»2, ]
¥R
Journal on Communications

542 B 1 ) W fE
2021 %1 H

Vol.42 No.1
January 2021

YOLOV3-A: ETFEE HHLHI80 3 BARESH I M4

(PEIRF BB, Wi Kb 410083)

W O N TIRREA YOLOV3 FENSFA7AE /N B bs i BRI 50 5 4% 1) 1 1 A8 Tl A i AT 45 S5 1 22 (W iR A8 A0
TR IS, E YOLOV3 SyERIFERE I, $EH T B SR I 08 38 A 5 ) B s T U B8 S i & s
%, B YOLOV3-A 5k, YOLOV3-A Sk ik X 40 43 SO AE A2 @ A 28 i) 2 AN ST e, W
8 R PRI G R IR, IR RURREAE, S T SRR RE ) . #E TT100K A58 AR S SR L Rscie R,
FTERELE TN ERRR I 1k BE 0 35 0 A W G, AHEL T YOLOV3 85325, i Sk (RRs 1 R 2 M 43 IR T T 1.9%
F12.8%.

KRR ACWARERI; N EAREI; R 18 S

HPESES: TP391.41

SCERFRIRAD: A

DOI: 10.11959/j.issn.1000—436x.2021031

YOLOV3-A: a traffic sign detection network
based on attention mechanism
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Abstract: To solve the problem that the existing YOLOV3 algorithm had more false detections and missed detections for
traffic sign detection task with small target problems and complex background, based on the YOLOvV3, a channel atten-
tion method for target detection and a spatial attention method based on semantic segmentation guidance were proposed
to form the YOLOV3-A (attention) algorithm. The detection features in the channel and spatial dimensions were recali-
brated, allowing the network to focus and enhance the effective features, and suppress interference features, which greatly
improved the detection performance. Experiments on the TT100K traffic sign data set show that the algorithm improves
the detection performance of small targets, and the accuracy and recall rate of the YOLOvV3 are improved by 1.9% and
2.8% respectively.
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