
 

Chaotic Cuckoo Search Algorithm for High-
dimensional Functions 

 
 

Aijia Ouyanga,b 

a. College of Computer, Hunan Science & Technology Economy Trade Vocation College, Hengyang, China 
b. College of Information Science and Engineering, Hunan University, Changsha, China 

Email: ouyangaijia@163.com 
 

Guo Pana,b,* 
a. Logistics Information Dept., Hunan Vocational College of Modern Logistics, Changsha, China 

b. College of Information Science and Engineering, Hunan University, Changsha, China 
Email: 690849909@qq.com 

 
Guangxue Yuea,b and Jiayi Dub 

a. College of Mathematics, Physics and Information Engineering, Jiaxing University, Jiaxing, China 
b. College of Information Science and Engineering, Hunan University, Changsha, China 

Email: {guangxueyue, dujiayi}@163.com 
 

 
Abstract—Given that the basic cuckoo search algorithm is 
vulnerable to local optimum and unsatisfactory calculation 
precision, chaotic operator (CO), employed as local algorism 
to optimize elitist individuals in the population, can 
effectively enhance the properties of cuckoo search (CS) 
algorithm. Tested by 15 benchmark high-dimensional 
functions, the experiment result indicates that chaotic 
cuckoo search (CCS) algorithm can increase the calculation 
precision and step up the convergent speed with improved 
robustness, which can be applied to other engineering 
optimization problems. 
 
Index Terms—chaos, cuckoo search, lévy flight, high-
dimensional function,  optimization 

I. INTRODUCTION 

Swarm intelligence algorithm is an efficient method to 
solve the global optimization problems. It mainly 
includes particle swarm optimization (PSO) [1], artificial 
immune (AI) [2], genetic algorithm (GA) [3], differential 
evolution (DE) [4], invasive weed optimization (IWO)[5] 
and so on. 

After having studied the reproductive behavior of 
cuckoos and flying properties of lévy, Yang from 
Cambridge University puts forward cuckoo search 
algorithm, the properties of which were tested by many 
functions [6]. It reveals that the algorithm exceeds 
particle swarm algorithm and genetic algorithm with 
more powerful global searching ability and solving ability 
of multi-objective problems, fewer selected parameter as 
well as better search path [7]. It has been widely used in 
scientific research and industry. Multi-objective cuckoo 
search algorithm is applied to solve engineering design 
optimization in Literature [8] and Jiles-Atherton vector 

hysteresis parameters estimation problem in Literature [9] 
respectively. Directed cuckoo search algorithm 
successfully deals with the sheet nesting problem in 
Literature [10]. Cuckoo search algorithm handles 
distributed generation allocation problem so as to reduce 
power consumption in Literature [11] and image 
segmentation problem in Literature [12] respectively. 

Chaos is an essential characteristic of nonlinear system 
with a series of particular features such as randomness, 
ergodicity and regularity, the discovery of which has 
profound effects on scientific development [13]. As an 
effective mechanism to avoid being in local optimum, 
chaos has been introduced to evolutionary computation, 
providing a new research field and application method for 
it [14, 15]. Most researches involved, however, only 
replace the random sequence in mutation operator with 
the chaos sequence to indicate that chaotic mutation is an 
effective realization of mutation operator with real 
number code evolutionary algorithm . Although clear to 
understand, simple to implement and easy to adapt itself, 
these algorithms still have some problems as chaos is not 
made full use of, such as neglecting the regularity of 
chaos and little use of prior knowledge to improve the 
local search ability of the algorithm [16]. 

In this paper, chaos optimization method is applied to 
make cuckoo search algorithm free from local optimum. 
It is discovered that rather than in a complicated mess, 
chaos enjoys fine internal structure. As a singular 
attractor, chaos attracts systematic movement and 
confines it to a specific range. Not following a particular 
orbit, particles of the system wander the chaotic area with 
freedom, so its future status is unpredictable. Even a 
slight difference of the original condition will cause 
immense change. Therefore, two aspects are being 
studied at present. First, chaos is not expected, and 
systematic movement is controlled to make chaos 
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unlikely to appear. Second, chaos is regarded as 
something beneficial, which uses less energy to make 
greater benefits. Meanwhile, characterized with 
ergodicity, chaos movement is ergodic with its own 
regularity in a certain range. As is seen in Literature [17] 
and Literature [18], using chaos variables to obtain 
optimization search can undoubtedly get rid of local 
optimum. A hybrid optimization algorithm is proposed in 
this paper by combining chaos optimization algorithm 
with cuckoo search algorithm, which can enhance the 
optimization efficiency by avoiding the disadvantage of 
all the statuses are ergodic. 

The paper consists of five sections, the second 
describes the basic cuckoo search algorithm and chaos 
operator, the third gives the process of the chaotic cuckoo 
search algorithm, the fourth deals with the experimental 
results and analysis, and the last is the conclusion. 

II. THE BASIC ALGORITHM 

A. Cuckoo Search Algorithm 
1) Reproductive behavior of cuckoos 
According to entomologists’ observation, some 

cuckoos breed their offspring by brood parasitism, the 
way certain birds lay eggs in other birds’ nest and have 
them hatched and raised by other birds. Cuckoos are 
often alone. They seek hosts with similar hatching and 
breeding period, feeding habit and egg shape and color, 
mainly passerine birds. When the host is away from the 
nest, the cuckoo will quickly lay an egg in it, one every 
time. Mistaking the egg with its own because of the 
obscure impression, the host is then in charge of hatching 
it. The cuckoo always removes one or all the eggs of the 
host to force it to relay eggs. The newly-born cuckoo 
tends to push out the host’s own baby bird so as to enjoy 
exclusive breeding. 

2) Lévy flight 
Viswanathan and some other researchers proved that 

the albatross adopts the pattern of Lévy flight for foraging. 
By using satellite positioning system they discovered 
their flying intervals follow power-law distribution, 
explained their findings through the space distribution 
property of invariable food scale on the sea surface and 
published some symbolic papers [19-21]. After having 
researched the foraging path of bees [22] and drosophilas 
[23], Reynolds discovered the appearing occurrence of 
the straight line portion in their flight path corresponds 
with scale-free inverse square of lévy distribution in that 
they both take on lévy flight properties. When the target 
positions are distributed randomly and sparsely, lévy 
flight is the ideal search strategy to M independent 
explorers [24]. In addition, lévy flight is found in 
creatures such as spider monkeys, gray seals and reindeer 
as well in human being’s behavior [25,26]. Lévy flight is 
a sort of random walk. The step size meets a heavy-tailed 
stable distribution. Short-distance exploration and 
occasional long-distance walk interphase in it. Lévy flight 
used in intelligent optimization algorithm can enlarge 
search area, increase population diversity and jump out of 
local optimal point easily [27]. 

3) Features of the algorithm  
Cuckoo algorithm is evolved form cuckoo’s 

reproductive behavior and lévy flight mechanism. 
Cuckoos have special reproductive behavior in the nature. 
They lay eggs in the nest of other birds on which they 
rely to hatch the eggs. If the host bird spots the secret, 
severe collision will take place. If the host finds that the 
egg is not its own, it will remove the egg or rebuild a nest 
to breed its own offspring. Therefore, the cuckoo 
inevitably lays eggs the instant the host lays its own in the 
nest [28]. Once the cuckoo egg is kept in the nest, the 
host will hatch both the eggs at the same time. In addition, 
the cuckoo egg always enjoys the priority to be hatched. 
The newly-born cuckoo baby has an intuition to push out 
other birds’ eggs, and in this way, it enjoys the exclusive 
breeding [29, 30]. Moreover, the flight of many animals 
and insects follow the flight properties [23]. Inspired by 
the two phenomena, Xin-She Yang as well as some other 
researchers present cuckoo search algorithm and make 
the following three ideal assumption, 

a) Each cuckoo lays only one egg in a certain nest at 
random. 

b) The cuckoo egg in the host nest with high quality 
will be hatched and then reproduce cuckoos of the next 
generation. 

c) n standing for the number of the host nests used by 
the cuckoo is determined. The probability that the cuckoo 
egg is spotted by the host is pa∈[0,1]. 

Given the three presumptions, the nest-seeking path 
and position updating formula can be expressed as  

1 Levy ( )m m
ij ijx x α λ+ = + ×      (1) 

where m
ijx  and 1m

ijx + stand for the position of dimension  
j(j=1, 2, …, d) of the nest i (i=1, 2, …, n) in the 
generation of m and m+1, and lévy(λ) is the skipping path 
of the flight search at random. The distance and direction 
of the path is undetermined, and sometimes the skipping 
path lévy(λ) is considerably long. To make it applied in 
CS algorithm successfully, Literature [6] defines an 
adaptive amount α, which is a constant more than zero. 
The value of it varies, and generally, α=0.01. 

Lévy distribution was put forward by French 
mathematician Lévy in the 1930s. It is believed that the 
relationship between the continuous skipping path of lévy 
flight and the time t follows lévy distribution. Many other 
scholars conduct research on it and try to explain 
randomly phenomenon in the nature with it, such as 
Brownian Movement and random walk. Yang obtained 
probability density function in the forms of power 
through simplified distribution function and Fourier 
transform, 

levy ~ ;  1< <3u t λ λ−=   (2) 
Here, λ is the power coefficient. Formula 2 is a 

probability distribution with heavy tail. Although it 
describes the randomly wandering process of the cuckoo 
essentially, it fails to describe the distribution 
mathematically with simplicity and easy programming to 
realize the algorithm. Yang, therefore, adopted formula of 
lévy flight skipping path put forward by Mantegna in 
1992 and realized the algorithm [31]. 
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1/s
v β
μ=    (3) 

In Formula 3, s is the lévy flight skipping path lévy(λ) . 
The relation between Parameter β and λ  in Formula 2 is 
λ=1+β.  The value of β is 0<β<2. Make β=1.5[7] in CS 
algorithm. Parameter μ and ν are random numbers of 
normal distribution, following the normal distribution 
expressed in Formula 4. The value of corresponding 
Standard deviation of normal distribution σμ and συ  is 
reflected in formula 5. 

2

2

~ (0, )

~ (0, )

N

N
μ

ν

μ σ

ν σ

⎧⎪
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     (4) 

( 1)/2

(1 )sin( / 2){ }
[(1 ) / 2]2

1

μ β

ν

β πβσ
β β

σ

−

Γ +⎧ =⎪ Γ +⎨
⎪ =⎩

    (5) 

Make Step=α×lévy(λ), and Step is the path in which 
the cuckoo starts form the old nest position m

ijx  and 
searches for new nest position 1m

ijx +  in the solution space 
by Formula 1. As lévy(λ) depends on the two normal 
distribution random number μ and ν, which can be 
various, passive and negative, the path length and 
direction of the cuckoo following lévy flight search 
mechanism varies randomly, which is apt to jump form 
one region to another, making the global optimization 
ability of CS algorithm extremely powerful. CS algorithm 
learns from the reproductive behavior of the cuckoo, 
defines the probability that the cuckoo egg will be spotted 
by the host as pa=0.25[6]. The cuckoo egg with worse 
adaptive ability will be ruled out, while the one with 
better adaptation will be hatched, making the newly-born 
cuckoos consists of excellent individuals. Thus CS 
algorithm enjoys great contraction ability. In actual 
optimization problems, the position of the nest xij stands 
for effective value space of all the variables, and the 
fitness of the nest represents the corresponding objective 
function when the value of the variable varies. Details of 
CS algorithm go to Literature [6] and [7].   

B. Chaos Operator 
Chaos is a unique movement pattern of nonlinear 

system with particular features of sensitivity to the initial 
value, randomness and ergodicity. If the features are 
made full use of, the optimization solution of CS 
algorithm will be promoted.  

Chaotic search generates by iteration chaos sequence 
through certain particular format. Extend the numerical 
range of the chaos variables to the value range of the 
optimization variables through the form of carrier wave. 

The math procedure of chaotic search is as follows: 
If some individual pauses, d-dimension is generated 

and it randomly initializes vectors y0=[y0,1, y0,2, …, y0,D]´, 
y0,d∈[0,1]. There lie slight differences in the values. As 
the iteration initial value, Vector y0 starts the chaos 
sequence iteration according to Logistic equation. 

1, , ,(1 )n d n d n dy y yμ+ = −        (6) 
Thus iteration sequence yn,d  is obtained. In the formula, 

n=0, 1,…, Nmax; d=0, 1,…, D. 

The formula can generate many fields around the local 
optimal solution by iteration. Through the form of carrier 
wave, and according to Eq.(7), 

'
, , , ,(2 1)n d i d i d n dy x R y= + −     (7) 

Chaos iteration variable yn,d  is transformed into 
optimization variable '

,n dy ,namely, extending the value of 
chaos variable yn,d  to a region where the current position 
of the individual xi,d  is made to be the center and Ri,d as  to 
be the radius. Ri,d  is the chaotic search radius and  '

,n dy  is 
determined by the initialized range of the function 
variable xi,d. The value range is as follows, 

'
, , , , ,[ , ]n d i d i d i d i dy x R x R∈ − +       (8) 

Compute the adaptive value of the function '( )nf y , and 
update the historical optimal adaptive value *f  in the 
chaos iteration process and the historical optimal 
position *

ix . If *f  is superior to iF , position *
ix  and 

velocity *
iv are used to replace the original position and 

velocity of the individual. Here, 

 
*

*
*
i i

i
i i

x xv
x x

−
=

−
      (9) 

III. CHAOTIC CUCKOO SEARCH ALGORITHM 

Although chaotic search can avoid being caught in 
local minimum because of its ergodicity, pure chaotic 
search can obtain good solution only through huge 
iteration step numbers and it is sensitive to initial solution 
in particular. Therefore, a two-stage chaotic CS algorithm 
is put forward by combining CS algorithm with the above 
chaotic search, in which CS algorithm is used to lead 
global search and CO leads local search according to the 
result of CS algorithm. In order to maintain population 
diversity and strengthen the dispersion of the search, the 
algorithm keeps some superior individuals, dynamically 
contracts search range in view of the best position of the 
population, and replaces the worse nest position with the 
one generated in the contract region randomly. The steps 
of chaotic cuckoo search algorithm can be described as 
follows, 

Step 1. The objective function is f (X), and X= (x1, …, 
xd)T. Initialize the population, generate randomly n 
initialized positions Xi(i = 1, 2, …, n) , and set up 
parameters of the algorithm. 

Step2. Compute the objective function of every bird 
nest, and record the current optimum solution. 

Step 3. Maintain the optimal nest position of previous 
generation, and update other nest positions according to 
the position updating formula (1). 

Step4. Compare the current bird nest position with that 
of the previous nest. If better, it is made to be the current 
optimal position. 

Step 5. R stands for the possibility that the nest host 
will recognize the cuckoo egg. Compare it with 
probability Pa. If R>Pa, change the nest position randomly 
and obtain a set of new nest positions. 

Step 6. Maintain 20% nest positions with the optimal 
properties in the population. 
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Step 7. Conduct CO search to the optimal nest position 
in the population, and update the new nest position. 

Step 8. If the stopping criterion of the algorithm is met, 
output the optimal nest position, otherwise, continue the 
following steps. 

Step 9. Contract search region according to formula 
(10) and (11) 

min min max min
,max{ , ( )}ij ij g j ij ijx x x r x x= − −   (10) 

max max max min
,min{ , ( )}ij ij g j ij ijx x x r x x= + −   (11) 

Step 10. Generate the rest 80% nest positions of the 
population randomly in the contracted space, and 
evaluate it. If the stopping criterion is not met, return to 
Step 2. 

Step 11. Output the global optimal position. 

IV. EXPERIMENTS AND ANALYSES 

A. Benchmark Functions 
Fifteen widely used test functions are chosen from [32], 

and the proposed algorithm in this paper, genetic 
algorithm (GA), differential evolution (DE), particle 
swarm optimization (PSO) and cuckoo search (CS) are 
executed for them. These functions are shown in the 
equations as follows. 

Note that functions F1-F9 have many local minima so 
that they are challenging enough for performance 
evaluation. For example, F7 has n! local minima and both 
F8 and F9 have 2n local minima, where n=100. 
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B. Experimental Results and Discussion 
TABLE I 

COMPARISON OF RESULTS BY FIVE METHODS FOR F1-F5 ON 30 DIMENSION FUNCTION 

Function Algorithm Best Mean Worst Std. Convergence 
 
 

F1 
 
 

GA -9.8969E+03 -9.6331E+03 -9.3970E+03 2.0421E+02 195 
DE -1.2569E+04 -1.2569E+04 -1.2569E+04 0.0000E+00 84 
PSO -3.4249E+03 -3.2998E+03 -3.0110E+03 1.7331E+02 123 
CS -9.9789E+03 -9.6541E+03 -8.8397E+03 4.5917E+02 141 

CCS -1.2560E+04 -1.2034E+04 -1.1785E+04 3.2312E+02 78 
 
 

F2 
 
 

GA 2.0011E+01 2.2439E+01 2.4610E+01 1.8786E+00 203 
DE 9.8814E+00 1.0520E+01 1.2718E+01 1.2151E+00 99 
PSO 4.3767E+01 5.1612E+01 5.3535E+01 4.2250E+00 141 
CS 1.3770E-01 1.1153E+00 2.3152E+00 8.9050E-01 170 

CCS 2.6545E-05 5.1887E-05 8.2446E-05 2.2871E-05 91 
 
 

F3 
 
 

GA 8.7461E+00 1.0836E+01 1.1443E+01 1.1550E+00 232 
DE 1.9000E-06 2.0200E-06 2.0700E-06 7.1300E-08 121 
PSO 4.4440E-01 4.9860E-01 5.2340E-01 3.2988E-02 173 
CS 6.9286E-05 2.3578E-04 4.5698E-03 2.0830E-03 189 

CCS 2.1316E-14 5.8776E-14 8.8284E-14 2.5200E-14 108 
 
 

F4 
 
 

GA 1.7719E+01 2.8074E+01 2.9334E+01 5.2037E+00 217 
DE 3.1600E-12 3.7300E-12 1.4800E-11 5.3600E-12 117 
PSO 1.1796E+01 1.3323E+01 1.4862E+01 1.2518E+00 158 
CS 2.5547E-06 9.8740E-05 1.2354E-05 4.3200E-05 169 

CCS 1.0842E-15 3.5478E-15 7.8462E-15 2.3212E-15 95 
 
 

F5 
 
 

GA 2.1000E+05 2.8900E+05 3.5100E+05 5.7702E+04 194 
DE 5.5000E-13 1.1100E-12 3.3900E-12 1.2300E-12 101 
PSO 1.0470E-01 2.0890E-01 4.1660E-01 1.2965E-01 129 
CS 1.3614E-05 8.2345E-04 2.5401E-03 1.0530E-03 134 

CCS 1.0604E-10 7.2014E-10 5.5561E-09 2.1047E-09 78 
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TABLE II 
COMPARISON OF RESULTS BY FIVE METHODS FOR F6-F10 ON 30 DIMENSION FUNCTION 

Function Algorithm Best Mean Worst Std. Convergence 
 
 

F6 
 
 

GA 2.9100E+06 3.8900E+06 8.4900E+06 2.4326E+06 185 
DE 2.3565E-04 4.5620E-04 7.8899E-04 2.2700E-04 103 
PSO 1.5000E-02 2.1500E-02 2.2500E-02 3.3250E-03 114 
CS 8.8321E+04 5.4668E+04 9.1122E+03 3.2458E+04 151 

CCS 7.3200E-12 8.2900E-12 9.9100E-12 1.0014E-12 76 
 
 

F7 
 
 

GA -2.8577E+01 -2.8286E+01 -2.7861E+01 2.9404E-01 158 
DE -2.7408E+01 -2.7128E+01 -2.7076E+01 1.4558E-01 81 
PSO -1.8290E+01 -1.6178E+01 -1.3520E+01 1.9517E+00 95 
CS -2.1698E+01 -2.1161E+01 -2.0667E+01 4.2108E-01 130 

CCS -3.8541E+01 -3.8454E+01 -3.8322E+01 9.0007E-02 55 
 
 

F8 
 
 

GA 8.3358E+03 2.8004E+04 6.5488E+04 2.3707E+04 425 
DE 3.1663E+01 5.0399E+01 6.7792E+01 1.4753E+01 257 
PSO 6.3445E+03 2.6571E+04 6.2989E+04 2.3438E+04 329 
CS 2.1047E+03 7.6873E+03 9.0806E+03 3.0142E+03 399 

CCS 3.2170E-05 4.9867E-05 6.1243E-05 1.1008E-05 277 
 
 

F9 
 
 

GA -7.6387E+01 -7.6334E+01 -7.4475E+01 8.8931E-01 201 
DE -7.8332E+01 -7.8332E+01 -7.8332E+01 0.0000E+00 108 
PSO -6.8735E+01 -6.8674E+01 -6.5024E+01 1.7352E+00 105 
CS -6.3215E+01 -6.1024E+01 -5.8014E+01 2.1321E+00 147 

CCS -7.2565E+01 -7.1902E+01 -7.1285E+01 4.5621E-01 66 
 
 

F10 
 
 

GA 3.8969E+03 4.1243E+03 5.1371E+03 5.3910E+02 210 
DE 2.6995E+01 3.6461E+01 4.4843E+01 7.2911E+00 105 
PSO 4.1134E+01 6.2174E+01 1.1393E+02 3.0588E+01 95 
CS 1.2134E+02 1.0288E+02 9.8232E+01 9.9774E+00 124 

CCS 2.3360E-02 3.1365E-02 3.8378E-02 1.9887E-01 71 
 

TABLE III 
COMPARISON OF RESULTS BY FIVE METHODS FOR F11-F15 ON 30 DIMENSION FUNCTION 

Function Algorithm Best Mean Worst Std. Convergence 
 
 

F11 
 
 

GA 1.0979E+03 2.3505E+03 2.9588E+03 7.7475E+02 156 
DE 4.3189E-11 5.4503E-11 6.3732E-11 8.4000E-12 82 
PSO 6.0821E-02 8.5370E-02 1.9144E-01 5.6681E-02 91 
CS 2.3147E-04 2.8510E-03 5.6201E-02 2.5789E-02 123 

CCS 9.3257E-12 6.3479E-12 4.4323E-12 1.7886E-12 54 
 
 

F12 
 
 

GA 2.8304E-01 3.1541E-01 9.4890E-01 3.0655E-01 174 
DE 2.6124E-01 4.7580E-01 6.5037E-01 1.5914E-01 95 
PSO 4.8274E-02 4.3897E-01 5.6509E-01 2.2001E-01 94 
CS 4.2357E-01 6.5478E-01 8.1479E-01 1.6059E-01 130 

CCS 2.0361E-02 5.2014E-02 8.5433E-02 2.1314E-02 70 
 
 

F13 
 
 

GA 9.3551E+00 1.1939E+01 1.2270E+01 1.3032E+00 204 
DE 2.6667E-07 2.9055E-07 3.9517E-07 5.5800E-08 124 
PSO 1.1879E+00 1.3636E+00 1.5306E+00 1.3992E-01 112 
CS 1.0287E-07 6.3144E-08 8.7293E-08 1.6300E-08 150 

CCS 3.2154E-15 6.1981E-15 8.7557E-15 1.8769E-15 96 
 
 

F14 
 
 

GA 3.5832E+04 3.7522E+04 4.2208E+04 2.6971E+03 304 
DE 1.2238E+04 1.6988E+04 1.7988E+04 2.5083E+03 182 
PSO 8.5820E-01 1.3556E+00 1.7450E+00 3.6293E-01 241 
CS 4.6965E+00 5.4284E+00 9.9811E+00 2.3378E+00 289 

CCS 5.2112E-12 8.9876E-12 4.5231E-11 1.2365E-11 111 
 
 

F15 
 
 

GA 2.7267E+01 2.7349E+01 3.3072E+01 2.7174E+00 155 
DE 3.4494E+00 3.7802E+00 3.9989E+00 2.2588E-01 104 
PSO 2.2730E-01 2.5260E-01 2.6940E-01 1.7304E-02 140 
CS 2.1935E+00 3.6503E+00 7.3986E-01 1.1882E+00 125 

CCS 1.2387E-11 4.2551E-11 7.5884E-11 2.3017E-11 84 
 

To facilitate the experiments, we used the g++ to 
program some cpp files for implementing the five 
algorithms on a personal computer with a 32-bit ubuntu 
10.04 operating system, a 4GB of RAM, and a 3.10GHz-
core(TM) i5-based processor. 

The parameter setting of GA, PSO, DE, CS and CCS 
are as follows. The maximum generations and population 
size of the five algorithms are the same: the maximum 
generation Gmax=1000, population size Np=100. It can 
ensure the fairness of competition for each algorithm. For 

GA, the crossover rate c=0.95, the mutation factor m=0.1; 
for DE, the crossover rate CR=0.1, the mutation factor 
F=0.5; for PSO, constriction factor c1=1.49, c2=1.49, the 
maximum flying velocity of particles Vmin=-0.5, the 
minimum flying velocity of particles Vmax=0.5; the 
maximum inertia weight factor of population ωmax=0.9, 
the minimum inertia weight factor of population ωmin=0.4; 
for CS and CCS, discovery probability of alien egg 
pa=0.004, route length β=1.34. 
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TABLE IV 
COMPARISON OF RESULTS BY FIVE METHODS FOR F1-F5 ON 100 DIMENSION FUNCTION 

Function Algorithm Best Mean Worst Std. Convergence 
 
 

F1 
 
 

GA -3.1046E+04 -2.9297E+04 -2.8968E+04 9.1198E+02 401 
DE -2.2140E+04 -2.2072E+04 -2.1287E+04 3.8708E+02 178 
PSO -6.1125E+03 -5.4758E+03 -4.8518E+03 5.1469E+02 250 
CS -2.1989E+04 -2.1465E+04 -2.1439E+04 2.5337E+02 291 

CCS -2.9596E+04 -2.9587E+04 -2.9458E+04 5.9668E+01 147 
 
 

F2 
 
 

GA 1.5654E+02 1.6064E+02 1.6378E+02 2.9641E+00 410 
DE 4.6918E+02 4.8911E+02 5.0298E+02 1.3874E+01 201 
PSO 4.3103E+02 4.4606E+02 4.7216E+02 1.6991E+01 299 
CS 1.7136E+02 1.7231E+02 1.7447E+02 1.1210E+00 351 

CCS 1.2357E+02 1.2826E+02 1.3420E+02 4.3519E+00 197 
 
 

F3 
 
 

GA 1.1801E+01 1.2974E+01 1.3001E+01 5.5943E-01 480 
DE 5.4024E-01 5.7761E-01 5.7917E-01 1.7995E-02 265 
PSO 2.5611E+00 3.1076E+00 3.1999E+00 2.8191E-01 384 
CS 2.8904E+00 3.1235E+00 3.4471E+00 2.2827E-01 427 

CCS 2.3665E-02 3.7889E-02 5.2017E-02 1.0505E-02 201 
 
 

F4 
 
 

GA 7.8163E+01 9.9526E+01 1.5024E+02 3.0226E+01 456 
DE 9.2770E-01 9.3300E-01 9.6640E-01 1.7131E-02 240 
PSO 7.5466E+01 7.8627E+01 8.0636E+01 2.1281E+00 321 
CS 1.4695E-01 2.3126E-01 8.2708E-01 3.0271E-01 364 

CCS 8.5654E-03 5.2551E-03 4.6886E-03 1.1125E-03 214 
 
 

F5 
 
 

GA 6.6758E+05 7.0339E+05 9.0341E+05 1.0377E+05 405 
DE 1.6189E+00 1.9531E+00 1.9859E+00 1.6582E-01 225 
PSO 1.5607E+00 1.9689E+00 2.3562E+00 3.2480E-01 281 
CS 2.8715E-01 7.9651E-01 1.2521E+00 3.9414E-01 257 

CCS 1.2556E-04 4.2017E-04 8.0221E-04 2.2243E-04 186 
TABLE V 

COMPARISON OF RESULTS BY FIVE METHODS FOR F6-F10 ON 100 DIMENSION FUNCTION 
Function Algorithm Best Mean Worst Std. Convergence 

 
 

F6 
 
 

GA 1.2882E+07 1.4777E+07 1.5765E+07 1.1962E+06 421 
DE 7.8299E+00 8.5995E+00 8.9695E+00 4.7468E-01 213 
PSO 6.3090E-01 6.4300E-01 7.2470E-01 4.1660E-02 249 
CS 3.7961E+01 8.9404E+01 1.1219E+02 3.1048E+01 321 

CCS 2.3224E-02 4.2517E-02 6.1204E-02 1.1228E-02 178 
 
 

F7 
 
 

GA -8.4439E+01 -8.2837E+01 -8.1177E+01 1.3318E+00 388 
DE -5.0084E+01 -4.9558E+01 -4.9109E+01 3.3663E-01 178 
PSO -2.7925E+01 -2.7906E+01 -2.6478E+01 6.7769E-01 226 
CS -4.1175E+01 -3.8993E+01 -3.7071E+01 1.6766E+00 279 

CCS -9.3654E+01 -9.1201E+01 -9.0879E+01 1.2392E+00 112 
 
 

F8 
 
 

GA 9.8754E+05 1.5426E+06 1.9083E+06 3.7854E+05 801 
DE 3.4724E+05 5.7849E+05 6.2045E+05 1.2013E+05 405 
PSO 9.9542E+05 1.7632E+06 2.1474E+06 4.7891E+05 666 
CS 1.9769E+06 1.9970E+06 2.0367E+06 2.4847E+04 804 

CCS 3.2145E-01 5.6887E-01 8.3214E-01 1.7426E-01 421 
 
 

F9 
 
 

GA -7.4533E+01 -7.4454E+01 -7.4237E+01 1.2514E-01 423 
DE -7.0789E+01 -7.0170E+01 -6.9612E+01 4.8072E-01 199 
PSO -6.7447E+01 -6.6435E+01 -6.3643E+01 1.6087E+00 200 
CS -6.3032E+01 -6.2786E+01 -6.2715E+01 1.3583E-01 269 

CCS -7.7920E+01 -7.7915E+01 -7.7911E+01 2.0108E-03 125 
 
 

F10 
 
 

GA 1.2483E+04 1.2555E+04 1.7918E+04 2.5453E+03 431 
DE 7.5285E+02 8.3170E+02 9.7427E+02 9.1634E+01 228 
PSO 8.8102E+02 1.3039E+03 1.3593E+03 2.1361E+02 205 
CS 5.5349E+02 6.2408E+02 9.0421E+02 1.5146E+02 258 

CCS 4.2365E-01 4.5142E-01 4.8997E-01 2.1106E-02 157 
 

The experiment is divided into two parts, part 1 is for 
solving the 30 dimension functions. The experimental 
result is displayed from Table I to Table III. CCS is better 
than GA, DE, PSO and CS in terms of precision except 
for F5, for F5, the precision of DE is the highest. the 
standard deviation of CCS is smaller than the four 
methods except for F1, for F1, the standard deviation of 
DE is the smallest. It shows that the robustness of CCS is 
strong. The convergent speed is higher than the four 
methods except for F8, for F8, the convergence of DE is 
the highest. The second part is for solving the 100 

dimension functions. The experimental result is displayed 
from Table IV to Table VI.  CCS shows that its super 
performance in precision, robustness and convergence. 
CCS is the most precise algorithm among the five 
methods. CCS is smaller than GA, DE, PSO and CS in 
terms of standard deviation except for F2 and F7, for F2 
and F7, CS and DE is  the smallest respectively. The 
convergence of CCS is faster than the four methods 
except for F8 and F14, for F8 and F14, DE is the fastest 
in convergence. 
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Figure 1.  Convergence comparison of four algorihtms for benchmarks 

The comparisons of convergent curves of four 
algorithms (GA, DE, PSO, CCS) for solving the 
benchmarks of high dimensional functions from F1 to 
F15 are listed in Figure 1. In subfigure F1, the 
convergence of DE is the fastest, but the fitness value 
deviates the theoretical optimum. The convergent curves 
of CCS for F2, F5, F9, F10 and F15 are rounded to the 
nearest the theoretical optimum.  The convergent speeds 
of CCS for F3, F4, F6, F7, F11, F12, F13 and F14 are the 

fastest among the four algorithms. In subfigure F8, the 
convergent speed of DE is the fastest, the convergent 
speed of CCS is only faster than GA, the experimental 
results in the paper show that CCS has no advantage in 
convergence for F8. In subfigure F5, the fitness value of 
DE is the smallest.  In Table I and Table V, the standard 
deviation of DE is the smallest and the robustness of DE 
is stronger than the other four methods for F1 and F7 
respectively.  
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TABLE VI 
COMPARISON OF RESULTS BY FIVE METHODS FOR F11-F15 ON 100 DIMENSION FUNCTION 

Function Algorithm Best Mean Worst Std. Convergence 
 
 

F11 
 
 

GA 1.1314E+04 1.2385E+04 1.8144E+04 2.9993E+03 294 
DE 3.4943E+00 4.0955E+00 4.7194E+00 5.0017E-01 178 
PSO 3.5648E+00 3.6542E+00 3.6737E+00 4.7413E-02 201 
CS 3.2145E+03 5.6541E+03 9.8987E+03 2.7618E+03 261 

CCS 1.8218E-01 3.0205E-01 3.6683E-01 3.2598E-02 101 
 
 

F12 
 
 

GA 6.3992E-01 7.0922E-01 7.3981E-01 4.1788E-02 365 
DE 2.0997E-01 5.2664E-01 9.0501E-01 2.8412E-01 204 
PSO 6.9893E-01 9.9771E-01 1.5638E+00 3.5866E-01 210 
CS 6.1301E-01 7.4751E-01 5.1749E-01 9.4354E-02 248 

CCS 1.2587E-01 1.3014E-01 1.4201E-01 4.5689E-03 142 
 
 

F13 
 
 

GA 4.7663E+00 5.6044E+00 6.1119E+00 5.5484E-01 427 
DE 7.7861E-01 8.6395E-01 8.7092E-01 4.1969E-02 199 
PSO 1.3387E+01 1.5045E+01 1.7128E+01 1.5305E+00 247 
CS 2.5647E+01 3.8775E+01 5.6817E+01 1.2778E+01 270 

CCS 4.5139E-02 6.1567E-02 8.9302E-02 1.4884E-02 173 
 
 

F14 
 
 

GA 2.9544E+05 3.0252E+05 3.2549E+05 1.2827E+04 688 
DE 2.8302E+05 2.8791E+05 3.1719E+05 1.5088E+04 294 
PSO 8.6048E+02 8.7005E+02 1.4564E+03 2.7869E+02 541 
CS 3.7669E+03 3.8340E+03 4.4435E+03 3.0437E+02 600 

CCS 4.2635E-06 4.3650E-06 4.4198E-06 3.0208E-08 301 
 
 

F15 
 
 

GA 5.7815E+01 6.2661E+01 6.5075E+01 3.0188E+00 327 
DE 6.5758E+01 6.7462E+01 6.8746E+01 1.2239E+00 187 
PSO 3.2187E+00 3.5279E+00 3.8999E+00 2.7849E-01 301 
CS 1.2293E+01 1.3073E+01 1.4176E+01 7.7249E-01 214 

CCS 2.3667E-04 2.7881E-04 2.8710E-04 9.2080E-06 184 
 

V. CONCLUSIONS 

Cuckoo search algorithm is a novel intelligence 
algorithm, it has been successfully applied to scientific 
research and industrial technology. A chaotic cuckoo 
search algorithm is presented in the paper, which is 
employed to solve the high-dimensional functions. 15 
Benchmarks of high-dimensional functions are used to 
verify the performance of CCS. The simulation results 
show that CCS have competitive advantages over GA, 
DE, PSO and CS in terms of computation precision, 
robustness, convergent speed. 

Many real-world optimization problems involve a high 
dimension function of decision variables. For example, in 
shape optimization, a large number of shape design 
variables are often used to represent complex shapes, 
such as turbine blades, aircraft wings, and heat 
exchangers, etc. CCS can be applied to solve this kind of 
problems. 
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