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Introduction

- Motivation
< LX7| elzio] A2[/ S Off, XfSH 2 QlAleh = QSR
. SITBH AT U AL OIS RISOR QIAE 4 YISTN
« 24 B2{|H|F (Closed-circuit television, CCTV)H|A] O] A M2tS Xt ZX| 7tsE 7f?

o O
© B2 CCTVE 24 01R0| ZAJSHE 2, RTH2 CCTV 0|4 4% 2140] 7H5% 7

B HIOIE] LHO|M AfEto] 2A2{% F <

- httposy/Awwwiseoul coki/news/newsViewphp?id=20170327010015
- htto/Amwv.ccvnews.coki/news/artideViewhtml?idxno=54520
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Introduction

- Human activity recognition
< QUZF AF QA (Human activity recognition, HAR) O|Zt?
. ADIE A ARE B3R lo) 217 SE 0 T3t A1 HE S
> 2OEAA W S5 A, A 2 P A, D F He HAM S EX
- CHASHZOROIM CCTV E A8 B4 HE =1

+ BEEIoh NS, RECIHOLE)  Cls HORIA TV B4 4E
«  A|A'2 E= GYs 2 2op AZio] ojust WFE ot U= XS A= =X

NEEL-LEES

EFZ
&7
R EL RS o=H]

- https/Awwvitworld.coki/news/88157
- httos//mpost naver com/se ver/post fen nhndolumeNo=8637181&membeNo= 36733075
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Introduction
- Human activity recognition
< QZt WE 214 (Human activity recognition, HAR) O|ZH?
«  AOLE AA ALE 2Hd3tE OIOH OI7t =0 Ciet A|lad HE =

> ADRE AZ| Lf S5 A, MA E3tE NN, TR HE MA 5 EX)
. ChYSH 2OMOIA CCTV £ AFZSH B4 B 4%
> BB, MZET), RECHEOLE) S T3 OMIN CCTV B4 27

«  AOE E= FYsS 2 ot o] ofjmet ASS ot = XS A ot= =X

Human activity recognition

- https/Awwvitworld.coki/news/88157
- httos//mpost naver com/se ver/post fen nhndolumeNo=8637181&membeNo= 36733075
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Introduction @
- Taxonomy of HAR 38y |
<+ QU AF QA(HAR) AISE ﬂ%
- YUH OO|H HEHO| [MHE =7/ 7t
- G OOIH Y= LA MIHE =7
N
Human Activity Recognition
(HAR)
J
|
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Vision-based HAR ]
Video-based HAR
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Introduction

- Taxonomy of HAR
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Introduction

- Taxonomy of HAR
<+ QUL AT 2UA(HAR) AIS

- 23 O[Oy HEfOf| [HE =F 7t

- G OOl YE YA HE 2&
N

Human Activity Recognition
(HAR)

y,

SR =2 Qo
CHSt Skeleton

MIHR] =2j| ol
CHSF Skeleton

H|HRY 2y o
CHSH Skeleton

HeHmy o o
CHSF Skeleton
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Introduction

- Taxonomy of HAR
<+ QUL AT 2UA(HAR) AIS
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Introduction

- Importance of Skeleton-based HAR
< @ff Skeleton-based HAR 4l 0 2 H 23| 0f 5t=7}2
«  Video-based HARZ CtYoF B4 HIO|HE =&slOf oict= tHE
>  E 2t s At Ml B30 2t Video-based HAR A& H317F AMlsiCtn 2ef
«  Skeleton-based HARZ 2 Hol0| = B4t 852 E&H
>  Skeleton2 G 2k, Ui E 2HH QA7F EXSHK| Y2

> KM At (Skeleton)S 23 HIO|HZ ArEo| 20 WSO tiet T2 S8 F= 7ts

172cm AFEF A ¥ 166cm AtEE A(HHE H=2h

- Peng, W, Shi, J, Varanka, T, & Zhao, G. (2021). Rethinking the ST-GCNs for 3D skeleton-based human action recognition. Neurocomputing, 454, 45-53.
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Introduction

- Importance of Skeleton-based HAR

/

< 9l Skeleton-based HAR HtAlo 2 H 6|0 6l=7|2

«  Video-based HARS LC}¥ot GA H|O|E{ & =&} OF otCt= CHA
30|l L2} Video-based HAR & 3 7F AlSHCH D 22| A
Skeleton-based HARS Oj2{ HH20f| = 4ot M52
>  Skeleton2 #F ZtE, Ui A 2 247 EXYSHK| 42

LS

>  EE 4k, Higa A+ H

> AbM| AiH|(Skeleton)S 213 HIOIH = AESH| HIE0| #S0f Cict 22 8 & 7t

—

166cm Atzh A

166cm Atzh 2210 CHet Skeleton

- Peng, W, Shi,J, Varanka, T, & Zhao, G. (2021). Rethinking the ST-GCNs for 3D skeleton-based human action recognition. Neurocomputing, 454, 45-53
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Spatial Temporal Graph Convolutional Networks
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Spatial Temporal Graph Convolutional Networks for Skeleton-based AR
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Skeleton= GraphZ "3 2|5t Graph convolutional networks(GCN) 7|2 2F

Spatial Temporal Graph Convolutional Networks for Skeleton-Based Action

Recognition

Sijie Yan, Yuanjun Xiong, Dahua Lin

{ys016, dhlin} @ie.cuhk.edu.hk, bitxiong@gmail.com

Abstract

Dynamics of human body skeletons convey significant in-
formation for human action recognition. Conventional ap-
proaches for modeling skeletons usually rely on hand-crafted
parts or traversal rules, thus resulting in limited expressive
power and difficulties of generalization. In this work, we
propose a novel model of dynamic skeletons called Spatial-
Temporal Graph Convolutional Networks (ST-GCN), which
moves beyond the limitations of previous methods by au-
tomatically learning both the spatial and temporal patterns
from data. This formulation not only leads to greater expres-
sive power but also stronger generalization capability. On two
large datasets, Kinetics and NTU-RGBD, it achieves substan-
tial improvements over mainstream methods.
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Spatial Temporal Graph Convolutional Networks

- Definition of Graph
< Graph H|O|E{ 42|
Graph HIO|E{= 0f2] & (Vertex, Node)} M (Edge)2| &t
HIO|Ef Zto %ﬁl% mwoAe M) AHESH= H|O[E HEl
afst At &, 18 24, 3D Mesh Hl|O|E & CHFS 20k M Graph HIO|E| AHE:

4
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Spatial Temporal Graph Convolutional Networks

- Definition of Graph
< Graph H|0|E{ 2|
Graph OIO|E{= 021 T (Vertex, Node)1t M(Edge)2| &gt
«  HO|H Zre| EAE Boie W AHESt= T|O|E HEf

« B EAE, 218 2, 3D Mesh H[O|E S Lot ZOFM| A Graph H|O[E AtE

HL

=C £3 HH
(Node feature vector)

@ Haq | wao | HWa3 | w4
@ e | ma2 | wWas | wea

rE
I
r&
I
N
rE
I
w
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I
SN

(o )
KOREA UNIVERSITY

- - Data Mining
1741 o.:.l Quality Analytics

KOREA



Spatial Temporal Graph Convolutional Networks

- Definition of Graph
< Graph H|O|E{ 42|
Graph OIO|E{= 021 T (Vertex, Node)1t M(Edge)2| &gt
«  HO|H Zre| EAE Boie W AHESt= T|O|E HEf

A, 3D Mesh H|O|E{ & Ctot

kl

. Sjs 2R TE 018

1]

OFOf| A Graph Ci[O|E{ A

:
HI

SHZ
g A

(Adjacency matrix)
1 2 3 4 5
1 1 1
2
3| 1
4
5| 1
1ot &N Gudiiy nciytics @) oadE




Spatial Temporal Graph Convolutional Networks

- Definition of Graph
< Graph H|O|E{ 42|
Graph H|O[E{= 0f2{ E(Vertex, Node)t 4 (Edge)2| &gt
«  O[O]E] Zto| #tAIE moie [ AFESt= O|OH HEl
tA|, 3D Mesh H[O|H & C}fot

kl

. Bie 2 7E 018

1]

OFOf| A Graph Ci[O|E{ A

:
HL

oIy B
(Adjacency matrix)
1 2 3 4 5

10| 0 1 0 1

2|1 0] 0 1 1 0

3| 1 1 0 1 0

410 1 1 OO0

51 1 o0 0| O
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Spatial Temporal Graph Convolutional Networks

- Definition of Graph
< Graph H|O|E{ 42|
«  Graph HIO|E{= 02 F(Vertex, Node)t A (Edge)2| &gt
- OO 7to| ZAZE HAY [If AFESH= H|O|H HEN

. 2ot ZAFFE, Q18 24, 3D Mesh H|0|H & CHFor 20k A Graph Ci|O|E ALE

ofst EAF & olE A 3D Mesh HE}
(Molecular graph) (Citation graph) (2E2| Polygon)
O
~ N/
N
W
0~ ™>N" "N
| 0 ch,
H3C\ N
N
A A
i
CH;

N DR
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Spatial Temporal Graph Convolutional Networks

wC 5% g
Node faature-vect

- Human Pose Estimation ® . g
% Q1Zt XtM| 2278 (Human Pose estimation, HPE) 04! o @ mm

«  AtZIO[LT HebE B E 2or IZkel Fo £ Chsh ZHE &S o|lSots X
-« EE(E)E IE 4 2T OfL2f AR/FY W 2HE0] 20| A| O R0 tiet HEX FE

«  Skeleton-based HARO| A= OpenPose 29| 0= ATtE U CO|HZE ALE

Z|: (120, 370, Z= Z}H, 1.00)
212 O77: (120, 330, Z= Z}HH, 0.63)

ot X|: (100, 330, Z= Z}H, 0.53)

® @ © ©
1o
i
F

|z &= (80, 350, 7= ZHH, 0.80)
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- From Skeleton to Graph ®
< 917k XIM| 3= (Human Pose estimation, HPE) 4! o

«  AtZIO[LT HebE B E 2or IZkel Fo £ Chsh ZHE &S o|lSots X

« SHEGLE)E IME o 2T OtLEE AFT/EY W 20| 20|= K| o 20 tist JEL 2

«  Skeleton-based HARO| A= OpenPose 29| 0= ATtE U CO|HZE ALE

®
®

380
N 2D Skeleton-based HAR: 2 H (X Ee, Y IR, 28)
/ | 3D Skeleton-based HAR: 22 & (X ZIE, Y =&, 7 ZI &, 2HE)

@ OM2|: (120, 370, Z= %I+, 1.00)
212 O77: (120, 330, Z= Z}HH, 0.63)

FEX|: (100, 330, Z= Z}H, 0.53)

®» © ©
rto
[}
MUEl

|z &= (80, 350, 7= ZHH, 0.80)

gk |1
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Spatial Temporal Graph Convolutional Networks

From Skeleton to Graph
< I 48 Skeleton S HZAGH Tt Graph= Het
o ML =Y & SkeletonS A=
>

(Intra-body connection)
o|7} :pA

AtO| AZE|O{Of St=X]= “Hi X
51 01 Z4

- =

= AFO|Of| OfrH ot 2HE UAS
S

Sk 2hEof oY

(Intra-body connection ‘J2|)
A4 (Inter-frame connection)

Zof ¥ 3
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Spatial Temporal Graph Convolutional Networks

- ST-GCN

/

% Spatial Temporal Graph Convolutional Networks(ST-GCN)
- JHE Y L 2= =0 Cid HZ Tl™(Intra-body and Inter-frame connection)

- A= L B8 BE(kE)S HEiotLl Ot X[FH, Mo = HAZE 2HE dH

d
0

=& Sampling functionO|2} 9|

DE AZo| ZIgEl Jzf= 538 22 4o gz 22 dE(D=)
o.o. o.o. 0.0. O O O
! ® b ¢ O O
® ° @ ® L 8 ® @ PY L ® ® @ ® L (@) o (@)
o ® @ o
@ e o
e O e O e O
T /O&‘v T 3 /o@\v T3 /&‘v
P ® QG«Q ° @ “O«Q (] “0“\?
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Spatial Temporal Graph Convolutional Networks

- ST-GCN

/

% Spatial Temporal Graph Convolutional Networks(ST-GCN)
- {8 S U 2= =0 Cid HZ Tl(Intra-body and Inter-frame connection)

- A= L B8 BE(kE)S HEiotLl Ot X[FH, Mo = HAZE 2HE dH

d
0

=& Sampling functionO|2} 9|

® o%, e o%, e 09,
@ ® ® o)
© ® o 8

P o o o o,
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Spatial Temporal Graph Convolutional Networks

- ST-GCN

/

% Spatial - Graph Convolutional Networks(ST-GCN)
«  B= zoYof CfTt Skeletons AFESH EE shsdte A2 ALK HE

. SO|HIRt0|E 1 S K| S AIF 7I1F 24 - A3 0j2y - Aol Chef ot

> I7h291 22 0tA 1A, 0|2 1A= B ST-GCN G4k Tl
D= AZ0| M=l Oglj =7 24 MEH olo|mmi2fo| g 17t 281 8%
s e = o ® 9
® ! ® ! A ® "0 0) ® o
D [ Tl D [ Tl D e 0 ®
o & (®)
& ) @ @)
© o o
o © o © o ©
T2 /o‘°\v T3 /o@‘v T3 /&‘v
o ©® o O A o O =
_ _ Data Mini ]
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Spatial Temporal Graph Convolutional Networks

- ST-GCN o w%

% Spatial Temporal (GFaPRICORVOIUGONAINEINORKS (ST-GCN

Graph Convolutional Networks(GCN) 4 BHAl0f| CHSH A

. A LY ofofoll Tt M

> four: GON A B AT = 3 (AY + 1Y) | fi: BR(EE) S8 HE | W: GCN 7HSA|

1 1
— A2(A + DATIf, W

N
GCN 4 At
of2] 7I=X| X2 (©C)
JefI L MEE BHE ) ——
. MEE A M
- - Data Minin i — o
S o‘:‘. QuoliTy/\ncﬁyTics iaﬁﬂﬂgw




Spatial Temporal Graph Convolutional Networks

- Proposed model architecture

% Spatial Temporal Graph Convolutional Networks(ST-GCN)

«  =z0|M M eFShE ST-GCN 7|8t ds Q14 2 &

«  Batch normalization 2{0|0{ = Skeleton 37| BiZ}0| = L™t M= H0|7| I8} =7t
>  Skeleton 27| Lot +=F2 = |FX|S57| 2ot Li2t0|HE st&ot/| feh 0|

97l ST-GCN B2 2 M| ResNettt 20| =3 AtO| ZhAfekE Tl

«  OfX|2F HAL2 Softmax HAMO|H s HF HSE I E

( N\ [ N\ ([ N\ [ N\ [ N\ [ N\ [ )

ST-GCN Block(128)
ST-GCN Block(256)
Pooling
ST-GCN Block(256)
ST-GCN Block(256)

Global Pooling
G00QO000
Softmax

Batch Normalization
ST—GCN_rF_Iock(64)
-
ST—GCNrEIock(64)
ST GCI\II-_I'I_-II k(64)

- oC
ST-GCN Block(128)
Pooling
ST-GCN Block(128)

Input Graph(Skeleton)

\ J U J U J U J U J U 2

-He K, Zhang, X, Ren S, & Sun, ) (2016) Deep resdual leaming for mage recognition In Proceedings of the IEEE conference on computer vision and pattem recognition (pp. 770-778).
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Spatial Temporal Graph Convolutional Networks

- Dataset

/

v AE0| A3 HlOJEA

L)

PUPLPE UF WP Y
hhhhhh

(b) stretcl'ung leg

FM%&FM

(d) tickling

(e) robot dancing (f) salsa dancmg

- Kay, W, Carreira, J, Simonyan, K, Zhang, B, Hiller, C, Vijayanarasimhan, S, .. & Zisserman, A. (2017). The kinetics human action video dataset. arXiv preprint arXiv:170506950.
- Shahroudy, A, Liu, J, Ng, T. T, & Wang, G. (2016). Ntu rgb+ d: A large scale dataset for 3d human activity analysis. In Proceedings of the IEEE conference on computer vision and pattem recognition (pp. 1010-101 9)
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Spatial Temporal Graph Convolutional Networks

- Performance about Kinetics dataset
< Kinetics H|O|E{4! of CHgt M ZHu}
Lot 22| YouTube B¢ 0| Z8HE|O| A2 Skeleton2 OpenPose ZEHZ ==
e Top18&2=2tTop 5 8=z 22 Hs Hlw
*  Video-based HAR 22 Skeleton-based 1}
Ho

> ET Mol B

=
= =
e Skeleton-based 1}7 B

Top-1 | Top-5
' RGB(Kay et al. 2017) 1 57.0% | 77.3%
: Optical Flow (Kay etal. 2017) | 49.5% | 71.9%
(" Feature Enc. (Fernando et al. 2015) Y 14.9% | 25.8%
Deep LSTM (Shahroudy et al. 2016) | 16.4% | 35.3%
_ Temporal Conv. (Kim and Reiter 2017) } 20.3% | 40.0%

ST-GCN 30.7% | 52.8%

ks [0 |-
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Spatial Temporal Graph Convolutional Networks

- Performance about NTU-RGB+D

< NTU-RGB+D Oj|O|E{All 0f

Mghel 2HEolM EFet 0]

(|
—
re
[I}a
gt
uy
il

Sd0|H B =8 SAI0 3D 22 =& 8
X-Sub: of5 H|O|E L =5t Rl= Q17H0| AF HIO|H Wol= EXSHA| 5= 8%
X-View. 3¢ #5= F 7IHELE ArEl 230l 7IH2HE 7|=2 2 sta/d3 HIOIH 7=
T 71X 7|1=0| Ciet 455 Top 1 ==& ArESH H|W
|1E xR dss 71 RE OH 2 222 d5 &
X-Sub | X-View
Lie Group (Veeriah, Zhuang, and Q1 2015) | 50.1% | 52.8%
H-RNN (Du, Wang, and Wang 2015) 59.1% | 64.0%
Deep LSTM (Shahroudy et al. 2016) 60.7% | 67.3%
PA-LSTM (Shahroudy et al. 2016) 62.9% | 70.3%
ST-LSTM+TS (Liu et al. 2016) 69.2% | 77.7%
Temporal Conv (Kim and Reiter 2017). 74.3% 83.1%
C-CNN + MTLN (Ke et al. 2017) 79.6% | 84.8%
ST-GCN 81.5% | 88.3%
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Spatial Temporal Graph Convolutional Networks

- Summary of ST-GCN

/

< Spatial Temporal Graph Convolutional Networks(ST-GCN) =& 29

- 7}& 7|2A QI GCN 7|t Skeleton-based HAR ¥ 112|&

- GX HO|E 0] CH3H OpenPose(Human pose estimation)S AF23l Skeleton F&
- O3 =2 U0j| s HSt= Skeleton= ST-GCN L& HIO|HE ALE

e ST-GCNZ= A2l Skeleton EX == S dis CIAMESR) 2

Input Video
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< Introduction
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Applications for Skeleton-based HAR

- Skeleton-based HAR for Baseball

/

% Baseball Swing Pose Estimation Using OpenPose

. O 37| FHIER Lolot B2 WEE AL KN BIIE 9
_l

»  OpenPose ¥11E|FS ArEo 25t A= ApA|0f Chiet 2+ H& mpef
LT BEE NS AT IR B AR S merda ol H49l
. QFX|s LIE|F B 1A 7|2HRule-based) ¥ 2|E S A8 HAR T
= -+ o
OpenPoseE AEdH A3 AbA| Q1A T = e
A 0| ZHE AFO| H2| | #Hal < 768 pixels 304
Q|Z ThX| Zt 145" < 0 < 180° 308
QEZE LWHX| ZtE | 100 <6 <130° 207
Qe B2 7t 150° < 6 < 170° 20
QEH 0= 7t 115’ < 6 < 135° 158
o7 2t 170° < 0 < 190° 158
-L,Y C,Chang, C T, Cheng, C C, & Huang, Y L (2021, Aprl) Baseball Svang Pose Estrmation Using OpenPose. In 2021 IEEE Intemational Conference on Robotics, Autormation and Artifical Intelligence (RAAI) (pp. 6—9) |EEE.
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Applications for Skeleton-based HAR :

QA Y E A

- Skeleton-based HAR for Cyber Physical Systems

/

% Cyber Physical Systems with Human in the Loop

Cyber physical systemO| 217t &S Q4510 AS0f| CHok 2
«  QIZHO| MIAlet ZutE =I5t CHE WaS TIdsHH = A
- QIZtHE QIAZ 2[6f SkeletonS FESH D FTHE BMS A
o« A@ =AEl Skeleton ET HIEH S U 2/ Ol 2R 2

/ Smart Factory

Smart Factory L =&

Cyber Physical

e
Systems £l
o e ] sl
k | fleet XA
- Nikolov, P, Boumbarov, O, Manolova, A, Tonchev, K, & Poulkov, V. (2018, July). Skeleton-based human activity recognition by spatio-temporal representation and convolutonal neural netviorks #th application to cyoer physical systemns #th
human in the loop. In-2018 41st Intemationa! Conference on Telecommunications and - Signal Processing: (TSP)-(pp. 1-5)- IEEE.
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- Jang, J, Kim, D, Park C, Jang, M, Lee, J, & Kim, J. (2020, October). ETRI-activity3D: A large-scale RGB-D dataset for robots to recognize daily activities of the eldery. In 2020 IEEE/RS) Intemational Conference on Intelligent Robots and Systems

(IROS)-(pp-10990-10997). |EEE
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Conclusion

< Human Activity Recognition(HAR) 22}
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Conclusion

< Human Activity Recognition(HAR) 22}
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Spatial Temporal Graph Convolutional Networks(ST-GCN) £2F
- 2= Ho|H= YoM FZEl Skeleton(Human pose estimation 21

+ =% [|0|E{&= Skeleton0| 2Z|0|1 Y= HS(HEF L)
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= !
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