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Human Pose-and Activity Recognition .

Human Pose and Activity Recognition

Human paose s« presents a configuration of a e ™
human bodyin3 -D HAR Engine
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Human paose secognition aims to recover § >

human body poses using data acquired by
external sensors

Human activitywecognition (HAR) aims to
recognize activities (i.e., patterns of
movements of the human body) of a person

Human pose recognition can provide info
about human body configurations changing
over time to distinguish different human
activities
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Human Pose Recognition: Wearable:Sensor I E

[ Human Pose Recognition ]

l

Non-optical Based with
Wearable Sensor

Features:

V Able to operate indoors or
outdoors

V Sensors are attached on an
exoskeleton, a suit or a human
body
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Human Pose-Recaognition: Marker Based

[ Human Pose Recognition ]

\ 4

e clelie sl Sl Optical Based (Video Based)
Wearable Sensors \

[ Maker Based ]

Features:

V Fast processing speed and high
accuracy

V EXxpensive equipment (most

Special cameras are utilized to record motion of ~ SySt€ms)
markers, reconstructing human body poses
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Human Pose Recaognition: Multiview Based

[ Human Pose Recognition ]

\ 4

R e a=Edewith Optical Based (Video Based)
Wearable Sensors
Maker Based [ Makerless Based]
G et
“_sv o5
Tk |
1 . ] [ Multi-view Based]
A B s SN Features:

V Able to reconstruct both human

+ 2N MY | | body shapes and poses
r f f r r /r ¢1 V Complicated setups with calibration
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Human Pose Recaognition: Monocular:Camera :

[ Human Pose Recognition ]

\ 4

Non-optical Based with : _
Wearable Sensors [ Optical Based (Video Based)]

\ 4

Maker Based [ Makerless Based]

Left Shoulder

Features: |
V Simple installation [ Single-view Based ] Multi-view Based

V Ambiguity of 2-D  Srereeanes
Information
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Human Pose Recognition: Focused-Research :

[ Human Pose Recognition ]

\ 4

Non-optical Based with : _
Wearable Sensors [ Optical Based (Video Based)]

\ 4

Maker Based [ Makerless Based]

x Focused Research l

Single-view Based Single-view Based
with Stereo Camera with Normal Camera

Nonparametric Parametric
Approaches Approaches
=
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Human Pose Recaognition. Stereo Camera ii

Stereo camera consists of oo BUMblebee2
two lenses to capture a pair —
of Images each time

Correspondences between two images are
combined to estimate depth information,
decoded in a gray scale image (depth image)

Features:=: Capable of estimating 3 -D info and flexible
to be deployed, thus applicable to such areas as
human -computer interface, games, surveillance, etc.

This thesis work focuses on the uses of stereo camera
for human pose and activity recognition
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Human Pose Recognition Using StereaCamera:
Nonparametric Approach

Nanparametrictapproach
Candidate poses are generated to
match with a query image

Most previous studies proposed to
estimate human poses from stereo

Images were based on this approach

Features:

V With candidate poses created in advanced, large pose
databases and efficient pose retrieval algorithms are

needed (1]

V With candidate poses created online, human motion
needs to be learned to limit the number of created
poses 2]
mn
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Human Pose Recognition Using Stereo-Camera:

Parametric Approach

Parnametricrappreach ; ;

Establish a parametric - ﬁ |

based formulation and \\Q\

apply mathematical tools ﬁ\parameter;  Compatible probabilty

for finding solutions Bl human poses

Few attempts have concerned this approach to directly
recover human poses from stereo images

Model -data registrationiusing hidde variables 4 (i.e.,
auxiliary variables mapping point -to-point, -to-mesh, or -to-
model) is one of possible ways

However, a generalized formulation of this method to exploit
information from stereo images to estimate human poses has
not been developed
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HAR: Binary Sithouette Features

Activity | Feat 4 Recognize
ctivity Image Background i eature ompute Activi ;

eature " ctivity with

seauence = () B "s;qeucgge" of #Irl;?::(;) I?I?\;ISMS Maximum
Likelihood

2
Video-based HAR m

A Previous HAR with hidden Markov models (HMMs ) uses binary
silhouettes as features to distinguish different human activities

A Different 3 -D human body poses may appear in the same binary
silhouette, affecting the recognition rates of a HAR system

A Exploring better featufes:for HAR remains an active topic and
open to all researchers in fields of computer vision
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Motivations

Mativations ofsApplications

Wide applicable areas motivate us to develop a marker -less
system to recognize human poses and activities using stereo
camera

Mativations ofsHumam Pose Recognition

New parametric -based method allows us to directly estimate
human poses from stereo images without creating exemplar
poses for matching

Flexible and efficient model  -data registration allows us to
integrate more info from depths and RGB images for human
pose recognition from stereo images

Mativations ofsHAR

New feature with body joint angles allows us to improve
accuracy of parametric  -based HAR with HMMs
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Proposed 'Human Pose-Recognition

Human Pose Recognition System

W

Human body
pose

Human Pose

Estimation

~

Establish a probabilistic formulation between stereo data and
a human model using  model/-data:registrationwith/hidden
varniables

Define elements of probabilistic formulation including
smoothness constraints, RGB likelihoods, geodesic
constraints, and reconstruction errors

Develop co -registration algorithm to fit a human model to
stereo data by apply  vaniationala! expectation maximization
(VEM) on the defined probabilistic formulation
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Proposed HAR

A sequence of human poses are estimated from a

sequence of stereo images <
Joint angles of recovered poses are used as new i}'\“"
features to classify human activities
. . . Stereo
Apply HMMs to model and recognize time sequential G
features
HAR System
Walking )
. . . . Joint angles of a sequence of human body
AAL A A poses are obtained
AN I N A
Running Apply HMMs 7 | w
T I I S to Recognize .
./'\\__ ‘/\[ \,'\l_ ‘/'\\_ Sequential Estimation
] Patterns
Playing golf
‘ Activity label
@9 Kyung Hee 15

— University



Recovering:3 --D Human Body Poses
from Stereo Images
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Methodology

/—\

Methodology to recover human body e

poses from depths Ellipsoid model for
: : computation
V Estimate depths from stereo images
V Design human model
Synthetic human
V Formulate probabilistic registration problem odel for S,mu|at,on

with hidden variables
V Derive a co-registration algorithm with VEM

e i

(i
| ’&
F 4 \
—. '._,:,# Refine é
. s ..

Estimate depth image Co-registration Final recovered pose
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Stereo Matching Algorithm HE

For eaclepipolarline
For each pixel in the left image
V Compare with every pixel on samapipolarline in right image
V Pick pixel with minimum match cost

Improvement: Sparse searching with growing corresponding seed
tn (GCS) algorithm

EX3
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Compute-Depth' Values -

Disparity (depth) image

X
X_____—‘——_ﬁ_—
yA 3-D data of depths
: : baselinex
disparity = x — ' = ~ /

c baseline g
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3-D Human Madel:-Whole>/ ~-body Model i

Presented by a single deformable
surface for the entire body

Originally developed in the
computer graphics for animations
and virtual reality applications

Soft object

Complicated to design and animate
with the requirements of high
accuracy of input source (multiple
cameras, 3 -D laser scanner, etc.)

Slow processing (e.g , about
30s~1min per frame)

SCAPE (Shape Completion and
Animation of People)
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3-D Human Maodel:Body ' -part:Model

Body - part models present each part as a rigid surface
attached to a joint of the kinematic tree

These models are convenient to control and yield success
for articulated human pose estimation and tracking

Commonly used representations include geometric
primitives like cylinders, truncated cones, ellipsoids,
polyhedrons or superquadrics

Ellipsoids Truncated cones Superquadrics

&3
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Our Body -part‘Model: Ellipsoid i

The 3 -D human model is defined by a set of
ellipsoids 7]

Each ellipsoid is controlled by a kinematic chain
of rotation angles

Q19 — Qn(ﬁn)Qn 1( ) Ql(ﬁl)

V 14 segments

joint Japt
V 10 ellipsoids 7{\\ \
V 9 joints

V 2 DOF at each ottt it
joint |
joi

V Total 24 DOF e
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Model - depth Registration with/Hidden Variables

Each 3 -D point of

depths should find its
2‘6[;%?3 of correspondent

ellipsoid (a body part)
of a human model

Hidden variables are
defined as body -part
labels of each point

%3
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Probabilistic Formulation to'Recover Human Poses ii

Let D=(X,X,, é ,)Xlenote M points of 3 -D data
| for RGB images

Let V=(v,v,, € ) We the body part assignment v, for
each point i of 3 -D data (used for ellipsoid
registration)

U = (Vh,72,...,79) are kinematic parameters

Probabilistic relationship between anv V given |
and D

P(V,9|I,D) x P(V)P(I|V)P(D|V)P(D|V. )

Fi
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Elements of the Probabilistic Formulation i i

_—

A Smoothness prior  P(V): Drive the
label of a pixel toward the
dominant label of its neighbors

e’ if v; = vy
P[:“L'f._ Uj) =
1 if 1y # vy

_—

_—

A Image likelihood P(I|V): Use RGB
cues to provide extra information

of labels, e.g.

" pixel 7 detected as 'face’

P(I|v; = head) = {

1 otherwise

mn
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Ellement s of t he Probabi |1 s*®i

Geodesic constraint  P(D|V): Two
points with their corresponding

label pair should not be too far or
too close

e™  d(vi,vj.) < dmin(Vic, Vj.)

Pgea(Dh"i: 1"jr_~) -

e=P d(Vie, V5.) > dmaz(Vie, Vj.)

The geodesic distance is
approximated by the shortest
path distance in a graph
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Ellement s of t hhe Probabil

Reconstruction error P(D|V, )

Measure the errors (Euclidean
distance) between ellipsoids of
model and 3 -D data of depths

M ,
P(DIV,d)=|]|e 27
i=1

e 1
5 0 V(;O 5

5

Finding the nearest of onel3point requires Finding the nearest of onel3point is
a sixthdegree polynomial equatih simplified by using gradient methods
'
Exd
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Co-registration Algorithm /'with VEM i

The kinematic parameter 1}f a human body
posture is found to be the root of an optimal
problem

¥ = argmax, Z P(V, 9|1, D)
v

VEM is applied to solve this problem with two main
steps
V VE-step

V M-step (Model fitting) VE-step
Two steps are iterated until the (

algorithm converges toward an

estimated pose (co -registration) M-step

mn
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Variational:/ E-step (VE -step) i

Estimate the posterior  P(V|9, I, D)lden
variables V

The approximation of  P(V|9, I, D)timated by
variational method

Q(V) x P(V|9.1.D)

VE-step approximates the distribution of
body-part labels
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M-step (Model Fitting) ii

J* = argmax, Eq ) |log P(V, 9|1, D),

The kinematic
parameter is estimated
to fit an ellipsoid to its
corresponding body part
(a cloud of 3D points)

Single ellipsoid fitting Whole human body fitting
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