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Abstract

Aiming at the problems of low accuracy, slow processing speed and poor adaptability of existing
PCB circuit board defect detection methods, this paper designed and proposed an improved cir-
cuit board defect detection model, YOLOV8-PCB, based on YOLOv8. By introducing an attention
mechanism, combining data enhancement and a multi-scale training strategy, the model can effec-
tively improve the accuracy and processing speed of defect detection. At the same time, consider-
ing that the background information of the PCB is relatively simple and the performance of the
general target detection model is limited, this paper further designed and adopted a LSKNet atten-
tion mechanism to improve the model’s target detection ability for small defects by dynamically
adjusting the target perception field during feature extraction. The experimental results show that
the average accuracy and recall rate of the proposed algorithm model under the test data set are
95.0% and 93.3%, respectively, which are better than 91.8% and 90.9% of the original YOLOv8
algorithm. Moreover, the number of model parameters is smaller, and the algorithm calculation
efficiency can be taken into account while improving the detection performance, so the defect de-
tection of PCB circuit boards can be quickly and accurately realized, providing technical support
for smart factories, intelligent equipment and other fields.
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EfV Al LA (Printed Circuit Board)fiifR PCB, fKFEH LM HEM . AT E s S5,
J Uz HON T T AR SR, FERIE SRR, BTSRRI, s, R AR W
THERPESE, PCB HLERHR LTI REAAAE SIS FEMIGRIG, Flnfig. shoefl. AR L. X
SRR LR A RE SIS AS IR AL FE, 2> FEE RN PCB HLER ARG MERE . R R 2 4

BRI, anfe] B kst PCB LS ARG TSR ARSI B 2. R PCB SR FEAR I 3= B SN T
FLRIAE LR A BRI, (EIX ey 00l o AP AE A s . R R RSB, ELEB AR Iy 70 2 P fi
F| PCB HLESM, 2518 M R, 45 H AR DL 2 AR PCB FLEAR A2 P2 2R BB I AR
MEER[1]. BEETHENBORIIR IR, PREES: S RSB R I Seas 2 BFH HIUS 1 2 R

LT IR PE 22 ST B AR Sy A0 5 IR AL 45 XU B (two-stage) Fl LB B (one-stage) 3 A H b I ATE 22
[2]o TEXUBY BERIAS A2, R-CNN [3]5& — i3 T- XIS R 28 I 24, Je Iod 4 R G B 1 48 2R VR xt
N BB SRR MR IE X . SRS, RN IE DX IO AT RRAE BRI, R FH SRR M B L (SVM)E4T 4
HKo IXFERRE B ARASIN 7] R A — ANk X 34 R IR4E 5% . 1T Faster R-CNN [4]7£ R-CNN (1 2Eit F gk
177 e, BIN T XIS 4% (Region Proposal Network, RPN), {75 %4> H A 22 Gt S 30 i 1) i Hb 3
AT ZR e AR B T 3 DX 380 A B 72 P REAEAE — LU PR, 5 S0 A BUE A AN HERf

T AE B R B, SSD (Single Shot MultiBox Detector) [5]5% ] 1 2 T 3 A1 #0248 X 4% (CNIN) R HRE 12
IS, JREZNAR RS RRAE B BT H SR . el i 76 A R 2 R AE B S AN TR KN A A
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Figure 1. History of the YOLO series
Bl 1. YOLO RINLRFAE

YOLOV1: YOLOVL KA FAREE W4 S5 40, K H Am Al i /4 A Ay B0 R T [ 4% 9 1 [ ) 1) 7
U0 FEAE 5 o B P A 9 I 46 i N (3L T Faster-RCNIN),  ELEEZE S H1 20T BBox {47 B A1 5
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E RUERE T, IR LS AR AR ELEME USSR R, B A X RS
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HAFRIZHAFAE T cardinality, 358 1 W25 1% S RHIERIRE 77, $EmiEmfige . i T sR R AY 4,
R BEIR A, ARRFRRL I i A

2. YOLOvVS EiLHik
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Figure 2. Network structure of the YOLOv8 mode
[ 2. YOLOVS =& L& 514 E

MU, X N B AN R 2 T T AN TR BOALEE R 80 75 B I 48 B0 i NS Rk AT 52 20, L RERE
FEMSCEEEEE, A S A A M BRI 2, A A Bh TR G A S R AR, S A
& FETE[11].

ASCAEE FE R AL 3R, 5]\ T —FinY LSK (Large Selective Kernel) 135 493 & 1 454
[12], FJET LSKNet VER AHLHIFEEL, W 3, LSKNet Z5Ffai s, (HAEMIREI T RmERE, wT Ll
B2 Hh YRR LR (RS2 BT, T B e b S A 3 b S AR IR I BE AR 37 5. R RETE RE R H
PRI SR 2R 1) A IE BRI R ZALH], v LA 2 B TSI B R SCRMIES B3R B .

DOI: 10.12677/csa.2024.142050 505 THENUER 5 N H


https://doi.org/10.12677/csa.2024.142050

Norm GELU

LK Selection L

GELU

®
Norm

oo -
©)

i B

Figure 3. lllustration of the LSKNet Block
[# 3. LSKNet Block E7x

LSKNet Block /& 3= M 45 H i) — /N o] B HES BLEL, &8~ LSKNet Block (AN k2 T8, BIK
ik 1B (Large Kernel Selection, LK Selection) 1 Hi 5 ™ 4% £k (Feed-forward Network, FFN), L[4 3,
LK Selection ¥ HUHR#E 75 EE 3 A5 b A B W 2% (1) 2 B, FEN 7 TIBIEIR & FURHEAIAL, i — A2 iE s
B —AMNEEER . — GELU #d 5 AN B E 4.

X © Chanel Concatenation @ Element Addition & Element Product ® Sigmoid

T \  / S
! i \ Ag [T Spatial ¥ -
! ©—1> Max > l < > P > @ > >Q—>
j ,f [ poi)x, SA ]._:j\iv © Selectlon/’ﬁ F Y
= o~ | >S
W SA 1
U. J ref.image

H 1
i Larger i/ i
H

e

Figure 4. Concept art of the LSK Module
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Bt 5, DFL [ H AR 1k ST B e B0 3T B SEVR A AR IO PR, 3 DAL P4 1 7 =X

FRAGIE B A A BB AR AL E . 3BT 5] N DFL, RERYE] DUE IndERf e H AR, 3R 5 H ARSI A ge i
3.3. YOLOVS-PCB &R BY sy 2541+t

W EIRNE, AR BT SIR LSK JE= AL, 78 YOLOVS £ 7 ff) Backbone. Neck
PLK Global 4 J5As A B AL BT RIE N, SRR MR SGE AL 720, SR 3.2 T 2% R %L
4T YOLOVS-PCB #: i)I| 5 5 Tl 4 H

3.3.1. YOLOV8 Backbone ZB43i%5/n LSK 1k

Backbone

Stage Stage Stage Stage
Layerl Layer2 Layer3 Layer

e

Figure 5. Backbone improved structure diagram
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R 5% TR BRTU AL I T, IR s A I RIERE I AN IX 73 . b R MR ¢ SR e Ik
ST % T R 5 T 3 M T AR (1 EEARL:

YA/B
R =— ®)
A =§i S¢.RF,|B, =%Area(GTJ— ) )

I vELS BRSO ¢ G SR, A ZFNEIR i F BT LSKNet Block i Hi 1) 23 [F] 3% £ 30 i R A,
d & LSKNet 1 Block %, n f&—/> LSK module 7 fi#f5 B EAAZEE, B & bk B sz H
FAAE i BT R

IS TE C2f WA LSKNet Block A5, W LALRALRY B0 0CyE B ) R A5 B, AN 827 B br B JEk
VA
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454 Backbone #B3 I ECHE, 7 =AME ML AT concat 3L (K] 7 KA ER43) N LSKNet Block, #2
SRR R B AT IPE RS, SE ARSI Mk U PCB L ER AR (1 BRI (5 S

4. LI
4.1 BIEEHES

S8 TR AR SR ARSI ) PG B Aok B b 5T R2E R AT PCB, H @&/ R L, Z R
W, JFEE, S, 2480 DvE)BEG—3t 693 5k PCB I H. &R m E 8. 9.

Figure 8. Dataset example

8. BUIRE

Figure 9. Example of dataset defect information (missing holes)

9. HIRERMEESROI(ERETL)

4.1.1. HiR&EHXIS
MR4E PCB Gk e FELBR BB SR A /DN, FNZREE . Boubde . AR 7 Ee il B B 8:1:1. B 554 K
BT E N IIZREE, 69 Tk E NIGIESE, 70 FKBLE NS JyRIESER A TS A P4, ERI 70 %K
PR FEIRS, SEE RN AL SRS, P AT BRSO AU PR AR G, I8 R 52 BB HE B U AR -
H T HEL D, R IR — e R, X AR SAHI(YD A 4 Bhd 41 BE) (o e g 5 7 ik, i
R BRI 70 B T X3, 02N Xy 0 HEAT TG, 45 5 B 3k B R TN 45 SR A7 800 feJm (8] NMS
BEATILNE, DASR /N H AR AE T PR A R

4.12. BIRERFEHR

H1F YOLO $udla 2 (K% A2 SCA S A 1Y), 10 PCB Al g b OFR 25 SR 17 XML A% A7
fitro DRIL, 7EAEFA YOLO BEALIZRAT, ekt XML 4% R IFRAE AT 400y YOLO B s i SCAR SRS 5,
DL A5 7Y A% 11 6 3 ORI AR AT F ARSI 55 BT 7 RO £ 12
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42. LW¥a
421 SHEE
ARSI T E WA 1.

Table 1. Configuration of the experimental environment
=1 XWIMERE

CPU 12th Gen Intel(R) Core(TM) i5-12600K
GPU NVIDIA GeForce RTX 3080 Ti
BIER G Linux
BF 12GB
Python fliAS 3.8.17
Pytorch kit A 1.10.0
TR VScode
pIBEEIN: ) Cudall.3

422 XRBSHPE

XHFARSEL:, NASEBE W T . BILUIZF% epoch W E A 1500, #t&E K/ batch_size WE N
—1, RUARSE o] SR shifi e« PIAE2E IR BN 0.01, IZkii& N GPU, HIAEG RN 640 x 640
1% &, Bl as DG A E 2R AT gk, R workers B8 N 0. BENLAH 7 seed W E AN 249, A5 IR
EFEE amp YIIZ%, B amp &N True.

4.2.3. SEBTIERR
S5 R RS i % (Precision). £ a1 % (Recall). F1 {A(F1-score). ~F-¥7k5 A (MAP)E A TFAL FE4s .
KT Z (Precision): £ T A #4r KR IEFI(QER M)A, RGN IER) LS. e

T AR G () R SO IE B XU o SRR IS A N KRR = EIERI/(CEIER] +

B E1)

oo TP
TP+FP

A TP (FEIER]): TLE R A TR, FEGEFNIER], T ER. TN (RIEG): Fillss 58 iE
i, FSREEFR NG, TR 1R .

HE#(Recall): 7EFTA EICNIEGIIFEAS, B0 RNIEGIRLLE] . SHE 1 502848 IEF A
IEGIRIRE ST ABERMIFEAR Y BREE = FIEFIEIEG] + B E)

R = TP
TP+FN

A FP (7)) TG F o], B RNIER], TR, FN (E06)): Tg RN 7
o, ELSEE RN, SR .

F1 fH(F1-score): F1 {HRIFEHIZF A FEREHAEIIE, BN Tabrss &N, 1T LAUE 4
AR bRt . FLiFE AR 2*(Precision*Recall)/(Precision + Recall)
_2+(P+R)

(P+R)

(10)

(11

F1 (12)
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TR EE(MAP): 5 FLAEAALL, mAP Z8& 1 ITA JO I TERER L, A prAh 1 RURAE H ir
REIAE S5 L HER PR AT 1] 26

N
MAP = %Z AP (13)
i=1

4.3. SEWEER

DNBHIEARAN LSK VER SIHLHIA R, 7R A8 YOLOV8s I [F] A7 B 14 AASE Sk A7 4 Rk S 56«
SEYG MY L. JRUA YOLOVSs &Y, 78 J54f YOLOVSs RIS fit | Backbone #3408 i LSK #itk . 7
Ji 46 YOLOV8s # B Ll [ Neck #7308l LSK #idk, £ 545 YOLOV8s BB HLfili |- Global (Backbone +
Neck) & 737 i LSK B, JIgRas R W% 2.

Table 2. Experimental results
2 LR

Model Position P R mAP50 mAP50-95 F1
YOLOv8s 0.918 0.909 0.937 0.518 0.913480
YOLOVS8s + LSK Backbone 0.926 0.900 0.945 0.504 0.912815
YOLOVS8s + LSK Neck 0.964 0.865 0.941 0.493 0.911821
YOLOVS8s + LSK Global 0.950 0.933 0.958 0.520 0.941423

¥E: Position ABGEMNLE .

X T J5 YOLOVSs [l gk %dis, 7F Backbone #5435 F1 Neck #5433 LSK #EHL, mAP P14 5 43 il $2
1 0.08. 0.04, FEHEZR P 43 AlHEm 0.08. 0.36. 1 HIiZIE R JIHLHI T DA THEE R ARG o (H2 X T H B,
Xof EE O AL IS Bl B, AT RT Re i T — SR B SR IORE AR o (A B S B FL BN BE R AR R A B R R

2RI LSK )5, Xf Lt YOLOV8s JRAHAY, Fifi% P B R85 % 0.950, Recall £ % 0.933,
MAP #2754 0.958, mAP-50 $2/H % 0.520, F1 &% 0.941. nJLLEH, 451N LSK Bbipgit 5, #
AY7E Recall. mAP. mAP-50 Fil F1 H#5 BH 42 & . 150 B ot fa A2, #EX0 T~ PCB SR e snilll i A 55 |,
A A ST 2 U e

SRR (V7 A BE ) SRR AT SR, IS A JER Y YOLOVSs FIVR I LSK Lk oiu ik J5 1)
YOLOv8s #i4Y, FEMHASE FiFATIIE. 25 R % 3.

Table 3. Comparison of test set results

= 3. ML R

Model Position P R mAP50 mAP50-95 F1
YOLOvS8s 0.958 0.872 0.932 0.477 0.912979
YOLOvV8-PCB Global 0.985 0.952 0.952 0.508 0.968219

I 3 514 10 4558, WTLAE H Yolov8s-PCB Myt & R 7E 2 ME bR _E R I 47

B, TERTE RAIMINASE Rrb, SOl B EMER S Py HIEIZE R, CPIREE mAPS0. F1 734
SRR BECE USRI B, #EREER A 0.958 FEE 1 0.985, H[EIFM 0.872 #25F] T 0.952, mAP50
M 0.932 &/ 2] T 0.952, F1 -4\ 0.912979 #2 %] 1 0.968219. X EHAA BUdh /5 AR AE TR H b4
A5 THI S NAERA . 4T

FR, BT EABARZE,  Sulk 5 R RUE G o R FeAs A 4. LL missing_hole i,
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HEMFEES T 1, ARRESET 0.996, mAP5S0 #2m%] 7 0995, F1 #tm# 7 0.997996. ifi
open_circuit 1 spur 22 5 148 bR L AA $E T

Zx PR, B Yolov8s-PCB 1 AU AE H ArAsr A 55 Hh 2 3 5 47 1) J5 R AT i /2 LSKINet block 52k
WA SR SR, A AYTE B ARSI 7 T VEREAR ) T 487t . BRI /MER N, BRLTE MR
P G, PR E SRR FAS T RS, B& T EIFZ ARE R e

1.2
1

\

0.6 ‘
0.2
0

mAP50 mAP50

o
[

o
>

YOLOv8s YOLOv8s-PCB

M missing_hole M mouse_bite open_circuit ®short M spur spurious_copper

Figure 10. Comparison chart of test set metrics
B 10. M ERIEFRXTELE

FHI A5 St B L 1R 11~16, A% YOLOV8s-PCB [ #ERf 22t 15 B T A YOLOVSs i,

(a) YOLOv8s-PCB (b) YOLOVS8s

Figure 11. Comparison of the prediction effect of missing hole categories
B 11 ERRFL AT R XT EE

(a) YOLOV8s-PCB (b) YOLOVSs

Figure 12. Comparison of the prediction effect of mouse bite categories

12, ZRBIRALR TR IS EL
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(a) YOLOvS8s-PCB (b) YOLOV8s
Figure 13. Comparison of the prediction effect of the open circuit category
[ 13. FFE&LRIFUMEIR 2T EE

(a) YOLOV8s-PCB (b) YOLOVSs

Figure 14. Comparison of the prediction effect of short circuit categories

14, FERE BTN R T EE

(a) YOLOV8s-PCB (b) YOLOVSs

Figure 15. Comparison of spurious category prediction effects

15. ZRBE I FUMRR AT EE

DOI: 10.12677/csa.2024.142050 514 THENUR S 5 R H


https://doi.org/10.12677/csa.2024.142050

(a) YOLOV8s-PCB (b) YOLOVSs

Figure 16. Comparison of the prediction effect of spurious copper categories

16. fAIRZERIFMALR XL

5 RE

ASCHEH T PP T Sl YOLOVS #7Y[1) PCB HL S AR Sk FE A I 579 YOLOVS-PCB, it 5] A\ LSK
TR S IHLE RO R B X 28 BRI 2 ), AR AT DA A RS I Y PCB AR b & Rk s, KK¥m PCB 4=
PRI B EAR IR, WANIIIEA, RS E k. Ik, YOLOVS-PCB #7Y B A B AF vz AL
RE AR AIRE S, W LLE R ANR PCB AR AN T3 3R« HHT PCB MR E L, f3Fl PCB HRIKIHEE LR
KN AL EEA T RAAEZ R, TR E— A B A IR MEZ AR I AR BUKOE NS PG Ol S50 f5 i 2
A LLBE G b3 A [F] PCB AR RS I TR R, B 5 2 N A 5. Rt i i — 0 5 AR S Ay
I AL, V5 I N B A BRI SRR Y, A0 B 22 S8 Y (1) P B A B B2 (W 52 7 FPCB 45) AT L%
WO, R EA SR SIERRE .

E&WmE

HRH T RS K AEQHO AT RITH; ERE T RKEARHE BE QLT R0E
(2023YB116); AH AR A - 15 B 5 11HEF£(0101230246) .
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