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Abstract: Objective The recognition of multi-person interaction behavior has wide applications in real life. At present,
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lem of understanding complex human activities with relationships between multiple people has not been resolved. When per-
forming multi-person behavior recognition, the body information is more abundant and the description of the two-person
action features are more complex. The problems such as complex recognition methods and low recognition accuracy occur
easily. When the recognition object changes from a single person to multiple people, we not only need to pay attention to
the action information of each person but also need to notice the interaction information between different subjects. At pres-
ent, the interaction information of multiple people cannot be extracted well. To solve this problem effectively, we propose a
multi-person interaction behavior-recognition algorithm based on skeleton graph convolution. Method The advantage of this
method is that it can fully utilize the spatial and temporal dependence information between human joints. We design the
interaction information between skeletons to discover the potential relationships between different individuals and different
key points. By capturing the additional interaction information, we can improve the accuracy of action recognition. Consid-
ering the characteristics of multi-person interaction behavior, this study proposes a spatio-temporal graph convolution model
based on skeleton. In terms of space, we have various designs for single-person and multi-person connections. We design
the single-person connection within each frame. Apart from the physical connections between the points of the body, some
potential correlations are also added between joints that represent non-physical connections such as the left and right hands
of a single person. We design the interaction connection between two people within each frame. We use Euclidean distance
to measure the correlation between interaction nodes and determine which points between the two persons have a certain
connection. Through this method, the connection of the key points between the two persons in the frame not only can add
new and necessary interaction connections, which can be used as a bridge to describe the interaction information of the two
persons’ actions, but can also prevent noise connections and cause the underlying graph to have a certain sparseness. In
the time dimension, we segment the action sequence. Every three frames of action are used as a processing unit. We design
the joints between three adjacent frames, and use more adjacent joints to expand the receptive field to help us learn the
change information in the time domain. Through the modeling design in the time and space dimensions, we have obtained a
complex action skeleton diagram. We use the generalized graph convolution model to extract and summarize the two people
action features, and approximate high-order fast Chebyshev polynomials of spectral graph convolution to obtain high-level
feature maps. At the same time, to enhance the extraction of time domain information, we propose the application of sliced
recurrent neural network ( RNN) to video action recognition to enhance the characterization of two people actions. By
dividing the input sequence into multiple equiling subsequences and using a separate RNN network for feature extraction on
each subsequence, we can calculate each subsequence at the same time, thereby overcoming the limitations of sliced RNN
that cannot be parallelized. Through the information transfer between layers, the local information on the subsequence can
be integrated in the high-level network, which can integrate and summarize the information from local to global, and the
network can capture the entire action-sequence dependent information. For the loss of information at the slice, we have
solved this problem by taking the three frame actions as a processing unit. Result This study validates the proposed algo-
rithm on two datasets ( UT-Interaction and SBU) and compares them with other advanced interaction-recognition methods.
The UT-Interaction dataset contains six classes of actions and the SBU interaction dataset has eight classes of actions. We
use 10-fold and 5-fold cross-validation for evaluation. In the UT-Interaction dataset, compared with H-LSTCM ( Chierarchi-
cal long-short-term concurrent memory) and other methods, the performance improves by 0. 7% based on the second-best
algorithm. In the SBU dataset, compared with GCNConv, RotClips + MTCNN, SGCConv, and other methods, the algo-
rithm has been improved by 5.2% , 1.03% , and 1. 2% respectively. At the same time, fusion experiments are conducted
in the SBU dataset to verify the effectiveness of various connections and sliced RNN. This method can effectively extract
additional information on interactions, and has a good effect on the recognition of interaction actions. Conclusion In this
paper, the interactive recognition method of fusion spatio-temporal graph convolution has high accuracy for the recognition of
interactive actions, and it is generally applicable to the recognition of behaviors that generate interaction between objects.

Key words: action recognition; interaction information; spatial-temporal modeling; graph convolution; sliced recurrent

neural network ( RNN)



$o6FE/F7H /2021 F7 B

BElA, REE, EXZ, K=, EXE / MEaRT=EESRNS AXET IR

0 5

[l

BT IR A2 5AT RO B B 1y 5 A
A R 0L (CE AN 45 ,2015) o AZEBIPEIR
S H S o3 B A N5 N Z 18] sh VR A
HEAEM . BrT AN TR R e WL EH AU
Jr 9 PR ARy 1A S5 2> U, e H R ARG T R
P Bk B R,

TEAT R R v A AR B 28 B0 1) 1o JH AR X T
RGB s AR i Kot ok v A7 46 W W g O 3, & ml LA
NS 5 JCIRFNSNI A2 R A R A2, Ak, B
URHIE R S5 PER OB EE W AR ShE Rz
SR RE 7R |, Ok 8 22 (04T SR RO B T AR
TTFgE . EETE TR B2 ) 0 485 O i &
FAHLLT 3 F KA L2 M 48 (long short-term
memory , LSTM ) | #& FL 41 25 M 2% ( convolutional neural
network , CNN) DL J [ 45 FL W 45 ( graph convolution
network ,GCN)

T, HAs i i WIS 2 B0 BN 2R S AR
BRI, B XS S B AR TTE . ARTITAE H A
T W ILAYAT N BEAR AR S — B B ATy R T
P AT 355, HECT BN SR S B 2RI A4 A
U TR SE A BB E R R b AR SRR 2
EN i3 ST AR )| E Ao S A (R Sy €7
WOAZ B ZWEMRRE, I X 58 BAT Jy BEAT AN 53 B
S BB AR,

DAE A9 AR B SR ERT 2 2 — P A%
MRZERY i i RNN (recurrent neural network ) A1 CNN
RS, BARTESE R I J5 AT AR KA et fH
TR LSRR S5, AR AE S8 [ 58 A%
WA e 432t TR T PR RBE T . A
AR e AR RRL A 2 6] b 3 SR i Y KB
CNN J7 ¥k BAR HA SR R R RS2 URE ), (H 75 2 [
S KN RRAZ A T3 g b B R OGS RE AT AR iR
AR SRR, T HLHG R R e b i %
NAE S5 ISEASBE G 2 HOR B 25K X fli15 2 48 Y 4 1
MZMEAE N, RIS RNN L n] RIAE P28
BB BN B JR B A T i g U RS BE AN
W AT GON ke b B 45 J 114 15 B 8080, T LA
FFRIZ B 2 AL, JF45 5 728 T RNN 2518 R4 24 i
BRI B . GCN AT DL E 2 6] [ ih i JR 55 kA 7

HR K I 22 5 T 2 s R AR e | F Bl A
HHErh AR S S AR E A5 B . Yan 58 A (2018 ) 4%
IG5 AL T B 22 W sh AR R A, JFEUS 11
24 NHERNEE IR . SR, K280 GON Jr ik AR &5
THA B E DA B KL, 200 T B i 5%
WORHK, [, GCN AN RE NS 58 B bl 3 S R 7
SR S, BTSSR T SIREEE B .

R T R AN [ R, A SOV T AR A N Y
A, SRIAAME ACE XS BRI MR [F
AP SR IE FPAR S R, A SCEZA LI 3 4
A} :

1) e H s VER A, il i Xt 5 5 3 B k438
Gy 2Z ] AR ELA R I OG 2R a8E, 4R Ok A 28 BAR B 1Y
BRINAE BB, K X 05 B T UM 2R 38 L 4 )R 4
FFrR, DA e a2 1 sh VR R BEaf 1

D) IR T T AR I s AR i R B
it PR A8 LA G R 2 A% G2 40 i A T Bk T, A
255 FLNURT Z2 I AS [R] 3% 42 , T HLE 5 T — Wi A S
— T e Y AH 5C SC T i 4%, SC I A B B IR A AL
TR,

3) BT D) F RNN S T 40095 3 4 35 591
G, A AU SO VAR BRI, [R]Bs Bsf
2 @ 5 Y1 R RNN 4745 & A 3tk #h o) A
RNN (1) 8 g

1 tHXIE

1.1 ETEGHZEIRG

LB TAE K 2 2 T F TR A R AIE
ﬂﬂ{iﬁﬁﬁ[ﬂﬁ%)}fﬁﬁ@(hismgram of oriented gradi-
ent, HOG) FGIt J5 7145 & .7 [&#] ( histograms of ori-
ented optical flow, HOF) ( Van Gemeren 45,2014 ) %
PGSR B AMULAFAE , 35035 6 FDG A sl 25
FRER B Sh R IE, BT By 7 B MO T IR i 22 2
Ke 55 N (2016 ) H4 TR JE 5 ) W 2% ] T 38 H.AT R iR
1,35 CNN &I G AR RS B AR5 26 A B 43
Feash LB ETUN

BARIET RGB AR BOG 1Y s VR TR 5 7 ik B
B R RE ABA A E—SE ), BN %) 52 5
JGRRANS NS Y 52 Wi, 4 BOG I F B/ 25 w1
TEAA, —2 TAEC 20 B a8 B AT $R HL, LA
E G N ARAST B2 ) A8 B, 7F — 2B B A B

1683



1684

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.26,No. 7,Jul. 2021

BUNBFFE T, 238 2208 0 R B SR AT S E R
AN ZEAT AR b b R AR Y32 3, B T 00
NKWEIE, —J7 i, BRSO s h B
A P E e, I AR IS SR i T i S SR IRk
fiE, J3—J71, 5 RGB 4l AH Lb, B 28 B s AR
N, BB AR SCAT A — BT R [, A
SO IETE R SRR B AY R EIZ A
1.2 ETFEROXZEIRS
B 2 TR 27 T 1 i | 356 1B 1 O 1k g i o

PR, Liu 25 A (2016) 2 H — A 5645 5 F 51 (1 i 23
LSTM (2% K¢ LSTM 5% > 37 i 21| i 23 B, F > ¢
5 ARSI LA R T — Wi 42 32 45 B 4 i B 28 A
SR FHREIR 28544 7% 21 081, 22 18] X AR AR 44 iz 3l 56
R B B AR 0 45 ik N LSTM. W 26 3JE 7 4
BESIRG]. Du 28N (2015) AR AR 114 42 3545 ) s
NN R IR 5 i I b o 8 A R A B |
HERERIF R, Song 45N (2017 ) $2 H T — > it £ i
(AT Z3 T B R T B B U A s P
7E LSTM A1 RNN (%At EAEAR A %1 T —4H
ﬁﬁaé/%ihnﬁﬁ () 3 A e 1 3 7 A ] )

T B BN AR N AREZR R TR) DG . i
BT —SEFT CNN A7, 40 Lin 58 AN (2017) $2113

— R B T AR T KB T A R R
— RGBSR L SE S St BR Z T UL B E
TR A 7 SR R 1 T 2 B oY, SRR
W5 LRI 22 I 245 5 388 U A 28 I 28 AH 25 65, DA 28 L
Ve #EFT B8 52 2% (1) 5] [8] 4 28 ( Donahue 4§ ,2015) ,
Wang il Deng (2020 ) £ % RNN Il CNN £ % T 42
(R SHAE 0 rp 2 B B R A PERE, 4R T — ol
CNN 73255 RNN MZ5 & IR E N4 454, L T

for' :

OpenPoseI I

1
I
e
I
I
1
I
|

%i
i
|

i
B2 ||
g

LTI

Rt b et Tetelebent

K1

2.1 MINXZEEE
WTN BT BT RIS B, o T —
g B8 BN 3 e 3 PR A, A\ i 1

MR BB EHLE] . BIREET RNN /7 %
HARER 5 Bl 2B RE 77, OF HAE T CNN ByJ7
BRI T, U Zhid P He A B (T
1B CNN ifJ2E RNN #AGESE 2 fURAT ZR 451
Ke %A (2018) & 1 —Blopr Y 3 2 s /U5 1 ¢
FP A ZR7s I 1% AR S b A7l £ 30) 52 % 1 225 [v) 35 4 AR R
SRFPAI RN A 2025 . 5 RNN AL CNN R 54
L, HE T GCON 1Y J7 L BEAS B AF ek 1y s 2 ] AR
HICFR . Shi A (2019) ¥ Jm bl 28 I 28 5] A%
KBRS X 2 )20 i fE R T s, A
BRI R PEFE AP, Tang 25 A (2018) 4 i 1
— PP BE i 1 9 Ak 2% 2 (deep progressive reinforce-
ment learning , DPRL) 77 7% > £ B S Bt it , - 1) FH I
TP A B 28 T 238 R AL O 22 [ 8 P O 2R
ATIERA] . Gao ZFA(2019) #2H T —Fp LT &
IH GCN ( graph regression-graph convolution network ,
GR-GCN) J7 ik T3 T A sh A DA, DU AR 2R
b meas A2 Al (HRIX S A e N S B S /R
PR BCAT A PRTAR i AR STk — 28 M P i 2R ) B 5C
R PRIR Z 0] B 22 FHARHE, JF 4 18 5 B 5 RNN
FASS G, S A BT =2 ) LR ot 22 [ ) 44

2N
F.So

2 RERFRHNZERE

K S R A 18 T 73 R TN BN 2 A8 L 4
AR wila) g4, anial 1 s, Lﬂ“ﬁlﬁlé’ﬂﬁ%&ﬁ
XLEFE L B a2 T G U B AR R AR, O
454 U1 i RNN ﬁEXLH]‘F?ﬁK%{%E\, 2t A7 3 1

P,

AR
Fig. 1 Overall flow chart

DGE AN F AR E RO F R, AR JCIE AR 4 i $2
BB AR 2R 8, PR, 8 561y s Z 8] 1A A
AASCPEREA T 4, 5 o o PR I 1 5 A i 42



$o6FE/F7H /2021 F7 B

BElA, REE, EXZ, K=, EXE / MEaRT=EESRNS AXET IR

PN A DG 2 [B) 8 P B 2 | AR i R
PRI FE 1 G Z B AV A G HR, 7R L 3§
o, BAR ANRTF5B 5 S AR B S (D T ik
F— b T ZE i 2 /i, LIVEBESF , AT 5
KEBZ M FAESE R R EEAN I Z S AMERIE S
FE NP 1205 B rh i AN [7] 1) S 550K X 433K PR b oG
o WE 2(a) B, X N 52 03RS b 4 42 ) 3 T
TAFFACE , Wi A A 3
a (i,j) € ¢g
w,; =B (i,)) € & (1)
0 i=j
WHE w,,; =0 FRRKPZAEALEE, « MR
TN NANERERS BT e S8, BEAb B G Z R) 3%
oM e, e, RFIR, &, TR KA Z [ NTE
PR NE 2 (a) B LITIR EN—DEEY
PRI, Y 5 2 [ A R B AR iz s B P R AR
£, RN Z I HMEESE, I 2 (a) BY e £
N, AR 5 FR R AR AN ST Z M WG R L IX
WEMEL R — D EHE R,

I SECR— ° ! -» N
RO Y
| i‘:-/T\-,-': ¥ /-/T\- ;»”T\-\ :
. U . .Y
| “‘o/ \o:'f lu./,_-o ______ -
BV AR AR
A N ey
C@uAEEE (o) ReIietE

P2 ot 3 i 5
Fig.2 In-frame connected graph( (a)single connection

diagram; ( b) interactive connection diagram)

55 LA TAEAN R 72 B i S T ah Ao v,
AN KIS Z 18] 14 1 R AT W T 1Y), = T i 13 X
G LI 73 B 5 TR A A B AE L
R BTG I AT PN 22 [ i 0 R 3 DR 4
HEZHEL, M2 5% Z i L5t
P A S 4 T o O A 4, S Al A 5
HAG BRI SVE B 1A 1 i 1 4 AR 2% (5 RE % 412 Hi
IERZHAE R

BTG PRI F 5 T BERAE T
ARA IR R R RE R A 1 4, ] &y SRR XN 1
2, I sh e, A2 55 s A — 20 8%

AFGT R ) ST 2 B T 7 4, Q] 2 (b) I BT
N, U538 R A W B EBEAR— B I | 3K S X
RS R B EEAE, S350, B A S
ZIAVR A AR IS TR 4 TR 2 (b) A 5
LR, H e, KRFRWEEER:, W 08Es e, T
IAE B 6 8 E 4 &, TIUILIALE , B
6 (i,)) €&
5 (i) € &, (2)
0 HAt
Ao, A RN AR SCT 81, F B it oy 7 S8 4%
TR R
P, M,
A= 3)

M, P,
K, P P, RGBT, M, . M, /iR
HIEREY .
SR E L AR TP 28 B AR O T s AT A R
R 3% 4 3 ok DO PG B 85 ok Al i 28 283 o 22 [ ) A
K, IR S Z B E N
d(x;,x;) = |x, - xP (4)
P, x, xS0 R SRR A FIOCHE R Y RRIE SR
TN o AR A 2 2 TR A 326 2 %) 340 1) G G
SRIG X FITAS A P B R A TR A e L2 SR i) 2]
[0,1] 2208, 2Rt K de/ IME U — 4 52, /)
B )
K, d,,, R WEEE KA, d,, 2R KT E
2/ MH
ARSI VEE n <0. 3 BF, A2 i — S0 i i 1
BORERE 0] DA Jin— L6507 9 0 B2 0 28 BBz, ] L
R 2 R B — i R
2.2 MiEER
FERTIR R RS TR WO Y, R VPR T x,
()RR ST B HAE T — Wil x,_, U5 —Mil x,,, P
X ) SR8, A E 3 B

w-.

i =

!
!
!
!
!
!
!
!
!
|
\

K3 ila] i A

Fig.3 A connected graph between frames
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Fig.5 Skeleton structure
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Table 1 Ablation experiments

A7 HER /%
GCN-GRU ( Bone only) 93.5
GCN-SGRU ( Bone only) 93.3
GCN + Intra-connection-GRU 94.2
GCN + Intra-connection-SGRU 94.2
GCN + Intra + Inter-connection-GRU 94.7
GCN + Intra + Inter-connection-SGRU 95.2
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Fig.6  UT-Interaction dataset confusion matrix
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Fig.7 SBU dataset confusion matrix
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Table 2 UT-Interaction experimental effect comparison

(=R HEWIZ/%
Yu % A(2010) 83.33
Raptis Fll Sigal (2013) 93.30
Donahue 58 A (2015) 85.00
Aliakbarian % A (2017) 90. 00
H-LSTCM ( Shu %5 ,2021) 98. 30
Gao % A.(2019) 93.90
A3 94. 60

7 : H-LSTCM 4 hierarchical long-short-term concurrent memory,
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J5 A2 07 SONFRAS B B RRAE 4 2] firfs A
Z RIS AHOCEN IS TR RCR . SR,
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BARE 2D BRIk AT X b, AR SCO RS R
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Table 3 SBU experimental effect comparison

GERFS HER %/ %
Yun 55 A (2012) 80. 30
Ji 58N (2014) 86. 90
STA-LSTM ( Song % ,2017) 91.51
GCNConv ( Kipf Al Welling,2017) 90. 00
RotClips + MTCNN ( Ke %:,2018) 94. 17
SGC(Wu %:,2019) 94. 00

ES'S 95.20
7. STA-LSTM 4 spatio-temporal attention long short-term

memory
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