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Abstract: Fixed Charge Transportation Problem (FCTP) is considered to be draMPproblem. Several genetic algorithms based on
spanning tree and Prfer number were presented. Most of suchasathamot guarantee the feasibility of all the generated chromosomes
and need a repairing procedure for feasibility. Contrary to the findingsewious works, this paper introduces an Artificial Immune
System for solving Fixed Charge Transportation Problems (AISFCAIBECTP solves both balanced and unbalanced FCTP without
introducing a dummy supplier or a dummy customer. In AISFCTP a coslamgma is designed and algorithms are developed for
decoding such schema and allocating the transported units. Thesesdrmsigad of spanning tree and Prfer number. Therefore, a
repairing procedure for feasibility is not needed, i.e. all the genematétodies are feasible. Besides, some mutation functions are
developed and used in AISFCTP. Due to the significant role of mutatioctitmon the AISFCTPs quality, its performances are
compared to select the best one. For this purpose, various problesresezgenerated at random and then a robust calibration is applied
using the relative percentage deviation (RPD) method and paired t-testddition, two problems with different sizes are solved to
evaluate the performance of the AISFCTP and to compare its perfoeveith most recent methods.
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1 Introduction disadvantage of heuristic methods is the possibility of
terminating at a local optimum that is far distant from the
global optimum. Recently, some meta-heuristic methods
employed in the FCTP, such as the Tabu search method
for FCTPsP], genetic algorithms (GA) based on a

The fixed charge transportation problem (FCTP) is
considered to be an NP-hard probldin[ Usually,

anFCTP is formulated and solved as a mixed intege ; 4
network programming problem. Theoretically, the FCTP SPanning tree with Prfer numbers(] and GAs based on
can be solved by any mixed integer programming;? matrix permutation representatiohl], have improved

however, these methods are not employed because of theit€ €ffective coding of the spanning tree method based on
inefficient and expensive computation. Generally, solving€d9€ Setsl2,19]. The GA creates a sorted set of edges to
methods can be classified as exact or heuristic method§r_lCOde th? spanning tree, Wh'ch is efficient compared
Exact methods for solving the FCTP include the cutting With evolution strategies at a certain levB]. Moreover,
planes method, the vertex ranking method[, and the ~ t© improve solution quality, Hajiaghad#] addressed a
branch-and-bound methodd][ amongst others. Exact Nonlinear FCTP using a spanning tree based GA.
methods are, however, generally not very useful when JVevertheless, the quality of solutions attained largely
problem reaches a certain level, because they do not maid€Pends on the randomness.

the most use of the special network structure of the FCTP. On the other hand, Immune system is made up of
Therefore, heuristic methods have been proposed, such amimerousB cells and T cells which are constantly
the adjacent extreme point search methb@][ and the  produced in the bone marrow and thymus, respectively.
Lagrangian relaxation method7,B]. Although these The level of B cell simulation depends not only on the
methods are usually computationally efficient, the majorsuccess of the match to the antigen, but also on how well
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it matches other B cells in the immune system. If the

stimulation of B cells reaches a certain threshold, the B won

cell is transformed into a blast that begins to differemetiat , ..

rapidly, producing clones that turng on a mutation M = ZZ(C?M” + Jiyis) (1)
mechanism which generates mutations in the gene coding ,
for the antibody molecule, which is called somatic - .

hypermutation. However, if the stimulation level falls st Zyij >b; forj=1,..,n (2)
below the threshold, the B cell will not replicate and will =1

i=1j=1

die timely. Some special Artificial Immune Systems - ,

(AIS) are developed to solve complex optimization ini <aj fori=1,..m ®)
problems. One of them is aiNet%,16] that inspired by F.l‘

biological immune system. Opt-aiNet1lq] is an Vi,j i 20

application  of aiNetin  function  optimization. Yij =0 if x5 =0

Opt-aiNetconsiders the optimized objective function as
antigen, and the candidate solutions as antibodies. The
candidate antibodies evolve according to the matching
degree between antibodies and antigen that is fitness. The .
better the matching between them, the less the mutatios 1 Nne Proposed Algorithm

degree of candidate antibody, and vice verse.AlS has used

in many applications such as job shop schedulingin this paper, a typical immune algorithm structure is
problems 17,18]. To improve the solution quality of the utilized. The algorithm preserves the essential prinsiple
FCTP, this paper aims to introduce an Artificial Immune of natural immune systems including the cloning,
System for solving both balanced and unbalancedmutation, and clonal selection. The pseudo code of the
FCTP(AISFCTP) without introducing a dummy supplier main steps for the proposed algorithm is presented as
or a dummy customerand study the effect of its factors orfollows:

the performance. In addition to that two problems with Step 1: Sey = 1.

different sizes have been solved to evaluate theStep 2: Create initial population dfantibodiesA; using
performance of the AISFCTP and to compare itsthe coding procedure.

performance with hybrid particle swarm method proposed  Step 3: Set = 1.

by EI-Sherbiny and Alhamali 2], and the GA proposed  step 4: Cloné*" Antibody A;inthepopulatiorCN times.
in[14,19]. The rest of the paper is organized as follows: in  giep 5: Mutate each of tHeN clones.

section 2, FCTP is described. In section 3, the proposed Step 6: Evaluate each of tiéN clones.

AISFCTP is described, and in section 4 the parametric 6.1. Apply decoding procedure.

analysis is carried out. Numerical experiments with 6.2. Apply allocating procedure.

proposed AISFCTP are presented in section 5. FinaIIyB 3. Calculate the fitness of each antibady

the conclusion and future work are reported in section 6. Step 7: Get the mutated clone with the Best Fitr(@ss).
Step 8: IfBF fitness better than the fitness A&f thenBF
replaces\; else go to step 9.

Step 9: Set =i +1.

Step 10: Repeat from step 4 to step 9 uintil I
Step 11: Calculate the affinity between each two antibodies
in the population.
Step 12: Select the antibodies for the new mutation based
Fixed Charge Transportation Problem (FCTP) can beon the affinity.
described as a distribution problem in which thereare  Step 13: Create new antibodies to substitute the removed
suppliers (warehouses or factories) and customers —antibodies.
(destinations or demand points). Each of thesuppliers Step 14g=g+1.
can ship to any of the customers at a shipping cost per Step 15: Repeat step 3 to step 14 ugtil> number of
unit ¢;; (unit cost for shipping from supplier i to customer iterations.

yijil Zf :Z?ij>0

2 Fixed chargetransportation problem

J) plus a fixed costf;;, assumed for opening this route. The implementation of the immune algorithm is often
Each supplieri = 1,2,...,m has siunits of supply and different for each problem handled. That is, the
each customerj = 1,2,...,n demands dj units. The representation and hence the creation of the solutions, the

objective is to determine which routes are to be openednutation, and the affinity should be tailored and
and the size of the shipment, so that the total cost ofimplemented to fit the case at hand. For the FCTP, the
meeting demand, given the supply constraints, isproblem of interest in this research, the details of the main
minimized. The stander mathematical model of FCTP carsteps are adapted in the following subsections.

be represented as follows:
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3.1 Coding procedure and initialization

One of the most important issues when designing the AIS
lies on its solution (antibody) representation. In order to
construct a direct relationship between the problem
domain and the AISFCTP, the proposed coding schem
(antibody structure) consists of the set of all the integer
numbers in the interval [In+n] with any sequence and
without any repetition; where the length of scheme is
equal tom + n, wherem is the number of suppliers and

is the number of customers. Therefore, the length of eacl
antibodyA; equal to the sum of the problem dimensions

applying decoding procedure on the antibody presented in
Figure 1.

Inpni:

AR I AE A EAENERAE A EAES
=1

Chitprit:

D | 4 | 5 | i | 3 | 3 |R£pre:mtthe[1r.¢cm.ersm\ier

B Fepresents the Supphers order

and the suppliers numbers represented by the integer

numbers from 0 tan and the demands integer numbers
from m +1 tom + n. Figure 2 depicts a sample antibody

Figure 2. lllustrativx example of decodirg procedure

example, which is used to code a 4x5 FCTP such as
problem in Table 1. As shown in Figure 1, the cell valuesP

The pseudo code for the decoding procedure is
resented as follows:

are between 1 and 4+5. We can realize that any numbept€P 1: Set = 1.

can not be repeated.

(8 [3[9[5]4]7[2]1]6 ]

Step 2: Take the cel(j)

Step 3: IfA;(j) ?nthen addA; (j) to the supplier ordes.
Step 4: IfA;(j) > nthen addA;(j) to the customer ordéd.
Step 5j =j + 1.

Figure 1. An Example of proposed antibody structure Step 6: Repeat from step 2 to step 5 uptd n+ m.

Step 7: Return the supplier ord&and the customer order

The population is initialized randomly by applying the D.

coding procedurétimes to creaté antibodiesA; wherel

represents the population size. In this algorithm, the
Rand(, m+ n) is a function that returns a random integer 3 3 Allocating procedure

number in the interval[lm + n], Mod(x, y) is a function
that returns the reminder afwhen it is divided byy and
Q. Removek) is a function that eliminat&” element of

queueQ. The pseudo code for the coding procedure of

creating individual antibody is presented as follows:
Step 1: Create a Create collection It {1, 2,...,m +n
}.

Step 2: Setj = 1.

Step 3: Generate an integer number between 1narch
and set it to variable. Take the cellA;(j)

Step 4: Setk = Mod(c, LengthQ)); where Mod¢,
Length@Q)) is a function that returns the reminder of
when it is divided by lengtt).

Step 5: Add QK] to the antibodyA;in the position.

Step 6: Remove the itelfrom the listQ

Step 7j=j + 1.
Step 8: Repeat from step 3to step 7 upti n+ m.
Step 9: Return the antibody; , wherei =1,...,| andl is

the population size

3.2 Decoding procedure

The Allocating procedure allocates the transported units
based on the order coming from decoding procedure. In
other words, this procedure finds a feasible solution for
FCTP based on the outputs of the decoding procedure.
This procedure guarantees the validity of both the fi2kt (
and the second3] constraints. Also, this procedure can
be used to solve both balanced and unbalanced
transportation problems without introducing a dummy
supplier or a dummy customer. The pseudo code for the
allocating procedure is presented as follows:

Step 1: Set equal to the first value in suppliers’ ordsr
and setj equal to the first value in customers’ ord®ri.e.

i = S(1) andj = D(2).

Step 2: Ifa;= b; then{setx;;equal toa; , remove(1), and
removeD(1)}

Step 3: Ifa;> b, then{setx;;equal tob; , seta; equal to

a;- b;, and removed(1)}

Step 4: Ifa;< b; then{setx;;equal tog; , setb; equal to

b; - &;, and removes(1)}

Step 5: Repeat from step 1 to step 4 until (length of queue
S=0 or length of queu® = 0).

Step 6: Returrx;; Vi =1, 2,...,mandj =1, 2,...,n.

The decoding procedure is used to decode the antibody The inputs of the allocating procedure are the sequence

A;into suppliers orderS and customers ordeD. The
inputs of this procedure are the generated antibidihe
number of suppliersn, and the number of customers
while the results are the sequence of suppliend the
sequence of customels Figure 2 exhibits the results of

of suppliersSand the sequence of customBréthe output

of procedure 2). Based on these sequences the allocating
procedure allocates unid;;(feasible solution) of FCTP.
Figure 3 presents an illustrative example of applying this
procedure.

© 2014 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

754 NS 2 K. M. Altassan et al: Artificial Immune Algorithm for Solving FCTP

3.4 Evaluating the Solutions The remaining five mutation methods are functions of
two parameters. The first parameter is the non-uniform
Each antibody is evaluated to determine its fitness. Adactor based on which the number of swaps is determined.
mentioned above each antibody is decoded using th&he second parameter is the degree of non-uniformity (
decoding procedure and its result used as an input for thall the functions are designed to be directly related with
allocating procedure. The solution resulted from the[24,25
allocating procedure is evaluated using objective fumctio The sixth mutation method based on the fitness of
(1). The value of objectivel]) is assigned to the antibody the solution. As the FCTP is a minimization problem, the
as its fitness. function is designed to be directly related with the
Normalized Fitness NF) of the solution. That is,
solutions with normalized fitness closer to one, i.e.
3.5 Cloning and Mutation relatively bad solutions, will be subject to more number
of swaps. This actually gives the chance for low affinity
Each antibody is cloned (copied) number of times, solutions to mutate more in order to improve their
determined by the number of Cloning Numb@&N). The affinities. The number of swaps for this mutation function
clones are then mutated to get new antibodies that arés adapted with 7) and the normalized fitness of each

different from their parent. antibody is calculated usin@)
In the proposed AISFCTP, six different mutation N
methods are developed and tested. NS = MSNU-(=NFT (7)

Thefirst mutation method is a uniform random where
the number of swaps is defined by a random number in the

interval [1, MNY whereMNSis a parameter representing NF = Lowe,StFlmess _ FZtneS,S (8)
Max Numbers of Swaps. The number of swap)(for LowestFitness — HighestFitness
this mutation is represented bg)( The seventh mutatioomethod is designed to be
inversely related with the ratidl§ of the current iteration
NS = Rand(1, MSN) (4)  number CIN) and the total number of iterationg ).

That is, the more the search goes, the less the number of
swaps is. This is really intuitive as in contrast to the first
stages of the search where a real exploration of the search
space through significant changes in the solutions are
Sequired, at the last stages of the search fine tuning with
little changes of the supposed-to-be near-optimal
solutions is more reasonable. The number of swa{$ (

for this mutation is represented i®)(where u is the
degree of non-uniformity.

The second MFis based on generating a random
number NS € [1, n + m]. Therefore generating two
random numbersj (and k) representing two different
positions and swap them. This process is known a
two-point-swap. This two-point-swap is performéts
times. The number of swapiN§ for this mutation is
represented in5j

NS= Rand1,n + m) (5)
. . . (17(Tu) OIN
The third MFis based on a uniform random number NS =MNS , where T = —— 9)
located in the range of 10% to 30% of the sum of problem TNI
dimensions if + m). The number of swapN§ for this The eighth mutation methads based on both the time
mutation is represented by6)( wherer is a random  and the normalized fitness of the solution. It basically
number in the interval [0.1, 0.3]. uses the average of these two factors to decide the number
of swaps. Basically, the function is designed to be directly
NS= Rand1, r((m+n)) (6)  related with the fitness but inversely related with the time.

The fourth MFis based on time where more is the The average of Time and normalized Fitne3$)(is
time elapsed; less will be the number of swaps. First starfalculated as represented I0f and the number of swaps
with applying random number of two-points-swap till a for this mutation is adapted witiL().
pre-defined ratio of time is elapsed. After that the two

_ 1
points swap MF is applied for the remaining time. The TF = 3(NF+(1-T) (10)
time is represented by the ratio of current iteration to the
total number of iterations. NS — MNSA-A-TF)") (11)

The fifth MFis based on applying either non uniform
swap times (the thirdMF) or Inverse SwapMFs. A In the ninth and thetenth mutation methodswe
random numberr €[0, 1] is generated and if > include a random factoiR) so that the number of swaps
pre-defined value, then the non uniform swap time will is based on the non-uniform factor, time and fithess
be applied; elsénverse Swap MFRwill be applied. The respectively, but with some randomization. The random
inverse swap MFs is applied through converting the orderfactorR takes values between zero and one. The functions
of the antibody positions. behave almost the same way as the original ones when
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Rand is close to zero. The closer tReto one is, the Table1: Characteristics of FCT test problems
closer the number of swaps to the max swaps no is. TheseProblem| Total ~ Rang ~ of  Rang of fixed
two mutation functions are suggested to allow the search Size supply  variable costs
to escape from local optima by occasionally increasing costs
the number of swaps. The number of swaps for these two Lower Upper Lower Upper
mutations is adapted witi2) and (L3), respectively. Limit__ Limit__ Limit__Limit
14x18 | 310 1 10 90 250
10x10 | 3,000 1 8 150 400
10x20 | 4,000 1 10 100 500
NS — MSN x RT (13) 30x30 | 7000 1 10 10 100
. : Table 2: The Comparitive results of tHeRPDfor the MF
3.6 Afﬁmty Function MF | RPDof the test problems (%) Mean
The selection of the antibodies from one generation to the RPD
next one depends on some measurement of the affinity 1418 5x10  10x10 10x20 30x30
(similarity) among all the antibodies of the current 5 ;'5 ;14'9 73; 5674 f'771 gg
generation. The calculations of the affiniF between 17 4'7 5'5 8 : 10'4 6'1
each two antibodies are applied to prevent similar 17 49 7 8.7 16'1 77
solutions with high evaluation from being copied to the 8 7 85 131 181 99
next generation and hence dominating the search. This isg 0.3 45 16 29 29 24
technically applied to reduce the chance of a premature ; 0.2 0.0 0.0 0.0 0.0 0.0
convergence to local optima. 8 0.1 59 1.4 1.9 1.2 20
The technigue used to check the similarity between g 1 8.1 27 6 3 4.2
every two antibodies in a population counts the number of 10 | 0 26 0.1 22 0.8 1.1

similar variables in the two solutions. The affinity
function of two antibodie#\; andA;, is represented as in
(14).
AF(A. A — converting the objective values RPDs, the meaiRPDis
(A5, Ap) = 2 i o calculated for each trial. Five problems with differentesiz
_J 1if the ¢*" varible of A; = the i"" varible of A, . .
where y; = 1 Otherwise are generated and used to discover the best mutation
function from the implemented seven. The characteristics

) ;
The basic idea is that the more the number of similarf these problems are presented in Table
variables in the two antibodies is, the higher the simyarit
between them. Based on a specific parameter, the

proposed algorithm eliminates those solutions that have

AF more than a specific parameter -Number of As illustrated in Table2, the quality of the results of
Similarities (NS. using the seventh mutation method is very close to the

tenth mutation method and both are superior to the others.
But the seventh mutation method is most superior.

Therefore, in the next section, the seventh mutation
method will be used in our comparison with the most

recent algorithms in the literatures.

4 Parametric analysis

In this section, two techniques are used in order to
discover the best mutation function from the tenth
implemented. Which are the Relative Percentage
Deviation RPD) and the paired sample t-test. Because
the scale of the objective functions in each problem is
different, they could not be used directly. Therefore, the
RPD is used for each combinatioin2]]. RPD is
calculated by usingl®).

In addition to the above, in order to statistically test
the significance of effectiveness of the results using
different mutation methods, the paired sample t-tests were
used to determine the significant differences in &ieD
values obtained using the ten MFs, for each of the pairs.
For the purpose of comparisons tR®D values obtained

Al —Ming, using all the 50 problems were used. The results of the
RPD = gsjovffTwll x 100 (15)  tests are summarized in Tal8e

where Alg,,; and Min,,; are the obtained objective
values for each replication of trial in a given combination
and the obtained best solution, respectively. After
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Inputs: DL D2 D3 D4 D5 |a Ta
D 4 5 1 3 2 Represents the Customers = 2 2
order S2 69 93 24
S Represents the Suppliers order 3 50 50
] s4 19 23 33 | 75
Processng: by 8 57 24 73 33 | 275
DI D2 D3 D4 D5 |a Ta b 57 24 81
SL 57 57
2 93 93 DL D2 D3 D4 D5 |a Ta
3 50 50 Sk 57 57
S4 75 75 2 69 24 93
b 8 57 24 73 33| 275 S3 50 50
Y 8 57 24 23  33|2% 7 19 23 33 | 75
b 8 57 24 73 33 | 275
DL D2 D3 D4 D5 |a Ta = = =
SL 57 57
S2 93 93 DI D2 D3 D4 D5 |a Ta
=3 50 50 Sil 57 57
S 23 B |52 2 69 24 93
b 8 57 24 73 33| 275 3 50 50
Th 88 57 24 33 | 202 (1 19 23 33 75
b 88 57 24 73 33 | 275
DL D2 D3 D4 D5 |a Ta 7
Sil 57 57
2 93 93
s3 50 50 Output:
> R A The final allocation is:
b 8 57 24 73 33| 275
b 88 57 24 169 D N N B N
St 57 57
DI D2 D3 D4 D5 |a Ta S2 69 24 93
S1 57 57 3 50 50
S2 93 93 A 19 23 33 75
S3 50 50 by 88 57 24 73 33 275
S4 19 23 33| 75
b 8 57 24 73 333|275
Y 69 57 24 150
Figure 3. lllustrative example of applying allocation algorithm
@© 2014 NSP
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Table 3: The p-values of paired sample t-tests of the mutation

Table 4: Data of the first problemli4, 23].

functions (Basedalueg Planfsa; | Costumers
MF 10 9 8 7 6 5 4 3 2 Shipping Fixed costd;;
1 0.004 0.018 0.003 0.000 0.000 0.012 0.003 0.006 0.003 COStsC;
2 | 0.280 0.057 0.170 0.000 0.315 0.023 0.372 0.055 1 2 3 4 5 1 2 3 4 5
3 | 0.049 0.016 0.166 0.002 0.615 0.016 0.071 1 571 8 4 3 5 8 60 88 95 76 97
4 | 0.739 0.029 0.292 0.000 0.513 0.011 2 93/3 6 4 8 5 51 72 65 87 76
5 | 0.020 0.714 0.016 0.000 0.002 3 508 4 5 3 4 67 89 99 89 100
6 | 0.639 0.011 0.882 0.000 4 75| 4 6 8 3 3 86 84 70 92 88
7 | 0.000 0.000 0.000 b, 88 57 24 73 33
8 | 0.348 0.020
9 | 0.029

Based on the data presented in Tabbind Figure 4, it
can be concluded at 0.01 level of significance the quality.
of the results using the seventh MF is very close to the
tenth one and both are superior to the others. But the
seventh MF is most superior. This corroborates the results ¢
obtained based on thRPD analysis. Therefore, in the
next section, the seventh MF will be used in comparing
M.

with the by EI-Sherbiny and Alhamali 2B,
Hajiaghaei et al.14] methods for solving FCTPs.

12

- A
SN

\ A
2 \/\
0
5 6 7 8 9 10

MFs

Figure 4. Fitted mean Plot foRPDat each MF

5 Numerical experiments

Table 5: Transportation allocation matrix found ii4,23] and
the proposed AISFCTP for the first problem.

D1 D2 D3 D4 D5 a;
57 57
S2 | 69 24 93
50 50
4 | 19 23 33 75
i 88 57 24 73 33

Table 6: Data of the second problent4][23]

Plant Costumers
Shipping costs c;;

a, 1 2 3 4 5 6 7 8 9 10
1 |1578 4 3 5 2 1 3 5 2 6
2 |2933 3 4 8 5 3 5 1 4 5
3 |10 7 4 5 3 4 2 4 3 7 3
4 |(57%1 2 8 1 3 1 4 6 8 2
5 |304 5 6 3 3 4 2 1 2 1

bj 225 150 90 215 130 88 57 124 273 133

Fixedcostsf;;

1 2 3 4 5 6 7 8 9 10
1 160 488 295 376 297 360 199 292 481 162
2 451 172 265 487 176 260 280 300 354 201
3 167 250 499 189 340 216 177 495 170 414
4 386 184 370 292 188 206 340 205 465 273
5 156 244 460 382 270 180 235 355 276 190

To evaluate the performance of the proposed AISFCTP

algorithm two problems with different sizes, previously
addressed by M. Hajiaghaei et al4] and El-Sherbiny
and Alhamali,p3] are solved, comparing with the fixe
solution presented by them. The sizes of the problems ar
4x5 and 5<10, respectively. The variable costs, and the
Fixed costs for first problem is given in Tab#e The

Concerning the second problem, the variable costs, the
d costs and the supplies and demands from each of the
Plant 1 to 5 and for each customer 1to10 are given in Table

6.

parameters used for the proposed method in these The obtained local optimal solution for this problem
problems are optimally tuned parameters and operatorby the proposed algorithm is 625the solution found by

from experimental results.

El-Sherbiny & Alhamali R3] is 6296, while the solution

Concerning the first problem, the obtained local found by M. Hajiaghaei et al. 14] is 6305. The
optimal solution from proposed algorithm is the same astransportation allocation matrixes for Hajiaghaei et al.

the solution found by M. Hajiaghaei et all4], and
El-Sherbiny & Alhamali R3], is equal to 1484 for this

[14] method, EI-Sherbiny & Alhamali (2012) 2]
method and the proposed AISFCTP algorithm for the

problem. The transportation allocation matrix for this second problem are shown in Tabl&8,9 respectively.

solution is shown in Tablé.

© 2014 NSP
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Table 7. Transportation allocation matrix found by M. qther real life problems, and investigating using other
Hajiaghaei et al.14] for the 2' problem 1.4]. metaheuristic techniques combined with the proposed

- D1 D2 9DOS D4 '575 D6 D7 D8 D9 D10a11-57 decoding and allocation procedures for solving problems.

S2 150 124 19 293
S3 5 88 57 150
S4| 225 210 63 77 575 Acknowledgement
S5 273 37 310

b. | 225 150 90 215 130 88 57 124 273 133 This paper is supported by the Research Center at the
s College of Business Administration and the Deanship of
Scientific Research at King Saud University, Riyadh.

Table 8: Transportation allocation matrix for thé*2 problem

found in [23].
D1 D2 D3 D4 D5 D6 D7 D8 D9 D1y References
S1 130 27 157
S2 15 90 124 64 293 [1] Murty, K. G., Solving the fixed charge problem by ranking
S3 88 30 32 150 the extreme points, Operations Research, 268-279 (1968).
S4| 225 135 215 575 [2] Rousseau, J. M., A cutting plane method for the fixed cost
S5 241 69 310 problem, Doctoral dissertation, Massachusetts Institute of
b; | 225 150 90 215 130 88 57 124 273 133 Technology. Cambridge, MA, (1973).
[3] McKeown, P. G., A vertex ranking procedure for solving the
linear fixed charge problem, OperationsResearch, 1183-1191
Table 9: Transportation allocation matrix found by the proposed (1975). .
AISFCTP for the 27 problem. [4] l;alek;r, Ut.hS.d, ]Ic\/l It<h ngrw;n,hand St.Zlonts,tAt_brancht-)?nd
: ound method for the fixed charge transportation problem,
S1 bi Dz |2373 D4 1D350 D6 D7 D8 D9 D103157 Ma_nagt_ement Scie_ncéﬁ, 1092-1105 (1990).
S2 106 63 124 293 [5] Balinski, M. L.., .leed cost transportation problem, Naval
s3 88 57 5 150 Research Logistics Quartery, 41-54 (1961)..
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