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Abstract: This paper presents aew hybrid approach for solvinghe Uncapacitated
Warehouse Location Problem (UWLP) Bymple Genetic Algorithm (SGAand Add-
Heuristic. Thebestindividual in everygeneration oSGA isimproved by Add-Heuristic,
adding or removing onearehouse wittmaximal reduction of overatlost. The existence

of warehouse with adding/removing may reduce overalladbinary string is changed

in the corresponding positiorBGA itself produces goaesults with the reasonable
running time,but described hybrid approach improves performance of implementation.
The local search nature 8fdd-Heuristic provides achieving better regions of search for
given problem.
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1. INTRODUCTION 1.1 Problem formulation

The location problems haleen examineéxtensively ~ The problem of serving the given set of custonfiens
during the past thredecadesThe review of all the the chosen warehouses is considered. The objgctive is to
important contributions irthat respect is beyond the Minimize the sum ofixed charges for establishing the
scope ofthis paper. There are a lot sfirvey articles warehousesnd transportatiorosts corresponding to
related to thisproblem and we mentionDearing  the supply of demands.
(1985); Francis at al. (1983).

Consider the sdt={1,....,m} of candidate places to
The UWLP is a well-knownNP-hard combinatorial locate warehousesand thesetJ = {1,...,n } of
optimization problem (Krarupnd Pruzan, 1983.). This customers. Eactvarehousé O | has afixed costf; .
problem is also known as uncapacitated facility location Each customer 0 J has a demanij andc; is the unit
problem or simplelantlocation problem. Th&JWLP transportationcost from warehousé to customer;j.
has been studied previously by many researchersWithout loosing a generality we can normalize
(Krarup and Pruzan, 1983Cornuejols, atal., 1990.; customer demand tp = 1.
Gao, atal., 1994).Although SPLP iNP-hard, insome
special cases it is solvable in polynomial time We should find which warehousase established and
(Grishukhin, 1994). amount supplying fronwarehousd to custometj so

that thetotal cost, including both fixe@nd variable
Someways for the solvingUWLP by simple genetic  cost, are minimized.
algorithm(SGA) areproposedn: Kratica at al.(1996);
Kratica (1998b).



The problem may be formulated mathematically as:

Om n m O
min azc“ X; +z fy 1)
i=1 =1 i=1 E
subject to:
m
Xj =1, foreveryj 0 J; (2)
1=1
0<x; <y andy 0{0,1}, foreveryi Ul
andeverydJ; (3)

wherex; is the amount supplying fromvarehouse to
custometj. Array y; indicates whether warehougses
establishedy( = 1) or not ;= 0).

Note a set of established warehousesEas { i Oy, =
1} with cardinalitye=CEC.

1.2 Genetic algorithms

Genetic Algorithms (GAs)are robust and adaptive
methodghatmay be used to soltke problems related
to search andptimization. Detailed bibliography about
applying of GAs onthe optimization problems is given
in: Alander (1995); Osman and Laporte (1996).

GAs work with a population of individuals (usually
10-200), each representingpassible solution for the
given problem. To each individual fithess value has

assigned according to adaptation of this individual. The

populationevolves towardbetter solutions by means of
randomized processes of selection, crossover,
mutation.

The selection mechanisfiavors individuals of better
fithess value to reproduce more oftdran theworse
ones when forming aew population. Thecrossover
allows mixing of parental information when it is passed
to their descendants. The result cfossover is a
structured and randomized exchange of genetic
material betweensolutions, with thepossibility that
"good" solutions can generate "better" ones.

The mutation changes a bit in the binary strimith
somesmall probabilityp,,. The role of mutation in GAs

is restoring lost or unexplored genetic material into the
population. It can beused to preventhe premature
convergence of GA to suboptimal solutiofibe initial
population is usually randomly initialized. For detailed
information about GA see: Goldberg (1988gasley
D., atal. (1993).Genetic algorithmsvere successfully
used to approximativeolve someNP-hard problems.
(De Jong and Spears, 1989.; Khuri, at al., 1994).

Informal description (the rough outline) of GA is given
in Figure 1.

Input_Data();
Population_Init();
while not Finish() do
for i:=1 to Npopdo
pi: = Objective_Functiofi);
Fitness_Function();
Selection();
Crossover();
Mutation();
Output_Data();

Figure 1. Simplest form of GA
2. BASIC GA IMPLEMENTATION

In this section SGAmplementation for solvingyWLP

is concisely describedhe detail presentatiacould be
find in: Kratica (1998b). Presented results here are
good for test problems with size up to 800. In
those casethe runningtime is also reasonabigood
(see Table 2).

For the given problem binary coding gfossible
warehouse locations is used. Every bittle binary
string, denoteghat particulaiwarehouse is established
if its value is 1, while O denotes it is not established.
For the faster execution the itestring isallocated in
32-bit words.

The objective valuefunction is computed depends on
number of established warehouseand threshold, .

If e > g in initialization part,warehousesre indexed
in nondecreasing order of transportatowsts forevery
customer. Aftethat theobjective valudunction speedy
find first established warehouse, withminimal

andransportation cost. & < e previous procedure is not

appropriate, and ordinal array ofestablished
warehouses is formedWe find the established
warehouse withminimal costsearchingonly the same
ordinal array for every customer.

In our case theize of population is 20 individuals. The
whole population is replaced ieverygeneratiorexcept
the bestindividual. Thebestindividual in the current
generation directlgoes tathe next generationyithout
selection, crossoverand mutation. The initial
population is randomly initialized, because the
maximal diversity intothe population is maintained in
that case.

The duplicate strings are discarded from the
population, i.e. multiple occurrence of the sastrng

is practically excluded. The duplicate stringsewvery
generation are discarded by settitigeir fithesses to
zero. This methoddoes not remove duplicate item
string physically, but eliminates its occurrence in the
next generation. This techniqgue maintainsdhersity

of genetic material. Discarding of duplicate strings
decreasethe appearance of dominating individuals in
the populationand effectively decreasete possibility

of premature convergence in local optimurhis is a



very important factor for successful working GA,
particularly in the cases of large size test problems.

Since we solvéhe minimization problengll objective
values of individuals inthe population, arscaled
inversely into the interval (0,1). Formultor that
scaling is given by.

max- p;

fi = -
max- min

(4)

In the equation (4) numbersaxandmin are maximal
and minimal item objective values inthe current
generation, ang; is an objective value of item

GA implementation presented in this paperforms

simple roulette selection, one-point crossover andWwarehouses, and for

simple mutation. Therossover probability i®goss =
0.85, and mutatiorwith variable rate is used. The
formula for the mutation probability is:

0.0, n< 50
Pmut= E 1 (5)
%, n=100

As we see fronthe experimental results presented in
Table 2 and Table 3, this mutation rate isgood
compromise betweenexploration and exploitation
components of GA search, applied to solving UWLP.

Maximal number of iterations is 20 000. If the optimal
solution is obtained before ZMO iterations, execution
is stopped,and results are immediately printed. The
optimal solution can not bdirectly recognized by GA,
but some indirectly criterions could be used. For
example: thebestindividual is not changed in last M
generations. The optimal solution canused in test-
examples if it is available by some other methods.

The detailed analysis of various variants Adfd-
heuristic is presented in Krarup and Pruzan (1983).

The results obtained by Add-heuristic, as stand-alone
method are noalways satisfactorgnd because ofhat
Add-heuristic is later adaptedfor successful
hybridization with other methods. One of such
adaptation with dual-based algorithms is given in Tcha
at. al. (1988).

In this paper Add-heuristic is adaptadd hybridized
with GA. The modified Add-heuristic is applied in
every generation to théestindividual in population.
Method tries to improve the overabst byadding or
removing one warehousthat maximally decreases
overall cost. Candidates fadding are non-established
removing are established
warehouses. Ifthe overallcost is improved, new
configuration of established warehouses overwrites
original genetic string. Add-heuristic can be repeat
many times, but we apply it only once tioe same
individual.

In order to accelerate execution, both established
warehouse withminimal cost as well as established
warehouse with secomdinimal transportatiorcost are
memorized. Such information is important in ttese
when warehouse witminimal transportatiorcost for
current customer i,emoved. Aftetthat theold second
minimal transportatiorcost is directly promoteihto

the newminimal transportatiomost, without additional
computation requirement.

4. COMPUTATIONAL RESULTS

Test problems 41-13dnd A to Cwhich will be used in
this sectionare taken from th®RLIB (BeasleyJ.E.,
1996). The random problems MO, MP, M@d MR of
larger size, are generated by the authamd these

We also optimize run-time performance of the genetic Problems are described in detail by Kratica (1998b).

algorithm by caching. This idea issed to avoid the
attempts of computing the samebjective value
repeatedly many times. Insteadtloit, objective values
are rememberechnd reused. If the program has
computed objective value for @articular item string,
and thesame string appeaiain, thecached values

The testingprocess is performed by PC compatible
computerAMD 80486DX5 at 133MHz with 32 MB of
memory.The Table 1 contains informati@fout test
problem names, number of problemsd number of
runsfor evengest problem. Since genetic operators of

are used to avoid computing it many times. For detailedselection, crossoveand mutation are undeterministic,

information about caching GA see Kratica (1998a).

3. HYBRID GA IMPLEMENTATION

Add-heuristic appeared as stand-alone method for

solving UWLP. Infirst step one warehouse, giving
minimal overall cost, is foundndestablished alone. In
every next step one previously non-established

warehouse, maximally decreasing overall cost is found®

and established itself. If such warehousees not
exists, i.e., ifall previously non-established warehouses
increase overall cost by establishing itself, the
algorithm is finished. Current configuration of
established warehouses is promotedfiaal solution.

every test problemwas running 10 times and we
compute an average value.

The results of running hybrid algorithm are
summarized in Table 3, whilihe results obtained by
base GA implementation are described in Table 2.

The columns in Tables 2 and 3 contain:

Names of test problems;

* Average number of generations fiinishing GA
execution;

* Average execution time in seconds;

e Quality of solutions, i.e.how many solutions are
optimal, how many solutions have relative error to



optimal solution less than 0.2%, laban1%, lesghan
5%, and over 5%.

Table 1. Test problems

Test problem names Num. ofNum. of

problems  runs

41-74 13 10

81-104 12 10

111-134 12 10
A-C 3 10
MO1-MO5 5 10
MP1-MP5 5 10
MQ1-MQ5 5 10
MR1-MR5 5 10

Table 2. Results of running base GA

Test problem Avg. Avg. Opt. <0.2 <1 <5 >5

names gener. time (%) (%) (%) (%)
(s)

41-74 515 0228 124 4 1 1 -
81-104 179.0 0.803 120 - - - -
111-134 1056 5.36 120- - - -

A-C 10608 2675 16 9 5 - -
Mol-mo5 8263 646 33 10 7 - -
MPl-mP5 3120 465 47 O 3 - -
MQl-MQ5 5078 116.2 47 1 2 - -
MR1I-MR5 8728 3303 40 1 8 1 -

Table 3. Results of running hybrid GA

Test problem Avg. Avg. Opt. <0.2 <1 <5 >5

names gener. time (%) (%) (%) (%)
(s)

41-74 6.9 0.042 130 - - - -
81-104 120.3 0.556 120 - - - -
111-134 930.9 0.89 120- - - -

A-C 99089 295 17 8 5 - -
Mol-mo5 4811 392 41 5 4 - -
MPl-mP5 2323 364 48 0 2 - -
MQl-MQ5 5508 1333 44 0O 6 - -
MR1I-MR5 8402 3382 46 1 3 - -

The hybrid GA implementation produced betjeality
of solutions than base GA implementation. For
example, the testing MR problem sletring 5<10 runs,
gives 46 optimal solutions, whilthe testing obase
implementation gives 40 optimal solutions.
exception is the test-problem M@here base GA
application gives better results.

The hybrid GA implementation also creates smaller

average number of generations (except test problems

where hybrid GA is faster morthan 5times. In the
casesthat base GA is faster (A-C, M@nd MR), the
difference is not significant (less than 10%).

5. CONCLUSIONS

In this paper, the improvement of GA implementation
by Add-heuristic for solvingdWLP is explored. The
GA implementation assisted with Add-Heuristic
successfully  prevents possibility ofpremature
convergenceand restores lost or unexplored genetic
material into the population.

During the testingrocess, in both cases (base GA and
hybrid GA) for every particular test problem at least
one-half of optimal solutions is obtained. Both
implementations are able to solve large-scale
uncapacitated warehouse location problems, gatbd
running time.

According toUWLP benchmark, theise of hybrid GA
technique bringsome improvements. Igeneral, the
average run-time produced by hybrid GA
implementation is smaller than the one produced by the
base GAimplementation. The quality of solutions and
average number of generations are also better for
hybrid GA implementation.

The research presented in this paper can be continued,
and extended in several directions:

 Examination of presented approach to test
problems of very large size (over the 1000
warehouses and customers);

e Parallelization of genetic algorithm and

implementation to distributednd multiprocessor
systems;

» Hybridization of GA (instead Add-heuristic) with
someother: dualbased improvement,agrangean
relaxation, Benders decomposition, etc.

» Applying of presented approach to the other related
location  problems: p-median, capacitated
warehouse location, dynamic warehouse location,
multi-product uncapacitated warehouse location
and data file location/allocation problems.
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