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A dual-branch network for action recognition

QIN Xiaofei1 , CAI Rui1 , CHEN Meng2 , ZHANG Wenqi2 , HE Changxiang1 , ZHANG Xuedian1
(1. School of Optical-Electrical and Computer Engineering, University of Shanghai for
Science and Technology, Shanghai 200093, China;
2. Institute of Aerospace System Engineering Shanghai, Shanghai 201109, China)

Abstract: Action recognition has always been an important task in the field of computer vision.
There are mainly two tasks based on RGB video and human skeleton. The mainstream methods are
3D convolutional neural network and graph convolutional neural network. For the data modality of
human skeleton, this work designs a graph convolutional neural network based on the self-attention
mechanism. The algorithm can achieve advanced performance on skeleton-based action recognition
tasks. In addition, a method is proposed to use deep supervision methods to supervise the
intermediate features of video and human skeleton, which improves the coupling of the two data
features and further improves network efficiency. The network structure of this algorithm is simple,
and only 3.37x 10’ parameters are used to achieve an accuracy of 95.6% on the NTU-RGBD60 (CS)

dataset.
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Fig. 1 Model network architecture
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Fig. 4 A variant of spatial self-attention block
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Tab.1 Model architecture of slow-fast network

Stage Slow pathway  Fast pathway Output sizes 7 x s
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Tab.2 Comparison of parameters and accuracies
between different representations
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Tab.4 Accuracy change caused by the value of a

. Accuracy/%
Input Parameter amount/10
CS (&\%
J 0.89 89.1 94.9
B 0.89 87.4 94.9
2-stream 1.78 90.5 96.0
J + B (proposed) 0.89 90.6 96.0

Accuracy/%
‘ CS Ccv
1 94.9 98.1
12 95.4 98.6
1/3 95.6 99.0
1/4 95.3 99.0
1/5 95.3 98.7

SRR b, A SCER S Y A BT B B
B E AR I AR R, R TRy 7000 4
SR, XREET DA S E. Mt
FHARE— RN AR T, 2-stream J7ik
AT THERE, Hida ok TSI S80miTH e
e B, ARSI S, R
INIT R PRGRE AT RS, BRI R E 20
SR, AR TS AORER, ETEE E

GOCN HEHe kS Fm A2 i 3R 3 frs. 4
Y SRR, PEREMLr . B2 N KT 4
FIF G LA VIR, FEEE L RE L
TR RS, HEBSCR R, XA R REA AR
R TR, FECT AR,

F T A0 53 3R FH R 2 slow-fast 598, 1%
IHE R A 45 1 TR, BRSO
WRAAERE Z AT, TR E AU R 43 SRl

# 3 GON EREEBHETHHBEITLL

Tab.3 Accuracy comparison between different num-
ber of stacked GCN blocks
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Tab.5 Accuracy comparison of dual
branch network

Accuracy/%
Branch
CS (0%
Skeleton 90.2 94.7
RGB 82.3 90.1
Skeleton+RGB 95.6 99.0

Accuracy/%
a
CS CvV
2 73.0 80.0
3 86.5 90.3
4 90.6 96.0
5 90.6 95.9
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Tab. 6 Comparison of the accuracy and parameters
on NTU-RGBD60 dataset
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Tab.8 Comparison of the accuracy on Kinetics 400
skeleton dataset

Accuracy/% Accuracy/%
Algorithm Parameter amount/10° ————————— Algorithm
CS Ccv Top 1 Top 5
AS-GCN!™ 7.40 86.8 942 ST-GCN'™ 30.7 528
GR-GCN'" _ 848 924 AS-GCN'™ 34.8 56.5
25-AGCN™ 6.92 885  95.1 25-AGCN'™ 36.1 58.7
AGC-LSTM™ 2281 892 950 DGNN" 36.9 59.6
25-SDGCN'" - 89.6 957 MS-AAGCN 37.8 61.0
SGN™! 0.60 890 045 MS-G3D'” 38.0 60.9
DGNN 316 89.9 926.1 Slow-fast”™ 75.6 92.1
Shift-GCN(2s) [10] 1.48 897 96.0 Skeleton 37.6 60.1
Shift—GCN(4s)“0] 204 90.7 9.5 Skeleton+RGB 78.1 93.3
6] L " \
MS-G3D(Joint) 3.20 894 950 RGBD120 F11 Kinetics 400 £t45 45 _E 9% 56 o
(6] N g - x N N . N
MS-G3D(2s) 6.40 915 962 ARSCE LI W SEORBAR A A A R T
~ N
MST-GCN!" 2.03 917 957 HATEH IR
Hierarchical Action 46.8 95.3 98.3
Al
A
Skeleton 2.85 906 960 3 & i
Skeleton + RGB 33.7 956  99.0
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Tab.7 Comparison of the accuracy on NTU-

RGBD120 dataset
Accuracy/%

Algorithm
c-sub c-set
ST-LSTM™ 55.7 57.9
GCA-LSTM™? 583 59.2
Pose Evolution Mapm] 64.6 66.9
25-AGCN™ 82.5 84.9
Shift-GCN!" 85.9 87.6
MS-G3D™ 86.9 88.4
SGN!'! 79.2 81.5
MST-GCN!"! 88.5 87.8
Hierarchical Action 93.7 94.5
Skeleton 84.5 85.6
Skeleton + RGB 94.7 95.2
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