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Abstract

This study proposes a method for solving mixed integer multi-objective fractional signomial geometric
programming (MIMOFSGP) problems.In this paper we firstly convert a multi-objective fractional
signomial programming into a non-fractional problem by a new convenient reformulation strategy.
Then the fuzzy programming technique is applied to find the optimal compromise solution and a
convex relaxation is used to reach a global solution. A mixed integer compromise optimal solution
of the convex programming problem can finally be found by use of nonlinear branch and bound
algorithm. Then on using the Spacial branch and bound algorithm, we obtain a solution that has
the shortest distance from the solution of the original problem. Finally two examples are included to

demonstrate the correctness and efficiency of the proposed approach.
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1 Introduction

Ractional geometric programming problems
F (FGP) is used to solve a class of geometric
programming problems to minimize a fractional
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objective function under certain constraints. A
few methods have been applied in the recent
past to convert a fractional signomial objective
function into a non-fractional signomial objective
function to find the optimal solution by use of
some common mathematical programming tech-
niques. The mixed integer fractional signomial
geometric programming problems(MIFSGP) in
which the objective function appears as a quo-
tient of two signomial functions subject to cer-
tain constraints with integer and continuous de-
cision variables is an important part of geomet-
ric programming problems in the wide scope
of engineering design, management and finance
problems. For instance, Ray and Saini (2001)
[18], Arora (1989) [2] addressed a few meth-
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ods to solve some real (FGP) problems of de-
sign engineering. Ching Ter Chang (2002) [10],
Jung-Fa Tsai (2007) [19] and Saraj and Bazikar
[3] proposed some reformulation techniques to
convert geometric fractional functions to geo-
metric non-fractional functions. In practice,
some of the (FGP) problems are formulated as
multi-objective fractional programming problems
(MOFGP). Usually a multi objective optimiza-
tion problem doesnt have any single optimal so-
lution which optimizes all the objective functions
simultaneously. Anyway the decision makers look
for the most compromise solution for all objec-
tives. In the recent past a few approaches have
been used to find global compromise solutions
namely weighting methods, goal programming
and fuzzy techniques. Although these approaches
are applied in multi objective nonlinear program-
ming [17], there is no absolutely successful exten-
sion to find a global lower bound for multi objec-
tive fractional geometric programming (MOFGP)
problems. In this paper, we first define a
new variable for every fractional objective func-
tion.This technique reformulates (MOFGP) prob-
lem to a non-convex mixed integer multi objec-
tive geometric programming (MOGP) problem
by adding some constraints. Reformulated non-
convex (MOGP) problem poses additional chal-
lenges, because it contains non- convex terms in
the objective functions or in the constraints. In
addition, existence of the integer variables gener-
ally makes the feasible region non- convex. So
applying convex relaxation will yield the best
lower bound for objectives and the yield optimal
compromise solution is infeasible for the original
(MOFGP) problem.Therefore by using the spa-
tial branch and bound algorithm, we find both
a feasible solution for the (MIGP) problems and
the tightest global lower bound to the (local) orig-
inal lower bound for multi objective functions]6].
The rest of the paper is organized as follows: for-
mulation of multi-objective mixed integer frac-
tional geometric programming problems for (MI-
MOFGP) are discussed in Section 2 and 3, re-
spectively. In section 4, Fuzzy notations and the
formulation of a crisp model for the fuzzy geo-
metric programming problem is used. The con-

vexification strategies discussed in Section 5. And
also, the spatial branch and bound algorithm [9]
is expressed to assess lower bound of convex re-
laxation of (MIGP). An illustrative example has
been incorporated in Section 6. Finally, some
conclusions are brought from the obtained results
in Section 7.

2 Mixed integer multi-
objective signomial geomet-
ric fractional programming

(MOMISGFP) problems.

a signomial function is a sum of positive or neg-
ative signomial terms consisting of a product of
power functions,ie.,

Qg g

T n
, X)) = Et:1UtCtHj:1$J

p(x) = f(x1, 29, ...

Where x is a vector of real or integer positive
variables. T and n are the number of terms and
variables respectively in every signomial function.
¢ is absolute value of coefficients, and oy is sign
of coefficients (4+1 or —1).
a signomial function are positive, ie, all coeffi-

If all the terms in

cients oy = +1, then the function is called posyn-
omial. A multi-objective mixed integer fractional
signomial geometric programming problem is ex-
pressed in its normal form as follows:

S xn)T, s0 as to

, [P(x)) (2.1)

Obtain =z = (z1,x2, x3, . .
Minimize(f1(x), f2(x), f3(x),...
(r*(x))

ka = " (x)>0,ke{1,2,....p
09 = iy 09 { )
Subject to

gz(X)Sglafz::‘:1)Z:17277m
Where

p¥(x), ¢"(x) and g;(x) are signomial functions
and
x = (z1,22,23,...,2,)] € X,X CR,
x is a vector of real or integer positive variable
0<z; <z; <7
j=1,2....n

It is assumed, the mentioned problem is feasible
and has an optimal compromise solution.
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3 Strategy of reformulation

In this article a new and convenient technique
is presented to convert a multi-objective signo-
mial geometric fractional programming (MOS-
GFP) problem to a multi-objective signomial ge-
ometric programming (MOSGP) problem with p
fractional objective functions. Consider the fol-
lowing signomial geometric fractional program-
ming problem:

pH(x)
q*(x)

k
¢k k. %ots
B 2 21001Co i 25 1
= " (3.1)
o 'k kTN otj
Etzlaotcotﬂjzlmj

Minimizef*(x) =

ke{l,2,...,p}
Subject to
9i(x) <& & =Fli=12,...,m

Where

Qijtg

v
gi(X) = Etélazt CZtszlxj

" (x) >0, for x € X and

Vx = (21, 22,23,...,2,)] € X CR,

0<z; <x; <y,

TF = Number of terms in p*(x),
T;k = number of terms in ¢*(x),
cot,c;t €ERT
0<z;<z;<7j,57=12...,n

Suppose T, is a positive variable, let ¢*(x) =
Tntk then we have:

FRrx) =2y + 0 (x) for ke {1,2,...p},

To find lower and upper bounds of every x,
for every k € {1,2,...,p} we should solve two
following subproblems:

Ln+k: = minqk(X) , k€ {1727 s 7p}

Subject to
QZ(X) Sgl ; 52 = :F]- 3

forxe X

i=1,2,...,m

And
Upsr '=maxq®(x) , ke {1,2,...,p}
Subject to
9i(x) <&, & =F1,

forxe X

1=1,2,...,m

So, the problem 3.2 leads to the following signo-
mial geometric programming problem which con-
tains a new equality constraint, x;}rk xqk(x) =1

Minimize x;j_k s pF(x) (3.2)
Subject to
x;}rk gt (x) =1 (3.3)
9i(x) <&, &=F1,1=12,....m
Lpik <@pik <Upsr, k€ {1,2,...,p}, x>0

We can replace the equation (3.3) by two non-
equation as following:

(3.4a)
(3.4b)

x;j_k «qf(x) <1
—:(:T_L}rk * qk(x) < -1
Therefore the original MOSGFP problem is re-

formulated to:

Minimize (x;_lH s pt(x),
-1

x +2>|<pz(x),...,1‘1;1_},>s<pP(x)) (3.5)

Subject to
T d"(x) <1
—z kg (x) < -1, k=1,2,...,P
gi(x) <&, &=7F1,
Lok <@pik <Upsr,k€{1,2,...,P},x>0
Where

i=1,2,....m

k
k(o) — vI& Kk k%ot
pr(x) =2 og Corllj—1@;
k TF kO
—_— o]
g (x) =2 0of Cop j=1T;

) _ 1 ) TN Qitj
gz(x) = Et;1 Oit Cthjzl mj
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7" (x) >0,

Vx = (21, 22,23,...,2,)] € X CR,

0<z; <z; <7y,
j=1,2,....n

Proposition 3.1. if 0 < ¢*(x*) = 7, where
x* is an optimal solution of (3.2) therefore it is

an optimal solution of (3.1).

vV x # x*,
(@) # 0 (@) < (@pan) T x0"(2) (36)

Proof. Suppose x* = (z7,x3, ..

= ST, Ty ) is an
optimal solution of (3.2), consequently

(@) g (x) =1

G(x") <&, &=F1,i=12,....m

Thus x* is satisfied in constraint of (3.1).
Also by replacing

0" (x*) = 2} 10" (%) = Tpii

in the objective function (3.2) we have :

k
x—1 TSk ko *Qotj
* 2421 Ogp Coplliy @5 <

xn—i—k
k
—1 T &k k1 Qg
T * 2421 Oop Coplljmy @5
ETf k k 1" agtj
t=1 9ot Cotllj=1 L;
/k =
ToF 1k ke %o
22 oo cOtszl T,
. I7T. Qji
E]EJIC C]HJEIk L, (3 7)
a]Z *

/
EJ.EJI/C chjGIk xi

Hence, x* is an optimal solution of (3.1). O

Then it is possible for every fractional objective
function f*(x) = Z:gg in any MOSGFP problem
using p new positive variables, z, 1 where k =
1,..., P and letting ¢*(x) = 2,4 , therefore the
MOGEFP problem (2.1) , leads to the following

multi objective geometric programming problem

which is reformulated as fk(x) = a:;_ilrk * pk(x)
for k € {1,2,..., P} and contains of P new equal
constraints:

Minimize (ZL‘;_‘I_l s pt(x),

x;}rQ * p*(x),. .. ,x;}rp * pP(x)) (3.8)

Subject to
x;}rk «qf(x) <1

—apl e gf(x) < -1, k=1,2,...,P

gi(x) <&, &=F1,i=12,....m
Lk < @pyr <Upyr, k€{1,2,...,P}, x>0
Where

k
kroy _ vIP &k kyn Aot
pi(x) = X2 0o Cotszl Li "

/ 'k
kroy _ vIoF 'k Tkt Qo
q (x) = 22 0o cotHj:I Ly

Qitj

_ vy P b 1)
9i(x) = B Ly oie callf_y

qk(x)v Tptk > 0

Vx = (z1,22,23,...,2,)7 € X CR,

4 Convexification strategies

A convex relaxation is an efficient tool to reach a
global solution in non-convex (MIGP) problems.
It is used to enlarge the feasible set of (3.2) and
compute a lower bound on the optimal solution
of MIGP problem.Since the nonlinear functions
in constraints and objective of (3.2) are signo-
mial functions, obviously each signomial function
is convex if all the terms are convex [14]. Convex-
ity requirements for signomial terms are provided
with the following Theorem, [See 15].

Theorem 4.1. (Maranas and Floudas 1995). A
positive signomial term

f(x) = clIl'y x is convez if one of the following
conditions hold:

(i) a; <0(fori=1,...,n).
() 3k#71, x>0, a; <0, X", a; > 1.

And a negative signomial term

f(x) = Iy z is convex if a; > 0, (for
i=1,...,n)and ¥, o; <1

Ve < 0, Then o; > 0, (for ¢ = 1,...,n) and
E?:l a; < 1.

From theorem 1 it can be deduced that it is pos-
sible to convexify positive and negative signomial
terms by using power transformations, so this fact
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is applied in this paper to convexify non-convex
signomial functions.

After utilizing power transformations to convex-
ify a signomial term, the power transformation
functions require to be approximated by piece-
wise linear functions. This study uses a common
piecewise linear approximation, special order set
type 2 (SOS2) (Beale and Tomlin) [12].

The fuzzy technique programming generates the
compromise solution of a multi-objective opti-
mization problem.It is applicable to the multi-
objective signomial programming problems that
presented in the past section. It is assumed that
the offered problem in (3.8) is feasible and it has
an optimal compromise solution.

5 Fuzzy programming to refor-
mulate multi-objective signo-
mial geometric programming
problems

Fuzzy set theory ,which is a generalization of clas-
sical set theory to understand the ambiguity and
uncertainty in the complication of the problems,
was first presented by zadeh in 1965 [5]. Specif-
ically a relatively practical introduction of fuzzy
set theory into conventional multi objective lin-
ear programming problems was first introduced
by Zimmermann in 1978 [20]. It has been suc-
cessfully applied so far to solve different types of
multi-objective decision making problems in the
presence of fuzziness.

A fuzzy set is associated with its membership
function which is defined from its elements into
the interval [0, 1] . The following procedure from

use max-min operator [7] to find a crisp model.
Considering a dummy variable T and formulating
a crisp model for the fuzzy geometric programming
problem as:

Mazx T i.e. Min : T™* (5.2)
Subject to
e
Tt (x) <1
—a 4y, xq (x) < —1
gi(x) <&, &=F1,i=1,2,...,m

Ln-i—k‘ an-}-k < Un+k s ke {172,7P}

Where
k
pk(x) = 2351 Uft ClgtH;'Lzl I?Otja
’k
q ( )= Et 1 Uot Can jow
gi(x) =% oy citllf_4 a:?’“
X = (21,29, 23,...,2,)" >0

T>0

Further the inequalities in (5.1) can be reformulation
as:

Toip 0" (x)+ (U — Li)T < Uy , k=1,2,...,P
Here, we can solve the crisp mixed integer geometric
programming problem defined in(3.5)by using geomet-
ric programming algorithm to find x* and estimate all
the p number of signomial objective functions in (3.5)
and consequently (3.1) at the optimal solution x*.

[17] is applied in solving a MOMISGP by a sig- Example 5.1.
nomial geometric programming method with a 0.5 12
linear membership function to reach an optimal Min fi(x) = T1T3 29[’;3 —
compromise solution. 2r13 + 257 +xy
Define a fuzzy membership function u(x) for the Min fo(x) = —2z5 eyt + 2223 (6.1)
k-th objective function x;}rk * pk(x) as mIAE) = —x3zgt? + a? '
1 . X 77’f1'7:_~1_k;*p( )
pk ()= U’“_;:%*Lf(r) Jif Lk<x TLoph ( )<Uk (1) St 23Tz tars =8 (1)
0 Af oyl et (@) > U By 4y > 5 @)
o + 223 > 10 3)
Where 221 4 3 < 4 (4)

Ly#U, k=1,2,...,P

Then, maximize the membership function ug(x) , k =
1,2,..., P subject to the constraints (3.5) and then

02<21<5,1<23<51<a3<5 (5)

x1 1S a real variable and x4, x3 are integers
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STEP1:

Replacing the denominators by z4&x5 in the objective
functions as follows:

3

2x9x3 + 132'1 é =24
3, —1.2 2
—rjx3 T+ x3 =25

Which further can be written as:

2x2x3:c4 + x% lzd 33:4 =1
—x§x3 gt 4 x%xgl =1

Which are converted as follows.

2rowswy t +adilalde <1 (6)

—2m2x3x4 Va2 136%, Sppt <1 (7)

—adrg Pt et <1 (8)

airy 2y ' — oyt < -1 9)
STEP2:

To find upper and lower bounds of this new variables,
its needed to solve the following subproblems:

lg: 2293 + ;v2 1:011,) 3 ()

Min
st set of constraints (1) - (5)
Max uy: 2roxs + 25 tey® (I1)

s.t  set of constraints (1)-(5)

Min 15 : —abzy'? 4+ 22 (II1)
s.t  set of constraints (1)-(5)
Maz s : —2izy "2 + 23 (IV)

s.t  set of constraints (1) - (5)
The solutions of this subproblems are as follows:
s =93, ug = 191.25 , Is = 6.1099 , us = 12.9588

Therefore, the original problem is rewrite as following;:

Min f; = z125°z %) (6.2)
Min  fo = =225 ay g + 20 2325t

st set of constraints (1)-(9)

93 < x4 < 191.25, 6.1099 < x5 < 12.9617  (10)

STEP3:

Now, the multi-objective problem is reduced to sin-
gle objective problem by fuzzy programming tech-
nique as (5.3),s0 by obtaining upper bounds U; and
lower bound L; for two objectives (i = 1,2), then
0.010876211 < f; < 0.04139956 and 0.013 < fo <
0.58

So we have:

Max T (6.3)

s.t
zoy ey ?e;t +0.3052335T < 0.04139956
+0.567T < 0.58

s.t  set of constraints (1) - (10)

Where 1, x4, x5 are real and zs,x3 are integer vari-
ables.

Now, base on the branch and bound algorithm by
solving this single programming problem by relaxing
T9, T3, the optimal compromised solution is obtained
as: T = 0.844123,

—2z5t T3 335 +2x1m3z5

T = 02, To = 4.471’3 = 3.6,1’4 = 150.3780
and x5 = 12.9617

Then we have:
f1(x) =0.0297521 and fo(x) = 0.1013820

To reach the optimal integer solution and the integer
compromised solution is achieved:

Tablel: branching on integer variable

Case 1: z3>4 2: r3<3
T infeasible 0.81385061
1 0.2 0.2
xT9 5 5
I3 4 3

fi(z) — 0.010960338

fa(x) - 0.11854671

In this example in case 1, the problem is infea-
sible, so by comparing the solutions, it is clear that
the optimal compromised integer solution for (6.3)
and accordingly (6.1) is case 2 will be achieved.

6 Bound assessment algorithm

The best known method to find exact or at least
e-approximate solutions to non-convex mixed integer
geometric programming problems is the spatial
Branch-and-Bound algorithm, which rests on com-
puting lower bounds to the value of the objective
function to be minimized on each region. These
lower bounds are often computed by solving convex
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relaxations of the original program .The (SBB)
algorithm works in a common application of tight
lower bounds computed through a convex relaxation.
In order to upgrade quickly evaluated quality of our
proposed method to achieve lower bounds of the
MOMIFGP problem (2.1), we implemented (using
AMPL [13]) a simplified partial SBB algorithm
[1],[16] which finds generally e-approximate solutions
for an arbitrarily small positive e. The SBB algorithm
works by recursively partitioning the search space
along the coordinate direction that contributes most
to the gap between lower and upper bounds on the
optimal objective function value computed in each
subproblem. For a nonlinear minimization problem,
the lower bound is usually computed by constructing
and solving a convex relaxation, and the upper bound
can simply be a local optimum found by a (local)
NLP solver.

At each branching step, registers the most reassuring
node and discards the others,.As our purpose is a
MOMIGFP problem that has both integer variables
and convexified constraints, branching may be
required on both integer and continuous decision
variables.Since this algorithm works on minimization
programming so we define a new variable S such that
S=T"'in (5.3).

Propose Algorithm 1: The par-
tial depth-first SBB algorithm

Input P as a non-convex MIGP problem and an
iteration limit

Let count <~ 0

Solve P locally to find z* with objective function
value S*(incumbent)

Construct a convex relaxation R of P

Solve R to find an optimum Z with function value S
(lower bound)

Choose the branching variable i with branching point
T;

Let end < false

While end do
Let Py be defined as P with the added constraint
ok <@ <z
Let Py, be defined as P with the added constraint
<z <al
For k € {0,1}, let Rk be the convex relaxation of Py
For k € {0,1}, let Z; be the optimum of Ry with
value Sj
Let | = argmin (Sp, S1) (best lower bound to S*)

if S; < S* then
Let end < true (node cannot improve)

else if S; > S then

Let S + S (overall bound improvement)
end
if z* is infeasible in P; then
Solve P; locally to find & with value S
if § < S* then
Let §* < S and 2* — & (improve the non-convex
problem solution)

end
if |S* — S|< ¢ or end if > limit
then
Let end « true (global optimum)
end
if S; = oo then
Let end < true (infeasible node)
end if

Let P+ P;and Z + 74

Update the branching variable i and branching point
Z;

Increase count

end while

7 Numerical example

The test results are summarized in Table 2.

In this section, the proposed approach is tested on an
example. Consider the following mixed integer multi-
objective fractional geometric programming problem:

Example 7.1. Find X = (z1,22) so as to,

_ 20z7 ' 23 + 6027 oy !

Min : fi(z) = )
= T D+ (s
Min : fo(2) 5027 tey 4 602325 2
i folz) = )
(Dz122 + (7)z1
Subject to

1< @, 29 <5,
r1 € Ryxg € 7
Ideal solutions:
Min : f1(z) = 6.9282032, 21 = 5,
xo = 1.3160740, x5 = 2.632148,
Mazx : fi(x) = 753.59999, 21 = 1,20 = 5,
r3 = 3.3333333,
Min : fo(x) = 4.8657616, 1 = 2.0274006,
To = 5,14 = 3.0411010,
Mazx : fo(x) = 604,21 = 5,20 = 1,
r3 = 2.4999981,

Using the ideal solution, we can obtained the lower
bound L; and upper bound U; of the objective func-
tions f;,1 =1,2

L1 =6.9282032 < f; < 753.5999999 = Uy;
and Lo = 4.8657616 < fy < 604
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Stepl:

Solving problem (P)
Using the fuzzy programming steps of e-constraint
method in [17] which causes the programming

problem to be reformulated as:

Mazx : T

The optimal solution is obtained as:

S = 1.0303940, 71 = 4.44, 75 = 3,
T3 = 4.2051309, 74 = 3.2051313
f1(z) = 29.9933677, f2(z) = 42.17546515

Table2: the achieved optimal conciliation solutions:

-1.3 -1 -1,.-1_—
20z, "o + 602 "y T

1

+7(66.28606 — 20.670048) < 66.28606,

50y g 2oyt 4 60232y

2 1

Ly

+7°(442.924839 — 36.123848) < 442.924839,

1 _ 1 _
(Z)xlxga@l Ly (=)z1my b=,

3

4

_1_

1 1
(Fzades’ + (F)zeaz’ =1,

3

Table2: non-inferior solution for multi-objective
fractional geometric programming problem
Problem| Non—convex(P) | Convex(R)
S S* =1.033796 S =1.030394
X1 5 4.44
X2 4 3
X3 7.999999 4.2051309
X4 6.2499999 3.205131
fi(x) 32.375 29.9933677
fa(x) 15.4 26.7754

1 le,xg §5,

To € Z,Il,I3,$4 cR
The optimal conciliation solution is achieved as:

T~ = §* =1.0337966, z% = 5, x5 = 4,
x} = 7.9999999

fi(z) = 32.375

fo(z) =154

Step2:

Relaxing Problem(R)

The mentioned problem has 5 non-convex terms,
to obtain a global solution, the convex relaxation
which is used is power transformation [21] and
piecewise linear approximation applied to underesti-
mate convexified terms. So the non-convex primary
programming problem is converted to:

Maz :T

5027ty tay 4 60y 2oy Yay
+7'(442.924839 — 36.123848) < 442.924839,
|

+7'(66.28606 — 20.670048) < 66.28606,

1

1. ., 4, _ 1. 4 _
(Z)% 192 1354 T+ (Z)yl 15”4 b= L

1. 5 4 _ 1. ., _
(g)lh s 1x31+(§)y2 tagt =1,

Where y; = z; ',

1< zy,20 <5,

To € Z,x1,23,24 € R

Therefore the difference between objectives of two
problem is:

|5* — §|=1.033796 — 1.030394 = 0.34026 * 10>

Suppose the maximum of difference between objec-
tives S* and S is accepted for ¢ = 0.1% 10~ it means,
we should find a tighter relaxation to implementing of
the proposed algorithm:

Step3

Choose Ty as the branching point,

Define Py as P with the added constraint 1 < x5 <3
and let Ry be the convex relaxation of Py,

Define Py as P with the added constraint

3 < x5 < 5, now let Ry be the convex relaxation of
Pla

The optimal solutions of two relaxed problems Ry and
R are obtained:

Table3: comparison of relaxed problems with
different region
Problem Ry R,
S 1.03039412107 1.03039412223
1 4.44 4.44
xT9 3 3
x3 3.205130 4.20513195
T4 3.205130 3.20523239
fi1(z) 29.993387 29.993387
fa(x) 42.1754509 42.1754496
|S* — S]]0.34571879 x 102 [0.34025432 % 102

Hence, [ = 1, and S* < 5’17< S then node and
lower bound can improve, so S; — S
Step4:

Since z* is feasible in P1 so no any change in x* and
)
S*.
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Stepb5:
|S — S*|=0.34025432 % 1072 > 0.1 x 10~*

Here, in the next iteration of the algorithm, another
variable is chosen to branch.

Repeat step 3:

Define Py as P with the added constraint
1 < z1 < 4.44, and let Ry be the convex relax-
ation of Py,
Define P; as
444 <25 <5,
Now let R; be the convex relaxation of Py,

The optimal solutions of two relaxed problems Ryg
and R; are obtained:

P with the added constraint

Table4: Comparisonofrelaxed problemswithdifferent

region
Problem problemRg problemR
S 1.0322634 1.0337966
T 4.1156168 5
T2 3 4
x3 4.3525059 7.9999948
T4 3.3525067 6.2499986
fi(z) 31.2618066 32.37496278
fa(x) 34.8908291 15.4
|S* — S| 0.15910~2 0.613% 10

Hence, [ = 1, and S* <_§1 < S, then node and lower
bound can improve, so S; — S

Step4:

Since z* is feasible in P; then z* and S* wouldnt
change.

Stepb:
IS —$*|=0.613%107% < 0.1%107*

By performance of the mentioned algorithm, we have
so far found a lower bound for our convex relaxed
problem in such a way that, the optimal solution of
the our non convex problem is feasible over there and
more over the obtained objective functions values of
the convex problem is somehow near to the those
of primary non convex problem till some acceptable
extend. Here Tableb5 shows the achieved optimal
conciliation solutions:

Tableb: Non-inferior solution for mixed inte-
ger
multi objective fractional geometric program-

ming problem

Problem | Non—convex(P) Convex(R)
S 1.0337966653957 | 1.0337966044722
X1 1 1
X2 5 5
X3 4 4
X4 7.99999999 7.99999448
fi(x) 32.37496278 32.37400000
fao(z) 15.4 154

The result of this algorithm is the nearest opti-
mal solution to the optimal solution of a primitive
programming problem.

Obviously, the difference between every objective
value in non-convex multi-objective primary problem
and relaxed convexified problems is shown in table 6.

Table6: Comparing convex objectives and non-
convex objectives on the first and last regions

fPlx) — 1P (@) fP(z) — fR(2)
0.0009627 2.3806323

@) = () f3(@) — fR()
0 27.109069

In this comparison, it is clear that, Rg achieves
a closer lower bound to lower bound of p.

8 Conclusion

In this paper a mixed integer multi-objective frac-
tional geometric programming problem (MIMOFGP)
is discussed and it is demonstrated efficiently by re-
placing a new additional variable for (MOFGP) prob-
lems. Since non-convex geometric programming needs
to be converted to convex relaxation to reach a solu-
tion globally, a power transformation and piecewise
linear approximation is applied to convexify and un-
derestimate the primary nonconvex problem. To pro-
vide flexibility and for utilizing more effective relax-
ation strategies; an algorithm based on spatial branch
and bound method is used. Since this algorithm works
on an optimal solution, we applied a fuzzy strategy
to reach an optimal solution for a multi-objective ge-
ometric programming problem. The results showed
that the implementation of this algorithm on the
multi-objective programming problems can make the
lower bound of a relaxed problem closer to the lower
bound of a non-convex multi-objective programming
problem. This work can be proposed as an effective
and essential step of convex relaxation for every mixed
integer multi-objective programming problem.
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