--'»"%W"@fﬂ]%llml\%“ moF oW R A ‘ BATE B

ELECTRONIC MEASUREMENT TECHNOLOGY 2024 4 6 H

DOI:10. 19651/j. cnki. emt. 2416098

FERBMHERERYRNE L

ggl J,_l,Z,S 1:% ;}(1‘2’3 gﬁ %1,2,3
(1. kb TRERATHEMNALEEEEZTET 73 443002; 2. ;wkk%,wb)g;g SR B A T2
:}17]1 7P B 443002; 3. =M K FHAMEZEFR B S 443002)

WOE: BN E T BRI S A AR R TG B v R U0 S LA S e R R A IR R, AR SR —
FIET YOLOV8 (5t PR M BRFAAT I B VL . B 8, SR AR T 5 1) 49 AR 7™ T 7K 4R 05 42 [ 1% 0 o 6 U 60 4%, g o
PR RSO R T IR R AL B BB GSConvns, L 1S 538 45 4iF 2 B 35 BRI 55 [’ 1, 51 A Shape-10U #i
PR AL ZRRR s B R LAMP B9 B 5 0 25 i R 528 (0 AT 2 850, D /0 A5 8 A B O i v G T S B, S0 46 4%
SR LT mAP H 2l 83. 8%, i AT & 43 Bk 4> 85. 05 %6 F1 80. 25 %6 , 46 W 3 J& M 38. 7 FPS ## F = 65. 6
FPS, &0 T HAb = i vk, B T Omh kil . 26 A JF 80 42 gl i — 2B 30 0E T Hoz (b he ) . 5 B vk 50k 4
o RBIR A BE B mAP (ER T T 2. 0% . 45 b AR SCEL AR W35 B AR RS RS B2 O i #2848 T T AR
TR IR R AR

KEE: FW B ; YOLOVS Bk ; 7 B A 7Y ; 35 2% bR 435 455 70 55 A

FES %S, TP391.4; TNIS XEkFRIRAD: A ERtrEFER LK 510.4050

Lightweight forged part surface crack detection algorithm
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Abstract: To address issues of high memory usage, computational complexity, and inadequate detection speed in defect
detection algorithms for complex scenarios, this paper proposes a lightweight forged defect detection algorithm based on
YOLOWS. First, magnetic particle inspection images from the production line of heavy truck steering knuckles were collected
to construct a forged surface crack dataset. Then, a lightweight convolution module, GSConvns. was introduced to enhance
feature interaction and reduce computational load. The Shape-IOU loss function was employed to optimize training
performance. Finally, the LAMP pruning strategy was used to remove unnecessary weight parameters, reducing model size
and increasing detection speed. Experimental results show that the model achieves a mAP of 83.8% ., with parameter and
computational reductions of 85.05% and 80.25%, respectively. Detection speed improved from 38.7 FPS to 65.6 FPS,
significantly outperforming other mainstream algorithms, making it more suitable for real-time detection. The algorithm’s
generalization capability was {urther verified on a public dataset, with the unpruned improved algorithm's mAP value increasing
by 2. 0% compared to the baseline. In summary, this algorithm significantly enhances detection speed and resource efficiency
without substantially compromising detection accuracy.

Keywords: surface defect detection; YOLOvS algorithm;lightweight model;loss function; model pruning
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Table 2 Ablation experiment results
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Table 3 Comparative experimental results

Algorithms P/ % R/ % mAP/ % Parameters/ M GFLOPs FPS(bs=16)
YOLOv3-tiny 79.0 72.3 76. 6 12.1 18.9 25.2
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YOLOv7-tiny 82. 8 76. 8 83.5 6.01 13.0 24.3
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OurCR B ED 86.0 80.7 85.2 2. 87 7.4 37.3
Our(IME Ik 4. 5) 84. 6 77.9 83.8 0.45 1.6 65.6
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Fig. 8 Comparative results of defect detection
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Table 4 Generalization experiment results %
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