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Abstract

Defect detection and classification constitute the critical concluding phase in machine vision-based
weld defect inspection processes. To address the challenge of weak feature recognition for weld
defects (e.g., porosity, slag inclusion, cracks, and incomplete fusion) that are easily obscured by
noise and background textures, this study proposes an improved YOLO-CCS model based on the
YOLOv8 algorithm. First, the original backbone network’s feature extraction module is replaced
with CSWinTransformer, followed by structured channel pruning to reduce model parameters and
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computational complexity. The FPN-PAN network integrates dual attention mechanisms (SimAM
and CBAM) in the AttentionFPNPAN neck module, effectively suppressing welding background in-
terference while enhancing subtle defect (#0.2~2 mm) detection. Additionally, a new P2 micro-de-
fect detection head replaces the original P5 large-object detection head to resolve false detection
and missed detection issues. Experimental results demonstrate a trained precision rate of 92.3%,
recall rate of 90.2%, and mAP@0.5% score of 90.3%, outperforming other mainstream algorithms.
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Figure 1. Network architecture diagram of the YOLO-CCS model
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Figure 2. CSwinTransformer block structure
& 2. CSwinTransformer block Z5#4
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Figure 5. CBAM structure diagram
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Figure 6. SimAM structural diagram
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Figure 7. Structural diagram of FPN-PAN architecture integrating CBAM and SimAM modules
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Table 2. Training parameters
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Table 3. Table of ablation experiment results for six models compared with the YOLO-CCS model
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2 N X x 86.6 81.6 86.8 12.89 98
3 N S x X 86.2 80.9 86.1 6.45 105
4 x x S x 85.6 82.7 86.8 11.7 108
5 x x v 85.6 81.7 85.4 11.02 106
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Figure 8. Precision-regression curve
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Figure 9. Comparison of mAP between the improved model and YOLOV8s during training
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Figure 10. Comparison of bounding box regression loss between YOLO-CCS and YOLOv8s
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Table 4. Comparison of experimental results among different models
4 TEERILE LSRR

BT KM% P (%) HEZE R (%) MAP@0.5 (%) ZH R (M) FPS
Faster-RCNN 785 721 77.4 43.8 24
YOLOV5s 80.4 76.3 785 7.2 105
YOLOVSs 81.6 73.2 82.9 11.66 112
YOLOV10s 84.2 785 85.1 7.5 118
EfficientDet-DO 83.5 80.2 83.4 3.9 86
TOOD 87.1 83.3 86.6 8.1 92
YOLO-CCS 92.3 90.2 90.3 5.83 96
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Figure 11. Comparison of detection results
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T 6.9 NED A, ARFRBILESGEEREEKT 10 NME . Bk, ARSI YOLO-CCS B 7Ef
ANERFERSTIN Y, BESETESZ TR IIRS 2RI RIRT , A BRI B 1S 5T 5| A A O R A 1 iR A 2R SRR 26

N T IR A ST R R A R, % YOLOV8s 1 54K YOLO-CCS R %o 543 I iF 4 &
BHATRAT L, DU IR A SR AR AP e . B S an &) 11 R

PR T, RALFIARIE A = 28 2R I S B ARSI AT R Ak 25 SR AT %, Y OLO-CCS A5 (14 il e A )
PERER Z T YOLOVSs JEERRL, &1 X 24 8UHRI , YOLO-CCS AN A FE izt KT YOLOVSs, YOLOVSs
FEXT /N SFLAR A R 1 L, RSO T AL . AR AR BR A AR FE -, YOLO-CCS #i8! &
BEESBAERRIEF, HAERBEEEIAR 0.9, XRMALE SImAM 5 CBAM [IXLE & /7 Attention-FPN-
PAN BEERFE S /N R B REAE B L1 68 BIAR K PR35 5/ o

4. B

AL F B UASREENRIA S el JE . RIEE DU U ) s [F]B y SEIRR AL 4
fb, JF YOLOVS Zetiidhsr 7 okidt, B i ) R 4E B AR M ) YOLO-CCS i fh bt iy . HoAk it
FEAEUTR . SR CSWinTransformer ¥ 46 J5 i P 48 RFAE SR IO H, B 5 JEAT 45 M (OB BT B, KR R
TR SHE S ITHEE; 78 FPN-PAN S5 /4% il 00 & i, AR RS ST, a8tk
TWUNERFERAE RIS : B P2 Tl /NEREER I Sk RS BRI P KX H ARSI Sk, SRR AR U T TINBR G 5 e
TR ) R o B i JE I 22 AL xSRBS B0IE, Gk 5 A mAP@0.5 54 YOLOVSs &+ 7.4 N
R, SHERL 50%, H5IA EREIEMLL, ASCRVEGE B EA R
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