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1 B QT AUBMAARES LA R m A EA ok, ARG BRAABMHERREETHSETR, Rili—
F¥ & FIEE % 3 49 YOLOR-ECA(YOLOVS and ResNet50 with efficient channel attention) & F 7t 844w ik, & &%
J] YOLOV8 M4 &z L2 E, R/ KA ResNets0 P 443t & AL KRG LB HATIRA &, @130 B R 6938
B TR ek B 0 o AT AL . A RFARAF R AFAEABUL B 09 2m i A AERIRAE 77, - KP4 5I N ECA i
BAMA], FAPRESMAGFRREE R )ITHE, HBEMNEAKE, KA GELU(Gaussian error linear units)i#
Fk. FELERRY, A4y YOLOR-ECA AR e mE#AE A 96.6%, HEATF R A& 9RAAF B R &HT
#100%, *FEA AFAEARMUMEA B4R B FAKT 2] 0.01%, #FRLTABMHERR MEESRIFETHZ

A,
KR WREEY ), WTIUERF: YOLOV8; ResNet50
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Electronic Component Detection and Classification Based on YOLOv8 and Improved
ResNet50

GUO Wengi!, YANG Guowei!, HUANG Luyao!, WANG Fei?

(1. College of Electronic Information and Automation, Tianjin University of Science & Technology, Tianjin 300457, China;
2. Jiaxing Sci-jet Intelligent Equipment Co., Ltd., Jiaxing 314500, China)

Abstract: Electronic components have various types, and the types have no consistent fine-grained classification standard.

To quickly classify the components at different granularities, a YOLOR-ECA (YOLOv8 and ResNet50 with Efficient
Channel Attention) electronic component detection algorithm based on deep learning is proposed. Firstly, YOLOV8 network
is used to locate position of components. Secondly, ResNet50 network is used to identify and classify components obtained
through positioning. The design method can meet different fine-grained classification standards by increasing or decreasing
types of components. In order to extract the detailed features of components with small-sized and feature similarity, ECA
attention mechanism is added to classification network, and shortcut connection of residual structure is modified. To avoid
neuronal inactivation, the GELU (Gaussian Error Linear Units) activation function is used. The experiments show that the
improved YOLOR-ECA model has a detection accuracy of 96.6%. The highest recognition accuracy for small-sized
components can reach 100%, and the lowest false detection rate for components with feature similarity can be reduced to
0.01%. YOLOR-ECA can efficiently detect electronic components under different fine-grained classification standards.
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Tab. 4 Results of ablation experiment
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A 95.5 98.1 96.6
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Tab. 5

Image detection results of similar features before and after improvement
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Fig. 8 Visualization of test results
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Tab. 6 Performance comparison test of different networks

[¥%] 2% 4 78 WANERE%  BAFARSEE% K DIAER 26/%
YOLOR-ECA 95.5 98.1 96.6
YOLOVS 86.4 90.5 86.0
Faster RCNN 94.7 98.0 96.3
SSD 84.2 87.6 85.4
4 5
[N G SR R ve 4 A R Bl L AT S BRI A SR R Tve=r

ARG e 2 AT, $EH YOLOR-ECA 1 B U il
Jiike ENRTIN R A A SERT ARSI S BE RS YOLOVS
R, S B AR b L n AR AR B bR e s 1R
W BER FHHER R 55 = 1 ResNet50 #5678, 35| \iliE
RV B s R Sl iR ZE B R R
Hor. ERKEY, U5 YOLOR-ECA HIiEGA
RN 23.631M,  [RII arl HERF 3R 1A 96.6%, AHER
Mk 3.3%M4RTF. BbAL, RIS I R
F 124 wiifs, BA @ v RE, 78 SEbR TR
o, AT DLRE R SE AN [F) 400K 2y AR E R s aR ik
R, AR U RS /N . RRAE AR ABL Y % 28 e 4R
, PRAIE LRSS B A AR R34

SE3CH:

[1] 3K, 25 R BN, — At ) B O R AR DG SV 9]



.8.

(2]

(3]

(4]

(5]

(6]

[7]

(8]

(9]

[10]

W SEALE E.,2008, 24 (27):166-167.

R X E B B 52 BT SVM SRR SR R EAR
W], THEHLG 3E,2013,30(2):299-302.

FERE. FETHLEEN PCB Joa i I 7 28 72 [D].
KB :H bR, 2019.

YIN H M. A template-matching-based fast algorithm for
PCB components detection[J].
research, 2013, 690/691/692/693: 3205-3208.

BRSO ARG NI, SR R0, 5. B TR B ST R LT
W E AW S R R k[ A B
1#,2021,47(7):1701-1709.

TR ER A A A R TR S T oA R
BRI VAR FC[I]. TR R, 2022,45(10):93-101.
TR SR, AR ER, 5. BUA R YOLOVA A T
T oA R WP T W E S AR
##,2021,35(10):17-23.

Tas REE. BT IREGRURHE AR G 72K
WARLZER[I]. B3Ik 54K,2017,43(8):1306-1318.

Ska sk, Dogr A, 2. BT ol YOLOv8 ik /I
FRRFAGI R[] ARk TFE244R,2024,40(5):187-195.
B AR XA SE. SR T YOLOVSN R i R sk
Lo I O Q< (o] I IR = | A N = =
% ,1-14[2024-05-15]. https:/doi. org/10. 16445/j. cnki.
1000-2340. 20240511. 002.

Advanced materials

[11]

[12]

[13]

[14]

[15]

[16]

[17]

ARHMELEER

SONG G L, LIU Y, WANG X G. Revisiting the sibling
head in object detector[C]/IEEE. Proceedings of the
IEEE/CVF conference on computer vision and pattern
recognition. New York: IEEE,2020: 11563-11572.

KA ZE RO, o, 5. T SimAM B 5
ResNet34 [% 2% i) ik & ok B for 0 B2 7 []. BLAR i) i& T
1%£,2023(2):1-9.

HE K M, ZHANG X Y, REN S Q, et al. Deep residual
learning for image recognition[C]//IEEE. Proceedings of
the IEEE conference on computer vision and pattern
recognition. New York: IEEE,2016: 770-778.

DY AR K E, 5, BTl 22 2 M ResNet50
- A7/ BT A=W L~ A7 N R SO T A
$,2021,49(2):71-78.

WANG Q L, WU B G, ZHU P F, et al. ECA-Net: efficient
channel attention for convolutional  neural
networks[C]//IEEE. IEEE/CVF
conference on computer vision and pattern recognition.
Seattle:IEEE, 2020: 11534-11542.

RIE R AR R R, 5. T 50 Res2Net 7Y 3%
AKEREE T FMT T[], B TRE,2022,25(7):28-32.
XE I B B FOHE. HE T CA-ResNet50 4G IR BOLHEK
PRI 73 T T[], TR, 2023,46(4):169-174.

deep
Proceedings of the



