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ABSTRACT

Recently, a population-based optimization algorithm called the multitracker optimization algorithm (MTOA) was
introduced based on the tracker con- cept. This paper proposes a novel variation of the original MTOA called the
migration-based MTOA (MTOAIL), which employs multiple subpopulations of trackers to achieve superior
performance. The proposed algorithm differs from the traditional MTOA in that it splits the initial population into
multiple sub- populations to enhance the search process in different areas of the search space. Furthermore,
information is exchanged among the subpopulations in an iter- ative and cyclic manner. The best global trackers in
the first subpopulation are used to update the global trackers of the second subpopulation, and this updating process
continues for all subsequent subpopulations. Exploration and exploitation are balanced in this cyclic approach for
multiple populations. The proposed MTOAL is validated based on the CEC2017 benchmark problems, and an
improvement over the original MTOA is observed. Furthermore, MTOAL is used to solve the classical welded beam
design problem and is compared with eight recently proposed optimization algorithms. The results confirm the supe-
riority of the proposed algorithm.

Keywords: Engineering Optimization Problems, Optimization, CEC2017 Benchmark Functions, Multitracker

Optimization Algorithm, Multiple populations.

INTRODUCTION

Many nature-inspired algorithms have been developed in the
past few years [1]. For instance, a novel swarm intelligence
optimization technique called the dragonfly algorithm (DA) was
proposed. The primary concept of the DA rule set originates
from the static and dynamic swarming behaviours of dragonflies
in nature. The important stages of optimization, exploration and
exploitation are designed based on modelling of the social
interactions of dragonflies during navigation, food location, and
swarm protection considering both dynamic and static methods
[2]. As a brand new set of rules, the firefly algorithm (FFA) is a
metaheuristic algorithm inspired by the flashing behaviour of
fireflies.[3]. A novel optimization rule set known as the sine-
cosine algorithm (SCA) was introduced in [4] for optimization
tasks. The SCA creates preliminary random candidate answers

and requires them to vary outwards or towards the optimal
solution through sine and cosine functions. One state-of-the-art
algorithm is the salp swarm algorithm (SSA)[5]. The SSA is
based on the swarming behaviour of salps while navigating and
foraging in oceans. A variation of the SSA was introduced in [6].
The whale optimization algorithm (WOA) is a brand new
approach for solving optimization problems. This algorithm
consists of three operators to simulate the following behaviours
of humpback whales: looking for prey, encircling prey, and
bubble net foraging [7]. The grey wolf optimization (GWO)
algorithm mimics the hierarchy and search mechanisms of grey
wolves in nature, and the processes of looking for prey,
encircling prey, and attacking prey are considered in the
optimization [8]. The ant lion optimizer (ALO) is the lat- est
approach that the
behaviours of ants and antlions in nature. The ALO was

metaheuristic mathematically models
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developed to solve optimization problems considering the
random movements of ants, construction of traps, entrapment
of ants in traps, catching prey, and rebuilding traps [9]. The
grasshopper optimiza- tion algorithm (GOA) models and mimics
the behaviours of grasshopper swarms in nature to solve
optimization problems [10]. Recently, a population-based al-
gorithm called the multitracker optimization algorithm (MTOA)
was proposed.

This method included the term "multitracker” because there are
two types of trackers. The first type includes trackers that
concentrate on locating the global optimum, and the second
type includes trackers that help the first type to learn its
surroundings and avoid being trapped at local optima [11]. It is
worth noting that the MTOA is not inspired by nature. This
paper proposes a novel variation of the original MTOA named
the migration-based MTOA (MTOA1), which em- ploys multiple
subpopulations of trackers to achieve superior performance. In
the proposed MTOAI1 approach, some subpopulations work
independently in the area of interest of the search space to
simultaneously accelerate the search scheme and identify the
global optimal. In this scenario, the local behaviours among
subpopulations are considered, and one subpopulation can
transmit its best solution to another in a cyclic manner. The
proposed MTOA1 approach is validated based on the CEC2017
benchmark problems, and an improvement over the original
MTOA is observed. The main contributions of this paper are as
follows.

¢ Population diversity is maintained by cross-subpopulation
migration.

¢ The performance of the introduced multiple population-based
method is assessed based on the CEC2017 benchmark
problems.

¢ The proposed multiple population method can be adapted to
any swarm algorithm without changing its structure.

This paper is organized as follows: section 2 introduces the
MTOA; section 3 in- troduces MTOAI; section 4 presents the
simulation results; section 5 includes a case study of the welded
beam design optimization problem; and the conclusions and
future work are discussed in section 6.

Traditional multitracker optimization

algorithm (MTOA)

Unlike optimization algorithms that are inspired by nature, the
MTOA was developed to overcome the disadvantages of other
optimization algorithms and take advantage of specific features.
Similar to other algorithms, the MTOA performs exploration
and exploitation processes in the search space. To explore the
search space, a random number num of points are distributed
and called global trackers (GT ). The rank of each point i of a
GT is calculated (RKi) based on the corresponding cost value.
Rank 1 is assigned to the GTi corresponding to the lowest cost,
and the highest rank is assigned to the GTi corresponding to the
highest cost. The optimum point is selected as the global
optimum point (GOP ). To avoid local minima, each GTi is
surrounded by a number of points called local trackers (LT ) in a
specified radius Rsi. The LTs inform each GT of its
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surroundings to avoid becoming trapped at local minima. After
searching using the LTs, GTs start to move and search for the
optimal point on a random motion technique. The MTOA
process can be divided into two main stages:

1.The first stage of the traditional multitracker process: The first
stage is exploration. First, num points are randomly initialized
in the search space to search the global optimum. These points
are called global track- ers (GT ). The rank of each global tracker
is calculated according to the fitness function of the problem
and whether the problem is a maximiza- tion or minimization
problem (in this context, minimization problems are assumed).
This calculation ends when the global optimum point (GOP ) is
reached according to equation 1.

GOP = arg(minimum(Rki)) (1)
where i=1,2,3,. num

2. The second stage of the traditional multitracker process: The
second stage is exploitaion. Each global tracker is informed of its
surroundings by a set of points called local trackers. The local
trackers are selectd within a certain radius (Rs) of each global
tracker point. Based on the received information, global trackers
move to better locations in the search space.

The radius around each point i in GT s is determined using
equation 2.

Rfi  Rf;> Rd,
Rs; = Rf;
Rd;  Rf: < Rd, )
- (B'k‘vi_ll).(mf — Rm) + Rm,

Rd, = ||Gr: — CP|
um —

In equation 2, Rm and RM are two constants that present the
minimum and maximum radii, respectively; Rki is the rank of
the ith GT; and num is the total number of global trackers. Rf
varies between Rm and RM; however, if the value of (Rf ) is
greater than the distance between GTi and GOP ((Rd)), the
search radius (Rs) is set to (Rf ). Otherwise, the search radius
(Rs) is set to (Rd). Therefore, before converging to the optimum
solution, the search radii of GT s are large and overlap the GOP.
Figures 1a and 1b show the selection of Rs.

= cor @ o @
(a) Some local trackers (LT inside the search radins  (b) if Rd is larger than Rf, then Rs = Rd. if Rd is
Rs of a global tracker GT smaller than Rf, then Hs = Rf

Figure 1: Selection of Rs

The cost of all local trackers surrounding GTi is calculated and
the best point (LPi) is stored to influence the random walk of
the global tracker point. The movement of each i point of the
global trackers is shown in equation 3.

GTi = (BYGOP — GTi) + (1 — B)LPi — GTi)) 3\
where B is a value between 0 and 1.

The pseudo code of the MTOA is shown in algorithm 1.
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Algorithm 1 Traditional multitracker
optimization algorithm (MTOA)

e initialization Initialize the population of Global Trackers
(GT). The total number of (GT ) is num. Rm and RM are two
constants that represent the minimum and maximum radii,
respectively. The number of iterations is iterations and iter = 1
initially.

¢ while iter<iterations do

¢ //START: The first stage of the traditional multitracker
process

e for all pointi € GT do

¢ Determine the cost of point i.

¢ Determine the rank of point i (RKi)

¢ end for

¢ GOP is calculated according to equation 1

¢ // END: The first stage of the traditional multitracker process

e // START: The second stage of the traditional multitracker
process

e for all pointi € GT do

* Determine Rsi as in equation 2.

¢ Determine all Local Trackers (LT )’s for point i within radius
Rsi.

e for all point j € LT do

¢ Determine the cost of point j.

¢ Determine the rank of point j (RKj).

¢ end for

e The Local Optimum Point (LPi) = point j with minimum
(RKj).

* Move point i according to equation 3.

¢ end for

¢ // END: The second stage of the traditional multitracker
process 22: iter=iter+1.

¢ end while

¢ Select the GOP of the problem.

The improved multitracker optimization
algorithm (MTOA1)

To address the complex task of optimization, an improved
version of the MTOA is proposed and called MTOA1, which is
based on the subpopulation concept [12]. This method was
developed to solve recent optimization problems such as the
CEC2017 problems. The aim of this improvement is to facilitate
the sharing of information, and it consequently improves the
diversity of the overall solution. Furthermore, the multiple
population concept utilizes the adaptive interactions among the
different sub populations to enhance the exploration process
compared to that of the single-population concept[13]. In the
proposed approach, the original population is first split up into
m subpopulations. Each subpopulation contains num trackers,
where num=T/m. In this case, T is the total number of trackers.
Each subpopulation works independently during the MTOA
search process, and the local behaviours of all subpopulations
are cyclic as shown in figure 2. Thus, the best tracker obtained
from the current
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subpopulation 1 subpopulation 2

within subpopulation local
trackers and global trackers

within subpopulation local
trackers and global trackers

subpopulation m

within subpopulation local
trackers and global trackers

Figure 2: Dividing the population into m subpopulations to
exchange information

subpopulation is retained in the next subpopulation. This
process of updating the best tracker continues until the final
subpopulation is reached. By this mechanism, the best tracker
will guide the search process for all trackers in all
subpopulations. Note that each subpopulation records the
information from its best tracker when the search process begins
and compares this information with that received from the
previous subpopulation. The MTOA1 steps are as follows.

¢ Randomly Initialize a population containing T trackers inside
the search region.

¢ Split the population of trackers into m subpopulations each
with size num.

¢ Each subpopulation ( subpop) works independently with its
own local and global trackers. Each subpopulation identifies
its best tracker and retains it in the second subpopulation.
This process then continues in a cyclic manner as shown in

equation 4.

arg(minimum(RE:)i=12.3 . num) subpop =1
GoP, subpap = m
COPripops Cost(COPoutpop-1) < Cost(GOPayppoy)

GO Paubpop

GOPaubpop =

otherwise
(4)

e If the total number of iterations is reached, then the algorithm
stops and the final results are recorded. Algorithm 2 describes
the steps of MTOAL. The flowchart of MTOALI is shown in
figure 3.

Simulation Results

CEC2017 test suite includes 29 benchmark functions [14],
which are summa- rized in table 1. The benchmark functions
can be wused to assess the strengths and weaknesses of
evolutionary algorithms. A unimodal function (from F1 to F3) is
non-separable and direction sensitive with smooth but narrow
ridge. Uni- modal problems can be suitably solved with standard
exploitation methods. In contrast to unimodal problems,
multimodal benchmark problems (from F4 to F10) have many
local optima, and the number of optima exponentially increases
with the problem dimension. Thus, such problems are
appropriate for bench- marking the exploration capability of an
approach. In a hybrid function (from F11 to F20), variables are
randomly split into subsets and some dissimilar basic functions



Ismail FH

[15]. Composition functions (from F21 to F29) combine the
properties of certain subfunctions and provide robustness
around global or local optima.

Parameter Setting

Most optimization algorithms have parameters that guide the
search di- rection towards the global optimal solution. These
parameters are extremely

Algorithm 2 the Improved Multitracker
Algorithm (MTOA1)

¢ initialization Initialize the population T . Rm and RM are two
constants that

e represent the minimum and maximum radii, respectively. The
number of subpopulations is m. The number of iterations is
iterations, and iter = 1 initially.

* while iter<iterations do

¢ Divide the population into m subpopulations.

¢ The number of GT (num) in each subpopulation is T /m

e subpop=1.

¢ while subpop<m do

e start the first stage of the traditional multitracker process.

¢ if subpop = 1 then

¢ GOP= arg(minimum(Rki)i=1,2,3,. num).

¢ else if subpop = m then

¢ Use GOP of the first subpopulation

e else if Cost(GOPsubpop—1) < Cost(GOPsubpop) then //
previous GOP is better

¢ Use the GOPsubpop—1

¢ elseUse the GOPsubpop

¢ end if

e start the second stage of the traditional multitracker process

¢ subpop=subpop+1.

¢ end while

* Get the GOP for iteration iter.

* Gather all populations (located at new positions). 21:iter=iter
+1.

¢ end while

¢ Select the GOP of the problem.
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Figure 3: MTOA1 Algorithm Flowchart

CEC 2017
Type No. Description Fi*
1 Shifted and 100
Rotated  Bent
Cigar Function
Unimodal 2 Shifted and 200
Function Rotated Sum of
Different Power
Function
3 Shifted and 300
Rotated
Zakharov
Function
4 Shifted and 400
Rotated
Rosenbrock’s
Function
5 Shifted and 500
Rotated
Rastrigin’s
Function
6 Shifted and 600

Rotated
Expanded
Scaffer’s F6

Function
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Simple 7 Shifted and 700 21 Composition 2100
Multimodal Rotated Function 1
Functions Lunacek Bi (N=3)

Rastrigin
Function 22 Composition 2200
Function 2
8 Shifted and 800 (N=3)
Rotated  Non-
Continuous 23 Composition 2300
Rastrigin’s Function 2
(N=4)
Function
24 Composition 2400
9 Shifted and 900 Function 4
Rotated  Levy (N=4)
Function
25 Composition 2500
10 Shifted and 1000 Function 5
Rotated (N=5)
Schwefel’s
Function Composition 26 Composition 2600
Functions Function 6
11 Hybrid 1100 (N=5)
Function 1
(N=3) 21 Composition 2700
Function 7
12 Hybrid 1200 (N=6)
Function 2
(N=3) 28 Composition 2800
Function 8
13 Hybrid 1300 (N=6)
Function 3
(N=3) 29 Composition 2900
Function 9
14 Hybrid 1400 (N=3)
Function 4
(N=4) Table 1: Summary of CEC 2017 expensive benckmark problems
15 Hybrid 1500 Important and unreasonable values can result in divergence.
gl]mf};io“ 5 The parameter values are shown in table 2.
Parameter name Value
16 Hybrid 1600
Function 6 T 80
(N=4)
m 4
Hybrid 17 Hybrid 1700
Functions Function 6
(N=5) RM 2)
18 Hybrid 1800 Rm 1ES
Fﬁz;;lon 6 num 20
19 Hybrid 1900 iteractions 30
Function 6
(N=5) Table 2: List of MTOA1 parameters
20 Hybrid 2000 Comparison between MTOA1 and Other
Function 6 .
(N=6) Algorithms

Int ] Swarm Evol Comput, Vol.10 Iss.7 No:1000p352

MTOALI is compared with the FFA, GOA, WOA, DA, GWO
algorithm, ALO, SSA and SCA based on the CEC 2017
benchmark set with 10 dimensions (10D).
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Convergence Test

The experimental results show that MTOA1 produces a high-
quality so- lution, is not trapped at local minima and yields
rapid convergence. Figure 4 shows an example of the
convergence curves of ten functions, respectively. MTOAIL
outperforms the other algorithms based on the benchmark
functions. The obtained solutions indicate that MTOAT1 has
merit in terms of exploration and exploitation. Based on the
obtained convergence performance of MTOA]I, it is concluded
that MTOAL can reliably provide high-quality results in a rea-
sonable number of iterations, avoid premature convergence in
the search process to local optima and provide superior
exploration capabilities in the search space. MTOAI1 rapidly
converges for the following reasons:

eIn each iteration, MTOA1 divides the space into m
subpopulations with size num. The points in each
subpopulation move to better positions in the search space.
Each subpopulation transfers its best tracker to the next
subpopulation. Meanwhile, the subpopulation moves to the
best positions based on the movement of the previous
subpopulation. Therefore, each point i in the subpopulation
(subpop) is affected by the new positions of a number of
points x = num * (subpop - 1)+ (i-1). Some or all points x can
be selected as local trackers.

¢ Conversely, in each iteration, the MTOA has only one
subpopulation with size num. Each point i in the search space
is affected by the movement of the previous (i-1) points only.
Thus, the algorithm converges slowly.

¢ The number of updated local trackers in MTOAI is larger
than that in the MTOA.
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Figure 4: Convergence curves of functions from F1 to F10
Mean and Satandard Deviation

The mean values (the average of 30 runs) obtained are shown in
table 3. MTOA1 produces the lowest mean minimization values
in the 29 benchmark functions. Table 4 shows the standard
deviation of the solutions. The larger the standard deviation is,
the larger the fluctuations in the final solution quality. Small
standard deviation values indicate that the algorithm can
achieve consis- tent and good solutions across almost all runs.
MTOA1 achieves the lowest standard deviations for all
unimodal functions, two multimodal functions (F8 and F10), six
hybrid functions (F11, F12, F13, F14, F17 and F18) and seven
composition functions (F22, F24, F25, F26, F27, F28 and F29).
Based on the mean values, table 5 shows that MTOA1 always
ranks first among all algorithms tested. MTOA1 has the lowest
average rank among all other tested algorithms. The calculated p
values are reported as metrics of significance as well with an 5%
significance level. The main advantages of the MTOA1 can be
summarized as follows:

¢ The MTOAL1 has a high convergence rate in comparison with
other algo- rithms based on the use of the local trackers. The
local trackers surround each global tracker and one of them is
nominated as the best local optimum point. Each global
tracker changes its location based on that best local optimum
point and other factors. Hence, Each global tracker is
informed by its surroundings and moves accordingly.
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¢ The MTOAL1 cannot be trapped at local optima. Moreover,
the probability of reaching the global optimum is higher than
that for other algorithms.
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Table 4: Standard Deviation test results on CEC’17 benchmark

functions.

Rank Unimodal Multimodal ~ Hybrid

Composition

Algo., Avg., Algo., Avg., Algo., Avg., Algo., Avg.,
Rank Rank Rank Rank

1 MTO 1 MTO 1 MTO 1 MTO 1
Al Al Al Al

2 MTO 333 MTO 314 MTO 2.2 MTO 2.55

3 FFA 533 FFA 714 FFA 8.6 FFA 822

4 GOA 566 GOA 6.28 GOA 3.9 GOA 4.11

5 WOA 733 WOA 7 WOA 6.8 WOA 5.88

6 DA 6 DA 571 DA 6 DA  6.77

7 GWO 233 GWO 328 GWO 3.2 GWO 433

8 ALO 633 ALO 571 ALO 69 ALO 8

9 SSA 766 SSA 571 SSA 6.8 SSA  6.71

10 SCA 10 SCA 10 SCA 9.6 SCA  8.66

p 0.002 0.002 0.002 0.002

value

Table 5: Average rank table and p value of MTOAI and other

algorithms

Welded Beam Design Optimization
Problem

In this section, MTOA1 is used to solve the classical welded
beam design problem. Welded beam design problem is a
minimization problem with four variables namely the weld
thickness (h) , length of bar attached to the weld (1), bar height
(t), bar thickness (b) as shown in figure 5. The constraints
included in this problem are the bending stress (0), beam
deflection (3), shear stress (t ), buckling load (P ) and other side
constraints. The mathematical formulas related to this problem
are represented as follows [16]:

Consider T = [TyTargxy| = [Rith],

Minimize f(T') l.J'I}-IFJJ'?_.-:.j 4 00481 gy (14.0 4 3],

Subject togy [ T) =7(T) — Tnx < 0,
@ T)=0(T) — omax = 0
ga(T) = 8(T) — bmaxe = 0
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Ty
-
1

Pas” e,
K
-
=2
\‘
M
Ll

Q) =2 — 2 <0,

@(T) =P - F(F) <0,

ga[T) =0.125 -2y <10,

g T) = 0.10471Lxf + 00481 Lwqre (14.0 + 22) — 50 < 0}
variahle rangoe

0l =z <l

01 = 2 < 1D,

01 =< rz < 1D,

0l <z <2

whara
7 [ S S|
M) 1&"1- +STT IR T
f}
-
V3T Ty
. MRE
i
J
29y
M=P [L =

S T+ Ty
R ‘IIIT I{ 3 )

l‘."'l?_l T‘{
- APLA
L]
Ernr+1y
—_

. [ T5TY _
P@) L013EY 5 ,_m [
=l LT ETA T
P=glO0 IR, L=14m.
B = 0,25 10, E =30 x 10° pat,
G =12 % 10°F pa1, 7, = 13,600 pet,

a 30, D00 pet

Table 6 shows a comparison of all the simulation results of the
studied opti- mization algorithms for the welded beam design
problem. In terms of the best result, MTOA1 outperforms the

MTOA. Additionally, the mean obtained by MTOAL1 for this
problem is better than that obtained by all other algorithms.

Algori Best, Mean Std.de x1 x2 x3 x4
thm v

FFA 1.9953 1.38E  7.53E 0.1259 5.5598 9.9900 0.2018
5 +19 +19 83 73 81 8

GOA 1.8374 1.51E 8.28E 0.1294 5.4208 9.0368 0.2057
9 +17 +17 49 86 15 38
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WOA 2.0579 3.12E 171E 0.1479 4.7719 8.8105 0.2441

7 +17 +18 82 71 31 29

DA 1.8591 2.1939 0.2572 0.125 5.6409 9.0109 0.2069
8 58 98 51 47 15

GWO 1.7085 1.7591 0.0577 0.2007 3.3773 9.0427 0.2060

06 85 86 66 06 98

ALO 17124 2.6768 0.7474 0.1906 3.5410 9.0465 0.2056
2 84 85 44 38 94 8

SSA 1.8444 2.4032 0.6895 0.1294 5.4008 9.0979 0.2054
8 3 4 94 92 26

SCA  1.8730 2.1478 0.1388 0.1917 3.7163 9.0421 0.2234
8 53 32 28 26 53 57

MTO 1.8223 19919 0.1552 0.1380 5.0763 8.9880 0.2079
A 3 07 77 68 28 62 59

MTO 1.6957 1.7104 0.0199 0.2051 3.2626 9.0366 0.2057
Al 6 95 99 95 4 25 3

Table 6: Comparative results of welded beam design problem.

The convergence curves for the welded beam design problem are
shown in figure 6 . The performance of MTOA1 is examined
and compared to that of the other algorithms through 20
independent runs. Based on the reported perfor- mance, it is
clear that MTOA1 provides faster convergence and achieves
better outcomes than the other algorithms. In addition, the box
plots are provided in figure 7 to illustrate the stability and the
distribution of the obtained results of MTOA1 and the other
comparative algorithms over 20 independent runs. Based on the
obtained results from the box plots, it is noted that MTOAL1 is
associ- ated with the smallest span among the distributions of
the solutions. This result verifies the superior performance of
MTOAT1 among the compared algorithms.

Best score obtained so far

Figure 6: Convergence curves of welded beam design problem

CONCLUSION AND FUTURE WORK

In this paper, an improved MTOA is developed with multiple
subpopulations to solve the CEC2017 function optimization
problem. The algorithm starts by splitting a single population
into several subpopulations. In each subpopulation, the best
tracker with the best fitness value is recorded, and this
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information is transferred to the following subpopulation. All
trackers within the same subpop- ulation are updated according
to the updating formula. The simulation results show the
superiority of MTOAL to different optimization algorithms. In
future work, the improved MTOA with multiple subpopulations
may be implemented

10
of ]
Bag, i,
uBié;Qé%;#
0

FFA GOA WOA DA GWO ALO SSA SCA MTOAMTOA1

Figure 7: Comparative Box plots between MTOAT1 and other
algorithms

To solve multi-objective optimization problems. The
multipopulation framework offered here can be extended to
other varieties of optimization algorithms, such as many-
objective optimization, large-scale optimization, and complex

system optimization.
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