N

m

ELECTRONIC MEASUREMENT TECHNOLOGY

' o R HA6 % oM

20234 3 A

DOI:10. 19651/j. cnki. emt. 2210944

B YOLOX i) 35 56 £ 58 B8 2 @ AR 4 L

BR2E HBHE FTHE
(B amKkFEEFIESER % 710065)

B OE: AR FEBRS B SRR EA S e SR R T — A YOLOX (Rl A 5 0 B
. ZE BB AR RS Mobile Vi T Block 5,6 CNN 1 Transformer 254, #2551 F 45 X 414K J& 356 Fn 42 J& 4 4E 19
2R85B AL RN A E SRR #L A & F I ASFE, W A7 SURRAE 2 3R AT AR A D T 45 U1 SRS B 5 TR
Focal Loss 4t 7038 XI5 52 o 50, T LA SR pe AR AR /D S BN ORHERR O ) B, L8625 SRR, 4 F YOLOX &
Lo YOLOX B3k mAPHIETH T 2. 89% . B R R/ T 6.23 M, (AL SL I B — L BAE T Fr 82 50k 7T LUIR & 46
WK B A SR H SR BRI ER .

KR 3SR ; Mobile Vi T W 5 [ 1& R 2 /8] F5AE fill & ;s Focal $128 M % ; YOLOX Hik

HESES: TP391.4 XEARIRA: A ERtrdEFER D EMKRD: 520. 6040

Improved YOLOX's low-light road traffic sign detection

Huo Aiqing Nan Siyuan Xu Jingrong
(School of Electronic Engineering, Xi'an Shiyou University, Xi'an 710065, China)

Abstract: In view ol the low detection accuracy, missed detection, and the wrong detection ol road trallic signs in a
weak light environment, a detection algorithm based on the improved YOLOX is put forward. Light weight network
named Mobile Vi T Block module is adopted, meanwhile CNN is combined with Transformer to raise the network’s
ability to learn local and global features of objects. By adding the adaptive feature fusion pyramid ASFF, the improved
algorithm performs weighted fusion on the effective feature layers in order to accelerate the convergence speed of
network training. The binary cross-entropy loss function is replaced by a Focal l.oss, so as to solve the problem of
inaccurate classification due to the small samples size. As shown by the experimental results, the mAP value of the
improved YOLOX algorithm is increased by 2. 89% than that of the YOLOX algorithm, and the number of parameters
is reduced by 6. 23 M. The visuali-zation and other experiments further verify that the improved YOLOX algorithm can

effectively avoid the phenomena of missing and wrong detection caused by weak light.
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