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4 Conclusions

In developing an environment for experimenting with different solution approaches we have
developed a set of Greedy heuristics to solve the CFLP to provide a feasible integer solution
and a Jower bound on the optimum solution, which act as a good comparison.

Some of these heuristics are based on column generation to solve the CFLP. We have
investigated the trade off between these heuristics in terms of solution quality verses the

computational time and the computer memory.
In order to process Jarger model instances, we have exploited a sparse technology technique

in implementing our algorithm. Thus we have developed a sparse data structure that we
exploit in our algorithm implementation.

The computer environment is driven by a specification file whereby any combination of our
greedy heuristics can be exploited in the solution approach by turning on or off the
appropriate settings, thus the computer implementation provides a flexible environment for
future researchers to experiment with different strategies for solving the CFLP
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Table 3 below is comparison between the results of Beasley’s problem size 25x50 and
the results of our Greedy heuristics. The problem size is 25x 50, has three data files for the
same problem; the difference is being in the fixed costs. We obtained a lower bound LB
together with a first upper bound UB on the optimum solution.

Comparing the results, we were able to get in most of the cases the same or a very close
UB to Beasley’s. This shows that our Greedy Heuristics provide reasonable results for the
comparative purposes, which proves that our greedy heuristics works well, and that was
the main reason behind this comparison. Also the cray-1 system still has more capability
than PC's even at the time when it was invented.

Also comparing the computational time using a computer environment, we were able to
get in all the cases, a much shorter running time than Beasley's. Recall that Beasley ran his
" problems on Cray-18S using the CFT compiler.

Notice that Cray-1S is a supercomputer that led the world in terms of processing capacity,
particularly speed of calculation. The CFT compiler is available for the CRAY series of
computer systems, the CRAY-2 computer system, and for CRAY-1 computer systems,
and it operates under both COS and UNICOS, the Cray operating systems.

CFT takes full advantage of the unique hardware architecture of Cray computer systems
and by doing so greatly enhances their performance. Thus,users benefit from hardware
and software that work together to achieve maximum performance.

910751369

Cap 82 UB 910889.563 | 911277.312 | 910889.563
ap o Time 1.8 0.740 0.710

Error 0.015

11067469475

LB ;
Can 84 UB 1069369.525 | 1090977.450 | 1069369.525
ap Time 4.0 0.790 0.800
Error - 2.155 0.178

Table 3: A comparison between the results of Beasley’s problem size 25% 50 and the results of our Greedy
heuristics.




3.2 Fesults

We present the computational results and the analysis for our Greedy heuristics that were

explained in section 2.

In Table 2 below, we report a summary of the problem results for the Greedy Heuristics. This
table contains the results for problems with sizes between 100-300. These problem sets being

randomly generated as detailed above.

The table is divided into two cases; the first case is the results of the Greedy Heuristics runs
with each Method. The second case is the results using the same representation of the CFLP
while also applying the “cut off point” technique explained in subsection 2.2,

This table is a comparison between the two cases, 1o show the successful applications of this
technique. By comparing the running time in both cases, we notice a big difference, while at
the same time there is no detriment in the solution quality .The promising results of this
investigation is that the cut off point heuristic is much more effective in the larger sized
problems, generally finding the same lower bound (LB) but obtaining a superior upper bound
(UB). The error terms correspond o the percentage value of

The formula;

UB- LB

UB
We were able to solve problems up to 300x300. Notice that in all the results of our Greedy

Heuristics, the LB is the solution of the LP -relaxation problem, while the UB is the first
feasible integer solution of the F,, problem. -

We are interested in obtaining a first integer solution because it is very expensive in
computational time if we look for more than one feasible integer solution. This is the reason
why in some of our Greedy heuristics results the quality of the UB was not that good.

Problem | Sol. WITOUT CUT OFF WITH CUT OFF POINT
Size POINT: :
ixj Method Method 1 | Method 2

200x200 | LB 19542.300 19542.300 19545.50 | 19545.5
UB 22054.726 19826.729 |21043.52 |19792.521
Time 808.80 725.49 484.66 218.40
Error 11.40 1.40 7.12 1.25

Table 2: A comparison between the results of the Greedy heuristics with and without the “cut off point”

technique,



combinations of (i, j ). Obviously, too low a percentile point leads to a poor solution, but a
very quick computational time, while too high a value results in little improvement in
computational time. We report some successful applications of this technique in section 3.

3 Our Results

All the Greedy heuristics were implemented in FORTRAN, with FortMP as a solver when
appropriate. We test the performance of our Greedy heuristics on different problems by using

alternative benchmark models (test problems).

3.1 The Test Problems

The selected model collection was drawn from:
1- 1.E. Beasley [5], we selected one instance of the problem of size ix j=25x50. This

data was obtained from his OR-Library [6]. Problems VIII are 25x50. Beasley used a
Lagrangean Relaxation algorithm of a mixed-integer formulation of the CFLP,
together with problem reduction tests derived from both the original problem and the
Lagrangean Relaxation. He was able to solve instances of up to 300 potential locations
and 300 customers. He programmed his problems in FORTRAN and ran them on a
Cray-1S using the CFT compiler with maximum optimisation. Notice that his
solutions are the optimum integer solutions for the CFLP.

3.2 Data Generation

We use instances generated as in the work of Barahona and Anbil [3], and the work of
Cornuejols, Sridharan and Thizy [11], which are as follows:

We generate the demand points j and the facility points i uniformly at random in a

[0,1] x[0,1] gnd.
" e The demand values d; are generated from a uniform distribution with mean 35 and

standard deviation 5, U [5,35].
The capacities S; are generated from a U [10,160] distribution, and are then rescaled

so that ZS, / Z d, was set equal to the parameter factor; this was either set at 10, and
ieF jeD
in some cases 1.5.
o The fixed cost f, of each site was set using the formula

£ = U[0,90]+ UT100,1 1014/S, -
e The unit transportation costs ¢; correspond to the Euclidean distance scaled by 10.




This constraint Ughtens the lower bound representation of the CFLP. The value of p is
determined as follows: we sort all of the facilities in descending order of capacity. Then p is

such that in the sorted order of facilities

h

-1
,%_:SKZdjﬁiSw (8)
i=1 i=1

=

Although the right hand side of the constraint (7) need not be bounded, as a consequence of
our experiments using p +2 speeds up considerably the computational time with no detriment

to the solution quality.

2.1  The Greedy heuristics (Methods)

The following table (Table 1) gives a summary of the greedy heuristics (Methods) applied in
solving different problems.

Modification of (P ) model to set
the optimum solution
-Set y,=0, VieF'

Methods | Analysis of the ( LP ) solution

Method 1 | Let (x', ") be the optimal solution

of the LP problem and -Set x, =0, VieF', jeD'
F'c F,D'c D,such that, x; =0, - Rows x,, <y, are relaxed
Vie F', je D" and VieF', jeD'.

y, =0, VieF'.

Method 2 | Let (x*, y") be the optimum solution
of the LP problem and F'c F, such | -Rows x; <y, are relaxed

that y, =1, Vie F'. VieF', jeD.

-Set y, =1, VieF'.

Table 1: describes how the greedy heuristics (Methods) work

We now present a short rational for each heuristic. In Method 1, we view any xor y that

takes the value O in the relaxed LP solution, is likely to be 0 in the integer solution.
Consequently we set these x’s and y’s to zero in thelP problem representation, and we

relax the corresponding constraints of (4). Method 2 has a different view; we keep all the
facilities opened in the IP problem, for each i F' where y, =1 in the solution of the LP -

relaxation problem plus we relax the corresponding constraints of (4).

2.2 The Cut off Point

Also we describe a techniques that we used to improve the running time., we have analysed
the distribution of the distance matrix ¢, . Sorting this by value, we have looked at setting

different percentile points of this distribution as cut off points to rule out various




In addition, Jain and Vazirani [13] have extended their work on the UCFLY to consider the
soft CFLP. Their idea to approach the capacitated case, is 10 move the capacity constraints to
the objective function using Lagrangean multipliers, they used also a primal dual algorithm,
and were able to achieve an approximation guarantee of 4 for the capacitated case in which

d. Levi, Shmoys and Swamy [16] presented an

multiple copies of facilities can be opene
algorithm that is based on integer rounding of the optimal fractional solution to the LP-

relaxation. They used this solution to guide the decomposition of the input into a collection of
single-demand-node capacitated facility Jocation problems, which are then solved
independently. In the case where all facility-opening costs are equal, they show that their
algorithm is a 5-approximation guarantee factor. Their algorithm relied on a decomposition of
the input into instances of the single-demand capacitated facility Jocation problem.

However, Barahona and Chudak [3,4] used a new heuristic based on the Lagrangean

volume algorithm of Barahona and Anbil [4], to approximately solve

Decomposition and the
ghavan and Thompson [22]

a linear programming relaxation and randomised rounding of Ra
to find feasible integer solutions.

roximation algorithms with different techniques have been proposed

A large number of app
lications of the CFLP, see for example [1,2,5,7,11,12,19,23].

recently for various app

Notice that to measure the quality of the solution found, researchers have introduced a
constant approximatjon guarantee factor (Cpopp 1 Cp), where Copp is the optimum value for
the (P, ) formulation, and C,, is the optimum value for the ( P), as it was explained above.

2 A Set of Greedy Methods to Solve CFLP

In this paper we focus on one of the hardest models of the facility location theory: the
capacitated facility location problem (CFLP). We consider the variety of the CFLP, where the
client je D maybe serviced by several facilities. We introduce some greedy heuristics; we

will present them by Methods. All of these methods are based on analysing the solution to the
P -relaxation representation for the CFLP.

In carrying out our experimental investigations for large instances of the problems, it is

impractical to have all the linking constraints,
Xy S Vi VieF,jeD. 3)

This drastically weakens the relaxed LP lower bound (LB). We introduce a new constraint

that helps in improving this value.

Adding New Constraints:

1e CFLP in subsection 1.1, we add a new constraint with regards

Given the LP -relaxation of 1l
ities that need to be open for the problem,

10 the minimum desired number p of facil




g - © o WA s .
(/) Minimise 2 d x4 Zﬁ.}’}

jeb IEF iel

Subject to (1), (2), (3) and (5)

¥y, <1, VieF (6)

Notice that in the LP -relaxation of (P, ) above, we replace constraint (4) by (6).

1.2 Previous and Related Work

There are two variants of the capacitated problem, depending on whether each location’s
demand must be assigned to only one facility, or the demand may be fractionally split among
more than one (completely) open facility. For a review of thxs problem, see the textbook of

Lawler [15]).

Solving the capacitated facility location problem, there is no such heuristic that always works
well in practice. Part of the reason is that the linear programming relaxation is known not to

be tight.

The CFLP and variations of it was extensively treated in the literature (see for example the
book of Mirchandani and Francis [21]), and for more review work see the work of Shmoys,
Tardos and Aardal [24], they gave a 5.69 approximation guarantee factor for their algorithm
for solving the variant of the CFLP in which we split a customer’s demand among several
facilities, and 7.62 approximation factor for the variant in which each customer’s demand may
be served by exactly one facility. Their algorithm is based on a randomised variant of the

filtering technique of Lin& Vitter [18, 17].

Also, Chudak and Shmoys [8,9] improved the approximation factor of Shmoys, Tardos and
Aardal to 3. Their algorithm are based on starting with the optimal solution to a linear
programming relaxation (P) of the original problem, and then rounding this fractional
solution using their randomised rounding with a back up technique to a feasible integer
solution. Moreover, Korupolu, Plaxton and Ra)araman [14] extended their local search
algorithm for solving the metric UCFLP explained in section 2.2, to solve the CFLP version.
Using this simple local search heuristic they were able to produce a solution with an
approximation factor of 8 + &, where £ > 0.

Moreover, Mahdian, Ye and Zhang [20] consider the variant of the CFLP in which one can
open multiple copies of any facility (soft CFLP). They were able to improve the
approximation factor of Shmoys, Tardos and Aardal [24]. Their algorithm is based on an
improved analysis of an algorithm for linear facility location problem, and use a “ bifactor ”
approximate-reduction from this problem to the soft CFLP (For more on the concept of the

bifactor see [20]).
Also, Chudak and Williamson [10] solve the same problem of Mahdian, Ye and Zhang above

using ideas from the analysis of the local search heuristic. They were able to simplify and
improve Korupolu, Plaxton and Rajaraman [14] analysis of the heuristic, showing an

improvement in the approximation factor, achieving (6 + &).




1.1 The Deseription of the FLP

The facility location problem (FLP) seeks to locate a number of facilities to serve a number of
customers, thus there is a set of potential facility locations F'; opening a facility at Jocation
i e F has an associated nonnegative fixed cost f;, and has either a limited or unlimited

able supply. There is set of customers (clients) or demand points D that
a demand d; that must be satisfied by the open facilities.

If a facility at location i € F' is used to satisfy part of the demand of client j e D, then there
d, which is often proportional to the distance from i

capacity S, of avail
require service; customer jeD has

is a service or transportation cost incurre

to j,denoted by c;.
The goal is to determine a subset of the set of potential facility locations at which to open

facilities, and to assign the clients to these facilities without violating the capacity constraints,

so as to minimise the overall total cost, that is; the fixed cost of opening the facility plus the

total service cost.

The algebraic formulation of the problem which is a Mixed-Integer programs, we call it ( By )

is as follows:

(P) Minimise ZZdjc,jx,j +Zf,y,.
ieF

JjeD ieF
Subject to Zx,.j =1, VieD, 1)
: ieF

>idx, SS¥ VieF, )

jeD :
Xy SV VieF,jeD, 3)
y, {01}, VieF, (4)
x, 20, ' VieF,jeD, Q)

Notice that if we are solving an uncapacitated case then we can remove inequalities (2).

he demand of customer j € D that is serviced by

The variables x, represent the fraction of t
are binary variables, (y,=1) indicates that a

the facility opened at location i & F, while y,

facility at location i € F is open.
The objective function represents the total cost, that is; the fixed cost and the transportation

costs. Inequalities (1) ensure that each customer’s demand must be met. The inequalities (2)
are capacity constraints ensuring that each facility is operated within its capacity. While
constraint group (3) ensure that if any part of customer j *s demand is met by site i, then this
facility must be open. Although these are redundant, they provide tighter constraints for the
relaxed linear programming representation of the problem.

In all the approximation algorithms based on linear programming, to solve a Facility Location
Problem (FLP), first we need to consider LP -relaxation of (Py); which is simply as follows:

( P) Minimise Z >, dcpxy + Zﬁyi

jeliel




Greedy Heuristics to Solve the Capacitated Facility Location
Problem

Eiman Jadaan Alenezy

Abstract

The facility location problem has been the focus of much research in the Operational
Research literature. We investigate solution approaches for large instances of the capacitated
facility location problem (CFLP). We introduce a new tightening constraint and dual
estimates that lead to improved lower bounds (LB). In our computer environment, we
describe a number of Greedy heuristics that provide good upper bound solutions with a lower

bound from a comparative point of view.

We show that for small instances of the CFLP, it is effective to have very tight linking
constraints. We report results that illustrate the trade off between these constraints, solution
time, and solution quality. We detail some techniques that improve the computational running

time with no loss in solution quality.

Also we show through solving larger instances of the CFLP that our algorithm scales up well
in terms of both computational time and solution quality. Moreover, we develop a sparse
technology technique in implementing our algorithm and a flexible computer environment.

Keywords and phrases:
FLP, CFLP, UCFLP, Greedy heuristics, cut off point

1 Introduction
The facility location problem is a long established research area in Operational Research.
Clearly there are many applications in real life, such as in production planning, hospitals,

networks, ambulance stations, and many other practical applications.
In this paper we are concerned with the mathematical approaches to solve large instances of

this problem, rather than investigating its applications.

We will focus on one variant of the problem: the capacitated facility location problem
(CFLP). In many formulations of the CFLP, it is assumed that each demand point can be
supplied by only one open facility, which is the simplest case of the problem. We consider the
case where each demand point can be supplied by more than one open facility.

We develop a number of Greedy heuristics that provide good solutions for known problems
in the literature.

* Dr Fiman Jadaan Alenezy, Math Department, Public Authority for Applied Education and

Training. Kuwait.







the FAHP-TOPSIS is farther from the negative ideal solution (CC;=0.8006) than in
the AHP-TOPSIS (CC,= 0.7417). Also the difference between the best ranked
alternative and the other less ranked alternatives is more recognized in the FAHP-
TOPSIS as shown in Table 10. The difference between the relative closeness to the
negative ideal solution of best ranked alternative Al (0.8006) and the worst ranked
alternative A3 (0.1081) in the FAHP-TOPSIS is greater than the relative closeness
{o the negative ideal solution of best ranked alternative Al (0.7439) and the worst

ranked alternative A3 (0.1933) in the FAHP-TOPSIS.

Table 10: AHP-TOPSIS and FAHP-TOPSIS alternatives ranking

AHP-TOPSIS Relative Rank FAHP-TOPSIS Relative Rank
Alternatives closeness to the negative ideal closeness to the negatlve ideal
solution CC;’ solution CC;"
Al 0.7439 1 0.8006 1
A2 0.3989 2 0.4627 2
A3 0.1933 3 0.1081 3

Then using the FAHP affects the efficiency of representing the alternatives ranking.
Tt makes the best solution farther from the negative ideal solution and the worst solution
closer to the negative ideal solution. It will be easier for the decision maker to
discriminate between the ranked alternatives especially when the number of alternatives
under consideration is increased. That is how the fuzzy based proposed approach
gathers the simplicity representation of the hierarchical location selection problem while
considering the data uncertainty. This adds robustness value to decision making
approach providing the ability to map the decision maker’s linguistic perferences to

fuzzy numbers.

6. The Importance of Weighting Phase

Solving the same adopted case study while neglecting the welghtmg phase affects
the value of the relative closeness to the negatlve ideal solution (CC;"), though not
affecting the alternatives rank in this case. When ignoring the criteria weights they are

assumed to be equally important (w;=1/n fori=1, 2,..., n). The results are presented in
Table 11 and compared with the weighted criterla results from AHP-TOPSIS and

FAHP-TOPSIS. The rank of the alternatives in decreasing order is Al, A2, and A3,
which is the same in the weighted AHP, weighted FAHP, and unweighted cases. But the
relative closeness to the negative ideal solution is obvious in the two weighted cases

(AHP-TOPSIS and FAHP-TOPSIS) than in the unweighted case.

Table 11: weighted and unweighted rankings
Weighted AHP | Weighted FAHP Unweighted

CG; Rank CC; Rank CG; Rank
Al | 0.7439 Al 0.8006 Al 0.6704 Al
A2 | 0.3989 A2 0.4627 A2 0.4761 A2
A3 | 0.1933 A3 0.1081 A3 0.2164 A3
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b. Determine location ranks using TOPSIS (Table 9).
i Determine the ideal solution A+ and negative ideal solution A” (Table 8).

+ L
A} =maxvy i=12,..m

A; =minv, 1= 1,2,..m

Table 8: FAHP-TOPSIS ldeal and negative ideal solutions

Cl C2 C3 C4 C5 C6

Al | 0.0390 | 0.0377 | 0.1548 0.0615 | 0.0502 | 0.0368
A2 10.0369 ] 0.0472 | 0.0817 0.0495 | 0.0783 | 0.0505
A3 | 0.0341 | 0.0451 | 0.0295 0.0289 | 0.0515 | 0.0527
A* ] 0.0390 | 0.0377 | 0.1548 0.0615 | 0.0783 | 0.0505
A~ | 0.0341 ] 0.0472 | 0.0295 0.0289 | 0.0502 | 0.0368

ii. Calculate the separation measure

h

Z(vij = A; )2 i=12,..m

J=

D= Sl -4 ) i=12.m

j

iii. Calculate the relative closeness to the negative- ideal solution CCi’
CCl =——t— i=12,..m
D} + D,

iv. Rank the preference order

The alternative with highest distance from the negative ideal solution (CC;

close to 1) is closest to the ideal solution and can be chosen as the best
solution. The alternative with the nearest distance from the negative ideal
solution (CC; close to 0) has the highest distance from the ideal solution and is

taken as the worst solution.

jve- ideal solution of the three alternatives

Table 9: The relative closeness to the negat
. + . Relative closeness to the
Alternatives Di D; negative ideal solution CC;’ Rank
Al 0.0323 | 0.1299 0.8006 1
A2 0.0748 | 0.0644 0.4627 2
| A3 0.1325 | 0.0161 0.1081 3

c. Select the optimal location.

1t is apparent that Al is the best alternative as it has the larger distance far from the

negative ideal solution. This value indicates a better performance of that alternative
than the other lower ranked alternatives. The alternatives ranking doesn’t differ in
the AHP-TOPSIS than in the FAHP-TOPSIS. No longer, the best alternative Al in

&



In comparison with the traditional analytical hierarchical method, considering the
fuzzy element in the proposed FAHP-TOPSIS model shows superiority in modelling the
uncertainty and vagueness associated with the pairwise comparison of different criteria.
This model is also less demanding towards the decision makers. Fuzzy based models
are more robust decision making approach because of its ability to map the decision
maker’s perception to triangular fuzzy numbers in place of exact numbers. While Chan
[1] developed a Fuzzy AHP model adopting the same case study of Min [10], these
fuzzy criteria weights are combined with TOPSIS method to compose a hybrid FAHP-
TOPSIS model that can be applied in location selection decision. The proposed fuzzy
based model is developed through three stages which are alike to the flowchart of the
previous discussed AHP-TOPSIS proposed model (Figure 3), except that the weights
created in stage 2 which are used in criteria weighted evaluation matrix of TOPSIS are
triangular fuzzy numbers from FAHP. These stages are simply viewed by the

framework in Figure 4.

Stage 1:

In this stage the location alternatives are determined and the decision hierarchy is
formed (Figure 1). The main objective is presented in the first level, criteria in the
second level, and alternatives in the third level. When the decision hierarchy is

approved by the decision makers the next stage is considered.

Stage 2:
Use FAHP to assign weights for the criteria that will be used in the location selection

decision. When Chan [1] applied FAHP to the location selection problem of Min [10]
the weights of the criteria are determined (w)).
‘ W =[0.11,0.13, 0.30, 0.14, 0.18, 0.14]

If the weights are ordered according to the degree of importance, it is apparent that the
FAHP weights differ from the AHP weights. The degree of importance of C5 and C2 is
changed. In AHP, C2 is the second important criteria, while in FAHP it is the fifth
important weight. C5 is the sixth important weight in AHP, while it is the second
important weight in FAHP. Proceeding to the next FAHP-TOPSIS stages, it can be
shown that these changes in the importance of weights don’t affect the alternatives

ranking.

Stage 3:
a. Evaluate location alternatives

i, Available alternatives are compared under each of the criteria separately in
TOPSIS to establish the evaluation matrix A.
Obtain weighted evaluation matrix V using the fuzzy weights of the FAHP
(W), and the previously determined evaluation matrix A (V= W*4).

Table 7: FAHP-TOPSIS weighted evaluation matrix
Cl C2 C3 C4 Cs C6

Al [ 0.0390 | 0.0377 | 0.1548 | 0.0615 | 0.0502 | 0.0368
A2 | 0.0369 | 0.0472 | 0.0817 | 0.0495 | 0.0783 | 0.0505
A3 | 0.0341 | 0.0451 | 0.0295 | 0.0289 | 0.0515 | 0.0527

ii.
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allernatives counts as an advantage in addition to the previously discussed AHP-
TOPSIS advantages.

Table 6: AHP and AHP-TOPSIS alternatives ranking

Alternatives | AHP priority | Rank n?gzlt?i/];? dﬂg:gﬁfg;g tchfj,-' Rank
Al 0.374 1 0.7439 1
A2 0.346 2 0.3989 2
A3 0.281 3 0.1933 3

5. A Fuzzy AHP-TOPSIS Proposed Model

Though AHP-TOPSIS has the simplicity in representing the problem in a
hierarchical form, and the clarity in discriminating the best alternative, it can not deal
with the uncertainty or the vagueness of the data. Some of the criteria in the location
selection problem are subjective and qualitative in nature, which make it very difficult
for the decision maker 1o express preferences using exact numerical values. It would
also be difficult to provide exact pairwise comparison judgements. Using a crisp model
like AHP or AHP-TOPSIS will force the decision maker to ignore some details when
solving the location decision problem. So, it is more desirable for decision makers to
use interval or fuzzy evaluations to handle the vagueness of the data involved in such
multi criteria decision making problems. AHP is recognized as one of the most popular
multi criterion decision making techniques. But this method is often criticized because
of its insufficiency to consider the uncertainty associated with the expressed linguistic

criteria and its inappropriateness for crisp ratio representation.

Location selection criteria

A4
Relationship between criteria
< FAHP
...... <
Weighting criteria
Creating the evaluation matrix
< TOPSIS
\2

Ranking the location alternatives

............................................................................................................

Figure 4: Framework of the proposed FAHP-TOPSIS model

L
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Table 4: ideal and negative ideal solutions
Cl C2 C3 C4 C5 C6
Al 1 0.0539 ] 0.0526 | 0.1115 | 0.0721 { 0.0340 | 0.043]
A2 | 0.0510 [ 0.0657 | 0.0588 | 0.0580 | 0.0531 | 0.0591
A3 10.0471 | 0.0627 | 0.0456 | 0.0339 | 0.0348 | 0.0618
AY 100539 0.0526 | 0.1115 | 0.072] | 0.0531 | 0.0618
A | 0.0471 { 0.0657 | 0.0456 | 0.0339 | 0.030 | 0.0431

ii. Calculate the separation measure

D=3, -arf i=12,m

J=l

D= [0, -4 f i=12m

J=

iii. Calculate the relative closeness to the negative- ideal solution CCi’
) D’ g
CC‘- = ——+‘—i——:' 1= 1,2,..._,77’1
D} + D,

iv. Rank the preference order (Table 5).
The alternative with highest distance from the negative ideal solution (CC; close

to 1) is closest to the ideal solution and can be chosen as the best solution. The
alternative with the nearest distance from the negative ideal solution (CC; close
to 0) has the highest distance from the ideal solution and is taken as the worst

solution.
Table 5: The relative closeness to the negative- ideal solution of the three alternatives
. + . Relative closeness to the :
Alternatives | D D; negative ideal solution CC;’ Rank
Al 0.0267 | 0.0776 0.7439 1
A2 0.0562 | 0.0373 0.3989 2
A3 0.0793 | 0.0190 0.1933 3

¢. Select the optimal location.
It is apparent that Al is the best alternative as it has the larger index value that

indicate a better performance of that alternative.

The alternatives ranking in decreasing order is Al, A2, and then A3. This rank is the
same as the AHP alternatives ranking, but it is obvious from Table 6 that the difference
between the best location alternative and the other less preferred alternatives is more
contrast than that difference among the AHP alternative priority values. In brief, the
AHP-TOPSIS model makes the best location alternative easily discriminated. This
ability of making the best alternative more recognized than the other lower ranked
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The proposed AHP-TOPSIS model consists of three basic stages represented in
Figure 3. Stagel: ldentifying the model objective, criteria, and alternatives, stage2:
Apply AHP to assign weights to the specified criteria, and stage3: Evaluating available
alternatives and determining the final ranking using TOPSIS. Using the adapted case
study of Min [10], which was applied previously using AHP, the proposed model of

AHP-TOPSIS can be applied in the follows stages:

Stage 1:

a. Alternative locations are determined.

b. Forming the decision hierarchy (Figure 1), objective is in the first level, criteria are
in the second level, and alternatives are in the third level.

Taking the decision of approving the decision hierarchy by the decision-making

team.

Stage 2:
a. Use AHP to assign weights for the criteria used in the location selection.

b. Form the pairwise comparison to determine the criteria weights (w)).
W= [0.152, 0.181, 0.216, 0.164, 0.122, 0.164]

Stage 3:
a. Evaluate location alternatives
i. The weights of each criterion with respect to alternatives are determined and

represented in an evaluation matrix (Table 2).

Table 2: the evaluation matrix
Cl C2 C3 C4 C5 C6
Al 103546 | 0.2905 | 0.5162 | 0.4395 | 0.2788 | 0.2629
A2 | 0.3354 | 0.3629 | 0.2724 | 0.3538 | 0.4352 | 0.3605
A3 | 0.3100 | 0.3466 | 0.2113 | 0.2067 | 0.2860 | 0.3766

ii. Obtain weighted evaluation matrix V using the weights of the AHP (W), and
the previously determined evaluation matrix (Table 3).

Table 3: the weighted evaluation matrix
Cl C2 C3 C4 C5 ]
Al | 0.0539 | 0.0549 | 0.1084 | 0.0721 | 0.0340 | 0.0431
A2 | 0.0509 | 0.0686 | 0.0572 | 0.0580 | 0.0531 | 0.0591
A3 | 0.0471 | 0.0655 | 0.0443 | 0.0339 | 0.0348 | 0.0618

b. Determine location ranks using TOPSIS
i. Determine the ideal solution A+ and negative ideal solution A" (Table 4).

+ — ._—-
A; =maxv; i=12,..m

A7 =minv, i= 1,2,..m




performed in the AHP is relatively large and consumes much of time and computational
effort.

—
Goal: Relocation of manufacturing-
distribution facility

.
I

I I I
Cost Market Local
opportunity incentives
(0.181) (0.164) (0.164)
Site Traffic access Quality of
Characteristics life
(0.152) (0.216) (0.122)

Figure 2: Weights of the facility relocation criteria

4. An AHP-TOPSIS Proposed Model

'AHP model is a robust and flexible model. It can represent the problem in a simple
hierarchical form, representing the mail goal of the problem at the top level, the criteria
affecting the decision in the lower level, followed by the available alternatives in the
lower level of the hierarchy tree. On the other hand it Jacks the advantage of coming to a
solution in a few steps. It requires a large number of pairwise comparisons. That is why
the full AHP solution is only practically usable if the number of criteria and alternatives
is sufficiently low. The TOPSIS approach also has some merits as: 1) The rationality
and ability of understanding of its logic, 2) The computations are straightforward, 3)
Searching of best alternatives for each criterion is depicted in a simple mathematical
form, ) The importance weights are incorporated into the comparison procedures. The
newly developed model combines the main advantages of both the AHP and TOPSIS
models into one model. These advantages make the proposed AHP-TOPSIS model
more potential, as it avoids a serious computational difficulty and achieve the

alternatives ranking in a simple mathematical form.

Making use of the advantages of both the AHP and TOPSIS models, the AHP is
used to analyze the structure of the problem and to determine the criteria weights, while
the TOPSIS is used to develop the evaluation matrix simultaneously. That is how the
AHP-TOPSIS model is applied to obtain the final ranking of the determined
alternatives. This approach avoids an unreasonably large number of pairwise
comparisons if full AHP decision approach is used. For example, if there are n criteria
which have been assigned the importance weights and m alternatives, then to run a full-
AHP solution there are n.m.(m-1)/2 pairwise comparison remaining to be performed
[11]. This weak point in the full AHP approach is counted as an advantage in the AHP-

TOPSIS approach.
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such as aluminium bars, rods, profiles and wire, nationwide. The potential location is
the one that can offer the best level of transit times for Alpha main customers in the
northeast US while also can provide greater access to its major terminals in Camp Hill,
Lancaster, Harrisburg and York in Pennsylvania. So the alternatives were decided to be
Maryland (A1), Pennsylvania (A2), and West Virginia (A3). A decision making team
extracted a list of 26 criteria that were urged to affect the relocation decision which
were categorized into six main categories: C1: site characteristic, C2: Cost, C3: Traffic
access, C4: Marketing opportunity, C5: Quality of living, and C6: Local incentives (see
the detailed criteria and subcriteria definition in Ref [10]). This grouping is reasonable,
as it was proven that an ordinary decision maker could not handle more than seven or
nine decision elements simultaneously without being confused [9].

Selection of the best
location

Lo S

Cc2 C3 C4 163) Cc6

Cl

A3

A2

Al

Figure 1: The decision hierarchy for site selection

The complete hierarchy of goal, criteria, and alternatives is constructed (Figure 1),
followed by creating the pairwise comparisons of decision criteria and alternatives. The
goal of these criteria and the relative weights derived from these pairwise comparisons
are shown in Figure 2. These relative weights represent the judgement of decision
making team of Alpha on the relative importance of the location criteria with respect to
the location decision. Finally in the last step of the AHP process, the relative weights
are aggregated to produce a set of synthesized priorities for the three final site
alternatives using Expert Choice [6]. Table 1 shows the priority values of these

considered alternatives.

Table 1: Location priority alternatives using AHP

Location Priority Rank
Al 0.374 1
A2 0.346 2
A3 0.281 3

It is clear that the rank of the alternatives is Al > A2 > A3. But the differences
between priority values are not significant especially between the best alternative and
the other less preferred alternatives. Also, the number of pairwise comparisons to be
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Step 4: Determine the positive-ideal and negative-ideal solutions.

L

L] 2 ®
= V)5 Vyseo Vy

y
= (m?x v,lie I')(m,i“ vl 1)}

A = v,”,v;,...,v;}
(mjn v,.jli el )(max v,.jli € 1)},
i i

ii

where I’ is associated with the benefit criteria, and I” is associated with the cost criteria.

Step 5: Calculate the separation measures, Using the n-dimensional Euclidean distance.
The separation of each alternative from the positive-ideal solution (Di*) is

given as:

Similarly, the separation of each alternative from the negative-ideal solution

(Dy) is as follows:

Step 6: Calculate the relative closeness to the ideal solution and rank the performance
order. The relative closeness of the alternative Aj can be expressed as:

D;

2 - i=12,..m
D, + D,

CC, =

where the CC;" index value lies between 0 and 1. The larger the index value
means the better the performance of the alternatives.

3. Problem Definition
The location selection problem considered in this paper is adopted from the paper of

Min [10] where AHP was applied to a case study of a firm (Alpha). This firm plans to
move its current manufacturing and distribution facility to a new location in Northeast
US. Alpha manufactures and sells chain link fences and their related hardware items
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2. Technique for Order Performance by Similarity to Ideal Solution
TOPSIS

According to this technique, the best alternative would be the one nearest to the
positive ideal solution and farthest from the negative ideal solution [5]. The positive
ideal solution is a solution that maximizes the benefit criteria and minimizes the cost
criteria, whereas the negative ideal solution is a solution that maximizes the cost criteria
and minimizes the benefit criteria. In brief, the positive ideal solution is composed of all
best values attainable from the criteria, while the negative ideal solution consists of all
worst values attainable from the criteria [13]. There have been lots of studies in the
literature using TOPSIS for the solution of MCDM problems [2-4, 7, 12].

The TOPSIS method consists of the following steps:
Step 1: Establish a decision matrix for the ranking. The structure of the matrix can be

expressed as follows:

A fo S Sy S
A fu Jo o Sy S
4 o Soo o Sy S
Am fml fm2 e j;n‘ ae fmn
where A; denotes the alternatives i,i= 1,2, .. ., m; Fj represents jm criterion, j=1,2,...

, n; and fj is a crisp value indicating the performance rating of each alternative A; with
respect to each criterion Fj. :

Step 2: Calculate the normalized decision matrix R(=[rij]). The normalized value rj is
calculated as: ‘

Ju

T
W
j=1

Step 3: Calculate the weighted normal
normalized decision matrix by its associated weights.
normalized value vij is calculated as:

V,=w,xt, i=12,..m;j=12,.,n

where w; represents the weight of the ;" criterion.

i=12,.,mj=12,..,n

ized decision matrix by multiplying the
The weighted




that dominate the current situation scenario, and the preferences of the criteria to be

judged.
s to demonstrate the usefulness of composing a hybrid

The main goal of this paper i
Jocation selection model out of a powerful MCDM approaches like AHP, FAHP, and

TOPSIS. This hybridization makes use of the advantages of each approach trying to
overcome the limitations. Most of the hierarchical decision making approaches such as
AHP are only practically usable if the number of criteria and alternatives is sufficiently
low because of the large number of performed pairwise comparisons (m.n.(m-1)/2
pairwise comparison for m alternatives and » criteria [11]). AHP also lacks the ability to
deal with uncertainty associated with vague linguistic criteria comparisons as it uses
exact numeric values for judgements. This paper proposes two new hybrid location
selection evaluation models. The first proposed hybrid model is the AHP-TOPSIS
model. This model is formed of combining the two powerful MCDM models of AHP
and TOPSIS. Location alternatives are ranked in AHP-TOPSIS depending on the
weights of the AHP in building the TOPSIS weighted evaluation matrix. The concept of
creating criteria weights and the evaluation matrix simultaneously saves a lot of time
that was consumed in the large AHP pairwise comparisons computations. This model
inherits the robustness and flexibility of the AHP. It also makes use of the undeniable
advantages of the rational and understood logic of TOPSIS where the computation
processes are straightforward and simple. Also, the search of best alternatives for each
criterion is presented in a simple and clear mathematical form.

The other developed hybrid model is FAHP-TOPSIS. The weighting of the
triangular fuzzy criteria and the evaluations of these criteria are performed
simultaneously which in a less computational time than the full FAHP model. FAHP-
TOPSIS model is robust, flexible, has simple and straightforward computations, and is
understood. Having these advantages of AHP-TOPSIS model, the FAHP-TOPSIS
model overcomes the uncertainty insufficiency limitation of the AHP model. It has the
ability of handling the vagueness of the data involved in the location selection decision,
using triangular fuzzy numbers instead of exact numbers to decide the criteria weights.
This paper also demonstrates the effect of weighting the criteria on the final alternatives

priority. When the alternatives priorities of equal criteria weights, AHP weights, and

FAHP weights are compared, it was apparent that weighting the considered criteria

affect the alternatives priority contrast positively. The priority of the best alternative is
more contrast to the less preferred alternatives in the FAHP weighted than in the AHP

weighted criteria, than in the equal weighted criteria.

aper is structured as follows. Section 2 briefly describes the
ion 3, defines the adopted problem of location selection.
n of the AHP-TOPSIS, while Section 5 demonstrates
del in the case of uncertainty. The importance of the
n section 6. Sections 7 and 8 present

The remainder of this p
used TOPSIS method. Sect
Section 4 presents the applicatio
the FAHP-TOPSIS proposed mo
criteria weighting stage is demonstrated i
conclusions and future work respectively.
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MULTI CRITERIA DECISION ASSESSMENT FOR SITE SELECTION
USING TWO HOLISTIC HYBRID MODELS

Mohamed A. Shouman', Mahmoud Abd El-Moatyz, Eman S. Hasan®

Abstract: Selecting a particular location is a multi criteria decision making (MCDM)
problem which is subjected to multiple conflicting tangible and intangible criteria.
Some tangible criteria are considered such as land cosi, building construction cost,
traffic access, site specific features, market opportunity. Other intangible criteria as
climate, pollution, living expense, and iraffic congestion are also considered, Two
newly hybrid evaluation models for site selection are proposed in this paper. The first
proposed AHP-TOPSIS model combines the analytical hierarchy process (AHP) with
the technique for order performance by similarity to ideal solution (TOPSIS) having the
advantage of eliminating a large number of computations that is required if the AHP
evaluation model is used. However when it is difficult for the decision maker to express
preferences using exact numerical values, it is more desirable to use fuzzy evaluations
to handle the vagueness of the data involved in the location selection decision. That was
developed in the FAHP-TOPSIS proposed model where fuzzy analytical - hierarchy
process (FAHP) is combined with TOPSIS to handle data uncertainty. A case study
~adopted firom previous literature is discussed to show the appropriate application and
usefulness of the proposed models for potential use in site selection decision over the
other existing evaluation models.

Keywords: Site selection, Multi Criteria Decision Making (MCDM), AHP, FAHP,
TOPSIS. :

1. Introduction :
Selecting a particular location is a multi criteria decision making (MCDM) problem

which is subjected to multi conflicting tangible and intangible criteria. Some of the
locations under consideration might be good with respect to some criteria, but poor
under other criteria. Although several methods exist for MCDM, there are no better or
worse techniques. But some techniques better suit to particular decision problems than
others do [8]. The MCDM method should not be chosen until the analyst and the
decision makers: a) understand the problem, b) declare the feasible alternatives, c)
realize the different outcomes, d) understand the conflicts between the criteria, and )
understand the level of data uncertainty. Certain locations should be evaluated on the
basis of a certain set of criteria, and the outstanding location should be selected. Some
of the questions are generally asked in location selection problem to know the criteria
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Computers and Informatics, Zagazig University.
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3 Demonstrator in Decision Support Department, Faculty of Computers and Informatics, Zagazig
University.
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Solution times are not reported by the authors, but another vital
performance measure is reported. It is the optimum achievement-
rate, which is stated among 10 solution runs for each dataset.
Accordingly, optimum achievement-rates that range between 40%
and 100% with an average of 76% are reported.

5. Conclusion

A simple MIP model is formulated for solving both the strip packing
and the tiling problems that involve special irregular-shaped items
known as polyominoes. Through the preliminary tests carried out on
an average PC, the proposed model proved to handle problem sizes
of about 3 million total variables e.g. 45 polyominoes inside a 10X25
sheet, or 8 polyominoes inside a 20X30 sheet), while at higher
problem sizes, a physical memory shortage is expected. Moreover,
almost the solution time is reasonable, where it mainly depends on
the size of the associated number of integer variables. Approximate
simple formulae are derived for rough estimation of the size of a
given problem in terms of the practical parameters. The proposed
model is verified on the benchmark datasets collected from the
literature for each of the addressed problems. Despite tighter rotation
constraints are held by the model it always, except for one case,
reaches the same optimal reported results. Finally, the proposed
model is regarded as a practical tool for tackling the mentioned
problems with the least programming effort, while it has a high
potential for being modified so as to handle almost all polyominoes-
related cutting and packing problems with different objectives,
assumptions and considerations.

Future work would modify the proposed model so as to allow for
additional rotation angles as well as reflection, in addition to adopting
different packing objectives such as the one used in Jain and Jea
(1998). Other problem considerations such as using irregular sheets,
“sheets with defects, and multiple sheets could be included. Finally,
the proposed model could be employed in building approximate

patterns for the general irregular packing problems.

List of References

1 Albano, A. & Sapuppo, G. (1980). Optimal allocation of two-
dimensional irregular shapes using heuristic search methods. IEEE
Transactions on Systems, Man, and Cybernetics, 10(5), 242-248.

.




ence
( ympuier Sciences
Operations Research 2009

a2
T
el
N

Amintoosi2

Amintoosib Amintoosi6

Figure 4. Obtained patterns for the tiling benchmark datasets

The obtained patterns for the entire problems are exactly the same
for those reached by Amintoosi et al. (2007), except for Amintoosi4,
and Amintoosi6. As for Amintoosi4, the pattern obtained by the
model is considered to be the one obtained by Amintoosi et al. (2007)
but entirely rotated by 180°, the situation is the same for Amintoosi6
in addition to minor positions-exchanges between polyominoes.
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Babu and Babu (2001) reach the same minimum length with a
different solution layout. The proposed model reached the same
minimum lengths obtained by Jain and Gea (1998) in Jain1 and
Jain3. For Jain2, the model obtained an optimal solution that is one
unit length larger since Jain and Gea (1998) assumed that the 90°
and 270° rotation of polyominoes are allowed. It is noticed in the last
three patterns (Jain1, Jain2, and Jain3) that the model always tends
to shift the gaps towards the open end of the sheet as much as it can,
forced by the penalty-based objective function. Regarding the
computation time, Jain and Gea state that all the reported solutions
are reached in less than 30 minutes on a Sparc 5 Sun Station.

4.3 Polyominoes Tiling

Much interest in the literature is noticed for the polyominoes tiling
problem, and more problems are found for comparison purposes.
" However, the six benchmark datasets addressed in Amintoosi et al.
(2007) would be adequate, since they are the most recent known to
us. Additional datasets that are very similar to the mentioned ones
could also be found in Gwee and Lim (1996). The general
characteristics of these datasets are shown below in Table 3.

Table 3

Main characteristics of the strip packing benchmark datasets
Dataset N WL | S 5 p | Total no. No. of No. of
of integer | constraints
variables | variables

Amintoosi1 |10 7 | 7 | 49 | 20 4.9 24,990 522 2031
Amintoosi2|11] 8 [ 8 | 64 | 25 |5.82 46,464 716 3,488
Amintoosi3 |12 8 | 8 | 64 | 20 5.33| 50,688 878 3,637
Amintoosi4 |12 9 19 | 81 | 25 6.75| 80,676 988 5,868
Amintoosi5 | 14| 10]10]100 | 36 7.14 | 142,800 1,512 9,155
Amintoosi6 | 10] 15[ 21315 ] 135 31.5| 998,550 2,774 57,381

The default zero-orientation
mentioned datasets is assumed t

polyomino is found in th
al. (2007), as they are not s
proposed model are presen
obtained in less than 3 minutes.

of each polyomino throughout the

e solution pa

o be the one by which each
tterns presented by Amintoosi et
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for the sheet length. Table 2 presents the main characteristics of the

four benchmark problems.

Table 2

Main characteristics of the strip packing benchmark datasets

Dataset| N |[W [ L] S | §| p | Totalno.of No. of No. of

variables integer constraints
variables ,

Babu 148 [12] 96 [16]2.29| 131,712 2,404 3,119
Jain1 26110 8 | 80 | 4 3 170,560 3,276 6,659
Jain2 19(10] 8 |80 | 6 | 4 157,320 2,394 7,292
Jain3 42 12]110]120] 6 | 2.81 742,896 9,380 16,595

The obtained patterns through the proposed model are presented in

Jain2

Figure 3, where each of them is obtained in less than 2 minutes.

Jain3

Figure 3. Obtained patterns for the strip packing benchmark datasets
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Table 1
Exact sizes for a set of selected problem instances

Average | Average | Sheet | No. of Total no. No. of No. of Time
polyo. no. of size | polyo. of integer | constraints | (s)
size cells variables | variables
5 p S N
6 4 260 42 2,861,040 | 18,144 54,735 223
8 6 280 35 | 2,763,600 | 15,750 63,316 | 201
10 8 300 30 | 2,718,000 | 14,040 70,531 241
12 10 330 27 | 2,958,120 | 13,608 82,006 313
14 12 340 24 2,790,720 | 12,096 85,037 76
16 14 360 22 2,867,040 | 11,484 92,255 167
18 16 360 20 | 2,606,400 | 10,080 91,101 55
20 18 380 19 2,758,040 | 9,918 99,580 66
54 52 550 10 | 2,926,800 | 5,040 136,631 169

As long as the total number of variables is almost below 3 million,
the maximum memory limits are not reached (no physical memory
shortage). Thus, it could be concluded that for the proposed
formulation, the memory limits depends only on the total number of
variables regardless the number of integer variables or constraints.
Moreover, the number of integer variables has the greatest impact,
among the three problem-size elements, on the solution times. It is
also clear that up to the previously mentioned memory limit (about 3
million variables); there are no troubles with the solution time, which
is expected to arise if the available physical memory is augmented.
Further tests that are not reported here revealed that after about
20,000 integer variables, the solution times spent by the model would

be unreasonable.

4.2 Polyominoes Strip Packing

Four published benchmark problems are used to verify the
proposed model. A single polyominoes strip packing problem is found
in Babu and Babu (2001), while three other problems that can be
treated as a polyominoes strip packing problems are in Jain and Gea
(1998). The problem addressed is to arrange a given set of
polyominoes into the form that minimizes their entire rectangular
enclosure. Hence, we will consider the vertical dimensions of their
presented patterns as the sheet width for a supposed strip packing
problem, and the corresponding vertical dimensions as an estimate

|
|
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problem is related to the total number of variables, it is concluded that
the initial sheet length, during handling a strip packing problem,
should be estimated carefully. Additionally, the model could
manipulate a high number of polyominoes if only they have a small
average size, or correspondingly a small sheet size is needed. On the
other hand, the model is expected to manipulate a problem with large
sheet size or correspondingly high average polyominoes size when
only a small number of polyominoes is incorporated.

4, Experimentalv Results

Through this section, three sets of experiments are performed; the
first set involves preliminary tests carried out in order to roughly
quantify the relation between a given problem size and the memory
limit, in addition to the solution time. In the second set of experiments,
the proposed model is tested on the polyominoes strip packing
benchmark datasets, while in the third set of experiments the model
is tested on the polyominoes tiling benchmark datasets. The results
obtained through the last two sets of experiments are compared with
those found in the literature. LINGO 8.0 was utilized throughout the
conducted experiments, using a laptop of 1.5 GB RAM supported by
an Intel® Core Duo processor of 1.66GHz CPU speed and 2MB

" Cache Size, operated with a Microsoft Windows XP Professional O/S.

4.1 Computational Time and Memory

Several problems with different configurations were generated,
each contains a set of identical polyominoes. The basic difference
between those problems is the average polyominoes size 5. In each
case, the number of polyominoes is determined so that the maximum
memory limits are about to be reached. That is to say that all the
considered problem sizes are just about to hit the memory borders
(physical memory shortage). Therefore, both the memory limit along
with the corresponding computational time could be correlated with
the problem size. A common sheet width of ten cells is utilized. For
estimating an upper limit on the employed sheet lengths, It is
assumed that the expected utilization (u) is given by p/5, where p is
the average number of cells per polyomino. Subsequently, the
estimated length for the associated patterns should be Np/Wwu which
is equivalent to N5/W . A summary of the results is presented in

Table 1.

|
|
|




3.2. Problem Size Analysis

An important issue concerning the formulation presented in the
previous subsection is the large number of associated decision
variables, which consequently corresponds to high demand of
physical memory and computational time needed to handle a given
problem. The relation between the different model parameters and
the problem size as represented by the number of total variables,
integer variables, and constraints are given by:

Number of constraints ;Zn U Vewyl + WL+ N (7)
k=1
Total number of variables :NW?2L? + 2NWL (8)
Number of integer Variables  :2 . UV (9)
k=1

The following approximations may be useful to characterize the
problem size in terms of the practical parameters. A polyomino
width w,, and a polyomino length [, are represented by the mean
width # = and the mean length [. Moreover the farthest possible
position for a given polyomino along the width direction of the sheet
U, is always approximated by the sheet width W, and similarly V; is
approximated by the sheet length L. Obviously, the last approximation
is more realistic at small values for w/W and I/L. Upon applying
those approximations in addition to neglecting the relatively small
terms, the following simpler formulae are obtained, where the term
WL is given the symbol S, denoting the sheet size, while wl is given
the symbol 5, denoting the average polyomino size. The approximate
formulae could be written as follows:

Number of constraints :N S5 (10)
Total nhumber of variables . N S* (11)
Number of integer Variables :2N S (12)

Thus, it may be deduced that each of the number of
polyominoes N, the sheet size S, and the average polyomino size s,
all have the same impact on the number of constraints. Also, both N
and S have an equal effect on the number of integer variables. The
total number of variables is highly sensitive to the sheet size S as
expected. As the required physical memory to handle a given
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The complete form of the proposed mathematical formulation is
given as:

N Uk Vi w L
X0 0 Mt TS
k=1 i=1 j=1 m=1 n=1

Subject to
Siijmti-tnti—1 ~ Xij Prann Vik=1.,N,
- Yk,i,j Pk,wk——m+1,lk-—n+1 =0 Vi=1,..,U,
vi=1,..,V,
vVm= ) oy Wk'
Vn= ) vers lk (2)
Uk‘ Vi Uy Vi
Z Xieij +Z Z Yeyj=1 Vk=1,..,N (3)
i=1 j=1 i=1 j=1
N Uk Vi '
vm=1,.., W
Ay <1 1oy VYo
zk=1 Zi=lz'=1 Kl vn=1,..,L (4)
Xi,ij €{0,1} Vik=1,..,N,
Vi= yevey Uk,
vi=1,...V, (5)
Yiij € {0,1} vk=1,..,N,
Vi= ) aeey Uk' ‘
vi=1,...V (6)

Another objective function that stands for the produced waste was
investigated; however the one introduced above has proven to be
more efficient in terms of solution time. For estimating the sheet
length for a given strip packing dataset, a quick approach is to
roughly expect the utilization percent according to the irregularity
extent or any other criterion, and correspondingly the sheet length is
calculated. A more effective approach is to use a simple ordering rule
(e.g. decreasing area) along with a traditional placement procedure
such as the scanning procedure discussed in Segenreich and Braga
(1986) for generating an initial feasible solution, in which the obtained
length of such a solution would be a realistic estimate for the sheet

length.
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This set is responsible for generating the set of all possible
placement arrays for each polyomino. The second main set of

constraints is given by:

Uk Vi Uk Vi
z Xiij + Z Z Yiij =1 vk=1,.,N
i=14~j=1 i=14j=1

This set guarantees that exactly a single placement array is only
considered for each polyomino. The final main set of constrains is
overlap prevention constraints and is stated as follow:

N Up Vi :
Z Z z Seijmn < 1 vm=1,.,Wv¥n=1,..,L
k=1 i=1 j=1 :

This set of constraints sums the entire placement arrays and
ensures that neither of the obtained cells is occupied by more than 1,
given that the unselected placement arrays are always null arrays.
Another set of constraints are applied to force the variables X ;; and

Y, to assume binary values. A penalty based objective function is
developed and is given by:

N Ur Vi W L
Minimize E E _S_ E E Skeijmn T
k=1 i=1 j=1 m=1 n=1

The proposed function penalizes each cell within the array resulting
from summing the entire placement arrays. The penalty value for a
given cell is set according to the sheet length where such a cell is
located. Hence, the objective value for a given solution is given by the
total sum of penalties. Therefore, the utilized sheet length will always
be forced to be short as possible, so as to have the minimum value
for the employed objective function. Figure 2 graphically

demonstrates the idea.

Array resulted from summing the Corresponding penalty values
entire placement arrays

Figure 2. Graphical demonstration for the proposed objective function




in Figure 1 could be considered as a placement array if its
corresponding shaded cells are filled by 1 and the other cells are
filled by 0. Hence the model has to generate all the possible
placement arrays and select only a single placement array for each
polyomino. The model input parameters are stated as follow:

N No. of involved polyominoes
w Sheet width
L Sheet length (an upper limit that should contain all the items)

Wy Width of the polyomino k

I, Length of the polyomino k

P.mn A parameter that represents the cell m,n within the binary
array encoding the polyomino k at its default orientation, in
which it is filled by 1 if occupied by any of the polyomino
cells, and 0 otherwise

Uy Farthest possible position for the polyomino k along the width
direction of the sheet=W —w, + 1

Vi Farthest possible position for the polyomino k along the
length direction of the sheet
=L - lk +1

The following decision variables are also defined:

A binary variable that takes the value of 1 if the cell i, j is

Xiij
: selected to be the placement position of the polyomlno k,
oriented at 0° orientation
Yieij A binary variable that takes the value of 1 if the cell i, j is
selected to be the placement position of the polyomino k,
oriented at 180° orientation
Skijmn A binary variable that stands for the cell m, n within a

placement array that corresponds to the assignment of
polyomino k to the position i, j

Three main sets of constraints are developed the first one is
stated as:

= Xi,ij Peomom Vk=1,..,N,
Vi=1., U,Vj=1,.,V,

vm=1,..w,vVn=1,..,1

Sk,ijm+i=1n+j-1
- Yk,i,j Pk,wk—m+1,lk-—n+1 =0
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integer multiples of the same basic unit length, that defines the
polyominoes’ dimensions. Henceforth, the sheet length is assumed to
be along the horizontal direction, and its origin is the bottom left

corner.
3.1 Mathematical Formulation

The proposed model is based on the representation of a given
sheet in the form of a grid of square cells, where a polyomino is also
a cluster of square cells. Thus, the sheet area is reduced into a finite
set of placement points, where each point stands for a square cell.
Accordingly, the model task is then to select out of this set of points
the placement position of each polyomino, as well as to select its
corresponding orientation (0° or 180°). The main objective is to
minimize the used sheet length, while neither of the polyominoes
cells is overlapped. A polyomino position is defined by the position of
its reference cell which is the upper left one. Only positions that allow
for the whole polyomino to be contained within the sheet borders are
considered by the model. Figure 1 exhibits a graphical representation
for all the possible positions for a 4-cells polyomino, at 0° and 180°

rotation angles, inside a sheet of 2 cells width and 5 cells length.

Possible positions at 0° Possible positions at 180°

Figure 1. Graphical representation for possible placements for a given
polyomino

In order to mathematically formulate the above approach, the
geometry of each polyomino is encoded by a two-dimensional binary
array, which is one of the model input parameters. A separate two-
dimensional array, placement array, with the same size of the sheet
is used to signify a polyomino at a given position and orientation. In
which each placement array is occupied only by the elements of the
associated polyomino’s binary array. Each of the six arrays presented




Statistics, Con
and Opera

single dataset reveal the effectiveness of the proposed algorithm over
that of Jain and Gea (1998).

The published approaches for polyominoes tiling problems are
mainly either a neuro-based or evolutionary-based algorithms. In
Takefuji and Lee (1990), a tiling algorithm that do not allow for
polyominoes rotation or reflection is introduced. The authors employ
a Hopfield neural network with optimization approach. The algorithm
is tested on a 7X7 sheet involving 10 polyominoes and upon
adjusting the algorithm parameters; it was capable of reaching an
optimum solution in 100% of its runs. Such an algorithm is extended
by Manabe and Asai (2001), so that to additionally handle rotatable
polyominoes. The modified algorithm is tested on five datasets; three
of them involve a 5X5 sheet with 5 polyominoes and the other two
involve 6X6 sheet with 6 polyominoes. An average optimum
achievement-rate of 57% is reported. An order-based genetic
algorithm is introduced by Gwee and Lim (1996), along with a
proposed circular placement strategy that deals with both, rotation
and reflection. Four datasets ranging from 8X8 sheet with 8
polyominoes to 32X32 sheet with 128 are tested. An optimal
configuration is obtained, while the corresponding achievement-rates
are not reported. In Amintoosi et al. (2007), an evolutionary algorithm
is implemented to search for the polyominoes placement sequences
as well as their associated orientations, where a string matching
based tiling procedure generates patterns correspondingly. Six
datasets were tested, with the larger one consists of a 15X21 sheet
and 10 polyominoes, in which an average optimum-achievement rate
of 76% is obtained.

Therefore all the existing solution approaches are either an
impractical exact approaches, or a heuristic approaches that do not

guarantee an optimum solution.
3. Proposed Mixed-Integer Model

A new formulation is introduced for the polyominoes strip packing
problem. The same formulation can readily handle the polyominoes
tiling problem as well, given that at least one perfect pattern exists.
The proposed model is a mixed-integer model that allows
polyominoes to contain internal holes, and permits a polyomino to
rotate by 180°, but does not permit reflecting a polyomino along an
axis. Moreover, it is assumed that the sheet dimensions are also
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In this paper a new mathematical formulation that is capable of
handling polyominoes strip packing and tiling problems is introduced.
The problem sizes (no. of polyominoes and sheet dimension) by
which the model could manipulate is analyzed. Furthermore, practical
implementation of the proposed model is carried out on a set of
problems, including benchmark datasets collected from the literature.
In the next sections, the previous work is reviewed and the proposed
mathematical model is constructed and tested. The model proved to
handle reasonable problem sizes (e.g. 45 polyominoes inside a
10X25 sheet, or 8 polyominoes inside a 20X30 sheet) and reached
the optimal solutions in each of the considered benchmark datasets.

2. Literature Review

Due to the strong NP-hardness. nature of the irregular packing
problems (Fowler et al. (1981)), they are used to be tackled
practically through two main heuristic-based approaches; the first
one, direct approach, builds an initial pattern that shouldn't be a
feasible one, in which a search technique is directly applied to the
items positions to reach a good feasible pattern (Bennell and
Dowsland (1999), Gomes and Oliveira (2006), and Egeblad et al.
(2007)). While the second approach, sequence-based approach,
searches for a good packing sequence to be employed under certain
placement procedure (Albano and Sapuppo (1980), Fischer and Dagli
(2004), and Burke et al. (2006)). Regarding the mathematical
approaches, based on previous proposals of Daniels et al. (1994),
and Li (1994), Fischetti and Luzzi (2008) describe a mixed-integer
programming model that makes use of the no-fit polygon overlap
detection tool. Such a model is found to be the only one to entirely
handle an irregular packing problem. However it is not capable of
handling more than nine polygons, in a reasonable solution time.

Concerning polyominoes packing problems specifically, Jain & Gea
(1998) deal with the problem of packing a set of polyominoes, so that
the rectangular sheet area required to enclose all the considered
polyominoes is minimized. A genetic algorithm is employed to search
for polyominoes positions and orientations. The tests conducted via
three problems provide final patterns with only few gaps. In Babu and
Babu (2001), the authors additionally allow for polyominoes reflection
and a genetic algorithm is also utilized along with a proposed
scanning-based placement procedure. Comparisons performed on a
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A Mixed-Integer Model for Two-Dimensional
Polyominoes Strip Packing and Tiling Problems

Mohamed N. Kashkoush, Mohamed A. Shalaby and
Ehab A. Abdelhafiez

Mechanical Design and Production Dept., Faculty of Engineering,
Cairo University, Giza, Egypt 12613

Abstract

In this paper, a new Mixed-Integer Programming model is
introduced for handling a special case of the 2-D irregular strip
packing problem, in which each of the involved items is a collection of
identical square cells connected along their edges, named polyomino.
Besides, the model could handle a rectangle tiling problem with
polyominoes. The problem sizes by which the model could
manipulate are investigated, and finally the proposed model is
verified on the benchmark datasets collected from the literature for

each of the mentioned problems.

Keywords: Mixed-Integer Programming; Polyominoes; Tiling; Irregular
Strip Packing

1. Introduction

The classical two-dimensional irregular strip packing problem s
such that for a given set of items of irregular shapes, and a
rectangular sheet of fixed width and an open length; it is required to
assign each item a distinct position, in a non overlapping manner, so
that the utilized length of the sheet (generated pattern length) is
minimized. A variant of this problem is the one where the geometry of
the involved items is restricted to rectilinear polygons, known as,
polyominoes. A polyomino, first introduced by Golomb (1954), is
special polygon with all of its edges are orthogonal lines, and each
line length is integer multiples of a basic unit length. The polyominoes
strip packing problem is classified as a polyominoes tiling problem if
there exists a given sheet length for which the utilization is 100%.
Typical applications for polyominoes packing problems in general
could be found in the sheet metal stamping, and in the design of

integrated circuits.
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4. Solving the following problem to find the best efficient solution:

3
Minimize Zryi
i =l
Subject to
(x,y)eM?®

The solution of the above problem is the best efficient solution

according to 77-measurement.

For clarifying the previous situation, let us make a comparison
between some of the efficient solutions and other feasible solutions in this

example as follows:

3

/i /2 ZU;

Efficient X, =(1,2) 1 s ' 11.5
Efficient X, =(2.5,0) 2.5 0 2
Efficient X 5 =(2,1) 2 1 1.5

Efficient X , =(2.1,0.8) 2.1 0.8 1.6

Efficient X s =(1.5,1.5) 1.5 1.5 1.5
Weakly efficient X ¢ = (0, 2) 0 2 2.5

Inferior X 5 =(1,1) 1 1 2.5

5. Conclusion

In this paper, a treatment for finding all efficient solutions by using
a modified &-constraint technique which gives the set of all efficient
solutions. Also, the proposed method is illustrated to find the best
efficient solution among the efficient solutions where there is no priority
among the objectives of the multiobjective programming problem. The
n-measurement principle for multiobjective programming problem is
introduced for ranking the efficient solutions and for finding the best

efficient solution.
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Fig. 1, the set of feasible region

2. Solving the &-constraint problem as described in the algorithm
section in step (2) and step (3). The sets of all weakly efficient
solutions according to each g-constraint problem is illustrated in

figure 2 by the bold line:

»a YA
1,2 1,2
(0,2 & ©,2) &
@n @n
@.5,0 x @3,0) x
Fig. 2, the set of weakly efficient solutions
3. Finding the set of all efficient solutions which is denoted by M °.
Where M ¢ is illustrated in figure 3 by the bold line:
’ A
(1,2)
(0,2}
(2,1)
2.5,0) X

Fip. 3, the set of efficient solutions

s
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According to the previous data, X,=(0.751.25) is the best

efficient solution.

Remark:
1. The 7-measurement principle for multiobjective programming

problem can be easily used to arrange the efficient solution
2. The n-measurement principle can be used as a new method for

dominance between efficient solutions and between efficient
solutions and weakly efficient solution :

4.2.Second Example

Solve the following multiobjective programming problem using the
proposed algorithm in section (3).

Maximize F (X )={f./2]}

Subject to
x+y =<3 ]
|x +0.5y £2.5
M ={XeR’|y<2 ;
x20
k y =20 J
Where
fi=x
fa=Y

Solution:

I. Finding the ideal point by solving each objective function

separately. Then the optimal values are f°=25, and f; =2.
Figure 1 illustrates the feasible region.

Ay
F
o |
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Solution: .
I. Finding the ideal point by solving each objective function

separately.  Then the optimal solutions areX,* =(1,1),
X; =(0.5,1.5), and X; =(0.75,1.25) and the optimal values are

/=0, f, =05, and /5 =0.125 respectively.

2. Solving the ¢-constraint problem as described in the algorithm
section in step (2) and step (3). The sets of all weakly efficient
solutions according to each g -constraint problem is given by:

19 ={(x.)|(x,y) = 4(1, 1)+(1-,1)(0.5,1.5)}
o My ={(xy)|x.y)=A(1L1)+(1-2)(0.51.5)]
o Mpy={(x.y)|(x.y)=2(11)+(1-2)(0.5,1.5)}

il

Remark:
0<7,;,foreachi=1,2,3
3. Finding the set of all efficient solutions which is denoted by M?°.
Where:

370 = (172, ={(e)xop )= A1)+ (1= 2)(05,1.5))

w.=l
4. Solving the following problem (77-measurement problem) to find

the best efficient solution:
Minimize }:77,.
i=l
Subject to
‘ (x,y)eM?®

The solution of the above problem is the best efficient solution
according to 77-measurement.

For clarifying the previous situation, let us make a comparison
between some of the efficient point in this example as follows:

X, =(,1) [X,=(051.5)]X,=(0.751.25) [ X,=(0.8,1.2)

1/ 0 0.5 0.125 0.08
2 1 0.5 0.625 0.68
/5 0.25 0.25 0.125 0.13

3 0.625 0.625 0.25 0.265

>,

[ =1




Step (3):
Repeat step (2) by exchanging the objectlve function f, by

another one and find the corresponding set of the weakly efficient
solutions until all set of the weakly efficient solutions for all the

objectives are determined.

Step (4):

Finding the set of all efficient solutions M °. Where:

= OM'(;W

Step (5):

Solve the i" sub-problem given by:

Minimize 7 = Z( —f )

Subject to

x eM?
n; 20

Remark:
1. The optimal solution of the problem that is described in step (5)

represents the best efficient solution among the efficient solutions
for the multiobjective programming problem (1).
2. The problem in step (5) is called 77-measurement principle.

4. Illustrative Examples

4.1.First Example

Solve the following nonlinear multiobjective programming
problem using the described algorithm in section (3).

Minimize F (X )={f\./2:/s }
Subject to

M :{X e—:Rzlx +y=2,x20y 20}
Where

fi=0 =17 +(y =1y’

fo=( =Dy ~2)

~ :




Where

S, =minimize /; (x),stxe M—fh (77')}

M opi (77’) = {x '
Definition 2.3 " stability set of the first kind with a balanced number "

Let 7'e SV, with a corresponding optimal point x " the stability
set of the first kind with a balanced number 7, S,gl)(x *), of problem (2)

corresponding to x " is defined by:

S(')(x*): n'eR" x*eﬁf_w—m (')
i=l

3. The Algorithm

The algorithm of solving nonlinear multiobjective problem can be
described in the following steps.

Step (1):
Solve the i"" sub problem to obtain (M !, 1,°):

Minimize f;(x ), i=1,2,....... ,
Subject to
xeM

Where:
M7 is the set of optimal solution of the i* objective.

£, is the optimal value of the i sub-problem.

Step (2):

Using the ¢g-constraint technique for solving the nonlinear
multiobjective programming problem to obtain all the weakly efficient
solutions with respect to optimizing one of the objectives (for example

/). Let g is placed by /,° +7; in case of minimization and by f,° -7,
in case of maximization where i/ #w andi =1, 2, ...., ¥. The set of the
weakly efficient solutions is denoted by M,‘;w , for the objective f,, .

The balanced number 77, represents a measure of quitclaiming of
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Minimize /, (x )

Subject to (2)
— , —fl<p

M, (’7}): x €R” ) fl, !
I g (X ) =7

Where f;(x) and g;(x) are convex functions, possessing

continuous. first order partial derivatives on the n-dimensional vector
space R" and 77} are arbitrary real numbers.

If 7; = 0 for each i then problem (1) is balanced (objective

functions are reconcilable), otherwise the problem is unbalanced (the
objective functions are non-reconcilable).

Problem (2) is assumed to be stable for all 77} e R". For problem

(2), the basic notions of parametric multiobjective programming problem
that are considered in [1, 3] will be defined and will be analyzed
qualitatively for parametric non reconcilable multiobjective programming
problem. This will be done by using a balanced number 77.

Definition 2.1 "feasible parameters with a balanced number 7"

SF, is the set of feasible parameters with a balanced number 7 of

problem (2), which was firstly introduced by Osman [6] is
- r —
SF,=1neR"|(\My (7))#¢
i=l

Remark:
The set of feasible parameters with a balanced number 77, s

nonempty since 0 €SF, .

Definition 2.2 "'solvability set with a balanced number 77"

SV, is the solvability set with a balanced number 77 of problem

(2) is defined by:

)
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Minimize [, (x), ie{l, 2y ,r}
Subject to
x eM

These sub problems are solved separately to obtain the set of
optimal solutions ]\7,9 and its corresponding optimal value f,° for the i"

objective where:

/\Zi":{x EM‘fi(x):fio}

In the proposed algorithm, the &-constraint technique for solving
the multiobjective programming problem is used in a modified form. The
¢ -constraint technique has the following Characteristics [4]:

e The solution of ¢ -constraint problem is weakly efficient solution.

e Apoint x €M is efficient solution if it is a unique solution of ¢-

. . *
constraint problem with &; =f; (x )

2. Qualitative Analysis of Basic Notions

Parametric programming is a natural extension to mathematical
programming, dealing with the effects of variations of the parameters on

" the obtained optimal solutions, (see [1], [3], [5]). This concept can be
applied in the same way to non-reconcilable multiobjective nonlinear

programming problems. The number 7; is considered to be the principle

key in determining the best efficient solution and leads to the concept of:
e The set of feasible parameter with a balanced number 7 which

is denoted by SF;,

e The solvability set with a balanced number 7 which is denoted
by SV, '

e The stability set of the first kind with a balanced number 7
which is denoted by S

Consider the i" objective problem in a vector convex programming
problem with a balanced number 7 of problem (1). It has the following

form:
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1. Introduction

The proposed approach is a recent technique to obtain the best

efficient solution, in case of having no priority among the objectives. A
distinctive feature of this approach is that the ability to find the best
efficient solution among the efficient solutions according to a new

measurement which is called 77-measurement principle.

Mathematically, the multiobjective optimization problem can be
formulated as a vector optimization programming problem under certain
constraints [7]. One of the well known techniques for solving the
multiobjective programming problem, the &-constraint method is a
procedure which overcomes some of the convexity problems of the
weighted sum technique. It involves minimizing (in case of minimization)
a primary objective and expressing the other objectives as constraints.
This method is able to identify many efficient solutions on a non-convex
boundary, which are not obtainable using the weighted sum approach [2].

In this paper, we shall solve a multiobjective programming
problem by introducing the concepts of a balanced number 77 and 77-
measurement principle. The balanced number 7; represents a measure of

quitclaiming of the i" objective f; to reach its optimal value f°. In
section 2, the qualitative analysis of basic notions is introduced. The
algorithm for solving the problem is given in section 3. Section 4
introduced illustrate examples to clarify the idea.

1.1.Problem Definition

Consider r-vector function defined on a compact set M , of the
following form:

Minimize F (x )={/f}(x)swrrere- Sy (%)}
Subject to | (1)
xeM

Where:

Mz{xeR”Igj(x)SO,jzl, ....... ,m}

The components of F(x ) defined separate optimization problems
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n-Measurement for Finding the Best Efficient
Solution for Multiobjective Programming Problems

Bayoumi M. Ali! Abd El-azeem Mohammed?

Abstract:

A technique for finding the best efficient solution among the
efficient solutions for multiobjective programming problem is presented.
This approach introduces the concept of a balanced number 7 for the

multiobjective programming problem and n-measurement principle for
finding the best efficient. A parametric study of the set of parameters is
given in terms of the balanced number 7.

Key words:

Multiobjective Programming — Balanced Number Concept — The 7-
measurement principle.
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6 Conclusion

In this paper a maintenance scheduling methodology is proposed to optimize the
scheduling of dry-docking for maintenance of the vessels in the KOTC fleet. The basic
constructs of the model illustrate a zero-one integer programming problem; mixed integer
programming techniques have been shown to be a useful approach to scheduling
maintenance tasks. The implementation of the model proves the applicability of the

method to the scheduling of a merchant shipping company’s dry-docked maintenance

activities.

The objective function of the model was to maximize ships’ availability. The objective
function can be extended to include the cost of .the dry-docking maintenance activities. In
further research, it is anticipated that multiple constraints could be added to the model to
accommodate the budge.t for the dry-docking and the demand for the ships in different
seasons. Fuzzy parameters could also be applied to cover any variation in the input data.

A stochastic approach may also yield greater power in detecting the variability in certain

constraints.

The intention of the model is to help decision makers in planning and scheduling -
maintenance work; it could also aid operation researchers in understanding the

relationships between the different processes.
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carry out dry-docking maintenance is two. Therefore, the model used in the example

offers successful results, as shown in Figure 3.
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Figure 3: Ships’ availability

From Figure 3 it can be seen that the model has maximized the ships’ availability: 16.67%
of the window period shows all 100% of the ships are available; 46.67% of the window
period shows that only one ship is out of service for maintenance, which represents 96%
of the ships as being in service; and 36.67% of the window pgriod shows that two ships
have been removed for maintenance, which represents 92% of the ships as being in

service.
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Table 1: KOTC fleet dry-docking maintenance scheduiing
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Figure 2: KOTC fleet dry-docking maintenance scheduling

The results from the example show that dry-docking maintenance is scheduled between
months 1 and 60. The example also shows that once the dry-docking maintenance task
starts, it will continue until it completes its duration, which in this case is three months.

The example shows that the maximum number of ships scheduled for the shipyard to
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5 Implementation and results

In order to validate the methodology, a scheduling of dry-docking maintenance for
Kuwait Oil Tanker Company (KOTC) ships has been produced. Using data obtained from
the KOTC fleet, which contains 24 vessels and is comprised of three different types of
tanker (=1 for crude oil tankers, t=2’for i)roduct oil tankers, and /=3 for gas tankers), each

type having two different classes and a planning horizon of 60 months.

The maintenance constraints are the maintenance window, maintenance completion, and
ship limits. For the maintenance window, the earliest and latest maintenance limits can be
determined from the previous experience of ships’ engineers (this information is based on

expert judgement rather than a mathematical approach); the maintenance period usually

starts at the earliest chosen time, which is month one E, =1, and the end of latest chosen

time, which is month 60, L . = 60. The maintenance period on average takes from two to

three months; in this example the maintenance period chosen is set to three months. The
completion constraint is chosen to ensure that if a ship is in dry dock it has to ;:omplete
the docking time without any interruption to the work. The ship limit cpnstraint ensures
that the minimum number of ships is in the dockyard for maintenance during the same
period. In the example, the maximum number of ships in the fleet allowed to be in dry
dock is two. An integer programming approach has been used to solve the model by using
the LINGO modelling | and optimization package (Schrage 1999). The results are
demonstrated in thev table and figure shown below, which identifies the dry-docking

period for every ship in the KOTC fleet.




4.2.3 Ship limit constraints

There are always a maximum number of ships which can go for maintenance during
certain periods without the shipping company experiencing an unacceptable loss of fleet
carrying capacity or revenue earning potential. A limited number of ships of one type in
each class can, therefore, be sent for maintenance work and the remaining ships must stay
in operation. Therefore, this constraint is used to limit the number of ships of one type in
one class which can be sent for maintenance at any one time. ‘The mathematical

representation of such a constraint can be presented as follows:

n
Z Xiesk 2n-—r (5)
c=l

Where & runs across all time intervals: k= 1,2,3,.....,L and r is input data which indicate

the maximum number of ships that are allowed to be maintained in period .

4.2.4 Objective function

The objective function of the model can be presented as follows:

T n L

Max. ), D, D0 D X (6)

=l c¢=1 s=1 k=1

Where X5 represents the number of ships s available in class c of type ¢ throughout the
maintenance planning period £.

Subject to:

xtcsk < y tesk (7)

And equations (1} - (5)
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To model this constraint, a zero-one decision variable should be introduced which will
represent the start of a ship’s maintenance period.
Therefore, let

0

Slcsk = 1

Where 0 if ships of the class c in type t starts it’s maintenance on period k, otherwise 1

Therefore, the maintenance completion constraint will take the following form:

k
ylcsk::l——k—*-ZSIcsq : (1)
q=1
for E <k<E,_+D_-1
k
ylcskzl_Dtc.s+ ZScsq (2)
g=k+1-D,,
for E_+D, <k<B,_

Blc.t_ch.""l .
Z Slcsk =B tes D tcs (3)
k=l
Blc:
z Slcsk = B tes Elcs (4)
k=]

Where D, = duration of maintenance for ship s in classcof type:.

The first equation ensures that a job will be completed once work begins on any ship s in
period k. The other two equations ensure that in period (B, —D,,) and onwards, no new

maintenance job will be started but that in these periods the maintenance jobs which have

bees
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4.2.1 Maintenance window

According to the requirements of the classification society, a ship must go into dry dock
for maintenance regularly (every five years for a major survey and key maintenance) in
order to keep the ship’s efficiency at a standard level. This can be achieved by specifying
the latest time that the ship can be operatihg without maintenance and the earliest time it
can be placed under maintenahce. Mathematically the maintenance window can be

expressed as follows:

_ ¢l ifk<E, york >B
Viesk =10 ifB,. <k<B

tcs T

tes

tcs

Where:

E, ., =Earliest time that ship s of the class c of type ¢ can be taken for maintenance

B, = Latest time that ship s of the class ¢ of type ¢ can be taken for maintenance

Thus Y, is fixed at 1 before the earliest and after the latest times to allow for the

starting period for maintenance of ship s in class ¢ of type ¢ and can be 0 or 1 between

those times.

4.2.2 Maintenance completion

The purpose of this constraint is to ensure that the maintenance time (dry-docking period)
for each ship occupies the required duration without interruption. This means that once
the ship is in dry dock for maintenance, the work must be carried out without stopping

until the maintenance is finished and the ship returns to operation.
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where

t represents the type t=1,2,3,....... T
c represents the class ¢ = 1,2,3,....... ,m
s represents the ship s = 1,2,3,....... Nl

k represents the number of the planning horizon period /=1,2,3,....... L

The decision variable xtcsk is set to 0 for two reasons:

1. When the ship s in class c of type / is undergoing maintenance work during period & ,

Vet = 0).
2. When it is idle, (Ve =1).

Thus, when the ship is not under maintenance (Viesk = 1), this does not necessarily imply
that it is in operation (X, = 1), as it could simply be idle. Therefore, the following

constraints are needed to link  variables X with variables Y,k -

Xiesk < YVieste foralltc,s, and k.

4.2 The set of constraints

The ship maintenance scheduling problem is one of constraints optimization. The
objective function has to be maximized or minimized according to certain constraints. In
this model the following constraints will be considered:

1. Maintenance window

2. Maintenance completion

Lt




Types Classes Ships Planning Horizon
Ship 1
- Period |
Period 2
Period 3

Period 4

Peri:od L

Figure 1: Model indices

4.1 Decision variables

The first step in constructing the mathematical model is to identify the decision variables
which may be controlled and serve to determine the outcome of the maximization or
minimization decisions. The development of such values will prov.ide the optimal
solution. For dry-docking ship maintenance scheduling problems the decision variables

are designed as follows:

Where 1 is the ship s of the class ¢ in type t during the period k in operational status,

otherwise, 0

Also, define
1
ylcsk = O

Where 1 if ship s of the class ¢ in type t is not in maintenance during period k, otherwise 0
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4 Mathematical model formulation

The mathematical model of ship maintenance scheduling is presented in this section,

using the zero-one integer-programming.

The first step after identifying the problem in model formulation or construction is to
establish the decision variables, which are the controllable parameters whose values can
be controlled by the decision maker and which affect the functioning of the system, in this
case zero-one values. An objective function is then identified which should satisfy all
constraints on the decision vafiables. The objective function for this model is to
maximize the availability of the ships. The constraints to which the model is subjected

have limited values.

A shipping fleet typically contains various different types of vessels, with each type
comprised of several classes of ships of that type, and the fleet maintenance planning
horizon is usually around 5 years or 60 months. The aim is to schedule the dry-docking
maintenance tasks for different types of vessels (*=1,.....,T) each type consisting of
different classes (c=1,.....,m) and ships (s=1,........ ,n) in order to maximize each ship’s
availability over the planning period (k) subject to ship maintenance constraints. F igure 1

shows the indices used in this model.
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3 Description of the problem

In any merchant shipping company dry-docking maintenance is very important for
ensuring that ships are seaworthy and ready to carry out the operations required. This can

only be guaranteed if effective planning and management of maintenance is achieved.

In the current situation, dry-docking maintenance is carried out based on two factors;
previous dry-docked maintenance and the due date for the classification society survey.
However, it is clear that other factors must also be considered in order to optimize the
dry-docking maintenance of ships; this will include factors such as the demands on a

ship’s operations as well as dockyard availability.

As emphasized previously, the availability of vessels is paramount to commercial
shipping companies; the corporate.risk management strategy is based on this availability
and therefore, unanticipated or ]ong‘ duration maintenance operations are likely to have a
significant impact upon profitability and revenue. Therefore, dry-docking maintenance
should be scheduled in an optimum way; this could be achieved by applying a
mathematical approach to identifying the best possible solution to scheduling. This papér
therefore adopts a numerical solution to the problem using a zero-one integer linear

programming model.




Artana and Ishida (2002) address a method for determining the optimum maintenance
schedule for components in the wear-out phase. A case study and sensitivity analysis on a
liquid ring primer in a ship's bilge system were used. The interval between maintenance
for the components was optimized by minimizing the total cost. A premium solver
platform, a spreadsheet-modelling tool, was utilized to model the optimization problem.

The optimization process investigates n-equally spaced maintenance at an interval of Tr.

Baliwangi et. al. (2006) developed a methodology based on the integration of ship
maintenance séheduling management with risk evaluation in a Life Cycle Cost (LCC)
approach. The methodology was designed to establish the optimali maintenance
scheduling in several steps, which include determining component function, generating
the predicted timings and possible component combinations, analysing the associated

alternatives and uncertainties, and lastly selecting the best alternative using a criterion

LCC.

Oke (2006) have redefined the expression that defines the period-dependent cost function
for preventive maintenance scheduling activity. The approach involves transforming the
preventive maintenance cost function that is expressed in terms of several variables into a

more precise framework. A case study from the shipping industry is also presented.

In other industries, Kralj and Petrovic (1995) have studied the maintenance scheduling in

power generation. Clark et al. (1992) studied the maintenance scheduling of buildings and,
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scheduling problem. A branch and bound algorithm s used to solve the inieger
programming model.

An introduction to the dry-docking maintenance of ships has been presented in Section
One. This is followed by a brief literature review of maintenance scheduling in Section
Two. Section Three gives a description of the main problems associated with the
scheduling of dry-docked maintenance. The mathematical model formulation is discussed
in Section Four. The production of a recommended schedule for dry-docking
maintenance for the Kuwait Oil Tanker Company fleet is presented in Section Five to
illustrate an application of the model. The paper concludes with a summary and draws

attention to the benefits of the proposed model.

2 Literature review

There has been little research carried out in ship maintenance scheduling; most of the
studies focus on maintenance repair diagnosis (Graham et al. 1995). The most widely-
used techniques in maintenance scheduling are knowledge-based systems, mathematical
programming, and the branch and bound algorithm. |

Deris et. al. (1999) model ship maintenance scheduling as a constraint satisfaction
problem (CSP) to maximize the availability of either a ship, a squadron or a fleet for
operations which have satisfied maintenance requirements, dockyard availability and
operational requirements. The variables used in the model are based on the start times and
their domain values are the start and horizon of the schedule. An application of this model
was used by the Royal Malaysian Navy. Constraint-based reasoning (CBR) was adopted,

which requires start times for the first activities of maintenance cycles. Genetic algorithm
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1 Introduction

Efficient scheduling of ship maintenance requiring dry-docking is a vital component in
the overall strategic management of a merchant shipping fleet; where this process is
managed well, significant revenue and efficiency gains can be made since downtime is in
theory minimized. Ordinarily ships are usually scheduled to undergo maintenance at a
shipyard every two-and-a-half years for an intermediate classiﬁcatién survey and every
five years for a major one (Elkhouly 2001). Shipping companies ordinarily attempt to
carry out only the five-yearly major surveys with the classification societies; this is
particularly the case with new vessels. This is possible due to the specification to which
new ships have been built in recent years being to a much higher standard of construction
than was previously the case. For example, the Kuwait Oil Tanker Company (KOTC) has
proved to the classification society that ships built since the 2007’s only need undergo

five-yearly dry-docking (KOTC 2009).

In dry-docking, a ship is removed from the water to enable work to be performed on the
exterior part of the vessel, which is ordinarily below the waterline. The owners usually
plan and schedule their ships for dry-docking based on the dates of previous maintenance
and on the latest date by which the classification society’s inspection requirements must
be met. The problem is that the scheduling is not planned to provide the optimum
solution; therefore, optixﬁum scheduling is needed to maximize the availability of ships.
In this paper an optimum scheduling solution for the five-year major surveys is presented
by a mathematical formulation which has been developed for the scheduling of the dry-

docking maintenance of ships. The mathematical technique used is an integer model in
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Abstract

The scheduling of ship maintenance that requires the use of a dry dock is an important

aspect of the management of a merchant shipping company’s fleet. The decision to
- remove a vessel from operational service in order to facilitate dry-docked maintenance
activities will naturally impact upon overall availability levels of the fleet (as well as
flexibility and downtime), which in turn can have a bearing upon corporate revenue and
cash-flow levels.

Operators therefore seek to manage the scheduling of these maintenance activities in an
optimal way, using a combination of operational research based techniques and strategic
management decision-making. Effective scheduling has an implied benefit to the
dockyard operators in facilitating forward-planning of essential ship’s maintenance tasks,
which should ensure that the supply-chain is adequately prepared. This joined-up
approach to scheduling will also provide useful data to plan and schedule the routing and
docking of ships en-route to the dockyard.

The research described in this paper demonstrates the use of an integer linear
programming model to facilitate the scheduling of dry-docked maintenance activities in
an optimum way designed to maximize the availability of ships within the fleet. The
optimization model is defined by three constraints; maintenance window, maintenance
completion, and ship limit. The model used data from the Kuwait Oil Tanker Company’s
fleet which has 24 tankers of three different types. The results of this modelling approach
demonstrate that the availability of the company’s ships over a time horizon of 60 months
is maximized and therefore potentially optimal in terms of impact upon corporate revenue
(ceteris paribus). The limitations of this model are discussed and further work required to
refine this approach in an operational setting is discussed.

Keywords: mercantile operations management, mercantile maintenance, operations
scheduling, integer programming
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