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Abstract:  Graph convolutional network (GCN) has been extensively applied to skeleton-based action recognition and
have achieved remarkable performance. However, as the number of action categories and scene complexity increase, exist-
ing methods still face significant challenges in modeling detailed human body structures and temporal dependencies, which
can be summarized as two main issues. Firstly, when extracting relational features among joints, these methods often inade-
quately capture the interactions between peripheral joints (such as hands, feet, and head) and their synergistic effects with
other joints. Secondly, when extracting temporal features, these methods focus on short-term temporal feature extraction
neglecting of long-term dependencies. To address these issues, this paper proposes an enhanced spatiotemporal graph convo-
lutional network (EST-GCN), which consists of multi-branch spatial enhanced graph convolution (MSEGC) and multi-scale
temporal enhanced convolution (MTEC) modules. The MSEGC module enhances the feature representation of peripheral
joints by capturing relationships between peripheral joints and others through multi-stage learning and propagation within a

two-stream graph convolution framework. Meanwhile, the MTEC module effectively captures long-term temporal depen-
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dencies across frames through multi-stage learning and propagation of temporal features from multi-scale convolutions,
thereby expanding the temporal receptive field. The model sequentially extracts and fuses spatial and temporal features via
MSEGC and MTEC, jointly modeling joint structural correlations and temporal dependencies to improve the discriminabili-
ty of spatial-temporal features. To fully exploit the spatial-temporal information of skeleton data, three types of input fea-
tures—joint positions, motion velocities, and bone features—are introduced and fused through a multi-stream strategy to en-
hance feature representation. The proposed method achieves accuracies of 92.4% and 96.2% on the X-Sub and X-View
benchmarks of the NTU-RGB+D dataset, respectively; and 88.7% and 90.0% on the X-Sub and X-Setup benchmarks of the
NTU-RGB+D 120 dataset, which validates its effectiveness. Furthermore, to validate the model’s performance in real-world
scenarios, additional skeleton-based action recognition experiments are conducted on video samples from the NTU-RGB+D
dataset, including tests under multi-person interactions and joint noise interference. The results show that the model can still

achieve accurate recognition even when local joint misassignments occur, further verifying the practicality and robustness

of the proposed approach.
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B ASCHRE T 22 R I ) 3 58 5 AL (MTEC) # ik,
HRLEH R 4P .

AR, R 1 AR T8 RO A8 (175 0 T 3 38 0 i 22k
{938 A ERAE , MTEC B 75K i A RRE X e RO M
TEABIE GERE EIAIR15r h 44T 5 IR B g S Hks
# T8 X, e ROTVMAR Y A B A 5 BUB H . MTEC
K FH % s i) 5 FRASE B S MS-G3D" [’ 2% e s 1] 5 FH 45
4 1) fT AR RROAR (MS-TC) |, He ELAR 25 4 4 151 4B T R
MTEC H i MS-TC 38 52K 17 43 32 50 ie R R[] % R
b PR AR S B0 B 1 [ A R T T ) R
I R 4 A IR BB S AR, B SR
RIFR BB B R/ NS IR A A, Wi #i e T MTEC 1
R ) &4 J3E 1 4 BV PR, B85 T %ok 22 R IS I 4R A
HALRE 1 . B MS-TC 4543 32 (1 i K 7 308 3 4
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EE 2025 4F

JE EREATPRHE , IR Rl& PR i RRE Y

Y, =act ([ ¥, |1V, Y)Y, ] +X) (9)
Horfr | X367 T 0% 22 M2 B AERE | FIT DL 28 B 0

fHa.

DR TSGR A] R SO BT, MTEC K 4 A B B
(o AR Y, 5 — DT X BEATRES IR IR
B FESE— 5 A MS-TCHEH, JH T F — B Be i 77 2t
B Zad e ] 2R

Y, ,=Conv,,, +7,) (10)

Hrr, v, 8 — B Ben i R . X R RE g i —
YR MTEC FERT [B] 4E JBE 1  SF30Usksz 7, (i HoAe 7 5
SR B[] 7 50 £ TR B, G 4% 48 45 185 T %) B AR L. A1)
W, R AR Y, RAE LUEE 5 W AL B RE R,
X, G It RGREAEA R Y, 5, bR Y, Al
JEHN R 3E 5 T A4 R R AIE DT S B R B ) AR 1)
jEig
&5, h T RE & B B2 R P 5 S, MTEC
B 4B B R T A A R PR P B 4 R
[BFFE RN ¥, i FE v R A
v=act([¥,|[¥,|¥,]Y,]) (11)

T 5 G 1 5 B[] EEAATL 5 A T MTEC X i i)
FRAE (%) 2% 2] g 7, 1 L RE % A 0CHl 2 2] s ] o =2 [] <
5 3 )RR AIE DT A A B A/ R 5 P T T e 30 i
HFPL ST .

Wt 2B B E BaC i Sl A  MTEC BB S 4k
B2 BB T AR 56 2R, AT B o 4 T 4 i A A
T30 BB R, B SR AR TR X AR BT M B S BE T, AT
ST 2 N B e — RS 1 [ ) X0

4 LI

R T PEAT R A 7S S R 4 (EST-GCN) 7E T
B BG4 T R RUIAT 55 b A RO, AR SCHE NTU-
RGB+D/HI NTU-RGB+D 120" /A T804 45 |, 4%
H 5 FELR B EfficientGCN-BO 2 4T T HLHE LA . A
S A T S 5 E A5 AR B 1) A A | IF K EST-GCN
5[ e g ) 3 T 4R B AT O R vk R AT Tk R
XF L
4.1 HIEE

NTU-RGB+D "S5 60 M7 231156 8801
FEA | X BSREAR T T 404 H W AT A2 94 5 ik
FREAR SCRYAT A 2SR 11438 5 AT R 28 00) , F AR & 7
10~35 % Z [8]11) 40 2 3Z X F AT . 2% B0 40248 FH Mi-
crosoft Kinect v2 %1825 M 3 /I [A] 18 5615k B il 12
B, B0 LA 3D B g A5 B B R . B SE vl i R
FRARIE S AN ZREE AR AR . (1) B 34K (X-Sub) : 8 &

(x

i+1

20 £ 3ZRH TN %k, Az 8 Tt . (2) #540
£ (X-View) : — MR AR L 008 FH T U1 Z:, 75 0w
ANERAG A A EiH A I

NTU-RGB+D 120" & H §ij 14 3D & 15 i B 14 %
KBEAE . BB BN 57 367 AN B8R 81 A 60 N Sk
HIAT R, P2 T NTU-RGB+D Btdi 4 , N 315 T
106 24 35 J8 4 3l o 3 AR SL e 19 113 945 4~ F¢
AR TE 120 47 R 2800 . i B0 PR FH PR RIOAS [
BT 253 AN R At 4L . (1) 85 F 4 (X-Sub) - Il 2k
BAEk [ 53 4 EEE AT N, M EE ok A AR EE
FAT . (2) S (X-Set) : Y Z 85008 ok B ELA 5K
ID FEAS, A R B 2AT A 501D PR .
4.2 XWEE

AR F Py Torch HE42AE NVIDIA GeForce RTX 3090
GPU LiEAT T HIA L. £ 1FH T LK ISR
e KN E Ry 16, A SR T BEALES B Bk
(Stochastic Gradient Descent, SGD) K470 4L , sh= &%
90.9, AL % A 0.000 1, ¥R K% h 0.1, I
10 A JE I R OR T 04RO W, 28 3 2 0 SR
O 3G INFN B LA , LABR AR 2t B0 Fa 5 1, 2 05 FF4h
i B SE AR U . AR G RR A SUR I R B, JF R 4
JaiF Y4k 2 (Global Average Pooling, GAP) 2 J5 Fll %
48 E‘Jéﬂ?jﬁ):i'(lruﬂy Connected Layer, FCL)Z RIS T
—ANEFE, UB IR PG, E SRR 0.25. FiA, TE
X-view FEMED L 5256, A SCHAT T — R RE B 19 4L
P AR > DL S B G 55 . 4T NTU-RGB+D 4 4
AR B N 60. X T NTU-RGB+D 120 B4 48 , 4%
URECE R 70, XT3 PN B 4R | B AN FEA o ) d5 Aot
BsE ok 288 i . WNSREFEAS WA/ 288 i, ) 8 &2 % b
A E R E] 288 .

%1 NTU-RGB+D#INTU-RGB+D 120 iR &R TR SHIZE

Hyperparameter NTU-RGB+D NTU-RGB+D 120
Batch size 16 16
Frames 288 288
Learning Rate(LR) 0.1 0.1
Weight decay 0.000 1 0.000 1
Epochs 60 70
Loss function Cross entropy Cross entropy
Gradient descent SGD SGD
Activation Swish Swish

4.3 HELXIG

W 3 R AR SR 22 00 i A\ B R SRS i
DA 3 A B i 2 A - (1) 2645467 B9 (Joint) 5 (2) &Y
1z 3l 3 B 3 (Velocity ) 5 (3) B #8 F#E U (Bone ). H 2411
o 5 S 38 = A [ B A B U Y 43 B AT AR A
5.
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4.3.1 EHRIBRHE

T B IE EST-GCN B A AN B i) SC B4 FH AN
ARG , AR S G A — A EEHOR B AT R . an
F2 iR, AHEE T 3R AR EfficientGCN-BO™ , BEHL
P — A AEH I BEAS PR TS AL PERE . Y M
B, R . UT 2 g (1) 451 A
MSEGC #iHe i}, B8 72 NTU-RGB+D %t #8411 X-Sub 5
X-View 3 FHERE 3 BIHETH 1.7 41 E 73 i f 1.0 A 7
R, TENTU-RGB+D 120 4l 4 19 X-Sub 5 X-Set ZE4E I
PEREAT IR 1.7 AN B A3 A 434 E 4345 (2) 45 A
MTEC # e i}, 5 %1 78 NTU-RGB+D %84 4 (19 X-Sub 5
X-View 3 FHERE 3 BI4E T 1.4 B 73 A f 1.0~ A 7
R, TENTU-RGB+D 120 i 4 19 X-Sub 5 X-Set ZE4E I
PERE 432 FH 1.3 H 4 U 434 H 48 85 (3) 24
MSEGC F1 MTEC [A] i 5| AR}, #74E NTU-RGB+D 45
£ 1) X-Sub 5 X-View 24 EHERES LT 2.2 40 H &
JEAN L3N 43 25, 7E NTU-RGB+D 120 4 82 ) X-Sub
5 X-Set FEHE EMERR S ML T 2.0 A4S E 43 SR 5.0
B2 7 S 1 N 8= YT R a7 =l e ) U o
WAE . BAKTT 76 NTU-RGB+D $0di 4 I, —# 7
X-Sub FEAE FHETFE N W . XS KA X-Sub % Z i &
Rl 5 AH WS B R BB A T L 3 T R — A2 X AE AR R
b R E R g At i RS T RS ) B R (1 =4 Y 1 .2 el O
FE NTU-RGB+D 120 446 I, P/ BEH U 75 X-Set FEifE
R E L RE . X 2 R F NTU-RGB+D 120 /2
NTU-RGB+D (" J' f A, 4 & B Z AH AT SR 5249 f
X-Set #5548 1D %) 43, HA HaR i BEMLME 578 w5k,
LGP AR BB A~ > 1) BRI 4 T - () R IR R AE

#2 FENTU-RGB+D'5 NTU-RGB+D 120*##B4% L5 AR E#EHR
EHIRR R E

Method X-Sub'/% | X-View'/% | X-Sub’/% | X-Set’/%
Baseline 90.2 94.9 86.6 85.0
Baseline+
91.9 95.9 88.3 89.3
MSEGC
Baseline+
91.6 95.9 87.9 89.3
MTEC
EST-GCN 92.4 96.2 88.7 90.0

R T UM R AR A AR (A A R 'S A T
7 B A BCUE S AE NTU RGB+D SR 45 iR i 25 S
HRAMRIEHE R . AR GRS SRk e 1 7 iH , W&l 5(a)
FE 5 (b) Btz , M3 T HMERL A MSEGC #EH 7 T /R 1T
Sy 2 b R I E A SR R R B A RO R T i S Ak
KT B FRIEFRINBE T, REMS HORT E MU BRI 2 G 1T 2
] ) SR AR AIE . i AE B A RE i, il S (e) 5
& 5(d) o , MTEC AERTE G IR 20 h f ot TR iy IX
SYRETT . X AT A S I 1) N A AR A AR K

HF 7 5 B R B AR B 25 5 L 4 ) 2 i P
Wi SE R B LET . MTEC 76X — 5 & T #8AE
FH R BI R AE 8" 5 " AL s A sh PR b, B R
IR T ALPIIRVE B . SR, X 52157 A B i A AH AR
SIAE, Bl P 5 B B K, B E R A 1 R
REAR, T2 BBl iR N 5 AR T L XS R R A
S5 BT AR IRME DU 3 5 0 AR o TR A 4]
P8, o R A 1 MR K T, Xk
FRAE T B, M T T X0 B 5 T A A i
BN FEMERNETN S, HE P IERBENSS
TR R B BEARARL, AT BE 5 7 AR TS . 25 BT
i, AT LAF H MSEGC BLH7E 46r B2 116 sh iUl v 45 T
FEAEA, M MTEC BTH A 240 58 T RIRUS AR T
FHN B 7, =3 vl AL [l o AU P R A S T
4.3.2 WANBIERHNERNME

Shy 6 UE T R 4 O 3 R S TR) i A BN e L A Bk
P, AR SCHEETF NTU-RGB+D %048 5 11 X-Sub JEEDEFT T
SEERAYHT . AN 3 R RSB AR A B A R E A
PLF 2 HA45E (1) 5] A MSEGC B, B RUAE 5675 37
B AOC T 128 B B U A R AR Y HE T 1.28 N 4 A
23 5 M\ 87.85% 45 T+ % 89.13% FIl M\ 86.81% 42 T+ =
88.09%; (2) 5| A MTEC B i}, L7 7E 545 {7 B I 1Y
PR RE$2 F+ 1.09 1~ A 43 25, M 87.85% 3 K 2 88.94%;
(3)Jt R W F A, EST-GCN 16615 iz s B FYEfRE
T 2.24 4 F 4 45, M 86.81% T+ E 89.05%. iX
—ZE I F I EST-GCN 78 4b Hl 577 42 sl i B2 i 17 Bt
FLAA R I FRAERE T . AT S, B A SR Y
PEREI A $E T, X T80 00E B T 2 11 O 9 AE 45 i AR
P A A R T A 2 RS AT RS
72 18 A b

WE— RN T K B, AT 78 A AN [R) i A B8 i
W45 SRR 5. (1) 5] A MSEGC B}, B EIZE LI OG5
B T 18 Bl A R VR AR RO A
BEFETE 1.65 1~ 4o . 31X % I 3 Bl T 7E Al B
[i) R[] £ 8, T LA 4ok 1) L AMPE | RE 0 L [R] 4 T
BRI AERE 7 . (2) 51 A MTEC i, #5550 75 G 15 o &
WS EERHE R P FE R AR 8] 14104 E o S
BHRETE, X — 25 R B B AR 5 O A EAE B A A
, BEAS T4y M B AR LA 10 sh AR 1k, $2 AT AR
TR AERGYE . (3)7E EST-GCNHEZL T, S35 (AL B i 58
BAFETR A A 52 T 2.06 D E 20 A A TEREIR T . X
2B IR T B8 RRAE 5 OG0 O EAE B Z A
HPMEIVER . S S g5 BURIUE 7R T AS [l i AR AE 2 A
FEAR THE R R RE 7 1 A9 SR BLAE ), A48 T RRAE R v
T B AME R E R

H> >

Pyl
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(a) Baseline (b) Baseline + MSEGC
&=H H 0.15 B 0 0
g% 017 RS 00
CES N FHA 0 o
] s 0 sy TR 0 0
P =
m e 001 W g 0 0
Bi#EE | 0.01 Bi#E: | 0.01
RS 0 IR B 0 0 0 0 0
RGO G 0 0 0 0 0
b TR
(c) Baseline (d) Baseline + MTEC
S R FEXT L
£3 ARBNEIERFENTU-RGB+D H X-Sub B %4 NTU-RGB+D ##B& FHyLLE
HOIR R A T 2 Method Publisher X-Sub/% X-View/%
| Baseline/ | Baseline+ | Baseline+ EST- ST-GCNM AAAILS 81.5 88.3
nputs
Bone 88.54 89.09 89.19 89.92 SON CVPR20 9.0 045
Joint+Velocity 89.62 91.27 90.87 91.65 e
ST-TR” CVIU21 89.9 96.1
Joint+Bone 89.12 90.74 90.53 91.18
MST-GCN(2s)®! AAAI2I 91.1 96.4
Velocity+Bone 89.83 91.20 91.08 91.76
- - FGCN'™! TIP21 90.2 96.3
Joint+Velocity+Bone |  90.20 91.92 91.59 92.35
MS&TA-HGCN-FC®' | TCSVT22 90.8 96.4
4.4 LEBESH ML-STGNet" TIP22 91.9 96.2
JIE EST-GCN B9 A1 , 4 3C#E NTU-RGB+D Al SMotif-GCN+TBs™ | TPAMI23 90.5 96.1
NTU RGB+D 120 £ di4E - H 5 Rl 4ids e i Jr ik 2k 1 7 EfficientGCN-BO™ | TPAMI23 90.2 94.9
Pofss, g5 e 4 e 5 pros, Hor“2s”48 “Bone” 5 “Ve- MADT-GCN(2s)'"® EAAT24 89.9 96.1
1001ty”pﬁgﬁg§§, “BTFEAR T E BRI AS S . LMA-GCNP! EAAI24 88.2 95.0
Al LLE tH, EST-GCN 78 r & B i 45 A T MRk i MTGCN™! 1JON25 90.5 95.2
. DR 2R EE . (D)X F NTU-RGB+D Hidi 4 EST-GCN(2s) 91.8 96.0
W52 4 i~ , EST-GCN 1 X-Sub 37 5231 92.4% 1 e EST-GCN(3s) 92.4 96.2
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+5 NTU-RGB+D 120 ##54& FiLtLi

Method Publisher X-Sub/% X-Sel/%
ST-GCN'™ AAATIS 70.7 73.2
2s-SGCNP! CVPR19 82.5 84.2

Shift-GCN(4s)>! CVPR20 85.9 97.6
MS-G3D Net™ CVPR20 86.9 88.4
MST-GCN(4s)*! AAAI21 87.5 88.8
ST-TR®” CVIU21 82.7 84.7
FGCN!™ TIP21 85.4 87.4
MS&TA-HGCN-FC™ | TCSVT22 87.0 88.4
ML-STGNet?"! TIP22 88.6 90.0
InfoGCN(2s)P! CVPR22 88.5 89.7
SMotif-GCN+TBs™ TPAMI23 87.1 87.7
EfficientGCN-B0™ TPAMI23 86.6 85.0
MADT-GCN(4s)"™ FAAI24 86.5 88.2
LMA-GCNE! EAAI24 83.2 84.1
MTGCN™ 1JON25 80.8 81.7
EST-GCN(2s) 87.9 89.6
EST-GCN(3s) 88.7 90.0

%, 76 X-View 2 1 I 1Y 7 i K ik 3] 96.2%. 5
FGCN''S) MST-GCN (2s) %) MS&TA-HGCN-F'*'5% 3 4~
JF A, EST-GCN 75 X-View KLl b A4 HE#R HAUE T
0.19% F110.2%. (2)%F T FUAL T 8 H 3k AL M A9 NTU-
RGB+D 120 # 4 4E , & 5 45 L &K W, EST-GCN 7£ X-

Sub JEHE 52 T 88.7% MY MERA R, 7 X-Set JEE I
IEFN T 511 90.0% (I HERR R .

WAL RA T, A SCKR BENTU-RGB+D 120 ¥ di 4
YE0 NTU-RGB+D F4™ J& , A0 15 58 2 AHAA T 0 1 52 41
B, JE 7 BE I E LA E AL AT N R R
B4 s ] 3 371 v 2 B v R RL A B A2 By, PR A A
o LA B T () B R PN A R DL S M A X4
EST-GCN J5 12 R85 AT R 412 sf ) it =2 (5] 55 )92 () B I
M DG 2R, DT 3 ALK A1 BsF ) 43 9 3R JE T ™ 26 1 T4
G AN, 5 AR S B AN ], X-Set AR FEA 1) AT
T TEA T R FE R 43, 3X Fh oy 20N 32 5030 N B s, L
%W E R REALEE A IETE . R, 7 NTU-RGB+D 120
BARAE 1Y X-Set ZEUE |-, EST-GCN f4 iR 511 fE 15 3 i 3%
FETF . X R B EST-GCN 7E4b PR HUAL 5 447 R iR 501
AT 45 T LA B S 0 P | O R 7E T EL A A
BIVEAR S A B 4 R JR B O i 8 R T R 1
TERf I

HRAE % 4 FNFE 5 Pl Fb e 25 9, mT LAAS LA 2%
W TR B AR L AR SO 4 A EST-GON AR L 28
PR SR R T A ik Y REKE IE T %
Pt . T B AR B AR A U MR I 6 AR T
FEMFINRR R B . A ARG — 2% T 2 A H
R R SRS B AL A B O . BT R L A

RHLER: i

6 RV
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SO e FH R B 14 B AR AR T OpenPose £ AR HE BT 1
BUB 2R OF A R Al b BEAT IR0 525 . i &l 7 By
7, LLHERR T AP AT D A S s B A A I
DRPF O PP AFAE G 23 IO AT 5%, (ELE Y f 4T3 RE 52 B vfe

(b) LI FE IR AT BRI L)

oy X R WY, 7R R i i i v ) & LR I B 2R
FLIFAS A IO S A 5] i B S S . 3 — 45 L 6
AR SO TR A T X SR 70 MR P R N O Y L I )
PRk

RBILER: iR
(@) HERIIT AL AR BI(L)

PUNEZR(T)

RHLER: i

PSR

7 PR R IO R AL E T)

5 Zig

ASCHEH T — R AL & MSEGC A1 MTEC 5/ 1)
BT B AT IR AT 5 A9 EST-GCN 51 | 2 () 2% 455 70
AT AR ERE B A0 23 (R R AE A 22 ROBE I R4 A . AR SO
SEiE T MSEGC BEHURHE 25 [ 45 B 1 01 Z 0] 1 RRAIE .
MSEGC i it} £ 43 322 2 I B Gl i i G b 515 22 8] K
5 A 5G4 [R5 B2 ¢ FR W Rl G R, A7 AU 92 7 2%
Aib S 18] LA KGR ZAE 515 5 R F AR RN AL v At
AT Z A E R 56 5 . SRS, MSEGC A5 5 (1) %

S5 5L = MTEC AL, MTEC W3l i i 2% S5 & 24 i)
(B 8% 37 B T A B )RR AOE | 3 o 120 % 444 i %) s ] 45 18,
AL B ML R & 1 B [V 25 32 4ol 2 380 i ) i [
IR OE 22 . 7E NTU-RGB+D FINTU-RGB+D 120
PN 22 A0 0 B 4 8 4 B S &5 RAE I T
EST-GCNBEHY (A 2400 . FEASK I T AR p AR SOl —
AP B SR NS R ST Z VB TR AR OE R L O
T 5 i 2 48 TS TR0 4 i 1 ] st 7 A o 265 A 24 A1 A1
AR
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