$30% 510 W TENMRARSEZRE Vol.30 No. 10
2020 410 H COMPUTER TECHNOLOGY AND DEVELOPMENT Oct.

ETREZRM%E PCB T 41

FHE N T R A
(BFMEMRKF HHEMNAFEHRFR, LA &% 211106)

OEBEE R TR R B R G B s R ARSI N B ARG N ARSIy B SRR T LA 2 K S R
DI 7 1 U A I AT SRR BN, HHT) V2 N B SR A s B R, ) B T RS A T
BEAR, TCURE R F AR TR ZERE PG 5 o 5 R 42 I 46 (10 R BE TR 9, 4001 2 0 45 7 B A G 07 T . 2838 3 T 1
75 BB (EJEH WL 4% PCB JC a4 i 19 /0y FAR LRSI A6 I AN AR, X 3T Faster RCNN il PeleeNet 45 i
5T, SEBL TR SN AR AR ; 3 0 B BT T RPN R0 4% 5 40 FRIAE /N 5 413 PCB JE R EREAS B/ H bR E A
BRI, R T /I EERRAEAR G AR B 055 T R A (RG0S0 B L A B 3 e Y Rl S 6 AR B T R 4 X PCB TR 4 51
RGN ) T S P 5 S 0 L SE 6 12 VR AR CRUE ARG B B B ARAR /N [RI B, 4/ T RSB f) RN FE B B2 1 B 0.858 11
mAP, R E] R 0.034 s, 4 L Faster RCNN (&AM 454 VGG16 58 ResNetS0) FRE I A T AN HIHE R

KRR PCB JLA s BRI Z 46 IR R G 4 5 /N B AR AGHI 5 S o 4G

RESES . TP391. 4 XHEFRIRAE : A T EHS1673-629X(2020)10-0014-07

doi;10.3969/j. issn. 1673-629X. 2020. 10. 003

PCB Component Detection Based on Lightweight Network

CHAN Shi-bing,LIU Ning-zhong,SHEN Jia—-quan
(School of Computer Science and Technology ,Nanjing University of Aeronautics and Astronautics,
Nanjing 211106 , China)

Abstract; With the rapid development of electronic industry, defect detection of circuit board components has become increasingly
important. Traditional manual detection method is inefficient and easy to cause error detection due to visual fatigue,low reliability and
slow speed. At present, the widely used automatic optical detecting equipment has obvious disadvantages, low speed, low detection
precision for the components directly inserted , which cannot be adapted to the diversity detection of the circuit board components. With
the in—depth study of convolutional neural networks, the neural network has achieved excellent results in target detection,but the common
network is not ideal for small targets and real-time detection in PCB components. Based on the research of Faster RCNN and PeleeNet
network , the lightweight small target detection model is realized. The bounding box size of the RPN network is modified by prior
knowledge. Aiming at the problem of small target samples for PCB component,the small target sample augmentation technology is used
to improve the overall detection speed and accuracy. Through the ablation experiment,the importance of the improved part to the real—
time detection of PCB components is reflected. Through the comparison experiment, the proposed method greatly reduces the size of the
model under the premise of ensuring that the detection accuracy does not change much. In the data set,the mAP is 0. 858, and the
detection time is 0.034 s, which is a much higher rate than the Faster RCNN ( VGG16 or ResNet50) .
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