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PDC drill bit defect recognition by improved YOLOVS
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Abstract: The defect of the PDC bit compact is an important factor affecting the drilling efficiency, and detecting whether the PDC bit
compact is defective is a prerequisite for repairing the PDC bit. In order to reduce the false detection of PDC drill bit composites and
improve the detection accuracy, a target detection algorithm based on improved YOLOvS is proposed. This method is based on the
YOLOVS network, and integrates the RepVGG reparameterization module to enhance the feature extraction ability of the network;
introduces the coordinate attention mechanism in the C3 module, embeds the position information in the channel attention mechanism,
and improves the target detection ability of the defective composite film. Improve the bounding box regression loss function to the WloU
loss function, and formulate a suitable gradient gain allocation strategy. The experimental results show that the precision rate of the
improved network increased with 2%, the recall rate increased with 0.9%, and the mean average precision (mAP) increased with
1. 3%, reaching 98% , which can realize the defect recognition of PDC drill bit composites.
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Table 1 Comparison test of different versions of WloU
(%)

Precision Recall

DK PR P R/ %
BREE — NG 0K NG ’

mAP/%

CloU 94.6 95.3 95 93.6 91.3 92.5 96.7
WIoUvl  94.9 96.5 95.7 93.3 90.7 92 96. 8
WloUv2 9% 95.5 95.8 92.8 93 92.9 96. 5
WIoUv3 953 96.8 96.1 92.3 90.8 91.6 97.1

& 6 frs Rl had f v RAE S O (E AR PR D, 45 &
2 1 RS2 S5 B 50, A WloUv3 AR SR e
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T0.4%,
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Fig. 6 Changes in bounding box loss values
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Table 2 Results of ablation experiment

" Precision/% Recall/ % "
Fi% oK NG P/% oK NG R/%  mAP/% BRI M
YOLOv5s 94.6 95.3 95 93.6 91.3 92.5 96.7 13.7
YOLOvS5s+CA 95.4 95.4 95.4 93.6 93.4 93.5 97.4 13.8
YOLOv5s+CA+RepVGG 96. 6 97 96. 8 93.2 93.4 93.3 97.8 14.4
YOLOv5s+CA+RepVGG+WIoUv3 96. 1 97.9 97 94.4 92.3 93.4 98 14.4

FH 2 AP SEEa s SR 0, LR B9 YOLOvSs 45t
HIAE PDC 453k BB4E F 1Y mAP H 96. 7% ;LA CA (£

TIMUHIZ 5 R R AN E BRI T 0. 4% F1 1% ,F
YRE E I E RN 0. 7% , W B A A S RETHT
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Fig.7 Comparison of detection effects
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Table 3 Comparison of detection performance of various algorithms

Xl Precision/ % Recall/ % mAP/ % ToU/ % 444/ GFLOPS Speed/fps RN/ M
Faster R-CNN 70.3 89.5 87.6 79.9 369.7 25 108.0
YOLOv3 95.0 92.5 96. 4 91.8 155.0 69 117.0
YOLOv4 83.1 95.7 96.9 92.7 142.0 43 244.0
YOLOv5s 95.0 92.5 96.7 91.3 16.0 98 13.7
YOLOv7 96.9 94.3 98. 4 94.0 105. 1 84 71.3
Improved YOLOvSs 97.0 93.4 98.0 92.1 16.9 67 14.4
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