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a class of flexible nonlinear regression and
discriminant models, data reduction models,
and nonlinear dynamical systems consisting
of an often large number of neurons
interconnected in often complex ways and
often organized into layers
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/* this program read X[N] from void R_inputs()*/

#include<iostream.h>

#include<fstream.h>

#include<math.h>

#include<conio.h>

#include<stdio.h>

#include<stdlib.h>

#include<graphics.h>

unsigned int I, N ;
float E,n;

long double Vx[40] , Wx[40] , Wy[40] , Wy1[40] , Out[200] ;
long double Ww[40][40] ,Ww1[40][40] , D[2][40] , D1[2][40];
long double A ,C ,d, Norm, Vo;
void putpixel (intx, inty, int c){
inti,j;
for(i=-1;i<=1;++i)
for(j =-1;j<=1;++j)
putpixel ( x+i,y+j,C);
}

long double Sgm(long double Net ){
long double al,a2,sgm ;

al =-Net;

a2 =exp(al) ;

sgm = (2./(1+a2))-1;
return sgm ;

¥
long double SgmD(long double Net ){

long double Dsgm ;

Dsgm = .5*(1+Net)*(1-Net) ;
return Dsgm

}
long double Norm_W(long double *W,long double *W1){

long double NW , NW1 =0, NormW ;

for(inti=0;i<N;i++){
NW = WT[i] - W1[i] ;
NW1 += (NW * NW);
}
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NormW = sqrt(NW1);
return NormW ;

}

void R_Weight(){

inti,j;

for(i=0;i<N;i++){
Wx[i] = (random(1001) - 500 ) / 500. ;
Vx[i] = ( random(1001) - 500 ) / 500. ;
WyT[i] = (random(1001) - 500 ) / 500. ;

Vo = (random(1001) - 500 ) / 500. ;
for(i=0;i<N;++i)
for(j=0;j<N;++j)
Ww[i][j] = ( random(1001) - 500 ) / 500. ;

void main( ){
long double X, net, out, Zet, Norm,
NormT , MaxE ;

float  NewOut[400] ;

unsigned inti, j, k, MaxOut , MinOut , Ok ,MaxP,Pb[200],Cb[200];
unsigned long Iter ;

FILE *fp ;

int gdriver = DETECT, gmode;

clrscr();
if( ( fp = fopen("out.txt","r") ) == NULL ){
printf(*"" Error can not open file OUT.TXT ");
return ;
}
MaxOut =0 ;
MinOut = 60000u ;
fscanf(fp,"%d %d %f %f",&I,&N,&E,&n);
if(1>=1000)I =1000;
if(N>=40 )N=40 ;
for(i=0;i<1;++i){
fscanf(fp,"%d %d ",&j,&]);
Out[i] =];
if(j > MaxOut ) MaxOut = ;
if( j < MinOut ) MinQut =7 ;
}
fclose(fp);
MaxOut -= MinOut ;
for(i=0;i<1;++i){
Out[i] = (Out[i]-MinOut)/MaxOut ;
Pb[i]=0;Cb[i]=0;
}
initgraph(&gdriver, &gmode, ");
bar(0,0,640,480);
for(1=0;i<1;i++)PutPixel(i*4,400-Out[i]*400,12);
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R_Weight();

Ok=0;

for( Iter = 1 ;10K ;++Iter ){
if( kbhit())break;
Ok=1;
NormT =0 ;
MaxE =-1;

for(k=0;k<1;++k){
X = (float)(k) /I ;
for(i=0;i<N;i++)D[0][i] = Sgm( VX[i] + X * WX]i] ) ;
for(i=0;i<N;++i ){
net=0;
for(j=0;j <N ;++j)net += D[O][j] * WwI[i][j];
DI1][i] = Sgm(net);
}
net=0;
for(i=0;i<N;i++)net += D[1][i] * Wy][i] ;
out =Sgm(net+Vo);
PutPixel(k*4,Pb[k],Cb[K]);
Pb[K] = 400-out*400 ;
Cb[k] = getpixel( k*4,Pb[K]);
PutPixel(k*4,Pb[k],9);
Zet = (Out[K] - out )*SgmD( out) ;
for(i=0;i<N;i++)
Wy1[i] = Wy[i] + n * Zet * D[1][i] ;
Vo=Vo+n* Zet,
for(i=0;i<N;i++)
D1[1][i] = Zet > Wy[i] * SgmD( D[1][i] );
fori=0;i<N;++i)
for(j=0;j <N ;++j)
WwI1[i][j] = Ww[i][i] + n* D1[1][i] * D[O][i] ;
for(i=0;i<N;++i ){
D1[0][i1=0 ;
for(j=0;]<N;++j)
, D1[0][i] += D1[1][] * WwIj][i] * SgmD( D[O][i] ) ;

for(i=0;i<N;i++){
Wx[i] = Wx[i] + n* D1[0][i] * X ;
VX[i] = Vx]i] + n * D1[0][i] ;

Norm = fabs( Out[k] - out );
if(Norm>=E)Ok=0;
if( Norm > MaxE ){
MaxE = Norm ;
MaxP =k ;
}
for(i=0;i<N;++i)
for(j=0;j<N;++j)
WwIiJ[i] = Ww1[i][i] ;
for(i=0;i<N;i++){
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, Wyli] = Wyl[i] ;
NormT += Norm ;
Il printf(" %d %f \n", k, float(Norm) ) ;

}
NormT /=1;

if( NormT < .075 )break;
if( 1(Iter%2100)){
gotoxy(1,1);printf(" ");
gotoxy(1,1);
printf(" %Id %f %f %d \n", Iter ,float(NormT) ,(float)(MaxE),MaxP+1) ;
¥
}
for(k=0; k<2*l; ++k ){
X = (float)(k) /1 ;
for(i=0;1<N; i++)D[O][i] = Sgm( VX[i]+X * WX]i] ) ;
fori=0;i<N;++i){
net=0;
for(j =0 <N ;++j)net += D[O][j] * WwI[i][i] ;
DI1][i] = Sgm(net);

net=0;
for(i=0;i<N;i++)net += D[1][i] * Wy[i] ;
NewOut[k] = Sgm( Vo + net )*MaxOut+MinOut ;
}
fp = fopen("my_out.txt","w");
for(k=0; k<2*l; ++k ){
fprintf(fp,"%d %7.2f\n" k+1 ,NewOut[K]);
}
fclose(fp);
fp = fopen("W_out.txt","w");
for(k=0;k<N;++k){
fprintf(fp,"%7.5f %7.5f %7.5f \n",(float)Wx[K],(float) Vx[K],(float) Wy[K]);
}
fprintf(fp,"%7.5f \n",(float)Vo);
for(i=0;i<N;++i ){
for(j=0; <N ;++j)
fprintf(fp,"%7.5f ", (float)Ww([i][j]) ;
fprintf(fp,"\n");

for(i=0;i<1;++)

Out[i] = Out[i]*MaxOut+MinQut ;
double M1, M2, m1, m2;
M1=M2=0;
for(i=0;i<l1;++i){

M1 += Out[i] ;

M2 += NewOult[i] ;

}
M1/=1;:M2/=1;



fprintf(fp,"Mean = %7.5f  %7.5f \n",(float)(M1),(float)(M2)) ;
ml=m2=0;
for(i=0;i<l1;++i){
m1l += fabs( Out[i] -M1 );
m2 += fabs( NewOut[i] -M2);
}
ml/=1;m2/=1;
fprintf(fp,"MAD = %7.5f %7.5f \n",(float)(m1),(float)(m2)) ;
ml=m2=0;
for(i=0;i<l1;++i){
ml += (Out[i] -M1 )*( Out[i] -M1 );
m2 += ( NewOult[i] -M2)*( NewOut[i] -M2);
}
ml/=1;m2/=1;
fprintf(fp,"S"2 = %7.5f  %7.5f \n",(float)(m1),(float)(m2)) ;
ml=sqrt(ml); m2=sqrt(m2);
fprintf(fp,"S.D = %7.5f  %7.5f \n",(float)(m1),(float)(m2)) ;
ml1=0;
for(i=0;i<1;++i){
m1 += ( Out[i] - NewOut[i] )*( Out[i] - NewOut[i] ) ;
}
ml/=1;
ml=sqrt(ml);
fprintf(fp,"MSE = %7.5f \n",(float)(m1)) ;

fclose(fp);
}



ABSTRACT

Forecasting of future behavior of time series is one of the
important subjects in statistical science, because of its need in
the different areas life, like forecasting of weather state and air
temperature, market state and prices, water flow, consumption
electrical power. In the recent years there are increase
interesting in forecasting, and some new techniques in the field
of computer science, like Artificial Neural Networks (ANN), are
appeared. These techniques are able for learning and self-
adaptation with any model, and don’t need assumptions on the
natural of time series. On the other side the classical forecasting
methods, like Box-Jenkins method, need hard conditions.

Hence, there is a need a comparison between classical
methods in forecasting of time series with ANN technique to
find which approach main goal for this study.

A raw data about consumption electrical power in Mosul
city is used to perform this comparison through the application
of the two programms Minitab and Matlab on the statistical
analysis, and a program is written in C++ for the ANN. From
the practical application it found that ANN give better and more

efficient results than classical methods.



The Use of Neural Networks in
Forecasting of Time Series with
Application on Consumption
of Electrical Power in
Ninavah Governarate

A Thesis Submitted to
The Council of the College of
Computer Sciences and Mathematics
University of Mosul
As a partial Fulfillment of the Requirement
for a Degree of Master in
Statistics

By
Azza H. Z. Ameen-Bak
(Bs.C. Statistics, 1985)

Supervised by
Prof. Dr. Basil Y. Thanoon Al-Khayat

1426 A.H 200. A.C.



