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Abstract

Transformation technique

Many authors have presented studies of multi-choice stochastic transportation problem (MCSTP) where availability
and demand parameters follow a particular probability distribution (such as exponential, weibull, cauchy or extreme
value). In this paper an MCSTP is considered where availability and demand parameters follow general form of
distribution and a generalized equivalent deterministic model (GMCSTP) of MCSTP is obtained. It is also shown that all
previous models obtained by different authors can be deduced with the help of GMCSTP. MCSTP with pareto, power
function or burr-XIl distributions are also considered and equivalent deterministic models are obtained. To illustrate
the proposed model two numerical examples are presented and solved using LINGO 13.0 software package.

Keywords: General form of distributions; Multi-choice programming; Stochastic transportation problem;

1 Introduction

The transportation problem is one of the oldest appli-
cations of Linear Programming Problem (LPP). The
standard form of the transportation problem was first for-
mulated along with the constructive method of solution
by Hitchcock (1941). In a classical transportation prob-
lem, a product is to be transported from m sources to n
destinations. The availability of the product at i source
is denoted by a;, where i = 1,2,...,m and the demand
required at j%# destination is bj wherej = 1,2,...,n. The
penalty c;; is the cost coefficient of the objective function
which can represent transportation cost, delivery time
etc. In many real world situations the availability 4; and
demand b; are not certainly known to Decision Maker
(DM). One way to deal such uncertainty is to describe
the availability @; and demand b; parameters as random
variables rather than the deterministic one. These random
variables 4; and b; are assumed to follow a given prob-
ability distribution or its probability distribution may be
estimated. This type of transportation problem is known
as “Stochastic Transportation Problem” (STP). Further-
more, suppose that there exist k routes for transporting
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the product from i source to j# destination and the

cost of transporting a unit of product via kK route is
denoted by CL]; Thus DM have multiple (i.e. ‘k’) route

choices for shipping the product from i source to j

destination and he has to identify exactly one among k
routes in such a manner that the combination of choices
should minimize the overall transportation cost. With the
above discussed objective the STP becomes ‘Multi Choice
Stochastic Transportation Problem’ (MCSTP) in which
the cost coefficient C;; are multi-choice and availability a;
and demand b; are random variables.

MCSTP has been extensively studied by many
researchers. Roy et al. (2012) presented an equivalent
deterministic model of MCSTP by assuming that both
availability a; and demand b; as random variables fol-
lowing exponential distribution. Biswal and Samal (2013)
obtained an equivalent deterministic model of MCSTP in
which they considered that both a; and b; follow Cauchy
distribution. Mahapatra (2014) also given equivalent
deterministic model of MCSTP involving Weibull distri-
bution. Mahapatra et al. (2013) considered the MCSTP
involving Extreme value distribution. Barik et al. (2011)
presented a stochastic transportation model involving
Pareto distribution.
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These random variables @; and b; may also be consid-
ered to follow Burr-XII or Power Function distributions.
Burr-XII may be used in place of normal distribution when
data shows some positive skewness. Since a; and b; are
the physical quantities so it is advisable to use Burr-XII
instead of Normal distribution. When upper bound of
availability and demand is known, Power Function distri-
bution would be most suitable distribution to fit. In this
paper we considered general form of MCSTDP, where a;
and b; are assumed to follow ‘General classes of distribu-
tion’ and obtained a generalised equivalent deterministic
model (GMCSTP). All the models discussed above by
many authors have been deduced by using the proposed
GMCSTP. Three new equivalent deterministic models of
MCSTP have also been obtained by considering that both
a; and b; follow Pareto, Power Function and Burr-XII
distribution (only one at a time). An equivalent deter-
ministic GMCSTP has also been obtained by considering
that a; follows any one distribution among Exponential,
Weibull, Cauchy, Exterme Value, Pareto, Power Function
or Burr-XII and b; follows any other distribution except
that of distribution of a;. To illustrate the proposed mod-
els two numerical examples are taken and solved by using
transformation technique given by Biswal and Acharya
(2009). Lingo 13.0 software has been used for obtaining
the optimal solution.

2 General classes of distributions

Let us consider a random variable y following any of
the two general classes of distributions with distribution
function (df) F(y) as follows:

Fo)=1-F@) =1-[ph() +q]", ye & o) (21
and
Fo)=1-F@y) =e PV p+£0,y€e ¢ ¢) (2.2)

where /(y) is a monotonic and differentiable function of y
and p, g, r and h(y) are chosen such that F(y) in (2.1) and
(2.2) are df over (&, ¢).

Differentiating (2.1) and (2.2) with respect to y the
probability density function (pdf), f(y) may be obtained
respectively as,

) = —pri ) [ph(y) + 4] "

S = —phl (e

where F(§)=0 and F(¢)=1.
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3 Mathematical model of multi-choice stochastic
transportation problem (MCSTP)

In this section a mathematical model of multi-choice

transportation problem involving general form of distri-

butions (2.1 or 2.2) is considered. The general form of

MCSTP is:

MCSTP1:
m n
min:Z =YY [ChCh . Chlay, k=12..,K
i=1 j=1
(3.1)
subject to,
B n
Pr|Y xj<ai|>1—a; i=12...,m (3.2)
j=1
[ m
Pr injzbj:|zl—ﬂj, j=12,...,n (3.3)
Li=1
x; >0 Viandj (3.4)

where 0 < o; < 1, YViand 0 < B; < 1, Vj, are the
aspiration levels.

It is assumed that a;, i = 1,2,...,m, b}, j = 1,2,...,n
are random variables following general form of distribu-
tion, {Cl-lj, Cizj, ceoy Cl’;} k = 1,2,...,K are multi-choice
parameters and x;; are deterministic decision variables.

The following cases are to be considered:

(i) Onlya;, i=1,2,...
distribution.
(i) Onlybd;, j=1,2,...
distribution.
(i) Botha;, i=1,2,...,mandb;, j=1,2,...
general form of distribution.

, m follows general form of
, n follows general form of

, n follow

3.1 Onlya;i=1,2,...,mfollows (2.1) or (2.2)

It is considered that a;, i = 1,2,...,m are independent
random variable which follows any of two general form
of distributions as defined in (2.1) and (2.2) consider the
probabilistic constraint (3.2),

n
Prid aj<ai|>1—a; i=12...,m
j=1 i
or
_ A
Pr aiszij >1—ow; i=12,...,m (3.5)
j=1
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the above inequality (3.5) can be represented as
éi
/ flanda; > 1 —«a;
Z;n 1 %ij

[0 Fa)a
— |—Fa)|da; = 1 —«;
Z;’=1x,7di

—F@lgy , >1-e

— | F(¢)—F ) =
j=1

>1—q

n
inj e
=1

(3.6)

n
F inj <o
=1

Thus, we obtained a multi-choice deterministic model
MCSTP 2 as follows:

MCSTP 2:
m n
min:Z =YY {ChCh. . Clwy, k=12, K
i=1 j=1
(3.7)
subject to,
doxj| < i=12...,m (3.8)
m
Y oxizb j=12...,n (3.9)
x; >0 Viandj (3.10)

where Y7, F~1 (o) > Z}q:l b; (feasibility condition).
3.2 Onlyb;, j=1,2,...,nfollows (2.1) or(2.2)

It is considered that bj, i = 1,2,...,#n are independent
random variable which follows any of two general form
of distributions as defined in (2.1) and (2.2) consider the
probabilistic constraint (3.3),

m
Pr le'ijj Zl—,B/', ]=1,2,.. /i
Li=1 a
or
_ -
Pribj<) xj|>=1—8, j=12...,n (3.11)
L i=1 |
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the above inequality (3.11) can be represented as

2:11?5:‘/'
/ fbpdb; =1 =B, j=12...,n
g

/Zi
&

—F(bj)|$ 5 >1-8 j=12,...,n

1%

& [~F®)]dby =1 -

B, j=12,...,n

m
x| -1 =1-8 j=12...,n

j=i

m
F(in;) >1—8 j=1,2...,n

i=1

(3.12)

Thus, we obtained a multi-choice deterministic model
MCSTP 3 as follows:

MCSTP 3:
min: Z = ZZ[C;,C;..., Chlay, k=12,..,K
i=1 j=1
(3.13)
subject to,
n
Y oxj<a i=12...,m (3.14)
j=1
m
P(inj)zl—ﬁj j=1,2,...,n (3.15)
i=1
x; >0 Viandj (3.16)

where Y17, a; > Z;’Zl F~1(1-B)) (feasibility condition).

33 Botha; (i=1,2,...
follow (2.1) or (2.2)

It is considered that ¢; (i = 1,2,...,m) and b;, j =
1,2,...,nare independent random variable which follows
any of two general form of distributions as defined in (2.1)
and (2.2).

In view of (3.6) and (3.12) we may obtain a multi-choice
deterministic model GMCSTP as follows:

ym)and b; (j=1,2,...,n)

GMCSTP:

min: Z = ZZ{C;,C;,...

i=1 j=1

Chlay k=12...,K

(3.17)
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subject to,
n
F inj <a, i=L1L2...,m (3.18)
j=1
m
F(inj)zl—ﬂj, j=1,2,...,n (3.19)
i=1
x; >0 Viandj (3.20)

m _
where ) ", F
condition).

Ya) = YL F'A — By (feasibility

4 Different cases of GMCSTP
Consider the following three cases of GMCSTP

(a) when a; and b; both follow general form of
distribution defined in (2.1).

(b) when a; and b; both follow general form of
distribution defined in (2.2).

(c) when a; and b; follow general form of distribution
defined in (2.1) and (2.2) respectively or vice-versa.

4.1 When g; and b; both follow general form of
distribution defined in (2.1)
Let us consider that a; and b; follows general form of dis-

tribution of the form defined in (2.1) i.e F(y) = 1—F(y) =
—[ph(y) + 41", p#0, y € (§,9).
putting F (L) %) = 1 - [ i () %) —l—qi]
in (3.18) of GMCSTP and F(} " ,xj) = 1 —

[p;g (X0, %) + q/’.]rj in (3.19) of GMCSTP, we get,

Ti

GMCSTP 1:
min: Z = ZZ{C;,C;,... l’;}xl,, k=12,...,K
i=1 j=1
(4.1)
subject to,
ri
>1—q; i=1,2,...,m (4.2)

n
in;' +4i
j=1

/

m V/
- [Pﬁg (inj) +q}] >1-6, j=12,...,n

i=1

x; >0 Viandj
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4.2 When g; and b; both follow general form of
distribution defined in (2.2) B
Let us consider that a; and b; in (2.2) i.e F(y) = 1—F(y) =
e p 0, y€ (€ 9)
Putting F (2;1:1 xl]) = eipih(zlﬁl Xij) in (3.18) of GMC-
STP and F (Zf’;l xj) = e PE(XiZi%) i (3.19) of GMC-
STP, we get,

GMCSTP 2:
min: Z = ZZ lC;,CZ,..., }x,}, k=12,...,K
i=1 j=1

(4.5)
subject to,
1— e*”ih(ziﬂ’“”) >l—qo; i=12,...,m (4.6)
e PE(Cii) 5 g _ B j=12,...,n (4.7)
x; >0 VYiandj (4.8)

4.3 When a; and b; follow general form of distribution

defined in (2.1) and (2.2) respectively or vice-versa
Consider a case when a; follows any one of general form
of distributions defined in (2.1) and (2.2) and b; follows
any one of general form of distribution defined in (2.2)
and (2.1) respectively, then in view of GMCSTP 1 and
GMCSTP 2 we have,

GMCSTP 3:
min: Z = ZZ{C;,C%,..., }x,-j, k=12,...,K
i=1 j=1
(4.9)
subject to,
ri
le, +q; or
1— x”)}z1—a,-, i=12...,m (410

{ p,g(Z, xl,)}
[1— pg qu>+q/:|rj

>1—f, j=1,2,...,n
(4.11)

x; >0 Viandj (4.12)



Quddoos et al. SpringerPlus 2014, 3:565
http://www.springerplus.com/content/3/1/565

5 Deduction of some previous results along with
some hew results

In this section we deduce some previous results
with the help of GMCSTP1 and GMCSTP 2. Since
GMCSTP 1 and 2 has been modelled with the assump-
tion that both a; and b; are random variable. So we are
considering only GMCSTP 1 and 2 throughout the paper.
One can also consider MCSTP 2 or/and MCSTP 3 accord-
ing to requirement. Many previous models proposed by
Roy et al. (2012), Mahapatra (2014), Biswal and Samal
(2013) and Mahapatra et al. (2013) can be deduced from
GMCSTP 1 and GMCSTP 2 by setting different values of

pi;p]/‘; 9i» 611/’ ri, rll” h (Zf:l xl}) andg (Z:il xl/)
5.1 Deductions using GMCSTP 1 and GMCSTP 2
5.1.1 When a; and bj follows exponential distribution

Let us consider that both a; and b; follow exponential dis-
tribution. In order to deduce the model obtained by S.K.

h (Z?:l xi/‘) =
0!

Lq, = 0,1} = k*;{’g (X xy) =

¢ NE=1% i GMCSTP 1 and get,

Roy et al, we setp; = 1,q; = 0,ri = ¢,

n
e =% and p =

MCSTP 4:
min: Z = ZZ{C;,C;..., Chlay k=12..K
i=1 j=1
(5.1)
subject to,
n
inj < _Qlln(l —wy), i=12...m (52)
j=1
m
in]. > —6,In(B), j=12...n (5.3)
i=1
x>0 Viandj (5.4)

where > 7 {—60;iin(1 — o)} > Z}’Zl{—é’;ln(ﬁj)} (feasi-
bility condition) and @; > 0,b; > 0 and {6, 9].’} > 0
are the parameters of exponential distribution. The above
MCSTP 4 is same as obtained by Roy et al. (2012).

5.1.2  When a; and bj follows Weibull distribution
Mahapatra (2014) presented a model by considering both
a; and b; follow weibull distribution which can be obtained

—Yi
by setting p; = 1,q; = 0,r; = %,h(Z}lei;) =
V]_/

Y ,
¢ () andp| = 1,4/ = 0,7/ = ak/ & (X %) =

’ m v
e K EE%)7 i) GMCSTP 1, as follows:
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MCSTP 5:
iz = Y03 [Ch G Gl k=12,
i=1 j=1
(5.5)
subject to:
n
L In(—in(1—a;
qu < 6[1”8’+Vi In{—In(1 az)}] =1,2...m. (5.6)
j=1
m [1n8;+i,ln{—ln(ﬂ;)}}
Yoxjzel U j=12...n (5.7)
i=1
xj>0 Viandj (5.8)

ln5{+i,ln{fln(ﬁ')):|
Indi+ L in{—In(1—a; { it J
where Zgile[n bt a)}] z Z}lzle y’

(feasibility condition) and @; > 0,b; > 0 and {y;, yj/} >0
and {§;, Blf } > 0 are shape and scale parameters.

The above MCSTP 5 is same as obtained by Mahapatra
(2014).

5.1.3 When a; and bj follows Cauchy distribution
Biswal and Samal (2013) proposed MCSTP model by con-
sidering that a; and b; follow Cauchy distribution. On

Setting p; = —%,q,’ = %,rl- = 1, h(z x,]) =
_1 21 %l A § _ 1 _
tan ~ and p = ,qj = 1 =
Lg (X%, xj) =tan™! ==——— Tty in GMCSTP 1, we get,
1
MCSTP 6:
min: Z = ZZ{C,},CS,..., Chap k=1,2...K
i=1 j=1
(5.9)
subject to:
n
T\ .
in/ <y, + sq4,tan (JTC\{L' — E) , i=12,...,m (5.10)
j=1
Zx,] > lp, + sptan (— —nﬂ,) i=12,...,n (511)
i=1
x; >0 Viandj (5.12)
where Y7 Ly, + sqtan(nai—7%) = YLl +

sp;tan (% - JT,Bj) (feasibility condition) and —oo < a4; < +
00, —00 < bj < 400 and ly;, l; > 0 and s4;,sp, > O are
the location and scale parameter of a; and bj, respectively,
Which is a multi-choice approach of the model proposed
by Biswal and Samal (2013).
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5.1.4 When a; and bj follows extreme value distribution

3 (Z,’Ll xij*}/i)
Setting p = 1,k (Z;’zl xij) =e 3 and p/ =
(Z2m)

Lg (XM %) =e % in GMCSTP 2 it deduces
to,
MCSTP 7:

min: Z = ZZ{C;Q% }x,,, k=12...,K (5.13)

i=1j=1

subject to:

n

D xy < vi—Silln{—ln(@))], i=1,2,...,m (5.14)
j=1

qu >y =& [In{-In(B)}], j=12...,n (5.15)
xj >0 Viandj (5.16)

where Y77, [yi — &l Inl~In(e)]] = S [v] = 8{n(—tn(B))) |
(feasibility condition) and —0co < a; < 400, —00<b; < +
oo and {y;, yj/} > 0 and {§;, 5;} > 0 are location and scale
parameters of extreme value distribution, which is same
as obtained by Mahapatra et al. (2013).

5.2 Some new results using GMCSTP 1, GMCSTP 2 and
GMCSTP 3

5.2.1 When a; and bj follow Pareto distribution

Let us consider the MCSTP in which a; and b; follow

Pareto distribution. By setting p; = d;
0; i ’— k /
T h (Z} 1xtl> = <Z 1 xll> and pl d ,q; =

/ 0 j
0,r, = —k—’,, g <Z]'7:1 xij> = (Zj:l xij) " in GMCSTP 1,
we get, '

ki
q4i = OI‘,‘ =

MCSTP 8:

min: Z = ZZ[C;CZ% Chlay k=12..,K (17)
i=1j=1

subject to:

Zx,, <, i=12...,m (5.18)

j=1 (1 —a)%

in,'z li, j=12,...,n (5.19)

=gy

x; >0 Viandj (5.20)
m d,‘ n d; R

where > 77, ] = XL +— | (feasibility

(1—a;) % o

By
condition) and {di,d;} > 0 and {6;, 9/ } > 0 are scale and
shape parameters respectively and a; > d; and b; > d]’..
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5.2.2 When a; and bj follow Burr-XIl distribution

—ki:h (Z]}-q:l x,l) =
di ’ ro ’ /

(Z]’Ll x,;) andp = 0,9 =1r = —kj,g(zlﬁl xi,') =

(X7, %;)% in GMCSTP 1 we get,

Setting p = 6,q = 1,r =

MCSTP 9:

m n
min:Z =YY {ChCh. . Chlay k=12..,K

i=1 j=1

(5.21)

subject to:

_ ) L

n — i
1—a) k-1

3w < d — ) L i=12...,m (522
j=1 L '

- 1 1

K 5
m :6] J 1
Yoz | L——1 ,j=12...,n (5.23)
i=1 9}‘
x; >0 Viandj (5.24)
1 et
7% 5 5. kj . J
where Y7, W‘)ﬁ)eii'—l > /'.1:1 / 7 (fea-
]

sibility condition) and a; > 0,b; > 0 and {0;, 9/.’ } > 0and
{ki, kl/-} > 0 are shape parameters of Burr-XII distribution.

5.2.3 When a; and bj follow power function distribution

. Doy i
Setting p; = —0;,h (Z]’?:l xlj) = In (%j’) and
b= —0h (X0 x5) = In (Zd“") in GMCSTP 2, we

]
get,
MCSTP 10:
m n
min:Z=Y > {ChCh... Chlay k=12..,K (525
i=1j=1
subject to:
n 1
> wj<die, i=12,...,m (5.26)
j=1
o
Zx,,>d(1—,3,) =12,...,n (5.27)
i=1
x; >0 VYiandj (5.28)
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1
o

1
where )7, (diaief) >3 (d]’-(l B | (feasibility

condition) and {d;, d]’«} > 0 and {6;, Gj’} > 0 are the scale
and shape parameters of @; > 0 and b; > 0 respectively.

5.2.4 When a; follows Burr Xil distribution and b; follows
Extreme value distribution

Setting p; = 0,9, = 1,1, = —ki,h(Z,'-leﬁ) =
N _(ZEi)
(Zle x,-j> and p} = Lg (X %5) = e i in
GMCSTP 3 we get,
MCSTP 11:
min: Z = ZZ{C;QE ’;}x,,, k=12... K (529)
i=1j=1
Subject to:
ek
le,_ Qoo 721 _a’) L i=12,...,m (5.30)
Zx,, >y = §lin{—n(B))], j=1,2,...,n (5.31)
x; >0 Viandj (5.32)

1
1 5
where Y7 [ﬂgl} = S0 [y = 8jlmt—in()] |-

5.2.5 When a; follows power function distribution and b;
follows Pareto distribution

Setting p; = —0;, h (Y12, %5) = In (Zjdlxj) and p; =

’

d/ k ’ / _ 9; p AN " ) k/ .
i Vg = 01y = _f;’g Y %) = (2jmi%) " in
GMCSTP 3.
MCSTP 12:
min: Z = ZZ{c;cg C{;}x,,, k=12... K (533)
i=1j=1
subject to:
n 1
Y xj <die®, i=12,...,m (5.34)
m d{
in,z = j=12...,n (5.35)
= B
x; >0 V iandj (5.36)
& d
where Y7 1<doﬁ) > Y| o (feasibility
B

condition).
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6 Numerical illustrations

We consider the numerical example taken by (Mahapatra
et al. 2013). Data for multi-choice cost Cg are appended
below in Table 1.

6.1 lllustration 1

Let us consider that we have three known parame-
ters of availability a;, ag, a3 follow Burr-XII distribution.
The specified probability levels and shape parameters of
ai, ay, as are given in Table 2.

Further, consider that we have four known parameters
of demand b1, by, b3, by follow extreme value distribution.
The specified probability levels and location and scale
parameters of by, by, b3, by are given in Table 3.

Using the data provided in Tables 1, 2 and 3 the follow-
ing equivalent multi-choice deterministic transportation
problem is formulated with the help of GMCSTP 3 as:

min:z = {10, 11, 12}x11 + {15, 16}x12 + {21, 22, 23, 24}x13
+ {21, 23,25}x14 + {15,17,19, 21,23, 25}x2;
+ {10, 12,14, 16, 18, 20}x3 + {9, 10, 11}xp3
+ {18, 19}x24 + {20,21,22, 23, 24, 25, 26}x3,
+{10,11,12,13, 14, 16, 17}x3,
+ {20, 22, 25}x33 + {15,20}x34

subject to,
4
> xy < 967.544404 (6.1)
j=1
4
> Xy < 762.934875 (6.2)
j=1
4
> xsj < 612.817850 (6.3)
j=1
Table 1 Multi-choice transportation cost for route x;;
Sl. no. Route: Xij Transportation cost(in Rupees)
ij: per unit (1 unit = 10 kg)
1 (1, D):x11 10or11or12
2 (1,2):x12 150r16
3 (1,3):x13 21 or22or23or24
4 (1,4): x14 21 or23or 25
5 (2, 1):x 150r170r19o0r21or23or25
6 (2,2):x2 10or12or14or16o0or18or20
7 (2,3):x23 9or10orl1
8 (2,4): x4 180r19
9 (3, 1):x31 200r21 or22or23or24or250r26
10 (3, 2): x32 10o0r1lor12or13or14ori5ori6orl7
1 (3, 3): x33 20 0r 22 or 25
12 (3,4): X34 150r20
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Table 2 Specified probability levels and shape parameters
of a;

Random Specified Shape Shape
parametersa;  probability levels parameters1 parameters 2
a 0.01 0.002 0.73

a 0.02 0.004 0.76

as 0.03 0.006 0.79

3

> x> 615.992671 (6.4)
i=1
3
> x> 511.880781 (6.5)
i=1
3
> " xi3 > 408.347897 (6.6)
i=1
3
in4 > 305246388 6.7)

i=1
xj>0,i=1,2,3 j=1,2,3,4

Now using the transformation technique proposed by
Biswal and Acharya (2009), we obtain the following multi-
choice deterministic transportation problem:

min: z = f11x11 + fi2x12 + fi3x13 + tiaxig
+ t21%21 + t2%22 + £23%23 + L2a%24
+ 131431 + £32%32 + £33%33 + £34%34
subject to, (6.1)-(6.7)
where,
tin = 10z},23, + 112}, (1 —23) + 12 (1 — 2}) 2
t1p = 1521, + 16 (1 — z1,)
ti3 = 21215275 + 22275 (1 — 273) + 23 (1 — z{3) 273
+24(1—zi3) (1 —233)
tia = 2121425, + 2321, (1 — 23, + 25 (1 — z1,) 23,

Table 3 Specified probability levels,location and scale
parameters of b;

Random Specified Location Scale
parameters b; probability levels parameters parameters
b 0.04 600 5

b> 0.05 500 4

b3 0.06 400 3

by 0.07 300 2
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tn = 152y (1 - 23,) (1 — 23)

+17 (1 —231) 251 (1 - 231)
+19(1 —23) (1-25) 25,
+ 212325 (1 —23;) + 23 (1 — 231) 25123
+2523 (1 - 231) 73
tr2 = 1023 (1 — 2 (1 — 23))
+12(1- Z%z) % (1- 232)

+ 142,23, (1- 232)

+16 (1 —23) (1 — 235) 23
+ 1823 (1 — 25) 235 + 20 (1 — 235) 23539
23 = 923323 + 10233 (1 — z33) + 11 (1 — 233) 735
tha = 1823, + 19 (1 — z3,)
t31 =20 (1 —z3;) (1 —23,) (1 —z3)
+ 21z (1-25) (1-23)
+22(1 —25) 23 (1 - 23,)
+23(1 - 231) (1- 231) (1- Z31)
+ 242323 (1 - 23,) + 2523, (1 - 231) 23
+26 (1 — z3;) 24,25
tsr = 10232525 + 11 (1 — 23) 25,25,
+1223, (1 — 23,) 25, + 1323,23,) (1 — 23)
+14(1 - Z%z) 1- Z%z) 2
+ 1523 (1 - 23) (1 - 23,)
+16 (1 —z3) 23, (1 — 23,
+17 (1 - 232) (1 - Z%z) (1 - Zgz)
ts3 = 20233235 + 22235 (1 — 235) +25 (1 — 235) 235

t3s = 1523, +20 (1 — 23,)

l<zj+7; <2

l<ziy+2{, <2

1<z +25+25, <2

1<z +25+25 <2

1 <2y +255 <2

1<z5 +25 +25 <2

1<z33+255 <2

where, x;; > 0,i =1,2,3; j=1,2,3,4.
The above non-linear mixed integer programming prob-
lem is solved by using LINGO 13.0 software package and
the optimal solution is obtained as: x1; = 615.9927, x99 =

382.1037,x23 = 408.3469,x3p = 129.7771,x3, =
305.2464 and rest of the x; are zero. The minimum
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Table 4 Specified probability levels, scale and shape
parameters of g;

Random Specified Scale Shape
parameters a; probability levels parameters parameters
a 0.01 1000 100

a 0.02 800 70

as 0.03 700 60

Table 5 Specified probability levels, scale and shape
parameters of b;

Random Specified Scale Shape
parameters b; probability levels parameters parameters
by 0.04 350 5

by 0.05 300 6

b3 0.06 270 7

b4 0.07 230 8

transportation cost is 19532.56 obtained by choosing
multi-choice cost as follows:

Xij ¢ X11 X12 X13 X14 X21 X22 X23 X24 X31 X32 X33 X34
value ofo; : 10 15 21 23 15 10 9 18 22 10 22 15

6.2 lllustration 2

Again consider, in the above illustration 1 the availability
ai, day, az are supposed to follow Power Function distribu-
tion and the demand b1, by, b3, by are assumed to follow
Pareto distribution. The specified probability levels, scale
and shape parameters of a;, ay, a3 are given in Table 4 and
of b1, by, b3, by are given in Table 5 respectively.

Solving this in the similar manner optimal solutions are
obtained as x1; = 666.2789, x5 = 352.9524, xy3 =
403.5651, x37 = 141.3123, x34 = 320.6938 and rest of the
x;j are zero. The minimum transportation cost is 20047.93
obtained by choosing multi-choice cost as follows:

Xij DX11 X12 X13 X14 X21 X22 X23 X24 X31 X32 X33 X34
value ofClI; : 10 15 23 21 21 10 9 18 25 10 20 15

7 Conclusion

In this paper we have considered a MCSTP where cost
coefficient of objective function are assumed to be of
multi-choice type and random availability and demand
of product are assumed to follow general form of dis-
tributions. With this generalized formulation of MCSTP
the DM becomes capable to fit any distribution among
exponential, weibull, cauchy, extreme value, power func-
tion, burr-XII and pareto according to the nature of data.
Thus the present model can be applied in several sit-
uations of transportation problems when demand and
availability are restricted to follow a particular probability
distribution. Here, only upto eight choices of multi-choice
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cost parameters are considered because we were much
concerned about random parameters. In further studies
extended multi-choice parameters may also be taken into
account.
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