¥39% 53 HL T 5 AR 2 4R Vol.39 No.3
- 44 JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2025 43 J

DOLI: 10. 13382/j. jemi. B2407757

E T YOLOvSs IR =2% PCB fhfRHME %~

IXRA Ox B OIXRF OERAR
(1. REHNVE RIS KA TR 2A B REE 30013052, RETK AU T RE2ABE R¥EE 300130)

i E.YOLO HLEATE R b5 RIEA NG BE Z RIAETE A G o A1 X BRI H B AR /s B s sl B A AT 55, 42 8 — i 22 T 0
YOLOv8s (MR HARA 2, &%, MR = TR hRENESRZES C2f 2,855 AR B REFHMERL GBI CFFM,
FESE IR AR B AL Y RIS B AR RS BE . R, 51 A3 T 1 4 F DSConv, #% C2f 55 DSConv 454 4 i C2f_DSConv 5
B B SRR SEE IPUE CBAM AL, B3t C2f_DSConv_CBAM A3k | 23 51l 85 i 0 25 35843 15 S50 00 28 355 40 |y C2f, 30t —
B SR B TR R RAE R B T . e Kl B FEAEH K PREY Inner-ToU | 321 FHHE 2R AR 401 2K PRX Focal ToU Loss | Ji 321
FHES R BREL CloU =& 45 4E K Focal Inner-CloU , 5| A FK/INAT 46 4 B i SOAE R DA T3 6 4500 $2 = 3 1) ToU 30 SAUHE o
T B A S IR IR BE R T, Seab e I, B E RS YOLOVSs JEAR TR B J i FR AR 81. 5% , 11501 B AR 21. 3% , BRI K/ Npi
I 72. 3% , FEIRGEEBIE (mAP ) 32T 3. 0%, A REREAR T S35 TR AR | 8 T SE bR R 2

SESER ;BRI F AR s THER AL SE s Ak s /N E A A DU

E %S, TP391.4; TN911.73 XEEFRIEAD: A E RAR A F R 4> ZE4KHD ; 540. 4050

Lightweight PCB defect detection algorithm based on improved YOLOvS8s
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(1. School of Mechanical Engineering, Tianjin University of Technology and Education, Tianjin 300130, China;
2. School of Mechanical Engineering, Tianjin University, Tianjin 300130, China)

Abstract ; There is a trade-off between the lightweight nature of YOLO algorithm models and maintaining detection accuracy. To address
the task of detecting small defects in printed circuit boards, we propose a lightweight object detection algorithm based on an improved
YOLOv8s. This approach significantly reduces the number of parameters and model size while enhancing detection accuracy. First,
remove the last convolutional layer and the C2f layer from the backbone network. Then, introduce the lightweight cross-scale feature
fusion module to achieve model lightweighting while enhancing the detection accuracy of small objects. Secondly, we introduce
distribution shifting convolution, combining C2f and DSConv to create the C2f_DSConv module, which is then integrated with the
lightweight attention mechanism CBAM to design the C2f_DSConv_CBAM module. This module replaces the C2f components in both the
backbone and neck networks, further reducing the number of model parameters and enhancing feature extraction capability. Finally, by
combining the auxiliary bounding box loss functions Inner-loU, the bounding box focal loss function Focal IoU Loss, and the original
bounding box loss function CloU, we design the Focal Inner-CloU. This introduces a controllable auxiliary bounding box to calculate
localization loss, increasing the proportion of high lIoU bounding boxes and ultimately enhancing detection accuracy. Experimental results
show that compared to the original YOLOv8s model, the improved model reduces the number of parameters by 81. 5%, computation by
21.3%, and model size by 72. 3%, while increasing mAP by 3. 0%. This effectively lowers the computational cost of the algorithm,
making it more suitable for practical applications and deployment.
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YOLOv8s+4#& 24 +CFFM 2.27 24.2 94.2

2) C2f AEHHUHERT LS5

TEVAHE LSS50 B FE ik b, AT Cof BB itk Xt b
S, RSN 3 R K ML C2f B N
C2f_DSConv J&i , Z i XA I8/, mAP B,
HE— 10 25 W 2535843 C2f_DSConv 2E Ny C2f_DSConv_
CBAM & , 280 SRR EANE mAP A FEK, &
SOt R k7 1S mAP R IG TG 0. 7% 1%
Tb, BEEEREAET 0. 16x10°, HEREALT 1. 6 GFLOPs,

x3 Cof R iR R

Table 3 C2f module improvement comparison test table

Cof Fibk ZH/(x10°) THHE/GFLOPs  mAP/%
caf 2.27 24.2 94.2
C21_DSConv 2.06 22.0 94.0

C2f_DSConv_CBAM 2.09 22.6 94.9
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3) PR R AE XY L e

SHYEAEAR 2 PRETHGIE T mAP 81K 7 30 | 4 5l a2k
AT BRECHE X HE S 56 55 Tnner SO FLSCER 056
ERINER 4 Fras, 5] A Inner-CloU 5 Focal CloU,
mAP JM 548K 0. 9% F1 0. 2% , ¥ — FH 454 itk , mAP 14
£ 1.3%, 7 Inner ST LA | 24 H ratio 4 0. 95
if, mAP i, 5% T 96.2%

4) JHRLSE

SRS UEAR SCEL R I A BCPE |, X AS TR et 47 3 ks
55, SCIREE RN 5 Ui, Seak X4 2 | C2f B DL
LA 2 R et , AR T IR YOLOVS BB | S 400 [

{15 81. 5% , T8 B8 A% 21. 3%, B R /NFEAR 72.3%,
mAP $2F 3. 0%, &% PCB /)y B ¥4 AT 5%, R i 52 30
TR A B R IR B A

F 4 BRI R

Table 4 Loss function improvement comparison test

i1 2% PR AL mAP/ % ratio mAP/ %
CloU 94.9 0.85 95.2
Inner-CloU 95.8 0.90 95.7
Focal CloU 95.1 0.95 96.2
Focal Inner-CloU 96.2 1.05 95.1

RS HMZIEXLE

Table 5 Comparison table of ablation experiments

YOLOvS JIEEI= CFFM Cof utt BBkt S8/ (x10°) FHEE/CFLOPs  BIR{ARL MB mAP/%
2 11.16 28.7 24.2 93.2
vV Vv 3.49 30.6 7.4 93.9
vV vV vV 2.27 24.2 4.9 94.2
vV VvV vV 2 2.09 22.6 6.7 94.9
Vv Vv Y% vV vV 2.09 22.6 6.7 96.2

5) AN[E)GEE N L SL
HEAEAR SCR LR T HAB B LS KA
YOLOVS . YOLOv7 . YOLOv9 . YOLOv10 . Faster RCNN . Rt-

Detr ,SSD AFHE VAT AL, SEIR 2 R AR 6 T A SUR.
TEAE R AL bR RIS 2 0 i 247 (A B 1 g DA

x6 AREZEXLLLE

Table 6 Comparison of different algorithms in the experimental table

A SRR/ (x10°) 144/ GFLOPs BRI ARFL/ MB mAP/% WiZR/FPS

YOLOvVS 7.1 16.0 54.3 93.6 72
YOLOv7 37.2 105.2 74.9 92.5 45
YOLOVS 11.6 28.7 24.2 93.2 140
YOLOv9 9.7 39.6 20.3 95.0 9%
YOLOv10 8. 04 24.5 15.8 90.7 100
Faster RCNN 41.2 206.7 89.6 9.05 22
Rt-Detr 32.8 108.0 66.2 0.87 32
SSD 24.5 87.9 50.3 77.6 36
A3 2.09 22.6 6.7 96.2 104

YOLOv8s Hyf21e 4% PCB BRI R I, 1 S 3i o M 5

3 % it BT R4 R RIERE S C2f )2, KA 9 2% 2 07 | 4271

TEFIH YOLOVS HE4T PCB @ kGl it A% v, — 5 1
& IR Z IR I I 45 25 4 237 R K 15 704, AR
JZ BRGSO A K EAZ B X /N HARKEI A, ZEH1K R
BTty AT AT BT 2 A [l )RS B s ()5 55—
AT, T B AE A R AG UK AR AR A AT T, PR ARAR 2 &2 2%
JE DA SRR A 8 Ao o B [ R S — b 3 T el gk

W28 X6t/ H R FRIE A B2 HURE 7, ) ek 8] A L 25 4y | sl 2
RIS E G, 51 CFFM 2544, R4 0 2% 58 3 4%, 01
BITAY, I sR 350 W 4% B RRAE Rl . LR, T C2f
DSConv 55 C2f_DSConv_CBAM &k | #E— 1 AR R 5
oo Wy R BARIE SR INBE ), B, 7R SR 35 2k R
B CloU Hefiti |, 4 i Inner-IoU 5 Focal IoU Loss, #2711
FHHEXS /N HARRRAE #Y € AR B $2 = 8 i 1Y ToU 341 FUAE



53 3

FF 2t YOLOvVSs BY42 20 PCB R A Bk - 51 -

Je o EEE | DT B A UG IR JE

FEALHUR A2 TT PCB B AS I Kodf £ |, A4 S8 ik

R AR YOLOVS B3, SF- 58 BE Y (E R T 3. 2% 15 3
96. 2% , SRR FEAL 81. 5% , 13 B A% 21. 3% , i K
INKEAR 72. 3% ST Rk B SR s e M et R
ok TARREE— 20 Ak W0 245 285 4], R ARASS 0 & 2% 1 L (i T
IRl AR () I B8 A 0 S B2 DA 4 b it
SEBR TP A = I 75 B2 I S AR SO A e T 2 28R Tl
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