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Driver Distracted Behavior Recognition
Based on Information Bottleneck Theory

ZHANG Ji, BAI Yakun, HAN Shuangqing, LIU Jiadong

(School of Automotive Studies, Tongji University, Shanghai
201804, China)

Abstract: Aiming at the problem of driver distracted
behavior recognition, the information bottleneck theory
and the graph convolutional network were combined to
realize the action recognition based on the 2D pose
estimation, which effectively increases the retention
degree of neural network for effective information, so as
to make up for the lack of input information. The accurate
action recognition was achieved with the limited input

information in combination with CTR-GCN.
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Fig.1 Action recognition network architecture
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Fig.2 DI1-DDB driving behavior dataset

Bt 5 28 B E LRSS, BEAFATR 5
B, BRI 29 12 he ARSCE LT 3RS 5
IR 7350 0« IEH 2 3 (2 40iRES) b2 B
CEHIRZS) AL SE R 2 Bl (R EARZS ) o MR X 3 b
ARASE T 21 M BT, 3« il 28 4ty R 2L
Al S Z PR IR RS R BORYE R ]
R B AL ATHIE S AME BANE FTITKH 16
KSR DAL TR EE HZ AR DY AR AR e S



%2

ik AR TR BSOS M2 58 51 43 0T R 309

F MR LA E R o FASRE A4S R M . F
P2k oM 4 e 30 2012 3K DA B R AR 5 7R % 2023 3K o
F IR 5 104 L BRI N 28 S8R 4R
2.3 HEmAE

AR 4 B AR 2D S A, AR KIT
Drivel-Act Bl 4E 5 D1-DDB Z 341 A 5l 4 34 4
RGB $#24 , H KIT Drive®.Act 4 5 (L # 47 3D
LA, PE SR DR 31 9 28 11 25 5 35 iF 22 i 7 22
PEAT BRI . B e, (0 R AT T 000 o i e R
SRUEAT o) 4 IR E I TIA 28 R 5 [ 2
FRUBE R Rl 15 28 285 Ay A5 78 8 o o) 400 A8 65 s i 1 7
2D AN R E AR B BE N 0. 6, B E 5 B AR B
T B LA T4

AR UEAS RO B, 5 B AR A AT I
—fk, ME 3 AR, B3, THRRE PR, R A
PRATT R BETAL B (AT

' Y
| 5

a JFIR2DEIT A b RPH—fk

d W E

E3 HiEmAbE
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Fig.4 Effect of 5, and 3, on model training results
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Tab.2 Input experimental results for different pose
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Fig.6 PCA dimensionality reduction results on
NTU-RGB+D dataset using the IB objective
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