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Abstract: Aiming at the problems of small, diverse and inconspicuous features of existing printed circuit board defects,
a defect detection algorithm based on ARS-YOLOv9s is proposed, which is optimised on the basis of YOLOv9s
network architecture. To address the problem of information loss in multi-scale feature fusion in the original algorithm.
AFPN is integrated into the image feature fusion so as to enrich the semantic information; by introducing the iRMB
attention mechanism in the backbone network, the attention to the tiny defects in the shallow features is improved; to
address the problem of the small target defects, the large target detection layer is deleted and a new tiny target
detection layer is added, which lightens the model and improves the detection accuracy; the original model loss function
is replaced by the loss function, and the original model loss function is replaced by the loss function, and the original
model loss function is replaced by the loss function. The original model loss function is replaced by Shape-loU to
improve the impact of positive and negative sample imbalance on the model and accelerate model convergence. The
experimental results show that the mAP of this paper’s algorithm is 98% , and that of mAP@0.5:0. 95 is 68.2%,
which is 2. 8% and 9. 3% higher than that of the original YOLOv9s, respectively, and the mAP of defects of each

category is significantly improved, which proves the effectiveness of this paper s algorithm.
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Table 3 Comparison of ablation experiment results

YOLOv9s AFPN iRMB #lZ{tft Shapelou mAP@0.5/% mAP@0.5:0.95/% F1{&/% Params/M
NG 95. 2 58. 9 94. 9 9.7
NG N 96. 4 64.3 95. 8 9.6
N N NG 97.5 66. 1 97.2 9.4
N N N N 97.8 67.8 97.5 7.2
NG N NG NG NG 98.0 68. 2 97. 8 7.3

&YW 4%l 5T [ R S ] RS 1R OR A BN TR 2 R R
HERL G I dh %, mAP@0.5 2T T 1. 2% . mAP@0. 5
0.95 48T T 5. 4% . F1 s HIE& T 0.9%, S8 58K
FMHE LT A2, EEMEEETHENTHN
RepNCSPELAN4 #iHe B #e of iRMB 33 & 7 HIL i AR He L
T/ H AR R A9 AR O A B PCB SR /N 1R 8L, mAP @
0.5k YOLOv9s BE#EE T 2.3% . mAP@0.5.0.95 2
T 7.2% F1 4MESRE T 2. 3% . S50 L IR B B I
. BEH LIRS T AFPN A IRMB #5547 46 00 2 1Y
il . mAP@0. 5 tb YOLOvVIs BHERE T 2.6% . mAP@
0.5:0.95FT 8. 9% .F1 A fHEF T 2.6% .35 E W
FWOT 2.5 M, sma B BB R R R RO
#4 Shape-Tou, mAP @ 0.5 [t YOLOv9s B kiR T
2.8%,mAP@0.5:0.95 #£F T 9.3%,F1 /- fH#E & T
2. 9%, R L Ok IS Y SR B M B sR AR I T
0.1 M., £ bERrid, A& SCet 5 f B EH L YOLOvVYs -3
K BEBET T 2. 8%, S 80w & 2 my e Ak i g > 7
24. TV AR S B AN B 2 0 [ B SE B TORS A Y
T

2) %t HsE e

Ry it — A B0 U A ST B Tk PR 7 A IR A SR
FREE A4 T . ARS YOLOv9s 5 3CHik [5]. SSD.
YOLOv5s, 3CHA[4]. YOLOvV8s, YOLOX-s 6 i 84 i 3k 17
XT LGS g 25 RN 4 FTR .

R4 FEEELBITEE

Table 4 Comparison of different algorithm experiments
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