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ABSTRACT

In order to forecast the water demand and enhance the utilization of water
resources, based on the basic principle of Grey Model with First Order
Differential Equation and one Variable (GM(Z1,1)), in this paper, a novel
First-entry traversal Grey Model with First Order Differential Equation
and one Variable (T-FGM (1,1)) was established by minimum tota residual
sum of square. Furthermore, A T-FGM (1,1)( First-entry traversal Grey
Modd with First Order Differential Equation and oneVariable)-RBF (radial
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basisfunction) neural network model is established. The proposed model
not only educes the unstable factors that influence the forecast, but also
can interfuse the advantages in the uncertainty domain in neural network.
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INTRODUCTION

Water isessential for human surviva and well-be-
ing, socio-economic development and for maintaining
healthy ecosystems. With the devel opment of social
economy, theincrease of population, human demand
for water resources and the growing shortage of water
resources, the water resources supply and demand
contradictionismoreoutstanding. Therefore, itisvery
necessary and urgent to predict how accurate, efficient
useof water, avoid thewronginvestment, aleviatethe
tense situation of water resource. The correct predic-
tion of water demand is of great significancefor the
harmonious devel opment of our society, economy and
environment, to the correct decision-making andimple-
mentation of maor water resources engineering, water
management which under the conditions of the market

economy. Water demand predictionisanimportant god
of water conservancy investment, can providethe nec-
essary basi sfor water resources planning and manage-
ment. In recent decades, many advanced theorieshave
been producedin studieson water demand forecasting
1-7]

Motivated by>4, anove First-entry traversa Grey
Model with First Order Differential Equation and one
Variable (T-FGM(1,1)) wasestablished by minimum
total residual sum of square. Furthermore, a T-
FGM(1,1)( Frst-entry traversal Grey Modd with First
Order Differentia Equation and oneVariable)- RBF (
radial basisfunction) neural network is established.
The proposed mode not only educesthe unstablefac-
torsthat influencetheforecast, but also caninterfuse
theadvantagesin the uncertainty domainin neura net-
work.
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BASICTHE FIRST-ENTRY
GREY ARMA-EGARCH-M COMBINED
FORECASTING MODEL

GM (1, 1) models

Thegrey system theory, which wasfirstly brought
forward by Dengin®, has devel oped rapidly in recent
years, has been successfully applied andisplayinga
more and morerolein many fields. The Grey Model
with First Order Differential Equationand oneVarigble
(GM(1,1)) isafirg-order linear dynamic modd of single
sequenceand isagenerally used grey sequencefore-
cast model. The establishment process of the Grey
Model with First Order Differential Equationand one
Vaiable(GM(1,1)) isasfollows:

Let x© betheoriginal datasequence of the existing
water demand: x© ={x© (1), x?(2),---,x?(n)} .
Then thefirgt-order accumul ated generating operation
(1-AGO) of x© jsthat:

X(l) :{ X(l) (1)' X(l) (2)' e X(l) (n)} . (1)

Wherethefirst-order accumul ated generating opera-
tion sequenceas

[
xP(k)=> xO®i),k=12,,n.
i=1
Thedifferentia equation of (1) constituted by theone-
order grey model can be expressed as.

dx® (t)
a )
where a and p arethegrey developmental coefficient
and thegrey control parameter respectively. The pa-
rameters a and p can be solved by means of theleast-

+ax®(t) =b,

a )
squaremethod asfollows: M =(B"B)"B'Y, ,where
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Z6P@+x*@) 1

SO M-D ) 1

BioTechnology —

and
Y, =[x?(2),x9@3),--, xX(n)]" .
Thepredictionvaueof thegrey modd with repect
to thedatasequence x® isgiven by

b

K0 = (@) - e+ 2 k=23, 3)
a a

from (3), themodeling value © can bederivedto be

O (1) = %@ (1) = x© (1), and K (k) andloguevalue
will be

O (k) = %9 (k) - %9 (k-1) = (X0 (@) 72)(17 e)e Y k=23,

T-FGM(1,1) modd:

Now, We select an optimal weight vector « for
the linear combination of the n P(k)-
FGM(1,1)(k =0,1,---) models, and thenthetraversd
grey model (T-FGM(1,1)) can be obtained by taking
wel ghted mean va ueof prediction va ueof eachmodd
astheprediction result.

Supposethetraversal grey model (T-FGM(1,1))
X = d(%9(0), 87 (),---, % (n)) , which consists of
n P(k)-FGM(1,1)() and weight vector , is

fr =2 o fog (4)
k=0

Where isthe T-FGM(1,1) forecasting model, isthe
P(k)-FGM(1,1) forecasting model.

By meansof thenthen P-GM(1,1) predictionre-
Sdud series

(e(0,0),&(0,2),---,&(0,n), (1, 0),&(1,1),---, the pre-
diction residual errorsinformation matrix can be ex-
pressed as

E0,) E(0) E(O,n)
_| EGO)  EQRD E(Ln)
E(n,0) E(n) E(n,n)

Where
E(k, J) = e(k,0)e(j,0) + e(k,)e(j, 1)+

+e(k,n)e(j,n),k,j=012,---,n.
Ongenerd, Eispogtivedefinitematrix.
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On the basis of traversal grey model residual error
sguare and minimum standards, we can construct the
following amathematica programming mode!:

minJ :Zn:(iwje(k, j)]

k=0\ j=0
= Za)ka)jE(k, i)
k=0 j=0
=0 Ew ®)
St.z o, =1 o =0. (6)

k=0

By meansof the s multaneous solution of (5) and
(6), wecan ca culatetheweight vector . By subgtituting
of theca culated weight vectorinto (4), the T-FGM(1,1)
can be model ed.

Tests of The mode

Usudly, after-test res duechecking and small error
probability is used as a standard of quality of the
moded[25].

Residud error:
e(i) = x @) - x(i)(i =0,1---,n),
1

Residual errorsmean; € = EZ e(i),
i=0

Mean: X==3 x°(),
n

i=0
Mean square deviation of raw series:

§ =23 () -%)",
nizo
Mean square deviation of resdud error:

=23 ()9,

posterior error retio: C= g

small error probability:
P =p[|e(i)-&|<0.67455 ].

Theless C valueis, the better modedl is, and the
bigger P valueis, thebetter modd is.

Tests of the modée

Based onaseriesof theT-FGM(1,1) models, we
can get aseriesof predictivevaues. But thepredictive
vauesgenerdly haveacertain deviationand theorigi-
nal data, and also have some rel evance between the
original sequence, and the association is unknown.
Therefore, we usethe RBF neural network model to
simulate the rel ationship between the predicted value
and the deviation between actual valueand sequence,
the predicted val ues asinput dataof RBF neural net-
work, theactual va ueasthe output samples, take some
structure, thenthe RBF neural network training, each
layer of each node can be obtained the weights and
thresholdsthe GM (1, 1) to predict the next hour or
more momentsof themodd va uesastheinput of neu-
ral network, get the corresponding output asthefinal
prediction for the next moment or aplurality of time
value. RBF neurd network learning a gorithm selects
the nearest neighbor clustering algorithm, whichisan
onlineadaptived ugteringagorithm, thenumber of nodes
inthehidden layer unit without ahead to determine.

The following Figure 1 presents the predicted
amount of the national widetotal water demand from
1997 to 2025.
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Figurel: Amount of thenational widetotal water demand

CONCLUSION

In this paper, a novel First-entry traversal Grey
Model with First Order Differential Equationand one
Variable (FT-GM(1,1)) wasestablished by minimum
total residual sum of square. Furthermore, a FT-
GM(1,1)( First-entry traversal Grey Modd with First
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Order Differential Equation and one Variable) RBF (
radid bas sfunction) neurd network isestablished. The
proposed model not only educesthe unstablefactors
that influencetheforecast, but also can interfusethe
advantagesintheuncertainty domaninneura network.
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