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Point cloud human behavior recognition based on coordinate

transformation and spatiotemporal information injection
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College of Computer and Artificial Intelligence , Changzhou University , Changzhou 213000, China

Abstract: Objective Human motion recognition and deep learning have become a research hotspot in the field of computer
vision because of their extensive applications in video surveillance, virtual reality, and human computer intelligent interac-
tion. Deep learning theory has made excellent achievements in the feature extraction of static images and has been gradu-
ally extended to the research of behavior recognition in other directions. Traditional research on human behavior recogni-
tion focuses on depth image sequence under 2D information. Depth image cannot only capture 3D information successfully,
but can also provide depth information. Depth information represents the distance between the target and the depth camera
within the visual range, disregarding the influence of external factors, such as lighting and background. Although depth

image can capture 3D information, most depth image algorithms use the multi-view method to extract behavior features.

5 B #5:2023-04-15; &[5 H #7:2023-07-03 ; i EN 48 B #§:2023-07-10

* BISIEE RN houzj@cezu.edu.cn

ESWE : FEARRIEESTH (61063021) ;T34 W AR (KYCX21_2834, KYCX21_2835)
Supported by : National Natural Science Foundation of China (61063021)



1057
RHUZE, ERA, RAW, HEE, HES
$29% /FE 45 /2024 £4 B HERRERIFHEERTFAN AR AMEITAIRS

The extraction effect of spatiotemporal features is affected by the angle and number of multiple views, considerably affect-
ing the utilization rate of 3D structural information, and the spatiotemporal structure information of 3D data is largely lost.
With the rapid development of 3D acquisition technology, 3D sensors are becoming increasingly accessible and affordable ,
including various types of 3D scanners and LiDAR. The 3D data collected by these sensors can provide rich geometry,
shape, and scale information. 3D data have many applications in different fields, including autonomous driving, robotics,
remote sensing, and healthcare. Point cloud representation is a commonly used 3D representation; it retains the original
geometric information in 3D space without any discretization. Therefore, it is the preferred representation for understanding
related applications in many scenarios, such as autonomous driving and robotics. However, the deep learning of a 3D point
cloud still faces major challenges, such as small dataset size. Method In this study, the depth map sequence is first con-
verted into a 3D point cloud sequence to represent human behavior information, and the large and authoritative datasets in
the depth dataset are converted into point cloud datasets to compensate for the shortcoming of the small size of point cloud
datasets. Given the huge amount of point cloud data, the traditional point cloud deep learning network will use a sampling
algorithm to sample the point cloud before feature extraction. The most commonly used algorithm is random subsampling,
which will inevitably lead to the destruction of point cloud structural information. To improve the utilization rate of temporal
and spatial structure information and compensate for the loss of such information during the random subsampling of a point
cloud, a point cloud human behavior recognition network that combines coordinate transformation and spatiotemporal infor-
mation injection is proposed for motion recognition in this study. The network consists of two modules: the feature extrac-
tion module and the spatiotemporal information injection module. The feature extraction module extracts the deep appear-
ance contour features of the point cloud through operations, such as the abstraction manipulation layer, multilayer percep-
tron, and maximum pooling. Among which, the abstraction manipulation layer includes the sampling, grouping, convolu-
tional block attention module (CBAM) , and PointNet layers. In the spatiotemporal information injection module, time
sequence and spatial structure information are injected for abstract features. When timing information is injected, the sine
and cosine functions of different frequencies are used as time position coding, because sine and cosine functions are unique
and robust in the position of each vector in the disordered direction. During spatial structure information injection, the
abstract features after location coding are multiplied with a group of learnable normal distribution random tensors and pro-
jected onto the corresponding dimension space. Then, the coefficients of the random tensors are learned through the net-
work to find the optimal projection space that can better focus on the structural relations between point clouds. Subse-
quently, the feature enters the interpoint attention mechanism module to further learn the structural relationship between
point cloud data points and points through the interpoint attention mechanism. Finally, the multilevel features in feature
extraction and information injection are aggregated and inputted into the classifier for classification. Result A large number
of experiments are performed on three common datasets, and the proposed network structure exhibits good performance.
Accuracy on the NTU RGB+d60 datasets is 1. 3% and 0. 2% higher than those of PSTNet and SequentialPointNet, respec-
tively, considerably exceeding the recognition accuracy of other networks. Although the accuracy of the NTU RGB+d120
dataset is 0. 1% lower than that of SequentialPointNet, it remains in a leading position compared with other networks. The
network recognition accuracy proposed in this study is 1. 9% higher than that of PSTNet. The NTU dataset is one of the larg-
est human action datasets. To ensure the robustness of the network model, the effect of the point cloud human behavior rec-
ognition network that combines coordinate transformation and spatiotemporal information injection on small datasets is veri-
fied, and experimental comparison was performed on small datasets of MSR Action3D. The recognition accuracy of the net-
work proposed in this study was 1. 07% higher than that of SequentialPointNet, and considerably higher than those of other
networks. Conclusion In this study, we propose a point cloud human behavior recognition network that combines coordi-
nate transformation and spatiotemporal information injection for behavior recognition. Through coordinate transformation,
the depth map sequence is converted into 3D point cloud sequence for the characterization of human behavior information ,
compensating for the shortcomings of insufficient depth information, spatial information, and geometric features, and
improving the utilization rate of spatiotemporal structure information. The network proposed in this study not only obtains
static point cloud contour features, but also integrates dynamic temporal and spatial information to compensate for the tem-

poral and spatial losses caused by sampling during feature extraction.
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Ly o MR
x /. x' —>
=D 1 ' 1
y 0 f 0 yl (D) ;
‘ ’ AR
0 0 1 &

X, x,y, 2 WE TR R, D IR, f..f,73 50
Bk x,y 7 Y ARHR, 'y 2 BB A bR 2R o 15 BIIA
B SR S AR AR AR OC 2, BN

x:W (2)
"—¢ )X D

y:(y f?)x (3)
z=D (4)

et e SR T R AR 5 F A bR

i BRSO AR AR, TR A ) v
TR PGS A8t JSORT 7 1Y) A 2= Mo, 2 1 2= e 97 A
TR BG S F e 40y 1 = B S R R 4 i A
wE 2 FiR .
2.2 HFEREUELR

3% PointNet++ 1 Jii &, 78 SCH) T F# 1 $2 B s
Beo BB IR IR — 2 R B
e R A JZ A

MR EAE R R R P B i, S ETE
71 )2 (convolutional block attention module, CBAM ) Fl
PointNet J2 2 il

DTERFEZ Al B I B URFE (FPS) AN A
FUY S TP n A BB AR LR . FPS Bk
AT RE A < 1 S BEHL I I — A S Wi U AR)

=

AR

—

K2 RS mi =75

Fig. 2 Graph of depth sequence to point cloud sequence

ff A TR A R B U A R LB, S
Y SRRt s T SR A TR AR R G
SR AR A AT A0 0 AR R AT A
F4 DR ER B P /N LA S X o 20400 i e SR A B
5, B BCH A A rp 200 iR i A B B A K9 IR
U A AR LIS, BRI R R K Sy ne 54K 40
I )4 B FPS SA (i R iR

max"xi -P ”

(5)

P:{xlﬂxh'”»xi—l}
ot 961-—P|=min(||xj—xl o, xi—xi_l|)
i=1,2,,n

=120 N=-i+1

A, PARRBIAG 554 || — P | AR A B W) 46 o5 5
A D GRS, AR R0 IR A A v D S RIRKE I A9
SRR O EZ 18 no o AARWIG SN HR
OB 1IEIN i+ 10 EXLP = {x, 2, -, x,}




$29% /FE 45 /2024 £4 B

KEZE, BIRA, RAW, =R, BES
HEARRBRRIMESERENN R AMEITHIRS]

WSS P = (P} I THIEZFA.

2)EST AR 38 B0 i 5 ] LA [R] 242 9 Y
o 0 A 2L R T AT I8, R T I 285 2 o) S R TR Y
2SR o BREAR AL T30 n] DL $RAE B0
BRIEE N K ST HZ AR — 2R
INF X (d + ) (HAT d 4 AR BRI ¢ 4E SRR Y n 4>
S B RAE R — LR/ R n' xd B 50 R AR R i
MKW R n, < kx(d+c, )M S5E, Hhmadxt
JO7 A ¥ DX A 2 o A ) R

3) 718 1 T R A0S A R R A e
TR R S R T A 3 R 2 ] A A JEE A T I
R 2] X i 2 R AEREA T 2 0 B, R
BERHIE , 4 AN ZFAIE , SR AR A — WA T i s
SRR I B B A A [l gk an s 3 frok . S TR
RS B T R, R A REAE P 1 s ) 4
HEATRAE , T2 5 RS, W R T e 1
WAk F34h, oAl AT DLISCAR 24k DX 23 ) 14 2 7]

BEHEERLR, IS TR0 E 18 3 2, L
S MIR A 1B N X A T & 13 3 i D P S N A
TE T AR R R P 2t A AR Rt A i B9 6
TRHE R E B EATRUGE A — DI ERE Y 22
RRHL , S e Rt B ARAE ) B AT B 0F 0 A5 )
) FERE T A SR BB X2
Xof S VR R AN SE o e R R AN 2 A
A — KRR AR I, TS 8 AT PR R A — 5K 2D RRAE
K, BHRABRIE T x T BT S50 ) 445 3
— MR 1D By R FRAE ], 2 R G i 1 5 G i A
B WA AR A EE T B 22/, m
23 (AR T2 R A o AR SC CBAM LB Y 45 4y 3%
KA

A(in) = o (MLP(m(in)) + MLP(n(in))) (6)
O, A Q) RS I8 3 ) A [ B, in R
AN MLP 3275 22 )2 EFIHLRAE ,m Fl n
IR B R B M BRAE , o RN T R

K3 Sl A R

Fig. 3 Channel attention and spatial attention

4)7E PointNet 22 , F§ — 41 MLP F1—/~ i K i fb
PRAEL A, 38 2k MLP 85 O A R SR SRAE R 81X
BURRE . EX —E W A B2 B E S n, X kX
(d+ ¢, + 1) n, A SRR X8, 4 8 A n, x (d +
¢ ), Hin, AEA d e AR BR B TR BE SR S5 AR T
T SCHYHT o AEFFAE ) S 2 . P i B SRR IX
Sl 2 LT R BT AR IR ) SR A G R Y T 4

G ERAE 2 S EAE L0, i AR B
ny X (d+e¢,), Bt A, x (d+c,), BN L,

i, 38— 20 22 2 BN AILR B K A 2 R AR

A R SHERR I S (5 B TR

f= MAX{MLP(f,)} (7)
K, R — M 2 W i 22 2 BN B R ik

VRIS BORRAE 18], MAX R e R AL 0E , BT AT
Sz ITE o R iE i USSR 1y s Ry F o= {ﬁ}il,Tﬁ
— T R EIER B IWIE, RN T % d,, FRIR
INAT X d,,d, R E RN
2.3 HZERENMER

I R EE EUS A TR R AR R A T IR
PRI 5] 25 15 B A R o, (HL = 3 97 0 e 46 LA

1061



1062

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 4,Apr. 2024

K BRI A5 R B 23 W5 1 B 23 25 £ L 5
el R AR — WA 2 A5 (7 L BT LA
HABEXS 2 BT IUEAT RSN 2 M 5 B A
2.3.1 MFEEEA
[ PR 1R, 2ot I 4R BRS04
BRI A R R I F = (£} TEHEAR 205 B
EABLIUR 6 JEETI R B AL T XA MRS
PR B B[] 3 B AT 46, (P 2 8 ) 2L 52 MLP
JERH NSRRI A R 17 B
G A ] 37 1 o S0 ML 20 41 7
P 1t PHUAT— 2 MLP, USRI 15 HE AR
2 (7 o SR PR BB P2 2 A T R
EHRIUFS A A A
D) RLE GRS A RRAE 1 BT 9 F =
()AL 4 T AT (5 8. PR I
R 3% PR KOLE T I 7 1 o R ki o A
O — e AR ) 5 P O L () AR R A3 9 1 3%
A3 B O A e 7 45
PE,,, = sin( p/10 000**-) (8)
PE, .., = cos(p/10000*") (9)
S, PE 78 “HRALHE , R/NRLS IR, p 2% i
(it LFORAAE R A RL R d, FR P
FE o B S0 B P O 5% 0R 5, 4 090 D A %
B, AL E AR BRI S, 5 A A A 8 7 A
LA R E T f, 2 ek (4 19 37 B
fifi
2)ILERMLP 2 Gl B RIMALE ik A2 5 Hf
I 35 8 B A B 25 U TR T itk —
AR 5 7 8 5 RRE 13 — 2 MLP, B
Jo=mrp(f) (10)
S, 327 G MLP SR AT AR AT 1
3) WM NALSR . (K — R, R
WALHRAE T SAE TR A . R TR S
FEA 9 19 T S0 A S R 1932 3 5 8, 42 i 0
PRI AN AT RTSF = (] s
S WA, JOA T e B0 S, S5 %
W B GHEA T IR PR , A AR L B T4 E . 2
S AR ST 6D 20 A 25 WU B, FEASEAT K
WAL AR A4 BT R, 100 B B0 3 81

ko SRS, BT TR AT S M ke ok TR A
AT R B[R] FARAE F oo

BT ARAFIE T A A ARIE BB A (5 R B
2 B T 1) AN [ B B A AR Sh VR AE (L&D 1 By
BYRRAE) , DAL E & WHRIRHAE P51 . A7 A R

Ty = Foy + MAX[MAX (F,) ]+ MAX (F) (11)
L F = {fo} T HETREE LTS
2.3.2 ZFEfFREA

Li 58 N (2022) 4 H 1 545 [A] 25 46 1 55 e a] 22 £k
M NRAT AR, B Y AT Z2 i i N AR Sh T,
B {SfE RS [R5 2% 6L, o v DA 2 i S A I S 3R A T
KB R SRR, Ui 23 [0 2544 {5 )8 SR AETE 3
VRIS A 8 22k, RS A5 = 7 91 s AR TR S v
73 () G5 P15 JEL 10 27 = TR AE X 0 245 Pk e A 6 AN Al
B FE 1 G PointNet-++ 0 R4l 42 B/ 8 F FPS
KA TE SN IR AZ B (4 [T B, A T sl A b 63 2 LA
25 a5 B o TELad i s Ak 205 # i A i As
SRFE 1 AR O = A O R T A (B F,) .
Bl 4 R, =4 ) 1 6 R 791 [a]— 24 7] 2% 2 1) kaim-
ing 1IEZAN0 A Y BEAIL 9K B EA TR AR B = 4k ) 1 OC &
J¥ 50 $ 52 30 AH L 1) 4 J3E 2 8] v, P o I 2 2% > Bifl
BLAK 14 ZR 80, 4R T A ST o TR 45 40 6 2R 1 1
A2l

B2 S i A5 ) B S ML AR b 3 3 a5 ]
TERE I AL T — A2 2 a2 e o 5 05 22 IR A 454
KF IR AT DL SRAE 85 2 B8 25 [A] 45 74 OC 2 AL
AR

DFEALEK I . A T A i T S S IR 2R T,
T4 A 32 M2 ) B TE A R AEEE A5 1R 2544 (14 56
FHWE SR F— A5 5 i R/ MB R BEHLIY K 4R
3 Ao 3 AR AR T o) T 0 R S 8, SR i
A5 [A] o gR SR — AR KA R 7 ) S 6] Y 7 3
38 2o 5K TN (R B A b SRR B i A R S5 A R
LB AR 28 f 38473

2) MR, A5 R AL — %
JEIBHIHLAT softmax PR LAY, 22 )2 BNHLAT IR
U b2 2] B 4 = B0 P GBS R I A M L TRA
14 softmax pREUZ FE U R B, BIVAE BT AT AR
TIE A5, 25 B0 225 B 2540 56 R A A R B0 I, FL R
i W)
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F.=o(Max{MLP(C(Rx F,))})  (12)

K, F 2RI A B T LR 55 2 B30 2 [R) 254 ¢
F AR R EUE R (B2 R4 1), RFRRBENLK i, C
FORBREAE , @ RORFHE LS HAE , B M softmax
Ji B BRI I D0 fb 2 81

J T K R R RS S s B A5 A
B TR

F, = MAX{F,}®F, (13)

K, Py &t 5 A5 B A G AR = 4k ) i ¢
FIP YW HAh G (I 23 940 2) O 5 I 25 R AiE 1 485
A A [ E5 R 5 B AR R B T8 F .

55 W I RVRAAE 1) 45 7 91 T, RS (] 25 4
fEm 78 F 17 8 0 PR RS R B — 2 4
B R AT NSRRI

3 L I§
3.1 HIEE

TE WA R AU 2 5 /R U5 8085 52 NTU RGB+
d60 (Shahroudy %5, 2016) Fl NTU RGB+d120 ( Liu %% ,
2020a) LA B — > /INBL N S 48 42 MSR Action3D (Li
2,2010) _FVEAS T Rt R v

NTU RGB+d60 %4 4 i 60 1~ s /E 1) 56 880 4~
R BT S 2%, R e R I AR BRI S 2 —

NTU RGB+d 120 £ic4li 4 & H i e K19 =4 s i
THAIECREE & NTU RGBD 60 BRI B, NTU
RGB+d120 504 4E ti 120 1 ZhEAY 114 480 N
5 B AR

MSR Action3D %48 843 & & H 10132355 1)
20 AR 557 AR BEMATAEAS | B4 A th A4

Inter-point attention mechanism (spatial information injection )

ZIRFPAT 253 IR
3.2 ZHAT

B NS AT RENLAE 2 048 1 11 AR
Jo K PRS B3 D 2 048 A i e B 512 4N . 78
FRAE SR BB S A A 05 25 HE ZR R 17 1 Yk 4 5
G ¥4E , R H Sequential PointNet HH AR B i S 40
W T L AR E D 38R 128 0k il
AL PRI E N 0,06, R SIS RO B
48, TEE 2 NG R, BERE 324 0 ke B
YL HERBER MO 1. B SR E N
16, W3 1 Fion . ESEFT RIS M 45415 B, B 5
il RN = e R A, RIS E N
20, TEFFAT LIS A 254045 BN, BEAILIK &8 R/ Nike
B N8, 64, 64),dropout B K 0.5, FH Adam EHR
A% . 220 HF M 0. 001 - E , & 104> epoch LA
0. 5 AR 2R 5k, ol FH A2 U1 2K pR AR

F1 FHERBEIZE

Table 1 Feature extraction experiment set

EEE O IRy FHHANEL
| 128 0.06 48
0 32 0.10 16

3.3 LIgdfe

R TR AR AR T A AR R R SR
DL KA [R5 o A [m] 5l 4 B A O A
SCHAT TSR] R H S8, -4 i A i 250 1 o

fdi FH MSR Action3D /NS4 647 5256, 1 5600
FHPR P [R) R B 40 1 o sp 23 (5 B AR B A
o2z — R UG = 4 o5 80, B 3 S 454 2 A
1) =4k 53 =8I 53 A — R EdiE S 2 o S, B
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Z AT RRIE SR IO | 38 A R AR U = 2 1) DG R
FE 3 (LAR 43 50 R AR FIOC R ) o Z )5 i
T2 SR IFiC S B SE I 25 S, gk 2 i .

2 S0 1—32 50 4 AT LAE 243tk K/
[F] i oy 8 R ARIRAICH 100 B, {1 1 5 4 5 48 A
R A L A 23 FRAE A MER R R 89. T1% , ff FH 5%
ER & R (B kNN N R (T R )
91. 91%, 1l it R K/ IV Ry 150 B, it FH Jt i %K
Ji 1 HERR 2 92. 65% , 1 FH G ZR 300 1) 1 ff 2 5 3
T93.01%. HIUL A UL, foff FHOC R B5ala Vot A LEAE
PR ECRAE R i AROCR AR . R4S G50 6 F1 7
AT SIS AR 150 B, HERf R TP 5
JER=3) 8

2% 2 580 4—S2 80 9 il LLE Y, AR K/ NR
BB A 8 IEARR BN 150 I, fili ] 56 R B A i
ARIHTEE T, R A 23 RRAE 1 sl 23 F9A0E 2 0 HEAf
RO M 86. 76% F191. 18%, MK T A 7 A 23 45
TIE A HERA R, o FU A28 R AE 1 IR 6 L JFOR
11 5. 18%, MPRFN 23 HRAE 1 S 2s BRAE 2 BB TR A
HER IR H] 93, 01%.  FH UL AT WL A SERE R 25 AR Y
TN, PRl R 2 S5 4 A1 S AT, MSR Action3D
AINEIARAR AR/ N 8 B i o

i1 MSR Action3D /NI EMR N L R )G %S
BALFS , FF IR X NTU RGB+d120 Al NTU RGB+d60 Kk
Bs AT I, O R B AR i 2 (5 B EA
B IFIC RS 5, R 3 PR .

&2 MSR Action3D #(#E 5 F LI T T2
Table 2 The experimental process on MSR Action3D dataset

SR LN HER N EARIEL HEH /% 7/
1 S IR B 8 100 89.71 AR 2 FFE
2 e B A 8 150 92.65 AR RHE
3 PS¢ 8 100 91.91 A28 FHE
4 KAREHE 8 150 93.01 AR 22 FFAE
5 X R HE 16 150 90.81 TE AR 23 RHE
6 KRB 8 100 91.58 K AR 2 R-E
7 KAREHE 8 150 91.94 HTE A2 FRAE
8 X R HE 8 150 86.76 A2 RHE 1
9 P e 8 150 91.18 TEANZS FHE 2
#3 NTU RGB+d60/120 £ #E % _F R LI8 1372
Table 3 The experimental procedure on NTU RGB+d60/120 dataset
LT G/ S LTPN XK BRI HER /% #/iE
1 NTU RGB+d60 Dl A A 16 150 97.59 A 23 FHE
2 NTU RGB+d60 S I A 32 150 97.82 AR 2 RHE
3 NTU RGB+d60 KRB 64 150 97.67 HEARZS R
4 NTU RGB+d120 KRB 32 150 93.90 A 25 F-AE
5 NTU RGB+d120 PELET 48 150 95.34 IR 2 RRIE
6 NTU RGB+d120 PSS ic 64 150 94.42 HEARZS REAE

i 3 256 % HE S48 NTU RGB+d60/120 %4 45 52
IR A AR RN . 26 3 505 1—30 5 3 45 1]
A UMERA R A /N FHER OO AR IEA E G &R, 24t
UCR/INVBCE N 321, 2588 97. 82% Hoawc i, bk

KNy 16 Fl 64 I, HERA A T T . 7E NTU RGB+
d120 REHEAE b, HERT 100 K/ SHER /ML &
EA G SE R, R R/ & 48 B, 45 R
95. 34% H it , X EHE T R EAM S
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REYLE, BRA, AW, HER, BEE
455 A RN B =15 BIENE 2 & AME1T AR5

PRI AT AT . R NTU S0 48 19 5256 o) 15 R 2508,
AR ZE R R T NARAT ARSI 43 H B A ey
DB
3.4 S5REHMNAELE

ST SR 2% i MERE , 7E NTU RGB+d60 £ 45
£ \NTU RGB+d120 %45 £ #1 MSR Action3D %45 4k
ST 5 A SR T R L SR

1)NTU RGB+d60 £ #5 4 . & 56 b3 45 & Ak b
T4 R 23 05 B A B s ARAT SR 1R 531 I 45 il
NTU RGB+d60 % 95 5 [ i &% Je ik (% J7 3% . NTU
RGB+d60 4 42 /2 — i KRR 1 % 9280 3 4K
Pt . MR 4PN, G5 G AAR i RIR 25 (5 B A
(1) 55, 2 NAARAT A 530 D0 246 1 HE R 3R B T 97. 8%
AR BRI 5 AT oA Y EE AT M RE
IKE T SRR

2)NTU RGB+d120 84546 . Kr 4l & Ab il 45 i
Bf 23 45 8 0 A 8 = ARAT R 51 X 45 5 NTU

4 NTURGB+d60 ##E5&E LH1T ARG ARRE

Table 4 Behavior recognition accuracy on
NTU RGB+d60 dataset

Jrik A R %
MVDI(2019)(Xiao % ,2019) WRIEE 87.3

3DFCNN(2020)(Sanchez-Caballero %,

2022) REER 804

ConvL.STM(2020)(Sanchez-Caballero %, VR EE ] 299
J%2. .

2020)

ST-GCN(2018)( Yan %¢,2018) HHkE 883
DGNN(2019)(Shi %%,2019) HEE 6.1
DDGCN(2020)( Korban 1 Li, 2020) BEE 971
3s-CrosSCLR(2021)(Li % ,2021a) HEkE 925
Sym-GNN(2021)(Li %, 2021b) HEE 964
LST(2022)( Xiang % ,2023) HHE  97.0
Info-GCN(2022)( Chi %,2022) HEE 969

EfficientGCN-B4(2022)(Song % ,2022a) ‘H#§E 957

3DV-PointNet++(2020)( Wang %, 2020) Jt 96.3
P4Transformer(2021) P 96.4
PSTNet(2021) I 96.5
SequentialPointNet(2021) J= 97.6
AR J 97.8

E L SRR e e 2

RGB+d 120 4l 48 1 1 5 S 0k 19 7 vk A7 Lh 32
NTU RGB+d120 4 4 J& H1 T 3D gl A 31 1Y Jie K
AR . 5 NTU RGB+d60 %k 4% 45 #H It , £ NTU
RGB+d120 £ 4 [ HE1T =48 AR Sh/E R0 B 2Bk
fPE . WS PR, 454 AR bR g B AT 25 5 B A
() A5 2 NARAT A3 31 9 26 1 vE R SR8 31 T 95. 3%,
VA F SequentialPointNet, Jf- H. & 8 H Eb HAth ]9 2%
AR 75 (1 e

3)MSR Action3D (4545 . H T &5 51T 4 3¢
J5 ¥ 7E/NE MSR Action3D BUH4E b AT T %) HES2
5o AT MR/ B AR L LG T R R
WAR/NEE R 8, HAL S HOR B 5 A R BE
£ L EAMR . £ 6RBIR T AF IR SIS
JE 45 A A AR B A 2 £ R A s A RA T
P 28 4E MSR Action3D BB 4E I BUE T & de it
ITERE

&5 NTURGB+A120 #EE FRIITAHIRAERE

Table S Behavior recognition accuracy on

NTU RGB+d120 dataset
i A BIE%
Baseline(2020)( Liu %5 ,2020a) TR 40.1
ST-GCN(2018) HHEE 88.3
MS-G3D Net(2020)( Liu %, 2020b) HHEIE 88.4

4s Shift-GCN(2020)( Cheng %:,2020)  H#%K 87.6

3s-crosSCLR(2021) HHKE 80.4
LST(2022) HHEIE 91.1
Info-GCN(2022) =aids 92.9
EfficientGCN-B4(2022) A A 89.1
3DV-PointNet++(2020) i 93.5
P4Transformer(2021) i 93.5
PSTNel(2021) Py 93.5
SequentialPointNet(2021) M 95.4
A3 = 95.3

T L P R a2

FRAE R 4—3% 6 XS U5 R T A1, 72 NTU P4
PR b A SO 4000 T4 KR 0 W 285, i B M A e
(1 B 32 A 34, 1T 72 MSR. Action3D /N 48 |, A%
SCO7 ¥R LABH i i I 2440 5 1 A 0 2%, HG v oty 5
It SequentialPointNet #£ 7+ T 1. 07%., LAl W, A<
SO ETE REBHR /NSRS E AR R 4, JUH
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&6 MSR Action3D ¥#E& L 1T AIRA HERHER
Table 6 Behavior recognition accuracy on
MSR Action3D dataset

Tk WA PRIE%

Kliser 25 A(2008)(Klaser 45 ,2008) WIE K 81.43

Vieira 25 A(2012)( Vieira%5,2012) WIE K 78.20

Actionlet(2012)( Wang % ,2012) Bkl 88.21
MeteorNet(2019)( Liu %% ,2019) Pt 88.50
PointNet++(2020) =3 61.61
P4Transformer(2021) Py 90.94
PSTNet(2021) P 91.20
SequentialPointNet(2021) J= 91.94
AL Py 93.01

T UL P SRR dre e 4

ST/ NSRRI

ASSCHR Y5 5 AR BR A R 25 £ LAY
O NIRAT R 2 Sy 1 i R s R AE R R
4R HVRAAE S IR RTINS 23 05 B AR, i s
ReFINEAZNSER R T mamiA g, Hrp
SR AL T LA S 4 e e i #5525 1) 43 31 1
AR 23 (A 25 A RAE , 3X AR T 3 T A SO RAF i)
PERE.

N T e AR RS G AR AR SN 25 (5 R TEA
A8 5 2 NARAT SR U3 9 2% i) MR RE 78 IR UM 3848
bi Y 3L Al 51 A NTU RGB+d60 34 4 45 F1 NTU
RGB+d120 %% 5 5 19 53 b 3 1~ 48 5 cross-subject |
cross-view il cross-setwpo A [A 5 A5 (1) DX 0 A I 2545
A £ % 73 77 s AR . NTU RGB+d60 Al NTU
RGB+d120 [ cross-subject #R 41 32 1 # 1D %] 43 ; NTU
RGB+d60 ) cross-view AR #FEAIHLID 4] 73 s NTU RGB+
d120 A9 cross-steup 8 12 id A BEIREA HEAT I 45,
id A B R RE A FEAT I . SERR AR AR 7 MR 8
FIR o A SCITIEAE 8 A5 R UNTU RGB+d120 |
Y cross-setup Ik T SequentialPointNet 0. 1%, H: 1,
TE NTU RGB+d60 I [1Y cross-subject £l cross-setup
53R 43 5 & T Sequential PointNet 0. 3% F1 0. 2%, 7
NTU RGB+d120 [~ i cross-subject i ] ¥ & T
SequentialPointNet 0. 5% , iX i — 0 R W] T ATy
LR DUBEE

T Sequential PointNet [ B} 25 25 #4) v | 25 [] 45 #4)

%7 SequentialPointNet 57832 /5357
NTU RGB+d60 ##7 & _E#I % LL 238
Table 7 Comparison of SequentialPointNet and the
method of ours on NTU RGB+d60 dataset

Jrik cross-subject/% cross-view/%
SequentialPointNet 90.3 97.6
A3 90.6 97.8

T L PSRRI a

%8 SequentialPointNet 5783 7557
NTU RGB+d120 ##75 B3 bb K38
Table 8 Comparison of SequentialPointNet and the
method of ours on NTU RGB+d120 dataset

WIR7S cross-subject/% cross-setup/%
SequentialPointNet 83.5 95.4
A3 84.0 95.3

TE IR R R e LA R

FITE (] A2 Ak 2 7l 37 A 119, Sequential PointNet £2 H
1458 215 (1] 285 48) i 553 Bsf (1] A2 AR W82, Sequential Point-
Net & H 5 ] X5F 25 [H] 5 F4 FRAE B $2 L. Sequential-
PointNet tA 4 25 (8] 45 5L A )45 2 [) S5 0 i 2 A
G, B N N e S [V 4R T A 2y A
R ) A bR TR B0 o AN SOk (] A5 X R I [R] s
(R A HLASE , 76 B 2RI SR A B B, B )R i 28
(] 5 I LA [] 45 4 B R /Nl o TE RS L2 4R , i n
NTU RGB+d120 Ay ML (A117) 8L H-3F (A79) 556k
NI X BT id R 2 g B0 v, 23 [ 45 44 Y
TR R TP A5 R X P B CrHE7E NTU RGB+
d120 | [ cross-setup U5 AH L T Sequential Point-
Net 521l o

4%

AL T — N2 5 A R A RIS 25 5 B A
F8 05 3 NARAT R I 265 o 32 00 46 SR A A A 45 1
J5 30 P TR BE U 51 e 0 = 4 1 o PP 91 AT IR
11 o5 S RAL , kb TR BE AR B 23 el A5 25 L]
FRIEAS R R Bl A, B2 i 7 B 2s S5 R 5 B R 5
D0 28 by PSS R A R, BIVER AE i BB BRI 23 5 8,
TEARLSR . AR P USSR IS 2 3 91 ) 25 (e 45 4
RO AN RS AURRAE o O T AR I 25 45, i FH P
MMZARNERG B ST S HE 2R S — LA B Y
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FRAE ) &, FER 2S5 R A b SR T a) 7
S LG A0 7 )y L A SRS X R 1) e ) EA T I A R,
WA BeHh, dl T — 2 a] 2 2 19 1R 25704 BE AL 5K
FHEM B A A], TER LB A5 A, 8 i R
TR ML i e A 1 2 (R 4540 15 B R EUE
W, TR R R B 2 (R 454, RECE MR 5 =4k )
KRARJFIHATRIER G, T A= R 2505 B
IS5 X NSV RY 2 2 DORHIEEAT TRG 5326 .
TEAR S5 v, A [R]85 25 28 S = A ] g 1R 45 28
P AL

1 3 DA SRR L AT B R SE I R W, 25
B AL TR RIS 25 75 BT A A s AT T A 103
BT AL R PERE , Ferh  7E MSR Action 3D %%
et b RSO AW W A e et T AR I 2% 1
i % Ht SequentialPointNet $& 7+ T 1. 07%; A SC 5 7%
7E NTU RGB+d120 ¥ 85 4 1 #9 ofF 8 F ALK T
SequentialPointNet, J5i K 7E F SequentialPointNet 5
ARSI PR AE I 25 R AR AL (AL B ASTA] . Sequen-
tial PointNet S I B X6 2 [i] 5 44 i Ak 119 £12 1, X6F
THRUNIER 73 2 B ED , B, 7E cross-setup 45
Fr 2 3C 7 3 09 UE 8 R SequentialPointNet I
0. 1%, {HLF cross-subject 1 cross-view f8 17 T , A8
J7 I Sequential PointNet HERf >R 155 0. 2% LA I .

H1 T NTU 6 5 1Y UL AR, K I /NS 2
4 0 2 2 BT 7%, T EAT U1 28R B B 0T A e 5t
2RI L I PERE T — 2B BF 98 N AR AN [R] 1 0 4%
SO T RE G- AT A H A 52 1, -4 58 0 265 11
AV . RO TR RETEVIIE = MR AR
AR PRSIV DT T o TEFRTERR IS Bt S I
2 i i A I [N, B3 F T AN (6] Sl AR Y I 25 A
=, DN iR P90 28 X AS ) s A, Rl 2 /N s
YERGTROIBE T , B2 i P28 Rz AR , DT A5 25 G A brfe
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