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Abstract: In this paper, a cuckoo search (CS) algorithm using elite opposition-based strategy is proposed. The
opposite solution of the elite individual in the population is generated by an opposition-based strategy in the
proposed algorithm and form an opposite search space by constructing the opposite population that locates
inside the dynamic search boundaries, then, the search space of the algorithm is guided to approximate the
space in which the global optimum is included by simultaneously evaluating the current population and the
opposite one. This approach is helpful to obtain a tradeoff between the exploration and exploitation ability
of CS. In order to enhance the local searching ability, local neighborhood search strategy is also applied in
this proposed algorithm. The experiments were conducted on 14 classic benchmark functions and 28 more
complex functions from the IEEE CEC’2013 competition, and the experimental results, compared with five
other meta-heuristic algorithms and four improved cuckoo search algorithms, show that the proposed algo-
rithm is much better than the compared ones at not only the accuracy of solutions but also for the conver-
gence speed.

Keywords: Cuckoo search algorithm, elite opposition-based strategy, diversity of population, accuracy of
solutions.

1 Introduction

In recent years, more and more bio-inspired algorithms were proposed [12], such as, genetic algorithm (GA)
[10], charged system search (CSS) method [18], particle swarm optimization (PSO) [19], firefly algorithm (FA)
[36], differential evolution optimization (DE) [28], monkey search (MS) [23], fly optimization algorithm (FOA)
[24], invasive weed optimization (IWO) [22], bat algorithms (BA) [37], colliding bodies optimization (CBO)
[17], ray optimization (RO) [16], dolphin optimization [15], etc. Because of its advantages in global, parallel
efficiency, robustness, and universality, swarm intelligence algorithms have been widely used in engineering
optimization, scientific computing, automatic control, and other fields.

The cuckoo search (CS) is novel meta-heuristic algorithms, developed in 2009 by Yang and Deb [38-40].
The CS is based on the brood parasitism of some cuckoo species. In addition, this algorithm is enhanced by
the so-called Lévy flights [25], rather than by simple isotropic random walks. Recent studies show that CS
is potentially far more efficient than PSO and genetic algorithms. Cuckoos are fascinating birds, not only
because of the beautiful sounds they can make but also because of their aggressive reproduction strategy.
Some species such as the ani and guira cuckoos lay their eggs in communal nests, though they may remove
others’ eggs to increase the hatching probability of their own eggs. Quite a number of species engage the obli-
gate brood parasitism by laying their eggs in the nests of other host birds (often other species).
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The CS algorithm has been applied in many areas of optimization. For example, in the engineering design
applications, the CS has superior performance over other algorithms for a range of continuous optimization
problems such as spring design, welded beam design, and design of steel frame problems [7, 8, 14, 39]. In
addition, a modified cuckoo search by Walton et al. [32] has demonstrated to be very efficient in solving non-
linear problems such as mesh generation. Vazquez [31] used the CS to train spiking neural network models,
while Chifu et al. [4] optimized semantic web service composition processes using the CS. Furthermore,
Kumar and Chakarverty [20] achieved optimal design for reliable embedded system using the CS, and Kaveh
and Bakhshpoori [13] used the CS to successfully design steel frames. Yildiz [41] has used the CS to select
optimal machine parameters in milling operation with enhanced results, while Zheng and Zhou [42] pro-
vided a variant of the CS using the Gaussian process.

On the other hand, a discrete CS algorithm as been proposed by Tein and Ramli [30] to solve nurse sched-
uling problems. The CS has also been used to generate independent paths for software testing and test data
generation [5, 26, 27]. As a further extension, Yang and Deb [40] produced a multi-objective CS for design
engineering applications. For multi-objective scheduling problems, a significant progress was made by Chan-
drasekaran and Simon [3] using cuckoo search algorithm, which demonstrated the superiority of their pro-
posed methodology.

Recently, many swarm intelligence algorithms with the elite information have been proposed, such as a
reverse particle swarm optimization algorithm-based elite proposed by Zhou [43], Takahama proposed a dif-
ferential evolution algorithm based on an elite set of feasible solutions for solving constrained optimization
problems [29]. They use a wealth of information carried by the elite and effectively improve the convergence
speed and accuracy.

In order to overcome the limited performance of standard CS on complex problems, improve the ability
of global searching and local searching, a novel dynamic CS algorithm with elite opposition-based strategy
(EOS) is proposed in this paper.

The rest of this paper is organized as follows. The basics of CS algorithm is presented in the next section,
and the CS with EOS is presented in Section 3, and the concept of EOS [2], the local neighborhood search
strategy (LNSS) [6], and dynamic proportion strategy (DPS) are explained, followed by the detailed discus-
sion of the proposed EOSCS algorithm. The experiment results are illustrated in detail in Section 4, compared
to CLSPSO [1], DE [28], BA [37], FOA [24], CS [38] and other improved CS algorithms(CCS [35], GCS [42], DECS
[33], DDICS [34]). Finally, some remarks and conclusions are provided in Section 5.

2 Cuckoo Search Algorithm

The CS optimization technique was introduced by Yang and Deb recently [38]. Cuckoos have a belligerent
reproduction tactic that involves the female laying her fertilized eggs in the nest of another species so that
the surrogate parents unwittingly raise her brood. Sometimes the cuckoo’s egg in the nest is revealed, and
the surrogate parents throw it out or dump the nest and start their own brood elsewhere. The CS optimization
algorithm considered various design parameters and constraints, the three main idealized rules on which it
is based are as follows:

1. Each cuckoo lays one egg at a time, and dumps its egg in a randomly chosen nest;

2. The best nests with a high quality of eggs will carry over to the next generations;

3. The number of available host nests is fixed, and the egg laid by a cuckoo is discovered by the host bird
with a probability p € [0, 1]. In this case, the host bird can either throw the egg away or abandon the nest
and build a completely new nest. Based on the above three rules, the basic process of CS algorithm can
be summarized in the pseudo-code shown in Algorithm 1.

For simplicity, this last assumption can be approximated by the fraction p_ of n nests in the current iteration,
which need to be replaced by new nests (with new random solutions) in the next iteration. In addition, each
nest can represent a set of solutions; CS can thus be extended to the type of meta-population algorithm. The
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Algorithm 1. Cuckoo search via Lévy flight algorithm (CS).

Begin
Objective function f(x), x=(x,, X,, ..., x))7
Generate initial population of n host nests x, = (i=1, 2, ..., n)
While (t < Max Generation) or (stop criterion)
Get a cuckoo randomly by Lévy flights
Evaluate its quality/fitness F,
Choose a nest among n (say, j) randomly
If (F,> F,).
replace j by the new solution;
End
A fraction (p,) of worse nests are abandoned and new ones are built;
Keep the best solutions (or nests with quality solutions);
Rank the solutions and find the current best
End while
Post-process results and visualization
End

number of parameters to be tuned in the CS is less than other nature-inspired techniques. The technique
has been demonstrated successfully on some benchmark functions and is found to be far better than other
approaches including the advanced particle swarm optimization approach.

3 Cuckoo Search With Elite Opposition-Based Strategy Algorithm

In order to enhance the global searching and local searching abilities, we applied three optimization strate-
gies to basic the CS algorithm; those were EOS [2], local neighborhood searching strategy (LNSS) [6], and
dynamic proportion strategy (DPS).

3.1 Elite Opposition-Based Strategy (EOS)

In the CS algorithm, the Lévy flight can improve the diversity of the population and strengthen the global
search ability of the algorithm. In contrast, if its step size is set too long or too short, it also can run out of the
global optimal value. Thus, we add EOS to global search process to enhance its exploitation ability.

First, we should explain a model (elite opposition-Based model). Its main idea is to assess the current
solution and reverse solution, choose a better solution as the next generation of individuals. We suppose
that there exists a point X, = (xm, Xip oo xi,D) is a parameter vector, and its dimensionis D, x,, x,, ..., X,€R, and
Xe [a}., bj]. The opposition point X, =(X,, X,, ..., X, ) is defined in the formula below:

x}.=a}.+b1.—xj (1)

In this paper, we use an EOS to enhance the global search ability of cuckoo search algorithm. It calculated
and evaluated the population reverse solution, and the elite opposition-based model can be expressed in the
following formula:

X = k( da,+db;) - x;, @)
Where xije[aj, b},], keU(0, 1). k is a generalize factor. da}. and db}. are two dynamic boundary. The
dynamic boundary can be expressed according to following formula:

dai =min( X, ), dbj =max( oy ) 3)
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In order to save the search experience, we use dynamic boundary instead of fixed boundary, it can reduce
the space of search. If the opposition solutions exceed the boundary, we use a randomly number (between 0
and 1) to reset it. The reset number can be expressed according to following formula:

x; =rand(a;, b )if X' <a orb >Xx’ (4)
5] ] ] 1,] ] ] 1]

EOS can produce a population of inverse solution and enhance the new search space. It can improve the
diversity of population and strengthen the global search ability of the algorithm. What is more, by comparing
the current solution with inverse solution, the best solution is selected as the elite into the next generation.

3.2 Local Neighborhood Search Strategy (LNSS)

The CS algorithm uses a random step change to do local search. The experiment results show that the local
search ability is limited. Thus, we add LNSS to the local search process to enhance its exploitation ability.

In the local neighborhood search model, each vector uses the best vector of only a small neighborhood
rather than the entire population to do the location update operation. We suppose that there exists a dif-
ferential population P = [X, ;, X, ;, ..., Xi+1,G]’ and each Xl.,G(i =1, 2, ..., NP) is a parameter vector, and its
dimension is D. Each vector subscript indices are randomly divided to ensure the diversity of each neigh-
borhood. To each vector X, ,, we can define a neighborhood, and the radius is k(2k+1 < NP). The neighbor-
hood consists of vector Xl.fk’G, e Xi’G, o X, 6" Assuming that the vectors accord the subscript indices in a
ring topology structure. We can take X, , . and X, ; as two direct neighbors of X, ;. The concept of the local
neighborhood model is shown in Figure 1. The neighborhood topology here is static and determined by
the collection of vector subscript indices. The local neighborhood model can be expressed in the following

formula:

X =X +af X, bestc _Xi,G) +p( Xp,G _Xq,G) 5)

1G+1

where X, . . is the best vector of X, ; neighborhood, and p, ge li-k, i+kl(p=qg=#i), a, 8 are two scale factors.

3.3 Dynamic Proportion Strategy (DPS)

In the CS algorithm, the local search and global search proportion is controlled by a fixed parameter Pa. We
suppose that a reasonable algorithm should do more global search at the beginning of the searching process
and the global search should be less in the end. Thus, we applied the DPS to adjust the proportion of two
kinds of searching process. The value of proportion Pa can alter according to following formula:

(iterMax —t)
iterMax

Pa=Pa-0.1 (6)

Figure 1: Neighborhood Ring Topology.
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where iterMax is the maximum iterations of the EOSCS, and t is the current iteration. Specific implementation
steps of EOSCS with elite opposition-based strategy (EOSCS) can be summarized in the pseudo-code shown
in Algorithm 2.

Algorithm 2. Cuckoo search with elite opposition-based strategy algorithm (EOSCS).

Begin
Objective function f(x), x=(x,, X,, ..., x,)7
Generate initial population of n host nests x,=(i=1, 2, ...,n) P,
Generate opposition-based population of n host nests oppo_x,=(i=1, 2, ..., n) OP,
Select the NP fittest individuals from {P,UOP}
Select the best individual as the elite individual X, from {P,LOP}
While (t < Max Generation) or (stop criterion)
Get a cuckoo nest(i=1, 2, ..., n) randomly by Lévy flights
Evaluate its quality/fitness F,
Generate opposition-based nests oppo_nest(i=1, 2, ..., n)
Fori=1:n
oppo_nest, =k(da, +db)-X,;
End
Evaluate its quality/fitness OPPO_F,
If (F,> OPPO_F),
replace nest, by the new solution oppo_nest;
replace F, by the new quality/fitness OPPO_F;
End
Choose a nest among n (say, j) randomly
If (F > Fl.),
replace j by the new solution;
End
Dynamic Proportion Strategy (DPS) adjust p, via formula (6);
A fraction (pa) of worse nests are abandoned and new ones are built via Local Neighborhood Search Strategy (LNSS);
Keep the best solutions (or nests with quality solutions);
Rank the solutions and find the current best
End while
Post-process results and visualization
End

4 Simulation Experiments

In this section, we applied 14 standard test functions to evaluate the optimal performance of CS with elite oppo-
sition-based strategy (EOSCS). The best, mean, worst, and Std. represent the optimal fitness value, mean fitness
value, worst fitness value, and standard deviation (Std.), respectively. The result runs for each algorithm are
summarized in Tables 1 and 2. The 14 standard benchmark functions have been widely used in the literature
[11]. The dimensions, scopes, optimal values, and the iterations of 14 functions are in Table 3. We also do some
high-dimensional tests, and the results are shown in Table 4. In addition, in order to compare the performance
of the proposed approach and other improved CS algorithms, we used 28 more complex benchmark test func-
tions from IEEE CEC 2013 competition [21] to test the 28 functions, and the results are summarized in Tables 5-8.

4.1 Experimental Setup

All the algorithms compared in this section are implemented in Matlab R2012a (7.14). Experiments are per-
formed on a PC with a 3.01-GHz, AMD Athlon (tm) II X4 640 Processor, 3GB of RAM, and Windows XP operat-
ing system.
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Table 1: Experiment Results of Benchmark Functions for Different Algorithms (D = 30).
Function Result CLSPSO DE BA FOA cs EOSCS
F (b=30) Best 9.00013E-16 6.915807234 0.000996122 2.13845E-05 0.004023394 2.3446E-249
Mean 3.01674E-09 47.61180503 0.001354595 0.082713534 0.010066405 2.7017E-242
Worst 2.80788E-08 177.693078 0.001693107 0.707014887 0.022198961 6.4823E-241
Std. 5.66785E-09 51.60342989 0.000174248 0.216245998 0.00452777 0
Rank 2 6 3 5 4 1
f, (b=30) Best 6.40057E-10 166.165864 15.16564042 0.00423111 64.02685333 0
Mean 7.598673747 272.4051955 26.16697633 19.694717 86.43836671 0
Worst 26 440.2251995 42.08389965 162.0176528 112.0529335 0
Std. 6.077755021 62.16580992 6.511919575 43.74018031 12.91754674 0
Rank 2 6 3 5 4 1
F3 (b=30) Best 0 3998 0 0 0 0
Mean 0 16139.63333 0.2 0 0.066666667 0
Worst 0 66282 1 0 1 0
Std. 0 17895.98025 0.406838102 0 0.253708132 0
Rank 1 4 3 1 2 1
F, (b=30) Best 26.8326182 285.7097767 25.28054945 5.78746E-07 22.97272405 26.53121666
Mean 28.41865876 3745.1064 27.77359091 32.43498523 25.35460187 27.59982225
Worst 29.18401908 9363.006796 29.50148569 72.93680757 26.28696859 28.70536245
Std. 0.481464337 3252.57872 1.193948427 13.82980311 0.644099778 0.495381107
Rank 1 6 4 5 3 2
F5 (D=30) Best 3.36602E-07 11.96744075 0.022867366 0.003407913 1.082011788 8.88178E-16
Mean 2.70513E-05 16.42452995 0.999158775 0.250419879 1.983000642 8.88178E-16
Worst 0.000115775 20.90579334 1.902688064 1.771753396 2.631160285 8.88178E-16
Std. 2.85333E-05 2.610384328 0.652418731 0.572789366 0.349118062 0
Rank 2 6 5 4 3 1
Fs (D=30) Best 8.77076E-15 33.03291749 5.00523E-05 1.42564E-06 0.040447069 0
Mean 1.38426E-10 153.7696637 7.20724E-05 0.010266246 0.107262004 0
Worst 1.17837E-09 598.307314 8.57186E-05 0.140854303 0.178216749 0
Std. 2.95817E-10 172.1359965 8.94179E-06 0.030247866 0.034612428 0
Rank 2 6 3 4 5 1
f, (b=30) Best 0.099873346 5.728751666 0.299873346 0.099873346 1.025522743 0
Mean 0.129873346 10.97147221 0.366540013 0.105513772 1.409106328 0
Worst 0.199873346 25.66259745 0.499873346 0.237308406 1.77624218 0
Std. 0.04660916 4.791025365 0.060647843 0.025017999 0.174585283 0
Rank 3 6 4 2 5 1
Fy (b=30) Best 1.19636E-05 0.680798801 0.015748487 0.001375633 0.015288963 2.93213E-06
Mean 0.000296183 56.10768192 0.031328116 0.036668972 0.032166599 6.72564E-05
Worst 0.00104468 162.3015255 0.054688111 0.811660473 0.048968339 0.000208014
Std. 0.000207663 53.78178383 0.010703481 0.152286262 0.008024855 4.92982E-05
Rank 2 6 4 5 3 1
F9 (D=30) Best 6.03872E-09 13.93490571 0.013923243 0.002560367 4.710000811 3.4688E-126
Mean 1.70153E-05 19.50407839 0.01659252 0.280985673 6.480231692 1.1993E-123
Worst 6.70086E-05 31.8237867 0.020234424 1.789080575 7.97067096 8.7762E-123
Std. 1.69009E-05 4.22469352 0.001523122 0.534253643 0.990702806 2.0236E-123
Rank 2 6 3 4 5 1

4.2 Comparison of Each Algorithm Performance

The proposed EOSCS algorithm in this paper is compared with mainstream swarm intelligence algo-
rithms CLSPSO, DE, BA, FOA, CS, respectively, using the best, mean, worst, and Stds. to compare their
optimal performances. In this part, the population size is NP = 50. The experiment results are obtained
in 30 trials. The setting values of algorithm control parameters of the mentioned algorithms are given

below:
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Table 2: Experiment Results of Benchmark Functions for Different Algorithms.
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Function  Result CLSPSO DE BA FOA cs EOSCS
F10 (D=2) Best -1.031628453 -1.031628453 -1.031628453 -0.866009808 -1.031628453 -1.031628453
Mean -1.031628453 -1.031628453 -1.031628416 -0.1488382 -1.031628453 -1.031628453
Worst  -1.031628453 -1.031628453 -1.031628314 0.003090185 -1.031628453 -1.031628453
Std. 6.51945E-16 6.77522E-16 3.49846E-08 0.265691693 6.77522E-16 6.77522E-16
Rank 2 1 3 4 1 1
F,,(D=2) Best 27.70290555 0.397887358 0.397887358 0.84467413 0.397887358 0.397887358
Mean 27.70290555 0.397887358 0.397887375 11.97252821 0.397887358 0.397887363
Worst 27.70290555 0.397887358 0.397887417 51.99539967 0.397887358 0.397887448
Std. 1.80672E-14 0 1.53224E-08 20.60147085 0 1.67207E-08
Rank 2 1 3 5 1 4
F,(D=2) Best -123.5767709 -186.7309088 -186.7309073 -9.251536411 -186.7309088 -186.7309088
Mean -123.5767709 -186.4930224 -186.7308821 -1.52794067 -186.7309087 -186.7309088
Worst -123.5767709 -185.8356247 -186.73079 0.701000563 -186.7309083 -186.7309065
Std. 1.86598E-14 0.230367245 2.568E-05 2.254032923 1.45146E-07 4.16234E-07
Rank 1 5 4 6 2 3
F,(D=2) Best -3.03082E-05 -1 -1 -1 -1 -1
Mean -3.03082E-05 -1 -0.999999988 -0.7 -1 -1
Worst  -3.03082E-05 -1 -0.999999957 -1.5E-08 -1 -1
Std. 1.03382E-20 0 1.07244E-08 0.466091 0 0
Rank 2 1 3 4 1 1
F,,(D=4) Best —5.12847104 -10.53640982 -10.53618057 -10.5363 -10.53640982 -10.53640982
Mean -5.12847104 -10.5364 —-5.445846498 -6.50465 -10.53640982 -10.53640982
Worst -5.12847104 -10.53640982 -3.835409293 -0.40396 -10.53640982 -10.53640982
Std. 2.71009E-15 3.18E-15 1.4036311 5.022064 1.74269E-13 1.77636E-15
Rank 2 3 5 6 4 1

1. CLSPSO parameters setting: weight factors C, = C, = 1.49445, wmin = 0.4, wmax = 0.9, u = 3, the popula-

tion size is 50.
DE parameters setting: F= 0.9 and CR = 0.9, the population size is 50.
BA parameters setting: A = 0.25, r = 0.5, the population size is 50.

FOA parameters setting: the population size is 50.

CS parameters setting: the population size is 50, Pa = 0.25.
EOSCS parameters setting: the population size is 50, Pa = 0.25.

EIGIF VI

For the low-dimensional case, the maximum number of iterations of each algorithm is iterMax = 1000. From
the rank of each function in Table 1, we can conclude that EOSCS provides the most of the better results than
CS and other algorithms in low-dimensional case. What is more, EOSCS can find the theoretical optimum
solutions for most benchmark functions (F,, F,, F,, F,, F, F,) and has a very strong robustness. The number of
finding the optimal solution for EOSCS is more than the other five algorithms. For other algorithms, CLSPSO
and FOA can find only one theoretical optimum solution (F,). DE is the worst algorithm compared with the
other algorithms in low dimension in this paper. BA and CS do not have a strong robustness; the Std. is large.

From the rank of each function in Table 2, we can see that EOSCS provides better results than the other
algorithms except F,,. For the most functions, EOSCS can find the theoretical optimum solutions (F,, F,,, F.,
F,). CS can find the theoretical optimum for F, ~F,, except F,,. CLSPSO can find one theoretical optimum for
F,. As we can see that DE is better than BA in the low-dimensional case, it can find the theoretical optimum
for F, ~F,,, BA can find the theoretical optimum values for F, ~ F,.. FOA is the worst compared with the other
algorithms in low dimension in this paper; it has low robustness and cannot find the theoretical optimum
values.

For benchmark functions in Table 3, Figures 2-7 are the convergence curves. Figures 8-14 are the ANOVA

tests of the global minimum. Figures 2-7 show that the convergence speed of EOSCS is quicker than the other
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Table 3: Benchmark Test Functions.

Functions Name Benchmark functions Scope foin
F, Sphere = x [-100, 100] 0
i=1
F, Rastrigin f(x)="[x? —10cos(27x,) +10] [-5.12, 5.12] 0
i=1
n-1
F, Step )= (Lx,+0.5]y [-100, 100] 0
i=1
n-1
F, Rosenbrock fO)=Y[(x, -1 +100(x} - x,, ] -2, 2] 0
i=1
F, Ackley f(x):—20exp[—0.2 12){? —exp(lzcosznxi]]+20+e [-32,32] 0
ni= ni=
1 n n X.
F, Griewanl X)=——Y (x)=[]cos| = |+1 -600, 600 0
2 iewank f) 4000;(,) H (\/7] [ ]
D D
F, Salomon f(x)=—cos| 2 |> x? |+0.1 > x* +1 [-100, 100] 0
i=1 i=1
F, Quartic function, i.e. noise  f(x)= x*+random(0, 1) [-1.28,1.28] 0
i=1
F, Alpine fO)=|x;sin(x,)+0.1x,| [-10, 10] 0
i=1
X4
Fo Six hump camel back f(xl,x2)=[4—2.1xf+?l X4 X, X, +(—4+4x2)X] [-5,5] -1.03163
51, 5 ’ 1
F, Branin f(x):(xz—[w'T2 X +;x1 —6) +10(1—§)cos(xl)+10 [-5,15] 0.397887
5
F, Shubert FO) =" icos((i +1)x, +1)-Yicos((i + 1)x, +1) [-10,10] -186.731
i=1
F, Easom f(x,, x,)=—cos(x,)cos(x,)exp(-(x, — 7)’~(x, — 7)) [-100, 100] -1
m n -1
F., Shekel f(x):—Z(Z[(x/.—ai/)’+ci]] , m=30 [0,10] -10.5364
i=1\ j=1

algorithms. EOSCS is the best algorithm for most functions. Moreover, from the ANOVA tests of the global
minimum, Figures 8-14 show that EOSCS is the most robust method. For the 14 benchmark functions, the
other algorithms compared (i.e. CLSPSO, DE, BA, FOA, and CS) can only be robust for a few functions, but
cannot be robust for all functions. Therefore, EOSCS is an effective and feasible method for optimization
problems in the low-dimensional case.

In order to analyze the compared results, a nonparametric statistical significance proof known as the
Wilcoxon’s rank sum test [9] for independent samples has been conducted over the “average best-so-far”
fitness value from Tables 1 and 2, with a 5% significance level. Tables 9 and 10 report the p-values produced
by Wilcoxon’s test for the pair-wise comparison of the mean fitness value of five groups. Such groups are
formed by EOSCS versus CLSPSO, EOSCS versus DE, EOSCS versus BA, EOSCS versus FOA, and EOSCS versus
CS. As a null hypothesis, it is assumed that there is no significant difference between the mean values of
the two algorithms. The alternative hypothesis considers a significant difference between the mean fitness
values of both approaches. From Table 9, we can see, except F,, that the p-values reported in Table 9 are <0.05
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Table 4: Experiment Results of Benchmark Functions for Different Algorithms (high Dimensional).

Function Result CLSPSO DE BA FOA cs EOSCS

F,(D=1000) Best 2.00836E-11 7895.125118  3.761577797  0.000713885 65925.83  7.54693E-250
Mean 0.175960628  8211.174157  4.034170666 3.80596881 79338.86 1.00000E-240
Worst 5.278791352  8368.281929  4.318113678  23.90351134 92211.22 1.76470E-239

Std. 0.96377086 117.3203901 0.142167645 8.66245771 6922.05 0
Rank 3 5 2 4 6 1
F,(D=100) Best 2.42153E-08  1527.156141 45.85858786 0.01421204 401.8739 0
Mean 35.06356514 1620.308015 100.9119234 46.34973847 458.6452 0
Worst 97.99495906 1683.110692 139.0827724  384.5452066 509.4855 0
Std. 33.87135946  41.07255346  21.59241331 120.4224467 30.68188 0
Rank 4 5 2 6 3 1
F,(D=300) Best 0 832401 9 0 9031 0
Mean 0.6 879182.7  23.83333333 0 11513.67 0
Worst 3 915141 45 0 15273 0
Std. 0.813676204  22738.21259  8.678484427 0 1309.508 0
Rank 2 5 3 1 4 1
F,(D=1000) Best 988.9062883  406150.8255 1381.417884 3.39261E-05 4070.596 998.7547
Mean 1459.277226  441080.8059 1495.434151 1008.31016 4494.842 998.86554
Worst 3111.199433  456060.2859 1635.841829  2559.909396 5112.124 998.9545
Std. 693.6565751 9825.681436 56.52071394 344.1476747 240.6719 0.051279
Rank 5 6 2 4 3 1

F, (D=500) Best 2.22391E-07  21.09225837  0.625508921  0.003421386 9.979671 8.88178E-16
Mean 2.36418E-05  21.16217443 1.42249258  0.097414102 10.39947 8.88178E-16
Worst 0.000144058 21.1943914  2.042394157  1.512742533 10.78827 8.88178E-16

Std. 2.9514E-05  0.022578636  0.279101315  0.358560524 0.229381 0
Rank 2 3 5 6 4 1
F, (D=300) Best 7.88258E-15 7642.801047  0.002503168 2.29784E-06 65.83531 0
Mean 3.09731E-10  7954.000363 0.003057476  0.008565204 85.99471 0
Worst 2.23708E-09  8320.580971 0.003772345  0.096283085 106.2218 0
Std. 5.30979E-10 169.1088133  0.000290272  0.026403975 9.99569 0
Rank 2 6 3 4 5 1
F,(D=100) Best 2.71987E-06 50.71455341 0.499873346  0.099873346 6.399878 0
Mean 0.129900509 52.75527946  0.663206679  0.161382292 7.201499 0
Worst 0.299873346 55.74677  0.999873346  0.222482856 8.317335 0
Std. 0.098748761 1.076140389 0.12172137  0.051257247 0.512042 0
Rank 3 6 4 2 5 1

F, (D=500) Best 2.61005E-05 51607.41959  4.952381121 0.008711266 26.61293 9.10604E-06
Mean 9.941846428 57496.08762 6.113680647  16.78431906 41.26846 6.21691E-05

Worst 164.6189966  62575.14966 7.114303976 503.1941479 52.87461 0.000183
Std. 32.23735119  2448.783416  0.543238482 91.86815017 6.73488 5.00780E-05
Rank 4 6 2 5 3 1
F,(D=1000) Best 1.54254E-05 2778.080129  3.933394576  0.085035055 537.358 1.24949E-125

Mean 0.001361727 2839.518289 4.209172491 3.673306348 604.4029 3.70078E-122
Worst 0.013422419 2882.815973 5.16564886 38.60518789 648.516 3.35288E-121
Std. 0.002468904 26.41486974 0.215590799 10.96421717 26.71147 7.29242E-122
Rank 2 5 3 4 6 1

(5% significance level), which is strong evidence against the null hypothesis. It demonstrates that EOSCS
performed better than CLSPSO, DE, BA, FOA, and CS considering eight functions (F, F,, F,, F,, F,, F, F,, F,),
whereas from a statistical viewpoint, there is no difference between the results from EOSCS, CLSPSO, BA,
FOA, and CS for F.In addition, the p-values of functions F,, F,, F,,, F, and F,, are shown in Table 10. It dem-
onstrates that EOSCS performed better than CLSPSO, DE, BA, FOA, and CS considering the three functions
F,, F,and F,; however, from a statistical viewpoint, there is no difference between the results from CLSPSO,

DE, and CS for F, and F ..
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Table 5: CEC’2013 Test Functions.

Type Functions Function names Optimal value
Unimodal functions Fis Sphere function -1400
Fi Rotated high-conditioned elliptic function -1300
F,, Rotated bent cigar function -1200
Fig Rotated discus function -1100
Fis Different powers function -1000
Basic multimodal functions Fro Rotated Rosenbrock’s function -900
F,, Rotated Schaffers F7 function -800
F, Rotated Ackley’s function -700
F,y Rotated Weierstrass function -600
F, Rotated Griewank’s function -500
Fs Rastrigin’s function -400
Fy Rotated Rastrigin’s function -300
F,, Non-continuous rotated Rastrigin’s function -200
Foe Schwefel’s function -100
Fy Rotated Schwefel’s function 100
Fy Rotated Katsuura function 200
F, Lunacek Bi_Rastrigin function 300
F, Rotated Lunacek Bi_Rastrigin function 400
F Expanded Griewank’s plus Rosenbrock’s function 500
F., Expanded Scaffer’s F6 function 600
Composition functions s Composition function 1 (n = 5, rotated) 700
Fy Composition function 2 (n = 3, unrotated) 800
F, Composition function 3 (n = 3, rotated) 900
Fig Composition function 4 (n = 3, rotated) 1000
Fy Composition function 5 (n = 3, rotated) 1100
Fio Composition function 6 (n = 5, rotated) 1200
F.. Composition function 7 (n = 5, rotated) 1300
F., Composition function 8 (n = 5, rotated) 1400

Search range:[-100, 100]

4.3 High-Dimensional Function Test for 14 Benchmark Functions

In order to validate the optimization ability of algorithms in high-dimensional case, this paper set F,, F,, and
F,to 1000-dimension, F, and F, to 100-dimension, F, and F, to 300-dimension, F, and F, to 500-dimension.
The maximum number of iterations of each algorithm is adjusted to iterMax = 1000, and other parameters
are the same.

The comparison results for the high-dimensional case are shown in Table 4. As seen from the results, the
optimization performance of EOSCS is the best. Although the dimension of the functions is very high, the
proposed algorithm (EOSCS) can also find optimum solutions for five benchmark functions (F, F,, F,, F,, and
F). Some algorithms can show a good performance in the low-dimensional case, but in the high-dimensional
case, it cannot get a good result for most benchmark functions. The optimization ability of EOSCS does not
show a significant decline with the increasing dimension.

Figures 15-23 are the convergence curves of the high-dimensional case, and Figures 24-32 are the
ANOVA tests of the global minimum for the high-dimensional case. From the convergence curves in
Figures 15-23, we can see that EOSCS is also the best algorithm for the most of the benchmark func-
tions except F, and F,. For F,, the convergence speed of EOSCS is quick, and the convergence values
are lower than CS, BA, and DE. For F,, EOSCS is better than the other five algorithms except FOA. From
the ANOVA tests of the global minimum, we can find that EOSCS is still the most robust method. There-
fore, in the high-dimensional case, EOSCS can also be an effective and feasible method for optimization
problems.



577

K. Huang et al.: A Cuckoo Search Algorithm

DE GRUYTER

€1-35/5670786€080°'T  £1-I7086/0TE9YYYYH'8  €1-37919£968075290°G  €1-I150STYYIENTIZ06 O €1-3€/906£52596960°T ‘pIs
000T- 0001- 000T- 566666666666°666— 0001- 000T— 1SI0M
000T- 000T- 000T- 000T- 000T— 000T— uesiy
0001~ 0001 000T- 000T- 000T- 000T- 1599 (0e=0a) 4
£7%799768601°87S€ S06C.26/890€°966€ 80697£€£801°76€01 9%7€5/219002°999Y 6087CT6017896°LE  T1100879THE8'979. ‘pIs
€£€687/1705°6170%7€ 9987667EE1'9619€ 80£5%798055°120/8 1TLEIW6576°069C€ 6%78661781915°976— 9/60%798050°77ESS 1SI0M
£5960100%°821%C 6T7S7E65/G €6ELT 206170£9%77°850%/ 665669/852°/91TC 96815956606°190T—  TWT8TIS6E LLL0Y ueapy
T/5/58%7881° 78571 1GESTZ60T1°59161 $8098/0198°97C6% T€6/1165.1/T6T8%71 9%7997EV0TYS 6601~  8070TY6TST 0STHT 199 (0€=0a)°Y
ST/86SY°6%756096% 707850°S70Y7/TH1 T/%010€° 18275206 G091885€°/T789TL 8T//06%°€8/7/60€  989T6%9°5049€£9CC ‘pIs
7€6707° 126681881 9TH9%68'77£90619 €1016C°C0£851C0€E 1187986°0C0%S20€ €05/1°0888901T#1 1€£1896°9/6605101 1SI0M
8510%799°769575TL T9S/TESYTTI9YT 950981°80T9T/CET €5€19/19°/T9YTSS SYT6ELT'EE00CTET  8EE8Y799°6WTIETTIST ueapy
1619085°79551891 687€1/02°0155.17C 6/SE1/Y°8TTHO9ET 909%7EY196°€L. 8978SY77950€°616— 8TEEISTH 9296571 199 (0€=0)“Y
9909%7/86°€8T£ECT 17169096'80789C1 9C1%68056°TT19€9 7208766 7TLLSST 790690161°987CS€  68/526C0°/%/ST9T ‘pIs
I8%SSLLE€99EW9L L16Y%THY8°9E€8/TE8 77S€9€/9'95/1895 €96Y1CLT16E€18. 810968€£°C10607T  S197T/S0°85CTS06 1SI0M
798%7/5C0°L£T8605 S/96106°T61TL9 8T/10%78°8090/€€ 8%798//ST°€/8/%9Y G600655€° /€8T 69066655 TSSE6TS uesiy
8C6£5T116°1998/8C STY68%789°TTETE6T 70€C/0155°7689¢€6 1689/%7/1°/10S7€T 76/S1/7595°T06E€L  €S610TEE TISIBET 1599 (0e=0a)’"4
0 0 €T-3TET8TIVE0906€C'T 0 0 0 ‘pIs
00%1- 00%71- 00%1- 00%71- 00t71- 00%71— 1SI0M
00%71- 00%71- 00%71- 00%1- 00%71- 00%71- ueapy
00%1- 00%71- 00%71— 00%71- 00%71- 00%71— 199 (0€=0a) "4
$JS01 S solaa SJ9 sJ3a S) ynsay  suoipuny

*(0€ = @) suonduUN4 yIeWYdUSG £10Z,03D J0 SHNSAY Juswadx] :9 a)qer



DE GRUYTER

K. Huang et al.: A Cuckoo Search Algorithm

578

0

00T-

00T-

00T-
70C6491790C1°81
LEEWS668EE£L0L79€
86/GC/8961GEECET—
9/%7%9959G€5956°LE~
EVST6912L€056°GC
€L€69TY5LC66°0T1~
1969C€869%71L°049T~
9%7/0/0/168£5°00C—
0

00%7—

00%7—

00%7-

¢608/20/8018£0%700°0

1/265Y76%77/.86°667—
7G8TIVTLTL66°667—
69887/666666 6617~
€£79C00%%7785660°1

9€T196//%/0%1°0L59—
£5072EGY8970°G L9~
9708€T197695°8/49—

¢91/098%//8889€0°0

98190%7%765800°6/9—
/768/8/99901°6/9—
89/C/8E9TECT6/9-
798¢9CS%7/0%710° L1
€C/S/T0CC1Y78°979—
7886€90%70C50' 789~
€T6T7T100LTST ETL-
CS/TyTI0TTC986°¢E
€8008/¢/811€°8/8-
£898806510/°688~—
6C710960910C°768—

S9€1YS7680°70C
99€7€656998°805C
G9%79481%7/50°180C
£€/90€%78C0L8€EST
GC09699649€192°91
96€£€ET986591€L°8T—
710C0%7€8995990° /5~
8€GI8I8LEBETOTT-
8T97€061897CETT
L0EVTSCELL06'88T~
6%79989CCSEE00TC—
18ECT007 T L 7ET—
€8G1I76606€6/LL6'1
€19905019819°€9€~
7CECSBOVTTI8L S LE~
695//68C01%70878€~

685086668967811700°0

T1/%706891986°66%—
7€9€€1859566°6617—
189769566666 667~
IS71G715086¢8C'T

€185/99685989°'1/4—
9€69/C6Y78T6T LG~
CTSTETETT098'9L9—

7019€8655//8/%750°0

8€1895/01800°6/9—
90%7/1969%76.0°6/9—
¢95%70080%7012°6/49—
S970T8YCVEBTT ST

S9716019€CEL G699
1011w/ Yv/98° L.~
709090/€6855°€5/~
£19€/9/80%71260°%

6/05//%10%10°088~
8798911899€£°988~
699CaY7/£708/°968—

89TC0E7€E9065°C0€E
86E798TCTECOT6C
8968C10CE'89CC

6CTTI86.C0ET TOWT
95€059%%7/209°8¢C
7€8%7%770697€0°881
€79886CCT0€8°GET
8879%7C0188C89°C6
6895€/99%8€089°T¢€
797619¢960549C°8¢€

8GTC0096%7809C8° €T~

899650C€E6%78%77°08—
{T/086€0€C158°0T

87109/47984989°CCe~
908567STCOVE INE-
€16€0C9150C9'C9€~

C/0T69€T65€9/9€0°0

7897966018866~
889C166180%76°66%7—
607€£59C09566°6617—
6801¢0C949C804S°T
8STTI6EESOYT G965~
60CC0C/60T99°€L9—
99CZ0T6CE08E"LLS—

7¢080/9€11¢908€0°0

€209%79¢C/LT80T°6/9~
C18TWEC09890°6L9~
8C1€98%7/€900°6/9-
7800910C€£99C0°91
66C0T8196/01°199—
/71967C8820C°T69—
¢008%7009989¢C°CEL~
816%7€708901CC°9
I%7849%7€¥0.0L6°188~
6609%7%70CC70/°888~
1€9/109506€£€°968—

7886957€/E£1°99C
7Iv18L0EEVT 7OVE
918169%76088°€96C
708507€8498T 71T
7S%79€66100€8°CT
97/49C/1618689°59—
€9912€6979/80°16—
€/€88/991SYT°TICT~
12C9€8TTT96E£10°6
SEETYIBBLO6T 61T~
760€681I71006°T7C—
80767€€L€0°69C—
8769T04T199C48Y
716C99C91168°65€~
6856189/0%708°€/€~
79/C1/6591.68°08E~

715042€8907€7500°0

£9/T0T864T1.6°66%—
(1/€6/0%70066°66%7—
8C08T96£9266°661—
C18/795092994%°1

CES0T0C8.LY88'TLS—
TT64ET9%769€9' 7.5~
S9CI8IV/L6CT10°645—

8676€0516C¢C8E8Y70°0

6/6050%7%76866°8/9—
C0EwT867L580°6/9—
€0%C8L9€SSCT' 649~
8/98TC8T1906C°0T
16999670612 -
6675878%71686°05/—
16169860£999°C9/~
6180€49%7/82€499°¢
£9/09C9/26C%7°088—
8/0/8100099%7°988—
€091%72690610°868—

6€8TT160C08%7°969
G005%7C89561°ESYY
€19099596%0°69.4C
¢8S00TEVELT IVIT
S7T910T989€50°9C
GEC6TaT9699T°LE~
699589%7/86/17%7°88—
G9/96100%726%7° /71—
(96/.%7/665€£0°9C
£0£209¢709%8°081~
EV8TELYY6096°0CC~
78ET18E68TISGT 69C—
17816/97069€8°C1
€8657509€86€°TCE~
97€9500%7950LL°65€~
90956C2£9590°/8¢€~

G7/T/9€8E6CEN6T0'0

6ELLE9SEVEEE 661~
S9STYLEITY L6766~
005—
1816%7805960CEY'8
908100598%79°£595—
7¢T%86596.089°895—
€06861087068°/85—

9/%9%75¢8C9CE1I870°0

/809¢%709086°8/9—
66105C81¢640°629—
90TCY9€586CC 69—
9//09€EWTIVESS'S8
STEV8YCSTTLI /8~
67898/EW6661°/89—
G1861189C0€Y'88/—
8/69%88€0//86C'1
€CE/Y78649916°C88~
G/6€£6159985°988~
9TTE6€£E/085°888—

T08TLT619/175°6€C
C6T9E7S6075 775T
9CEB9B6COYY EETL
OLELYTILIN ELST
£€99679T/LY7911°9¢C
€£9€EBTB66£850°61
89¢CG779%790€1C T ¢~
£9/T91€66€0C0°CL-
9902701917201 T
185€79180088°COT—
1¢8€9659€087S IV T~
7990%¢659.6°00C—
/59€09888181/8°%
8€GG9/ESLEE TTE-
68€/98616/1717°85€~
SELYSTS0ET6S9°0LE~

£9/091€99€8600£00°0

8796677EVT66°66Y—
9849500657866°6617—
/70708866666 6617~
C¢ST/T7601TTL0SG°T

96/68/1661£6°995—
T119695€E%78996°695~
CL6LY6TELYL ELG—

0855//5969%7569€0°0

68€5960CC1T10°629—
/1%97685/9/0°6/9~
11006£09/951°629—
€0€687EVS79T'8T
£9€0€08056%7C°0%79—
£9€0€08056%70°6/9—
I761€0S7TEIC TTL-
1906%71/7S€T6T°S
859691705€49T/° /.8~
G/0/%798%7€810°988~
GC808T917C6C6°968—

‘PIS
1SI0M
ueapy

1seg

‘PIS
1SI0M
ueapy

1seg

'PIS
1SI0M
uespy

1seg

‘PIS
1SI0M
ueapy

1seg

‘PIS
1SI0M
uesapy

1599

‘PIS
1SI0M
uespy

1seg

‘PIS
1SI0M
ueapy

1seg

‘PIS
1SI0M
ueapy

1599

‘PIS
1SI0M
uespy

1seg

(oe=0a)*

(oe=a)“

(oe=a)™4

(oe=a)*Y

(oe=a)"4

(oe=q)

(oe=a)Y

(oc=a) "4

(oe=a) "4

$J3s03

SJ)

sJiaa

SJ9

SJ3aa

S)

nnsay

suoijouny

“(0€ = @) SuondUN >IBWYIUDG £10Z,DID JO SINSAY JuswiLadx3 3/ 3|qer



579

K. Huang et al.: A Cuckoo Search Algorithm

DE GRUYTER

710%71€/810080€°0
C109904126CE°CT19
CES66TBELEEITTY
¥81€CC//C//8°019
6%70526698119785°0
998ETEVS69C9°505
C64€/TSG21C9'704
7S1ETCT/608Y7°€0S
C069€709C9915°L1
C/T1G%78S1IVE9"CEY
80806%7%7551C6°964
1994110192C1°99S
€9€7€954980¢89°€ET
8178585CCC0E98Y
79966/1S6€EET7SY
796457£605/8T°€lY
0

00¢

00c¢

00c¢
678€€TY861CL L0T
90T1/T/00%7%7€°810%
71/6/6106€C°LE9E
//€T10€L66T°057€

165190C€8887CEE0
9TT07EST68949°CT9
9¢C9/50CL691°C19
S1S9C60/1CEST'TT9
IWEESTYYLGYTGS'T
889CY8ELIV/LT'ETS
/¥05¢€/8/8T1°014
/£89€9Y7%7€/%78E° 204
9/10/5/%708.681°6
71ECTIYSEOEST VES
FETAVA LAV AR
SELTTBL6S6TL96Y
896ET/LTTIYI7EB0"L
7CT/LTET60TITE 66E
C079€5€86€£98°08¢€
€€9/18/09959°69¢
9G1999¢8/11/8%7¢C°0
w8%7%6€£¢0£29T°C0C
9159%799€6008°10C
/£T186%7%7608.€°10C
I7TT1690C8EB SET
€0996C596€ 7Y
€€0C0TELSLECLOY
68797T9€EEL'8LGE

99C1I¥1/%8509€55°0
8/€£9505666%7°519
7879695106719
¢/0/%720LE€€06°CT9
C66E£T68LETYINY'T
8068€98TTBEELS
97/86/%000¢8°604
8049T€89999C€°904
88061/C1€CL69°0¢€
98749168719%7°81L
8CETELCSCYTO'TYY
6871C95089CE°C64

€1-3¢896%8CTI8ETI0'T

WIyEEEBYLEEYOEE
ELVEEEBYLEET0EE
ELVECEBYLEETOEE
7T€C08EBOVT6TST O
859176669%7598°00C
%¢T//290%299°00C
6975€79€605°00C
806/%750C0€50°5CE
EVBIVECSET T 98TY
€988066C€£0°C89¢€
/GSGTETETBI0'BLTIE

7A7TE6T6TIVCGSEE 0
97889CGLETSTETY
681€£70/49CS2°CT9
CETTTCCCB/LIS'TTY
9616%/.//68%75€09°0
91C1498/5989€°90G
(6CT66781£60°505
G/8C/9GT169€L°€0S
79500%77%7596491949°6
80058T11816%/'814
8050%7/88759C'86%
€90G7796E€6ET LLY
8TI70C9€1E6Y709°L
CSG€9€G/7CL0°66€
G96808/0CT1%79°C8¢E
7208CT7EV096°L9¢€
S%€/1/19//0LC/C°0
¢00806559CEEYCOT
69C1849%75%78€°10C
8C10049¢8€£68C'10C
T1€08E/T8T6L6°9€EE
60T79TCIVE9 LS LY
6%7//978879€°088¢
1€4/T8%1899°EwLe

£6G9261/%%7€€£9002°0
S19
8TTTLEC68TL VT
19
9€G97/71859687°T
LTE6ELLTE6TS 604
/%/8ST8185.T' 704
T9%70LETET0T°COS
9996T/9096111 9%
€17%700C9T761°985
€€ELT919062°L0G
€GC81%78788E9°54Y
6C607961C8CCL'TT
ZST8TTEEEOTL 90y
clcoov66TCeyCLE
CELEWBYLELTS IYE
I796€/7965901E%°0
686159€/9598/2°C0¢C
€7/50%269¢8T°C0C
GTES67911C98°00C
1980€T1/204%7° 1871
1/CT/%/80°611L
/8/66491796€£ 1814
669260/118°0%70¢C

/ZT1C89605€055TE0
C99/906€L0L%7°€19
C0T66668€CS8°C19
918C/LC1IW0SLT°C19
90€6//11948C61°T
69/9T8YYEEET 0TS
9TSLTETTLYTIY LOS
9€009%7185669°%709
9509T0€980€€£8°0C
/7568600€£59°5C9
€656959501%759°8/9
797817 1I816E£°G7S
8/€96008€890°L1
894%79€L€/09T°LSY
1¢e//9C1010°9CY
791/566690€/°€6€
8/€T/16%CT000EC 0
LEWY/THBEIBECOT
G1€0£9904888°10C
7%7€089%7€60CH°10C
19€661.%8TEN S9C
61910591894 7€6Y
7T1.59958CL 617y
600T96/17%79°6/L¢€

‘PS

1SIOM\

uesay
1599 (0£=0)"Y
PIS

1SI0M\

uea|y
199 (0€£=0)*Y
PIS

1SIOM

uesapy
1599 (0£=0)Y
‘PIS

1SIOM\

uesa|y
1599 (0£=0)"Y
‘PIS

1SIOM\

uesy
199 (0£=0)"Y
PIS

1SIOM

uesay
1599 (0£=0)"Y

S$JS03

S

sJiaa

SJ9

$J3aa

S)

Jnsay suoijyung

(penunuod) £e)qer



DE GRUYTER

K. Huang et al.: A Cuckoo Search Algorithm

580

€1-3/C18/97T1H786€EE'T

0041

0041

0041
I7€619819918C°05
1/8€901€CwT CaYC
C167806922L°6/L¢€C
8%7/¢8EL/L09%°1GCT
1GTTEEV609CEE0L
C198Y790€€69°6/41
866CTTEBITY GENT
7TE88LEI99C 00T
G/9815C49498€EW89°¢E
19611¢590496°/8€T
8%70T78T969€°LLET
£00ST/88/8%°CLET
£99€9/CE9€EEENIE
12¢€€19/8690°/8C1
¢56%7.0005C°94C1
988£6£65995°69¢C1
/8EOEETH697IB 79y
8ELT0ECELT'WEBY
6€LE%/96798°C184
€0%8490926€°£105
60676876678 £9¢
79606.LEEEV6 78CY
1/269889/1C7°€95¢€
79%907/41€0°918¢C
987/6T€810811°8¢€
¢/50/%7C/%70€0°106
€85069507849%7°188
6£99959¢50928°008

15¢98800£89%°9¢€
00sT
€£€8€£8050786°C691
0041
T/e67€€6778T SET
LITVEECE06ST TENT
696799€67C9°€0€ET
6/956€0€66/°C181
1/G8EEE6EVLT/BT0
€8EC0859CZLT 10T
GET88Y6£09C°00Y1
£79860€8ECT 0071
6€L6GY71E6TYT06'Y
€T99CY /617 TOVT
TeV1ET8Y7/89°06€T
1897€C619/T°I8ET
6E750CY/949CEE9
/99TTCS.L19'W6CT
CEES8TI/L61L7T8LT
660£8999t79°%79¢C1
EV%€9/86%C69'79¢C
SYSEET6669€°T7T9
5049%780%76%7°0%799
G9989/C9€0£°086%
8009099415%7€°C6C
98G€9G9C/LEE6°L06E
L19%/19/9€€°69G€E
C89€1€45¢C0'T09¢C
9€€8E/9€98EY0°GE
000T
7098517555C8'7C6
S0%7/S2€/7T0€°568

¢6SC10006/1€C°08
781096€¢S10°00ST
€€£5098980C°7991
0041
T52.1T50960°0%¢€
19€706%789CT 47T
€6/€009C//€°8L61
89E0EEEIS0T IVLT
709%7%0CEESC68° 7S
96%75%0C/€C5°08ST
987€0/50778°9€EWT
8769€7CC980°00%T
CICYEBO6ITETI'G
80%79879¢CC/5°98ET
€CTYY//96549°8LET
ETVTBELLTIB 7IET
TT0S2E9T1€060€6°S
800/%9/C¥710°68¢C1
%7€852095986°9/¢C1
8EVCESTCOT6799CT
19T651900/8€E°TEY
998678060%7°6109
CT8T/L0T8IYTE9CSS
988974906851°£T8Y
67865760/0T17°9¢€C
C¢0STE08Y7/.C9°880%
CTEST000€8E°TS9€E
9C%796498961€£°99¢C¢E
G99€T95/170TL°8Y
¢0%7192000000°C06
6C%7885008761°8¢€8
%768¢09181789°008

C08TETI6T8YTS9€E
00T

C90TLYEEEEE E69T
0041

60%719C/C18C499°14
5089158%78/9'70%7C
9€65€0TTT69°66CC
€/96%7%88598°0CCC

106€£/881¢19%70650°0

¢805%76.0C€°00%1
¢/00S%79€1ST 0071
90489596190°00%T
€80779768CCL9G5°€
6677779075 L6ET
S6CTS901S0L°T6€ET
9C0T6988ET'EBET
GT96896¢€9T61E°E
897719Ew0/1°/8CT
L€L6€65/T7°18CT
9TE€90€5€907°€ELCT
9679€€£666CTC'80¢E
9C6E0TETEYE /B8S
€69/89/€1C0°€0CS
£/7890€5989° 716y
718569C¢V6118°0%74
GT6TTI8Y7199°6509
8CEE69TBEN6L6LY
96C%850608¢€°€.L/¢E
STTSTOTS9TL6Y' 9L
98699V IS ENTT
88809177956£°666
006

€1-3892€0998909¢C1€E°C

0041

0041

0041
75920£080€79C°£9C
99691/98506°995¢C
7698792091 C'8€EET
6TCYECSITOT VLLT
/8T7C9495/€68€8°¢/
7/00€1096C€°98S1
%79€690CC086°1CST
7€88849877€0°00%71
/016%610891752°G
CISTI0EVLCT TOT
6687TEBT69E V6ET
8CI8I7194908°9/ET
C80ETS/GEV8I'GT
7Z1087017€8°L6CT
609€616816%7°98¢CT
90G567EYIVEEECT
S1S/LE07/%6°99T1
S78%%7860808°95¢8
8€0T9%7C/009°641.
C/T860E6TTT T96€
7691098€18CE//8
LTL66€8TYSTTIES
E78%760516C5"LS6€E
%7/8696C5786'8C61
9/000€7610TLEC6
G8699TVIVWG ENTT
17/66686052°0%70T
006

£0-376/,0S/%7%7/7910°1

£955000000°004T

¢9810000000°0041T
10000000000°004T
69/C€T/LT/LT05°06

598/0090491°C0S¢

£9481/8€€00°T1I¥C
87869.%7/716°9861
7T9EGY9EELITGI'T
1€/€1C80691°80%1
79879686./%70° 10171
%794896509€1°0071
78979C91608%7/LL'Y
CE8TY899€C8'86ET
€0CEV099CTOC6ET
1092€078890°18€ET
181/6769/96.09°¢
97/T/9809506°C6CT
716CVEC6Y78Y7°98CT
%/609899920°8/¢C1
€6C9TETTSI9€E IYE
C90€£€69148Y7°'7€£69
6CSC6497€TST98E9
CT/09T€E/9€796¢€5
96/91268/%C€°LTT
7EETT9609LE°5E0Y
6€869//CL66°L19¢€
£9489%716£08°920¢€
9709649€/805%7C°0¢€
£67/789500%70°006
6951870/€£060°068
596%7%76%72000°008

‘PAS
1SI0M\
ueapy

1s9g

PIS
1SI0M
ueapy

1599

‘PAS
1SI0M\
ueapy

1sag

‘PAS
1SI0M\
ueapy

1s9g

‘PIS
1SI0M
ueapy

1599

‘PAS
1SI0M\
ueapy

1599

‘PAS
1SI0M
ueapy

1s9g

‘PIS
1SI0M
ueapy

1599

(oe=qa) %4

(oe=a)"4

(oe=a)"4

(oc=a) 4

(oe=0a)*

(oe=a)“Y

(0oe=0a)"Y

(oe=a)*Y

S$JS03

S

sJiaa

SJ9

$J3aa

S)

Nnsay

uoijpung

'(0€ = @) suondungsjieWYIUSG €T,D3D JO SHNSIY Juswiadx] :g 3jqel



DE GRUYTER K. Huang et al.: A Cuckoo Search Algorithm =—— 581

Sphere (D=30)

10%° T T T
10°
o 1070+ i
]
=
% 10-100L i
£ CLSPSO
w DE
-150 | i
10 BA
FOA
107200} cs i
EOSCS
1 07250 i Il Il Il
0 200 400 600 800 1000

lterations

Figure 2: Convergence Curves for F, (D = 30).
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Figure 3: Convergence Curves for F, (D = 30).
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Figure 4: Convergence Curves for F, (D =30).

The Wilcoxon rank test results of the high-dimensional case, which are presented in Table 11, demon-
strate that EOSCS performed better than DE, BA, DE, and CS considering night functions F, - F,. However,
there is no difference between the results from EOSCS, CLSPSO, and FOA for F, and F o
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Salomon (D=30)

10°
100 |
(o2
3 105 n
§ CLSPSO
£ ygr0t DE i
- BA
FOA
1071° [oF} 7
EOSCS
10_20 1 1 1 1
0 200 400 600 800 1000
Iterations
Figure 5: Convergence Curves for F, (D = 30).
Quartic function, i.e. noise (D=30)
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Figure 6: Convergence Curves for F, (D =30).
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Figure 7: Convergence Curves for F, (D =30).

4.4 Compared with Other Improved Cuckoo Search Algorithms

In order to validate the optimization ability of EOSCS, the proposed algorithm is compared with other recent
CS algorithms (CS, CCS [35], DDICS [34], DECS [33], GCS [42]). In this part, we use 28 more complex bench-
mark functions from the IEEE CEC’2013 competition [21]. These functions are shown in Table 5. In this part,
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Figure 8: ANOVA Tests of The Global Minimum for F, (D =30).
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Figure 9: ANOVA Tests of The Global Minimum for F, (D = 30).
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Figure 10: ANOVA Tests of The Global Minimum for F, (D=30).
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Figure 11: ANOVA Tests of The Global Minimum for F, (D = 30).

the results are obtained in 30 trials, the dimension is 30, the maximum number of iterations of each algorithm
is adjusted to iterMax = 5000. The setting values of the algorithm control parameters of the mentioned algo-
rithms are given below:
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Griewank (D=30)
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Figure 12: ANOVA Tests of The Global Minimum for F, (D = 30).
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Figure 13: ANOVA Tests of The Global Minimum for £, (D = 30).
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Figure 14: ANOVA Tests of The Global Minimum for £, (D = 30).

DE GRUYTER

Table 9: p-Values Produced by Wilcoxon’s Test Comparing EOSCS versus CLSPSO, EOSCS versus DE, EOSCS versus BA, EOSCS

versus FOA, and EOSCS versus CS Over The “Average Best-So-Far” Values from Table 1.

EOSCS VS

CLSPSO DE BA FOA cs

F 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F, 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F, 1 1.7344e-006 0.0313 1 0.5000
F, 2.8786e-006 1.7344e-006 0.1846 2.3704e-005 1.7344e-006
Fy 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
Fy 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F, 3.2578e-007 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
Fy 6.3391e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F, 1.7344e-006 1.7344e-006 1.7344e-006 1.6944e-006 1.7344e-006
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Table 10: p-Values Produced by Wilcoxon’s Test Comparing EOSCS versus CLSPSO, EOSCS versus DE, EOSCS versus BA, EOSCS

versus FOA, and EOSCS versus CS Over The “Average Best-So-Far” Values From Table 2.

EOSCSVS
CLSPSO DE BA FOA cs
Fio 0.1250 1 1.7344e-006 1.7344e-006 1
F, 1.7344e-006 1.7344e-006 2.6134e-004 1.7344e-006 1.7344e-006
F, 1.7181e-006 1.9209e-006 1.7344e-006 1.7344e-006 1.7423e-004
F13 4.3205e-008 1 1.7344e-006 1.7344e-006 1
FM 6.7988e-008 9.6336e-007 1.7344e-006 1.7344e-006 1.7159e-006
Sphere (D=1000)
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Figure 15: Convergence Curves for F, (D = 1000).
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Figure 16: Convergence Curves for £, (D =100).

In CCS, the probability of abandoned Pa = 0.25, the population size is 50, the chaotic factor is 4 =3. In
GCS, the probability of abandoned Pa = 0.25, the population size is 50. In DECS, the probability of abandoned
Pa = 0.25, variation factor F = 0.9, the population size is 50. In DDICS, the probability of abandoned Pa = 0.25,
the population size is 50.

The comparison results are shown in Tables 68, including the functions that are used in the CEC’2013
contest. Using such functions, the EOSCS algorithm is compared to CS, CCS, DDICS, DECS, and GCS. The
comparison results of the unimodal functions, basic multimodal functions, and composition functions are
shown in Tables 6-8, respectively. Likewise, the p-values of the Wilcoxon signed-rank test of 30 independent
executions are listed in Tables 12-14.
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Figure 17: Convergence Curves for F, (D=300).
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Figure 18: Convergence Curves for F, (D =1000).
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Figure 19: Convergence Curves for F, (D =500).

According to the compared results of Table 6, for F,, F, and F,, the mean fitness value and the Std. of
EOSCS are better than those of the other algorithms. See that from Table 7, for F,, F, , F,F,,F,F,F, and
F,, the mean fitness value and the Std. of EOSCS are also better than those of the other algorithms. As shown

in Table 8, for F, F, F,,, F,, and F,, the mean fitness values are the best compared with those of the other
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Figure 20: Convergence Curves for F, (D =300).
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Figure 21: Convergence Curves for F, (D=100).
Quartic function, i.e. noise
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Figure 22: Convergence Curves for F, (D =500).

algorithms (CS, CCS, GCS, DECS, and DDICS). It is evident that EOSCS yields much better solutions than the

other methods in most of the functions.

The Wilcoxon rank test results of the unimodal functions (F15 - Flg), which are presented in Table 12, dem-
onstrate that EOSCS performed better than CS, CCS, GCS, DECS, and DDICS considering the five functions

15

and DECS for F

15°

F,-F, whereas from a statistical viewpoint, there is no difference between the results from EOSCS, CS, CCS,
in addition, there is no difference between the results from EOSCS and CS for F, . For the
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Figure 23: Convergence Curves for F, (D=1000).
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Figure 24: ANOVA Tests of The Global Minimum for F, (D = 1000).
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Figure 25: ANOVA Tests of The Global Minimum for £, (D = 100).
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Figure 26: ANOVA Tests of The Global Minimum for F, (D = 300).
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Figure 27: ANOVA Tests of The Global Minimum for F, (D =1000).
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Figure 28: ANOVA Tests of The Global Minimum for F, (D = 500).
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Figure 29: ANOVA Tests of The Global Minimum for F, (D =300).
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Figure 30: ANOVA Tests of The Global Minimum for F, (D = 100).
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basic multimodal functions and composition functions (F o~ F 42), the Wilcoxon test results in Tables 13 and 14
provide information to statistically demonstrate that EOSCS has performed better than CS, CCS, DDICS, DECS,
and GCS, mostly.
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x10* Quartic function, i.e. noise (D=500)
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Figure 31: ANOVA Tests of The Global Minimum for £, (D = 500).
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Figure 32: ANOVA Tests of The Global Minimum for F, (D =1000).

Table 11: p-Values Produced by Wilcoxon’s Test Comparing EOSCS versus CLSPSO, EOSCS versus DE, EOSCS versus BA, EOSCS
versus FOA, and EOSCS versus CS Over The “Average Best-So-Far” Values from Table 4 (high dimensional).

EOSCS VS

CLSPSO DE BA FOA cs

F,(D=1000) 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F,(D=100) 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F,(D=300) 2.4414e-004 1.7344e-006 1.7235e-006 1 1.7344e-006
F,(D=1000) 0.3820 1.7344e-006 1.7344e-006 3.1123e-005 1.7344e-006
F, (D=500) 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F, (D=300) 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F,(D=100) 1.2598e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F, (D=500) 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006
F,(D=1000) 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006 1.7344e-006

Table 12: p-Values Produced by Wilcoxon’s Test Comparing EOSCS versus CS, EOSCS versus CCS, EOSCS versus GCS, EOSCS
versus DECS, and EOSCS versus DDICS Over the “Average Best-So-Far” Values from Table 6.

EOSCS VS

cs ccs GCS DECS DDICS

. 1 1 1 1 2.0346e-07
F, 0.3493 0.0087 0.0407 1.7344e-06 1.7344e-06
F, 3.7243e-05 6.3391e-06 1.7344e-06 3.1123e-05 0.0023
Fo 0.0157 0.0030 1.3601e-05 1.7344e-06 1.7344e-06
F, 0.0156 0.0039 0.2344 4.8828e-04 1.2132e-07

9
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Table 13: p-Values Produced by Wilcoxon’s Test Comparing EOSCS versus CS, EOSCS versus CCS, EOSCS versus GCS, EOSCS
versus DECS, and EOSCS versus DDICS Over the “Average Best-So-Far” Values from Table 7.

EOSCSVS

cs Cccs GCS DECS DDICS

Flo 0.9426 0.1306 0.0166 0.1529 7.7122e-04
F, 0.0316 1.7344e-06 1.7344e-06 0.4779 0.2134
F, 0.0230 0.0140 0.0786 0.0978 1.4936e-05
Fyy 0.0218 6.3391e-06 1.1265e-05 0.0368 0.5716
£, 0.1306 0.1359 2.5967e-05 3.8822e-06 1.7344e-06
Flg 7.6909e-06 1.7344e-06 1.7344e-06 1.1265e-05 1.7344e-06
Fle 0.2989 1.7344e-06 1.7344e-06 1.7344e-06 1.7344e-06
F,, 0.2712 1.7344e-06 1.7344e-06 1.7344e-06 1.7344e-06
Fre 0.4048 0.0157 1.7344e-06 5.2872e-04 1.7344e-06
Fl 6.6392e-04 0.2623 0.0077 0.0053 4.0715e-05
Fi 0.1529 1.7344e-06 0.3820 8.9187e-05 1.7344e-06
F, 9.3157e-06 1.7344e-06 1.7344e-06 1.7344e-06 1.7344e-06
f, 0.0026 1.7344e-06 1.7344e-06 2.1266e-06 1.3601e-05
Fy 4.7292e-06 1.7344e-06 1.7344e-06 1.7344e-06 1.7344e-06
£, 0.4284 5.7517e-06 1.9209e-06 2.3534e-06 1.7344e-06

Table 14: p-Values Produced by Wilcoxon’s Test Comparing EOSCS versus CS, EOSCS versus CCS, EOSCS versus GCS, EOSCS
versus DECS, and EOSCS versus DDICS Over The “Average Best-So-Far” Values from Table 8.

EOSCSVS

cs Cccs GCS DECS DDICS

Fis 0.0897 6.1564e-04 7.6909e-06 7.6909e-06 9.7110e-05
Fi 0.5304 0.0519 2.6033e-06 0.0472 1.7344e-06
f, 1.4936e-05 0.0098 2.5967e-05 5.7924e-05 0.0030
Fig 3.8822e-06 0.0082 0.0125 0.0034 0.7036
Fl 3.1817e-06 1.9209e-06 2.1266e-06 2.1266e-06 5.2165e-06
Fio 0.0028 1.7344e-06 1.7344e-06 1.0570e-04 1.7344e-06
Fui 0.0050 0.0012 6.3198e-05 0.9099 1.7988e-05
F, 3.1123e-05 2.8434e-05 2.8434e-05 3.1123e-05 1.6046e-04

5 Conclusions

In this paper, the CS algorithm EOS, local neighborhood search strategy, and dynamic proportion strategy
are proposed for enhancing its performance. The opposite solution of the elite individual in the population
is generated by an opposition-based strategy in the proposed algorithm, and a generalized coefficient k is
introduced to form an opposite search space by constructing the opposite population that locates inside the
dynamic search boundaries; then, the search space of the algorithm is guided to approximate the space in
which the global optimum is included by simultaneously evaluating the current population and the oppo-
site one. This approach takes full advantage of the characteristics of the elite individuals that contains more
beneficial search for information compared to the ordinary individuals and guide this algorithm approach to
the global optimal solution. On the other hand, the proposed algorithm can greatly enrich the diversity of the
population and improve the calculation accuracy, which leads to a good optimization performance. What is
more, the new method can enhance the quality of solutions without losing the robustness. The experiments
are conducted on 14 classic benchmark functions and 28 more complex functions from the IEEE CEC’2013
competition, and the experimental results compared with the other meta-heuristic algorithms (including four
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improved CS algorithms) show that the proposed algorithm is much better than the compared ones at not
only the accuracy of solutions but also for the convergence speed and has strong global searching ability and
local optimization ability.
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