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A B S T R A C T   

This paper is an influential attempt to identify and alleviate some of the issues with the recently proposed 
optimization technique called the Marine Predator Algorithm (MPA). With a visual investigation of its explor-
atory and exploitative behavior, it is observed that the transition of search from being global to local can be 
further improved. As an extremely cost-effective method, a set of nonlinear functions is used to change the search 
patterns of the MPA algorithm. The proposed algorithm, called Nonlinear Marin Predator Algorithm (NMPA), is 
tested on a set of benchmark functions. A comprehensive comparative study shows the superiority of the pro-
posed method compared to the original MPA and even other recent meta-heuristics. The paper also considers 
solving a real-world case study around power allocation in non-orthogonal multiple access (NOMA) and visible 
light communications (VLC) for Beyond 5G (B5G) networks to showcase the applicability of the NMPA algo-
rithm. NMPA algorithm also shows its superiority in solving a wide range of benchmark functions as well as 
obtaining fair power allocation for multiple users in NOMA-VLC-B5G systems compared with the state-of-the-art 
algorithms.1   

1. Introduction 

Optimization is the process of finding the optimal values for decision 
parameters of a given optimization process while satisfying a set of 
constraints. In the past, solution for optimization problems would 
require extensive human involvement and tedious trial and error. A 
designer would have to create values systematically or randomly for the 
decision parameters to minimize or maximize one or more objective 
functions. 

As a major step, mathematical optimization algorithm facilitated the 
process of optimizing problems. For instance, the most popular first- 
order iteration optimization technique called gradient descent that can 
find a local minimum for a differentiable objective function. In this al-
gorithm, an initial solution is generated first and then changes based on 
steps proportional to the negative of the gradient of the objective 

function. Since the negative of the gradient shows the steepest descent, it 
will eventually improve the solution towards the best local minimum. 

One of the main issues with such derivative-based algorithms is the 
fact that the algorithm always finds the best solution in the local area 
around the initial solution. This means that they can easily be trapped in 
locally optimal solutions. There have been some improvements into such 
techniques. In stochastic gradient descent, for instance, is a stochastic 
approximation of the gradient descent algorithm. In this algorithm, 
instead of using an actual gradient considering the entire objective 
function, an estimation of gradient is calculated by a randomly selection 
sub-function of the objective function. This allows the stochastic 
gradient to avoid some of the locally optimal solutions. 

Despite the merit of the stochastic gradient, it is still beneficial for 
problems with differentiable objective function. For most real-world 
problems, derivative of the objective function is ill-defined or difficult 
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to calculate. To solve such problems, there have been two options in the 
literature: exact and heuristic algorithms. In the former class, it is 
guaranteed that an exact algorithm finds the best solution for the 
problem on hand given enough resources (e.g. CPU/GPU and memory). 
These algorithms, often called classical methods, might not be practical 
for most real-world problems, such as communication related optimi-
zation problems. For instance, a brute-force search algorithm can find 
the best solution for a Travelling Salesman Problem (TSP), but it will 
take millions of years even with the best computers when dealing with 
an extremely large number of cities. 

In contrast to exact algorithms, heuristics do not guarantee finding 
the best solution for a given problem. However, they are able to find 
near optimal solutions with reasonable resources, which is mostly 
measured by CPU time and memory. Because of this reason, heuristics 
are often called partial search algorithms. One of the most classical 
heuristics algorithms is Hill Climbing. This algorithm always generates a 
set of solutions that can be achieved from the current solution and 
choose the best one. There is no need to calculate the derivate and the 
algorithm only evaluates all solutions in the solution set using the 
objective function. 

A heuristic algorithm is specific to a certain type of problem. A high- 
level algorithm that can solve a wide range of problem is called meta- 
heuristics. Meta-heuristics implement some form of stochastic mecha-
nisms to work with a set of randomly generated solutions for a given 
optimization problem. Therefore, they can find reasonably good solu-
tions for a problem in a reasonable time when the use of classical opti-
mization algorithms is not viable. 

Meta-heuristics have become very popular lately due to three of the 
abovementioned reasons: derivative independency, fast speed, and high 
locally optima avoidance. In other words, such optimization algorithms 
consider optimization problems as black boxes, so their applications can 
be found widely in both science and industry. 

There are different classifications for meta-heuristics of which one is 
based on the number of randomly generated solutions they create as 
follows:  

• Single-solution-based meta-heuristics: a single solution is generated 
and improved in each iteration. 

• Multi-solution-based meta-heuristics: multiple solutions are gener-
ated and improved in each iteration. 

1.1. Motivation 

The benefit of the former class is the lower computation cost since in 
each iteration, the objective function is used only once to evaluate the 
single solution. The convergence speed is also very fast. However, a 
single-solution-based meta-heuristic typically suffers from premature 
convergence. This refers to the entrapment of the single solution in a 
locally optimal solution and the failure of the algorithm in resolving or 
obtaining the global optima of the given optimization problem. 

Multi-solution-based meta-heuristics benefit from using a population 
of solutions in each iteration. Due to the information exchange and 
‘collaboration’ between those solutions, premature convergence can be 
better resolved as opposed to single-solution meta-heuristics. Despite 
this merit, they tend to be computationally more expensive since the 
objective function should be called for all solutions in each iteration. 
This also leads to a slower convergence speed. 

Although there are some inherent drawbacks with multi-solution 
meta-heuristics, the literature shows that these algorithms are consid-
ered as the main tool to solve optimization problems these days. This 
field of research is one of the most active areas in computational intel-
ligence and has introduced many algorithms recently. Thus, having such 
promising opportunity in approaching a solution that represented by a 
computationally cost-effective optimization algorithm that has the 
ability to fairly and efficiently finding the optimal solution has 

motivated the development of an improved version of MPA algorithm. 

1.2. Contributions 

One of the most recent multi-solution-based meta-heuristics is called 
Marine Predator Algorithm (MPA) (Faramarzi et al., 2020). This algo-
rithm mimics two of the common foraging techniques by marine pred-
ators called: Levy and Brownian movements. Despite the merits of this 
algorithm, it is observed that the exploratory and exploitative behaviors 
of this algorithm can be further improved to solve a wider range of 
problems. This motivated our attempts to include nonlinear functions 
into the main stochastic components of this algorithm so that a new 
version named Non-linear Marine Predator Algorithm (NMPA) is 
introduced in this paper. This new introduced feature contributes 
mainly to maintaining adaptive step size to help the proposed optimi-
zation algorithm to be computationally cost-effective. NMPA algorithm 
can explore and exploit the problem’s landscape in more effective and 
efficient way than what the native MPA algorithm used to behave. 

To prove the ability of our proposed NMPA algorithm, in addition to 
test it with a set of wide-range of benchmark functions; a real-world 
optimization problem is implemented. The fairness of power alloca-
tion problem in the beyond fifth-generation (B5G) networks is consid-
ered in this paper. More precisely, in B5G network, non-orthogonal 
multiple access (NOMA) and visible light communications (VLC) are the 
key technologies; whereas obtaining an efficient resource allocation is a 
main challenge (Yang; Li et al., 2020; Obeed et al., 2019a; Rahman & 
Jang, 2020; Tam et al., 2021; Wang et al., 2020). In B5G the system 
involves of multiple Access Points APs incorporating VLC. These APs are 
used in transmitting the communication traffic as well as allocating 
power for multiple users in the covered area. The optimization problem 
scenario will glaringly appear when the number of users is getting 
greater than the deployed APs in the vicinity. 

Therefore, an efficient and effective optimization algorithm would 
be helpful in this scenario as the key to solve such issue with NOMA or 
even orthogonal multiple access (OMA) systems (Obeed et al., 2019b). 
Hence, in this paper we have formulated an optimization problem of fair 
power allocation in NOMA-VLC for B5G networks with respect of of-
fering superior data rates for multiple users. Our proposed NMPA al-
gorithm is implemented along with a well-known set of optimization 
algorithms to analyze its capacity in obtaining an optimal fair power 
allocation in NOMA-based VLC systems for B5G networks. The rest of 
the paper is organized as follows: 

Section 2 present related work on the improvement of meta-heuris-
tics in the literature. Section 3 first present the MPA algorithm and 
visually analyzed its performance to show the issues with the explor-
atory and exploitative search patters. Then the nonlinear version of MPA 
(NMPA) is proposed. In Section 4, the proposed NMPA has been tested 
on a set of well-known optimization test functions and compared with 
the original MPA algorithm and others. Section 5 applies the proposed 
method to a real-world case study in the area of B5G networks. Finally, 
Section 6 concludes the work and suggests future research and 
directions. 

2. Related works 

This section first, provides a brief literature review of meta-heuristics 
and their improvements particularly using the non-linear theory. Sec-
ond, the research background of resource allocation related approaches 
for 5G and beyond networks has been discussed and some of the related 
works have been presented and critically analyzed. 

We can categorize the optimization techniques into two main classes: 
deterministic and stochastic. Two subcategories are fall under deter-
ministic type of optimization techniques, which are gradient and non- 
gradient based algorithms. For instance, linear and non-linear optimi-
zation problems are considered to be solved utilizing gradient-based 
algorithm (Faramarzi & Afshar, 2012; Boyd and Vandenberghe, 2004). 
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While the process to find the global optimal solution of a given problem 
using a condition-based algorithm, considered as another type of 
deterministic approaches. 

Trapping into the local optima while finding the optimal solution in a 
non-linear searching space is considered one of the inherent problems of 
any optimization algorithm (Wang et al., 2020). A wide range of 
research has been conducted over the past decades trying to overcome 
this challenge, though, there was no such algorithm that can be best fit 
in solving most of the real-world problems. The well-known theorem 
“No Free Lunch” (NFL) has stated that there is no particular meta-heu-
ristic algorithm is the best appropriate in solving all optimization 
problems (Yang, 2012; Wolpert & Macready, 1997). Therefore, since 
then, there is numerous numbers of studies conducted in improving the 
existing optimization algorithms in terms of exploring different methods 
of search strategy initialization and transform the existing methods by 
hybrid them with different techniques. However, occasionally the pro-
duced optimization algorithm could be only best fit for that individual 
problem, hence it is still requiring some improvements to achieve better 
performance with different system requirements (Mirjalili et al., 2020; 
Sadiq et al., 2020). On the other hand, as stated earlier in this section, 
deterministic (non-gradient) is one type of optimization algorithms that 
is widely used, though it suffers from some disadvantages. In order to 
implement such kind of algorithms, a complex mathematical modeling 
is required (Sergeyev et al., 2018). 

On the other hand, meta-heuristic algorithms are widely used in 
solving optimization problems by the state-of-the-arts, which are cate-
gorized as stochastic methods. Due to their stochastic behavior, random 
operators and variable are deployed to facilitate such algorithms with 
highly random global search of the problem space. This randomness 
improves the algorithm performance when solving challenging prob-
lems as it reduces the possibility of stagnation in local optima. Other 
reasons of meta-heuristic’ popularities are: problem independency, 
adaptation to different problems, gradient-free mechanism, and ease use 
for parallel computing. 

Most of the existing optimization algorithms are inspired from either 
evolutionary or swarm intelligence theories. The biological concept is 
adopted by numerous numbers of optimization algorithms in the state- 
of-the-arts. Genetic Algorithm (GA) (Holland, 1992) was inspired from 
the crossover and mutation processes in the field of Genetics to empower 
the algorithm with better searching strategy in the problem’s domain. 
Hence, such algorithm will converge itself by reproduce the agents that 
obtain unoptimistic results out of the initial generated population to 
produce better searching agents over the course of iterations, thus 
improve the results. On the other hand, there are some other well-known 
evolutionary algorithms are proposed under the same category such as 
Evolution Strategy (ES) (Hansen et al., 2003), Genetic Programming 
(GP) (Koza, 1994) and Differential Evolution (DE) (Storn & Price, 1997). 

In contrast, another class of optimization algorithms are developed 
with inspiration of the swarm intelligence theory. The algorithms under 
this class are inspired from the natural creatures such as ants, bees, bats, 
birds, and may others. The development process starts with modeling 
mathematically the collaborative behavior of such creatures and the 
way that they move in finding food or hunting their preys. One of the 
famous and widely used optimizer in solving various types of problems 
is Particle Swarm Optimization (PSO) (Eberhart & Kennedy, 1995). PSO 
was inspired from the strategies used by birds and fish in swarming their 
space looking for food. Mimicking the same school of PSO, several 
optimization algorithms are recently introduced such as Ant Colony 
Optimization (ACO), which was proposed by (Dorigo et al., 2006), Grey 
Wolf Optimizer (GWO) by (Mirjalili et al., 2014), Whale Optimization 
Algorithm (Mirjalili & Lewis, 2016), Sine Cosine algorithm (Mirjalili, 
2016), Dragonfly algorithm (DA), Krill Herd (KH)(Gandomi & Alavi, 
2012), Cuckoo Search (CS) (Yang & Deb, 2014), Salp Swarm Algorithm 
(SSA), (Mirjalili et al., 2017), Non-Linear Lévy Brownian Generalized 
Normal Distribution Optimization in (Sadiq et al., 2021), Nonlinear- 
based chaotic harris hawks optimizer in (Dehkordi et al., 2021), a 

Nonlinear optimization used in identifying the optimal level of oxygen 
and carbon dioxide in blood (Rigatos et al., 2017), the use of Slime 
Mould Algorithm in finding the optimal interval of type-2 fuzzy con-
trollers for nonlinear servo systems (Precup, David, et al., 2021), hybrid 
SEM-Neural Networks approach (Tan et al., 2014), GWO-Based Optimal 
Tuning of Type-1 and Type-2 Fuzzy Controllers, which has been used in 
electromagnetic actuated clutch system (Bojan-Dragos et al., 2021), also 
there have been some experiments been developed to help teaching 
optimization techniques that shows the importance of such algorithms 
(Precup, Hedrea, et al., 2021) and many more. Such algorithms have 
proven their superiority in solving a wide range of real-world problems, 
which have inspired the development of our proposed algorithm in this 
paper named NMPA. Such meta-heuristics have been widely employed 
to solve various types of real-world problems of which one is resource 
allocation in 5G networks (Pham, Huynh-The, Alazab, Zhao, & Hwang, 
2020; Pham, Mirjalili, Kumar, Alazab, & Hwang, 2020). 

During the last years, data traffic has remarkably increased and it 
was reported the data generation per month in 2016 to roughly around 
7.24 exabyte (Cisco Global Cloud Index: Forecast and Methodology, 
2016–2021 White Paper, 2018). It was also predicted in a Cisco report 
that the data rate to be 48.95 exabyte per month by 2021. This huge 
volume of the data generated per month enquires serious attention by 
developers as well as researchers to consider an effective spectral effi-
cient system for 5G networks and beyond. In addition to this, the huge 
number of connected users and things that was recently introduced by 
the advancement with the emergence of Internet- of-Things (IoT), 
Internet-of-Vehicles (IoV), Internet-of-Space-Things (IoST) has lifted up 
the challenge of resource allocation with B5G(Obeed et al., 2019a; 
Palattella et al., 2016; Tsonev et al., 2015). Therefore, in 5G and B5G the 
small cells as well as high dens network antennas are introduced to cope 
with such requirements (Bhushan et al., 2014; Ge et al., 2016). On the 
other hand, to enhance the system utilization and power efficiency, re-
searchers and developers have explored the use of Non-Orthogonal 
Multiple Access (NOMA) and Visible Light Communication (VLC) to 
be one of the capable solutions for B5G networks (Kishi et al., 2014). In 
such promising solution energy efficiency is always matter as it uses 
Light Emitting Diode (LED). The energy consumption was reported to be 
approximately 20% by the utilized lamps by LED systems. Therefore, 
recently there have been a number of research studies trying to optimize 
the utilization of power in NOMA-VLC systems for B5G networks. 

The authors in (Elmoslimany & Duman, 2018) have implemented 
standard optimization techniques to find the VLC’s system capacity 
distribution. The problem was formulated with finite dimensions, which 
makes the system more complex and not specified. While the authors in 
(Soltani & Rezki, 2018) have demonstrated the users distribution to be 
as a discrete form with finite number of mass points. However, as the 
input variables are distributed in a discrete form, yet the channel ca-
pacity will be unidentified (Farid & Hranilovic, 2009). Therefore, 
numerous number of studies have recently published trying to figure out 
the upper and lower bounds of the allocated channel capacity, so it could 
flatten the service curve without compromising the quality offered by 
B5G networks (Díaz et al., 2018; Lapidoth et al., 2009). In another 
attempt, the authors in (Mantegna, 1994) have introduced an improved 
version of Crow Search Algorithm (CSA) meta-heuristic algorithm that 
mimics the intelligent group behavior of crows. The authors have also 
highlighted some challenges that CSA algorithm could face, especially 
with problems holding high demotions. Hence, they have introduced 
two operators that could help in gaining more randomness with the 
stochastic behavior of the algorithm that improved the optimization 
process for solving related energy problems. 

To this end, in this paper we have introduced for the first time the use 
of our proposed NMPA algorithm in finding the optimal fair power 
allocation with maximizing data rate in NOMA-VLC system to support 
resource allocation in B5G networks. The performance of our proposed 
algorithm was first tested in solving a set of well-known benchmark 
functions. Afterwards, it was also implemented to a real-world problem, 
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which is solving the power allocation problem in B5G networks. In 
summary, Table 1 compares a group of the latest optimization algo-
rithms alongside with our proposed method in terms of a set of popular 
features related to the performance and behavior of such algorithms as 
listed in the table below. 

3. Nonlinear Marine predator algorithm 

In this section, the MPA algorithm is first presented and theoretically 
analyzed. The proposed non-linear version of this algorithm is then 
proposed. 

3.1. Marine Predator Algorithm 

MPA is one of the recently emerged nature-inspired meta-heuristic 
algorithms, which was introduced by (Faramarzi et al., 2020). to help in 
solving various optimization problems. The basic structure of this al-
gorithm is focused on simulating various foraging patterns between 
ocean predators, and their optimal behavior in dealing with this bio-
logical situation. Marine predators usually follow two types of strategies 
in optimal foraging: (1) Lévy flight and (2) Brownian motions. 

3.2. Lévy flight 

This strategy represents the random walk that generated by Lévy 
flight function. The output of this function will regulate the step sizes 
based on the probability function specified by the Lévy distribution 
(power-law tail) (Faramarzi et al., 2020): 

L(xi) ≈ |xi|
1− α (1) 

Where flight length has defined by xi, and 1 < α ≤ 2 demonstrates 
the power level (power-law exponent) (Mantegna & Nunzio, 1994), 
which later was improved in (Farid & Hranilovic, 2009). The following 
levy flight is used in the vanilla MPA: 

Levy(α) = 0.05 ×
x

|y|
1
α

(2)  

x = Normal
(
0, σ2

x

)
(3)  

y = Normal
(

0, σ2
y

)
(4)  

σx =

⎡

⎢
⎣

Γ(1 + α)sin(πα
2 )

Γ((1+α)
2 )α2

(α− 1)
2

⎤

⎥
⎦

1/α

, σy = 1 , α = 1.5 (5) 

Where α can be set to any value in the interval of 0.3 and 1.99. In the 
native MPA, this is set to 1.5. 

3.3. Brownian motion 

In the MPA algorithm, another random walk is used called Brownian 
motion, which has formulated as follows (Díaz et al., 2018): 

fB(x; μ, σ) =
1
̅̅̅̅̅̅̅̅̅̅
2πσ2

√ exp

(

−
(x − μ)2

2σ2

)

=
1̅̅
̅̅̅

2π
√ exp

(

−
x2

2

)

(6)  

where σ2 is the unit variance that its value set to one, and μ set to zero, 
which is defined as Normal (Gaussian) distribution 

In the former paper of MPA, the discussed levy flight model was used, 
Eq. (2), for exploration and the random Brownian walk in Eq. (6) is used 
for exploitation strategies of the MPA algorithm in finding the optimal 
solution of a given problem. A good balance between the two will mostly 
lead the algorithm to converge towards an optimal solution. Hence, we 
have developed our interest in this paper to find the optimal balance 
between these two movements strategies, which will help in improving 
the native MPA algorithm. Before we start developing the improved 
version of the algorithm, we must understand thoroughly the inside of 
the mathematical modelling of MPA algorithm, hence, the following 
sub-section shading the light on some of these concepts around the math 
behind. 

3.4. MPA Mathematical model and algorithm 

The main purpose of MPA is to provide a simple and efficient meta- 
heuristic algorithm based on the foraging patterns of marine predators. 
Like other (population-based) algorithms, this algorithm is initiated by 
generating a random population in the searching space of an optimiza-
tion problem. In nature, top (stronger) predators are always better off in 
terms of foraging, and this concept is proven by the survival of the fittest 
theory (Spencer, 1864). In MPA, the best solution is then used to build 
an Elite matrix. The arrays in this matrix consist of prey position in-
formation for searching or finding prey (Faramarzi et al., 2020). The 
Elite matrix is defined as follows: 

Elite =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

XI
1,1 XI

1,2 ⋯ XI
1,d

XI
2,1 XI

2,2 ⋯ XI
2,d

⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮

XI
n,1 XI

n,2 ⋯ XI
n,d

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

n×d

(7) 

Where for construct Elite matrix, XI→ (top predator’s vector) is repli-
cated n times. Moreover, the number of search agents has shown by n, 
while the size of dimensions has defined by d in this equation. In MPA, 
predators and prey are considered as search agents. In other words, 
when a predator searches for its prey, the prey also searches for its food 
(Faramarzi et al., 2020). This trend is inspired by nature’s food chain. In 
the food chain, the strongest predator always tends to be at the top of the 

Table 1 
Feature Review of Trendy Algorithms vs Proposed NMPA Algorithm.  

Algorithms/Features Population-based? Number of controlling 
parameters (pop size, 
iteration, etc) 

Number of best 
solutions considered 
to update positions 

Levy flight 
mechanism? 

Considering Non-Linear 
Operator? 

Inspiration 

SSA ✓ 3 1 N N Swarm 
MFO ✓ 3 n N N Swarm 
GWO ✓ 3 3 N N Swarm 
PSO ✓ 5 n + 1 N N Swarm 
DE ✓ 4 0 N N Math 
SA ✘ 2 1 N N Physics 
MVO ✓ 4 n N N Physics 
MPA ✓ 4 n Y N Swarm 
NMPA ✓ 4 n Y Y Swarm  
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chain, and the weakest predators in the chain are subdivided into the 
stronger predator sets. Obviously, in this chain, with the appearance of a 
stronger predator, this predator swapped and placed at the top of the 
chain and to replace the previous hunter. Updating the Elite matrix 
simulates this concept in the MPA algorithm. 

Another MPA matrix is introduced that called Prey. This matrix has 
the same dimensions to the Elite matrix, and hunters update their po-
sitions according to this matrix (Faramarzi et al., 2020). More precisely, 
the initial population produced in MPA is initially regarded as prey, 
while the best ones are selected as predators and accordingly forming 
the Elite matrix (Faramarzi et al., 2020). The Prey matrix is as follows: 

Prey =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

X1,1 X1,2 ⋯ X1,d
X2,1 X2,2 ⋯ X2,d
X3,1 X3,2 ⋯ X3,d
⋮ ⋮ ⋮ ⋮
⋮ ⋮ ⋮ ⋮

Xn,1 Xn,2 ⋯ Xn,d

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

n×d

(8) 

Where Xi,j shows the i − th prey with j − th dimension. General 
speaking, the whole optimization process in MPA depends on these two 
matrixes (Faramarzi et al., 2020). 

3.5. MPA Optimization phases 

Given the different stages and patterns of hunting between marine 
predators as well as the impact of the predator and the speed of prey on 
the simulation of this process, the MPA algorithm consists of three main 
phases. These phases are defined as follows:  

a. High- velocity: In this phase, the speed of the prey is higher than the 
predator.  

b. Unity- velocity: The speed of the predator and prey is the same in this 
phase.  

c. Low- velocity: At this phase, the prey’s speed is slower than the 
predator. 

Since the nature of predators and prey movements in nature follows 
unique rules, and these rules were the main source of inspiration in 
developing the main phases of MPA algorithm, the number of specified 
iteration in the MPA is assigned to these phases (Faramarzi et al., 2020). 

3.6. Phase 1(high- velocity) 

This phase is implemented in initial MPA iterations, where the prey is 
faster than predators. In this phase, predators have the least movement, 
and the best strategy is to stay in their positions. This phase is defined as 
follows in the MPA: 

While Iter <
1
3

Max Iter  

stepsizei
̅̅̅̅̅→

= RB
̅→

⊗
(

Elitei
̅̅̅→

− RB
̅→

⊗ Preyi
̅̅̅→

)
i = 1,⋯, n (9)  

Preyi
̅̅̅→

= Preyi
̅̅̅→

+P.R→⊗ stepsizei
̅̅̅̅̅→

where RB is a random number generating based on the Normal distri-
bution shows the Brownian motion. The ⊗ symbol represents entry-wise 
multiplications. The prey movements simulated by the multiplications 
of RB by Prey. The uniform random numbers in [0, 1] placed in vector, 
and 0.5 has assigned to P as a constant number. Iter and Max Iter 
represent the current iteration and maximum number of iterations, 
respectively. This phase occurs when the algorithm in the initial itera-
tions 00requires high exploration capability 

3.7. Phase 2(unity- velocity) 

In the second phase of the MPA algorithm, predators and prey move 
at the same speed. This phase in nature means that both are looking for 
their own prey. The occurrence of this phase in the middle of the opti-
mization process represents the early stages of the algorithm’s transition 
from exploration to exploitation. In this case, the MPA considers the 
prey’s matrix for exploration and predators’ matrix for exploitation. In 
addition, in this phase, the prey moves using Levy flight model and the 
predators moving using Brownian motion. This phase is mathematically 
modelled as follows: 

While
1
3

Max Iter < Iter <
2
3

Max Iter  

stepsizei
̅̅̅̅̅→

= RL
̅→

⊗
(

Elitei
̅̅̅→

− RL
̅→

⊗ Preyi
̅̅̅→

)
i = 1,⋯, n/2 (10)  

Preyi
̅̅̅→

= Preyi
̅̅̅→

+P.R→⊗ stepsizei
̅̅̅̅̅→

It is essential highlighting that Eq. (10) is applied only for the first 
half of the MPA population. In this equation, RL generates random 
numbers based on Lévy distribution to simulate the Lévy movement. To 
mimic the movements of prey in levy strategy, the multiplications of RL

̅→

and Prey are used. Using the strategy presented in this phase, MPA al-
gorithm exploitation phase. 

The second part of this phase is simulated for the rest of the popu-
lation as follows: 

stepsizei
̅̅̅̅̅→

= RB
̅→

⊗
(

RB
̅→

⊗ Elitei
̅̅̅→

− Preyi
̅̅̅→

)
i = n/2,⋯, n  

Preyi
̅̅̅→

= Elitei
̅̅̅→

+P.CF ⊗ stepsizei
̅̅̅̅̅→

, CF = (1 −
Iter

Max Iter
)
(2 Iter

Max Iter) (11) 

In Eq. (11), CF has been used as an adaptive parameter in controlling 
the step size of the predator’s movement. Moreover, the movement of 
predator in Brownian strategy is simulated by multiplication of RB

̅→ and 
Elite. Predator’s Brownian moves in this phase are caused the prey to 
upgrade its position based on Brownian motion model (Faramarzi et al., 
2020). 

3.8. Phase 3(low- velocity) 

This process has been simulated to provide MPA with a high 
exploitation capability. When the prey speed is lower than the Predator, 
this step is implemented in the algorithm. Predators use Levy’s strategy 
for the realistic implementation of this process in the MPA. This process 
is being mathematically modelled as follows: 

While Iter >
2
3

Max Iter  

stepsizei
̅̅̅̅̅→

= RL
̅→

⊗
(

RL
̅→

⊗ Elitei
̅̅̅→

− Preyi
̅̅̅→

)
i = 1,⋯, n (12)  

Preyi
̅̅̅→

= Elitei
̅̅̅→

+P.CF ⊗ stepsizei
̅̅̅̅̅→

where the movement of predators in Levy strategy is defined by multi-
plication of RL

̅→ and Elite. Moreover, the step size is added to Elite to 
simulate predator’s movement in this equation and help preys to update 
their positions. 

3.9. Eddy formation and FADs’ effect 

Generally, several factors could affect the foraging pattern of marine 
predators. Environmental issues are one of the considerable factors that 
can have a major effect on the behavior of these predators. The forma-
tions of Eddy or Fish Aggregating Devices (FAD) are two significant 
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environmental issues in these behavioral changes. Filmalter et al (Fil-
malter et al., 2011). have discussed in their study that sharks spend most 
of their hunting time (nearly 80 percent) near FADs in nature. Moreover, 
the rest of the shark hunting time is dedicated to discovering areas with 
specific distributions of prey. In MPA, these FADs are considered as local 
optimum points that the algorithm could be trapped in t (Faramarzi 
et al., 2020). Therefore, the impact of FADs in MPA algorithm is 
described as follows: 

Preyi
̅̅̅→

=

⎧
⎨

⎩

Preyi
̅̅̅→

+ CF
[

X→min + R→⊗
(

X→max − X→min

) ]
⊗ U→ if r ≤ FADS

Preyi
̅̅̅→

+ [FADS(1 − r) + r ]
(

Preyr1
̅̅̅ →

− Preyr2
̅̅̅ →

)
if r > FADS

(13) 

where the lower and upper bounds of the dimensions are assigned to 
X→min and X→max respectively. U→ generates a binary vector with zero and 
one arrays. The FAD factor is the probability of FADs influencing the 
optimization process that its value is chosen as 0.2. While r, is defined as 
a uniform random number that generates values in [0, 1]. Random in-
dexes of the prey matrix are denoted by subscription of r1 and r2. 

3.10. Marine memory 

Marine predators in nature can remember their prey’s areas with 
richer food sources. Based on this fact in MPA this ability is simulated to 
conserve memory. After performing different phases of the algorithm 
and updating the prey and Elite matrices, all the obtained solutions out 

the current and previous iterations are compared and replaced wherever 
they are more appropriate. Implementing this process repeatedly over 
the course of iterations has improved the MPA’s obtained solutions. It 
has also simulated the process of returning predators to areas of high 
nutritional value. 

3.11. Random walks 

To show how the random walk in MPA requires a solution to “fly” 
around a search space, Fig. 1is given. This figure shows that the random 
walk can create very complicated search behaviors in a potential search 
space. The same principles are applied to an n-dimensional search space. 

As per the random walks in Fig. 1, in case of increasing the number of 
steps, the random walk path becomes longer and covers more regions as 
can be seen in the Fig. 1 (a) and (b). In Fig. 1 (c) and (d), where we 
generate a double number of random walks each time. It can be seen that 
each random walk is different and with enough number of particles 2 
and 4, a great portion of the landscape has been covered. Finally, in 
Fig. 1 (e) and (f), where we increase both period and number of particles. 
It has evidenced such mechanism provide a good exploration of a 
landscape of a problem. It’s good to note that this figure shows a 3D 
space as an example to demonstrate the concept of the impact of random 
walk, step size and number of particles in improving exploration 
behaviour. Also, using such random walks to search around the search 
space of an optimization problem is the main inspiration of the MPA 
algorithm. 

Fig. 1. Brownian random walk when changing the number of steps and number of random walks.  
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3.12. Analysis of MPA algorithm 

A primary analysis of MPA is given in Fig. 2. It can be seen in the 
search histories (second column) that the exploration of this algorithm 
tends to be low as several regions of the search space is not covered. 
However, this does not prevent the algorithm from improving the 
overall quality of the population during the optimization process as can 
be seen in the second last column. The convergence of this algorithm can 
be seen as well in the last column. 

3.13. Nonlinear Marine Predator Algorithm 

The MPA algorithm simulates the movements of predators and prey 
according to the rules and points of various studies and actual behaviour 
in nature. While having a reasonable exploration and exploitation rates, 
the MPA still suffers from being stagnated in optimal local solutions and 
not achieving the global optimum solution. The main aim of NMPA is to 
enhance MPA’s exploration and exploitation by adjusting the size of the 
predator phase towards the prey and balancing the algorithm’s explo-
ration and exploitation phases using the introduced control parameter. 
The second phase of the MPA algorithm includes two stages of explo-
ration and exploitation. Changes in this step will boost the efficiency and 
effectiveness of the native MPA algorithm. of the MPA algorithm is 
updated as follows: 

First: The NMPA algorithm uses a new adaptive parameter to control 
the step size of predator’s movement. This parameter is defined as 
follows: 

CFNew = abs
(

2*
(

1 −

(
Iter

MaxIter

))

− 2
)

(14) 

where CF New value increases linearly in the interval [0, 2]. As 

described above, CF in MPA plays the role of an adaptive parameter to 
determine the size of the predator step using in reaching a prey. The aim 
of the NMPA in the use of a new linear parameter is to keep the algo-
rithm’s exploration in high capability during the transition to the 
exploitation phase in the second phase of the algorithm and in the 
overall optimization process. Consequently, the algorithm’s chances of 
reaching the global optimum and not falling into the local optimum 
solutions are increased. 

Second: Use the nonlinear parameter w as a control parameter to 
balance the exploration and exploitation phases of the NMPA. This 
parameter is as follows: 

w = 2*exp

(

−

(

6*
Iter

MaxIter

)2
)

(15) 

where w value decreases non linearly in the interval [2, 0]. There-
fore, Eqs. (10) and (11) are updated as follows: 

While
1
3

Max Iter < Iter <
2
3

Max Iter  

stepsizei
̅̅̅̅̅→

= RL
̅→

⊗
(

Elitei
̅̅̅→

− RL
̅→

⊗ Preyi
̅̅̅→

)
i = 1,⋯, n/2 (16)  

Preyi
̅̅̅→

= w*Preyi
̅̅̅→

+P.R→⊗ stepsizei
̅̅̅̅̅→

stepsizei
̅̅̅̅̅→

= RB
̅→

⊗
(

RB
̅→

⊗ Elitei
̅̅̅→

− Preyi
̅̅̅→

)
i =

n
2
,⋯, n  

Preyi
̅̅̅→

= w*Elitei
̅̅̅→

+P.CF New ⊗ stepsizei
̅̅̅̅̅→ (17) 

In addition, equations (12) and (13) in the third phase of the algo-
rithm and Eddy formation also use the new adaptive parameter. The 
original Eq. (12) is updated as follows: 

Fig. 2. The performance of MPA on several test functions in terms of search history, trajectory, population fitness improvement, and convergence.  
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While Iter >
2
3

Max Iter  

stepsizei
̅̅̅̅̅→

= RL
̅→

⊗
(

RL
̅→

⊗ Elitei
̅̅̅→

− Preyi
̅̅̅→

)
i = 1,⋯, n (18)  

Preyi
̅̅̅→

= Elitei
̅̅̅→

+P.CF New ⊗ stepsizei
̅̅̅̅̅→

Moreover, the Eq. (13) is defined as follows: 

Preyi
̅̅̅→

=

⎧
⎨

⎩

Preyi
̅̅̅→

+CF New
[

X→min + R→⊗
(

X→max − X→min

)]
⊗ U→ if r≤FADS

Preyi
̅̅̅→

+[FADS(1 − r)+ r ]
(

Preyr1
̅̅̅ →

− Preyr2
̅̅̅ →

)
if r>FADS

(19) 

The pseudo-code for the proposed NMPA algorithm is shown in Al-
gorithm 1. The highlighted parts showing the venues where the modi-
fications are applied on the original MPA algorithm that produces the 
proposed NMPA. Also, our proposed NMPA utilizes the new CF and 
nonlinear parameters. 

Algorithm 1. (Pseudo-code of NMPA algorithm)  

Initialize search agents (Prey) populations i=1,…,n 

While termination criteria are not met 

Calculate the fitness and construct the Elite matrix 

▻High-velocity phase 

If Iter <Max Iter /3 
Update prey based on Eq. (9) 

▻Unity-velocity phase 

Else if Max Iter /3<Iter <2*Max Iter /3 
For the first half of the populations (i=1,…,n/2) 

Update prey based on Eq. (14) 

For the other half of the populations (i=n/2,…,n) 

Update prey based on Eq. (15) 

▻Low-velocity phase 

Else if Iter >2*Max Iter /3 
Update prey based on Eq. (16) 

End (if) 

Accomplish memory saving and Elite update 

Applying FADs effect and update based on Eq. (17) 

Accomplish memory saving and Elite update 

End while  

It’s worth mentioning that we have used seven unimodal functions, 
six multimodal functions, ten fixed dimension multimodal functions and 
six composition functions. These functions have different range of di-
mensions in representing the space of the mathematical problem, it 
varies from average to high complex level of dimensions and compu-
tations. Also, we have used one of the real-life optimization problems 
related to resource allocation to the maximum number of users within 
beyond 5G-VLC networks. We have carried experiments using all these 
optimization problems with our proposed NMPA algorithm along with 
the state of the arts. 

Table 4 (in the supplementary materials for this paper) lists the 
composition functions, which are used in testing the ability to escape the 
local minima of our proposed NMPA along with the benchmark algo-
rithms. All these benchmark functions are implemented, and the per-
formance was measured and reported by the following section. 

4. Results and discussions 

In this section we present the collected results in evaluating the 
ability of the NMPA in exploring, exploiting, and avoiding the stagna-
tion in local optimal solutions. To run the performance measure, set of a 
benchmark is used, including multimodal, unimodal, multimodal, fixed- 
dimensional, and compositional functions. Unimodal test functions (F1- 
F6) are designed to challenge an algorithm’s ability to exploit, whereas 
multimodal (F7-F13) functions are used to test the exploratory behavior. 
These two function classes are evaluated in 50, 100, 500, 1000 di-
mensions. The Fixed Dimension Test Functions (F14-F23) show NMPA’s 

low-dimensional exploration capability, and finally, compositional 
functions (CF21-CF26) are introduced to test NMPA’s ability to escape 
local minima. Note that all the aforementioned test and validation 
functions can be visited in (Mirjalili et al., 2016) and (Mirjalili, 2015), 
besides, it has been provided in the supplementary materials of this 
paper. 

Since the complexities of composition functions by providing too 
many local minima solutions, which are close to real and challenging 
optimization problems. These test functions are designed to challenge an 
algorithm’s overall performance. More details about these test functions 
can be also found in (Wu et al., 2016). 

In order to statistically evaluate the proposed algorithm, the mean 
average (AVG) and standard deviation (STD) were calculated for all the 
implemented optimization algorithms over 30 runs and 500 iterations. 
The results were gathered and contrasted for each dimension for analysis 
purposes. 

We compared the performance of the proposed NMPA against well- 
known state of the arts algorithms, including DE (Storn & Price, 
1997), PSO (Eberhart & Kennedy, 1995), SSA (Mirjalili et al., 2017), 
MVO (Mirjalili et al., 2016), MFO (Mirjalili, 2015), GWO (Mirjalili et al., 
2014) and original MPA (Faramarzi et al., 2020) for efficiency and re-
sults verification and validation. Table 2 lists the main parameter setup 
of each implemented algorithm in this study. 

P. Exploitation ability. 
Since unimodal functions have only one global optimum, they can be 

used in evaluating the ability of the algorithm to exploit their best 
feasible solutions. The results of NMPA and other approaches on 
unimodal test functions (F1-F6) are shown in Tables 3-6 using the 
average and standard deviation values. The numerical results show that, 
in almost all test functions, NMPA has been able to outperform other 
methods and especially the standard MPA. 

These tests demonstrate NMPA’s ability in performing better 
exploitation rates, which will help NMPA to find an accurate estimation 
of the global optima for optimization problems. This capacity is derived 
from Lévy’s established adaptive new CF parameter and small steps of 
the movements along with the nonlinear parameter that adjusts the 
NMPA’s exploitation and exploration phases. 

In all experiments with different dimensions, the proposed algorithm 
in the exploitation phase has in most cases obtained better results than 
other methods. 

Q. Exploration Ability. 
Multimodal test functions have several local optima, exponentially 

increasing with several dimensions (design variables). Having more 
than one optimum is useful if the objective is to evaluate the exploration 
capability of an algorithm. F7 through F13 are high-dimensional 
multimodal functions. The results of application of NMPA and various 
algorithms to these functions are recorded in Tables 3-6. 

The results show that compared to other approaches, the NMPA 

Table 2 
Algorithms’ Parameters values.  

Algorithm Parameter Value 

MPA FAD 0.2 
P 0.5 

NMPA 
FAD 0.2 
P 0.5 

PSO 
Topology fully connected Inertia factor 0.5 
c1 2 
c2 2 

DE Scaling factor 0.5 
Crossover probability 0.2 

MVO Maximum value of Wormhole Existence Probability 1 
Minimum value of Wormhole Existence Probability 0.2 

MFO Convergence constant a [-1–2] 
SSA c1(balancing parameter of exploration and exploitation) [10] 
GWO Convergence constant a [20] 
WOA Convergence constant a [20]  
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benefits from an outstanding exploration capability. For most high- 
dimensional multimodal functions, NMPA can outperform with most 
test cases other algorithms and, the results are close to high-performance 
optimizers. 

As far as fixed dimensional functions are concerned, NMPA has 
reached the global optimum for most problems with better (Std), which 
reflects the reliability of our NMPA algorithm obtained results. The 
exploration of NMPA is due to its multiple phases’ methods. These re-
sults show that the use of a new CF parameter and a nonlinear control 
parameter in NMPA has provided a well-tuned capability between 
exploration and exploitation, while demonstrating excellent perfor-
mance to escape from local optimization. 

Table 8 shows the average time taken by each implemented algo-
rithm to achieve the global optimal value of each optimization function 
(F1-F13) for 30 runs with 1000 dimensions. We can observe that our 
proposed NMPA slightly showed reduced time compared to MPA, which 
indicates that the introduced changes in the proposed method have not 
only improved the performance of the MPA algorithm but also has 
reduced some of the additional costs, such as high execution time (CPU/ 
GPU computing, memory usage and other loading/buffering times). This 
contributes to the fact that NMPA is a cost-effective optimization 
method, which could be used with time-sensitive applications. Table 10 
summarizes the p-values test of our proposed NMPA with other algo-
rithms, which is applied on the obtained results of using 50 dimensions 

Table 3 
Results of benchmark functions (F1–F13), with 50 dimensions.  

Func. MVO MFO SSA GWO PSO DE MPA NMPA 

F1 AVG 1.2683E + 01 1.0273E + 04 4.8638E + 00 2.9687E-18 2.5994E-01 1.3785E + 00 4.2583E-21 0.0000E + 00 
STD 3.4371E + 00 1.0187E + 04 4.2548E + 00 4.6665E-18 3.1792E-01 4.6744E-01 5.9162E-21 0.0000E + 00 

F2 
AVG 2.1404E + 05 8.1897E + 01 1.2633E + 01 1.5617E-11 2.2731E + 00 2.7478E-01 2.6311E-12 0.0000E + 00 
STD 1.1687E + 06 3.6046E + 01 3.6038E + 00 8.2553E-12 9.9640E-01 4.5789E-02 3.2945E-12 0.0000E + 00 

F3 
AVG 6.4170E + 03 6.2056E + 04 1.1518E + 04 3.9657E-01 1.8049E + 03 1.0890E + 05 6.5183E-02 0.0000E + 00 
STD 1.5742E + 03 2.1742E + 04 5.3323E + 03 7.7244E-01 3.6937E + 02 1.1415E + 04 1.3098E-01 0.0000E + 00 

F4 AVG 2.1459E + 01 8.5996E + 01 2.1568E + 01 9.2729E-04 4.4757E + 00 4.6155E + 01 2.6620E-08 0.0000E + 00 
STD 8.3705E + 00 3.5021E + 00 3.5767E + 00 8.0231E-04 9.0885E-01 3.9548E + 00 1.2823E-08 0.0000E + 00 

F5 AVG 9.2359E + 02 1.9267E + 07 2.7814E + 03 4.7676E + 01 4.5210E + 02 1.2733E + 03 4.6638E + 01 4.4152E + 01 
STD 7.9817E + 02 3.9842E + 07 5.1328E + 03 6.4196E-01 2.5098E + 02 4.5129E + 02 9.7513E-01 7.3308E-01 

F6 
AVG 1.1878E + 01 1.1083E + 04 4.6743E + 00 3.0961E + 00 3.4899E-01 1.3188E + 00 4.4559E-01 1.8622E-02 
STD 3.3521E + 00 1.0430E + 04 4.6644E + 00 6.3555E-01 4.0871E-01 4.2290E-01 2.3681E-01 4.8849E-01 

F7 
AVG 1.3180E-01 1.8335E + 01 6.4774E-01 4.1755E-03 3.4318E + 00 1.9507E-01 1.4904E-03 9.5663E-05 
STD 3.9963E-02 2.0235E + 01 2.0996E-01 2.0956E-03 2.7384E + 00 3.3661E-02 9.2226E-04 7.6969E-05 

F8 AVG − 1.2178E + 04 − 1.3219E + 04 − 1.2071E + 04 − 9.2827E + 03 − 5.8844E + 03 − 1.2105E + 04 − 1.3474E + 04 − 1.3603E + 04 
STD 9.5456E + 02 1.4683E + 03 8.9777E + 02 1.0258E + 03 1.9712E + 03 5.5680E + 02 7.0780E + 02 7.9816E + 02 

F9 AVG 2.7435E + 02 3.5858E + 02 1.0109E + 02 6.0124E + 00 1.6335E + 02 2.4736E + 02 0.0000E + 00 0.0000E + 00 
STD 4.7004E + 01 6.0629E + 01 2.6283E + 01 7.2309E + 00 2.6843E + 01 1.0783E + 01 0.0000E + 00 0.0000E + 00 

F10 
AVG 4.0822E + 00 1.9614E + 01 5.5000E + 00 2.0755E-10 1.7138E + 00 4.5440E-01 7.4533E-12 8.8818E-16 
STD 4.2791E + 00 4.5183E-01 1.3878E + 00 8.8040E-11 4.6774E-01 1.4216E-01 6.2282E-12 0.0000E + 00 

F11 
AVG 1.1056E + 00 1.1223E + 02 9.3491E-01 3.1741E-03 2.3525E-02 8.3240E-01 0.0000E + 00 0.0000E + 00 
STD 2.5074E-02 9.3286E + 01 1.8940E-01 7.3774E-03 1.3309E-02 9.2647E-02 0.0000E + 00 0.0000E + 00 

F12 AVG 6.4714E + 00 1.1369E + 07 1.4102E + 01 1.3281E-01 1.0001E-01 1.4506E + 00 9.0889E-03 3.5322E-02 
STD 2.5648E + 00 4.6657E + 07 5.4339E + 00 4.3230E-02 1.2819E-01 5.8955E-01 4.4553E-03 1.3870E-02 

F13 AVG 9.6926E + 00 4.9070E + 07 8.4953E + 01 2.3546E + 00 4.3150E-01 3.0562E + 00 5.5088E-01 7.7819E-01 
STD 1.0066E + 01 1.2541E + 08 1.4757E + 01 2.7831E-01 3.3948E-01 1.2194E + 00 2.7626E-01 3.3267E-01  

Table 4 
Results of benchmark functions (F1–F13), with 100 dimensions.  

Func. MVO MFO SSA GWO PSO DE MPA NMPA 

F1 AVG 8.0800E + 01 6.3294E + 04 1.4057E + 03 1.7755E-18 4.7510E + 00 5.3086E + 04 1.5048E-19 0.0000E + 00 
STD 1.3368E + 01 1.6548E + 04 3.0468E + 02 1.3491E-18 1.5831E + 00 6.3837E + 04 1.8883E-19 0.0000E + 00 

F2 AVG 1.8504E + 24 2.4424E + 02 4.8248E + 01 2.1817E-11 1.4448E + 01 3.5509E + 42 1.4940E-11 8.1080E-228 
STD 1.0096E + 25 3.1808E + 01 5.6802E + 00 6.6226E-12 4.3068E + 00 5.4671E + 43 1.2436E-11 8.1080E-228 

F3 
AVG 4.8646E + 04 2.2441E + 05 5.4226E + 04 1.7267E + 01 8.8377E + 03 4.5774E + 05 7.2089E + 00 0.0000E + 00 
STD 6.5457E + 03 4.4686E + 04 2.9078E + 04 3.4331E + 01 1.8680E + 03 8.8157E + 04 1.7616E + 01 0.0000E + 00 

F4 
AVG 5.0637E + 01 9.2768E + 01 2.8606E + 01 2.6883E-02 8.1035E + 00 9.1206E + 01 1.5827E-07 6.9473E-217 
STD 4.8591E + 00 2.8474E + 00 4.0186E + 00 5.8528E-02 1.3203E + 00 2.1735E + 00 7.6733E-08 0.0000E + 00 

F5 AVG 4.3683E + 03 8.0104E + 06 1.7736E + 05 9.7109E + 01 3.7660E + 03 1.8076E + 08 9.7173E + 01 9.7524E + 01 
STD 4.8199E + 03 2.4384E + 07 8.0032E + 04 9.5184E-01 1.6244E + 03 2.7448E + 08 6.9453E-01 1.0677E + 00 

F6 AVG 7.7280E + 01 1.8358E + 08 1.5195E + 03 6.1438E + 00 4.3609E + 00 5.1593E + 04 4.7304E + 00 7.3081E + 00 
STD 1.1165E + 01 7.3934E + 07 3.4380E + 02 8.6186E-01 1.5588E + 00 6.1829E + 04 8.7980E-01 9.2537E-01 

F7 
AVG 3.5039E-01 2.5225E + 02 2.9444E + 00 2.2362E-03 1.3151E + 03 2.2936E + 02 1.7902E-03 1.4121E-04 
STD 7.4530E-02 1.0547E + 02 6.9729E-01 8.9277E-04 2.5532E + 02 3.4157E + 02 7.3564E-04 1.9733E-04 

F8 
AVG − 2.3604E + 04 − 2.2938E + 04 − 2.2035E + 04 − 1.6976E + 04 − 1.6745E + 04 − 1.3953E + 04 − 2.4196E + 04 − 2.3622E + 04 
STD 1.3592E + 03 2.3972E + 03 1.6551E + 03 2.5118E + 03 3.7076E + 03 2.3524E + 03 1.2409E + 03 1.1086E + 03 

F9 AVG 6.4624E + 02 8.4511E + 02 2.4087E + 02 3.7789E + 00 4.4557E + 02 9.8972E + 02 0.0000E + 00 0.0000E + 00 
STD 6.5747E + 01 6.3350E + 01 3.5051E + 01 5.2448E + 00 5.2911E + 01 1.8848E + 02 0.0000E + 00 0.0000E + 00 

F10 
AVG 5.4016E + 00 1.9843E + 01 1.0390E + 01 1.6098E-10 2.6548E + 00 1.5506E + 01 4.6503E-11 8.8818E-16 
STD 4.0380E + 00 1.6443E-01 1.3003E + 00 5.3855E-11 3.0859E-01 3.8713E + 00 2.2352E-11 0.0000E + 00 

F11 
AVG 1.7168E + 00 5.1955E + 02 1.3730E + 01 4.4481E-04 8.2623E-02 4.7508E + 02 0.0000E + 00 0.0000E + 00 
STD 1.0952E-01 1.1533E + 02 4.2536E + 00 2.4363E-03 2.0607E-02 5.8102E + 02 0.0000E + 00 0.0000E + 00 

F12 
AVG 1.4111E + 01 2.7576E + 08 3.4027E + 01 1.5290E-01 1.2919E + 00 4.0313E + 08 5.3405E-02 1.2522E-01 
STD 3.9563E + 00 2.0687E + 08 1.0884E + 01 5.9346E-02 7.6674E-01 6.2780E + 08 1.2140E-02 2.9179E-02 

F13 AVG 1.2382E + 02 5.9726E + 08 6.4256E + 03 4.9161E + 00 1.1630E + 01 7.6192E + 08 8.3150E + 00 5.9633E + 00 
STD 2.9814E + 01 2.5161E + 08 8.1476E + 03 4.1433E-01 5.9320E + 00 1.1543E + 09 1.3484E + 00 1.4793E + 00  

A.S. Sadiq et al.                                                                                                                                                                                                                                 



Expert Systems With Applications 203 (2022) 117395

10

of F1-F13 that presented in the supplementary material of this paper 
Table 2. In all cases, the disparity in the findings is statistically signifi-
cant. This reflects the fact that our NMPA has significantly outperformed 
these methods, which results are presented by Tables 2 - 5 and shown the 
best performance achieved in solving F1–F13 problems optimization, 
the effect of FADs and the Brownian predator movements. 

Results for fixed dimensional functions (F14-F23) are reported in 
Table 9; NMPA has reached the global optimum for most accuracy 
problems (Std) close to high-performance optimization algorithms. The 
exploration of NMPA is due to its multiple phases of optimization, the 
effect of FADs and the Brownian predator movements. 

R. Local Optima Avoidance. 

The test composition functions (CF21-CF26) are developed using 
shifting, rotating, and hybridizing some of the specific unimodal as well 
as multimodal functions. Such functions are designed to challenge the 
ability of algorithms to escape local optima stagnation and provide a 
strong exploration and exploitation capability. 

Table 7 shows the performance of NMPA and other methods for 
solving this type of functions. The results are consistent in comparison 
with those reported in previous tables; in most functions, the results of 
NMPA are very competitive and tend to be better than others. That re-
flects that our proposed NMPA algorithm could find the optimal solution 
taking the advantages gained by the non-linear behavior with multiple 
agents that could avoiding trapping into the local optimal solutions. 

Table 5 
Results of benchmark functions (F1–F13), with 500 dimensions.  

Func. MVO MFO SSA GWO PSO DE MPA NMPA 

F1 AVG 5.9333E + 04 1.1589E + 06 9.6064E + 04 1.0928E-05 2.9132E + 03 1.2138E + 06 5.5295E-17 0.0000E + 00 
STD 3.6017E + 03 3.4344E + 04 6.0500E + 03 3.1289E-06 1.5865E + 02 1.4975E + 05 5.5679E-17 0.0000E + 00 

F2 
AVG 4.6416E + 206 7.9903E + 121 5.2656E + 02 6.1432E-04 1.9869E + 13 6.3002E + 257 1.4883E-03 4.1355E-19 
STD 1.6416E + 36 4.3764E + 122 1.5671E + 01 9.2388E-05 1.0883E + 14 2.1695E + 10 8.1519E-03 2.2649E-18 

F3 
AVG 1.6978E + 06 4.7890E + 06 1.4529E + 06 1.5518E + 05 3.6816E + 05 1.1047E + 07 6.4506E + 03 0.0000E + 00 
STD 1.1794E + 05 9.9505E + 05 6.0804E + 05 5.1625E + 04 6.7051E + 04 1.1950E + 06 4.8102E + 03 0.0000E + 00 

F4 AVG 9.3570E + 01 9.8919E + 01 3.9565E + 01 5.3425E + 01 2.3874E + 01 9.8656E + 01 1.7348E-05 7.4303E-208 
STD 1.4653E + 00 2.9961E-01 2.2399E + 00 5.8522E + 00 1.0649E + 00 6.1168E-13 1.1740E-05 0.0000E + 00 

F5 AVG 5.4509E + 07 4.9950E + 09 3.7660E + 07 4.9705E + 02 1.2177E + 07 6.5000E + 09 4.9717E + 02 4.9751E + 02 
STD 9.6174E + 06 1.9214E + 08 4.8276E + 06 3.3890E-01 1.3259E + 06 5.4328E + 08 2.0741E-01 2.1639E-01 

F6 
AVG 5.7877E + 04 1.1577E + 06 9.3484E + 04 8.0624E + 01 2.8571E + 03 1.2414E + 06 8.0101E + 01 8.9881E + 01 
STD 3.7499E + 03 3.0923E + 04 7.1531E + 03 2.0970E + 00 1.8572E + 02 1.3830E + 05 2.2478E + 00 1.6782E + 00 

F7 
AVG 4.0293E + 02 3.8768E + 04 2.7836E + 02 1.4935E-02 5.4452E + 04 4.4639E + 04 2.9311E-03 1.4474E-04 
STD 5.4928E + 01 2.5058E + 03 4.2261E + 01 3.4979E-03 2.0398E + 03 7.4521E + 03 1.3158E-03 1.4270E-04 

F8 AVG − 8.0834E + 04 − 6.2227E + 04 − 6.1157E + 04 − 6.1853E + 04 − 4.9673E + 04 − 3.0780E + 04 − 7.9244E + 04 − 7.7108E + 04 
STD 2.4876E + 03 5.9786E + 03 5.3746E + 03 1.2976E + 04 1.0136E + 04 4.9846E + 03 3.3927E + 03 3.8276E + 03 

F9 AVG 6.0505E + 03 6.9672E + 03 3.1691E + 03 4.0343E + 01 5.7955E + 03 7.8415E + 03 0.0000E + 00 0.0000E + 00 
STD 1.8304E + 02 1.5923E + 02 1.0950E + 02 1.4574E + 01 2.3106E + 02 2.8801E + 02 0.0000E + 00 0.0000E + 00 

F10 
AVG 2.0790E + 01 2.0353E + 01 1.4178E + 01 1.5917E-04 9.7361E + 00 2.0897E + 01 3.7059E-10 8.8818E-16 
STD 5.7929E-02 1.1347E-01 2.3296E-01 2.5526E-05 2.7736E-01 5.5162E-02 1.3862E-10 0.0000E + 00 

F11 
AVG 5.3600E + 02 1.0400E + 04 8.3598E + 02 2.9661E-03 2.9297E + 00 1.1023E + 04 0.0000E + 00 0.0000E + 00 
STD 3.0236E + 01 3.4599E + 02 4.3541E + 01 1.1352E-02 1.8323E-01 1.4777E + 03 0.0000E + 00 0.0000E + 00 

F12 AVG 3.4269E + 07 1.2098E + 10 1.2466E + 06 6.3707E-01 3.0710E + 04 1.6134E + 10 4.5444E-01 5.6345E-01 
STD 1.1752E + 07 8.2136E + 08 6.4195E + 05 2.9150E-02 1.4898E + 04 5.7864E + 08 2.9058E-02 2.8893E-02 

F13 AVG 1.3307E + 08 2.2453E + 10 3.6660E + 07 4.5458E + 01 8.2354E + 05 2.8554E + 10 4.8977E + 01 4.8574E + 01 
STD 3.1154E + 07 1.0851E + 09 1.0297E + 07 7.8901E-01 2.3900E + 05 1.6923E + 09 2.0264E-01 3.8223E-01  

Table 6 
Results of benchmark functions (F1–F13), with 1000 dimensions.  

Func. MVO MFO SSA GWO PSO DE MPA NMPA 

F1 AVG 5.5682E + 05 2.7246E + 06 2.3669E + 05 7.1234E-03 2.2374E + 04 3.0350E + 06 3.7649E-16 0.0000E + 00 
STD 2.1927E + 04 5.8652E + 04 8.5401E + 03 1.7330E-03 9.0792E + 02 6.3772E + 04 2.8865E-16 0.0000E + 00 

F2 AVG 1.7331E + 289 2.6810E + 10 1.1946E + 03 8.7398E-02 1.2615E + 03 4.5800E + 00 1.0965E + 03 1.4092E-04 
STD 5.7331E + 249 1.5400E + 09 3.1682E + 01 4.2160E-02 5.0247E + 01 2.8323E-01 1.2454E + 02 1.6790E-04 

F3 
AVG 6.7028E + 06 1.9254E + 07 6.1583E + 06 8.3492E + 05 1.5759E + 06 4.3520E + 07 4.3749E + 04 0.0000E + 00 
STD 4.9973E + 05 3.1277E + 06 2.4314E + 06 2.3290E + 05 3.2390E + 05 9.4067E + 06 3.5673E + 04 0.0000E + 00 

F4 
AVG 9.7551E + 01 9.9479E + 01 4.4309E + 01 7.2642E + 01 2.9221E + 01 9.9639E + 01 2.2425E-04 1.4659E-205 
STD 6.5813E-01 1.9502E-01 2.5237E + 00 4.4872E + 00 9.1367E-01 5.8323E-13 3.7701E-04 0.0000E + 00 

F5 AVG 1.3334E + 09 1.2644E + 10 1.2119E + 08 9.9794E + 02 1.5600E + 08 1.4806E + 10 9.9682E + 02 9.9724E + 02 
STD 1.4664E + 08 4.8606E + 08 1.5687E + 07 5.8556E-01 1.0574E + 07 7.0643E-05 1.9114E-01 1.9498E-01 

F6 AVG 5.6764E + 05 2.7353E + 06 2.3360E + 05 1.8623E + 02 2.2153E + 04 3.0193E + 06 1.9409E + 02 2.0723E + 02 
STD 2.1440E + 04 5.7736E + 04 1.2574E + 04 2.8179E + 00 7.6846E + 02 7.6010E + 04 2.4115E + 00 2.2573E + 00 

F7 
AVG 1.6849E + 04 1.9866E + 05 1.7470E + 03 3.9720E-02 2.3659E + 05 2.4103E + 05 2.7439E-03 2.5096E-04 
STD 1.1864E + 03 6.2598E + 03 1.6470E + 02 8.9831E-03 5.9373E + 03 3.0635E + 03 1.4303E-03 2.4313E-04 

F8 
AVG − 1.2338E + 05 − 8.8821E + 04 − 8.5099E + 04 − 1.0736E + 05 − 6.9834E + 04 − 4.3517E + 04 − 1.2159E + 05 − 1.1518E + 05 
STD 4.1913E + 03 4.5353E + 03 1.2893E + 04 7.0313E + 03 1.7885E + 04 6.9114E + 03 5.0012E + 03 4.9769E + 03 

F9 AVG 1.4088E + 04 1.5530E + 04 7.6022E + 03 1.2023E + 02 1.3495E + 04 1.6950E + 04 0.0000E + 00 0.0000E + 00 
STD 3.3635E + 02 2.1627E + 02 1.6022E + 02 2.7541E + 01 4.6399E + 02 3.3675E + 02 0.0000E + 00 0.0000E + 00 

F10 
AVG 2.0963E + 01 2.0323E + 01 1.4524E + 01 2.8238E-03 1.4207E + 01 2.0987E + 01 5.7623E-10 8.8818E-16 
STD 2.0892E-02 1.9688E-01 1.7523E-01 2.8489E-04 2.7614E-01 3.4205E-02 1.6715E-10 0.0000E + 00 

F11 
AVG 5.0973E + 03 2.4718E + 04 2.1016E + 03 3.0205E-03 5.6730E + 01 2.7206E + 04 2.2204E-17 0.0000E + 00 
STD 2.6314E + 02 3.8595E + 02 9.2255E + 01 1.3916E-02 9.0034E + 00 4.1752E + 02 4.5168E-17 0.0000E + 00 

F12 
AVG 2.2229E + 09 3.0391E + 10 1.0918E + 07 7.8892E-01 2.8647E + 06 3.6869E + 10 6.7936E-01 7.6888E-01 
STD 3.1627E + 08 7.0546E + 08 3.5162E + 06 3.2600E-02 5.2861E + 05 2.2147E-04 2.3863E-02 2.3599E-02 

F13 AVG 4.7969E + 09 5.5949E + 10 1.4547E + 08 1.0278E + 02 3.1569E + 07 6.5124E + 10 9.8794E + 01 9.8506E + 01 
STD 4.0308E + 08 1.4557E + 09 2.5636E + 07 2.6253E + 00 4.3831E + 06 1.1456E-04 2.5553E-01 3.1998E-01  
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Table 7 
Results for composition functions (CEC-BC-2017) (Wu et al., 2016).  

Func. MVO MFO SSA GWO PSO DE MPA NMPA 

F21 AVG 2.3137E + 03 2.3107E + 03 2.3061E + 03 2.3203E + 03 2.3028E + 03 2.3074E + 03 2.2153E + 03 2.2044E + 03 
STD 3.1505E + 01 5.3435E + 01 4.8451E + 01 9.6921E + 00 7.0156E + 01 3.0106E + 01 3.9401E + 01 2.3247E + 01 

F22 
AVG 2.3188E + 03 2.3101E + 03 2.3502E + 03 2.3091E + 03 2.4656E + 03 2.3027E + 03 2.2890E + 03 2.2858E + 03 
STD 9.5818E + 01 1.9725E + 01 2.5491E + 02 1.8397E + 01 4.2665E + 02 1.2729E + 00 3.1951E + 01 3.6016E + 01 

F23 
AVG 2.6213E + 03 2.6279E + 03 2.6265E + 03 2.6294E + 03 2.7046E + 03 2.6192E + 03 2.6154E + 03 2.5928E + 03 
STD 8.9215E + 00 1.0776E + 01 1.1740E + 01 1.2892E + 01 2.9441E + 01 3.2039E + 00 3.8251E + 00 7.9676E + 01 

F24 AVG 2.7415E + 03 2.7543E + 03 2.7317E + 03 2.7356E + 03 2.7675E + 03 2.7464E + 03 2.5259E + 03 2.5237E + 03 
STD 4.6579E + 01 4.9910E + 01 6.3685E + 01 6.1973E + 01 1.3111E + 02 2.8912E + 01 6.4796E + 01 6.6580E + 01 

F25 AVG 2.9308E + 03 2.9517E + 03 2.9284E + 03 2.9433E + 03 2.9145E + 03 2.9328E + 03 2.8995E + 03 2.8995E + 03 
STD 2.8837E + 01 2.9235E + 01 3.0400E + 01 1.6078E + 01 6.3523E + 01 1.3778E + 01 8.3209E + 00 8.3711E + 00 

F26 
AVG 3.1562E + 03 3.1607E + 03 2.9501E + 03 3.1878E + 03 3.1563E + 03 3.0274E + 03 2.8367E + 03 2.7809E + 03 
STD 4.6811E + 02 3.4507E + 02 1.7731E + 02 3.6577E + 02 3.7294E + 02 1.6065E + 02 1.1289E + 02 1.3444E + 02  

Table 8 
Comparison of average running time results (seconds) over 30 runs.  

Func. MVO MFO SSA GWO PSO DE MPA NMPA 

F1 
AVG  17.4194  12.7667  133.3084  18.4836  6.8377  163.9563  10.2152  10.3328 
STD  1.4327  1.1402  9.4190  1.9737  0.3096  3.6686  0.3823  0.3280 

F2 
AVG  16.0041  12.6185  126.4474  17.4306  8.2196  184.7448  10.3898  10.4566 
STD  0.9253  0.9505  5.7935  1.0428  0.7133  2.8610  0.3177  0.4297 

F3 AVG  33.0037  32.6739  135.6300  38.3812  28.5052  202.5219  110.1172  111.0180 
STD  0.5723  2.4586  0.7177  3.0038  1.8968  7.2145  0.6244  0.6350 

F4 AVG  15.2347  13.0486  115.8535  18.4860  7.1159  162.1421  9.9473  10.1946 
STD  0.2452  1.3088  2.0825  1.1393  0.6935  0.7823  0.3031  0.4201 

F5 
AVG  17.5669  15.3578  114.2993  20.2637  8.9806  168.0745  10.4226  10.4448 
STD  0.2936  2.2213  1.8397  3.3185  0.2138  1.0919  0.3434  0.3346 

F6 
AVG  15.5162  12.5299  116.3543  17.6882  6.7377  164.2991  10.0958  10.0983 
STD  0.3831  0.9035  0.6827  1.1852  0.3094  1.1300  0.3238  0.3068 

F7 AVG  24.9857  23.5323  127.6694  28.3494  16.5823  172.7146  18.1414  18.1177 
STD  0.2941  1.3100  0.8049  1.4137  0.2351  0.6873  0.3749  0.3526 

F8 AVG  15.0520  15.8966  118.8716  21.4134  10.5958  168.0199  12.6001  12.9899 
STD  0.2615  1.1776  0.9403  1.4748  0.5417  0.7602  0.4187  0.5224 

F9 
AVG  17.2612  13.4797  118.8502  17.0877  8.7762  164.3282  10.8074  10.7970 
STD  0.2946  0.3724  0.6409  0.3056  0.6893  0.7152  0.4561  0.4311 

F10 
AVG  17.6993  14.1105  118.5399  17.5360  8.8414  167.5155  10.7624  10.8959 
STD  0.2990  0.2652  1.2314  0.4174  0.5767  0.4361  0.4230  0.4307 

F11 AVG  20.2791  17.3201  124.6317  21.1935  10.5819  170.9835  12.2672  12.4686 
STD  1.0343  0.6173  5.8829  0.5051  0.7181  0.5983  0.3965  0.4982 

F12 AVG  42.7673  41.7708  145.4661  45.3685  39.0122  218.2825  28.5847  28.4756 
STD  0.2948  0.5983  1.4688  0.4038  2.2550  12.5591  0.4796  0.3569 

F13 
AVG  44.5163  41.8090  145.1101  45.6820  39.4797  225.2043  27.4221  27.6328 
STD  1.8755  0.3618  7.0964  0.4325  1.7688  8.7348  0.3937  0.4305  

Table 9 
Results of benchmark functions (F14–F23).  

Func. MVO MFO SSA GWO PSO DE MPA NMPA 

F14 AVG 9.9800E-01 1.8554E + 00 1.1635E + 00 3.6734E + 00 1.2299E + 00 1.0198E + 00 9.9800E-01 9.9800E-01 
STD 1.7077E-11 1.4836E + 00 4.5784E-01 4.0531E + 00 4.2761E-01 1.2794E-01 1.5150E-16 1.7249E-16 

F15 AVG 4.0230E-03 2.3476E-03 1.5901E-03 2.3741E-03 7.4554E-04 1.3441E-03 3.0749E-04 3.0879E-04 
STD 7.4365E-03 4.9135E-03 3.5587E-03 6.1033E-03 2.5069E-04 4.1006E-03 3.1676E-15 2.2871E-13 

F16 AVG − 1.0316E + 00 − 1.0316E + 00 − 1.0316E + 00 − 1.0316E + 00 − 1.0316E + 00 − 1.0289E + 00 − 1.0316E + 00 − 1.0316E + 00 
STD 2.8697E-07 6.7752E-16 2.2077E-14 4.6040E-09 6.7752E-16 2.4680E-02 4.7908E-16 4.4600E-16 

F17 AVG 3.9789E-01 3.9789E-01 3.9789E-01 3.9791E-01 3.9789E-01 3.9940E-01 3.9789E-01 3.9789E-01 
STD 2.9083E-07 0.0000E + 00 5.6547E-15 1.0246E-04 0.0000E + 00 6.1587E-03 2.1048E-14 4.0803E-13 

F18 AVG 3.0000E + 00 3.0000E + 00 3.0000E + 00 3.0000E + 00 3.0000E + 00 3.0678E + 00 3.0000E + 00 3.0000E + 00 
STD 1.7552E-06 1.5317E-15 2.8530E-13 3.1924E-06 4.8085E-16 5.9788E-01 2.5960E-15 2.3354E-15 

F19 AVG − 3.8628E + 00 − 3.8625E + 00 − 3.8628E + 00 − 3.8620E + 00 − 3.8628E + 00 − 3.8617E + 00 − 3.8628E + 00 − 3.8628E + 00 
STD 1.0629E-06 1.4390E-03 5.1776E-09 2.3965E-03 2.6823E-15 8.5509E-03 2.4028E-15 2.4338E-15 

F20 AVG − 3.2502E + 00 − 3.2255E + 00 − 3.2244E + 00 − 3.2738E + 00 − 3.2784E + 00 − 3.3047E + 00 − 3.3220E + 00 − 3.3220E + 00 
STD 5.9609E-02 5.6540E-02 5.5437E-02 6.0041E-02 5.8273E-02 7.2419E-02 1.7286E-11 4.1606E-10 

F21 AVG − 8.4713E + 00 − 6.5585E + 00 − 7.6491E + 00 − 9.4756E + 00 − 7.8798E + 00 − 9.4648E + 00 − 1.0153E + 01 − 1.0153E + 01 
STD 2.6727E + 00 3.3269E + 00 3.4126E + 00 1.7546E + 00 2.6789E + 00 1.5517E + 00 3.5729E-11 2.8757E-10 

F22 AVG − 8.6561E + 00 − 6.5984E + 00 − 8.2011E + 00 − 1.0402E + 01 − 9.5225E + 00 − 9.9198E + 00 − 1.0403E + 01 − 1.0403E + 01 
STD 2.7668E + 00 3.6530E + 00 3.2331E + 00 4.4027E-04 2.0023E + 00 1.6052E + 00 1.5919E-11 3.5985E-06 

F23 AVG − 8.8634E + 00 − 7.8709E + 00 − 9.0954E + 00 − 9.9946E + 00 − 9.8216E + 00 − 1.0021E + 01 − 1.0536E + 01 − 1.0536E + 01 
STD 3.1342E + 00 3.3867E + 00 2.9616E + 00 2.0585E + 00 1.8535E + 00 1.5338E + 00 4.6372E-11 1.9479E-09  
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A. Convergence Rate Analysis. 
As another method in evaluating the performance of our proposed 

method, we have configured and run another set of experiments to 
analyze the convergence rate. The convergence rates of the NMPA al-
gorithm along with the other set of related algorithms, (which the 
optimal solutions have been presented in Tables 5-9) have been moni-
tored and captured over the course of 500 iterations. Fig. 3 demon-
strating performance journey, (convergence rate), of the best obtained 
solutions by each algorithm over each iteration. The experiment was 
conducted using the test functions 1–10, for more information, you can 
refer to the listed F1-10 in the supplementary material, Tables 1-2. 

From the presented results we can observe that our proposed NMPA 
algorithm could easily outperform all the benchmark methods with 
finding the optimal solutions of F1-F4, started after the 100th iteration. 
To clarify this behavior further to the readers, we will elaborate on F1 as 
an example for other functions; F2-F4. Referring to function’s landscape 

Table 10 
Results of Wilcoxon rank-sum test over all runs.  

Func. MVO MFO SSA GWO PSO DE MPA 

F1  0.0  0.0  0.0  0.0  0.0  0.0 0.0 
F2  0.0  0.0  0.0  0.0  0.0  0.0 0.0 
F3  0.0  0.0  0.0  0.0  0.0  0.0 0.0 
F4  0.0  0.0  0.0  0.0  0.0  0.0 0.0 
F5  0.0  0.0  0.0  0.0  0.0  0.0 0.2 
F6  0.0  0.0  0.0  0.0  0.0  0.5 0.0 
F7  0.0  0.0  0.0  0.0  0.0  0.0 0.0 
F8  0.0  0.1  0.0  0.0  0.0  0.0 0.0 
F9  0.0  0.0  0.0  0.0  0.0  0.0 NaN 
F10  0.0  0.0  0.0  0.0  0.0  0.0 0.0 
F11  0.0  0.0  0.0  0.0  0.0  0.0 NaN 
F12  0.0  0.0  0.0  0.0  0.7  0.0 0.0 
F13  0.0  0.0  0.0  0.0  0.0  0.0 0.0  

Fig. 3. NMPA Convergence curve on different benchmark F1-F15 test functions.  
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that presented in Fig. 2, the optimization problem is minimization of the 
function’s returned value with a given set of variables, the minimum the 
value is the best the solution is. Applying this function on the set of the 
optimization algorithms, all algorithms were only able to find the best 
solution that is closed to zero, except our NMPA algorithm that could go 
further down. The nonlinearity behavior along with the Brownian 
random walk strategies applied by the improved NMPA could empower 
the algorithm with more chances to flip its search away from the ob-
tained global optimal solution. This has allowed NMPA to explore other 
regions within the function’s landscape that could bring it to more 
promising minimum solutions that gained over iterations. 

On the other hand, NMPA could share the competition alongside 
with the native MPA and GWO algorithms mainly with F5-7 and F10. 
The landscape of these functions is quite tricky and holding many local 
optimal solutions that make it more challenging for most of the imple-
mented algorithms. Nevertheless, our algorithm still could maintain 
acceptable and smooth convergence at early stage with all these func-
tions except F6, where MPA, MVO and SSA algorithms could only find 
slightly better optimal solutions at the very end iterations. Though, these 
algorithms showed not promising convergence in comparison with our 
proposed NMPA algorithm. Taking this into account of some sort of 
applications that inquire efficient solution, this will be quite computa-
tionally expensive, due to slow convergence rate. 

To summaries this section, we can argue here the reasons behind 
some of the key performance measures that NMPA has achieved in 
comparison with other state of the arts algorithms. The key reason that 
we can highlight here that is the nature of the native MPA algorithm, as 
Marine predators in nature can remember their prey’s areas with richer 
food sources. Relaying on such essential feature that other algorithms 
are lack of, MPA can reserve and use this memory in recollecting some of 
the good experiences around the potential good region for global 
optimal solution to be explored or further exploited. This nature has 
facilitated our proposed algorithm with good mechanism in finding in 
average better optimal solutions in comparison with other algorithms. 

On the other hand, the new introduced improvements on the native 
MPA algorithm, by nonlinear controller and some of the random walk 
behaviors stimulated by Brownian set of equations in Fig. 1. These newly 
introduced changes in section 3, have clearly reflected on the perfor-
mance of our proposed NMPA algorithm in comparison with other set of 
benchmark methods. 

5. Real-World Application: Fair power allocation in NOMA-VLC 
for B5G networks 

This section presents the problem formulation of the fair power 
allocation in NOMA-VLC for B5G networks and its application of NMPA 
in solving this problem by finding the optimal power allocation for a 
maximum number of users. A performance analysis is also conducted in 
this section and the results in terms of convergence rate and data rates 
obtained by each user are benchmarked with other recent meta-heuristic 
optimization algorithms. 

S. Introduction and Problem Formulation. 
Many approaches have been proposed as key-enabling technologies 

in fifth-generation (5G) and beyond networks, among them non- 
orthogonal multiple access (NOMA) and visible light communications 
(VLC). There are two promising candidates thanks to their distinct fea-
tures and advantages (Obeed et al., 2019a), (Yiran Li et al., 2017). Ac-
cording to (Z. Yang et al., 2017), (Pham, Huynh-The, et al., 2020), the 
combination of NOMA and VLC is expected to bring several advantages 
as follows:  

• First, NOMA aims at serving multiple users using the same resource 
(i.e., space, frequency, and power). This is in line with VLC systems, 
which normally serve a small number of users.  

• Secondly, NOMA typically performs better than orthogonal multiple 
access (OMA) counterpart when the channel state information at the 

receiver and transmitter is available. For VLC systems, the channel 
condition usually remains constant and only change with the 
movement of users. This feature makes VLC a promising approach to 
improve the performance of NOMA-based systems when compared 
with the corresponding OMA-based systems.  

• Third, the line-of-sight transmission in VLC systems can guarantee 
the high signal-to-noise values for superior performance of NOMA 
system, which is sometimes not good in other communication 
systems.  

• Finally, VLC system can tune the transmission angles and field-of- 
views of the transmitter, thus increasing the discrepancy in chan-
nel conditions of users, which plays an important role in improving 
the performance of NOMA systems (Ding & Poor, 2016). 

As a key metric in B5G wireless systems, this section presents the 
applicability of the proposed NMPA algorithm to solve a fair power 
allocation in NOMA-based VLC systems. The objective of this problem is 
to maximize the sum rate of all the users while keep the fairness among 
users at a reasonable level. Due to this reason, logarithmic utility 
function is a suitable option, which has been considered in many well- 
known papers in the area of wireless and communication networks 
(Pham, Mirjalili, et al., 2020). Optimization constraints are on the peak 
optical intensity, maximal transmit power, and guaranteeing the non- 
negativity of the transmitted optical signal (Yang et al., 2017). The 
optimization variables are the transmit power values; say pm of the m-th 
user, allocated to users by the light emitting diode (LED) transmitter. 
Define p = {pn}

N
n=1, the optimization problem can be mathematically 

formulated as follows (Yiran Li et al., 2017): 

(P1) : max
p

∑M

m=1
log2

(

log2

(

1 +
hmpm

n0 + hm
∑M

l=m+1pl

))

subject to. 
∑M

m=1
pm ≤ Pmax, (20)  

∑M

m=1

̅̅̅̅̅
pm

√
≤ C,

pm ≥ 0, ∀m 

where M is the number of users, n0 is the noise power, Pmax denotes 
the maximal transmit power of the LED and C = δ− 1min{A,B − A}. Here, 
A and B are the DC-offset and peak optimal density, respectively, and δ is 
a coefficient constant specified by the modulation scheme. Moreover, it 
is worth noting that the channel gain is sorted in an ascending order. In 
this work, some parameters are set follows:  

• Coefficient value δ = 3
̅̅̅
5

√
/5,  

• A = 30 and B = 20,  
• Bandwidth B = 10 MHz and noise power n0 = B × 10− 13,  
• Maximal transmit power Pmax = 25 dBm. 

This problem is a non-convex problem, which originally cannot be 
solved optimally. By some manipulations and transformations, the au-
thors in (Z. Yang et al., 2017) are able to solve the problem (P1) opti-
mally, i.e., the globally optimal solution can be achieved (Boyd et al., 
2004) through the off-the-shelf convex solvers like the interior point 
method. We will show in this section that the proposed NMPA algorithm 
is able to obtain a very competitive performance and is superior to the 
other well-known meta-heuristics. 

A. Applicability of the NMPA algorithm. 
In this part, we evaluate the performance obtained by using our 

NMPA algorithm and make comparison with the other approaches, 
including MPA, MVO, MFO, SSA, and GWO. To evaluate the perfor-
mance, we have considered two metrics: 1) log sum rate (labelled as 
Log_Sum_Rate), which is calculated as the objective value of the problem 
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(P1) and 2) minimum rate (labelled as Min_Rate), which is calculated as 
the minimum rate among all the users’ rates. The purpose behind these 
two metrics is to evaluate the overall performance of (P1) that achieved 
by different meta-heuristic as well as to assess the fairness level among 
users. Moreover, we vary the dimension, i.e., the number of users in 
(P1), and observe the performance. 

From the Tables 11-16, we can see that when the number of users is 
small enough (e.g.,M = 2), the performance achieved by different ap-
proaches is almost the same. It is reasonable since the smaller the 
number of users is, the smaller the feasible solution set becomes. While, 
the proposed NMPA algorithm has obtained better average Min_Rate 
among all users in comparison with other algorithms. This shows that 

our proposed algorithm could maintain efficient power distributions 
with best utilization. 

On the other hand, when the number of users is getting higher, our 
proposed NMPA algorithm starts to outperform the other algorithms in 
terms of Log_Sum_Rate and Min_Rate. For example, when the dimen-
sion/No of users is 20, NMPA algorithm could outperform all the 
benchmark algorithms in all aspects. Similarly, when the number of 
users was 40. Though, we have observed that with 30 users, MFO, SSA 
and GWO algorithm could obtain the same average Log_Sum_Rate 
(6.53E + 02), but with relatively high standard deviation. This reflects 
that even though MFO, SSA and GWO could obtain the optimal solution 
for Log_Sum_Rate same as NMPA, but its statistical measure it was not 

Table 11 
Results obtained for dimension 2.  

Algorithms NMPA MPA MVO MFO SSA GWO 

Log_Sum_Rate AVG 5.08E + 01 5.08E + 01 5.08E + 01 5.08E + 01 5.08E + 01 5.08E + 01 
STD 1.093522 1.093512 1.093513 1.093527 1.093513 1.093518 

Min_Rate 
AVG 4.16E + 07 4.16E + 07 4.16E + 07 4.16E + 07 4.16E + 07 4.16E + 07 
STD 11,912,677 11,914,901 11,903,820 11,938,336 11,911,753 11,911,753  

Table 12 
Results obtained for dimension 10.  

Algorithms NMPA MPA MVO MFO SSA GWO 

Log_Sum_Rate 
AVG 2.32E + 02 2.32E + 02 2.31E + 02 2.32E + 02 2.30E + 02 2.32E + 02 
STD 2.445683 2.434006 1.86839 2.440479 1.588901 2.444953 

Min_Rate AVG 7.18E + 06 6.06E + 06 3.36E + 06 6.58E + 06 2.94E + 06 2.94E + 06 
STD 954,687 1,038,257 746334.6 799,187 643729.3 643729.3  

Table 13 
Results obtained for dimension 20.  

Algorithms NMPA MPA MVO MFO SSA GWO 

Log_Sum_Rate 
AVG 4.46E + 02 4.42E + 02 4.32E + 02 4.46E + 02 4.36E + 02 4.46E + 02 
STD 3.298235 3.179131 12.26262 3.287567 2.134823 3.302566 

Min_Rate 
AVG 3.51E + 06 1.34E + 06 6.68E + 05 3.09E + 06 8.91E + 05 8.91E + 05 
STD 282179.6 434544.9 260971.2 309696.6 224395.2 224395.2  

Table 14 
Results obtained for dimension 30.  

Algorithms NMPA MPA MVO MFO SSA GWO 

Log_Sum_Rate AVG 6.53E + 02 6.41E + 02 6.20E + 02 6.52E + 02 6.32E + 02 6.53E + 02 
STD 4.244036 4.112895 18.52279 4.148361 3.46928 4.263409 

Min_Rate AVG 2.15E + 06 5.47E + 05 2.85E + 05 1.80E + 06 3.84E + 05 3.84E + 05 
STD 200325.4 176766.8 136347.2 337053.2 98272.83 98272.83  

Table 15 
Results obtained for dimension 40.  

Algorithms NMPA MPA MVO MFO SSA GWO 

Log_Sum_Rate 
AVG 7.26E + 02 7.21E + 02 6.83E + 02 7.26E + 02 7.25E + 02 7.26E + 02 
STD 1.65E + 01 1.63E + 01 7.90E + 01 1.70E + 01 1.71E + 01 1.65E + 01 

Min_Rate 
AVG 3.12E + 04 2.29E + 04 1.76E + 04 2.72E + 04 2.79E + 04 3.11E + 04 
STD 7.16E + 03 8.67E + 03 1.11E + 04 9.09E + 03 7.95E + 03 6.66E + 03  

Table 16 
Results obtained for dimension 50.  

Algorithms NMPA MPA MVO MFO SSA GWO 

Log_Sum_Rate AVG 8.89E + 02 8.78E + 02 8.09E + 02 8.85E + 02 8.85E + 02 8.89E + 02 
STD 1.80E + 01 1.95E + 01 1.09E + 02 1.83E + 01 1.75E + 01 1.91E + 01 

Min_Rate 
AVG 2.34E + 04 1.33E + 04 9.26E + 03 1.88E + 04 1.97E + 04 2.39E + 04 
STD 6.15E + 03 5.65E + 03 7.07E + 03 6.33E + 03 5.27E + 03 3.58E + 03  
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reliable enough as NMPA does. Besides, NMPA could achieve better Min- 
Rate than these two algorithms. In more detail, the NMPA can achieve 
Min_Rate of 2.15E+06 (bps) compared with 5.47E+05 by the native 
MPA and 2.85E+05 by the MVO algorithms. 

Another observation is that the higher the number of users requires 
the more iterations for algorithms to converge, e.g., the NMPA takes 10 
and 100 iterations when the number of users is 2, 10, and 30; and 350 
iterations to reach the final solution when the number of users is 40 and 
50, respectively. Interestingly, we can observe from Fig. 4 that the 
proposed NMPA is convergent in all the cases, whereas some other ap-
proaches are not able to converge within the specified iteration range, e. 
g., the MVO in the cases of 10, 20, 30, 40 and 50 users, and the MFO in 
the case of 30 users. Another observation from the convergence curves 
was that NMPA algorithm could demonstrate almost the same conver-
gence pattern over the course of iterations with all implemented set of 
number of users. The algorithm has witnessed very strategic turning 
points at almost similar points of iterations. It starts with the very initial 
iterations with average best scores then turning to towards better 
optimal solutions after 300 iterations. We can comment here that NMPA 
algorithm could gain two main features, which are they, the native 
behavior of strategic marine predators as well as the non-linear ability 
that could push the algorithm forward towards more feasible areas to get 
explored. 

Based on the results obtained by the proposed method, both in 
optimization mathematical test functions and in real-world application 
such as Fair Power Allocation in NOMA-VLC for B5G Networks. It can be 
concluded that using a nonlinear control parameter to create a balance 
between exploration and exploitation phases of the algorithm, as well as 
the definition of the new CF parameter in order to have better exploi-
tation capability, can significantly improve the performance of MPA. 
Form the collected results and given discussions and analysis in this 
section and section 4, we can clearly find that CF parameter could 

maintain fair control on the step size of the proposed NMPA algorithm in 
converging with stable behaviour towards finding the optimal power 
allocation for maximum number of users M. We also could find again, as 
discussed earlier in section 4, the impact of Marine predators in 
remembering their prey’s areas with richer food sources. Utilising this 
nature, the algorithm could maintain very stable and quite similar 
behaviour in converging towards the optimal maximum number of users 
to be served with 5G network via VLC resources without compromising 
the transmission power used by the network provider. 

6. Conclusion and future works 

In this paper, a new version of Marine Predator Algorithm (MPA) has 
been proposed, which uses a set of nonlinear control functions to sup-
port an effective balance between the exploration and exploitation 
phases during the optimization process. Our proposed Nonlinear MPA 
(NMPA) has substantially improved the performance while searching for 
the optimal solution of a given optimization problem. This improvement 
was due to the fact that, our proposed NMPA could flexibly switch, 
(whenever needed), from the global to the local search using our 
introduced nonlinearity behavior. This behavior has allowed the algo-
rithm exploring wider range of the feasible solutions of a given problem 
and pays more attention on exploiting the potential regions whenever 
needed. By doing so, our algorithm could manage a cost-effective 
searching technique for obtaining an optimal solution of a given opti-
mization problem. Our NMPA algorithm was implemented, and its 
performance compared to the original MPA, in addition to other recent 
meta-heuristics algorithms. NMPA has performed the best in solving 
well-known benchmark functions as well as a real-world problem of 
finding the optimal fair power allocation in non-orthogonal multiple 
access (NOMA) and visible light communications (VLC) for Beyond 5G 
(B5G) networks. The proposed NMPA algorithm could effectively 

Fig. 4. Convergence performance of power allocation problem in B5G networks.  
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optimize the log sum rate (labelled as Log_Sum_Rate) of NOMA-VLC, 
which was calculated as the objective value of the resource allocation 
problem in B5G networks. Our algorithm could also effectively find the 
minimum rate (labelled as Min_Rate) NOMA-VLC system, which is 
calculated as the minimum rate among all the users’ rates. The proposed 
NMPA algorithm could maintain an effective and quick convergence 
rate as an average of the course of 30 simulation runs. 

In the future, we are planning to implement our proposed NMPA 
algorithm in optimizing the Multi-User Outdoor VLC (MUO-VLC) for 
B5G Networks. Using the roadside and car park’s lighting system, a VLC 
access point can be formed to offer the data transmission service to 
multiple users in B5G networks. Our algorithm will be used in finding 
the optimal VLC system configuration to mitigate the wide-range effect 
of the contaminating light stemming from the sun and the ambient lights 
outdoor environments. 
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