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Abstract: The Bald Eagle Search algorithm (BES) is an emerging meta-heuristic algorithm. The algorithm simulates the hunting behavior of eagles, and obtains an optimal solution through three stages, namely selection stage, search stage and swooping stage. However, BES tends to drop-in local optimization and the maximum value of search space needs to be improved. To fill this research gap, we propose an improved bald eagle algorithm (CABES) that integrates Cauchy mutation and adaptive optimization to improve the performance of BES from local optima. Firstly, CABES introduces the Cauchy mutation strategy to adjust the step size of the selection stage, to select a better search range. Secondly, in the search stage, CABES updates the search position update formula by an adaptive weight factor to further promote the local optimization capability of BES. To verify the performance of CABES, the benchmark function of CEC2017 is used to simulate the algorithm. The findings of the tests are compared to those of the Particle Swarm Optimization algorithm (PSO), Whale Optimization Algorithm (WOA) and Archimedes Algorithm (AOA). The experimental results show that CABES can provide good exploration and development capabilities, and it has strong competitiveness in testing algorithms. Finally, CABES is applied to four constrained engineering problems and a groundwater engineering model, which further verifies the effectiveness and efficiency of CABES in practical engineering problems.
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1  Introduction

Metaheuristic algorithms have the advantages of convenient calculation, high accuracy and reliability. In several disciplines, they’ve been frequently employed in engineering optimization issues, such as physics, water conservancy, machinery, and structures. Therefore, meta-heuristic algorithms have become the best choice for solving complex engineering problems [1].

Depending on where they come from, metaheuristic algorithms may be categorized into four types, namely swarm-based, physics-based, human-based and evolutionary-based algorithms [2]. Swarm-based algorithms involve a swarm of solutions in which each individual compares to each other to generate better solutions. Ant colonies, bird swarms, and fish swarms are examples of swarm intelligence algorithms, such as the Artificial Bee Colony algorithm (ABC) [3], Spider Monkey Optimization algorithm (SMO) [4], Particle Swarm Optimization algorithm (PSO) [5], Bald Eagle Search (BES) [6], etc. Physics-based algorithms imitate physical rules of the world, such as the Simulated Annealing algorithm (SA) [7], Archimedes Optimization Algorithm(AOA) [8], Multiverse Optimization algorithm (MVO) [9], Gravity Search Algorithm (GSA) [10], etc. The core idea of human based algorithm is to simulate a human behavior process, such as Human Learning Optimization algorithm (HLO) [11], Seeker Optimization Algorithm (SOA) [12], etc. Evolution based algorithms, inspired by biological evolution, have strong robustness. Evolution-based algorithms include Genetic Algorithm (GA) [13], Cooperative Co-Evolution Algorithm (CCEAs) [14], Estimation of Distribution Algorithm (EDA) [15], etc.

Among them, BES algorithm [6] has the advantages of simple initialization conditions and strong search capability, which can solve optimization problems well. In the past few years, BES has been used to solve a variety of real-world problems, e.g., designing the dispatching range, improving the overall efficiency of power system [16], predicting ozone concentration [17], forecasting traffic flow [18], finding optimal value of super parameters [19], improving the diagnosis accuracy of transformer winding fault [20], etc.

Although the BES algorithm has certain advantages, “there is no such thing as a free lunch” [21]. BES algorithm still has some common problems of meta-heuristic algorithms. In solving practical problems, inaccurate location updates in the selection and search stages lead to local optimization in the process of searching complex functions. For this kind of problem, hybrid strategies have been employed to improve algorithms [22–29]. Among them, the Cauchy mutation strategy and adaptive weight strategy significantly improve optimization algorithms.

Based on the results of the two strategies mentioned above [18,24,29,30], this paper proposes a bald eagle search algorithm (CABES) based on Cauchy mutation and adaptive weight optimization. Firstly, in the selection stage, the Cauchy mutation approach is used to increase global search optimization by boosting the search neighborhood’s local search capability. Secondly, an adaptive weight factor is used in the search stage to increase the solution space’s local search capabilities. Thirdly, the performance of CABES and other advanced swarm intelligence algorithms is evaluated qualitatively and quantitatively using the CEC2017 test set’s twenty-nine benchmark test functions and verifying the competitiveness of CABES in various algorithms [31]. The testing and application of CABES in four practical engineering examples and a groundwater model show that it can effectively solve real-world constrained optimization problems. The following contributions are made by the proposed work:

(a)   Use the Cauchy mutation strategy to increase the search step size, and boost the CABES algorithm’s global exploration capability and the likelihood of discovering the global optimum.

(b)   An adaptive weight technique is presented to increase algorithm development accuracy and local search efficiency.

Below is a list of the remaining sections in this paper. The principle of the BES algorithm, the Cauchy mutation strategy and the adaptive weighting strategy are introduced in Section 2. In Section 3, CABES is explored. Section 4 compares the performance of the CABES algorithm to that of other algorithms using the CEC2017 test functions. The performance of CABES on real-world optimization issues is given in Section 5. The conclusion is made in Section 6.

2  Preliminary

2.1 BES Algorithm

The BES algorithm is a new meta-heuristic algorithm proposed by scholar Alsattar et al. [6]. The bald eagle is widely distributed in North America, with keen vision and excellent observation ability in flight.

In the case of salmon prey, the bald eagle will first choose a search space based on the density of salmon individuals and populations and then search the water surface inside that search region. Finally, the bald eagle would lower its flight height gradually and plunge down rapidly to seize the prey. The mathematical model of each stage is as follows:

A.   selecting a search space:

To assist the search, the bald eagle chooses a search region at random and finds the optimal search location by assessing the amount of preys. In this stage, the bald eagle position update is determined by multiplying the preceding information from the random search, and the mathematical model is defined as Eq. (1):

Li,new=Lbest+p∗q(Lmean−Li)(1)

where p is the control position variation parameter in the range (1.5, 2); the random number q ranges from 0 to 1; the optimal position for searching for bald eagles is Lbest; Lmean is the average distribution of bald eagle positions after the preceding search; Li corresponds to the i-th bald eagle.

B.   searching the space for prey (exploration phase):

The bald eagle searches for prey in a spiral pattern in the designated search zone, speeding up the search process to obtain the optimal dive catch position. The mathematical model of spiral flight, which adopts polar coordinate equation to update the position, is expressed as Eqs. (2) to (5):

θ(i)=s∗pi∗q(2)

d(i)=θ(i)+t∗q(3)

dx(i)=d(i)∗sin⁡(θ(i)),dy(i)=d(i)∗cos⁡(θ(i))(4)

x(i)=dx(i)/max(|dx|),y(i)=dy(i)/max(|dy|)(5)

where θ(i) and d(i) are the spiral equation’s polar angle and diameter, respectively; s and t represent the spiral trajectory’s control parameters, the ranges of variation are (5, 10) and (0.5, 2), respectively; x(i) and y(i) are the vulture’s polar coordinates positions, and the values are (−1, 1). The bald eagle location is updated as Eq. (6):

Li,new=Li+x(i)∗(Li−Lmean)+y(i)∗(Li−Li+1)(6)

where Li+1 is the i-th bald eagle’s next update position.

C.   swooping to capture the prey (utilization stage):

A bald eagle will fly quickly to its prey from a position determined in the previous phase, while others in the population will travel to their best positions and attack the prey simultaneously, and the motion is described by polar equations as Eqs. (7) to (10):

θ(i)=s∗pi∗q,d(i)=θ(i)(7)

dx(i)=d(i)∗sinh⁡(θ(i)),dy(i)=d(i)∗cosh⁡(θ(i))(8)

x1(i)=dx(i)/max(|dx|),y1(i)=dy(i)/max(|dy|)(9)

The updating formula of the bald eagle position in the dive is:

Li,new=q∗Lbest+x1(i)∗(Li−c1∗Lmean)+y1(i)∗(Li−c2∗Lbest)(10)

where c1 and c2 are the intensities of motion of the bald eagle toward the optimal and central positions, respectively, with values in the range of (1, 2).

2.2 Cauchy Mutation Strategy

The cauchy distribution is a unique distribution [32], which has long tail wings at both ends. The distribution feature gives individuals a higher probability of jumping to a better position and breaking away from local optimization. The peak value distributed at the center 0 is small, the trend from peak value to 0 is smooth, and the variation range is uniform.

One can express the probability density function of a one-dimensional Cauchy distribution as Eqs. (11) and (12):

f(x,η,μ)=1πηη2+(x−μ)2,−∞<x<∞(11)

when η=1,μ=0, the probability density function will become the standard form:

f(x,η,μ)=1π1x2+1,−∞<x<∞(12)

The density function curves of the standard Cauchy distribution and the standard normal distribution are shown in Fig. 1. Liu et al. [25] carried out Cauchy mutation on the ant colony algorithm, as Eq. (13):

xi′=xi∗(1+C(λ))(13)

where C is a random number in the Cauchy distribution, and xi represents the best current ant colony location.
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Figure 1: Plots of cauchy distribution and standard normal distribution

2.3 Adaptive Weight Strategy

The adaptive weighting factor is a very important parameter. Adding appropriate weight factors is helpful in improving the convergence accuracy and speed of the algorithm. For example, Gao et al. introduced the weight factor into the SSA algorithm to improve search accuracy [33].

Large scale global exploration is needed in the early stage of the algorithm, and small local development is needed in the late stage to avoid premature convergence of the algorithm. At the beginning of the iteration, the adaptive weight factor is large, which can make the algorithm search globally and help to find the optimal position. As the iteration continues, the algorithm may fall into local optima. At this time, the weight factor becomes smaller, which helps the algorithm to conduct local search, find the best solution finely, and jump out of the local optimum.

The adaptive weighting factor is shown in Eq. (14).

ω=sin⁡(π∗it2Maxit+π)+1(14)

where Maxit is the maximum number of iterations, it is the number of iterations currently in progress.

3  CABES Algorithm

Algorithm description:

The main principle of BES is to imitate the three stages of eagle hunting. In the meta-heuristic intelligent optimization algorithm, the algorithm’s local and global search capabilities may be utilized to evaluate the optimization impact. In this paper, we improve the optimization mechanism for the first two stages of BES.

3.1 Improvement of Cauchy Mutation Strategy

In the search space selection stage, the bald eagle uses the available information in the previous stage to determine the next search area. If the eagle population falls into an optimal local state, it will not capture its prey accurately. It means that the algorithm will be unable to find the best solution to the optimization issue, thus reducing the optimization effect of the algorithm. Therefore, it is necessary to promote the global search ability of the bald eagle, as well as the optimization ability of the BES. The specific improvements are as follows:

The Cauchy mutation technique is used to broaden the population’s search area, allowing the BES algorithm to break free from the local optimum. Eq. (1) is changed to Eq. (15):

Li,new′=Lbest+C(λ)∗(Lmean−Li)(15)

where Li,new′ is the new position generated after introducing Cauchy improvement. Refer to the previous text for other parameters. Fig. 2 shows the BES pseudocode combined with Cauchy mutation.
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Figure 2: Pseudocode of cauchy mutation

In order to clearly observe the optimization process of the algorithm, four minimization functions (selected from the multimodal functions fun-6, fun-9, hybrid function fun-17 and composition function fun-21 in the CEC2017 test set) are used to draw the convergence process curve of the BES with Cauchy mutation and the original BES algorithm (Fig. 3).
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Figure 3: BES iteration curve combined with cauchy mutation strategy

The results suggest that incorporating the Cauchy mutation approach into the algorithm may significantly increase the algorithm’s ability to discover optimal value information, and the optimization accuracy is also greatly improved. Cauchy mutation strategy is an effective improvement strategy.

3.2 Improvement of Adaptive Weight Strategy

In the BES algorithm, once the bald eagle has selected a search space, it begins to enter the prey search phase. However, the search phase of the algorithm only updates the location of the current population, ignoring the location information generated by other iterations of the algorithm. As a result of this, the algorithm lacks information when searching for and updating location, resulting in inaccurate location update and slow convergence speed.

Some academics use adaptive weight into other optimization algorithms in order to boost the algorithm’s capacity to optimize [34–38]. To increase the algorithm’s local mining capacity, it is important to re-update the neighborhood of the search prey position, improve the original algorithm’s solution accuracy in the local neighborhood, and locate the best solution in the search space. After its introduction, Eq. (6) is changed to Eq. (16):

Li,new′=ω∗Li,new(16)

By introducing the adaptive weight factor, the search location update formula is updated to make the update location more accurate and improve the local optimization capability of the bald eagle.

Fig. 4 shows the BES pseudocode with adaptive weight.
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Figure 4: Pseudocode of the adaptive weight strategy

In order to confirm the effectiveness of the adaptive weight strategy, four minimization functions (selected from the CEC2017 test set of functions fun-5, fun-8, fun-16, fun-23) are used to compare the BES algorithm improved by adaptive weight factor with the original BES algorithm.

Fig. 5 depicts the BES algorithm change curve after the adaptive weight factor was included. It has been discovered that adding the adaptive factor to the algorithm can assist it in getting rid of the local optimum and locating the global optimum. The effectiveness of the adaptive weight strategy is proved to some extent.
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Figure 5: BES iteration curve combined with the adaptive weight strategy

3.3 Combination of Different Improvement Strategies

Combining the above two improved strategies to promote the optimization capability of the bald eagle algorithm is named the bald eagle algorithm based on Cauchy and adaptive weight (CABES). Fig. 6 shows its pseudocode.
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Figure 6: Pseudocode of CABES

3.4 Time Complexity Analysis of CABES

It is assumed that N is the overall scale of the condor algorithm. The dimension of the objective function is D. The calculation time of the objective function is F. T is the maximum number of iterations; TC is the time complexity of the objective function.

In the original BES algorithm, it is computationally complex for the initial stage to be O(N), computing the initial population fitness is computationally complex in O (N * F * D), and the total time complexity of the three stages of selection, search and capture is O [(N * F + N * F + N * F) * T * D].

Total complexity:

TCBES = O(N) + O(N * F * D) + O[(N * F + N * F + N * F) * T * D]

Since the bald eagle algorithm mainly consumes time on the evaluation objective function, the time complexity of the original bald eagle algorithm can be approximated as:

TCBES = O [(N * F + N * F + N * F) * T * D] = O(3 * N * F * T * D)

In CABES, the operation of initialization parameters and computing population fitness is the same as that of BES, so the time complexity of CABES in the initialization phase is the same as that of BES, which is also O (N), and the complexity of computing initial population fitness is O (N * F * D). In the loop part of the algorithm, CABES introduces Cauchy mutation and adaptive operation respectively in the selection and search stages of BES, so it takes two more times to evaluate the objective function. As such, the total time complexity in the three stages of selection, search and capture is O[(N * F + N * F + N * F + N * F + N * F) * T * D].

Total complexity: TCCABES = O(N) + O(N * F * D) + O((N * F + N * F + N * F + N * F + N * F) * T * D]

Similarly, CABES mainly spends time evaluating the objective function, so the time complexity of the improved Condor algorithm is approximately:

TCCABES = O[(N * F + N * F + N * F + N * F + N * F) * T * D] = O (5 * N * T * F * D)

Despite CABES has a higher time complexity than BES, they are in the same order of magnitude.

4  Simulation and Experimentation

4.1 Algorithm Performance

In order to comprehensively test the performance of CABES, 29 benchmark function suites used in the 2017 Conference on Evolutionary Computing (CEC 2017) are selected for experiments [31]. Table 1 lists the function name and corresponding global optimal value, where fi denotes the optimization function’s global optimum value; a, b, c, and d represent unimodal, simple multimodal, hybrid, and composition functions, respectively. Please note that fun-2 is removed from the test set.
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The search range for all dimension variables in the function is [−100, 100]. All problems have global optima in a given range and do not change with dimension. The competition tests the optimization algorithm in four dimensions, namely 10D, 30D, 50D and 100D. The maximum number of iterations corresponding to each dimension is D * 104.

In addition, to eliminate the effects of randomness, each function is evaluated 30 times separately. Experimental findings are based on the deviation between the theoretical optimum and the actual value achieved by the algorithm. Five indexes are selected, namely ‘mean error (Me)’, ‘median error (Med)’,‘ Best error (Best)’, ‘Worst error (Worst)’, and ‘standard variance error (STD)’. All experiments are run on Windows 10 64 bit computer, using Intel i7 (3.2 GHz) processor and 8 GB RAM, and implemented in MATLAB R2018a environment.

4.2 Results and Discussion on CEC2017 Function set

The suggested CABES approach is compared to a number of other classical algorithms published in recent years in order to check its performance. They are PSO [5], WOA [2], AOA [8], BES [6] and YYFA [30].

This section studies 29 benchmark functions based on the CEC 2017 test set. All optimization methods are designed with the same experimental settings to assure the fairness and impartiality of the simulation trials, that is, the population numbers of all algorithms are equal, the loop stops when the maximum number of iterations is reached. The parameters in each algorithm take the values recommended in the original article, as stated in Table 2. Tables 3–6 provide results of the algorithm on 10D, 30D, 50D and 100D, respectively. Bold characters represent the least average error value and the best performance of the six algorithms. Figs. 7–10 show convergence curves of some function algorithms.
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Figure 7: 10D benchmark functions convergence curve
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Figure 8: 30D benchmark functions convergence curve
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Figure 9: 50D benchmark functions convergence curve
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Figure 10: 100D benchmark functions convergence curve

For the stability of the heuristic algorithm, we choose the percentage of the algorithm that is close to the optimal value in different execution processes to represent it. The higher the percentage, the greater the probability that the algorithm can reach the optimal value on the function, and the higher is the stability. The percentage error is selected as 30%, that is, the error between the actual value of the algorithm and the optimal value is within 30% of the optimal value, which will be considered as reaching a stable range. CABES and BES algorithms are selected for comparison. The algorithms are independently run 30 times on the CEC2017 test function set 10D and 50D, respectively. Due to the length of the article, the results are shown in Appendix of Table A1 and Table A2.

For 10D, CABES algorithm can reach the optimal value range in five functions, namely fun-1, fun-10, fun-12, fun-13 and fun-28, more than BES algorithm, and the other 23 functions can reach the optimal range. For 50D, only three functions, namely fun-1, fun-14, and fun-26, perform slightly worse than the BES algorithm, but perform better than the BES algorithm in 13 functions, and are equivalent to the BES in other functions. It can be considered that under different dimensions, through the test of multiple functions, CABES algorithm can obtain the optimal value better than BES algorithm and has a better stability. The results of the algorithm stability test are given in Appendix.

The results in Tables 3–6 indicate the following:

In the case of four different dimensions, CABES can produce more accurate results than the original BES algorithm in solving the functions fun-1, fun-3, fun-5-fun-13, fun-15, fun-17-fun-21, fun-24, fun-26, fun-27 in CEC2017. The complete optimization ability of CABES eventually outperforms that of BES as the dimension increases. This also demonstrates that CABES has a better ability to process data in high-dimensional situations.

According to the results from 10D to 100D in Tables 3–6,CABES is superior to other algorithms in 11, 16, 18 and 16 functions, respectively. For 100D, the PSO algorithm achieves better values than CABES on multimodal functions fun-5, fun-7 and hybrid functions fun-13, fun-15, fun-16 and fun-19. Therefore, compared with the PSO algorithm, CABES is more competitive in composition function. Compared with the AOA algorithm, CABES performs slightly worse on fun-27. Compared with the WOA algorithm, CABES performs better in different dimensions. On the whole, with the increase of dimensions, the optimization ability of CABES is improved more significantly than that of other optimization algorithms.

In case of 10D, the test value of CABES in functions fun-3, fun-7, fun-8, fun-12, fun-18, fun-21, fun-24, fun-25, and fun-28 is greater than that of YYFA. It shows that for 10D, the optimization ability of CABES in mixed function and composite function is inferior to that of YYFA. In the case of 30D, CABES still has some functions fun-13–fun-15, fun-19–fun-20, and fun-26 in terms of mixed functions and composite functions, whose optimization effect is not as good as that of YYFA. But on the simple multimodal functions fun-3, fun-7, fun-8, the mixed function and the composite functions fun-21, fun-24, fun-25, and fun-28 its performances are better than those of 10D, and the optimization ability is improved. In 50 and 100D cases, CABES is weaker than YYFA only in the optimization of fun-13, fun-15, fun-20, and fun-26 functions, while its performances are better than those of YYFA in other cases.

The experimental results of CABES in simple multimodal functions fun-3–fun-9 show that it has excellent exploration ability. The key reason is that CABES uses the Cauchy mutation approach (Eq. (15)), which increases the algorithm’s variety and improves the bald eagle’s global search capabilities. The experimental results of CABES on mixed functions and composite functions fun-10–fun-29 show that CABES can balance exploration and development, thus avoiding getting stuck in local optima. This is because CABES updates the search position update formula by introducing an adaptive weight factor (Eq. (16)), so that the update position is more accurate, and the local optimization ability of the bald eagle is improved.

The following are observed from Figs. 7–10:

a.   For functions of fun-1, fun-10, fun-11, fun-20, and fun-22 of CABES in 10D–100D, the curves drop vertically during the iterative convergence process, showing its ability to escape the local optimum.

b.   The convergence curves of multimodal, hybrid and composition functions fun-6, fun-8, fun-9, and fun-22 in 10D–100D show that CABES has a sharp continuous search ability within the specified number of iterations, indicating that the algorithm not only does not appear precocious, but also has the ability to continuously develop and excavate new solutions.

c.   According to the excellent performance of CABES on composition functions fun-20, fun-22, fun-23, fun-24, and fun-27 of 30D–100D, it demonstrates CABES’ ability to address complicated challenges.

d.   In the low-dimensional 10D case, CABES does not solve as accurately as BES on the composition function fun-29. However, CABES can achieve higher convergence accuracy with the increase of the dimension. It shows that CABES has a better ability to deal with high-dimensional problems.

In order to analyze the results quantitatively, a non-parametric statistical test, Friedman test, is used to evaluate the performance of each algorithm. The results are shown in Table 7. The smaller the rank mean is, the better the comprehensive performance of the algorithm is. It can be seen that the performance of CABES is slightly lower than that of YYFA only in the case of 10D, and the rank mean is the minimum in the case of 30D–100D, indicating that the performance of CABES is better than other algorithms with the increase of dimensions.
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In order to reflect the effectiveness of the improved algorithm, this paper uses Wilcoxon rank sum test to verify whether or not CABES is statistically significantly different from BES, PSO, WOA, AOA, and YYFA when the significance level P = 5% with different dimensions. The results are shown in Table 8. In the test functions, most of the P values are less than 5%. In general, the performance of CABES is statistically significantly different from other five algorithms, which shows that CABES has better effectiveness than other algorithms.
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4.3 Sensitivity Analysis of CABES Parameters

In Section 4.2, the performance of CABES and the original BES are tested, with results verifying the effectiveness of the improvement. Since the position change parameter is replaced by the Cauchy mutation operator in CABES, there are only three user-defined parameters, i.e., population number N, parameter s and controlling spiral trajectory t. Therefore, there is a need to constantly adjust the parameters in CABES to compare with BES. 29 benchmark functions in the CEC2017 test set are chosen for experiments under 30D conditions. The scheme and results of various combination parameters are shown in Table 9. Table 10 exhibits the non-parametric Friedman test ranking using mean error.
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The following are the effects of algorithm parameters, as shown in Tables 9 and 10:

a.   The effect of population number N: According to the previous four combinations, it can be found that the more the population number is, the better the optimization effect is.

b.   The position changing parameter s, which affects the angle of the eagle’s search and hunting: when the value is around 7.5–10, the optimization result is better, which increases the global search diversity. At around 5, the results show that it is not conducive to optimization convergence.

c.   Search period parameter t. According to the combinations seven and eight in Table 9, it can be observed that when t is about 0.5, it is conducive to convergence, but the changing of t alone has little effect on the algorithm. The joint effect of general and positional change parameter s is more obvious.

d.   To sum up, the parameter of population N has a great influence on the optimization effect of the algorithm. Ideally, the larger the population is, the better it is. The parameters s and t, which control the position change of bald eagles, have negligible impact on the overall optimization, and are not as obvious as the population size.

5  Performance in Practical Optimization Problems

5.1 Constrained Engineering Optimization Problems

To test the CABES algorithm’s performance in engineering optimization tasks, four standard constrained engineering problems are selected for performance evaluation. These four problems are speed reducer design (SRD), tension/compression spring (TCS), pressure vessel design (PVD) and welded beam design (WBD). The SRD challenge is to determine the reducer’s minimal weight. The TCS issue is a restricted problem with three variables and four constraints. PVD is a four-constraint optimization problem with four different types of variables. The WBD issue comprises five restrictions and four variables for the creation of welded beams.

The penalty function method (penalty factor 1030) is employed to deal with the above four constrained problems. Each problem is tested 50 times independently and compared to the BES algorithm’s initial version. The processing data is shown in Table 11. CABES can produce better solutions to four engineering challenges than the original BES, as shown in the table. It converges to the fitness value of 5885.332773616 for PVD, 1.695247165 for WBD, 0.01351617 for TCS and 2994.424465757 for SRD. Compared with BES, CABES obtains more reliable results, meets the constraints, and can address the constrained engineering problems better.
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5.2 Parameter Optimization in Groundwater Test Model

5.2.1 Groundwater Test Model

Pumping test is carried out for a well in a confined aquifer, and the water level drawdown of the observation well can be expressed by the analytical solution of the Tess model, the mathematical model of which can be found in references [39–41].

The fitness function adopted is shown in Eq. (17).

minf(T,S)=1N∑i=1N(S−Si)2s.tT∈[Tmin,Tmax],S∈[Smin,Smax](17)

where Si is the measured drawdown of water level at the i-th recording point, in m; N represents the total number of recording points of the pumping test.

5.2.2 Groundwater Experimental Simulation

In order to test the modified CABES algorithm’s dependability, a confined aquifer is used for the flow pumping test. The data and relevant parameters in the experiment are obtained from [40]. It is known that the distance between the observation hole and the pumping well is r = 100 m. The main well is pumped with a constant flow, and the pumping capacity is q = 162.9 m3/min. The inversion parameters (T, s) are optimized by using CABES and other algorithms. The evaluation index includes root mean square error (RMSE), mean relative error (MRE), mean absolute error (MAE), with equations as Eqs. (18) to (20):

MRE=1n∑i=1n|s(i)−s∗(i)/s(i)|×100%(18)

RMSE=1n∑i=1n(s(i)−s∗(i))2(19)

MAE=1n∑i=1n|s(i)−s∗(i)|(20)

where s(i) is the measured value; s∗(i) is the simulated value of the model.

The four algorithms are performed 30 times in a row. Please refer to Table 4 for test parameters. Table 12 shows the statistical findings.
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5.2.3 Analysis of Results

(a)   The aquifer values obtained by the CABES algorithm are very close to those obtained by other methods. It is considered that CABES is an effective and feasible tool for parameter computation.

(b)   The CABES algorithm has the greatest inversion accuracy and fitness of 4.35E-05 when compared to other optimization algorithms, showing that the CABES algorithm has a more dependable global optimization capacity.

(c)   The order of the four algorithms in terms of error is as follows: CABES < YYFA < WOA < AOA.

(d)   The CABES algorithm ranks top because it has the minimum error index value. It is verified that the CABES algorithm has feasibility and competitiveness in the inversion of groundwater parameters.

6  Conclusions

This paper proposes an improved bald eagle search (CABES) based on the bald eagle search Algorithm (BES) for single objective optimization problems. The algorithm mainly combines the Cauchy mutation strategy and adaptive weight strategy, thereby strengthening the local mining ability of the original algorithm, improving the sufficiency of the vulture’s global search, effectively balancing the ability of local mining and global exploration, and avoiding the algorithm from falling into local optimization.

In the qualitative analysis of the algorithm, through comparison with other algorithms, 29 functions in the cec2017 test set are evaluated. The experimental results show that CABES performs better than other comparative algorithms in optimization ability and convergence accuracy when solving complex functions. While realizing strong development capability, it also ensures exploration performance, thus maintaining a good balance between development and exploration. Friedman test and Wilcoxon test also reflect the superior performance of the proposed algorithm in the statistical sense. However, according to the algorithm process, the time complexity of CABES is increased compared with that of BES, but they all belong to the same quantity set, which is acceptable.

Finally, the algorithm is applied to four different types of engineering design problems and a groundwater model, which further proves the applicability, effectiveness and superiority of CABES in optimization problems. It also shows the reliability of the CABES algorithm code proposed in this paper. Next, we will continue to improve the optimization mechanism of the bald eagle algorithm, improve its overall performance and to solve ability, apply it to more engineering design optimization problems, and further expand its application scope. In addition, we will also try to discretize the algorithm to solve discrete optimization problems.
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Table 3: Results on 10D benchmark functions

Function  Index CABES BES PSO WOA AOA YYFA
fun-1 Best 9.69E—02 6.17E—04 2.50E—01 9.89E +03 6.38E—01 1.47E—-05
Me 1.83E+01 3.34E+02 2.32E+ 03 1.72E 4+ 05 1.75E + 03 2.50E 401
Med 6.22E + 00 1.05E + 02 1.41E+ 03 8.16E 4 04 9.02E + 02 5.04E—04
Worst 1.83E+ 02 2.49E 403 9.42E+ 03 1.34E 4 06 1.13E+ 04 4.01E+02
STD 3.73E+01 5.46E + 02 2.78E+ 03 3.16E+05 2.31E+03 7.91E+ 01
fun-2 Best —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
Me —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
Med —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
Worst —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
STD 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00
fun-3 Best 0.00E + 00 0.00E + 00 2.29E-03 2.58E+01 5.68E—14 5.17E—-12
Me 7.58E—15 1.33E—-14 3.02E + 00 2.48E + 02 1.62E—05 7.26E—11
Med 0.00E + 00 0.00E + 00 3.35E-01 2.01E+02 1.11E-07 446E—11
Worst 5.68E—14 5.68E—14 3.77E + 01 7.12E+ 02 3.54E—-04 3.31E-10
STD 1.97E—14 245E—14 7.87E+ 00 1.94E 4 02 6.47E—05 7.29E—11
fun-4 Best 0.00E + 00 0.00E + 00 5.33E-01 1.36E + 00 8.36E—-02 7.96E—13
Me 5.87E—14 1.08E—13 6.45E + 00 1.74E 4 01 5.51E+00 2.64E—-01
Med 5.68E—14 5.68E—14 4.85E + 00 7.45E + 00 6.20E + 00 1.32E-01
Worst 1.71E—13 6.25E—13 7.01E+ 01 8.83E 401 9.55E + 00 1.17E + 00
STD 4.35E—14 1.15E—13 1.21E+01 2.40E 401 3.60E + 00 3.51E-01
fun-5 Best 2.98E + 00 1.99E + 00 7.96E + 00 2.00E 401 1.49E + 01 6.20E + 00
Me 1.01E + 01 1.06E + 01 1.77E+ 01 4.76E + 01 2.32E+01 1.31E+01
Med 9.45E + 00 8.70E + 00 1.59E + 01 4.85E + 01 2.29E + 01 1.29E + 01
Worst 2.09E + 01 2.89E 401 3.68E + 01 7.86E 4 01 3.28E+01 2.39E 401
STD 4.53E + 00 6.73E 4+ 00 7.96E + 00 1.63E 401 4.67E + 00 4.52E + 00
fun-6 Best 0.00E + 00 0.00E + 00 3.89E-04 6.84E + 00 5.24E-03 1.06E—05
Me 3.79E—14 4.59E—-01 8.08E—01 2.78E + 01 4.01E-01 4.93E—-02
Med 0.00E + 00 1.12E-03 6.83E—-03 2.51E+01 6.72E—02 1.96E—02
Worst 1.14E—13 3.50E + 00 6.51E + 00 4.69E + 01 5.55E+00 4.24E-01
STD 5.45E—14 9.12E—-01 1.53E 400 1.00E 4+ 01 1.07E 4+ 00 8.60E—02
fun-7 Best 1.31E+01 1.51E+01 1.56E + 01 4.19E + 01 1.62E 401 1.38E 401
Me 2.43E+01 2.33E+01 2.31E+01 7.37E 4 01 3.52E+01 2.06E + 01
Med 2.33E+01 2.10E+ 01 2.17E+ 01 7.22E + 01 3.54E 401 1.81E+ 01
Worst 3.28E+01 3.86E + 01 3.61E+01 1.11IE+ 02 6.01E 401 3.36E + 01
STD 5.18E + 00 6.52E 4 00 5.89E + 00 2.00E 4 01 9.70E 4 00 5.43E 4 00
fun-8 Best 1.99E + 00 4.97E + 00 4.97E +00 1.30E 4 01 7.96E + 00 3.99E + 00
Me 1.23E+ 01 141E+ 01 1.45E + 01 3.91E+ 01 1.66E + 01 9.98E + 00
Med 1.19E + 01 1.39E 4+ 01 1.39E + 01 4.08E + 01 1.59E 401 9.95E + 00
Worst 2.49E + 01 2.79E 4 01 2.79E + 01 5.97E + 01 2.69E 401 1.69E + 01
STD 5.30E + 00 5.21E+00 5.23E + 00 1.44E 4 01 4.83E + 00 3.56E + 00
fun-9 Best 0.00E + 00 0.00E + 00 9.55E-09 8.56E + 01 1.82E—10 1.93E—12
Me 2.61E-01 1.01E+ 01 1.81E—02 6.13E+ 02 7.44E—-01 1.53E—-01
Med 0.00E + 00 4.54E—01 7.57E—07 4.84E + 02 3.61E-01 4.99E—11
Worst 3.73E+ 00 1.85E + 02 5.44E—-01 2.80E + 03 5.64E 4 00 2.68E + 00
STD 7.89E—01 3.56E + 01 9.93E—02 5.12E+ 02 1.24E 4 00 5.02E—01
fun-10 Best 1.85E + 01 1.86E + 01 2.60E + 02 2.19E + 02 2.68E 401 2.50E—01
Me 4.38E+02 5.19E+ 02 7.45E+02 1.04E 4 03 4.06E + 02 5.75E+ 02
Med 4.56E +02 4.79E + 02 7.62E +02 1.06E + 03 3.97E+02 6.05E + 02
Worst 9.23E+ 02 1.12E+ 03 1.43E + 03 1.73E+ 03 7.63E + 02 9.21E+ 02
STD 2.08E + 02 2.80E + 02 3.13E+02 4.20E + 02 2.08E + 02 2.06E + 02
fun-11 Best 4.55E—13 9.95E—-01 3.69E + 00 1.78E + 01 9.95E-01 1.99E + 00
Me 5.47E + 00 7.88E + 00 1.93E + 01 8.39E + 01 1.29E 401 1.36E + 01
Med 5.19E + 00 5.97E + 00 1.78E + 01 7.96E + 01 8.12E 400 1.26E + 01
Worst 1.27E + 01 4.18E + 01 4.18E+01 2.24E + 02 7.79E 4 01 3.48E + 01
STD 3.45E + 00 7.33E + 00 1.12E + 01 5.17E 4+ 01 1.51E+01 8.83E 4+ 00
fun-12 Best 9.92E 401 7.01E + 02 5.45E + 02 4.17E + 03 2.44E 403 2.39E + 02
Me 5.88E+03 9.01E+ 03 1.68E + 04 3.86E + 06 5.12E+03 8.60E + 02
Med 2.70E + 03 5.91E+ 03 1.62E + 04 2.02E + 06 5.04E +03 7.40E + 02
Worst 2.58E + 04 3.01E+ 04 5.05E + 04 1.71E + 07 9.24E +03 1.96E + 03
STD 7.14E + 03 8.86E + 03 1.29E + 04 5.28E + 06 1.64E 4+ 03 4.82E + 02
fun-13 Best 3.00E + 00 6.62E + 00 1.45E + 02 3.39E+ 02 5.74E 4 02 1.14E 4 01
Me 1.71E + 01 1.31E+ 02 7.40E + 03 2.05E + 04 3.76E + 03 6.30E + 01
Med 1.18E + 01 5.92E 4 01 6.00E + 03 1.76E + 04 3.31E+03 4.20E + 01
Worst 6.70E 401 6.00E + 02 3.10E + 04 6.58E + 04 9.89E + 03 2.35E+ 02
STD 1.43E + 01 1.45E 4+ 02 7.10E + 03 1.50E 4+ 04 2.11E+403 5.25E 401
fun-14 Best 1.01E + 00 4.97E + 00 7.26E + 01 4.87E + 01 3.02E 401 2.99E + 00
Me 1.39E + 01 3.40E + 01 9.05E + 02 1.45E + 02 6.69E + 01 2.09E + 01
Med 8.76E + 00 2.84E + 01 3.20E + 02 1.21E+ 02 6.05E 401 2.46E + 01
Worst 3.89E 401 7.38E+ 01 7.79E + 03 4.36E + 02 1.33E+02 3.49E + 01
STD 1.09E + 01 1.70E 4+ 01 1.61E + 03 8.75E 4+ 01 2.56E 4+ 01 9.53E+ 00
fun-15 Best 8.18E—02 3.52E+00 491E+ 01 1.05E + 02 9.07E + 00 1.77E + 00
Me 1.07E + 01 4.44E + 01 2.37E+ 03 2.09E 403 7.97E + 01 2.14E 401
Med 6.13E + 00 2.93E+01 1.04E + 03 1.49E 403 5.98E 401 1.43E+ 01
Worst 4.93E + 01 2.37E+02 1.05E + 04 541E+03 4.19E+ 02 1.29E + 02
STD 1.14E 4+ 01 4.65E + 01 3.11E+03 1.75E 4+ 03 7.40E + 01 2.45E 401
fun-16 Best 3.49E—-01 1.40E—-01 1.65E + 00 4.60E + 01 1.77E + 00 4.85E-01
Me 5.66E + 01 5.62E 401 2.13E+02 2.35E+02 1.25E + 02 291E+ 01
Med 1.15E+ 01 6.48E + 00 2.40E + 02 2.09E + 02 1.02E + 02 4.25E+ 00
Worst 2.38E+ 02 3.59E 402 4.06E + 02 4.88E +02 3.62E + 02 2.39E + 02
STD 6.89E + 01 9.24E 401 1.30E 4+ 02 1.10E 4+ 02 1.30E + 02 5.78E 4 01
fun-17 Best 6.45E—01 1.78E 401 1.89E + 01 3.38E+01 2.58E+ 01 8.19E + 00
Me 2.57E+ 01 4.77E + 01 6.21E+01 8.98E + 01 6.58E 401 3.46E + 01
Med 2.12E+ 01 4.52E + 01 4.79E + 01 7.79E 4 01 5.84E 401 3.33E+01
Worst 8.16E + 01 9.48E + 01 1.54E + 02 1.83E 4+ 02 1.12E+ 02 5.33E+01
STD 1.73E+ 01 1.90E 4+ 01 3.51E+01 4.06E + 01 2.53E+01 1.04E + 01
fun-18 Best 1.75E 4+ 01 2.74E 401 7.68E + 02 1.96E + 02 9.17E 401 7.25E + 00
Me 6.57E + 01 1.31E+02 1.27E + 04 1.27E 4+ 04 1.35E + 03 4.84E + 01
Med 4.15E+ 01 1.01E 402 1.06E + 04 6.95E +03 1.15E+ 03 3.28E+ 01
Worst 2.48E + 02 429E+02 4.30E + 04 3.57E+ 04 3.52E+03 1.43E+ 02
STD 5.84E + 01 9.88E 4+ 01 1.08E + 04 1.14E 4+ 04 8.73E + 02 3.69E + 01
fun-19 Best 7.44E—02 3.04E + 00 1.20E + 01 1.24E + 02 5.09E + 00 1.19E + 00
Me 3.24E + 00 1.60E 401 3.85E+03 2.07E + 04 1.89E + 01 6.72E + 00
Med 2.59E + 00 9.83E 400 2.22E+ 03 9.85E+03 1.78E + 01 4.60E + 00
Worst 2.00E + 01 6.42E + 01 1.49E + 04 1.08E + 05 4.79E+ 01 2.70E 4 01
STD 3.67E 4+ 00 1.49E 401 4.06E + 03 2.77E + 04 1.09E + 01 5.65E 4 00
fun-20 Best 0.00E + 00 1.00E + 00 1.91E+ 01 5.59E 401 1.99E + 00 2.79E—-01
Me 1.37E + 01 4.54E + 01 9.58E+01 1.52E 402 3.11E+01 1.76E + 01
Med 3.30E + 00 2.13E+01 7.04E + 01 1.49E + 02 2.56E + 01 2.08E + 01
Worst 1.40E + 02 1.63E + 02 2.18E+ 02 2.85E+ 02 8.22E 401 4.34E + 01
STD 3.27E+01 5.82E 4+ 01 6.85E + 01 6.59E 4+ 01 1.86E + 01 1.09E 4 01
fun-21 Best 1.00E + 02 1.00E + 02 1.00E + 02 1.06E + 02 1.00E + 02 1.00E + 02
Me 1.79E + 02 1.74E + 02 1.68E + 02 2.04E + 02 1.78E + 02 1.20E + 02
Med 2.08E + 02 2.08E + 02 2.09E + 02 2.30E + 02 2.20E+02 1.00E + 02
Worst 2.25E+02 2.20E + 02 2.47E+ 02 2.99E + 02 247E+02 2.20E + 02
STD 5.26E + 01 5.32E 401 5.95E + 01 6.65E 401 6.46E 4+ 01 4.35E + 01
fun-22 Best 1.00E + 02 1.00E + 02 2.83E+ 01 5.69E 401 3.21E-05 1.00E + 02
Me 1.01E+ 02 1.01E 402 9.94E + 01 1.15E+ 02 3.97E + 01 1.03E + 02
Med 1.01E+ 02 1.01E 402 1.02E + 02 1.15E+ 02 2.75E+01 1.02E + 02
Worst 1.03E + 02 1.03E 4+ 02 1.04E + 02 1.56E + 02 1.04E + 02 1.11E+ 02
STD 6.62E—01 7.02E—01 1.34E 4+ 01 1.51E 401 3.39E 4+ 01 2.40E + 00
fun-23 Best 3.03E+ 02 3.03E+02 3.09E + 02 3.12E+02 3.15E+02 3.08E + 02
Me 3.12E+ 02 3.10E + 02 3.21E+ 02 344E + 02 3.31E+02 3.17E+ 02
Med 3.10E + 02 3.09E + 02 3.18E+ 02 3.38E+02 3.30E + 02 3.16E+ 02
Worst 3.26E + 02 3.26E 402 3.46E + 02 3.86E + 02 3.56E + 02 3.33E+02
STD 6.16E + 00 5.62E 4+ 00 1.03E + 01 1.78E 4+ 01 1.16E + 01 5.98E + 00
fun-24 Best 1.00E + 02 1.00E + 02 3.92E-03 1.02E + 02 1.00E + 02 1.00E + 02
Me 3.29E + 02 3.26E+ 02 2.87TE+02 3.60E + 02 2.95E + 02 2.07E + 02
Med 3.41E+02 3.38E+ 02 3.42E+ 02 3.76E + 02 3.46E + 02 1.00E + 02
Worst 3.57E+02 348E+ 02 3.57E+02 4.14E+ 02 4.29E+02 3.62E + 02
STD 5.07E 4+ 01 4.98E + 01 1.08E + 02 7.15E 4+ 01 1.11E+4+02 1.25E 4+ 02
fun-25 Best 3.98E + 02 3.98E + 02 3.98E + 02 1.05E + 02 3.98E + 02 3.98E + 02
Me 431E+02 4.28E + 02 4.26E +02 427E+ 02 427E+02 4.18E + 02
Med 4.44E +02 444E + 02 4.44E +02 4.52E+ 02 444E +02 4.00E + 02
Worst 5.24E + 02 5.24E+ 02 5.24E + 02 4.72E+ 02 447E+02 4.46E + 02
STD 2.86E + 01 2.97E 4+ 01 2.96E + 01 7.70E 4 01 2.24E 4+ 01 2.29E 401
fun-26 Best 2.00E +02 2.00E + 02 1.82E—04 2.18E+ 02 4.14E—-09 2.00E + 02
Me 3.39E+ 02 3.26E+ 02 2.77TE+02 7.06E + 02 2.55E + 02 3.10E + 02
Med 3.00E + 02 3.00E + 02 3.00E + 02 5.21E+ 02 3.00E + 02 3.00E + 02
Worst 5.10E + 02 5.19E+ 02 3.00E + 02 1.91E+ 03 6.05E + 02 5.27E+ 02
STD 7.36E + 01 7.77E 4+ 01 6.26E 4+ 01 4.88E + 02 1.36E 4+ 02 6.18E 4+ 01
fun-27 Best 3.89E + 02 3.89E + 02 3.92E + 02 3.90E + 02 3.88E+02 3.90E + 02
Me 4.00E +02 4.00E + 02 4.11E+02 4.18E+ 02 3.97E + 02 3.98E + 02
Med 3.95E + 02 3.96E + 02 3.97E+ 02 4.04E + 02 3.93E+02 3.98E + 02
Worst 4.52E+02 4.64E + 02 497E+02 5.24E+ 02 4.24E+02 4.10E+ 02
STD 1.67E + 01 1.75E 4+ 01 3.13E+401 3.14E 4+ 01 9.07E 4+ 00 4.43E + 00
fun-28 Best 3.00E + 02 3.00E + 02 3.00E + 02 3.71E+ 02 4.00E +02 3.00E + 02
Me 4.65E+02 5.04E + 02 4.59E+02 5.34E+ 02 5.38E+02 3.90E + 02
Med 5.93E + 02 6.12E + 02 5.84E + 02 6.05E + 02 5.00E + 02 3.00E + 02
Worst 6.12E + 02 9.36E + 02 6.45E + 02 9.32E+ 02 7.73E+ 02 6.12E + 02
STD 1.57E + 02 1.67E 4+ 02 1.50E + 02 1.26E + 02 7.53E 401 1.31E+ 02
fun-29 Best 2.29E+02 2.31E+02 2.44E+02 2.69E + 02 2.48E + 02 2.42E + 02
Me 2.68E +02 2.58E + 02 3.03E+ 02 4.15E+02 2.88E + 02 2.73E+ 02
Med 2.54E+02 2.54E + 02 2.82E+02 4.18E+ 02 2.83E+ 02 2.73E+ 02
Worst 3.79E + 02 3.13E+02 5.48E + 02 6.72E + 02 3.30E+02 3.15E+02
STD 3.83E+01 1.85E 4 01 5.89E 401 1.07E + 02 2.33E+01 1.66E + 01
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Table 8: Pair-wise comparison of CABES and other algorithms

Algorithm 10D 30D 50D 100D
CABES vs. BES 0.014 0.029 0.002 0.001
CABES vs. YYFA 0.716 0.163 0.003 0.001
CABES vs. AOA 0.074 0 0 0
CABES vs. WOA 0 0 0 0
CABES vs. PSO 0.004 0 0 0.005
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Table A1: Stability test results for 10D

10D CABES BES
fun-1 86.67% 36.67%
fun-2 100.00% 100.00%
fun-3 100.00% 100.00%
fun-4 100.00% 100.00%
fun-5 100.00% 100.00%
fun-6 100.00% 100.00%
fun-7 100.00% 100.00%
fun-8 100.00% 100.00%
fun-9 100.00% 100.00%
fun-10 33.33% 26.67%
fun-11 100.00% 100.00%
fun-12 6.67% 0.00%
fun-13 100.00% 93.33%
fun-14 100.00% 100.00%
fun-15 100.00% 100.00%
fun-16 100.00% 100.00%
fun-17 100.00% 100.00%
fun-18 100.00% 100.00%
fun-19 100.00% 100.00%
fun-20 100.00% 100.00%
fun-21 100.00% 100.00%
fun-22 100.00% 100.00%
fun-23 100.00% 100.00%
fun-24 100.00% 100.00%
fun-25 100.00% 100.00%
fun-26 100.00% 100.00%
fun-27 100.00% 100.00%
fun-28 100.00% 96.67%
fun-29 100.00% 100.00%
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Algorithm Complete CABES Algorithm
1:Randomly initialise Point Li for n.Point;
2:Calculate the fitness values of initial Point: f{Li ):
3:WHILE(the termination conditions are not met)

Select space
4:For(each point i in the population)
5: Calculate the population position(Li,new) in the select space through Eq.(1)
6: Calculate the population position after Cauchy 1on(L 'i,new) through Eq.(15)
7: If f{Li,new)<f(Li)
8: Li=Li new
9: IE AL ", new) <f(Li,new)
10: Li=L’inew
11: I£ f1L i new) <fiLbest)
127 Lbest =L 'i,new
132 End If
14: End If
15: End If
16:End for
Search in space
17:For(each point i in the population)
18: Calculate the population position(Zi,new) in the search space through Eq.(6)
19: Calculate the population position(Z i, new) in the search space through Eq.(16)
20: I f(Li,new) <f(Pi)
21 Li=Li,new
22: I£ /1L "t new) <f(Li,new)
23: Li=L’inew
24:: If f{L i, new)<f{Lbest)
25: Lbest =L i, new
26: End If
27 End If
28: End If
29:End for
Swoop
30:For(each point i in the population)
31: Calculate the population position(Zi,new) in the swoop space through Eq.(10)
32: I fiLinew)<fILi)
93 Li=Li,new
34: If fiLi,new)<f(Lbest )
353 Lbest =Li,new
36: End If
37: End If
38:End for
39:Set k:=k+1I;

40:END WHILE
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Table 4: Results on 30D benchmark functions

Function  Index CABES BES PSO WOA AOA YYFA
fun-1 Best 1.96E + 00 1.64E + 00 6.85E + 00 7.08E + 05 7.92E + 04 1.11IE+ 02
Me 4.71E + 02 941E+ 02 3.80E+ 03 2.76E + 06 5.03E+07 5.09E + 03
Med 3.55E+02 3.69E + 02 1.46E + 03 1.84E + 06 1.72E 4+ 06 2.53E+03
Worst 2.18E+03 4.94E + 03 1.67E + 04 1.61E + 07 8.59E + 08 1.81E + 04
STD 4.77E+02 1.30E 4+ 03 4.80E + 03 2.84E + 06 1.66E + 08 5.05E + 03
fun-2 Best —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+ 02
Me —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+ 02
Med —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E+02 —-2.00E+02 —2.00E+ 02
Worst —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E+02 —-2.00E+02 —2.00E+ 02
STD 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00
fun-3 Best 1.14E—13 2.84E—13 7.47E + 03 4.88E + 04 6.49E + 00 6.71E-01
Me 2.29E—13 1.11E-12 2.23E+ 04 1.42E + 05 2.08E+02 2.33E+01
Med 2.27E—13 8.53E—13 2.08E + 04 1.35E+ 05 6.36E 401 2.10E+ 01
Worst 4.55E—13 5.29E—-12 4.44E + 04 3.05E+05 3.07E+03 7.05E + 01
STD 8.38E—14 1.17E—12 9.46E + 03 5.55E+04 5.60E + 02 1.67E 4+ 01
fun-4 Best 3.94E—-07 9.21E-05 6.57E + 01 8.54E 401 5.75E 401 7.80E + 00
Me 2.38E+ 01 1.99E + 01 9.09E + 01 1.47E 402 9.58E + 01 9.01E + 01
Med 3.99E + 00 3.99E + 00 8.78E + 01 1.39E 4+ 02 8.60E 401 8.99E + 01
Worst 7.19E 4 01 6.41E + 01 1.17E+ 02 2.48E + 02 2.05E+02 1.38E + 02
STD 3.03E + 01 2.75E 4+ 01 1.64E 4+ 01 3.69E 4+ 01 3.23E+401 3.17E+4 01
fun-5 Best 3.68E + 01 6.07E 401 6.96E + 01 1.56E + 02 1.54E + 02 8.68E + 01
Me 7.60E + 01 1.18E + 02 1.11E+ 02 2.67E+ 02 1.83E + 02 1.25E + 02
Med 7.76E 4 01 1.13E+02 1.09E + 02 2.61E+02 1.82E + 02 1.30E + 02
Worst 1.10E 4 02 2.21E+02 1.51E+ 02 4.69E + 02 2.37TE+02 1.62E + 02
STD 1.73E+ 01 3.57E 401 2.57TE+ 01 7.09E 4+ 01 2.00E + 01 2.14E 4+ 01
fun-6 Best 2.27E—13 2.25E+ 00 1.87E + 00 4.37E + 01 2.20E +00 547E+ 00
Me 1.15E-03 1.95E 401 1.89E + 01 6.66E + 01 3.01E+01 1.65E + 01
Med 3.41E—-13 1.98E 401 1.22E+ 01 6.72E 401 3.25E+01 1.45E 4 01
Worst 2.06E—02 447E + 01 4.83E+ 01 8.18E 401 5.19E 401 4.08E + 01
STD 4.07E—03 9.22E 4+ 00 1.45E+ 01 9.59E + 00 1.44E + 01 8.73E 4+ 00
fun-7 Best 7.54E 4 01 1.09E + 02 7.32E 401 3.12E+02 1.50E + 02 1.39E + 02
Me 1.35E+ 02 2.08E + 02 1.13E + 02 5.20E 402 3.65E + 02 2.25E+ 02
Med 1.26E + 02 2.09E + 02 1.07E 4+ 02 5.13E+02 4.13E+02 2.12E+ 02
Worst 2.27E+ 02 3.26E 402 1.73E+ 02 6.80E + 02 5.21E+02 3.15E+02
STD 3.98E + 01 547E 401 2.66E 4+ 01 9.34E 401 1.30E + 02 4.65E + 01
fun-8 Best 5.27E+01 5.97E 4+ 01 5.77E + 01 1.16E + 02 9.37E 401 6.57E 4 01
Me 9.12E + 01 1.05E + 02 9.77E + 01 2.04E + 02 1.31E+ 02 9.19E + 01
Med 8.76E + 01 1.03E 4+ 02 9.25E + 01 2.05E + 02 1.32E+ 02 9.09E + 01
Worst 1.31E+ 02 1.62E + 02 1.44E 4 02 2.92E+ 02 1.73E+ 02 1.22E + 02
STD 1.76E 4+ 01 2.62E 4+ 01 2.45E+ 01 4.15E+01 1.89E + 01 1.62E 4+ 01
fun-9 Best 2.96E + 01 4.10E+02 8.05E + 01 3.09E +03 7.48E + 02 6.85E + 02
Me 1.70E + 02 1.96E + 03 1.38E+ 03 6.37E+03 2.68E + 03 1.68E + 03
Med 1.52E+ 02 1.73E+03 1.17E 4+ 03 6.00E + 03 2.95E+03 1.53E+03
Worst 4.44E + 02 5.27E+03 3.71E+03 1.10E + 04 4.31E+03 2.97E+ 03
STD 1.06E + 02 1.29E 4+ 03 1.05E + 03 1.93E+03 9.81E + 02 7.20E + 02
fun-10 Best 1.45E + 03 2.21E+03 2.64E + 03 3.80E +03 2.32E+03 2.37E+03
Me 3.06E + 03 3.68E+03 3.54E+03 5.11E+03 3.36E+03 4.08E + 03
Med 2.83E+ 03 3.23E+03 3.49E+ 03 5.16E+03 3.34E+03 4.12E + 03
Worst 5.25E+03 6.05E +03 4.67E + 03 6.47E +03 497E +03 5.96E + 03
STD 1.16E 4+ 03 1.09E 4+ 03 5.22E 402 6.11E 402 6.45E + 02 9.09E + 02
fun-11 Best 4.28E + 01 6.07E 401 6.08E + 01 1.97E + 02 6.35E 401 3.34E 4 01
Me 9.24E + 01 1.16E + 02 1.22E+ 02 3.50E + 02 1.11IE+02 1.12E+ 02
Med 8.82E + 01 1.13E+02 1.16E 4+ 02 3.18E+02 9.58E + 01 1.04E + 02
Worst 1.66E + 02 2.28E+ 02 2.94E + 02 8.57E 402 4.18E+02 2.04E + 02
STD 3.29E + 01 4.03E + 01 4.92E + 01 1.42E + 02 6.60E 4+ 01 4.40E + 01
fun-12 Best 1.44E + 03 1.49E + 03 2.66E + 04 3.73E+ 06 4.83E + 04 3.06E + 04
Me 9.88E + 03 1.17E+ 04 2.37E + 05 3.56E + 07 3.14E+ 06 3.43E+05
Med 6.06E + 03 1.08E + 04 1.41E + 05 2.35E + 07 2.08E + 06 1.62E + 05
Worst 3.17E+ 04 3.60E + 04 9.98E + 05 1.11E+ 08 2.59E + 07 1.76E + 06
STD 8.67E+03 7.37E+ 03 2.37E + 05 2.85E + 07 4.63E + 06 4.35E + 05
fun-13 Best 6.86E + 01 4.63E + 01 6.50E 401 2.80E + 04 4.23E+ 03 2.41E+ 02
Me 1.31E+ 04 1.39E + 04 1.34E + 04 1.16E + 05 7.43E + 05 1.28E + 04
Med 7.76E + 03 9.65E + 03 6.59E 403 8.24E + 04 5.35E+04 1.03E + 04
Worst 4.88E + 04 495E + 04 6.10E + 04 4.85E + 05 2.07E + 07 3.79E + 04
STD 1.44E + 04 1.34E 4+ 04 1.49E + 04 9.31E+4+ 04 3.77E + 06 1.05E 4+ 04
fun-14 Best 1.52E + 02 6.78E + 01 7.39E +02 2.05E + 04 5.21E+02 7.10E 4 01
Me 3.73E+ 02 2.30E + 02 2.23E+04 7.34E + 05 6.71E+03 1.57E+ 02
Med 2.96E +02 2.22E+ 02 1.22E + 04 3.38E+05 5.95E+03 1.48E + 02
Worst 1.55E + 03 3.84E + 02 9.68E + 04 2.61E+ 06 2.67E + 04 2.72E+ 02
STD 2.72E+02 8.33E 401 2.43E+04 7.78E + 05 5.50E +03 4.66E + 01
fun-15 Best 6.95E + 01 1.45E + 02 1.24E + 02 1.30E + 04 2.90E + 02 3.76E + 02
Me 5.38E+03 4.67E + 03 6.40E + 03 8.94E + 04 3.76E + 03 2.14E + 03
Med 2.88E + 03 1.87E+ 03 2.56E + 03 9.41E+ 04 2.71E+03 1.74E 4 03
Worst 2.22E+ 04 1.80E + 04 4.13E+04 1.88E + 05 1.20E + 04 7.82E+ 03
STD 6.13E+03 5.40E + 03 9.56E + 03 4.88E + 04 3.21E+03 1.71E+ 03
fun-16 Best 2.80E +02 1.62E + 02 4.93E+02 1.30E + 03 7.38E + 02 5.11E+ 02
Me 7.30E +02 7.08E + 02 9.06E + 02 1.93E+ 03 1.33E+03 9.42E + 02
Med 7.96E + 02 7.12E + 02 9.31E+ 02 1.94E + 03 1.34E 403 9.11E+ 02
Worst 1.25E + 03 1.18E+ 03 1.42E + 03 3.05E+ 03 2.03E+03 1.64E + 03
STD 2.68E + 02 2.44E + 02 2.36E +02 3.85E 402 2.47E + 02 2.42E + 02
fun-17 Best 2.97E + 01 5.01E + 01 7.27E + 01 3.09E + 02 1.94E + 02 6.47E + 01
Me 2.70E + 02 2.94E + 02 3.63E+ 02 7.90E + 02 6.97E + 02 3.22E+02
Med 2.86E +02 2.98E + 02 3.85E+ 02 7.91E + 02 6.55E+ 02 2.84E + 02
Worst 6.02E + 02 7.04E + 02 6.53E+ 02 1.21E+ 03 1.30E+03 6.71E + 02
STD 1.57E + 02 1.54E 4+ 02 1.71E + 02 2.33E + 02 3.23E+4+02 1.78E + 02
fun-18 Best 3.68E + 02 6.66E + 02 3.38E+ 04 5.95E+ 04 3.79E + 04 5.74E 4 02
Me 8.27E + 03 1.37E+ 04 1.54E + 05 2.70E + 06 1.43E+ 05 1.30E + 04
Med 6.92E + 03 8.64E + 03 1.09E + 05 1.75E + 06 9.43E + 04 1.08E + 04
Worst 2.20E + 04 7.33E+ 04 5.33E+05 8.64E + 06 5.16E+05 3.44E+ 04
STD 6.46E 4+ 03 1.53E+ 04 1.12E + 05 2.52E 4+ 06 1.19E 4+ 05 8.73E + 03
fun-19 Best 4.65E+01 1.54E + 02 1.09E + 02 2.63E + 04 2.11E+03 1.57E + 02
Me 5.13E+403 3.28E+03 5.96E + 03 3.18E+ 06 8.12E+03 1.51E+ 03
Med 1.94E + 03 1.34E 4 03 2.63E+03 2.23E+ 06 3.64E +03 1.13E+03
Worst 2.86E + 04 1.58E + 04 2.42E+ 04 1.13E + 07 1.22E 405 5.66E + 03
STD 6.90E 4+ 03 4.25E + 03 7.22E + 03 2.91E 4+ 06 2.17E+ 04 1.35E 4+ 03
fun-20 Best 1.54E + 02 1.30E + 02 2.33E+02 3.54E+ 02 1.97E + 02 1.79E + 02
Me 3.21E+02 3.16E+ 02 5.08E + 02 7.71E + 02 3.29E+02 2.55E + 02
Med 3.01E+02 2.77E + 02 4.83E+02 8.05E + 02 3.02E+ 02 2.11E+ 02
Worst 8.09E + 02 6.03E + 02 9.14E + 02 1.23E+ 03 5.26E 402 4.99E + 02
STD 1.48E + 02 1.26E + 02 1.94E + 02 2.12E+ 02 9.69E + 01 9.13E 401
fun-21 Best 2.25E+02 2.45E+ 02 2.39E+ 02 3.82E+02 2.82E+02 2.60E + 02
Me 2.62E + 02 2.96E + 02 2.96E + 02 4.80E +02 3.71E+ 02 3.13E+02
Med 2.63E+ 02 2.89E + 02 2.91E+02 478E +02 3.78E+ 02 3.05E+ 02
Worst 3.08E + 02 4.01E+02 3.58E+ 02 6.12E 4+ 02 425E+02 3.95E+ 02
STD 1.99E 4+ 01 3.78E 4+ 01 2.34E 4+ 01 548E 401 3.63E+01 3.02E 4+ 01
fun-22 Best 1.00E + 02 1.00E + 02 1.00E + 02 1.15E+ 02 1.07E + 02 1.00E + 02
Me 4.37E+ 02 1.01E 402 1.61E 4+ 03 4.23E+03 3.47E+03 1.01E + 02
Med 1.00E + 02 1.00E + 02 1.00E + 02 4.98E + 03 3.90E 4+ 03 1.00E + 02
Worst 4.87E+ 03 1.04E + 02 5.69E + 03 7.04E 4 03 6.88E + 03 1.04E + 02
STD 1.09E + 03 1.72E 4+ 00 2.21E+ 03 2.05E 4+ 03 1.83E + 03 1.35E 4+ 00
fun-23 Best 3.89E + 02 391E+02 4.18E + 02 548E + 02 442E+02 4.00E + 02
Me 4.20E + 02 4.60E + 02 4.95E + 02 7.40E + 02 6.55E + 02 5.02E + 02
Med 4.16E + 02 4.61E+02 4.83E+ 02 7.39E + 02 5.84E + 02 5.05E+ 02
Worst 4.72E + 02 5.52E+02 6.60E + 02 9.27E+02 9.97E + 02 5.94E + 02
STD 2.13E+01 4.05E + 01 5.42E + 01 1.02E 4+ 02 1.56E + 02 4.65E + 01
fun-24 Best 4.57TE + 02 4.68E + 02 4.69E + 02 6.04E + 02 4.95E+02 5.29E+ 02
Me 4.96E + 02 5.16E 402 5.45E + 02 7.62E + 02 6.01E + 02 6.08E + 02
Med 4.97E + 02 5.15E+02 5.40E + 02 7.66E + 02 5.78E + 02 5.99E + 02
Worst 5.52E+ 02 5.98E + 02 6.16E + 02 9.57E+ 02 8.33E+ 02 7.75E + 02
STD 2.25E+01 3.09E 4+ 01 3.76E + 01 9.21E 401 7.74E + 01 5.75E 4+ 01
fun-25 Best 3.83E+ 02 3.83E+02 3.84E + 02 3.97E+02 3.84E + 02 3.83E+ 02
Me 3.87E + 02 3.92E+02 3.91E+ 02 447E+02 4.16E+02 3.92E+ 02
Med 3.87E+ 02 3.88E+02 3.88E + 02 443E+02 4.15E+02 3.88E+ 02
Worst 4.10E + 02 440E +02 4.11E+02 5.27E+02 4.82E+02 4.17E+ 02
STD 4.83E + 00 1.47E 4+ 01 7.15E + 00 2.97E 401 2.61E +01 8.40E + 00
fun-26 Best 3.00E + 02 3.00E + 02 2.00E + 02 4.67E+02 2.18E+02 2.00E + 02
Me 1.95E + 03 2.59E+03 1.84E + 03 4.83E + 03 2.87E +03 9.12E + 02
Med 2.01E+ 03 2.53E+03 2.19E + 03 4.86E + 03 3.48E+03 3.00E + 02
Worst 3.19E+03 4.99E + 03 3.69E + 03 6.51E+03 5.18E+03 4.37E + 03
STD 4.89E + 02 945E 402 1.14E 4+ 03 1.39E 403 1.87E + 03 1.24E 4+ 03
fun-27 Best 5.03E + 02 5.09E + 02 5.13E+ 02 5.28E+02 5.00E + 02 5.18E+ 02
Me 5.31E+ 02 5.50E + 02 5.52E+ 02 6.55E 402 5.14E + 02 5.46E + 02
Med 5.29E + 02 5.53E+02 5.49E + 02 6.24E + 02 5.00E + 02 5.46E + 02
Worst 5.67E + 02 6.41E + 02 6.37E 4+ 02 8.65E 402 9.16E + 02 5.82E+ 02
STD 1.52E 4+ 01 3.01E+01 2.34E 4+ 01 8.43E 401 7.60E + 01 1.50E 4+ 01
fun-28 Best 3.00E + 02 3.00E + 02 3.82E+ 02 4.53E+02 4.08E+02 3.66E + 02
Me 3.34E + 02 3.33E+ 02 4.17E+ 02 4.99E +02 4.79E +02 4.17E+ 02
Med 3.00E + 02 3.00E + 02 4.10E + 02 4.96E + 02 5.00E + 02 4.15E+02
Worst 4.60E + 02 4.54E+02 4.67E + 02 5.97E 402 5.00E + 02 4.60E + 02
STD 5.79E + 01 5.71E 401 2.57TE 4+ 01 343E 401 3.22E+401 2.20E 401
fun-29 Best 4.58E + 02 5.05E+02 5.72E 4+ 02 8.55E+02 6.81E + 02 5.23E+02
Me 7.58E + 02 8.60E + 02 8.85E + 02 1.77E+03 1.18E + 03 9.18E+ 02
Med 7.58E + 02 8.95E + 02 8.30E + 02 1.69E 403 1.16E + 03 9.61E + 02
Worst 1.01E + 03 1.37E+03 1.40E + 03 3.07E+03 1.73E + 03 1.25E+ 03
STD 1.39E + 02 2.13E+02 2.16E+ 02 547E+ 02 2.79E+02 2.13E+ 02
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Table 9: Effect of different parameter combinations in CABES
3D Cl c2 c3 c4 Cs C6 c7 Cs8 c9 C.10 cll C12
N 80 30 50 100 80 80 80 80 80 80 80 80
s 10 10 10 10 5 7.5 10 10 5 5 7.5 7.5
‘ 1.5 1.5 1.5 1.5 1.5 1.5 0.5 2 0.5 2 0.5 2
fun-l  471E402 3.70E+03 1.51E+03 S.11E4+02 589E+02 7.98E+02 4.61E+02 S39E+02 826E+02 S594E+02 9.88E+02 9.17E+02
fun-2  —2.00E402 —2.00E+02 —2.00E+02 —2.00E+02 —2.00E+02 —2.00E+02 —2.00E402 —2.00E402 —2.00E+02 —2.00E+02 —2.00E+02 —2.00E+ 02
fun-3  229E—13  1.59E—11  2.71E—13  1.99E—13  2.60E—13  220E—13  0.00E+00 0.00E+00 0.00E400 233E—13  0.00E400 0.00E+00
fun-4  238E+01 257E401 2.55E+01  2.66E+01 272E4+01 2.59E+01 2.84E+01 197E+401 259E+01 232E+401 1L75E+01 2.76E+01
fun-5  7.60E+01 9.92E+01 9.51E+01 8.19E+01 7.59E+01 872E+01 7.60E+01 7.68E+01 721E+01 732E+401 8.19E+01 8.35E+01
fun-6  1.15E—03  447E—01 2.18E—02 120E—06 1.74E—03  534E—05 330E—03 126E—02 5.00E—04 143E—03 131E—02  4.14E—02
fun-7  135E4+02 1.67E+02 147E4+02 1.30E+02 131E+02 136E+02 143E+02 150E+02 128E+02 130E+02 1.42E+02 1.31E+02
fun-8  9.12E4+01 1.00E402 9.07E+01 7.72E+01 8.62E+01 8.82E+01 830E+01 852E+01 8.78E+01 8.67E+01 8.82E+01 7.95E+01
fun-9  L70E402 6.98E+02 3.97E+02 2.24E4+02 290E+02 L60E+02 250E+02 179E+02 204E+02 18IE+02 3.44E+02 1.49E+402
fun-10  3.06E+03 3.35E+03 3.23E+03 2.87E+03 3.65E+03 3.38E+03 327E+03 292E+03 3.52E+03 3.53E+03 3.37E403  3.17E+03
fun-11  9.24E+01 9.71E+01 8.33E+01 9.63E+01 842E+01 9.25E+01 7.59E+01 836E+01 1.02E+02 840E+01 7.26E+01  9.30E+0l
fun-12 9.88E+03 2.36E+04 1.22E+04 1.66E+04 1.06E+04 1.23E+04 1.08E+04 1I0E+04 107E+04 1.03E+04 123E+04 1.I3E+04
fun-13  131E+04 1.93E+04 1.30E+04 1.45E+04 1.34E4+04 137E+04 1.39E+04 139E+04 1.O0SE+04 122E+04 136E+04 1.19E+04
fun-14  3.73E+02 8.84E+02 3.60E+02 2.89E+02 3.26E+02 3.91E+02 3.04E4+02 330E+02 286E+02 320E+02 3.65E+02 3.10E+02
fun-15  538E-+03 G6.IS8E+03 6.57E+03 5.02E+03  643E+03  4.65E+03 S594E+03 583E+03 630E+03 SG9E-+03 S90E+03 5.22E+03
fun-16  7.30E4+02 7.17E+02 6.59E+02 6.66E+02 6.83E+02 6.25E+02 7.I3E+402 6.I12E4+02 7.59E+02 G6.64E+02 T.2E402  6.68E 402
fun-17  270E+02 3.51E402 291E+02 2.34E4+02 281E+02 3.55E+02 2.80E+02 298E+02 337E+02 292E+02 322E+02 3.46E+02
fun-18  827E+03 128E+04 6.83E+03 1.01E+04 8.33E+03 7.37E+03 9.34E+03 1.05SE+04 1O2E+04 9.89E+03 9.57E+03 7.27E+03
fun-19  5.13E+03 8.33E+03 5.09E+03 4.58E+03 537E+03 S82E+03 494E+03  7.02E+03 S553E+03  426E+03  5.74E+03  7.79E+03
fun-20 321E4+02 4.05E+02 3.26E+02 321E+02 3.09E+02 3.11E+02 3.12E+402 292E+02 3.05E+02 293E+02 3.19E+02 3.08E+02
fun-21  2.62E+02 282E+02 2.62E+02 2.58E+02 2.65E4+02 2.60E+02 262E+02 261E+02 270E+02 2.64E+02 2.65E+02  2.68E+02
fun-22  437E+02 333E+02 487E+02 3.11E+02 2.08E+02 1L66E+02 247E+02 1OIE+402 231E+02 178E+02 1.80E+02 1.00E+02
fun-23  420E+02 441E+02 431E+02 4.12E+02 415E4+02 414E+02 413E4+02 422E+402 430E+02 417E+02 421E+02  4.1SE+02
fun-24  496E+02 S.OGE+02 497E+02 4.88E+02 4.85E+02 481E+02 493E+02 497E+02 487E+02 485E+02 4.89E+02 4.88E+02
fun-25 3.87E4+02 3.90E+02 3.92E+02 3.88E+02 3.93E+02 3.89E+02 3.90E+02 3.87E+02 390E+02 3.89E-+02 3.86E+02 3.88E+02
fun-26  1.95E+03 1.82E+03 1.96E+03 1.80E+03 1.92E+03 L8IE+03 201E+03 2.00E+03 184E+03 2.00E+03 1.94E+03 1.84E+03
fun-27  531E+02 S543E402 5.34E4+02 5.28E402  532E+02  S31E+02  S529E+402  S30E+02  S3IE+02  S3IE4+02  5.32E402  5.29E+402
fun-28  3.34E4+02 3.28E+02 3.30E4+02 3.35E402 3.39E4+02  3.32E402 3.06E+02 349E+02 328E+02 345SE+02 326E+02  3.40E+02
fun-29  7.58E+02 7.70E+02 844E4+02 7.73E4+02  7.30E+02 7.A8E+02 727E+02 739E+02 TISE+02 7ISE4+02 7.22E402  7.38E+02
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Table 7: Ranks computed by Friedman test forCEC2017 function set

Algorithm 10D 30D 50D 100D
CABES 2.56(2) 1.77(1) 1.52(1) 1.6(1)
BES 3.13(3) 2.7(2) 2.52(2) 2.78(3)
YYFA 2.13(1) 2.88(3) 2.7(3) 3.84(4)
AOA 3.58(4) 4.41(5) 4.23(4) 4.81(5)
PSO 3.94(5) 3.41(4) 4.95(5) 2.57(2)
WOA 5.65(6) 5.84(6) 5.09(6) 5.4(6)
P-value 0 0 0 0
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Algorithm for Adaptive weight:

Search in space

1:for i=1:N do

2: Calculate the Point Li,new (i=1,2.....N) by Eq.(6);

3:  Calculate the Point L’i,new (i=1.2,....N) by Eq.(16)

4: Calculate the fitness values of Point: f{Li,new). f{L’i,new ),
5:  Evulate and select the top V indivuduals in Li,new

6: Evulate and select the best fitness to f{Li,new).

7:end for
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Table 12: Parameter inversion results of different optimization methods

Algorithm T S Fitness = MRE RMSE  MAE
CABES 31.0632  0.0663 4.35E—05 0.0065 0.0066 0.005
YYFA 31.1971  0.0664 5.97E—05 0.0067 0.0077 0.0055
WOA 31.4769  0.0643 7.45E—-05 0.0117 0.0086 0.007
AOA 30.6071  0.0689 8.82E—05 0.0129 0.0094 0.0074
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Table 11: Constraint engineering problem results

PVD WBD TCS SRD
Algorithm  BES CABES BES CABES BES CABES BES CABES
X1 12.450698366  12.450698262  0.205729591  0.205729640  0.050000000  0.050000000 3.5 3.5
x 6.154393001  6.154386602  3.253121189  3.253120041  0.317424113  0.317425416 0.7 0.7
X3 40.319618926  40.319618724  9.036625128  9.036623910  14.036682394  14.027769749 17 17
x4 200.000000000  200.000000000  0.205729654  0.205729640  NA NA 7.3 7.3
x5 NA NA NA NA NA NA 7715319911  7.715319911
x5 NA NA NA NA NA NA 3350540949  3.350540949
x7 NA NA NA NA NA NA 5286654465 5286654465
g ~0.000000398  0.000000000  —0.000000063  0.000000000  —0.000623033  0.000000000  —2.155 ~2.155
o ~0.000000003  0.000000000  —0.228310494  —0.228310484  —0.000003232  0.000000000  —98.135 —98.135
3 ~0.000000003  —40.000000000 —0.001759201  0.000000000  —3.965322314  —3.968436271 —1.925121778  —1.925121778
o ~0.014325234  0.000000000  —0.002308888  0.000000000  —0.755050591  —0.755049723  —18.30992269  —18.30992269
g5 NA NA ~0.010128910  0.000000000  NA NA 0 0
) NA NA NA NA NA NA 0 0
s NA NA NA NA NA NA _28.1 _28.1
g5 NA NA NA NA NA NA 0 0
9 NA NA NA NA NA NA -7 -7
g0 NA NA NA NA NA NA —0.374188576  —0.374188576
g1 NA NA NA NA NA NA 0 0
F(X) 5885.334010000 5885.332773616 1.695247562  1.695247165  0.013519634  0.013512617  2994.424465758 2994.424465757

Among them, PVD has 4 decision variables and 4 constraints; WBD has 4 decision variables and 5 constraints; TCS has 3 decision variables and 4 constraints;
SRD has 7 decision variables and 11 constraints.
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Table 1: CEC 2017 benchmark functions

No. Function type fi

1 a 100
2 a 200
3 b 300
4 b 400
5 b 500
6 b 600
7 b 700
8 b 800
9 b 900
10 c 1000
11 c 1100
12 c 1200
13 c 1300
14 c 1400
15 c 1500
16 c 1600
17 c 1700
18 c 1800
19 c 1900
20 d 2000
21 d 2100
22 d 2200
23 d 2300
24 d 2400
25 d 2500
26 d 2600
27 d 2700
28 d 2800
29 d 2900






OEBPS/Images/table-6.png
Table 6: Results on 100D benchmark functions

Function  Index CABES BES PSO WOA AOA YYFA
fun-1 Best 7.77TE—01 1.20E—-02 1.29E + 02 1.83E + 07 2.25E+09 4.54E + 06
Me 5.41E + 03 9.28E+03 1.25E+ 05 3.17E+07 1.59E + 10 2.55E+ 07
Med 3.05E+03 7.18E+03 1.92E + 04 2.94E + 07 1.53E+ 10 1.95E + 07
Worst 2.60E + 04 4.90E + 04 1.94E + 06 5.23E+07 3.24E+ 10 6.20E + 07
STD 6.25E + 03 1.09E + 04 3.75E 4+ 05 9.39E + 06 7.20E + 09 1.75E + 07
fun-2 Best —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
Me —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
Med —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
Worst —2.00E+02 —-2.00E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+02
STD 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00
fun-3 Best 3.43E—-04 5.36E+03 2.37E + 05 1.78E + 05 4.84E + 04 2.48E + 04
Me 1.06E—02 1.76E + 04 3.57E+05 5.73E+05 6.91E + 04 340E + 04
Med 6.70E—03 1.73E + 04 3.57E+05 5.66E + 05 6.52E + 04 3.29E+ 04
Worst 4.57TE-02 391E+04 5.87TE+ 05 8.88E+05 9.84E + 04 4.67E + 04
STD 1.13E—02 7.90E + 03 8.37E+ 04 1.84E + 05 1.41E+04 4.51E + 03
fun-4 Best 1.04E + 01 5.98E + 01 1.96E + 02 4.62E+02 6.74E + 02 3.36E+ 02
Me 1.42E + 02 1.81E 4+ 02 2.90E+ 02 6.12E 4+ 02 1.48E + 03 4.51E+02
Med 1.47E 402 1.89E + 02 2.97E+ 02 6.15E 402 1.44E + 03 4.39E + 02
Worst 2.75E+02 2.77E+ 02 3.64E + 02 7.77E + 02 3.58E+03 5.86E + 02
STD 6.34E + 01 5.03E 401 3.85E + 01 7.62E 4+ 01 6.22E + 02 5.69E + 01
fun-5 Best 4.48E + 02 5.35E+02 4.33E+02 7.50E + 02 7.54E+02 6.63E + 02
Me 6.06E + 02 6.65E + 02 5.88E + 02 9.30E 402 8.18E + 02 7.40E + 02
Med 6.09E + 02 6.50E + 02 5.82E 4+ 02 9.28E + 02 8.23E+ 02 7.35E+ 02
Worst 7.16E + 02 8.15E+02 7.90E + 02 1.23E+03 9.00E + 02 8.57E + 02
STD 6.05E + 01 7.11E+401 1.04E + 02 9.69E + 01 3.55E 401 5.02E 4+ 01
fun-6 Best 1.14E—12 4.35E + 01 3.05E + 01 6.85E 401 5.63E+01 3.64E + 01
Me 1.36E—-01 5.35E+01 4.35E+ 01 7.92E 401 6.08E + 01 5.98E + 01
Med 2.78E—02 5.26E 401 4.32E+ 01 7.67E 401 6.10E 401 5.99E + 01
Worst 1.37E 4+ 00 6.22E 401 6.26E + 01 1.01E 402 6.75E 401 7.82E + 01
STD 2.97E—01 5.10E 400 7.30E+ 00 9.57E 4+ 00 2.59E + 00 6.96E + 00
fun-7 Best 7.39E +02 1.20E + 03 5.56E + 02 2.13E+03 2.04E 403 1.67E+ 03
Me 1.25E + 03 1.76E 4 03 7.67E + 02 2.51E+03 2.55E+03 1.92E 4+ 03
Med 1.25E + 03 1.79E + 03 7.15E+02 2.56E + 03 2.55E+03 1.91E+ 03
Worst 1.63E + 03 2.19E+ 03 1.02E + 03 2.83E+ 03 2.89E 403 2.18E+ 03
STD 2.17E+02 2.39E + 02 1.45E + 02 1.83E 4+ 02 1.86E + 02 1.32E 4+ 02
fun-8 Best 3.78E+ 02 544E + 02 4.65E+02 7.68E + 02 8.26E + 02 7.51E+ 02
Me 5.89E + 02 7.50E + 02 6.09E + 02 1.08E + 03 9.62E + 02 8.58E + 02
Med 5.70E + 02 7.40E + 02 5.99E + 02 1.09E + 03 9.64E + 02 8.55E+ 02
Worst 7.88E +02 1.02E 4+ 03 8.15E+ 02 1.39E 4+ 03 1.06E 4 03 9.86E + 02
STD 9.23E 4+ 01 1.05E 4 02 8.53E 401 1.15E 4+ 02 6.18E 401 6.10E 4 01
fun-9 Best 1.02E + 04 1.43E+ 04 1.14E + 04 2.51E+ 04 2.00E + 04 1.95E + 04
Me 1.75E + 04 2.04E + 04 1.82E + 04 3.80E + 04 2.34E + 04 2.78E + 04
Med 1.42E + 04 1.90E + 04 1.82E + 04 3.17E+ 04 2.27E+ 04 2.87E+ 04
Worst 5.19E + 04 5.36E+ 04 2.45E+ 04 7.70E + 04 3.19E+ 04 3.74E+ 04
STD 9.81E+03 9.15E + 03 3.11E4+03 1.42E + 04 2.64E + 03 4.69E + 03
fun-10 Best 9.90E + 03 1.03E+ 04 1.03E + 04 1.41E+ 04 9.76E + 03 1.69E + 04
Me 1.31E+ 04 1.33E+ 04 1.36E + 04 1.97E + 04 1.27E + 04 2.13E+ 04
Med 1.28E + 04 1.34E + 04 1.40E + 04 2.00E + 04 1.26E + 04 2.14E + 04
Worst 2.61E+04 1.64E + 04 1.64E + 04 2.62E + 04 1.51E+ 04 2.49E + 04
STD 2.70E + 03 1.27E+ 03 1.53E + 03 2.94E 4+ 03 1.26E 4+ 03 2.02E 4+ 03
fun-11 Best 421E+02 6.96E + 02 1.00E + 03 3.35E+03 2.32E+03 1.32E+ 03
Me 7.23E + 02 1.09E + 03 1.31E+ 03 7.08E + 03 1.06E + 04 2.23E+03
Med 7.31E+02 1.07E+ 03 1.30E + 03 5.93E+ 03 6.14E +03 2.25E+ 03
Worst 1.05E + 03 147E+ 03 1.72E + 03 2.17E+ 04 1.14E 4 05 3.62E + 03
STD 1.72E + 02 2.24E + 02 1.94E + 02 3.58E + 03 2.01E+ 04 5.72E 4 02
fun-12 Best 6.04E + 04 8.98E + 04 2.34E + 06 1.88E + 08 1.18E + 08 1.22E + 07
Me 1.74E + 05 2.34E + 05 4.90E + 06 6.53E+ 08 2.13E+09 4.7TE+ 07
Med 1.70E + 05 2.38E+ 05 4.19E + 06 6.32E + 08 1.01E+ 09 4.38E + 07
Worst 4.03E+05 4.18E + 05 1.13E + 07 1.39E + 09 1.54E + 10 9.84E + 07
STD 7.16E + 04 9.50E 4+ 04 2.02E + 06 3.02E + 08 3.31E+09 2.33E 4+ 07
fun-13 Best 3.50E + 02 2.49E 4 03 1.60E + 03 3.97E+ 04 9.07E 4+ 04 3.55E+03
Me 8.79E + 03 9.31E+03 8.29E + 03 3.73E+05 2.52E+ 08 1.15E+ 04
Med 5.81E+03 9.89E + 03 5.82E+03 8.18E+ 04 6.06E + 05 1.09E + 04
Worst 3.45E + 04 1.81E + 04 2.93E+ 04 5.22E+ 06 6.17E + 09 4.22E+ 04
STD 8.71E+03 4.45E + 03 6.79E + 03 1.12E 4+ 06 1.12E+09 7.27E+ 03
fun-14 Best 2.04E + 03 2.01E+03 2.01E+05 6.24E + 05 4.98E + 05 8.74E 4 04
Me 1.00E + 04 9.58E + 03 6.60E + 05 2.31E+ 06 1.31E+ 06 2.95E + 05
Med 8.18E+03 8.72E + 03 6.34E + 05 2.01E+ 06 1.12E+ 06 2.69E + 05
Worst 2.34E+ 04 2.58E+ 04 1.39E + 06 5.29E + 06 2.77E+ 06 8.40E + 05
STD 5.10E+03 5.52E + 03 3.02E 4+ 05 1.32E 4+ 06 6.33E+05 1.56E + 05
fun-15 Best 4.36E +02 4.12E+ 02 4.52E+02 2.13E+ 04 1.62E + 04 7.55E + 02
Me 6.62E + 03 4.46E + 03 3.49E + 03 1.07E + 05 347E+05 3.68E + 03
Med 4.30E +03 1.50E + 03 1.84E + 03 6.83E 4 04 6.73E 4+ 04 3.00E + 03
Worst 2.46E + 04 1.91E+ 04 1.35E + 04 6.95E + 05 3.50E + 06 1.62E + 04
STD 6.54E + 03 5.01E + 03 3.50E+03 1.48E + 05 7.17E 4+ 05 3.55E+03
fun-16 Best 2.26E + 03 2.52E+03 2.20E + 03 5.33E+03 3.69E + 03 2.70E + 03
Me 3.66E + 03 3.73E+03 3.43E + 03 7.82E+03 4.87E+03 4.07E + 03
Med 3.65E+03 3.65E+03 3.37TE+03 7.99E + 03 4.72E+03 4.10E + 03
Worst 5.21E+03 5.53E+03 4.88E + 03 9.76E + 03 6.38E+03 5.51E+03
STD 6.62E + 02 6.99E + 02 5.87E 4+ 02 1.20E 403 6.38E + 02 7.05E + 02
fun-17 Best 1.70E + 03 2.26E+03 2.21E+ 03 3.12E+03 2.35E+03 2.08E + 03
Me 2.78E + 03 3.39E+03 3.25E+03 5.56E +03 3.43E+03 3.51E+03
Med 2.76E + 03 3.33E+03 3.15E+03 543E+03 3.43E+03 3.53E+03
Worst 3.94E + 03 444E + 03 4.14E+ 03 8.11E+03 4.29E +03 4.76E + 03
STD 6.05E + 02 5.09E 4 02 5.04E + 02 1.11IE+403 5.21E+02 6.29E + 02
fun-18 Best 1.50E + 04 2.90E + 04 425E+05 6.09E + 05 1.07E + 06 7.84E + 04
Me 3.14E + 04 1.02E + 05 9.45E + 05 2.15E+ 06 3.51E+07 3.13E+05
Med 3.02E + 04 1.00E + 05 8.32E+ 05 2.00E + 06 2.08E + 07 2.53E+ 05
Worst 6.07E + 04 2.54E 405 3.25E+ 06 4.51E+ 06 1.36E + 08 1.30E + 06
STD 1.23E+ 04 5.25E+04 5.56E + 05 1.01E+ 06 3.49E + 07 2.52E+ 05
fun-19 Best 2.32E+02 348E+02 3.57E+02 3.64E + 06 4.38E + 04 2.72E+ 02
Me 6.99E + 03 4.98E + 03 2.53E + 03 1.48E + 07 3.98E + 07 4.17E + 03
Med 3.15E+03 1.40E 403 1.36E + 03 1.41E+ 07 9.74E + 05 3.27E+03
Worst 2.78E + 04 1.73E + 04 8.34E+ 03 2.69E + 07 1.02E + 09 1.65E + 04
STD 8.00E + 03 6.14E + 03 2.33E+ 03 6.84E + 06 1.86E + 08 4.12E + 03
fun-20 Best 1.61E 4+ 03 1.85E 403 2.05E+ 03 2.89E 403 3.09E 403 1.74E + 03
Me 2.31E+ 03 2.79E+ 03 2.86E + 03 4.14E + 03 5.45E+03 2.91E+03
Med 2.18E+ 03 2.65E+03 2.82E + 03 4.14E + 03 5.76E + 03 2.91E+03
Worst 3.42E+03 4.53E+ 03 3.90E + 03 5.54E +03 6.05E 4+ 03 3.70E + 03
STD 4.59E + 02 6.77E 4+ 02 5.54E 4+ 02 5.28E 402 7.93E +02 441E+ 02
fun-21 Best 5.71E+ 02 7.30E + 02 5.84E 4 02 1.43E+03 8.48E + 02 9.78E + 02
Me 6.74E + 02 8.64E + 02 9.03E + 02 1.80E 403 1.21E+ 03 1.17E+ 03
Med 6.63E + 02 8.40E + 02 9.14E + 02 1.77E+03 1.23E + 03 1.18E+ 03
Worst 8.48E + 02 1.11IE+03 1.09E + 03 2.27E+03 1.62E + 03 1.36E + 03
STD 6.23E + 01 9.50E 4+ 01 1.16E 4+ 02 1.80E 4+ 02 1.88E + 02 8.36E + 01
fun-22 Best 1.00E + 02 1.24E + 04 1.28E + 04 1.80E + 04 1.27E + 04 1.85E + 04
Me 1.45E + 04 1.60E + 04 1.54E + 04 2.19E + 04 1.58E + 04 2.26E + 04
Med 1.47E 4+ 04 1.64E + 04 1.55E + 04 2.17E+ 04 1.56E + 04 2.30E + 04
Worst 1.84E + 04 1.89E + 04 1.86E + 04 2.63E+ 04 1.82E + 04 2.61E+ 04
STD 3.06E + 03 1.55E+03 1.44E + 03 2.46E 4+ 03 1.10E + 03 2.00E 4+ 03
fun-23 Best 7.65E + 02 1.08E 403 1.14E + 03 1.96E + 03 2.85E+03 1.23E+03
Me 8.79E + 02 1.36E+03 1.42E + 03 2.36E+03 4.70E +03 1.50E + 03
Med 8.70E + 02 1.35E+03 1.41E + 03 2.28E+03 4.15E+03 1.48E+ 03
Worst 1.05E + 03 1.69E 403 1.72E + 03 2.93E+03 6.12E+ 03 1.81E+ 03
STD 6.36E + 01 1.61E 4+ 02 1.45E 4+ 02 2.77E+ 02 1.23E + 03 1.33E+ 02
fun-24 Best 1.32E + 03 1.69E 403 1.47E 4 03 2.75E+03 2.18E+03 1.58E+ 03
Me 1.44E + 03 2.10E+03 1.69E + 03 345E+03 2.74E + 03 2.04E + 03
Med 1.43E + 03 2.13E+03 1.65E + 03 344E +03 2.82E+03 2.01E+03
Worst 1.73E + 03 2.44E 403 1.97E + 03 4.10E + 03 3.56E+03 2.43E+ 03
STD 9.12E + 01 1.87E + 02 1.35E 4+ 02 3.54E 4+ 02 4.01E+02 2.05E + 02
fun-25 Best 6.79E + 02 6.58E + 02 6.41E + 02 1.01E+ 03 1.32E+03 8.96E + 02
Me 7.86E + 02 7.49E + 02 8.04E + 02 1.12E+ 03 1.83E+03 9.98E + 02
Med 7.81E+02 7.55E+ 02 8.12E+ 02 1.13E+03 1.71E+03 9.95E + 02
Worst 8.93E + 02 8.55E+ 02 9.24E + 02 1.30E + 03 3.74E +03 1.12E+ 03
STD 5.00E 4+ 01 5.65E 4 01 6.61E 401 7.14E 4+ 01 5.02E 4+ 02 5.68E + 01
fun-26 Best 7.16E + 03 1.23E+ 04 3.11E+02 2.04E + 04 4.17E+ 03 6.86E + 02
Me 9.71E+03 1.74E + 04 1.09E + 04 291E+ 04 1.32E+ 04 6.31E + 03
Med 9.64E + 03 1.72E + 04 1.19E + 04 2.95E + 04 1.46E + 04 1.46E + 03
Worst 1.44E + 04 2.34E + 04 1.80E + 04 3.49E+ 04 2.36E + 04 2.12E+ 04
STD 1.38E + 03 3.10E + 03 4.64E + 03 3.39E + 03 6.60E + 03 7.83E 4+ 03
fun-27 Best 7.79E + 02 7.93E + 02 7.72E+02 1.38E+ 03 5.00E + 02 8.35E+ 02
Me 8.96E + 02 1.22E+03 9.96E + 02 2.44E 4 03 5.03E + 02 1.00E + 03
Med 8.96E + 02 1.16E+ 03 9.84E + 02 2.39E+ 03 5.00E + 02 9.87E + 02
Worst 1.04E + 03 1.82E+ 03 1.42E + 03 3.94E + 03 5.88E 402 1.26E + 03
STD 7.91E + 01 2.43E + 02 1.33E + 02 6.08E + 02 1.61E 401 1.06E + 02
fun-28 Best 4.78E +02 474E + 02 5.33E+02 7.79E + 02 5.00E + 02 7.09E + 02
Me 5.30E + 02 5.46E + 02 6.24E + 02 8.94E + 02 1.17E+03 8.05E + 02
Med 5.37E+ 02 542E + 02 6.29E + 02 8.87E + 02 5.00E + 02 7.97E + 02
Worst 5.84E + 02 6.22E + 02 6.89E + 02 1.05E 4+ 03 2.68E+03 1.04E 4 03
STD 2.93E+01 3.63E 401 4.21E+01 6.00E + 01 7.91E + 02 7.43E 4+ 01
fun-29 Best 2.57TE+03 341E+03 2.87E +03 8.03E + 03 2.37E+03 2.88E+ 03
Me 3.32E+ 03 4.32E + 03 3.98E+03 1.06E + 04 3.73E+03 4.33E+ 03
Med 3.33E+03 4.23E + 03 4.04E+03 1.03E + 04 3.53E+03 441E + 03
Worst 4.30E +03 5.50E + 03 4.86E +03 1.36E + 04 5.30E+03 5.65E+ 03
STD 4.64E +02 4.53E+02 4.69E +02 1.65E + 03 6.93E + 02 5.70E + 02
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Algorithm for Cauchy mutation:

Select space

1:Randomly initialise Point Li for n.Point,

2:Calculate the fitness values of initial Point: f1Li );

3:for i=1:Ndo

4:

Calculate the Point Li (i=1,2.....N) by Eq.(1);
Calculate the Point Li’(i=1,2.....N) by Eq.(15);
Calculate the fitness values of Point: f{Li ), f{Li’);
Evulate and select the top V indivuduals in Li.

Evulate and select the best fitness to f{Li ).

9:end for
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Table 2: Parameter settings in each algorithm

Algorithms  Parameter settings
BES a=2;R=1.5a=10
CABES a=2;R=15;a=10
PSO Inertia Weight Damping Ratio =0.99; C1 = 1.5 (Personal Learning Coefficient);
C2 =2.0 (Global Learning Coefficient)
WOA a variable decreases linearly from 2 to 0;
a; linearly decreases from —1 to —2; b=1.
AOA Cl1=2,C2=6,u=0.9,/=0.1
C3=1,C4=2 (benchmark functions) C3 =2, C4=0.5 (engineering problem)
YYFA B0=1, fmin=0.2, «(0)=0.2,y =1, L=2800
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Table 10: Friedman means for different combinations of parameters

Combinations Parameters The average rank
C.1 N=80,5s=10,7r=1.5 5.98
C.2 N=30,5s=10,7r=1.5 10.36
C3 N=50,5s=10,7r=1.5 8.19
C4 N=100,5s=10,7r=1.5 4.95
C5 N=80,s=5,1=1.5 6.64
C.6 N=80,5s=7.5,t=1.5 5.72
C.7 N=80,5s=10,7=0.5 5.72
CS8 N=280,s=10,1=2 6.19
C9 N=80,5s=5,71=0.5 6.29
C.10 N=80,5s=5,1=2 5.12
C.11 N=80,5=7.5,t=0.5 6.81
C.12 N=80,5s=75,1=2 6.02

P-value 0
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Table 5: Results on 50D benchmark functions

Function  Index CABES BES PSO WOA AOA YYFA
fun-1 Best 1.39E + 00 2.43E-03 1.84E + 00 1.72E + 06 6.19E + 06 5.70E + 03
Me 5.02E + 03 6.20E + 03 6.56E 403 9.01E + 06 7.88E + 08 4.37E + 04
Med 2.09E + 03 2.22E+03 3.06E + 03 7.13E+ 06 1.12E+ 08 3.27E+ 04
Worst 2.35E+04 2.68E + 04 3.18E+ 04 2.77E + 07 3.70E + 09 1.06E + 05
STD 6.75E 4+ 03 8.42E + 03 8.60E 4+ 03 6.22E + 06 1.13E+09 2.81E+ 04
fun-2 Best —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+ 02
Me —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E4+02 —-2.00E+02 —2.00E+ 02
Med —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E+02 —-2.00E+02 —2.00E+ 02
Worst —2.00E+02 —-200E+02 —-2.00E+02 —-2.00E+02 —-2.00E+02 —2.00E+ 02
STD 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00 0.00E + 00
fun-3 Best 3.41E—-13 7.45E—04 3.91E+ 04 2.57TE+ 04 1.36E+03 3.76E + 02
Me 9.23E—13 1.02E + 02 9.78E + 04 6.32E + 04 8.28E+03 1.53E+03
Med 8.81E—13 3.34E—-01 9.25E+ 04 6.01E + 04 8.49E + 03 1.27E+ 03
Worst 2.27E—-12 1.33E+03 1.74E + 05 1.28E + 05 1.90E + 04 5.56E+ 03
STD 3.64E—13 3.28E+ 02 342E 404 2.21E+ 04 4.15E+03 1.02E + 03
fun-4 Best 1.48E—03 1.01E-03 3.98E 401 1.48E + 02 8.45E 401 7.25E 4 01
Me 2.53E + 01 3.11E+01 1.49E + 02 2.79E + 02 2.90E + 02 1.81E + 02
Med 1.63E + 01 2.85E + 01 1.46E + 02 2.76E + 02 2.13E+02 1.82E + 02
Worst 1.14E + 02 1.26E + 02 2.25E+02 4.55E+02 1.58E+03 2.81E+ 02
STD 3.51E+401 3.77E+ 01 4.44E +01 6.16E + 01 2.69E + 02 4.94E + 01
fun-5 Best 1.12E + 02 1.64E + 02 1.47E + 02 2.88E + 02 2.85E+ 02 1.74E + 02
Me 2.22E+02 2.51E+02 2.20E + 02 4.06E + 02 3.24E+02 2.49E + 02
Med 2.21E+02 241E+ 02 2.03E+02 3.87E+ 02 3.22E+02 2.54E + 02
Worst 3.46E + 02 349E + 02 3.91E+02 6.97E + 02 3.72E+02 3.02E + 02
STD 4.17E+01 4.79E + 01 5.01E+01 8.75E 4+ 01 2.52E+401 2.80E 4+ 01
fun-6 Best 3.41E—-13 2.58E+ 01 7.87E + 00 6.12E + 01 3.03E+01 1.75E 4+ 01
Me 3.81E-02 3.79E + 01 2.92E + 01 7.51E+ 01 5.21E+01 3.48E + 01
Med 5.68E—13 3.75E + 01 2.87E 401 7.42E 4 01 5.30E 401 3.61E+ 01
Worst 7.08E—01 5.24E 4 01 5.53E+01 8.92E + 01 6.01E 401 5.29E + 01
STD 1.47E—01 8.22E 4 00 1.00E 401 7.95E + 00 6.22E 4 00 1.00E 4+ 01
fun-7 Best 2.05E+02 3.62E + 02 1.69E + 02 7.59E + 02 3.52E+02 3.87E+ 02
Me 3.27E+02 5.23E+02 2.43E+ 02 9.56E + 02 8.41E+ 02 5.44E 4 02
Med 3.03E+ 02 5.28E+ 02 2.42E+02 9.47E + 02 8.89E + 02 5.49E + 02
Worst 4.74E +02 7.63E + 02 3.75E+ 02 1.14E+ 03 1.10E+03 7.33E+ 02
STD 7.42E + 01 9.26E + 01 5.22E+01 1.03E 4+ 02 1.96E + 02 7.07E 4+ 01
fun-8 Best 1.33E+02 2.11E+ 02 1.42E + 02 3.09E + 02 2.62E + 02 2.26E + 02
Me 2.01E+02 2.59E + 02 2.28E+02 4.30E + 02 3.36E+02 2.64E + 02
Med 2.02E+02 247E+ 02 2.30E+02 4.03E+ 02 3.35E+02 2.58E + 02
Worst 2.73E+02 3.32E+02 3.42E+ 02 6.66E + 02 3.85E+02 3.24E+ 02
STD 3.82E 401 3.16E 4+ 01 5.14E 4+ 01 8.72E 4+ 01 3.11E+401 2.76E + 01
fun-9 Best 3.29E + 02 2.03E+ 03 2.64E + 03 1.25E + 04 6.24E + 03 4.87E + 03
Me 2.47E+ 03 9.34E + 03 6.37TE+03 1.82E + 04 1.06E + 04 9.12E+ 03
Med 1.51E+03 7.05E + 03 6.01E+03 1.66E + 04 1.05E + 04 8.86E + 03
Worst 1.13E+ 04 2.12E+ 04 1.22E + 04 3.42E+ 04 1.88E + 04 1.67E + 04
STD 2.94E + 03 5.17E+ 03 2.51E+03 5.36E + 03 2.20E+03 2.70E 4+ 03
fun-10 Best 3.12E+03 4.64E + 03 4.19E+ 03 6.81E+03 4.37E+03 5.59E + 03
Me 5.37E + 03 6.10E +03 5.86E + 03 9.13E+03 6.49E + 03 7.83E+ 03
Med 5.43E+03 6.17E +03 5.74E + 03 8.99E + 03 6.40E + 03 7.93E+ 03
Worst 8.03E+03 8.05E+03 8.13E+03 1.15E + 04 8.74E + 03 9.71E+ 03
STD 1.06E + 03 8.16E 402 1.05E + 03 1.23E+403 1.14E + 03 1.12E+ 03
fun-11 Best 1.04E + 02 1.30E 4+ 02 1.20E + 02 3.17E+02 2.29E+02 8.67E + 01
Me 1.68E + 02 1.87E 4+ 02 1.79E + 02 472E+02 3.64E + 02 1.71E + 02
Med 1.64E + 02 1.83E 4+ 02 1.74E 4 02 4.62E+02 3.37TE+ 02 1.73E + 02
Worst 3.26E + 02 2.93E+02 2.58E+ 02 7.75E + 02 6.23E + 02 2.97E+ 02
STD 5.06E + 01 4.26E + 01 3.64E + 01 1.07E 4+ 02 9.49E 401 5.02E 4 01
fun-12 Best 1.05E + 04 1.58E + 04 4.05E+ 05 474E + 07 4.07E + 06 1.26E + 06
Me 3.67E + 04 5.04E + 04 1.58E + 06 1.78E + 08 2.22E+08 4.05E + 06
Med 3.03E+ 04 4.27E + 04 1.39E + 06 1.62E + 08 4.19E+07 3.12E+ 06
Worst 1.17E 4+ 05 1.35E+ 05 3.94E + 06 5.09E + 08 2.83E+09 8.75E + 06
STD 2.29E + 04 2.97E + 04 9.05E + 05 1.01E 4+ 08 5.93E 4+ 08 2.09E + 06
fun-13 Best 2.18E+ 02 3.17E+02 3.46E + 02 6.25E + 04 2.39E + 04 5.56E + 02
Me 8.38E+03 8.53E+03 5.59E+03 2.22E+05 5.55E+05 4.15E + 03
Med 6.03E + 03 5.56E +03 3.25E+03 1.62E + 05 1.25E + 05 2.25E+03
Worst 3.48E + 04 2.71E+ 04 2.59E + 04 7.93E + 05 7.38E + 06 2.15E+ 04
STD 8.51E+03 8.20E + 03 6.35E + 03 1.72E 4+ 05 1.38E + 06 4.56E + 03
fun-14 Best 3.36E + 02 2.62E + 02 1.34E + 04 5.34E+ 04 4.65E+03 3.30E+ 02
Me 1.53E+ 03 1.07E + 03 6.51E + 04 6.41E+05 9.63E + 04 3.55E+03
Med 1.42E + 03 8.79E + 02 6.95E + 04 6.15E+05 5.50E + 04 1.86E + 03
Worst 4.38E+ 03 2.73E+03 1.28E + 05 2.64E + 06 4.24E +05 3.73E+ 04
STD 9.64E + 02 6.52E 402 3.57E+ 04 4.82E + 05 9.76E + 04 6.82E + 03
fun-15 Best 1.42E 4 02 2.94E + 02 4.95E + 02 1.20E + 04 2.29E + 03 3.04E + 02
Me 8.86E + 03 8.10E +03 7.78E + 03 8.71E+ 04 2.88E + 04 5.93E + 03
Med 7.21E+ 03 5.81E+03 6.98E + 03 7.84E + 04 2.54E + 04 5.38E+03
Worst 2.71E+ 04 2.78E + 04 2.29E + 04 2.77E+ 05 8.02E + 04 1.67E + 04
STD 7.19E + 03 6.99E + 03 5.81E+03 5.92E 4+ 04 2.12E+ 04 5.30E + 03
fun-16 Best 7.38E + 02 7.35E+ 02 6.94E + 02 2.40E 403 1.21E+ 03 7.70E + 02
Me 1.44E + 03 1.55E+03 1.43E + 03 3.27E+03 1.72E + 03 1.59E + 03
Med 1.47E 4 03 1.54E 403 1.44E + 03 3.11E+03 1.66E + 03 1.65E + 03
Worst 2.13E+ 03 2.61E+03 2.11E+ 03 5.04E +03 2.33E+03 2.27E+03
STD 3.55E 402 4.32E+02 4.00E + 02 5.98E 4+ 02 2.82E+02 3.79E + 02
fun-17 Best 5.42E 4 02 841E+ 02 5.20E + 02 1.29E+03 1.03E + 03 9.58E + 02
Me 1.01E + 03 1.29E+03 1.23E+ 03 2.25E+03 1.76E + 03 1.43E+03
Med 9.15E + 02 1.16E+03 1.22E 4+ 03 2.32E+03 1.81E + 03 1.40E 4 03
Worst 1.76E + 03 2.02E+03 2.05E+ 03 3.64E +03 2.34E + 03 2.16E+ 03
STD 3.30E 4+ 02 3.34E 402 3.78E 4+ 02 4.75E+02 3.13E+02 3.32E+4+02
fun-18 Best 1.10E + 03 2.31E+03 1.09E + 05 2.47E+ 05 8.42E + 04 3.10E+ 04
Me 4.35E + 03 2.74E + 04 7.33E + 05 4.94E + 06 8.61E+ 05 7.87E + 04
Med 3.48E+03 1.39E + 04 6.77E 4 05 4.57TE + 06 6.37E + 05 5.95E+ 04
Worst 1.13E+ 04 9.60E + 04 1.74E + 06 9.94E + 06 3.08E + 06 2.78E + 05
STD 2.63E + 03 2.59E + 04 4.77TE+ 05 3.24E + 06 6.78E + 05 5.26E 4+ 04
fun-19 Best 6.63E 401 1.99E + 02 4.14E+02 1.73E + 05 1.16E + 04 7.31E+ 02
Me 9.60E + 03 9.04E + 03 1.21E+ 04 2.11E+ 06 5.20E + 04 1.47E + 04
Med 4.65E+03 8.13E+03 8.51E+03 1.68E + 06 3.56E + 04 1.39E + 04
Worst 2.94E + 04 2.61E+ 04 3.92E + 04 5.68E + 06 2.38E+05 2.58E + 04
STD 9.67E + 03 7.92E 4+ 03 9.81E+03 1.59E + 06 4.78E + 04 6.68E + 03
fun-20 Best 4.18E+02 5.12E+ 02 442E+02 9.19E + 02 4.58E+02 3.27E+ 02
Me 8.51E+02 9.49E + 02 1.08E + 03 1.59E + 03 9.44E + 02 8.08E + 02
Med 8.44E + 02 8.86E + 02 1.09E + 03 1.63E+ 03 9.87E 402 8.21E+ 02
Worst 1.34E + 03 1.79E + 03 1.60E + 03 2.26E + 03 1.32E+03 1.38E+ 03
STD 2.59E +02 3.14E 402 2.64E + 02 3.07E+ 02 2.39E + 02 2.32E + 02
fun-21 Best 2.81E+02 343E+02 3.14E + 02 5.64E + 02 441E+02 3.51E+02
Me 3.43E+ 02 423E+02 4.16E+02 7.77E + 02 5.48E + 02 4.56E + 02
Med 3.39E+ 02 4.19E+ 02 4.15E+02 7.94E + 02 5.56E 402 4.56E + 02
Worst 4.22E+02 5.59E + 02 5.24E + 02 9.21E+ 02 6.45E 402 5.56E + 02
STD 3.26E 4+ 01 5.86E + 01 4.77E+01 9.94E + 01 4.90E + 01 5.13E+401
fun-22 Best 1.00E + 02 1.00E + 02 1.00E + 02 7.86E + 03 5.21E+03 1.18E + 02
Me 5.33E+ 03 6.90E + 03 6.64E + 03 9.26E + 03 7.52E+03 7.01E+ 03
Med 5.64E 403 6.98E + 03 6.73E+ 03 9.14E + 03 7.59E 403 8.00E + 03
Worst 1.18E + 04 1.22E+ 04 9.62E 403 1.13E+ 04 1.25E + 04 1.06E + 04
STD 3.01E4+03 1.93E 4+ 03 1.58E + 03 1.02E 4+ 03 141E+403 3.28E + 03
fun-23 Best 5.39E + 02 5.92E + 02 6.16E + 02 9.51E+ 02 6.37E 402 6.28E + 02
Me 6.00E + 02 7.29E + 02 7.44E +02 1.23E+ 03 1.16E+03 8.01E + 02
Med 5.97E + 02 7.19E + 02 7.38E+02 1.22E+ 03 1.09E 4 03 8.09E + 02
Worst 6.90E + 02 9.56E + 02 9.26E + 02 1.49E + 03 1.84E 403 9.61E + 02
STD 4.59E +01 8.03E 401 7.92E + 01 1.43E 4+ 02 345E 402 7.94E 4 01
fun-24 Best 5.78E + 02 6.48E + 02 6.56E + 02 9.89E + 02 7.88E + 02 7.11E+ 02
Me 6.69E + 02 7.59E + 02 8.20E + 02 1.23E+ 03 1.31E+03 9.60E + 02
Med 6.56E + 02 7.46E + 02 8.27E+ 02 1.20E + 03 1.29E 403 9.38E + 02
Worst 8.25E + 02 8.99E + 02 1.07E + 03 1.58E + 03 2.11E+03 1.21E+ 03
STD 5.30E 4+ 01 6.42E + 01 9.62E 4+ 01 1.51E+ 02 341E+02 1.42E 4+ 02
fun-25 Best 4.61E+02 4.62E + 02 4.33E+02 5.64E + 02 5.69E + 02 5.11E+ 02
Me 5.45E + 02 5.38E + 02 5.50E + 02 6.42E + 02 7.14E + 02 5.63E+ 02
Med 5.63E+ 02 5.56E + 02 5.61E+02 6.41E + 02 6.80E + 02 5.68E + 02
Worst 6.05E + 02 5.92E + 02 6.14E + 02 7.28E + 02 1.04E 403 6.36E + 02
STD 3.87E 401 3.96E + 01 3.93E+01 4.07E + 01 1.17E 4+ 02 2.90E 4+ 01
fun-26 Best 2.60E + 03 3.00E + 02 3.00E + 02 8.66E + 03 5.97E 402 3.01E+ 02
Me 3.51E+03 5.54E + 03 2.34E + 03 1.06E + 04 2.72E+03 2.71E + 03
Med 3.45E+03 5.32E+03 3.15E+03 1.04E + 04 1.63E+03 3.24E+ 02
Worst 4.82E+03 9.62E + 03 5.69E 403 1.38E + 04 8.48E +03 8.43E+ 03
STD 5.74E + 02 2.18E+4 03 2.00E + 03 1.23E 403 2.25E+403 3.11E+03
fun-27 Best 5.69E + 02 6.74E 4 02 5.55E+02 9.77E + 02 4.68E + 02 6.30E + 02
Me 7.55E + 02 9.34E + 02 7.97E+02 1.56E + 03 7.58E + 02 8.41E + 02
Med 7.50E + 02 9.30E + 02 7.74E + 02 1.53E+03 5.00E + 02 8.38E + 02
Worst 9.16E + 02 1.22E+03 1.19E + 03 2.44E 4 03 2.78E+03 1.28E+ 03
STD 9.13E+401 1.24E 4+ 02 1.08E + 02 3.60E + 02 6.80E + 02 1.62E + 02
fun-28 Best 4.53E+02 4.53E+02 4.59E + 02 5.06E + 02 491E+02 4.69E + 02
Me 4.85E + 02 494E +02 5.00E + 02 6.18E + 02 6.43E + 02 5.22E+ 02
Med 4.95E + 02 497E+02 5.08E + 02 6.20E + 02 6.18E + 02 5.14E+ 02
Worst 5.08E + 02 5.89E + 02 5.88E + 02 7.24E + 02 1.08E + 03 6.45E + 02
STD 2.10E+ 01 2.67E+01 2.77E 4+ 01 4.96E + 01 1.59E + 02 4.13E + 01
fun-29 Best 4.92E + 02 1.20E+ 03 8.26E + 02 2.64E+ 03 7.20E +02 5.57E+ 02
Me 1.09E + 03 1.78E 403 1.47E 4 03 4.26E + 03 1.39E + 03 1.40E 4 03
Med 1.09E + 03 1.69E 403 1.38E + 03 4.06E + 03 1.24E + 03 1.34E 4 03
Worst 1.47E 4 03 2.60E 403 2.50E + 03 5.63E+03 2.44E + 03 2.17E+03
STD 2.55E+02 4.07E+02 3.80E + 02 8.04E + 02 5.18E+ 02 3.46E + 02
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Table A2: Stability test results for 50D

50D CABES BES
fun-1 3.33% 10.00%
fun-2 100.00% 100.00%
fun-3 100.00% 86.67%
fun-4 100.00% 96.67%
fun-5 3.33% 0.00%
fun-6 100.00% 100.00%
fun-7 3.33% 0.00%
fun-8 83.33% 36.67%
fun-9 0.00% 0.00%
fun-10 0.00% 0.00%
fun-11 100.00% 100.00%
fun-12 0.00% 0.00%
fun-13 10.00% 3.33%
fun-14 3.33% 13.33%
fun-15 10.00% 3.33%
fun-16 0.00% 0.00%
fun-17 0.00% 0.00%
fun-18 0.00% 0.00%
fun-19 20.00% 13.33%
fun-20 13.33% 13.33%
fun-21 100.00% 100.00%
fun-22 16.67% 3.33%
fun-23 100.00% 40.00%
fun-24 83.33% 30.00%
fun-25 100.00% 100.00%
fun-26 0.00% 6.67%
fun-27 73.33% 16.67%
fun-28 100.00% 100.00%
fun-29 20.00% 0.00%






