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ABSTRACT
Despite progress in multiobjective evolutionary algorithms (MOEAs)
research, their efficacy in real-world scenarios remains unclear. This arti-
cle introduces a diagnostic benchmarking framework to evaluate MOEAs,
comprising (1) flexible MOEA construction software, (2) performance eval-
uation metrics and (3) real-world applications for benchmarking, reflecting
diverse mathematical challenges. Utilizing this framework, NSGA-II, NSGA-
III, RVEA, MOEA/D and Borg MOEA were evaluated across four applications
with three to ten objectives. Collectively, the four applications capture
challenges such as stochastic objectives, severe constraints, nonlinearity
and complex Pareto frontiers. The study demonstrates how MOEAs that
have shown strong performance on standard test problems can struggle
on real-world applications. The benchmarking framework and results have
value for enhancing the design and use of MOEAs in real-world applica-
tions. Further, the results highlight the need to improve the adaptability
and ease-of-use of MOEAs given the often ill-defined nature of real-world
problem-solving.

ARTICLE HISTORY
Received 4 July 2024
Accepted 7 July 2024

KEYWORDS
Many objective evolutionary
algorithm; optimization;
benchmarking; diagnostics

1. Introduction

Remarkable progress has been made in building well-defined test problems to assess the efficiency
and effectiveness of multiobjective evolutionary algorithms (MOEAs). These test problems, typ-
ically comprising a benchmark suite, are designed to reflect challenging problem characteristics,
including but not limited to multimodality, deception, isolated optima, non-convexity, discrete-
ness, non-uniformity, non-separability and scalability in the number of decision variables and/or
objectives (Deb 1999).

Efforts began with the development of the ZDT test suite (Zitzler, Deb, and Thiele 2000), and
were quickly followed by the DTLZ suite (Deb et al. 2001; Deb, Thiele, et al. 2002) and the WFG
suite (Huband et al. 2006), each introducing new test problems with challenging characteristics. The
DTLZ suite introduced the idea of scalable problems, where the same problem can be instantiated
with a different number of objectives, enabling the systematic study of many-objective optimization.
TheWFG suite introduced the idea of formulating problems with distinct characteristics by applying
a series of transformations, which the authors called shape and transition functions, which remain
popular benchmarking suites currently used. Since then, the literature has continued to evolve with
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Table 1. Multiobjective benchmark suites.

Test suite Objectives Properties Year Reference

ZDT 2 Unconstrained 2000 Zitzler, Deb, and Thiele
DTLZ 2+ Unconstrained 2002 Deb, Thiele, et al.
WFG 2+ Deceptive, non-separable 2002 Deb, Thiele, et al.
LZ 2–3 Complicated Pareto sets 2009 H. Li and Zhang
CEC2009 2–5 Unconstrained and constrained 2009 Zhang, Liu, and Li
CDTLZ 2+ Constrained 2014 Deb and Jain
LSMOP 2–10 Large number of decision variables 2017 Cheng, Jin, et al.
MAF 2–10 Irregular Pareto fronts 2017 Cheng, Li, et al.
Generative benchmarking 2–30 Scalable and customizable Pareto

fronts
2020 Meneghini et al.;

Wang et al.
Visualizable test problems 10 Scalable and customizable Pareto

fronts
2017 Fieldsend et al.;

M. Li et al.
Visualizable test problems 10 Scalable and customizable Pareto

fronts
2017 Fieldsend et al.;

M. Li et al.
Real-world problems 2–9 Pareto front shapes, and types of

design variable
2020 Tanabe and Ishibuchi

Box-constrained real-world problems 2–7 Applied engineering applications 2023 Zapotecas-Martínez,
García-Nájera, and
Menchaca-Méndez

new additions to the benchmarking toolbox. For example, the LZ suite leverages complex Pareto
sets to create even more challenging problems (H. Li and Zhang 2009), while the CDTLZ suite
offers constrained and scalable test problems (Deb and Jain 2014), the modified-DTLZ (mDTLZ)
suite was designed to circumvent the regularly-oriented Pareto front shapes and the single distance
functions across the objectives from the original DTLZ suite (Wang, Ong, and Ishibuchi 2018). The
CEC2009 suite, which was introduced at a workshop during the CEC 2009 conference, presented
both constrained and unconstrained multiobjective test problems (Zhang, Liu, and Li 2009). The
large-scale multiobjective and many-objective test suite (LSMOP) focuses on testing multiobjective
andmany-objective optimization problems that have a high number of decision variables (Cheng, Jin,
et al. 2017). Meanwhile, the MAF test suite was designed for high-dimensional problems with irreg-
ular Pareto fronts (Cheng, Li, et al. 2017). Recently, generative benchmarking offers customization
by allowing researchers to adjust a set of parameters controlling the problem characteristics. Particu-
larly, multimodality, deceptivity and features can be observed in the search spaces (Wang et al. 2018).
Other frameworks bring together characteristics from common test suites (Meneghini et al. 2020). In
other cases, the construction of visualizable test problems introduced a class of multi-objective test
problems scalable in the number of objectives calledmulti-line distanceminimization problems (ML-
DMP). In this test suite, the Pareto optimal solutions lie in a regular polygon in a 2-D decision space,
and these solutions are similar in their distribution of the objective vector set (e.g. its uniformity and
coverage over the Pareto front) via observing the solution set in the 2-D decision space (Fieldsend
et al. 2021; M. Li et al. 2017). Both Tanabe and Ishibuchi (2020) and Zapotecas-Martínez, García-
Nájera, and Menchaca-Méndez (2023), aim to bridge the gap between theoretical performance and
practical applicability of MOEAs, but they differ in their approach. Tanabe and Ishibuchi (2020) dis-
cuss the challengesMOEAs facewith both regular and irregular Pareto fronts, implying a diverse set of
applications. Zapotecas-Martínez, García-Nájera, andMenchaca-Méndez (2023)model well-defined
optimization problems across various practical engineering domains. These benchmarks are summa-
rized in Table 1. In contrast, the primary motivation of this study is to ensure that the benchmarking
framework reflects the complex, stochastic and often ill-defined nature of real-world problems. This
complexity includes severe constraints, nonlinearity and complex Pareto frontiers. AnMOEA bench-
marking framework is presented where MOEAs can easily and rigorously be evaluated for real-world
studies.

While the benchmarks in Table 1 capture challenging characteristics, not all of them replicate
real-world complexity.
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Despite MOEAs’ potential in unbiased decision support (Eiben and Smith 2015), a gap exists
between benchmark test problems and real-world applications. Studies in water resources, with
diverse complexities, reveal MOEAs often struggle (Gupta et al. 2020; Reed and Kollat 2013;
Zatarain-Salazar et al. 2016).

To address this, the proposed benchmarks mirror real-world complexity, offering control, relia-
bility and efficiency for uncertain fronts. These studies should evaluate algorithmic architectures and
parametric sensitivities.

The chosen applications encompass domains such as automotive safety, environmental manage-
ment and aerospace engineering, demonstrating the versatility and robustness of MOEAs across
diverse real-world challenges. The article offers a rigorous and comprehensive framework for bench-
marking MOEA performance on real-world problems. While the four problems highlighted are not
exhaustive, they capture a range of complexities and mathematical characteristics, and they pave
the way for emerging MOEA applications in multidisciplinary design optimization (MDO) and
environmental systems management (ESM).

To begin, a three-objective car crash problem is considered that is smaller in scale but less com-
mon in real-world scenarios compared to two-objective problems. This problem offers a lower level
of difficulty in terms of its objective count and mathematical traits, making it a valuable lower-
bound benchmark thatmodernMOEAs should readily address. It also has a strong legacy connection
to the MDO engineering literature. The two stochastic ESM problems, the Lake Problem and the
Lower Rio Grande Valley (LRGV) problem, are valuable for MOEA benchmarking owing to the
rapid growth in applications in challenging environmental and water resources problems. The Lake
Problem represents a growing class of social-ecological issues involving societal management of
uncertain environmental tipping points. Similarly, the LRGV problem captures the mathematical
challenges common to environmental portfolio and investment problems in major infrastructure,
which are increasingly relevant for planning under climate change uncertainty. Lastly, the general
aviation aircraft (GAA) problem is a well-known and severely challenging MDO benchmark. It pro-
vides a valuable test to assess the state of the field formodernMOEAs in solving high-objective count,
complex real-world design problems, thus strongly challenging modern MOEAs.

The framework is in line with the increasing recognition that the suitability of MOEAs should be
taken outside the scope of test problems and into the sphere of intended users and disciplines (Tanabe
and Ishibuchi 2020; Zapotecas-Martínez, García-Nájera, andMenchaca-Méndez 2023). It is essential
to have robust and diverse benchmarks that accurately reflect the complexity of real-world problems.
Such benchmarks will provide a more comprehensive evaluation of MOEAs’ potential for decision
support contexts, reducing the risk of algorithmic overfitting and parametric bias.

In MOEA benchmarking, overfitting occurs when evaluation narrows down to specific algorithm
architectures and a limited set of test problems. This narrow focus can lead to an algorithm that
excels on these selected benchmarks but struggles to adapt to a wider range of real-world problems.
In essence, the algorithm becomes too specialized and lacks versatility beyond artificial test scenar-
ios. This approach is not conducive to demonstrating the algorithm’s value across diverse real-world
challenges.

Giagkiozis and Fleming (2015) point out that a strict emphasis on Pareto ranking in MOEA
algorithm design, such as through decomposition or reference points, may overlook broader chal-
lenges. For instance, while innovations like self-adaptive ormeta-heuristicmulti-operator search have
been addressed in some notable works (Burke et al. 2013; Hadka and Reed 2013; Santiago et al. 2019;
Vrugt, Robinson, and Hyman 2008; Zhou et al. 2019), there’s an ongoing opportunity for significant
research and development in this area.

Parametric bias in MOEAs is a well-documented concern in the literature (Hadka and Reed 2012;
Purshouse and Fleming 2007). However, many practitioners still assume that default parameter rec-
ommendations from the literature will suffice for achieving optimal performance. Experimental
studies have demonstrated that the ideal parameterization, often referred to as the ‘sweet spot’ (Gold-
berg 2002a), for a given MOEA can vary significantly or may not even exist across different artificial
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test problems. Moreover, these studies reveal that strong non-separable parametric sensitivities can
lead to unpredictable changes in the ‘sweet spot’ as the number of objectives increases in scalable
problems. Relying on recommended parameters derived solely from test problems can result in sig-
nificant MOEA search failures when applied to real-world applications, substantially reducing their
practical utility.

It has long been recognized that no single performance metric is sufficient for fully character-
izing the success or failure of MOEAs (Knowles and Corne 2002; Zitzler et al. 2003). As noted
by Ishibuchi, Pang, and Shang (2022), there are several difficulties for fairly comparing MOEAs,
where a careful selection of metrics is required to provide a range of characteristics. For a single
parameter MOEA trial run, Hadka and Reed (2012) recommend a mixture of metric diagnostics
including generational distance (GD) for a pure proximity measure (Deb and Jain 2002), hyper-
volume for proximity and diversity, and an ε-indicator to identify gaps in approximation sets (i.e.
consistency with the Pareto frontier) (Zitzler et al. 2003). Nonetheless, overfitting and parametric
bias artifacts are reinforced by traditional assessments of performance that typically employ a single
MOEA parameter set over multiple random seed trials to compute performance metrics. This tradi-
tional assessment approach provides a highly local and limited representation of the broader global
joint probabilistic performance of an algorithm across proximity, diversity and consistencymeasures.
A broader ensemble-based MOEA diagnostic framework (Hadka and Reed 2012) has demonstrated
the importance of globally sampling MOEA parameter spaces and exploiting ensemble-based met-
ric assessments. The assessment seeks for ideal traits for MOEAs: (1) effectiveness; (2) efficiency; (3)
reliability; and (4) controllability. In simple terms, a useful MOEA should attain high quality approx-
imation sets (‘effectiveness’) for a real-world application using the minimum number of function
evaluations (NFEs, ‘efficiency’), with minimal attainment variability (‘reliability’) and not be sensi-
tive to algorithmic parameter settings (‘controllability’). These traits are particularly important in
real-world contexts where user time has real costs and investments in tailoring algorithms compete
directly with realized returns from analysis of the actual problems of focus (Woodruff, Reed, and
Simpson 2013; Woodruff, Simpson, and Reed 2015).

In light of these observations, it is of paramount importance to assess the performance of MOEAs
in real-world applications. While the literature contains numerous case studies where one or more
MOEAs are applied to solve real-world problems, aggregating results across these studies proves chal-
lenging owing to variations in testing methodologies. Consequently, this study makes a significant
contribution by introducing and demonstrating a comprehensive MOEA benchmarking framework
that serves the following three key purposes.

(1) Flexible MOEA Architectures. The framework allows for the flexible construction of MOEA
architectures.

(2) Global Parameter Sampling. It supports rigorous global sampling of MOEA parameters and
employs metric-based evaluations that encompass proximity, diversity and consistency.

(3) Real-World Benchmark Applications. The framework offers an extensive collection of real-
world benchmark applications that span a range of mathematical problem difficulties.

This benchmarking framework aims to assist the field in developing best practices, establishing a
standardized methodology for running MOEAs, collecting results, computing performance metrics
and statistically comparing joint probabilistic performance results.

The study showcases the benchmarking framework through four applications, ranging from a
three-objective car crash problem to a ten-objective general aviation aircraft design problem. The
framework also employs five popular MOEAs, i.e. NSGA-II, NSGA-III, MOEA/D, RVEA and the
Borg MOEA, specifically selected for their utilization of various mechanisms for many-objective
search, such as Pareto dominance, reference directions, decomposition and ε-dominance with adap-
tive operators. By using this benchmark suite, the study rigorously explores each algorithm’s perfor-
mance across its feasible parameter space. This approach eliminates parametric bias when comparing
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Figure 1. The study introduces and builds upon theMOEA Framework, which provides robust support for a wide range of state-of-
the-art MOEAs and serves as a foundation for developing new algorithmic designs. The framework offers an extensive collection of
search operators suitable for various decision variable representations. Moreover, it allows for algorithmic parallelization, enabling
distribution across multiple computing cores, and seamlessly integrates with the PISA and JMetal platforms for convenient access
to popular MOEAs. For detailed information about the repository used in this study, please refer to Hadka (2023).

MOEAs and allows for an in-depth examination of key parametric controls. Moreover, the diverse
selection of algorithms captures a wide range of algorithmic architectures.

Section 2 outlines the experimental framework and methodology for evaluating MOEAs. It
begins with an overview of the MOEA Framework, highlighting its support for various algorithm
architectures and performance diagnostics. The section then details the performance metrics used
for assessment, describes the specific MOEAs employed in the study and discusses the real-world
benchmarks utilized.

Section 3 presents the results of applying these MOEAs to real-world benchmarks. It emphasizes
the contributions of different MOEAs to the best-known reference set and evaluates a range of per-
formance metrics, including convergence, diversity and consistency. Attainment plots are used to
measure the reliability of achieving good solutions consistently. The section also examines the algo-
rithms’ controllability, analysing the efficiency and sensitivity of MOEAs to parameter variations.
Finally, runtime dynamics are assessed to evaluate variability across different seed trials, indicating
sensitivity to initial conditions.

Finally, Section 4 presents the conclusions drawn from evaluating the MOEAs in real-world
applications, providing insights into effective algorithmic design choices to enhance adaptability
across various domains. It also proposes the benchmarking framework as a tool for future algo-
rithmic improvements and encourages collaborative research within the evolutionary computation
community.

2. Method

2.1. Experimental framework

Rigorous MOEA benchmarking for real-world applications requires a flexible software framework
that can be used to accommodate both common and new algorithm architectures while also sup-
porting ensemble-based performance diagnostics. These features are provided in the open-source
MOEA Framework (Hadka 2024). A summary of the key features of theMOEA Framework is shown
in Figure 1.

As part of the study, several extensions to the MOEA Framework are made to incorporate real-
world benchmarks, allowing distinct MOEAs’ capabilities to be assessed across various research
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domains, as well as the extension to recent MOEAs. Additionally, the framework offers a compre-
hensive sensitivity analysis library, facilitating rigorous MOEA diagnostics.

The MOEA Framework is an open-source library developed in Java. It utilizes object-oriented
design principles to provide a flexible and extensible framework for creating, testing and distributing
MOEAs. At its core, the MOEA Framework defines several key classes and interfaces—including
algorithm, problem, variable, solution and variation—that are fundamental for implementing
MOEAs. This serves to separate the task of defining specific MOEAs from problem representation
and genetic operators.

The MOEA Framework supports a plug-and-play system of adding implementations of both new
and already existing algorithms. When adding new algorithm implementations, the MOEA Frame-
work does not requiremodifications or re-building the framework itself. A newly compiled algorithm
implementation simply requires specification of an appropriate path and the MOEA Framework will
capture it for full diagnostic analyses automatically. Also, where applicable, the MOEA Framework
attempts to determine the appropriate operators to use automatically, based on the decision vari-
able type. For example, when given a real-valued problem, the MOEA Framework will instantiate
the MOEA with real-valued variation operators, or report an error if an invalid combination was
requested by the user. Again, this provides separation of concerns by providing a clear demarcation
between the search algorithm and the problem representation.

The MOEA Framework exploits the service provider interface mechanism for introducing new
optimization problems where it will automatically configure MOEAs given the problem properties.
It provides default implementations of the most popular MOEAs, including NSGA-II, NSGA-III
and MOEA/D. Given the framework’s object-oriented design, it is easy to build new MOEAs using
existing components or adapt existing MOEA implementations. The MOEA framework has built-
in support for global MOEA parametric sampling studies that include many popular performance
indicators, including hypervolume (HV), generational distance (GD), inverted generational distance
(IGD), additive epsilon-indicator (EI), spacing and the R indicators (Coello Coello, Lamont, and Van
Veldhuizen 2007; Zitzler et al. 2003). As a result, it contains all the necessary modules to design, test
and analyse MOEAs.

The experimental methodology adopted in this study builds on the work of Hadka and
Reed (2012). Their methodology is in accordance with the following five steps, and is illustrated in
Figure 2.

(1) Generate a global sample of an MOEA’s parameters. The algorithmic parameters for each
MOEA are statistically sampled via a statistical design of experiments (e.g. Latin hypercube
sampling) to avoid any parameter bias. Additionally, by testing an MOEA across its feasi-
ble parameter space, the ‘sweet spots’ can be identified, where top performance is expected,
observe how these ‘sweet spots’ change across applications, and compare these ‘sweet spots’
against the performance of an algorithm’s recommended default parameter settings.

(2) Initiate replicate MOEA trial runs for each parameterization. Each parameterization of the
MOEA is run for multiple random seed trials on the problem of focus and the resulting
approximation sets are recorded. In this study, 50 random seed trial runs for each sam-
pled MOEA parameterization were run for 100,000NFEs. Search progress was recorded by
outputting approximation sets every 10,000NFEs.

(3) Generate the best-known reference sets. For real-world applications, the true Pareto front
is not known a priori. Instead, the best-known approximation to the Pareto front is devel-
oped across all runs of all algorithms for a given problem. Likewise, an algorithm-specific
best approximation reference set can be attained by ranking the combined results from its
individual runs.

(4) Computing performancemetrics. In this study, generational distance is used tomeasure prox-
imity to the reference set, hypervolume tomeasure both proximity and diversity, and additive
epsilon-indicator to measure consistency (no large solution gaps in approximation sets).
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Figure 2. Latin hypercube sampling (LHS) is employed to sample the feasible parameter space for each MOEA. Each point within
the parameter block represents a complete set of parameters for generating the corresponding approximation set. This process
is repeated for each of the 50 seeds to account for the impact on initial populations. To assess the performance of MOEAs com-
prehensively, generational distance, epsilon-indicator and hypervolume are computed relative to the best-known reference set
(depicted in grey). This reference set embodies the best solutions across all parameterizations, seeds andMOEAs. The probability of
attainment measures the percentage of single-seed MOEA runs that achieve good performance, offering insights into algorithmic
reliability. Lastly, the controlmap evaluates theMOEA’s sensitivity to its parameterizations, avoiding any specific assumptions about
highly-tuned parameters for each algorithm. (Inspiration was taken from Reed and Kollat 2013.)

(5) Generate probabilistic attainment and control figures. Attainment plots show the best over-
all single MOEA metrics attained as well as the probabilities for attaining higher levels of
performance.

(6) Control maps provide a visual means of understanding how sensitive an MOEA’s search
performance is to its parametric settings (i.e. controllability or ease of use).

This process is repeated for each MOEA under study. Parallelization and high-performance com-
puting can be used to execute the type of real-world diagnostics demonstrated in this study efficiently.
For example, this study required approximately four days of computing resources with 256 processing
cores.

2.2. Multiobjective evolutionary algorithms

In this study, five representative MOEAs were investigated: NSGA-II, NSGA-III, RVEA, MOEA/D
and the Borg MOEA. With the exception of NSGA-II, which serves to establish a historical MOEA
baseline in performance, these algorithms each have unique mechanisms for handling many objec-
tives. NSGA-III and RVEA utilize reference points/vectors to direct the search towards diversified
solutions, MOEA/D uses decomposition, and the Borg MOEA uses its epsilon-dominance archiving
to inform auto-adapted changes in selection, population sizing andmixtures of variational operators.
Summaries for each algorithm are provided below, and readers are directed to the algorithms’ original
cited articles for in-depth details. The intent of this diagnostic assessment is to demonstrate how the
default or most common versions of these MOEAs perform on the real-world test problem suite.

2.2.1. NSGA-II
In 2002, Deb et al. proposed NSGA-II (Deb, Pratap, et al. 2002).With a core focus on non-dominated
solutions, NSGA-II sorts all population members into a sequence of fronts. Members belonging to
each front are non-dominated with respect to each other and are given the same rank. The lower the
rank the better. It is worth mentioning that a lower rank solution (A) does not necessarily dominate
a higher rank solution (B). If this is the case, there must be at least a single third solution (C) that
dominates (B) andwhose rank is equal to or higher than (A). After sorting, solutions are incorporated
into the next generation, front by front. Typically, the algorithm will reach a front that has more
members than the remaining slots in the next population. In such a case,NSGA-II employs a crowding
distance operator. Among those solutions awaiting to be incorporated, priority is given to those found
in sparse regions of the objective space. NSGA-II is an elitist algorithm. It also uses minimum and
maximum values of the current non-dominated set of solutions to normalize objectives.
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2.2.2. MOEA/D
Because of its ability to target both convergence and diversity in bi-objective problems,NSGA-II dom-
inated the field for many years. A major drawback of NSGA-II is the performance of its crowding
distance operator beyond two objectives. For three and more objectives, NSGA-II struggles to main-
tain a set of well-distributed solutions over the non-dominated front. In 2007, Zhang and Li sought
to address this limitation by introducing their decomposition-based multiobjective optimization
algorithm,MOEA/D (Zhang andLi 2007; Zhang, Liu, andLi 2009).One of themost appealing ideas in
MOEA/D is the use of reference directions in optimization. MOEA/D breaks down a multiobjective
optimization problem into several single-objective optimization subproblems, each using informa-
tion only from its neighbours. All objective functions are combined to form the fitness functions of
these single objective subproblems. This combination (scalarization) is done usingTchebycheff (Miet-
tinen 2012) or boundary intersection (BI) (Das andDennis 1998) approaches. In contrast toNSGA-II,
MOEA/D does not use non-dominated sorting as its main pulling force. It rather tries to minimize
the distance between each solution and a reference point (convergence) while minimizing the dis-
tance between this solution and its closest reference direction (diversity) at the same time. MOEA/D
has been shown to achieve better distributions for many-objective test function suites. The algorithm
uses a parameter T to control the size of the neighbourhood, as well as another penalty parameter θ
used to penalize infeasible solutions in the optimization process. The original study did not include
any constraint-handling strategy. In this study, theMOEA/D-DE algorithm as described by H. Li and
Zhang (2009) is used, which incorporates a penalty function based on the sumof constraint violations
following the method outlined in Jan and Zhang (2010).

2.2.3. NSGA-III
In 2013, Deb and Jain proposed NSGA-III (Deb and Jain 2014; Jain and Deb 2014) building on top
of both NSGA-II and MOEA/D. NSGA-III was developed from a many-objective perspective, and
was able to solve problems having up to 20 objectives (Deb and Jain 2014). It employs the same non-
dominated sorting as in NSGA-II, but uses a different niching strategy. It uses the idea of reference
directions only in niching where reference directions are only used to achieve better diversity since
the main pulling force is non-dominated sorting. Unlike MOEA/D, NSGA-III does not impose any
neighbourhood restrictions. It also uses a different normalization approach, where the extreme solu-
tions are identified using an achievement scalarization function (ASF) approach. Then the hyperplane
containing these extreme points is calculated and used to normalize all other solutions. Selection pres-
sure in NSGA-III is mild compared to NSGA-II. The algorithm only favours feasible over infeasible
solutions; however, it flips a coin if two feasible solutions go head to head. This is intended to give
the algorithm more time for exploration, preventing the potential rush into local traps. The original
study used a set of predefined evenly distributed reference directions, and briefly explored the idea of
repositioning these directions during optimization.

2.2.4. RVEA
Cheng et al. (2016) proposed RVEA, another reference-direction-based multiobjective optimization
algorithm. A distinctive feature of RVEA is its scalarization approach, known as angle-penalized dis-
tance (APD), which combines the distance between a solution and the ideal point (as a measure
of convergence) with the acute angle the solution makes with its reference direction (as a measure
of diversity). RVEA looks at normalization from an opposite perspective. Instead of normalizing
solutions, RVEA repositions reference directions to achieve a better distribution when dealing with
differently scaled objectives. Two additional parameters are used, namely α, which controls the
penalty function, and fr , which controls the frequency of employing the adaptation strategy (nor-
malization). RVEA shows results competitive with several state-of-the-art algorithms on solving
problems with up to 10 objectives.



ENGINEERING OPTIMIZATION 9

2.2.5. BorgMOEA
The Borg MOEA utilizes auto-adaptive selection pressure, population sizing and multioperator
recombination to search for Pareto optimal solutions efficiently in high-dimensional spaces (Hadka
and Reed 2013). This algorithm is characterized by its epsilon-dominance archiving, which helps
maintain a diverse set of solutions on the Pareto frontier, while its auto-adaptive search dynamically
adjusts the mixture of variational operators to explore the problem domain effectively.

The Borg MOEA’s adaptive configuration of simulated binary crossover (SBX), differential evolu-
tion (DE), parent-centric recombination (PCX), unimodal normal distribution crossover (UNDX),
simplex crossover (SPX), polynomial mutation (PM) and uniform mutation (UM) allows it to adapt
to a problem’s local characteristics and adjust as required throughout its execution. Moreover, the
algorithm’s auto-adaptive operator selection can identify which variation operators were successful
on a particular problem.

In addition to diversity and selection pressure, the successful and efficient evolution of candi-
date solutions is crucial for many-objective optimization. The Borg MOEA’s auto-adaptive search
algorithm directly addresses this issue, leading to dynamically changing mixtures of search opera-
tors that yield a broad array of cooperative and evolving exploration strategies. The algorithm also
monitors search progress using the epsilon-progress metric and initiates adaptive time continua-
tion (Goldberg 2002a; Srivastava 2002) to inject fresh diversity into a stagnant population, ensuring
efficient evolution.

2.3. Test problems

While the proposed real-world benchmark is designed to be extensible, four initial implementations
of real-world applications ranging from three to ten objectives are provided. A summary of these
problems can be found in Table 2. This table also provides information about the ε-values employed
by the Borg MOEA for ε non-dominated sorting.

2.3.1. Car side impact
The Car side impact problem is a conceptual model for designing cars to withstand car side impacts
(Jain and Deb 2014). The aim is to minimize the weight of the car while simultaneously minimizing
the pubic force experienced by the passengers and minimizing the average velocity of the V-pillar
responsible for withstanding the impact load. The problem represents a mildly constrained three-
objective application with seven real decision variables.

2.3.2. Lake problem
The Lake problem is a classical socio-ecological systems decision problem with the goal of managing
the eutrophication of lakes subject to irreversible tipping points—i.e. nonlinear threshold dynamics
(Carpenter, Ludwig, and Brock 1999). In this problem, a hypothetical town emitting phosphorus into
a shallow lake system must balance economic needs with the goal of avoiding irreversible pollution
of the lake. It entails making annual phosphorus emission control decisions for 100 years, aiming
to maximize economic benefits, minimize significant year-to-year emission changes, maximize the
reliability of avoiding the pollution threshold and minimize lake phosphorus levels. From an MOEA
perspective, this benchmarking application exhibits highly nonlinear threshold behaviour, and its
100-variable decision space is susceptible to genetic drift failures, where less important decisionsmay
not receive sufficient selection pressure (discussed as temporal salience structure by Thierens, Gold-
berg, and Pereira 1998). For a more detailed formulation and implementation of this benchmark,
interested readers can refer to Ward et al. (2015) and Hadka et al. (2015).

2.3.3. Lower Rio Grande Valley
The Lower Rio Grande Valley (LRGV) problem is a risk-based water supply portfolio planning prob-
lem exploring water markets for the Lower Rio Grande Valley in Texas, USA (Kasprzyk et al. 2012).
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Table 2. Real-world applications.

Decisions
Name (no. of variables) Objectives ε-Values Constraints (no.) Properties Reference

Car side impact Design Min: weight, avg. vel. of V-pillar, 0.5, 0.25 Design response Real-valued, Jain and Deb (2014)
variables (7) pubic force experienced. 0.05 constraints (10) Constrained

Lake Problem Phosphorous Min. average daily P. 0.01 Reliability> 85% Real-valued, Nonlinear,
Stochastic objectives

Carpenter, Ludwig, and
Brock (1999)

emission controls Max: utility, inertia, 0.01, 0.0001
(100) day where the critical phosphorous threshold is met. 0.0001

LRGV Permanent rights, Min: cost, surplus water, 0.0009, 0.03 Reliability > 0.98 Real-valued, Con-
strained, Stochastic
objectives, Disjoint PF

Kasprzyk et al. (2012)

adaptive options dropped transfers, no. of leases, 0.004, 0.004 Crit. reliability = 1.0
contract, leases (8) dropped transfers’ cost. 0.004 Cost variability < 1.1

Max. critical reliability. 0.002
GAA Design variables (27) Min: noise, empty weight, cost, 0.15, 30.0, 6.0 Aggregate performance

constraint (1)
Real-valued, Con-
strained Non-separable
decisions

Simpson and
D’Souza (2004)

ride roughness, fuel weight, price. 0.03, 30.0, 3000.0
Max: travel range, reuse, 150.0, 0.3
lift-to-drag ratio, cruising speed. 0.3, 3
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In this problem, real-valued decision variables are used to represent the city’s selection among three
supply sources. These sources include a portion of reservoir inflows (referred to as non-market per-
manent rights), monthly leases of water from regional irrigation districts with pricing based on
volatile demand, and adaptive options contracts that guarantee fixed prices for a specified volume
in drought periods.

One critical constraint in the LRGV application ensures that the city always avoids catastrophic
water supply shortfalls, defined as situations where supply falls below 40% of demand. To eval-
uate alternative combinations of market-based and traditional reservoir sources for water supply,
Monte Carlo based model assessments are employed to compute the resulting six-objective perfor-
mance while considering these constraints. The objectives include minimizing expected costs, cost
variability, surplus water volume, unused purchased market water volume, and the count of water
leases used. Additionally, a sixth objective focuses on maximizing the system’s reliability in meeting
demands.

PreviousMOEA benchmarking efforts for the LRGV problem (Reed et al. 2013) involved running
a random Latin hypercube sampling of the decision space, consisting of 500,000 members, to assess
constraint difficulty. This sampling approach resulted in a very low success rate of 0.06% in gener-
ating feasible solutions, and the identified feasible solutions were strongly dominated. Notably, the
LRGV problem’s best-known Pareto front exhibits a disjointed geometry with two distinct families of
solutions, characterized by high surplus water and expensive non-market reservoir-dominated sup-
plies on one hand, and low surplus, cost-effective water market-dominated solutions on the other.
Complex disjoint Pareto front geometries often arise in real-world applications where discrete fam-
ilies of solutions, representing different solution types, coexist, such as discrete levels of capital cost
investment. For a comprehensive overview of the LRGV problem, readers can refer to Kasprzyk et al.
(2012).

2.3.4. General aviation aircraft
The general aviation aircraft (GAA) problem has as its origin in the United States National Aeronau-
tics and Space Administration aircraft design challenge from the 1990s (Simpson and D’Souza 2004;
Woodruff, Reed, and Simpson 2013). The current version of the GAA problem, as presented in this
study, focuses on creating a product family consisting of three general aviation aircraft. In this product
family design problem, the objective is tomaximizemanufacturing economies of scale bymaximizing
the reuse of existing components (commonality of parts). The problem involves optimizing ninemin-
imization performance objectives: takeoff noise, empty weight, direct operating cost, ride roughness,
fuel weight, purchase price, and threemaximization performance objectives: travel range, lift-to-drag
ratio, and cruising speed. Each candidate product family comprises three aircraft, and each aircraft is
characterized by these nine performance objectives, resulting in a challenging problem with 27 per-
formance measures and one commonality objective. To manage the complexity, this study adopts an
approach initially introduced by Shah, Reed, and Simpson (2011), where each of the nine performance
objectives is transformed into a minimax objective across the three aircraft. The worst-performing
aircraft in any of the nine performance measures defines the reported objective measure. While this
minimax formulation reduces the objective count, it introduces non-separable interactions among
the decision variables across the three aircraft. In this study, three aircraft designs are implemented
to accommodate 2, 4 and 6 occupants, each characterized by nine real-valued decision variables,
resulting in a total of 27 decision variables. Furthermore, the GAA problem is highly constrained,
with strict minimum or maximum performance requirements for takeoff noise, empty weight, direct
operating cost, ride roughness, fuel weight and flight range. In a prior benchmarking exercise (Shah,
Reed, and Simpson 2011), even with a Latin hypercube sampling of 50 million candidate GAA
designs, only three feasible solutionswere found, highlighting its significant difficulty. Interested read-
ers can refer to the studies of Shah, Reed, and Simpson (2011) and Woodruff, Reed, and Simpson
(2013).
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Figure 3. Percentage contribution of eachMOEA to the reference set for the four real-world applications’ best-known approximate
reference sets.

3. Results

3.1. Reference set contributions

Figure 3 illustrates the contributions of the tested MOEAs to the best-known Pareto approximate
reference sets in the four benchmark applications. These contributions encompass reference setmem-
bers identified by multiple algorithms as well as solutions uniquely contributed by a single algorithm.
The final reference sets were constructed by aggregating contributions from all runs of all algo-
rithms. To ensure mathematical consistency in ranking definitions, the final reference sets were
ε-non-dominated sorted, with specific ε-values provided in Table 2.

Among the applications, the Car Side Impact problemwas the easiest, with the highest proportion
of its reference points identified within the same ε-box across theMOEAs. The BorgMOEA achieved
the best overall performance with a 100% identification rate, while MOEA/D, the lower performer,
reached a set contribution as high as 90%. In general, NSGA-II and the reference pointMOEAs exhib-
ited very similar performance owing to the large number of runs and the relatively straightforward
nature of the application.

For the Lake Problem’s reference set, contributions were notably lower. The Borg MOEA (45%),
MOEA/D (30%) and NSGA-II (22%) emerged as the top-performing algorithms. Notably, NSGA-III
and RVEA made limited contributions, suggesting that the reference point frameworks struggled to
achieve optimal convergence. The Lake Problem presents two primary mathematical challenges: (1)
a highly nonlinear irreversible threshold affecting control decisions; and (2) the potential diminish-
ing impact of the 100 decision variables on system performance, characterized by temporal salience
structure and domino convergence—see Thierens, Goldberg, and Pereira (1998). These challenges,
particularly domino convergence and potential selection pressure failures, have been observed in
prior diagnostic assessments (Ward et al. 2015).

In contrast, the LRGV application, despite having a lower-dimensional decision space, presents
significant challenges due to its highly constrained six-objective stochastic formulation and disjoint
Pareto front. Previous MOEA diagnostics have revealed that many MOEAs struggle with maintain-
ing diversity and achieving convergence on this problem (Reed et al. 2013). Notably, the BorgMOEA
contributed approximately 75% of the solutions to the reference set. MOEA/D and RVEA performed
similarly, each contributing around 15%. On the other hand, bothNSGA-II andNSGA-III faced diffi-
culties in contributing solutions to the reference set. The higher dimensionality of the disjoint Pareto
set in the LRGV problem poses deterioration challenges for reference point methods and scaling
challenges for MOEA/D’s Tchebycheff weighting schemes used in its decomposition strategy.
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The ten-objective, highly constrained GAA test yielded the most contrasting results in terms of
reference set contributions, as depicted in Figure 3. Despite the suite of algorithms being tailored
for many-objective optimization, the GAA problem presented severe challenges for the non-adaptive
MOEAs. The Borg MOEA, as a meta-heuristic algorithm, leverages feedback in its search process
to adjust population size, selection pressure and mixtures of variational operators dynamically. This
adaptivity enabled the Borg MOEA to contribute 95% of the GAA reference set.

While theoretical limits of Pareto ranking have spurred the growth of decomposition and ref-
erence point MOEAs (Teytaud 2006, 2007), the results shown in Figure 3 underscore that high-
dimensional real-world problems pose substantial challenges for these approaches. As noted in
previous assessments (Hadka and Reed 2012; Woodruff et al. 2012), the GAA problem’s severe
constraints, coupled with non-separable aircraft family design decisions, strongly activate the Borg
MOEA’s auto-adaptivity, particularly in terms of its dynamic utilization of variational operator mix-
tures. Although the reference set contribution results in Figure 3 offer a broad view of the relative ease
or difficulty of the applications, they do not provide specific insights into the modes of search failure,
such as convergence, proximity, diversity and consistency of the approximation sets achieved by the
evaluated MOEAs.

3.2. Best performance and attainment probabilities

The attainment plots shown in Figure 4 provide a probabilistic metrics-based comparison of the five
MOEAs across the four benchmark applications. Figures 4(a)–4(c) show the best single run attain-
ment results for the generational distance (GD, ‘convergence’), ε-indicator (EI, ‘consistency’) and
hypervolume (HV, ‘proximity and diversity’) metrics, respectively. In panels (a)–(c), two key aspects
of performance for each application are captured: (1) each MOEA’s best single run performance for
each application (designatedwith circles); and (2) the probability of attaining between 0 to 100%of the
best overall single run’s metric value. The 100% of best metric performance level represents the best
metric value attained by a single trial run across all the test MOEAs’ parameterizations and random
seed trials. For each application and metric, the attainment plots provide a comparative assessment
of the single most effective runs as well as the algorithms’ relative reliability in attaining each level of
the metrics’ values.

Given that high GD performance only requires a single approximation set point near the reference
set, this pure convergence measure is most interesting for diagnosing abject search failures. In Figure
4(a), there is very little difference in the MOEAs’ best run and the GD attainments for the Car Side
Impact and Lake Problem test cases. The GD results for the LRGV show reduced attainment proba-
bilities across the MOEAs. RVEA and NSGA-II maintain at least 90% attainment probabilities for up
to 85% of the best GD value. Beyond that level of performance, both algorithms struggle. Although
the Borg MOEA is less reliable than RVEA and NSGA-II at 85% of the best GD value, its attain-
ment probabilities decrease less abruptly at the highest levels of GD performance. Both MOEA/D
and NSGA-III show substantially lower GD attainments. The LRGV problem’s disjoint Pareto set
poses a challenge to the reference point scheme for NSGA-III, as has been shown in other studies
(Deb and Jain 2014; Jain and Deb 2014). The relative scaling of the LRGV application’s objectives
poses a challenge to MOEA/D (Reed et al. 2013). The GAA problem shows the most pronounced
differences in GD attainments in Figure 4(a). Although all five MOEAs had at least a single best run
with high GD performance, the ten-objective constrained GAA problem did yield significant reduc-
tions in attainment probabilities for MOEA/D, NSGA-II and RVEA. Overall, the Borg MOEA and
NSGA-III maintained high attainment probabilities near peak GD metric values.

The EI attainment plots in Figure 4(b) show that gap-free, highly consistent approximations of
the four applications is far more challenging than the GD attainment. Car Side Impact remains the
easiest of the application test problems. MOEA/D showed the largest decline in both its best single
run as well as its overall EI attainment probabilities. The Borg MOEA is the top performer of the
tested MOEAs for the Car Side Impact problem followed by NSGA-III. NSGA-II and RVEA had
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Figure 4. Best performance and attainment probabilities of each MOEA on the four real-world applications.

similar EI attainment performance for the Car Side Impact application. The Borg MOEA again has
the top EI attainment performance for the Lake Problem. All the MOEAs struggled to attain results
reliably beyond 80% of the best overall reference EI metric value. MOEA/D and NSGA-III showed
the worst overall EI attainment performance on the Lake Problem, which is also reflected in the GD
attainments in Figure 4(a). For the LRGV EI attainment probabilities and the best single run results
in Figure 4(b), all the MOEAs show a strong decline in performance relative to the GD attainment
results in Figure 4(a). RVEA shows strong reliability up to approximately 40% of the best EI metric



ENGINEERING OPTIMIZATION 15

value and then declines very rapidly. The Borg MOEA maintains a 70% probability of attainment up
until approximately 65% of the best EI value.

In the case of the LRGV, given that it is a constrained application with a disjoint Pareto front, it
is typically easier and quicker to identify a larger region of attraction compared to isolated groups of
solutions involving different non-market water supply options. The EI metric is sensitive to gaps, in
this case, to the missing second group of solutions. Notably, none of the algorithms can completely
avoid gaps in a single trial run for the LRGV. Specifically, MOEA/D, NSGA-II and NSGA-III face
challenges throughout the entire range of EI attainment for the LRGV.

The GAA EI attainments in Figure 4(b) emphasize the complexity of algorithm selection. In this
scenario, RVEA’s EI attainment for the GAA displays failure across the full spectrum of potential
EI values. In contrast, the Borg MOEA maintains a degree of reliable EI attainment across all tested
applications. For the GAA, the Borg MOEA achieves the highest EI attainment probabilities for the
best overall metric values.

Comparing the EI attainments in Figure 4(b) with the HV attainments in Figure 4(c), consistent
performance trends across all applications are observed, except for theGAA test problem.Notably, the
HV attainment results for the GAA in Figure 4(c) sharply contrast with the EI attainments in Figure
4(b). In this context, the Borg MOEA stands out by achieving the highest single attained solutions
and reliably attaining up to 40% of the best metric values for the GAA application. However, it’s
important to highlight that most MOEAs struggle to attain high HV values for the GAA problem.
This particular instance has the highest dimensionality among those tested in this study, featuring
ten objective trade-offs, and some MOEAs may not scale effectively to address it.

Overall, when considering both EI attainments in Figure 4(b) and HV attainments in Figure 4(c)
for the GAA, the following is observed: NSGA-III succeeds in creating a relatively consistent and gap-
free local approximate set. However, it does not achieve close proximity to the actual reference set,
leading to modest HV performance. On the other hand, despite facing challenges presented by the
GAA problem’s high dimensionality and constraints, the Borg MOEA stands out for its single-run
performance, effectively addressing these issues.

3.3. Efficiency and controllability

In this study, a diagnostic framework is used to explore 500 Latin hypercube samples for each
MOEA’s complete parameter space. Figure 4 presents probabilistic attainments, summarizing the
search effectiveness and reliability across parameterizations and random seed trials for each MOEA.
While statistically robust, these results may not reflect typical real-world usage, where extensive
parameter analysis is often impractical owing to time and resource constraints. Instead, MOEAs that
demonstrate reliable performance and quick convergence without extensive tuning are preferable.
Real-world applications often involve costly efforts to identify suitable parameterizations, as discussed
in prior research (Kasprzyk et al. 2012; Walker et al. 2003; Zeleny 1989). In such contexts, robust
MOEAs are preferable, as they minimize operational costs and maximize decision-making reliability
without extensive trial-and-error parameter tuning.

Figure 5 contains controlmaps assessingMOEAs’ controllability, effectiveness and efficiency based
on expected HVREF performance relative to reference sets. Each plot displays expected HVREF results
from 50 random trials for a specific algorithm’s parameterization. Thesemaps highlight performance
variations related to NFEs, search population size and reference point divisions. Ideally, control maps
would show consistently high HVREF performance across parameterizations with solid dark shading.

In Figure 5, for the Car Side Impact problem, the Borg MOEA achieves nearly ideal performance
across its tested parameterizations when NFE values exceed 10,000. While this problem is the easiest
among the tested applications, both the HV attainments in Figure 4 and the control maps in Figure
5 emphasize the potential for significant parametric sensitivities and reduced reliability in the four
other algorithms. MOEA/D consistently exhibits the lowest expected HV performance regardless of
NFE count. Additionally, Figure 5 reveals that NSGA-II is the second most effective algorithm for
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Figure 5. Control map plots showing the efficiency and controllability of each MOEA on the four real-world applications.

the Car Side Impact problem. On the other hand, RVEA and NSGA-III display increased parametric
sensitivities (i.e. reduced controllability) and a relatively unpredictable dependence on NFE count.

A key distinction between NSGA-II, NSGA-III and RVEA compared to the Borg MOEA is how
they manage parametric sensitivities. The Borg MOEA incorporates several ε-dominance-based
feedback mechanisms, enabling the algorithm to auto-adapt its selective pressure, population size,
utilization of variational operators and search population diversity. These feedbacks operate inter-
nally within the algorithm, requiring no user intervention. In contrast, achieving high performance
with the other MOEAs on the Car Side Impact problem demands external user experimentation to
navigate the parametric sensitivities that influence search performance.

In Figure 5, the control maps for the Lake Problem indicate greater complexity compared to the
results for the Car Side Impact problem across all tested MOEAs. In particular, the control maps
for the Borg MOEA clearly demonstrate a trend of reduced variability and improved HV perfor-
mance as the NFE count surpasses 20,000. On the other hand, NSGA-III and RVEA display a more
complex relationship between expected HV performance and their parameter settings when com-
pared to the BorgMOEA. Notably, the BorgMOEA exhibits enhanced controllability with increasing
NFE counts, revealing distinct parametric ‘sweet spots’ (Goldberg 2002b). Conversely, MOEA/D and
NSGA-II present complex control maps for the Lake Problem in Figure 5, indicating higher sensi-
tivity to the algorithmic parameterizations. These algorithms exhibit large NFE requirements before
showing improvements in expected HV performance.

AllMOEAs showed limited regions of highHVperformance for the LRGVproblem.Moreover, the
LRGV problem involves Monte Carlo based function evaluations, making it the most computation-
ally demanding among the four real-world benchmarking problems. Notably, both the Borg MOEA
and RVEA demonstrated the highest degree of controllability when addressing the LRGV problem,
displaying a clear advantage in both expected HV performance and controllability as the NFE count
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increased for this particular problem. Conversely, MOEA/D, NSGA-II and NSGA-III exhibited sub-
par controllability when attempting to solve the LRGV problem within the allocated computational
time.

Furthermore, as illustrated in Figure 5, it is evident that the ten-objective GAA problem poses
the greatest challenges among the four problems considered. It exhibits the most severe constraints,
the highest-dimensional objective space and non-separable decision factors. In single trial runs, the
expected HVREF performance is notably limited for all tested MOEAs.

Remarkably, at 50,000NFEs, the BorgMOEA begins to demonstrate notable HV performance and
exhibits consistent improvement as the NFE count increases. Prior studies (Hadka and Reed 2012;
Shah, Reed, and Simpson 2011; Woodruff et al. 2012; Woodruff, Reed, and Simpson 2013) have
indicated that auto-adaptive population sizing and time continuation, involving the injection of
diverse solutions, significantly enhance MOEA performance when dealing with the GAA problem.
Additionally, Hadka and Reed (2012) conducted detailed sensitivity analyses and runtime analysis,
demonstrating that the BorgMOEA’s cooperative and adaptive utilization of multiple variation oper-
ators, including those tailored for non-separable problems, contributes to its success in solving the
GAA problem. Surprisingly, the decomposition and reference point strategies, designed to address
issues in Pareto ranking, seem to face challenges when applied to the GAA problem.

In general, the controllability results of Figure 5, as well as findings from prior diagnostic studies
that carefully exploredMOEA parameter space sensitivities (Gupta et al. 2020; Hadka and Reed 2012;
Purshouse and Fleming 2007; Reed and Kollat 2013) challenge the common notion that stable
problem independent MOEA parameter settings ever exist for non-trivial many-objective prob-
lems, especially for non-adaptive algorithms. For example, Ward et al. (2015) show that even a
modest change in the Lake Problem’s statistical assumptions caused drastic changes in many non-
adaptiveMOEAs’ controlmaps, where inmany instances successful zones of performance completely
disappear (i.e. complete algorithmic failure).

3.4. Comparative runtime dynamics for default parameterizations

Figures 4 and 5 provide diagnostic results to understand the overall efficiency, effectiveness, reliability
and controllability of the four testedMOEAs.However, these results do not represent the typical oper-
ational use of MOEAs. In reality, most MOEA applications and studies use the author-recommended
default parameterization and run algorithms for multiple random seed trials.

Figure 6 presents the HV runtime search dynamics of the default parameterizations for the five
algorithms addressing the four benchmarking problems. Panels (a)–(d) compare the efficiency (NFE)
and reliability (90th interquantile range) of standard MOEA implementations to the best single
MOEA runs for each benchmark application. For instance, panel (a) illustrates that the BorgMOEA’s
default implementation achieves highHV results in under 10,000NFEs for the Car Side Impact prob-
lem. Even the least favourable random seed trial of the BorgMOEAoutperforms the other algorithms.
NSGA-II and NSGA-III also efficiently and reliably solve the Car Side Impact problem but generally
do not reach the same HV performance level as the Borg MOEA. RVEA, on the other hand, requires
almost double the NFE (over 20,000NFEs) to attain Car Side Impact HV results. Concerning the
Lake Problem, in panel (b), the default runtime dynamics are displayed, emphasizing substantial dif-
ferences in the algorithms’ runtime behaviours. Both NSGA-III and the Borg MOEA rapidly achieve
high HV performance levels (between 15,000 and 20,000NFEs), with NSGA-III exhibiting greater
reliability in the early stages of the search process.

When compared to the Borg MOEA and NSGA-III, RVEA shows lower efficiency, effectiveness
and reliability when applied to the Lake Problem. Further, the best random seed trials of RVEA per-
form less effectively than the worst trials of the top-performing algorithms. Moreover, the default
implementation of MOEA/D experiences a significant delay in search progress, requiring more than
50,000NFEs before achieving substantial HV improvements.
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Figure 6. Runtime dynamics for each MOEA using their default parameterizations across the four real-world applications.

In Figure 6(c), the default runtime dynamics for the Lower Rio Grande Valley (LRGV) problem
highlight its complexity and the substantial performance uncertainty that real-world practitioners
would face when using MOEAs’ HV results. The wide variability in the 90th inter-quantile ranges
of random seed trials indicates significant unpredictability, making mean runtime traces poor reflec-
tions of actual performance. In this context, the BorgMOEA offers a more accurate representation of
LRGV application tradeoffs, improving decision support.

In the case of the GAA problem, only the Borg MOEA successfully solved this challenging
ten-objective benchmark. Even the worst-performing Borg MOEA trials with default settings out-
performed the best trials of all other algorithms. NSGA-III was the only other algorithm that showed
some progress with default settings. Notably, the BorgMOEA, being a hyper-heuristic, stands out for
its adaptability, adjusting population size, selective pressure, search diversity and variation operators
based on ε-dominance archiving.

In the discussion by Giagkiozis and Fleming (2015), they argue against solely transitioning away
from Pareto ranking schemes to address MOEA limitations. They emphasize that search progress
depends on various factors, including population diversity, topological complexities and the avoid-
ance of stagnation due to a lack of selective pressure. Additionally, they highlight the need forMOEAs
to be flexible, adaptable and user-friendly in real-world decision contexts.

While decomposition techniques and reference point frameworks have received significant atten-
tion in the MOEA research community, this study’s results motivate a shift beyond non-adaptive
search mechanisms. Overall, the findings in Figures 4–6 underscore the importance of moving
beyond fine-tuned parameterizations in MOEA applications, emphasizing the considerable dif-
ferences in algorithm runtime dynamics. These results emphasize the need for hyper-heuristic
approaches capable of adapting to each problem’s unique characteristics, providing more accurate
tradeoff representations for decision support.

4. Conclusion

In this study, a new open-source real-world benchmarking framework was introduced. Through this
framework, a rigorous comparison of five popular MOEAs on real-world problems was conducted.
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The results indicate performance disparities among the different MOEAs. These findings offer valu-
able insights into algorithmic design choices. First, the choice of selection strategy and/or archive
mechanism must avoid deterioration, provide sufficient selection pressure and maintain genetic
diversity throughout the entire run. ε-Dominance archiving and reference points have proven to be
successful in this regard. Secondly, it is often overlooked that genetic operators should be stable and
flexible across various problem domains in order to drive the search towards the Pareto front reliably.
Historically, the choice of genetic operator has been the responsibility of the MOEA practitioner,
but recent advances in hyper-heuristics and multi-operator MOEAs provide an automated approach.
Lastly, it is essential to recognize that selection and genetic operators are mutually important factors
and should not be studied independently in isolation.

These findings suggest that, when aiming to explore the entire Pareto front, ε-non-dominated sort-
ing is effective in preserving genetic diversity and maintaining selection pressure on problems with
up to ten objectives. Additionally, the results highlight the advantages of using auto-adaptive search
operators that can dynamically adapt to the search in diverse real-world applications.While reference
point/vector methods have gained popularity, the results indicate a potential deterioration in perfor-
mance at higher dimensions. Further research is needed to isolate the root cause of deteriorating
performance.

The study reveals a notable flaw in existing test benchmarks when it comes to distinguishing the
performance of MOEAs (Hadka and Reed 2012). While significant emphasis is placed on gaining
marginal improvements on a suite of test problems, the subpar performance of MOEAs in real-world
applications persists. The study focused on a selected number of cases spanning design, environmen-
tal and water management applications, areas where the authors have expertise. However, a larger
pool of test cases is necessary to derive generalizable insights, and the framework would benefit
from a broader range of cases representative of real-world environments. The MOEAs were cho-
sen to encompass a wide spectrum of design characteristics and operational challenges, though the
selection was not exhaustive. Further, to ensure fairness, the number of function evaluations across
all MOEAs was standardized, regardless of test case complexity. This approach aimed to prevent sam-
pling biases due to the high sensitivity of someMOEAs to exploration periods.However,MOEAswith
auto-adaptive operator selection might perform better with extended exploration. Additionally, the
methodology included 50 random seed trials with 500 samples each, a computationally demanding
endeavour that may be impractical in settings with limited resources.

Despite these limitations, the purpose of the benchmarking framework and the results presented
in this study is to initiate collaborative efforts within the field, with the aim of expanding a diverse
suite of real-world benchmarking problems for a range of domains. The MOEA Framework allows
for future studies so as also to flexibly explore new or mixed algorithm architectures as part of
benchmarking efforts. The testing framework and real-world benchmarks are freely available to
all researchers, and can serve as a foundation for developing the next round of innovations and
algorithmic improvements.
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