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ABSTRACT KEYWORDS
With competitive swimming event competition is increasingly fierce in Markov prediction;
each country field, it is a great test on athlete psychological quality and Competitive psychological
physical technology, athlete can get good results only on the condition state;

Facial expression;
Physiological indicator.

that well adjust psychological states. The paper analyzes high level
swimmers’ facial expression before competition. In numeroustimes’ large-
scale competition, it hasalready preliminarily proved that facial expression
has certain feedback on sports athlete psychological states, by changing
facial expression, it further adjusted psychological statesand further gave
swimmers’ normal level into play, so based on Markov prediction in this
time that shows swimmers before competition corresponding emotion
changes “natural” “happy” are increasing with times increasing, “low
mood” (sad, afraid, amazing) isgradually decreasing with timesincreasing.
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INTRODUCTION

Presently, with competitive sportscompetitionsare
increasingly fiercein each country field; itisagreat test
on athlete psychological quadity and physical technol-
ogy. Therefore, for athlete psychol ogicd statesin com-
petitivefields, it hasa so gradually been taken serioudy
by people. Psychological statesin competitive sports
competitionsare sportsathlete psychol ogicd statesthat
present inthefield, which area so psychol ogica reac-
tion to surrounding atmospherewhen participatein com-
petition. It can dso cal ascompetition background fac-
tor, which aso hasimpacts on athlete normal perfor-
manceto acertain extent, and further affect athlete sports
result. For psychologicd factors, multiplefields’ moni-

toring waysstart to play important rolesin competitive
sportsfields. Dueto post competition interview has
certain hysteretic nature on athlete current psychol ogi-
cal states, and aso dueto psychologica statesduring
competition hascertaintimeliness, beforeand after com-
petitions collected information will suffer some other
unknown factorsinfluences, and further lead to incor-
rect data.

Thereupon, carry out analysisof sportsathletefa-
cia expressionsduring sport performing so asto un-
derstand participated memberspsychologicd activities
during competition. Facial expressionsfeaturesalso
reflect athletes’ psychologicd statesto certainextent; it
isoneof important explicit form of athlete psychologi-
ca states. In swimming competitions, athlete, partici-
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pated athleteintensive concentrates on competitions,
by researching ontheir facial expressions, it can well
grasp whether they perform their normal level or not,
and further predict their promotion space and exertion
extent.

In this time, it adopts most advanced
FaceReader4.0to andyzeswimmersfacia expressons
before competition to usefor predicting best perfor-
mancerequired psychological states. Inthisway, it dso
can provide corresponding guidance and analysisfor
coachesduring thetime guiding learnerstraining, and
propel to athleteto give hisbest leve into play.

MODEL ESTABLISHMENT

For comprehensive prediction on events, not only
should point out dl kindsof possibleresultsthat events
occur, but al so should give occurrence probability of
every kind of result, explain predicted eventsevery re-
sult possibility degreein prediction period. Itisprob-
ability prediction on eventsoccurrence.

Regarding Markov prediction method, isakind of
method about events occurrence possibility sizespre-
diction. It predictsfuture one moment change status
according to predicted things present situations.
Markov prediction method is also one of important
methodson difficulty prediction. Figure 1L isMarkov
prediction process.
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Figurel: Markov prediction process
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Markov prediction model

(1) Stat, state transferring process and Markov pro-
cess.

State: In Markov prediction, “state” isanimpor-
tant term. So-called staterefersto one event appeared
oneresult at sometime (or period). Such as, in goods
sdesrelativeprediction, it has“best seller”, “norma”,
“unsalable” and soon; inagricultureyield prediction, it
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has* harvest”, “ordinary yied”, “bad crop” and so on;
in popul ation composition prediction, it has“infant”,
“child”, “juvenile”, “youth”, “middleage”, “old age” and
SO on; in competitive swimming event competitions,
players’ facid expressonshave‘low mood”, “naturd”,
“happy” and so on.

Statetransferring: Inthewhole event devel opment
process, transform from one caseto another one, it can
be called statetransfer.

Markov process: If every timerelative statetrans-
ferisonly related to previoustime phase state and un-
related to past other states, that isto say statetransfer-
ring processhasno impact on future, such transfer pro-
cessiscalled Markov process.

(2) Statetransformation probability and state transfer
probability matrix.

Staetransformation probability: Inthewholethings
change process, transforminto another case possibility
sizefrom onestateto next time changesiscalled state
transformation probability. Accordingtorel ative con-
ditiond probability definition, it isdear that transforma:

tion from caseE; into caseE, , transfer probability

P(E, — E;) isconditional transformational probabil-

IityP(E, /E),thatis P(E —E,)=P(E, /E)
Statetransfer probability matrix: If onekind of pre-
dicted caseof themhasE,,E,, -, E, , total n kinds

of possible occurrence cases. It canrecord that P, is

state transfer probability from case E; tocaseE; as

probability matrix:
P11 P12 o Pln

P= P21 Pzz o P2n
Pnl Pn2 o Pnn

Thenitcdlsp dtatetransfer probability matrix.

If predicted one case currently isin the state E; ,
then at onetimeinfuture, it might possibleto transfer
from case E; toany caseof E,E,, - E,. Therefore,

P, meetsfollowing conditions:
0<P, <1 (i,j=12-,n)

SR -1 (=120
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Generdly, wecall any matrix that meetsabove con-
ditionsasrandom matrix, or probability matrix. It isnot
difficult toprove, if p isprobability matrix, thento any
number m > 0, matrix P, isprobability matrix.

If regard p asprobability matrix, and it existsposi-
tiveintegerm > 0, letmatrix P, eachkind of dements
to beabove zero, thenit cancall p isstandard prob-
ability matrix. Inthisway, it can provetha if p isstan-
dard probability matrix, it will have vector
a=[x,x,,x,] that is above zero, and

X; meetso<x Slandi& =1,itcanget: ap = a Suchvec-

tor ¢ iscaledequilibrium shifting vector.

Regarding statetransfer probability matrix relative
cdculation: Cd culate state transformationd probability
relativematrix asp , we need that every caseto other

case transfer probability P, (i, j =12.---,n). In order to

better solve any oneP, , weadopt frequency approxi-
mate probability method ideashere.
Congder swvimming event threestatesthat are“low

mood”, “natural” and “happy”. Record E, as “low

mood” sate, E, as*“naturd” state, E; as“happy” date.

Below TABLE 1 givesswimmersused facial expres-
sionsand states changes during large-scale competi-
tions.

Inthefollowing, we are going to ca cul ate swim-
mersfacia expressons’ transfer probabilitiesinlarge-
scaecomptitions.

FromTABLE 1, itisclear that fromfifteen state

transferring that startsfrom E, (transfer out), thereare

three ones aretransferring from E, toE, (that is 12,

24— 25, 34— 35), seven ones are transferring from
E,to E, (thatis23,9-10,12—-13, 1516, 2930,

35—36, 39—40), fiveones aretransferring from to
(thatis67, 17—18, 2021, 2526, 31>32).

Py =P(E; > E))=P(E||E,)= 1—‘:’5 = 0.2000
P, =P(E, = E;) = P(E,|E,) = 1—75 =0.4667
P =P(E, = E3) = P(E4[E;) = 1—55 =0.3333

According to above same methods, cal culateand can
Oet:

P, = P(E, » E,) = P(E||E,) =1l3 =0.5385

P, = P(E, > E,) = P(E,|E,) =%=0-1538

P; = P(E, > E;) = P(E,|E,) =1i?,: 0.3077

4
P31 = P(E3 - El) = P(El‘ES) :ﬁ

P, = P(E, > E,) = P(E,|E;) =l%= 0.4545

=0.3636

Py = P(E; > E;) = P(E4[E;) =1—21=1818
Therefore, swvimmers’ facia expressions satetransfer
probability matrix inlarge-scad e competitionsis:

0.200 0.4667 0.3333
0.538 0.1538 0.3077
0.363 0.4545 0.1818

P=

Markov prediction method

In order to better use Markov prediction method
to make probability prediction on wholethingsdevel -
opment occurrence cases, hereit needsto introducea

noun that isstate probability 7z ; (k) . z; (k) Represents

TABLE 1: Swimmers’ used facial expressionsand stateschangesduring lar ge-scale competitions

No. 1 2 3 4 5 6 7 8 9 10
State E; E E, Es E, E; Es E, E; E,
No. 11 12 13 14 15 16 17 18 19 20
State Es E E, Es E E, E Es Es E
No. 21 22 23 24 25 26 27 28 29 30
State Es Es E, E E Es E, E, E; E,
No. 31 32 33 34 35 36 37 38 39 40
State E Es E, E E E, E, Es E E,
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incasethat thingsareknowninthebeginning(k = 0),
after k timesof state transformation, the k moment
event possibility of beinginthestate E; . Accordingto
probability festures, itiseasly got:

z m;(k)=1
j=1
Start from one-based case, go through k timesof

Statetransformation, and then arriveat state E; such
transformation process can beregarded hereasfirstly
goingthrough (k —1) timesof statetransformation and

then arriving at another state E, (i =12,---,n), and

using E; togothroughonetimestatetransformationto

arriveat located state E; . According to Markov pre-

diction process, for future no impact and Bayes condi-
tiona probability, it can get:

”i(k):zn:”j(k—l)ﬂ,-,(j =12,--,n)

Here record line vector z (k) =[7,(K), 7, (K),---, 7, (K)] ,
then by aboveformula, it can cal cul aterel ative cases
probabilitiesrecursonformula:

7() =x(O)P

7(2) = z()P = 7(0)P?

tion:

By aboveanalysis, it isknown that one moment
initial caseisknown (that (0) isknown), then use
abovededuced recursionformula, it can easily get that
eventsafter k timesstatetransformation, inthetime
phaseall kinds of possible states possibility size (that
isz(K) ), wecan get the event state probabilistic pre-
diction at the k timephase.

Inaboveandyss, if swimmer facial expressionin
large-scale competition is “natural”, it records
asz(0) =[0,1,0], theninput statetransferring probabil -
ity matrix formulaand 7 (0) into aboverecursionfor-

mulg, it can solvefuturetimesswimmer facial expres-
sions’ using status (canrefer to TABLE 2).
Ultimatestate probabilistic prediction: After numer-
oustimes gtatetransformation, obtained state possibil-
ity sizeiscdled ultimate state probability, if werecord

ultimatestateprobability vectoresz = [z, 7,, -, 7,]
here, then:
T, =Ikim7ri (k),(i=12,---,n)

Thatithas [Im7; (k) = limz;(k +1) = 7
Input aboveformulainto Markov prediction model re-
cursgonformula, it gets.

: Thet: 7z = 2P
2(K) = (k- 1)P = 7(0)P* Thgrefore, we deduce cases that ultimate state prob-
In recursion formula, adilityshouldmeet
0 0), 7, (0 0)] isinitid stateprob-
= isiniti rob- .
ﬂ-( ) [71-1( )’72-2( )’ 'ﬂ-n( )] S epo (Z)OSﬂ'iSl,(|=l,2,"',n)
ability vector. n
The k moment (period) state probabilistic predic- (3)21: 7 =1
=
TABLE 2: Futuretimesswimmer facial expressions’ using status
No. 41 42 43 44
E1 E2 E3 E1 Ez E3 El Ez E3 El EZ E3
State probability
0.5385 0.1528 0.3077 03024 04148 0.2837 03867 0.3334 0.2799 03587 0.3589 0.2779
No. 45 46 47 48
E1 E2 E3 E1 Ez E3 El E2 E3 El EZ E3
State probability
0.3677 03509 0.2709 03647 0.3532 0.2799 03656 0.3524 0.2799 0.3653 0.3526 0.2799
No. 49 50 51
Ex E Es Ex E Es E1 E Es
State probability
0.3653 03525 0.2799 0.3653 0.3525 0.2799 0.3653 0.3525 0.2799
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TABLE 3: Swimmers’top threeathletes’ facial expressionsanalysis

Rank Name Round Action Score Happy Amazing Disgust Sad Afraid Angry Natural Others

1 107B 91.45 0.00 0.00 0.00 2090 0.00 7.00 71.00 1.10
2 205B 85.50 0.00 0.00 0.00 3510 0.00 8.80 53.60 2.50
1 - 3 307C 99.75 0.00 0.00 0.00 36.80 0.00 7.10 54.70 1.40
4 5154B  98.60 0.00 0.00 0.00 2550  0.00 0.00 68.60 5.90
5 407C 96.90 0.00 0.00 0.00 2740  0.00 520 63.60 3.80
6 5156B 100.70  0.00 0.00 0.00 3350 0.00 0.00 62.30 4.20
1 205B 82.50 0.00 0.00 0.00 2520 0.00 0.00 67.00 7.80
2 107B 86.80 0.00 0.00 0.00 20.10  0.00 0.00 76.10 3.80
) DSPD 3 307B 89.25 0.00 0.00 0.00 1470  0.00 0.00 80.50 4.80
4 5353B  94.50 0.00 0.00 0.00 20.90  0.00 0.00 73.50 5.60
5 407C 86.70 0.00 0.00 0.00 23.10 0.00 0.00 72.80 4.10
6 5154B  96.90 0.00 0.00 0.00 1430  0.00 0.00 79.80 5.90
1 107B 80.60 0.00 0.00 0.00 2750  0.00 0.00 66.50 6.00
2 205B 85.50 0.00 0.00 0.00 33.90 0.00 7.40 57.20 1.50
3 oK 3 5154B  86.70 0.00 0.00 0.00 19.80  0.00 0.00 77.10 3.10
4 307C 87.50 0.00 0.00 0.00 33.20 0.00 0.00 61.50 5.30
5 407C 91.80 0.00 0.00 0.00 39.70  0.00 0.00 55.50 4.80
6 5353B  98.00 0.00 0.00 0.00 2280  0.00 6.50 69.60 1.10

(Note: Above TABLE 3 data is expressed as basic emotion percentage.)

Inaboveformula, (2) and (3) areconditionswhen -
cal culate state probability, among them, condition (2)
can beexpressed as: after infinitetimes’ statetransfor- =1
mation, things casesurely should beonefrom n pieces
of cases; condition (1) istheformulathat calculatesul- =1
timatestate probability. Ultimatestate probabilityisused
to predict rdativeimportant informationwhichtrend = : 3 T : :
Markov processwill appear inthefuture. Figure3: Natural mood changes
Inswimmer large-scalecompetitions’ used facial -
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Figure4: Happy mood changes
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Figure2: FaceReader4.0 oper ation interface
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Figure5: Sad mood changes
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expressions probability prediction, set ultimate state
probabilityasz =[x,, 7,, 7,], then:

0.200 0.4667 0.3333
[7y, 7y, 5] =7y, 7, 75]| 0.538 0.1538 0.3077
0.363 0.4545 0.1818

7, = 0.20007, + 0.53807, + 0.3637,
Thatis 172 = 046677, +0.15387, + 0.45457,
7, =0.3337, + 0.30777, +0.18187,
Solve equation set, it
get: 7, = 0.3655, 7, = 0.3525, 7, = 0.2799
It shows, ininternational large-scal e sports com-
petitionsswimmers’ usedfacid expressons’ changesta
tus, after infinitetimes statetransferring, “natural” and
“happy” states occurrence probabilitieswill beabove
that of “low mood”.

Markov prediction-based facial expression analy-
Sis

can

In large-scale competition (Beijing Olympic
Games), to swimmersthat performancesrank intop
three, it collectsand analyzestheir facia expressions;
theresultisasTABLE 3.

For svimmers’ facid expressionsin competition,
here use FaceReader4.0to anayze, itsoperation inter-
faceisasFigure?2.

Correspondingemotiond changes“naturd” “hgppy”
“low mood” (sad, afraid, amazing) changesstatuswith
competitiontimesasFigure 3-7(horizontal coordinate
10 l\\,_

= o
\\ e
s 3

FiguEeG : Afraid of mood changes

1 2 3 4 5 6

Figure7: Amazing mood changes

representstimes, vertical coordinate representsbasic
emotion percentage).

CONCLUSIONS

Here, by analyzing highlevel svimmers’ facia ex-
pression before competition, in numeroustimes’ large-
scalecompetitions, it hasaready preliminarily proved
that facial expression has certain feedback on sports
athlete psychologicd states, by changingfacid expres-
sion, it further adjusted psychologica statesand further
gave swimmers’ normal level into play, so based on
Markov predictioninthistimethat shows swimmers
beforecompetitionfacid expressonshavesignificances,
it can provide effective psychological support for |et-
tingathleteto getided resultsduring competition Though
theprocesshas certain reliability to certain extent, due
to objective conditions’ constraints (FaceReader4.0
andydgsvideo hasinternd storagelimits, it cannot record
wholejourney), soit will hascertain deficiency.
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