
Variable Neighborhood Search Based Heuristics for the
Hard Capacitated k-facility Location Problem

Mišković, Stefan and Stanimirović, Zorica

Abstract: This paper deals with the hard capaci-
tated k-facility location problem (CKFLP), which repre-
sents a generalization of the well-known capacitated fa-
cility location problem. We consider a given set of clients
with certain demands, a set of potential facilities with
assigned capacities and opening costs, and a positive in-
teger k. The goal of the CKFLP is to open at most k
facilities and to allocate clients to opened facilities, such
that the sum of service and opening costs is minimized.
The hard variant of CKFLP is considered, meaning that
at most one facility can be opened at any location. We
have designed an efficient Variable Neighborhood Search
based heuristic (VNS) for solving the considered prob-
lem, especially in the case of large and large-scale prob-
lem dimension. Conducted computational study shows
that the proposed VNS-based method quickly reaches
all known optimal solutions in significantly shorter run-
ning times compared to commercial CPLEX 12.1 solver,
and also provides solutions on challenging problem in-
stances that remained out of reach for CPLEX 12.1. The
obtained results indicate the potential of the VNS-based
approach when solving hard CKFLP and similar capac-
itated location problems, especially in the case of large
problem dimensions.

Index terms: Capacitated facility location, Variable
neighborhood search, Network design.

1. Introduction
The research on facility location problems

(FLPs) has developed significantly over the past
two decades, considering the number of published
papers and covered topics. The problem of locating
facilities and allocating customers to them is the
core topic in distribution system design, which is a
strategic issue for almost every company. Applica-
tion areas of FLPs include: the design and utiliza-
tion of transportation and telecommunication net-
works, placement of public facilities (schools, hospi-
tals, fire stations, sport centers, etc), choosing loca-
tion of warehouses, stores in the chain of a trading
company, bank offices, etc. Newer applications of
FLPs are database location in computer networks,
vendor selection, location of accounts, etc. A recent
review of applications of facility location problems
can be found in [4].

In respect to the shape or topography of the
set of potential facilities, facility location problems

can be broadly categorized as continuous, discrete,
and network facility location problems. For each of
the categories, some metric is introduced in order
to calculate distances. According to objective type,
facility location models may be divided in center,
median and coverage models. Median type mod-
els locate the service providers at some positions
of the given set and allocate customers to located
providers, in order to minimize the average or total
travel time in a service network. Differently from
median models, the objective of models with cen-
ter objective type is to minimize the worst-case, i.e.
the most expensive service delivery in the sense of
money or time. Coverage models deal with the lo-
cation of service providers such that an adequate
coverage is provided to customers. In these mod-
els, it is required that there is at least one service
that can satisfy a customer’s demand in a position
within a given maximum distance. In case when no
capacity restrictions on facilities and facility-client
links are imposed, uncapacitated facility models
are defined, otherwise capacitated models are ob-
tained. The allocation strategy is another impor-
tant issue of the FLPs, especially in the cases when
capacity constraints are involved. In single alloca-
tion FLPs, each customer is assigned to only one
opened facility. In cases that clients can be sup-
plied from more than one opened facilities, multiple
allocation FLPs are defined. Single-stage FLPs fo-
cus on distribution systems covering only one stage
of distribution process, while in multi-stage mod-
els a network flow comprising several hierarchical
stages is considered. The goal of static FLPs is to
optimize system performance for a single (repre-
sentative) time period, while dynamic FLPs reflect
varying the input data (demand, capacities, costs
or flow amount) over time within a given planning
horizon. For a detailed classical and advanced clas-
sification of facility location models we refer to [4],
[14], and [33].

One of the earliest facility location prob-
lems is the uncapacitated facility location prob-
lem (UFLP), introduced by Krarup and Pruzan
in [25]. Given the set of clients with certain de-
mands assigned and the set of potential facility
locations, the goal of the UFLP is to choose lo-



cations of facilities, in order to minimize the cost
of satisfying clients’ demand. In general, the ob-
jective of UFLP involves both fixed costs for lo-
cating the facilities and transportation costs for
distributing the commodities between the facili-
ties and the clients. The UFLP showed to be an
economic problem of great practical importance.
From the early works of Krarup and Pruzan [25]
and Cornuéjols et al. [11], many variants and gen-
eralizations of the UFLP were proposed: k–median
facility location problem, in which at most k fa-
cilities can be opened and no opening costs are
assumed; k-facility location problem, which repre-
sents a generalization of k-median FLP with fixed
opening costs involved; single-sink (single-client)
facility location problem; hard k-facility location
problem where at most one facility per location can
be opened, which is opposite to the soft k-facility
location problem that allows opening multiple fa-
cilities at single location, etc. Capacity restrictions
are usually imposed on potential facility locations
or on transportation links facility-client, which re-
sults in capacitated variants of these problems [14],
[24].

In this study, we consider hard capacitated
k-facility location problem (CKFLP), which was
much less studied in the literature compared
to other facility location problems. The problem
showed to be very difficult to solve due to the
presence of two kinds of hard constraints: lim-
ited number of locations to be opened (cardinal-
ity constraint) and the upper limit on the sup-
pliers’ capabilities (capacity constraints). This re-
sults in the fact that the LP methods (such as LP-
rounding and primal-dual techniques used to solve
k-median problem and capacitated FLP) can not
be directly applied to hard capacitated k–facility
location problem. Note that CKFLP represents a
generalization of the capacitated FLP in which k
is equal to the number of potential facility loca-
tions. Approximation algorithms for CKFLP with
both uniform and nonuniform capacities use local
search techniques in order to reduce integrality gap
[2], [5], while Combinatorial [1] and LP-rounding
[26] algorithms are applied case of uniform open-
ing costs. Recent study by Aardal et al. [1] pro-
poses the first fully polynomial time approximation
scheme for the single-client capacitated k-facility
location problem. The authors showed that the ca-
pacitated k-facility location problem with uniform
capacities is solvable in polynomial time if the num-
ber of clients is fixed. They also extended the ob-
tained results for special cases to design an im-
proved approximation algorithm for hard capaci-
tated k-facility location problem [1].

The hard CKFLP and related problems have
wide area of applications in transportation, tele-
communication networks, but also in clustering,
data mining, logistic, etc. Since real-life applica-
tions usually involve large number of clients and
potential facility locations, exact or approximation
algorithms can not provide solutions to these prob-
lems in timely manner, or can not provide solu-
tions at all due to memory limits of computing
platforms. Therefore, a significant number of meta-
heuristic methods have been proposed in the litera-
ture for different capacitated facility location prob-
lems: Lagrangian relaxation heuristic [23], local
search [27], tabu search [13], [15], reactive GRASP
heuristic [13], clustering search heuristic [8], ge-
netic algorithm [10], hybrid firefly–genetic algo-
rithm [32], scatter search [9], hybrid scatter search
and path relinking, [12], kernel search heuristic
[17], [18], variable neighborhood search heuristic
[3], [16], [31], etc.

Inspired by previous successful applications of
variable neighborhood search heuristics and its ex-
tensions to various facility location problems [21],
we have designed a VNS-based heuristic for solving
hard CKFLP. The variant of VNS heuristic pro-
posed for the considered problem may be classified
as a Basic Variable Neighborhood Search. The per-
formance of the proposed VNS heuristics has been
assessed on the benchmark instances from the lit-
erature. The results of the VNS-based method are
compared with the optimal solutions obtained by
commercial CPLEX solver, version 12.1. According
to the classification of scientific contributions sug-
gested by [7], the research conducted in this study
can be classified as evolutionary innovation. More
precisely, it falls in the class Specialization intro-
duced in [7].

The remainder of paper is organized as fol-
lows. In Section 2, we present a mathematical for-
mulation of CKFLP. The proposed VNS-based al-
gorithm for solving the considered problem is de-
scribed in Section 3. In Section 4, we present and
analyze computational results obtained on CKFLP
problem instances. Section 5 provides summary of
results and indicates some possibilities for future
work.

2. Mathematical Formulation
We start from the given set of clients D, and

the set of potential facility locations F . Opening fa-
cility at location i ∈ F assumes certain fixed costs
fi. Each client j ∈D has a demand dj to be served,
representing the number of units of flow (products,
goods) that need to be delivered to it. Transporta-
tion of one unit of flow from a facility i ∈ F to a



client j ∈D assumes certain service costs cij , that
are usually proportional to the distance between
locations i and j. Each facility location i ∈ F is
assigned capacity si when serving clients. The de-
cision maker is allowed to open at most k facilities
on the locations from the set F . The goal is to
choose locations for opening facilities and to allo-
cate clients to opened facilities, such that clients’
demands and capacity constraints of facilities are
satisfied, while minimizing the the sum of trans-
portation and facility location costs. In this study,
hard capacities are imposed [1], meaning that at
each location j ∈ F at most one facility can be es-
tablished. This is opposite to soft capacities that
allow that multiple facilities can be opened at each
potential facility location j ∈ F , see [28], [34]. In
addition, multiple allocation scheme is assumed in
the CKFLP model, meaning that each client can be
provided with necessary products from more than
one previously opened facilities.

In order to present mathematical formulation
of CKFLP, we introduce two sets of decision vari-
ables: binary variables

yi =
{

1, if facility is opened at location i,
0, otherwise,

for every i ∈ F , and non-negative variables xij ≥ 0
that represents the amount of flow (the number of
units of products) that client j ∈ D receives from
facility i ∈ F .

Using the notation mentioned above, the mixed
integer linear programming (MILP) formulation of
the CKFLP may be written as in [1]:

min
∑
i∈F

∑
j∈D

cijxij +
∑
i∈F

fiyi (1)

subject to∑
i∈F

xij = dj , for every j ∈D (2)

∑
j∈D

xij ≤ siyi, for every i ∈ F (3)

∑
i∈D

yi ≤ k (4)

xij ≥ 0, for every i ∈ F, j ∈D (5)

yi ∈ {0,1}, for every i ∈ F (6)

By objective function (1), we minimize the sum
of transportation costs in the network and and
fixed costs of opening facilities. Constraints (2) en-
sure that demand of each client is satisfied, while

constraints (3) impose capacity limits on each fa-
cility location. By constraint (4), we ensure that
the number of opened facilities is at most k. Con-
straints (5) reflect the binary nature of decision
variables yi, while constraints (6) denote that de-
cision variables xij take non-negative values.

In the case that no fixed costs for establish-
ing facilities are assumed (fi = 0 for all i ∈ F ), the
considered CKFL reduces to the well-known capac-
itated k–facility median problem. This problem is
NP-hard as a generalization of the NP-hard unca-
pacitated k–facility median problem (si = +∞ for
all i∈F ), see [25]. Therefore, CKFP studied in this
paper is also NP-hard combinatorial optimization
problem.

3. Proposed VNS-based Method for
Solving Hard CKFLP

Variable neighborhood search (VNS) is a meta-
heuristic proposed by Mladenovic and Hansen in
1997 [30] based on the the idea of systematic
change of neighborhood within the search. VNS
metaheuristic uses three simple facts: (i) a lo-
cal minima for one neighborhood is not necessar-
ily a local minima within another neighborhood;
(ii) global optima is a local optima for all possi-
ble neighborhood structures, and (iii) local min-
ima within one or more neighborhoods are usu-
ally close to each other. In general, these facts may
be exploited in three different ways: deterministic,
stochastic and both deterministic and stochastic,
see [30].

Variable neighborhood descent (VND) is a de-
terministic version of VNS, which uses succes-
sive neighborhoods in descent to a local optimum.
Reduced variable neighborhood search (RVNS)
method successively selects random points from
the given set of neighborhoods, without being fol-
lowed by descent step. The basic variant of Vari-
able neighborhood search (Basic VNS) successively
applies a shaking procedure that is used to hope-
fully resolve local minima traps, and local search
that is applied to improve a solution. Both shaking
and local search procedures are applied together
with the neighborhood change step. The iterative
process of the Basic VNS is finished when a stop-
ping condition is met (maximum number of iter-
ations, maximum CPU time allowed, maximum
number of iterations without improvement, etc).
Other variants of VNS heuristic have also been
proposed in the literature, such as General VNS
(GVNS), Variable neighborhood descent (VND),
sequential VND, nested VND, cyclic VND, etc. For
an overview of VNS-based heuristics and applica-



tions to various combinatorial and global optimiza-
tion problems we refer to [20] and [21].

In this study, we propose a Basic VNS heuris-
tic for solving hard CKFLP problem. The main
structure of Basic VNS applied to considered prob-
lem is presented in Algorithm 1. The algorithm
starts with an initialization phase in which neigh-
borhood structures Uk are chosen and initial solu-
tion Sinit is generated. Our Basic VNS heuristics
involves two parameters that need to be set in the
initialization part. The first parameter, denoted as
repmax, represents the maximum number of VNS
iterations without improvements of the best solu-
tion, and it is actually used as stopping criterion.
The second parameter, named kmax, denotes the
maximum number of neighborhoods, which is at
the same time the maximum number of iterations
in shaking and local search parts. After generating
initial solution, Basic VNS successively uses shak-
ing and local search procedures to find improve-
ments of the current best solution S. Both shak-
ing and local search procedures are applied within
the change of neighborhoods Uk, k = 1,2, . . . ,kmax.
The algorithm stops when no improvement of the
best solution is obtained within rmax iterations.

Algorithm 1. Structure of the proposed Basic
VNS heuristics
Define the neighborhood structures Uk, k =
1,2, . . . ,kmax;
Set parameter values kmax and rmax;
Generate initial solution Sinit;
S← initial solution Sinit;
while S is not improved within rmax iterations
do

k← 1;
while k ≤ kmax do

S′← Shake (S,k);
S′′← Local search(S,k);
if S′′ is better than S then

S← S′′;
k← 1;

else
k← k +1;

end if
end while

end while
In the following subsections we give detailed

description of the proposed Basic VNS heuristics.
We start by explaining the solution representation
and the way an initial solution for the CKFLP is
generated. We further provide the description of
neighborhood structures and explain the way of
calculating objective function of solutions during
the VNS run. Finally, Shaking and Local search

procedures are described in more details.

3.1 Solution Representation
Regarding the nature of the considered CK-

FLP, a potential solution is encoded as binary
string of length |F |. Each bit in the code corre-
sponds to one potential location for establishing a
facility. If the bit on the i-th position in a solution’s
code takes the value of 1, it means that a facility is
opened at node i. If not, the bit on the i-th posi-
tion is equal to 0. A solution is denoted as feasible
if the total number of bits with the value of 1 is
greater than 0 and not greater than k.

An initial solution Sinit for the VNS phase is
randomly generated and corrected to be feasible, if
necessary. More precisely, if the number of bits with
the value of 1 in Sinit is l, where l > k, we randomly
choose l−k bits with the value of 1 and invert them
to 0. If all bits in the code of Sinit are equal to 0,
we randomly choose k bits and set their values to
1. Neighborhood structures used within VNS, and
applied Shaking and Local Search procedures are
designed in such a way that infeasible solutions do
not appear during the VNS run.

3.2 Neighborhood Structures
In our study, we use three types of neighbor-

hoods, based on facility swap and opening and clos-
ing facility. Neighborhood structures are defined as
follows:

1. Neighborhood U1(S) consists of all solutions S′

that are obtained by performing a facility swap in
the solution S. It means that one facility in the
solution S is opened, while another one is closed.
The code of a neighbor S′ ∈ U1(S) is obtained by
swapping two bits with different values in the code
of solution S. Note that all solutions S′ ∈ U1(S)
are feasible.
2. Neighborhood U2(x) consists of all solutions S′

obtained by closing one facility in solution S. The
code of a neighbour S′ ∈ U1(S) is obtained by bit
inversion from 1 to 0. If an infeasible solution S′ is
obtained (with no established facilities), it is cor-
rected to be feasible.
3. Neighborhood U3(x) consists of all solutions S′

obtained by opening one facility in solution S. The
code of a neighbour S′ ∈ U1(S) is obtained by bit
inversion from 0 to 1. If an infeasible solution S′

is obtained (with number of established facilities
grater than k), it is corrected to be feasible.

3.3 Objective Function Calculation
In order to calculate objective function value

of the solution S, we first obtain the indices of lo-
cations of established facilities from the solution’s



code. Let G = {i ∈ F : yi = 1} denote the set of
indices of locations with opened facilities. We fur-
ther calculate the sum of capacities of all opened
facilities

∑
i∈G si. In the case that inequality∑

j∈D

dj >
∑
i∈G

si (7)

holds, the set of opened facilities can not satisfy
users’ demands, and therefore the objective value of
this solution is set to +∞. Otherwise, we consider
the subproblem obtained from the initial problem
(1) – (6) when the set of opened facilities is fixed.
It means that the values of all variables yi, i ∈ F
are known: yi = 1, for all i ∈ G, and yi = 0, for
all i ∈ F \G. In addition, since the set of opened
facilities is known, the sum of fixed costs is omit-
ted from the objective function of the subproblem.
More precisely, the obtained subproblem is as fol-
lows:

min
∑
i∈G

∑
j∈D

cijxij (8)

subject to ∑
i∈G

xij = dj ∀j ∈D (9)

∑
j∈D

xij ≤ si ∀i ∈G (10)

xij ≥ 0 ∀i ∈G ∀j ∈D. (11)

The obtained subproblem (8)–(11) is solved to
optimality by using CPLEX 12.1 solver. Let obj∗

be the objective value (8) of the optimal solution
S∗ of the subproblem (8)–(11). In order to obtain
objective value obj(S) for the initial problem (1)–
(6), we perform the following steps. We first set
obj(S) to obj∗. Then, for each i ∈G we search for
all indices j ∈D such that xij > 0 in the optimal
solution S∗ of the subproblem, i.e., we identify all
clients j ∈ D that are served by an opened facil-
ity j ∈ G in solution S∗. The value obj(S) is then
updated as

obj(S) = obj(S)+
∑

{i∈G:(∃j∈D) xij>0}
fi. (12)

Since it may happen that there are some opened
facilities i∈G that have no clients assigned, in this
case it is necessary to update the code of solution S
by inverting the bits i ∈G that correspond to un-
used facilities from 1 to 0. The steps of calculating
objective function value is presented in Algorithm
2. Having in mind that the proposed VNS-based

algorithm involves frequent evaluation of solutions
generated during the algorithm’s run, a caching
technique was applied, which provided significant
time-savings [19].

Algorithm 2. Objective function calculation
From the code of solution S obtain the set of
opened facilities G;
for i ∈G do

sumc← sumc +si;
end for
sumc← 0
for j ∈D do

sumd← sumd +dj ;
end for
if sumd > sums then

obj(S)←+∞;
else

S∗← Solve the subproblem with fixed set G;
Calculate the objective obj∗ of the subproblem
for S∗;
obj(S)← obj∗;
for i ∈G do

if there exists j ∈D such that xij > 0 then
obj(S)← obj(S)+fi;

else
Set the value of the i-th bit in the code of
solution S to 0;

end if
end for

end if
return obj(S)

3.4 Shaking and Local Search Procedures
In order to hopefully resolve local optima

traps, the Basic VNS uses the shaking procedure
presented in Algorithm 3. At the input, the used
Shaking procedure requires a solution S and the
value of parameter k (neighborhood type). At each
iteration of the Shaking procedure, solution S is re-
placed by a randomly chosen solution S′ from the
neighborhood Uk(S), k = 1,2, . . . ,kmax. The solu-
tion S′ obtained in the k–th iteration is returned
as the output of our shaking procedure and it is
used as input of the Local search part.

Algorithm 3. Shaking procedure
Shake (S,k)
for i = 1 to k do
Select S′ from Uk(S) at random;
return S′

end for
The Local search procedure used within Ba-

sic VNS is a simple local search based on explo-
ration of the neighborhood Uk(S′) of the solu-
tion S′. The procedure systematically explores the
neighborhood Uk(S′) until the first improvement



is found and returns the obtained improved solu-
tion. The use of first improvement strategy instead
of searching for the best improvement in the cur-
rent neighborhood provided significant time sav-
ings, while the quality obtained VNS solutions was
preserved. The pseudocode of local search proce-
dure is presented in Algorithm 4. Shaking and Lo-
cal search procedures are iteratively applied to-
gether with neighborhood change step until max-
imum number of iterations without improvement
rmax = 500 is reached. In this VNS implementa-
tion, the value of parameter kmax is set to 3.

Algorithm 4. Local search procedure
Local search (S′,k)
S′′← S′;
for each S from Uk(S′) do
calculate obj(S);
if obj(S) < obj(S′′) then

S′′← S;
end if

end for
return S′′

4. Computational Results

In this section, we present results and anal-
ysis of our computational experiments. We have
conducted our experiments on the set of ORLIB
[6] instances cap101, cap131, capa, capb and capc,
which are used in the literature for similar vari-
ants of capacitated facility location problems. For
each considered instance, different limits on the
number of facilities to be located are imposed. We
have also tested the proposed algorithm on M∗ in-
stances from the literature, which have been used
for multi-level facility location problems [29]. Hav-
ing in mind the characteristics of the considered
CKFLP, we have chosen only M∗ instances with
single level in our experiments. All tests were con-
ducted on an Intel Core i5-2430M with 2.4 GHz
and 8GB RAM memory. We have used commer-
cial CPLEX solver, version 12.1, in order to find
optimal solutions on the considered test instances.

In Table 1, we present the results of the
CPLEX 12.1 solver and proposed VNS-based method
obtained on smaller-size instance cap101 with 25
clients and 50 potential locations of facilities, and
cap131 instance containing 50 clients and 50 po-
tential facility locations. Table 2 contains results
on large-size capa, capb, and capc instances that
involve 100 clients and 1000 potential facility loca-
tions. In Table 3, we present computational results
on two single-level M∗ instances with 500 and 1000
locations of clients and 500 and 1000 potential fa-
cility locations. For each tested instance, we have

varied the value of parameter k representing the
maximum number of facilities to be located.

Column headings in Tables 1–3 represent:

• Instance’s name;
• The value of parameter k;
• Optimal solution – Opt.sol. obtained by
CPLEX 12.1 solver;
• CPLEX 12.1 running time – tCPLEX (in
seconds);
• The best solution V NSbest reached by the
proposed VNS-based method, with mark
opt in cases when it coincides with the
optimal solution obtained by CPLEX 12.1
solver;
• Running time in which VNS-based method
reached V NSbest solution – tVNS (in
seconds).

Since the M∗ instances used in our exper-
iments are out of reach for exact CPLEX 12.1
solver, the columns related to the results of CPLEX
12.1 are omitted from Table 3.

From the results presented in Tables 1–2, we
can see that the proposed VNS method was able to
reach all optimal solutions on all instances that are
previously obtained by CPLEX 12.1. For smaller-
size instances cap101 and cap131, CPLEX 12.1
produced optimal solutions quickly, as well as the
VNS method, which was around two times faster
compared to CPLEX 12.1. For large-size instances,
CPLEX 12.1 also provided optimal solutions in all
cases. In average, CPLEX 12.1 needed 123.480 sec-
onds to solve capa, capb and capc instances to op-
timality. The VNS was successful in reaching opti-
mal solutions for all large-size instances in signifi-
cantly shorter running times compared to CPLEX
12.1. The average running time of VNS method
on capa, capb and capc instances was 17.866 sec-
onds, which is around 7 times faster compared to
CPLEX 12.1 solver. The considered M∗ instances
of large dimensions could not be solved to optimal-
ity by CPLEX 12.1, due to memory or time limit
of 1 hour. On the other side, the proposed VNS
method quickly found solutions on these challeng-
ing instances. As it can be seen from Table 3, the
average CPU time of the VNS was 482.6, which is
reasonably short, having in mind problem dimen-
sion and its complexity.

The presented experimental results show that
the proposed VNS is a promising solution approach
for hard CKFLP, and it would be interesting to
combine VNS with other metaheuristic methods.
This will be one of directions of future work on
this problem.



Table 1. Experimental results on smaller size cap101 and cap131 instances

Instance k Opt.sol. · 109 tCPLEX[ms] V NSbest tVNS[ms]
cap101 1 5.6700 16 opt 17
cap101 2 3.8832 89 opt 21
cap101 3 3.2368 47 opt 36
cap101 4 3.1617 53 opt 15
cap101 5 3.1018 52 opt 82
cap101 7 3.0103 47 opt 23
cap101 9 2.9652 50 opt 69
cap101 11 2.9289 39 opt 20
cap101 13 2.9057 35 opt 52
cap101 15 2.8891 28 opt 17
cap101 17 2.8782 27 opt 36
cap101 19 2.8709 23 opt 66
cap101 21 2.8653 19 opt 30
cap101 23 2.8619 20 opt 24
cap101 25 2.8603 10 opt 74
cap131 1 5.6700 30 opt 34
cap131 2 3.8832 285 opt 81
cap131 3 3.2368 135 opt 70
cap131 4 3.1617 232 opt 57
cap131 5 3.1018 192 opt 23
cap131 6 3.0466 176 opt 83
cap131 10 2.9446 211 opt 47
cap131 15 2.8871 101 opt 71
cap131 20 2.8676 68 opt 43
cap131 25 2.8586 46 opt 56
cap131 30 2.8545 43 opt 37
cap131 35 2.8521 35 opt 38
cap131 40 2.8509 34 opt 21
cap131 45 2.8503 35 opt 35
cap131 50 2.8503 25 opt 20
Average 3.2002 73 opt 37

5. Conclusions

This study considers a variant of capacitated
facility problem, denoted as hard capacitated k–
facility location problem in the literature. This
problem has wide area of applications, including
the design of telecommunication and computer net-
works, logistic, location of public facilities, ware-
houses, bank and insurance company offices, etc.

A heuristic algorithm based on Variable nei-
ghborhood search is designed to solve problem in-
stances in an efficient manner, especially the ones
with large number of clients and potential facil-
ity locations. The proposed algorithm follows the
structure of Basic Variable Neighborhood search,
and consists of successive application of Shaking
and Local search procedures within neighborhood
change step. Three neighborhood structures are
used within the proposed VNS, and an efficient
objective function calculation is implemented. The
VNS-based method is benchmarked on ORLIB in-

stances from the literature that are used for simi-
lar capacitated facility problems, and different lim-
its on the number of opened facilities are imposed.
The results of the computational experiments show
that the proposed VNS-based heuristic converges
steadily to its best solutions that coincide with op-
timal ones obtained by CPLEX 12.1 solver. Short
VNS running times, which are several times shorter
compared to CPLEX 12.1 solver, indicate the effi-
ciency of the proposed heuristic approach. In ad-
dition, VNS quickly provided solutions on chal-
lenging single-level M∗ instances that could not be
solved to optimality by CPLEX 12.1.

The presented computational analysis clearly
indicates the potential of the VNS approach when
solving hard CKFLP, especially in the case of large
problem dimensions. Future work will include solv-
ing large-scale problem instances by the proposed
VNS approach, its hybridization with other heuris-
tic or exact methods, or parallelization.



Table 2. Experimental results on larger-size capa, capb and capc instances

Instance k Opt.sol · 108 tCPLEX[s] V NSbest tVNS[s]
capa 100 3.1458 8.7 opt 16.2
capa 75 3.1458 6.8 opt 19.1
capa 60 3.1458 6.7 opt 13.7
capa 50 3.1458 6.6 opt 17.0
capa 45 3.1458 6.7 opt 23.6
capa 40 3.1544 10.0 opt 24.6
capa 35 3.2005 19.2 opt 25.4
capa 30 3.2924 26.9 opt 13.2
capa 25 3.4292 34.9 opt 15.2
capa 20 3.6721 180.9 opt 8.9
capa 19 3.7331 196.0 opt 21.8
capa 18 3.8086 262.3 opt 14.3
capa 17 3.8966 305.0 opt 17.0
capa 16 3.9918 362.9 opt 14.2
capa 15 4.0922 294.0 opt 16.2
capb 100 2.5248 2.5 opt 23.2
capb 75 2.5248 3.2 opt 23.7
capb 60 2.5248 3.1 opt 11.8
capb 50 2.5523 6.2 opt 19.2
capb 45 2.5920 7.4 opt 18.6
capb 40 2.6594 9.7 opt 14.9
capb 35 2.7733 18.1 opt 21.1
capb 30 2.9183 15.1 opt 15.9
capb 25 3.1273 35.7 opt 19.5
capb 20 3.4328 186.2 opt 28.2
capb 19 3.5125 227.1 opt 22.9
capb 18 3.6047 228.8 opt 24.0
capb 17 3.6995 286.4 opt 15.8
capb 16 3.8149 297.3 opt 25.5
capb 15 3.9360 307.4 opt 6.1
capc 100 2.2727 2.6 opt 14.6
capc 75 2.2728 3.5 opt 20.6
capc 60 2.2891 5.0 opt 8.3
capc 50 2.3530 7.1 opt 23.5
capc 45 2.4067 8.2 opt 22.4
capc 40 2.4838 11.6 opt 25.2
capc 35 2.6099 20.3 opt 17.5
capc 30 2.7777 36.8 opt 15.5
capc 25 3.0034 43.0 opt 13.0
capc 20 3.3082 199.4 opt 18.4
capc 19 3.3963 309.9 opt 15.8
capc 18 3.4931 385.4 opt 8.4
capc 17 3.5927 370.5 opt 8.9
capc 16 3.6941 415.4 opt 26.3
capc 15 3.8030 376.1 opt 14.7

Average 3.1545 123.5 opt 17.9



Table 3. Experimental results for M∗ instances

Instance k V NSbest tVNS[s]
M500 150 41883.961 283.7
M500 175 45706.880 179.2
M500 200 48105.176 255.8
M500 225 49612.358 278.7
M500 250 52055.013 306.7
M500 275 55231.731 269.2
M500 300 55970.835 276.4
M1000 300 189290.223 609.8
M1000 325 205413.993 518.6
M1000 350 213850.796 524.5
M1000 375 223832.970 727.8
M1000 400 238124.885 536.6
M1000 425 245217.817 641.7
M1000 450 252169.252 744.6
M1000 475 254505.193 851.4
M1000 500 270793.170 456.5
M1000 525 271241.534 661.2
M1000 550 280993.583 563.5
Average 347 166333.298 482.6
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