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ABSTRACT

The optimization field is the process of solving an optimization problem using an optimization algorithm.
Therefore, studying this research field requires to study both of optimization problems and algorithms. In
this paper, a hybrid optimization algorithm based on differential evolution (DE) and grey wolf optimizer
(GWO) is proposed. The proposed algorithm which is called “MDE-GWONM?” is better than the original
versions in terms of the balancing between exploration and exploitation. The results of implementing MDE-
GWONM over nine benchmark test functions showed the performance is superior as compared to other stat
of arts optimization algorithms
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1. Introduction

Optimization problems are problems that form a unique class of problems while trying to either minimize or
maximize the mathematical function of several variables with respect to certain constraints. This general
framework can be used to model several problems, both theoretical and real-world. The structure of
mathematical models (or mathematical programming model) can generally be represented as follows [1]-[3]:

Max or Min f(x;), (i=1,23..,D) Q)
subject to hj(x;) =0, (G=123,
Igx(x;) <0, (k=1,23,..,K)

where x is the decision variables, and f;(x), h;(x), and g (x) are functions of the design vector.

X = (xl,xz,x3,...,xD)T (2)

Metaheuristics have been commonly used in the field of optimization compared to other methods due to the
simplicity and robustness of their outcome when used in several fields. Several studies have been conducted in
the area of metaheuristics, including the introduction of novel methods, performance evaluations and
applications [4]-[6]. Meanwhile, it is still believed that the field of metaheuristics is yet to mature compared to
mathematics, physics, or chemistry [7]. With time, several studies are anticipated on the issues facing

metaheuristic computing.
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Metaheuristics provide solutions to optimization problems by searching for the best approach to a given problem
[8]. This solution search can be executed using several agents which actually form a pool of emerging solutions
during multiple iterations based on a set of mathematical principles or equations. The iterations are constantly
executed until a solution that meets most of the set criteria is found. This optimum solution is considered as the
best achieved solution, and such a system is said to have converged. On the contrary, heuristic methods attain
near-optimal solutions with less computation time, but they mostly depend on the problem[9].

In general, metaheuristics could be classified into two main classes. First, evolutionary algorithms where these
algorithms depend on different evolutionary operators such as crossover, and mutation. Whil the second class
is swarm intelligence algorithms, where several search agents try to find better solutions for a given optimization
problem, both of these types belong to a general class called “Nature-Inspired Algorithm”. There are tens of
nature-inspired algorithm proposed during the last few decades, such as Particle Swarm Optimization (PSO),
Aritificial Bee Coloney (ABC), Ant Colony Optimizer (ACO), Firefly Algorithm (FA), Cuckoo Search
Algorithm (CSA), Ant Linor Optimizer (ALO), Bat Algorithm (BA), Nomadic Peaple Optimizer (NPO), Socio
Evolution & Learning Optimization Algorithm (SELO), Teaching—Learning-based Optimization (TLBO), and
Whale Optimization Algorithm (WOA)[10]-[19]. Differential Evolution (DE) is a common evolutionary
algorithm, while grey wolf optimizer (GWQ) is a common recent swarm intelligence algorithm[20], [21].
Nature inspired algorithms have been used for solving global optimization problems [22]-[26], data clustering
[27], [28], machine learning [29]-[31], data security [32], [33] , and engineering problems[34]-[38] .

In this paper, DE is enhanced using a new multi-population arhcitucture, and hybridized with GWO for
enhancing the balancing between the global and local search capabilities.

The rest of the paper is structured as follows: Section 2 presents an overview on DE, while Section 3 presents
the proposed algorithm. Section 4 presents the results and discussion. Finally, Section 5 concludes the research.

2. Anoveriew on differential evolution (DE)

The DE algorithm for unconstrained global optimization is presented in this section but before proceeding with

the detailed description of this algorithm, it is necessary to consider some basic things required of a global

optimization solver and how such requirements will be met by the DE algorithm. Before deciding the optimizer

for any application, it is important to consider some basic attributes of the optimizer[39]. Among these attributes

of a solver that requires consideration are[40]:

e Generality: The solver must exhibit some levels of insensitivity to the structure of the underlying problem
so that it can be generalizable to a larger problem domain.

o Reliability: The optimizer should be capable of finding the global optimum with an acceptable level of
accuracy.

o Efficiency: The solvers computational complexity should ensure that the algorithm is suitable for small to
moderate problems, such as problems with up to 100 dimensions.

o Ease of use: The algorithm should be easy to implement and understand. The number of parameters should
also be limited so that too much fine tuning is not required for the algorithm to perform well.

Having considered these requirements, it seems the DE algorithm is among the appealing optimizers that can

be considered global optimizers. DE was first introduced by Storn & Price [20] but has been subjected to several

evaluations and modification aimed at improving its applicability and performance. The DE algorithm has

demonstrated its efficiency and robustness as an evolutionary algorithm.

Descriptively, the DE algorithm is an evolution-based stochastic optimizer that executes functions by exploring

the solution space using a set or population S = {x;,x,,...,xy} of possible points/solutions just like the other

evolutionary algorithms. The population size (denoted by the value N) is fixed throughout. The algorithms aim

at the creation of a new population at each iteration by replacing some of the points in the existing population

S with better points. As such, the population simply becomes a set of points x; 4, in which i is the index of the

population members while g is the iteration that the population belongs. Each x; , is comprised of n components,
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where n represents the problems’ dimension. The population S is guided toward the global minimum via
repeated reproduction (mutation & crossover) and selection processes.

The DE algorithm is similar to any other evolutionary algorithm, contains evolutionary operators (i.e.,
crossover, and mutation). The main steps of DE are given in the following pseducode [40]-[42].

Algorithm 1 DE Algorithm

Inputs Parameters:
Populations Size(P),Crossover(C,), Mutation Factors(F), Stop Condition
Procedure:
Define the objective function f(X)
Generate the initial population randomly
Initialize the population of the algorithm randomly
Evaluate each solution in the population using f(X)
WHILE Stop Condition is Not Met
FOR each solution X in the population
Apply the Mutation operator
Apply the Crossover operator
END FOR
Update the population using the Selection operator
LOOP
Determine and Return Best solution

© o N gk kowdPR
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3. The proposed algorithm

In this section, the main proposed algorithm is explained in details. It is called “Multi-Population Differential
Evolution Grey Wolf Optimizer with Nelder Mead (MDE-GWONM)”, which consists of three main stages, and
each stage consists of several main steps. These stages and steps are explained as follows:

Stage 1: Initialization

This is the first stage, where the main information required for starting and executing the proposed algorithm
are read, and the populations are initialized. This stage consists of the following steps:

Step 1 — Inputs: In this step, all the inputs for the proposed algorithm are read, such as the number of populations
(for MP-DE), total number of iterations (#MaxItr), number of search agents (for GWO), and the information
of the optimization problem.

Step 2 — Initialize the Populations: In this work, DE algorithm is enhanced by using several populations instead
of one in order enhance the global search ability of the algorithm. Therefore, in this step, all of the populations
are initialized randomly. This step is explained in more details in Subsection 3.6.

Step 3 — Evaluate all solution using the optimization problem: in this step, the initialized candidate solutions in
each population via the previous step are evaluated using the objective function, in order to identify the fitness
value for each solution. It is important to mention that in this work, there are three different types of optimization
problems, single-objective optimization problem, multi-objective optimization problem, and the workflow
scheduling optimization problem. Based on the type which should be determined in the first step, the
optimization problem should be used for the evaluation purpose.

Step 4 — Starting the main loop: In this step, the iterations are started for executing the searching process, until
the stop condition is satisfied. Both modified algorithms, MP-DE and EGWO are executed inside the main
loops. However, MP-DE algorithm is executed for the first 30% iterations only based on the following:

MP — DE if T < 0.3 * Maxltr (3.14)

EGWO Otherwise

Algorithm = {
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Where T represents the current iteration, while MaxItr represents the total number of iterations. It can be seen
that MP-DE is executed when the current iteration is still less than 30% of the total number of iterations, meaning
that, the proposed algorithm explores the search space using MP-DE for 30% of the whole algorithm, while
EGWO is executed and exploited the search space for the rest 70% based on the generated solutions using MP-
DE.

Stage 2: MP-DE

In this stage, the proposed modified DE algorithm, which is called “Multi-Population Differential Evolution
(MP-DE)” is executed. MP-DE algorithm is responsible of exploring the search space, and used initialization
step for EGWO algorithm. Meaning that, the resulted solutions of MP-DE are used as the first solutions for
EGOW, then EGWO is executed for exploiting the search space and enhancing the results. MP-DE algorithm
is explained in details in the next section.

Stage 3: EGWO

In this stage, the modified version of GWO which is called “Enhanced GWO (EGWO)” is executed for
exploiting the search space and enhancing the positions for reaching better near optimal solutions. EGWO is a
enhanced version of GWO by updating the parameter a based on four different values: start value, end value,
total number of iterations, and the current iteration. The value of a is decreased linearly based on these four
values, which means it starts large, then it decreases until it becomes at the end value. In other words, the value
a effects on the searching performance, when a is large, meaning that the positions of the search agents are far
from the current alpha, while when a is small, the positions of the search agent get closer to the current alpha.
In addition to the previous modification, GWO algorithm is hybridized with NM algorithm, the local search
ability of the algorithm should be enhanced when the search agents move towards the best solutions
(Walpha: Wbeta' and W_delta).

Although EGWO is enhanced, however, EGWO still suffers from the initialization stage, when each search
agent is initialized randomly via uniform distribution method in the search space. The drawback is that the
random positions generated in this step may cover a wrong area in the search space, which causes trapping in
the local minima in some cases. On the other side, DE algorithm in general as any other evolutionary algorithm
performs well on the exploration side than the exploitation side, which may leads to slowdown the search
process when the solutions trying to find better positions near to the optimal solutions.

In order to overcome the above-mentioned issues, a high-level hybrid algorithm between both of the algorithms
is proposed. In other words, the proposed MP-DE algorithm (Stage 2) is used at the beginning of the algorithm
for generating better solutions with good positions in the search space. Then, EGWO (Stage 3) is applied on the
final generated solutions which performs the local search. Figure 1 and Figure 2 illustrate the block diagram
and the flowchart of the proposed algorithm respectively.

@ Best Solutions
Stage 1 + ﬁ Stage 3
{ Initialization ] | EGOW |<-

1 ;
Stage 2 1 [ T=T+1 ]

—p‘ MP-DE | {
Tes
T<0.7 * Maxltr
No
T <03 * Maxltr

Figure 1 Block Diagram of the proposed algorithm
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4. Results and Discussion

This section presents the results of the proposed algorithms, after executing and recording all the experiments
over the 9 benchmark test functions, which are presented in Table 1 below. The outcomes showed that the
proposed approaches exerted superior performance and could reach the optimal solution for most test functions.
The benchmark results and comparison are presented in Table 2, where it presents the comparison between the
proposed algorithm and the original versions of GWO and DE algorithms. Then, Table 3 presents the results
and comparison of MD-GWONM, MP-DE and other optimization algorithms. These algorithms are: Artificial
Bee colony (ABC), Particle Swarm Optimization (PSO), Levy Flight Firefly Algorithm (LFFA), Gravitional
Search Algorithm (GSA), Cuckoo Search Algorithm (CSA).

Table 1. Single-Objective Benchmark Test Functions

F. Name Test D LB UB Opt
fi  Sumsquare  fi(x) = XX, xf 30 -10 10 0
fo Rastrigin fo(x) =% {x? — 10 cos(2mx;) + 10} 30 -512 512 0
fi Quartic f2(x) = TL ix} + random(0,1) 30 -128 128 0
fa  Ackley f(x) = —20e 002,07 Fiza#% _ 07132, cos(amay) +204e 30 -32 32 0
fs AlpineNo.l fi(x) = T2, |x; sin(x;) + 0.1x,] 30 -10 10 0
fo Griewank £ (x) = R 2 ]2 cos (%) 41 30 -600 600 0
. f(x) =Ty, —1)2 x (1 + sin®)(3my;,,) +
f7  Penalized (Vpim — 121 + sin? (2mypyy,)) + sin®(3my,) 0 0 >0 0
fs  Zakharov falx) =YL, x? + (;E{Ll ix;)? + (%E:Ll ix;)* 30 -5 10 0
fo Sphere folx) =YN, x2 30 -100 100 0
Table 2. Results of MDE-EGWO, DE, and GWO
F Statistics DE GWO MDE-GWONM
Best 41458 334E-04 0.00000
fi Mean 5.9475 0.00348 0.00000
Std. Dhv 21354 3.12E-03 0.00000
Best 2.1049 0.00845 0.00000
f2 Mean 3.3085 0.083%94 0.00000
Std. Dhv 3.5478 0.01945 0.00000
Best 3.45892 0.02348 0.00697
I3 Mean 548953 0.03154 0.01999
Std. Div 0.83211 0.00284 0.00129
Best 0.3247 0.4673 0.00000
fa Mean 1.7798 1.6432 0.00000
Std. Div 1.0422 1.0331 0.00000
Best 0.00064 0.00481 0.00000
fs Mean 1.06309 0.08741 0.00000
Std. Div 1.79308 0.03847 0.00000
Best 0.00000 0001584 0.00000
fs Mean 0.00000 0.009612 0.00000
Std. Div 0.00000 0.084123 0.00000
Best 0.89765 0.12245 0.00000
f Mean 0.56432 0.26640 0.00000
Std. Dhv 0.00318 0.05789 0.00000
Best 4112.205 3.59778 0.00000
fa Mean 267.3249 3.94558 0.00000
Std. Dhv 189 7456 0.87365 0.00000
Best 212481 0.00094 0.00000
fa Mean 3.98452 0.00845 0.00000
Std. Div 264871 0.05491 0.00000
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Table 3. Results of MDE-GWONM and other optimization algorithm

- MDE-

Fun Statistics  ABC PSO LFFA GsA CSA  wonn
Best 279E-16 213485 000774 000156  497E-04  0.00000
fi  Mean 272E-16 498451 021006 002943 000105  0.00000
Std.Diy  85IE-12 394512 034752 008790  441E-04 _ 0.00000

Best 140E-11 002448  494E-10 090001  0.00000  0.00000

f2  Mean §83E-13 215168  2.06E-07 100043  0.00000  0.00000
Std.Diy  276E-12 107664  5.18E-08 090536  0.00000 0.00000
Best 011531 13389 000409 006348 001741  0.00697
fs  Mean 019593 69606  0.02542 008815 002845  0.01999
Sd.Diy 005549 06477 002312 004413 000148  0.00129

Best 28987 106481  1598E-04 0134432  0.00000  0.00000
f&  Mean 33345 292674 00014  0.765568  0.00000  0.00000
Sd.Diy 06042 087441  5409E-04  0.556324  0.00000  0.00000

Best 000042 000425 000024 000493  582E-05  0.00000
fs  Mean 028568  2.67570  0.00020  0.02171  24SE-03  0.00000
Std.Diy 062473 123490  0.00037  0.00928  0.00048 0.00000

Best 4261E06 015676  3.20E-07  0.00000 000019  0.00000
fe  Mean 00035 024208  151E06  0.00000  0.00048  0.00000
Std.Diy 00067 009374  188E-06 _ 0.00000  0.00082 _ 0.00000

Best 047989  5523E+08 000000 153769 014548  0.00000
fr Mean 044998  7.899E+08  0.00000 3236620 116473  0.00000
Sd.Diy 000478  1439E+08  0.00000 5962351 040721 _ 0.00000

Best 7726247 355412 4021309 4214467  3.55676  0.00000
fo  Mean 8094705 477746 2777689 3457899 478767  0.00000
Std.Diy 2461136 085447  171.7327  189.7867  0.89787 _ 0.00000

Best 000432 12945 000128  0.04871 057843 0.00000
fs  Mean 000645 27707 0.00300 006643 076741  0.00000
Std.Div 003184 10831 000105 000384 068817  0.00000

The convergence curves for several test functions of all proposed approaches are illustrated in following figures.
Each figure, contains two parts, first, the three-dimensional illustrations of the test function, while second part
presents the convergence of the algorithms. Figures below present the convergence for the first three test
functions.
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Conclusion

Optimization problems is a type of problems when there is no linear method has the ability to handle them. In
this paper, a new hybrid algorithm based on multi-population differential evolution and enhanced grey wolf
optimizer based Nelder-Mead Method was proposed, which was called “MDE-GWONM?”. The proposed
algorithm was used for handling global optimization test function. The results showed that our proposed
algorithm have attained very good results as compared to the original versions of GWO and DE. In addition, it
has showed a superior performance as compared to several state of arts optimization algorithms. For future
studies, MDE-GWONM could be used for different optimization problems, such as training artificial neural
network, or selecting the most relevant subset of features (i.e., feature selection problem).
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