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Abstract: Inverses of matrices have been found out using Gaussian and Gauss-Jordan
elimination methods with the help of developed computer program. Numbers of
operationsinvolved in the deter mination of inverses of matrices have also been computed.
Numerical efficiencies of Gaussian and Gauss-Jordan elimination methods have been
found to be 2.547511 and 2.392344 which indicates that the Gaussian elimination method
isapproximately 1.051 times faster than the Gauss-Jordan elimination method
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INTRODUCTION

One way how to solve Ax = b consists in computatd®\™ complemented by its multiplication by the
right hand side vector b. Such a process, howegehighly indficient, since the inverse matrix
computation generally require$ operations, where n the matrix order. The conseqo®trix-vector
multiplication adds additional?roperations. The solution of the system of algebegjuations with one
right hand side requires only/&+r?-n/3 operation&™!,

There is another, even more significant reason agaiatrix inversion, namely the loss of symmetrd an
banddedness of the matrix being inverted. Thisemevusage of anyffecient matrix storage modé&s’ A

few decades ago solving a system of equations eyrtatrix inversion was considered to be a sort of
computational crime. Today, when a 1000 x 1000 imnatin be inverted in a fraction of second exequtin
the simple Matlab statementinv(A), one can procaegunished for doing this. But, as before, it ie th
problem size and its 'standardness’ which influenthesdecision of an acceptable brute force solitgbil
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The limits are higher than before, as well as thesequences and fines we have pay for our eventual
failures. So if we insist on the computing the mxaitmversion we still could do in a memoryfieient way
by solving the system of equations n tiffes]

AxO=g" i=1,2,...n,

with right hand side vector§'eontaining zeros with the exception of a singleatlits i-th location. Each
solution gives a single vectof xvhich is just the i-th column of the inverse ma#i*, i.e.

A= [xXPx@..

This way we can carry out the triangularizationtiof matrix only once employing thus the suitable
efficient matrix storage schemes. Obtaining the invilisavay requires the 318 operations, which is still
more than using classical Gauss-Jordan reductimeeps. It might be acceptable if the memory lirotet
are more severe than those of tirffécency™**"!

For inverting a matrix(auss-Jordan eliminatiois about as efficient as any other method. Forisglsets

of linear equations, Gauss-Jordan elimination pcedboththe solution of the equations for one or more
right-hand side vectolts, and also the matrix inver#e*. However, its principal weaknesses are (i) that it
requires all the right-hand sides to be stored madipulated at the same time, and (ii) that when th
inverse matrix isnot desired, Gauss-Jordan is three times slower tharbdist alternative technique for
solving a single linear set. The method’s princigta¢éngth is that it is as stable as any otherctireethod,
perhaps even a bit more stable when full pivotingsed'®*?

MATERIAL AND METHOD

In order to find out the inverse of Matrix A, wekéaidentity matrix B of same order. Now, we appdyne
elementary operations on A and B to reduce A idémfity matrix. When A is reduced into identity miat
the matrix B becomes the inverse of A. In elemgnigerations, we do the followirftf-*3

= |nterchanging any twoowsof A and the correspondirrgwsof the B.

= Replacing any row in Ay a linear combination of itself and any other r&ame operation has to
be applied on B.

= |nterchanging any twoolumnsof A. Same operation has to be applied on B.

Inverses of matrices given in Table-1 have beemdoaut using Gaussian and Gauss-Jordan
elimination methods with the help of C++ computeygrams given in program-1 and program-2. Number
of operations involved in finding out the inverdezach matrix has also been calculated.

RESULT AND DISCUSSION

Inverse of Matrix-1 by Gaussian Elimination Method-
Matrices A and B are as under-

Matrix A is given below

| 1.000 2.000 3.000

| 2.000 4.000 -1.00p

| -3.000 1.000 5.00p

Matrix B is given below

| 1.000 0.000 0.000

| 0.000 1.000 0.000
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| 0.000 0.000 1.000
Multiplying first row by 2.000 and subtractingfibm 2 row
Matrix A is given below

| 1.000 2.000 3.0d0
| 0.000 0.000 -7.00p
| -3.000 1.000 5.00p
Matrix B is given below

| 1.000 0.000 0.000
| -2.000 1.000 0.000
| 0.000 0.000 1.0d0
Multiplying first row by -3.000 and subtractingfiom 3 row
Matrix A is given below

| 1.000 2.000 3.000
| 0.000 0.000 -7.00p
| 0.000 7.000 14.040
Matrix B is given below

| 1.000 0.000 0.0d0
| -2.000 1.000 0.00p
| 3.000 0.000 1.000
Swapping 2 and 3 rows
Matrix A is given below

| 1.000 2.000 3.000
| 0.000 7.000 14.040
| 0.000 0.000 -7.00p
Matrix B is given below

| 1.000 0.000 0.000
| 3.000 0.000 1.000
| -2.000 1.000 0.00p
Matrix A is given below

| 1.000 -0.000 -0.00p
| 0.000 7.000 0.000
| 0.000 0.000 -7.00p
Matrix B is given below

| 0.429 -0.143 0.000
| -1.000 2.000 1.00p
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| -2.000 1.000 0.000
The inverse of matrix is

| 0.429 -0.143 0.000
| -0.143 0286 0.148
| 0.286 -0.143 -0.00p

Number of operations performed in finding out theerse of Matrix-1 by Gaussian Elimination
Method = 64

Calculation of inverse of Matrix-1 by Gauss-Jordan Elimination method

Matrices A and B are as under-

Matrix A is given below

| 1.000 2.000 3.000

| 2.000 4.000 -1.00p

| -3.000 1.000 5.00p

Matrix B is given below

| 1.000 0.000 0.0d0

| 0.000 1.000 0.000

| 0.000 0.000 1.0d0

The inverse of matrix is

| 0429 -0.143 -0.28p

| -0.143 0286 0.1483

| 0.286 -0.143 -0.00p

Total number of calculations in finding out the énse of Matrix-1 by Gauss-Jordan Elimination
method = 66

Program-1: Tofind Inverses of matrices using Gaussian elimination method

#include<conio.h>
#include<stdio.h>
#include<math.h>

//Gauss elimination method
float a[15][15],x[15],b[15][15];
int n;

int c=0;

FILE *fpt;

void main(void)
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{

floatr,s;

intij,k,l,m,p;

void swap(int rl, int r2);

void displaymat(int row);
fpt=fopen("vincinvg.doc", "a");

clrscr();

printf("Number of rows in square matrix=");
scanf("%d",&n);

printf("Give the matrix row-wise\n");

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

{
for(=1;j<=n;j++)
{
printf("a[%2d,%2d]=", ij);
scanf("%f",&ali][j]);
}
}

// Adding identity matrix

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

{
for(j=1;j<=n;j++)
{
if (i==J) b[i][i]=1; else bi][j]=0;
}
}

printf("Matrix is as follows-\n\n");
fprintf(fpt,"Matrix is as follows-\n\n");
displaymat(n);

/Matrix input finished

/[Calculating inverse

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

{
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if (a[i][i]==0)
{
for(j=i+1; j<=n; j++)
{
if (@[][i]'=0)
{
swap(i,j);

goto afterswap;

else

if j==n)

{
printf("Matrix is singular as a[%2d,%2d]=0\nl)],
fprintf(fpt,"Matrix is singular as a[%2d,%2d]+0\j,i);

goto last;

}
afterswap: ;
for(k=i+1;k<=n;k++)
{
if (a[i][i]==0)
{
printf("Matrix singular with i=%2d\n",i);
fprintf(fpt,"Matrix singular with i=%2d\n",i);
displaymat(n);
goto last;
}
r=a[K][il/afi]i];
C++;

for(I=1;l<=n;l++)
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{
a[K][l=a[k]l]-r-afi][l];
bIK][=bIK][l]-r*b[i]];
c=c+2;
}
if (r '=0)
{
printf("Multiplying first row by %7.3f and sutacting it from %d row\n\n",r,k);
fprintf(fpt,"Multiplying first row by %7.3f ad subtracting it from %d row\n\n",r,k);
}
}
}

/lreducing upper triangular to indentity matrix
for(k=n;k>1;k--)
{
for(i=1;i<k;i++)
{
r=ali][K}/a[K][K];
C++,
for(j=1;j<=k;j++)
{
a[ij[il=afi]{]-r<a[k]f;

c++;

b[i][j1=b{i]{]-r*bIK]L];

cH++;

for(i=1;i<=n;i++)
{
if (ail[i] '= 1)
{
for(p=1;p<=n;p++)
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}

{
b[i][p]=bli][p)/ali][i;
c++;

}

a[i][i]=1;

printf("The inverse of matrix is \n");

fprintf(fpt,"The inverse of matrix is \n");

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

{

last: ;

printf(* | *);
fprintf(fpt,” | ");
for(j=1;j<=n;j++)
{
printf("%9.3f ", b[i][i]);
fprintf(fpt,"%9.3f ", b[il[]);

}
fprintf(fpt," | ™);
printf(" | ™;

printf("\n");
fprintf(fpt,"\n");

printf("\n ");
printf("\n");
fprintf(fpt,"\n");
fprintf(fpt,"\n");

printf("Total number of calculations = %5d\n’;,c)

fprintf(fpt,"Total number of calculations = %5d\c);

printf("Program finished\n");

printf("Press any key to terminate\n");

getch();

R. B. Shrivastava and Vinod Kumar.
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}

void swap(int rl, int r2)

{

float t;

inti;

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

{

}
}

t=a[r1][i];
a[r1][i]=a[r2][i];
a[r2][i]=t;
t=b[r1][il;
b[r1][i]=b[r2][il;
b[r2][i]=t;

C=C+6;

void displaymat(int row)

{

int p, g, col=row;

printf("Matrix A is given below\n");

fprintf(fpt,"Matrix A is given below\n");

for(p=1; p<=row; p++)

{

printf(" | ");
fprintf(fpt," | ");
for(g=1;q<=col;q++)
{
printf("%9.3f ", a[p][q]);
fprintf(fpt,"%9.3f " a[p][q));
}
printf(* | *);
fprintf(fpt,” | ");

R. B. Shrivastava and Vinod Kumar.
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}

printf("\n");

fprintf(fpt,"\n");

printf("\n");

fprintf(fpt,"\n");

printf("\n");

fprintf(fpt,"\n");

printf("Matrix B is given below\n");

fprintf(fpt,"Matrix B is given below\n");

for(p=1; p<=row; p++)

{

}

printf(* | *);
fprintf(fpt,” | ");
for(q=1;q<=col;q++)
{
printf("%9.3f ", b[p][a]):
fprintf(fpt,"%9.3f " b[p][a));
}
printf(* | *);
fprintf(fpt,” | ");
printf("\n");
fprintf(fpt,"\n");

printf("\n");

fprintf(fpt,"\n");

printf("\n");

fprintf(fpt,"\n");
/lgetch();

R. B. Shrivastava and Vinod Kumar.

Program-2: Tofind Inverses of matrices using Gauss-Jordan elimination method

#include<conio.h>

410

J. Chem. Bio. Phy. Sci. Sec. B, 2012-2013, VVal.3, No.1, 401-420.



Comparison of... R. B. Shrivastava and Vinod Kumar.

#include<stdio.h>
#include<math.h>
/IMatrix inverse by Gauss Jordan elimination method
float a[15][15],x[15],b[15][15];
int n;
FILE *fpt;
void main(void)
{
floatr,s;
int i,j,k,I,m,p;
void swap(int r1, int r2);
void displaymat(int row);
fpt=fopen("vininvgj.doc", "a");
clrscr();
printf("Number of rows in square matrix=");
scanf("%d",&n);
printf("Give the matrix row-wise\n");

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

{
for(=1;j<=n;j++)
{
printf("a[%2d,%2d]=", ij);
scanf("%f",&ali][j]);
}
}

// Adding identity matrix

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

{
for(=1;j<=n;j++)
{
if (i==)) b[i][i]=1; else b[i][j]=0;
}
}
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printf("Matrix is as follows-\n\n");
fprintf(fpt,"Matrix is as follows-\n\n");
displaymat(n);

/Matrix input finished

/[Calculating inverse

for(j=1;j<=n;j++)

{
if (afj][il==0)
{
if (j<n) swap(j,j+1);
if (j==n)
{
printf("Singular matrix\n");
fprintf(fpt,"Singular matrix\n");
goto last;
}
}
for(i=1;i<=n;i++)
{
if (i =)
{
s=alil[il/afilll;
for(k=1;k<=n;k++)
{
a[i][k] = a[i](k] - a[i][k] * s;
b[i](k] = b{i][k] - b[j][k] * s;
}
displaymat(n);
/I getch();
}
}
}

for(i=1;i<=n;i++)
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{

if (ai][i] = 1)

{

}

for(p=Lip<=n;p++)
biil[p}=b{palilll;
alilfi=1;

displaymat(n);

printf("The inverse of matrix is \n");

fprintf(fpt,"The inverse of matrix is \n");

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

{

last: ;

printf(" | );
fprintf(fpt," | ");
for(j=1;j<=n;j++)
{
printf("%9.3f ", bYi][i]);
fprintf(fpt,"%9.3f ", b[il[]);
}
fprintf(fpt," | ");
printf(" | );
printf("\n");
fprintf(fpt,"\n");

printf("\n ");
printf("\n");
fprintf(fpt,"\n");
fprintf(fpt,"\n");

printf("Program finished\n");

printf("Press any key to terminate\n");

getch();

R. B. Shrivastava and Vinod Kumar.
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}

void swap(int rl, int r2)

{

float t;

inti;

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

{

}
}

t=a[r1][i];
a[r1][il=alr2][il;
a[r2][i]=t;
t=b[r1][i];
b[r1][i]=b[r2][i];
b[r2][i]=t;

void displaymat(int row)

{

int p, g, col=row;

printf("Matrix A is given below\n");

fprintf(fpt,"Matrix A is given below\n");

for(p=1; p<=row; p++)

{

printf(* | *);
forintf(fpt,” | *);
for(g=1;q<=col;q++)
{
printf("%9.3f ", a[p][q]);
fprintf(fpt,"%9.3f " a[p][q));
}
printf(* | *);
fprintf(fpt,” | ");
printf("\n");
fprintf(fpt,"\n");

R. B. Shrivastava and Vinod Kumar.
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}

printf("\n");

fprintf(fpt,"\n");

printf("\n");

fprintf(fpt,"\n");

printf("Matrix B is given below\n");
fprintf(fpt,"Matrix B is given below\n");

for(p=1; p<=row; p++)

{
printf(" | ");
fprintf(fpt," | ");
for(g=1;9<=col;q++)
{
printf("%9.3f ", b[p][a]);
fprintf(fpt,"%9.3f " b[p][a));
}
printf(* | *);
fprintf(fpt,” | ");
printf("\n");
fprintf(fpt,"\n");
}
printf("\n");

fprintf(fpt,"\n");
printf("\n");
fprintf(fpt,"\n");
/lgetch();

Table-1: Matriceswhose inver ses have been found out by Gaussian and Gauss-Jordan elimination
methods
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Matrix

-1

2 4
-3 1 5

-3 1 5
2 4

-1

2
2 4

-1

4 8 4 O
1 47 2

1 5 4 -3
1 3 0 -2
4 3 4 0

1 2 3 2
1 5 4 -3
1 0 4 7

1

-3

9 31C

5 2 3 2

7 5 8 3

1 2 4 7

3 11 0
2 2 3 3
1 46 3

-1 1 8 -7

1

-2 3
2 1 8 -7

11

S. No.

10
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Matrix

1 2 3 4
3 21 4

6 7 8 9

2 7 6 5

2 2 3 4

1 2 1 4

3 7 3 9

7 7 2 5

0 2 3 4

1 2 0 4

3 0 3 8

1 2 2 5

0 2 31

2 2 5 14
1 0 2 8

3 2 2 ¢

1 2 41

2 1 2 4

1 9 0 2

5 1 1 3

1 2 4 5

5 1 1 3

1 50 2

2 7 31

1 2 0 &

0 1 3 2

2 3 5 2

3 0 21

1 314

2 1 3 2
1 3 4 2

3 7 21

4 2 1 5

1 7 3 2

2 5 21

3 0 2 14

S. No.

11

12

13

14

15

16

17

18

19
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S. No. Matrix
311 4
2 6 11

20 3 4 3 2
4 0 1 3

Table-2: Number of calculationsin the determination of inver se of matrix by Gaussian and Gauss-
Jordan dimination methods

Number of calculationsin the Numbe_r of_calculgtionsin the

Matrix determination of inver ses of deter_mlnatlon of inverses of
matrices by Gaussian elimination m_atr_lces_, by Gauss-Jordan

elimination

1 64 66

2 46 48

3 64 66

4 116 124

5 116 124

6 Singular Singular

7 116 124

8 116 124

9 116 124

10 116 124

11 136 144

12 112 120

13 136 144

14 136 144

15 112 120

16 112 120

17 108 116

18 112 120

19 116 124

20 116 124

cototatons | 2%%° 2200
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CONCLUSION

Efficiency of matrix inversion by depends on themfuer of calculations involved in the process of
determination of inverse of matrix. As the numbétttese calculations increases; the efficiencyhef t
method decreases and vice-versa. Number of cdtmgainvolved in the determination of inverse of
matrix by Gaussian and Gauss-Jordan eliminatiomoast have also been found out and these are given i
Table-2. Let us define the efficiency with the hefgormula-

Efficiency of method for matrix inversiomm) = 100000/(sum of number of calculations in the
determination of inverse of matrix x number of rias)

In order to find out the efficiency of Gaussiametiation method, one should take many matrices; but
here only 20 matrices have been considered in wdriehis singular.

Efficiency of Gaussian elimination method) (= 100000/(sum of number of calculations in the
determination of inverse of matrix by Gaussian glation method x number of matrices)

= 100000/(2066 x 19)
=2.547511
Efficiency of Gauss-Jordan elimination method ia tietermination of inverses of matricg} (

= 100000/(sum of number of calculations in deteation of inverse of matrix x number
matrices)

= 100000/(2200 x 19)
= 2.392344

Speed of Gaussian elimination method for matribersion over Gauss-Jordan elimination method (S) is
defined as-

S = efficiency of Gaussian elimination method icéincy of Gauss-Jordan
elimination method
= 2.547511/ 2.392344
=1.051

Thus, Gaussian elimination method is approximaie@b1 times faster than Gauss-Jordan elimination
method.
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