543 55 5
202449 H

it F H K 5 B #H &

Computing Technology and Automation

Vol. 43,No. 3
Sep. 2024

XEHE:1003—6199(2024)03—0043—07

DOT:10. 16339/j. cnki. jsjsyzdh. 202403008

= T Hl=5 7L 5 Y 32 = 1L R 4o 3% T R B 42 M 4 2

x) 4], kA

(F ROl R (5 BB 2 BOR 225 VL8 M At 210037)

i EHSESTIALRBEMNBERLAKIR A LLES EAE T AT RA R HEAN KR E L
ZHRARET —AREAAM A @G EMNBEAR YOLO-LSNet, 8. A THRRER G AR T/t H
A5BE.RBET A2 FERESR MSConv, 3k, 32 # M-BIFPN R4 A TR X BHERZ L &S, R
J& A SloU #i % & & % # CloU 3 & & 2, dm e ) 45 69 b ik . % %4 R &£ 9%, YOLO-LSNet 4 # £
NEU-DET ## % E48% T A LM% YOLOVS . mAP AT 1L.8% BAAK THT 43. 4% it L SHIKT
36.1% ., TARBER 2 ALKt 69 B BT L ARGE T AL A a9 A s B AR RAFH B A AT R

KB B A IR E T 5 B AR S REF RS BEN ZFAMNA

FESES TP391. 4

SCERARIRAD : A

Lightweight Steel Surface Defect Detection
Model Based on Machine Vision

LIU Wenzhao, ZHANG Dan’
(College of Information Science and Technology, Nanjing Forestry University, Nanjing,Jiangsu 210037 ,China)

Abstract; Aiming at the problems of large number of parameters and high computational complexity of current main-

stream defect detection models, it is difficult to deploy on embedded devices with limited computing resources. A lightweight

steel surface defect detection model YOLO-LSNet is proposed. Firstly, in order to reduce the parameter number and compu-

tational complexity of the model, a lightweight convolution module MSConv is proposed. Secondly, M-BiFPN network is

proposed for deep and shallow layer feature information fusion. Finally, CloU loss function is replaced by SloU loss function

to speed up the convergence of the network. The experimental results show that compared with the baseline network

YOLOv5 in NEU-DET data set, the mAP of YOLO-LSNet model increases by 1. 8%, model parameters decreases by

43.4Y% , and computation cost decreases by 36.1%. At the same time, the lightweight design of the model is completed, the

detection accuracy of the model is guaranteed. and it has a good application prospect.
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