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Crimping Defect Detection of Transmission Line Strain Clamp Based on
X-DR Image and YOLO-MS Model
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Abstract: Aiming at the massive X-DR images generated by crimping quality detection of transmission line strain clamps, an intel-
ligent recognition method for crimping defects is proposed based on YOLO-MS model. A X-DR image dataset including 6 typical
crimping defects is constructed using the field crimping quality detection images of strain clamps, and the image preprocessing is car-
ried out by Gaussian filtering, histogram equalization, and gamma correction. The multi-scale (MS) object detection network YOLO-
MS is constructed using CSPDarknet, CBAM-PANet, and Head-4. The model is trained and tested using concentrated training and
testing samples from a dataset. The results show that the YOLO-MS model can effectively detect 6 types of strain clamp crimping
defects, with a mean average precision of 92. 57%, and a detection speed of 26 frames per second. It can be used to assist transmis-
sion line operation and maintenance personnel to carry out automatic recognition and defect detection of strain clamp crimping
images.
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Fig. 2 X-DR images of typical defects in the strain clamp
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Fig. 3 X-DR image preprocessing of the strain clamp
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Tab. 3 Detection result comparison of different models

APH

EAFGIAETE AR C KW E KR R il Kb mAP i
41 m2 @1 @2 @1 d2 41 m2 41 @2 41 42 41 42
SSD 0.97 0.98 0.99 0.99 0.56 0.67 0.94 0.93 0.38 0.47 0.81 0.84 77.53 81.59
Faster RCNN 0.98 0.99 0.98 0.99 0.62 0.68 0.94 0.94 0.42 0.53 0.86 0.85 80.13 83.04
YOLOvS 0.98 0.98 0.98 0.99 0.72 0.80 0.94 0.95 0.66 0.71 0.94 0.95 87.26 89.84
YOLOX 0.99 0.99 0.99 0.99 0.75 0.82 0.95 0.95 0.68 0.70 0.93 0.96 88.17 90.27
YOLO-MS 0.99 0.99 1.00 1.00 0.80 0.83 0.94 0.96 0.79 0.82 0.93 0.95 90.95 92.57
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Tab. 4 Detection result comparison of different models

i g8 2 SHiM FPS/(Ii+s™")
SSD 26. 1 21
Faster RCNN 28.5 15
YOLOVS 7.3 26
YOLOX 9.7 27
YOLO-MS 11.3 26
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Fig. 10 PR curves of the model in the test dataset
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Tab. 5 Missed, false and successful detection numbers of
different crimping defects

s R

A X 0 2 176

C X 0 0 256
KIE 164 64 310
i 53 28 634
ik 23 14 64
kin 2 10 191
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Tab. 6 Results of ablation experiments

B HEWE A% mAPE FPs_l
1% 1% 1% /(i-s™)
YOLOX 91.89  79.31  90.27 27
YOLOX+CBAM-PANet 93.15  82.45  91.10 27
YOLOX+Head-4 93.37  87.29  91.50 26
YOLO-MS 94.64  88.38  92.57 26
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Fig. 11 Crimping defect detection results by the YOLO-MS
model
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