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This paper introduces a new metaheuristic algorithm named the Osprey Optimization Algorithm (OOA), which imitates the behavior of osprey in nature. The fundamental inspiration of OOA is the strategy of ospreys when hunting fish from the seas. In this hunting strategy, the osprey hunts the prey after detecting its position, then carries it to a suitable position to eat it. The proposed approach of OOA in two phases of exploration and exploitation is mathematically modeled based on the simulation of the natural behavior of ospreys during the hunting process. The performance of OOA has been evaluated in the optimization of twenty-nine standard benchmark functions from the CEC 2017 test suite. Furthermore, the performance of OOA is compared with the performance of twelve well-known metaheuristic algorithms. The simulation results show that the proposed OOA has provided superior performance compared to competitor algorithms by maintaining the balance between exploration and exploitation. In addition, the implementation of OOA on twenty-two real-world constrained optimization problems from the CEC 2011 test suite shows the high capability of the proposed approach in optimizing real-world applications.
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1 INTRODUCTION
An optimization problem refers to a type of problem that has several feasible solutions. According to this definition, obtaining the best solution among these feasible solutions is called optimization (Xian et al., 2021). Every optimization problem has three main parts: decision variables, constraints, and objective function. Optimization aims to determine the values for the design variables respecting the constraints so that the value of the objective function is optimized. Numerous optimization problems in science, engineering, and real-world applications must be solved using optimization techniques (Assiri et al., 2020).
Techniques for solving optimization problems fall into two groups: deterministic and stochastic approaches. Deterministic approaches in two classes, gradient-based and non-gradient-based, have an appropriate performance in solving optimization problems of the following types: linear, convex, continuous, differentiable, and low-dimensional (Xue and Shen 2020). However, the deterministic approaches lose their capability against non-linear, non-convex, discontinuous, non-differentiable, and high-dimensional optimization problems. In this type of optimization problem, deterministic approaches provide unfavorable solutions by getting stuck in local optimal (Mirjalili et al., 2017).
The disadvantages and difficulties of deterministic approaches in solving optimization problems have led researchers to expand stochastic approaches. Metaheuristic algorithms are one of the most effective stochastic techniques based on random search in the problem-solving space using random operators and trial and error processes (Mirjalili 2015). Advantages such as efficiency in non-linear, non-convex, discontinuous, non-differentiable, NP-hard, complex, and high-dimensional problems, efficiency in non-linear and unknown search spaces, no need for differentiable information of the objective function and constraints, and no dependence on the type of problem, has led to the popularity of metaheuristic algorithms to deal with optimization problems (Cavazzuti 2013).
The nature of random search in metaheuristic algorithms means there is no guarantee to provide the global optimal using these techniques. However, the solutions obtained from metaheuristic algorithms are called quasi-optimal due to their proximity to the global optimal (Iba 1994).
Metaheuristic algorithms must be able to perform the search process well in the global and local problem-solving space to achieve a suitable solution. The search process at the global level with the concept of exploration leads to increasing the ability of the algorithm to identify the main optimal area and escape from local optima. The search process at the local level, with the concept of exploitation, leads to an increase in the ability of the algorithm to converge towards possible better solutions in promising areas (Mohar et al., 2022). The main key to the success of metaheuristic algorithms in solving optimization problems is balancing exploration and exploitation during the search process in the problem-solving space. Therefore, in comparing the performance of several metaheuristic algorithms on an optimization problem, an algorithm that provides a better quasi-optimal solution by better balancing exploration and exploitation is superior (Brunetti et al., 2022). The desire to obtain better solutions for optimization problems has led to the design of numerous metaheuristic algorithms by scientists.
The primary research question in the study of metaheuristic algorithms is, considering the numerous metaheuristic algorithms that have been introduced so far, is there still a need to introduce newer algorithms? In response to this question, the No Free Lunch (NFL) theorem (Wolpert and Macready 1997) explains that no unique metaheuristic algorithm is the best optimizer for all optimization problems. The proper performance of a metaheuristic algorithm in solving a set of optimization problems is not a guarantee for the similar performance of that algorithm in solving other optimization problems. According to the NFL theorem, an algorithm that successfully solves several optimization problems may even fail in solving another problem. Therefore, there is no assumption about the result of implementing a metaheuristic algorithm on optimization problems. Hence, the NFL theorem encourages scientists to search some more effective solutions for optimization problems by designing newer metaheuristic algorithms.
The innovation and novelty of this paper is in the design of a new metaheuristic algorithm called the Osprey Optimization Algorithm (OOA), which is used in solving optimization problems in various sciences. The main contributions of this paper are as follows:
• OOA is designed based on the simulation of osprey behavior in nature.
• The fundamental inspiration of OOA is the strategy of ospreys when hunting fish from the sea, during the steps of identifying the prey’s position, catching it, and transporting it to a suitable position for eating.
• The implementation steps of OOA in two phases of exploration and exploitation are mathematically modeled.
• OOA’s performance in optimization tasks is evaluated on twenty-nine benchmark functions from the CEC 2017 test suite.
• The performance of the proposed OOA approach is compared with the performance of twelve well-known algorithms.
• The ability of OOA to address real-world applications is tested on twenty-two constrained optimization problems from the CEC 2011 test suite.
The continuation of the paper is organized as follows: firstly, the literature review is presented in Section 2. Then, the proposed Osprey Optimization Algorithm (OOA) is introduced and mathematically modeled in Section 3. Next, simulation and evaluation studies on handling optimization tasks are presented in Section 4. The performance of the proposed OOA in solving real-world applications is evaluated in Section 5. Finally, conclusions and prospects for future studies are provided in Section 6.
2 LITERATURE REVIEW
Various natural phenomena, animal life in nature, biological sciences, physics, rules of games, human interactions, and other evolutionary phenomena have inspired metaheuristic algorithms. Based on the inspiration’s source used in the design, metaheuristic algorithms fall into five groups: swarm-based, evolutionary-based, physics-based, human-based, and game-based approaches.
Swarm-based metaheuristic algorithms have been introduced inspired by various natural swarming phenomena, such as the natural behaviors of animals, insects, aquatic animals, birds, plants, and other living organisms. Particle Swarm Optimization (PSO) (Kennedy and Eberhart 1995), Ant Colony Optimization (ACO) (Dorigo et al., 1996), and Artificial Bee Colony (ABC) (Karaboga and Basturk 2007), are among the most famous swarm-based algorithms. The main idea in PSO design is modeling the movement of flocks of birds and fish toward the food source. The design of ACO was inspired by the ability of ants to detect the shortest path between a nest and a food source. ABC is developed based on simulating the strategy of colony bees searching for food sources. Among the natural behaviors of animals, trying to obtain food through foraging and hunting has been a source of inspiration in the design of several swarm-based algorithms such as Golden Jackal Optimization (GJO) (Chopra and Ansari 2022), Coati Optimization Algorithm (COA) (Dehghani et al., 2023), Marine Predator Algorithm (MPA) (Faramarzi et al., 2020a), African Vultures Optimization Algorithm (AVOA) (Abdollahzadeh et al., 2021), Whale Optimization Algorithm (WOA) (Mirjalili and Lewis 2016), Pelican Optimization Algorithm (POA) (Trojovský and Dehghani 2022), Honey Badger Algorithm (HBA) (Hashim et al., 2022), Reptile Search Algorithm (RSA) (Abualigah et al., 2022), Grey Wolf Optimizer (GWO) (Mirjalili, Mirjalili, and Lewis 2014), White Shark Optimizer (WSO) (Braik et al., 2022a), and Tunicate Swarm Algorithm (TSA) (Kaur et al., 2020).
Evolutionary-based metaheuristic algorithms have been developed with inspiration from biological sciences, concepts of genetics, Darwin’s theory of evolution, survival of the fittest, and natural selection. Genetic Algorithm (GA) (Goldberg and Holland 1988) and Differential Evolution (DE) (Storn and Price 1997) are among the most famous evolutionary-based methods that are designed based on modeling the reproduction process and using random operators of selection, crossover, and mutation. Modeling the human immune system against disease and microbes is employed in the design of Artificial Immune Systems (AISs) (De Castro and Timmis 2003). Some other evolutionary-based metaheuristic algorithms are: Genetic programming (GP) (Koza and Koza 1992), Evolution Strategy (ES) (Beyer and Schwefel 2002), and Cultural Algorithm (CA) (Reynolds 1994).
Phenomena, forces, laws, and other physics concepts inspire physics-based metaheuristic algorithms. Simulated Annealing (SA) (Kirkpatrick et al., 1983) is one of the most famous physics-based techniques. SA is developed based on modeling the metal annealing process in which the metal is melted under heat and then slowly heated to achieve an ideal crystal.
Newton’s laws of motion and physical forces have been a source of inspiration in designing algorithms such as the Spring Search Algorithm (SSA) (Dehghani et al., 2017) based on spring tension force and Hooke’s law, Momentum Search Algorithm (MSA) (Dehghani and Samet 2020) based on momentum force, and Gravitational Search Algorithm (GSA) (Rashedi et al., 2009) based on gravitational force.
Various physical transformations in the natural water cycle have inspired the design of the Water Cycle Algorithm (WCA) (Eskandar et al., 2012). Other physics-based metaheuristic algorithms are, e.g., Multi-Verse Optimizer (MVO) (Mirjalili et al., 2016), Archimedes Optimization Algorithm (AOA) (Hashim et al., 2021), Equilibrium Optimizer (EO) (Faramarzi et al., 2020b), Electro-Magnetism Optimization (EMO) (Cuevas et al., 2012), Nuclear Reaction Optimization (NRO) (Wei et al., 2019), and Lichtenberg Algorithm (LA) (Pereira et al., 2021).
Human-based metaheuristic algorithms have been introduced with inspiration from human interactions, communication, thinking, and interaction in social and personal life. Teaching-Learning Based Optimization (TLBO) (Rao et al., 2011) is the most widely used human-based approach. Interactions between teachers and students in the classroom environment have been a source of inspiration in the design of TLBO. The strategy of the poor and the wealthy sections of society to improve their economic conditions has been the main idea used in the design of Poor and Rich Optimization (PRO) (Moosavi and Bardsiri 2019).
Some other human-based metaheuristic algorithms are, e.g., Gaining-Sharing Knowledge-based algorithm (GSK) (Mohamed et al., 2020), War Strategy Optimization (WSO) (Ayyarao et al., 2022), Teamwork Optimization Algorithm (TOA) (Dehghani and Trojovský 2021), Coronavirus Herd Immunity Optimizer (CHIO) (Al-Betar et al., 2021), Driving Training-Based Optimization (DTBO) (Dehghani et al., 2022), and Ali Baba and the Forty Thieves (AFT) (Braik et al., 2022b).
Game-based metaheuristic algorithms have been developed inspired by the strategies of players, coaches, referees, and the rules in different games. Mathematical modeling of competitions in different game leagues has been the main idea in designing algorithms such as Soccer league competition algorithm (SLC) (Dehghani et al., 2020) and Football Game Based Optimization (FGBO) (Dehghani et al., 2020) based on football league, and Volleyball Premier League (VPL) (Moghdani and Salimifard 2018) and based on volleyball league.
Analysis of existing optimization methods has shown that no metaheuristic algorithm is based on modeling the natural behavior of osprey. A study of the osprey’s fishing behavior shows that it is an intelligent process with great potential to design a new optimizer. In this regard and in order to address this research gap, in this paper, a new swarm-based metaheuristic algorithm based on the mathematical modeling of natural behaviors of osprey is designed, which is discussed in the next section.
3 OSPREY OPTIMIZATION ALGORITHM
In this section, the proposed Osprey Optimization Algorithm (OOA) approach is introduced, then its mathematical modeling is presented.
3.1 Inspiration of OOA
The osprey, also known as the fish hawk, river hawk, and sea hawk, is a diurnal, fish-eating bird of prey with a cosmopolitan range. An osprey is 50–66 cm in length, 0.9–2.1 kg in weight, and 127–180 cm in wingspan. A picture of the osprey is shown in Figure 1. The appearance characteristics of the osprey are as follows (Strandberg 2013):
• The upperparts are a deep-glossy brown, while the breast is white and sometimes streaked with brown, and the underparts are pure white.
• The head is white with a black mask across the eyes, reaching to the sides of the neck.
• The irises of the eyes are golden to brown, and the transparent nictitating membrane is pale blue.
• The feet are white with black talons and bill is black with a blue cere.
• Osprey has narrow-long wings and a short tail.
[image: Figure 1]FIGURE 1 | Photo of a osprey; downloaded from free media Wikimedia Commons.
The osprey is a piscivorous bird, about 99% of its diet is fish (Grove et al., 2009). It usually catches alive fish weighing from 150 to 300 g and 25–35 cm in length. However, it can catch any fish from 50 g to 2 kg. Ospreys have the high vision to detect underwater objects. When the osprey is flying at a height of 10–40 m above the water’s surface, it detects the position of the fish underwater. Then it moves toward the fish, dips its feet into the water, and dives under the water to catch the fish (Poole et al., 2002). After the osprey catches its prey, it carries it to a nearby rock and begins to eat it (Szaro 1978).
The osprey’s strategy in hunting fish and carrying fish to a suitable position to eat it are intelligent natural behaviors that can be the basis of designing a new optimization algorithm. Therefore, the mathematical modeling of these intelligent osprey behaviors is employed in the design of the proposed OOA approach, which is discussed in the following part.
3.2 Mathematical modeling
In this subsection, the initialization of OOA is described first, then the process of updating the position of ospreys in the two phases of exploration and exploitation based on the simulation of natural osprey behaviors is presented.
3.2.1 Initialization
The proposed OOA is a population-based approach that can provide a suitable solution based on the search power of its population members in the problem-solving space through a repetition-based process. Each osprey, as a member of the OOA population, determines values ​​for the problem variables based on its position in the search space. Therefore, each osprey is a candidate solution to the problem, mathematically modeled using a vector. Ospreys together form the OOA population, which can be modeled using a matrix according to (1). At the beginning of OOA implementation, the position of ospreys in the search space is randomly initialized using (2).
[image: image]
[image: image]
where [image: image] is the population matrix of ospreys’ locations, [image: image] is the [image: image] th osprey (a candidate solution), [image: image] is its [image: image] th dimension (problem variable), [image: image] is the number of ospreys, [image: image] is the number of problem variables, [image: image] are random numbers in the interval [image: image], [image: image], and [image: image] are the lower bound and upper bound of the [image: image] th problem variable, respectively
Because each osprey is a candidate solution for the problem, corresponding to each osprey, the objective function can be evaluated. The evaluated values ​​for the objective function of the problem can be represented using a vector according to (3).
[image: image]
where [image: image] is the vector of the objective function values and [image: image] is the obtained objective function value for the [image: image] th osprey.
The evaluated values ​​for the objective function are the main criteria for evaluating the quality of the candidate solutions. Therefore, the best value obtained for the objective function corresponds to the best candidate solution (i.e., the best member), and the worst value obtained for the objective function corresponds to the worst candidate solution (i.e., the worst member). Considering that the position of the ospreys in the search space is updated in each iteration, the best candidate solution must also be updated in each iteration.
3.2.2 Phase 1: Position identification and hunting the fish (exploration)
Ospreys are mighty hunters able to detect the location of fish underwater due to their strong eyesight. After identifying the position of the fish, they attack it and hunt the fish by going underwater. The first phase of population update in OOA is modeled based on the simulation of this natural behavior of ospreys. Modeling the osprey attack on fish leads to significant changes in the position of the osprey in the search space, which increases the exploration power of OOA in identifying the optimal area and escaping from the local optima.
In OOA design, for each osprey, the positions of other ospreys in the search space that have a better objective function value are considered underwater fishes. The set of fish for each osprey is specified using (4).
[image: image]
where [image: image] is the set of fish positions for the [image: image] th osprey and [image: image] is the best candidate solution (the best osprey).
The osprey randomly detects the position of one of these fish and attacks it. Based on the simulation of the movement of the osprey towards the fish, a new position for the corresponding osprey is calculated using (5). This new position, if it improves the value of the objective function, replaces the previous position of the osprey according to (6).
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where [image: image] is the new position of the [image: image] th osprey based on the first phase of OOA, [image: image] is its [image: image] th dimension, [image: image] is its objective function value, [image: image] is the selected fish for [image: image] th osprey, [image: image] is the its [image: image] th dimension, [image: image] are random numbers in the interval [image: image], and [image: image] are random numbers from the set [image: image].
3.2.3 Phase 2: Carrying the fish to the suitable position (exploitation)
After hunting a fish, the osprey carries it to a suitable (for him safe) position to eat it there. The second phase of updating the population in OOA is modeled based on the simulation of this natural behavior of osprey. The modeling of carrying the fish to the suitable position leads to the creation of small changes in the position of the osprey in the search space, which results in an increase in the exploitation power of the OOA in the local search and convergence towards better solutions near the discovered solutions.
In the design of OOA, to simulate this natural behavior of ospreys, first, for each member of the population, a new random position is calculated as a “suitable position for eating fish” using (7). Then, if the value of the objective function is improved in this new position, it replaces the previous position of the corresponding osprey according to (8).
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where [image: image] is the new position of the [image: image] th osprey based on the second phase of OOA, [image: image] is its [image: image] th dimension, [image: image] is its objective function value, [image: image] are random numbers in the interval [image: image], [image: image] is the iteration counter of the algorithm, and [image: image] is the total number of iterations.
3.3 Repetitions process, flowchart, and pseudocode of OOA
The proposed OOA is an iteration-based approach the first iteration of OOA is completed by updating all ospreys’ positions based on the first and second phases. Then, the best candidate solution is updated based on comparing the objective function values. After that, the algorithm enters the next iteration with the updated positions for the ospreys, and the algorithm update process continues until the last iteration based on (4) to (8). Finally, after the full implementation of the algorithm, OOA presents the best candidate solution stored during the iterations as a solution to the problem. The implementation steps of OOA are presented as the flowchart in Figure 2 and its pseudocode in Algorithm 1.
[image: Figure 2]FIGURE 2 | Flowchart of the proposed OOA.
Algorithm 1. Pseudocode of OOA.
Start OOA.
Input: The problem information (variables, objective function, and constraints).
Set OOA population size (N) and the total number of iterations (T).
Generate the initial population matrix at random using (1) and (2).
Evaluate the objective function by (3).
For [image: image] to T
For [image: image] to [image: image]
Phase 1: Position identification and hunting the fish
Update fish positions set for the [image: image] th OOA member using (4). F [image: image].
Determine the selected fish by the [image: image] th osprey at random.
Calculate new position of the [image: image] th OOA member based on the first phase of OOA using (5-a). [image: image]
Check the boundary conditions for the new position of OOA members using (5-b). [image: image]
Update the [image: image] th OOA member using (6). [image: image]
Phase 2: Carrying the fish to the suitable position
Calculate new position of the [image: image] th OOA member based on the second phase of OOA using (7-a). [image: image]
Check the boundary conditions for the new position of OOA members using (7-b). [image: image]
Update the [image: image] th OOA member using (8). [image: image]
end
Save the best candidate solution found so far.
End OOA
3.4 Computational complexity
In this subsection, the computational complexity of the proposed OOA approach is evaluated. OOA initialization for a problem with dimension [image: image] equals [image: image], where [image: image] is the number of problem variables, and [image: image] is the population size (i.e., the number of ospreys). In each iteration of the algorithm, each osprey is updated in two phases exploration and exploitation. This population update process has a complexity equal to [image: image], where [image: image] is the total number of algorithm iterations. Therefore, the total computational complexity of OOA equals [image: image].
4 SIMULATION STUDIES AND DISCUSSION
This section presents simulation studies on the performance of the proposed OOA in solving optimization problems. For this purpose, the efficiency of OOA is evaluated on the CEC 2017 test suite. Also, in order to analyze the quality of OOA in providing appropriate solutions, the results obtained from the proposed approach are compared with the performance of twelve well-known metaheuristic algorithms, including GA, PSA, GSA, TLBO, GWO, MVO, WOA, TSA, MPA, RSA, WSO, and AVOA. The values ​​of the control parameters for competitor algorithms are specified in Table 1. Simulation results are reported using six statistical indicators: mean, best, worst, standard deviation (std), and rank. The ranking criterion for metaheuristic algorithms in solving each benchmark function is to provide a better value for the mean index.
TABLE 1 | Parameter values for the competitor algorithms.
[image: Table 1]4.1 Evaluation of the CEC 2017 test suite
In this subsection, the OOA’s performance in solving optimization problems is evaluated on the CEC 2017 test suite. This test suite has thirty benchmark functions consisting of three unimodal functions of C17-F1 to C17-F3, seven multimodal functions of C17-F4 to C17-F10, ten hybrid functions of C17-F11 to C17-F20, and ten composition functions of C17-F21 to C17-F30. The C17-F2 function has been excluded from the simulation studies due to its unstable behavior. The full description of the CEC 2017 test suite is provided in (Awad et al., 2016). The proposed OOA approach and competitor algorithms are applied in handling the CEC 2017 test suite for dimensions equal to 10, 30, 50, and 100. For all of the functions in the CEC 2017 test suite, OOA and competitor algorithms are employed for the maximal number of function evaluations (FEs) of [image: image], where [image: image] is the number of variables (dimensions of the problem). The number of runs is 51 for each problem in each dimension, and the stop criterion is set to the maximal number of FEs.
The implementation results of the proposed OOA and competitor algorithms on the CEC 2017 test suite for [image: image] ([image: image] is the dimension of the problem, i.e., the number of decision variables) are presented in Table 2. The convergence curves under this experiment for dimensions equal to 10 are plotted in Figure 3. Based on the obtained results, the proposed OOA approach is the first best optimizer for C17-F1, C17-F3 to C17-F21, C17-F23, C17-F24, and C17-F27 to C17-F30.
TABLE 2 | Performance of optimization algorithms on the CEC 2017 test suite ([image: image]).
[image: Table 2][image: Figure 3]FIGURE 3 | Boxplot of OOA and competitor algorithms in optimization of the CEC-2017 test suite (D = 10).
The results of employing OOA and competitor algorithms in handling the CEC 2017 test suite for [image: image] are reported in Table 3. The convergence curves while reaching the solution for the dimension [image: image] equal to 30 are shown in Figure 4. Based on the simulation results, OOA is the first best optimizer for C17-F1, C17-F3 to C17-F22, C17-F24, C17-F5, and C17-F27 to C17-F30.
TABLE 3 | Performance of optimization algorithms on the CEC 2017 test suite ([image: image]).
[image: Table 3][image: Figure 4]FIGURE 4 | Boxplot of OOA and competitor algorithms in optimization of the CEC-2017 test suite ([image: image]).
The optimization results of the CEC 2017 test suite for [image: image], using OOA and competitor algorithms are presented in Table 4. The performance convergence curves of the algorithms on the CEC 2017 test suite for the dimension [image: image] equal to 50 are drawn in Figure 5. The simulation results show that OOA is the first best optimizer for C17-F1, C17-F3 to C17-F25, and C17-F27 to C17-F30.
TABLE 4 | Performance of optimization algorithms on the CEC 2017 test suite ([image: image]).
[image: Table 4][image: Figure 5]FIGURE 5 | Boxplot of OOA and competitor algorithms in optimization of the CEC-2017 test suite ([image: image]).
The results of using OOA and competitor algorithms in handling the CEC 2017 test suite for [image: image] are reported in Table 5. The convergence curves under the tests of the algorithms for the dimension [image: image] equal to 100 are drawn in Figure 6. Based on the obtained results, OOA is the first best optimizer for C17-F1, and C17-F3 to C17-F30.
TABLE 5 | Performance of optimization algorithms on the CEC 2017 test suite ([image: image]).
[image: Table 5][image: Figure 6]FIGURE 6 | Boxplot of OOA and competitor algorithms in optimization of the CEC-2017 test suite ([image: image]).
The analysis of the simulation results shows that the proposed OOA approach has provided better results in most of the benchmark functions of the CEC 2017 test suite and for dimensions 10, 30, 50, and 100. Compared to competitor algorithms, the proposed OOA has been ranked first as the best optimizer in handling the CEC 2017 test suite.
4.2 Statistical analysis
In this subsection, statistical analysis is presented on the performance of OOA and competitor algorithms to determine whether OOA has a significant statistical superiority or not. For this purpose, Wilcoxon rank sum test (Wilcoxon 1992), a non-parametric statistical test to determine the significant difference between the average of two data samples, is employed. In the Wilcoxon rank sum test, using an index called a [image: image]-value, it is determined whether the superiority of OOA against any of the competitor algorithms is significant from a statistical point of view.
The results of the statistical analysis on the performance of OOA and competitor algorithms are reported in Table 6. Based on these results, in cases where the [image: image]-value is less than 0.05, OOA has a significant statistical superiority compared to the corresponding algorithm.
TABLE 6 | [image: image]-values obtained from Wilcoxon rank sum test.
[image: Table 6]5 OOA FOR REAL-WORLD APPLICATIONS
In this section, the effectiveness of the proposed OOA approach in solving optimization problems in real-world applications is tested. In this regard, OOA is implemented on the CEC 2011 test suite. This test suite has twenty-two up-to-date test functions for real-world constrained optimization problems. The IEEE CEC-2011 test suite details and complete information are stated in (Das and Suganthan 2010). For OOA and each competitor algorithm, the maximum number of FEs for all 22 test functions is set to 150,000, with 25 independent runs in all experiments. Furthermore, the stop criterion for the proposed OOA is set to the maximum number of function evaluations (MFEs).
The employment results of the proposed OOA approach and competitor algorithms in solving the CEC 2011 test suite are reported in Table 7. The convergence curves of the performance of the algorithms while achieving the solution for different problems of the CEC 2011 test suite are plotted in Figure 7. Based on the simulation results, OOA is the first best optimizer for C11-F1, C11-F4 to C11-F8, C11-F10, C11-F13, C11-F14, and C11-F16 to C11-F22. What is evident from the comparison of the simulation results is that OOA has provided better results in most of the CEC 2011 test suite benchmark functions and has provided superior performance in handling this test suite compared to competitor algorithms. Also, the results obtained from the Wilcoxon sum rank test show that OOA has a significant statistical superiority in handling the CEC 2011 test suite compared to competitor algorithms.
TABLE 7 | Performance of optimization algorithms on the CEC 2011 test suite.
[image: Table 7][image: Figure 7]FIGURE 7 | Boxplot of OOA and competitor algorithms in optimization of the CEC-2011 test suite.
6 CONCLUSION AND FUTURE WORKS
This paper introduced a new metaheuristic algorithm named the Osprey Optimization Algorithm (OOA) to solve real-world optimization problems. The real inspiration in the proposed OOA approach is the ospreys’ strategies when hunting fish from the sea during the steps of identifying the prey, attacking the prey in the sea, and transporting the prey to a suitable place. The proposed OOA approach theory was explained, and its implementation steps in two phases of exploration and exploitation were mathematically modeled. The effectiveness of OOA in solving optimization problems was evaluated on twenty-nine standard benchmark functions from the CEC 2017 test suite. The quality of the proposed approach was compared with the performance of twelve well-known metaheuristic algorithms. The simulation results showed that OOA had achieved better results in most of the benchmark functions by balancing exploration and exploitation during the search process, and compared to competitor algorithms, it has superior performance in optimization tasks. Also, the employment of OOA in dealing with twenty-two up-to-date real-world constrained optimization problems from the CEC 2011 test suite showed the adequate performance of the proposed approach in solving optimization problems in real-world applications.
Following the introduction of the proposed OOA approach, several research directions are activated for future studies. For example, designing binary and multi-objective versions for the proposed OOA approach is one of the central potentials of this study for further work. In addition, the employment of OOA in optimization problems in various science and real-world applications is another research proposal for further work in the future.
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