RAFAR - Automobile Technology

E T HERARFERERARERFERSWUES-

ETREFINSOERITARMNITIE

BTk

g A

AERAT St

CLIIRE R VR4 B e T s B R S S 2, KV 410082 ;2. Z KB TR AT PR Rl E A H
{35 071000)

(HEZE Lot BUAT 430 25 BT S R0 T 2 A7 A 1 G DG B 5k 22 268 P L, 7] Y6 T VR B 25 2T 1y L s G ) 2
77 25 R U 25 BRAT R, B oA O 25 B AT D Bl B, LA 25 B R TR AROK RO 3 Rl AT O B AR, O A
B AR bR T | 885 1 P B Ak B AR RS A NanoDet JE1 7 I ZR90IF , 45 3 WA, 12005 15 T LA o i - Dot 131 1 28 3 53 7

25 0 st A R AL K R A AT
FEE ;0B B HEERE
hE 925 :U492.8;TP391.41

T IEE
X HEkFRIZAD: A

DOI: 10.19620/j.cnki.1000-3703.20230262

Distracted Driving Behavior Detection Based on Deep Learning
Cao Libo', Yang Sa', Ai Changshuo', Yan Jingcai’, Li Xusheng’

(1. State Key Laboratory of Advanced Design and Manufacturing for Vehicle Body, Hunan University, Changsha 410082; 2.
Baoding Branch of Haomo Technology Co., Ltd., Baoding 071000)

[Abstract] To address some of the problems in existing distracted driving behavior detection methods, such as low

detection accuracy and poor real-time performance, a deep learning—based target detection method was used for driver

distracted driving behavior detection. Firstly, a distracted driving behavior dataset was constructed, including images of

drivers using mobile phones, drinking water and smoking, and the targets were annotated, secondly a lightweight target

detection model NanoDet was selected for training and validation. The results show that the method can accurately and

quickly identify driver behaviors including using mobile phones, drinking water and smoking while driving.
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