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Abstract

As a core component of modern electronic equipment, printed circuit board (PCB) has been widely
used in many fields with the progress of technology, including consumer electronics, communications,
medical equipment, automobiles, industrial control and so on. Aiming at the problems of high cost, low
efficiency, high missed detection rate, small PCB defects and low detection accuracy in traditional PCB
defect detection methods, a deep learning detection method based on improved YOLOv8 was proposed.
1) Introduce ASF-YOLO network, and add small target detection layer on this basis; 2) Add the SimAM
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attention mechanism to the backbone network; 3) Improve the loss function to Wise_CloUv3. Experi-
ments show that the average precision mAP of the improved model reaches 90.4%, which is 3.55%
higher than that of the baseline model. In addition, the number of model parameters decreased by
17.19%, the size of the model decreased by 0.8 MB, and the initial lightweight of the model was realized.
It provides reference and application value in this field.
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1. 518

BEAE TG m A . M7 K, PCB (Printed Circuit Board) i Hi 1 7o
(R2EA, SR L i T AR = . PCB AR R A DU (A 7S AR B 2 A5 AN B, GRS I AN OG-
i AT SEVERVERE, I8 ELEERS M B AR PR AR L AR A B 287 i )T R[] DAE,  PCB AR e A I
RGBT, WA T il s — AN 2L PR

HHT, PCB kAN R ¢ E EEAE P AEPI R T7 1A A& S8 (RN 7 V2 A0 6 T BER AL 1 ) B B A0 sl 77
%o FEGL) PCB SREGAIN 5%, W N TALGERE 7 A0 B B4 6 2K M (AOI),  BARAE SERR N F RS 3 T
ZWIER, (ABEAE PCB i1 H &3 5 44, XL ) 1R I T 2 6 A I RG FEAS A2 - 2R 45 1) /R [ 2]« 91 2,
N TR R 25 5 52 BIHAE N 1 57 RO 507K, T AOL BAR AR nT DASEIL | Zhiuka i, (HER
FRERFE IR E AR — B I RBR . BEAk, XS LR AS DU R 75 R A S5 [3] 2 T AL AR I R, AR
RS R0 PR, F G s AR A 52 2 1 PR T KRR A

TR, BEAG IR S ST HAR PR R, 5T UH UL LI [ B0 B RS0 7 2328 7 F A e 7 ) 4
o BRI P2 (CNN)E TR FE 22 ST i i — R ok T B, BE9 B sh MRS R SR BURRAE, HF3ET R 20t 4
FEAHE 4] 55312 YOLO (You Only Look Once) RFIG S, LA S A AL 77, 78 TAkEREEAS
W3R 7Tz A . YOLOVS, fEA YOLO RANKIEHhA, #E— B4t 7RIk BEAE AL, i
F T w0k B2 () PCB SR IINATE S5 .

JLAE YOLOVS 7E H Fnfar il 7 i HAT 2 2 1AL %, (EAE PCB i eakar il b i) N2 H AT SR THI i — e Bk Ak 451
U, PCB EUE Rk i R A ERI Z e . ARSI BRRR (1 )URE 22 57 LLRCAN[A] PCB AR I R A 15 5%, #R T R
M YOLOVS kA BE[5] [6]. Kb, iyt X ix 46 o] % YOLOVS #EAT ik, #EF+HHAE PCB i
REAS I A PRI 8RR T A 9T I 2 E b

KWFFET YOLOV8 ik, diadbni KR AT PCB HdE, TR T —Fh ek sk Bkl 77 v . AHE
FREE@E G PCB B B iGN, it A PCB BRI A I . B8 i A o i v f SR A 0 235
R, JEEONTRER TERARZE, N RIS RO AR F.

2. pBIFBPERNARIIR S Pk
2.1. Wik
/N B ARSI T TG T ST RN SE 5, il BT TR FHL A% 2 S SRS TR I . AR,
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REETTEAEA BN AR R, BN BT Z 0 REEAACHI B HEIE[7]. BEEIRIES ], JUHRE
BRPZPIZE(CNN) A RE, /N FARA IS 1 B35 Bk . Urepsk, Wi ot M2 48k . BINER
JINU S TR SOEBESEROR, AR IR 5 S 7 iR RENS T A AR R /I B FR R AE 55 (8]

F R AR B 22 21 7w LR WL T L.

1) BT REEMRIN 7% X7 kil 2 REENZRFIRIE & 52 450, 158 7B A F RN B bR
FAG I e

2) EESH . B S GER I, BREENE A3/ B AR, RTHIIRS S .

3) LR OCEAE NHAREE T RER, B, 456 LR SUE SRS el R 1 2 AT TR A
R

2.2. HEAYEIE Sk

FUE R 5 )R RTE /AN AR IN B 7 R R, (AT T — bk -

1) RERE: DMEHFSESRZERBDN, BRSHENF KB, 5378 B+ g =5,
AR AR T R

2) YR /N HAREE 50 R R R B S ARG, SRR R R

3) Fnid P HME 5 B AR el /N H bR BOBRE RN EOE SR A AT AR R — A . I 1 SRR S (n
COCOY K Z i ln] TR B AR, BRZEXT/NBEARHE T ThRE.

4) oIRGB R )P4 - AESEBRILF A, BT ISR RS BEAT RS R 1) R A R — A L ) R
JEHAE Tl AR 7= (R ST A AT 55, an o] P4 B2 5 38R AT 2 — ANk AR [9] -

23. AXFEMRIE

2.3.1. 5| 2024 £ 7 B&A T (Image and Vision Computing) EiFJ_E# ASF-YOLO &8

AR AU I T R RE P FI A 1) yolo A 73 BIRIAY 2B R BT | — A2 RERHIERL & 1555 SSFF
(FE 538G 50 0 26 (1) 22 U A5 S FR RS 70) F1 = S AR 4 i 25 TFE R (BR 0% Al & AN R R R RRAE L, 3860
TEAMEE), ARG sR/ NI S 3 BT RE . S Ah5IN T IBIE A BV = I HLHI(CPAM), B RERS L%
TAE S AN A () AL B AR OGN . AEAR 2y BIAE S B TR AP RR[10]. PRk A e 51 A B
YOLOV8 Ht, sRia il PCB i bAst/NEIAHSCER . T2 vy HARKINZ P2, SRELSN AR B 3 M 2% 1)
4 F5 T RFERHES S, b IR m AN BARI R GE 11, T ASF-YOLO-P2 4514 .

2.3.2. £ YOLOV8 EFMLEHMA SimAM ERSIHHI

SIMAM 2y 2021 4 K AT I —Fi ELESHT R E L, & — AR, S EH RS B DA )
L ARG I 28 R A . 5 A PRI T Y R R0 S TR R I BN ], SImAM HE T HHRFAE BT ) = 43
JIRE, MAFTFENRENERMSE . CEET - EEAMMEREER, @R — N aER R
Hortf e M E T E TN, RS AR R B PO P 2URR, R EIIZAE O] AR B AT AR 1
LR SEI[11]. A, SImAM B 53— ML U K 2 B R ik T R B pR AU e R 10, DT 38 S 1
2 IR T

2.3.3. Bt v8 LR H CIOU Jg Wise-CloUv3

BRHZNAS AR R AR AR T T WloUv3, il it Zhas JE s i RN, A 5% (R E MR 10U Sk
TEAREEHE R BT &, AT AL 1 — b W1 A0 3 25 70 O SR o XM SRS FRAIS T e T BB AE 1R 5 5+ /0 [12]
[E k> TAR SR BREA = AL A R, 43 WIoU B85 o 7 5y E 1 08 T 2 IO HE , AN TTT B2 s A D 2%
(IR RE
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3. BU#t YOLOVS = RIGEHIR R AR AAL IR 5 sk BUE
3.1. YOLOVS-ASFPS &R R R
ATTAERE W, IR SCH IR Btk 5 AR Y 4y 44 4 YOLOVS-ASFPS, IABRTIZE /i 1 fior.

Concat

C P2

ScalSeq (2,26,21)

Concat (27.2)

g Concat

Figure 1. Model network structure of YOLOv8-ASFPS
[ 1. YOLOV8-ASFPS & &I M4E L5 14 [E]

ScalSeq (468 25 Upsample 27

Add (18,25) 26

VE: MEELEY p FRIRE P2 N HHIEIR), B 4 45N REEE RRE R RS AR R I 14, ik
e, BEHERBT(N 2, HNERES; BHERES N1, 6, 12)F s HRRI i\ K B iR
11, 6 /112 B, FHah, AEEHNHIEE p2 /N B bsfil .

3.2. SiMAM FEAWEIRIZI AR
FoF Sim JEE AIHUHEEIE X, BEAS Sim VER ML T LR N
X:smdeﬂéjox 1)
X R NSRE, E XX s/ NEER, Sigmoid NG R, AT pytorch 77 HARIS R RN,
m#E 1 iR,

Table 1. A pytorch-like implementation of SImAM
= 1. SimAM SEE DHHIRY pytorch SEER

ST
# X: input feature [N, C, H, W]

# lambda: coefficient A in Eqn (5)
def forward (X, lambda):
# spatial size

n = X.shape[2] * X.shape[3] - 1
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# square of (t - u)

d = (X - X.mean(dim=[2,3])).pow(2)
# d.sum() / n is channel variance
v =d.sum(dim=[2,3]) /' n
# E_inv groups all importance of X
E_inv=d/ (4 * (v +lambda)) + 0.5
# return attended features

return X * sigmoid(E_inv)

SR 2 HoAhIE T — AR AL T R SR AE R LA, SimAM B A, T =482 AR RUAIAL

#H, RI=4eE. WK 2 Fios.
oo,
ﬂiﬁi’]‘7 \}‘E

7%
|——¢%
VN

c

AN\ N

Figure 2. SimAM attention mechanism 3D weight generation
method
2. SimMAM FE NG ZHENEERFR

3.3. BUHRL R

PR R BRI 2R AR BB — 36, ARYER ROk e U At S AR AR 22 S, kI
TR ) R AR SRR AR AL B K S 4. R BVEAEFH 2 CloU 1R il FHHER R B8, A 518 PCB ¥
B o 22 MR VERE AT SR 2

# Wise-loU 5] A\ YOLOVS 1, fJk Wise-CloU, CloU f&%HE4E loU #512% 19— F i, CloU Bk
BT AR RN

Clou (b,b) =1-1oU(b,b)+ p* (b,6)/c2 +av @)

Hrie:
loU(b,b) 2 HMIHE D 5 2{SHED 2 M ERLE. p(b,b) R BUIAE 5 L IAE bt 212 11RO IR B
2 TUIHE i SUSHE (4 /1M EIHE (R0t MK o v RS EL BT, @S2 P IR 7
Wise-loU $i 1 T — B A S ARHL SBT3 57V K 48 4 SR S UG R AR D 25 R . Wise-
loU 5]\ 1 attention mechanism Kz} 1 15 AN [FIFE A [B] V453 K 520 o Wise-loU BB R AL 5
CloU R MI% £, B Wise-CloU, &ikAA:
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Wise-CloU (b,B) =CloU (b,6)+ A -Dynamic Focusing Term 3)

o
CloU N7 3%(2)Hz~. Dynamic Focusing Term & Wise-loU 5| A FIZhA BRI, %0058 i I AR 5 &
HEAE, PRREAERRITE R, A & — NESH, HTF# CloU 1 Dynamic Focusing Term Z [H]

KR
% Dynamic Focusing Term /& J& T4 HE ¥ 5T &= A1 loU TR BE R+, & nl LRI -
Dynamic Focusing Term = 1 — (4)
14 exp(;/-(loU(b,b))—H)
o
y RWTEF, HHIRERAE. 62 loU FIBIME, 24 10U KT UERE, SRAENLHI IS 80K 0T 5 A AR 11
e

£5 . Wise-10U A LI 5 B ARV R0 SIS, 72403 2 R0 A S22 0 5t (o D IR
EREAR) TR, BT R (R A R
4. IWFEEEURGRIH
4.1 WIRKHIIE

K AL SR E B RENL 28 N TFFI 256 =5 i Bl IRl L B8 A (PCB) BRE S i 42« JL 693 7k, IZR4E, IRIEAER)
Srbbh 8:2. HEJEFREEARER L xml FAL R txt. BHBRES B WZE 2 iR,

Table 2. Distribution of the dataset
F= 2. BBESHIER

BRI TKE
Missing_hole 115
Mouse_bite 115
Open_circuit 116
Short 116
Spurious 115
Spurious_copper 116

4.2. SERGIFER
ARSI FR P S R - TG B A0 3 TR
4.3, EENGSHRE
FBBER 3 RS H ik 4 Fios.
4.4, LT iEHR

7E HAR TS5 4, mAP (mean Average Precision) 1 [f] 2 (Recall) 2 AN I HIPEM 4845 &A11H]
AT BOERAN T AT 1 A R AR A AT 45 R R B
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Table 3. Experimental environment configuration
3. XWINERE

ARG
CPU AMD Ryzen 7 5800H with Radeon Graphics 3.20 GHz
GPU NVIDIA GeForce RTX 3050 Laptop
WAF 16.0 G
BIERSR Windows 11 ZXE 71 3CAR
CUDA CUDA11.8
cuDNN cuDNN$9.00
Python 3.9.19
torch 2.2.2 +cul2l
torchaudio 2.2.2+cul2l
torchvision 0.17.2 + cul2l

Table 4. Training parameter settings
Fz 4 NESHRE

Image size 640 x 640
Learning rate 0.01
epochs 300
batch 8
workers 6
optimizer AdamwW

4.4.1. mAP@50 (Mean Average Precision at loU = 0.50)

JE X : mAP@50 72 7E H b I o i S B L BE 1) H 48 A%, & ARGR I /2 5528 H bR (1)1 35 K5 2 (Average
Precision, AP), il /& 7EZ AR loU (Intersection over Union, 283 Hb) BIME R4 . mAP@50 45tk
loU = 0.50 I ARG L VP A, B

loU 2 & i 5 il i FAE AN EL s iy FHE S SR P i b, A S FIHE AN L SEAE Y 1oU KT 0.5 I,
I RIZA I 2 IE A I (True Positive). Average Precision (AP)TH5f /& M Precision A1 Recall ik~ /5 i
B ME . mAP ZFTA 0 H) AP FIMH . tHE AKX y:

N
MAP = %Z AP ()
i=1

Hor NJZIRIEL, AP ER | R IAREE

MAP@50 {H 1)/ il & = B AE B bRt RS B2 B e I, B AYAEAS I B Ay 5 vk, A
I RENE R I B ST 2 1) B AR, SERERSHAHL T S AT A B . X T PCB 4 £, ixX MWk 1520 e B 4 Hb Al
B FL AR AN [ R B
4.4.2. BEIZE(Recall)

SE s A B2 R IS TR e % IR TR0 1 T LS HAR I e 7, RIUBSERS TERAAS I 38 1) 325 B b o5 B
A ELbrAFAE BRI . H FZRTHE A LN
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R__ TP
TP+FN

Hrt TP (True Positives): H5IE R 1RSI 19 2052 H A%, FN (False Nagatives): A7 BB 1R 5 2L HAR4L.
74 [F 2 f B o 2 AL R AR B BF 2 S AR 0 TR IO L. 7E PCB $ididk b, A%
FAR o R TR B RIS 2 PR, P S [ R T RN ERAE T AT B R AR

44.3. 8 mAP@50 B EIENE N

L MAP@50 F AR A% H AR & P SRS HG, HAE loU v 0.5 i, FRINHE 5 B STHE 2 7] (1) 8 S
oK. IXEH EIME R e AL RE 1153 T RIS

P A B R F R R GERGT I BT 22 H bR, JCHSE NN L B il 5 w4 10 5 bR (ZE PCB A&l mg
AE AR T/ B I e B4l 1) B RURR . X R RE B (SRS R PR, T SRR A A (L2 A sk B &
i
4.4, IR HRESIIE

HHS 5wl 5, RIS 5, BRI UEEE A0 P YRS S mAP@50 #KIk ik, HHHR R FHA
AW Lk, SR BN B RTINS o B 28, OB A BE 2R AR YOLOVS - )4 7t 3.55%,

H BRI 6.76%, SHCE T FF 17.19%, FEALAHE /NN 0.8 MB. IERT 1A S0 A 280 DL R AR 7Y
UL RS P2 o

(6)

Table 5. Ablation experiment
5. IHRASLIE

Model MAP@50 parameters Recall et NAN(Y )
YOLOV8n 87.3 3006818 81.4 6.0
+ASF 88.2 3046434 84.4 6.1
+ASF-P2 89.7 2489960 85.8 5.2
+ASF-P2 + SImAM 89.8 2489960 85.0 5.2
+ASF-P2 + SImAM + Wise-CloU 90.4 2489960 86.9 5.2

45. RNEHEF) YOLO #EEIxtH 5cis

XHEE v8 flt A B yolo A, Uik 6 Fiow, AERA T kit e AR A A PCB Hudls Sk ARG B U7 T
ABRIIRIL, P 7O SREE AT A IR AR, TR IR 2 B MR AR /N 5 T AR A — 5 e B A BRI

Table 6. Comparative experiment
= 6. XttL=L

Model MAP@50 parameters GFLOPS %7 -K/N(MB)
YOLOv8 87.3 3006818 8.1 6.0
YOLOV7-Tiny 90.8 6028518 13.2 11.7
YOLOV9-t 88.6 2618900 10.7 5.8
YOLOvV10 86.8 2266338 6.5 5.5
YOLOv1l 87.3 2583322 6.3 5.3
YOLOV8-ASFPS 90.4 2489960 12.0 5.2
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4.6. BUHEERNERRR

HT 1] 3~ 8 W, FRATTA R R AE T R4 R bl A T R 2B, fE e hRE b, Ree il 2k
ARSI AN Y R, Al 4L B 5. P 7, T 8. BT O AR R B ) BE ST BEAE, AR BRI

missing_hole 07'7.6 _

missing_hole 0.86

(a) Baseline (b) Ours

Figure 3. Comparison of the prediction effect of missing hole categories
3. ERFLAEHITUNZR xS EE

Dadacelite L5e Risaiaosl pouselite Lg2 0 [T ERORT
{
|

?Em bite 0./2

!
1
|
1
|
Mouse bite 0,75
i e bl 050 8]
|
|

(a) Baseline (b) Ours
Figure 4. Comparison of the prediction effect of mouse bite categories

[ 4. BRI FUMELRXTEE

6o
ao
0o,

0o o6

“

(o) 6 0 :

(a) Baseline (b) Ours

Figure 5. Comparison of the prediction effect of open circuit categories

& 5. FFE&EAAIFMHRATEE
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(a) Baseline (b) Ours

Figure 6. Comparison of the prediction effect of short categories

6. ZEREIEAITTUMR X EE

+spur0.76 %%

. spur 0.76

(a) Baseline (b) Ours

Figure 7. Comparison of the prediction effect of spur categories
7. ERZEHI TR IS

(a) Baseline (b) Ours

Figure 8. Comparison of the prediction effect of spurious copper categories

8. RIFFEAITUM RIS EE
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5. RESRE

ASCHRE G RTYAE PCB Hdla S RIS 1 FUARIIRCR, $& 1 PCB UG I AR I iE
AR, ke R SR LS RE A B (n 5] 4, W) PSR I R A oL, AR 7 b, HE

TRIEHITE L. AT RE R B EEAEA L DM IR, AR AT DAME I ZRrEAS, X R AT B s i o . A
RENTTI, BORSGE R B S HE AR N T B FE A LY, BRUTEETRES, A
BEAR A ik B LTS B PRI BE % B RERE ZK,  ARORAT LA [EBE 4y (1 250 U5 58 DA RO A AR AT B A

M.
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