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Abstract Keywords

Human action recognition holds diverse research value across various scenarios and tasks, action recognition ;
with promising applications in intelligent security, autonomous driving, and human-computer human skeleton;
interaction. Although extensive research has been conducted on action recognition using human deep learning;
skeletal data, a systematic review of its development trajectory and underlying logic remain lac- graph convolutional neural
king. We review the major milestones in human skeletal action recognition, categorizing them into network ;
four key technological approaches: recurrent neural networks, convolutional neural networks, Transformer

graph convolutional networks, and transformers. The developmental contexts of these methods are
outlined, with an analysis of two key technological aspects: spatial modeling and temporal
modeling. Strategies for constructing rich input representations are also highlighted. Additionally,

the significance of skeletal modalities in multimodal integration for action recognition is discussed.
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Finally, we discusse future directions for techniques and applications in human skeletal action

recognition.

0 515

MK B AE iR 51 ( Human Action Recognition,
HAR) B7EHR N IAT 0, AR AN ARAT Bk it
s 2e . HEM AR R A — Bal B >,
WU N S ERFEREA TR, T 5L 3l A
PUNGF2E, R AT N ARAT 0], andefa) |
BB 2 . HAR AT 55 5L G ny i BALI AT 55
WNEG 2N L BARKI S Y AR, T % 2 4
FEF BAGR . IMERRAG — . Blabnit WxE, T
AR ZEPIR . EN TR REHOR V2 0 0 5
T, ShVESUNBE I H T A B RS | B R
O B S R AL O S i 4
GUHEAT T AR SHERAI 22K, A —Lept
FEE I A AL AN A SR 1 5 4L 3 (Natural Lan-
guage Processing, NLP)'"”~" 3fy 2452 4 g R
5 RSNV ERBIHE T2 X5, dE s it R
o B IS FI R R, D G N 25 1Y BR AR S A48 1)
SUEEFNTT L, BRI A SR ok B S
IR Z —

IR SRR S FU A A AOCHETS fY
R, M S 2 n)E SE R, W L
RGB (Red-Green-Blue ) % 4f 15 285 15 %2 4b B i) £ 4f5 it
HN, NI RRCRE 22 5 RGB #iZ5 5
SIE A AN, RSO RS A
W e e T, (AR B AN R,
BRSARAT L S R B AL . R, T AR
DA SR SN 32 BIBFFE # AT T2 KT

LS B R 10 P B A AR e gk
W, KR m, (2R REA M E IR, X
KNI GAGT B R, EERR TR 5, A
WATEF MY HE s o ARl 5 Ak 1
FeARYT Al B B AR AR . S5 RGB B 4
FARIONAA 2 4L % 3 4B EE R, 1S AR S
HFEPSI IR B S, R s PR
I o

TSI C 2 S ER I ST T B
S E I s ” K S YN L N R (182011
TrEMEHAT 0, B R SERN 53 3 A By
Be: 1) AEAUIT A I I 5 BT SR UK 2 FRAE ;
2) XA AT RS s 3) AL BT 3k

Sl 5506 22 A R AR e 2 R AT R TR B R R G B o
SUN £ g 7] L e ik A 2B AT 0 Y 2 PR
A, KA A BB ZE AN HAR IR 2% 2 7
BT T MRS R A, SAS T 2R R B TE
MNRSIAER BN s, JE53 0 1 AE &R 11
SRR A A B O S e AR B s (i
2 YRR S AR TR I T TR B 27 > FOR R A
[ 24k, VR4 1 UG v i 8 e S804k
W7, e B 1 B sl A R Bl SR R S
/OISR I R S € s RO R N IR Y S i
FTHEE X1 o 25 o 5 B 2 A A A B 1 1)
X737 B R B = RSO T
He, WANG % Xf L T RGB AU R 25 16
NSRS 51, JFRIZEA T SR IUR 2R %
SR IR ST AR B 2R B 7 vk i
2 FHOCBARAEA T B Botk S, (R B85 E
BRSTESER O i AR T, A f AT B 22
SVERBIEOR K R N TR 4

ARSI T JR S Y K R B HAR AT:
SR SRR, X BEA BT B S8, BT
BEREIAR T ARSI A BE S DA SR B s, 4R
JERETHAREERG], BT B8 IF 0
THE RN, MELAG R T HTE B SRR
BB 15 B ph 22 B 4% ( Recurrent Neural Network
RNN) P %% 1 3h 22 % 2% ( Convolutional Neural
Network, CNN) ™ E BRI 4% ( Graph Convolution-
al Network, GCN) 1380 1% £ F Transformer'> ) (1) py
REARBEE, WA FEARBFL AR T B 231U
MR FENK S, 3BT 1 T i ZREOR K e iy N TE 2
B, MR T A MEOR R KR s KA ARR, JRT
LR AL, TRARDT B A I D035 ey & 4% 1
[ R DR ey = 2 e NP S NS o DN E 2 B e
FOTRIET, &P T LT AR A BB i e ke, [
I T — S BT 2R ARSI ER BB T, B fa
X ARSIV E UKk R AT TR
1 Nahfiiin
1.1 {E&H#id

FIAR SRR 2 12 RGB B8 EiE47iR
SIFFERY, SIVERAERER SRR EEE AL
WUEFNRETT, 8 ST ] T LB BURE (4048 58 59



144 AR, A BET A RRMEERR . Gk R 3

. AR . AR A ss sl )
IR R X SRR AL O R IE 1) o, Z R i A BB
2 AR (AN HF AL, B SRl AR A%
PFREPLZSE) th b AT sh g0, b S BAT Ui
NS o XRITIEM I RUERRIZE R fy B, 5
SCBL, T TR R AR B AR, B
FEHURRAIEZIRRE ST BR , ARMEBT S TRZ ik
GURFAE, DRIHOHE U W A 28 2 A AT N5t fE—
LeR TR S EIRBIRCR A

AR, BEE TR L 7 T ORI R, #2225
HETYREAS 7L P 2RI 50 T S BRI E TR Z RN 4
TEfF I, IEAT R A A RE A A o i T IR B o
I BIVEPUIE AR = TR L, b REAE L
PR RN E R R . AR AR B B AN T
HAR 32 R JTIEA 2T RCB BIG AT B 4L
WP R RCB P50 e 3 A ML R 45 5]
MRS , JEERIR Iz, B B AT . A
HHizIFEZMIEG R, BRER. Ky,
HMEZME R B AR AT LGE i Sl AL i
IEREUPNE LB ERE IR/ REEIPNEN = SRS |
PAGE 35 A SO A R A 2 Gl 2 RGB
) IRIBUE AR EAUE S, JRE ERA S,

FET RGB RS (1975 12 38 W (8 FH i 21 i F) 7 58
FLIZALEE RGB Hdlade . B GO i 3h
VERSAE, SRR HEATRAERE S, SJmitfrr2k. ROy
T RGB BN J7 35 JE 1 4 RGB Hdfs o S Bk

fik, 8 H SRR R, TR LB, HA S
323 RGB Bffi th IS AR AL RS Wi o SR UGG
A AE T AR, A8 2 MR E 5284
MR RE S, U EEX AR ST R B AR AL R T
FI, A IRBAT LAWTE NS 3 38 )t
Je— LT R 5G5 78 1 S8 8% A ke S VR U B4 7
%, 5 RGB WIEA, B RS ERBIAT E A2
[IZERE FAPBR BT RER, ReETA
R, NG ZBNUOEH AERMm B R Rk
ARSI RSO0, G A A B R e
IPIRIZERE b, X251 sl i AR b AT e, ml LA
RS HER 2 A S AL AL RO IR BE , X T A AR
RS A A FE PR, O HLA A AR 2 50
BRACR S, AE AU X AR
&, BAREIGIA R ER A 1) HIERETA
REE, A EIRE RMIURTT; 2) KRz
[AIPE AR PR, A IR JLTOC R SR, fE
A RAE NGB BIRHE ; 3) B AR 450 5 |
GREE. MRBES . A8 IR AL
Wi o 4) AP MNHABZ RIS PRI R, Z RS

RN AL PN 1 Brs, d s Sl
B WS HORAE S PR T bR AR
BB 3080, SR 1R AR GHk h gEA7 2s 18] S
[V, SR XA SR AR AE A TR S, T
BB RATH AR R R, R4 T
KA.

o 2% i) LA Fio i) A5 ==
o %, [ —
(] v | —
. ]
o ° '@&3@‘ —
\ =
BT LA DAY

BT 2SR

Fig.1 Skeleton-based action recognition
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Tab.3 CNN method performance comparison
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i KRG et G RR
CV C-sub C-set skeleton
NGl NG AT
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SkeleMotion 2019 76.5 84.7 67.7 66.9 L3 2 [
VA-CNN 2019 88.7 94.3 ZA + Ry
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Avinandan 4 FhE 4B
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Fig.8 Encoded texture image'®
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Fig.11 ST-GCN process structure diagram™"
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Fig.12  Space shift map operation
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Fig.13  G3D graph convolution
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PR MM B I S 2 M A8 o i i AN
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Fr A R IR S5 , BIFSE E AT 13T TR A R
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Tab.4  Comparison of GCN model recognition performance

NTU RGB + D NTU RGB + D 120 Kinetics-
TRETE KB kol A TAE
CV C-sub C-set skeleton
ST-GCNPY 2018 81.5 88.3 70.7 73.2 30.7 B ZS EERIE L ZAE
SR AL 4 R ST IE
AS-GCN! 2019 86.8 94.2 78.3 79.8 34.8 ~ .
SRR EMTT
2s-AGCN'™! 2019 88.5 95.1 36.1 A& i B
Shift-GCN™" 2020 90.7 96.5 85.9 87.6 ANARESS A
MS-G3D"# 2020 91.5 96.2 86.9 88.4 38 Z RN JF G —n 2 B
CTR-GCN™! 2021 92.4 96.8 88.9 90.6 BN AL R 2
[ ST A R A T AL 3
ST-GCN + + % 2022 92.6 97.4 88.6 90.8 o
SR8
InfoGCN'"] 2022 93.0 97.1 89.8 91.2 T P2 ) A EFRAE
STEP
2023 93.2 97.3 90 91.2 S} i) T AR g
CAT-Former'** B[] 3 T ) A s
LA-GCN™! 2023 93.5 97.2 90.7 91.8 I R B
TTU-GC! 2024 92.3 96.6 88.8 90.2 B R MR E R

2.4 Transformer 5%
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JZE GRS ARASES , AT LAFEAT AL 3 AN 2 A T
FP AR B AL AR B, R TR SO 8T A
A ZAT 45 40 BT T £ B RLEEY . Google
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LD U 1) B 5E . i T Transformer 1] LI 347
T B T AL DA Al 4R 45 20 0 18T e B 22 1) Y o
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HA BRI 2 @R T, 1F 2050 E W Trans-
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(PT) AT 55, phoste I (] 4 B vh A5 2 s fp X T
SVEPSIMESS W2, 345 BB E Bl e 1Y
B,

A S b AR S ST R O R A [ B
PRS2 1A F W P AR E AR T, PLIZZARL 45 5] A
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TSA) R AR 15 G 1Y &1 5 BT 150 A o A6 e 235 4y
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AURFIESRIR . AR BRI ALRI BB v 42 R 5Ty
FORFRBARY, (B L IR 3R B A 10 037 fl 0 o S 57
A



14 15 RS R4 54 4%

Y, Softmax (¢, k") v,

Y, Softmax (g, +kT) v,
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Pl 14 ST-TR tif7s i) F 5 R REH (SSA) A i) F 2 B 788k (TSA)
Fig.14  Spatial Self-Attention (SSA) and Temporal Self-Attention (TSA) in ST-TR'**!
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Fig.15 Division of the human skeleton!®®!
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Tab.5 Performance comparison of action recognition model in Transformer

NTU RGB +D NTU RGB + D 120 Kinetics-
x| e} ] kel AHr TAE
CV C-sub C-set skeleton
ST-TR! 2021 90.3 96.3 85.1 87.1 38 A28 Transformer
KA [EE 5l
STSTH! 2021 91.9 96.8 38.3 A
B W B R
[95] 5
IIP-Transformer 2021 92.3 96.4 88.4 89.7 TR
STTFormer ™’ 2022 92.3 96.5 88.3 89.2 M ) 635 A8 LA A,

3Mformer!®”) 2023 94.8 98.7 92 93.8 48.3 P4 5 8 7 ] e
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Fig.16 Skeleton modeling development lineage of RNN/LSTM and CNN methods
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