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Abstract:Modern optimisation is increasingly relying onmeta-heuristic methods. This study presents a new
meta-heuristic optimisation algorithm called Eurasian oystercatcher optimiser (EOO). The EOO algorithm
mimics food behaviour of Eurasian oystercatcher (EO) in searching for mussels. In EOO, each bird (solution)
in the population acts as a search agent. The EO changes the candidate mussel according to the best
solutions to finally eat the best mussel (optimal result). A balance must be achieved among the size,
calories, and energy of mussels. The proposed algorithm is benchmarked on 58 test functions of three
phases (unimodal, multimodal, and fixed-diminution multimodal) and compared with several important
algorithms as follows: particle swarm optimiser, grey wolf optimiser, biogeography based optimisation,
gravitational search algorithm, and artificial bee colony. Finally, the results of the test functions prove that
the proposed algorithm is able to provide very competitive results in terms of improved exploration and
exploitation balances and local optima avoidance.
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1 Introduction

Optimisation may be used anywhere, as engineering design or industrial design, planning different activ-
ities, etc. Optimisation is the process of selecting the best solution for a particular problem with a large
number of alternatives. Using optimisation techniques as meta-heuristics is the best option to solve multi-
solutions problems in an intelligent way [1].

Meta-heuristic methods have higher level than heuristic search techniques and are used in complex
research areas to search for suitable solutions to problems that do not have specific solutions. These
methods strike a balance between a suitable solution and its search time. The appropriate solution is
selected from a group of solutions during several cycles by applying certain rules or criteria. In any
optimisation method, exploration and exploitation are the two common features used to solve the problem.
Exploration is the stage of searching for solutions within the search space by expanding this field to
unexplored areas, and exploitation focuses on search areas that may contain solutions close to optimal
solutions [1]. Meta-heuristic algorithms have recently spread and used to solve many problems in different
disciplines due to their flexibility and simplicity. The simplicity of their concepts greatly contributes to their
spread. Furthermore, meta-heuristics can also be classified according to the number of solutions used at the
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same time, which is a single solution or population-based [2]. This research article focuses on population-
based.

Generally, meta-heuristics algorithms can be classified into three main categories: the first category is
observing the behaviour of animals (nature-inspired), the second category is observing the physical phe-
nomena of materials, and the last category is the concept of natural evolution [3].

Natural animal behaviour is simulated by observing and analyzing their social behaviour, which is
considered meta-heuristics based on population, such as in particle swarm optimisation (PSO) proposed by
Kennedy and Eberhart [4]. Bird flow is the inspiration for this algorithm. An artificial bee colony (ABC)
developed by Basturk [5] was based on bacterial foraging for distributed optimisation [6]. One of the most
famous algorithms in this field is the ant colony optimisation proposed by Dorigo et al. [7], which is inspired
by the method that ants use in searching for food and confirming the shortest paths that lead them to this
food by using the pheromone that is secreted every time this path is used. Proposed by Mirjalili et al. [8],
grey wolf optimiser (GWO) is another technique that simulates the social behaviour of living things by
mimicking the hunting process of grey wolves, which is characterised by group hunting where the group
members surround and continually move around the prey from all directions. In addition to the whale
optimisation algorithm inspired by the social humpback whales behaviour and proposed by Mirjalili and
Lewis [9], the crow swarm optimisation algorithm mimics the behaviour of American crow [10]. Majhi and
Biswal presented another example of algorithms that simulate animal behaviour, in which an ant lion
optimiser-based algorithm was rolled out alongside K-means. This technique has been verified after testing
with eight datasets. Many other nature-inspired algorithms have been developed, such as marine predators
algorithm [11], the ant lion optimiser [12], red deer algorithm [13], and doctor and patient optimisation
algorithm [14]. These studies demonstrate how to learn from the behaviour of wild animals or insects and
transform their behaviour into algorithms that may be used to solve many complex problems.

Observing physical rules is the second type of meta-heuristic search, in which algorithms are inspired
by simulating these rules. The most famous among the many algorithms in this field are as follows:
simulated annealing [15], gravitational search algorithm (GSA) [16], black hole [17], and ray optimisation
[18]. Many other methods are also inspired by the same pattern.

The last type of meta-heuristics is inspired by the concept of evolution in nature. In 1992, Holland
introduced a technique called genetic algorithm, one of the most important algorithms in this field [19]. This
algorithm simulates Darwin’s theory of evolution. In this method, a random group is created and developed
through the generations by selecting the best individuals or solutions in this generation and merging them
to form a new generation with better qualities than the previous one. The improvement process may
continue for several generations. Many algorithms follow this approach, such as biogeography-based
optimiser (BBO) [20], genetic programming [21], and evolutionary programming [22].

However, meta-heuristic optimisations until now are considered an open challenge. Thus, needing the
meta-heuristic algorithm is an interesting topic. The meta-heuristic algorithm is used to discover the best
solution over a set of candidate solutions to solve any optimisation problem by determining the minimum
or maximum objective functions for a specific problem such as travel salesmen, train scheduling, time-
tabling, and shape optimisation.

This study proposes a new meta-heuristic nature-inspired algorithm called Eurasian oystercatcher
optimiser (EOO) inspired by the food behaviour of Eurasian oystercatcher (EO) in searching for mussels.
Oyster hunter optimisation, one of the algorithms of swarm, was devised based on the hypothesis of caloric
maximisation developed by Meire and Ervynck [23]. The behaviour of the oystercatchers and its feeding
style are observed. A balance among calories gained, lost time, and energy consumed is a criterion for
finding an appropriate solution. The main contributions can be summarised as follows: propose a new
meta-heuristic optimisation algorithm inspired by the food behaviour of EO and compare the proposed
algorithm with other well-known meta-heuristics optimisation algorithms. The main advantages of the
proposed EOO algorithm are giving a proper balance between exploration and exploitation and preventing
a local minimum problem. Moreover, it is simple, unique, fast, and unbiased.

The remainder of this article is arranged as follows. Section 2 illustrates the inspiration process and
mathematical model of the EOO algorithm. Section 3 discusses the experiment results. Section 4 describes
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the comparison of the proposed EOO algorithm with the most well-known meta-heuristic algorithms.
Finally, Section 5 concludes the article with future works.

2 EOO

EOO is a nature-inspired optimisation algorithm. In this section, the inspiration process of the algorithm
will be described. Moreover, the mathematical model will be explained.

2.1 Inspiration

Meire and Ervynck [23] determined the value of gain from different sizes of prey by measuring the time
required to open the mussels, the energy the bird consumed in this process, and the calories it would get
from this hunting. Mussels with a length of 50mm or more provide greater amounts of calories for every
minute wasted in the opening of the shells but require more time and energy to open their shell through
stabbing compared with prey of smaller sizes. From the above assumptions of the model, the eater of
mussels would focus on eating large sizes of prey. However, the bird does not prefer large mussels. This
contradiction between reality and assumption was explained as follows [23,24]:

The first assumption is that the average profitability from large prey is less than the maximum benefit
because some mussels have extremely strong shells that cannot be opened. When calculating the profit-
ability obtained from the prey, a defect in this step was found because the researchers did not focus on the
mussels that the bird was able to open. Mussel catchers sometimes choose large prey that they cannot open
even with the utmost effort. The time lost in dealing with large, albeit, breakable prey reduces the average
benefit of these mussels. If this factor is considered, then a new prediction model will emerge; that is, the
mussel catchers’ focus should be on the preys with 50mm length rather than those of a very large size.
However, mussel catchers tend to prefer prey with a size between 30 and 45 mm. Therefore, they waste time
on the huge, unbreakable mussels, leading to failure in explaining the food selection behaviour of the
mussel catchers [23].

The other hypothesis indicates that a layer of barnacles covers the surface of large mussels. Hence, the
opening of the shell is almost impossible, and this type of prey is not preferred by the mussel catchers. This
hypothesis is supported by observing the mussel catchers while eating. This bird does not eat mussels
covered with barnacles even though they contain many calories. The amount of barnacle covering the
mussels increases potentially with their size, thus rendering them unbreakable and therefore not a pre-
ferred option. If the time for opening the mussels is considered in the mathematical model, in addition to
the time lost in unsuccessful attempts to open some prey and the range of sizes suitable for predation, then
the mussel catchers must focus on the prey size in the range of 30–45 mm. Thus, the researchers were able
to demonstrate that the mussel catchers eat almost perfectly according to scientific explanations and
assumptions [23,24].

2.2 Mathematical model

This section presents the mathematical model of search and the appropriate mussel selected by EO. The
main aim of EO is to balance their energy and the calories obtained from the mussels. Energy and calories
are directly related to the size of mussels. When the mussels’ length increases, the calories and the time
required for opening also increase. Thus, high energy is required from EO waste. Equations (1) and (2)
represent the behaviour of EO in the search process.
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where Y represents the final energy of EO in each solution (iteration), Xi is a position of candidate mussel, L
indicates the length of the mussel and is a random value ranging from 3 to 5 that represents the range of
optimal length of the T is the time required to open the current mussel (solution), and its value relies on L
according to equation (3). The numbers (3 and 5) have been used in equation (3) based on the size of the
appropriate mussel, which was mentioned in the inspiration section. E is the EO’s energy at the current
time, which is obtained from equation (4) and rely on the iteration’s value because the EO’s value decreases
every time. r is a random value between 0 and 1 to give more randomness and discover new places in the
search area. C in the equation (2) represents the caloric value, which is obtained from the equation (5) and
depends on the length of the mussel.
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Equation (3) presents the value between (5) and (−5) and value that result from the equation (5) in the
range from 0.6 to 0.8. These values were selected based on trial and testing. It is important to mention that if
the time is negative, this means that the time required to break the mussels may be greater than the ability
of the bird and vice versa, which is considered as a constraint. E value was obtained from equation (4) and
linearly decreased from 0.5 to −0.5, where i represents the iteration value that starts with the number of
iteration and ends with one, and in last two iterations, the E value will be fixed. T and E, which are the
required time and energy to open the candidate mussel (must be less than EO’s energy), may consequently
be negative values. Figure 1 illustrates the search process followed by EO to find appropriate mussels or
prey. The T value in equation (1) and C in equation (2) rely on L, a random value that changes inconstantly.
This condition allows EO to reach any position in the search space and prevent a local minimum problem,
thus emphasising the exploration every time. Figure 2 illustrates the pseudo-code of the EOO to determine
how EOO can solve optimisation problems.

Theoretically, the following points explain the main features of EOO that help in solving optimisation
problems:

Figure 1: EO and the candidate mussels.
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Adopting the time required to open the mussel, which is calculated using the bird’s energy and the size
of the mussel as parameters to measure the expected position of the target food, thereby improving the
quality of selection.

The random values entered throughout optimisation help explore new areas at each iteration. Thus,
prevent a local minimum problem.

Exploration and exploitation are guaranteed by the random values used in each stage of optimisation.

3 Results and discussion

Matlab 2018B was applied on Dell Core i7 processor and 16 GB RAM to test the algorithm and measure its
efficiency. Benchmark test functions were adopted to measure the algorithm’s efficiency and ability to solve
optimisation problems.

EOO was tested by 58 benchmark functions classified into three types: unimodal, multimodal, and
fixed-diminution multimodal. The unimodal test functions are listed in Table 1, where D represents the
dimension of the test function, and Range indicates the accepted range from upper to lower value in each
function and Opt is the optimal value. Multimodal and fixed multimodal benchmark functions are pre-
sented in Table 2, where Type indicates the type of function F for fixed and N for N-dimensional multimodal.
The test functions were as follows: continuous, convex, differentiable, and separable. In the continuous
function, the small changes in the input must be sufficient to produce a large change in output. The
function is differentiable when the function derivable and this function is continuous at each point in
the domain. In the evaluation of algorithms, Separable indicates a measure of the difficulty of solving a
problem.

Table 3 (average and standard deviation) confirms that EOO achieved the optimal value in nine bench-
mark functions (F4, F5, F6, F9, F11, F13, F14, F15, and 19), and Table 4 shows that EOO produced the optimal
value in 22 multimodal test functions. Ultimately, EOO achieved the optimal value in 31 benchmark func-
tions and best value in 49 test functions from all 58 test functions in two tables. Generally, unimodal
benchmarks functions are suitable for exploitation problem, and multimodal functions are appropriate
for the exploration ability of the algorithm. Therefore, EOO performance was superior in terms of exploita-
tion (Table 3) and exploration (Table 4). Finally, EOO algorithm produced 9 optimal values in unimodal
benchmark functions, 11 in N-dimensional multimodal functions and 11 in fixed multimodal functions,
implying its good balance between exploitation and exploration.
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Figure 2: Pseudo code of EOO algorithm.
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4 Comparing with the related work

This section demonstrates the comparison of the proposed EOO algorithm with the most well-known meta-
heuristic algorithms such as PSO, GWO, BBO, GSA, and ABC. In the test process, each benchmark function
run for 30 times. Tables 3 and 4 illustrate the results of the proposed algorithm and its comparison with
other meta-heuristic algorithms such as PSO, GWO, BBO, GSA, and ABC. The results proved that EOO is
competitive against other meta-heuristic algorithms.

However, for Table 2, the min–max normalisation approach was used to replicate the findings and
examine the discussion. Then it generates Figures 3 and 4, respectively. Figures 3 and 4 illustrate a
comparison of the optimal value both of the unimodal function test and the multimodal function test
with results of the proposed method EOO, additional with the PSO, GWO, BBO, GSA, and ABC algorithms
results. Figure 3 shows a large match between the optimal values and the results of the proposed EOO, with
GSA and ABC. Consequently, this convergence has been backed up by positive outcomes to the proposed
EOO, whereas Figure 4 shows that the proposed EOO algorithm’s ability to achieve values close to the
optimal values, similar to the PSO algorithm.

Table 1: Unimodal Benchmark functions
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It is worth to note that the proposed algorithm EOO has achieved the best results compared to the other
meta-heuristics algorithms that distinguished in the unimodal functions and achieved good competition
results with the algorithms that distinguished in the multimodal functions. In other words, this common
distinction demonstrates that the proposed EOO algorithm met both exploitation and exploration criteria,
indicating that it is a competitive algorithm.

5 Conclusion

This study proposed a new nature-inspired meta-heuristic optimisation algorithm called EOO inspired from
the behaviour of EO. This algorithm has a high exploratory and exploitative search technique because the
randomisation used in the equations enhance the worst solutions by relying on the best solutions. Fifty-
eight benchmark test functions were used to evaluate the performance of this algorithm. EOO achieved the

Figure 3: A comparison of the optimal value of the unimodal function test with results of the proposed method EOO, PSO, GWO,
BBO, GSA, and ABC algorithms result.

Figure 4: A comparison of the optimal value of the multimodal function test with results of the proposed EOO, PSO, GWO, BBO,
GSA, and ABC algorithms result.
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optimal value in 31 benchmark test functions and 49 functions. Comparison with other meta-heuristic
algorithms, such as PSO, GWO, BBO, GSA, and ABC, verified that EOO is a competitive meta-heuristic
optimisation algorithm. Unimodal and multimodal results confirmed that EOO is superior in terms of
exploitation and exploration. Future studies should focus on using EOO to solve some complex problems
such as travel salesman and timetabling.
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