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Abstract
In this study, the improvement of the ant lion optimization which is inspired by ant lion’s hunting strategy is dealt with.

The most disadvantageous property of this algorithm is its having a long run time due to the random walking process. In

order to overcome this drawback, we proposed the improved random walking model, tournament selection method instead

of the roulette wheel selection method, and reproduction mechanism at the boundary values. The performance of improved

ant lion optimization algorithm based on the tournament selection (IALOT) is evaluated in comparison with the commonly

known and used heuristic algorithms for ten benchmark functions. Furthermore, we have tested the performance of IALOT

on the training of ANFIS known as a difficult optimization problem. The benchmark and ANFIS test results show that

IALOT algorithm exhibits better performance than that of the ALO algorithm.

Keywords Tournament selection � Heuristic optimization � Improved antlion � ANFIS

1 Introduction

Different methods have been used in solution of opti-

mization problems for many years. One of these is to solve

the problem with heuristic optimization algorithms. In

recent years, heuristic algorithms, inspired by the nature,

have an important role in solving optimization problems. In

these algorithms, the animals’ behaviors are generally

examined and the perfect behavior mechanisms such as

hunting, feeding and mating lead scientists to propose such

algorithms.

For the heuristic algorithms classification, there are a

number of classification criteria in the literature. According

to these criteria, heuristic algorithms are divided into two

main groups: single-solution based algorithms known as

trajectory methods and population-based algorithms. Sim-

ulated Annealing (SA) algorithm is one of the best-known

examples of the single-solution based heuristic algorithms.

SA algorithm was presented by Kirkpatrick et al. in 1983,

then was reviewed by Rutenbar in 1989. It was based on

the principle that the crystals are crystallized by heating

and then they are slowly cooled. The temperature value is

an important factor in searching the global solution

[24, 37]. Some well-known examples of the population-

based algorithms are the Differential Evolution (DE)

algorithm, Particle Swarm Optimization (PSO) algorithm,

Artificial Bee Colony (ABC) algorithm and Ant Colony

Optimization (ACO) algorithm. Differential Evolution

(DE) algorithm was developed by Price and Storn in 1995.

This algorithm is based on adding the difference value

between two individuals to a third individual in the popu-

lation [43, 44]. The Particle Swarm Optimization (PSO)

algorithm is another population-based heuristic optimiza-

tion technique developed by Kennedy in 1995. The original

idea of this algorithm is based on the principle that animals

living in flocks, such as birds and fishes, share information

by finding rich food and avoiding hunting [23]. The

Touring Ant Colony Optimization (TACO) algorithm,

proposed by Hiroyasu et al., in 2000, is an updated version

of Dorigo’s Ant Colony Optimization (ACO) algorithm. In

the TACO’s basic idea, ants use only the pheromone

information and search for each bit in the candidate solu-

tion string of binary bits [11, 14]. The Artificial Bee Col-

ony (ABC) algorithm was presented by Karaboga in 2005.

It is an heuristic algorithm inspired by foraging behaviors
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of bees [18]. Besides these algorithms, there are a lot of

studies about improvement of heuristic algorithms and

their implementation on the different application areas in

the literature and such studies will certainly come in the

future. A search space-based evolutionary algorithm was

proposed by Medhane and Sangaiah [26] for multiobjective

optimization problems. Abdel-Basset et al. [2] presented

application of a novel modified version of whale opti-

mization algorithm for Merkle–Hellman Knapsack Cryp-

tosystem. In [3], a novel improved version of the whale

optimization algorithm was proposed for solving 0–1

knapsack problem. This improved algorithm is based on

two basic strategies: local search strategy and the Lévy

flight walks. Srikanth et al. [42] presented a quantum

inspired binary grey wolf optimizer (QI-BGWO) based on

the combination the hunting behavior of grey wolf and

principles of quantum computing for unit commitment

problem. For the multi-trip capacitated arc routing prob-

lem, a hybrid algorithm was proposed by Tirkolaee et al.

[45]. The proposed hybrid algorithm is an efficient ant

colony optimizer based on max–min ant system. In the

study of Abdel-Basset et al. [1], a modified version of the

flower pollination algorithm was developed for the multi-

dimensional knapsack problems.

In this study, Antlion Optimizer Algorithm (ALO),

inspired by the hunting behaviors of ant lions and presented

in 2015 by Mirjalili [27], is examined. In the ALO algo-

rithm, the interactions between antlions and ants are imi-

tated basically. To model these interactions, five main steps

are realized such as random walking of ants, building trap,

trapping in the antlion’s pits, sliding ants toward antlion,

and catching the prey and rebuilding the pit. A number of

studies, including antlion optimization algorithm for engi-

neering problems reported in the literature chronologically:

Raju et al. [34] proposed the automatic generation control

(AGC) of an unequal three area thermal system. ALO

algorithm was used for determining gains of the controller

such as I, PI, PID and PID ? DD controllers. Kamboj et al.

[17] presented the implementation of ALO algorithm to the

dynamic economic load dispatch problem of electric power

system. Petrovic et al. [33] used ALO algorithm for opti-

mization of the process planning, and the performance of

ALO algorithm was compared with the other bio-inspired

algorithms. Nischal and Mehta [30] presented optimal load

dispatch problem by using ALO algorithm. In [48], Yao

and Wang proposed the Levy flight-based random walk for

ALO algorithm. The proposed dynamic adaptive ALO

algorithm was tested for finding the optimal route planning

of unmanned aerial vehicle [48]. Chopra and Mehta per-

formed ALO algorithm in multiobjective optimum gener-

ation scheduling problem in different test power systems

[10]. In the study of Gupta and Saxena [12], the automatic

generation control (AGC) of two-area interconnected

power system was designed by ALO algorithm, and the

comparison results of the regulator performances were

obtained from the proposed ALO-, GA-, PSO-, GSA-based

regulators. Babers et al. [5] carried out ALO algorithm to

detect the number of communities in the networks. In [39],

Satheeshkumar et al. presented ALO algorithm to adjust

the gain parameters of PI controllers for load frequency

control problem. Rebecca et al. [36] proposed the appli-

cation of ALO algorithm to solve optimal reactive power

dispatch problem. Tung and Chakravorty presented the

implementation of ALO algorithm on electrical economic

power dispatch planning problem [47]. In [46], Trivedi

et al. compared the performance of ALO algorithm with

PSO and FA algorithms for solving the optimal power flow

problem on a IEEE 30 bus system. Nair et al. [28] proposed

ALO algorithm based system identification for determining

the optimal coefficients of IIR filters with different orders.

Although ALO gives effective results for different

optimization on engineering problems, it has some disad-

vantages. The greatest drawback of ALO algorithm is that

it has got long run time due to the random ant walking

model especially. In improvement studies about ALO

algorithm in here, the random walking distance for mod-

eling ant’s movement is changed. The distance of the

random walk is determined as twenty percentage of max-

imum iteration rather than the maximum iteration number

in the original ALO code. In Mirjalili’s study [27], every

ant randomly walks around an antlion selected by the

roulette wheel method and the elite antlion simultaneously,

but the roulette wheel method is more efficient method for

maximization problems [35]. Because of this reason,

tournament selection method which is more useful for

minimization problems, is preferred in this study rather

than the roulette wheel method. Besides these revisions on

ALO algorithm, some movements between lower and

upper boundaries around the ant lion in the phase of trap-

ping on ant lion pits are added. These movements ensured

that ants walk more effectively around the selected antlion

in the search space. In the proposed improved ALO algo-

rithm based on the tournament selection (IALOT), the

boundary checking process and the procedure about the

catching prey and rebuilding the pit are improved.

The proposed algorithm is used in neuro-fuzzy system

training of antecedent and consequent parameters. As it is

known neuro-fuzzy systems (NFS) consist of different

combinations of neural network and fuzzy logic, that was

proposed by Jang [15] in 1993. The idea behind the neuro-

fuzzy system is that a fuzzy system is trained by a learning

algorithm derived from neural network. These systems are

capable of modeling nonlinear complex correlation

between input and output of a system [9]. The neuro-fuzzy

systems are used in many sectors in social and techno-

logical life. The antecedent parameters of ANFIS were
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optimized by PSO algorithm and the consequent parame-

ters of ANFIS were tuned by extended Kalman filter in

Shoorehdeli et al. work [40, 41]. Carrano et al. [8] pro-

posed genetic algorithm for the multiobjective training of

anfis fuzzy networks. In [21], the parameter tuning method

based on particle swarm optimization algorithm was pro-

posed for fuzzy sliding mode controller. Zangeneh et al.

[49] presented differential evolution algorithm to train the

antecedent part parameters of ANFIS structure. In the

paper of Jiang et al. [16], an ANFIS approach tuned by

particle swarm optimization (PSO) was proposed for

modeling customer satisfaction structure. In [20], Karaboga

and Kaya presented the ABC algorithm for training ANFIS

model and compared its performance with backpropagation

and hybrid learning methods. Karakuzu examined perfor-

mance of commonly known and used six heuristic algo-

rithms on dynamic system identification problem based on

NFS [22].

In this study, we propose the improved ALO algorithm

via tournament selection method (IALOT) to obtain supe-

rior performance on run time. By the proposed IALOT

algorithm, the long run time is decreased which is one of

the handicaps of ALO algorithm. The performance of the

proposed IALOT algorithm is compared with PSO, ABC,

SA, DE, TACO and ALO algorithms on ten different

benchmark functions taken from the literature. In addition,

IALOT’s performance is tested on the ANFIS-based

dynamic system modeling problem. For this purpose, five

dynamic benchmark systems are used. The rest of the paper

is organized as follows: Sect. 2 presents the introduction of

the classic ALO algorithm. The proposed IALOT algo-

rithm and its novelty are provided in Sect. 3. In Sect. 4,

ANFIS structure is presented briefly. Test results and the

performance of the proposed IALOT algorithm are given in

Sect. 5. In the last section, conclusion and the future works

are drawn.

2 Ant lion optimizer (ALO)

The life stages of antlions are composed of two parts as

larval and adulthood. Larval periods last about 2 years,

while adult periods are as short as 6 months. Adult antlions

resemble a beautiful dragonfly, but the larvae looks for a

place with curved marks in the sand to form a death trap.

The larva throws sand and small rocks until it forms a

conical pit with increasingly shrinking round circles and

buries itself under the trap to catch the prey as shown in

Fig. 1. When the ants come into the antlion’s trap, it throws

sand at the ants to speed up their death, and the ants slip

into the trap center with the fact that antlion forms a small

landslide in the trap.

This little monster’s method of hunting instincts actually

works in a wonderful mathematical context. This hunting

mechanism in the larval periods of antlions was trans-

formed into an optimization algorithm by Seyedali Mirjalili

and called Ant Lion Optimizer (ALO).

The mathematical model of antlion hunting starts with

random walks in search space. The Eq. 1 is a mathematical

model of random walks.

XðtÞ ¼ ½0; cumsumð2rðt1Þ � 1Þ; cumsumð2rðt2Þ
� 1Þ; . . .; cumsumð2rðtnÞ � 1Þ� ð1Þ

where cumsum represents cumulative sum, n denotes the

maximum number of iteration, X(t) denotes the random

walk at t step, and rand is the number in interval [0, 1], r(t)

refers the stochastic function as defined:

rðtÞ ¼ 1 if rand[ 0:5
0 if rand� 0:5

�
ð2Þ

The random walkways described in this model are illus-

trated with five different random walkways in Fig. 2.

A max–min normalization is done as follows to make

sure that the random walk is in the search space.

Xt
i ¼

Xt
i � ai

� �
dti � cti
� �

bi � ai
þ cti ð3Þ

where i is the variable index, t is the iteration number, a is

the minimum random walk, b is the maximum random

walk value, c is minimum variable value, and d is maxi-

mum variable value of antlion’s position that is updated at

each iteration as follows.

The ants that fall in the antlion’s trap instinctively want

to get out of there. The ant lion, begins to throw sand at the

ants hindering their escape and to move them toward the

bottom of the pit. Equations 4, 5, 6, 7 are the mathematical

explanations of the antlions shifting the ants from a certain

shift rate toward the bottom of the pit.

Fig. 1 Antlion’s hunting strategy [27]

Neural Computing and Applications (2020) 32:3803–3824 3805

123



cti ¼ Antliont þ ct ð4Þ

dti ¼ Antliont þ dt ð5Þ

ct ¼ ct

J
ð6Þ

dt ¼ dt

J
ð7Þ

Antliont is the position of the selected antlion at t-th iter-

ation, J is the sliding ratio, value of J can be changed in

different scenarios as follows,

J ¼

1 þ 102 t

Tmax

if 0:1 Tmax\t\0:5 Tmax

1 þ 103 t

Tmax

if 0:5 Tmax\t\0:75 Tmax

1 þ 104 t

Tmax

if 0:75 Tmax\t\0:9 Tmax

1 þ 105 t

Tmax

if 0:9 Tmax\t\0:95 Tmax

1 þ 106 t

Tmax

if 0:95 Tmax\t\Tmax

1 otherwise:

8>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>:

ð8Þ

where t is the current iteration, and Tmax is the maximum

iteration. According to the ants’ random walking mecha-

nism, ants walk around the antlion selected by roulette

selection, and the elite antlion. The positions of the ants are

updated at each iteration as in Eq. 9

Antti ¼
Rt

A þ Rt
E

2
ð9Þ

where Rt
A represents the position of ant around the antlion

chosen by roulette wheel, and Rt
E stands for ant’s random

walks around the elite antlion. After the antlion eats the

fallen ant in its trap, antlion updates its position according

to i-th ant at t-th iteration Antti by the following equation:

Antliont
j ¼ Antti if f Antti

� �
\f Antliont

j

� �
ð10Þ

where f stands for the fitness function.

It is observed that the ALO algorithm given in the fol-

lowing pseudo-code [27] is a clumsy algorithm by com-

parison with other algorithms in this study. In order to shed

light of future works, it was necessary to speed up the ALO

algorithm and improve its performance. For this reason,

detailed information about the innovations made can be

found in the next section.

Original ant lion optimizer algorithm

Step 1: Initialize antlion’s positions in the population

Step 2: Calculate fitness values for each of antlion and sort them

Step 3: Ant’s random walking mechanism is started around the elite

antlion and the antlion selected by roulette wheel in the

search space

Step 4: If the ants get better fitness, an antlion relocate its position

Step 5: Update elite antlion

Step 6: Until stop criterion satisfied repeat Step 2 to Step 6

Step 7: Return elite antlion’s position as global optimum point

3 Improved ant lion optimizer
via tournament selection (IALOT)

3.1 Tournament selection

In heuristic algorithms, the selection procedures, such as

roulette wheel method, truncation selection, linear ranking

selection, exponential ranking selection and tournament

selection method, are used for individual selection among a

100 200 300 400 500 600 700 800 900 1000

t
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X
(t)

Fig. 2 Ants’ five different

random walkways, each color

shows the random walk of each

ant
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population. Tournament selection is the most effective one

of them [7]. This method arranges a tournament among

randomly selected individuals from the population, and the

best individual having the best fitness is the winner of the

tournament. The parameter of tournament selection method

is the tournament size which is known as ‘‘tour’’. Tour

takes values ranging from 2 to number of population.

While tournament size increases, selection intensity of the

population increases. In this study, the tournament size is 2,

so the tournament method randomly selects two groups

from the population and the size of these groups is calcu-

lated by division of number of the population to tourna-

ment size.

In the roulette wheel selection method, fitness values of

an individual form roulette wheel segments, and the

probability of selecting the best individual are directly

proportional to the size of the slice. Because of this reason,

for finding the best individual through the tournaments

including individuals from the population in the tourna-

ment would be a better choice instead of the probabilistic

process on the roulette wheel [4]. In Mirjalili’s work [27],

the roulette wheel method was used for selecting the

antlion, which every ant randomly walks around. But the

roulette wheel method is not more efficient than the other

method used for minimization problems [35]. Therefore,

the tournament selection method, which is more useful in

Fig. 3 Ants’ random walk

modeling for different random

walking size values of ALO and

IALOT algorithms

Fig. 4 Convergence curves with

different random walking sizes

for Schwefel function

Table 1 CPU time (s) values

with different random walking

sizes for Schwefel function

Random walking size

MaxIt 0.8 � MaxIt 0.6 � MaxIt 0.4 � MaxIt 0.2 � MaxIt

CPU time (s) 9.661 8.541 8.122 7.179 6.887
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minimization problems, is preferred rather than the roulette

wheel method in this study. The following pseudo-code

summarizes the working mechanism of the tournament

method.

Tournament selection method

Step 1: Select tournament size (T) less than population size (P)

Step 2: Create N ¼ P=T tournament groups

Step 3: Set shuffle pool

Step 4: Find winner of each group according to fitness values. Send

to shuffle pool

Step 5: Go to Step 2 until reach the tournament size

Fig. 5 IALOT algorithm

flowchart
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3.2 The other innovations on ALO algorithm

Even though ALO algorithm has impressive results for

different benchmark functions and engineering design

problems, it has some disadvantages. The greatest draw-

back of ALO algorithm is that it has a long run time on

account of the random ant walking model especially. The

leading innovation made on ALO algorithm is the one

regarding the random walking mechanism for ants’

movement. In proposed IALOT algorithm, the random

walking distance for modeling ants’ movement is changed.

The distance of the random walk is determined as 20% of

maximum iteration number rather than the maximum

iteration number in the original ALO.

In original ALO algorithm, the long running times are

encountered due to the fact that the random walking size is

the maximum iteration number. Figure 3 shows the ants’

random walks around the selected antlion for maximum

random walking size and 20% of this size. In this figure,

the red dot denotes the antlion at (0, 0) position. There are

three different random walking routes in each figure. In

Fig. 4, the convergence curves with different random

walking size values (1, 0.8, 0.6, 0.4, 0.2 � maximum

iteration) are shown for Schwefel function.

Table 1 summarizes the CPU time values obtained for

Schwefel function. As can be seen from this table, while

decreasing the random walking size, the CPU time values

decreases. For the random walking size values less than 0.2

� maximum iteration, there is no exploration and

exploitation in search space. In this study, we took the

random walking size as 20% of the maximum iteration

number due to these reasons.

Besides, some movements are added between lower and

upper boundaries of the antlion in the phase of trapping on

antlion pits. These proposed new movements ensure that

the ants walk more effectively around the selected antlion

in the search space. In addition, the selection mechanism in

the last section of the classic ALO algorithm is improved.

The old mechanism works with sorting all the ants and

antlions in the population in order of fitness values. Thanks

to the proposed selection mechanism, the next population is

determined by comparing the ants and antlions according

to their fitness values step by step. If the fitness value of the

ant is better than the fitness value of the antlion, the antlion

consumes the ant; thus, it takes the position of the ant. As a

final improvement, the boundary checking mechanism is

changed. By this mechanism, the positions of ants are

brought back inside the search space if the ants go beyond

the boundaries of the search space. Thus, the algorithm

performance is increased in terms of the optimality and

accuracy metrics.

Innovations made in the antlion’s pit, and the shifting of

the ants by throwing sand can be explained by the fol-

lowing mathematical model.

Fig. 6 General ANFIS structure

with two inputs

Table 2 Parameters of heuristic algorithms used in this study

Algorithms Parameters

PSO [23] Learning coefficients = 2.05, constriction

factor = 0.7298

ABC

[18, 19]

Number of food sources = 50, limit cycle = 100

SA

[24, 37]

Temperature = current iteration/maximum iteration

number

DE

[43, 44]

Crossover probability = 0.5, differential weight = 0.8,

differential strategy = DE/rand/1/bin

TACO [14] Vaporing = 0.1, number of bit = 18

ALO [27] Search agent = 100

IALOT Search agent = 100, random walk size = Max Iter/5

Neural Computing and Applications (2020) 32:3803–3824 3809
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cti ¼ Antliont
i þ cti

dti ¼ Antliont
i þ dti

�
if 0:75� d\1 ð11Þ

cti ¼ Antliont
i � cti

dti ¼ Antliont
i � dti

�
if 0:5� d\0:75 ð12Þ

cti ¼ �Antliont
i þ ct

dti ¼ �Antliont
i þ dt

�
if 0:25� d\0:5 ð13Þ

cti ¼ �Antliont
i � ct

dti ¼ �Antliont
i � dt

�
otherwise ð14Þ

where d is a randomly chosen number from [0, 1] interval.

When the ants exit the search space, they are taken to the

search space again with the following mathematical model.

This innovation, unlike the original ALO algorithm, leaves

the ants randomly in the search space.

Antti ¼ blow þ rand � bup � blow

� �
if

Antti [ bup

� �
OR Antti\blow

� � ð15Þ

where rand is a randomly chosen number in interval [0, 1],

blow is lower boundary, bup is upper boundary. The

flowchart given in Fig. 5 shows the fundamental operations

of the proposed IALOT algorithm.

4 ANFIS structure

Adaptive neuro-fuzzy inference system (ANFIS) was pre-

sented by Jang [15]. The ANFIS structure is an intelligent

neuro-fuzzy structure that combines the fuzzy logic system

and neural network system. In fact, antecedent and con-

sequent parameters of ANFIS are trained to make a fuzzy

conclusion. The ANFIS structure consists of five layers.

The description of these layers is given below and ANFIS

structure with two inputs is given in Fig. 6. The ANFIS’s

layers are explained in following equations.

Layer 1:

O1;i ¼ lAi
ðxÞ ¼ exp �ðx� aiÞ2

ð2biÞ2

 !
; i ¼ 1; 2 ð16Þ

O1;i ¼ lBi�2
ðyÞ ¼ exp �ðy� aiÞ2

ð2biÞ2

 !
; i ¼ 3; 4 ð17Þ

In this layer, ai and bi are called antecedent parameters, l
is called membership function.

Layer 2:

O2;i ¼ wi ¼ lAi
xð ÞlBi

yð Þ; i ¼ 1; 2 ð18Þ

The output of each node represents the firing strength wi of

the rule, usually the algebraic product T-norm operator is

applied as the node function.

Fig. 7 Comparison results of IALOT and the other algorithms.

a Optimality, b accuracy, c CPU time, d number of functions

evaluation
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Layer 3:

O3;i ¼ wi ¼
wi

w1 þ w2

; i ¼ 1; 2 ð19Þ

In each node, the ratio of rule firing strength to sum of all

the firing strength is found. The output of this layer is

called normalized firing strengths.

Layer 4:

O4;i ¼ wifi ¼ wi pixþ qiyþ rið Þ ð20Þ

Each node in this layer is the adaptive node with their node

functions. The parameters pi; qi; ri in the layer are called

the consequent parameters.

Layer 5 :

O5;1 ¼
X
i

wifi ¼
P

i wifiP
i wi

ð21Þ

The single node in the last layer is known as a fixed node

that calculates the sum of the all previous layers’ outputs,

where fi are rules.

5 Performance comparison of IALOT

New heuristic algorithms in engineering sciences are usu-

ally tested with benchmark functions and their perfor-

mances in application problems are examined. The IALOT

algorithm introduced in this study is compared with ALO

and other popular algorithms. IALOT is tested with ten-

dimensional benchmark functions and the comparison

results are presented in tables and graphs. Then, training of

ANFIS parameters is done by IALOT and other algorithms,

and algorithm performance for five popular dynamic sys-

tems is observed.

5.1 Benchmark performance of IALOT

When we look at the heuristic algorithms up to this point, it

is seen that they are tested with benchmark test functions

and the performance evaluation of these algorithms is

based on different metrics such as average/mean, standard

deviation, optimality, accuracy, etc. It is also compared

with other well-known heuristic algorithms. In this study,

performance measurement using benchmark test functions

is evaluated for optimality, accuracy, standard deviation,

and best average metrics. In addition, the performance of

IALOT is compared with PSO, ABC, SA, DE, TACO

algorithms other than ALO. Below are the mathematical

expressions of the metrics used for comparison.

f : X � Rn ! F ð22Þ

where n is the dimension of possible solution space or the

search space. Let x0 2 X is the solution, f ðx0Þ ¼ f0 is said

to be solution of the optimization problem, and f ðx̂0Þ ¼ f̂0

Fig. 9 ANFIS training by IALOT algorithm

Table 4 Dynamic systems for ANFIS training and testing

System no. Dynamic system Training set Testing set

1 yðkÞ ¼ yðk�1Þyðk�2Þðyðk�1Þþ2:5Þ
1þy2ðk�1Þþy2ðk�2Þ þ uðkÞ [29] uðkÞ ¼ cosð2pk=100Þ uðkÞ ¼ sinð2pk=25Þ

2 yðk þ 1Þ ¼ yðkÞ
1þy2ðkÞ þ u3ðkÞ [29] uðkÞ ¼ cosð2pk=100Þ uðkÞ ¼ sinð2pk=25Þ

3 yðk þ 1Þ ¼ yðkÞ þ uðkÞe�3jyðkÞj [6] ½�1; 1� ½�1; 1�
4 yðk þ 1Þ ¼ 24þyðkÞ

30
yðkÞ � 0:8 u2ðkÞ

1þu2ðkÞ yðk � 1Þ þ 0:5uðkÞ [32] ½�5; 5� ½�5; 5�

5 yðk þ 1Þ ¼ 0:5ð yðkÞ
1þy2ðkÞ þ ð1 þ uðkÞÞuðkÞð1 � uðkÞÞÞÞ [38] ½�2; 2� ½�2; 2�

Table 5 Parameter numbers of

ANFIS to be model of dynamic

systems

System no. Inputs # Membership function # rules # parameters

1 uðkÞ; yðk � 2Þ; yðk � 1Þ 6 {2, 2, 2} 8 44

2 uðkÞ; yðkÞ; yðk � 1Þ 6 {2, 2, 2} 8 44

3 u(k), y(k) 4 {2, 2} 4 20

4 uðkÞ; yðkÞ; yðk � 1Þ 6 {2, 2, 2} 8 44

5 u(k), y(k) 4 {2, 2} 4 20
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closeness the solution found. Then used metrics are defined

as follows:

Optimality ¼ 1 � kf0 � f̂0k
kf � fk

2 ½0; 1� ð23Þ

Accuracy ¼ 1 � kx0 � x̂0k
kx� xk 2 ½0; 1� ð24Þ

Mean ¼ 1

N

XN
i¼1

f̂0 ð25Þ

Standard deviation (STD) ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

N � 1

X
f̂0 � Mean
� �2

r

ð26Þ

where f and f are lower and upper bounds of f, x and x

lower and upper bounds of search space. N stands for the

number of the repetition [25]. Optimality metric denotes

the relative closeness to fitness value of solution. Accuracy

represents the relative closeness to the solution. Mean

metric stands for the average of closeness the solution

found.

The 10-dimensional benchmark test functions are used

in this study. The characteristics of these test functions are

different from each other. Ackley, Griewank, Rastrigin,

Levy, Schwefel functions are the functions which include

many local minimum points. Rastrigin function is a mul-

timodal function, Rosenbrock function is a valley-shaped

unimodal function, and it is difficult to converge to a global

minimum. Besides, the Sphere function is a unimodal

function that has the local minimum point size. The Sum

Squares function is a bowl-shaped function which has only

a global minimum point. Similarly, Zakharov function has

Fig. 10 Input data sets of dynamic systems for training. a D. System 1, 2, b D. System 3, c D. System 4, d D. System 5
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no local minima except the global one. The mathematical

expressions of these benchmark functions are given below:

F1: Ackley function

f ðxÞ ¼ �a exp �b

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

d

Xd
i¼1

x2
i

vuut
0
@

1
A� exp

1

d

Xd
i¼1

cosðcxiÞ
 !

þ aþ expð1Þ
ð27Þ

subject to �35� xi � 35, the global minima is f ðxÞ ¼ 0 at

x ¼ ð0; . . .; 0Þ, a ¼ 20; b ¼ 0:2; c ¼ 2p
F2: Griewank function

f ðxÞ ¼
Xd
i¼1

x2
i

4000
�
Yd
i¼1

cos
xiffiffi
i

p
	 


þ 1 ð28Þ

subject to �100� xi � 100 and global minima f ðxÞ ¼ 0 at

x ¼ ð0; . . .; 0Þ
F3: Levy function

f ðxÞ ¼ sin2ðpw1Þ þ
Xd�1

i¼1

ðwi � 1Þ2
1 þ 10 sin2ðpwi þ 1Þ
� �

þ ðwd � 1Þ2
1 þ sin2ð2pwdÞ
� �

ð29Þ

where

wi ¼ 1 þ xi � 1

4
; for all i ¼ 1; 2; . . .; d ð30Þ

subject to �10� xi � 10, the global minima is f ðxÞ ¼ 0 at

x ¼ ð1; . . .; 1Þ

Fig. 11 Input data sets of dynamic systems for test. a D. System 1,2. b D. System 3, c D. System 4, d D. System 5
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Fig. 12 The flowchart of ANFIS training and testing with IALOT algorithm
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F4: Rastrigin function

f ðxÞ ¼ 10d þ
Xd
i¼1

x2
i � 10 cosð2pxiÞ

� �
ð31Þ

subject to �5:12� xi � 5:12, the global minima is f ðxÞ ¼ 0

at x ¼ ð0; 0; . . .; 0Þ
F5: Rosenbrock function

f ðxÞ ¼
Xd�1

i¼1

100 xiþ1 � x2
i

� �2þðxi � 1Þ2
h i

ð32Þ

subject to �2:3� xi � 2:3, the global minima is f ðxÞ ¼ 0 at

x ¼ ð1; . . .; 1Þ
F6: Schwefel function

f ðxÞ ¼ 418:9829d �
Xd
i¼1

xi sin
ffiffiffiffiffiffi
xij j

p� �
ð33Þ

subject to �500� xi � 500, the global minima is f ðxÞ ¼ 0

at x ¼ ð420:97; . . .; 420:97Þ
F7: Sphere function

f ðxÞ ¼
Xd
i¼1

x2
i ð34Þ

subject to �5:12� xi � 5:12, the global minima is f ðxÞ ¼ 0

at x ¼ ð0; 0; . . .; 0Þ
F8: Styblinski–Tang function

f ðxÞ ¼ 1

2

Xd
i¼1

x4
i � 16x2

i þ 5xi
� �

ð35Þ

subject to �5� xi � 5, the global minima is f ðxÞ ¼ �39:16

at x ¼ ð�2:9; . . .;�2:9Þ
F9: Sum squares function

f ðxÞ ¼
Xd
i¼1

ix2
i ð36Þ

subject to �10� xi � 10, the global minima is f ðxÞ ¼ 0 at

x ¼ ð0; . . .; 0Þ
F10: Zakharov function

f ðxÞ ¼
Xd
i¼1

x2
i þ

1

2

Xd
i¼1

ixi

 !2

þ 1

2

Xd
i¼1

ixi

 !4

ð37Þ

subject to �5� xi � 10, the global minima is f ðxÞ ¼ 0 at

x ¼ ð0; . . .; 0Þ
In performance testing of algorithms, the population size

is 100, and maximum iteration number is 1000 and all

algorithms are run 50 times. All codes of heuristic algo-

rithms are run on PC with Intel(R) Core(TM) i7-6500U

CPU@2.50GHz/8.00GB RAM. The parameters of heuristic

algorithms that are used in this work are given as in Table 2.

Two termination criteria are used for all heuristic

algorithms, one for reaching the maximum number of

iterations, and the other for value to reach ðVTR ¼ 10�6Þ.
VTR condition is given below.

if VTR[ fitnessðindividualbestÞ � fitnessðindividualworstÞj j
then stop the algorithm

ð38Þ

In Mirjalili’s work, there were no comparison results

regarding the time analysis such as CPU time and number

of function evaluation (NFE). Also, two new metrics were

added (optimality, accuracy) into the benchmark compar-

ison works.

The comparative benchmark test results are given in

Table 3. According to the mean of best results, IALOT

algorithm shows the best performance for eight benchmark

functions except of F3 and F6 functions. IALOT algorithm

gives better results than ALO algorithm in all functions in

terms of the standard deviation values. As can be seen from

the results of the NFE and CPU time metrics, although

IALOT algorithm is not the first for these metrics, the

proposed IALOT algorithm is 10–20 times faster than the

classic ALO algorithm. IALOT algorithm has an overall

best performance at optimality and accuracy metrics.

Classic ALO algorithm has 100% optimality value for F7,

F9 and F10 benchmark functions. According to the accu-

racy metrics, ALO algorithm has the best performance with

100% for only F1, F7, F9 and F10 benchmark functions.

For the proposed IALOT algorithm and the heuristic

algorithms used in benchmark tests, the comparison results

are shown in Fig. 7. In this figure, four metric results,

which are presented in Table 3, are visualized. In terms of

first two metrics (optimality and accuracy), the proposed

IALOT algorithm shows the best performance among the

heuristic algorithms. As can be seen from the results of

CPU Time metric, the classic ALO algorithm has the worst

performance in comparison with the others. According to

the Number of Function Evaluation (NFE) metric results,

the proposed IALOT algorithm presents the competitive

results for all benchmark functions. According to these

results, ALO usually gives only successful results on easy

surfaces like bowl-shaped, plate-shaped. Unlike ALO,

IALOT has always been successful, even on difficult sur-

faces with a very local minimum point.

In Fig. 8, the logarithmic convergence curves are shown

for six benchmark functions. Ackley (F1), Griewank (F2),

Rastrigin (F4) functions have many local minimum points

and they are difficult test functions. The Rosenbrock (F5)

function is unimodal and valley shaped, with only the

global minimum point. Sphere (F7) and Styblinski–Tang

(F8) function are bowl-shaped functions. It can be under-

stood here that IALOT algorithm converges faster and it

stops the run when the stop criterion reaches. For these

3818 Neural Computing and Applications (2020) 32:3803–3824

123



0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

0 10 20 30 40 50 60 70 80 90 100

-1

0

1

2

3

4

5

-3

-2

-1

0

1

2

3

4

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

-2

-1.5

-1

-0.5

0

0.5

1

1.5

2

-1.4

-1.2

-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

-1.5

-1

-0.5

0

0.5

1

1.5

-1

-0.5

0

0.5

1

1.5

2

2.5

3

3.5

4

-2

0

2

4

6

8

10

-3

-2

-1

0

1

2

3

4

-4

-3

-2

-1

0

1

2

3

(a) (b)

(c) (d)

(e) (f)

(g) (h)

(i) (j)

Neural Computing and Applications (2020) 32:3803–3824 3819

123



benchmark functions, the mean cost curves of IALOT in all

functions is better than the other algorithms.

5.2 ANFIS parameter learning by using IALOT
algorithm

The parameters of ANFIS structure have been optimized

with different heuristic algorithms up to this time. From

time to time, these parameters have been optimized by

using more than one optimization algorithm. Such models

are called hybrid models. In this study, optimization of

these parameters is made by comparing with IALOT, ALO

and other popular algorithms. The first stage is the training

phase, the parameters of ANFIS are optimized by the

heuristic algorithms for modeling of five different dynamic

systems in this phase, and then ANFIS structure with these

adjusted parameters is tested for the systems at the second

phase. The block diagram of ANFIS training phase using

IALOT algorithm is presented in Fig. 9.

In Table 4, the dynamic systems to be modeled with

ANFIS and the sets used for testing and training are given.

The inputs of the modeled dynamic systems, the number of

membership functions used, the number of rules, and the

number of parameters are given in Table 5. In these

dynamic models, u(k) denotes input signal at k-th iteration,

y(k) represents output signal at k-th iteration.

The detailed information of the data sets in Table 4 can

be accessed from Karakuzu’s study [22]. In addition, these

data sets are given in Figs. 10 and 11. Note that in the data

sets 1 and 2, a cosine and sinus curves are drawn as much

as the iteration size, and in the data set 2, 3, and 4 sampling

is performed with random amplitudes up to the iteration in

the intervals specified in Table 4.

For the first dynamic system in Table 4, there are two

membership functions for each inputs, eight rules are used

in 4th layer. The Gauss membership functions consist of

two parameters, and there are four consequent parameters

for one fuzzy rule. As a result, total 44 parameters of

ANFIS are optimized by IALOT for the first dynamic

system. While performing ANFIS parameter training in

this study, square errors are taken from output of ANFIS at

the end of each iteration, the mean of these square errors

are used as a fitness value of an individual for a heuristic

algorithm. Each algorithm are run 30 times to train ANFIS

with maximum 500 generations. For the performance

comparisons, statistical best, statistical worst, mean square

error formulas are given below, where x̂i is the prediction

value produced by ANFIS on training at i� th iteration, xi
is corresponding target value. Also f is the best solution’s

fitness value of each run, and m is the number of run for

each algorithms.

Mean square error ¼ 1

n

Xn
i¼1

x̂i � xið Þ2 ð39Þ

Statistical best ¼ Minm
i¼1f ð40Þ

Statistical worst ¼ Maxm
i¼1f ð41Þ

The population size is calculated by the following equation

given in [13, 22, 31], where round is the function that

rounds to nearest decimal or integer and D is the dimension

of the problem.

Population size ¼ round 10 þ 2
ffiffiffiffi
D

p� �
ð42Þ

The entire ANFIS process is summarized in the flow dia-

gram below in Fig. 12. Figure 13 shows ANFIS training

and test results for five dynamical systems. The first col-

umn of this figure is the train results plotted according to

the best individual obtained among 30 runs, and the second

column of this figure shows the test results of ANFIS

constructed with the best individual obtained at the training

stage. The detailed results for all algorithms are given in

Table 6. In the table, R., Av.R., Av.Cum.R are respectively

refers to rank, average rank and average cumulative rank.

Rank is the best degree of the algorithm among others, and

the average rank is the sum of the rank of the systems

divided by the number of systems for each metric. The

average cumulative rank is the sum of the average rank of

the metrics divided by the number of metrics.

Table 6 is organized in two parts, one of them is Train,

and the other one is Test for each heuristic optimization

algorithm. In the measurement column, Best and Worst

refer to best solution’s and worst solution’s fitness values

after 30 runs. Average is average of fitness values of all

solutions, SD is standard deviation of them. As can be seen

from this table, ABC is the best algorithm and DE is the

second best algorithm for all categories of ANFIS training

and test phases according to the average cumulative rank.

The proposed IALOT algorithm is the third best algorithm

with ALO algorithm. Furthermore, it is seen from these

results that IALOT algorithm is 4–6 times faster than ALO

algorithm for ANFIS training phase.

6 Conclusion and future works

This work proposes the improved Ant Lion Optimizer via

tournament selection method called IALOT. The most

important drawback of the classic ALO algorithm is that it

bFig. 13 ANFIS training and test results for five dynamic systems. x-

axes: sampling period, y-axes: system output. a I. Dyn. Sys. training

results, b I. Dyn. Sys. test results, c II. Dyn. Sys. training results, d II.

Dyn. Sys. test results, e III. Dyn. Sys. training results, f III. Dyn. Sys.

test results, g IV. Dyn. Sys. training results, h IV. Dyn. Sys. test

results, i V. Dyn. Sys. training results, j V. Dyn. Sys. test results
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Table 6 Performance comparison of dynamic system modeling based on ANFIS trained by heuristic algorithms

Algorithms Measurements Sys. 1 R. Sys. 2 R. Sys. 3 R. Sys. 4 R. Sys. 5 R. Av. R. Av. Cum. R.

ABC Train

Time 1.417 1 1.414 1 0.850 1 1.409 1 0.785 1 1 1.886

Best 0.008 3 0.002 1 0.001 2 0.018 3 0.006 1 2

Worst 0.027 1 0.010 1 0.006 1 0.103 2 0.170 1 1.2

Average 0.018 3 0.006 2 0.004 2 0.040 2 0.095 1 2

SD 0.005 1 0.002 3 0.001 2 0.018 2 0.042 2 2

Test

Best 0.040 3 0.027 4 0.010 3 0.062 1 0.017 1 2.4

Worst 0.232 4 0.064 4 0.135 2 0.283 2 0.122 1 2.6

DE Train

Time 2.570 2 2.582 2 1.412 2 2.571 2 1.442 2 2 2.943

Best 0.021 5 0.008 7 0.002 3 0.023 4 0.149 7 5.2

Worst 0.055 4 0.014 4 0.007 2 0.081 1 0.274 3 2.8

Average 0.036 4 0.010 5 0.004 1 0.042 3 0.216 5 3.6

SD 0.008 3 0.001 1 0.001 1 0.015 1 0.035 1 1.4

Test

Best 0.046 5 0.042 5 0.002 1 0.131 3 0.125 7 4.2

Worst 0.049 1 0.041 2 0.134 1 0.235 1 0.234 2 1.4

PSO Train

Time 2.644 4 2.675 3 1.519 3 2.675 3 1.463 3 3.2 6.086

Best 0.029 7 0.004 5 0.010 7 0.210 7 0.102 6 6.4

Worst 2.029 7 0.045 7 0.069 7 8.300 7 0.416 7 7

Average 0.391 7 0.020 7 0.028 7 1.335 7 0.264 7 7

SD 0.420 7 0.009 7 0.016 7 1.712 7 0.073 6 6.8

Test

Best 0.046 4 0.044 6 0.045 5 0.675 7 0.116 6 5.6

Worst 3.498 7 0.167 7 0.790 7 11.886 7 0.267 5 6.6

SA Train

Time 2.619 3 2.675 4 1.544 4 2.693 4 1.535 4 3.8 4.257

Best 0.018 4 0.002 3 0.002 5 0.036 5 0.058 4 4.2

Worst 0.067 5 0.010 3 0.013 4 0.209 4 0.254 2 3.6

Average 0.036 5 0.008 4 0.007 5 0.100 5 0.180 4 4.6

SD 0.012 5 0.002 2 0.002 3 0.038 4 0.055 2 3.2

Test

Best 0.119 6 0.020 3 0.074 7 0.616 6 0.075 5 5.4

Worst 0.288 6 0.085 6 0.391 5 0.897 5 0.249 3 5

TACO Train

Time 16.529 6 16.910 6 6.883 6 16.549 6 6.839 6 6 5.543

Best 0.023 6 0.005 6 0.003 6 0.036 6 0.044 3 5.4

Worst 0.134 6 0.021 6 0.015 5 0.641 6 0.323 6 5.8

Average 0.062 6 0.013 6 0.009 6 0.203 6 0.241 6 6

SD 0.031 6 0.004 6 0.003 4 0.146 6 0.059 4 5.2

Test

Best 0.159 7 0.061 7 0.049 6 0.264 4 0.033 3 5.4

Worst 0.258 5 0.063 3 0.360 4 2.742 6 0.387 7 5
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has a long run time due to the standard random walking

model. The proposed IALOT algorithm includes some

improvements on operators of ALO algorithm, such as

using tournament selection method, new boundary check-

ing procedure, updating the selection process for each

iteration, etc. The performance of the proposed IALOT

algorithm is evaluated on ten benchmark functions in terms

of optimality, accuracy, number of function evaluation/

CPU time and mean best, in comparison with the popular

and well-known heuristic algorithms, such as DE, PSO,

ABC, SA, TACO and ALO algorithms. It is clearly evident

that the proposed IALOT algorithm provides the best

results in terms of optimality, accuracy and mean best

metrics. According to the NFE/CPU time metric results,

the performance of the proposed IALOT algorithm is better

than classic ALO algorithm. As a result, it can be said that

the proposed IALOT algorithm is able to operate as an

alternative algorithm for different optimization problems.

This paper also deals with the performance of the

IALOT algorithm for ANFIS parameters optimization. The

training of ANFIS is a very difficult optimization problem.

In this study, the proposed IALOT algorithm has been

adapted for training of ANFIS parameters and its perfor-

mance has been tested for five dynamic benchmark sys-

tems. The comparative results show that the proposed

IALOT algorithm provides very competitive results among

those of the well-known heuristic algorithms. This work is

limited to solve single objective optimization problems

with multi-dimensions. However, this proposed IALOT

algorithm can be adapted by the future researchers for the

multiobjective optimization problems. Future studies can

deal with the training process of the different models using

IALOT algorithm.
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