
International Journal of Information, Control and Computer Sciences

ISSN: 2517-9942

Vol:9, No:11, 2015

2397

 

 

 
Abstract—Human action is recognized directly from the video 

sequences. The objective of this work is to recognize various human 
actions like run, jump, walk etc. Human action recognition requires 
some prior knowledge about actions namely, the motion estimation, 
foreground and background estimation. Region of interest (ROI) is 
extracted to identify the human in the frame. Then, optical flow 
technique is used to extract the motion vectors. Using the extracted 
features similarity measure based classification is done to recognize 
the action. From experimentations upon the Weizmann database, it is 
found that the proposed method offers a high accuracy. 

 
Keywords—Background subtraction, human silhouette, optical 

flow, classification.  

I. INTRODUCTION 

 HE analysis of human body movements can be applied in 
a variety of application domains, such as video 

surveillance, video retrieval, human computer interaction 
systems and medical diagnoses. In some cases, the result of 
human action analysis can be used to identify people acting 
suspiciously and other unusual activities directly from videos.  

Monitoring activities of daily living is gaining interest  
because of the growing  population  of  elderly  people  and  
their  need  for  care. A system that contributes to the safety of 
elderly at home is therefore more than needed. The analyzing 
of human behavior and looking for the changes in the 
activities of the daily living is essential for the medical 
professionals to detect emerging physical and mental health 
problems, before they become critical particularly for elderly. 
The human action recognition is necessary in shop 
surveillance, city surveillance, airport surveillance and in other 
places where security is the prime factor. 

The presented method can be applied for sports video 
analysis like race walking. Race walking is an Olympic 
athletic event and it is different from running. Using this 
method the system can recognize whether the race walker is 
walking or running. 

The remainder of this paper is the discussion of the 
presented scheme. Section II discusses the related literature. 
Section III explains the presented method. Section IV 
discusses the experimental results. Finally, Section V 
concludes the paper. 
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II.  LITERATURE REVIEW 

Bobick et al. [1] presented temporal templates through 
projecting frames onto a single image, namely motion history 
image (MHI) and motion energy image (MEI). MHI indicates 
how motion happens and MEI records where it is. This 
representation gives satisfactory performance under the 
circumstance where the background is relatively static. 

Oikonomopoulos et al. [2] focused on the problem of 
human action recognition using spatiotemporal events that are 
localized at points that are salient both in space and time. The 
spatiotemporal points are detected by measuring the variations 
in the information content of pixel neighborhoods not only in 
space but also in time. The classification scheme uses 
Relevance Vector Machines and on the chamfer distance 
measure. The classification results are presented for two 
different types of classifiers, displaying the efficiency for the 
representation in discriminating actions of different motion 
classes. 

Oikonomopoulos et al. [3] developed a new set of visual 
descriptors that provide a local space-time description of the 
visual activity. The descriptors are extracted at spatiotemporal 
salient points detected on the estimated optical flow field for a 
given image sequence. 

Danielweinland et al. [4] presented an overview and 
categorization of the approaches used. Feature extraction, 
action learning, action segmentation, action classification are 
the stages involved in action recognition. Feature extraction is 
used to extract the postures and the motion cues from the 
video. Action learning is the process of learning statistical 
models from the extracted features. The statistical models are 
used to classify new feature observations. Action 
segmentation is used to cut the streams of motions into a 
single action instances that are consistent to set of initial 
training sequences used to learn the models. 

Droogenbroeck et al. [5] proposed a technique for motion 
detection that incorporates several innovative mechanisms. 
This technique stores, a set of values for each pixel taken in 
the past at the same location or in the neighborhood. It then 
compares this set to the current pixel value in order to 
determine whether that pixel belongs to the background, and 
adapts the model by choosing randomly which values to 
substitute from the background model. 

Laptev et al. [7] combined the histograms of optical flow 
(HOF) and histograms of oriented gradients (HOG) as a 
descriptor, which is demonstrated to be better than either of 
HOG or HOF as a single descriptor. 

Aggarwal et al. [8] gave an overview of various methods 
used prior to 1995, in articulated and elastic non rigid motion. 

Human Action Recognition System Based on 
Silhouette 

S. Maheswari, P. Arockia Jansi Rani 

T



International Journal of Information, Control and Computer Sciences

ISSN: 2517-9942

Vol:9, No:11, 2015

2398

 

Af
ap
sh
ap
sh

rep
co
pi

in
fra
we
ap
M
mu
an

m

co
co
to 
th
un
ro

th
im
vi
co
se
re
ob
se
us

fra

fter a good 
pproaches with
hape models 
pproaches are 
hape model.  

Yamato et a
presentation 

omputes for ea
xels. 
K. Schindle
formation and
amework. For
eighted and 

pplied to learn
Majority voting
multi-class exp
nd Weizmann 

Keigo Taka
modeling tech

 

 
Pantic et al. 

omputing” or 
omputing is to
 adapt automa
e context in 

nderstanding 
obustness, spee

Deepak et al.
e selected obj

mage sequence
deo stream 

onstructed. Th
elected by en
ctangle and b

btained result
elected thresho
sing Linear Pre

R. Polana an
amework alon

Input Video

Training/Te

d overview o
hin articulated

are describ
described in t

al. [9] propos
computes a 

ach cell the ra

er and van 
d Gabor filte
r each frame
concatenated.
n the most di
g yields a final
eriments. Res
dataset. 

ahara [11] p
hnique. First

[14] defined h
“ambient int

o sense certain
atically to the
which they a
the human 

ed, training an
 [15] recogniz
ject over the 
es. Initially the

is subtracted
he object whic
nclosing the 
by using spa
ts after subtr
old value to p
ediction techn

nd R. Nelson 
ng with an ac

o 

esting 

of various m
d motion with
bed. Then th
two categories

sed the silho
grid over t

atio of foregro

Gool [10] 
er responses 
, both types 
 PCA over 
scriminative f
l class label fo
sults are carrie

proposed a r
tly, a back

Fig. 

human compu
telligence”. T

n behavioral cu
ir typical beh
act. The tech

behaviour 
nd validation is
zed the human
consecutive fr
e background 
d and its b
ch is needed 
required pix

atiotemporal i
raction are c
predict the typ
nique. 

[16] proposed
ction represen

Optical F

Frame Split

motion types
h or without a
he elastic m
s with and wit

ouette images
the silhouette
ound to backg

used optical 
in a human-c
of informatio
all pixel valu
feature inform
or a full seque
ed out on the

robust backg
kground mod

1 Architecture o

uting as “ubiq
The key for h
ues of the use
avioral pattern

hnical challeng
are initializ

ssues. 
n actions by tra
frames of gray

motion of the
binary image
to be monito

xels with bou
interest points
compared wit
pe of human 

d a human tra
ntation using s

Flow 

t 

 

s, the 
a priori 
motion 
thout a 

. This 
e and 
ground 

flow 
centric 
on are 
ues is 

mation. 
ence in 
e KTH 

ground 
del is 

esta
Sec
diff
mod
fram
mod
mas
to a

M
the 
desc
then
mom

M
met
(MA
tem
of c
acti

of Human Actio

quitous 
human 
ers and 
ns and 
ges in 
zation, 

acking 
y scale 
e input 
es are 
ored is 
unding 
s. The 
th the 
action 

acking 
spatio-

tem
desc
mat
peri

T
ever
fram
of t
ROI
mor
nois
extr
acti

A

T
inpu

Preprocessing

ablished accord
ondly, the m

ference betwe
del. Object de
me that cannot
del, and outp
sk. Finally, th
adapt the varie
M. Blank et a

shape carve
criptors based
n aggregated 
ments. 

M. Rodriguez
thod in whic
ACH) filter is

mporal volumes
capturing intr
on MACH filt

on Recognition 

mporal grids 
criptor is co
tching agains
iodic actions th

The presented
ry frame as 

mes and then 
the image. Ba
I (i.e., hum
rphological pr
se from the hu
ract the motio
on is recogniz

A. Input Select

The input vide
ut videos are r

g 

 Motion Vec
Feature

ding to the tem
moving object
een the curre
etection helps 
t be adequatel

puts them as 
he background
ty of the moni

al. [12] repres
ed by its silh
d on the Poisso

into a glo

z et al. [13]
ch a maximu
s generalised t
s in the freque
ra-class variab
ter for a given

System 

of optical f
omputed for 
st reference 
he final action

III. PROPO

human action
follows. First
it is pre-proce

ackground Sub
man silhouet
rocessing is d
uman silhouet
on features. T
zed. This proce

ion 

eos are taken
recorded in a 

Background 
Subtraction 

ctor 

mporal sequen
ts are detect

ent frame and
to identify p

ly explained b
a binary can

d model is up
itoring scene. 
ented an actio
houette in ti
on equations a

obal descripto

 introduced 
um average c
to analyse vid
ency domain. 
bility by synt

n action class. 

flow magnitu
periodic mot
motion temp

n can be determ

OSED WORK 

n recognition 
t, the input v
essed to impro
btraction is d
tte) of ever
done to remov
tte. Optical flo
Then using s
ess is describe

n from Weizm
homogeneous

Acti
usi

nce of the fram
ted based on
d the backgro
pixels in the v
by the backgro
didate foregro

pdated periodi

on by conside
ime. Local s
are computed,
or by compu

a template-b
correlation he
deos as 3D Sp
MACH is cap
thesizing a si

udes. The ac
tion patterns.
plates of kn
mined. 

system proce
video is split 
ove the bright

done to extrac
ry frame. T
ve the artifact
ow is employe
similarity mea
ed in Fig. 1.  

mann Dataset. 
s background 

ROI Extracti

on Recognitio
ing Similarity 

measure

mes.  
n the 
ound 
video 
ound 
ound 
cally 

ering 
hape 
, and 
uting 

based 
eight 
patio 
pable 
ingle 

 

ction 
. By 
nown 

esses 
into 

tness 
t the 
Then 
ts or 
ed to 
asure 

The 
with 

ion 

on 



International Journal of Information, Control and Computer Sciences

ISSN: 2517-9942

Vol:9, No:11, 2015

2399

 

a 
jac
is 
Sp
 
 
 

as
sp
th

of
pr
to 

ex
in
ph
m
ba
fo

wh
inp

ba
ar

no
is 
un
clo
hu

pr

static camera
ck, wave, and 

downloaded
paceTimeActi

Type: VLC
Resolution:
Frame rate:

B. Frame Spl

A movie fram
s a part of a la
plit into frame
at are projecte

C. Preproces

The preproce
f the image. 
rovide better r
 remove the n

D. Backgroun

Background 
xtract ROI nam
formation is 

hases in ba
modeling and fo
ackground m
oreground obje

 

݂ሺݑ,

here p(x, y) is
put frame. 
The resultan

ackground wit
re analyzed to 

E. Morpholog

ROI (i.e., hu
oisy. In order 

applied. Mor
nwanted porti
osing is used 
uman silhouett

 

Fig. 2 S
 
As silhouette

rovides strong 

a. The input v
d jump with run
d from: ww
ons. The prop

C media file (. 
: 180 x 144 
: 25 frames pe

lit 

me is a single 
arger video or
es. Frame rate
ed or displayed

ssing 

essing is perfo
The brightnes

results. The Ga
noise in the inp

nd Subtraction

subtraction is
mely the hum
used for fur

ackground su
oreground det

model are dif
ect (i.e. the hum

ሻݒ ൌ ݂ሺݔ, ݕ

s the backgrou

nt binary for
th white silhou
recognize the 

gical Processi

uman) detected
to remove tha
rphological er
ons other tha
for filling th

te is extracted 

Silhouette after 

es describe th
cues for actio

videos includ
n actions. The

ww.wisdom.we
perties of the in
avi) 

er second.  

picture or still
r movie. Here
e refers to the
d per second.  

formed to imp
ss of the ima
aussian filter i
put. 

n  

s a method u
man from the i
rther processi
ubtraction na
tection. The cu
fferenced to 
man). 

ሻݕ െ ,ݔሺ݌ ሻݕ

und pixel, f(x, 

reground obje
uette informat
human action

ing 

d after backgr
at noise morph
rosion is used

an the ROI. T
he holes in th

clearly.   

Morphological

he outer conto
on recognition

de walk, run, 
e Weizmann D
eizmann.ac.il/v
nput videos ar

l shot, that is 
e, the input vi
e number of f
 

prove the brig
age is improv
is used in this

used to identif
input video an
ing. There ar
amely, backg
urrent frame a

create the 

ሻ                     

y) is the pixel

ect contains 
tion. The silho
ns.  

round subtract
hological proc
d for removin

Then Morphol
he ROI. Finall

 

l Processing 

ours of a pers
. 

 

jump, 
Dataset 
vision/ 
re: 

shown 
ideo is 
frames 

ghtness 
ved to 
 phase 

fy and 
nd this 
re two 
ground 
and the 
binary 

     (1) 
	

l in the 

black 
ouettes 

tion is 
cessing 
ng the 
logical 
ly, the 

son, it 

F

M
visi
Her
ROI
emp
com

T
opti
obta

G

In
acti
proc
desc
1)

2)
3)

4)

5)
6)

7)

8)

9)

10)

H

In
the 

F. Optical Flow

Motion estima
on problems. 

re the optical 
I (i.e., human
ployed for co

mputed betwee

The optical flo
ical flow betw
ained in this p

G. Training Ph

n the training
on are introd
cess carried 
cribed through
Read the inp
where m and
for every seq
frames in the
The Gaussian
Background 
human) in ev
Morphologic
clearly. 
Optical flow 
As a result o
for the input 
The mean, s
for the obtain
The features
concatenated
Store the feat
action. 
Repeat the st

H. Testing Pha

n the testing m
following step

w 

ation is requir
Optical flow 
flow is appl

n silhouette).
omputing opti
en the current 

Fig. 3 Op

ow uses an it
ween the frame

hase. 

hase 

g mode, video
duced to the a

out in this 
h the following
put video in m
d n represent th
quence respec

e video.  
n filter is appli
subtraction is 

very frame of t
cal processing

is computed f
of optical flow
video. 

standard devia
ned Motion ve
s mean, stand
d to produce th
ture vector wi

teps 1 to 9 for 

ase 

mode, the inp
ps: 

red for solvin
is used for m

ied after clea
. Horn Schun
ical flow. Th
frame and the 
 

ptical Flow 
 

erative proces
es. The motio

os representing
action recogn
action recog

g steps.  
matrix M of 
he number of 
ctively and k 

ied to enhance
done to detec

the input video
g is done to 

for the ROIs o
w, motion vec

ation and vari
ectors. 
dard deviation
he feature vect
ith their labels

every input. 

put video is te

ng many comp
motion estima
arly extracting
nk method [6
he optical flo
 nth frame bac

ss to calculate
n vector featu

g different hu
nition system. 
gnition system

size (m x n x
rows and colu
is the numbe

e the input vid
ct the ROI (i.e
o. 

extract the 

of the entire vi
ctors are obta

iance is comp

n and varianc
tor. 
s representing 

ested accordin

puter 
ation. 
g the 
6] is 
w is 
k. 

 

e the 
ure is 

uman 
The 

m is 

x k), 
umns 
er of 

deo. 
., the 

ROI 

deo. 
ained 

puted 

ce is 

each 

ng to 



International Journal of Information, Control and Computer Sciences

ISSN: 2517-9942

Vol:9, No:11, 2015

2400

 

1)

2)

3)

of

co
co
th
th

Do

Jum

nu
co
fa
fo
 

 

) Read the in
where m an
for every s
frames in th

) Repeat the 
feature vect

) Classificati
vector and 
Euclidean 
calculated u

 

݀ ൌ ඥ
 
The minimum

f the input vide

In order to ev
onducted on 
onfusion matri
e action reco
at actions such
 

Actions R

Run 1

Walk 

Jump 

Skip 
ouble sided 

wave 
mp with Run 

 
Recognition r

umber of true
onfusion matri
lse matches. R

ormula 

  ܴܴሺ%ሻ ൌ

nput video in
nd n represent 
sequence resp
he video.  
steps 2 to 8 i
tor of the inpu
ion: The distan

the stored fe
distance. The
using the form

ඥ∑ ሺݔ௜ െ
௡
௜ୀଵ

m distance cor
eo. 

IV. EXPERIM

valuate the pro
Weizmann 

ix. Confusion
ognition system
h as skip and j

TA
CONFUS

Run Walk 

10 0 

0 10 

0 0 

0 0 

0 0 

0 0 

Fig. 4 Chart fo

rate is calculat
e matches and
ix shows the 
Recognition R

ൌ
ே௨௠௕௘௥	௢௙

்௢௧௔௟	௡௨௠

n matrix M of
t the number o
pectively and 

n the training
ut action. 
nce between t

feature vector 
e Euclidean d

mula 

െ        				௜ሻଶݕ

rresponds to t

MENTAL RESU

oposed metho
database. Ta

n matrix asses
m. The confu
jump with run

ABLE I 
SION MATRIX 

Jump skip 

0 0 

0 0 

10 0 

0 9 

0 0 

0 1 

 

or Recognition R

ted for each ac
d number of 
number of tru

Rate (RR) is c

	௖௢௥௥௘௖௧	௠௔௧௖

௠௕௘௥	௢௙	௔௖௧௜௢௡

f size (m x n
of rows and co
k is the num

 phase to obta

the resultant f
is measured 

distance meas

                 

the estimated 

ULTS 

d, the experim
able I show
sses the accura
usion matrix 
n are confused

Double sided 
wave w

0 

0 

0 

0 

10 

0 

Rate  

ction on the b
false matches
ue matches an
calculated usin

௖௛௘௦

௡௦
	ܺ	100  

 

n x k), 
olumns 

mber of 

ain the 

feature 
using 

sure is 

    (2) 

action 

ment is 
ws the 

acy of 
shows 
.  

Jump 
with Run 

0 

0 

0 

1 

0 

9 

 

asis of 
s. The 
nd the 
ng the 

     (3) 

R
the 
acti

T
a ch
this 
prod

In
sim
is u
and 
afte
dist
hum
the 
resu
is a
wal
be c
data
In f
reco
hum

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

Recognition R
Recognition R
on is shown in

The accuracy o
hance of misc

action recog
duces 100% re

n this paper,
milarity measur
useful for real 
d medical diag
er extracting 
tance based si
man actions. T

performance 
ult demonstrat
able to differ
king and runn
conducted on 
aset which ev
future work, 
ognition in cr
man interactive

A. Bobick and 
temporal templa
Intelligence, 23(
Antonios Oiko
"Spatiotemporal
actions." IEEE 
(2006). 
Antonios Oikon
spline polynomi
Danielweinland,
Vision- Based M
Recognition”, O
Droogenbroeck,
subtraction algo
Processing, June
Enric Meinhard
Schunck Optica
On Line, 3 (201
I. Laptev, M. 
realistic human 
Vision and Patte
J. K. Aggarwal,
non-rigid motio
Articulated Obje
J. Yamato, J. O
sequential image
K. Schindler an
human action re
Keigo Takahara
Subtraction R
International Jou
2011: VOL.11 N
M. Blank, L. G
as space-time sh
M. Rodriguez, J
Maximum Aver
IEEE Conferenc
1–8, 2008. 

Rate is comput
Rate formula a
n Fig. 4. 
of the propose
classifying the
gnition system
esult. 

V. CONC

action is rec
re. The proces
time applicati

gnoses. In this
ROI to extra

imilarity meas
The experimen

of the prop
tes the potenti
rentiate the u
ning) with 10
other datasets

valuates the ro
this approach

rowded enviro
e behaviour re

REFER

J. Davis. The r
ates. IEEE Transa
(3):257–267, 2002
onomopoulos, I
l Salient Points
Transactions on 

nomopoulos, Ma
ial descriptors for
, RemiRonfard 
Methods for Act

October 18, 2010. 
, O. Barnich and M
rithm for video se
e 2011. 20(6):170

dt-Llopis, Javier S
al Flow with a M
3), pp. 151–172. 
Marszalek, C. S
actions from mov

ern Recognition, p
 Q. Cai, W. Liao
n: a review, in W
ects, Austin, TX, 

Ohya, and K. Ish
es using hidden m
d L. van Gool. A

ecognition require
a, Takashi Toriu 

Robustto Variou
urnal of Compute
No.3. 
orelick, E. Shech

hapes." In ICCV, 
J. Ahmed, and M.
rage Correlation 
ce on Computer 

ted for all the
and the recogn

ed work is 96.6
e actions run 
m walk actio

CLUSION 

cognized usin
ssing time is f
ions, such as v
s paper, optic
act the motio
sure is used fo
nts on Weizm
posed work. 
ial of the prop
usually confus
00% accuracy.
s like KTH dat
obustness in d
h may be ex
onments and m
ecognition.  

RENCES   
recognition of hu
actions on Pattern 
2. 
Ioannis Patras 
 For visual Re
Image Processin

aja Pantic, Ioann
r human activity r

and Edmond B
tion Representati

M. Van. "ViBe: A
equences." IEEE 

09-1724. 
Sanchez, Daniel K

Multi-Scale Strateg

Schmid, and B.
vies. In IEEE Co
pages 1–8, 2008. 
o, and B. Sabata, 
Workshop on Mo
1994, pp. 2–14. 

hii. Recognizing h
markov model. In 
Action snippets: H
e? In CVPR, 2008
and Thi Thi Zin.

us Illumination 
er Science and Ne

htman, M. Irani, a
2005. 
 Shah. Action MA
Height filter for 
Vision and Patte

e actions base
nition rate for 

6%. There ma
and walk. Bu

n and run ac

ng distance b
fast enough w
visual surveill

cal flow is app
on features an
or recognizing
ann datasets s
The experime
posed work th
sing actions 
. Experiments
taset, HOHa, U

different scena
xtended for ac
may be applie

uman movement 
n Analysis and Ma

and Maja P
ecognition of H
ng Vol. 36, no. N

nis Patras “Spar
ecognition” in 20

Boyer, “A Surve
ion, Segmentation

A universal backg
Transactions on I

Kondermann , “H
gy”,  Image Proce

 Rozenfeld. Lea
onference on Com

Articulated and e
otion of Non-Rigi

human action in 
CVPR, 1992. 

How many frames
8. 
. "Making Backg

Changes." IJC
etwork Security, M

and R. Basri. "A

ACH a spatio-tem
action recognitio

ern Recognition, 

ed on 
each 

ay be 
ut in 
ction 

based 
which 
lance 
plied 
nd a 
g the 
show 
ental 
hat it 
(i.e., 

s can 
UCF 

arios. 
ction 
ed in 

using 
achine 

Pantic. 
Human 
No. 3. 

se B-
009. 
ey of 
n and 

ground 
Image 

Horn–
essing 

arning 
mputer 

elastic 
id and 

time-

s does 

ground 
CSNS 
March 

ctions 

mporal 
on. In 
pages 



International Journal of Information, Control and Computer Sciences

ISSN: 2517-9942

Vol:9, No:11, 2015

2401

 

[14

[15

[16

 

yea
Co
Un
Im

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4] Maja Pantic, A
Machine Und
4, 2006. 

5] N.A. Deepak
Detection and
Streams”, IntJ
Issue: 05, Pag

6] R. Polana and
IEEE Worksh

ars of teaching 
omputer Science
niversity, Tamil N

mage Processing, N

Alexpentland and
erstanding of Hu

k and U.N.Sinh
d Recognising t
J. Advanced Net

ges: 817-823(2011
d R. Nelson. Low

hop onNonrigid an

 
Maheswari  re
Engineering  fro
Thoothukudi, T
Computer Scien
Sundaranar Uni
2013.  Her re
Processing, Neu
 
Dr. P. Aroc
Electronics an
Government C
Nadu, India in
Engineering 
Kovilpatti, Ta
with the De
Engineering, M
Assistant Profe

and research ex
e and Engineer
Nadu, India in 20
Neural Networks 

d Thomas Huang, 
uman Behaviour”,

ha, “Silhouette 
their Actions fro
tworking and Ap

1). 
w level recogniti
nd Articulate Mot

eceived her BE in
om Dr.G.U. Pope
TamilNadu, India
nce and Engineer
iversity, Tirunelv
esearch interests 
ural Networks. 

ckia Jansi Ra
nd Communicat

College of Engine
n 1996 and M.E i

from National 
mil Nadu, India 
epartment of C
Manonmaniam S
fessor since 2003
xperience. She c
ring from Man

012. Her research
and Data Mining

“Human Comput
, ICMI’06, Nove

Based Human 
om the captured
pplications Volu

on of human mo
tion, 1994. 

n Computer Scie
e College of Engin
a in 2011  and 
ring from Manonm
veli, Tamilnadu, 

include Digital

ani graduated 
tion Engineering

eering, Tirunelvel
n Computer Scie

Engineering C
in 2002. She h

Computer Scienc
undaranar Unive
. She has more t

completed her Ph
nonmaniam Sun

h interests include
g. 

 

ting and 
mber 2-

Motion 
d Video 
me: 02, 

otion. In 

nce and 
neering, 
ME in 

manium 
India in 
l Image 

B.E in 
g from 
i, Tamil 

ence and 
College, 

has been 
ce and 

ersity as 
than ten 
h. D in 
ndaranar 
e Digital 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


