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Abstract: In view of the complex distribution of component positions, lack of prominent defect targets,
and multi-scale issues in the detection of defects in computer motherboard assembly, this paper proposed
an end-to-end defect detection algorithm based on parallel feature extraction and cross-attention progres-
sive feature fusion. Firstly, a parallel residual feature extraction network was proposed by combining par-
tial convolution and visual Transformer. The low computational complexity of partial convolution was uti-
lized to extract local features, while the long-distance modeling ability of visual Transformer was utilized
to expand the receptive field of the model and enhance the feature extraction ability of the network. Sec-
ondly, the cross-attention mechanism was introduced to progressively fuse multi-scale features, and a
multi-scale cross-attention progressive feature fusion network was constructed to enhance the feature fusion

ability of the detection model. The experimental results on the public dataset show that the mean average
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accuracy (mAP) of the algorithm reaches 94.63% , which is 4. 62% higher than the baseline model YO-
LOV5 and 1s superior to several other advanced models. The detection speed reaches 25 FPS, achieving a
good balance between detection accuracy and speed. It provides a fast and effective method for the automa-
tion and intelligence of surface assembly defect detection on computer motherboards in the actual industrial
environment.

Key words: detection of defects in computer motherboard assembly; parallel feature extraction; progres-

sive feature fusion; visual transformer; partial convolution
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Fig.1 Network architecture for defect detection in computer motherboard assembly

3.2 {1 5% Transformer & 5> H R H & & 1) FF

TR E IR %

AR S 2R B B YOLOVS R H T

CSPDarkNet™ 3= F W 2% , K & #F 55 % B CSP-
DarkNet [% 4% 7 i [ £ 0 451 3k i w7 45 Rk
T, B X TP 3 B 3 T 2 I G B A N, F T



5510 3

WRIRE , A5 - IF A7 FAE S BOR ¥ 20 R0 AE Rl 5 9 11 53041 A e TC 0 o A

1625

B o7 5 73 A B2 2% HARBLEE &, CSPDarkNet [ 4%
1Y) JR% 52 S AEDGH 35 /0N, SRR AIE 42 BRURE ) 95 55 T 1k e 4
PEHUEAT SRR RRAE A5 B NS i T fe 4%
P4 ke o A UK B

PRI, AR SCH M T — o B R AE 2 B 4%
VTNet, %5 & T #L 3% Transformer ) 1 B 25 45 1k
AL 1 534 FL(PConv) Ay & 5 2 AR fE
J1o HMZ SR E 2 fros , Ho 22 B o 47 5
fIE 4 IR0 4% 11 & R ZR A, A O BR Al Bk VT -

FastNetBlock i)’ % 25 #4 , VT-FastNetBlock /&
i FasterNet Block 55 3£ F #1 5¢ Transformer %) 5%
25 FEAE B WU AR AL I AT g Sk . B h
H X W £ R A BRI = 05, B $2 0y R e
PR 2% VTNet £ % i 4 4~ Stage 24 5, 14>
Stage # il VT-FasterNetBlock Jf 17 4 fiF: $& H %
2% AT R AE B L, >R FH Stage2, Stage3 Fil Staged
0 i L RR AR R A IS 222 B RRE RLG 1 2 R
FEAE A o

Stagel

Embedding

Input image

»(

Self-Attention

FasterNet
Block

Staged
8CXH/32x W32 ace

VT-
FasterNetBlock

x2

FasterNetBlock

Linear mapping

Stage3 Y

ad

A
VT-

Tokenizer

x8

B2 ERAESE IO 45 VT Net (9 R 2% 45 #y

Fig. 2 Network structure of VT Net feature extraction network
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Fig. 8 Examples of types of surface assembly quality defects on computer motherboards
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Fig.9 Loss and mAP changes during the training process
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LOx K 35, i 48 J7 ¥ 09 7 35 8 00 A5 B2 42 7 1
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Tab.1 Comparison of evaluation metrics for different defect detection algorithms

Method Backbone mAP(@IoU=0.5)/% FPS/s
Faster RCNN VGG19 66. 4 12
YOLOv3 DarkNet-53 80. 8 52
YOLOv4 CSPDarkNet53 83.2 34
YOLOx CSPDarkNet53 89.1 51
YOLOvV5 CSPDarkNet53 90.0 56
YOLOv7 ELAN-Net 93.3 19
MobileNetV3-YOLOv4™ MobileNetV3 87.1 63
Swin-Transformer-Y OLOx"*" Swin-Transformer 93.1 14
Ours VTNet 94.6 25
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Tab. 2 Results of ablation experiments with the proposed method
mAP AP@(10U=0.5)/%
Methods (@loU=
0.5)/% 1 2 3 4 5 6 7 8 9 10 11
YOLOV5 90.01  94.00 99.66 99.48 98.60 98.66 89.85 40.74 93.40 93.42 83.51 98.80
YOLOv5+ Mt 1 91.74 95.32 98.29 99.28 98.49 97.10 86.92 62.69 94.22 94.89 82.76 98.93
YOLOv5+ it 2 91.95 95.40 99.41 98.53 97.63 94.61 79.90 84.79 92.39 94.25 75.26 98.96
YOLOvS+ Mt 1+ kit 2 94.63  96.41 98.48 98.83 98.19 98.46 88.58 84.38 99.71 96.22 82.65 99.05

FE A SIS A B 5 AE AR L 3 , S BOH R RS B
BI{H AP B 40.74% . 5] A VTNet Jg5 , # i 2%
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fHFE .
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Tab.3 Experimental results

of different feature fusion networks

mAP
AP@(IoU=0.5)/%
Methods (@loU= FPS
0.5)/% 1 2 3 4 5 6 7 8 9 10 11
YOLOv5+PANet 90. 01 56 94.00 99.66 99.48 98.60 98.66 89.85 40.74 93.40 93.42 83.51 98.80
YOLOv5+AFPN™  91.08 43 92.96 95.96 98.90 98.42 96.36 88.37 68.37 91.54 92.83 79.53 98.94
YOLOvV5+Ours 91.95 25 95.40 99.41 98.53 97.63 94.61 79.90 84.79 92.39 94.25 75.26 98.96
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iy 2 3040, B G YOLOVS (1 BR 1 Fil 4 ) 4%
R R RE MY (PANet) , Z M HA H i [
A TR 8RR R AR Bl A . P S A
K EHE (mAP)EIL 3] 7 90.01% . 4K PAN-
et 5 40 O T F 4 A B AR AE LA M 45 (AFPN) &
mAP $ T2 T 91. 08%0 , #H Eb JF 46 Y 45 AF fil 7 )
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B4 AR 22 T] F L2 ] A, 0 — 25 4 o T A AR
T X e 8 28 0 R R0 T A s A G R B X
S 28 S — 5 B UE T BT 4 5 o AR AR Rl A
25 e R A B M
4.7 T EHFAEEENM 4 894 bk L8 4 4

R TR AR GEAS SO 4R Y R AE 4 O v
A DR B | 76 TS IL 3 MR ke T dol B AR 4 T T R
T Z AN LS, R T AN TR 3 R AE 2 BN 4%
BIPERE . AL IR i AR P X SRR YOLOVS Y
R 4R BRI 265 UEAT T AT X e 9 2K LG IR A )
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e 2y ResNet B, - S 46 0 A B2 & A7 T &, ot R 7R
F ResNet #5278 X} F 31 5 4L 3 M Bk B 04 55 AE 45
RESIA R, FECF IR R 88.77% . &
P FLLR Y 3= F W 4% &y MobileViTV3 &, i F
SIAT B HLE R 4 R T R R R 4
F2 T 45, A5 TR (1 1 259 4G RS BE 3 (6 m AP $2 Tt
% 89.61% , I H. 7 [ [ 12 22 45 5 25 R BB b Y
RGP IR B T 54, 21% , M HE SRR AR T T
13.47% . %4 5] A Swin-Transformer Ji , £ % 7¢
[P 2 MR 22 Al R S 5 2 AR I ) S 24 G A R 0 —
T2 58.29% . HEH R AR B S A
4 BRI . Transformer A 3147 55 1 42 B #
26, 7 AH AL B e Y T MR 22 R RS A E A T
Swin-Transformer BRI HE T+ T 4.4% . REH T
ORI 8 i H AR R RRAE R, S S5 At —
BB E A i S 2 P R A R A A B 2K 1) ke
) e RS B WA B L AR SRR A i 4R R 0 R
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Tab.4 Experimental results of different feature fusion networks
mAP AP@(10U=0.5)/%
Methods (@loU= FPS
0.5)/% 1 2 3 4 5 6 7 8 9 10 11
YOLOv5-ResNet 88.77 17 95.01 98.49 99.27 81.02 95.52 92. 96 46.68 93.51 96.95 78.98 98. 19
YOLOv5-CSPDarkNet 90.01 56 94.00 99.66 99.48 98.60 98.66 89.85 40. 74 93.40 93.42 83.51 98.80
YOLOvV5-MobileViT 89.61 41 93.17 98.66 98.99 91.40 95.23 93.02 54.21 93.70 97.25 74.78 95. 34
YOLOvV5-Swin-Transformer  90.39 16 93.80 96.29 97.06 91.05 95.29 91.41 58.29 93.71 94. 26 86.56 96. 51
YOLOvV5+Ours 91.74 33 95.32 98.29 99.28 98.49 97.10 86.92 62.69 94.22 94.89 82.76 98.93
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Fig. 10 Computer motherboard assembly defect detection visualization test results

HTET 10 AT AR Y T i A A6 TR0 T L2 o iy
A 3 SR AIL 3 AR C e A R R SR BE H AR . AR
Rl A2, SR AR T Y OLOvS R 3L H B b
PR 0 28RS (ELXGE T A KU B 42 11 R A KU B [
MR 22 T R W BB A A TR AL 0 o R, I i 4
AL R OR B B 3R 2 Y B H AR B9 T A S
K, A SCRT 4 A G 0 B 3 e T T A R A B
Go SRR, Pt BT E S T AL E
M 2 THT e o ARG 00 A 55 ) ARG N 3 B2 SR B T 25F PS
B SEBR Tl #R55F f 3 5B 3 A Tk A
DA 55, BT 4t A0 07 32 AT LAk 380 46 o 00 000 B2
AR R ) A 00 3K R

of =

FLLE R YOLOVS B9 Al ¥4k #

I 45 2R RAS SCT7 ik 04l AR A 25 2

THEAIL 3 A 2 P R 5 G 0 T LA A T 2

T 2D UL R AR S B S A
E 0 B0 R A R IR 25 R 22 IR AR U kT
IR AL RS R 45 1 3R 51 Score-CAM JF
TR AL i AT AT P AT AR AR 43 AT, 45 2R
11 R o Rl DL, 51 B R R AR
R IO R T AR A S S2 B 6 T RO H AR
THRAERE I RERE ., 5IAZREHLX
i R T T R AR T 0 2% i A TR IR AN R R
JEF bR YOG T R B R TR R B R E RS RE
To LEBTIA PR SCHE R 2% 9 26 % A [6) H A5 9
00 TE 0 i AR R BOR R B A T
(EPSYIDE SeNs

EITg=R
H &5

B YOLOvSHiiB 2 # & 51 A VTNeth 7> FIARTIR AR A FTER TR A
AR Mgk G HnE RO
P11 R28 51 AR TR 2548 5 B0 R A5 80 [

Fig. 11 Heat map of output scores for different structures introduced by the network
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