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Research on surface defect detection algorithm for steel wire
ropes used in coal mines based on YOLOv11

Guo Xupeng Dong Lihong Qin Yi
(School of Artificial Intelligence and Computer Science, Xi'an University of Science and Technology,Xi'an 710054, China)

Abstract: Addressing the issues of significant scale differences in small targets and strong interference from complex
backgrounds in the detection of surface defects on coal mine steel wire ropes, a deep learning detection algorithm based
on an improved YOLOvVI11 is proposed. Firstly, a receptive field attention feature extraction module, C3k2_RFAConv,
is designed to enhance feature extraction capabilities under complex textures by dynamically adjusting convolution
kernel weights. Secondly, a deformable large kernel attention mechanism, D-LLKA, is introduced at the feature fusion
layer, combining the advantages of large receptive fields and deformable convolutions to precisely focus on defect areas.
Additionally, DySample upsampling optimization is adopted to suppress background noise interference and reduce the
loss of small target features. Finally, an Inner-WIloU loss function is proposed to optimize bounding box regression and
improve the localization accuracy of irregular defects. Experimental results show that the improved algorithm achieves
an accuracy rate of 83. 2%, a recall rate of 78. 1%, and an average precision of 82. 1%, which are 3. 1%, 4.6% and
2. 6% higher than those of the benchmark model YOLOv11, respectively. It also outperforms comparative models
such as Faster-RCNN and YOLOvS8. In addition, visual analysis proves that the improved algorithm has a reduced
missed detection rate, providing an effective technical solution for real-time monitoring of potential safety hazards in
mining steel wire ropes.
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Table 3 Comparison results of loss functions %

12K R p R mAP@0. 5
CloU 80.1 73.5 79.5
GloU 79. 6 73.9 79. 4
SloU 79.3 77.7 78.6
EloU 78.8 73.0 78.1
WloU 79.9 74.9 79.7

Inner-IoU 80. 7 74.5 79.8

Inner-WloU 81.4 76. 3 80.0
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Table 4

Results of ablation experiment

2 YOLOv1l D-LKA C3k2_RFAConv DySample Inner-WIoU P/% R/% mAP®@0.5/% Params/M GFLOPs
1 Vv 80.1 73.5 79.5 2.58 6.3
2 Vv Vv 82.4 75.8 80. 4 2.98 11. 4
3 Vv Vv 81.1 74.5 80.9 2. 64 6.6
4 Vv Vv 81.9 73.9 80.0 2.59 6.3
5 Vv Vv 81.4 76.3 80. 0 2.58 6.3
6 Vv Vv Vv 83.1 74.3 80. 4 3. 04 11.8
7 Vv Vv Vv 82.5 75.1 81.4 3.00 11.6
8 Vv Vv Vv Vv 82.7 76.2 81.6 3. 05 11.8
9 Vv Vv Vv Vv Vv 83.2 178.1 82.1 3. 05 11.8
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Fig. 9 Change curve of mAP during training of ablation experiment
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Table 5 Comparison experiments of different models

i8] P/% R/ % mAP@0. 5/ % Params/M GFLOPs
Faster-RCNN 79.5 75.1 80. 3 42. 20 137.4
YOLOVS5 79.9 74. 6 80. 3 7.10 15. 8
YOLOv7-tiny 76. 0 68. 4 72. 4 6.02 13.2
YOLOv7? 75. 2 66. 7 71.5 37.20 105. 1
YOLOvS 80. 1 73.5 78. 4 3.00 8.1
YOLOVY 82.7 75. 1 81.1 7. 20 27. 4
YOLOv10 77.7 74.0 78.3 2. 69 8.2
YOLOv11 80. 1 73.5 79.5 2.58 6.3
YOLO_BF™" 77.0 77. 4 77.6 2.62 8.0
YOLOv5_TPH™ 80. 4 74.2 80. 4 18.9 187.3
YOLOv8-SLAM" 81.7 75.9 80. 7 2. 65 7.4
Ours 83.2 76. 6 82.1 3.05 11.8
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2
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Fig. 10 Comparison of mAP change curves during

experimental training
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(c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 11 Defect diagram of steel wire rope
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2

() AL B3 BRIR AL B (d) SR BBARIBRIB AL E

(c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 12 Faster-RCNN defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2

(c) 4R

(c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 13 YOLOvVS5 defect detection performance
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(a) BALLLR 1 IR BRI 1L B (b) ALLE2 (HBRIE AL E (c) AL B3I ERIE AL E (d) L LRARBRIE AL E

(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c¢) Defect location of wire rope 3 (d) Defect location of wire rope 4

K14 YOLOv7-tiny ek i il 8
Fig. 14  YOLOv7-tiny defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 15 YOLOv7 defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 16  YOLOvS8 defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 17 YOLOvY9 defect detection performance
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(a) Defect location of wire rope I (b) Defect location of wire rope 2 (¢) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 18 YOLOv10 defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c¢) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 19 YOLOv11 defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c¢) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 20 YOLO_BF defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 21  YOLOv5_TPH defect detection performance
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(b) L2 (Bl B (c) L A3 BRIEAIE (d) LB AR BB E

(a) Defect location of wire rope I (b) Defect location of wire rope 2 (¢) Defect location of wire rope 3 (d) Defect location of wire rope 4

K 22 YOLOvS_SLA il I i 5% 5
Fig. 22 YOLOvV8_SLA defect detection performance
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(a) Defect location of wire rope 1 (b) Defect location of wire rope 2 (c) Defect location of wire rope 3 (d) Defect location of wire rope 4
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Fig. 23 Ours defect detection performance
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Table 6 Defect detection results

o JE () B (b) JEE (o JRE (D
MEL fiE2 MES MEL B2 MES MEL MES MEL ME2 MES MEL E?2
FasterRCNN Vv Vv v Vv N N Vv Vv Vv
YOLOVS5 Vv Vv Vv Vv Vv v Vv N Vv Vv Vv
YOLOvV7-tiny Vv N Vv Vv v N v Vv N
YOLOV? Vv Vv N Vv Vv Vv Vv Vv Vv Vv Vv Vv
YOLOVS Vv Vv Vv Vv Vv v Vv Vv Vv Vv Vv Vv
YOLOVY Vv N v Vv Vv Vv Vv v Vv Vv
YOLOv10 Vv Vv Vv Vv Vv Vv
YOLOv11 Vv Vv Vv Vv Vv Vv Vv Vv Vv
YOLO_BF Vv v Vv Vv Vv Vv v Vv v v Vv Vv
YOLOv5_TPH Vv Vv Vv Vv Vv Vv Vv Vv Vv Vv Vv
YOLOv8-SLA Vv Vv Vv Vv Vv Vv Vv Vv Vv Vv Vv
A3 Vv Vv Vv Vv v v v Vv Vv Vv Vv Vv Vv
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