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Abstract. Capacitated Centered Clustering problem (CPMP) is an important variation of p-median
problems. The p-median problems are known to be NP-hard. A hybrid genetic algorithm is used to
solve the problem efficiently. The analysis shows that the performance of the proposed algorithm is
better than the traditional local search heuristic.
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1. Introduction

Many facility location planning situations in the
public and private sectors are concerned with the total
or average distance between the facilities and demand
points [6]. For example, in public sector locating a
network of service providers such as the total distance
that customer has to traverse to reach their closest
facility is minimized. One classical problem in this
area is the p-median problem, in which the objec-
tive is to find the location of p new facilities so as to
minimize the total weighted distance between demand
points and the facilities to which they are assigned.
The p-median problem is widely used in both public
and private sector location decisions. The uncapa-
citated version of p-median assumes that each candi-
date facility to a median can serve any number of
demand points. The capacitated p-median problem,
on the other hand considers that each candidate faci-
lity has a fixed capacity on the number of demand
points it can serve [2].

ReVelle and Swain [1] provided an integer pro-
gramming formulation for p-median problem, which
is given in Equation (1) below:

minimize Z =
n∑

i=1

n∑

j=1

wi di j Y(i j) (1)

Subject to:
n∑

i=1

Yi j = 1, ∀ i (2)

Yi j Y j j , ∀i, j pairs (3)

n∑

i=1

Y j j = p (4)

In this formulation, Yi j = 1 if point i is assigned to
facility located at j, 0 otherwise; wi is demand at point
i ; di j is the distance between point i and j and p is the
number of facilities to be located. The objective func-
tion minimizes the total weighted distance between p
new facilities and the existing facilities such that the
demands of all the customers are satisfied. Constraint
(2) specifies that each point is assigned to exactly one
facility and constraint (4) specifies that all the facili-
ties must be allocated to at least one point.

The capacitated facility location problem assumes
that there is a limited capacity on the demand that
can be served. This assumption restricts that a demand
may not be assigned to its closest facility. So if Q j

is the capacity of a facility at candidate site j and
x j is a decision variable such that x j = 1 if faci-
lity is located at site j and 0 otherwise, then the
objective function of (1) has an additional constraint,∑

j∈J hi yi j − Q j x j ≤ 0, ∀i ∈ I which restricts the
assignment of points to only open facilities with a
limited capacity or matter will need to create these
components, incorporating the applicable criteria that
follow.

Solving exactly the CFLP is a difficult task. As
discussed in above section, for variable number of
facilities, this problem is NP-hard. So to solve them
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efficiently we need to look for some heuristics for get-
ting some good solutions in acceptable time. Cluster-
ing is one such heuristic which plays an important role
in optimizing location decisions. The capacitated clus-
tering problem (CCP) is the problem in which a given
set of weighted objects is to be partitioned into clus-
ters so that the total weight of objects in each clus-
ter is less than a given value (cluster ‘capacity’). The
objective is to minimize the sum of dissimilarities to
all other objects in the cluster from the ‘centre’ of the
cluster to which they have been allocated. The follow-
ing formulation is proposed in [8]:

minimize
∑

i∈I

∑

j∈J

|ai − z j |2 yi j (5)

Subject to constraints (2), (3), (5) and two additional
constraints:

∑

j∈J

yi j = n j , ∀ j ∈ J (6)

∑

i∈I

ai yi j = n j z j , ∀ j ∈ J (7)

where z j = centroid of cluster j , n j = the number of
points in cluster j , ai is the geometric position of i th

point in a two dimensional space, Q j is the maximum
capacity of cluster j , qi is the demand of i th customer
in cluster j , yi j = 1 if point i is assigned to cluster j
and 0 otherwise, I is the set of demand points and J
is the set of clusters = p. Here the objective function
in (5) minimizes the sum distance between each point
and the centroid of the cluster to which it is assigned.
Constraint (6) specifies the number of points in each
cluster and (7) locates the centroid of each cluster at
its geometric center.

In this paper, the CCCP is solved using a hybridized
approach where the initial partitions of the k clusters
are identified using hybridized genetic algorithm with
k-means clustering. The algorithm is known as genetic
k-means algorithm (GKMA) which was first proposed
by Krishna and Murty [11].

A. K -Means Clustering for CCCP

Due to its relative computational efficiency and
ease of implementation, the k-means algorithm is
commonly used for clustering large data set. K -means
iteratively computes a set of k centers that implicitly
represents a partition. Given any set P of centers, each
p ∈ P has a neighborhood defined as the set of data

points that are closer to p than to any other center
in P . K -means starts with a set P of centers and com-
putes their neighborhoods. In successive iterations,
every center is moved to the centroid of its neigh-
borhood and then the neighborhoods are recomputed
based on the updated positions of the k centers. This
process continues until a convergence criterion is sat-
isfied, such as when two successive iterations produce
no changes to any of the k neighborhoods. The collec-
tion of neighborhoods that result is taken to be the par-
tition of the data points produced by k-means applied
to the initial set of centers. The steps for k-means clus-
tering algorithm are as follows:

Procedure K−means(D,n,k)
Select K points as initial centroids
repeat

Create K clusters by assigning all points to the
closest centroid

Recompute the centroid of each cluster
until The centroids does not change

The k-means algorithm described above is a generic
one which works for capacitated centered cluster-
ing problems as well. As explained in section 2.3 in
CCCP, the problem is to define p clusters with limi-
ted capacity. Therefore, each of the iteration of KMA
assigns the points to a cluster such that the capacity
constraint is not violated.

Unfortunately, k-means is extremely sensitive to the
initial choice of centers, and a poor choice of centers
may lead to a local optimum that is quite inferior
to the global optimum. Because of the limitations
of KMA, hybridized genetic algorithm is used for
k-means. Genetic algorithms are randomized search
and optimization techniques guided by the princi-
ples of evolution and natural genetics, and have a
large amount of implicit parallelism. They provide
global near optimal solutions of an objective or fitness
function in complex, large, and multivariate location
problems.

B. Genetic K-Means Algorithm – A Hybrid Approach
for Solving CCCP

Genetic algorithms are biologically inspired search
methods, which are loosely based on molecular gene-
tics and natural selection. In general, a GA contains
a fixed-size population of potential solutions over the
search space. These potential solutions of the search
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space are encoded as binary, integer, or floating-
point strings and called chromosomes. The initial
population can be created randomly or based on
the problem specific knowledge. In each evolution
step, a new population is created from the preced-
ing one using crossover and mutation operators. This
process is repeated until a fixed number of genera-
tions or when no more improvements are seen. In [11],
the authors proposed a novel hybrid genetic algo-
rithm that finds a globally optimal partition of a
given dataset into a specified number of clusters for
k-means algorithm. In this paper an attempt has been
made to develop the GKMA process for the capaci-
tated centered clustering problem (CCCP). For genetic
k-means clustering a chromosome with k genes is
represented by a set of k cluster centers. Each center is
a d-dimensional vector containing the center’s coordi-
nates. The ordering of the centers in a chromosome
is immaterial. A chromosome represents the partition
that is obtained by running k-means on its k centers
until convergence, which occurs when two successive
iterations of k-means yields no change in the partition.
Based on these assumptions we summarize the GKA
as follows:

Figure 1. Genetic k-means with crossover operator is replaced
with the k-means

//Pseudo Code for Genetic K -means
Initialize the population P of points.
Set A = P1//Pi is the i th string of P
for g = 1 to Gen do
Calculate FitnessScore of each string in P using
objective function in (5)
Set P∗ = Selection(P)

for i = 1 to N do
Pi = Mutation(P∗)
end for
for i = 1 to N do
kmeans(Pi);
end for
Set B = a solution string in P with highest
FitnessScore
if (FittnessScore(A) > FitnessScore(B))
then
Set A = B
end if
end for

The selection operator randomly selects a chromo-
some from the previous population according to the
distribution given by:

P(A) = F(Ai )∑n
j=1 F(A j )

(8)

where F(Ai ) represents fitness value of the string
Ai in the population. The fitness score F(A j ) of
point j is computed by solving Eq. (5) for all the
demand points within cluster j . The mutation operator
mutates the chromosome with a low probability say
0.2. In GKMA k-means operator is hybridized with
genetic algorithm instead of traditional crossover
operator. For each of g generations, k-means partitions
the demand points in k clusters. The fitness score of
each demand point in each of k clusters is computed
and the fittest point is selected for next population.

2. Simulation Results

We experiment our algorithm on following data set.
Data files used in these experiments are chosen
among a large range given by MATLAB©. Experi-
ments were done over six different datasets. We per-
formed our tests over a 2D data set that is gener-
ated randomly using normal distribution. Dataset 1
consists of 50 points to be clustered into 3 clusters.
Dataset 2 Consists of 100 points scattered around
4 specific Clusters. Dataset 4, 5 and 6 Consists of 300,
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Figure 2. Global convergence of GKMA vs local optimum of
KMA

400 and 500 points scattered around 4, 6 and 6 clus-
ters respectively. For each of the previously mentioned
datasets the number of clusters is chosen based on
our choice; moreover, choosing the number of clus-
ters is still a wide research area that we are not going
to discuss in our work. In addition, for each dataset
we tested running K -means for 5 or 10 iterations only
in addition to running it until it satisfies its original
termination condition. Also, we fixed number of GA
generations for testing to 1000 generations at most,
and then we considered the fittest generation as the
error rate. Each dataset was tested for each algorithm
for 20 times and then we calculated the average time
and error as listed in Table 1.

As explained earlier and shown in Table 1, for each
dataset we considered specific number of clusters. For
K -Means, we tried to test the effect of number of itera-
tions in the clustering process and on the initialization
process as well. KM was always the fastest, but not the
most accurate. In addition, random initialization leads
kmeans to fall early into local minima.

Comparison with k-means Algorithm (KMA):
Figure 2 shows the average error measure obtained
in ten independent runs of GKA during the first
100 generations.

It can be observed that, in case of GKA, the aver-
age error is always linear with respect to the number
of clusters, whereas it is not in case of KMA. This
again shows that almost every run of GKA event-
ually converges to a globally optimal partition. The
performance of KMA is not surprising because KMA
typically converges to a local optimum. Therefore,

Figure 3a. Scatter of 50 points around 3 cluster using KMA

Figure 3b. Scatter of same points around 3 clusters using
GKMA

from this graph we can infer that even if KMA starts
with the same number of initial configurations as in
GKA, it is not assured to reach the global optimum.
The situation becomes worse when the search space
is large and there are many local optima. The figure
also shows that in every iteration/generation, the best
and average error corresponding to GKA is less than
those corresponding to KMA. The extra computa-
tional effort made by GKA in every generation, is that
of fitness function and selection operators.

In the next set of experiments shown in Figure 3,
GKMA was applied on same data sets. The error
measures corresponding to KMA and GKMA with
different number of clusters are shown in the table.
Figure 3 shows the scatter of points within these
clusters. It is observed that GKMA took more time to
reach the optimal partition as the number of clusters
increases. This is quite obvious since the increase in
the number of clusters increases the search space as
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Table 1. Performance comparison of KMA and GKMA.

Avg. Error (Total within
Cluster Variation) Avg. Time

Local
Search

No. of No. of using Genetic
Demand Clusters K -means k-means
Points (k) (10 Iterations) (500 Genrations) KMA GKMA

50 3 124.7836 61.3582 0.007 3.728

100 4 243.6541 135.5576 0.008 4.326

200 5 424.3237 216.0598 0.009 11.326

300 5 617.2785 300.7694 0.009 14.842

400 6 780.852 384.2979 0.013 16.203

500 6 955.7227 471.5655 0.014 18.647

well, hence it is more difficult to find a globally opti-
mal solution. However, it is also observed that in all
the cases, average scatter of points eventually con-
verged to the global optimum. This is in concurrence
with the convergence result derived in the previous
section. Moreover, the first two clusters’ points have
horizontal interleaving on the boundary in case of
KMA.

3. Conclusion and Future Scope

Our work is motivated by the observation that the
popular k-means method for clustering is very sensi-
tive to the initial set of centers with which it is seeded.
The genetic algorithm presented in this paper is used
to evolve a good initial set of centers for k-means
for the purpose of producing near optimal partitions.
Here we look for some other approach such as parti-
tioning the points by facilities rather than by clients
or using some better heuristics which is left as a
future work. Moreover, genetic k-means clustering
approach requires the number of clusters to be known
in advance. But there are some better clustering algo-
rithms such as Density Means clustering which can
be hybridized with genetic algorithm in place of the
k-means approach. Analysis showed that the pro-
posed algorithm is computationally faster than the
local search approach. We carried out an experiment
on a real data set for locating an emergency service in
four different regions of a city which demonstrate that
the proposed algorithm has improved significantly the
computational time to search demand points to be
reallocated. Moreover, the hybrid genetic approach
used in our algorithm is independent of initial cluster
centers in that it evolves a number of solutions many
times and chooses the best one. Hence, the approach

of using an evolutionary technique has a significant
effect on the performance of our algorithm. Future
scope of our work is to enhance the algorithm by using
density means clustering in place of k-means in hybrid
genetic algorithm as it does not require the number of
k clusters to be known in advance.
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