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Abstract—Swarm intelligence algorithms represent stochastic
optimization algorithms that proved to be powerful for finding
suboptimal solutions for hard optimization problems. Elephant
herding optimization algorithm is a rather new and promising
representative of that class of optimization algorithms that has
already been used in numerous applications. In recent years,
chaotic maps were incorporated into the swarm intelligence
algorithms in order to improve the search quality. In this paper
we introduced two different chaotic maps into the original
elephant herding optimization algorithm. The proposed methods
were tested on 15 benchmark functions from CEC 2013. Obtained
results were compared to the regular elephant herding opti-
mization algorithm as well to the particle swarm optimization.
Test results proved that the proposed chaotic elephant herding
optimization algorithm has better performance and obtained
better results.

I. INTRODUCTION

Optimization problems are often a part of numerous real

life applications. In most cases, practical tasks and problems

that need to be solved can be represented as an optimization

problem. Optimization problems can be defined as the pair

(S, f), where S is the set of possible solutions (search space),

while f is the objective function. The goal is to find the global

optimum s∗ ∈ S, a solution that has better objective function

value than all other solutions in the search space.

Real life optimization problems are usually highly nonlinear

hard optimization problems with numerous local optima. For

such optimization problem, usually there are no deterministic

algorithms that can find the optimal solution in reasonable time

due to computational complexity. For finding a solution for the

hard optimization problems some heuristics or metaheuristics

are often used. Nature inspired algorithms, especially swarm

intelligence algorithms, represent one class of metaheuristics

that are widely and successfully used.

Swarm intelligence algorithms mimic swarm behavior from

the nature. They contain a swarm of individuals that follow
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rather simple rules and exchange information between them-

selves. These simple agents collectively exhibit remarkable

intelligence which is used for creating metaheuristics for

solving the optimization problems.

Swarm intelligence algorithms mimic swarms from the

nature such as ant or bee colonies, and certain swarming

behaviors as animal herding, food harvesting, nesting. Par-

ticle swarm optimization (PSO) and ant colony optimization

(ACO) are among the oldest swarm intelligence algorithms.

Nowadays, various swarm intelligence algorithms have been

proposed such as firefly algorithm [1], [2], fireworks algo-

rithm [3], [4], artificial bee colony [5], etc.Swarm intelligence

algorithms were applied to numerous problems such as the

traveling salesman problem [6], WSN node localization [7],

support vector machine optimization [8], [9], [10], image

registration [11], portfolio optimization problem [12], etc.

Optimization algorithms have been constantly improved.

One of the latest modifications that is frequently used to

improve the search ability is based on the chaos theory. Various

chaotic maps such as circle, Gauss/mouse, sine and others

were used, rather then random values, in swarm intelligence

algorithms [13]. In [14] parameters of the bat algorithm

were replaced by different chaotic maps and the results were

compared to the original bat algorithm. It has been shown that

some chaotic maps found better solutions compared to the

original algorithm. In [15], Chebyshev map was introduced

into the fruit fly optimization algorithm and experimental

results proved superiority and reliability of the chaotic fruit

fly algorithm. Ten one-dimensional chaotic maps were imple-

mented and compared for fireworks algorithm in [16]. In [17],

tent and logistic maps along with Gaussian mutation were

introduced to the PSO. The proposed PSO achieved better

results comparing to the standard PSO. Besides these, chaos

based cuckoo search [18], chaos based harmony search [19],

and others were proposed and applied to different problems

[20], [21].

In this paper we propose chaos based elephant herding

algorithm (CEHO). Elephant herding algorithm (EHO) is
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a recent swarm intelligence algorithm that was applied to

various problems. We used two one-dimensional chaotic maps

and tested the proposed algorithms on standard benchmark

functions from CEC 2013. The results were compared to the

original EHO and the standard PSO.

The rest of the paper is organized as follows. Elephant

herding optimization algorithm, along with the used chaotic

maps, are described in Section II. In Section III we present

simulation results, along with the comparison to the other

algorithms. Conclusion and suggestion for further work are

given in Section IV.

II. CHAOTIC ELEPHANT HERDING OPTIMIZATION

ALGORITHM

Elephant herding optimization algorithm (EHO) represents

very recent swarm intelligence algorithm. It was proposed

by Wang et. al. in 2016 [22]. Simplified elephant herding

behavior was used to implement the EHO algorithm. Even

though it is a rather new metaheuristic, EHO has already been

successfully applied to numerous problems such as multilevel

thresholding [23], support vector machine parameter tuning

[24], scheduling problem [25], etc.

In general, all swarm intelligence algorithms contain the

global and local search. Global search, or exploration, is used

to widely investigate search space in order to prevent getting

stuck in local optima. On the other hand, local search, or

exploitation, tries to find better solution in smaller promising

areas of the search space. With this in mind, elephants herding

behavior was described as follows. One elephant population

divides into several clans. Each clan follows matriarch, i.e.

it has female leading elephant. In each generation, certain

number of male elephants leaves the clans to live a lonely

life far away from the clan. In terms of swarm intelligence

algorithm, clans represents local search, while male elephants

that leave the clan implement global search. Matriarch is the

solution (elephant) that has the best fitness function value in

the clan. On the other hand, male elephants that move are

solutions with the worst fitness function values.

Elephant herding optimization algorithm is described as

follows. Elephant population is divided into k clans. Initially,

D-dimensional solutions are generated randomly in the search

space with lower bound xmin and upper bound xmax by the

following equation:

x = xmin + (xmax − xmin + 1)rand (1)

where rand is random number form uniform distribution in

the range [0, 1].
In each generation, solutions are changing in the following

way. Member j of the clan i moves influenced by the solution

xbest,ci with the best fitness function value in the clan ci [22]:

xnew,ci,j = xci,j + α(xbest,ci − xci,j)rand (2)

where xnew,ci,j is the new solution j in clan ci while xci,j

represents the solution in previous generation, parameter α ∈
[0, 1] is the algorithm parameter that needs to be set according

to the considered problem, while rand ∈ [0, 1] is a random

number from uniform distribution. A scale factor α determines

the influence of the best solution.

Position of the best solution in each clan is updated accord-

ing to the following equation [22]:

xnew,ci = βxcenter,ci (3)

where β ∈ [0, 1] represents the second algorithm parameter

and it controls the influence of the clan center xcenter,ci. Clan

center is defined as:

xcenter,ci,d =
1

nci

nci∑
l=1

xci,l,d (4)

where 1 ≤ d ≤ D represents the dth dimension and nci is the

number of solutions in clan ci.
In each generation, exploration is done in the following way.

In each clan, mci solutions with the worst fitness values of the

clan ci are chosen to be replaced by the following solutions:

xworst,ci = xmin + (xmax − xmin + 1)rand (5)

where xmin and xmax represent lower and upper bounds of

the search space, respectively. Parameter rand ∈ [0, 1] again

represents a random number form the uniform distribution.

EHO algorithm is summarized in the pseudo code presented

in Algorithm 1.

Algorithm 1 Pseudo-code of the EHO algorithm

1: Initialization
2: Set generation counter t=1, set maximum generation

MaxGen
3: Initialize the population

4: repeat
5: Sort all the elephants according to their fitness

6: for all clans ci in the population do
7: for all elephants j in the clan ci do
8: Update xci,j and generate xnew,ci,j by Eq. (2)

9: if xci,j=xbest,ci then
10: Update xci,j and generate xnew,ci,j by Eq. (3)

11: end if
12: end for
13: end for
14: for all clans ci in the population do
15: Replace the worst elephant in clan ci by Eq. (5)

16: end for
17: Evaluate population by the newly updated positions

18: until t < MaxGen
19: return the best found solution

A. Chaotic Maps

Swarm intelligence algorithms have been proved to be very

powerful for finding relatively good solutions fore various hard

optimization problems. Because of that, further improving of

these algorithms became an active research topic. One of the
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rather often used improvements is replacing random values by

chaotic maps in swarm intelligence algorithms. Due to the fact

that chaotic maps generate numbers with non-repetition and

ergodicity, improved search can be expected [19]. In this paper

we considered two different one-dimensional maps: circle and

sinusoidal map.

Circle map is defined by the following equation:

xk+1 =
[
xk + b− a

2π
sin(2πxk)

]
mod 1 (6)

where for a = 0.5 and b = 0.2 the generated chaotic sequence

is within (0, 1).

Sinusoidal map is defined as:

xk+1 = ax2
k sin(πxk) (7)

where for a = 2.3 and x0 = 0.7 the following simplified form

can be used:

xk+1 = sin(πxk) (8)

The proposed chaotic maps were used to generate chaos

sequence of numbers. We replaced random numbers in Eq. 1,

Eq. 2 and Eq. 5 by the numbers from the chaos sequences.

III. SIMULATION RESULTS

Chaotic based EHO algorithms were implemented in Matlab

R2016a and simulations were performed on the platform

with Intel R© CoreTM i7-3770K CPU at 4GHz, 8GB RAM,

Windows 10 Professional OS.

The proposed algorithms were tested on 15 well-known

benchmark functions proposed in CEC 2013. We tested on

5 unimodal and 10 multimodal 10-dimensional functions and

the details about these functions are presented in Table I.

TABLE I
BENCHMARK FUNCTION DETAILS

No Function Optimal
Unimodal functions

1 Sphere function -1400
2 Rotated high conditioned elliptic

function
-1300

3 Rotated bent cigar function -1200
4 Rotated discus function -1100
5 Different powers function -1000

Basic multimodal functions
6 Rotated Rosenbrock’s function -900
7 Rotated Schaffers F7 function -800
8 Rotated Ackley’s function -700
9 Rotated Weierstrass function -600

10 Rotated Griewank’s function -500
11 Rastrigin’s function -400
12 Rotated Rastrigin’s function -300
13 Non-Continuous rotated Rastrigin’s

function
-200

14 Schwefel’s Function -100
15 Rotated Schwefel’s Function 100

EHO parameters were set as follows. Population size was

50 and the number of clans was 5. Parameter α was set to 0.5

and parameter β was 0.1. Maximal generation number was

5000. For each test, algorithms were executed 30 times and

median, standard deviation, the best and the worst solutions

were calculated, same as in [26].

We compared our proposed chaotic based methods with the

particle swarm optimization [26] and the original EHO. In this

paper, we introduced two chaotic maps to the EHO algorithm,

circle map to implement CEHO-C and sinusoidal map SEHO-

C. The obtained results are presented in Table II. Best results

are in bold.

TABLE II
COMPARISON OF PSO, EHO, CEHO-C AND CEHO-S

Fun. PSO EHO CEHO-C CEHO-S
f1 median -1.400E+03 -1.400E+03 -1.400E+03 -1.400E+03

std 0.000E+00 0.000E+00 0.000E+00 0.000E+00
best -1.400E+03 -1.400E+03 -1.400E+03 -1.400E+03

worst -1.400E+03 -1.400E+03 -1.400E+03 -1.400E+03

f2 median 3.500E+04 2.934E+04 8.665E+04 1.470E+04
std 7.360E+04 8.328E+04 2.397E+05 2.572E+04
best 7.597E+02 1.853E+02 6.063E+03 2.963E+03

worst 4.755E+05 4.129E+05 1.220E+05 6.751E+04

f3 median 2.670E+05 1.284E+05 1.337E+05 7.762E+04
std 1.660E+07 6.834E+06 1.514E+07 6.967E+05
best -1.200E+03 -1.158E+03 3.844E+04 5.471E+03

worst 8.251E+07 1.795E+08 3.505E+07 1.611E+06

f4 median 7.769E+03 2.359E+03 6.118E+03 -9.953E+02
std 4.556E+03 1.631E+03 1.416E+04 1.818E+02
best 2.454E+02 1.195E+02 -9.738E+02 -1.099E+03

worst 1.856E+04 5.270E+03 3.274E+04 -6.570E+02
f5 median -1.000E+03 -1.000E+03 -1.000E+03 -1.000E+03

std 3.142E-05 0.000E+00 2.778E+01 4.957E-05
best -1.000E+03 -1.000E+03 -1.000E+03 -1.000E+03

worst -1.000E+03 -1.000E+03 -9.433E+02 -1.000E+03

f6 median -8.902E+02 -8.256E+02 -8.995E+02 -8.973E+02
std 4.974E+00 3.638E+00 7.499E-01 7.893E-02
best -9.000E+02 -9.000E+02 -8.974E+02 -8.996E+02

worst -8.898E+02 -8.898E+02 -8.935E+02 -8.994E+02
f7 median -7.789E+02 -7.582E+02 -7.640E+02 -7.885E+02

std 1.327E+01 1.170E+01 1.976E+01 4.589E+00
best -7.974E+02 -7.697E+02 -7.723E+02 -7.987E+02

worst -7.434E+02 -7.382E+02 -7.232E+02 -7.831E+02
f8 median -6.789E+02 -6.797E+02 -6.800E+02 -6.798E+02

std 6.722E-02 4.338E-03 2.753E-03 5.318E-02
best -6.789E+02 -6.797E+02 -6.800E+02 -6.799E+02

worst -6.796E+02 -6.797E+02 -6.800E+02 -6.797E+02

f9 median -5.952E+02 -5.969E+02 -5.979E+02 -5.923E+02
std 1.499E+00 1.039E+00 6.312E-01 7.699E-01
best -5.987E+02 -5.991E+02 -5.982E+02 -5.926E+02

worst -5.929E+02 -5.929E+02 -5.931E+02 -5.910E+02

f10 median -4.999E+02 -4.999E+02 -4.999E+02 -4.999E+02
std 2.713E-01 1.449E-01 2.331E-02 1.795E-02
best -4.999E+02 -5.000E+02 -5.000E+02 -4.999E+02

worst -4.989E+02 -4.984E+02 -4.999E+02 -4.998E+02

f11 median -3.891E+02 -3.907E+02 -3.913E+02 -3.473E+02
std 5.658E+00 4.198E+00 2.119E+00 1.777E+01
best -3.970E+02 -3.972E+02 -3.870E+02 -3.781E+02

worst -3.731E+02 -3.781E+02 -3.740E+02 -3.353E+02

f12 median -2.861E+02 -2.870E+02 -2.920E+02 -2.682E+02
std 6.560E+00 6.019E+00 1.015E+00 1.054E+01
best -2.970E+02 -2.971E+02 -2.970E+02 -2.731E+02

worst -2.682E+02 -2.623E+02 -2.901E+02 -2.483E+02

f13 median -1.792E+02 -1.801E+02 -1.834E+02 -1.398E+02
std 9.822E+00 8.992E+00 5.168E+00 9.588E+00
best -1.946E+02 -1.992E+02 -1.952E+02 -1.434E+02

worst -1.523E+022 -1.617E+02 -1.802E+02 -1.201E+02

f14 median 7.338E+02 2.914E+02 2.758E+02 1.093E+03
std 1.282E+02 1.282E+02 9.365E+01 1.444E+02
best 2.228E+02 -1.419E+02 1.677E+02 9.702E+02

worst 1.109E+03 4.990E+02 4.526E+02 1.303E+03

f15 median 8.743E+02 5.695E+02 4.309E+02 9.160E+02
std 2.507E+02 2.429E+02 2.529E+02 2.323E+02
best 4.372E+02 4.271E+02 3.597E+02 1.136E+03

worst 1.705E+03 1.044E+03 7.240E+02 1.346E+03
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As it can be seen from Table II, all algorithms found the

optimal function value for f1 (sphere). Standard deviation

was 0 which means that the optimal function value was

determined in each run. EHO algorithm found exact optimal

value for f5 with standard deviation 0. EHO, chaotic based

EHO algorithms, as well as the PSO, were not able to find

solutions for test functions f2 and f3. For function f4 EHO

with sinusoidal map achieved the best results. Similar results

were obtained for test function f7.
For functions f6 and f8 PSO and EHO achieved the same

median and the best solution. For functions f8 to f15 EHO

algorithm with circle maps obtained the best results compared

to the other methods.

IV. CONCLUSION

In this paper we proposed chaos based elephant herd-

ing optimization algorithm for solving unconstrained global

optimization problems. We introduced two different one-

dimensional chaotic maps, circle and sinusoidal maps, to the

original EHO algorithm. The proposed algorithms were tested

and compared on 15 standard benchmark functions (CEC

2013). Based on the results, chaotic based EHO outperforms

particle swarm optimization and the original EHO in almost

all cases. For functions f1 to f7 circle based EHO algorithm

performed better then other algorithms, while for benchmark

functions f8 to f15 the sinusoidal EHO outperformed PSO,

EHO and circle based EHO. In further work, different chaotic

maps and their combinations can be used and compared to

other chaotic optimization algorithms.
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