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Introduction

* Human Action Recognition
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Introduction

» Levels of visual source understanding

= Object-level understanding

. . Gestures
- Tracking-level understanding
. \\,_//'
- Pose-level understanding Atomic
Events .
o . actions
l Activity-level understanding ‘
o Human o
. activities
\_/ Human-to-
object;
Behaviors Human-to-
human
] ‘interactions/
Group il
actions
—

SOGANG UNIVERSITY

g AR ,



Application

« Many potential applications of action recognition systems
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» Video Retrieval
Video Surveillance

Health Care

Human-Computer Interaction

Entertainment Industry
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Action Recognition from Skeletons

« Human actions can be efficiently represented by skeletons

 Free of background clutter / lighting conditions / clothing variations

Input Video
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Estimated 2D/3D Poses

Skeletons

Skeleton-Based
Action Recognition

- “Hand Shaking”

Predicted Action




Flow of Action Recognition

¢ Training Flow

NTU Skeleton data Feature
) L md Classification
Dataset Extraction

Kinects Extract
Dataset Skeleton Data

Dataset of YouTube
video LISTERO UL o Pose estimation

* Predicted Flow

Raw Video [T Extract BN 1.oad Trained Predicted

Skeleton Data Action

Using OpenPose
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Datasets

* NTU RGB+D and NTU RGB+D 120

v RGB videos / depth map sequences / 3D skeleton data / infrared (IR) videos Xﬂ"‘
v’ Microsoft Kinect V2 cameras 37H A& el

v’ 3D skeleton data : 2571 major body joints / /\\ 5 e
v NTU RGB+D : 60 action classes (56,880 video samples) [ \ A

v NTU RGB+D 120 : 120 action classes (114,480 video samples) (
v’ Cross-subject (actor CFHS) 2F Cross-view (camera | X| 37H) \

» Sample frame2| modalities 0] :

RGB + joints
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Base Paper Information

» Spatial Temporal Graph Convolutional Networks for Skeleton-Based Action

Recognition
« Authors : Sijie Yan, Yuanjun Xiong, Dahua Lin

Department of Information Engineering, The Chinese University of Hong Kong

« AAAI 2018
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Abstract

« Spatial Temporal Graph Convolutional Networks(ST-GCN)ZE = 2|= dynamic

skeleton2| M 22 2 & K| ¢t

« DataOl| A spatial patternf temporal pattern= 25+ St&

« Spatial-temporal graph2 T3 =l block= 02 S22 A2 {1 X
—> Spatial and temporal domainOf| [CF2} information= & & &

« ST-GCN+ skeleton-based action recognition task0f]l 22 GCN= M &3
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[1] Raviteja et al. “Skeleton-based action recognition with convolutional neural networks” ICMEW 2017

Previous Work

» Deep learning methods

= CNN : model the skeleton data as a pseudo-image [1]
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N joints \ Skeleton Motion

- RNN : model the skeleton data as a sequence of the coordinate vectors along

both the spatial and temporal dimensions
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- Overlook inherent connectivity correlations between joints

PR s15ndta
, SOGANG UNIVERSITY

11



Graph-based method

* Graph-based
® =] ®e ®
- Graphs naturally captures the structure of human body . s
o o
= Joints — nodes (or vertices) , bones — edges e/ 2
@ ® »@4’

» No hand-crafted node traversal
G=WV,E)

« Simple flow of ST-GCN

- Input data’| multiple layer2| spatial-temporal graph conv. &4F=2 K| H A
HRXE 2 E graph & 0]| higher-level feature map©O| 4 =l

- O| feature mapO| Z|Z X 2 2 softmax= 7{ X action class =

I
? L N :
: LAy : 3 : B
|:>: > e~ e =— Running
: 2 ! ' =
\ g o'\ ' s

Pose | !. ™ : ~ | Action ;:
Estimation | . 1 Classification =—
Input Video NS e e < Class Score
ST-GCNs
" A TH 5!,‘..!_.
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ST-GCN

 Actions as Graph sequences

- Structure : N-node graph with adjacency matrix A (normalized A)
« Features : Joint locations X over T frames

- Goal : Learn to classify graph sequences

Each Frame Entire Action

Structure: A € RNV Structure: A € RVN

Features: X € RAXC Features: X c R7XNxC
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2

ST-GCN

[1] Kipf, T. N., and Welling, M. "Semi-supervised classification with graph convolutional networks.” ICLR 2017

 Feature learning with Graph Convolutional Nets (GCNs) ([1] Kipf et al.)

1) Neighborhood feature aggregation

2) Layer-wise feature update

Feature Update

X(+1) — B(

A X0

Neighborhood
Aggregation

MY THED
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Each Frame

\ Neighborhood
Oy ‘ Aggregation

Structure: A € RVXN

Features: X € RNXC
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Entire Action

Structure: A € RVN

Features: X g R7*XNXC



ST-GCN

» Feature extraction

- Learn spatial-temporal features with spatial / temporal modules

- Spatial : Neighborhood aggregation (GCNs)

- Temporal : Node-wise sequence models (1d Conv)

GCNs + Temporal Models

Spatial Aggregation Temporal Aggregation

g 4475 TH 8L .
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ST-GCN

« Partition strategies for constructing convolution operations

- Uni-labeling : all nodes in a neighborhood has the same label (green)
- Distance : two subsets are the root node (green) and neighboring points with
distance 1 (blue)
(Spatial configuration : distances to the skeleton gravity center (black cross),

root node (green), shorter distance (blue), longer distance (

Uni-label Distance Spatial
s 0% e, : Top-1 | Top-5
@ | @ | Call Baseline TCN 20.3% | 40.0%
| L S Local Convolution 22.0% | 43.2%
@ (9 @ (9 @ (2 Uni-labeling 193% | 37.4%
| ol L ol \ @\ Distance partitioning* | 23.9% | 44.9%
Distance Partitioning | 29.1% | 51.3%
\®) \9/ Spatial Configuration | 29.9% | 52.2%]

— M JIXI 25 algst 21, 80| JI&E E2 Spatial configuration B HE HEE
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ST-GCN

 Implementing Spatial-GCN

normalized adjacency matrix

= Single frame case’s formula (Kipf et al) : fou: = A—%(A + I)ﬁ—’i‘fmw

- Multiple subsets (i.e., spatial partition) : several matrixes A; where A +1 = > j A

out Zﬁ ZA ﬁ -'thﬂ‘hr

[ £ | Fig. Spatial graph convolution

ﬂ 447 CH 8k .
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ST-GCN

« Network architecture 5! algorithm &= Af

1) &BYH2 ZEH skeletons T

2) skeleton datas 12| HEHZ TtE

: 24 joints= nodesE TH=1 nodes”?} O|0{X| = E2(S L, AlZH= edgeZE HZE
3) &5 10712 ST-GCN block= S5l featureE =
4) Softmax && 0| 83l0 == &7~

B2E3  B5.B6 B8,BY
BN  B4g41 1281281 2562561 -—oftmax

—= >
—— (o) —= — !
J‘ I—'9x1 kernel
Sg?;t};l }—» BN]aya H RelU H Dropout H Com | fmaya H RelU }—»@-»
;V. R H“";"'- I ir,,----------. ................ -_::.".?_;_‘.:.-_-_ _
1 s ” : i ® -.: ™ b4
SR pEea AR rEee e
‘D A | I'. '. ‘. ... i : )\ | ..' : .. e
F U Ny e
:'. \ \ " A . :' \ » 4 Tle Prediction
O. 1 3 .: ..' i i l. ® b .: .'. ; I.TJ lTu I.T.' LYJ
L \ ° o Pyt L s P B1 B4 BT GAP
.. o . O S L 3641  B41282 1282562
Fig 1. ST-GCN module Fig 2. Illustration of the network
P A ¥k
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Experimental result 3! THH

« NTU RGB + D dataset
- Conventional handcrafted method= At-&2F 221 O|LE, RNN E== CNN based
methodsOf| H|SH 7 £2 52 E0E. (20183 7|T)
actor camera

. _ X-Sub | X-View
Lie Group {Veeriah, Zhuang, and Qi 2015 50.1% 52.8%

H-RNN 59.1% 4. 0%

Deep LS 60.7% | 67.3%

PA-LSTM (Shahroudy et al. 7016 62.9% | 70.3%

ST-LSTM+ iuet al. 2016) 60.2% | TT.T%

Temporal Conv (Kim and Reiter 2017). 74.3% | B3.1%

C-CNN + MT e etal. 79.6% | B4.8%
ST-GCN B15% | 88.37 /

« ST-GCN E &2l o| CtH

2Eo| 2 ds 22 GYEEE &2 7ol A0 M S0l K|
Ex) 22| BT &0 ETO| 2 d= X0 BAHO[X| &S
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ST-GCN O| 2 Research

Spatial GCN ‘85 74

Temporal Conv. ‘3 7l

Attention mechanism (key feature attention)

Architecture H 4

X _9_

Multi-stream =

AW CTHEED
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[1] Lei et al. “Two-stream adaptive graph convolutional networks for skeleton-based action recognition” CVPR 2019
[2] Zhu et al. “Topology-learnable graph convolution for skeleton-based action recognition” Pat. Recog. Letters 2020

[3] Xu et al. “Multi-scale skeleton adaptive weighted GCN for skeleton-based human action recognition in [oT” Applied

Spatial GCN 741 [ Bevy é}ff

° Spatlal graph COIIVOIU.tiOIl (1) CNN

(2) graphconv 3

—
—_

GCN (4) AGCN ,_w

- Adaptive GCN [1]: 7|2 Adj. Mat.(A) + HEd & HE Z == St5(B,) + data (L sample)
dependent graph = joints2| similarity(C,)2& (1x1 conv. 2 H| T &= 0] 8)
- Topology learnable GCN [2] : Non-local mechanismO| 7|2 Z 2 S} X| 4L},
LEAE 7|30t 2 oh551H 450| o Lt
- Adaptive weighted GCN [3] : |2+ H| =5} X|2F 4 50]  EC} (Ablation 2 8l5)

[1] 2]

CosXTXN

Erin]

CaXTXN

e [T . p
fouw = Y Wil A + B + G) foue = 3 WidinlL1) foue =) eWifinlAx + L)
k k

k
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[1] Liu et al. “Disentangling and Unifying Graph Convolutions for Skeleton-Based Action Recognition” CVPR 2020
[2] Li et al. “Enhanced Spatial and Extended Temporal Graph Convolutional Network for Skeleton-Based Action
Recognition” Sensors 2020

Temporal features 7H 4

« Temporal convolution T+Z& HZ3

- Multi-scale 7% [1] : bottleneck design (computational cost ) + kernel 3x1 + dilation rate 2 &

OSA (one-shot aggregation) [2] : multiple kernels with different smaller size

Best kernel 282 1x1, 5x1, 9x1=

[1] MS-TCN _ Inputs }_\
p Conv1x1 || Conv1x1 \ Conv 1x1 [r----%----5

Conv 1x1 Conv 1x1 1
! Conv 1X1 ¢

Conv 3x1 Conv 3x1 Conv 3x1 || Conv3x1 Conv 1x1 MaxPool . stride =2 E

dilation = 1 | | dilation = 2 | | dilation = 3 | | dilation = 4 / 3x1 |t
L =2l —_—

Concat

Residual
Path

2] I 0sA | eSE
T5]:!*.“411£i|

—fos
Concat '—b| P11 I SHA
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[1] Lei et al. “Two-stream adaptive graph convolutional networks for skeleton-based action recognition” CVPR 2019
[2] Xu et al. “Multi-scale skeleton adaptive weighted GCN for skeleton-based human AR Applied Soft Computing Journal 2021

Attention mechanism

« Attention helps the model pay more attention to important joints, frames and features
- STC attention [1]: SAM + TAM + CAM S A2 HE
- ECA attention [2] € : SAM, TAM light weight CAM®! ECA-Net [3] H &

1x1xC 1Xx1xC
Spatial Temporal Channel c
[1] Attention Attention Attention

\

w @ @
ot atoif

Input Refined H

Squeeze-and-Excitation

2]

Efficient Channel Attention

x
c
w

[3] Wang et al. “ECA-Net: Efficient channel attention for deep CNNs” CVPR 2020
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[1] Lei et al. “Spatio-Temporal Inception Graph Convolutional Networks for Skeleton-Based Action Recognition” ACM 2020

[2] Li et al. “Enhanced Spatial and Extended Temporal Graph Convolutional Network for Skeleton-Based Action Recognition”
Sensors 2020

Architecture change

« 7| CNN architecture= = GCN 7+ 20 2&
- Inception block (GoogLeNet) =& & £t architecture [1] : S=4, T=2 (branch %)

- Various variants 4 = [2] : extended spatial-temporal T+ 2=

[1]

ST Inception Block 1 ST Inception Block 2 ST Inception Block N b3
[{w]
; A E o Prediction

5l / ] 2
=

N

Input
,_ : /f-m Spatial .|  Temporal = Folock

Temporal

Nv frjocs fany
GCL ¢ GCL "  GCLs b S

GCT " GCL

Spatial
GCL

ﬂ 54 BTHdED N
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[1] Lei et al. “Skeleton-Based Action Recognition With Multi-Stream Adaptive Graph Convolutional Networks” Trans Img. Proc. 2020
[2] Xu et al. “Multi-scale skeleton adaptive weighted GCN for skeleton-based human AR” Applied Soft Computing Journal 2021

Multi-stream network

e Joints ZtHZ 250t WEE O informations E-&510 g5 24

SOGANG UNIVERSITY
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- 4-stream network fusion [1] : joint / bone / joint motion / bone motion H & 2H-&
St5 El 47l network S ensembleStH class prediction
- Multi-scale network [2] : Bl 52t spatial featureS =0°F7| 2|6 multi scale &
joints / relative joints / j_motion= concat & 9ch data input

25 joints2} 10 joints (&< joints FA|) AFHE = feature fusion

(64.,64) (128,128) (256,256)

(o)
=

I|
[
A

L=
—— 5 Stream ——

(64128) (128256)

@ : Concatenation @ - Sum

25



[1] Lei et al. “Skeleton-Based Action Recognition With Multi-Stream Adaptive Graph Convolutional Networks” Trans Img. Proc. 2020
[2] Xu et al. “Multi-scale skeleton adaptive weighted GCN for skeleton-based human AR” Applied Soft Computing Journal 2021

Experiments

« Base ST-GCN &2 & I:H | GCN & HE, attention M, multi-stream,
multi-scale network = H-&950 ds0]| BiO| 2FarE

[1]

Methods CS (%) CV (%) 2]

Lie Group [6] 50.1 82.8

HBRNN [7] 59.1 64.0

Deep LSTM [14] 60.7 67.3 )

ST-LSTM [49] 692 777 Comparisons on NTU-RGBE+D &0.

STA-LSTM [8] 734 81.2 Methods Cross-subject (%) Cross-view (%)
VA-LSTM [18] 79.2 87.7

Ind-RNN [9] 81.8 88.0 HBRNN [80] 59.1 64.0
SRN+TSL [19] 84.8 92.4 Deep LSTM [77]] 607 b7.3

TCN [20] 743 831 ST-LSTM [81] 69.2 77.7
Clips+CNN+MTLN [50] 79.6 84.8 STA-LSTM [82] 73.4 81.2
Synthcsizcc:.l CNN [21] 80.0 87.2 CSRN-TSL 40 _ _ 848 _ 924
LN1\+VlUllur1+Trans [22] 83.2 89.3 I ST-GCN [48] 815 88 3 ':
TST-GCN Lm] 815 883 1 | e - _ : : !
IDPRL+GCNN [25] 83.5 808 1 | 25-AGCN [52[+Attention 80.4 96.0 1
'ASGON [27] 86.8 942 V| MSAWGCN(urs) _ _ _ _ ___ 03 _________3%4 _]
TAGCN [16] 88.5 95.1 !

| AGC-LSTM [26] 892 950 !

;IVIS—AAGCN (ours) 90.0+ 0.109  96.24 0.095 ;
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Conclusion

Skeleton-based human action recognition task 0| Aq ...

GCN= M E%t networkk 822 = 5 20| BO| E[AS

ST-GCN2| 82 GCN= &l spatial feature & extraction 2

ST-GCN O| 2 0f| = spatial-temporal module T+Z& HZE 2 attention mechanism,

architecture 4, Multi-stream network 78 &= S0l 40| YN AS

« Action recognition & & X site

- https://niais.github.io/Awesome-Skeleton-based-Action-Recognition/

E-gd Rk
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