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Abstract 
 
The time required to find the optimal solution to a problem increases exponentially as the               
size and amount of parameters increases. Evolutionary algorithms tackle this problem           
heuristically by generating better solutions over time. When there is more than one             
objective in a problem, algorithms must generate multiple solutions to fit any preference in              
specific objectives. As the amount of objectives increases, the effort required to generate             
good sets of solutions increases. 

This study investigated how increasing the amount of objectives impacted four 
multi-objective evolutionary algorithms differently. The algorithms were tested against         
two different sets of problems with each problem being tested in twenty seven different              
circumstances. The results of these tests were summarized into two different statistics            
based on ranking used to determine if there was any performance changes. 

The results indicate that some multi-objective evolutionary algorithms have         
better performance against problems with more objectives. The underlying cause and           
magnitude in performance difference was not identified. 
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Prestandaskillnader mellan multiobjektiva 
 evolutionära algoritmer i olika miljöer 

 
Sammanfattning 

 
När storleken och antalet parametrar växer för ett problem växer tidens som krävs för att               
hitta den optimala lösningen exponentiellt. Evolutionära algoritmer löser detta problem          
med heuristik genom att generera bättre lösningar iterativt. När problemen har mer än ett              
mål måste algoritmerna generera flera lösningar för att passa olika preferenser i specifika             
mål. Mängden arbete som krävs för att generera bra lösningsmängder växer när antalet mål              
växer för dessa problem. 

Denna studie undersökte om ökningen av antalet mål påverkade fyra olika           
multiobjektiva evolutionära algoritmer olika. Algoritmerna testades mot två olika mängder          
problem varav varje problem testades under tjugosju olika inställningar. För dessa tester            
sammanfattades resultat i två olika mätningar baserade algoritmernas rangordning i ett           
antal mätningar för att komma fram till om det var några skillnader i prestanda. 

Resultaten påpekade att vissa multiobjektiva evolutionära algoritmer har bättre         
prestanda hos problem med fler mål. Den underliggande anledningen och storleken på            
prestandaskillnaden kartlagdes inte. 
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1 Introduction 
As the amount of parameters increase for a problem, the computational effort required to              
test all combinations of parameters is multiplied. The modern approach to this problem is              
to use heuristic methods to remove useless test cases or highlight particularly good test              
cases. This way, certainty is reduced from the results but computation time is drastically              
reduced. Evolutionary algorithms are heuristic methods that attempt to emulate biological           
evolution in the realm of computer science. Test cases with results that fit a certain goal                
are reproduced and mutated while the other test cases are removed. Over time, these              
algorithms will move the test cases closer to the optimal solution. 

A problem arises when the problems have multiple objectives, as one clear optimal             
solution cannot be assessed without reducing the amount of objectives. For such            
problems, the algorithms need to produce a set of solutions that best fit the goals. One                
such problem is the Integrated Crew Scheduling problem that consists of a number of crew               
members in a company or organization, a number of journeys with specific dates and              
times, and an origin point. The problem is solved when all journeys have the proper crew                
on them and all crewmembers have returned to the origin point. The problem is              
multi-objective as the manager of the crew must optimize a number of objectives such as               
the dead time spent waiting for the next journey, the resting time for each crew member                
and the number of extra journeys required to bring all crew members back to the origin                
point. In a paper by Chiu-Hung Chen, Tung-Kuan Liu and Jyh-Horng[1], they showed that              
one multi-objective evolutionary algorithm could schedule the crews of an airline           
company to improve results for all objectives compared to the method currently used at              
the company. 

Another paper showed that some evolutionary algorithms perform better against          
some problems[2]. Investigating the performance of multi-objective evolutionary        
algorithms as the amount of objectives increases could help researchers pair their problem             
with the algorithm most suited for the problem. 
 

1.1 Problem statement 
 
This study investigates the performance of established and known multi-objective          
evolutionary algorithms (MOEAs) against different test suites to answer the following           
question.  
 
How does an increased number of objectives affect the performance of different multi-objective             
evolutionary algorithms? 
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1.2 Scope 
 
This study will test four different MOEAs, namely: 

● Non-Dominated Sorting Genetic Algorithm 2 (NSGA-II) 
● Non-Dominated Sorting Genetic Algorithm 3 (NSGA-III) 
● Multi-objective Evolutionary Algorithm based on Decomposition (MOEA/D) 
● Generalized Differential Evolution 3 (GDE3) 

These algorithms will be tested on problems having 2 to 10 objectives, specifically for test               
suites DTLZ1-4 and WFG1-4. The performance will be summarized by ranking the            
algorithms at a number of measurements made on the solution sets generated by the              
algorithms. Since this study is greatly limited in time and resources, the testing of the               
algorithms will be limited in running time and the test problems will not be tested with                
differing number of variables. 

 

1.3 Acronyms and terminology 
This section details a number of acronyms and terms used in this text. 
 
MOP - multi-objective Problem 

MOEA - multi-objective Evolutionary Algorithm 

DTLZ - Deb Thiele Laumanns Zitzler, a multi-objective problem named after its creators 

WFG - Walking Fish Group, a multi-objective problem 

MOEA/D - Multi-objective Evolutionary Algorithm based on Decomposition 

NSGA - Non-dominated Sorting Genetic Algorithm 

GDE - Generalized Differential Evolution 

 

Generation/Population - A set of solutions that an algorithm is trying to improve. 

Approximation set - The algorithms current best assessment of the Pareto front. 

Pareto front - The best set of solutions. 
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2 Background 
 

2.1 Multi-objective optimization problems 
Multi-objective optimization problems (MOPs) are problems involving more than one          
objective to be optimized. Researchers in the field of multi-objective optimization work            
with developing algorithms to solve these problems, which has proven difficult as the             
solutions are complex for non-trivial MOPs which calls for a more heuristic approach.             
There does not exist a single solution that simultaneously optimizes each objective, for             
non-trivial MOP. If one solution scores better on all objectives, then that point is              
dominating the other solution and that is a trivial problem. For non-trivial problems they              
have a set of optimal solutions this set is called the pareto front. 
 
 

 
Figure 2.1.1 Pareto front [3] 

 
Solving a MOP is sometimes seen as approximating or computing all representative set of              
Pareto optimal solutions see figure 2.2.1. MOP is also known as Pareto optimization.             
Finding the global optimum of a general MOP is an NP-Complete problem [4]. Pareto front               
is a state of allocation of resources in which it is impossible to make any point better off                  
without making at least one other point worse off. More than one solution can have the                
same point but with different parameters e.g. if we take cost and quality as objective 1 and                 
2 for producing an object. In this example you can produce more than one object with the                 
same cost and quality but different in how it the object was made or with different parts.                 
Infeasible point in figure 2.1.1 is solution that is impossible to reach. Feasible points is               
points that is dominated on all front and is disregarded when a better solution is found in                 
the pareto point. 
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2.2 Evolutionary algorithms 
Evolutionary algorithms (EAs) attempt to replicate the biological concept of evolution,           
substituting species and fitness with variables and data. They start out with a set of               
potential solutions to the problem called a generation. The potential solutions are then             
evaluated against the problem with each of the solutions generating a score. Evolutionary             
algorithms use these scores to create new generations after every evaluation. The            
solutions that generated the best scores are kept in the next generation and recreated with               
changes. The solutions that generated the worst scores are removed from the next             
generation. Every new generation will therefore only contain solutions that are better            
than the average solution of the previous generation, or solutions that are similar to the               
good solutions from the previous generation. Over time, these evolutions will either find             
better solutions or keep recreating the best solutions it can find. 

Genetic algorithms handle the evolutionary part of EAs by giving the variables of             
the problem genes that can mutate and recombine. When a new generation needs to be               
generated, the algorithm modifies and manipulate these genes to improve results. 

Differential evolution algorithms handle the evolutionary part of EAs by          
interpreting the variables of each solutions as a vector. To generate new generations, the              
algorithm generates new solutions based on vector-operations. 
 

2.3 Multi-objective evolutionary algorithms 

2.3.1 Non-dominated Sorting Genetic Algorithm 
NSGA was developed in the early 1990s to implement a sorted hierarchy of solutions              
within the generation of a genetic algorithm[5]. The solutions were placed in each             
position of the hierarchy based on dominance and distance from the general populace. By              
doing this, NSGA was able to generate diverse solutions and improve performance. 

2.3.2 NSGA-II 

NSGA-II was developed as an improvement on the original NSGA[6]. Development was            
aimed at fixing the 3 main problems of the first algorithm, its high computational              
complexity, its lack of elitism and its need for specifying the sharing parameter. The              
algorithm showed wide success, as the original NSGA-II paper has been cited over 4700              
times according to the Institute of Electrical and Electronics Engineers[7]. NSGA-II has            
been widely used as a standard when comparing MOEAs[2][8][9]. 
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2.3.3 NSGA-III 
NSGA-III was developed as a means to improve NSGA-II for MOPs that had 4 or more                
objectives[10]. The original paper highlighted the increasing computational effort         
required and the problem of removing dominated solutions as their fraction of the             
population decreases as the amount of objectives increases. It improved on these issues by              
using reference-points to guide the selection of solutions. These reference-points are           
predetermined to ensure diversity in the solutions and are used to assert a potential              
reference set to approximate distances between the current generation and the pareto            
front. NSGA-III was benchmarked against four problems, including scaled versions of           
DTLZ1 and DTLZ2, and compared with two versions of MOEA/D. These tests showed             
better results than the MOEA/D versions against problems with many objectives. 

2.3.4 Generalized Differential Evolution 3 

GDE is a series of multi-objective evolutionary algorithms aimed at improving the            
performance of the original Differential Evolution[11] algorithm against problems with          
many objectives. The development of the third version of GDE focused on improving the              
diversity in its solutions[8]. Although the original paper showed promising results, it            
acknowledged the small scope in its testing. Particularly, it was only tested against             
NSGA-II and not against other more modern (at that time) MOEAs. 

2.3.5 Multi-objective Evolutionary Algorithm based on Decomposition 

MOEA/D was developed in 2007[9] to lower the computational complexity at each            
generation by decomposing the multi-objective optimization problem into a number of           
scalar optimization subproblems. These subproblems are optimized by dividing the          
original population into smaller subpopulations that each optimize for one subproblem.           
This makes the algorithm generate a diverse set of solutions inherently as each             
subpopulation has been optimized for a specific objective. To ensure that the final             
generation doesn’t generate only solutions that specialize for a single objective, MOEA/D            
designates some objectives as “neighbors” for the subpopulations that it also optimizes            
for. 
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2.4 Test problems   
DTLZ and WFG are test suites that are scalable to any number of objectives. These test                
suites will test a wide characteristics and problem features. With the intent to make it               
more difficult for algorithms. 
 

 Characteristics    

Name of 
problem Geometry 

 
Separability Modality Bias 

DTLZ1 linear separable multimodal yes 

DTLZ2 convex separable unimodal no 

DTLZ3 convex separable multimodal no 

DTLZ4 convex separable unimodal no 

WFG1 convex separable unimodal yes 

WFG2 convex, disjoint non-separable unimodal no 

WFG3 linear, degenerate non-separable unimodal no 

WFG4 concave separable multimodal no 
Table 2.4 Characteristics of test problems [12][13]  

 
For evolutionary algorithm finding a pareto front with different shapes in geometry shows             
the algorithm's stability and robust. Modality is the measure of optima associated with the              
given objective function. With multimodality being more difficult with its multiple local            
optima which adds more complexity in test problems. Bias is a variation for fitness              
landscape in a distribution of set of objective vectors, a bias impacts algorithms search              
process by affecting convergence speed of EAs towards the Pareto optimal front. A             
objective is separable if all values of a parameter set of global optimum is same otherwise                
its non-separable.  
 

  
Figure 2.4.1 DTLZ1 Pareto front[14]                 Figure 2.4.2 DTLZ2 Pareto front[14] 
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Figure 2.4.3 DTLZ3 Pareto front[14]               Figure 2.4.4 DTLZ4 Pareto front[14] 
 

 

    

Figure 2.4.5 WFG1 Pareto front[14]                 Figure 2.4.6 WFG2 Pareto front[14] 
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Figure 2.4.7 WFG3 Pareto front[14]                     Figure 2.4.8 WFG4 Pareto front[14] 
 
 

2.4.1  Deb Thiele Laumanns Zitzler 

DTLZ has its name from the creators lastname, was developed in 2002 to evaluate newly               
created EA created back then. These test problem are to provide for more flexibility to test                
algorithm for more rigorous conditions. The test suites pioneered in scalability on both             
variables and objectives, making it widely used when testing new multi-objective           
evolutionary algorithms. 

2.4.2 Walking fish group  
WFG was developed in 2007 as a means to improve control when designing problems,              
since DTLZs design setting to create problems is locked with no options to change. With               
WFGs ability to customize problem by selecting shape function to determine the            
geometry of fitness space such as linear, convex, concave, disjoint or degenerate. Also             
able to select transformations for modality, bias or shifting to custom design it. Making it               
easy for users to create problem that suits its needs. 
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3 Method 

3.1 Testing environment 
Implementations for the algorithms and problems were obtained through using MOEA           
Framework (2.9)[15] with IntelliJ IDEA 14.0.3[16]. The results were obtained using a            
machine running Windows 7 Ultimate Service Pack 1 with an Intel Core i5 4670K processor               
using only 1 core and 16GB of RAM. 

The 3 modern algorithms were chosen based on their popularity and measured            
performance. NSGA-II was chosen due to its known status as a standard benchmark             
algorithm. Each of the 4 algorithms were tested against DTLZ1-4 and WFG1-4 with 27              
different settings for a total of 216 tests. For the DTLZ problems, the amount of               
parameters was set to amount of objectives + 4 as it was the default value used by                 
MOEAFramework. For the WFG problems, the amount of distance-related and          
position-related variables was set to the amount of objectives + 2. 

3.2 Test parameters 
This section contains short descriptions of each test parameter that was modified for the              
tests. 

3.2.1 Maximum evaluations 

After each generation the algorithm generates, the solutions are processed with an            
evaluation function that determines the fitness of the solution. The algorithms were            
limited to a number of uses of this evaluation function for each test and each seed. The                 
maximum evaluations started at 20000 for each problem and increased by 20000 for every              
third test starting with the second test. These numbers were chosen to enable the              
algorithms that frequently evaluated their population to generate decent results as the            
amount of objectives increased. 

3.2.2 Maximum time 

Each run of an algorithm was limited in the real-time allowed to process the algorithm.               
This limit was checked for after each evaluation of a generation. The maximum time              
allowed started at 500 milliseconds for each problem and increased by 500 milliseconds for              
every third test starting with the second test. These numbers were chosen to enable the               
algorithms that made a lot of calculations on their evaluation results to generate decent              
results as the amount of objectives increased. 

3.2.3 Seeds 

To limit the stochastic effects inherent in the tests, every algorithm was processed a              
number of times for each test. This study used 50 seeds by default and used 10 seeds for                  
every third test starting with the first. As this study was limited in time, a larger amount of                  
seeds was infeasible. 
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3.2.4 Population size 

The population is the set of potential solutions managed by the algorithms to determine              
the pareto front. This study limited the population sizes of each algorithm to 100 by               
default. For 9 of the 27 settings, this limitation was increased to 200 combined with               
doubling the maximum evaluation parameter. 
 
 

Test #  # of objectives  Max evaluations  Max time  Seeds  Population size 

1  2  20000  500  10  100 

2  2  40000  1000  50  100 

3  2  80000  1000  50  200 

4  3  40000  1000  10  100 

5  3  60000  1500  50  100 

6  3  120000  1500  50  200 

7  4  60000  1500  10  100 

8  4  80000  2000  50  100 

9  4  160000  2000  50  200 

10  5  80000  2000  10  100 

11  5  100000  2500  50  100 

12  5  200000  2500  50  200 

13  6  100000  2500  10  100 

14  6  120000  3000  50  100 

15  6  240000  3000  50  200 

16  7  120000  3000  10  100 

17  7  140000  3500  50  100 

18  7  280000  3500  50  200 

19  8  140000  3500  10  100 

20  8  160000  4000  50  100 

21  8  320000  4000  50  200 

22  9  160000  4000  10  100 

23  9  180000  4500  50  100 

24  9  360000  4500  50  200 

25  10  180000  4500  10  100 

26  10  200000  5000  50  100 

27  10  400000  5000  50  200 

 
Figure 3.2: A table showing the test parameters used for each test performed. One set of 

these tests were performed for each of the problems. 
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3.3 Measurements 
In each of the tests, data was gathered for a number of measurements using the average                
values generated by the seeds of each algorithm. Approximation sets are judged as being              
better if they are closer to the pareto front and contains a more diverse set of solutions. 

3.3.1 Generational distance 

Generational distance is the average distance between each solution in an approximation            
set to the closest solution in the known pareto front. The tests utilized a randomly               
generated set of solutions on the known pareto front. A low value on this measurement               
indicates that the algorithm can consistently generate results close to the pareto front.  

3.3.2 Hypervolume 

 
Figure 3.2.4: A graph showing a calculated hypervolume in 3-dimensional objective-space. 

Source: Technical University of Dortmund, 
https://ls11-www.cs.uni-dortmund.de/rudolph/hypervolume/start 

 
Hypervolume measures the total volume covered by the pareto front in objective-space by             
generating n-dimensional shapes with orthogonal sides that are orthogonal to the axises            
of objective-space. These shapes must adhere to two rules, they may not contain an              
infeasible point and must have either their position and size based on solutions of the               
approximation set and the axises of the objective-space. A high value of this measurement              
indicates that the algorithm can generate solutions that are different from each other.             
Hypervolume was not measured for tests with more than 6 objectives due to time              
constraints as its computational complexity is exponential. 
  

14 



 

 

3.2.3 Additive epsilon indicator 

The additive epsilon indicator is calculated in three steps. 
1. For every pair of solutions between the reference set and approximation set, find             

the largest numerical difference among all objectives 
2. For every solution (X) in the reference set, find the smallest numerical difference             

found among all pairs that involved (X) in step (1). 
3. Find the largest numerical value found in step (2). 

A low value on this measurement indicates that the solutions in the approximation set are               
close to the known pareto front. A high value on this measurement indicates that the               
solutions in the approximation set are far away from the known pareto front. 
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4 Results 
For each test, each algorithm was ranked in each measurement between 1 and 4 based on                
each its performance in relation to the other algorithms. Rank 1 was awarded to the               
algorithm with the best value for that measurement.  
 

Rank 1 2 3 4 

Shortest generational distance MOEA/D NSGAIII GDE3 NSGAII 

Largest hypervolume NSGAIII MOEA/D GDE3 NSGAII 

Lowest epsilon MOEA/D NSGAIII GDE3 NSGAII 
 
Table 4.1: Rankings after running the 15th DTLZ2 test that used 6 objectives, 240000              
evaluations allowed, 3000 milliseconds allowed, 50 seeds and 200 population size. 
Lower rank is better. 
 

Algorithm Total ranking Measurements won 

MOEA/D 4 2 

NSGAIII 5 1 

GDE3 9 0 

NSGAII 12 0 

 
Table 4.2: Summary of total ranking and measurements won for the 15th DTLZ2 test. 
 
Table 4.1 shows one set of rankings generated by testing the algorithms against DTLZ2.              
Table 4.2 show a summary of the total ranking and measurements won for each algorithm               
in that test. 
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4.1 Primary results 
This section contains results gathered primarily to answer the problem statement. 

 
Figure 4.1: Sum of total ranking across all tests. 

 
Figure 4.1 shows a graph displaying the sum of the numerical rank for all measurements               
for each algorithm depending on the amount of objectives involved in a test. Due to tests                
with more than 6 objectives having fewer measurements, the amount of ranking given out              
for tests with more than 6 objectives is lower. This graph was adjusted to remove this                
discrepancy by scaling the values to match the normal sum. 

 
Figure 4.2: Measurements won across all tests. 

 
The total measurement wins for all algorithms is displayed in figure 4.2. Due to tests with                
more than 6 objectives having fewer measurements, the amount of ranking given out for              
tests with more than 6 objectives is lower. This graph was adjusted to remove this               
discrepancy by scaling the values to match the normal sum. 
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4.1 Secondary results 

Secondary results were gathered to analyze potential discrepancies in total ranking and            
measurement wins for the measurements and test parameters used. 
 

 
Figure 4.3: Sum of numerical rank across tests with 200 population size. 

 
The results presented in figure 4.3 show little discrepancy to the results presented in              
figure 4.1, indicating that changing the population size while keeping the same amount of              
maximum evaluations per solution has no significant impact on relative performance           
when looking at overall ranking. 
 

 
Figure 4.4: Measurement wins across tests with 200 population size. 

 
As the amount of objectives increases above 6, the discrepancy increases between fig. 4.2              
and fig. 4.4. This discrepancy indicates that changing the population size while keeping             
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the same amount of maximum evaluations per solution can have a significant impact on              
relative performance when looking at generating the best results for higher amounts of             
objectives. 

 
Figure 4.5: Sum of numerical ranking in generational distance across all tests. 

 
The results in figure 4.5 show little to no discrepancy to the results presented in figures                
4.1 and 4.3, indicating that there were few differences between performance in the             
generational distance metric and overall performance. 
 

 
Figure 4.6: Measurement wins in generational distance across all tests. 

 
Comparing figure 4.2 and figure 4.6, a small discrepancy concerning the performance            
between MOEA/D and NSGA-III can be observed. This indicates that even though            
MOEA/D acquired more measurement wins overall, its performance was comparable to the            
performance of NSGA-III when measuring the best results for generational distance. 
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Figure 4.7: Sum of numerical rank in hypervolume across all tests. 

 
The results in figure 4.7 show little to no discrepancy to the results presented in figure 4.1,                 
indicating that there were few differences between overall performance and performance           
in the hypervolume metric. 
 

 
Figure 4.8: Measurement wins in hypervolume across all tests. 

 
The results in figure 4.8 show little to no discrepancy to the results presented in figure 4.2,                 
indicating that there were few differences between generating the best results overall and             
generating the best hypervolumes. 
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Figure 4.9: Sum of numerical rank in epsilon across all tests. 

 
The results presented in figure 4.9 show increasing discrepancy when compared with the             
results from figure 4.1, indicating that there can be differences between overall            
performance and performance in the epsilon metric for problems with more than 7             
objectives. 
 

 
Figure 4.10: Measurement wins in epsilon across all tests. 

 
The totality of results presented in figures 4.2, 4.6 and 4.10 indicate that there is no                
correlation between measurement wins in a particular category and total measurement           
wins. 

 

  

21 



 

5 Discussion 
The problem statement can be answered for the algorithms collectively, but not            
individually. Figure 4.1 clearly shows that the relative performance of these algorithms            
changes as the amount of objectives increases, for had there not been a difference the               
results would’ve been very similar for all number of objectives. The results gathered in              
this study indicate that MOEA/D and NSGAIII are better suited for more complex             
problems, showing clear advantages at tests with 4 or more objectives. NSGA II had the               
highest total ranking for all complexity levels and only narrowly beat GDE3 in             
measurements won at some of the higher complexity levels. These results are indicative             
and not conclusive as the variety of tests is high. These results are not enough to                
determine whether or not its MOEA/D and NSGA III that are less affected by increasing               
complexity or its GDE3 and NSGA II that are significantly affected by increasing             
complexity. To gather the data required to support such a claim, a study based on time                
taken to reach a certain threshold could be conducted. 

5.1 Test measurements 
This study did not measure the hypervolume of approximation fronts for problems with             
more than 6 objectives due to time constraints. The time required to calculate the              
hypervolume of an approximation set increases exponentially as the amount of objectives            
increase. During initial testing, the vast majority of computation time was used to             
calculate the hypervolume of the approximation fronts. This study skipped hypervolume           
calculations to focus on a larger amount of tests. Graphs without the adjustments             
mentioned in the results section have been included in the appendix. 

Looking at the secondary results presented in this study, greater discrepancies are            
found between results regarding measurement wins than results regarding total ranking.           
Total ranking results in each of the 3 measurements indicated overall performance in total              
ranking, suggesting that the measurements are fair when looking at total ranking.            
Measurement wins on the other hand showed the opposite, that measurement wins in a              
particular category did not indicate overall measurement wins. It is therefore our            
recommendation to not use measurement wins to analyze meaningful results. 

The secondary results also indicate that hypervolume measurements would follow          
the same trajectories as generational distance and additive epsilon in total ranking, with             
MOEA/D and NSGA-III showing better performance as the amount of objectives increases.            
As a measurement, it is probably of greater significance than generational distance or             
additive epsilon due to it taking diversity into account. Further research into the effects of               
increasing the amount of objectives should consider using hypervolume calculations,          
taking its drawbacks into account. 

Total ranking as the sum of the numerical ranks awarded to an algorithm can be               
argued to be a bit misrepresentative. Although it answers the problem statement, it could              
be argued that it is unfair to algorithms when they place 2nd in a measurement. Getting                
rank 1 for a measurement grants half as much total ranking as placing second when               
calculating the sum of the numerical ranks. An observer could misinterpret those results             
and view one algorithm as being almost twice as good as the other. Even though this is an                  
inherent problem with the ranking system, as a microscopic difference could be the             
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difference between one rank and another, having total ranking be based on the inverse              
numerical rank (rank 1 is awarded 4 points) could make the results more fair to the 2nd                 
and 3rd place algorithms. With the inverse numerical rank, the casual observer would             
assess the 1st placing algorithm as being one third stronger than the 2nd placing              
algorithm instead of twice as strong. Likewise, the observer would asses the 1st placing              
algorithm as being twice as strong as the 3rd placing algorithm instead of three times as                
strong. The only matchup that would not be impacted would be the observable difference              
between the 1st placing algorithm and the 4th placing algorithm. 

5.2 Test parameters 
Although the test parameters are designed to limit the actual runtimes of the tests, the               
values and equations used for test parameters were chosen to limit potential bias and              
allow the algorithms to generate approximation sets close to the pareto front. Maximum             
evaluations was limited to combat bias for algorithms that frequently use the evaluation             
function. Analyzing the results, combatting this bias was not necessary and could’ve been             
scrapped to possibly generate better results as MOEA/D frequently reached the limit and             
generated better results than its counterparts. Although the rankings between MOEA/D           
and NSGAIII were very even for the more complex tests, MOEA/D often used less than half                
the time that NSGAIII used. Had the tests limited only time, our prediction is that               
MOEA/D would’ve ranked even higher in the metrics presented in the results section. The              
maximum time limitation was in itself implemented to limit bias for algorithms that used              
more processor power to calculate the next generation after an evaluation. A strong             
argument could be made that this time limitation was successful as there was a clear               
discrepancy in running time for the algorithms that were mostly limited by evaluations             
compared to those mostly limited by time. 

Seeds and population size had their values changed to ensure that there was not a               
particular bias for or against algorithms based on these values. During initial testing, the              
data generated indicated that MOEA/D and NSGA II reached the evaluations limit much             
faster than NSGAIII and GDE3 reached the time limit. As maximum evaluations was used              
to limit bias for algorithms that evaluated frequently, this study opted to double the              
maximum evaluations and population size for one third of the tests to maintain the              
number of evaluations per solution allowed the same. This bias proved to be very small or                
non-existent as there was no noticeable difference between the ranking results gathered            
for the special tests. Although a bias based on seeds is arguably unlikely, we included the                
data gathered from the tests with 10 seeds to increase the volume of the data. 
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6 Conclusion 
The results presented in this study indicate that there are clear differences in performance              
between the algorithms tested as the complexity of the problems increases. There are             
strong indications that including hypervolume as a measurement for problems with 7 or             
more objectives would’ve generated more reliable results. The results indicate that           
MOEA/D and NSGAIII are better suited for more complex problems than the other             
algorithms tested although the specific reasons for this cannot be concluded. The results             
also indicate that GDE3 is the algorithm with the best performance for 2-3 objectives in               
our tests. By analyzing the secondary results, this study concludes that measuring            
measurement wins is not useful for determining relative performance.  
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