𝑙)] 

𝐹̂𝑠 = 𝜙𝑠[Up(𝐹𝑠)] 

  𝐹̂𝑚 = 𝜙𝑚(𝐹𝑚)                           (21) 

Here, ⊕ denotes feature fusion, and 𝜙𝑙(⋅), 𝜙𝑚(⋅), and 𝜙𝑠(⋅) denote convolution-BN-activation 

mappings. 

Up(⋅) denotes nearest-neighbor interpolation. 

The aligned branches are concatenated and re-encoded by convolution to obtain 𝐹𝑇𝐹𝐸. 

 𝐹𝑇𝐹𝐸 = 𝜙𝑜(𝐶𝑜𝑛𝑐𝑎𝑡(𝐹̂𝑙 , 𝐹̂𝑚, 𝐹̂𝑠)) (22) 

SSFF captures continuous scale relationships, while TFE supplements local detail and contextual 

information. Their combination provides more discriminative multiscale features for defect detection. 

4. Experimental Setup 

4.1 Dataset and Preprocessing 

Experiments were conducted on the NEU-DET steel surface defect dataset from Northeastern 

University. The dataset contains 1,800 images from six categories: crazing (Cr), inclusion (In), 

patches (Pa), pitted surface (Ps), rolled-in scale (Rs), and scratches (Sc). Each category contains 300 

images. The data were divided into training, test, and validation subsets at a ratio of 7:2:1. 

4.2 Implementation Details 

All models were implemented in PyTorch and trained on an NVIDIA GeForce RTX 3060 (24 GB). 

The complete hardware and software configuration is listed in Table 1. 

Table 1. Experimental environment. 

Environment Configuration 

GPU NVIDIA GeForce RTX 3060 (24 GB) 

CPU 14 vCPU Intel Xeon Gold 6330 

Python 3.10 

PyTorch 2.1.0 

CUDA 12.1 

Operating System Ubuntu 22.04 

Stochastic gradient descent (SGD) was used for optimization with an initial learning rate of 0.01, 

a batch size of 32, and 400 training epochs. 

4.3 Evaluation Metrics 

Performance was evaluated using precision (𝑃), recall (𝑅), average precision (𝐴𝑃), and mean 

average precision (𝑚𝐴𝑃). The metrics are defined as follows. 

 Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (23) 

 Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (24) 

 𝐴𝑃 = ∫ 𝑃
1

0
(𝑅) 𝑑𝑅 (25) 
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 𝑚𝐴𝑃 =
1

𝑁
∑ 𝐴𝑁

𝑖=1 𝑃𝑖 (26) 

Here, TP, FP, and FN denote true positives, false positives, and false negatives, respectively. 

mAP@0.5 uses an IoU threshold of 0.50, whereas mAP@0.5:0.95 averages thresholds from 0.50 to 

0.95 at intervals of 0.05. Params and GFLOPs measure model size and theoretical computational cost. 

4.4 Comparative Experiments 

Table 2 compares ECD-YOLO with representative detectors under identical experimental 

conditions. Such as RT-DETR[21], YOLOv5n,YOLOv6n[16], YOLOv8n,YOLOv9t[18], YOLOv10n[19], 

YOLOv11n and YOLOv12n[20] Relative to YOLO11n, ECD-YOLO improves precision, recall, 

mAP@0.5, and mAP@0.5:0.95 by 12.1, 2.6, 5.4, and 10.2 percentage points, respectively, while 

adding only 0.70 M parameters and 1.1 GFLOPs. RT-DETR achieves higher scores but requires 32 

M parameters and 103.5 GFLOPs. ECD-YOLO therefore provides a more favorable accuracy-

computation balance for online inspection. 

Table 2. Comparison with representative detectors on NEU-DET. 

Model 
Precision 

(%) 

Recall 

(%) 

mAP@0.5 

(%) 

mAP@0.5:0.95 

(%) 

Parameters 

(M) 
GFLOPs 

RT-DETR 92.6 87.3 93.9 69.2 32 103.5 

YOLOv5n 69.2 72.4 77.7 44 2.18 5.8 

YOLOv6n 80.8 78.4 84.5 52.2 4.16 11.5 

YOLOv8n 74.6 76.4 81.4 47.1 2.69 6.8 

YOLOv9t 73.2 72.7 78 44.1 1.73 6.4 

YOLOv10n 65.4 68.1 73.1 41 2.70 8.2 

YOLOv11n 74.2 78.9 83.2 48.2 2.58 6.3 

YOLOv12n 78.3 73.5 80.5 46.9 2.51 5.8 

ECD-

YOLO 
86.3 81.5 88.6 58.4 3.28 7.4 

This paper compares the baseline model with the improved model in terms of AP values and P-R 

curves to demonstrate the effectiveness of the overall improvements. The comparison of AP values 

is shown in Table 3. The P-R curves are shown in Figures 6 and 7. As shown in Table 3, the AP 

values of the model proposed in this paper have improved across all defect categories compared to 

the baseline model, with particularly significant increases observed for cracks and rolled-in scale. As 

shown in Figures 6 and 7, the ECD-YOLO model demonstrates a significant improvement in Rs and 

Cr compared with the baseline model. 

Table 3. Class-wise AP comparison between YOLO11n and ECD-YOLO (%). 

Algorithm Cr Ps Sc Pa In Rs 

YOLO11n 93.7 89.9 51.8 97.7 86.1 80.1 

ECD-YOLO 96.6 90.0 69.0 98.4 90.4 87.1 
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Fig. 6. Precision-recall curves of the YOLO11n baseline. 

 

Fig. 7. Precision-recall curves of ECD-YOLO. 

4.5 Ablation Study 

Ablation experiments used YOLO11n as the baseline and introduced the proposed modules 

sequentially while keeping all training settings fixed. The results are reported in Table 4. 

Table 4. Ablation results on NEU-DET  

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

YOLOv11n 74.2 78.9 83.2 48.2 

+ETC-Down 80.7 78.5 84.9 48.2 

+ETC-

Down+DAFB 
79.6 82.6 86.3 51.5 

+ ETC-Down + 

DAFB + SSFF + 

TFE 

86.3 81.5 88.6 58.4 

Adding ETC-Down increases precision by 6.5 percentage points and mAP@0.5 by 1.7 points, 

although recall decreases by 0.4 points. This result indicates stronger preservation of fine details and 

suppression of background-induced false positives. Adding DAFB subsequently raises recall to 82.6% 

and mAP@0.5:0.95 to 51.5%, confirming the benefit of global relation modeling and background 

discrimination. 

After SSFF and TFE are introduced, precision, mAP@0.5, and mAP@0.5:0.95 increase by 6.7, 

2.3, and 6.9 percentage points, respectively, over the preceding configuration. Cross-scale sequence 

modeling and spatially aligned feature encoding therefore complement ETC-Down and DAFB, 
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enabling the final model to improve both classification accuracy and localization quality. 

5. Conclusion 

This paper presented ECD-YOLO for detecting small and texture-similar steel surface defects. 

Relative to YOLO11n, the final model improves precision, recall, mAP@0.5, and mAP@0.5:0.95 by 

12.1, 2.6, 5.4, and 10.2 percentage points, respectively. 

ETC-Down preserves edge, texture, and contrast information during downsampling; DAFB 

suppresses repetitive background responses while strengthening global-local discrimination; and 

SSFF-TFE improves interaction between shallow details and deep semantics. Comparative and 

ablation experiments confirm that the three components provide complementary gains with limited 

computational overhead. 

The study is limited to the NEU-DET dataset and does not explore lightweight variants. Future 

work will evaluate cross-domain generalization across production lines and imaging conditions, and 

will reduce computation and memory use for edge deployment. 
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