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Abstract

A group of algorithms used to solve NP-hard problems is called metaheuristic and hyper-heuristic algorithms.
Problems that have a large number of answers and it takes a long time to find the best one is called NP-hard. The
use of metaheuristic & hyper-heuristic algorithms in solving difficult problems results in acceptable answers in a short
time. These methods fall into the category of optimization algorithms. In optimization algorithms, problems that do
not have a definite solution reach an optimal answer in a very short time. Various algorithms have been introduced
so far that stem from the intelligence of the events around us. Each of these methods has been used to solve complex
problems that have not received an acceptable response by heuristic algorithms. According to National Football
League (NFL) theory, none of the algorithms can solve all the problems. Each of these algorithms achieves more
optimal answers to specific problems than the other algorithms. For this reason, efforts to design new methods
continue to address a broader range of issues. This article examines new metaheuristic algorithms and their
classification. Many metaheuristic algorithms have been introduced today, each of which has the potential to achieve
an optimal solution to specific problems. This potential, along with new techniques and Machine Learning (ML), has
led to the production of a new generation of these algorithms, known as hyper-heuristic algorithms. These types of
algorithms try to produce hybrid algorithms to solve more problems with one algorithm.

Keywords: NP-hard, Metaheuristic algorithms, Hyper-heuristic algorithms, Machine learning, Optimization.

1| Introduction

In various fields of engineering, basic sciences, medicine, and even humanities, some problems cannot be
solved with mathematical methods and classical algorithms at a tolerable time. These issues fall into the
category of hardships. The only way to solve these problems so far is a kind of innovative algorithm known
as metaheuristic and hyper-heuristic algorithms. Metaheuristic and hyper-heuristic algorithms with changes
in heuristic algorithms explore the vast space of answers in search of an optimal solution. The primary purpose
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of designing these algorithms is to achieve the best possible solution from a vast area. Today, metaheuristic
and hyper-heuristic algorithms are widely used in various applications.

In most cases, metaheuristic and hyper-heuristic algorithms give the desired answer. So far, many algorithms
have been proposed in this field. There are two main reasons for the proliferation of metaheuristic algorithms.
The first and most important reason is that each metaheuristic and hyper-heuristic algorithm is efficient in a
specific area of critical problems. This means that one or more algorithms provide the optimal solution for
each problem. The second reason is the widespread source of inspiration for metaheuristic and hyper-heuristic
algorithms. The nature and events of life inspire these algorithms, and this vast resource contains many ideas
for new algorithms. Any phenomenon that has an intelligent initiative is a source of inspiration for the new
algorithm. In general, metaheuristic and hyper-heuristic algorithms ate divided into four categories:
evolutionary, physical, human, and swarm algorithms, each of which refers to the source of inspiration of its
sub-algorithms. While their metaheuristic algorithms are compelling, they have a significant drawback. This
is the disadvantage of not solving all problems with a particular algorithm. That is, each algorithm solves only
a limited number of problems well. Today, metaheuristic and hyper-heuristic algorithms are combined with
Machine Learning (ML), and by combining their capabilities, they try to solve a wider range of problems.
With the increasing growth of science in various fields, the need for metaheuristic and hyper-heuristic
algorithms is felt more than ever. The primary origin of these algorithms can be considered in artificial
intelligence and operations research [1], [2]. The larger the problem data, the more difficult it is to solve. As
we know, there is no solution in polynomial time problems are called hardships [3]. So far, no algorithm has
been introduced that can promptly give a definitive answer to complex problems and deliver a definitive
answer [4]. Optimization methods are an excellent solution to solve these problems [5]. These methods can
find optimal or near-optimal answers to solve difficult problems in a short time [6]. Optimization methods
have an essential role in the industry, science development, management, and problem-solving that can be
modeled in this field.

Multidimensional, discontinuous models and noise-containing data cannot be solved by traditional methods
[7]. In a general division, optimization methods are divided into two categories, single-objective and multi-
objective. There are usually compromises between multi-objective methods. In other words, by improving
one goal, at least one other goal is likely to be weakened [8]. Large Scale Optimization (LSGO) refers to
optimization problems with a large number of variables and many decision-making conditions. Many of the
problems that exist today in various engineering and planning fields can be placed in the category of LSGOs
that need to be solved with new solutions [9]. For example, inversion problems in biological systems and
industrial design as a decision-making problem are among the most time-consuming and significant problems
that fall into the category of very complex problems [9], [10].

Metaheuristic and hyper-heuristic algorithms are used to approximate the optimal solution of a wide range of
problems, including engineering, basic sciences, medicine, and other disciplines concerned with solving their
problems. These algorithms are more capable than innovations. This essential feature of avoiding falling into
the local optimal is the most critical difference [11]. The main problem of innovative algorithms is local and
non-optimal (weak) answers [12]. Historically, metaheuristic and hyper-heuristic algorithms can be classified
into both classical and modern. The algorithms of the 90s and earlier are called classical and later modern
[13]. Also, "metaheuristic" algorithms are divided into two types of population-based path-axis based on the
kind of response they generate [14], [15]. Implementing these algorithms and extending them to different
problems from different categories of sciences are other advantages of this type of algorithms. If the right
strategy is adopted to solve the issues and select the correct parameters, these algorithms will lead to the
desired answer. The value of this becomes even more striking when we know that in robust problems, as the
number of parameters increases numerically, they are accompanied by an exponential increase in response
time, which, even with the most powerful computers, may take several years to obtain. Metaheuristic and
hyper-heuristic algorithms solve this problem and are an excellent alternative to traditional techniques.
Metaheuristic and hyper-heuristic algorithms are a good choice for optimizing robust issues [16]. Four
essential features make metaheuristic ad hyper-heuristic algorithms very popular: 1) they have a simple idea
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and implementation, 2) they are flexible; that is, they quickly change shape for all issues, 3) they act as a black
box, so these algorithms' input and output ate essential, and 4) they do not fall into the trap of local optimism
[17]. The fourth case, which is the advantage of metaheuristic and hyper-heuristic over innovations, is due to
the possibility of proper adjustment between two essential factors in them. Exploration and exploitation
phases are two critical parameters in these algorithms [16]. The intensity phase seeks the optimal answer in
the existing candidates, and the exploration phase seeks the solution in the spaces that have not been searched
so far. The metaheuristic and hyper-heuristic algorithm include iterative and production processes associated
with internal learning [18].

The power of these algorithms comes from abstracting the features of nature in the simplest possible way. It
implements millions of years of natural experiments and supetiority and adaptability to the environment in
the context of the problem [19]. The primary source of the creation of metaheuristic and hyper-heuristic
algorithms is nature. Among the theory of evolution, physical phenomena, social phenomena, and collective
intelligence are some of the things that inspired them, which will be explained in the next section. These
algorithms follow anything that can be achieved with a new algorithm, including music, agriculture, or beam
ideas [20-23]. Today, these algorithms have been implemented and thriving in a wide range of sciences,
including the implementation of the Wall Algorithm for error control in wind generators [24], the
interpretation of Photoplethysmography (PPG) signals for the performance of cardiovascular disease, and
the management of the cardiovascular disease. Automated with the manufacturer of fuzzy Proportional—
Integral-Derivative (PID) (controller coefficients) [25], [26], store planning [27], application in intelligent
devices [28], and many engineering applications including autonomy, optimal control, resource management,
security diagnostics stated [29-32]. Each of the metaheuristic and hyper-heuristic algorithms is suitable for
solving a specific set of problems, and each has its advantages and disadvantages. For example, noise tolerance
can be one of the advantages not present in everyone. According to National Football League (NFL) theory,
it is impossible to solve all problems by a particular algorithm [33], [34]. Evolutionary algorithms, for example,

are famous for optimal global search problems in non-convexes [35].

Along with new these algorithms, their combination and taking advantage of each is also considered [36-38].
This approach has led to the emergence of various algorithms. The emergence of new problems and the
efficiency of new metaheuristic and hyper-heuristic algorithms underscore the importance of designing new
algorithms. According to NFL theory, the need to model nature and the environment and arrive at new
algorithms is essential to overcoming future problems, solving today's issues, and meeting needs.

2| Metaheuristic Algorithms

The wortld around us inspires metaheuristic algorithms. Nature and biology are one of these sources. In
addition to biology, the laws of nature and physics, the human cognitive and behavioral sciences, and the
rules of the world of sports and politics, the collective life of animals and even plants are other disciplines
whose inspiration has led to the production of metaheuristic algorithms. There is a group intelligence to solve
problems and prevent ruin in all these cases. In general, metaheuristic algorithms can be divided into four
broad categories. The first category is evolutionary-based algorithms. The second category is called physics-
based algorithms. The third category is human-based algorithms, and finally, the fourth category is swarm-

based. Fig.7 provides a general classification of metaheuristic algorithms [34].
2.1| Evolutionary-Based Algorithms

Evolutionary-based methods include algorithms based on the evolution theory of Charles Darwin. These
algorithms are population-based and based on the idea of evolution and the generation of successive
generations. Often the first generation emerges by chance, and the next generations emerge from parent-child

integration and the production of new children.
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2.2| Genetic Algorithm

The first metaheuristic algorithm in this category was proposed by Holland [39]. This algorithm uses two
leading operators, recombination and mutation, to generate new responses. In most cases, the population size
of each generation is constant. Genetic Algorithms (GAs) have been used in many fields, including
optimization in standard functions [39]. Other algorithms inspired by this category include genetic
programming. In genetic programming, the answers produced are the same programs. This algorithm is used
in autonomous applications [40]. The location-based algorithm is another metaheuristic algorithm that
improves the responses of a unit by repetition over many generations and uses mutations [41]. In this
algorithm, the answers are factors in the environment, and instead of jumping, the components are assigned
a randomly distributed value [7]. The incremental learning algorithm is an estimating algorithm and, in many
cases, has performed better than the classical GA. Generation in this algorithm follows a probability vector
and uses mutation like other algorithms in this category [42]. The immune system algorithm is one of the
metaheuristic algorithms based on the structure of the human immune system. This algorithm is used to
detect intrusion into the system up to classifying data and other items. In this type of algorithm, there is a
concept called transcendence, a variable value [43]. Weed algorithm is an algorithm inspired by weed survival
and adaptability. This type of algorithm is used in various engineering problems and types of packages [44].
Other algorithms such as Photosynthetic Algorithm (PA) [45], Sapling Growing Up (SGUA) [40], Plant
Growth (PG) optimization [47], Rooted Tree Optimization (RTO) [48], Runner Root Algorithm (RRA) [49],
and Paddy Field Algorithm (PFA) [50] are in this category.
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Fig. 1. The metaheuristic classification.

2.3 | Physics-Based Algorithms

The second category of metaheuristic algorithms is algorithms based on physics. Algorithms are inspired by
the laws of physics and the phenomena defined in physics. These sources are the inspiration for the laws of
matter and its changes to the laws of astrophysics and everything defined in physics. The most famous physical
batch algorithm is the Simulated Annealing (SA) algorithm. In this algorithm, the crystallization process of
metal particles is simulated when the molten metal cools slowly. This algorithm is applied in the search space
to achieve the optimal answer. In the mountaineering algorithm, the algorithm continues the path until the
solutions are better. The mountaineering algorithm is satisfied with the first greedy answer it achieves. But
this greedily best answer may not be the best answer across the answer space. The refrigeration simulation
algorithm has a mechanism for searching across the response space and simultaneously locally and greedily

searches by increasing the chances of searching in unknown areas. The movement between neighbors takes
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place with the acceptance function and avoids purely greedy choices. In this algorithm, a mechanism is
considered to escape from the local optimal. A refrigeration simulation algorithm is suitable for searching vast
spaces [51]. Big Bang algorithm another algorithm is a group of physics-based algorithms. This algorithm is
inspired by the scientific theory of the Big Bang. The Big Bang algorithm consists of two main parts. In the
first part, the Big Bang is simulated and produces a lot of data. An extensive group of data is created randomly
in this section. Then the time of contraction is given for this massive volume, and in this part, as the world
shrinks, the answer approaches. The Big Bang algorithm is used for optimal data mining and search [52]. The
black hole metaheuristic algorithm is another algorithm related to astrophysics. A black hole is a population-
based algorithm, and stars are evaluated as answers by a fitting function. In fact, in this algorithm, each
solution is given a weight. The best star in each stage is the black hole that the rest of the stars are attracted
to. The black hole metaheuristic algorithm is suitable for solving factors and issues related to the environment
[53]. Chemical Reaction Optimization Algorithm is an algorithm based on chemical reactions. The basis of
this algorithm is based on chemical structures and state changes in matter. This algorithm takes advantage of
the chemical changes that occur during changes in the states of matter. This algorithm defines these changes
mathematically and uses this process to solve problems. Applications of this algorithm include applications
in multi-sequence levels and data mining [54]. The radiation optimization algorithm is another widely used
physical algorithm. The phenomenon of light physics inspires this algorithm. The laws governing the
refraction of light have given rise to the idea of solving complex problems. The sequence of light and its
radius during normal motion and the changes that occur due to light refraction is the basis of this algorithm.
One of the applications of this algorithm is in solving engineering problems [21]. Other algorithms such as,
Charged System Search (CSS) [55], Gravitational Search Algorithm (GSA) [56], Galaxy-Based Search (GBSA)
[57], Central Force Optimization (CFO) [58], Small World Optimization (SWOA) [59], Gravitational Local
Search (GLSA) [60], Curved Space Optimization (CSO) [61], and Electromagnetism-Like Mechanism

Algorithm (ELMA) [62] Are in this category.

2.4| Human-Based Algorithms

The third category algorithms are based on social and human laws. Some of these laws have been set by
humans, and some have been made throughout history and unwritten. Laws have been enacted and are known
as the custom of a community that has shaped cultural algorithms. Some of the phenomena that have
happened in history such as colonialism. Events took place in a society based on human standards, such as
revolutions and laws passed to regulate the assembly and establish rules, such as football laws. These are
excellent sources of inspiration for metaheuristic algorithms on which socio-humanistic algorithms are
human-based. The colonial competition algorithm is the most common in this category. This algorithm is
based on a historical rule and the relations between the colonial and colonial countries. This algorithm depicts
the approach of the imperialist countries and their colonies in the form of mathematical laws. In this
algorithm, the answers are the same countries. In competition, these countries try to influence the rest of the
nations. The best solution for any colonial region and the rest of the surrounding answers is its colonies. The
colonizers compete with each other until they get a good response.

Colonial competition algorithm has been used in many cases, which can be used in systems proposing array
antennas and fuzzy controls [63]. Fireworks Algorithm is an algorithm based on random initial answers and
metric searches around the same points in the hope of finding the optimal response. This algorithm considers
the explosion and scattering of fire sparks as a model for solving problems. Fireworks Optimization
Algorithm is used to solve multi-objective problems [64]. The sports competition league algorithm simulates
the rules set by humans in sports. In fact, in this algorithm, teams are supposed to compete with each other.
The winner of this contest is the best answer. In other words, this algorithm analyzes groups using a strategy
and seeks out the most potent team by simulating a competition between them. This algorithm works well in
situations with an uncertainty problem [65]. The neighbot's taboo or forbidden search algorithm is looking
for the optimal answer. This algorithm is inspired by a story of people in the Pacific that should not touch
the sacred object of the natives. The general procedure of the algorithm is that it starts from a random answer
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and looks for the best neighbor. Uniquely, this algorithm also gives duplicate and weak solutions a chance to
be re-selected to avoid being trapped by local responses. There is a forbidden list of answers. The answer is
selected if it is not in the banned list, and if it is in the banned list, it is chosen provided that it is the best
answer ever seen [66], [67]. Soccer League Competition (SLC) [68], Seeker Optimization Algorithm (SOA)
[69], Harmony Search (HS) [22], Teaching Learning Based Optimization (TLBO) [70], Colliding Bodies
Optimization (CBO) [71], Intetior Search Algorithm (ISA) [72], Group Search Optimizer (GSO) [73],
Exchange Market Algorithm (EMA) [74], Mine Blast Algorithm (MBA) [75], and Social-Based Algorithm
(SBA) [76] are other algorithms in this category.

2.5| Swarm-Based Algorithms

The fourth category of algorithms is based on the swarm intelligence of living things and particles that alone
do not have intelligence and even have limitations. One of the newest algorithms in this category is Trees
Social Relations Optimization Algorithm. This algorithm is based on the social life of trees and their
coordination in the face of their environment. TSR is a general-purpose algorithm for solving continuous and
discrete problems. This algorithm works like a jungle. Each jungle consists of several smaller sub-jungles
managed by a mother tree. In addition to the mother tree, each sub-jungle consists of other trees that follow
the instructions of the mother tree. Answers that are prone to growth are known as seedlings in any sub-
jungle. This algorithm gives special priority to these answers, which are scored by A Growth Parameter (GP).
This algorithm can be implemented in parallel with multiple processors. Each sub-jungle can be assigned to
one processor [34]. Other of these algorithms is the Ant Colony (ACO) algorithm proposed by Dorigo [77],
inspired by the cooperation of ants to reach the food source. There is a particular order and harmony in the
ACO. Ants can do nothing alone and have many limitations in dealing with their environment. But the
cooperation and interaction of these creatures have created a unique organization that has been the source of
inspiration for the ACO algorithm. The goal of the ants is to obtain the source of energy at the lowest cost,
which they use chance and purpose together. In this way, first, the ants randomly look for food, and in their
way, release a substance called pheromone. If this path leads to food, pheromone depletion will occur in
return. Otherwise, it will only be used to return to the nest. In this way, short paths to food are marked with
more pheromones, and more ants are attracted to this path, creating an attractive approach for ants. For this
pathway not to become permanent, the absorption factor, the pheromones, evaporates. This algorithm is an
excellent example of congestion intelligence. Because ants that lack individual intelligence do a great job of
navigating. This algorithm solves discrete problems and achieves the path with the least cost [77]. A Particle
Swarm Optimization (PSO) optimization algorithm is inspired by the collective movement of birds to reach
food. In this algorithm, in each iteration, there is a best collective experience that finds the best possible
answer and a personal experience that, according to the mathematical relations of each particle, according to
these two experiences, takes a path between these two points. The PSO algorithm is based on finding food
by a group of living things. In this algorithm, the best personal experience and the best group experience are
the two principles for achieving the answer. This algorithm has particular engineering applications and finds
optimization in engineering problems [78]. The Wall Algorithm mentioned earlier is an algorithm designed
based on whaling. Whales are one of the most intelligent creatures under the sea. Wolves can learn to hunt
from previous generations. The general pattern of whale hunting is similar to that of a PSO. But in this
pattern, the whales try to move away from the best response to explore more of the sea. In fact, after finding
a food source, they circle and create a spiral in the shape of 9 English and do their hunting. Then each wall
tries to move away.

In this algorithm, two phases of exploitation and exploration have been used to pay attention to the existing
solutions and achieve better solutions. This algorithm is also used in engineering optimizations and
optimization. The initial tests of this algorithm were on mechanical engineering problems [79]. The Firewall
Algorithm seeks the optimal solution to the problem by assigning random locations and quantities related to
the location fit of each firewall as a model for the number of glow pigments. The site of the glow worms is
then updated in successive iterations of the algorithm to find the optimal or near-optimal solution. This
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algorithm has been used in work related to resource management [80]. The spider community algorithm is
another swarm intelligence algorithm. This algorithm considers the spiders on the net as answers, each of
which creates a vibration when food reaches the net and notifies the other agents of getting a response.
Meanwhile, other factors ate awate of each other reaching the answer and monitoring each othet's actions.
This algorithm has been used in security and network applications [81]. Dolphin Echolocation (DE) [82],
Marriage in Honey Bees (MBO) [83], Fruit Fly Optimization (FOA) [84], Hunting Search (HS) [85], Bird
Mating Optimizer (BMO) [86], Monkey Search (MS) [87], Bat Inspired Algorithm (BA) [88], Bee Collecting
Pollen (BCPA) [89], Wolf Pack Search (WPSA) [90], Dolphin Partner Optimization (DPO) [91], Cuckoo
Search (CS) [92], Krill Herd (KH) [23], Artificial Bee Colony (ABC) [93], Termite Algorithm (T'A) [94], Wasp
Swarm Algorithm (WSA) [95], Artificial Fish-Swarm (AFSA) [96], and Symbiotic Organisms Search (SOS)
[97] are other algorithms in this category.

2.6 | Hyper-Heuristic Algorithm

Hyper-heuristic algorithms are the next level after metaheuristic algorithms. These algorithms are the result
of combining and selecting metaheuristic algorithms [98]. Hyper-heuristic algorithms are divided into two
general types. The first type is the result of combining several innovative or metaheuristic algorithms. The
second type of algorithm is to select metaheuristic or innovative methods [99]. In 1963, authors hypothesized
the composition of planning laws. This hypothesis represented the production of a new algorithm by several
algorithms. In the early 2000s, the Hyper-heuristic algorithm was first used to arrange several innovative
algorithms. The working process of Hyper-heuristic algorithms is such that it tries different sequences of
innovative algorithms and selects the best sequence as the best answer [98]. Many multi-objective algorithms
do this by mathematical modeling. Such algorithms include multi-purpose multi-objective algorithms such as
non-dominated Sorting Genetic Algorithm II (NSGA-II) for optimizing machining process parameters [100]
and multiple objectives with PSO optimization-most [101]. Hyper-heuristic algorithms in scientific papers are
divided into four practical categories [98].

This classification is based on the performance of these algorithms. The first category is the logical
combination of algorithms as higher-level algorithms created by developing innovative algorithms and
metaheuristic algorithms. Some of them generate a new high-level algorithm by combining innovative
algorithms with intelligent metaheuristic algorithms. These supra-heuristic algorithms are called automated
discovery sequences [102]. There are algorithms called automated programming systems in the second
category of hyper-heuristic algorithms. This model was developed from algorithms for satellite systems. The
first experiment was based on the routing process in the mountains and rugged places. This field is related to
artificial intelligence and ML [89]. The third category is the first and most essential part of parameter control
in hyper-heuristic algorithms based on the logical change in algorithms. The title of this category is automatic
parameter control in evolutionary algorithms. Over time, with the evolution of evolutionary algorithms such
as genetics, innovative algorithms were added to them that automatically changed several specific parameters,
making the selection of parameters automatic [103]. The title of the fourth category is the automated learning
of heuristic-innovative methods. The super-innovations that automatically generated the algorithm did not
make much progress. But in recent years, there has been significant progress in this area. Multi-objective
algorithms and algorithms are a combination of hyper-heuristic algorithms. The artificial intelligence methods
used in these algorithms include ML, deep learning, and reinforcement learning. The most used supet-
innovative algorithms have recently been reinforcement learning [104]. Hyper-heuristic algorithms based on
reinforcement learning work on the Q-Learning Algorithm [105].

Q-learning is one of the Reinforcement Learning Algorithms that follow a specific policy to perform different
movements in different situations by learning an action-value function. One of the strengths of this method
is the ability to understand this function without having a particular model of the environment [106], [108].
This algorithm communicates with the Q-learning model between low-level algorithms and motion
algorithms, which ultimately makes this algorithm multi-functional [105], [107]. Automated ML and many
hybrid and super-innovative algorithms classify and separate the various parts of algorithms. This
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classification has been simplified with the help of ML science. Commonly used ML algorithms include
decision trees, neural network algorithms, support vector machines, and more. The use of these algorithms
in ML science has led to significant progress in developing super-innovative algorithms [108]. Since a single
algorithm has not been developed to answer all the complex problems, hyper-heuristic algorithms try to
answer this problem. Algorithms that use automated ML and classify problems must perform two operations
optimally. These actions adjust data input properties and parameter adjustment, which results in optimal
classification. One of the best ways to learn ML is using the Auto-weka and Auto-sklearn systems, which have
helped solve such problems [105], [1006], [108]. In-depth knowledge can be used in various fields, some of
which include web search, content filtering on social networks, cameras and smartphones, speech-to-text
conversion, and much more. All this is done through deep learning [109]. Deep learning is divided into several
categories. One of the models is the neural network that updates the weights in each layer on a reciprocating
basis. This model is called Backpropagation [110]. Evolutionary neural networks are another type of these
model. The evolutionary neural network has a function similar to that of the early perceptron neural networks,
which process images in deep layers [111]. The third model, called repetitive neural networks, is capable of
being dynamic, unattended, and without any training [112]. Reinforcement learning is another of these
models. Problems are encountered in the real world and must be solved without any training, which can be
achieved by repeating the correct answers [113]. Using deep learning systems, we have presented a way to
build a system for designing super-innovative algorithms, which is fully automated with the help of ML, and
neural networks and ML are also used in this system. Fig. 2 shows an overview of the basis of the work of
hyper-heuristic algorithms.
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Fig. 2. The hyper-heuristic classification.

3| National Football League Theory

NP-Hard problems are divided into discrete and continuous problems. As mentioned earlier in the
Introduction, according to NFL theory, no algorithm can solve all NP-Hard problems. According to this
theory, the development of metaheuristic and hyper-heuristic algorithms is necessary. An example is given in
this section to prove this theory. Here is the discrete (GA) [39], Gray Wolf (GWO) [17], Imperialist Algorithm
(ICA) [64], SA [51], Taboo [67], [68], and ACO [78] on both the classic and well-known vendor problems.

In the Traveling Salesman (TS)'s case, the algorithms look for the shortest route between cities. The random
coordinates of a thousand cities have been considered to implement this problem. A TS must travel through
all these cities so that he returns to the starting point after passing through all the cities and visits each city
only once. The implementation diagram of this problem is shown in Fig. 3. Table 1 also shows the numerical

values of this implementation. This experiment was performed for each algorithm in 100 iterations.

The same algorithms are tested on the backpack problem. In this case, we are looking to fill a bag with a
capacity of 625 per unit weight with the highest value. In this case, the initial population is 50, and the number
of repetitions is 100. Also, the maximum allowable number of each object is 5. In this case, the goal is to
maximize points. Fjg. 4 shows a graph of the results of this experiment. Also, for a better understanding of
the answers, the numerical value of the results is given in Table. 2.
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In the following, in Table 3, the rankings of the algorithms are arranged according to the best answer and can
be compared. According to the results of these two experiments, the ACO algorithm has obtained the best
results in the TS. Still, it is in the backpack after the gray wolves and the Taboo. As the numbers in Table 3
show, the results in these two experiments are quite different. According to this proven NFL theory and
theory, the development of metaheuristic algorithms and their combination is essential to achieving ultra-

heuristic algorithms.

Robots path planning problems and welded beam been used to demonstrate this theory on continuous
problems. Discrete (GAs), GWO, Imperialist Competitive Algorithm (ICA), Harmony (HS) [22], PSO [79],
and Whale Optimization (WOA) [80] have been used. In robot path planning problem, the robot must move
from the start point to the goal, which is full of obstacles. The target is to find the shortest way. The
implementation diagram of this problem is shown in Fig. 5. Tabl 3 also shows the numerical values of this

implementation. This experiment was performed for each algorithm in 100 iterations.

In welded beam, the objective is to minimize the fabrication cost. a rigid member is welded onto a beam and
a load is applied to the end of the member. The total cost of making is equal to the effort costs plus the cost
of the weld and beam material. So, the aim of this problem is to minimize the fabrication cost of a welded
beam [34]. For welded beam, the number of repetitions is 100. g 6 shows a graph of the results of this
experiment. Also, for a better understanding of the answers, the numerical value of the results is given in

Table 4.
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Fig. 3. TS problem results by some algorithms.
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Fig. 4. Knapsack results by some algorithms.
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Table 1. TSP results.

Algorithms Worse Best Mean STD
ACO 852. e+03 3.41e+03 5.11e+03 1.43e+03
GA 9.65e+03 6.76e+03 7.93e+03 1.84 e+03
GWO 9.73 e+03 4.41¢e+03 7.52e¢+03 1.35e+03
ICA 9.73e+03 7.57e+03 8.11e+03 536.8624
SA 9.71 e+03 598 e+03 7.29e+03 1.00 e+03
Taboo 9.70 e+03 5.10e+03 7.88e¢+03 891.18
Table 2. Knapsack results.

Algorithms Worse Best Mean STD

ACO 25830 33390 32174 17265

GA 53264 78376 69236 29378

GWO 43808 85904 80126 53472

ICA 50084 59100 54758 82332

SA 30264 53016 51734 31952

Taboo 42720 61360 57563 23584
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Table 3. Discrete algorithms ranking.

Algorithms TSP Rank Knapsack Rank

ACO 1 6
GA 5 2
GWO 2 1
ICA 6 4
SA 4 5
Taboo 3 3

Table 4. Robot path planning results.

Algorithms Worse Best Mean STD

GA 104.69  39.69 76.83 19.48
HS 134.68 39.80 65.90 14.90
ICA 137.83 27.06 84.32  27.07
GWO 135.03  36.89 062.71 2242
WOA 12524 2572 42.84 1823
PSO 11478 25.01 84.47 19.70

Table 5. Welded beam results.
Algorithms Worse Best Mean STD

GA 14.14 1.45  2.05 0.98
HS 16.22 1.35  2.08 0.94
ICA 15.67 209 1.92 0.87
GWO 1832 2,02 197 0.86
WOA 19.79 1.19  1.89 0.94
PSO 14.40 1.23 207 0.91

Table 6. Continues algorithms ranking.

Algorithms Robot Path Rank Welded Beam Rank

GA 5 4
HS 6 3
ICA 3 6
GWO 4 5
WOA 2 1
PSO 1 2

4 | Metaheuristic and Hyper-Heuristic Development

Since the first metaheuristic algorithm called genetics, countless algorithms have been introduced and are
being developed and improved. Metaheuristic algorithms are divided into two categories, classical and
modern, mentioned in the introduction. Fig 7. shows the number of articles related to several classical
algorithms in Google Scholar. Fig. 8. also shows the number of articles related to new (modern) algorithms
[115]. According to Figs. 7 and 8, most research and development has been done on GAs, which is natural
due to its antiquity. One question always arises in the context of metaheuristic algorithms. Which algorithm
is more robust and better among metaheuristic algorithms? This question has no definite answer.

On the other hand, according to NFL theory, each algorithm answers several problems better than others. It
may be an algorithm that is weaker in all respects than different existing algorithms. All these are reasons that
lead to the development of existing algorithms and the introduction of new metaheuristic and hyper-heuristic
algorithms. An algorithm for a particular problem is best given the best results in the experiment. On the
other hand, we are faced with an abundance of algorithms for this experiment. The problem structure and
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the type of algorithms, and previous experiences help us reduce the number of selected algorithms. Ultimately,
the investigation determines which algorithm is suitable for achieving the optimal solution.

o
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Fig. 7. Number of articles related to classic algorithms.
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Fig. 8. Number of articles related to modern algorithms.

5| Conclusion

Metaheuristic algorithms solve problems that do not have a solid solution in an acceptable time. Sufficient
time is the usual limit for solving a problem. In these problems, if the size and amount of data are doubled,
the complexity of the problem increases exponentially. If we take the issue of the TS as an example, it may
take several years for urban metro stations like Tokyo to resolve this issue. So these problems cannot be
solved in classical terms with classical algorithms. Using metaphors in solving complex issues results in
acceptable relative answers in a short period. These algorithms fall into the category of optimization
algorithms. In other words, in these algorithms, the priority is to achieve the correct answer quickly instead
of the best solution in a very long time. This long time becomes so great as things get more significant than
it is practically unattainable. Various metaheuristic algorithms have been introduced, each of which belongs
to a specific category, which includes biological, physical, congestion, and social methods. These methods
have been used to solve problems that have not been answered promptly by innovative ways. However, none
of them can be superior to the other techniques for solving all issues. For this reason, efforts to design

metaheuristic methods continue to address a broader range of topics.
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