GRS O i
ELECTRONIC MEASUREMENT TECHNOLOGY

20214 6 A

DOTI.: 10. 19651/j. enki. emt. 2106547

BAH= THXREHRSRNSI25]

% Edade &
(Ha T k% SFELTEER B 710000

Fid

i OE: A RE AR R T ER GRS R N RS — RA RSB T —#3 YOLOv4 Bk
BRI . SRR R M AN A BG E OR | TR AR R R S AL B, R S SR I A 2 HEAT B 2, I BR 19 X 19 A i
B 152X 152 Bt . BJE M Komeans T 3285 3 8 #0958 B A S B MR SE b AT B 00, B0 B U451
HHGRPEAE . LIS R R 5 SR AR S/ B AR 50 T IR SE B i A I B0 /N 28 5B AR ik . A L CCTSDB #4m 41
RN ST AS AR S AU R RIS T 96 mAP Bl 26 FPS, b YOLOv4 LAl m T 1. 70 R 1. 4,
KR ARG YOLOVE, IR E = Y BRI 3

FESGES: TP391 XHRERIREE: A ERIrAEERFENKRG: 510.5040

Traffic sign detection and recognition in natural scene

Chen Zhilin

(School of Electronic and Information Engineering, Xi ‘an Technological University, Xi'an 710000, China)

Chen Hong Wang Xiangchao

Abstract: In view of a series of problems such as large error and slow detection speed of traffic signs under natural
scenes in China, an improved YOLOv4 algorithm is proposed. Firstly, image enhancement, image denoising and other
processing are added to the input end of the algorithm. Then, the detection layer of the algorithm is modified by
deleting the 19 X 19 detection layer and adding the 152 X 152 detection layer. Finally, the K-means ][ clustering
algorithm is used to carry out clustering analysis on the reconstructed traffic sign data set, and the initial candidate box
of the network is redefined. The experimental results show that the improved algorithm can detect small traffic signs

accurately and in real time in the natural scene. 96 mAP is obtained on the traffic sign data set based on the CCTSDIB

Fadk E12

data set, and the detection speed is 26 FPS, which is 1. 7% and 1. 4 higher than YOLOv4 algorithm respectively.
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