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«» Human Pose Estimation
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https://www.quytech.com/blog/human-pose-estimation-technology/
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Overview

Human body models
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« Contour-based model
» Skeleton-based model

* \olume-based model

]

Contour-based model

Chen, Y., Tian, Y., & He, M. (2020). Monocular human pose estimation: A survey of deep learning-based methods. Computer Vision and Image Understanding, 192, 102897.
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Human body models
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«  1970LY, Stanford2t SRIOA "BE ZHX|= Thel 7|5t HEfz #9 7HSSIoE 2= 74

== X OF
Generalized Cylinder Pictorial Structure
(Brooks & Binford, 1979) (Fischler & Elschlager, 1973)
http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecturel.pdf
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Human body models
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orientation
Histogram of Gradients Deformable Part Model
(Dalal & Triggs, 2005) (Felzenswalb, McAllester, Ramanan, 2009)
http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecturel.pdf
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Human body models
<~ g7 3T - )
« Contour-based model

» Skeleton-based model

* Volume-based model

Skeleton-based model Volume-based model

Chen, Y., Tian, Y., & He, M. (2020). Monocular human pose estimation: A survey of deep learning-based methods. Computer Vision and Image Understanding, 192, 102897.
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Human body models

+» Skeleton-based model
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Overview

Human body models

+» Skeleton-based model
*  Part(joint, key point): 2

«  Limb(part pair, part connection): & 2+ AtO| A
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Overview

Human body models

»» Volume-based model
3D body shape %! 3D pose
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« 3D mesh O|O|EHE
= |:_|-7_||'_C'>_=I E(é.”—f% g% A|'—| S

v Mesh G|O|H

3D mesh modeling
https://en.wikipedia.org/wiki/Polygon_mesh

Polygonal mesh data
https://www.turbosquid.com/3d-models/mesh-male-body-t-pose-3d-model-1268686
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Challenges
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Challenges
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Golda, T., Kalb, T., Schumann, A., & Beyerer, J. (2019, September). Human pose estimation for real-world crowded scenarios.
In 2019 16th IEEE International Conference on Advanced Video and Signal Based Surveillance (AVSS) (pp. 1-8). IEEE.
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Applications
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Overview

Hierarchy of HPE

< Human Pose Estimation A4S &

Direct regression

Single Person

Heatmap-based
2D Pose Estimation
Top-down

HPE Multi-Person

Bottom-up
3D Pose Estimation
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Overview

Hierarchy of HPE
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Introduction to Human Pose Estimation

£ 20214 2% 26
3 214~
3 =212 HIC|2 AlH (YouTube)

HojLp B3R 27| —

¥ Introduction to Human Pose Estimation (2021.02.26)

Direct regression

Single Person

Heatmap-based

Top-down

Multi-Person

Bottom-up
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Overview

Hierarchy of HPE

** Intermediate Human Pose Estimation (2021.08.27)
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Overview

Input data and target(label)
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Nose
Left eye

Right eye

Right ear Left ear

Right wrist Left wrist

Right elbow Left elbow

Right shoulder Left shoulder

O QNN —
Right hip Left hip
Right knee Left knee
Left ankle

Right ankle

https://developer.apple.com/documentation/coreml/detecting_human_body_poses_in_an_image
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Evaluation metrics

+ 2D Single Person Pose Estimation 47| X| &

» Percentage of Correct Key points(PCK)
v B 3 zimel "W zteo| A7t YAIZECH XeH PHe R 2R
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® 0= gt
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d<02x%Xxb - True
d>0.2%Xb - False

http://koreascience.or.kr/article/JAKO202021853968943.pdf
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Evaluation metrics

«% 2D Multi Person Pose Estimation E7}X| &
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Summary

«» Human Pose Estimation
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Single Person Pose Estimation

Background

% Approach
 Hierarchy of HPE
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Single Person Pose Estimation
Background

% Approach

 Direct regression

v SR Y xaE Held 7|8 o= REE SO =78
v Held d-ES HPE 2010 Z|Z== X8t DeepPose(2014, CVPR) ==0| CHEZ

Deep Learning-Based
Pose Regressor

.

Input image Key points 2D pose image

Direct regression method
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Single Person Pose Estimation
Background

% Approach

Direct regression
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Single Person Pose Estimation
Background

% Approach

Heatmap-based
v 28 & It o

2} £HHO| LIEME &8 (heatmap)e =3
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2D HPE

network E>

Part
association

Input image

Body part heatmaps

2D pose image

Heatmap-based method
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Background

% Approach

* Heatmap-based
v 22 E ztE i ZF 2PE0] LIEHE 2 (heatmap)= 8
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Input image

Heatmap regression method
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Background

% Approach

* Heatmap-based
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Heatmap regression method
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Single Person Pose Estimation
Background

% Approach

* Heatmap-based
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Single Person Pose Estimation

Introduction

+» Convolutional Pose Machines

 2016'A IEEE conference on Computer Vision and Pattern Recognition0| A &1

«  XX=2 CMU(Carnegie Mellon Univ)2| Robotics Institute 2=

* Pose Machines: Articulated Pose Estimation via Inference Machines(2014, ECCV)

« 20214 088 27¥ 7|EC £ 2198%| &

Convolutional Pose Machines

Shih-En Wei Varun Ramakrishna

shihenw@cmu.edu vramakrifics.cmu.edu

Takeo Kanade Yaser Sheikh

Takeo.KanadeBcs. cmu.edu yaserfics.cmu.edu

The Robotics Institute
Carnegie Mellon University

Abstract

Fose Machines provide a sequential prediction frame-
wark for learning rich implicit spatial models. In this work
we show a systematic design for how convolutional net-
works can be incorporated inte the pose machine frame-
work for learning image features and image -dependent spa-
tial models for the task of pose estimation. The contribution
af this paper is to implicitly model long-range dependen-
cies berween variables in structured prediction tasks such
as articulated pose estimation. We achieve this by designing
a sequential architecture composed of convolutional net-
waorks that directly aperate on belief maps from previous
stages, producing increasingly refined estimates for part lo-
cations, without the need for explicit graphical model-style
inference. Our approach addresses the characteristic diffi-
culty af vanishing gradients during training by providing a
natural learning objective function that enforces intermedi-
ate supervision, thereby replenishing back-propagated gra-
dients and conditioning the learning procedure. We demon-

strate state-of-the-art performance and outperform compet-
fare mmathade am ctandaed hanobhoawla fnalodiaa sha AADIT

Rrgsat Image 1) Stage 1 (b} Saage 2 ) Stage 3

Figure 1: A Convolutional Pose Machine consists of a sequence of pre-
dictors trained to make dense predictions at each image location. Here we

show the increasingly refined estimates for the location of the right elbow

in cach stage of the sequence. (a) Predicting from local evidence ofien
causes confusion. (b) Multi-part context helps resolve ambiguity. (c) Ad-
ditional iterations help converge to a certain solution.

of each part. At each stage in a CPM, image features and
the belief maps produced by the previous stage are used
as input. The belief maps provide the subsequent stage
an expressive non-parametric encoding of the spatial un-
certainty of location for each part, allowing the CPM to
learn rich image-dependent spatial models of the relation-
ships between parts. Instead of explicitly parsing such be-
lief maps either using graphical models [2%, 2%, 39] or spe-

TR Ty [ VR, W
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Single Person Pose Estimation

Background

» AT S

« CMU Robotics Institute®| A Human Pose Estimation & HICH7|

Varun Ramakrishna

Shih-En Wei

Zhe Cao ‘
Pose Machines Convolutional Pose Machines OpenPose
2014 2016 2017, 2019
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Single Person Pose Estimation

Pose Machines

+* Pose Machines

» Concept
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Pose Machines

+* Pose Machines

» Concept

M\
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Single Person Pose Estimation

Pose Machines
*+» Pose Machines
- X9 QI 0|0[X|(local image)2 &5 Al 20| 2t Hete Xt0|7t F
« [}2tA], Context MRl MA| £ HEE &850 & (X =4

Q
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Single Person Pose Estimation

Convolutional Pose Machines

«» Convolutional Pose Machines

«  Convolution 4AHE 7%l Receptive fieldS Edf| MH| 1= HEE &2
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Single Person Pose Estimation

Convolutional Pose Machines

+» Convolutional Pose Machines

- StageE YF=3}0] FZT heatmap?2| context WEE &&
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Single Person Pose Estimation

Background

% Receptive field
o« 2§ ERAo 4 O|O|X|of CHaK StLte| HHZF AHHE = = O|0X| o &7

»  Convolution Z{|0|H{E AX|HAM [ B2 SHS =&

/

3X3
filter

g s

Input image

Layer 1
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Single Person Pose Estimation

Background

% Receptive field

« Zp ©Ael &= O|0|X|of CHoH StLte| EE 7t HHE = A= O|0[X| FHo

=T
+ Convolution Z[0[01Z X|BIM o Be Hoig +8
3X3
filter
Input image
Layer 1 Layer 2
(3X3)
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Single Person Pose Estimation

Background

% Receptive field

« Zp BAel &= o[n|X|of CHof StLte| EEZF AHHME &+ A= O[0|X] SHo| €&

« Convolution 2{|O|0{E HX|HM O B2 FY2 +8

3X3
filter

Input image

Layer 1 Layer 2
(3X3)

Layer 3
(5X5)
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture — Stage 1
«  Convolution A4t2 &5l receptive field= S 2|0]0{0| M= localtt B4, 4] 20|02
7I'HM globaltt Y S sl

>
9X9 5
filter v

Input image
HXWXS3
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture — Stage 1
«  Convolution A4t2 &5l receptive field= S 2|0]0{0| M= localtt B4, 4] 20|02
7I'HM globaltt Y S sl

> —
9X9 5 §
filter v

Input image
HXWXS3
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture — Stage 1
«  Convolution A4t2 &5l receptive field= S 2|0]0{0| M= localtt B4, 4] 20|02
7I'HM globaltt Y S sl

> —
9X9 5 §
filter v

Input image
HXWXS3

. 60X60
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture — Stage 1
«  Convolution A4t2 &5l receptive field= S 2|0]0{0| M= localtt B4, 4] 20|02
7I'HM globaltt Y S sl

> —
9X9 5 §
filter v

HXWX3

: GOX60 ! 160X160
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture — Stage 1

»  Convolution 2{|0|0{E K|t receptive fieldOf A CE £ 2HEe| HEE oh 2 [, Ef
A =S 27| 0lg
CNN
160X160
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture — Stage 1

»  Convolution 2{|0|0{E K|t receptive fieldOf A CE £ 2HEe| HEE oh 2 [, Ef

AEs X7 80l

CNN
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture - Stage 1

« Convolution g4t &3l LI heatmap= 2H& 02 0%

Input image

Heatmap
(22 2=+ background)
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Single Person Pose Estimation

Convolutional Pose Machines

% Architecture - Stage 1

«  Convolution ¥4t Sl LI2 heatmap=

loss A Ak

Input image

Heatmap

(2 2=+ background)

Loss A4t
<
P+1 2 (x%,y)
MSE = 22 I bY (z) — bY(2) 113 p: B
=1z€eZ i: stage
Ground truth



Single Person Pose Estimation

Convolutional Pose Machines

% Architecture — Stage 22
- Stage 202 Y M+ stage 101 42| heatmap= H2HSH context feature2t &2 O|0|X|

£ XHA} convolution S4t2 7%l 0|0|X| feature

5 s |

Input i
nput image Stage 1 Heatmap

Context feature

D —

-
B

Image feature
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Convolutional Pose Machines

% Architecture — Stage 22

« Stage 10{| A2t OFEEZHX| 2 O Z 3t heatmapdt ‘& heatmap1te| XtO|E Sdlf =4 4f A4t

Input image Stage 1 Heatmap

Context feature

Image feature
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Convolutional Pose Machines

% Architecture — Stage 22

o Stage 6HIM7IX| Z2 422 XS

» Stage 6HR|IEX|2| & &4 &S =0

-
s |

Input image Stage 2 Heatmap
®

—

Image feature

Context feature

Image feature
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Single Person Pose Estimation

Pose Machines
% Comparison

7| Pose MachinesOf|A{2| O|O|X] feature = histogram of gradient W2 2 ‘44

*  Heatmap A 0|=, 2%kst A4t 3PH 2 (fixed hand-crafted) 3l context feature 444

Stage | Stage |l Stage Il
Image Confidence Maps Image Confidence Maps Image Confidence Maps

HoG Random Forests
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Convolutional Pose Machines

% Comparison

*  7|Z Pose MachinesOf|A{2| O|O|X| feature X context featureS CNN= Z8310] 44

Stage | Stage Il Stage lll
Image Confidence Maps Image Confidence Maps Image Confidence Maps
Features Features - Features

. Context
o Features
m
L’
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Single Person Pose Estimation

Convolutional Pose Machines

+»» Limitation

O|O|X| L} G2] AFES0| EXT o, o2 AtE2
22 ZES BXol= A2 oldE
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Single Person Pose Estimation

Convolutional Pose Machines

%+ Limitation

- CPM2| oA EE 22 8l 715t OpenPose == 5%

OpenPose
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Multi Person Pose Estimation

Introduction

< OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields
« 2017'A IEEE conference on Computer Vision and Pattern Recognition0| A &1
« 2019 |EEE Transactions on Pattern Analysis and Machine InteIIigence01| BOHO|E T 7|
- XX=2 CMU(Camegie Mellon Univ)2| Robotics Institute 2~
« 20211 08¢ 272 7|Z=2 =2 7+7F 39143, 16853 Q18
*  MPPEO| A open-source libraryZ Z|Z= S70SHH, SiE ZOFO|M ChEHQ RE=Z X2[&S

OpenPose: Realtime Multi-Person 2D Pose
Estimation using Part Affinity Fields

Zhe Cao, Student Member, IEEE, Gines Hidalgo, Student Member, IEEE,
Tomas Simon, Shih-En Wei, and Yaser Sheikh

Abstract—Realtime multi-person 2D pose estimation is a key component in enabling machines to have an understanding of people in
images and videos. In this work, we present a realtime approach to detect the 2D pose of multiple people in an image. The proposed
method uses a nor ic rep ion, which we refer to as Part Affinity Fields (PAFs), to learn to associate body parts with
individuals in the image. This bottom-up system achieves high accuracy and realtime performance, regardless of the number of people
in the image. In previous work, PAFs and body part location estimation were refined simultaneously across training stages. We
demonstrate that a PAF-only refinement rather than both PAF and body part location refinement results in a substantial increase in both
runtime performance and accuracy. We also present the first combined body and foot keypoint detector, based on an internal annotated
foot dataset that we have publicly released. We show that the combined detector not only reduces the inference time compared to
running them sequentially, but also maintains the accuracy of each component individually. This work has culminated in the release of
OpenPose, the first open-source realtime system for multi-person 2D pose detection, including body, foot, hand, and facial keypoints.

Index Terms—2D human pose estimation, 2D foot keypoint estimation, real-time, multiple person, part affinity fields.

1 INTRODUCTION

I N this paper, we consider a core component in obtaining
a detailed understanding of people in images and videos:
human 2D pose estimation—or the problem of localizing
anatomical keypoints or “parts”. Human estimation has
largely focused on finding body parts of individuals. Infer-
ring the pose of multiple people in images presents a unique
set of challenges. First, each image may contain an unknown
number of people that can appear at any position or scale.
Second. interactions between people induce complex spatial

Copyright © 2021, All rights reserved. -59 - Data Mining
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Approach

« Top-Down ‘&4
- AEE A HXE o CHE 4 AFE>e| XM =3
M 2O 2 Mask-R-CNN(2017, CVPR) Z=X|

(@]
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Top-down approach

https://www.mimul.com/blog/realtime-multi-person-pose-estimation/
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Approach
< Bottom-up 24|
v O|O|X| W B2 S HX R[50 M2 HZGI0] Z= M| XM E =3
v Al HTE Deepcut(2016, CVPR) 7+ EXlotL, 7HE O[0|X| S Me[ot=H| R 2=0f|A{ O|O|X]|
Off et == Z=7tX| Z22l= EAIEO0[ £
v oigiM 2 =22 ol2fet Sk XS o= /20, T o[0]x|S HojM HIC|R S

XNEoM e E2 852 EY
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

“ Concept
«  Convolutional Pose Machines(CPM)= =5l O|0O|X| L{f At&io| 2t Q|X| =™ 7ts

- JBLf, 2% 2= W 2E7|2| HEots A2 o2 =X
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

“ Concept
«  Convolutional Pose Machines(CPM)= =5l O|0O|X| L{f At&io| 2t Q|X| =™ 7ts
- 2L}, 3ot 2= W 272 HE5t= AE 022 =X
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2| A7t 2l (False association)
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

“ Concept
 Part Affinity Fields(PAFs)
v Affinity fields2h 2XF2l HE| S-S 2[0[StH, §|X] Gt W HH = 1
- PARSE T TECICIH, &Y 21E W &FE 7t AAS SHIEA 5 7ts
C|IS
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture (2019 TPAMI HH7F)

-

Part Affinity Fields Part Confidence Maps
Input Image
Parsing Results Bipartite Matching
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture (2019 TPAMI HH7F)
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture — Part Affinity Fields

« VGG-192 &3l =72t feature maps= YU HZ Part Affinity Fields(PAFs)FE 78
5702| convolution blockd} 27H2| 1x1 EEHE AFE5tH= convolution layerE 71X PAFsE ‘47
- MM El PAFs@} PAFs ground truth 2t &4 ZF A4t O

v PAFs ground truth 44/d 182 appendix &=
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture — Part Affinity Fields
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture — Part Affinity Fields
« %|Z stageE 1M LI2 PAFs(LTP)= Part Confidence Maps(PCMs) I E9{39| Q& HeZ
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture — Part Affinity Fields
« Stages A|HO|| 2t M- =l E=(right forearm) PAFs

+ StageE H&g€E G BAE 2 = US

Stage 1 Stage 2 Stage 3
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture — Part Confidence Maps
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture — Part Confidence Maps
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture — Part Confidence Maps
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture (2019 TPAMI HH7F)
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Results
«  Bottom-up M WHO| CHEX baseline@! Deepcutdi H|oH =2 Fet-of 2 AL X2
N8 E0E

«  Top-down ™ Y| CHHEX baseline®! Mask-R-CNNOj| CiH| 253t 452 E0F

Method mAP s/image
DeepCut 595 485
OpenPose 75.6 0.005

MPII dataset
Method AP APt
Mask R-CNN 69.2 76.3
OpenPose 64.2 68.2

COCO dataset
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

+»* Results
o« J2{L} O|O|X| Li AFEre| =2| Z7t0f| HE AHAL =& ZHOJ|A] OpenPose?| =& Q1 A1t
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Multi Person Pose Estimation

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

%+ Results
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Conclusion

> AR
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«  Human pose estimation: 2172 2EE ZtHE 0| F5t= =X
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Conclusion

> AR

N

v Single person estimation Ll # ¥ 112[F: Convolutional Pose Machines(2016)

v Multi-person estimation Clil # ¥ 112|5: OpenPose (2017, 2019)
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

<% Architecture -Bipartite Matching(0|& Oi&)
«  Multi-stage CNN2 Sdlf 22 2{X|(PCMs)2F 2 AtO|Q] BISk - QK| HE (PAFs)E M- det

v' PCMs 1f PAFs & E9|l| 2t candidateE =

PAFs

PCMs
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture -Bipartite Matching(0|& O{%&)
«  Multi-stage CNN2 Sdlf 22 2{X|(PCMs)2F 2 AtO|Q] BISk - QK| HE (PAFs)E M- det

v' PCMs 1f PAFs & E9|l| 2t candidateE =

PAFs

PCMs Bipartite matching
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture -Bipartite Matching(0|& O{%&)
«  Multi-stage CNN2 Sdlf 22 2{X|(PCMs)2F 2 AtO|Q] BISk - QK| HE (PAFs)E M- det

v PCMs 1} PAFs £ &3l 22 candidateE =8
- SYQIE L 2H 7Ho| HZAE 2l Weighted Bipartite matching 7|2 AF23SH0] Atz ZkA
v EEZ node, T 710| A2 edge HHGHO] 0|23t T A4 O

Bipartite matching
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture -Bipartite Matching(0|& O{%&)
*  Multi-stage CNNZ &3l 2H2 2|X|(PCMs)2f 28 ALO[Q] BigE - 2|X| THE (PAFs)E ‘' det
v' PCMs 1} PAFs £ &3l 2t candidateE 8

- SYQIF Lf 2H 7ko| HZAES LIl Weighted Bipartite matching 7|2 AFESH] HAbgk 24

v 2AHO]7[0f HZE TSt E B2 oM S e 21F Ot LER FE U HE2 =7
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture -Bipartite Matching(0|& O{%&)
*  Multi-stage CNNZ &3l 2H2 2|X|(PCMs)2f 28 ALO[Q] BigE - 2|X| THE (PAFs)E ‘' det
v' PCMs 1} PAFs £ &3l 2t candidateE 8

- Y Q= L 2E 7to| AZAZ 2l Weighted Bipartite matching 7|2 AFHESH A A2 ZHA

PCMs Bipartite matching
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

< Architecture -Bipartite Matching(0|& O{%&)
. Multi-stage CNNZ S5 2 SIXI(PCMs)2t 28 AfO|9] 35 - ©1X| H(PAF)S AATE:

= o [oNe]
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture - Merging
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture - Merging

* Bipartite matching= Sdfi 7+t 22 40| O Abgfe| 2= eIX| Z2785= 2|
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Appendix

OpenPose: Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields

% Architecture - Merging
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Appendix

Human Action Recognition

% Human Action Recognition(HAR)
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Appendix

Human Action Recognition

% Human Action Recognition(HAR)

 Action classification2 AFHO|| Ha| Xl &l
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 Action detection2 &=2| A|Zt £ K|

Action Representation methods
Action Classification <
Human Action

Interaction Recognition methods
Recognition

Human Pose Estimation
Action Detection
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