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ABSTRACT

It uses document literature method and mathematical statistics method,
analyzesthe annual best performancein the world long jump from 2000 to
2013. By using GM (1, 1) model, GM (2, 1) model and GM (1, 1) model
group, it conducts comparative analysis on the results of the three gray
modeling, and in particular carries through a detailed study on the
application of the three in athletic performance prediction. The results
show that: for the forecasting problem of sports performance whose time
series do not swing strongly, the GM (2, 1) prediction model is not
applicable. GM (1, 1) model is more suitable for the prediction problem
application that the athletic performance’s time series have stronger
exponent law. By comparison study, for the prediction issues with a
relatively largenumber of statistical data, GM (1, 1) model groupsare more
conduciveto improving the predi ction accuracy of the athletic performance
inthispaper, soit makesthe gray model moreflexiblein practical application.

KEYWORDS

Men’s long jump;
Gray theory;
GM (1, 1) modd;
GM (2, 1) modd;
Performance prediction.

© 2014 Trade Sciencelnc. - INDIA

INTRODUCTION

For resultsprediction of athletic sports, the meth-
odsused inthe past in addition to data statistics al so
includedatafitting function, curvilinear regressonand
time seriesanaysismethod. Thismethod doesfunction
fitting through statistical performance of alot of com-
petition and team members, obtansthe approximate
model that can reflect the variation law of sportsre-
aults, and predictsthe sportsresultsthrough thefitting
function; and these methods are usually difficult to
achieve high prediction precision aredueto the small
amount of data. Meanwhile, the SportsPerformanceis
affected by many factors, itsresultshave moreupsand

downs, fluctuate alot, thereareno rulesto follow, and
thusthetraditional forecasting methodsaredifficult to
predict them effectively. The building of wrong sports
prediction model would bring serious negative impact
on thedevel opment of competitive sports, so we must
bevery careful for the prediction modeling of athletic
sports. Grey prediction model processestheraw data
tomode and predict through the generated new series,
which can predict the“‘small sample”, “poor informa-
tion” and other issues number in the prediction prob-
lem, and hasawiderange of applicationsinthefore-
cast.

Sincethegray theory was created, gray model has
been widely usedin control, decision making, optimi-
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zation and forecasting and other fields. It hasmade greet
progressespecidly intheprediction field of the“‘smal
sample” and “poor information”, alargenumber of do-
mestic and foreign scholarsstudy and exploreitsappli-
cations. With the continuous devel opment of theworld
gport cultureand sport industry, theathl etic performance
also receives concern from people. Yuan Jian-guo
(1992) carried through gray modeling study on our na-
tiona women’s500m short track speed skating records,
analyzed the GM gray modeling method for thelong-
termresultsforecast. Liu Jiasjin, through modeling of
the 14th to the 28th women’s shot put racing results,
andyzedtheGM ((2,1)) gray modeling method for the
sporting events predictionissuesat theturning pointt?.
Through analysisand research onthebasicideaof the
gray modeling, theadvantagesof gray modeling and
other aspects, Liu Di study itsapplicationin sports®.
Through modeling the 400m achievements of the 20th
to the 29th Olympic Games, Sun Qiang conductsgray
prediction study on its achievements. Through the
anaysisof theachievement of women’slong-distance
running and theestablishment of gray predictionmode,
Yang Bing-longand Du Xin-jing study thegrowth law
of the performance of women’slong-distancerunning™.

Based on previous studies, this paper carries
through statisticson thebest annua performanceof the
world men’slong jump, buildsand analyzesthethree

gray modelsonthe data, studiesthe gpplication of grey
modd in sports performance predi ction, and pointsout
the characteristics of thethreekindsof models. The
study of the gray forecasting model a so providesref-
erencefor theapplication of gray model inthe predic-
tion of ahletic performance.

DATASTATISTICSANDANALY SISOF DATA
DEVELOPMENT TRENDS

Thispaper collectsthe best annua performance of
world men’slongjump from 2000 to 2013, and carries
through statistical analysisof itsdevelopment trends.
By studyingitsdevelopment trends, we usethree dif-
ferent gray prediction model sto conduct comparative
andyssontheresults.

Analysisof theannual best performanceof men’s
longjump

The datisticsdatain TABLE 1 showsthat the best
annua performance of theworld men’slongjumpisin
upward trend for the three yearsfrom 2000 to 2002;
Anditisindeclinetrendfor thesix yearsfrom 2002 to
2007; itisindeclinetrend for thethreeyearsfrom 2007
t0 2009; and it isinto adownward trend for the three
yearsfrom 2009 to 2011; it turnsupward trend from
2011 to 2013.

TABLE 1: Theannual best performance of theworld men’slongjumpt®

Year 2000 2001 2002 2003 2004 2005 2006
Results (m) 8.4 8.43 8.59 8.43 8.41 8.37 8.36
Y ear 2007 2008 2009 2010 2011 2012 2013
Results (m) 8.31 8.42 8.71 8.27 8.21 8.28 8.31

Best annual resultsof World Men’sLong Jump are
inoscillating trend, its causesarevarious, variousdis-
turbancesinthegameisdifficult to analyze, and the
undulation and oscillation of itsperformancedataa so
bringsdifficultiesand uncertaintiesfor itsfunctiond fit-
ting. Usngtraditiond mathematica andyssmethodsto
conduct mathematica moddingonitsperformancepre-
diction, itisdifficult to obtain satisfying mathematical
models.

Analysison themodel selection of theannual best
performancefor themen’slongjump

For the modeling of uncertain systems, thethree
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most common methods are the probability statistics,
fuzzy mathematicsand gray math. Thecommonfesture
of thesethree modeling methodsisthe uncertainty of
the study systems, but there are obvious differences
between the three. The research object of fuzzy
meathematicismainly “not clear cognition”, and thestudy
object of probability statisticshas phenomenon of “ran-
dom uncertainty”, whichrequiresalargeamount of sta
titica data, gray sysem mainly sudies“lessdatamod-
eling”, the study object focuseson ““ clear extension
and not clear connotation.” Relatively speeking, thein-
formation of long jump isless; theextensionisclear
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comparatively speaking, gray forecasting mode ismore
applicabletotheir modeling and prediction.

Compar ativeanalysisof GM (1, 1) model and GM
(2, 1) modd

Inthe gray GM (M, N) model, GM (1, 1) model
and GM (2, 1) model arethe most commonly used two
modedingmodes. INnGM (1, 1) model, the correspond-
ing differential equationstothegray differential equa
tionsarefirst order differential equations,; andin GM
(2, 1) modd, the corresponding differential equations
tothegray differential equationsare second order dif-
ferential equations. Inthegray model, GM (1, 1) model
ismoresuitablefor the sequence which has strong ex-
ponent lawsafter an accumulation, that iscan only model
for monotonic data. For sequence of non-monotonic
swing development, GM (2, 1) model will be more
applicable™.

Devel opmentsand changesof theathletic perfor-
mance have strong stage characteristics. Theimprove-
ment of athletes’ competitivelevel hasaperiod, but
over time, itscompetitivelevel will have downturns.
Development of sportsisalso aprocess; even there
will below ebb in the course of devel opment. Applica
tion of gray prediction modd startsfrom thetime-se-
riesof athletic performance; the athletic performance
datain different development stageswill inevitably af-
fect thedifferent judgmentsby predictorsonthedeve-
opment trendsof thedata, and it will certainly creastea

8.8

different gray prediction model. Here, our country can
usethe GM (1, 1) model to predict their group, but its
prediction accuracy is unsatisfactory because of the
complexity of the development trend of theresults.
When the devel opment of athletic performanceis
inthetransition period, thetime sequenceof theresults
will benon-monotonic swing, effective GM (1,1) pre-
diction model cannot be established; and asthe GM
(2,1) predictionmodd itsdf hasitscharacteristics, which
isan effectivemodd for itssports performance mode -
ing.
Analysison thegray modd sdection of annual best
scoresfor men’slongjump

The selection of the gray model depends on the
swing case of the modeled data columns, GM (1,1)
model and GM (2,1) model are both applicablewhen
modding for areatively smooth datacolumns, but the
GM (1, 1) prediction model has certain advantages.
When modeling for the problem whosedatahas swing
trend, the GM (2, 1) prediction model hasagood pre-
diction accuracy; the greater the swingsis, themore
applicable GM (2,1) modd ig™.

Ascan be seenfrom Figure 1, the swing range of
thebest annua performance of 2001 to 2003 and 2007
to 2010isvery large. And the performancetrendsfrom
2011 to 2013 have changed. Best achievement data
sequenceof men’sLong Jump swingsdightly large GM
(1, 1) model and GM (2, 1) are both applicable.

8.6
8.4
8.2

= = :
i N\ |
/ L ﬁ]—*-performance |

8
'F‘. 8 1 1 | L 1 1 1 '
« w0 Lo b=
o O O O

o O O
N N NN

2000
2001
2002
2003
2004

o - N ™
L e |
o o O O
N N NN

010

Figure1: Thechangetrendsof theannual best performancefor theworld’smen’slongjump

ESTABLISH THE GM (1, 1) MODEL OF
WORLD MEN’SLONG JUMP PERFOR-
MANCE

Classratio test

Establish the annual best performance datatime
seriesof theworld’smen’slong jump asfollows:

X0 =X, X2, - X?(19)

=(8.4,8.43,859,8.43,841,8.37,836,8.31,842,8.71,827,8.21,828,8.31)

(1)Cdculatetheclassratio
xO(k -1)

Ak =22

() 00

A=(4(2) , A(3)-,4(14) )
=(10.9964,0.9814 1.0190,1.0024,1.0048 1.0012 1.0060,0.9869 ,
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0.9667 ,1.0532,1.0073,0.9915,0.9964 )

The class ratio judgment:

when ; (k)e (e_niu’eFZZ) , theseries (@ canbeap-
pliedto predictionsof GM (1, 1) modd. It canbeob-
taneddl (k) <( 0.8676,1.1426 )through the ca culation,
amongthemk =2,3,--- 14.

GM (1, 1) moddling

(1) Do1— AGO ontheorigind dataand obtain:
=(8.4000, 16.8300, 25.4200, 33.8500, 42.2600,
50.6300, 58.9900, 67.3000, 75.7200, 84.4300,
92.7000, 100.9100, 109.1900, 117.5000)

(2) Construct data matrix Band data vector Y:

L@@ 1
2 X2

1 ;
8- 207@HC@ 1|, | X"

g

200 +x004) 1

A= T _(gtRytpry _ [ 00019
(3) Caculatey;:u=(ab)’ =(B'E) BY'(s.sogz)

i@
(4) Modeling: =~ ~+0.0019x” =8.502

Wecan obtain: x® (k +1) = —4588.9¢°%* + 4597.3
(5)By the generated series value and the model, re-

store,“((o) (k+1) and obtain:

x@= (8.4000, 8.4858, 8.4701, 8.4545, 8.4388,

8.4232, 8.4077, 8.3921, 8.3766, 8.3611, 8.3456,
8.3302, 8.3148, 8.2994).

Modd test

Thetestindex vaduesof themodd areasfollowsin
TABLE2:

Canbedravnfrom TABLE 2, themaximum error
of themodel is4.1%, its prediction accuracy isrela
tivdyhigh

ESTABLISH THE GM (2,1) MODEL OFTHE
WORLD MEN’SLONG JUMPAND COM-
PAREITWITH THEGM (1,1) MODEL

Establish theGM (2, 1) mode of theWorld Men’s
LongJump

(1) EstablishGM (2, 1) modd asfollows:

Its original sequence X
x@ = (xX2@),x?(2),---,xX?(14)) , its gray differentia
equations can beestablished asfollows:

Wl'ﬂ'e, a®x@ = (a(i)x(ﬂ) o, a9x® 2, a9x@ 14)

TABLE 2: Thetest tableof GM (1, 1) model

Number Year Original value Model value Residual error Relativeerror  Classratio deviation

1 2000 8.40 8.4000 0 0

2 2001 8.43 8.4858 -0.0558 0.0066 0.0054
3 2002 8.59 8.4701 0.1199 0.0140 0.0204
4 2003 8.43 8.4545 -0.0245 0.0029 -0.0171
5 2004 841 8.4388 -0.0288 0.0034 -0.0005
6 2005 8.37 8.4232 -0.0532 0.0064 -0.0029
7 2006 8.36 8.4077 -0.0477 0.0057 0.0007
8 2007 831 8.3921 -0.0821 0.0099 -0.0042
9 2008 8.42 8.3766 0.0434 0.0052 0.0149
10 2009 8.71 8.3611 0.3489 0.0401 0.0351
11 2010 8.27 8.3456 -0.0756 0.0091 -0.0513
12 2011 8.21 8.3302 -0.1202 0.0146 -0.0054
13 2012 8.28 8.3148 -0.0348 0.0042 0.0103
14 2013 8.31 8.2994 0.0106 0.0013 0.0055
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a®x? +ax® +a,2% =b

29 =W, 27 (2),---, 2V (14))

29(K) = xP (k) + x?P(k-1),k=12,--- 14

aOxY k)= xUk)-x k-1)k=1,2,---,14

(2) Substitutethebest annua performanceof theworld
men’slongjumpinto GM (2,1) modd, thetest in-

dicatorsareasfollowsin TABLE 3:

Ascan be obtained through above TABLE 3, for
theforecasting of thebest annual performancefor the
world men’slongjump, theerror of GM (2, 1) predic-
tionmoded islarge, anditiscompletely not applicable.

ComparetheGM (2, 1) model and GM (2, 1) model
of theworld men’slongjump performance

Ascanbeobtained from TABLE 3, the predicted
resultsby GM (2, 1) model andthe actud performance
differ greatly; the prediction on best annud performance
of world men’slongjumpiscompletely not applicable.
The maximum error of the prediction by GM (1, 1)
model isonly 4.1%, and its prediction accuracy isfirst
leve, whichisfully applicableto predict itsfuture per-
formance,

THEAPPLICATION OFGM (1,1) MODEL
GROUPIN PREDICTION

In practical forecast problems, GM (1, 1) model
groups have merits of |ess dataneeds, short-term and

————, FyurL PAPER

high prediction accuracy, and thusit receives wide-
spread attentioninthefield of sportg®. Inpractica fore-
cast problems, evenif the dataafter GM (1, 1) model
accumul ation changes exponentidly, the smoothness of
thesequenceisbetter, defectslikelarge randomnessof
itsdataarestill possible, theeffect isnot very satisfac-
tory intheforecast of athletic performance. The appli-
cationsof GM (1, 1) mode groupwill effectively solve
thisproblem, and will maketheapplication of gray fore-
cast in athletic performance more mature.

Establish theGM (1, 1) modéd group

Through the settlement of the best annual perfor-
mance of theworld men’slong jump, it takesthe per-
formance of year 2013 as base point and takes data of
different dimensionstobuild GM (1, 1) mode, and the
prediction equation groupisasfollows:

x® (k +1) = —4588.96 °®#% | 4597.3 (14 d model)
x® (k+1) = -3043.416 °°™ 1 3951.84  (13d model)
x® (k +1) = -5446.876 °©“* 1 565546  (12d model )
x® (K +1) = —5533.07e 5 4 5541 5 (11 d model P
x®(k+1) = -5112.17e ¥ 1 512058  (10d modd

x® (K +1) = —3787.956 °%%* | 3796.32 (9d modd )
x® (K +1) = —2545.43e %% 4 2553.79 (8d model P
x® (K +1) = —1310.49e ! 1 1318.80 (7d modd )
x® (k +1) = —893.624e ° 1 902.04 (6d model 0
x® (k +1) = 3573.12e °%** -3564.41 (5d modd )
x® (k +1) = —1355.50e °*1347.23 (4d model )

TABLE 3: Thetest tableof GM (2, 1) model

Number  Year Original value  Model value  Residual error Relative error Classratio deviation
1 2000 8.40 8.4 0 0
2 2001 8.43 -0.67 -0.079 0
3 2002 8.59 -0.41 -0.047 0.1
4 2003 8.43 10 -1.57 -0.179 0.2
5 2004 8.41 13 -4.59 -0.54 0.5
6 2005 8.37 20 -11.63 -12 1.4
7 2006 8.36 40 -31.64 -32 3.8
8 2007 8.31 93 -84.69 -84 10.2
9 2008 8.42 234 -225.58 -226 26.8
10 2009 8.71 613 -604.29 -604 69.4
11 2010 8.27 1626 -1617.73 -1618 195.6
12 2011 8.21 4338 -4329.79 -4330 527.4
13 2012 8.28 11595 -11586.72 -11587 1399.4
14 2013 8.31 31018 31009.69 -31010 3731.7
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Posterior error test and filtering accur acy analy-
sisof GM (1, 1) model group
Posterior error test

Calculate the residual formula of the

model e(k) = X (k) - X(AO)(k) , after seek their resduals,
and then obtain thevariance S? and S?of x© (k)and

itsresidual error e(k) , in order to obtain the variance
ratio and theprobability of smal error:

C=S,/§ P= P{‘e(k)—% < 0.67453}

Filteringaccuracy analysis

Filtering relativeerror: A, =[e(n)/ x (n)

Filtering precision =( 1-A , 100

Analysisof thebest dimension GM (1, 1) model

TosdecttheGM (1, 1) mode with the most accu-
rate prediction accuracy from GM (1, 1) model group,
you need to do posterior error test and filtering accu-
racy valuescalculationon al dimensional GM (1, 1)
mode sof themodel group:

Ascan beseenfrom TABLE 4, only the 5-dimen-

siond, 12-dimensiona and 13-dimensiona mode ac-
curacy arereatively high; and thefiltering accuracy of
five-dimensiona modd isthelowest, the5-dimensond
model can beruled out. Through the 12-dimensional
and 13-dimensiona posterior error test, the 12-dimen-
siona model isthefirst level, and the 13-dimensiona
model isthesecond level; sothe 12-dimensional model
isthebest mode for the performance predi ction model
of theworld men’slong jump.

Through the 12-dimensional modeling of gray pre-
dictionmodd, getitstestindicatorsasfollowsin TABLE
)

By usinggray prediction mode group, andthegray
prediction model for the best annua performance of
theworld men’slong jump changesfrom 14-dimen-
sional prediction model to 12 dimensional prediction
modd, thusit greatly improvestheaccuracy of the pre-
dictionmodd. Theapplication of gray prediction modd
group providesan effective method for thedatascreen-
ing in the setup process of the gray model, but also
makes it more efficient and accuratein prediction of
athletic performance, and providesreferencefor the
future devel opment trend of competitive sportsand the
decisionsof related competitive sports.

TABLE 4: Theposterior error test and filtering accur acy valuesof themodel group for theworld men’slongjump

Dimension 14 13 12 11

10

9 8 7 6 5 4

C 0.529 0.380 0.339 0.705

P 0.945 0.901 1.00 0.890

Level 3 2 1 4

Filtering accuracy 98.31% 99.46% 99.41% 98.52%

0.740
1.00

4

98.57%

0.517 0.984 0.670 0.539 0.380 0.990

1.000 0.695 0.790 0.900 0.910 0.670

3 4 4 3 2 4

98.46% 98.90% 98.48% 98.15% 99.34%  99.21%

TABLE5: Thetest tableof 12 dimensional GM (1, 1) model

Number Year Original value Model value  Residual error Relative error Classratio deviation

1 2002 8.59 8.5900 0 0

2 2003 8.43 8.4336 -0.0036 0.0004 -0.0175
3 2004 8.41 8.4210 -0.0110 0.0013 -0.0009
4 2005 8.37 8.4048 -0.0384 0.0046 -0.0033
5 2006 8.36 8.3959 -0.0359 0.0043 0.0003
6 2007 8.31 8.3833 -0.0733 0.0088 -0.0045
7 2008 8.42 8.3708 0.0492 0.0058 0.0145
8 2009 8.71 8.3583 0.3517 0.0404 0.0347
9 2010 8.27 8.3458 -0.0758 0.0092 -0.0516
10 2011 8.21 8.3334 -0.1234 0.0150 -0.0058
11 2012 8.28 8.3209 -0.0409 0.0049 0.0099
12 2013 8.31 8.3085 0.0015 0.0002 0.0051
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CONCLUSIONS

The application of gray forecast model in sports
must be established based on proper data analysis,
through andlysisof itsdatadevel opment trends, it starts
fromthemodd ana ytical factors, establishesthe cor-
responding gray prediction model, keepsthe scientifi-
caly of thegray prediction method inthe applications
of competitive sportsasmuch aspossible; for thefore-
cast of sportsscores, their information isless; dueto
theinterferencefrom other strong factors, the predic-
tion accuracy of conventional analytical prediction
method isnot high; the characteristics of thegray model
will enableit predict sportsresultswith high accuracy,
and provide afavorablereferencefor decison-making
related to sports, etc.; when the statistical dataisrela
tively large, thedata can befiltered through the estab-
lishment of gray prediction model group; it choosesa
gray forecasting mode with higher precision accuracy
toimprovethe prediction accuracy of thegray system.
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