F43% H3H koM OE I XK ¥ ¥ R Vol.43 No.3
2024 F6 A Journal of Shenyang Ligong University Jun. 202 4

XEHS: 1003 - 1251(2024)03 -0018 - 08

BRGSNEUSESHERN T

FRT,EX4W, 5L F

CLHET IR A ST RSB, YR 110159)

W OE. BNz aag %i‘#’?%éﬁéﬂﬁkjl‘ . AR REBRENHTE—TLRBLER
Reih R EIRB I RAAMGFERFH—F RS «M B, 3l — AR T e dhfe T LR ek B
15649 338 3 A ] P 45 | @ AR AM-YOLOVS, AM-YOLOvVS ¥ & it 49 Repvgg 45 #1 7T VAR I+ AF
AR EARAF AR F T A A, WA, E E T M R 5IN B EE AR JRIR B — #7098 &
F YA S (SimSPPFCSPC) A4~ K BUE & 5 A3 I M 4 33k B 18 30 3% W 2404 ) Jm A Al — FF &
o A (GS AR), LI R AW, AM-YOLOVS & FLIR (¥ 4 @24 B 1% L #) mAP, % 3|
T 69.35% ,5 % YOLOVSs A8, 2% A 4B 43 203k A9 a1 T 45 Z R 7 1.66% .

x # ﬂ- BARAEM] ; 3R BRA B we B

FE4SES: TP391.41 XEEARERD: A DOI.10.3969/]. issn. 1003 — 1251.2024. 03. 003

Efficient Multi-modal Fusion Detection Method Based on Driving Scenes

LI Dongyu, WANG Xuna, GAO Hongwei

( Shenyang Ligong University, Shenyang 110159 ,China)

Abstract; Target detection is an important component in autonomous driving. In order to solve the
problem that a single visible image cannot meet the demand of actual driving scene detection under
low light conditions and to improve the detection accuracy,a traffic scene target detection network
for fused infrared and visible images is proposed, which is called AM-YOLOVS for short. The im-
proved Repvgg structure in AM-YOLOVS can enhance the ability of learning features of fused ima-
ges. In addition, a self-attention mechanism is introduced and a new spatial pyramid module ( Sim-
SPPFCSPC)is proposed at the end of the backbone network to obtain sufficient information. To im-
prove the inference speed of the network ,a new convolution( GS convolution ) is used at the front of
the neck. Experimental results show that AM-YOLOVS5 achieves 69.35% mAP, s on the fusion im-
age of FLIR dataset, the detection accuracy is improved by 1. 66% compared with the original
YOLOVvVS5s, without any sacrifice in inference speed.
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