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ABSTRACT

With sportsvideo relative datarapidly development, how to find out required
partsof informationisfocusof current research, the paper proposed sports
video semantic analysis method after analyzing hidden Markov model,

and proposes Out_of _ playandin_play contents analysis method
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flow, only selectspartial segmentsto test and it getsthat the model accuracy
has arrived at around 90%, besides it also explains the model can be
convenient to lots of information statistics and train as well as other

advantages, so the model has universality.
© 2014 Trade ScienceInc. - INDIA

PREFACE

Fromtheseventies, sinceit had video taperecorder,
theway that peoplewatched videoswereaways play-
ing, fast and suspending aswell asother ways, with era
development, researches on theitem have constantly
gone deeper, especially for sportstype videos seman-
tic anaysis aspect that has become the hotspot of re-
searchesinrecent years.

Someone hasever researched on theitem and put
forward histhoughts, such as: Ma proposed to estab-
lishakind of user attention model to analyze sports
videoswonderful moment, and the method integrates
text characteristics, vison and audition aswell aseach
kind of factors, it tested the segment that might cause
audition and vision’sattentions and finally achieved
video’swonderful moment.

On the basis of former research, the paper pro-

posed hidden Markov model, and verifiesit by con-
crete experiments, which provesthat the model accu-
racy isvery high, besidesit getsthe model will play
positiverolesintheitem developmentinfuture.

REGARDING HIDDEN MARKOV MODEL
ESTABLISHMENT

Markov based on observability cannot bedirectly
gppliedinto practica problems, sothe paper introduces
hidden Markov, themodd isakind of doublerandom
process, itisaseriesof combination make description
by observingthat transfersthrough limited turntablein-
terruption, which can mutua transfer.

Ingeneral, themode parametersdeterminationis
asfollowing:

Firstly we let symbol set can be expressed

byV ={v,,V,,...,v,, },andfor every sateavailableout-
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put number, wecanuse |\ to express; State set inthe
model, wecan use S={s,s,,...,S, ) to express, the
numberis N pieces, for t moment corresponding state,
we can use ¢, to express.

Letfactor g, toexpresstimet state S, statetran-
sition probability distribution matrix isusing A toex-
press, then,t +1 stateprobabilityis:

A={a}.a =P[q,=S/q=S] 1<i,j<N @

b, (k) representst time output symbol v, prob-
ability, state S; observed symbol distribution matrix is
using B toexpress, andthenit has:

B={b, (k)} @

Among them,

b, (k) = P| wintmoment /g, =S, |, 1< j<N
1<k <M ,formodd probability density, it can make

limits, lyric can apply continuous observed density way
S0 at to make consi stency estimation on probability

density, fromwhich covarianceisusing Z m toex-
press, state j mixed component the m uniformity vec-
toris 4, , usen torepresent density function, state

them mixed coefficientisusing c,,, to express, un-

known vector isusing o to express, thenfinitemixed
formis

M
b, (0)=ZC;mﬂ(0,ﬂjm,Z Jm)’ I<j<N (3
m=1

Whent =1, itisusing toexpressinitia statedistribu-
tionform, thet:

ﬂz{ﬂi},ﬂi:P[OﬂzS],lﬁiSN 4

Adopt Gaussformular toletc,,, tomeet constraint
conditionas:

M
chm=1lcjm20 1<j<N1I<m<M ©)

m=1
By above, we can know hidden Markov model
involved unknownis:

Ar={A,B,x} (6)
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But themodel still keeps pacewith practice, soit
needsto further solvelearning, identifying, estimating
these three problems so that can apply it into practica
problems.

REGARDINGESTIMATION PROBLEM’S
ONE KIND OF FORWARD-BACKWARD
ALGORITHMSRESEARCH MODEL

Atfirgt, definethat inforward agorithm, forward
variableonthe condition ; , it generated beforet ob-

served symbolspartial sequence, {O, , O, ;--,0 } and
athistime,itisalsounder S state, thene, (i) is:
a,(i)=P(0;,0,,--,0,;q, =S; /A) (7)

Then, followingstepsare p ( O/ 2 ) iteraivepro-
Cess.
@lnitidized process:
o4 G) ='Jtibi(01), 1<i<N (8)
@Cdculateby iteration:

N
() {Zat(i)au

i=1

b;(Otsa).

1<t<T-1, 1<j<N ©
®lt solvestheresult:

N
PO/2)= " ar (i) (10)
i=1

By aboveforward a gorithm, we can deduce back-
ward a gorithm, the method reduces computation.

RESEARCH MODEL BASED ON SPORTS
VIDEO SEMANTIC CONTENT

Regarding earliest applied hidden Markov, it was
inthevoiceidentifying, after that, themodel wasex-
panded and derived application into Satistical timing
sequence, it carried out research on sportsvideo se-
manti c content by segmenting and classifying, and regu-
lated top layer iseventsvideo that composed of out of
play andinplay, and it could transfer probability, me-
dium layer was constructed different Markov with dif-
ferent timing relations, and the bottom layer wasinput
layer observed numbers, output was optimal time se-
quencevaue, asfollowing Figure 1 show:

Hn Tudian Jounual
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Figure1: Off usng hidden M arkov model framework Sports
VideoIn play and play Out of semantic content analysis

Onthebasisof above provided themodel’sframe,
we present flow chart about out of play andinplay, its
figureisasfollowing Figure 2 show:

By above Figure 2, we can get the flow is com-
posed of testing and training two phases, soit needsto
establish out of play and in play different topol ogical
structures’ hidden Markov model, in the model,

HMM ,andHMM, respectively representsout of play

|

3 4
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andin play hidden Markov modd, that:
HMMs={HMM, ,HMM_}
Amongthem:
HMM, ={HMM, ,,---,HMM, |
HMM o ={HMM ¢ 4 -, HMM¢ |

Among them, M piecesof different In Play model
is expressed by
HMM, = {HMM, ,;--, HMM, |, N pieces of
different Out Of Play model is expressed by
HMM, = {HMM,, | ,---,HMM, |, then corre-
sponding statelayeris:
S={Loose_view,Medium_view,Tight_view} (12

Inthe stage, we al so adopt forward-backward al -
gorithm and corresponding different hidden Markov
probabilitiesvalues, and it a so needsto take maximum
vaueasnode, then:

P(O, /HMM, )=max{P(O, /HMM, ;)P0 /HMM, , )f
PO, /HMM o )=max{P(O, /HMM , ;). P(O, THMM o

Finaly by dynamica planningmethod, it carriesout

(1)

Training phase

Build In_Play and Out_of Play HMM
model
Built between syntactic In_Play and
®  Out_of Play transition probability matrix

g =
E: E ERE
a o g =
= [ 8 [ o BE
= = » o &
g 2 2
’ = Testing phase 2 =
= = A
o
> In_Play and Search In_Play
Out_of Play were optimal interleaved
calculated maximum sequence and
likelihood Out_of Play

Figure2: Based In Play and Out_of_Play hidden M arkov model classification and segmentation of thebasic processes

searching so asto achieveoptima interlaced sequence.

Regarding extracted events video features re-
search

At first, dueto differencesareexistinginvideo’s
colors, use Dominat Color Ratio to represent dominant
toneratiovaues, itsabbrevidionis DCR, itisthevaue
of wholeframesizereciproca and dominant tonepixe

numbers’ product, thet:
| Pixels_of _dominant _color |
| Pixels_of _the_whole_frame|
In above formula, frame size is expressed
by| Pixels_of _the_whole_ frame| that refersto
number of pixels, dominant tone pixel is expressed
by| Pixels_of _dominant _color |.

DCR = (13)
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Except for corresponding colors, we a so select
movement intense, fromwhichinter- coded macro block

number is expressed by |Inter —coded
Macro —blocks |, and macro movement directionis

expressed by [V +V,” , corresponding y and x di-
rections’ movement blocksvectorsare expressed by
V, andV, , sothefranemovement intenseaveragevaue
[

1
B |Inter —coded Macro-blocks|

2VIv

By aboveformula, it can apply MPER into han-
dliingwithinformationto estimate movement intense.

(14)

Regarding identification and classification prob-
lemsresearch

Tolook for best state sequence layer, it needsto
revea modd’shidden parts, soit should make classifi-
cation and identification.

By applying aboveformuladifferent topological
gructures” hidden Markov maximum likelihood estimate

value, it solvesobserved vector O, , that:

PO, IHMM, ), )}

P, IHMM,
}(15>
)

P, IHMM ),
PO, IHMM ¢

Corresponding sequence graph, asfollowing Fig-

ure3show:

By above Figure 3, we can try to look for best
state sequence, in addition, we also need to havethe

P(O; |HMMt):max{

P(0, |HMMt):max{

aid of t moment w,(X) array totrack 5,(X ) trajec-

tory changes, from which
P (o) |_ | Aalsad | P(O,| HMM )

_< Por Po Por Pio >7
POy HMM ;) Fq | Eag) PlO;| HMM ;)

Figure3: Using dynamic programmingto solvetheoptimal
state sequence
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X e{In_ play,Out _of _ play}, so that it can get
best scoring state point, so best sequence state pro-
cessisasfollowing:
| Initidized process
81(In _play)=P(0, [HMM )
5,(out _of _play)=P(0, |HMM )
Note: The processdoesn’t transfer syntaxes.
I Iterative computational process

Firstly, it should definethat  representsweight
value, itisuptot moment likelihood estimation and
syntaxestransferring probability from Yy to x caculae

5,(X ) by weighted sumand iteration, then:

'//t(x):arg mex{(lfw)P(ollHMMx)JrW’R X +é‘t71(Y)}

=ag max{weR, , +5,(Y)} (10
Amongthem:
X, Y e{In_play,Out _of _ play},
2<t<T,0<w<1
And:

&(X)=max(L-wP(Q [HMM, )+we R, , +5,(Y)f (17)
Amongthem:

X, Ye{ln_PlayOut_of _Play
HMM, efHMM, ,HMM |
2<t<T,0sw<1

[l Best scoringmomentis T, corresponding best score
isd, (X), thenstateat thistimeisg? , that:

g =arg max[s;(X)],X e {In_Play,Out _of _Play} (18)
IV State sequencerecall process:

qt* = l//t+1(qt*+1)’ t =T-1’ T_1§" 1

Hidden markov model experimental result
By adopting K groups of training values as

0=[o", 0@ ;..,0%], respectively carry out train-
ing on Out of Play and In Play, that:

(19)

K

2,

k=

~
iR

e®(i,j)
t=1
Tk—l

()

[y

a_ij =
(20)

M=

=~

=1 t=1
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Figure4: Tennisand soccer correlation parts

TABLE 1: Hidden M ar kov model-based semantic content analysisexperiment data

) Broadcasting
No. Events name Video Broadcaster i
ime

_ 13 Australian Open men’s singles .
Tennisl . 9minutes36seconds CCTV-5 2013-01-23
semifinals segment

13 Australian Open Women’sdouble 20 minutes 01

Tennis2 CCTV-5 2013-01-24
finals segment seconds
Tennis ) 13 World women’stennis professional 28 minutes 23
. Tennis3 ) CCTV-5 2013-09-14
video Shanghai segment1 seconds
) 13 World women’stennis professional 13 minutes 34
Tennis4 ) CCTV-5 2013-09-14
Shanghai segment 2 seconds
) 13 World women’stennis professional 8 minutes 18
Tennisb ) CCTV-5 2013-09-14
Shanghai segment 3 seconds
National women’s united soccer .
- . 18 minutes 43
Soccerl league Tianjin team versus Hebei team CCTV-5 2013-03-21
seconds
segment
First division group A league Tianjin 15 minutes 43
Soccer2 . CCTV-5 2013-09-21
team versus Bayi team segment seconds
First division group A league )
T 7 minutes 59
Soccer Soccer3  Shenzhen Jianlibao team versus 4 CCTV-5 2013-09-14
seconds
video Liaoning team segment
. . i Hunan Satellite
FA premier league Manchester United 21 minutes 28
Soccer4 ) TV 2013-03-15
versus Aston villa segment seconds
Sports Channel
. . Hunan Satellite
Soccer5 FA premier league Fulham versus 26 minutes 32
) TV 2013-03-22
Manchester United segment seconds
Sports Channel
K. T — st0V =v
l ) /: b(k)= Tt—k
vi () (21) N0 22)
=1 t=1 ZZYt ()
=1 t=1
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(23)

7.(j) and £, (i, j) respectively represent in case
observed sequence and model are given, t moment
under S probability and S state t +1 moment prob-
ability.

Test on abovemodd, itsprocessisfirstly solving
hidden Markov syntax transfer matrix, and then run-

ning maximum likelihood estimation to solvedternating
sequence optimal solution, during the process let
w e [0.1,0.4], werespectively intercept tennisand soc-
cer relative partswonderful video segments, asfollow-
ing Figure4 show:

Itsexperiment processdataisasfollowing TABLE
L

By above Figure 4, we can also research on its
accuracy, and list theaccuracy concretevaues, asfol-
lowing TABLE 2 show:

By above TABLE 2, we can get themodel accu-
racy hasnearly arrived a 89%, which provesthe modd
isrelaivereasonable.

TABLE 2: Hidden M arkov modd-based SceneBSU semantic
content analysisaccur acy

Test data Method in the paper
Tennisl 0.884
Tennis2 0.918
Tennisvideo Tennis3 0.892
Tennis4 0.868
Tennisb 0.904
Average accuracy 0.8928
Soccerl 0.896
Soccer2 0.891
Soccer video Soccer3 0.823
Soccerd 0.861
Soccer5 0.845
Average accuracy 0.8836
CONCLUSIONS

The paper targeted sportseventsvideosfeatures, it
proposes hidden Markov mode, by extracting videos’

colorsand movement featuresto runtheagorithm so
that it can get optimal sequence, inaddition, weanalyze
accuracy on themodel, we can get with theresult that
themodel has higher accuracy, and can promoteit to
other mediasvideo andyssbass, soit hasuniversdities.
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