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Abstract Herein, an improved YOLOx algorithm is proposed to address the challenges concerning false and missing
detection of metal gear surface defects in an industrial interference environment. First, by utilizing the adaptive spatial
feature fusion (ASFF) to fully utilize the differences between the features of defects and interference items at different
scales, the model’s anti-interference ability is improved. Second, through the effective channel attention (ECA) module,
the network’s feature extraction capability is increased. Finally, the confidence loss function is modified to the Varifocal
loss function, which reduces the interference of complex samples in the network. Experimental results indicate that the
improved YOLOxXx network outperforms the original network. Particularly, the recall rate, accuracy, and mean average
precision indexes of the improved YOLOx network are improved by 6.1, 4.6, and 9. 4 percentage points, respectively, as
compared with the original network.
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Fig. 12 Comparison of the mAP@0. 5 curves by the improved
and original YOLOX network
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Table 1 Comparison table of ablation experiments unit: %
Module Recall Precision mAP@O0. 5
YOLOx 75.1 78.3 74.2
YOLOx+ ASFF 70.1 87.3 76.1
YOLOx+ECA 78.7 84.2 77.7
YOLOx+ Varifocal loss 76.7 85.8 77.4
YOLOx-+ASFF+ECA 78.1 86. 6 80.7
YOLOx+ECA-+ Varifocal loss  75.6 86.1 78.0
YOLOx+ ASFF + Varifocal loss  75.6 85.6 76.6
YOLOx+ ASFF + Varifocal 81 2 4.9 93 6

losst+ECA
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Table 2 Comparison of different algorithms

Recall / Precision / mAP@0.5 /

Algorithm o y Y FPS
YOLOx 75.1 78.3 74.2 45
YOLOvV5s 63.6 93.3 74.3 33
YOLOv5m 72.7 88.9 76.7 19
SSD 70.2 91.6 75.8 13
Faster R-CNN 77.5 71.7 77.1 15
Improved YOLOx 81.2 82.9 83.6 34
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G U 4 TR R A A, 2 R A AR ) A B /N T ToU
51 T A S AR R AR, PR AR B =X (9) SR B R 1 % 1)
BB A BT T B AR 76 S BR ) o A v A7 A Sk 2
B o BEAh IR E I T FPSAE b8 B9 PF A 48 45, DL
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Fig. 13 Comparison of the metallic gear defect detection results by the original and improved YOLOx networks. (a) Original YOLOx;
(b) improved YOLOx
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#3 RGBT R
Table 3  Operating conditions of the detection system

Data Total Missir‘lg Retum'ed Misjudgment Accuracy

number quantity quantity /%
2022-06-28 4960 12 265 16 95.0
2022-06-29 5700 15 235 13 95.5
2022-06-30 4000 10 130 8 95.3
2022-07-01 5000 7 210 15 94.6
2022-07-02 6000 12 183 15 95.3
2022-07-03 5500 18 272 18 94.4
2022-07-04 7000 26 346 19 95.6
4 4 B

h TR Tl TR ER S 4 8 O e 2 B F Bh
Ak G 0 T TR I ) 1% ARG RN U A TR A, R — e o Y
YOLOx 53k, I 1 e 5 F A 28 i 58035 %) 4 D) 3 2
FFXF LG o 1) &t — Fh 45 & RRAE Al G F0 i 2 LT Y
YOLOx W 45 45, $2& & T W 24 48 BURFAE (1) B8 1, fif b
T A ARG O 5 5 2 T R R DX 5 2) 5 R AR Y
YOLOx M 2% 4 E , et i J5 19 YOLOx W 26 7 43 [ 3% |
K 00 R A mAP@O. 5 1345 8 7, A1 B JERR 4 ) #2 T
6. 1 NE LA 6D HF S ANE ;3 5%
B A G T G 26 A L, 2l 1E TR B Y OL.Ox R 4% BE 95 fi#
e TG B R S I B i e A TR A N T
K, AT LAFH T S B A .
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