










ages increased to 7 200 with 6 480 images allocated for the
training set and the remaining 720 images for the test set.
　 Mosaic an effective online data augmentation meth-
od was adopted in the training process of YOLOv5.
This augmentation strategy inspired by the CutMix 22 

method is shown in Fig. 6. First four images are ran-

Fig. 6　 Data augmentation effect diagram using the mosaic method

domly selected from the labeled defect area data set.
These chosen images then undergo preliminary data aug-
mentation operations such as random cropping flipping 
scaling and color space transformation. The enhanced
images are then placed on a gray background in the se-
quence of top left top right bottom left and bottom
right. Ultimately the four images are captured and con-
catenated into a new image using the matrix method.
This process enriches the image background compared to
the original data contributing to an improved batch size.
　 The online data augmentation effect on partial image
data during the training process is shown in Fig. 7. The
augmented P-R and F1 -confidence curves are depicted in
Fig. 8. Obviously the P-R value and F1 -score of the
enhanced results consistently surpass those of the original
results. Consequently the combination of offline and
online image augmentation significantly enhances the ac-
curacy of detection results providing a foundation for
subsequent studies on the structure of the detection net-
work.

Fig. 7　 Augmentation effect of partial image data during training

 a 　 　 　  b 

Fig. 8　 Comparison of detection results based on original and online enhanced images.  a P-R curve  b F1 -confidence curve
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2. 2　 Steel surface defect detection using the improved
YOLOv5 model

　 The improved YOLOv5 model is employed for object
detection leveraging the augmented data. First an abla-
tion study is conducted using various block combinations
within the YOLOv5 architecture. Table 1 shows the abla-
tion results. The study reveals that incorporating
Res2Block in the backbone and gn Conv in the neck
yields the highest values for P F1 -score and mAP.
When compared to the original YOLOv5 architecture 
the proposed method with similar GFLOPs shows im-
provements of 5. 08%  1. 30%  and 3. 35% for P F1 -
score and mAP respectively. In terms of GFLOPs 
adding Res2Net to the backbone facilitates a more effi-
cient study by leveraging various residual structures.
Meanwhile including gn Conv in the neck introduces a
computational workload aimed at refining the model􀆳s ac-
curacy. The strategic combination of Res2Block in the
backbone and gnConv in the neck is particularly advanta-
geous. This combination optimally balances the efficient
multiscale feature integration provided by gnConv with the
computational refinement introduced by Res2Block. Im-
portantly this pairing achieves superior performance with-
out significantly increasing the computational workload.

Table 1　 Ablation experiment results

Number Backbone
add-in

Neck
add-in P / % R / %

F1 -
score / %

mAP /
% GFLOPs

1 YOLOv5 84. 7 85. 4 84. 9 65. 6 15. 8
2 Res2Block 85. 9 85. 0 85. 2 63. 8 15. 0
3 gn Conv 86. 5 85. 1 85. 7 66. 6 16. 9
4 Res2Block gn Conv 89. 0 83. 3 86. 0 67. 8 15. 9

　 Fig. 9 provides a detailed comparison of the detection
results between the original YOLOv5 algorithm and the

 a 　  b 　  c 

Fig. 9 　 Comparison of detection results using the original
YOLOv5 and the proposed method.  a Original  b YOLOv5 
 c Proposed method

proposed method. Evidently the proposed method sur-
passes the original YOLOv5 algorithm particularly in
small-scale defect detection. The combined effect of
Res2Net and gnConv is instrumental in achieving these ad-
vancements. Res2Net aids in expanding the model􀆳s re-
ceptive field by increasing output features representing
scale. In addition gn Conv enhances the interaction be-
tween model features and the surrounding space reducing
information loss and enhancing feature extraction ability.
　 Fig. 10 shows the P-confidence curve and the confu-
sion matrix. The P-confidence curve delineates the nu-
anced changes in precision across diverse decision thresh-
olds. In this graph the horizontal axis corresponds to the
decision threshold whereas the vertical axis captures the
precision values. As shown in Fig. 10  a  the model
achieves an accuracy of 100% when the decision threshold
is set at 0. 9. This implies that under this particular deci-
sion threshold the proposed YOLOv5 model can accu-
rately predict all types of defects. The primary diagonal
elements in the confusion matrix presented in Fig. 10
 b  are significantly larger than the non-diagonal ele-
ments. This indicates that the model can accurately identi-
fy different defect types. Fig. 11 shows the prediction re-
sults using the proposed method with labeled boxes.
These results show that the proposed method performs
well in detecting various defect types in steel plates.

 a 

 b 

Fig. 10　 Prediction performance using the improved YOLOv5
model.  a P-confidence curve  b Confusion matrix
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Fig. 11 　 Detected steel defects using the improved YOLOv5
model.  a Crazing  b Inclusion  c Patches  d Scratches  e 
Rolled-in scale  f Pitted surface

　 To further establish the superior efficacy of our pro-
posed method in surface defect detection we conducted a
comprehensive comparison study. Several state-of-the-art
 SOTA detection methods including SSD YOLOv3 
YOLOv5-Lite and YOLOv8 were used as benchmarks 
as shown in Table 2. Among these YOLOv8s exhibits
better performance with an mAP of 73. 8%  compared to
the 67. 8% achieved by our proposed method. However 
the computational demand expressed in GFLOPs is sig-
nificantly higher at 28. 4 compared to the 15. 9 of our
YOLOv5 model. This discrepancy results in a noticeably
larger computational workload. Therefore we chose
YOLOv8n for further comparative analysis. Our proposed
method demonstrates superior performance in terms of
mAP when compared with SSD and other well-established
detectors. Specifically it shows substantial improvements
of 33. 46%  69. 50%  68. 66%  and 5. 94% when juxta-
posed with the results obtained using the SSD YOLOv3 
YOLOv5-Lite and YOLOv8n respectively. This signifi-
cant enhancement underscores the ability of our proposed
method to meet the accuracy requirements inherent in sur-
face defect detection tasks more effectively.

Table 2　 Results compared with SOTA defect detectors on the NEU-DET dataset

Model Backbone
AP / %

Crazing Inclusion Patches Scratches Rolled-in scale Pitted surface
mAP / %

SSD VGG-16 46. 7 43. 5 62. 6 37. 4 53. 2 61. 4 50. 8
YOLOv3 DarkNet-53 29. 7 40. 3 62. 7 21. 0 47. 8 38. 7 40. 0
YOLOv5-Lite CSPDarknet-53 18. 0 41. 9 60. 3 40. 1 36. 9 43. 8 40. 2
YOLOv8s CSPDarkNet53 66. 3 67. 2 80. 5 81. 6 70. 7 76. 7 73. 8
YOLOv8n CSPDarkNet53 51. 1 58. 4 74. 1 71. 1 58. 8 70. 7 64. 0
Ours CSPDarknet-53 + Res2Block 60. 2 59. 9 77. 3 68. 3 67. 2 73. 8 67. 8

3　 Conclusions
　 1 A steel surface defect detection method is proposed
based on the Res2Net-gnConv YOLOv5. This innovative
approach enhances the YOLO backbone with Res2Net 
improves the neck of YOLO using gnConv and incorpo-
rates the CIoU loss function.
　 2  The experimental results demonstrate the superior
performance of our proposed method achieving an mAP
of 67. 8% and an F1 -score of 86. 0% in steel surface de-
fect identification. With nearly equivalent GFLOPs it
exhibits improvements of 5. 08%  1. 30%  and 3. 35%
for P F1 -score and mAP respectively compared to
the original YOLOv5 architecture.
　 3 The effectiveness of our proposed method is further
validated through a comprehensive comparative study in
which several SOTA detection methods serve as bench-
marks. The mAP exhibits notable improvements of
33. 46%  69. 50%  68. 66%  and 5. 94%  respectively 
when compared with the results obtained using the SSD 
YOLOv3 YOLOv5-Lite and YOLOv8n methods.
　 4  Looking forward we plan to explore the integra-
tion of attention mechanisms with lightweight frame-
works. This initiative aims to address the challenges of
precision and efficiency in detecting small-scale defects
on steel surfaces. Our goal is to further enhance the mul-
tiscale perspective while concurrently improving the com-

putational efficiency.
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基于改进 YOLOv5 的钢材表面缺陷识别方法

王　 硕1 　 张燎军2 　 尹国江3

( 1河海大学土木与交通学院,南京 210098)
( 2河海大学水利水电学院,南京 210098)

( 3河海大学水利部水工金属结构安全检测中心,南京 210098)

摘要:由于传统的机器视觉检测方法在小尺度钢材表面缺陷识别中存在检测精度较差的问题,提出了一种

基于改进 YOLOv5 算法的钢材表面缺陷无损识别方法. 将 Res2Block 模块应用于 YOLOv5 算法的骨干,在
扩大感受野的同时提高计算效率;在 YOLOv5 算法的颈部融合 gnConv 结构,以提高表面缺陷识别方法的计

算性能. 为验证所提方法的有效性,进行了不同模块组合的消融试验,并与其他目标检测方法进行了对比.
结果表明:所提方法在钢材表面缺陷识别中实现了 67. 8% 的 mAP 和 86. 0% 的 F1值;与原始 YOLOv5 算法

相比,所提方法在小尺度钢材表面缺陷识别方面表现更为优越;与其他目标检测方法如 SSD、YOLOv3、
YOLOv5-Lite、YOLOv8 相比,所提方法的计算精度有明显的提高.
关键词:钢材; 缺陷检测; 卷积神经网络; YOLO
中图分类号:TP391. 41;TP18;TG142
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