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Sequence-driven and direction-driven human action recognition method
based on joint-bone features

SU Ben-yue'*!, GUO Meng-juan*?, ZHU Bang-guo*?, SHENG Min®

(1. School of Computer and Information, Anqging Normal University, Anqing 246133, China; 2. School of
Mathematics and Computer, Tongling University, Tongling 244061, China; 3. School of Mathematics and Physics,
Anging Normal University, Anqing 246133, China)

Abstract: Human action is the process of coordinating the direction of limb movement, the sequence of joint activity
and the amplitude of motion. However, existing methods tend to directly model the original 3D skeletal joint
information, which easily ignores the sequential relationship between limb joint activities, motion directionality and
movement amplitude variation. Therefore, this paper proposes a skeletal convolutional neural network based on
point-bone features in a sequence-driven and direction-driven manner to recognize human actions by characterizing the
sequence of human joint point movements, inter-frame distances and skeletal bone direction vectors. The network
consists of a sequence-driven unit and a direction-driven unit. The sequence-driven unit models the joint points at the
end of the skeletal bone, and characterizes the sequence of joint movements and the magnitude of limb changes by using
the joint arrangement and inter-frame distance information. The direction-driven unit uses the direction vector
information of the skeletal bone to characterize the directionality of the limb movement. Finally, the sequence-driven
unit is fused with the direction-driven unit features maps to classify and recognize human daily behavioral actions. The
experimental results show that the results on two large datasets, NTU-RGB+D60 and NTU-RGB+D120, improve 2.6 %,
3.5% and 5.9%, 6.1 %, respectively, compared with the benchmark method. The proposed method can effectively
utilize the synergistic complementarity between multiple features to deeply characterize human daily behavioral
movements and effectively improve the accuracy of human action recognition.

Keywords: human action recognition; skeleton data; skeletal bone direction vector; sequential joints; distance

between frames; convolutional neural network
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0 5 B

MNEENPEEI R THENAL S THENLETE 22 B
0L I S A5 4y Y = B T R A, L H ) 2l i S
SERLIEAT 28 H R SR NARAT A B Tt t, 22 AHLAS
LN VRN AR NS e o e LR PN X e R R )
Tl RS R i) AR R R A IR R b W R 22 b
R NAR G BT S ERHAE SR EL, 4: RGB A4
P IR LA L B B S5E0-01. 5 RGB AU £ s AR
FE AR AR L, B B EE B vk e B T AR A 20
RS B /NS AR 6T 2R N AR SRR Ak AF 21 1

I AR, L ) A B DG T AR B EHE 1) R R
2 21 5 VA G A0 42 N 2% (recurrent neural network,
RNN). & F 4 2 ¥ 4% (graph convolutional network,
GCN) FI5 #3122 [ 2% (convolutional neural network,
CNN)ES1H e RNN — 5K 1 B B8 b 23 K )
W% 3, 32 B BT A I A) 4 B b P N Ak B AR
B GON B AR BEEFAL N AR5 AT A, B N
B ¥ A 5 R T N AR g ARD-100 (B 2 T GON 1) 4 4
ARSI A FH ] i R/ S AR AZ S BB B AR AIE, V2 AL
e /78055, A GON B8 25 #4552 4%, BT () RO AR 558
71T CNIN AR 5 g g, LA B RO s v R AR
(R RE 77, AT LA 80K 1) JR B A AR AR AR A [ Y R T L
1) 5 A AR BB (I R A2,

FE 3 T CNN J7 V5 1) B 88 s AR R A, Nk sh
WU B R BEAE T (R 2B 4298 15 8% 7 H1 £ 25 (8] R I )35
FVRFAEAS BB AR R OGS 5 B8 T B ) B &R
G258 ST RO B B 1 SR AE ARSI IR Bl
REEAEH. SR, A A A R T R R S, &
HE L S RHE X S B @ AR R 7805 e N ki
BN PR

MNAKIE B & AR IZ B 77 18]« 2Rk 7153 3 I F1 3))
VE W FE AR BP0 B AR, — 5 T, AARTE AT 2530
VRIS, 25 A 575 B A 5 5 WO 1 BLig 3l iR FE A7 A2
Z . Fan YT IE, e RN O TIe B, M
TR I S B T 5B 9158 Bh; (RN, T35 50 1 B
KATHTAATE 82 B AR FE O, 7 —J5 T, A
AR R T 128 8 J7 [0 A 8] 2 7= A AN [R 3 R Sl 451
“CHEANET OFFEAE A, “HRANE” (5 1A B A T
A1), RAT P FUAR ], s 30 7 [ A . 28 T 1, A3
2 R I A O A Wi TE) R B ) ) A
FHAE S\ 12 3 B 2 A

HeAh, Nkt iz it i b, s K2 il B4k b
R B B B R SCRC SE . 9, “BTAR 45
(S KOS wt S = S = S N A I T 37
“B” GENEUI TR RS SSTE BN, B, R A
PR G E BRI 73 B A b, 2R T 50T R BRI SRR
LR P B N AR Jad 350 5% 745 PR Bl A b S A6, S v
F 5 RN KIS

23 LTIl AN SO — Ry 25 AN 5 R SRS
NI T RUILRRAE () B B A A R 242 M 4% (sequential
& directional driven skeletal convolutional neural
networks, SDD-CNN). % ¥ 2% £ & JIii J57 3= 53 B ¢ Al
73 1A Bl B T6. W 3 T B 68 e B A AR e KT
s B HRF NGRS | g 5] P 2 A SR AE 2 ] s A, [ 5
NIRRT R BE AR S AE I (A1 B A, o N AR
TSI IRz il B HEAT 20 im; 75 17] 95l BT
FET 73 IX TS 25 e A4 b2 BRI 2 B 1B B 1)
BIE L, R BAKIZ S 7 A .
1 7

AT S AR VU B I S AR 38 5 5, 2R
J& 43 BRI 5 5 T AN T 0] B 5 B0 PR, B
Jei ¥ 7 SDD-CNN ¥ 4 Jf §2 th 5L it #2. SDD-CNN
RE U7
1.1 ETCONNHBREBEBEGRERR

BT CNN [ 77 V200 B B s o O &
T2, Hh Dy BB B8 5 e 55 R 3 43 ) 7
FEHH IG5 | I TR ARBR4E L. Dy T S8 47 s A Y A
B RS EE, By LM S Pl AR 50T 5 BRI AR E
S RaE U RAEAE D & b A US55 DA SCIRP E
MURAE AR 1R R A, BARRAL 0 &1 2 s

HARM, Input = ROXTV>M O AR R I@ E, B
R R wyz AR 4 T O I TRL Wt Vo 5% 1 4
J&5 MO NE AR B NBAE o 1, N B 2. IR
R ARFRIE BN, = [vl,vb, ..ok ]t € {1,2,
T, N ZOR NARE B ST mUAN B, T 37 B 4 ot
K Mo

ANxN = Inxn + Onxn, (1

Inn NRALFERE, 0 )3 — A BENLPE IR, LART 1k T

v :vitn*ANxN. 2)

out
Uct)ut = [ﬁ{aﬂ{a s

, B AR JE B B A AR AR s+ R
AR,



3092 w % 5 & K %39%

1.Trunk ([@~@—-—@
[l 7
@ L o)
" “uppet ’ ’ S| A // (021)5 // ;
3. Right | arrange e [ 300x25x3 1 S lx)
Upper limb? st "0 z z
<7 4 Left ,

we  on —' 300x25%4

lower limby 5
NG e et e Sepase @c(mcm/f G 1B P2

----------------------------------------------------------------------------------------
o

AP b Y
e [Ty AT p-#

et 300%25x4
ﬁCOnVJXS

:-><2><512

5 300%25x3 Mt ol L) : .

".. 4 . H E —
“.--. iCo-occurrence feature -©_> =
e ', ! learing units —

: T I T T T oo [ -

: s Directioal IR T lassification -

R OG- E +’ R I I b B L ¢ dul Recognition
: (P [ : module

300%17x3 (=

= 1 : rate
i ]
HE 1
1 S .
—_—l r
HE :I (I R o
11 CEIREEI L
.". [t Semm s o :
G K

..........................

1 AKX F7 B 54

BB A BB AT BN TR R R HES T AR O
B A AR i 5T RUHE R, X AR S IS S U AT

= > FAE. 10 3(a) BT, R R 1 30 B 7 P oo R R 5
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1.2.1 5 XS B ITREAIE

JIGUFP 3= 5 5 0 3 BRI AT 51 i i) P
R P SR X AR S VR EAT IR 50 40 2. B R AR,
MNELERAT B RNER, % X2 sh B 5 k7
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A i (219) (9 10) (10 11) (11 12) (12 24) (12 25) 9—10—11—12—24—25
VRN T3 (113) (13 14) (14 15) (15 16) 13141516

FEmNiid (117) (17 18) (18 19) (19 20) (21 21) 17—518—19—320—21




AR F R EF AT @ IR T AT S A AR 0 AR AR IR A 7 ik 3093

@ = (@ = a2+ )+ =,
ie{l,2,... NyLte{l,2,. .. T} 3)
D={d,d,....dy}.t€{1,2,. . .T} 4)

AT AR B RRAE A B 78 4 I T A
KATVE BT | J A2 )y W FE (R AR Ak, 32 A 7 B) 4k
FEXT NARBIERAE. 5 b [RGB 1 fr A2 4k
W2 5 5 S S, o] 75 I [R) 4 B 4 W A [R] i sh
F. BRI, AR SCH T P R0 gl N T EEZE P
V) P32 215 U2 ml SR R AE N AA IS B 7E I 1) 4 B 1 11
Ak Horh M RS A S B G, BARR R N
mi=vtt —of e {1,2,...,N}, t€{1,2,...,T};

(5)
Lmyt te{l,2,...,T} (6)

122 J5ARE) R ITRHMEATIE

73 TRV SR B 5.6 BT 3 XS I A
RTS8 7 ) ) B0 N A 3h U7 R AT R
k. Ui P& 4 Jrom, AN SO 3 DX 73 ) 06 A A 2
YR - BB %320 05 A 1R R AT AR, BRI, B
5T B AN BN AR E B HESR T 21

— Lt ot
M = {mi,ms,..

A AR L. e B B NRR T MU T4
TR, T SRR PRI A T R

% Py

b ] 1
/‘%\ ,f'r ,/‘f

(a) EF5Eikid (b) FlrHEEgl
E4 AKEFH, THEEERIOTEE
B, AR5 of AR AN T RS ¢ i R DS T A
FiAs B2, T N B & i, Tl-B 8% 32 1) & ok i R os o

bﬁzv,ﬁ,—v;, k,je{l,2,...,N}; @)
By = {bﬁabéa'-'ab§7}; (8)
Br = {bl,b,, ... 0}, te{1,2,....T}. (9)

For: bl ZFRORAH AR ST R B B I T R of, Aol
FoR AR T B AT AR bR S B By A By, 43 B3R R
Gk FAEE R SRl E RS,
1.3 SDD-CNN W%&

ARG T F IR Rl A 1) E % A 2 N 4
SERIHESE (SDD-CNN). W1 1 FT s, 12 W 4% 32 2L AL HE

JIF ¥ 3 5 B 9T (sequence-driven unit, SDU), J7 [f] B 5
FALJT (direction-driven unit, DDU), JEELRFIE 2% 3] o0
(co-occurrence feature learning unit, CFLU).
13.1 JRfFESETT

JigUFy: -5 5T (SDU), = ZE A A4 B SR A R 2%
5, R FAG P OGT RRURI DR R PR ) 2 B AR A
FENAKBHAE 23 (A ST 5 305 [ R 5879 i B2 A5
SE IS [ 380347 22 2. Wi 1 (SDU #.78) Fiw, # %
T ASRTEE 8545 2 LA 25 x 300 x 43 AAE R — AL
1 T8 4k B L AR AE 575, X 571 12 Bl e A R g
A7 20, AT 4 B L R S A S B KR A
BLA25 x 300 x 3% A BILIURFAE .78, 2R45 A\ At
() 248 2 DG 1 B ARG 2R SRS, 4 I 23 S ik i o
TEYE R ERRFERLS HEAT PHERL & e, RIIZ 2
BRI R AL S AH 255 B 732, 2 =) B i O
5 IR ) gz s AR 6 N IE B R EAT A O
1.3.2 FFHIE3IHET

77 [ 3R ) #.76 (DDU), 32 2 iy A #8245 5
MRS B 58, 5 R AR b B AR 2 B i 7 )
lFa] B A DAy A B TE A O\ B X g AR e Jrp
L EENGEENLT x 300 x 3, FEHHABEAN
9% 300 3; 2R )5, 4 L2 B R 5 1B BRI T 1) 6]
3 I AN AT 20 S N L DURRAE 24 2 T e, fE
M Z A AT BRAPR BT JEZ TR 454 5 2. 7
MU 64 4 . 256 4 256 4EF1 512 HEFFAE, I A
W EAE 5 R SRR AT PR AR, SEBLAARAT
BNAE A RL FE 20 .
1.3.3  FEIAFERTT

JLHURRAE 2 2] BT (CFLU), B 7R T A s 22
MR RS B b 5 ) SLBURHE, 1IX A ) T A5
HATERE T2 LB AE, Bilan “ o . il 5 fios,
SEIURFAE 2 ) B e B 6 N B AR E. b, I (a4
(176 BRAZ R /N2 Sl DR 1R 3, FH SR SR BRCAS [R] I ] R
(R AL BRARFAE, 22 J5 R 5 4 25 BRUZ 1 e ok B kAT
BB, B T YRR i aE, AT AE B A s Sl AR
18 3 % TR T IR T6 2R SR AT SR BT B B4 R
G N T VAR 2 FEE 2 8] I B[R] EAMAE, X B AR
SEPURE B3, K SDU R DDU G i A5 2R

Convl Conv2 Conv3 Conv4
— 1x1x64 3x1x64 T 3x1x64 ~ 7 3x1x64 ~ LTaNSPOse
Conv6 Conv5 021)

«— Pooling «— 3x3x64 < Pooling ¢— 333,64

5 ZHEHEBRKNRIZE
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T8 4 T PR R, SR 5 R P AR AL 1R B P end for

TERNA 512 B SRR S5 HEAT B 2 .
1.3.4 HERE
BARFEFRAR IS (b 0 NBUIMEFERE; J, M,

E¥H. MESERLNERNES, S € {J, D} FRR
NS SN T ENSE Sy
N NREBERE(E R S, M, By, By fVEFE 6,
i BE IR B2 acc.
step 1: HIZAALA N EE & temp_set.
step 2: U4 TAb HE # AR
for ¢ in temp_set do;
A=1+90
P=i4+ A
temp_set.append(P)
end for
step 3: Xf 4 MURFAEHEAT 38 1)
for epoch = 0 to 800
do in parallel
for i =0 to 3 do
for / =0 to 3 do
Jy = pool( f;(temp_set]i]))
Jy.append(Jy )
end for

end for

step 4: 4EFE 444

J1N><V><T><C P J1N><C><T><V

End parallel
step 5: XRHIE AT HHERAE
Jo = concat(J1[0], J1[1], J1[2], J1[3]).
step 6: RRFAERIAT B Ak B AE
Js = fully_connected(pool(conv(J, filters),
pool_size), weights).
step 7: MR ¥ loss S AL, 1570 S 4 5T
loss = cross_entropy(real lable, predict_lable)
end epoch
step 8: 15 ZI TG A5 2
predict_lable = softmax(.Jy).
step 9: 13 1 %
count = 0.
for i in to len(predict_lable)
if real lable[i] == predict_lable[:]
count + =1
end if

acc = count/len(predict_lable).
step 10: % HH -1 2%

return acc

2 SERESHR
2.1 HURERSLIATS
211 HKEE

NTU-RGB+D60M! & — /N KRS 1) % 3h 1 1R
S EHE 4E, H 40 AN AN [ 1) 523838 AT 60 AN [H] 1) 3
B RSB SE T AR P g, FlEgiaesy
B3, T 40 H AT NENE . 9Bl 5 HEAH 5 1)
BNAE AR RPN B, 2R R & 25 M A

56 880 /N FE AR 1% H 4 A A8 Kl 43 I B 0 I AR
KH T X% (cs, cross-subject) F1E5 #1 £4 (cv, cross-
view) B PF Al bR AE. I es PR AR H 20 A4S X R
40 320 MRS B 258, FEAR 20 S 511 16 560 4
MATAE IR EE. ov VPAl A i i $RAZ 1L 1D2 AT ID3 2R
LB ()37 920 ML A I ZR4E, BT BEAZHLID1 Hih 3K
(1) 18 960 /N FLATAE i B B 49 B ) 2, S e
IR T 302 AN HAT AR B AN S0 R B R AR

NTU-RGB+D120"%) j& NTU-RGB+D60 % #i 4
9 R, S0 T 60 M BHAESTI, — 3L 113945 DB 1E
FEAR. XL /E L B 106 44 320 e B, He 82 K
H AT NEE, 1228 8 508 BEAH L BN 1E, 26 %
MNAHEBE. 5 NTU-RGB+D60 H )/ AH HE, NTU-
RGB+D120 %45 & s I i) A3 J 58 22 3 DAIX 4y
(2 KL FE B AE . B S A PR Rl Al s v, — F & 58
X G A (s, cross-subject), Bl 53 44 52 i & HIAE A
TR, Hk 53 203 T IHA 7 —M e X
EE VAl (c-set, cross-set), R LUEHEID I #E A 2 B Il
SRR, BT HUID MIRE AR ZH e AR . [RIRE S0 AR B T
532 B A R R BAS 56 B B AR AR
2.1.2 SEIYHTS

Bt A #5256 K FH PyTorch AE 22 5k % i1 2 /F 1R 51
TR 2 STl I AN [F) 1) 2 50 B R IR AIE T e
(R P 2 SRR (1A A5 e A s . A3 LL0.001 1
2 21 A G BT i H AR Y 1 800 /> epoch. Batch size
64, K FI BE AL B2 R B ¥ (SGD) X i A AT AL 4.
100 > epoch J&, % 2) ZEBFAK 10 Y. £ K4 b 22, X
TR FE IR P 51, 2 B T g () 24 8B dh A7 XU M
B0, 5 bR, A 7 E A S AR S E R 28 5
PR, A SR U 7 700 (At 30 T e R S R
TESHRE A, 5o, 8 F 28 SO 40 5% s B0 B it 19
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BERY AT ISk
22 ZWHERSHH
2.2.1 JHRLSER 54T

A CAENTU RGB+D60. NTU-RGB+D120 4
B FX A E AT IR A, 45 R EORTER 2 . K2
0] DU Y, 5 5 1k 7 700 Bt FARRAE OR 5 SRS BE S
B —E R, A SCHE NTU-RGB+D60 (VP4 #5
FrNes. cv) FINTU-RGB+D120 (BEH 48 F5 N es. c-
set) B HE L N, IR A 3 AL B 1 87.5%. 93.5% H
77.1%- 78.2%, 53T IEM LG, 23 B TE T 1.0 %,
2.4%M10.6 % 1.6%, KAlE T A SCAR A 24033t (0 2%
Y. [R50 UE A SCH AR A 2801, 2 — 20 T
T ELSZIG M. Horh: By B A B F R AR FE
TG ERIAE R Jos I+ D M 53 MFRTE TR
TALAFPRT AR EEER.

R AXFTEFHERAMMEIES T %

NTU-RGB+D60 NTU-RGB+D120

Method

Ccs Ccv Ccs c-set

Jo+M 86.7 92.6 76.5 77.7
J+M 87.5 935 77.1 78.2
J+M+D 88.7 942 792 81.0
J+M+D+ By 89.1 94.4 81.4 82.4
J+M+D+By, 88.8 94.2 80.1 82.1
JEMIDFBu+BL o1 g4 24 827

(SDD-CNN)
HCN (base)!”! 86.5 91.1 76.5 76.6

N T BRUE A ST 32 5 B e AR A A At
JF 1) DT AURTEE B3 45 B AT 7 A B % b SE R m
FR2AHL A P RAT ST 7 5T s iR 28 7E NTU-
RGB+D60 (FEA/T 4545 N cs fl cv).  NTU-RGB+D120
(PR F8 05 A cs T c-set) HH 55 R (IR 2 73 $2 T
0.8%. 0.9%0.6%. 0.5%, W0 T 4 3 i % f&
1) &1 R 1) A 3. M A\ BE &8 D B, 7E NTU-
RGB+D60 (W #6845 N cs+ cv)» NTU-RGB+D120 (¥
MABFE N sy c-set) ZHE L T IR 57+ T
1.2%- 0.7 % F12.1 % 2.8 %. X /& K N PR B A AE S B
A LU Rt 2 N\ ARz 3, 5t A RIS 3 ARk 4T
FRAE. H AT 00, T 255 B 0 BT BURRAE X6 B0 1 IR
5o R AT 5 A .

[FIRE, 70 0 KR oy et AR B8 R
5 W) BI04 B AT T R SE 8 B T RUR IR,
SDU H.IG M A By I, R 2 & TN By, R Ak iR 1)
BRI S Ky N B AE R 43 #0212 B A
FERK, 1 R A /N SRS B R B A DG 4%
G BANEE B o 2= SN N SR = G2 g S Ul ACTR =4 V[N
I, AT 13U 1) 45 2R, 43 i £ NTU-RGB+D60 (P4t

F845 A csy ev)s NTU-RGB+D120 GEA 645 M esy -
set) BHEE TR R IETE 2.6 %- 3.5 % F15.9 %- 6.1 %.
T LR R RO A 2 3 7R HF R 30 A D6 T R ik
AL, D T IR RO B BT ki B,
IF1) 0% 50y B T ARR AU o N A Sl A TR 1) 20k DR, DIt
J7 25 B AT ) SR B G R AE A B A A I
REFETH A 5525 35 B, IR B 704 FH 9 B 0 42 305 B,
PRI 5 R T B . pR AT L, AR SCHR H AR (S
BT AL P RE SR THR AT B,

K6, 748 T £ NTU-RGB+D60 %45 % T,
) = S Ny [ M e 2= SN N SR S SN R = SUR BN
I, B 1 25 0K B 1 B e &5 1. b Pl 6 sz 6 45 SR AT L
A, A B HRERILE R KRS
b G BN EECE U S TSR A 4 SR A A
PEFE. R, N7 AT DAE AR B T8 3)
VE VR 26 5 1 P AR A0 B8 TG REAE A BE R ) 22t B A 42
T, 3k — IR T A SCHT I FAREAE (1 & 2R .

100 —
<4 SDU -4~ SDU+B, R
Foo e ""‘,’-—""‘
X %0 P ool S ‘
S . e
D + e
N [ g — 5
ﬁ 80 A S v
oR gy S——
4 o
70F 7
K
¥
60
playwith 4. 4 pointingto drink . o . putpaims takinga putona take off
phone/lableheddd&he sometthg water Vipeface together  selfie  hat/cap  jecket

Bl 6 SDULSSDU+By #BoraifEIR A SR IS EL Lk

100]

~&=-SDU A= SDU+3,
.......................................

95t P

90

U/ %

85t
¢
oL

drop kicking salute pickup pushing Kicking walking giandup sitdown staggering
something apart

7 SDU 5 SDU+B;, #BrahfEiR Al &R xS EL Lk

222 MRAEUER ST

e — D I AE A ST IEAEA R B E S0 i
i& F P, 25 32 NTU-RGB+D60 Al NTU-RGB+D120
B S 4 R BN R 1 2 ¥ B A [A) R LRI 0 4 2K 30
VE74E: BG4, FEREEET4HE. &5
VEFHEME B EF4. ST IX L7 EIAT 7 5k
REMA, SEe 45 AR 3 Fin. R 3 W LUE H, T
HEIETEE. &5 EET RN HENETELENTU-
RGB+D60. NTU-RGB+D120 ##5 4 iR 5 =4 &
FRT T S A E R T A RN 5 5
FE NTU-RGB+D60 (WA #6845 A cs+ cv). NTU-RGB+
DI120(PFAT #8435 M cs. c-set) FdE 5 N R B R BEK T
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2.6%- 3.5%F15.9%; 6.1%. T 5 JFE K& E 55k
RRAE S R 5 4 5 fss B ah /R A L s /R AR AL P 4
mL il Rk 5 “PRBSLR T SEEIEE TN E)
AL AT BEBEAT WS 1) 22 St 338 1 IR
FE. [RIEF, 4 5 S AE RN AE BLANEW I BIA 7] & 44
B2 B AR B ok R, HLIX Be SR IR B k. N
TR B RIS B 1) — B AN ZR A RHIE, A SCHER
BURFIE R T B (H R A 2 R 22k o S B
GH1E B BRI, X T b B 55 5 T 4BRLRE B SR
HME X 53, T -5 BRI Z AR

®3 TREMEFEEANPIRER %

NTU-RGB+D60

NTU-RGB+D120

FEEI

cs cv [ c-set
G 83.7 88.6 75.9 76.2
TS EME 97.0 98.5 96.5 94.6
Koz eTI( 92.2 95.8 89.2 88.7
L HAE 95.1 97.3 88.6 88.9

UeAh, e S ah . L HEh R b S B {E
2, BN BN AR BT BA e 2 2 R i 4l 2
NPy A0 75 16, T DA B S vt AR S 4R e 400 FR I P R R,
IR B S HER A IS B 5 . B, i ER
IBE Y, S B ERAA B AT ER (U A2 [ E 1Y, IR
SR AT DL 4l X R I o 2R R B v . T
5& S F MR BEEM L, B S sl (n “4Ts
IR ML) YR ZR T AR A8 2 TR L A B AU T

1] L AR Ak, DRI R ) 3R A
23 S5HMAEEXE

FEARTT R, R T 50 IR AR SRR TR 1) 1 A
%, /£ NTU-RGB+D60. NTU-RGB+D120 % ¥ 4 I
5 HAB T VAT T 8. AR S H s A R T
RNN f1 7575, J&F GCN K J5 il 5 F CNN 1) 5
W AEIX 3B AR SO JE T T CNN [ 7.

T ARSI RE LB, £ NTU-RGB+D
60 F i 4 b5 i R B A A b, g5 Rk 4
B, 5 U 7750V M b, A SO L 43 S TE es F ov 1T
f5EE Emt T 26 M350 A X EERRFN
R HE UE 7532, A S 3 (R AN [F) R ALE RE 8% 3R A3 A4S [F)
5 S 1] (1) B[R] ELANE, AT RE A5 X A AR SR IR 2
WAL, 52023 45T CNN £ DG-2sCNNI®! 4 7 45
bt A SCRE AL 23 AR T H 1.9 % (es) 3.4 % (cv), IX 2
BRI A AR SORE ST s HE 51 SR04 kAT T %,
XF AR AT A2 B A BEAS S 2R AT 1 3R AE. [FII,
R BT AR SO Y ek 1) M AN R R AIEAS S0k
FIRA R, B H GO, 5T GON I Re il T
FTF CNN B 76, 36T CNN (7 348 T3 T RNN 1)
773 RIE an ik, AR SCRERUS IHHUAS 1 b K 2 40 E
£T GON W5 LB U (T B8, 75 ov Fa bR PG T ST-
TRIZ! 7732, ST-TR H [ Transformer 13 & S HLH| B A
JEH I 4 SRR PE RS S Al & B8 0, (H L SR T
HRCRART, AR FEECK.

=4 ANXFESHEHMGEENTU-RGB+D60 #iE & 4L R LR

Category years Methods cs/% cv/%
Two-stream RNN [17) 2017 713 79.5

TCNU!8! 2017 74.3 83.1

RNN-based

ARRN-LSTM (1 2019 80.7 88.8

BGC-LSTM 12! 2019 81.8 89.0

ST-GCN'®! 2018 74.9 86.3

AS-GCN 21 2019 86.8 94.2

GCN-based PGCN-TCA 22 2020 88.0 93.6
ST-TR (joint) 23 2021 88.7 95.6

MST-GCN 24 2022 89.0 95.1

Frame interpolation **! 2020 88.9 94.6

View-domain ¢! 2021 88.0 93.3

AFE-CNN "] 2022 86.2 922

CNN-based DG-25CNN [ 2023 87.1 91.2
HCN (base) 1) 2018 86.5 91.1

A5 ¥ (SDD-CNN) 89.1 94.6

22 FRTR, AR S0 AE NTU-RGB+D60 % #5 4 |
BB I S R, R AR ST E AN RIS B RFAE
B8 B IR 2 U B A NARBIAE, R I 2 B 1 AR SCAsE
TUTE BT CNN 732 AL e

S PR NA LT VEAENTU-RGB+D120 %4 4
5 FERITIERINT EE, Two-Stream Attention LSTM!28!
#& RNN J7 ¥ HR 48 B B0k, AR SO VEAE VR 48
Fressc-set Faralde t 7 21.5.19.4 4 F 45 55 /£ GCN



FoH

AR F R EF AT @ IR T AT S A AR 0 AR AR IR A 7 ik 3097

R REER T, RSO VEMECT 4 S 8 ST-GCNI 7R
AR PEAl B B B4l 11,7 A 9.5 N A . T
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T 0.5 5 1, (BLE c-set 5 br RIS R BE, X U6 BA
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GCNP4 A B, B AR A ST VR W Aff P IR T A5 Y (H
GCN £ 11 52 B T~ A AR G5 B 45 44, T CNN B AR 52

I 25 M 2. RT3 T ONN R 7 3%, AR S0 5 3 4k
W7 OV FE SR 45 5 os A c-set T, K B4 IR TH T
5.9 % F1 6.1 %. 5 &8 1) 77 % DG-2SCNN! Af L, 4
SCTIEVERE U T B3 AL, 1K A2 RN A S g
FE AR [RVRRALE F B ) EL A AT 6k A A4 38 3 16 B i 1 R
TR Z R Z HE . iR L, 5 508 1 7 2 b, A
SCRERAEVERE DT THI A 2 R .

£5 ANFESHEHMSEENTU-RGB+DI20 BiEE FHIE R

Category Methods years cs/% ov/%
Spatial-Temporal LSTM 27} 2016 55.7 57.9
RNN-based Two-Stream Attention LSTM 2% 2017 61.2 63.3
GCA-LSTM®! 2017 58.3 59.2
ST-GCN'®! 2018 70.7 73.2
AS-GCN 22 2019 71.7 78.9
GCN-based 23
ST-TR (joint) **! 2021 81.9 84.1
MST-GCN 241 2022 82.8 84.5
FSNet* 2021 59.9 62.4
AFE-CNN 1] 2022 80.4 81.6
CNN-based 6
DG-2SCNN (€] 2023 78.0 81.0
HCN (base) 1) 2018 76.5 76.6
A7 (SDD-CNN) 82.4 82.7

3 4 #

ASCHE T — 7 R BRB A 5T T A
THRHE 1) B B A 2 I 28 N AR SRR J7 1. 18
T DG s BB A [ B TR PR SRR T AN
H & AT AN VE AT 40 100, Sl 45 SR B, A3
HH )T VR RS 1248 22 RRAE 2 R] 1R P [B) BRI, A Rl
e N2 H SRR 0l RS B2 E R OR AR v, o 4k 2
RN TEAS [F] (R B AE ), 45 a5 e N e g F
HEGME, Il & H AR AE R IR AT 20 25, R
I, IR 3k — 22 FE AN R e & T =X, OB R
o] £ B AN [R] B A4 F Ao 2 18] ¥ B B S RRAIE, R J2 IR 3R
TENARAT B 1E.
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