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Driver subtle action recognition based on 3DCNN
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(College of Mechanical Engineering, Hebei University of Technology, Tianjin 300000, China)

Qin Kang Zhang Xiaojun Zhang Minglu

Abstract: Aiming at the action recognition of subtle actions in the similar background ol drivers, X3D-M-GC-AE based
on X3D network is proposed. By introducing the lightweight self-attention network GCnet, the attention to key features
in time and space is improved, and the detection accuracy is improved without increasing parameter quantities. Action
enhancement block is designed to make the network more sensitive to the action information in time series. Introducing
knowledge distillation, taking X3D-XL as the teacher network and X3D-M-GC-AE as the student network, so that
X3D-M-GC-AE can be used in real vehicles with less parameters and calculations. The experimental results show that
the maximum test accuracy of teacher network can reach 75.56% , and that of student network can reach 71.13%.

This framework can achieve high-precision detection results in the case of low requirements for vehicle hardware

HA6 % B8

equipment.
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Input(1,3,16,224,224)

Conv(1,3,3)

Conv(5,1,1)

28)
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432,16,7,7)
Conv(1,1,1)
Avgpool(1,1,1)
dropout(0.5)
Linear
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GCNet" I 3 fF &, 254 38 4 # W %% (non-local
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L 4
Output
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or s i 5 AHE 32 Wtk A WS 1R O [ Bk =2 18] B )
osf [T . L T B PEA TR A5 M AE BEHAE TR 8 1 —
= 06] o gy AT LI 2645 0k 15 DADCNet 417 1) 9 2 13 6
205 TN TIER B UG Ol AT R AR A AT
03l # MR i A AT HLTE TR S A T K LR ] B T 3
01 7@@” - WA 9 A
0 I(I)O 260 3(|)0 4(IJO S(IJO 6(|)0 760 S(I)O 960 IOIOO

[ ETi:a7

BLL ok R UK S

3 MM FEIEUESE ., A F i AT A RV R R .
FI#I R~ F FLOPs (% 1.

®3 HiEMHEEXLE

%/ FLOPs/ BEIR S
RN ik *%5/ ((, B Mijh/
13D 32 i 73.13  12.30  48.29
Slowfast™™- 32 MiX4 f 70.25 33.58  131.68
X3D-L 16 1 70.25  5.35 21.81
X3D-XL(# ) 16 i 75.75  10.40 41. 44
X3D-M 16 1 68.88  3.01 12. 06
X3D-M+GC+
16 1 71.38  3.06 12. 27
AEC#4)

WIS ZRE AL SR 0 5R 4 R, TE AR 16 W i 1% O
T LB X3D-M HYXS K 68. 88%, X 264228 3 L Akl L 9
BT ML LA T 08 KD 18] 5 BUARS VG 30 AR I 9 L 38 3R
AT RVBUAS RAF AP E, B FiE sk S Bl ik Bl
JERE RS A RAR B PRI BOCR , R X A R = # F
FHUR B PRI R 5225 it A GC block Z J7 » X3D-M-
GC ]IS T 69.50% , B ARFR AL A L 8 75 ok 5]
AE block ZJ5 ,X3D-M-AE #E#RFAF T 70. 13%, % £ FH
FAT L M K X R — AT 2 33 sh L 9 B MR B
P R ARSI A Z )5 - X3D-M-GC-AE X #2 & 3l
T 71.38%MEREE . WiAbATAY FLOPs JL3F 3% A 28 1k . {3
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o1 I3D il Slowfast Bk BAAA K = M E  HEMITNS
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v 4 5 GO AR ¥/ FLOPs/ Al
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X3D-M+GC+AE v v  71.38  3.06 12. 27
X3D-XL+GC+AE Front(RGB) 95. 00 %
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Bk R KB/ %
DC-EPCC Front(D) 90. 87
CL-MOD Front+ Top(DIR) 95. 99

DAD Front+ Top(DIR) 96. 73
DADCNet Front+ Top(D) 96. 60

X3D-M+GC+AE Front(RGB) 91. 11
5.3 XFEHE
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K13 SLEPLEE
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258 5 SRR B

B 14

6 £ it
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BE X2 30 GO AL T 5T M Sh AR i sl AR IR 48
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2% GCNet, $2 5 0 I ] 71 25 6] G BE R AE 89 SC VE B it T

— Iz Bl B R AR R A X4 X B O b 1452 A R B AR

SIAMRZEE UM ARPHSHEMITAE N MK E

B BB ISR A AREE . ] Tensor RT XA A4t

T3 AL PR, 58 BUAE Jetson TX2 V& EISLERME .,
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