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A survey of action recognition methods based on graph convolutional
network

KONG Wei, LIU Yun', LI Hui, WANG Chuan-xu

(College of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061,
China)

Abstract: Action recognition technology has great application prospects and potential economic value, and is widely used
in video surveillance, video retrieval, human-computer interaction, public security and other fields. Graph convolutional
networks show the powerful function of modeling based on graph data dependency, which have become a research hotspot
in the field of action recognition. This paper mainly summarizes action recognition methods based on graph convolutional
networks. There are two main methods of graph convolutional networks: the spectral-based method and the spacial-based
method. Firstly, for the two methods, this paper analyzes advantages and disadvantages from different aspects, summarizes
their application and development in the field of action recognition. Then, according to the differences of the design of
graph network models and algorithms in action recognition, key aspects of network construction are summarized, and
the influence of different algorithms on model performance is compared. Finally, according to the problems existing in
the action recognition based on graph convolutional networks, future development of graph convolutional networks is
prospected.

Keywords: graph convolutional networks; action recognition; neural networks; deep learning; non-Euclidean space
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HDMO05 2337 130 5 31 — A —PH
Northwestern-UCLA 1494 10 10 25 AP & AL JE— GRIENL
UT-Kinect 200 10 10 20 9 4%k 1 4%

MSR Action3D 557 20 10 18 AR E Rz E

UTD MHAD 861 27 8 20 AR RE BEZ R

SYSU 480 12 40 18 AHRAE (B BHC A (B

Florence 3D 215 9 10 15 94 %2k 1 4%

#=5 ETEERMITHRR G ENERELLER %
Kinetics  NTU-RGB+D HDMO5 Northwestern-UCLA UT- Kinect MSR Action3D UTD HAD SYSU Florence 3D
BBk
top-1 top-5 CS CV TR R 2R

ST-GCNP! 307 528 81.5 883 - - - - - - -
DPRLM - - 835 898 - - 98.5 - - 76.9 -
NASHH 37.1 60.1 89.4 957 - - - - - - -
GGCN™ - - 875 943 - - 98.5 - - 77.9 98.4
Bayesian
GOLSTM ! - - 818 890 - - - 94.5 92.1 82.0 -
PB-GCN™! - - 875 932 88.1740.99 - - - - - -
2S-AGCN™! 361 587 885 95.1 - - - - - - -
AS-GCN™ ! 348 565 86.8 942 - - - - - - -
RAGCNM! - - 859 935 - - - - - - -
BAGCNI#! 373 602 903 963 - - - - - - -
AGC-LSTM*®!  — - 892 950 - 93.3 - - - - -
Wen 451521 842 96.1 842 902 - - - - - - -
DGNNP! 369 59.6 89.9 96.1 - - - - - - -
SGNI¢ - - 866 934 - - - - - 86.9 -
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1E Kinetics 2 #% 5 1, F top-1 1 top-5 #E#f 33
173w, At B B2 A0 2 Y B HE R R 1R, &M
ERRA R AN 5 BTR.
42 HEHERESH

ST-GCN 7 A K FIASE 1 4 4 By N Tk
TH, BUAR T 00 0 P R, BN AT R0 T VR
FLvfE. 1T ST-GCN 7 7E 1 il 8 (W, 2.2 7), AS-GCN
& th action M1 structure P 45 14, #% 2147 4 1 [ 58 O¢

AT IE BT 1R B 3T B 45 44; DGNN #2 A 1) 1, %
Kinetics 48 £ 1) top-1 2 2 =1 3.1, 5.4 /1621 H
I R

FEAT AR 51 1, NTU-RGB+D #5315 £ 1% 1 it
FHIE 7. 25 BB R 2% ST-GCN 7E NTU-RGB+D %
PEAERI P FEAECS M CV BRI 253 51 9 81.5 %6
1 88.3 %o. Ji £ 5 1% LL ST-GCN 5 5] 2y H v,
43 PIAE B 45 ¥ MR (PB-GCN) .« B35 7F & /7 (RAGCN.
BAGCN). H4 111 F & M. 2574 (AS-GCN. 2S-AGCN). &
5 R 7R B2 B (DPRL) A1 F 5545 1) 1 455 7 T e FF 0
NFFE AR A PERE AR . H A A ik, Xa i &
77 35 B/ 4% BAGCN 7£ NTU-RGB+D % #5 4 _E 3%
2T B UF IR AR, 4350 A 90.3 o F196.3 %o, HoAth %7
P42 B % /b. Bayesian GC-LSTM [ 4% - DL -7
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Heym 4, T S M 45 GGON 7E i 48 _E AR 1 i
AR 438, AR 2 IR R T R ) SR S I 4, U
PEREEAL.
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7] R e B L

1) BRI 28 93 J2 4540 A& SL it 2k T CNN (1)
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T2, W 45 1 1 e e i T B R, HE 1 2
B 2 3 R 2 i s R )RR AN RO S, TR

[X 4322 S, TSR T 1R 2 B e . R0k, 3%
TR 2% 11 R O A R T B = 2, TEV R ) £
s,

2) [0 2 4 K AR R s SRy T A P S AL 45 )57 P 7
1T 25 (4R 4 G5 L 1% R B0 56 2R B v i A
B B 3L 5210, X 55 45 GE 10 B A1 B0 2 9 2 CNN A
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