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TWRD-Net: A real-time detection network algorithm for
traction wire rope defects
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Abstract; Traction wire rope (TWR) plays an important application value in large-scale industrial lifting equipment. While using the
traction wire rope for operation, it is necessary to regularly diagnose the defects of the traction wire rope to avoid safety accidents. The
traditional method is manual visual inspection, but this method has long detection time and low efficiency. Therefore, this article
proposes a network algorithm for detecting traction wire rope defect (TWRD) based on YOLOv5 improved network, abbreviated as
TWRD-Net. In order to facilitate deployment on industrial equipment with low computational power, a lightweight LW-C3 module is first
designed to reduce the model’s parameter count and computational overhead. Secondly, the PAN structure is improved by designing a
CLW-FPN structure to enhance the model’s sensitivity to defect semantic information extraction and defect location information. Finally,
this article designs B-CloU loss function. Compared with CloU Loss function, B-CloU reduces the loss of bounding box regression and
further improves detection accuracy. This article establishes a TWRD dataset and conducts experiments by using TWRD-Net. The
experimental results show that the accuracy of the proposed TWRD-Net can reach 98% , mAP can reach 99.4% , and frame rate can
reach 151 fps. Compared with other mainstream detection model experimental results, it has the advantages of high accuracy, small size,
and fast detection speed, which can provide reference for industrial equipment quality inspectors.
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Table 2 Comparison of ablation experiments
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Wrez 98.6 93. 4 99.5
pEE Sl 91.5 96.2 98.6
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Fig. 9 Comparison diagram of TWRD-Net and YOLOvS5
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Fig. 10  Comparison diagram of thermal map effects before and

after adding CLW-FPN modules in different scenarios
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Table 3 Experimental conditions for visualization of
thermodynamic diagrams
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Table 4 Experimental results of mainstream YOLO model algorithm

S 25 HE %/ % HTE/% T HHE R/ % /M T4/ fps FRIBHE /G
YOLOv3 JE 301 95.7 93.5 96.7 9.30 109 23.1
YOLOv3-spp SR 96.3 95. 1 96. 5 9.56 105 23.3
YOLOv4 =3l 97. 1 91.9 90. 7 9.12 113 20. 8
YOLOv5-s HE 9.5 94.5 97.9 7.01 144 15.8
YoloX-s Sl 94.6 94. 8 96.9 9.67 95 21.9
YOLOv7-tiny JE 31 9.8 93.9 9.5 6. 02 125 13.2
YOLOv7 puE i 96.0 94. 1 97.6 37.20 83 105. 1
YOLOv8-s Syl 95.2 97.6 98.2 11.12 109 28. 4
A SN 98.0 97. 4 99.4 6.72 151 12.5

YOLOv7 &%, H: A BIRALIK F YOLOvS &5, S5 a L on Instrumentation and Measurement, 2021, 70. 1-10.
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