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Abstract: The existing algorithms for solving multi-objective optimization problems fall into three main categories: Decomposition-based, dominance-based, and indicator-based. Traditional multi-objective optimization problems mainly focus on objectives, treating decision variables as a total variable to solve the problem without considering the critical role of decision variables in objective optimization. As seen, a variety of decision variable grouping algorithms have been proposed. However, these algorithms are relatively broad for the changes of most decision variables in the evolution process and are time-consuming in the process of finding the Pareto frontier. To solve these problems, a multi-objective optimization algorithm for grouping decision variables based on extreme point Pareto frontier (MOEA-DV/EPF) is proposed. This algorithm adopts a preprocessing rule to solve the Pareto optimal solution set of extreme points generated by simultaneous evolution in various target directions, obtains the basic Pareto front surface to determine the convergence effect, and analyzes the convergence and distribution effects of decision variables. In the later stages of algorithm optimization, different mutation strategies are adopted according to the nature of the decision variables to speed up the rate of evolution to obtain excellent individuals, thus enhancing the performance of the algorithm. Evaluation validation of the test functions shows that this algorithm can solve the multi-objective optimization problem more efficiently.
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1  Introduction

As time progresses and continues to develop, the needs of the production industry become increasingly complex, and multi-objective problems gradually appear in the public eye. The keys to solving these problems are evolutionary algorithms, decision variable influencing factors, and decision variable grouping methods (e.g., random grouping, linear grouping, ordered grouping, and differential grouping [1,2]) are of great importance to solving the problems. The decision on how to solve multi-objective optimization problems using optimal strategies has attracted extensive attention from researchers and practitioners.

Evolutionary algorithms (EAs) are an essential vehicle in problem-solving, which serve to generate multiple approximate solutions with good characteristics at once. Many real-world problems can be solved based on evolutionary algorithms. For example, improving the fireworks algorithm for the protein-ligand docking problem [3,4]. Different evolutionary algorithms are utilized for drone path planning [5], multi-objective deep neural network architecture search [6], and so on [7–10]. The fundamental aspect of tackling multi-objective problems involves recognizing the varying strengths and weaknesses of different evolutionary algorithms. This involves applying different algorithms to optimize objectives specific to each situation, thereby achieving the utmost performance by aligning the algorithm selection with the unique characteristics of the given problem [11]. Multi-objective optimization problem (MOP) [12] refers to a situation when the number of objectives is two or more. Its main aim is to address the balance between convergence pressure and the difficulty of diversity management, with researchers proposing various solutions to these challenges [13,14]. It can be classified into the following categories according to its evolutionary approach.

The first category is based on the Pareto dominance relation, which can enhance the convergence ability of multi-objective by modifying the Pareto dominance advantage, such as adaptive objective function dominance relation ε-dominance [15], preference ranking scheme [16], fuzzy multi-objective programming [17], etc. Some ideas consider not only dominance metrics but also other convergence metrics, such as a reference-point-based many-objective evolutionary algorithm(NSGA-III): Adaptive in updating and including new reference points on the fly [2], ε-domination-based Two_Arch2 algorithm [18], an evolutionary many-objective optimization algorithm based on dominance and decomposition (MOEA/DD) [19], a knee point-driven evolutionary algorithm for many-objective optimization (KnEA) [20], etc.

The second category depends upon the idea of decomposition, where the multi-objective is divided into several sub-problems to be optimized. The most basic one is a multiobjective evolutionary algorithm based on decomposition (MOEA/D) [21]. There are also decomposition algorithms such as decomposition-based sub-problem optimal solution updating direction-guided evolutionary many-objective algorithm (OD-RVEA) [22], the adaptive weight adjustment algorithm [23], the Pareto sampling algorithm [24], the external archive-based guidance [25], and the reference vector-based guidance [26].

The third category is concerned with evaluation metrics that decide the set of non-dominated solutions that are indistinguishable from the traditional Pareto dominance relations according to their metrics. Such as a two-stage R2 indicator based evolutionary algorithm [27], focused multiobjective search using R2-indicator-based selection (R2-EMOA) [28], an algorithm for fast hypervolume-based many-objective optimization (HV) [29], and other algorithms [30–33].

In the process of evolution, the adaptability of the solution also determines the quality of the algorithm. The multi-objective fitness correlation optimization algorithm (MOFDO) [34] proposes a multi-objective fitness correlation optimizer, which uses additional storage space to save previous steps for reuse in future iterations. Hypercube grid is used to help select local and global guide individuals for optimization, which provides an effective method for fast selection of solution sets. Although these evolutionary algorithms can guarantee the convergence and diversity of the sought solutions at the same time, all decision variables are treated as a whole in the optimization process, resulting in interference between these variables, resulting in reduced algorithm efficiency. To address the complexity of MOP problems, a method for simplifying these challenges is proposed. The idealized method can be roughly summarized as dividing the high-dimensional target into multiple simple low-dimensional subfunctions.

At present, one of the key factors that complicate multi-objective problems and make them difficult to decompose and optimize is the different effects of decision variables [35]. Inspired by the decomposition algorithm and combined with its influence, the decision variables are decomposed, which means dividing them into sub-components with different effects. Ma et al. proposed a multi-objective optimization algorithm based on decision variable analysis, abbreviated as MOEA/DVA [36]. This algorithm analyzes and groups decision variables based on dominance relationships, dividing them into three categories: Positional variables, distant variables, and mixed variables. Mixed variables include both convergent and distributed variables, which do not allow for an accurate distinction between the roles of different decision variables. Zhang et al. proposed a decision variable clustering-based evolutionary algorithm for large-scale many-objective optimization, abbreviated as LMEA [37]. This grouping method solves the problem of mixed variables being indivisible.

Regarding the “divide and conquer” method, simply applying concepts from single-objective optimization cannot effectively solve multi-objective problems. In multi-objective problems, objectives often conflict with each other. This conflict arises from the continuous disturbance of decision variables, resulting in a diverse set of incomparable solutions. To solve a multi-objective problem, specifically, conflict is used to identify a set of Pareto-optimal solutions rather than a single, isolated solution. Convergent variables, due to their influence on the evolution of generated solutions, are considered the primary factor influencing conflicts in objective functions. Therefore, allowing individual solutions to converge is the key to solving multi-objective optimization.

The key to solving multi-objective optimization problems is to allow the solution convergence. This means that we need to find a way so that the solution gradually approaches the set of Pareto optimal solutions over the course of evolution. This article focuses on the changing trend of decision variables, accurately finds the convergent variables, and deeply studies the influence of convergent variables on the generated solutions in order to better solve the multi-objective optimization problem. Therefore, this article proposes a multi-objective optimization algorithm for grouping decision variables based on the extreme point Pareto frontier (MOEA-DV/EPF). The algorithm can quickly identify convergent variables. The overall idea is as follows. First, a preprocessing algorithm optimizes each direction of the multi-target, obtaining an extremum point Pareto optimal solution set composed of non-dominated solutions of each direction. Second, based on the preprocessed Pareto optimal solution set of extreme points, the convergence and distribution of decision variables are determined, dividing into two groups, and the convergence interval of the convergence variable is determined. The above preprocessing stage basically determines the convergence effect; in the later optimization process, to balance the ability of population convergence and distribution, more attention will be paid to the distribution of individuals. In the optimization stage, this article adopts different optimization strategies for different variables. This involves perturbing convergent variables within their convergence range and randomly perturbing distributed variables within their original value range to obtain an optimally adaptable population.

This algorithm is compared with MOEA/D, NSGAIII, LMEA, MOEA/DVA, MOEA/DD, and MOFDO algorithms. The following conclusions can be obtained through the calculation of DTLZ, WFG, ZDT, and other test functions. Firstly, compared with the traditional multi-objective algorithm, the number of non-dominated solution sets obtained by this algorithm is large and balanced on the basis of the same computation time. Secondly, for the multi-objective optimization algorithm that adopts decision variable classification, this algorithm can quickly find convergence variables in the initial stage, improve the speed of variable classification, and save the running time of the algorithm. Finally, the inverted generation distance (IGD) and standard deviation of MOEA-DV/EPF algorithm compared with the latest version of the multi-objective improvement algorithm show that the algorithm performs well on the ZDT testing problem. In the process of comparison experiment, it is found that the algorithm can be optimized by adding preprocessing algebra properly under the premise of reasonable convergence width setting, which shows the necessity of algorithm parameter research.

2  Background Knowledge

2.1 Basic Concept

1. Multi-Objective Optimization Problem (MOP): Let M be the number of objective functions. We say that this is a multi-objective optimization problem, if f1(X),f2(X),…,fM(X) satisfies the minimum at the same time.

Minimiz:F(X)={f1(X),f2(X),…,fM(X)}Subjectto:go(X)≥0,o=1,2,…,Ohp(X)=0,p=1,2,…,PX∈Ωminbi≤xi≤maxbi,i=1,2,…,n(1)

where the i-th objective to be optimized is denoted by fi(X). A constraint function containing O equalities or inequalities is denoted by g, and a constraint function containing P equalities is denoted by h. The set of feasible decision vectors is denoted by X =(x1,x2,…,xn), and the decision space is denoted by Ω. The minimum value of the i-th decision variable is denoted by minbi, and the maximum value of the i-th decision variable is denoted by maxbi.

2. Pareto Domination: Let x and y be two individuals in the decision space. We say that x dominates y, which is denoted by x ≺ y, if the following is true:

∀i∈{1,2,…,M}:Fi(x)≤Fi(y)∧∃j∈{1,2,…,M}:Fj(x)<Fj(y)(2)

3. Pareto Optimal Solution: Let P be a randomly selected individual in the decision space. We say that it is a Pareto optimal solution, if the value of the objective function corresponding to P is better than any other individual, that is, no other solution can dominate P.

4. Pareto Optimal Solution Set: Let Pareto optimal solutions form a set. We say that it is the Pareto optimal solution set, denoted by PS, if the solutions are not mutually dominant.

5. Pareto Frontier: Let F(X) be a set. We say that it is a Pareto frontier, denoted by PF, if the target value vector of each optimal solution of PS in the target space belongs to F(X).

PF={F(X)={f1(X),f2(X),…,fM(X)}|X∈PS}(3)

3  MOEA-DV/EPF Algorithm

Solving multi-objective problems is more complicated. This article addresses how to achieve a solution set with better distribution and convergence, setting forth a decision variable grouping for a multi-objective optimization algorithm based on the extreme point Pareto frontier for obtaining a solution set with better distribution and convergence.

3.1 Basic Idea of the Algorithm

The basic idea of the algorithm is that in the face of multiple objectives, the control variable method is used to simultaneously evolve each single objective direction to obtain a set of extreme points. Under the premise that the Pareto optimal solution set of all the extreme points in the objective direction belongs to the Pareto optimal solution set of the problem, according to the properties of the decision variables provided by the extreme points, the decision variables are divided into two categories: The convergent variables that can converge to a certain small enough range and the distribution variables that have no convergence point. On this basis, the range of convergence variables is determined. In this paper, according to the preconditioning algebra adjustment, we can know that the variables found in a certain range are convergence variables. In the later multi-objective optimization process, different mutation strategies are adopted for convergent variables and distributed variables to accelerate the evolution process. For convergent variables, they are allowed to converge in the value domain, where the oscillation amplitude gradually decreases with the evolution process. For a distributed variable, it is randomly perturbed within its original value domain. Finally, the optimal population is obtained based on adaptability.

3.1.1 Pareto Optimal Solution Set of Extremum Points in Each Target Direction

By using the decomposition approach in multi-objective analysis, the target space is divided into M target direction vectors, with each individually optimized to generate the Pareto optimal solution set of extreme points.

The solution of the Pareto optimal solution set for single objective directional extremum points is also an evolutionary process. During an evolution process, each target corresponds to a target queue, and its ranking relationship is calculated using the penalty-based boundary intersection (PBI) fitness function given in Eq. (4). Among them, the individual target value is denoted by x, and the target direction vector is denoted by w. The component of x in the target direction is denoted by d1, that is, the value in the target direction, the vertical distance between x and the target direction is denoted by d2, and the weight coefficient is denoted by θ, which is taken as 0.1 here. Select M target queues for optimization. The selection process is illustrated in Fig. 1. Assuming the population size is N, the first N/M individuals from each target queue are added to the evolutionary population.

PBI(x,w)=d1+θd2(4)

[image: images]

Figure 1: Population selection

3.1.2 Classification of Decision Variable

This article assesses the convergence and distribution properties of variables based on the Pareto optimal solution set of extreme points obtained during the aforementioned preprocessing stage and divides them into two groups. It can be proven that the objective values of each solution in these extreme points Pareto optimal solution sets belong to the final global multi-objective Pareto frontier. Therefore, the decision variables of all individuals in the solution set with different combinations of values form a set of optimal solutions. For convergent decision variables, they will converge to their corresponding convergence point, that is, they will approach a certain fixed value.

First, the range of values for the same decision variable corresponding to all individuals in the solution set is determined based on their different values. Second, the nature of the decision variable is determined based on whether the given convergence width is greater than the value range of the decision variable. If the value range of the decision variable is less than the convergence width, it is categorized as a convergence variable, the other way around, it is categorized as a distribution variable. Setting the convergence width too wide can result in distribution variables being incorrectly categorized as convergence variables, thereby affecting the quality of the subsequent solutions; conversely, setting it too narrow can lead to missing convergence variables, impacting the efficiency of later solutions. To ensure that the value of the convergence variable can enter the true convergence point (especially in the case of convergence boundary), this article has made moderate relaxation when adjusting the range of convergence variable values.

3.1.3 Population Evolution

In this paper, according to the different characteristics of decision variables, different mutation strategies are used in the process of evolution, and the fast non-dominated ordering strategy is used to carry out evolutionary operations [2]. This can ensure that individuals finally achieve good distribution under the premise of obvious convergence in Pareto front. As the convergence variables found in the initial stage of the algorithm are almost in a convergence state, only small perturbations within the convergence range are needed during the evolution process. Among them, an oscillation amplitude function is set for convergence optimization, and as the evolution process increases, its oscillation amplitude gradually decreases. The variation form is shown in Fig. 2. Mathematical expression in Eq. (5). The oscillation amplitude coefficient is represented by y, the evolutionary process is represented by x, the random variation interval is represented by r (set as [−0.5, 0.5] in this section), and the convergence accuracy is represented by pre. When the convergence changes are basically determined, the more important thing is to optimize the distribution variables. To spread the population more widely, the changes in distribution variables only need to be randomly perturbed within the original variable range, which can obtain more individuals to maintain distribution ability. Finally, fitness selection is made based on the perturbed population, and the final individual is selected as the final output population.

y=(r−0.5)cos⁡πx+1+pre2(5)
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Figure 2: Convergence variable graph

3.2 Algorithm Description

[image: images]

4  Experimental Environment Support

4.1 Experimental Platform and Testing Issues

To ensure a fair comparison, all algorithms are implemented using IDEA combined with Python. The testing questions used in this article are taken from two widely used testing questions, DTLZ [38], WFG [39] and ZDT [34]. These testing issues include DTLZ1-DTLZ7,WFG1-WFG9 and ZDT1-4.

4.2 Experimental Parameter Settings

All algorithms in this article use recommended parameter values to achieve optimal performance.

1.   Population size

Since the population size in the MOEA/D and NSGAIII algorithms directly affects the degree of their algorithmic performance, the population sizes for all comparison algorithms in this paper are set uniformly to ensure reasonable and fair experimentation, and the population is generated by a two-layer reference-point generation strategy according to the population selection suggested in the article [2,4,19], i.e., N = 126 for M = 5, and M = 10, N = 275.

2.   Cross mutation

In this article, all algorithms use simulated binary crossover strategy SBX [40] and polynomial mutation strategy to create descendants for all testing problems. The distribution indices of its cross-mutation are all set to 20, and the cross probability pc and mutation probability pm are set to pc = 1.0 and pm = 1/D, respectively (D represents the number of decision variables.)

3.   Number of terminated runs

In this paper, the number of iterations is used as a termination criterion for the algorithm. Depending on the number of decision variables, different parameter settings are configured. For 100 and 500 decision variables, the number of termination iterations is set to 6000 and 10000 as well as 1000000 and 6800000 (In the MOEA-DV/EPF algorithm, which involves grouping decision variables, the grouping iterations are set to one-third of the optimization iterations, with the latter set to 6000 and 10000.)

4.3 Performance Evaluation Indicators

Performance evaluation metrics are divided into three categories: Convergence metrics, diversity metrics, and metrics that combine convergence and diversity.

The convergence metric is to evaluate the degree of closeness of the obtained solution set to the Pareto true frontier. Representative evaluation metrics include Generational Distance (GD) [41] and Set Coverage (C-metric) [42]. Diversity metrics are determined by calculating the degree of coverage of the approximate solution set in the true frontier, such as Spacing Metric [43], and Maximum Spread (MS) [44]. The combination of diversity and convergence indicators, which combines the performance of the above two types of evaluation indicators, is of some significance in evaluating diversity algorithms, such as IGD [45], and Hyper-Volume Indicator (HV) [29].

To accurately assess the algorithm’s performance, this paper adopts a widely-used performance metric: The inverse iteration distance IGD, which evaluates the algorithm's ability to achieve good convergence and distribution in the Pareto front. Its expression is shown by Eq. (6).

IGD(S,P)=∑i=1|Q|dis(S,P)|Q|(6)

where the solution set obtained by the algorithm is denoted by S, the solution set of the true frontier distribution is denoted by P, the minimum Euclidean distance from P to each individual in S is indicated by dis (S, P), and the size of P is given by |Q|.

5  Comparative Analysis of Experimental Performance

To elucidate the commendable performance of MOEA-DV/EPF, this section conducts a comparative analysis in three aspects. First, in order to demonstrate the effectiveness of preprocessing in the MOEA-DV/EPF algorithm, it is compared with traditional multi-objective optimization algorithms. Second, to more fully evaluate the MOEA-DV/EPF algorithm’s performance, we compared it with multi-objective optimization algorithms using decision variable analysis. Finally, in order to emphasize the timeliness of the proposed algorithm, it is compared with the latest version of multi-objective fitness optimizer algorithm and NSGAIII improved MOEA/DD algorithm. All comparative algorithms include MOEA/D, NSGA-III, MOEA/DVA, LMEA, MOEA/DD and MOFDO algorithms. After all the comparison tests, this section also carries out its own algorithm parameter analysis, and reasonable setting of parameters can optimize the computational efficiency of the algorithm. All the above results show that the algorithm proposed in this article can achieve better results in dealing with multi-objective problems and can efficiently handle multi-objective problems.

5.1 Effectiveness of Preprocessing in MOEA-DV/EPF Algorithm

The three algorithms use the same parameters for the DTLZ and WFG testing problems (due to the limited space, only the following eight are listed). For the 5- and 10-objective problems, the maximum numbers of decision variables are set at 100 and 500, and the maximum number of termination runs are set to 6000 and 10000, respectively. Table 1 shows the average IGD values of three algorithms after independently running 20 times on different testing problems. The dark gray background represents the IGD values that are most effective. Where STD represents the standard deviation of 20 independent runs. It is evident that for most test problems, the method of grouping decision variables using preprocessing is the most effective. Moreover, this method results in shorter running time when the IGD values are similar. In the DTLZ5 testing problem, the MOEA/D algorithm has some accuracy compared to the MOEA-DV/EPF algorithm. Because the Pareto frontier of the DTLZ5 test problem is degenerate, this means that in a high-dimensional space, the shape of its Pareto frontier is lower than the spatial dimension. Therefore, the search needs to be focused on a very small range. In order to ensure the fairness of the experiment, the MOEA-DV/EPF algorithm is tested with the same accuracy. The smaller the precision, the larger the preprocessing algebra should be. Therefore, in this experiment, if the pretreatment parameters are adjusted, the experimental results can be improved.

[image: images]

In this article, we use effect diagrams to more intuitively visualize the experimental data described above. Fig. 3 depicts the non-dominated solution set corresponding to the optimal IGD value obtained by independently running 20 times on the DTLZ3 problem when M = 10 and D = 100. Fig. 3a shows the true Pareto frontier of the DTLZ3 problem. Figs. 3b–3d respectively represent the non-dominated solution sets obtained by the MOEA/D, NSGAIII, and MOEA-DV/EPF algorithms on the DTLZ3 testing problem. The horizontal axis of these four images represents the number of targets, and the vertical axis represents their target values. According to the image visualization, the MOEA-DV/EPF algorithm shows good convergence and distribution results, obtaining more non-dominated solutions at the Pareto front than the MOEA/D algorithm. Observation from Fig. 4 reveals that the MOEA-DV/EPF algorithm has initially identified convergence variables after preprocessing, and the convergence effect has been basically determined, indicating that the preprocessing process has played a role in accelerating convergence; the decision variables in the left half of the figure can demonstrate their distribution ability and achieve a good distribution between (0, 1). This algorithm realizes the fast classification of decision variables. Overall, the experiment shows that the decision variable grouping method based on the extreme point Pareto frontier can improve the multi-objective solving performance.

[image: images]

Figure 3: Parallel coordinate graphs of non-dominant solution set for 10 objective DTLZ3 problems with 100 decision variables using three algorithms

[image: images]

Figure 4: MOEA-DV/EPF algorithm in DTLZ3 problem with 10 objectives and 100 decision variables, distribution diagram of decision variables

5.2 Comparison between MOEA-DV/EPF and Other Algorithms

To conduct a fair comparative experiment, we compare the following three algorithms using the same parameters across five test questions. Based on the recommended value [37], this section sets the maximum number of runs for D = 100 and D = 500 to 1000000 and 6800000, respectively. Comparing the average IGD values of 20 independent runs of different algorithms, Table 2 shows the statistical results of IGD measurements under the same parameters. In the table, a dark gray represents the best result of the experiment. The IGD value of the MOEA-DV/EPF algorithm shows better performance in the DTLZ testing problem. The WFG3 test problem is inseparable but unimodal and it has a degenerated Pareto-optimal front. Moreover, this test problem focuses on dealing with decision variable dependence, so the LMEA algorithm is more suitable for this test problem. This algorithm can effectively distinguish between convergence variables and distribution variables, but the issue of correlation between decision variable convergence variables and distribution variables still needs to be solved. Variable dependency also provides ideas for future research on this algorithm. In summary, this algorithm has the potential to solve multi-objective problems and exhibits scalability.

[image: images]

5.3 Timeliness of MOEA-DV/EPF Algorithm

In order to highlight the fairness and reliability of the comparison test, this subsection adopts the same parameters for the comparison analysis of the algorithms on the four test problems. Since the comparison algorithms in this section do not involve the population division imbalance problem, the same parameters are set according to the literature [34], which specifies a population size of 100, a maximum number of runs of 500, and 30 independent runs. The average IGD values of the three algorithms are compared, with dark grey representing the best experimental results. Where STD represents the standard deviation of IGD values for 30 independent runs. According to Table 3, it can be seen that the MOEA-DV/EPF algorithm has better results in the ZDT1-4 test function, which fully proves that this algorithm has some research significance.

[image: images]

5.4 Analysis of MOEA-DV/EPF Algorithm

In order to better show the effect of decision variable grouping in this algorithm, the influence of parameter selection on the algorithm is analyzed and discussed in this section. Fig. 5 depicts the grouping effect of decision variables on ZDT2 for different preprocessing generations, N = 200, D = 30, and convergence width 0.1. The left plot shows P = 1000 and the right plot shows P = 2000. It can be seen that when other parameters are constant, because the convergence width is set too narrow, some convergence variables are not found (for example, the 5th, 14th, and 25th decision variables). Only by increasing the number of preprocessing generations can the convergence variables and distribution variables be accurately distinguished. However, multiple preprocessing loops will increase the running time of the algorithm and affect the overall efficiency of the algorithm. At this time, the convergence width can be appropriately increased to improve the efficiency of the algorithm. However, setting the convergence width too high will misjudge the distribution variable as the convergence variable, which will affect the subsequent optimization of the algorithm. Fig. 6 depicts the distribution effect of the optimal solution set of the proposed algorithm on ZDT2 when the convergence width is 0.3 (left) and 0.1 (right). It can be seen that when the convergence width is set too large, the obtained solution set has less distribution on the Pareto front and does not converge to the front. When the convergence width is set moderately, the obtained set almost coincides with the Pareto true front (blue is the true Pareto front, red is the set of obtained solutions). Therefore, in this paper, the convergence width is selected as 0.1 for all tests, and the preprocessing algebra is appropriately increased during the experiment to make the decision variables be grouped accurately. The design of all parameters has a certain extended research, and the algorithm has a certain competitive ability in the face of multi-objective problems.

[image: images]

Figure 5: The distribution of decision variables when different preprocessing algebras are set in the ZDT2 test problem by MOEA-DV/EPF algorithm

[image: images]

Figure 6: The distribution of solution sets of MOEA-DV/EPF algorithm with different convergence widths in ZDT2 test problems

6  Conclusion

This article introduces a decision variable grouping multi-objective optimization algorithm based on the extreme point Pareto frontier, adept at handling multi-objective optimization issues well, which is referred to as MOEA-DV/EPF. Unlike other multi-objective optimization algorithms, which treat decision variables as a collective whole focusing solely on optimizing objectives, this algorithm groups the decision variables while performing the objective decomposition optimization. The algorithm’s extreme point-based grouping of decision variables is designed based on the set of Pareto optimal solutions of extreme points, obtained in the preprocessing stage to divide the decision variables into convergent and distributed decision variables. Based on the grouping results, different optimization strategies are adopted for the two groups, i.e., perturbation within the convergence value domain for the converging variables and random perturbation within the original value domain for the distribution variables. Finally, the population selection is then combined with a similar fast sorting strategy and congestion distance selection strategy.

In this regard, the algorithm is evaluated in three aspects in this paper. First, MOEA-DV/EPF achieves a more uniform distribution of solution sets in the 10-objective DTLZ3 test function instances, positions closer to the true frontier, and allows for fast convergence variables to be found during the optimization process. Second, we compare the MOEA-DV/EPF algorithm with several existing MOEA methods (e.g., MOEA/D, NSGAIII, etc., described in the above experiments) on standard test instances DTLZ1-DTLZ7 and WFG1-WFG9, with 5- and 10-objectives and 100 and 500 decision variables, respectively, and the results show that the IGD values of this algorithm and its running time both produce good results. At the same time, the advantages and disadvantages of the latest version of multi-objective improvement algorithm and this algorithm are analyzed; and the result obtained by changing the parameters of MOEA-DV/EPF algorithm. Finally, the MOEA-DV/EPF algorithm is analyzed alongside the large-scale decision variable algorithms MOEA/DVA and LMEA algorithms on benchmarking problems. It is found that the present algorithm has good scalability. However, for large-scale problems, it can be seen in the WFG3 test problem that this algorithm does not pay attention to the influence of associated variables in the process of decision variable grouping, and there is still a gap between this algorithm and LMEA and other algorithms considering associated variables in some test problems, which will be the next problem to be solved.
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algorithms on different test problems
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Table 3: Average IGD and STD of MOFDO, MOEA-DV/EPF, and MOEA/DD algorithms on

different testing problems

Problem MOFDO MOEA-DV/EPF MOEA/DD

IGD AVG(STD) IGD AVG(STD) IGD AVG(STD)
ZDT1 0.06758 (0.030911) 0.00642 (0.00034) 0.00679 (0.00009)
ZDT2 0.03511 (0.00404) 0.00433 (0.00007) 0.00443 (0.00011)
ZDT3 0.06676 (0.023913) 0.00790 (0.00060) 0.00896 (0.00026)
ZDT4 0.68020 (0.352945) 0.10680 (0.01625) 0.44113 (0.16207)
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Table 2: Average IGD and STD of MOEA/DVA, LMEA, and MOEA-DV/EPF algorithms on
different testing problems
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Algorithm: MOEA-DV/EPF
Input:
N = Population size
M = Number of targets
D = Decision space
P = Target direction extreme point evolution algebra
CV = Convergence variables
DV = Distribution variables
PS = Population after P iterations
Output: Population
Step 1: // Pareto optimal solution set of extremum points in each target direction
For each iteration in P:
For each targeti in M:
For each individual in population:
Apply crossover and mutation operations on the individual
Store new individuals in a buffer queuel[i]
Replace old population with first N/M individuals from queue[i]
Step 2: // Classification of decision variable
For each variable in D:
Calculate the max and min value of the variable in PS
If range of variable is smaller than convergence width then:
Add variable to CV
Else
Add variable to DV
Step 3: // Population initialization
Based on the adjusted range of CV' and DV, initialize the population
Step 4: // Population evolution
While termination condition is not met:
For each individual in population:
Apply crossover and mutation operations on the individual
If the variable belongs to CV then:
Perturb the variable within the convergence range
Else if the variable belongs to DV:
Randomly perturb the variable within the original range
Based on non-dominated sorting and crowding distance for all new individuals, select strategies to
form a new population
Return population
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