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ABSTRACT

Segment compl ete video results for amoving object can reduce the search
amount of moving target and have great help for effectively enhance the
tracking speed and precision. The purpose of video segmentation is to
extract a moving target in video sequences from the background and to
achieve segmentation of the foreground and background. The traditional
method for extracting isthe pixel valuein the background isin accordance
with the Gaussian model and conduct image segmentation according to 3c
rule. Although the rules can preferably extract the background, there will
till be the case where foreground can be divided as the background by
mistake. Therefore, this paper uses particle filter and a priori probability
model to predict the moving target in the next frame, and then obtain a
adaptive segmentation threshold to achieve video object segmentation
according to the prediction value. This algorithm reduces the ratio that
foreground points are divided into background points by mistake in the
segmentation results, and it hasimproved for image segmentation compared
with 3o rule. Through the analysisand implementation of the algorithms, it
provides a theoretical basis for the tennis tournament video object
segmentation and better analytical methods for the techniqueimprovement
of all kinds of sports. © 2013 Trade SciencelInc. - INDIA
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INTRODUCTION

Video analys sof human maotionismainly targeted
at image sequence of human motion, involvingimage
processing and analysi's, pattern recognition, computer
vision, mathematics, kinesiology and computer images
and others. Itshandling processincludesvideo segmen-
tation and extraction of human motion, dynamictrgec-
tory tracking of joints, three-dimensiona modeling of
human motion, motion parameters equations establish-

ment, parameter cal culation and video animation re-
production. Thisyear Digitd Entertainmentisasoun-
der vigorous devel opment, computer human body ani-
mation technol ogy asimportant technology inthedigi-
td entertainment industry a sowill bemoreadvanced,
more professiondss, such asautomated production line
experts, physicians and sportsresearchersareinter-
estedinvideo andyss.

Asvideo technology and computer continuesto
evolve, more and more sportstechnology and level of
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training hasbeen s gnificantly improved. For tennistech-
nology research many people made effortsfrom the
physical and astatistical point of view, but purely theo-
retica studiesaredifficult to accurately and efficiently
guideit, so the study of the actual detailsbecamethe
focus. The best way of actual detailsstudiesisthrough
the actual video analysis, and video object segmenta-
tionfor video anaysisisanimportant research content
in computer vision, and it isextremely important for
accurate subsequent human motion tracking and target
behavior. By andyzingtheparticlefilter gorithmand a
priori probability modd principle, thispaper designsa
new algorithm combining both methods, usesthe new
algorithm presented in this paper to comparethe ex-
perimental resultswith the 3smethod, and providesa
theoretical basisfor tennisvideo andyss.

PARTICLE FILTERINGALGORITHM

Particlefilter agorithmisaMonte Carlo method
based on Bayesian estimation, thebasicideaisto de-
scribethe probability distribution of arandom sample
of certainweight and thesamplecdled “particle”” Basd
on the observed sampl e, update the location and the
weight value of therandom sample, and useit to esti-
matetheapproximation of thered probability distribu-
tion. Theagorithm can not only beimplementedona
compuiter, but also isableto be used inthe situation
when the observationinformationisabnormal. Under
normal circumstances, adynamic systemischaracter-
ized by formula(1):

Xio1 = T (X wy
{zk:hk(xk(,vk) : @

InFormula(l), x, representsthe system state at

timeg ; f, indicatesthat thesystemtransfer function;

W, represents system noise, and it obeys zero-mean
Gaussandigtribution; z, representsthesystematic ob-
servationvalueat timek ; h, indicatessystematic

observation function; v, representsobservation noise,

which obeysthezero-mean Gaussian distribution.
Filteringisto cal cul ate the occurrence probability
of x, inthe case of known observed sequence val-

uesz,, ; themathematical expressonisasequation (2)

bdow:

p(% |z @

Formula(2) can be calculated according to Bayes
formula, thecalculation resultsare shownin formula
(€)}

p(xk |21:k ): p(Zk |Xk )p(xk |Zl:k71)

p(zklxl:k—l) (3)

Thepurposeisto predict x, ., onthebasisof the

caculated z,, , themathematical expressonandthecal-
culation method are shownintheformula(4) bel ow:

p(xk+1| Zy ) = I p(Xk+1| Xy )p(xk | Z )dxk 4
The p(x,z, )in Formula(4) can be ca culated by the

formula(3)), and caculatethe corresponding X, when

the error value of the estimated value and the actual
vaueistheminimum using Bayesanestimation, thecd-
culation method isshown asformula(5) bel ow:

Xy =kad(p(xk|ztk)) ®

Becausetheformulap(x |z, )isgeneraly cannot be
explained, p(x/z.)can beapproximated asthe form of
ka man filtering. Taking into account the probability dis-
tribution of p(x,|z, )isgenerally non-analytic situation,
so we need to use Monte Carlo random sampling
method to gpproximately dedl with p(x |z, ) withagroup
of weight particle sets. By Monte Carlo method we
can know the approximation way of p(x/z,)isinthe
formula(6):
p(xklzlrk): E(I {xk}(xlzl:k) (6)

In Formula(6), whenx- , thevalueof 1,,(x) is 1,
otherwiseO; E (1, ,(x)z., )isableto approximateits
samplemeans, asshownintheformula(7):

E('{xk}(x]zxk)z%i:'{xw(xjF%ifs(x—xik) ©

InFormula(7), x, indicatesthe j —th samplevalue

of x, , generally useimportance sampling methodto gp-
proximate p(x |z, ), with the importance sampling
E(1,4 (x)2,)can be represented by theformula(8):

(g (0fz )~ 353, wid (e 3% wio (- ;) ®
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Supposetheimportant functionisq(x, |z, ), then
thereisformula(9):

i p(XHZtk)
02

By theformula(9), when directed to aspecificx, ,

for each sampling timeand when x=x,, w, isafixed
value; fromthe probabilistic senseit refersto randomly
collect samplesfor N timesfrom x ,whenx = x,, thecor-
respondings(x-x/) isequal to 1, in thiscaseit corre-
spondstoaweightw, .

©

ALGORITHM IMPLEMENTATION

General idea of thealgorithms

When the moving foreground moves according to
aparticul ar velocity, we can predict areacoordinate of
the moving foreground in current frame according to
the moving foreground area coordinate of previous
frameandthe horizontal and vertica movement rate of
theforeground. In accordance with the system and ob-
servation equations y predicted va ueof foreground re-
gion can bederived using aparticlefilter, then you can
cdculatetheprobability that pixelsfall inthisareaisin
foreground, then that you can get the probability of the
background. When the sample number isdetermined,
the occurrence probability of an event isp; in they
samplesthat has been sampled, the occurrence prob-
ability of an event isbelowp; and in the rest of the
N —m Samplesthe occurrence probability of the event
isrdativelylarge; If thesegmentationagorithm canuse
theevent’spriori probability for adaptive segmentation,
therobustness of the a gorithm will increase accord-
ingly. Thea gorithm described hereinisto enhancethe
robustness of the segmentation from the above two
angles. When pixel valueof eachpoint . ;) inthepre-
viousframeisx , theway to judge whether thispoint
bel ongsto the background isdecided by the average
vaueof the probability partidefiltering predictsthe point
asthe background and the probability apriori prob-
ability model predicts the point as the background.
Whereineachpoint (. ;) of theimageisthe background,
distribution of pixe valuesisof the Gaussian distribu-
tion; whenitisthebackground, distribution of each pixel

BioTechnologqy —

vaueisasoof theGaussian distribution.
Theoverdl flow chart of thealgorithmisshownin
Fgurel:

Figurel: Overall algorithmflow chart
Background deter mination

If the pixel (. j)fallson theinterval determined
by p(x, < X <x,)=P(B), ¢. ;) belongsto the background,
showninformula(10):

.):{Background X, 1) e [X, %]

o 1) b 10

re)Represents the probability when the point
(i, j) belongsto the background when theknown sample
video frameisn and pixel valueof the current frame
pointisx , anditscaculation method isinformula(11):
(B)- P(N)+2P(M\x)

In Formula (11), »mxmeans probability that the
pixel x belongsto the background whenintheknown
prior probability frame n thebackground pixd (i, j)is
background and the pixel valueisx; »nMeansthe
probability of thepixel be ongstothebackgroundwhen
predictingthe particle.

Asbackground pixel vaueof point (i, j)can be ap-
proximated as Gaussan distribution; if wetake:wtoin-
dicate that the probability density function of the
Gaussian distribution, themean x and variance 52 of

the parameter can be obtained by statistical methods,
thecdculationisasformula(12):

%ft f(x)dx =1- {%(B)}

Xp = = H — X,

InFormula(12), u representsthe averageva ue of

Foreground

(1)

(12)
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pixe (i, j)onthecurrent background.
Particlefiltering prediction

Particlefiltering predictionisdivided intofiveparts,
namdy particleinitidization, foreground region predic-
tion and the pixel belongsto the background probabil-
ity calculations, particleweight cal culation, important
adoption and post-processing.

Particleinitidizationisto usetheinitid set of par-
ticlesto approximate thedistribution of x, based on
observation equation, wherein the observation equa-
tionisasinformula(13):

Y, = X, +V, (13)

In Formula(13), v, represents observation noise,
which obeysthe standard norma distribution. Particle
standard initialization process: usethe coordinates of
theforeground region in thefirst frame segmentation
resultstoform  8-dimensiona statevector, that ispar-
ticles, that isy particles, the state vectorsisinthefor-
mula(14) asfollows:

(Xmy01u01V01X11Y11u11V1) (14)

InFormula(14), (x,, y,)meansthecoordinateva ue
of top left corner in the target area, (x,,y,)meansthe
coordinatevaueof lower right corner inthetarget area,
(up,v,) Meansthe horizonta velocity and vertical veloc-
ity in upper | ft corner of thetarget areg, .., meansthe
horizonta velocity and vertical velocity inlower right
corner of the target area,. Initially we have
(U5, %)= (00)aNd(u,, v, ) = (0,0); and then, to add normal ran-
dom noise onthe state vector, gety new state vectors;
finally, attach aweight > on each new state vector;
thuswecan get aset of initial particlesof particlefilter.

Using theinitial set of particlesor particle set ob-
tained by sampling to predict theforeground region of
thenext frame showninthe system equation of thefor-
mula(15):

n+l n+1 n+l n+l

Xy X0 + Uy Yo = y0 +Vy W,
un+l — U Vn+1 V
1 1 1 1
X =AU W Y = Y T (15)
n+l n+l
ul - ul Vl - Vl

By theformula(15) they prediction valuesof the
foreground regioninthe next frame can bedrawn. The
accuracy of prediction isaccording to the calculation

method of particleweightsshowninformula(16):
eluxc0)

>, Ple[x;(5)

Accordingtoformula(16) caculatepaticleweghts,
and then normalize them, one can cal cul ate the accu-
mulation weight of each particle. The accumulation
weight of each particlecan divide[0,1] spaceinto N
regions. And thenuniformly sampleinthe spaceto gen-
erate N random numbers. Lastly reproducethe corre-
sponding particleinto anew particlethat therandom
number belongsto aregion. So the adoption of anew
set of particlescan be done. Intheimportant sampling
process particleswith larger wei ghts have correspond-
inglarger spaceregion, the probability to copied to new
particlesisgreater.

Using the connected component analysisto con-
duct thenoisedimination; thisarticledoesnot describe
thetreating process after compl eted.

Priori probability forecast

(16)

1 ,When PW|x)<P(A)

P(MIx)= % When P(W|x)> P(A)

In Formula (17) P(m|x) represents the predicted
probability value of frame point . of the known
samplen whenthepixel valueis x and beongstothe
background, and ~wjyrepresentsthe probability of point
. i Whenthepixe valueis x and belongsto the back-
ground, itscal cul ation method can be obtained accord-
ingto Bayes’ theorem, asshownintheformula(18):

_Pwx) _ PW)P(xw)

PN~ 50~ P POW )+ P PRV

In Formula(18) p(v) indicatesthe probability of
point (i, j) belonging toforeground, and assuminge(xv)
obey Gauss an distribution, then using satistica meth-
odswe can find the estimates of the parametersand the
estimated valueof p(v), inasimilar wayew) canaso be
estimated using Gaussandistribution

(17)

(18)

RESULT ANALYSIS

Conduct image segmentation on the’5 videos, seg-
ment them separately based on 3c method and aprior
probability modd with particle, comparethefollowing
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fiveaspects: thetotal number of pixels, mistakenpoints  point isdivided into background, asshownin TABLE
that thebackground pointisdividedintoforeground, 1

mistaken pointsthat theforeground pointisdividedinto Seenfrom TABLE 1, this paper based on particle
background, theratio that the background pointisdi- filter dgorithmand priori probability mode onthewhole
vided intoforeground and theratio that theforeground  isbetter than 3c method.

TABLE 1: Thecomparison tableof experimental results

o algorithm _ Mistaken Mistaken Mistaken Mistaken
Classification dection pixels foregr_ound backg_r ound for_egrour_1d bac_kgrou_nd
point point point ratio point ratio
Video 1 Method 1 207360000 2818020 38672640 1.359% 18.650%
Method 2 207360000 2954880 19838130 1.425% 9.567%
Video 2 Method 1 207360000 9053330 52047360 4.366% 25.100%
Method 2 207360000 9092730 16914360 4.385% 8.157%
Video 3 Method 1 207360000 2596140 44893440 1.252% 21.650%
Method 2 207360000 2193860 15336340 1.058% 7.396%
Video 4 Method 1 207360000 2421960 37698040 1.168% 18.180%
Method 2 207360000 2411590 22415610 1.163% 10.810%
Video 5 Method 1 207360000 4053880 38900730 1.955% 18.760%
Method 2 207360000 4281980 21233660 2.065% 10.240%

Note: Method 1 isthe 36 method, Method 2 is method based on the a priori probability model and particle algorithm
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