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Abstract
In this work, we present a new framework to increase effectiveness

of metaheuristics in seeking good solutions for the general nonlinear op-
timization problem, called Cutting Box Strategy (CBS). CBS is based
on progressive reduction of the search space through the use of intelli-
gent multi-starts, where solutions already obtained cannot be revisited
by the adopted metaheuristic. Computational experiments with the
CBS strategy are conducted with a variant of the population-based
metaheuristic Differential Evolution to solve 36 test instances. The
numerical results show that CBS can substantially increase the quality
of the results of a metaheuristic applied for a nonlinear optimization
problems.

Keywords: Metaheuristic, Constrained Optimization, Continuous Global
Optimization, Differential Evolution.

1 Introduction

Continuous global optimization problems arise in several practical applica-
tions related to natural, exact and economic sciences. In a general form, the
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problem can be express as finding a x∗ ∈ Rn that solves:

minimizex f(x) (1)
subject to gi(x) ≤ 0, i = 1, . . . , p, (2)

hj(x) = 0, j = 1, . . . , q, (3)
lk ≤ xk ≤ uk, k = 1, . . . , n, (4)

where f , gi, i = 1, . . . , p, and hj , j = 1, . . . , q are real-valued functions,
not necessarily convex neither continuous nor differentiable, and l and u
are n-dimensional vectors denoting lower and upper bounds to variables,
respectively, used to define the box constraints (4). Denoting the feasible
region of problem (1) by F , we say that x̄ ∈ F is a local optimal solution if
f(x̄) ≤ f(x) for all x ∈ F in a neighborhood of x̄. A solution x∗ ∈ F such
that f(x∗) ≤ f(x) for all x ∈ F is denoted global optimal solution, which is
the solution of interest.

Classical continuous methods that address problem (1) may have trouble
in finding some of their global optimal solutions, converging to a local optimal
solution, or even to a solution that is neither a local nor a global optimal. In
some cases, these methods cannot achieve a feasible solution, even though
the feasible region is non-empty. This difficulty in finding a global optimal
solution to the addressed problem can become critical if the problem (1) is
not convex, or any of its objective or constraint functions is not continuous
or not differentiable at some point in {x∗ ∈ Rn | l ≤ x ≤ u}.

To circumvent these difficulties, many researchers have developed studies
on the application of stochastic local search procedures or metaheuristics that
solve problem (1) (see, for example, [1, 2, 4, 10–13, 15, 17–19, 21–23, 25, 27–
29, 32]). Metaheuristics are nondeterministic procedures that make use of
randomness in a variety of strategies in order to avoid premature convergence
to local optimal solutions. Thereby, it is expected that when applying a
metaheuristic to solve problem (1) we would obtain a global optimal solution,
or at least a solution close to it. The quality of the solution is, in many cases,
closely related to the efficacy of the algorithm in exploring the search region
in a diverse way and escaping from any local optima possibly found.

Differential Evolution (DE) is one of the most successful metaheuris-
tic approaches for continuous optimization problems [5, 6, 24, 26, 31]. Its
general idea is to use a population of candidate solutions that evolve over
an iterative process searching for good solutions with the application of
crossover and mutation operations. Proposed by Storn and Price in [30],
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the original algorithm was developed for box constrained problems (i.e., op-
timization problems with box constraints only). Then, many researches
extended its application to solve problem (1) using a variety of strategies
[2, 11, 13, 15, 17, 21, 23, 27, 32, 33]. For example, in [17], Melo et al. propose
the Differential Evolution Variant (DEV), that adopts advanced techniques
to solve problem (1) more effectively, such as adaptive parameters, dynamic
update of the population, multiple offspring and a stopping criterion that
detects the convergence of the population to a feasible solution of the prob-
lem, which is an alternative to the maximum number of iterations, originally
proposed.

In this work, we propose a new mechanism, named Cutting Box Strategy,
to increase the efficiency of local search procedures and metaheuristics on
the solution of problem (1), especially when there are multiple local optima.
We incorporate this strategy to the already proposed algorithm DEV and
evaluate the results for a set of benchmark instances. Although in this work
we only evaluate the use of the Cutting Box Strategy for DEV, this strategy
is independent from the DE algorithm and can be combined with any other
population-based metaheuristic or stochastic local search algorithm that has
some mechanism for detecting convergence.

This chapter is organized as follows: Section 2 describes the DEV algo-
rithm, whereas Section 3 presents the Cutting Box Strategy. Computational
results are shown in Section 4. Finally, Section 5 presents the conclusions of
this work.

2 Differential Evolution Variant

2.1 Differential Evolution

In [30], Storn and Price proposed the Differential Evolution (DE) method,
a population-based metaheuristic for continuous optimization problems con-
sidering only box constraints. The main idea of this approach is to use a
population of candidate solutions that evolve over an iterative process to
find the best possible value for the objective function. Given the current
population at iteration g, a new descendant solution is generated for each
candidate solution of this population. If the descendant solution proves to
be better than its respective ascendent solution (target solution), then it will
take the place of the former. Otherwise, the descendant solution is discarded
and the target solution remains in the population.

In the original DE algorithm, only a single descendant solution is gener-
ated for each candidate solution of the current population at each iteration
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(or generation). However, some DE competitive approaches (e.g., [23, 32])
consider multiple descendant solutions, which consists in generating M de-
scendant solutions for each candidate solution of the population at each
generation. If the best solution among the M descendant solutions is better
than its respective target solution, then it will take the place of the former
generated solution in the population (in this situation, the other M − 1 de-
scendant solutions are discarded along with the target solution). Otherwise,
the target solution remains in the population and the M descendant solu-
tions are discarded. Algorithm 1 shows DE with multiple offspring based on
the variation of DE known as DE rand/1/bin [30]. Note that all solutions
of the population are used, each in turn, as a target solution. For generat-
ing new candidate solutions this approach employs crossover and mutation
operators, lines 9-12, where three other random solutions besides the target
solution are used. Although the offspring are generated from four solutions,
they compete for entry into the population only with the target solution.
In general, when a coordinate of a generated descendant solution does not
satisfy the box constraint (4), a new random value is generated between
its limits. As shown in Algorithm 1, only the maximum number of itera-
tions (MAXGEN) is used as a stopping criterion, likewise the original DE
approach.

2.2 Differential Evolution Variant aspects

Since the original DE algorithm was developed to minimize functions subject
to box constraints, the criterion presented to select the best solution among
the target solution and its descendants in line 13 of Algorithm 1, is to choose
the solution with the lowest value for the objective function. The DE ap-
proaches that address problem (1), however, must adopt more sophisticated
selection criteria to deal with the feasibility of the solutions (the interested
reader can find a good discussion in [20]). The Differential Evolution Variant
(DEV) algorithm, which is used as the basic approach in this work, has as
part of its selection criteria all three Deb’s comparison criteria [7], listed as
follows:
(1) any feasible solution is better than any infeasible one;
(2) between two feasible solutions, the solution with lower objective function
value is preferred;
(3) between two infeasible solutions, the solution with lower penalty term is
better.
The Deb criteria were also used in many other works, such as, for example,
[17–19, 23, 29, 32].
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Input: MAXGEN : number of generations, P : size of population, M :
number of descendants, CR: crossover parameter.

1 Generate and evaluate an initial population xi,0, i = 1, . . . , P ;
2 Set F as a real value between 0 and 1 ;
3 for g = 1, . . . ,MAXGEN do
4 for k = 1, . . . , P do
5 for i = 1, . . . ,M do
6 Randomly select r1 6= r2 6= r3 6= k ∈ {1 . . . P} ;
7 rnbr ← randint(1, n) ;
8 for j = 1, . . . n do
9 if rand(0, 1) ≤ CR or j = rnbr then

10 dk,ij ← xr3,gj + F (xr1,gj − xr2,gj ) ;

11 else
12 dk,ij ← xk,gj ;

13 Let uk be the best solution (according to a predefined criterion)
among xk,g and dk,i, i = 1, . . . ,M ;

14 xk,g+1 ← uk ;

Algorithm 1: DE standard algorithm with multiple descendants.

Algorithm 2 presents the DEV algorithm. We observe that this algorithm
adopts multiple offspring and therefore uses a criterion to select one solu-
tion among each target solution and its M descendants in every generation
(line 15). Based on the method proposed in [19], the selection procedure
is presented in Algorithm 3. In this procedure, the parameter Sr defines a
probability for the best descendant solution (according to Deb’s comparison
criteria) to be compared to the target solution only with respect to the ob-
jective function, as in the original DE algorithm. Thereby, with probability
1−Sr these two solutions will also be compared according to the Deb’s crite-
ria. The algorithm can then incorporate “good infeasible solutions” that lead
to promising regions within the feasible region. Values near 1.0 for this pa-
rameter can provide diversity in the exploration process, but may hinder the
location of feasible solutions and the convergence of the algorithm. There-
fore, unlike what is proposed in [19], DEV adopts dynamic updating for this
parameter in line 14 of Algorithm 2. Notice that in early iterations, the value
of Sr is close to S0

r , and as the algorithm evolves the value assigned to Sr
approaches 0.0. In this way, it is possible to properly include diversity at the
beginning of the exploration process, and thereafter favor the convergence of
the algorithm to a good feasible solution.
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In DEV algorithm, parameter CR plays a role similar to Sr. This param-
eter defines the probability for each coordinate of the descendant solutions to
be either equal to their corresponding mutant solution coordinate (line 11)
or target solution coordinate (line 13). Intuitively, we could expect that val-
ues close to 0.5 would favor diversity in the exploration of the search space.
However, empirical studies, e.g. [9, 32], show that values close to 0.9 lead to
better performance of the DE algorithm. For this reason, at each iteration
DEV updates CR according to the expression in line 3 of Algorithm 2, so
that values close to CR0 are considered at early iterations, and from iteration
MAXGEN

2 , CR is equal to 1.0.

Input: MAXGEN : number of generations, P : size of population, M :
number of descendants, CR0: initial crossover parameter, S0

r : initial
selection parameter, ε: convergence tolerance.

1 Generate and evaluate a initial population xi, i = 1, . . . , P ;
2 for g = 1, . . . ,MAXGEN do
3 CR← min{(1− CR0) 2g

MAXGEN + CR0 , 1 } ;
4 for k = 1, . . . , P do
5 for i = 1, . . . ,M do
6 Randomly select r1 6= r2 6= r3 6= k ∈ {1 . . . P};
7 rnbr ← randint(1, n) ;
8 F ← rand(0.3, 0.9) ;
9 for j = 1, . . . , D do

10 if rand(0, 1) < CR or j = rnbr then
11 dk,ij ← xr3j + F (xr1j − x

r2
j ) ;

12 else
13 dk,ij ← xkj ;

14 Sr ← S0
r ∗ (1− g

MAXGEN ) ;
15 uk ← SelectionOp(Sr, x

k, dk) ;
16 xk ← uk ;

// Alternative stopping rule
17 σi ← max(x1i , x

2
i , . . . , x

P
i ), i = 1, . . . , n ;

18 σi ← min(x1i , x
2
i , . . . , x

P
i ), i = 1, . . . , n ;

19 if ‖σ − σ‖∞ < ε and all current population solutions are feasible then
20 stop the evolutionary process ;

Algorithm 2: DEV Algorithm.

Also note that at line 16 of Algorithm 2, the solution xk of the population
is updated and becomes immediately available for the crossover and mutation
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operators, still in the current iteration, unlike the original DE algorithm,
where the updated solution only becomes available in the next iteration.
This strategy had been used before in [3], and according to the authors, it
accelerates the convergence of the DE algorithm, besides saving memory in
the computational implementation.

Another important feature of the DEV algorithm is the incorporation
of a stopping criterion alternative to the maximum number of iterations
(rows 17-20). The test stops the evolutionary process if all the solutions
in the population are feasible and belong to a hypercube with edge length
ε > 0. Stopping the algorithm by the detection of convergence, this criterion
can save considerable computational effort. We emphasize that, when the
population converges, it is not effective to continue the evolutionary process,
since each coordinate of new generated solutions depends exclusively on the
respective coordinate of the solutions already in the population, regardless of
their quality (regarding the objective function value). This ability to detect
the convergence of the population was the main motivation for developing
the Cutting Box Strategy, which is detailed in the next section.

Input: Sr: selection parameter, xk: target solution, dk: descendant
solutions of target solution.

1 Choose u as the best solution among the M descendant generated solutions
(dk) (according to the Deb’s comparison criteria) ;

2 if rand(0, 1) ≤ Sr then
3 if f(u) ≤ f(xk) then
4 xs ← u;

5 else
6 xs ← xk ;

7 else
8 if u is better than xk (according to the Deb’s comparison criteria) then
9 xs ← u;

10 else
11 xs ← xk;

12 return xs ;
Algorithm 3: Procedure SelectionOp.
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3 Cutting Box Strategy

Although good metaheuristics make use of mechanisms to favor the explo-
ration of the search space with diversity, they may fail to find global solutions
especially if the addressed problem presents many local optimal points. To
increase the effectiveness of metaheuristics in seeking good solutions, we
present in this work a new algorithmic framework that aims to prevent pre-
mature convergence of the main procedure adopted. This algorithm, called
Cutting Box Strategy (CBS), can be used with any metaheuristic that has
some mechanism to detect convergence, as for example, DEV (lines 17-20
of the Algorithm 2), even if this convergence is neither to a global nor to a
local optimal solution.

The main idea of the CBS strategy is to apply a metaheuristic to solve
problem 1 several times, in a scheme that can be represented by a tree, the
CBS tree (Figure 1). The metaheuristic adopted in the solution of 1 will be
referred in the remaining of this paper as the basic procedure. At each level
w of the tree, CBS adresses a subproblem obtained from (1) by replacing the
box constraint (4):

l ≤ x ≤ u,

by:

lw ≤ x ≤ uw, (5)

where lw and uw are such that the constraint (5) defines a subset of the
feasilble set defined by (4), i.e., any solution x̄ that satisfies (5) shall also
satisfy (4). We, thereby, define the box Bw = {x ∈ Rn | lw ≤ x ≤ uw}.

Initially, at the root node of the CBS tree, l0 = l and u0 = u are set.
As the algorithm CBS descends in the tree, the box that represents the
search space is reduced by a factor denoted by λ and constructed around
the best solution obtained on the current level. To avoid bottlenecks around
wrong solutions a number of maxSubBoxes calls to the basic procedure are
performed on each level w. Each of these calls to the basic procedure with
input Bw will result in a different solution to the addressed problem, which
is accomplished by the use of the concept of cutting box. Let x̄w,z be the
solution obtained on the z-th call to the basic procedure on the level w.
Considering the solution x̄w,z and the reduction factor λ, define the box:

B̄w,z = {x ∈ Rn|lw,z ≤ x ≤ uw,z}
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Figure 1: Example of the CBS tree with maxSubBoxes = 3 and
maxLevels = 2. On level zero, box 3 (B̄0,3) presents the best solution.
On level 1, box 2 (B̄1,2) presents the best solution, which is returned by the
algorithm (see Algorithm 4).
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where

lw,z
i = max{x̄w,z

i − (uwi − lwi )
λ

2
, lwi }, i = 1, . . . , n (6)

uw,z
i = min{x̄w,z

i + (uwi − lwi )
λ

2
, uwi }, i = 1, . . . , n (7)

Input: BASICPROC: basic procedure, maxLevels: maximum number of
levels in a tree, maxSubBoxes: maximum number of boxes on each
level, α: convergence factor for BASICPROC, λ: box reduction
factor.

1 l0 ← l, u0 ← u;
2 let Bw = {x ∈ Rn | lw ≤ x ≤ uw} ;
3 fbest←∞ ;
4 for w = 0, . . . ,maxLevels− 1 do
5 numSubBoxes← 0 ;
6 for z = 1, . . . ,maxSubBoxes do
7 Apply BASICPROC to box Bw preventing solutions in boxes B̄w,j ,

j = 1, . . . , z − 1 ;
8 if BASICPROC converges then
9 numSubBoxes← numSubBoxes+ 1 ;

10 let x̄w,z the best solution obtained in line 7 ;
11 lw,zi ← max{x̄w,zi − (uwi − lwi )λ2 , l

w
i }, i = 1, . . . , n;

12 uw,zi ← min{x̄w,zi + (uwi − lwi )λ2 , u
w
i }, i = 1, . . . , n;

13 B̄w,z ← {x ∈ Rn | lw,z ≤ x ≤ uw,z} ;
14 else
15 go to line 16 (break the loop) ;

16 if numSubBoxes > 0 then
17 go to line 23 (break the loop) ;

18 b← argminj=1,...,numSubBoxes{f(x̄w,j)} ;
19 lw+1 ← lw,b, uw+1 ← uw,b ;
20 if f(x̄w,b) < fbest then
21 xbest← x̄w,b ;
22 fbest← f(x̄w,b) ;

23 return xbest ;
Algorithm 4: Cutting Box Strategy Algorithm.

In the (z + 1)-th call to the basic procedure on level w, this procedure
adresses the problem defined over box Bw, preventing the obtained solutions
to belong to any of the boxes B̄w,j , j = 1, . . . , z. Regarding the DEV
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algorithm, this may be accomplished as follows: whenever the algorithm
generates a solution in any one of these boxes, a coordinate i of this solution
is randomly selected. This solution coordinate is then set equal to a random
value in the range [lwi , u

w
i ]. This procedure is repeated until the obtained

solution no longer belongs to any of the boxes B̄w,j , j = 1, . . . , z. Note
that in this way, DEV works as optimizing a problem within a cutting box,
where each new run on a certain level w generates a new cutting. Therefore,
each one of the maxSubBoxes runs of DEV on a given level w provides
a different solution. In this way, local optima found in previous runs are
discarded, increasing the possibility of the algorithm to find global optimal
solutions. The best box found, i.e., the box associated to the best solution
x̄w,z, is defined as box Bw+1 on the next level of the tree. If the basic
procedure fails to converge to a feasible solution on the z-th iteration of level
w, the algorithm CBS advances directly to the next level considering only the
boxes obtained in the previous iterations at level w. To test the convergence
of the basic procedure, it is possible to use a tolerance factor α dependent
on the size of Bw. For example, considering DEV as the basic procedure,
we may consider the convergence tolerance ε = αmaxi=1,...,n{uwi − lwi }. In
cases where the ranges of the variables are disproportioned, it might be a
good idea to adopt for DEV a different tolerance εi for each coordinate i,
i.e., εi = α(uwi − lwi ).

The CBS algorithm descends in the search tree until levelmaxLevels and
then returns the best solution found. Algorithm 4 shows the CBS algorithm
while Figure 1 illustrates a small example of a CBS tree.

4 Computational Results

In this section, we describe the computational results obtained with the
application of the CBS framework combined with a metaheuristic to solve
instances of the general nonlinear optimization problem. As previously men-
tioned, we adopt the DEV algorithm as the basic procedure on the appli-
cation of CBS because it provides a mechanism for detecting convergence,
required by CBS, and also because of its computation effectiveness, which is
demonstrated in [17]. In [17], the authors report the successful application
of DEV on a set of 22 test instances, which are described in [14]. In this
paper, we consider a set of 36 instances with multiple local optima taken
from CEC2010 (detailed information on the instances can be found in [16]).
This set of test problems was constructed with 18 scalable instances, where
each instance was included in the set with 10 and 30 variables, according to
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[16]. We note, however, that the optimal solution of these test instances is
not available in the literature. As recommended in [16], we adopt a tolerance
of 10−4 with respect to the equality constraints (3).

The experiments were conducted with our own implementations of the
algorithms in C++, compiled with g++ compiler (GCC 4.4) using the flags
“-O3-march = native". Tests were run on a computer with Intel Core 2 Duo
frequency 2.13 GHz and 2 MB cache, 2 GB of RAM and using the Linux op-
erating system Ubuntu 11 (32 bits). For the generation of random numbers,
we used the implementation of the Mersenne Twister method available in [8]
.

We compare the application of DEV itself with the application of DEV
within the CBS framework, performing 100 runs on all test instances. In the
first case, the parameter ε was set equal to 1.0e−6, while in the second case,
this parameter was defined as a function of the parameter α, as explained
in Section 3. The other DEV parameters were adjusted for both cases as
follows: MAXGEN = 2000, P = 50, M = 4, CR0 = 0.5 and Sr0 = 1.0 (see
Algorithm 2 for a description of these parameters). The values used for the
CBS parameters were maxLevels = 2, maxSubBoxes = 3, λ = 0.1 and
α = 0.001 (see Algorithm 4 for a description of these parameters). In the
last level of the CBS tree, we adopted maxSubBoxes = 1. The values used
for the parameters were determined empirically.

Tables 1 and 2 show the computational results for the 18 test instances
with 10 and 30 variables, respectively. The first column (Problem) iden-
tifies the problem, while the second one (Alg) discriminates the approach.
Considering 100 executions of each approach for each test instance, the re-
maining columns bring the value of the objective function in the best solution
found (Best), the average value of the objective function (Avg), the objective
function value of the worst solution found (Worse), the standard deviation
(SD), the number of runs in which at least one feasible solution was found
(Feas Sols), the average running time in seconds (Avg time (s)), the average
number of the objective function evaluations (Avg Avals-F) and the average
number of the constraint functions (2) and (3) evaluations (Avg C-Avals).
The last lines in each table show the average values (considering the previous
lines) for the approaches.

Regarding the instances with 10 variables (Table 1), we note that CBS
shows better results than DEV for 8 out off the 18 instances, considering
the average value of the objective function (C01, C02, C03, C08, C09, C10,
C15 and C17). For the other instances, the performance of both approaches
can be considered equivalent with respect to this criterion. CBS also shows
the best results with respect to the worst solution for 3 instances (C01, C02
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and C17). Regarding the best solution, both approaches have equivalent
performence on all test instances. We note that, considering these three
criteria, CBS does not underperform DEV on any instance. For instances
C11 and C12, no approach can find any feasible solution. We point out
that, since CBS uses DEV as the basic procedure in this study, in cases
where DEV fails to find a feasible solution, CBS also fails. As would be
expected, the computational effort demanded by CBS was greater than that
demanded by DEV. On average, the computational time for CBS is 2.45
times the time for DEV. We emphasize that each run of DEV within the
CBS framework tends to be computationally cheaper than an independent
run of DEV due to difference in the value of the convergence tolerance ε
that was used. The number of evaluations of the objective function and the
constraints performed by CBS are, on average, 2.34 and 2.55 times higher
than the ones performed by DEV, respectively.

Regarding the instances with 30 variables (Table 2), we note that CBS
shows better results than DEV for 12 out off the 18 instances (all except C1,
C3, C4, C11, C12 and C16), considering the best obtained solution. For other
instances, both approaches show equivalent performance with respect to this
criterion. Considering the average value of the objective function, CBS shows
better performance than DEV for 13 instances (all, except C3, C4, C11,
C12 and C14). Only for instance C14, DEV shows better result than CBS,
considering the average value of the objective function. This same behavior
is repeated for the worst solution, where CBS gives better results than DEV
for 12 instances (all except C02, C03, C04, C11, C12, and C14). With
respect to the computational time and the average number of evaluations of
the objective and constraints functions, the results for CBS are on average
2.31, 2.10 and 2.2 higher than those for DEV, respectively. Finally, we point
out that both approaches cannot provide any feasible solution for instances
C04, C11 and C12.

The computational results presented in this section, especially those on
Table 2 demonstrate the effectiveness of the CBS algorithm. It is clear from
the results that the application of CBS can improve the performance of the
metaheuristic adopted to solve the problem addressed here, although this
metaheuristic is applied multiple times on the same problem. The main
reasons for the success of CBS are to consider boxes that gradually become
smaller through the levels of the CBS tree, and its ability to prevent lo-
cal optima already found to be revisited in future applications of the basic
procedure on the same level of CBS tree.
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5 Conclusion

Continuous global optimization problems are in general difficult to adress
with classical solution methods. Although in recent years there has been
a major effort in developing good metaheuristics that attempt to reach the
global optimal solution of these problems, in many cases these algorithms
still fail to accomplish this goal, especially when the problem has many local
optima.

In this paper, we propose a new framework to improve the performance
of metaheuristics for the general nonlinear optimization problem called Cut-
ting Box Strategy (CBS). CBS uses a basic procedure that is successively
applied in an optimization process inside a box, where the boxes are pro-
gressively reduced. CBS can be considered as a search tree algorithm, where
the search spaces are boxes. On each level of the tree the basic procedure is
applied several times to the problem, considering only smaller boxes that are
contained in the original one. The different aspect of CBS is that it relies on
an intelligent application of multi-starts to the subproblems on each level of
the tree, which avoids the same solution to be generated more than once, by
creating a “hole” in the box where the search for solutions is performed, and
consequently preventing the basic procedure to generate solutions in these
“holes”.

The methodology described here is general and therefore can be applied
to any stochastic basic procedure or metaheuristic with a mechanism for
detecting convergence that can handle the addressed problem. We evaluated
the performance of CBS combined with a good metaheuristic on a set of 36
test instances with multiple local optima. The results showed that CBS was
able to considerably improve the results of the metaheuristic adopted as the
basic procedure considering the quality of the solutions obtained in exchange
for a tolerable increase in computational effort.

As possible future research, we suggest the evaluation of the performance
of CBS with other basic procedures and test instances, along with the de-
velopment of other strategies for exploiting the CBS tree beyond the search
procedure used here.
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