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Abstract: The facility location problem is a well-known
combinatorial optimization problem, in which the goal
is to determine locations of the facilities and allocate
customers to these facilities in order to maximize the
total service or to minimize total cost. In a classic covering
location problem, the customers are assumed to be covered
if they are located within the critical distance around the
nearest facility and the aim is to maximize the overall
demand of covered customers. In this paper, we address
facility location and scale decision problem with customer
preference that aims to optimize the location and scale of
facilities considering the minimum number of customers
required to open the facility and customer preference. We
propose particle swarm optimization, simulated annealing
and iterated local search metaheuristics for solving this
problem. The experimental results show that the proposed
algorithms reach acceptable performances in a reasonable
computation time.

Index terms: Customer restriction, Covering loca-
tion problem, Heuristics, Iterated Local Search, Particle
Swarm Optimization, Simulated Annealing

1. INTRODUCTION

The classical facility location problem is one of the most
important models in combinatorial optimization, the aim
of which is to determine the number and locations of the
facilities and allocate customers to these facilities in such
a way that the total cost is minimized or total service is
maximized. This problem has been applied in the location
decisions of customer services, transportation network and
computer networks. Various types of facility location prob-
lems have been formulated so far, and Brandeau and Chiu
[1] presented a survey of over 50 representative problems
in location research.

In 1974, Church and ReVelle [2] introduced the Maximal
Covering Location Problem (MCLP), where the aim was to
locate a fixed number of facilities to maximize the overall
demand of covered customers. Customers are considered
to be covered, or served, by the facility, if they are located
within a specified distance of the nearest facility. The MCLP
problem along with its extensions have been applied both
in public and private sectors [3], [4], [5], [6].

The hierarchical service location problem in the health
care area extends MCLP with introducing a hierarchy of
facilities and services [7]. Customers are assumed to be
covered by a given level of service if some member of the

facility hierarchy, eligible to provide that service, is located
within an appropriate distance. Drezner [8] introduced the
model where locations are decided in consideration of the
facility utility level, i.e. customers patronize the facility with
the highest utility value, rather than the closest facility. The
facility location model with a profit-maximizing objective
was proposed by Zhang [9], in which the facility can
be installed in the competition environment of product
reservation and proper product price.

This paper addresses, the Facility Location and Scale
Decision Problem with customer preference (FLSDP) in-
troduced by Jung Lee and Young Lee [10] as well as
metaheuristics for solving this problem. FLSDP represents
an extension of MCLP by introducing the minimal number
of customers required (MCR) to open a new facility and
customer preference as two factors for the location deci-
sion of the service facility. Both the scale and location
of the facility are determined in order to maximize the
overall profit. Furthermore, Particle Swarm Optimization,
Simulated Annealing and Iterated Local Search for solving
FLSDP have been developed.

In [11], authors classified scientific innovations in two
basic categories: revolutionary, for paradigm-shifting break-
throughs, and evolutionary, for non-paradigm-shifting im-
provements of existing solutions. Furthermore, evolutionary
category includes 10 different classes of ideas (methods
for generating ideas). According to this, the approach
presented in this paper belongs to specialization method,
since we started from a well-established general approach
and derived it for a specific domain.

The remainder of the paper is organized as follows. In
Section 2, the mathematical formulation of the problem
is presented. Particle Swarm Optimization algorithm is
suggested and described for solving FLSDP in Section
3. In Section 4 Simulated Annealing metaheuristic has
been described and its implementation has been suggested.
Iterated Local Search algorithm for solving FLSDP
is presented in Section 5. In section 6, the evaluation
procedure for testing performances of the proposed methods
is described. The results of computational experiments are
analyzed and discussed in Section 7. Finally, conclusions
are described in Section 8.

2. MODEL FORMULATION

The FLSDP model takes into account two factors into
the location decision of the service facility: MCR as a



service provider constraint for the minimal requirement
of profit and customers preference as a service recipient
consideration. In addition, the locations of the facilities
and their scales have to be determined, where the service
types of the facility depend on the scale (level) of the
facility. Hence, the facility scale and the types of services
are determined in FLSDP. For example, a first level facility
may ensure service 1, while a second level facility may
provide services 1 and 2. The FLSDP model is formulated
by Jung Lee and Young Lee [10] as:

Maximize :

I∑
i=1

J∑
j=1

K∑
k=1

pijdjkxijk (1)

Subject to:

J∑
j=1

djkxijk 6
S∑
s=k

tiskyis ∀i, k (2)

xijk 6 aij ∀i, j, k (3)

I∑
i=1

xijk 6 1 ∀j, k (4)

MCRsyis 6
J∑
j=1

s∑
k=1

pijdjkaij ∀i, s (5)

I∑
i=1

S∑
s=1

bisyis 6 V (6)

S∑
s=1

yis 6 1 ∀i (7)

yis ∈ {0, 1} ∀i, s (8)

xijk ∈ {0, 1} ∀i, j, k (9)

where:
Indices:

i: index of potential facility site, i=1, ..., I
j: index of customer node, j=1, ..., J
k: index of type of service, k=1, ..., K
s: index of facility scale, s=1, ..., S

Data:
djk: the number of customers requesting service k in

customer node j
pij : the preference of customer node j for the potential

facility site i
tisk: the capacity of service k in the facility site i of

scale s
bis: the price for opening a new facility at site i of scale

s
V: the available budget for opening facilities
MCRs: the minimum number of potential customers

needed for opening new facilities of scale s

aij =

1, if the customer node j is cover by a facility
opened at site i

0, othervise

Variables:

xijk =

1, if a costumer in node j is served with
service k in a facility located at site i

0, otherwise

yis =

{
1, if a facility of scale s is opened at site i
0, otherwise

This model aims to maximize the objective function
(1), i.e. the number of customers served by the facility
multiplied by the preference index. Each facility location
has its capacity, and the constraint (2) allows service
allocation only if the facility capacity is not exceeded.
Constraint (3) states that customers can be served only if
they are located with the appropriate distance of the facility.
Constraint (4) ensures that a customer can be served by,
at most, one of the facilities, while constraint (5) states
that there is the minimum number of potential customers
required for establishing a new facility. Constraint (6)
imposes that the total budget for establishing facility
locations can not be exceeded, whereas constraint (7)
states that only one facility can be opened on each site.
Constraints (8) and (9) states that xijk and yis are binary
variables.

3. PARTICLE SWARM OPTIMIZATION FOR SOLVING
FLSDP

3.1. Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a stochastic pop-
ulation based optimization technique proposed by Kennedy
and Eberhart in 1995 [12]. It is nature-inspired swarm
intelligence optimization algorithm which uses a swarm
of particles moving around in a multidimensional search
space looking for the best solution. Potential solutions are
represented by particles and are guided to fly in the solution
space according to their dynamically tuned velocities. Each
particle in a swarm keeps track of the current solution in
a search space (xi), best solution achieved by that particle
so far (pi), best solution in its neighborhood (pg) as well
as current velocity (vi). PSO algorithm guides its particles
towards its best location achieved so far pi and the best
location in a neighborhood pg , with a random wighted
acceleration at each direction. In order to control the size
of the next step, the value of velocity is confined, i.e. vi ∈
[vmin, vmax], where vmin and vmax are adaptive parameters
of algorithm. The quality of a solution is estimated using
fitness function, which may represent the objective function
to be optimized or some approximation of the objective
function. The velocity and position vector is updated by
the following equations:

vt+1
i =W t∗vti+c1∗r1∗(pti−xti)+c2∗r2∗(ptg−xti) (10)

xt+1
i = xti + vt+1

i (11)

where xti and vti are position and velocity of particle at
time step t, W t is inertia weight, c1 and c2 are cognitive
and social acceleration constants, respectively, r1 and r2 are
random uniformly generated values from the range [0, 1], pti



is the best solution of i-th particle achieved so far at time
step t, and ptg is the best solution in the neighborhood of
i-th particle at time step t. Each particle tries to modify
its position using the information such as current position
xti, current velocity vti , the respective distance between the
current position and pti, and the distance between the current
position and the ptg . There are various ways for updating
inertia weight W t, and one of the most common is:

W t =
Wmax − (Wmax −Wmin) ∗ t

tmax
, t = 1, ..., tmax

(12)
where tmax is the maximum number of iterations.

The algorithm starts with a set of randomly generated
initial solutions and velocities and iterates repeatedly un-
til the satisfaction of some terminating criteria, which is
problem-dependent.

3.2. Proposed PSO for Solving FLSDP

The proposed algorithm uses a simple code structure.
Since unknown variables are binary ones, the current po-
sition of a particle xi is a binary array of length I ∗ S,
which represents the binary variables yis. Fitness function
represents an approximation of the objective function and
estimates the quality of the solution. Calculating the fitness
function based on opened facility locations yis is consisted
of three steps:

• For each customer node j an array of potential
(opened) facility locations is sorted in descending or-
der according to their preference. The facility location
i is a potential one for customer node j if the distance
between them is less than r and if the facility location
i is capable to serve customer node j

• Each customer node is assigned to the available opened
facility location, the first in the previously sorted array.

• Adding the profitability (the preference of the customer
node j for the facility i multiplied by the number of
customers requesting for a service in customer node
j) to the fitness function.

Since a solution in a search space is a binary array,
Sigmoid function Sigmoid(v) : [vmin, vmax] → (0, 1)
is used to normalize the velocity of the particle [13]:

Sigmoid(v) =
1

1 + e−v
(13)

Inertia weight W t is not updated in each step of the
proposed PSO algorithm and a constant value is used. In
addition, the proposed PSO uses the following parameters,
some of which were suggested by other authors [14]:

• Number of particles: 25, 35 and 40 for first, second
and third group of instances, respectively

• Initial weight w = 0.529
• Cognitive constant c1 = 1.494
• Social constant c2 = 1.494
• Maximum velocity vmax = 10
• Minimum velocity vmin = -10
Finally, after the algorithm has found the best solution,

CPLEX solver is employed to calculate the objective
function with fixed opened facility locations, instead of

fitness function.

4. SIMULATED ANNEALING FOR SOLVING FLSDP

4.1. Simulated annealing

Simulated Annealing (SA) algorithm was first introduced
in 1953 by Metropolis et al. [15] and was later developed
in 1983 by Kirkpatric et al. [16] who noticed that there
was analogy between Metropolis problem and possible
configurations in an optimization problem.

Inspired from the annealing process of metallurgy, SA
simulates controlled cooling of materials. The SA algorithm
starts with an initial solution x0 and an initially high
temperature Tmax. The best solution xbest is set to the
initial solution, and the quality of a solution is estimated
using a fitness function. Each iteration at a particular
temperature generates a neighborhood solution x

′

t from the
current solution xt by the local search mechanisms. Let
δ=fitness(x

′

t) − fitness(xt) be the difference in quality
between the new neighborhood solution and the current
solution. If δ > 0 than the new neighborhood solution
is better than the current solution and the new current
solution becomes x

′

t (maximization optimization problem).
Otherwise, the new neighborhood solution is accepted with
a probability exp(δ/T ), i.e. if a randomly generated number
r ∼ U(0, 1) is less than exp(δ/T ) than xt is replaced
with x

′

t. The best solution xbest is updated whenever a
new better solution is found. The temperature is reduced
step by step through a cooling schedule scheme, until it
reaches a temperature close to zero Tmin. An initial high
temperature causes algorithm to have higher probability of
selecting worse solutions in a solution neighborhood. By
reducing in each step, a chance of accepting worse solutions
is decreased. In the last stages of SA, algorithm converges
and only selects good solutions. The algorithm iterates until
some terminating criteria is satisfied. The procedure of SA
is described in Algorithm 1.

There are various ways for updating temperature [17],
such as:

Tk+1 = Tk − const (14)

Tk+1 = α ∗ Tk, 0 < α < 1 (15)

Tk+1 = αk ∗ Tk, 0 < α < 1 (16)

where α is a parameter of the SA algorithm.

4.2. Proposed SA for solving FLSDP

We proposed SA which represents its solution xi in
the same way as the proposed PSO algorithm for solving
FLSDP (see Section 3.2), i.e. xi is a binary array of length
I ∗ S, which represents the binary variable yis. Fitness
function estimates the quality of a solution and is evaluated
in the same way as in Section 3.2. The neighborhood
of the current solution xi is defined as follows. Let xi
= (a1, ...ai, ..., aI) be the current solution, where ai is a
S−tuple of binary numbers. Then, the neighborhood of
the solution xi consists of all the solutions which can be
obtained by replacing ak with al, k, l ∈ {1, ..., I}.



Algorithm 1 Simulated annealing

Procedure Simulated annealing
Select the initial solution x0 randomly;
Set initially high temperature Tmax > 0 and final tem-
perature Tmin > 0;
Choose the temperature updating function, i.e. cooling
schedule;
Choose the schedule length M ;
repeat

Iteration count = 0;
repeat

Choose a neighborhood solution x
′

t from the
current solution xt;

if f(x
′

t) > f(xt) then
xt = x

′

t;
else

Choose a random number r uniformly in the
range (0, 1);

if r < exp(
f(x

′
t)−f(xt)
T ) then

xt = x
′

t;
end if

end if
Iteration count = Iteration count + 1;

until Iteration count = M
Decrease T according to the temperature schedule;

until termination condition is satisfied
End

The proposed implementation of SA for solving FLSDP
uses the following parameters, some of which were sug-
gested by other authors [18], [19], [20]:

• Tmax = 70 and Tmin = 10
• Cooling schedule: Tk+1 = α * Tk, α = 0.95
• Parameter schedule length M has initial value 25,

200 and 10*I in the first, second and third group of
instances, and this value is increased by I/5 at each
temperature change

As the final step of the proposed SA, CPLEX solver is
employed to calculate the objective function for the best
solution found by the proposed algorithm.

5. ITERATED LOCAL SEARCH FOR SOLVING FLSDP

5.1. Iterated Local Search

Iterated Local Search (ILS) is a simple, robust, effec-
tive and well-known metaheuristic based on local search
procedure which operates with a single solution. The main
idea of the heuristic is to combine an intensification stage
that finds a local optimum and a diversification stage that
randomly reconstructs part of the best solution found so far.
ILS starts with an initial solution and obtains local optimum
in its neighborhood by a local search procedure. In order to
improve the current local optimum, ILS performs the local
search procedure to a perturbed solution of the current local
optimum and finds a new local optimum. An acceptance
criterion is employed to determine either the current local
optimum or the new local optimum will become a new

current local optimum in the next iteration. The above
process is performed repeatedly until a termination criterion
is met. The procedure of ILS is described [21] in the
Algorithm 2.

Algorithm 2 Iterated Local Search

Procedure Iterated Local Search
x0 ← GenerateInitialSolution;
x∗ ← LocalSearch(x0);
repeat

x
′ ← Perturbation(x∗, history);
x∗

′ ← LocalSearch(x
′
);

x∗ ← AcceptanceCriterion(x∗, x∗
′
, history);

until termination condition is met
End

The efficiency of the algorithm depends on the initial
solution, so the algorithm usually starts with a randomly
generated solution from the search space. Local search
procedure is application-specific and represents the most
important part of the algorithm. It finds a solution in
the current solution’s neighborhood which can be defined
in various ways. There are two different strategies for
accepting a solution from the neighborhood:

• First found better solution is accepted as a better
solution from the neighborhood

• All solutions from the neighborhood are inspected and
the best one is accepted as a better solution from the
neighborhood

With reducing of solution space around the current so-
lution, local search can easily trap in a local optimum.
To solve this problem perturbation procedure is employed.
Perturbation step consists of a single random move from
the neighborhood of the current solution in order to obtain
an adequate degree of diversification. Acceptance criterion
determines whether the new solution is accepted or not. The
new solution is usually accepted if it is better than the old
one; otherwise, the worse solution is accepted with a certain
probability which depends on a quality of the solution.

5.2. Proposed ILS for Solving FLSDP

The solution xi in the proposed ILS has the same
representation as a solution in the proposed PSO algorithm.
Fitness function is evaluated in the same way as it is
explained in Section 3.2, while the neighborhood of the
current solution is defined likewise it is defined in Section
4.2. First found better solution from the neighborhood is
accepted as result of the local search phase.

The proposed perturbation procedure is defined as fol-
lows. First, index i ∈ {2, ..., I − 1} is randomly selected.
Next, there are two cases:

• Suppose i == 2 or i == I − 1 and the order in the
current solution is aib, where a, i, and b are S-tuples of
binary numbers, then bia is a new potential solution
(see Figures 1, 2); if bia is a correct solution, than
perturbation procedure is terminated; otherwise a new
index i is randomly selected.

• Suppose i ∈ {3, ..., I− 2} and the order in the current
solution is abicd, where a, b, i, c and d are S-tuples of



binary numbers, the replacement a with d and b with c
is attempted in order to obtain a new potential solution
(see Figure 3); if one of these replacement is correct
than perturbation procedure is terminated; otherwise a
new index i is randomly selected.

A new current solution is randomly chosen in the search
space if previously described procedure did not find correct
solution within I iterations.

Fig. 1: Example of perturbation (i=2)

Fig. 2: Example of perturbation (i=I-1)

Fig. 3: Example of perturbation (i=3)

The proposed ILS algorithm uses a combination of two
stopping criteria, i.e. the algorithm stops if one of the
following conditions is met:

• maximal number of I ∗ J/4 iterations
• no improvement of the best solution is achieved

through I ∗ J/8 iterations

Finally, CPLEX solver is employed to calculate the
objective function for fixed best facility locations found by
the proposed ILS.

6. EVALUATION PROCEDURE

The performances of the proposed algorithms for solving
FLSDP were tested on randomly generated instances, which
are publicly available (http://alas.matf.bg.ac.rs/∼mr09138/
FLSDP.zip). Since instances used by Jung Lee and Young
Lee [10] are not publicly available, we have generated
instances in the same way as they did. In order to obtain
various instances, the key parameters, such as the number
of potential facilities and customers, the coverage distances
of the facility and the MCR are varied and represented in
Table I. The number of potential facilities ranges from 5
to 70, and the number of customers ranges from 100 to
2000. There are three groups of instances depending on
the number of customer nodes. There are two levels in the
facility scale, small and large, and MCR1 and MCR2

representing the minimal number of customers required
to open small and large facility scale, respectively. The
available budget V is 1000 in all cases, and the cost of
opening small and large facilities ranges from [100, 200]
and [300, 400], respectively. The capacity of facility services
is distributed in the range of [350, 550] for small facilities
and [650, 850] for large facilities. Coordinates of potential
facility locations are generated randomly from the range
[0, 100], while the preference of a customer for the facility is
inversely proportional to the distance between the customer
node and the facility location.

The proposed algorithms for solving FLSDP were
implemented in C++ and IBM ILOG CPLEX 12.5 and
were run on Intel(R) Core(TM) 2 Duo CPU 2.00 GHz
with 4GB RAM. The time limit for running CPLEX was
set to 30 min.

7. RESULTS

The results of the computational experiment and the
performances of the proposed algorithms are summarized
in Tables II, III and IV. In order to enhance and assess the
reliability of the proposed algorithms, each test instance
was replicated 10 times and tested using different random
seeds in every run and measures agap (in percents) and
σ were calculated. Average gap (agap) represents average
distance from the optimal solution or the best known
solution through all 10 runs, while σ represents standard
deviation.

Table II shows performances of the proposed algorithms
on the first group of instances. CPLEX, ILS and SA reach
optimal solution on all instances, while PSO do not reach
optimal solution just on one instance. The fastest algorithm
is PSO and the most stable algorithm is SA.

The experimental results of the proposed algorithms on
the second group of instances are shown in Table III.
CPLEX reaches optimal solution on all instances, while
PSO, SA and ILS do not reach optimal solution on nine, two
and three instances, respectively. The results of proposed
metaheuristics, especially PSO, on this group of instances
are not as good as on the other groups. PSO does not show
good behavior since the number of potential facility location
is huge, and probably the main reason for this premature
convergence is the use of sigmoid function to normalize the

http://alas.matf.bg.ac.rs/~mr09138/FLSDP.zip
http://alas.matf.bg.ac.rs/~mr09138/FLSDP.zip


TABLE I: The experimental parameters
Category J I (MCR1, MCR2) r
1 100 5, 7, 10 (5, 10), (7, 15), (10, 20) 20, 25, 30
2 1000 10, 20, 30 (10, 20), (20, 40), (50, 100) 20, 25, 30
3 2000 30, 50, 70 (10, 20), (20, 40), (50, 100) 20, 25, 30

J : the number of customer nodes
I: the number of potential facility location
MCR1: the minimum number of customers needed for opening a small facility
MCR2: the minimum number of customers needed for opening a large facility
r: coverage distance

velocity of the particle. This is supported by the fact that
on the second group of instances the fastest algorithm is
PSO. Observing agap as well as σ values, it is clear that
the most stable heuristic is SA.

The third group of instances with J = 2000 represents
the hardest group and the performances of the proposed
algorithms on this group of instances are shown in Table
IV. On eleven instances CPLEX succeeds to reach the
optimal solution in 30 min, while in other cases CPLEX
produces a solution, but do not confirm its optimality.
The total running times of the proposed metaheuristics
are significantly shorter compared to the time of CPLEX
solver. PSO reaches the same solution as CPLEX just
on few instances, while on other instances PSO obtains
worse solutions. ILS and SA reach better solution on some
instances on which CPLEX does not find the optimal
solution. Observing overall performances, it is clear that ILS
represents the best algorithm for solving FLDSP on third
group of instances. The fastest algorithm is PSO, whereas
SA is the most stable.

Observing all three groups of instances together, it is
clear that ILS reaches the best solution in most cases
compared to other proposed heuristics. However, all three
proposed algorithms reach acceptably good results in rea-
sonable time and can be used for solving FLSDP.

In addition, since we have generated instances in the
same way as the authors in [10] did, it seems reasonable
to compare the efficiency of proposed algorithms and
algoritms from [10]. On the second group of instances the
running time of CPLEX solver is comparable with the
running time of Lagrangian relaxation procedure that is
proposed in [10]. Note that the running time of CPLEX
solver exceeds substantially the running times of other
methods proposed in this work.

8. CONCLUSION

In this paper, the facility location and scale decision prob-
lem with customer preference is considered and a solution
based on metaheuristics is proposed. The FLSDP model can
be used in public service areas, such as medical, distribution
centers, chain restaurants, and education. A mathematical
model, which simultaneously considers customer prefer-
ence, scale of the opened facility, different demands of cus-
tomers and available budget in order to open best facilities,
is stated and explained. PSO, ILS, and SA metaheuristics
for solving FLSDP have been presented. In addition, a
set of instances, which consisting of three groups, have

been generated in order to test the proposed algorithms.
Experimental results on the first group of instances showed
that all metaheuristics reached optimal solution, obtained by
CPLEX, on almost all instances. On the second group of
instances CPLEX reached optimal solution on all instances,
while PSO, SA and ILS did not reach optimal solution
on nine, two and three instances, respectively. In addition,
the running time of CPLEX solver on these instances is
comparable with the running time of Lagrangian relaxation
procedure [10]. Finally, on hardest instances CPLEX did
not obtain optimal solution in all cases due to time limit,
but on these instances ILS and SA succeeded to reach better
solution within a reasonable computational time. Observing
overall performances, it is clear that ILS represents the
best algorithm for solving FLDSP on the third group of
instances.

Further research should be directed to hybridization of
proposed metaheuristics as well as modifying proposed
algorithms.
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TABLE II: The experimental results on the first group of instances
Instance/Algorithm CPLEX PSO ILS SA

result time result time agap σ result time agap σ result time agap σ
5-100-5-10-20 240.09 0.26 240.09 0.01 6.69 3.35 240.09 0.01 3.34 4.09 240.09 0.08 0.00 0.00
5-100-5-10-25 284.11 0.28 284.11 0.01 0.72 1.45 284.11 0.01 0.00 0.00 284.11 0.08 0.00 0.00
5-100-5-10-30 190.92 0.29 190.92 0.01 0.00 0.00 190.92 0.01 0.00 0.00 190.92 0.08 0.00 0.00
5-100-7-15-20 171.84 0.22 171.84 0.01 1.71 3.57 171.84 0.01 0.00 0.00 171.84 0.08 0.00 0.00
5-100-7-15-25 166.81 1.03 166.81 0.00 0.42 0.42 166.81 0.01 0.00 0.00 166.81 0.08 0.00 0.00
5-100-7-15-30 255.32 0.27 255.32 0.01 0.00 0.00 255.32 0.01 0.95 1.46 255.32 0.08 0.00 0.00
5-100-10-20-20 191.03 0.88 191.03 0.01 0.15 0.23 191.03 0.01 0.15 0.23 191.03 0.08 0.00 0.00
5-100-10-20-25 158.61 0.26 158.61 0.01 0.96 1.47 158.61 0.01 0.00 0.00 158.61 0.08 0.00 0.00
5-100-10-20-30 205.81 0.28 205.81 0.00 0.00 0.00 205.81 0.01 0.00 0.00 205.81 0.08 0.00 0.00
7-100-5-10-20 165.16 0.83 165.16 0.01 0.00 0.00 165.16 0.02 0.82 1.63 165.16 0.10 0.00 0.00
7-100-5-10-25 286.86 0.35 286.86 0.02 4.18 1.51 286.86 0.02 0.00 0.00 286.86 0.10 0.00 0.00
7-100-5-10-30 253.43 0.37 253.43 0.01 3.37 1.69 253.43 0.02 0.00 0.00 253.43 0.10 0.00 0.00
7-100-7-15-20 195.32 0.32 195.32 0.01 4.45 2.13 195.32 0.01 0.32 0.64 195.32 0.11 0.00 0.00
7-100-7-15-25 199.13 0.31 199.13 0.01 0.22 0.67 199.13 0.02 0.00 0.00 199.13 0.11 0.00 0.00
7-100-7-15-30 221.76 0.42 221.76 0.01 1.71 2.50 221.76 0.02 0.89 0.76 221.76 0.10 0.00 0.00
7-100-10-20-20 193.40 0.69 193.40 0.01 0.00 0.00 193.40 0.02 1.81 2.77 193.40 0.10 0.00 0.00
7-100-10-20-25 239.13 0.44 239.13 0.01 2.09 1.28 239.13 0.02 2.30 1.81 239.13 0.10 0.00 0.00
7-100-10-20-30 306.31 0.97 306.31 0.01 0.53 0.73 306.31 0.02 0.00 0.00 306.31 0.10 0.00 0.00
10-100-5-10-20 183.77 1.12 182.43 0.02 2.79 2.48 183.77 0.02 1.69 2.33 183.77 0.20 0.00 0.00
10-100-5-10-25 259.27 1.12 259.27 0.02 0.00 0.00 259.27 0.02 1.61 1.78 259.27 0.18 0.00 0.00
10-100-5-10-30 299.70 0.66 299.70 0.02 3.04 1.68 299.70 0.03 0.75 1.32 299.70 0.19 0.00 0.00
10-100-7-15-20 194.80 0.42 194.80 0.02 0.00 0.00 194.80 0.03 1.06 1.50 194.80 0.19 0.00 0.00
10-100-7-15-25 300.23 0.49 300.23 0.02 0.98 2.96 300.23 0.03 2.95 1.40 300.23 0.19 1.09 1.33
10-100-7-15-30 260.54 1.25 260.54 0.02 5.19 1.86 260.54 0.02 3.40 1.90 260.54 0.18 0.00 0.00
10-100-10-20-20 213.15 0.69 213.15 0.02 0.39 1.16 213.15 0.03 0.24 0.39 213.15 0.19 0.10 0.20
10-100-10-20-25 318.93 0.58 318.93 0.02 0.00 0.00 312.27 0.02 10.32 3.31 318.93 0.19 0.00 0.00
10-100-10-20-30 344.15 0.59 344.15 0.02 1.70 3.94 344.15 0.03 2.24 1.76 344.15 0.19 0.00 0.00

Name of instances is I - J - MCR1 - MCR2 - r

TABLE III: The experimental results on the second group of instances
Instance/Algorithm CPLEX PSO ILS SA

result time result time agap σ result time agap σ result time agap σ
10-1000-10-20-20 2011.79 7.33 2011.79 0.28 0.67 0.78 2011.79 1.36 0.00 0.00 2011.79 8.63 0.00 0.00
10-1000-10-20-25 1987.14 26.89 1987.14 0.26 0.00 0.00 1987.14 1.45 0.00 0.00 1987.14 8.58 0.00 0.00
10-1000-10-20-30 2717.81 21.61 2717.81 0.27 0.18 0.09 2717.81 1.36 0.00 0.00 2717.81 8.39 0.00 0.00
10-1000-20-40-20 2125.38 6.63 2125.38 0.26 1.16 1.16 2125.38 1.18 0.00 0.00 2125.38 8.19 0.00 0.00
10-1000-20-40-25 2099.45 10.41 2099.45 0.32 0.76 0.54 2099.45 1.32 0.00 0.00 2099.45 8.33 0.00 0.00
10-1000-20-40-30 2555.79 23.58 2555.79 0.25 0.21 0.07 2549.76 1.33 0.24 0.00 2549.76 8.36 0.24 0.00
10-1000-50-100-20 1837.68 13.79 1837.68 0.28 0.00 0.00 1837.68 1.18 0.00 0.00 1837.68 8.55 0.00 0.00
10-1000-50-100-25 2137.57 14.09 2137.57 0.27 2.44 1.59 2137.57 1.39 0.33 0.40 2137.57 8.37 0.16 0.33
10-1000-50-100-30 2425.40 13.91 2425.40 0.27 0.00 0.00 2425.40 1.47 0.00 0.00 2425.40 8.20 0.00 0.00
20-1000-10-20-20 2136.76 55.25 2136.76 1.62 3.18 2.49 2136.76 5.25 0.23 0.38 2136.76 17.10 0.00 0.00
20-1000-10-20-25 2361.83 155.57 2361.81 1.81 1.93 0.95 2361.81 4.58 0.30 0.10 2354.09 16.89 0.33 0.00
20-1000-10-20-30 2837.75 193.33 2837.75 1.63 2.83 1.15 2837.75 5.26 0.00 0.00 2837.75 15.71 0.00 0.00
20-1000-20-40-20 2133.28 62.72 2133.28 1.38 5.03 2.51 2133.28 5.90 0.00 0.00 2133.28 17.11 0.00 0.00
20-1000-20-40-25 2515.27 106.13 2515.27 1.68 2.88 1.94 2515.27 6.18 0.00 0.00 2515.27 16.63 0.00 0.00
20-1000-20-40-30 2632.00 172.21 2457.64 1.33 7.49 0.29 2632.00 5.36 0.99 0.33 2632.00 15.71 0.77 0.51
20-1000-50-100-20 2153.43 97.23 2123.35 1.83 3.83 1.84 2153.43 5.63 0.79 0.45 2153.43 16.47 0.00 0.00
20-1000-50-100-25 2575.87 220.65 2575.87 1.69 4.28 1.50 2575.87 4.57 1.24 1.11 2575.87 16.14 0.00 0.00
20-1000-50-100-30 2682.99 340.56 2682.99 1.92 2.29 1.74 2682.99 5.14 0.27 0.33 2682.99 15.86 0.00 0.00
30-1000-10-20-20 2097.95 188.91 2097.95 5.14 4.10 2.13 2097.95 11.99 0.13 0.15 2097.95 27.37 0.00 0.00
30-1000-10-20-25 2601.18 520.51 2463.18 4.13 5.31 0.00 2601.18 10.87 1.87 0.96 2601.18 25.27 0.00 0.00
30-1000-10-20-30 2737.47 831.91 2737.47 4.54 7.24 3.77 2737.47 10.75 3.37 1.92 2737.47 25.01 0.00 0.00
30-1000-20-40-20 2249.40 109.49 2172.42 5.79 4.52 0.72 2249.40 11.41 0.20 0.17 2249.40 26.69 0.00 0.00
30-1000-20-40-25 2546.77 206.65 2542.43 4.93 1.42 0.56 2546.77 12.63 0.67 0.52 2546.77 25.54 0.00 0.00
30-1000-20-40-30 2712.82 748.67 2667.16 4.87 2.70 1.07 2712.82 12.23 1.35 0.97 2712.82 25.36 0.21 0.14
30-1000-50-100-20 2142.68 204.87 2142.68 4.61 4.35 2.85 2142.68 11.98 0.02 0.02 2142.68 26.85 0.00 0.00
30-1000-50-100-25 2416.43 556.11 2329.63 5.04 4.53 0.67 2386.09 11.39 1.48 0.13 2416.43 26.18 0.13 0.17
30-1000-50-100-30 2744.59 716.24 2643.77 5.12 4.52 0.43 2744.59 12.11 0.20 0.07 2744.59 24.64 0.00 0.00

Name of instances is I - J - MCR1 - MCR2 - r



TABLE IV: The experimental results on the third group of instances

Instance/Algorithm CPLEX PSO ILS SA
result time result time agap σ result time agap σ result time agap σ

30-2000-10-20-20 3942.18 499.05 3942.18 9.05 7.11 1.30 3942.18 47.76 0.00 0.00 3942.18 63.36 0.00 0.00
30-2000-10-20-25 4366.73 597.71 4194.35 11.81 7.75 2.95 4360.00 48.21 0.52 0.38 4319.44 64.84 1.08 0.00
30-2000-10-20-30 4596.27 566.00 4379.43 14.42 10.20 2.05 4526.08 51.65 2.01 0.16 4501.58 70.52 2.06 0.00
30-2000-20-40-20 4114.72 441.46 4114.72 8.89 4.94 0.99 4114.72 44.48 1.40 1.38 4114.72 62.18 0.00 0.00
30-2000-20-40-25 4399.62 765.03 4211.92 9.79 6.55 1.41 4399.62 42.98 0.88 0.88 4399.62 65.87 1.06 0.86
30-2000-20-40-30 4802.64 732.07 4443.44 11.13 8.83 0.93 4802.62 47.76 2.03 0.95 4726.71 67.88 4.91 1.11
30-2000-50-100-20 4135.81 406.17 3883.21 11.49 7.33 0.87 4135.76 39.07 0.78 0.46 4135.76 61.58 0.23 0.45
30-2000-50-100-25 4611.33 526.89 4360.02 9.43 7.21 1.28 4504.40 42.24 3.32 0.96 4504.40 63.47 2.32 0.00
30-2000-50-100-30 4664.55 1243.27 4410.86 10.81 8.69 1.28 4620.25 49.08 1.49 0.22 4620.25 67.25 1.49 0.22
50-2000-10-20-20 4461.38 t.l. 4199.30 53.86 2.74 1.23 4465.68 109.01 0.31 0.23 4465.68 160.96 0.46 0.21
50-2000-10-20-25 4342.53 t.l. 4275.14 42.60 1.10 0.47 4513.75 97.37 2.49 1.85 4513.75 165.14 2.13 1.39
50-2000-10-20-30 4333.55 t.l. 4210.72 53.06 1.27 1.36 4442.38 116.87 2.05 1.56 4442.38 176.59 3.76 1.37
50-2000-20-40-20 4531.23 1037.68 4246.23 43.35 7.04 0.76 4530.96 129.08 0.01 0.00 4530.96 164.09 0.12 0.34
50-2000-20-40-25 4435.56 t.l. 4257.52 46.86 2.39 1.88 4495.89 118.20 2.04 1.16 4469.86 168.64 2.34 1.16
50-2000-20-40-30 4499.15 t.l. 4172.88 41.02 0.96 0.48 4497.26 130.18 0.22 0.34 4497.26 176.23 0.66 0.22
50-2000-50-100-20 4465.70 1588.60 4259.80 44.61 7.92 1.17 4465.70 118.26 0.21 0.17 4462.42 164.33 0.07 0.00
50-2000-50-100-25 4568.32 t.l. 4356.23 44.89 0.93 0.65 4641.94 125.46 0.12 0.26 4697.79 164.84 0.00 0.00
50-2000-50-100-30 4501.78 t.l. 4472.08 49.36 3.55 1.87 4488.06 111.28 0.00 0.00 4488.06 168.94 0.00 0.00
70-2000-10-20-20 4417.95 t.l. 4192.59 112.45 1.09 0.55 4499.04 233.87 0.27 0.28 4499.04 319.57 0.00 0.00
70-2000-10-20-25 4500.72 t.l. 4319.30 142.34 1.42 1.74 4753.27 266.71 2.59 1.00 4680.01 331.35 1.78 0.66
70-2000-10-20-30 4527.78 t.l. 4492.48 132.85 2.29 1.25 4701.01 242.42 3.59 1.32 4701.01 341.51 2.20 1.30
70-2000-20-40-20 4257.98 t.l. 3988.89 121.98 0.41 0.18 4513.80 209.32 2.40 0.81 4513.80 323.11 0.00 0.00
70-2000-20-40-25 4537.19 t.l. 4372.12 110.62 0.00 0.00 4725.70 264.52 1.06 0.58 4734.79 333.19 0.02 0.06
70-2000-20-40-30 4268.87 t.l. 4268.87 148.50 3.57 1.82 4336.01 242.84 1.29 1.12 4330.35 343.04 0.80 0.56
70-2000-50-100-20 4596.97 t.l. 4337.47 107.72 4.27 1.45 4605.35 237.06 2.83 1.55 4605.35 324.47 0.00 0.00
70-2000-50-100-25 4595.11 t.l. 4367.32 145.60 1.75 1.07 4731.54 228.91 2.00 0.86 4731.54 322.08 0.00 0.00
70-2000-50-100-30 4481.78 t.l. 4435.80 147.74 0.44 0.98 4590.38 228.40 1.64 0.94 4547.42 343.50 0.01 0.02

Name of instances is I - J - MCR1 - MCR2 - r
t.l. - time limit 30 min
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