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Research on PCB defect detection based on SMT-YOLOvVS

Wu Yi Chen Zhengchao

(School of Mechanical and Electrical Engineering, Jiangxi University of Science and Technology,Ganzhou 341000, China)

Wang Jun

Abstract: Aiming at the problem of small target size and huge weight file difficult to deploy in PCB defect detection, an
improved YOLOv8 small target defect detection method is proposed. The method incorporates the SE attention
mechanism into C2f, which enables the network to assign different weights to different locations in the image based on
the information in the channel domain to obtain more important feature information; introduces Basic RFB in SPPF to
enhance the network sensing field and improve the feature extraction capability of the network; adds a new small target
detection scale to improve the model's ability to detect tiny defects; discards the large target detection scale to reduce
the computational load and shrink the weight file. The experimental results show that the improved YOLOv8 improves

the average accuracy by 2. 6%, shrinks the weight file by 27. 3%, and achieves an FPS of 34.4 ms/frame over the

original algorithm in the publicly available PCB defective dataset.
Keywords: PCBj;defect detection; YOLOvVS; SE; Basic RFB;small target detection scale
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R & BEAR B 4 B9 R Wi R % 4k . PCB (printed circuit
board) 7 i 1 2 /N BAK AN 52 2= Ak Jr 18] & R L i B AR T2
TR BE 2 A PCB il & o 72 v s 3 an e AL L R L IF
% A5 B I ok S S5l 8 T R 23 6T 482 7 1) JB A T A B T R
Wi, Sl A BRI O . R, G ART A% A Y PCB i B 1K
RT BEREBEN—IF,

H i PCB Blepa il 5 ol 43 2k, — S8 =B T AL
AL PCB GRFER L %07 58X PCB MR T4E
TEHR I, 9K J5 FEoKF 33X SRR AE B A 43 2R 38 A7 40 250, g
k[ 3 1R FH Bl 1 & 2 R AiF 3 38 T (speeded up robust feature
descriptor, SURF) 54 iF B 5 A 4G 0 2% 328 17 (& 15 45 1F 42
B e Y A AR b 455 R AR R Ok L I BB A ) A, B

W H 199 :2024-05-09
* BL 4T H VLV = ORBHE R €W (20223 AAG02019) % Bl

M7 2 25 PCB AR i B R T A% RS 2. Xue %503 3o 44 g2 AL
L R G, 0 3 B R AR XS PCB Al it B o5 3 AT A D L A
2o, SR, T LA HL 5 A 3800k B B o Ak iy Aan ) o sl g, (1
Xof PG I R ot &1 L B 32 A AR TG A 6 v A
FRE, BB EEULT R, FZRRETRESIN
PCB i f R 0 57 20, 35 5240, 45 A By Be G  (two-stage) il
AR BER I Cone-stage) BIAPTY 1 By BOR: Il 25 Faster R-
CNN((region convolutional neural network) . 5¢J& % i £ &
H A7 A5 B 358 X8R, SR R 3 DX 3 36 AT 43 218 4 ) Ak
P HIZIT R T ASWEE SR B B8R, M 2w T ok A
7 T R 0 S IR, PRI O R & A PCB 4 SR B A I

TE BBy BE A M 352 45 P, YOLO (you only look once) %&
GV R AR Ry MR R A R D AT A R RE AL, R
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VTR, BOARORT BE SR T AR B TEAFA T I R i S
WG, SRS 5] A BiFormer VE B H L A B &
R HE AR % BRIk Ak SR A S T L I B B RN 9 AR ) A
He—3F 258 Ghost 46 BUBE He B AR AR AL 19 1157 2 24 B
JH SIoU(soft intersection over union) $51 % P& 5 i Bk AR 76 i
SGEBE PR BAORG BE . SCERC7 4R T —Fh 240 S BT
MBAM (multi-branch attention module) B J7 3% . 76 3 4~
AS[A) 2 B RR AR (B 04T 6 1 L DA SR AR AE SR IR BB ) .
HAR BHTE XS PCB Bl B A I 0 F 5% iR 3 (24T &%
HE I/ R G 00 5 SR AN A L JRE TG 9k 3OS ) SIS AR T 1) K
SN RIUE Y N U N v e B 111 B I v ) N 7 s
SMT (small target detection)-YOLOvS .3, S 2 Fl F SE
TR T LR TR AR B 32 5 S0/ BB ) R IR 5 P51
A Basic REB. 3% 5i [¢ 2% 5% 37 BF 41 TH A58 50 19 45 AiE 42 1 fig
A R E ARSI R B A I R BRI R R R, IR
SR FWT L BT A T 1 R 4% T [ 2 B R TR 1 A
A v P ARG UK L I LA R AR KR A N

1 YOLOvS M4 4544

AR YOLOvVS™ & ik s B PCB /N5l [ B4 46
WU, PR A5k B4 SR A R AE 4R BURE 7 L RE S 7R AR 2 1%
R BE 1 ) Bt S 30 S Bt G 0 o AT 6 Tl A P R SR

YOLOvVS J&7E YOLOvS™ By 3Emlt b 47 okt , £ h
BT M 4% (Back-bone) . #i # # £t (Neck) , K I Sk #E He
(Head) Z #4340 L, FHPI L5 NE 1 R,
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Fig. 1 YOLOvVS8 network structure diagram

T M 4542 % % BUZ (Conv) .C2{(CSPDarknet53 to 2-
Stage FPN) | SPPF (spatial pyramid pooling fast) =343,
Conv i iz 45 FRAR A 0T R HEAT R AE B2 300, LAl 32 B8 A
o] ]ROBE AR X fF B, C2f 2% T YOLOv7' ELAN
(efficient layer attention network) ¥ i1 BALK 4R ME 7 )2 L 7E

132 »

PRAESS B ALY W) I 2R 75 3 R & 1B B {5 B . SPPE K[
— AR R ) RO % 4 B — i, S R AR AR AR A4 )R
FERI LA .

Neck #F 43 ¥ ¥ 1F 4 7 ¥ M 4% (feature pyramid
network, FPN"™) 5 % #& B & M 4 (path aggregation
network, PAN"™*) 45 &, FPN ¥4 |2 19 15 X 1F 15 3] %
B R 2 A R YR FRA; PAN 3 219 & (i B
T BB R EANRE FRENRETS .

Head % JH % ¥4 3k 45 44 (decoupled head) , ¥ 0] 5 43 %
FVTI 53 32 53 B o 85 2% e B0 SR P

3 3R vt oAl N S R = O S A o T (A
P2 PCB R 19 BB L /N B AR 3 18] i 3% g e 4 147
PCB Sl 6 T 38 5 75 22 5 1 2 00 85 700 ke W B AR B EE K
1 b o 5 A ik S I AR 0 114 A% T 4R TSN B A A
RE T 4 /N SCA

2 SMT-YOLOvS #& 8% it

2.1 SEFEENHE

Sy 35 R 4% 1) RN g 1 B R B L SE (squeeze and
excitation) 7 & I HLHIBA B C2f H {25 B 87458 i
AL T A E 1 DI AE L DT BE A M T 42 R A SR R R 1 b
SRR AE ERRAE  [5] I 400 ] AH X AN KA T AR

Cof fil & SE i & 1 HLH G 19 245 45 1 2 B 7 2 K
C2f fy 5% 22 B P (Bottleneck) Z8 3 1 Y 45 BURAE 5 Rl 7+ SE
HE S ML H 4T BF B (shorteut), MM 45 3| SE
Bottleneck, ¥f £ 4~ SE_Bottleneck # 5t i £7 4> 1% 122 {# 1] 15
B BCHE IS 1 C21_SE.

,,,,,,,,,,,,,,,,,,

Conv )
( Conv
SE_Bottleneck SE_Attention

Cof SE

SE_Bottleneck

2 C2f_SE #thesit F
Fig. 2 Structure of C2f_SE module
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SE EE LR A M 3 B, HednE — 1
BARHEE X 20 F, RS R BRI U, BE)s F,
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TEALE A s s AN [ 19 501 2 7 A ) 3 3 () AR AR R DA
T3 38 3 AN ] P AL
s=F, (2. W) =06(g(x.,W)) =c(W,0(W,2)) (2)
B 2K R AR M B s WPRRAE & U 1T B TRE, 15
S HORE R X, RN U S22 A

X, =F.nCu s) =su, 3
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) > —>
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Fig.3 Flowchart of SE algorithm

2.2 Basic RFB &t

SPPF Y F 0 J 5 1F 25 /I 0 A B9 T 13 £
S 50 27 L (4 7 R ~F 0828 B 053 1
TR0 25 36 WA H T 4 DB A S 1 51 A
Basic RFB™* (receptive field block) 1 e 18 55 [0 4% &% 2 7 ,
LI B 269 45 G $1 66 1 T2 T Bt B 0 2000
REB 2 258 W& 4 s

Dilated

rate=5 \,
Pr;;l;us 1%1 Cony m_ 3x3 Conv | Concat - Relu

rate=3 +1x1 Conv activation

3x3 Conv /
> |

A 4

Shortcut

%l 4 RFB 45 2 K

Fig. 4 Schematic diagram of RFB structure

B 5% inception B ITZ N4 .85 A 34
233 % FR)Z (dilated convolution) , B> 43 32 i A [A] 4 45
Ui AR X AT TR, ina () ~(6) , Ho, Cn
FBARANFER R, « FREGRELE.

X, = Coyion * X (4)
X1 =Clos ¥ X (5)
X, = Coos * X (6)

it Je 45 S ) S BE B R AT 1 3R 4T B 32 (Conar) , 311l
X1 BB Bk R R R AR 4R 2R 3 O,

O, = Cyom ¥ Conat (X,,.X,,X,) 7

WA 203 PR 6 S A Z A C Shortcur ) I 38 1
ReLU BUG R BARE 5 12 O,

O = RelLU(Shortcut (X ,0,)) (8)
2.3 MERKEMNRE

YOLOvS BRINA 3 JEA I R , 48 I A9 R 11T 18 43 1 2%
F/NAF 1R 180 X 80,40 X 40,20 X 20, 43 B I T-# M 8 X 8,

16X16,32X32 LA b 8 3R DX, 3 646G Y0 R 32 76 A6 0 5 K
H ARy BA W R B S B 4R A A K/ B AR, 1)
RESHAER TSR AR I .

h it bR IR R 7 R BB 0 2% Rk Bl B 1 — >/ B FR
K R EE (small target detection scale) , WIE 5 frzs, K60
R B AR KN 40X 4 AR ZR DI, DA TIT (A5 2 X6 /s Bl A 174
R BE A5 EER . RIS, ik G it A i 2 AE S i
KA TA] L, K H AR KA I R B (large target detection
scale) & F .

Input

______________________ 4 88 <16 3232
Dol | Dotz et | e
(Cony —»Concat—» €2 —»{ Conv—»{Concai—» C2f —»{ Conv »Concat > C2f |
Small Target 3 % Large Target
Detection Scale 1 i Detection Scale

5 KN RER

Fig.5 Schematic diagram of detection scale

2.4 HEHIMEEN

G E R BB R 43 0T, A SE W 1 ALH L 51 H
Basic RFB 8t 5 /) H#5 RE 1 SMT-YOLOv8 M 45 45 14
ms 1 s,

£ 1 SMT-YOLOVS M 4& &4

Table 1 SMT-YOLOVS network structure
F5 from n module arguments
0 —1 1 Conv [3, 64, 3, 2]
1 —1 1 Conv [64, 128, 3, 2]
2 —1 3 C2f{_SE [128, 128, Ture]
3 —1 1 Conv [128, 256, 3, 2]
4 —1 6 Cc2f [256, 256, 6, Ture]
5 —1 1 Conv [256, 512, 3, 2]
6 —1 6 c2f [512, 512, 6, Ture]
7 —1 1 Conv [512, 1024, 3, 2]
8 —1 3 C2f [1024, 1024, 3, Ture]
9 —1 1 Basic RFB [1024,1024]
10 —1 1 Upsample [None, 2, ‘nearest’ ]
11 [—1.6] 1 Concat [1]
12 —1 3 C2f [1536, 512, 3]
13 —1 1 Upsample [None, 2, ‘nearest’]
14 [—1.4] 1 Concat [1]
15 —1 3 C2f [768, 256, 3]
16 —1 1 Upsample [None, 2, ‘nearest’]
17 [—1.2] 1 Concat [1]
18 —1 3 C2f [384, 128, 3]
19 —1 1 Conv [128, 256, 3, 2]
20 [—1.15] 1 Concat [1]
21 —1 3 Cc2f [512, 256, 3]
22 [—1,12] 1 Conv [256, 256, 3, 2]
23 —1 1 Concat [1]
24 —1 3 Cc2f [768, 512, 3]
25 [18,21,24] 1 Detect [6,[128, 256, 512]]
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M ATESS 2 2 SE W AL Al A C2f #, B A
e {5 BRRIEFE W A6 By BE S O B, B 45 B 4R R, [ B, oA sl
G 3ot 400 A B0 09 B DA R v B s K R U R I A
A C2f HEATRAERL A .

3 ZWHERSMN

A28 iy PO 46 S AL Bt R 2 BE LA AN TT Al S g =
NFFER PCB ik [ 8045 48, 60 45 % fL (missing hole) , B B¢
(mouse bite), JF & Copen circuit), %4 % (short), 4% 4
(spurious copper) 5 B (spur) 6 FrEkfE . Kos 203 K%
HIREHCIR 8 + 1+ 1 LuBiPKs 1734 TR B R 4r A IR 4E (IR0
2L KR EE U2 100 4~ epoch, batch size & Ky 4, 5
BB IR 2 R,

x2 LRHTHE

Table 2 Experimental environment

7% A

BERS Windows11
CPU intel(R) Core (TM) i7-12 650H 2.3 GHz
WAF 16 GB
TS NVIDIA GeForce RTX 4060 16 G

WRIEE 2 S HEHR Pytorch2. 0. 1
GPU M CUDALIL. 8
3.1 iFMiIER

PP 0 £ A5 AL 1 BE ) 32 2B XS A ifE 2 (Precision) |

A1 (RecalD) IR/, A o 58 S K I 1 B A5 09 L5, A
[l 35 Ry REAR R ) H bR SEBRAR B B ), 3 2 2 an =k (9) A
XA PR,

TP

precision = TP L FP (9
TP
recall = TP L FN (10)

Hrfr, TP T ESH 9 EREA R AEL, FP ol B 45
BRI AFEA B E, FIN i 5000 65 152 09 IE AR A 40,

A 1t A 3¢ R ] mAP (mean average precision) | F1-
score YENIEM F8 4R, PR AP HAR A M E T E
WA I ME g — 4 ToU BIME , 85 2K i% 10U B{E T
AP SF-H{E, mAP By in B 25 5009 AP {8 B {E T 1%
L AFAEAR A QD M (A2) iR, Fl-score J 2 i
5 A [l 5 B 3 AP 2 8 T S (1) B

1
AP:JP(R)d(R> (11)
1 [
mAP = VEJ P(R)A(R) (12)
N 7T Jo
F, = 2 X precision X recall (13)

precision + recall
[ 22 Ah A SC A K/ FPS (frames per second)
o A YU E R e
3.2 HRhsIE
R SR A B A A R L EAT TH Rl SRS 3R 3 SR T
HXT S Ry A A B AR SC A A T S Y B

x3 HEZIE
Table 3 Ablation experiments

Fe5 SE Basic RFB /N B 4w U R BE P% R% mAP/ % S /MB FPS
1 — — — 95. 7 91. 6 95. 9 146 42.9
2 J — — 95. 8 94.7 96. 3 146 42.7
3 J J - 96.5 96. 2 97.7 151 41.8
4 J J NG 98.0 97.5 98.5 106 34. 4
X7 ST R AT AT . 24 C2f Bl SE & ML S SRR

S BB CRE = A R - X I N O ST =S S N 1K i
SRR IR BEHE T 0. 4%, PR 2 FF 0. 1%6.3. 1%, [RIA 5 £
T SE R Pk AL BRI K /N JFPS A, 7
JH Basic RFB $& 71 T A %1 2% 57 7, A6 A% & DA 0. 963 06 412
FHZ0.977% . P.REEFFZ 96.5%.96. 2%, 4 RL AN/
EARKE IR BE J5 2 e 2R R m AP 245 0 B K, X
T PCB AR BEE HARE /N /N B ARk I R B2 g i 3 m
FEBA AR DU, OF Bl & 25 T K B AR A I RO, {45 46 5
EM 151 MB i 8 = 106 MB,
3.3 xfhbsIe

D FRE LR

R T YR SO A R0 A A R R SE B R BR R
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WK 6Ca) fF 77, SMT-YOLOvS i PR il £k 11 FR B 4L
KTAZEG YOLOVS, R W] T A SCHY 43 25 4 80O T 47, Ao Tl
WEE . R (b xtth T F1 M4, it 5 5k Fl
H EMRE I E BT T 1,0 T SMT-YOLOvS X 1 i
SR 0] 2 90 F0 A S0 B A L AR A BRI AR

(&1 7 Sy A5 Y B i 7 i 20 HE 5 2% (box_loss) L 43 24 2k
(cls_loss) Xt o

7, SR R R D i A 8 2K i B A B B L A
% 24 epoch JF BE IR AR T IR AL, W] SMT-YOLOVS
fARfg B P B MERR M TN A AR LR, B 7 () P 2Bk
TE5 20 4> epoch JFUG T Fa i , T JRASE A 5 BL4E 46 60 4>
epoch A BEIA FIZ AR B AE T Bl Bk J5 098 U 7E X 43 R [
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Fig.7 Loss function comparison

A PCB Bk F 1 HA 53 1 fE

PR R R b 1 — 25 58 IE T B S A R A Ak
EABERTA.

AR R T A T A B A 0 45 SR E A T 8 () ~ (D)
JT7R  JRBE R AE 8 Ca) HP ol B M 485 48 Sy IF . FE TRl 8 (b)
o) Hr o I i 5 3 FL ARG 0 B9 8 A B S /N T Bl F 5 A0 A
AL BB 8(d) ~ (D) i BT A B 1 B . X G AR
R R, SMT-YOLOVS AL T AE /) & 15 B A BT 42 7+,
DA TR ARG L T A 174 R 20 T O

2) BB IE XL

ST SRIEAR SO 1 Se kL L E AT E A I ik
2 : YOLOv51™ | YOLOvS-T"" , CT-YOLOv5"™ | Sc#k [18].
YOLO-MCG™ | YOLOv7-T" 15 4% A~ b 16 I 6E 7, 460

WX LR 4 BT,

i B FA & B, SMT-YOLOvS 16 I B . 8 % A3 4 =
B bE B R R, A B T 99.4%6.99.5%.99.5%
UG I _EAL R F YOLOV7-1, 76 s FL 5 B A4S I _E 2 AR
F YOLO-MCG %8 3k Bk 5 T 98.6%.95. 5% ;F1
mAP 5l H A A 2.0%0.2.4%.3.1%.3.4%
0.8%.1.0%, 3 H 4 H 0l 4 B F i 2> F YOLOvS!,
YOLO-MCG.YOLOv7-1, B YIl 5 B (5] 58 % . 7€ A6 T B i)
15 YOLOv51. YOLOvVS-1 JLT- 48 [F] , 68 6% 1 2 S5 B A )
FIER , YOLO-MCG B4R A B8 (ARG IR R e 2. b
AT LIS E T SMT-YOLOvVS % L HAth 52 1 LA 5 45 75 19
For U 8 77 5 e % 1) FH 45 20 1% B8040 52 30 B 0 A A ) sk 2R S 1
BT AR SCR R B e B
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Fig. 8 Comparison of detection results

R4 BHEEILL

Table 4 Comparison of improved algorithms

BBl SMT-YOLOv8  YOLOv5l  YOLOv5-I  CT-YOLOv5 — 3C#ik[18]  YOLO-MCG  YOLOwv7-1
T fL % 98. 6 99. 4 98. 3 95. 2 98. 7 99. 7 97.3
Fme % 98. 6 95.5 93. 6 96. 5 91.9 97.0 99. 4
IF % % 99, 4 96. 4 96. 5 94. 8 94.1 97.0 98. 6
J % % 99.5 99. 3 96.7 95.1 93.9 99.1 99.1
A 99.5 97. 8 96. 8 96. 9 94. 5 97.5 92.1
EH % 95.5 90. 7 94.7 94. 3 98.0 95.7 98. 4
mAP % 98.5 96. 5 96. 1 95. 4 95. 1 97.7 97.5

A6 00 B[]/ ms 29.0 25 25.1 — — 14. 4 —
&l A B / 5k 1734 2079 10 668 698 1293 7 426 11 755
4 % i SCHFREAR T 27. 3% R EREE S 34. 4 ms/ i, BUH G WA

A% SCEE XA B B /N B R LA B R AL R T
—F SMT-YOLOvS i PCB [ K I 5 3 . 18 i ¥ SE i
B AMLEIELA C2f. 78 SPPF H 5| A Basic RFB B 371
/N B ARSI R BE 5 8 25 O E A I R BE 1Y S s e A 2 F
ek, DL FF 9 PCB B4 4 o 55 50 % 4. 4% SMT-
YOLOVS 55 H 4y Btk I 25 B 80 S Ll L A SCHRE R 9 O 057 3
KRS e, SEEEMLL, mAP T T 2.6% ME
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SIS I L ELASCHE SCPR /DN BEAT ) T R 3 2 5 E %) B I Y

A6 I B RAT s A AN A2 5 DR 0 i 5 4F 5 K8 300 T i T 0 sk

e B A R B

5% 3tk

(11 R—2, BEA, siE#, & ETHIHMNEN PCB
SRBEAT I R AT ST R R R B L], AR AR AE
2022, 43(8): 1-17.
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