GRS G S

ELECTRONIC MEASUREMENT TECHNOLOGY 2022 4F 12 A

DOI:10. 19651/j. cnki. emt. 2209953

BENMNFIEMSHNEERREBERSRINTTIE

EEH FYE HEAE HKERK
(T RFBETARFR FD 063210

¥ OE. BX O RS bR R 5 ek b RS T B R R AR 25 g R R £ — R R A AR R B AL I R R R
SEAR SR T . B J64E MobileNetv2 [98% 25 e it A A 47 i B WL CA(channel attention) 48 B D4R & i 3B &
77 B AR BT AE B, s YR R G B9 MobileNetv2 % YOLOv4 £ T R4 4% 2 Ab AL 38, 3% B 7E PANet o 5% B8 B 7] 4%
BB YRR SRS ] ASFF 138 B ARIE Rl & 20l PANet 544 3k 35 85 AS [\ F5R 1F J2 19 AR — BUE B 5 TR 1E
BlA A BN A TE 7 7 LU B ARE B RIAE s 3R il K-means+ + Bk PR A EBERE PO, L E L E X
136 M Z 54.5 M HIE T 60 %, W& RFLHIE 1 8026 AL B A 2 96. 84 % .55 YOLOv4 WM HLAUBIK T 0.46%
PG

KFER: BREWE B IIF REE S BE N AER S

mESES: TP391.4 MEARIRG: A ERFREFRSENRD: 520.6

A lightweight traffic sign detection method based on adaptive feature fusion

Liang Xiuman Shao Pengjuan Liu Zhendong Zhao Hengbin

(School of Electrical Engineering, North China University of Science and Technology, Tangshan 063210, China)

Abstract: Aiming at the problems of large amount of network computation and poor detection effect in the current
traffic sign detection method, a lightweight traffic sign detection method with embedded coordinate attention
mechanism is proposed. First, the coordinate attention mechanism CA module is embedded in the residual block of
MobileNetv2 to retain the coordinate information in the channel attention; Secondly, the improved MobileNetv2 is used
to lighten the YOI Ov4 backbone network, and the depthwise separable convolution block is used in PANet to reduce
the amount of computation; Then, ASFF adaptive feature fusion is used to improve the PANet structure to balance the
inconsistency of different feature layers. Finally, attention is added to the feature fusion module to increase the weight
of the target information; and the K-means+ + algorithm generates new a priori box cluster centers. Experiments
show that the weight file is reduced by 60% from 136 M to 54.5 M, the network volume is reduced by 80% , and the
accuracy reaches 96. 84 %, lose only 0. 46 % accuracy compared to YOLOv4 network.
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