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ABSTRACT 
 

 
In the industrial world, critical success factors such as efficiency play an 

important role in reaching optimality. Technically, most of the time a company 
will be faced with the issue of problem dimension with respect to the 
constraints e.g. time and capacity. Therefore, reaching the efficiency aspect 
leads to the best achievement. However, the efficiency is not a trivial task since 
there are many real-world optimization problems which are difficult to be 
solved due to their high complexity. For example is combinatorial optimization 
where the search space possibly leads to exponential growth. We can employ 
exact mathematic to solve this, but then the main issue here is that it tends to 
unrealistic computation time. We need a method that can adjust to such this 
problem in the reasonable time. Thus, heuristics come as a new way dealing in 
the problem with considerable tradeoff regarding the achieved solution and the 
spent computation time. Further, the transition from heuristic to metaheuristic 
has come the important one. Generally, metaheuristic provide the generic 
strategies (abstraction) for solving arbitrary problems instead of some specific 
problems as heuristic deal with. Then this leads us to the question: How to 
choose the best parameter settings of metaheuritics strategy? The solution is to 
have the knowledge base who can suggest the company to decide the 
parameter settings of metaheuristic strategy. Technically, there are three main 
steps in this thesis. The first is to do the experiments of solving three 
benchmark problems with total 11 problem instances. There are 6 algorithms 
that are being employed. From the first step, the best algorithm including its 
parameter setting for the given problem can be analyzed. After that, the second 
step is to store the results of the experiments to the optimization knowledge 
base. The third step, which is the main objective of this thesis, is to perform 
fitness landscape analysis (FLA), and then characteristically cluster the 
benchmark problems and algorithms based on the features from FLA. The 
clusters will be confirmed and analyzed by the results of the experiments. So 
that one of the expectations is, in the future, the newly-found problems can be 
assigned to certain cluster which has a highly recommended parameter setting. 
 
 
Keywords: metaheuristic, clustering, fitness landscape analysis, problem 
hardness, parameter setting. 



 
 

v 
 

 ABSTRAKT 
 

 
V průmyslovém světě hrají kritické faktory jako je efektivita důležitou roli pro 
dosažení optimality. Typickým problémem firem je optimalizace vzhledem k 
omezením týkajících se času a kapacity. Tento problém není obvykle není 
triviální neboť mnoho reálných problémů se vyznačuje vysokou výpočetní  
složitostí. Příkladem je kombinatorická optimalizace, v níž prohledávací prostor 
může růst exponenciálně. Využití přesných matematických metod je pak 
vzehledem k potřebnému výpočetnímu času nerealistické. Potřebujeme metodu 
schopnou řešit problém v rozumném čase. Heuristiky představují nový způsob 
řešení problému umožňující dosáhnout kompromisu mezi kvalitou dosaženého 
řešení a délkou výpočtu. Důležitým krokem je přechod od heuristik k 
metaheuristikám. Metaheuristiky představují obecné (abstraktní) strategie pro 
řešení libovolných problémů narozdíl od heuristik, které jsou specifické pro 
konkrétní prolémy. Zabýváme se zde otázkou, jak zvolit co nejlepší hodnoty 
parametrů pro metaheuristickou strategii. Jako řešení si představujeme 
znalostní bázi, na základě které by uživatel mohl vhodné hodnoty parametrů 
metaheuristické startegie zvolit. Z technického hlediska v této práci 
přistupujeme k problému ve třech krocích. V prvním kroku podnikneme 
experimenty s řešením tří benchmarkových problémů s celkovým počtem 11 
instancí. K tomu využíváme 6 řešících algoritmů. Na základě prvního kroku 
analyzujeme nejlepší algoritmus a jeho nastavení parametrů pro každou instanci 
problému. V rámci druhého kroku uložíme výsledky experimentů do 
optimalizační znalostní báze. Ve třetím kroku, který je nejdůležitějším cílem této 
práce, provedeme tzv. fitness landscape analysis (FLA), jejíž účelem je 
vygenerovat příznakovou reprezentaci instancí problémovů. Na základě 
příznaků z FLA provedeme shlukování instancí. Ke každému shluku pak 
přiřadíme nejlepší zjištěné hodnoty parametrů. Tím získáme znalostní bázi v 
tom smyslu, že budoucí nové problémy budou moci být přiřazeny k jednomu ze 
zaznamenaných shluků, a z tohoto vybraného shluku pak problém obdrží 
doporučený algoritmus a jeho parametrizaci. 
 
 
 
Klíčová slova: metaheuristika, shlukování, fitness landscape analysis, složitost 
problému, nastavení parametrů 
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1 Background and Motivation 
 

As we could see nowadays, the development of industry has been playing an 
important role in the economic growth of a country. This could be shown from 
the tight competition among the companies whose main business is in the field 
of industry. Further, this fact leads the companies to be innovative and adaptive 
in order to survive in the changing market and competitive environment. 
Talking about how to be a leading company in the industry battle, then the 
companies have to identify the key success factors in the industry world in 
finding the solution from emerging problems [1]. For example, how a company 
could manage to make an optimal decision in such situation which constrained 
by limited time and any other critical factors [2], how to choose the shortest 
path in distributing product to several cities such that the cities could only once 
to be visited, or how to decide the maximum items that could be produced 
considering the machine capacity and labors working hours. Answering such 
these questions gives the companies the ability to extract the so-called key 
success factors.  
 

One of the key success factors is about the efficiency. Of course different field 
of industry has different efficiency concern. For instance, in the airlines industry 
the efficiency in managing the fleet such as the airplane utilization related to 
the flight route plan is becoming one of four key success factors [3]. Another 
example is from automobile industry where the efficiency of cost which means 
surviving the budget scenario [3], or in arranging the job scheduling in designing 
processor. Particularly in the computer science field, these real-world industrial 
problems are formulated and represented in the field of optimization.  

 
There are many popular problems which representing what industrial world 

truly face, such as Traveling Salesman Problem or well-known as TSP. Generally 
this problem is how to find the shortest possible path from the origin city such 
that each city is visited exactly once and by the end the tour will return to the 
origin city. TSP belongs to NP-hard problem and learned in the field of 
combinatorial optimization and in research operation and theoretical computer 
science [4]. There are several real-world industrial problems that could be 
formulated as TSP; one of them is problem of Surface Mount Technology. The 
goal of this combinatorial optimization problem is to maximize the production 
speed since the placement machines are limiting the resource of the Printed 
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Circuit Board (PCB) production, due to their high cost. This problem could be 
split into two parts, the first one is the part of allocation of the components to 
the placement heads which could be represented by Partition Problem, and the 
second part is the sequencing for the given head which could be formulated 
using TSP [4]. There is also a problem of Storage System in automated 
warehouse which could be formulated by Asymmetric TSP, where the cities or 
nodes representing the transport tasks and the edges representing the 
possibility to perform the tasks as well as the cost of trip from one city to the 
another city. There are many instances of TSP problem such as Berlin52, Ch130, 
KroA200, Lin318, Fl417 and so on. Each instance represents different number of 
cities and topology, so that these factors impact the difficulty level in solving 
these problems. Until now, there is a collection of best known solution which 
listed in TSP library which can be found at (http://comopt.ifi.uni-
heidelberg.de/software/TSPLIB95/), however we do not know yet whether 
those solutions are the best solutions could be achieved or maybe later could 
be improved. For example the best known solution for Ch130 is 6110, this value 
is the best known apparently and possible could be changed sometime in the 
future if one finds the better solution.  

 
There is also a problem called Vehicle Routing Problem (VRP). In this problem, 

there are several things that involved; those are the goods, customers and fleet 
of cars [4]. The goal is to fulfill the demands of the customers, to satisfy how 
many they need and in the other hand is to minimize the cost of the 
transportation and find the minimal number of vehicles [4] [5]. There are 
several constraints in this problem such as the payload capacity, time windows, 
traffic jams, shift and breaks [4]. The implementation of Vehicle Routing 
approach has expanded even in the field that is not related to industrial 
problem. For example is the dynamic vehicle routing for relief logistics in 
natural disasters [6]. In order to get clearer general picture of aforementioned 
problems, the following figures representing graphically TSP in figure 1 and VRP 
in figure 2. 
 
 

 

http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/
http://comopt.ifi.uni-heidelberg.de/software/TSPLIB95/
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Figure 1: TSP Berlin52 optimal tour (source: TSPLIB) 
 
 

 

 
 

 
Figure 2: VRP (Source: cs.uni-dortmund.de) 
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1.1 Heuristic and Metaheuristic: Urgency 
 

Now, the question is the method to solve such as discussed real-world 
industrial problems. Of course, for different kind of problem will have its 
appropriate method to solve. But how could we find the most appropriate 
algorithm to solve? To answer it, at least we have to firstly concern on the 
important issue of solving such of these problems. Affenzeller et al. in their 
book-chapter entitled “Metaheuristic Optimization” noted as following: 

 
Unfortunately, many real-world optimization problems are 
notoriously difficult to solve due to their high complexity. For 
example, in the context of Combinatorial Optimization (where the 
search space tends to grow exponentially) or in nonlinear system 
identification (especially if no a-priori knowledge about the kind of 
nonlinearity is available) such applications are frequently found. 
Exact mathematical methods cannot solve these problems in 
relevant dimensions within reasonable time. 

 
Here, the thing is that the exact methods are practically considered cannot 

solve these problems in the reasonable time since the exponential run time 
growth, thus only applicable for the problems with low dimension [7]. For 
example, to solve TSP where has n of cities. The solution space S has a 
dimension |𝑆| = ((𝑛 − 1)!)/2 . Then we can imagine if the number of city is 
200 such as TSP instance called kroA200. The following table represents the 
complexity. 
 
 
 

𝑛 10 100 1000 10000 
𝑛2 100 10000 106 108 
𝑛3 103 106 109 1012 

2𝑛 1024 1030 10301 103010 

𝑛! 106 10157 102567 1035659  

 

Table 1: Complexity 
 



 

6 
 

As described in [7], as a comparison: the number of atoms in the universe is 
approximately 1080. And the age of universe is approximately 1014 sec. Then 
this leads to think the best alternative to solve these problems in reasonable 
time. Further, still in the same book-chapter, Affenzeller et.al. write “Heuristic 
methods provide a reasonable tradeoff between achieved solution quality and 
required computing time, as they employ intelligent rules to scan only a fraction 
of a highly complex search space” [2]. From the previous quotation, at least we 
could extract three important points which are heuristic methods as the 
alternative solution to solve such these problems, the ability of heuristic 
methods to provide a reasonable tradeoff between the achieved solution and 
the computation time, and the employment of intelligent rule. Further, Beasley 
in his introductory notes entitled “OR-Notes” writes “The principal advantages 
of heuristic algorithms are that such algorithms are (often) conceptually simpler 
and (almost always) much cheaper computationally than optimal algorithms” 
[8]. Here, He mentions about two key points; the first one is that heuristic 
algorithms are often conceptually simpler if compared to other approaches, and 
the second one is that heuristic algorithms are most of the time much cheaper 
in the matter of computational process e.g. time computation. The other 
interesting definitions mentioned by Özdemirel in her lecture notes entitled 
“Heuristic searching” which saying “A rule of thumb, simplification, or educated 
guess that reduces or limits the search for solutions in domains that are difficult 
and poorly understood” [9]. For the detail of Heuristic concept will be discussed 
in the next chapter. Now the question is: How heuristic algorithm works? Is this 
algorithm can be applied to all types of problem? 
 

Basically, heuristic algorithm works by trying all possible solutions without 
guarantee to find the best one [10]. Thus, the heuristic algorithms usually give a 
solution either close to the best (known) one or a solution that not for all 
instances of the problem [10,11] . In one hand, heuristic algorithms can be very 
effective and accurate, but in the other hand heuristic algorithm could give a 
completely wrong solution [12]. In the industrial world, the typical 
implementation of heuristic algorithms is in the production optimization, such 
as problem of machine sequencing, logistics optimization [2,13], or even 
strategies in finance [14]. However, most of the heuristic algorithms are 
designed for specific problem [2]. Thus, they are problem-dependent 
algorithms. Then, this could be a latent distraction or might be problem in the 
real-world industrial problem where the market and demand changing rapidly, 
thus causing the changing of the problem to be solved. From this point on, then 
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we think of what is best alternative of algorithm concept that is problem-
independent? Could we still in the area of heuristic? 
 

Yes, the answer is to employ the concept of metaheuristic. The more detail of 
metaheuristic will be discussed in the next chapter. Generally, metaheuristic is 
an upper level of heuristic, which is a framework that can be specialized in 
solving specific problem [9]. Technically metaheuristic uses the encapsulation of 
problem specific part, and that is why it becoming independent of specific 
problem and further easy to adopt new problem situations [15]. Affenzeller et 
al. write “…metaheuristic offer generic strategies for solving arbitrary problems. 
The implementation of concrete solution manipulation operators is still 
depends on the problem representation, but the optimization strategy itself is 
problem-independent” [2].  
 

There are at least nine categories of metaheuristic algorithm based on 1380 
articles [9]. One of the most prominent algorithms is the class of EA which 
stands for Evolutionary Algorithms [2]. In this class, such as Genetic Algorithm 
and Genetic Programming belong to. The concept of crossover which combines 
the attributes from previous solution being applied when generates the new 
candidate solution and then after that, the mutation concept is applied where 
the candidate solution slightly modified with a certain probability. This concept 
is inspired by nature circumstance. There is also a metaheuristic algorithm 
called tabu search which uses adaptive memory to avoid the cycles by 
prohibiting the repeated visiting of a solution, typically deterministic, also 
allows such as moves without improvisation [9,15]. Simulated Annealing is an 
interesting metaheuristic algorithm which inspired by the concept of annealing 
process which happens in the cooling of metal [9] or crystalline structures in 
physics [15]. This concept works by generating the new solutions iteratively, 
started from randomly initialized solution. Such as movements to the worse 
solution is possible with certain probability which decreasing during the process 
[15]. Conceptually, the success of metaheuristic algorithms is based on the 
interplay between diversification or exploration of the search space and 
intensification or exploration (focus) in such as prospective region [2].  
 

Now, we can derive a better understanding of the main purpose of 
metaheuristic, which is to provide the general abstraction of the steps in solving 
problems that is adaptable to any arbitrary specific problems.  
 



 

8 
 

1.2 Problem Statement 
 

As conveyed by Affenzeler et al. in [2], in the implementation level of 
metaheuristic, the manipulation operators still depend on the problem 
representation e.g. binary, real value representation, though conceptually the 
general optimization strategy is independent of specific problem. Then, this tells 
us to the fact that the parameter settings of the metaheuristic algorithm playing 
important role in order to get best solution of the given problem. The intended 
parameter settings in metaheuristic algorithm are those which can arrange 
several important aspects as follows [2]: Sensitivity which tells us that even a 
small change in the one parameter within a parameter setting can lead to 
significant different in behavior and achieved solution quality. Robustness which 
concerns on how to arrange such as robust parameter setting that can be 
employed to wide range of applications. Scalability is about the reasonable 
computational time that used in solving a given problem. The performance of 
metaheuristic algorithm is expected to take the run time into account. The 
minimum run time that used in achieve the high quality solution, the better. 
 
In addition, there is the term of no-free-lunch theorem that practically applied 
in the metaheuristic field. The meaning of this term is as follows: given two 
metaheuristic algorithms including random search, there always exist search 
spaces for which the first metaheuristic algorithm outperforms another one, 
and vice versa [2]. The following figure depicts the term of no-free-lunch 
theorem. 
 
 

 
 

Figure 3: No-free-lunch theorem (source:[8]) 



 

9 
 

No-free-lunch theorem indirectly has told us that if the most advanced 
algorithm can perform worse than only ordinary random search. And further, it 
realizes us that to create such as general-purpose universal optimization 
strategy is impossible, thus the only best way to ensure a metaheuristic 
algorithm being possible to outperform another one is to concern on the 
structure of the intended problem [2]. In the real industrial world, often 
companies will employ experts in this filed to select, tune and set the parameter 
of metaheuristic algorithm in order to get the best result from the given 
problem.  

 
Based on the discussion in above sub-chapters, the urgency of to know the 

best algorithm including the parameter settings is much demanded, since this 
leads to the efficiency as one of the success factor keys in the industrial world 
where the atmosphere of the competition it very tight. And to have such as the 
knowledge base that store the collection of information of the best 
metaheuristic algorithm including the best parameter set for the given problem 
will bring the companies leading to the most front in the competition line. And 
further will support the economic growth of a country. Then now, the question 
changes to: is there any way such that we can get the best parameter settings 
of metaheuristic algorithm for the given certain problem, and further have the 
collection of those stored in such as knowledge base? 
 

Another important thing is that how to tackle the newly-found problems in 
the future. Since in the real world, the type and dimension of problems are 
changing and growing. This is led by the changing of demand and situation. One 
of prospective and ideal approach is to group problems and algorithms into 
certain characteristic clusters. Each cluster of problems will have recommended 
parameter settings based on the experiments of metaheuristic algorithm 
solving them. The challenge is how to find certain characteristic of problems 
and algorithms such that can divide them into appropriate groups. If this can be 
implemented then in the future, the newly-found problems can be assigned to 
certain appropriate algorithms including their best parameter settings. 
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1.3 State of the Art and Objective of the Thesis  
 
1.3.1 State of the Art in Metaheuristic Parameter Adjustment 
 

The approach of finding which parameters of metaheuristic that gives most 
influent impact in the final result has been experimentally explored by many 
communities who are in this field. This can be seen by many published 
researches that come with many aspects explored in the term of metaheuristic 
parameter adjustment. 
 

Several latest researches have concerned in the effects of manipulation 
operators. As described in [16], many manipulation operators of GA have been 
employed and explored to solve TSP using regression modeling and statistical 
analysis. Similar main objective has been exposed in [17] where GA has been 
involved to solve TSP while the employed manipulation operators have been 
observed. The different is here, more genetic operators such as crossovers and 
mutation operators have been taken into account. Again, as listed in [17], there 
are several experiments that explore the manipulation operators of GA by 
solving various benchmark problems such as flow shop scheduling [18,19], job 
shop scheduling [20,21,22]. The other examples from other metaheuristic are 
Island GA and SASEGASA that has been experimented in solving TSP and 
additional objective test functions for SASEGASA [23], tabu search and 
simulated annealing solving TSP [24], unified tabu search to solve VRP with time 
windows [25], simulated annealing solving VRP and compared to other 
approaches [26], or solving TSP [27], and many more of metaheuristic solving 
benchmark problems that can be found here [28,29,30,31,32] and many more. 
 

The similar fashion among them is concerning one algorithm to solve a 
benchmark problem, or comparing different algorithms in the same benchmark 
problem. This approach is to see the performance one or many algorithms in a 
benchmark problem. It is rather difficult to find the approach that involve many 
algorithms and many benchmark problems and see how they relate each other, 
the correlation and the trend. Further, it seems that the categorization of 
benchmark problem is not yet being the main interest e.g. the categorization of 
TSP, VRP, test function, QAP and many more, into certain categorization based 
on the similarity in the term of characteristics.  
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1.3.2 Objective of the Thesis 
 
The first objective of this thesis is to find the best metaheuristic algorithm 

including the best parameter settings by analyzing the result of as many as 
necessary experiments in solving several artificial benchmark problems and 
observing the adjustment of parameter settings. Particularly in this thesis, in 
order to explore deeply and get the expected result, thus it will concern on the 
popular artificial benchmark problems e.g. TSP and VRP with several instances 
of it such as Berlin52, Ch130, KroA200, A-n55-k9, B-n78-k10, P-n101-k4 and also 
n-dimensional test functions which represent very difficult and tricky problem 
[23]. And for the metaheuristic algorithm, particularly in this thesis will be used 
two algorithms: GA as well-known algorithm and SASEGASA which quite newly-
proposed, based on the concept of parallel GA, but has already shown 
sophisticated achievement in solving problems. 
 
 
 

 
 
 

Figure 4: Layer of Metaheuristic algorithm and industrial problem (Source: [2]) 
 

The bottom layer is the collection of arbitrary industrial problems which 
illustrated in the mapping to the best metaheuristic algorithms to solve them.  

 
After finish the experiment, the second objective is to store the results of the 

experiments as the knowledge base that can be used in the future to get a lot of 
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useful and meaningful information based on experiments of solving certain 
artificial benchmark problem by metaheuristic algorithms. 

 
 
The third objective is to perform fitness landscape analysis to the all tested 

benchmark problem with additional instances in each problem. This is aimed to 
derive the characteristics of problem instances in the term of fitness landscape 
analysis, and further these characteristics are employed as the features for the 
data mining part. And then to characteristically cluster problems based on those 
features. So that, in the future, the newly-found algorithms and problems can 
be categorized into certain category which will be helpful in determining the 
best algorithm for the given problem.  
 
 
 
1.4 Outlines of the Thesis 
 

The rest of the chapter is structured as follows: Chapter 2 describes about 
foundation of theoretical background. Chapter 3 discusses about the proposed 
methodology, steps and approaches to solve the problem. Chapter 4 will deliver 
the implementation part including the results and their interpretation, and also 
the realization of the proposed concepts. Chapter 5 exposes the result and 
discusses it including the evaluation, conclusion and proposed work for future 
work.  
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Part II. - Overview of Theoretical Foundation 

 
 
 

In this chapter will be described the several main concepts that are basics of 
the theory used in this thesis. In order to get the general view, then the 
discussion will be started with the description of heuristic algorithm’s concept, 
continued with the used metaheuristic algorithms and then at the end will be 
described about the cluster. Each part will be explained with detail but in the 
scope that strong-related to this thesis.  
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1 Heuristic Paradigm 
 

Historically speaking, heuristic term has come from ancient Greek word 
heuriskein or ευρισκειν which means “to find” or “to discover” [7,9]. Generally, 
this algorithm concept is to find good, almost optimal, or nearly right answer 
[7,11]. Technically, heuristic algorithm is inspired by the concepts that 
happened in nature [33]. The issue of computational time has mainly motivated 
the employment of heuristic algorithm since the exact methods leads to 
exponential run time growth which means unreasonable time in solving the 
problems [7]. However, the thing which has to be noticed in heuristic 
algorithms is that they do not guarantee to always find the right solution or 
even being correct, thus that is why heuristic algorithms are said as educated 
guess and rule of thumb [9,34]. There are several categories of heuristic 
algorithm based on 442 articles that published in 37 journals in the range 
between 1973 to 1989 [9]. The following detail lists these algorithms:     
                          

1.   Construction 
This category works with build up the solution step by step which means 
to add the solution component such as nodes, arcs, variables in every 
single step. The goal is to produce solution such that as good as possible. 
Most of them are greedy algorithm where to maximize the improvement 
at each step. The example is nearest neighbor for TSP [9,15,33]. 

2. Improvement  
This concept starts with a feasible or valid solution and manipulated 
stepwise until no possible improvement can be done. For example of 
this category is Lin and Kerninghan’s k-opt for TSP [9,15]. 

3. Mathematical programming based 
For example is to employ the neighborhood search in finding the integer 
solution in the case of solving LP relaxation of an Integer Programming 
[9]. 

4. Decomposition 
Generally, this category works by decompose the problem into smaller 
subset problem and solve the sequence of them. The output of one 
subset will be the input for the next subset. For example is TSP with 
cluster cities [9]. 
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5. Partitioning 
Here, similarly with Decomposition, the problem is being partitioned 
into smaller problem but then solved independently and by the end will 
be merged. However the distinction between Partition and 
Decomposition is not clear cut [9].   

6. Solution space restriction 
In this concept, the solution space is restricted by all local search 
approaches. For example is instead of a complete graph, a graph of k-
nearest neighbor candidate for TSP problem is employed [9]. 

7. Relaxation 
In this concept, the solution space is being expanded in order to catch 
the tractable problem. For example is Langragian relaxation [9]. 
 

 
2 From Heuristic to Metaheuristic  
 

Affenzeller et al. write that “The step from heuristic to metaheuristic is an 
essential one: While heuristic are often designed and tuned for some specific 
problem, metaheuristic offers generic strategies for solving arbitrary problems” 
[2].  The key is such as general-purpose algorithm but adaptable to specific 
problem [9]. The main characteristics of metaheuristic are that to define an 
abstract order of steps, theoretically can be applied to arbitrary problems and 
not exact [15]. Technically, metaheuristic works with combination of exploring 
the search space (diversification) as well as exploiting the good solution 
(intensification) [9,15]. Generally, metaheuristic are applied to the problems 
such that belong to NP-Complete or NP-Hard. In metaheuristic algorithms, the 
concept of encapsulation is being applied in the part of problem specification, 
so that it could be more general to be used and independent from problem 
specific. 
 

In this thesis, there are several metaheuristic algorithm which be used such as 
Genetic Algorithm, SASEGASA which stands for Self-Adaptive Segregative 
Genetic Algorithm with simulated annealing aspect, Island Genetic Algorithm, 
Evolutionary Strategy, those are aforementioned are belonging to Evolutionary 
Algorithm category. And the rest ones belong to trajectory-based algorithm 
such as Simulated Annealing, and Tabu Search. Those algorithms are being 
chosen to solve several artificial bench-mark problems such as TSP (Berlin52, 
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Ch130, KroA200) and Vehicle Routing Problem. These artificial problems 
represent mostly the common real-world industrial problems. To get clear 
understanding about general view aforementioned metaheuristic algorithm, in 
the following sections will be discussed each of them.  
 
 
 
2.1 Evolutionary Algorithm 
 

The main idea of evolutionary algorithm is the biological evolution which 
involve such as reproduction, mutation and recombination [11,35]. This concept 
belongs to a population-based metaheuristic optimization algorithm that 
adopts the biology-inspired mechanism where the adaptation of the species is 
considered as the optimization process [35,36]. 
 

1. Initial population of individuals is generated randomly or heuristically 
2. Evaluate the initial population 
3. Perform a competitive selection 
4. Apply genetic operators to generate new solutions 
5. Evaluate the newly-generated population 
6. Start again from step 3 until the termination criteria is met or satisfied. 

 
Analogically, the objective function is the fitness, the solution candidate is the 

individual, the solution representation is the genetic code, the solution 
manipulation is the genetic variation and the choice of solution is the selection 
[35]. When the evolutionary algorithm is started, there is no information what 
is good or bad. The advantage of evolutionary algorithms is the “black box” that 
leads to only few numbers of assumptions of the underlying objective functions.  
 
 

2.2 Genetic Algorithm (GA) 
 
This metaheuristic algorithm is considered as the most successful one among 
evolutionary algorithms [11]. Genetic algorithm firstly developed by John 
Holland in 1962 [35]. In this algorithm, there are several important points being 
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employed such as population of chromosomes that represents the solution 
candidates, the chromosomes are encoded in the form of bit strings, the 
crossover and mutation as search operator in the search space and the 
evaluation of chromosomes by the fitness function. Conceptually, genetic 
algorithm is such an iterative procedure which periodically maintains the 
constant size of population in order to seek the optimal solution [23,37]. The 
following steps describe the framework of Genetic Algorithm [23]. 
 

1. Randomly generate the initial population 
2. Evaluate the fitness value of each individual in population 
3. While stopping criteria is not met, do step 4 to 8 
4. Select parents from population to form the mating pool according to 

some selection operator 
5. Recombine individuals in the mating pool to generate new offspring 

(newly-generated individuals) 
6. Mutate population 
7. Replace population with offspring 
8. Evaluate the fitness value of individuals in population 

 
For example, the following figure illustrates the simple Genetic Algorithm which 
using the binary bits as the individual representation, single point crossover and 
bit flip mutation. 
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Figure 5: Illustration of genetic algorithm 
 
 

Generally, GA is started by randomly initializing a population of individuals 
which represents the candidate of solutions. And then during each generation 
which represents the iterations, the fitness value of each individual in the 
current population is being evaluated. Afterwards, the next step is to form the 
new population as the next generation from the currently evaluated population. 
This is started by means of the selector which will select the fitter individuals as 
the parents to form the offspring’s pool. Then the two operators which are 
crossover (recombination) and mutation will be applied.  
 

Crossover or recombination operator is considered as the most important in 
the reproduction part [23]. This operator will produce an offspring from two 
parents by swapping some parts of them. Several types of crossovers that 
problem-dependent will be described particularly in the section of artificial 
benchmark problems. The second operator is called mutation. Essentially, this 
operator will slightly modify the individual in order to prevent the premature 
convergence on a small area of the search space [37] by randomly sampling 
new points in the search space [23].    
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Unlike the crossover operator, the selection concept is problem-independent. 
In the experiments that have been run in this thesis, there are three selections 
concept which being used. They are Proportional or roulette wheel, linear 
ranking and random selection. Proportional selection works based on the 
parent’s fitness. So that, the better fitness an individual has, the more 
probability this individual will be selected as parent. Conceptually speaking, the 
fitness of the individuals defines the expected number to be selected as parent. 
The following picture depicts the illustration of proportional selection concept.  
 
 

 
Figure 6: Proportional or roulette wheel selection (source: 

http://www.edc.ncl.ac.uk/highlight/rhjanuary2007g02.php/) 
 

The second one is linear-rank selection which firstly suggested by Baker. In this 
selection concept, the individuals are being ordered based on their fitness value 
[35] and then the selection probabilities are being computed according to their 
ranks rather than the fitness values [38]. The ordering is started from rank 1 for 
the worst one and rank n for the best one. The selection probability is linearly 
assigned to the individual based on this following formula [39]: 

 

 
 

Here, 
Ƞ−

𝑁
 denotes the probability of the worst individual while 

Ƞ+

𝑁
 for the best 

individual to be selected. The third one is random selection. This selection 
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concept is randomly selecting the individuals as the parents to be further 
processed in the reproduction with two operators (Crossover and Mutation). 
 
 
 
2.3 Island Genetic Algorithm 

 

This algorithm belongs to class of parallel algorithm in which the concept of 
different regions of search space is applied. The different regions are 
represented by subpopulation (deme, island) which is a smaller part the main 
population. So the population split into the many subpopulations. In Island GA, 
the islands grow widely, independent from the other islands and the 
information exchange (individual’s migration) among them happens 
occasionally [35]. Conceptually the number of islands is relatively small with 
many individuals [40]. There are two important things in Island GA, which are 
the number of islands or demes and the method of information exchange. The 
ideas are, the isolated islands will converge to different regions of the search 
space, and the migration and recombination will combine the relevant parts of 
the solution [35]. The following figure represents the Island GA model. 
 

 
 

Figure 7: Island GA concept (source: [19]) 
 

There are several important parameter of migration [40] such as migration 
topologies which describe how an islands connects to another island, migration 
scheme that concern on controlling the individual replacement which means 
decide which individuals from source islands migrate to another islands and 
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(a) (b) (c) t 

which ones are replaced, migration rate controls the number of migrated 
individuals and the migration interval which decides the frequency of migration 
[35].  

 

 
 

 

 

 

 

 

 

Figure 8: (a) ring topology, (b) grid topology, (c) random topology (source: [41]) 
 
Each topology has different way of connecting between islands, thus effect the 
information exchange. The recombination operator (crossover and mutation) 
will be problem-dependent. But for the selection method will be the same with 
the concepts described in GA.  
 

 

2.4 Self-Adaptive Segregative Genetic Algorithm with 
Simulated Annealing Aspects (SASEGASA) 

 
This algorithm was firstly coined by Affenzeller and Wagner in 2003 [42]. 

Basically SASEGASA belongs to class of parallel genetic algorithm, and in 
conceptually, it employs two enhancements to the basic concept of genetic 
algorithm [23]. That is, in the offspring selection, the self-adaptive selection 
pressure is being applied in order to control the goal in the genetic search as 
well as automated detection of premature convergence [43]. The second 
enhancement is the population being split into subpopulations which evolve 
independently in order to increase the broadness of the search processes, and 
by the end will be reunified after the premature convergence detected in each 
of them [23,43].  
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As described in [44] , in the self-adaptive selection, compared to the 
conventional selection, the difference is that the offspring that generated from 
parents does not automatically becoming a member for the next generation. 
The next step is, to compare the fitness value of the offspring to the fitness 
values of its parents. If the fitness value of the offspring is better than the 
fitness value from its parent, then the offspring will be accepted as the member 
for the next generation.  

 
Thing to be underlined here is that, the term “better” means that the offspring 

has to only surpasses the fitness values of the worst parent at the beginning. 
And by the evolution process running, the offspring has to be better than the 
parent from the level of parent that considered worse to the level of better 
parent. Indeed, this idea is inspired by simulated annealing. In fact, this strategy 
leads to a wider search space at the beginning, then lead to more directed way 
at the end [44]. The following figure 9 illustrates the concept of self-adaptive 
selection model. 

 
There is a term called success ratio which is in the range between 0 and 1.  

Success ratio is the number of offspring that has to be generated such that they 
outperform their parents. When the ratio is fulfilled, the rest of the next 
generation is fulfilled by randomly choosing from the offspring that did not 
satisfy the criterion. In SASEGASA, it is introduced so-called selective pressure. 
This is a ratio of the generated candidates to the population size. The upper 
limit of the selection pressure (maximum selection pressure) is nothing else but 
telling us if it is no more possibility to fulfill the number of offspring that 
outperform their parents, thus the premature convergence occurs [44].   

 
The second enhancement is to divide the main population into sub-

populations. This is aimed to gain the broadness of the search space. Affenzeller 
in his book entitled “Population Genetics and Evolutionary Computation: 
Theoretical and Practical Aspect” writes as following: 
 

The aim of dividing the whole population into a certain number of 
subpopulations (segregation) that grows together in case of 
stagnating fitness within those subpopulations (reunification), is to 
combat premature convergence which is the source of GA-
difficulties. 
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To get clearer view, the following figure 10 illustrates the steps of SASEGASA 
started from splitting the population into subpopulation (villages) and then 
reunify after the premature convergence happens in all subpopulations. 
 
 
 

 
 

 
Figure 9: A self-adaptive selection model (source: [23]) 

 
 

Generally speaking, the one of the main ideas behind the SASEGASA are the 
exploration of different regions of search space and prematurely convergence 
to different suboptimal solutions. After the premature convergence has 
occurred in every subpopulation (village), the structure of it will be broken and 
scattered into the other subpopulations that not yet reach the premature 
convergence, so that the genetic variation rises and leads to the high quality 
solution [43].  
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Since SASEGASA is also the family of GA, the concept of selection and 
recombination are also employed here. And also like in GA, for the 
recombination operator (crossover and mutation) is problem-dependent. The 
detail about this will be described in section of artificial bench-mark problems. 
 

 
 

Figure 10: Concept of sub-population and  
reunification in SASEGASA (source: [8]) 

 
 

2.5 Simulated Annealing (SA) 
 
This metaheuristic algorithm was firstly developed by Kirkpatrik et al. [45] in 
1983 and Cherny in 1985 [15,46]. Simulated Annealing is a probabilistic method 
[46] and trajectory-based heuristic (18). Generally, SA works based on the 
neighborhood search but the worse solutions are accepted with certain 
probability [15]. The inspiration has come from the process of annealing which 
is such as heat treatment of material aimed to alter its properties such as 
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hardness [36].  Technically as illustrated in [15], the solid body is melted then 
the atoms are being randomly distributed. In the meantime the temperature of 
the solid body will decrease gradually. The equilibrium is reached at each 
temperature, and then the atoms can arrange in the energetic beneficial state. 
The figure 11 represent example of SA proceeds and algorithmic skeleton. 
Kirkpatrik et al. in their journal article entitled “Optimization by Simulated 
Annealing” have written as follows [45]: 
 

Annealing, as implemented by the Metropolis procedure, differs 
from iterative improvement in that the procedure need not get 
stuck since transitions out of a local optimum are always possible at 
nonzero temperature. A second and more important feature is that 
a sort of adaptive divide-and-conquer occurs. Gross features of the 
eventual state of the system appear at higher temperatures; fine 
details develop at lower temperatures.  

 
The following points are important basic elements of simulated annealing as 

listed in [46]: 
 

1. A finite set 𝑆. 
2. A real-valued cost function 𝐽 defined on 𝑆. Let 𝑆∗ ⊂ 𝑆 be the set 

of global minima of the function 𝐽, assumed to be a proper 
subset of 𝑆. 

3. For each 𝑖 ∈ 𝑆, a set 𝑆(𝑖) ⊂ 𝑆 − {𝑖}, called the set of neighbors  
of 𝑖. 

4. For every 𝑖, a collection of positive coefficients 𝑞𝑖𝑗, 𝑗 ∈ 𝑆(𝑖), 
such that ∑ 𝑞𝑖𝑗 = 1𝑗∈𝑆(𝑖) . It is assumed that 𝑗 ∈ 𝑆(𝑖) if and only 
if 𝑖 ∈ 𝑆(𝑗). 

5. A non-increasing function 𝑇:𝑁 → (0,∞), called the cooling 
schedule. Here N is the set positive integers, and 𝑇(𝑡) is called 
the temperature at time t. 

 
This metropolis algorithm is exactly adopted from the described physical 
process above [36]. In the way of generating the series of states, the following 
steps are applied [15]: 
 

1. From the actual state i with energy Ei, the successor state j with energy Ej
 

is generated by a small perturbation 
2. If Ej - Ei  ≤ 0, then successor J is accepted 
3. If Ej - Ei  > 0, then successor J is accepted with probability as follows: 
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T is temperature as control parameter. Based on three steps 
above, for each temperature, a successor state is prosed. That successor state 
will be accepted if it improves the current solution. Otherwise, it will be 
accepted with a probability that depends on the parameter temperature as we 
can see the calculation is based on the formula above. 

 
 

 
  
 
 
 

Figure 11: Result of four temperatures for a clustered 400-city TSP (source: [45]) 
 
 

Most of the parameters in SA are fixed by the definition, only parameter 
temperature that changing during the computation according to some updating 
function [47] [48]. The following functions are examples of annealing schedule 
scheme. 
 

1. Exponential cooling scheme (ECS), which proposed by Kirkpatrick et 
al [49] as described in [50]. 

 
𝑇𝑘+1 = 𝛼𝑇𝑘 

 
Here, 𝛼 is constant close to, but smaller than 1. In [49], it is set to 
𝛼 = 0.95  
 
2. Linear cooling scheme (LCS), was firstly proposed by Randelman and 

Grest in [51]. 
 

𝑇𝑘+1 = 𝑇𝑘−𝑒∆𝑇 
 

 Here, the temperature T is decremented in every L trials. 
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2.6 Tabu Search (TS) 
 

Tabu search firstly coined by Glover and Hansen in 1986. Like in Simulated 
Annealing, tabu search works on neighborhood and trajectory-based heuristic 
[15]. The key point is that TS employs memory in the search process, thus there 
is storage of solution trajectory. The main goal is to avoid the local optima 
effectively [15].This algorithm is typically deterministic [9,15]. There are three 
different kinds of memory. The first one is short term memory which is 
considered as the most essential part since aimed to prevent the loop or 
repetition the same moves. The second one is intermediate term memory 
which is the part of exploiting (intensification) on promising or interesting 
search region. The third one is called long term memory which is the part of 
exploring the search space that have not yet been reached or diversification.  
The search strategy of tabu search is describes as follows [15]: 
 

1. In every step, the best neighborhood solution is accepted, even though 
the accepted solution is worse than the actual solution. 

2. Since the first described step above leads to the possibility of loop or 
cycle of the same moves, the memory is utilized to avoid the cycles by 
storing the visited solution. 

3. Some moves that are stored in the memory are being forbidden to be 
visited, so that called as Tabu. 
 

The use of memory in tabu search has four main dimensions to be underlined. 
As described in [52], those are: recency, frequency, quality and influence. The 
quality dimension is nothing else but about the ability to distinguish the quality 
of visited solutions during the search. The influence dimension reflects the 
influences, of the choices that have been made during the search, in the term of 
quality and the structure. Recency-based memory refers to a concept that to 
notice the path of solutions that have been changed during the recent pass. 
Frequency-based memory consists of such as ratios of the number of iterations 
a particular attribute has changed or not, in other words we want to know the 
frequency one solution has been used during the search [53]. 
 

Glover and Laguna in their publication entitled “Tabu Search” have written 
“The memory used in tabu search is both explicit and attributive. Explicit 
memory records complete solutions, typically consisting of elite solutions 
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visited during the search.” And further, they explain about the attributive as 
“Alternatively, TS uses attributive memory for guiding purposes. This type of 
memory records information about solution attributes that change in moving 
from one solution to another” [52].  
 

There is also an essential thing which is about the length of the tabu list. The 
length of tabu list will be a crucial part, and if it is not suitably parameterized, 
then will lead to unexpected situation. For example, if the tabu search is too 
short, then it will lead to cycle. And if the tabu list is too long, then the search 
space is being too restrictive. One of the solutions of this issue is utilization of 
adaptive tabu list length. There is also a term called aspiration criteria. There 
are two perspectives to define about aspiration criteria: By objective; a tabu 
move is admissible if it yields a solution which better than the aspiration value 
that set. The second one is by search direction; a tabu move is admissible if the 
direction of the search does not change [54]. The following figures 12 and 13 
are the algorithm and the flowchart of standard tabu search.  

 
Tabu search has several termination criteria [15], such as a certain number of 

iteration is exceeded, there is no better solution can be found in the certain 
numbers of the iteration, there is no possible allowed neighborhood anymore, 
and satisfying solution is found. 
 
 

 
 
 

Figure 12: Algorithmic skeleteon of tabu search (source: [55]) 
 



 

29 
 

 
 

 
 

 
 
 

Figure 13: Flowchart of Tabu Search (source: [56]) 
 
 

 
2.7 Local Search  
 
This algorithm belongs to improvement heuristic where the concept is to 
manipulate the existing solution until no further improvement is possible [9] 
[15]. In the local search, the search process will keep moving to the neighbor 
with better quality until no other neighbors are better than the current 
solution. The neighborhood concept is very important here, since it represents 
the set of the possible solutions that can be generated from the current 
solution. As for example as follows [15]: 

1. In TSP: N2-opt(s) is the set of solutions which can be generated from 
particular solution by modifying two edges 

2. In TSP: N3-opt(s) is the set of solutions which can be generated from 
particular solution by modifying three edges 
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By those examples above, so the local search will go through the cities by 
modifying or manipulating two edges or three edges. This will lead to other 
possible better solutions instead of without any changing in the path.  
 

There are several neighbor selection strategies that can be applied. The first 
one is to select the neighbor in the random sequence. In this way, the target is 
the neighbor with the maximal gain. The second one is to select the neighbor 
systematically. Instead of randomly choosing the best neighbor, this method 
will select the neighbor, which improves the gain, not necessarily to be the best 
one in the whole neighborhood. And step by step improve the gain. However, 
one important issue is the number of iteration. The limitation of it in the 
reasonable range will be better without any limitation. 
 
 

2.7 Clustering 
 

In later part of this thesis is to characteristically cluster the artificial 
benchmark problem and the metaheuristic algorithms. With expectation, in the 
future, the newly-found or developed benchmark problems and algorithms can 
be categorized in these clusters. Thus, the potential appropriate problem can be 
assigned to the future algorithm and vice versa, the most suited algorithm 
including the best parameter settings can be assigned to the future problems. 
 

Clustering [57] is one of data mining tool that aimed to group similar data 
using particular clustering algorithm. Later on, these groups will be called as 
clusters. This tool belongs to the unsupervised learning [58]. The steps in the k-
means algorithm as follows: 
 

1. Randomly choose k points in the data as the initial cluster 
coordinates. Here, k also represents the number of clusters you want 
to get from the data. 

2. The next step is, for each cluster we compute the average of it which 
later used as the centroid (center) of the cluster. 

3. Then we assign the points in the data to the closest centroid. 
4. Repeat step 2 and 3 until no change in the value of centroid. 
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In the following example, we try to cluster a data group of people’s ages using 
k-means algorithm [58]. Assume that, we want to have two clusters from the 
given one-dimensional data set of people’s age as follows: 
 

{15,15,16,19,19,20,20,21,22,28,35,40,41,42,43,44,60,61,65} 
 

Following the k-means algorithm, then firstly we have to randomly choose the 
k points as the initial cluster coordinates. Since we want to have two clusters, so 
that the value of k = 2. Let us assume, we set the initial cluster coordinate one = 
16 and cluster coordinate two = 22. Then the steps will look like following 
details [58]: 
 

1. Initial clusters:   Centroid 16   [16] 
Centroid 22   [22] 

2.  Assign all points in the data that closer to 16 than 22 and assign all 
points closer to 22 than 16 to cluster one and two respectively, and 
compute the new averages or centroids.  

   Iteration 1 clusters:      
 Cluster 1  [15, 15, 16]: new centroid is 15.33 

Cluster 2  [19, 19, 20, 20, 21, 22, 28, 35, 40, 41, 42, 43, 44, 60, 61, 
65]: new centroid is 36.25  

3. Assign all points in the data that closer to 15.33 than 56.25 and 
assign all points closer to 56.25 than 15.33 to cluster one and two 
respectively, and compute the new averages or centroids.  
Iteration 2 clusters: 
Cluster 1 [15, 15, 16, 19, 19, 20, 20, 21, 22]: new centroid is 18.56 
Cluster 2 [28, 35, 40, 41, 42, 43, 44, 60, 61, 65]: new centroid is 
45.90   

4. Assign all points in the data that closer to 18.56 than 45.90 and 
assign all points closer to 45.90 than 18.56 to cluster one and two 
respectively, and compute the new averages or centroids.  
Iteration 3 clusters: 
 Cluster 1  [15, 15, 16, 19, 19, 20, 20, 21, 22, 28]: new centroid is  
19.50 
 Cluster 2  [35, 40, 41, 42, 43, 44, 60, 61, 65]: new centroid is 47.89 

5. Assign all points in the data that closer to 19.50 than 47.89 and 
assign all points closer to 47.89 than 19.50 to cluster one and two 
respectively, and compute the new averages or centroids.  
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Iteration 3 clusters: 
 Cluster 1  [15, 15, 16, 19, 19, 20, 20, 21, 22, 28]: new centroid is 
19.50 
 Cluster 2  [35, 40, 41, 42, 43, 44, 60, 61, 65]: new centroid is 47.89 

  
Since the iteration 3 and 4 indicate the same centroid, which means no change 

happens and known as convergence, then the algorithm is terminated. Now, we 
have quite balance two clusters with cluster one is age from 15 to 28, and 
cluster two is age from 35 to 65. The following figure is the illustration of before 
and after clustering in the given data set. 
 
 

 
 

Figure 14: Illustration of clustering (source 
http://pypr.sourceforge.net/kmeans.html) 

 
 
2.8 Fitness Landscape Analysis 
 

In order to support the process of clustering, in the experiments part of this 
thesis the fitness landscape analysis is involved. This is aimed to get more useful 
and characteristic features that further observed as patterns from the data of 
experiments, so that the clustering of the data extracted from the experiment 
results can be based and observed from many aspects.   
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In the search space, each point that represents a single solution has a certain 
height. The height represents nothing else but the fitness of the solution. So 
that we can imagine the similar solutions will be adjacent in the fitness 
landscape [15]. The following figure represents the fitness landscapes examples. 

 
 

 
 

Figure 15: Example of fitness landscape 
(source:http://paradiseo.gforge.inria.fr/index.php?n=Doc.TutoMOLesson6) 

 
 

From the examples above, we can see that the fitness landscape depicts the 
neighborhood of the solution including the information of the distance among 
them. Further there are many properties of fitness landscape that can be 
extracted. They are [15,59] the distribution of the fitness values so we can 
compute the mean and the variance, the landscape ruggedness, the number 
and the distribution of local optima, structure and dimension of attraction areas 
of local optima and the plane with equal values of fitness. The following details 
are the formal definition of fitness landscape [15]: 

 
𝑓:𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑜𝑟 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛  
𝑆: 𝑠𝑒𝑎𝑟𝑐ℎ 𝑠𝑝𝑎𝑐𝑒, 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠  
𝑑:𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡ℎ𝑒 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛𝑠  
𝑁:𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟ℎ𝑜𝑜𝑑 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛  
𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒: 𝐿 = (𝑓, 𝑆, 𝑑)𝑜𝑟 𝐿 = (𝑓, 𝑆,𝑁)  
𝑠 ∈ 𝑆: 𝑎 𝑝𝑜𝑖𝑛𝑡 𝑖𝑛 𝑡ℎ𝑒 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒  
𝑓(𝑠):ℎ𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡 𝑖𝑛 𝑡ℎ𝑒 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 𝑙𝑎𝑛𝑑𝑠𝑐𝑎𝑝𝑒  
𝑁(𝑠) = {𝑠′ ∈ 𝑆: 𝑑(𝑠, 𝑠′) ≤ 𝑑𝑚𝑎𝑥}: 𝑠𝑒𝑡 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡𝑠 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑒𝑑 𝑡𝑜 𝑠  
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There are several important features of fitness landscape that will be useful in 
the part of clustering as explained in [15,59]. The first one is the set of local 
optima. Local optimum is defined as an isolated solution candidate 𝑜 ∈ 𝐿 with 
higher value than all neighboring points for a certain ε-neighborhood. In some 
cases the local optima are not such as singular points but sometimes ridges or 
plateaus. The second feature is the basins of attraction. Generally this feature 
represents the particular areas around the local optima that lead to the 
optimum. The following figure illustrates the basin attraction. 

 

 
Figure 16: 2D visualization of basins of attraction (source: [16]) 

 
 

Form the figure above, we can see that every local optimum has a different 
color and is separated from the other basins by such a line. The color intensity 
exposes the probability of to converge to a particular optimum. The third 
feature is called barriers. The fitness barrier [59] is the minimum fitness value 
that necessary to reach the optimum one from another through an arbitrary 
path.  
 

𝐵𝑓(𝑥, 𝑦) ≔ min{𝑚𝑎𝑥{𝑓(𝑥)|𝑥 ∈ 𝑝}|𝑝 𝑖𝑠 𝑝𝑎𝑡ℎ 𝑓𝑟𝑜𝑚 𝑥 𝑡𝑜 𝑦} 

 

The fitness landscape analysis is aimed to get better understanding of 
characteristic of algorithms and problems [59]. Further, there are two points 
that can characterize the complexity of fitness landscape. The first one is so-
called epistasis, which represents the degree to which each of the free 
parameter is dependent each other. The second one is the modality, which is 
the number of optima [60], unimodal for a distribution of solutions with a single 
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most likely value, while multimodal; a distribution of solutions with several 
likely values [59]. There are also four measures to characterize the fitness 
landscape [60]: (1) about the indication of the ruggedness of the landscape, (2) 
about the indication of the landscape modality, (3) about the indication of the 
magnitude of the optima, (4) about the indication of the structure of the 
landscape around the optima which related to the basins of attraction density.  
 
 

3 Artificial Benchmark Problems and Their 
Relevant Genetic Operators 

 

In this section, will be describes several artificial benchmark problems that 
have been used in the experiments. The first benchmark problem that will be 
described is Traveling Salesman Problem or TSP. There are three instances of 
TSP that will be explored in the experiments and each instance has different 
number of cities, which means different level of difficulty. These are Berlin52, 
Ch130, and Kroa200. The number in the name indicates the number of the 
cities. The second benchmark problem that has been used is the single objective 
test function. There are five instances of it in the experiments; these are 
Rosenbrock, Rastrigin, Schwefel, Griewank and Ackley. Most of them are 
constructed such that difficult to be solved [23]. The third benchmark problem 
is Vehicle Routing Problem or known as VRP. The following section will describe 
each of them. 
 
 
3.1 Traveling Salesman Problem (TSP) 
 

TSP is considered as the most famous problem and belongs to NP-complete 
problem [61]. The application is also widespread in various fields, such as 
transportation [61], storage system in automated warehouse [4], robotic [62], 
and many more. Formal definition of TSP as follows (tsp3) [61]: We are given a 
set of {𝑐1, 𝑐2, 𝑐3, … , 𝑐𝑁} cities, distance 𝑑(𝑐𝑖 , 𝑐𝑗) for every pair of cities (𝑐𝑖, 𝑐𝑗), 
and the goal is to find the minimum cost of visiting all cities exactly once and 
return to the origin city. The formulation of the problem is: 
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�𝑑�𝑐(𝑖), 𝑐(𝑖+1)� + 𝑑(𝑐(𝑁), 𝑐(𝐼))
𝑁−1

𝑖=1

 

 
There are different types of TSP [63], the first one is symmetric TSP 

where 𝑑�𝑐𝑖 , 𝑐𝑗� = 𝑑(𝑐𝑗, 𝑐𝑖) or the distance from city i to j is the same with the 
distance from j to i, and the second one is asymmetric TSP, where the distance 
from city i to j is maybe different with the distance from j to i. In the 
experiments in this thesis, the symmetric TSP such as Berlin52, Ch130, and 
KroA200 have been used. Berlin52 is based on 52 locations in Berlin. The best 
known solution of this TSP instance is 7542. There is also known optimum path 
for this TSP instance. The second TSP instance that has been used is Ch130. This 
TSP instance consists of 130 cities and has best known solution is 6110. The 
third TSP instance in these experiments is KroA200 which has 200 cities. The 
best known solution of KroA200 is 29368. These three TSPs are considered to 
be chosen since they represent various dimensions of TSP domain. Berlin 
represents small dimension, Ch130 represents medium dimension and KroA200 
represents the large dimension of TSP. 
 

As already conveyed in the previous section, in the part of manipulation 
operator; the use of the crossover and mutation as the recombination operator 
will be problem-dependent. For TSP that can be assigned to the crossover that 
based on path representation, there are several different crossovers that being 
applied. However, this depends on the metaheuristic algorithms involved. In the 
following section, will be described each of the crossovers and mutation that 
have been employed in the experiments, based on the particular metaheuristic 
algorithms. 
 
 
3.1.1 Order Crossover 2(OX2)  
 

This operator was firstly developed by Davis [64] and is a path representation 
crossover that can be applied to TSP by the algorithms such as GA, SASEGASA 
and Island GA.OX 2 is the newer version of OCX 1, almost the same except in 
the part of repairing procedure [65]. The following details explain the steps of 
OX 2 [65,66].  
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1. Given two parents as follows: 
Parent 1  (1 2 3 4 5 9 6 8 7) 
Parent 2  (4 5 7 1 2 6 8 9 3) 

2. And assume that 2 and 9 are the selected crossover points by randomly. 
Then we will have the cut points such as follows: 

   Parent 1  (1 2 | 3 4 5 | 9 6 8 7) 
Parent 2  (4 5 | 7 1 2 | 6 8 9 3) 
3. To create the offspring, from the first parent remove 7 1 2 from its 

sequence , from the second parent, remove 3 4 5 from its sequence, 
then we have the sequence of the cities as follows: 
1 2 3 4 5 9 6 8 7  3 4 5 9 6 8 
4 5 7 1 2 6 8 9 3  7 1 2 6 8 9  

4. Then, from parent 2 place the sequence in the first offspring from left to 
right, and do the same for parent 1 to the second offspring, respectively 
the order as follows: 
Offspring 1  (7 1 3 4 5 6 8 9 3) 
Offspring 2  (3 4 7 1 2 5 9 6 8) 

 
 
 
3.1.2 Edge Recombination Crossover (ERX)  
 

This crossover operator is developed in order to keep as many edges as 
possible from the parents. ERX shows that it generates the offspring that 
consists of 95% to 99% of edges that the same at least in one parent [35].  ERX 
has been firstly proposed by Whitley et al [67]. In ERX, conceptually the 
offspring inherits the neighborhood of the parents, in other word it focuses on 
the adjacency relation [68]. Technically, ERX will work as follows [35,69]: 
 

1. Given two parents as follows: 
Parent 1  (1 2 3 4 5 6 7 8 9) 
Parent 2  (4 1 2 8 7 6 9 3 5) 

2. Based on the following edge map for the tours parent 1 and parent 2 
City 1 connected by city 9, 2, 4 
City 2 connected by city 1, 3, 8 
City 3 connected by city 2, 4, 9, 8 
City 4 connected by city 3, 5, 1 
City 5 connected by city 4, 6, 3 
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City 6 connected by city 5, 7, 9 
City 7 connected by city 6, 8 
City 8 connected by city 7, 9, 2 
City 9 connected by city 8, 1, 6, 3 

 

3. Arbitrarily, choose the initial node. For example city 1 is chosen. 
4. Select a city from edge list of the selected city (city1) such that has the 

least connection. In this case we have city 2 or 4. Let us assume that city 
4 is selected. 

5. All selected cities have to be removed from the edge list. Then now, 
from city 4 we have city 3 and 5. Since 5 has the least connection then it 
is chosen. 

6. Repeatedly, do step 4 to 5 until no more city unvisited city. 
 

By the end, the offspring-tour is (1 4 5 6 7 8 2 3 9). This crossover operator can 
be applied by algorithm GA, SASEGASA and Island GA. 
 
 

3.1.4 Maximal Preservative Crossover (MPX)  
 

Firstly, MPX has been proposed by Mulhenbein [70,71]. Generally, MPX is 
mainly designed to insert a segment of the parent’s part (chromosome) to the 
other parent, and then the result of the crossover will be closer to its parents 
[72]. MPX works in similar way of MPX. The following example illustrates the 
steps of MPX [69]:   

 
1. Given two parents as follows: 

Parent 1  (1 2 3 4 5 6 7 8) 
Parent 2 (2 4 6 8 7 5 3 1) 
Select randomly a substring whose length is greater than or equal to 10 
(except if the problem instance is small), and smaller than or equal to 
the size of the problem divided by two. These restrictions are aimed to 
assure there is enough information exchange among the parents 
without losing much information from any parents. Consider we choose 
substring (3 4 5) from parent 1. 
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1. Then, the chosen substring (3 4 5) is removed from the parent 2. 
Then the chosen substring (3 4 5) is copied to the first part of the 
offspring. 

2. The last part is, the rest of the offspring is filled up by the cities in 
the same order as appeared in the parent 2. 

 
By the end, the offspring is (3 4 5 2 6 8 7 1). This MPX can be applied by GA, 

SASEGASA, and Island GA in the experiments. 
 
 
3.1.5 Inversion Mutation  
 
Inversion Mutation works by selecting two positions (a substring) in the 
chromosome or tour randomly and then inverting the position of the cities 
within the selected substring between these two selected positions. The 
following example illustrates how Inversion mutation works [73]: 

1. Given a parents as follows: 
Parent 1  (2 3 4 5 6 1 7 9 8) 

2. Consider that substring (4 5 6) is selected which means from position 3 
to 5. Then as follows: 
Parent 1  (2 3 | 4 5 6 | 1 7 9 8). Invert the cities within the selected 
substring, then the mutated parent will be the offspring (2 3 6 5 4 1 7 9 
8). 

 
 

3.2 Standardized Test Function 
 
The aim of involving standardized test functions as the part of experiment is to 
get a wider perspective in the result. The more metaheuristic algorithms and 
artificial benchmark problems are being involved and solved, the more data in 
hand to identify the best algorithm for the given problem including its 
parameter settings and further, to extract the characteristic cluster of the 
algorithms and problems such that newly-found algorithm and problems can be 
well-categorized. In this point on, for example to choose the most suited 
algorithm based on the future problems, and adjust the parameter setting will 
be much easier. There are five different test functions that have been involved 
in the experiments. They have been developed by several different authors and 
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most of them are created such that to analyze and compare the algorithms [23]. 
They are considered as difficult test functions and the degree of the difficulty 
can be scaled up. Technically, they try to detect the weakness of the algorithms. 
In the following sections, each of them will be described. 
 
 
3.2.1 The n-dimensional Rosenbrock Function 
 

𝑓(�⃗�) = � 100. (𝑥𝑖+1 − 𝑥𝑖2)2 + (1 − 𝑥𝑖)2
𝑛−1

𝑖=1

 

For −2.048 ≤ 𝑥(𝑖) ≤ 2.048 with a global minimum of 𝑓(�⃗�) = 0 at �⃗� =
(1,1,1, … ,1) 
 

3.2.2 The n-dimensional Rastrigin Function 
 

𝑓(�⃗�) = 10.𝑛 + �𝑥𝑖2 − 10 cos(2.𝜋. 𝑥𝑖)
𝑛

𝑖=1

 

For −5.12 ≤ 𝑥(𝑖) ≤ 5.12 with a global minimum of 𝑓(�⃗�) = 0 at �⃗� =
(0,0,0, … 0) 
 

3.2.3 The n-dimensional Schwefel Function (Sine Root) 
 

𝑓(�⃗�) = 418.982887272433.𝑛 + �−𝑥𝑖 sin(�|𝑥𝑖|)
𝑛

𝑖=1

 

For −500 ≤ 𝑥(𝑖) ≤ 5.12 with a global minimum of 𝑓(�⃗�) = 0 at �⃗� =
(420.968746453712,420.968746453712, … , 420.968746453712) 
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3.2.4 The n-dimensional Griewank Function 
 

𝑓(�⃗�) =
1

4000 �𝑥𝑖2 −� cos �
𝑥𝑖
√𝑖
�+ 1

𝑛

𝑖=1

𝑛

𝑖=1

 

For −600 ≤ 𝑥(𝑖) ≤ 600 with a global minimum of 𝑓(�⃗�) = 0 at �⃗� = (0,0,0, … 0) 
 

3.2.5 The n-dimensional Ackley Function 
 

𝑓(�⃗�) = 20 + 𝑒 − 20. 𝑒−0.2�1𝑛 ∑ 𝑥𝑖
2𝑛

𝑖=1 − 𝑒
1
𝑛∑ cos(2.𝜋.𝑥𝑖)𝑛

𝑖=1  
For −32.768 ≤ 𝑥(𝑖) ≤ 32.768 with a global minimum of 𝑓(�⃗�) = 0 at 
�⃗� = (0,0,0, … 0) 
 
 

3.2.6 Discrete Crossover 
 

Since in the test functions, the problem representation will be in the form of 
real-valued encoding, then we cannot use the aforementioned recombination 
operators in TSP such as OCX2 or ERX or MPX. There are several particular 
recombination operators that have been developed for real-valued encoding 
problem. These are discrete and continuous recombination, multi-parent 
recombination and fitness-based recombination [35]. In the experiments where 
such test functions have been tested, there are three kinds of operator have 
been involved simultaneously. They are discrete, heuristic and average 
crossover.  
 

In discrete crossover for real vectors as implemented in [74], each position i 
from the first offspring is inherited from i-th the first parent’s gene with certain 
and equal probability [75], otherwise from the second parent. And for the 
second offspring, similarly with the first offspring, each position i is inherited by 
corresponding gene of another parent, with respect to the allocation for the 
first offspring. The formal definition to produce the offspring is as following 
formula [75]: 
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𝑉𝑎𝑟𝑖𝑂 = 𝑉𝑎𝑟𝑖𝑃1.𝑎𝑖 + 𝑉𝑎𝑟𝑖
𝑝2. (1 − 𝑎𝑖)     

 
𝐹𝑜𝑟 𝑖 ∈ (1,2, … ,𝑁𝑣𝑎𝑟),  𝑎𝑖 ∈ {0,1} Uniform at random,  𝑎𝑖  for each I newly 

defined. 𝑉𝑎𝑟𝑖𝑂 = Variable i of the offspring. 𝑉𝑎𝑟𝑖𝑃1 = Variable i of the parent 1. 
𝑉𝑎𝑟𝑖𝑃2 = Variable i of the parent 2.  
 
For example as follows [75]: 

1. Given two parents as follows: 
Parent 1  (12  25  5) 
Parent 2 (123  4  34) 

2. For each position, the parent who contributes its variable to the 
offspring is chosen with equal probability, 2 means from parent 2, 
respectively for 1) 
Sample 1  2     2 1         
Sample 2  1     2 1 

3. The offspring are: 
Offspring 1  (123  4  5) 
Offspring 2  (12  4 5) 

 
 
3.2.7 Heuristic Crossover 
 

This recombination operator as described in [76], will generate two offspring 
from two parents. Consider parent x and y, and assume y is equal to or better 
than x such that 𝑓(𝑦) ≥ 𝑓(𝑥) for a maximization problem. Then the offspring 
can be generated as follows: 
 

1. Given two parents, parent x and parent y, and assume that 𝑓(𝑦) ≥
𝑓(𝑥), then we can generate the offspring as follows: 
Offspring 1 = 𝑦 + 𝑢(𝑦 − 𝑥), where 𝑢 ∈ [0,1] (random distribution 
between 0 to 1) 
Offspring 2 = y 
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3.2.8 Average (Intermediate) Crossover 
 

The average or intermediate crossover works by calculating the centroid or 
the center of the mass from the parents [77].  This crossover operator called 
intermediate recombination since the most variables (gene) of the offspring are 
not generated on the border of the possible area, but in the area where the 
variables shrinks over the generations. The following formula is the formal 
definition of the average crossover producing the offspring: 
 

𝑉𝑎𝑟𝑖𝑂 = 𝑉𝑎𝑟𝑖𝑃1. 𝑎𝑖 + 𝑉𝑎𝑟𝑖𝑃2. (1 − 𝑎𝑖)     
 

𝐹𝑜𝑟 𝑖 ∈ (1,2, … ,𝑁𝑣𝑎𝑟),  𝑎𝑖 ∈ {−𝑑, 1 + 𝑑} Uniform at random, = 0.25 ,  𝑎𝑖  for 
each i newly defined. 𝑉𝑎𝑟𝑖𝑂 = Variable i of the offspring. 𝑉𝑎𝑟𝑖𝑃1 = Variable i of 
the parent 1. 𝑉𝑎𝑟𝑖𝑃2 = Variable i of the parent 2.  
For example as follows [75]: 
 

1. Given two parents as follows: 
Parent 1  (12  25  5) 
Parent 2 (123  4  34) 

2. Assume, the chosen a as follows: 
Sample 1  0.5  1.1  -0.1         
Sample 2  0.1   0.8  0.5 

3. The offspring are: 
Offspring 1  (67.5  1.9  2.1) 
Offspring 2  (23.1  8.2  19.5) 

 
The following figure illustrates the area of offspring being taken. 

 
 

 

 
 

Figure 17: Illustration of Average Crossover 
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3.2.9 One-Position Uniform Mutation 
 

This mutation works by replacing just one gene of the chromosome with a 
random number from certain domain of certain parameter [35]. Let us consider 
the following example: 
 

1. Let 𝑥 = (𝑥1,𝑥2,𝑥3, … ,𝑥𝑛) be an individual 
2. Then the mutate individual is 𝑥′ = (𝑥1,𝑥2, … ,𝑥𝑖′ … , 𝑥𝑛) where 

1 ≤ 𝑖 ≤ 𝑠 
𝑥𝑖′ is a random number in the domain of the i-th parameter 
 
 
 

3.3 Vehicle Routing Problem (VRP) 
 

Generally, VRP which belongs to NP-hard problem is to find the optimal routes 
for a group of vehicles [5]. Its main purpose is to design an optimal delivery with 
minimal number of vehicles or minimal costs of the travelled routes such that 
the routing is from one or more than one depots to a number of geographically 
scattered cities or customers [5,78]. The definition of VRP as follows [78]:  

 
Let G= (V, A) be a graph where V= {1,…,n}  is a set of vertices that represents 

the cities with depot which located at vertex 1. A is the set of arcs with which 
every arc (i, j) where i ≠ j is associated with a non-negative distance matrix C= 
(𝑐𝑖𝑗) where 𝑐𝑖𝑗  can be a travel cost or travel time, depending on the context. In 
designing the set of least-cost routes, there are several constraints to be 
underlined such as each city in V (except vertex 1 as depot) is visited exactly 
once time by exactly one vehicle. And all of the routes of the vehicle start and 
end at the depot. And probably there are more additional other constraints that 
need to be satisfied such as the capacity restriction, total time restriction, 
precedence relations, time windows and some other else. 

 
The problem instances of VRP that has been experimented are in the TSPlib 

format. They are A-n55-k9, B-n78-k10 and P-n101-k4. These three instances 
represent different classes with different number of customers n and number of 
vehicles k with capacity 100 for instance A and B, and capacity 400 for instance 
P. According to the manipulation operators that can be applied in this problem, 
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there are several recombination operators that VRP-dependent and have been 
used in the experiments in this thesis. These are Genetic Vehicle Representation 
(GVR) crossover [79] which was proposed by Pereira et al. in 2002, route-based 
crossover (RBX) and sequence-based crossover (SBX) which were proposed by 
Potvin and Bengio in 1996 [80]. For the mutation operators, there are three 
kinds of mutations which are proposed also by the same developers who found 
the aforementioned crossovers. These are GVR inversion mutation, one-level 
(1M) and two-level exchange (2M) mutations. In the following sections will be 
described each of them. 
 
 
3.3.1 Genetic Vehicle Representation (GRV) Crossover  
 

This crossover as described by Pereira et al in [79], does not perform such as 
mutual exchange of the genetic material between two parents. Further, an 
individual (parent-to-be) will receive a fragment of genetic material 
(representing the sub-route) from another parent and insert the genetic 
material into one of its route. The parent who gives this sub-route will be 
modified. The thing is in determining which position the sub-route will be 
inserted, the geographical location of the customers will be used. The following 
steps are the algorithm of GRV crossover as described in [79]: 
 

1. For each individual I1 from the selected set S, Repeat the following 
steps: 
a. Select another individual I2 (parent-to-be) from S randomly 
b. Select a sub-route SR {a1,a2,…,an} from genetic material of I2  

randomly  
c. Then Find the customer C, who not belonging to SR that is 

geographically closer to a1. 
d. Insert the SR into the genetic material of I1  in such a way that ai  

is positioned immediately after C. 
e. From the original genetic material of I1, remove all duplicated 

customers that also appear on SR, then obtaining a descendent D 
(the offspring). 

 
The following figure 15 illustrates how GVR crossover works [79]. Assume that 

the customer 6 is the one who geographically closer to the customer 9.  
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Figure 18: Illustration of GRV crossover (source:[51]) 
 
 
 

3.3.2 Sequence-Based Crossover (SBX) 
 

This crossover as described in [80], generally works similarly as RBX, which is 
merge two parents in order to generate one offspring. Technically it works as 
following step [80]: 

1. Randomly select and remove a link from each parent. 
2. Linking the customers that are serviced before the break point on the 

route of parent 1 to the customers that are serviced after the break 
point on the route of parent 2. 

3. Then the new route replaces the old one in parent 1. 
4. A repair operator is employed to the offspring in order to generate a 

new feasible solution. 
5. The repair operator will work as follows: 

a. In the new route, if there is a customer who appears twice, one of 
them has to be removed. If the customer appears once in the new 
route and once in the old route, then remove it from the old one. 

b. If a customer is not yet routed, then is will be inserted at the feasible 
insertion place such that minimizes the additional detour. 

 
The illustration of SBX can be seen in figure 18 (a). 
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3.3.3 Route-Based Crossover (RBX) 
 

As described in [80] generally this crossover will merge two parents. 
Technically this crossover operator works by replacing a route of parent 2 by a 
route of parent 1. The following figure 19 (b) illustrates the RBX works. The 
route with black nodes (customers) in parent 1 replaces the corresponding 
route in parent 1. Then a customer is located on two different routes. There is a 
customer that not routed yet. Then as the final step, the repair operator is 
applied to the offspring. This is to ensure that the generated solution is feasible 
[80]. 
 

 
 

 
                               (a)       (b)                                                        

 
 

Figure 19: (a) SBX and (b) RBX (source:[52]) 
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3.3.4 One-level Exchange (1M)  
 

This mutation operator was proposed together with RBX and SBX crossovers in 
[80]. Generally, the idea of one-level exchange is to select a route and try to 
move the customers out of the chosen route. The detail is described as follows 
[80]: 

1. Select route 1 
2. For each customer 1 in route 1, do the following steps: 

i. Find the feasible insertion place for customer 1 that 
minimizes the detour. 

ii. If there is a feasible place to insert, then insert the 
customer 1 to this place. 

 
The following figure 19 illustrates One-level exchange. 
 
 

 
  

Figure 20: One-level exchange (source:[52]) 
 

 
 
3.3.5 Two-level Exchange (2M) 
 

As One-level exchange, this crossover operator was also firstly described in 
[80]. There is a shortcoming in one-level exchange, which a customer will be 
moved from one route to another one. However this can lead to be difficult in 
adding the new customer in the second route, respectively to the constraints 
such as time window and the capacity. Two-level exchange has come with 
trying to provide a space for the new customer with move another customer 
out of the second route. The following steps are the algorithm of two-level 
exchange as described in [80]: 
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1. Select route 1 
2. For each customer 1 in route 1, do as follows: 

a. For each customer 2 in the other routes, do as follows: 
i. If customer 1 can be feasibly inserted at the 

location of the customer 2 , then 
• Find the feasible insertion 
place for customer 2 such that 
minimizes the detour 
• If there is a feasible 
insertion place for customer 2, 
then perform the two-level 
exchange and go to step a. 

 
 

The following figure 20 represents the two-level exchange mutation. 
 
 
 

 
 

Figure 21: Two-level exchange (source:[52]) 
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Part III. - Methodology 
 
 
 

Metaheuristic is said to be the state-of-the-art techniques for problem for 
which there is no such an efficient algorithm [81]. The issue of efficiency is one 
of the most important motivations in this research. Metaheuristic becomes 
interesting offer because of the reasonable time in solving a problem. Thus, 
beside to achieve the best result of metaheuristic algorithm in solving a 
problem, the issue of reasonable computation-time is one of the objectives that 
should be concerned in this research. Therefore, in this research, the objective 
about the reasonable time will be also underlined.  Further, one of the general 
purposes of this research is to cluster the algorithms and problem based on 
their characteristic. This part will be related in the field of data mining.  

 
In this chapter, will be described step-by-step the approaches that have been 

used to achieve the goals of this research. And also will be exposed the general 
design in order to achieve the goal of this research. Generally speaking, there 
are three main parts that related each other in this research. The first main part 
is the experiment part. In practical, the experiment part of this research run in 
software named heuristiclab 3.3.6 which has been developed by our institution. 
The detail of this software will describe in the chapter 4. The purpose of this 
part is to get the data that are used in this research. The data are used in two 
parts which are the part of finding the first objective in this research: the best 
metaheuristic algorithm including parameter setting, given all of the results to 
Optimization Knowledge Base (OKB). OKB is such as data base that connected to 
heuristiclab as the extension that has been developed by our institution in order
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to build a knowledge base of metaheuristic experiments. Further, OKB is more 
than a data base. It could support the analysis of the results as what heuristiclab 
provides. The explanation of OKB will be described also in the chapter 4. The 
final part is to cluster the data that extracted from the experiment. The cluster 
will be based on both of the algorithms and problems. This final part is aimed to 
categorize the newly-found algorithms or problems into certain categories, so 
that can be easier to find appropriate algorithm for given problem or vice versa. 
The following figure and explanation are presented as the general steps that 
have been done in this research. 
 
 
 

 
 

Figure 22: Approaches in this experiment 
 
 
As illustrated from the figure above, the first step is finish the experiment part, 
then store the result to the OKB as knowledge base that can used openly, 
employ the fitness analysis landscape and finally to characteristically cluster the 
algorithms and problems. In the following next sections, these three main parts 
will be described in detail including expose the approaches. 
 
 
 
 

experiments & 
storing to OKB 

fitness landscape 
analysis 

Clustering 
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1 Experiment Design 
 

As one of the main purposes of this research is to find the best algorithm 
including the best parameter settings, given the artificial benchmark problems 
and to characteristically cluster the problems and algorithms, then this leads to 
an experimental approach in metaheuristic. To be more specific, further in 
considering the best algorithm including the best parameter setting for a given 
problem, the best way is to try solving the given problem experimentally with 
different metaheuristic algorithms and different parameter settings. Now, the 
question is to how to make such a good arrangement of metaheuristic 
experiments by exploring many different parameter-settings which is called 
parameter tuning problem. As described in [81], since a metaheuristic algorithm 
can involve for example around 10 different parameters or more, this tends to a 
large ‘parameter space’ which need to be explored. For example in tuning 10 
parameters and 2 problems, being tested at the minimum of 2 levels each; the 
full factorial crossing will require a prohibitive 212 = 4096 design points [81]. 

 
The parameter tuning difficulty problem is further exacerbated by the possible 

interactions of some of these parameters both with another parameter and 
with such as characteristics of the problem instances [81] [82]. Therefore, the 
important challenges in parameter tuning problem as follows [81]: 
 

1. To determine which metaheuristic algorithm parameters have an 
effect on the results and order those parameters respectively the 
priority or importance. 

2. To determine which problem characteristics have an effect on the 
results, and order those characteristics respectively the priority or 
importance. 

3. To model the relationship between the most important algorithm 
parameter, problem characteristics and results. 

4.  To optimize the results based on this relationship, then by the end is 
to suggest and recommend the parameter settings that lead to the 
best result. 
 

Speaking generally, the parameter tuning problem as explained above, is the 
sub-problems of one of the main objectives in this research: that is, to 
determine the best metaheuristic algorithm, given the artificial benchmark 
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problem. Since the best algorithm for a given problem here is including the 
parameter setting of it.  
 

In order to get a good and efficient arrangement of the experiments, then in 
this research has to concern also how to design such efficient experiments. 
Good design of experiments will lead to minimize the amount of required 
experiments while keep maintaining high quality result. In the following section 
will described systematically the experiment design. 

 
In this section, the arrangement of the experiments is described in detail. In 

order to find out the best parameter set for particular metaheuristic algorithm, 
for some parameters that are considered to affect significantly then being 
focused and explored. And for some others that are considered to not affect 
significantly, then being kept static. This consideration is based on previous 
other experiments in tuning the parameter settings which was heuristically 
done and they are not listed in this thesis, and also based on the review on 
some related literatures and previously-related works. This is aimed to minimize 
the number of possible experiments which not all of them will give meaningful 
results, and with the expectation that those selected ones will lead to the best 
results.  

 
In order to deliver a systematic experiment design, the arrangement of the 

experiments has been split into some parts respectively the focused particular 
parameter. For example, to get a better understanding about the crossover 
operators in SASEGASA algorithm, how they significantly affect the result, then 
several chosen crossover operator will be experimented with different artificial 
benchmark problems, and the results being observed. It has been done also to 
observe relationship between two or more parameters, how they interplay 
each other and the trade-off and so on by changing one parameter 
systematically in the certain scale while another parameter stays the same, and 
vice versa. For example, to observe how significance of selection in Genetic 
Algorithm for TSP when crossover MPX applied is affecting the result of 
particular experiment. Specifically speaking, there are two mainstreams of 
experiment that have been employed in this research.  
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1.1 The Framework of the First Experiment Mainstream 
 

The first one concerns in one parameter with respect to the results, while the 
second one is to concern in the relationship between two or more parameters 
that being involved in one experiment. Each experiment in this research 
consists of 10 batch runs. This is aimed to get objective results that can 
represent the general picture of the experimented algorithms or problems. So 
that, the expectation is in the future this research will contribute meaningful 
and useful knowledge base. The following figure illustrates the framework of 
the first mainstream of the experiment.  
 
 

 

Problem 

 

Parameter 1 

Result 

Sub-result 1 m-th Sub-result 

Problem 1 

Instance 1 

 

Parameter 1.1 Sub-result 1.1 Sub-result M.1 

… 

 

… 

 

… 

 Parameter 1. I 

 

Sub-result 1. I 

 

Sub-result M.P 

 … … … … 
 

Problem 1 

Instance N 

 

Parameter 1.1 

 

Sub-result 1.1 

 

Sub-result M.1 

       … 

 

      … 

 

      … 

 Parameter 1. I 

 

Sub-result 1. I 

 

Sub-result M. I 

  
Figure 23: The framework of the first experiment mainstream 

 
From the framework above which is the first experiment mainstream in this 

research, we can see that parameter 1 with instances 1…I, where I is the 
number of parameter instances, is being experimented in solving the same 
problem with instance 1…N, where N is the number of the involved problem 
instance. As briefly explained above, this experiment mainstream is to concern 
and explore the significance of a parameter to the result. With this framework, 
we can observe a single parameter without any different instance, solve a 
problem with different instance or we can determine which parameter instance 
tends to the best result and leads to the worst result. And also in this 
framework can be set that a parameter instance is a combination of more than 
one parameter instance. Furthermore, the result can be split into 1…M, where 
M is the number or the selected and existing sub-results. These sub-results can 
be listed as needed, as long as they exist. Please be noted that, this framework 
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illustrates only the observed a single parameter or parameter instances that 
changing in certain scale or choice, there are still remaining static parameters 
which are not changing and not listed in the framework. The consideration of 
which parameter being explored or not, is explained already in the previous 
section 3.1. 

 
In order to get clearer general view of aforementioned frameworks, the 

following figure 24 and figure 26 are examples of implementation of the first 
and second framework. In the figure 24, it shows the example of the first 
mainstream in which three types of crossover are being experimented in 
several different instances of one problem. This is aimed to observe the 
significance of each crossover in the result. There are three main sub-results 
that considered important and need to be observed: the best solution out of 10 
runs in one experiment, the average best solution of 10 runs and the average 
number of the evaluated solutions from 10 runs.  

 
 

 

Problem 

 

Crossover 

Result 

Best Average Evaluated 
Solutions 

Problem 1 

Instance 1 

Crossover 1.a … … … 

Crossover 1.b … … … 

Crossover 1.c … … … 
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. 

Problem 1 

Instance N 

Crossover 1.a … … … 

Crossover 1.b … … … 

Crossover 1.c … … … 

 
 

Figure 24: An example of the first experiment mainstream 
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The best result is represented by the relative difference to the best known 
solution. The formulation is as following: 

 

𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = � 𝑅𝑒𝑠𝑢𝑙𝑡
𝑂𝑝𝑡𝑖𝑚𝑎𝑙

− 1� . 100%. 

 
But for the best result in the case of single test functions, it will be 

represented as the absolute difference to the best known solution.  

 
 

1.2 The Framework of the Second Experiment 
Mainstream 
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Figure 25: The framework of the second experiment mainstream 
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Different from the first mainstream of the experiment in this research, the 
second mainstream is to observe the relation between more than one 
parameter; most of them are between one parameter instance and another 
parameter instance. But the thing to be noticed that, both of aforementioned 
two mainstreams have the same objective: to find the best algorithm, given a 
problem. The following figure illustrates the second mainstream of the 
experiment employed in this research.  
 

From the framework above which is unlikely the first experiment mainstream, 
we can see that parameter 1 with instances 1…I, where I is the number of 
parameter instances, is being experimented with other parameters 1…P, in 
various parameter instance I, where P is the number of selected and exist 
parameter and to solve the same problem with instance 1…N, where N is the 
number of the involved problem instance. This experiment mainstream is to 
concern about the relationship between more than one parameter in solving a 
given problem. Like in the first mainstream, with this framework we can 
observe and further to determine which pair or set of parameters that lead to 
the best or worst result. And also, a parameter instance can be a combination 
of more than one parameter instance. In the part of presenting result, it can be 
split into 1…M, where M is the number or the selected and existing sub-results. 
Similarly in the first mainstream experiment, these sub-results can be listed as 
needed, as long as they exist. Like in the first mainstream experiment, please be 
noted that, this second framework illustrates only the observed parameters or 
parameter instances that changing in certain scale or choice, there are still 
remaining static parameters which are not changing and not listed in the 
framework. The consideration of which parameter being explored or not, is 
explained already at previous sub-chapter 1 of chapter 3. 

 
The following figure is an example of implemented framework of the second 

mainstream. In this example, there are two parameters are employed with 
three parameter instances for each of them. These are crossover and selection 
operator being observed together. Since each of two parameters has three 
instances, thus there will be 33 = 27 experiments that are employed. In this 
research, each experiment consists of 10 batch runs, so that in this experiment 
there will be 270 runs. In the result part, there are three sub-results employed 
which considered important to be observed: the best solution which is the 
relative difference to the known best solution, the average of the best solutions 
from 10 runs, and the average of the evaluated solutions from 10 runs. 
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Figure 26: An example of the second experiment mainstream 

 
In the following section will be described in detail of each parameter tuning 

that used in the experiment of particular metaheuristic algorithm in solving a 
given problem. As described before, the listed parameters that have been 
explored in the experiment are based on the consideration that already 
explained. That is based on the previous experiments and review on some 
related work and literature. To be systematic in deliver the detail of parameter 
set, the description of it will be based on artificial benchmark problem 
viewpoint.  
 
 
1.3 Parameter Settings in TSP 
 

In this section, it will be delivered the detail of parameter settings that have 
been employed by all involved metaheuristic algorithms that solving benchmark 
problem TSP. Based on the consideration that explained before, the selected 
parameter settings of each involved metaheuristic algorithm are various 
depending on the particular involved algorithm. All of them will be described in 
the next following sections.  
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1.3.1 Parameter Setting of Genetic Algorithm 
 

In Genetic Algorithm, there are several parameters that are important. Two of 
them are considered as the most important ones, these are the crossover and 
mutation as the genetic operators [23]. Another operator that also important in 
GA is the selection operator. These three operators have been explored and 
observed in the experiments where GA has been employed. Since the 
manipulation operator in metaheuristic algorithm such as recombination and 
selection operator are problem-dependent, then different benchmark problem 
will use different operators depending on problem representation. For example 
in TSP, the crossover operators that have been employed are Order Crossover 2 
(OCX2), Edge Recombination Crossover (ERX) and Maximal Preservative 
Crossover (MPX). The details of them are already described in the chapter 2.  

 
Crossover operator plays important role in GA, since the suited crossover 

affects the maintaining of building block [35] which leads to the process of 
finding the global optima. Generally the genetic operators in GA are expected to 
produce the children that outperform the parents. So that, the problem of 
premature convergence can be avoid. The other parameters such as the 
number of maximum generation, population size, and elites will be set statically 
and based on the consideration as explained before. The following table 2 and 
table 3 represent the parameter settings that have been employed in the 
experiment of GA solving TSP, and adopted from [23].  
 
 

Parameter Value 
Generation 100.000 
Population Size 120 
Elites 1 
Selection Operator Proportional 
Crossover Operator OCX2, ERX, MPX 
Mutation Operator Inversion 
Mutation Probability 5% 

 
Table 2: The first parameter of GA solving TSP (PS1) 
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This experiment is generally aimed to observe how parameter crossover with 
three parameter instances OCX2, ERX and MPX work on TSP. This belongs to the 
first mainstream experiment where one parameter is being observed while the 
other parameters are kept static. Here, the selection operator and the mutation 
operator including the probability are kept the same. The number of maximum 
generation is 100.000 of 120 as the population size. And the elite is one. Since in 
this experiment, there is one parameter crossover with three problem instances 
will be experimented in solving three TSP instances, thus there will be 3 × 3 = 9 
experiments with 10 runs each of them which mean 90 runs in total. 
 
 

Parameter Value 
Generation 100.000 
Population Size 120 
Elites 1 
Selection Operator Proportional, Linear Ranking, Random 
Crossover Operator OCX2, ERX, MPX 
Mutation Operator Inversion 
Mutation Probability 5% 

 
Table 3: The second parameter of GA solving TSP  

 
This experiment belongs to the second mainstream of the experiment where 

several parameters with different instances are involved. There is one 
parameter crossover operator with three instances: OCS2, ERX, MPX, and there 
is one parameter selection operator with three different instances. The 
relationship of those parameters will be observed while solving three TSP 
instances. The reason of choosing different crossover operators and selection 
operator is to observe the relationship among them. To be more specific, the 
observation will be such as how crossover OCX2, ERX and MPX work in each 
selection operator such as proportional, linear ranking, and random. The 
remaining parameters are kept static, for example the chosen mutation 
operator which is Inversion mutation with probability 5%, an elite involved, 
100.000 as the number of maximum generation of 120 as the population size. 
 

Thus, there will be 3 × 3 × 3 = 27 experiments, where each experiment 
consists of 10 runs. In total, there are 270 runs in this experiment. The result of 
this experiment will be described in chapter 4.  
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1.3.2 Parameter Setting of SASEGASA 
 

In SASEGASA, similarly in GA parameters, such as crossover operators and 
selection operators will be observed together in order to see the relationship. In 
this algorithm there are two interesting parameters. These are the success ratio 
and the self-adaptive selection pressure. Both of them are related each other. 
The success ratio (𝑆𝑢𝑐𝑐𝑅𝑎𝑡𝑖𝑜 ∈ [0,1]) gives the quotient of the next population 
members that have to be generated by successful mating with respect to the 
total population size [23]. The selection pressure can be also considered as the 
automated premature convergence detector since it has a maximal selection 
pressure value from which if reached then the premature convergence occurs. 

 
In experiments using SASEGASA algorithm, there are several different 

parameter settings will be involved. Firstly, the experiment will concern in the 
parameter number of village equal to 1. This experiment will be combined with 
several other parameters with various changing in their values. And secondly, 
the experiment will concern in the parameter number of villages more than 
one. The following tables present the parameter settings that will be 
experimented, which adopted from [23]. 
 

Parameter Value 
Generation 100.000 
Population Size 500 
Number of Village 1 
Elites 1 
Selection Operator Proportional 
Crossover Operator OCX2, ERX, MPX 
Mutation Operator Inversion 
Mutation Probability 5% 
Success ratio 0.7 
Maximum Selection Pressure  250 
Comparison factor 1 to 1, 0.3 to 0.7 

 
Table 4: The first parameter setting of SASEGASA solving TSP (PS1) 

 
The parameter setting above belongs to the second mainstream of 

experiments. As we can see from table above, one parameter crossover with 
three instances such as OCX2, ERX and MPX, and two sets of comparison factor 
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bound are being explored while the other parameters that are kept static. 
These are the success ratio 0.7, maximum selection pressure 250, inversion 
mutation with probability 5%, proportional selection operator, one elite, and 
100.000 maximum generation of 500 population size for each generation. This 
experiment observes three instances of crossovers from SASEGASA in solving 
three instances of TSP problem, thus there will be 3 × 3 = 9 experiments with 
10 runs for each experiment. In total, there will be 90 runs.  

 
The following table, represent the second parameter setting that still involved 

the number of village equal to 1. But in this experiment, the selection operator 
with three instances such as proportional, linear ranking and random will be 
involved. Thus, this experiment belongs to the second mainstream of the 
experiments where several crossover operators in this experiment being 
explored and observed with several instances of the selection operator. The 
different here, there are four instances of crossover operators: OCX2, ERX, MPX 
and combination of them. The remaining parameters are kept static such as the 
number of maximum generation, population size, elite, success ratio, and 
maximum selection pressure, except the mutation probability is set to 10%. 

 
Since there are four instances of crossover operators and three instances of 

selection operators that involved solving three instances of TSP, then there will 
be 4 × 3 × 3 = 36  experiments, with 10 runs in each experiment, so that in 
total 360 runs will be done. 
 
 

Parameter Value 
Generation 100.000 
Population Size 500 
Number of Village 1 
Elites 1 
Selection Operator Proportional, Linear Ranking, Random 
Crossover Operator OCX2, ERX, MPX, ALL 
Mutation Operator Inversion 
Mutation Probability 10% 
Success ratio 0.7 
Maximum Selection Pressure 250 

 
Table 5: The second parameter setting of SASEGASA solving TSP (PS2) 
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In the third experiment of SASEGASA in solving TSP instances, will be observed 
the change of the number of village. Here, it is aimed to see the effect of 
increasing the number of the village. Therefore, the village number will be 
increased to 40. The other parameters that changed if compared to the second 
SASEGASA experiment are the success ratio becoming 0.8, the maximum 
selection pressure decreased to 15, and the population size is 100. This 
experiment belongs to the second mainstream where in this experiment, four 
instances of crossover operators are being experimented with three instances 
of selection operators in solving three TSP instances. Thus in the end, there will 
be 4 × 3 × 3 = 36 experiments and 10 runs each of them, so that there will be 
360 runs. The following table 6 represents this experiment.  
 
 

Parameter Value 
Generation 100.000 
Population Size 100 
Number of Villages 40 
Elites 1 
Selection Operator Proportional, Linear Ranking, Random(3) 
Crossover Operator OCX2, ERX, MPX(A), ALL(B) 
Mutation Operator Inversion 
Mutation Probability 5% 
Success ratio 0.8 
Maximum Selection Pressure 15 

 
Table 6: The third parameter of SASEGASA solving TSP (PS3) 

 
 

In the fourth experiment of SASEGASA solving TSP instances, the number of 
village is again will be one of the main targets of exploration. This experiment 
will be split such that respectively to the four instances of crossover that will be 
involved. So the parameter settings are based on the crossover operators’ 
viewpoint. The number of villages will be scaled from 1 to 160 villages. 
Furthermore, another target of exploration is to see how mutation affects the 
result. Therefore, every single experiment will be observed with and without 
mutation involved. The following tables are the parameter settings based on 
the crossover operator instances OCX2, ERX, MPX and All combination 
respectively. 
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Parameter Value 

Generation 1000 
Population Size 100 
Number of Villages 1, 5, 10,20,40,80,160 
Elites 1 
Selection Operator Proportional 
Crossover Operator OCX2 
Mutation Operator Inversion 
Mutation Probability 0% to 5% 
Success ratio 0.8 
Maximum Selection Pressure and final 30 and 100 

 
Table 7: Parameter of SASEGASA with OCX2 (PS4.1) 

 
 
 

Parameter Value 
Generation 1000 
Population Size 100 
Number of Villages 1, 5, 10,20,40,80,160 
Elites 1 
Selection Operator Proportional 
Crossover Operator ERX 
Mutation Operator Inversion 
Mutation Probability 0% to 5% 
Success ratio 0.8 
Maximum Selection Pressure and final 30 and 100 

 
Table 8: Parameter of SASEGASA with ERX (PS4.2) 

 
 
 

Parameter Value 
Generation 1000 
Population Size 100 
Number of Villages 1, 5, 10,20,40,80,160 
Elites 1 
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Selection Operator Proportional 
Crossover Operator MPX 
Mutation Operator Inversion 
Mutation Probability 0% to 5% 
Success ratio 0.8 
Maximum Selection Pressure and final 15 and 100 

  
Table 9: Parameter of SASEGASA with MPX (PS4.3) 

 
 
 

Parameter Value 
Generation 1000 
Population Size 100 
Number of Villages 1, 5, 10,20,40,80,160 
Elites 1 
Selection Operator Proportional 
Crossover Operator ALL 
Mutation Operator Inversion 
Mutation Probability 0% to 5% 
Success ratio 0.8 
Maximum Selection Pressure and final 15 and 100 

 
Table 10: Parameter of SASEGASA with ALL combined crossovers (PS4.4) 

 
 

From four tables above, which each of them based on four instances of 
crossover that involved. In both crossover OCX2 and ERX, the parameter 
maximum selection pressure is the same, which is 30. While in both of 
crossover MPX and ALL, it is set to 15.The remaining parameters are set the 
same and static except the mutation. The mutation that being involved is 
inversion, but will be tested in 0% and 5% in every single experiment with 
respect to the village number that scaled from 1 to 160. Here, since the village 
number is scaled up to 160, and then the population size is reduced to 100 
unlikely in the previous experiment where involving only one village. This is 
aimed to balance the computational process, because the more villages being 
involved the more time spent. 
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In each parameter setting, there are seven instance of parameter village which 
each of them will be experimented with mutation probability 0% and 5% in 
solving three instances of TSP. So for four crossover instances, there will be 
7 × 2 × 3 × 4 = 168 experiments with 10 runs for each of them, thus in total will 
be 1680 runs.  
 
 

 1.3.3 Parameter Setting of Island GA  
 

In Island GA, similarly to the fourth experiment in the SASEGASA solving TSP 
instances, the parameter village number will be explored and experimented 
with parameter inversion mutation in 0% and 5% probability. The parameter 
crossover with three instances are involved, these are OCX, ERX and MPX. The 
remaining parameters are set the same and static as described in the following 
table, which adopted from [23]. 
 

Parameter Value 
Generation 10.000 
Village Population Size 100 
Number of Villages 1, 5, 10,20,40,80 
Elitism rate 1 
Selection Operator Proportional 
Crossover Operator OCX2, ERX, MPX 
Mutation Operator Inversion 
Mutation Probability 0% to 5% 
Migration Interval 20 
Migration Rate 15% 
Migration Topology Unidirectional Ring 
Migration Selection Best 
Migration Insertion Random 

 
Table 11: Parameter of Island GA in solving TSP 

 
As described from the table above, three instances of the parameter crossover 

will be involved. Like in the last experiment of SASEGASA solving TSP instances, 
the experiments will be done based on the crossover viewpoint, which mean 
together with each crossover instance, aforementioned parameters will be 



 

67 
 

experimented in solving three TSP instances. The remaining parameters are set 
the same and static as listed in the table. This experiment belongs to the second 
mainstream of experiment.  
 

Since there are three crossover instances, with seven different numbers of 
village are being experimented with and without mutation to solve three TSP 
instances, then there will be 6 × 2 × 3 × 3 = 108 experiments with 10 runs of 
each of them, thus in total is 1080 runs. 
 
 
1.3.4 Parameter Setting of Tabu Search 
 

In this experiment, there are several parameters that considered important 
and will be observed and explored. The parameter tabu tenur which represent 
the tabu-list length. There are five different values of tabu tenur that will be 
experimented together with parameter sample size with 4 different values to 
solve three TSP instances. The remaining parameters are set the same and 
static. The following table lists the parameters.  
 
 

Parameter Value 
Maximum Iteration 5000 
Sample Size 100(A), 150(B), 250(C), 350(D) 
Tabu Tenur 1(1), 10(2), 50, 100, 200 
Move Generator Stochastic Inversion Multi Move Generator 

 
Table 12: Parameter of Tabu Search in solving TSP 

 
 
Thus, from four values of parameter size, which are experimented together 

with five different values of tabu tenur in solving three instances of TSP, there 
will be 4 × 5 × 3 = 60 experiments, where there are 10 runs for each 
experiment, and then in total are 600 runs. 
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1.3.5 Parameter Setting of Simulated Annealing 
 

In this section, it will be described the parameter setting of SA in solving three 
instances of TSP. There are three parameters that are considered important to 
be explored and observed. These are the parameter annealing operator with 
four instances, parameter inner iteration with two different values, and the 
parameter star temperature with two different values. The following table lists 
the aforementioned parameters. 
 
 

Parameter Value 
Max. Iteration 20.000 
Inner Iteration 10(1), 100(2) 
Start Temp. 10(A), 300(B) 
Move Generator Stochastic-Inversion Multi Move Generator 
Annealing 
Operator 

Exponential Discrete(1), Linear Discrete(2), Quadratic 
Discrete(3), Square Root Discrete(4) 

 
Table 13: Parameter of simulated annealing in solving TSP 

 
 

The experiment will be based on the annealing operator viewpoint. So that 
there will be four different general results. Each of them will be experimented 
together with two instances of parameter inner iteration, and two instances of 
parameter star parameter. Therefore, this experiment belongs to the second 
mainstream as described before. The remaining parameter such as the 
maximum iteration number which is 20.000 and the parameter move generator 
are kept the same. Thus, there will be 2 × 2 × 4 × 3 = 48 experiments with 10 
runs for each of them, and then in total there are 480 runs.    
 
 

1.3.6 Parameter Setting of Local Search 
 

In this experiment, there is one parameter that will be explored. There is the 
parameter sample size with four different values. The number of iteration will 
be changed for different instances of TSP. 
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Parameter Value 

Maximum Iteration 10000 & 70000 
Sample Size 100, 400 
Move Generator Stochastic-Inversion Multi Move Generator,  

Exhaustive Inversion Move Generator  
 

Table 14: Parameter setting of local search solving TSP 
 
 

From the table above, we can see that this experiment belongs to the second 
mainstream where parameter sample size with four different values and 
parameter move generator with five different instances being together in 
solving three instances of TSP. The remaining parameter is kept static, which is 
the move generator. Thus there will be 3 × 2 = 6 experiments involved with ten 
runs for each of them, and then in total will be 60 runs. 

 
 
 
1.4 Parameter Settings in Standardized Test Functions 
 

In this section, there will be described the parameter settings of several 
involved metaheuristic algorithms that are going to be employed in the 
experiment of solving several standardized test functions such as rosenbrock, 
rastrigin, griewank, schwefel, and ackley. The important thing to be noted in 
this experiment is that the experiments will be run with various dimensions of 
test function. It will be started from dimension 2 and being scaled up to 10, 20, 
30 and 50. These test functions are designed such that difficult and tricky to be 
solved [23]. But, by solving these test functions, the performance such as 
metaheuristic algorithm can be measured objectively. In the next following 
section, there will be described the employed parameter settings from several 
involved metaheuristic algorithms in solving these test functions.  
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1.4.1 Parameter Setting of Genetic Algorithm 
 

In this experiment, there are several parameters that considered important to 
be explored. The first one is the parameter crossover. In this time, there will be 
only one instance of crossover will be observed, that is the combination of 
three crossover instances becoming on multi-crossover operator. Another 
parameter that considered important is the selection operator. There will be 
only one instance of selection that involved in this experiment. Therefore this 
experiment belongs to the first mainstream as described previously. The rest 
parameters are kept the same such as the maximum generation, the mutation 
and its probability, elitism rate, and the population size. Since there is only one 
instance of selection involved with one instance of parameter crossover in 
solving five instances of test function which consists of four different 
dimension, therefore there will be 5 × 4 = 20 experiments which each of them 
consists of 10 runs, thus in total will be 200 runs. The following table lists the 
aforementioned parameters. 
 

Parameter Value 
Generation 100.000 
Population Size 100 
Elites 1 
Selection Operator Proportional 
Crossover Operator Heuristic, Average, Discrete 
Mutation Operator One-position Uniform 
Mutation Probability 5% 

 
Table 15: Parameter of GA solving test functions 

 
 

1.4.2 Parameter Setting of SASEGASA 
 

In this section, it will be described the parameter setting of SASEGASA in 
solving the five aforementioned single test functions. In this experiment, as in 
GA, there is one instance of parameter crossover which is combination of three 
crossovers: heuristic, average and discrete. Another important parameter that 
will be observed is the selection operator. The other things to be underlined 
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here are the setting for parameter maximum selection pressure, village 
number, success ratio and the comparison factor will be different in experiment 
with rosenbrock and the other four test functions. The following table 16 
describes the parameters that being employed in the experiments of 
rosenbrock, while the table 17 describes the parameters in the other four test 
functions. Both of them are adopted from [23]. 

 
Parameter Value 

Generation 100.000  
Population Size 100 
Number of Village 10 
Elites 1 
Selection Operator Proportional 
Crossover Operator Heuristic, Average, Discrete 
Mutation Operator One-position Uniform 
Mutation Probability 5% 
Success ratio 0.6 
Maximum Selection Pressure 30 
Comparison Factor Bound 1.0 to 1.0 

 
Table 16: Parameter of SASEGASA solving rosenbrock (PS1.1) 

 
 

Parameter Value 
Generation 100.000  
Population Size 100 
Number of Village 10 
Elites 1 
Selection Operator Proportional 
Crossover Operator Heuristic, Average, Discrete 
Mutation Operator One-position Uniform 
Mutation Probability 5% 
Success ratio 0.8 
Maximum Selection Pressure 12 
Comparison Factor Bound 0.9 to 1.0 

 
Table 17: Parameter of SASEGASA solving 
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rastrigin, griewank, schwefel, Ackley (PS1.2) 
 
 

Since in this experiment, four different dimensions of each test function will 
be experimented with one instances of each parameter, thus there will be 
5 × 4 = 20 experiment, which each of them has 10 runs. And then in total, it will 
be 200 runs. 
 
 
1.4.3 Parameter Setting of Island GA 
 

In this section, the parameter setting of Island GA solving five instances of test 
function where each of them has five different scaled-up values will be 
described. In island GA, the concept of division of population into sub-
populations is concerned. Thus the number of village will be set to certain many 
villages. As implemented in SASEGASA experiment to solve test functions, one 
instance of parameter crossover which is a combination of three instances of 
crossover operators will be employed. The following table lists all the 
parameters that employed. 
  

Parameter Value 
Maximum Generation 10.000 
Village Population Size 100 
Number of Villages 10 
Elitism rate 1 
Selection Operator Proportional 
Crossover Operator Heuristic, Average, Discrete 
Mutation Operator One-position Uniform 
Mutation Probability 5% 
Migration Interval 20 
Migration Rate 15% 
Migration Topology Unidirectional Ring 
Migration Selection Best 
Migration Insertion Random 

 
Table 18: Parameter of Island GA solving test functions 
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As described in the table above, the remaining parameters such as maximum 
generation, village population size, elitism rate and the others are kept static. 
Since there are five instances of test functions with four different dimensions 
for each of them that being experimented by Island GA with one instance of 
village number, thus that are 5 × 4 = 20 experiments with 10 runs for each of 
them, thus in total there will be 200 runs. 
 
 
1.4.4 Parameter Setting of Tabu Search 
 

This section will describe the parameter settings that employed by tabu search 
in experiment of solving test function. There are five test functions will be 
experimented with four different scaled-up dimensions for each. The higher 
dimension applied, the more difficult to solve. In tabu search, there are two 
important parameters that considered important in this experiment. These are 
the sample size and tabu tenur. Therefore these two parameters will be 
explored by changing up their values to certain level. The remaining parameter 
such as maximum iteration and move generator are kept static. The following 
table lists the parameters that being employed in this experiment. 
 

Parameter Value 
Maximum Iteration 10000 & 20000 
Sample Size 750 
Tabu Tenur 50, 200 
Move Generator Stochastic Inversion Multi Move Generator 
Move Generator sigma 0.3 

 
Table 19: Parameter of tabu search solving test functions 

 
As described table 19 above, each experiment will be iterated until 10.000 

times, except the rosenbrock which has 20.000 times of iteration. The sample 
size will be experimented with one value which is 750. And the tabu tenur is 
experimented with two different values and they are scaled up from 50 and 
200. Since this experiment will employ a static value of sample size and two 
different values of tabu tenur in solving five test functions with four instances of 
each, then there will be 5 × 2 × 4 = 40 experiments with 10 runs for each of 
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them, thus in total there will be 400 runs. And this experiment belongs to the 
second mainstream.  
 
 
1.4.5 Parameter Setting of Simulated Annealing  
 

This section describes the parameter settings of simulated annealing in solving 
standardized test functions. There is only one value of inner iteration and two 
values on start temperature, and one annealing operator in solving five 
instances of test function with four different dimensions for each, thus there 
will be 5 × 4 =  20 experiments with 10 runs for each, to that there will be 200 
in total. The remaining parameters such as maximum iteration, sigma and move 
generator are kept static. This experiment belongs to the second mainstream. 
The following table lists the aforementioned parameters. 
 

Parameter Value 
Maximum Iteration 50.000 
Inner Iteration 50 
Start Temperature 1 
Move Generator Stochastic-Normal Multi Move Generator 
Annealing Operator Exponential Discrete 
Sigma 0.3 

 
Table 20: Parameter of simulated annealing in solving test functions 

 
 

1.4.6 Parameter Setting of Local Search 
 

In this section will be described the parameter settings that employed by local 
search in solving test functions. There are two parameters that considered 
important to be observed and explored. They are the parameter sample size 
and move generator. For sample size, it will be set to 750. And for move 
generator is set to one instance. Since there are five instances of test functions 
with four different scaled-up dimensions for each of them, thus there will be 
5 × 4 = 20 experiments. Each of experiments consist of 10 runs, therefore there 
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will be 200 runs. The following table 21 describes all parameters that are being 
employed.  

 
Parameter Value 

Maximum Iteration 50000 
Sample Size 750 
Move Generator Stochastic-Polynomial Multi Move Generator 

 
Table 21: Parameter of local search in solving TSP 

 
 

1.5 Parameter Settings in Vehicle Routing Problem (VRP) 
 

This section describes the parameter settings that are employed by the 
involved metaheuristic algorithms in the experiments such as GA, SASEGASA, 
Island GA, SA, TS and local search. There are three instances of VRP that will be 
experimented. These three instances represent the small, medium, and large 
VRP problems which aimed to represent generally existing instances of VRP. 
These three instances are also experimented which aimed to test the 
metaheuristic algorithm in different level of difficulty as the dimension of VRP 
increasing, so that the performance of those algorithms can be measured 
objectively. In the next following sections, the parameter settings of each 
algorithm will be described in detail. 
 
 
1.5.1 Parameter Settings in GA 
 

In this section, the parameters settings of genetic algorithm in solving three 
instances of VRP will be described. In this GA’s experiments, the parameters 
such as selection operator and crossover operator will be explored and further 
to be observed. There are three instances of selection operators, two instances 
of mutation and two instances of crossover operators which combined into one 
instance of mutation and crossover respectively that will be employed. The 
following table lists all parameters involved in this experiment. 
 
 



 

76 
 

Parameter Value 
Generation 10000 
Population Size 100 
Elites 1 
Selection Operator Proportional (PS1.1), Linear Rank(PS1.2), 

Tournament(PS1.3) 
Crossover Operator Route-Based & Sequence-Based 
Mutation Operator One-level Exchange, 

Two-level Exchange 
Mutation Probability 5% 

 
Table 22: Parameter of GA solving VRP 

 
 

Based on from table 22 above, then this experiment belongs to the second 
mainstream since there are three instances selection operators and two 
instances of crossover operators combined into one that being employed in 
experiments of GA solving three instances of VRP. There are 3 × 1 × 3 = 9 
experiments with 10 runs for each of them. In total, there are 90 runs of this 
experiment from various parameter settings. 
 
 
1.5.2 Parameter Settings in SASEGASA 
 

This section describes the parameter settings of SASEGASA in solving instances 
of VRP. This experiment will concern on how the concept of sub-population in 
SASEGAS can well perform. Thus, the number of villages will be set to 10 which 
the detail is in the following table. The other parameters that also important are 
the crossover and mutation operator that have two instances combined into 
one instance. And the selection operator is with three instances. While the 
remaining parameters are kept static such as the maximum selection pressure, 
mutation and its probability, success ratio, elitism rate, population size and the 
maximum generation. The following tables list both of the first and second type 
of the experiments. 
 

The following table shows the parameter setting of SASEGASA in solving VRP 
where involving only one population. This experiment belongs to the second 
mainstream.  
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Parameter Value 

Maximum Generation 10.000? 
Population Size 100 
Number of Villages 10 
Elites 1 
Selection Operator Proportional(PS1.1), Linear RankingPS(1.2), 

Tournament(PS1.3) 
Crossover Operator Route-Based & Sequence-Based 
Mutation Operator One-level Exchange, 

Two-level Exchange 
Mutation Probability 5%  
Success ratio 0.8 
Max. Selection Pressure 15 

 
Table 23: The parameter setting of SASEGASA solving VRP 

 
 

In the experiment that the employed parameters listed as table 23 above, the 
number of villages is set to several villages. This is aimed to observe the 
significance if there many villages involved. The remaining parameters are 
similar to the first experiment except, the success ratio and the maximum 
selection pressure. There will be 3 × 1 × 3 = 9 experiments will be run 10 times 
for each of them, thus there are 90 runs in total. This experiment also belongs 
to the first mainstream where only one parameter being explored. 
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1.5.3 Parameter Setting of Island GA 
 

This section describes the parameter setting of island GA in solving VRP with 
three instances. Since in island GA, the concept of dividing the population into 
sub-population is introduced, therefore in this experiment the parameter of 
village number will be increased. As implemented in previously described 
SASEGASA experiment, in parameter crossover and mutation operator, there 
are two instances combined into one instance. The following table lists all 
parameters that being employed. 
  

Parameter Value 
Max. Generation 5000 
Population Size 100 
Number of Villages 5 
Elitism rate 1 
Selection Operator Proportional(PS1.1), Linear Ranking(PS1.2), 

Tournament(PS1.3) 
Crossover Operator Route-Based & Sequence-Based 
Mutation Operator One-level Exchange, 

Two-level Exchange 
Mutation Probability 5% 
Migration Interval 20 
Migration Topology Unidirectional Ring 
Migration Selection Best 
Migration Insertion Random 

 
Table 24: Parameter of Island GA solving VRP 

 
 

As described from table 24 above, the remaining parameters are kept static. 
The parameters that will be observed are the selection operator and the 
number of village. Thus, in solving three instances of VRP, there are three 
instances of selection operator involved, while the other parameters stay the 
same with one instance such as the crossover and mutation operator, and then 
there will be 3 × 3 = 9 experiments. Each the experiments will be run 10 times, 
so that in total there are 90 runs. And this experiment belongs to the first 
mainstream since only one parameter is being explored. 
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1.5.4 Parameter Setting of Tabu Search 
 

This section will describe the parameter setting of tabu search in solving three 
instances of VRP. There are several important parameters will be explored. They 
are the parameter of sample size and tabu tenur. In this experiment, both of 
those parameters will be assigned several different values increasingly. The 
remaining parameters such as maximum iteration and move generator are kept 
static. The following table lists all the parameter involved. 
 
  

Parameter Value 
Maximum Iteration 10.000 
Sample Size 0  
Tabu Tenur 7.5*𝑙𝑜𝑔10(𝑛) 
Move Generator Potvin costumer relocation exhaustive 

 
Table 25: Parameter of tabu search in solving VRP (PS1) 

 
 

This parameter setting is based on [25]. Where using customer relocation 
exhaustive as the move generator and with defined formula to find the 
appropriate number of tabu tenur as described in the table above. Since all of 
the parameters are static thus there only 3 experiments with 10 runs for each of 
them. In total, there will be 30 runs. This experiment belongs to the first 
mainstream where only one instance for each parameter is being employed. 
 
 
1.5.5 Parameter Setting of Simulated Annealing 
 

This section will describe the parameter setting that being employed by SA in 
solving three instances of VRP. There are three parameters that will be explored 
and observed. These are parameter inner iteration, start temperature, and 
annealing operator. They will be assigned several different values increasingly. 
The following table lists the parameter that employed in this experiment. 
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Parameter Value 
Max. Iteration 20.000 
Inner Iteration 200 
Start Temp. 10, 100 
Move Generator Stochastic Lambda Interchange MoveGenerator 
Annealing 
Operator 

Exponential Discrete, Linear Discrete, Quadratic Discrete, 
Square Root Discrete 

 
Table 26: Parameter of SA in solving VRP 

 
 

The remaining parameters are kept static such as the maximum iteration and 
the move generator. Since this experiment involves three parameters with 
several different values for each of them, thus this experiment belongs to the 
second mainstream. There are 3 × 4 × 2 = 24 experiments with 10 runs for 
each of them. There will be 240 runs in total. 
 
 
1.5.6 Parameter Setting of Local Search 
 

In this section, the parameter setting of local search in solving VRP will be 
described. There are two important parameters that will be observed. They are 
parameter sample size and move generator with four different values and 
instances respectively. This experiment belongs to the first mainstream where 
only one instance for each parameter is being employed to solve three 
instances of VRP. Thus there are experiments with 10 runs for each of them. 
Therefore there will be 30 runs in total. The following table includes all the 
parameter that employed. 
 
 

Parameter Value 
Maximum Iteration 10.000 
Sample Size 200 
Move Generator Potvin Customer Relocation Multi Move Generator 

 
Table 27: Parameter of local search in solving VRP 
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2 Fitness Landscape Analysis (FLA)  
 

This section describes in detail the arrangement of fitness landscape analysis 
that will be employed as the continuation after the experiment part. The main 
purpose of employing FLA in this research is to get better understanding of 
metaheuristic algorithms in solving the problem instances [60]. Furthermore, 
another advance analysis based on FLA can be implemented also such as to 
derive the hardness of the problem [60]. Particularly, in this research, FLA 
approach will be employed in order to achieve these two targets; add more 
useful and salient features in the context of getting appropriate patterns  for 
clustering part, and to confirm the result derived from the experiments and the 
clustering. 
 

In the FLA approach that will be applied in this research, there are several 
explorative strategies that will be involved in order to increase the insight of the 
fitness landscapes due to their complementarity to random walks as described 
in [83]; random walk, adaptive and up-down walks, and neutral walks. These 
strategies should be seen in complement relation each other, instead of 
competing, since different perspectives of the fitness landscape are needed in 
order to get a complete general view of it [59,60]. Afterwards, it is necessary to 
measure the fitness landscape analysis. There are several general measures in 
FLA as explained in [60,83]; ruggedness, information analysis, and intermediate 
walk lengths and distances. In the next following sections, those 
aforementioned explorative strategies and FLA measures will be described. 
 
 
2.1 Random Walk 
 

As described in [15,60], a random walk is started at an initial solution 
candidate that randomly chosen. Then, choose the neighbor at random. As 
represented from the name, random walk is aimed to explore the landscape by 
walking through the fitness landscape and observe. For different problems that 
will be explored, they have several different mutation operators that can be 
employed to get more insight. For example is, the mutation operators that can 
be employed in the VRP are one-level and two-level exchange mutation, while 
in TSP several choices such as inversion, insertion and many more are available. 
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2.2 Adaptive and Up-Down Walks 
 

In this strategy, the process of choosing the neighbor is done by examining the 
candidate solutions, and then chooses the neighbor which is fitter and most 
promising [59,60]. As described in [83], this simple strategy tends to become 
trapped quickly in local optima. Because of this reason, the up-down walk [84] 
is also being employed. Up-down walks work by seeking consecutively the 
positive and negative extrema instead of single-minded strategy [60]. This walk 
will stop, when there is no higher fitness followed by lower fitness (from a 
reverse adaptive walk) that can be attained [59]. As Pitzer et al. describes as 
following: 

Since we are not trying to find a good solution when doing fitness 
landscape analysis but instead try to collect as much information 
about the landscape as possible, this presents a good compromise 
between perceiving optimization relevant properties of the 
landscape and the exploratory attitude required to gain maximum 
insight. 
 

 
 

2.3 Neutral Walks 
 

Neutral area is one of fitness landscape’s properties that represent the 
connected neighborhood structures wherein the fitness have the same value 
[60]. Neutral walks work by measuring the extents of these areas and 
remembering the starting at which it starts. Further, it subsequently searches 
the new neighbors who have the same fitness such that the distance to the 
starting point is increased [83]. And the nest neutral areas are explored by 
starting from the last point in the last neutral areas [60]. 
 
 
2.4 Ruggedness 
 

As described in [85], the auto correlation is one of the first general measures 
in order to describe the fitness landscape [60]. Generally, auto correlation 
defines the average of consecutive fitness values, for example is the gathered 
fitness values in random walk [83]. The following formula defines the auto 
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correlation function 𝜌(𝜀) and the variance-corrected auto correlation 
coefficient 𝜌 [60] [83]: 
 

𝜌(𝜀) ≔
𝐸(𝑓𝑖 . 𝑓𝑖+𝜀) − 𝐸(𝑓𝑖).𝐸(𝑓𝑖+𝜀)

𝑉𝑎𝑟(𝑓𝑖)
 

𝜌 ≔
𝐶𝑜𝑣(𝑓𝑖 .𝑓𝑖+𝜀)

�𝑉𝑎𝑟(𝑓𝑖).𝑉𝑎𝑟(𝑓𝑖+𝜀)
 

 

Where 𝑓𝑖 is the random variable that describing the fitness trajectories, 𝑓𝑖+𝜀 is 
the series of fitness values that shifted by 𝜀,𝐸(𝑥) is the expected value of 𝑥 and 
𝑉𝑎𝑟(𝑥) is the variance of x 
 
 

2.5 Information Analysis 
 

This measurement is related to ruggedness [60] and was introduced in [86]. It 
is based the discretization of fitness changes and a subsequent slope analysis 
[83]. Conceptually speaking, as described in [60] [83], given a sequence of 
fitness differences {𝑓𝑖}𝑖=0𝑛 , and initially the sequence is transformed into a 
sequence of differences of fitness {𝑑𝑖}𝑖=0𝑛 = {𝑓𝑖 − 𝑓𝑖−1}𝑖=1𝑛 . This fitness 
difference is further being discretized by a relaxed sign function that giving 
either -1 or 1 when x exceed −𝜀 or 𝜀 and 0 otherwise. This gives a sequence of 
slope {𝑠𝑖}𝑖=0𝑛 . There are two simple measurements that can be derived, these 
are the partial information content which gives the relative number of slope 
changes [83] and the smallest value of 𝜀 for which no more slopes remain after 
the relaxed sign function is applied [83]. 
 
 
2.6 Intermediate Walk Lengths and Distances 
 

Here, the intermediate sub-walk of any random, up-down and neutral walks is 
being underlined. For example, in the up-down walks, the number of steps to 
reach the next local maximum followed by the number of steps to the next local 
minimum can be explored and analyzed. Further, the upper and lower fitness 
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that usually achieved can be analyzed [59]. Another example is in the neutral 
walk wherein the number of steps inside the neutral area can be observed. 
Moreover, the difference in the context of solution representation distance 
between entry and exit points in the neutral area can be looked [60].   
 
 

3 Design of Clustering 
 

This section describes the general concept of cluster which will be 
implemented in the last part of this research. Clustering technique will be 
employed in this research in order to characteristically cluster the benchmark 
problems and the metaheuristic algorithms. With the hope that in the future, 
the newly-found problems and algorithm can be well-categorized. At this point, 
to choose the best algorithms including the best parameter settings for the 
given problems will be easier, and vice versa.  
 

Technically speaking, clustering is an unsupervised classification of pattern 
[87] [88]. There are several steps that will be involved in the clustering activity 
as described in [89]: 
 

1. Pattern representation (optionally including feature extraction 
and/or selection) 

2. Definition of a pattern proximity 
3. Clustering  
4. Data abstraction (if needed) 
5. Assessment of output (if needed) 

 
The main steps are step 1 to 3 as listed above. The following figure depicts the 

typical sequence of activities employed in clustering.  
 

 
 

Figure 27: Stages in clustering (source:[61]) 
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In this research, those three aforementioned stages will be involved. It is 
started feature selection, continued to pattern proximity and finally clustering 
or grouping the patterns into clusters. In the next following sections, the detail 
of them will be described in detail, particularly those that implemented in this 
research. To get a crystal-clear view of this sub-chapter, the following definition 
and notation are important to understand [88]. 
 

A pattern is a single data item used in the clustering. It is a feature vector 
which is denoted by x = (𝑥1, … , 𝑥𝑑) where 𝑑 is the number of features or 
dimensionality of patter or pattern space. The individual scalar components 𝑥1 
of a pattern x are called features or attributes. A pattern set is denoted X = 
{x1,…,x n} where the i-th pattern in X is denoted xi = (𝑥𝑖,1, … , 𝑥𝑖,𝑑).  
 

In this research, the patterns could refer to the best solution, the average 
solution, the crossover operator, mutation, evaluated solutions, and many more 
depending on the context of the clustering objective. For example is assumed 
that the pattern is the best solution from an experiment, so the features are all 
employed parameters. And if one parameter e.g. crossover operator is the 
pattern, then the other parameters including the best result are the features. 
So, it really depends on which perspective the clustering aimed. One of the 
ways in representing the pattern is an n x d pattern matrix. In this research, the 
pattern matrix is used. The following figure 28 (a) and (b) are the framework of 
the pattern matrix and six patterns in 2d features space.  
 
 

  
 

Figure 28: (a) six patterns in 2D feature space (b) Pattern matrix n x d 
 

(a) (b) 
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Based on the figure above, each of rows in the matrix represents a set of 
features that form a pattern. As an example is, a pattern B that illustrated in 
figure 28(a) consists of several features such represented in the second row in 
the pattern matrix in figure 28(b). The thing is a good pattern representation 
can often yield a simple and easily understood clustering, whereas the poor 
pattern representation can yield a complex clustering [88]. Particularly, in this 
research, the pattern matrix will be employed as the pattern representation. 
 
 
3.1 Feature Selection 
 

This section particularly describes the involved step, known as feature 
selection that is considered as an important step before stepping into the 
further part e.g. clustering. Feature selection is aimed to derive an appropriate 
set of features to be used in clustering, since appropriate features leads to good 
quality of clustering results [88]. There are two different approaches [90] [91]. 
The first approach, named filter method, is to make such as an independent 
assessment based on the general characteristics of the data without involving 
any learning algorithm [91]. It is named filter method since the feature set if 
filtered in order to generate the most promising subset [90]. While the second 
approach named wrapper, is to evaluate the subset by means the machine 
learning algorithm that will be employed for learning. It is names wrapper since 
the learning algorithm is wrapped into the selection procedure [90] [91].  
 

There are several different algorithms which belong to the filter method and 
can be split into two categories. They are feature weighting algorithms and 
subset search algorithms. These two are based on whether they evaluate the 
goodness of features individually or through feature subsets [91]. The general 
idea behind the feature weighting algorithms is to assign weights to the 
features individually and then rank them based on their relevance to the target. 
Further, a feature will be selected if the weight of relevance is greater than 
certain threshold [91,92].  
 

In the subset search algorithms as explained in [91], the searching process 
goes through the candidate feature subsets and guided by a certain evaluation 
measure [93] which captures the goodness of each subset. When the search is 
stop, then an optimal subset has to be selected. Particularly, in this research, 
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the feature selection will be employed as the stage of preprocessing data, in 
order to get appropriate feature that lead to the improved clustering result. 
 
 
3.2 Pattern Proximity 
 

This section describes the next stage after employing the feature selection in 
order to get appropriate features. The pattern proximity is aimed to observe 
how close, similarity, dissimilarity among the patterns. This pattern proximity 
can be derived by employing the distance function on pairs of patterns [88]. 
There are several distance measures that can be used to expose the similarity or 
dissimilarity among patterns. One of the most popular and simple as well is 
Euclidian distance. The definition is as following [87,88]: 
   

𝑑2�𝐱𝒊, 𝐱𝑗� = ���𝐱𝒊,𝒌 − 𝐱𝒋,𝒌�
2

𝑑

𝑘=1

�

1
2

=  �𝐱𝒊 − 𝐱𝒋�2 

 
 
The Euclidian distance has commonly used in two or three-dimensional space 

and it is a special case of Minkowski metric where p=2, as described in [88] as 
follows: 

𝑑𝑝�𝐱𝒊,𝐱𝑗� = ���𝐱𝒊,𝒌 − 𝐱𝒋,𝒌�
𝑝

𝑑

𝑘=1

�

1
𝑝

=  �𝐱𝒊 − 𝐱𝒋�𝑝  

 
One shortcoming of Minkowski metric is that the tendency of the largest 

scaled feature to dominate the other features [88].   
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3.3 Clustering Technique 
 

This section particularly describes the clustering technique that being 
employed. Theoretically speaking, According to the taxonomy of clustering 
techniques, there are two types of clustering techniques: hierarchical and 
partitional. This research particularly will employ the partitional technique. As 
described in [88], a partitional clustering algorithm obtains a single partition of 
data. Further, however, there is a potential problem in partitional algorithm. 
That is the choice of the expected number of the clusters. Conceptually, 
partitional technique works by optimizing a criterion function defined either in 
the subset of the patterns or in the whole patterns [87,88]. There is a criterion 
function that considered as the most intuitive in partitional clustering 
technique: squared error algorithms. The definition of squared error for 
clustering ℒ of a pattern set X which containing K clusters as follows [88]: 
 

𝑒2(𝑋,ℒ) = ���𝐱𝑖
(𝑗) − 𝐜𝑗�

2
𝑛𝑗

𝑖=1

𝐾

𝑗=1

 

 

Where 𝐱𝑖
(𝑗) is the i-th pattern the belonging to the j-th cluster and 𝐜𝑗  is the 

centroid (center) of the j-th cluster. One of the most popular clustering 
techniques that employ the concept of squared error criterion is k-means. In 
this research, k-means will be implemented in order to get the characteristic 
clusters of benchmark problem and metaheuristic algorithms. The detail steps 
of k-means algorithm are already described in the chapter 2. As conveyed 
above, one potential problem in partitional technique, here is k-means 
algorithm, is to choose the expected number of clusters. Therefore, this issue 
will be underlined and concerned. As described by Witten et al. that one 
solution of this issue is to try out different possibilities and observe which one is 
the best. Simply, this can be started by choosing given minimum, e.g. k = 1, and 
work up to a small fixed maximum [90].   
 

There is one method to estimate the best number of cluster, for any given 
data set. That is to employ v-fold cross-validation. As described in [94], the v-
fold cross-validation method can be applied into a certain range of cluster 



 

89 
 

numbers, particularly in this research is k-means algorithm. Then, from the 
clusters that generated from predefined range of numbers, the resulting 
average distances are compared each other with respect to their centroids or 
cluster centers. Thus, one proposed number of cluster that gives the best 
distance is chosen.  
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Part IV. - Implementation 

 
 
 

This chapter describes the implementation of the proposed approaches as 
described in chapter 3 including the experiments, fitness landscape analyses 
and clustering, that are being employed in this research. Also will be described 
the technical matters that involved during this research, such as the used 
software for experiments or clustering. And then, each description is followed 
by the results that derived e.g. during the experiments and clustering. The 
discussion part as the interpretation and manifestation of the results is 
considered as the most important part of this chapter, and of course for this 
research. Therefore the discussion for each result will be delivered in the way 
such that comprehensive and in the good structure. This is to ensure that the 
general idea and the detail of every single technical matter are clearly described 
and delivered. In the next following sections, the aforementioned points will be 
described
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1  Technical Matters in Experiment 
 

This section describes the details of the experiment part from the technical 
viewpoints. In this research, the experiment part has played important role 
since this part is the only way to derive the data to be further processed in this 
research. For the experiment of solving several chosen artificial benchmark 
problems with the involved metaheuristic algorithms, there is a software called 
Heuristiclab 3.3 which has been developed since 2002 by members of Heuristic 
and Evolutionary Algorithms Laboratory (HEAL) where this research also 
belongs to. Heuristiclab basically is a framework wherein we can simply employ 
the available artificial benchmark problems to be solved by appropriate 
metaheuristic algorithms. The model of Heuristiclab supports us to work 
experimentally which is really important in the metaheuristic optimization. This 
software also provides the feature to implement the fitness landscape analysis 
part. As described in the chapter three, there is the second part in this research 
which to store the experimental results to the OKB. Technically speaking, OKB is 
integrated to Heuristiclab itself. Thus the process of storing was quite simple. 
For the part of clustering, there is software called Statistica that has been used 
and will be described also in the next following section. This software support to 
implement several data mining concepts particularly the clustering method that 
being used in this research: k-means. In this chapter also, the results of the 
experiments will be delivered based on the benchmark problems viewpoint. So 
that for each of them will be comprehensively described and discussed, in order 
to understand and reach a crystal-clear of general main objectives from this 
research. In the next following sections, all of them will be described. 
 
 
1.1  Heuristiclab 3.3.6 
 

This software [95] has been developed by members of Heuristic and 
Evolutionary Algorithms Laboratory (HEAL) where this thesis belongs to. 
Particularly in this research, the newest version heuristiclab 3.3.6 will be used. 
Heuristiclab support various artificial benchmark problems such as artificial ant, 
knapsack, onemax, quadratic assignment, single objective test function, 
symbolic regression, TSP, VRP and eve user-defined problem. And for 
algorithms, Heuristiclab already supports to employ evolution strategy, genetic 
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algorithm, island genetic algorithm, genetic programming, SASEGASA, local 
search, tabu search, simulated annealing, and many more. For more detail 
about this software can be browsed in http://dev.heuristiclab.com. Particularly 
in this research, all the involved benchmark problems and employed algorithms 
are well provided by Heuristiclab. This software also provides a feature to 
implement an experiment such that consists of several batch runs. For each 
experiment in this research, there will be 10 runs being set. This is aimed to get 
such as objective results. The following figure depicts the Heuristiclab employs 
GA to solve a TSP-instance.  

 

 
 

Figure 29: Heuristiclab 3.3.6 
 
 

As depicted in the figure 26 above, Heuristiclab provides the features such as 
to parameterize the algorithms, to set the problem, and to observe the results 
in various ways e.g. tabular view and graphical presentation. Particularly in this 

http://dev.heuristiclab.com/
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research, in implementing many experiments that consist of 10 runs for each of 
them, there is a feature in Heuristiclab called Hive. This feature allows us to 
upload the experiments to the blade systems that have many processors and 
RAM to support the experiments that requires high resources to complete. And 
then after the computations are done, we can download the results to observe. 

 
 

1.2  Optimization Knowledge Base (OKB) 
 

OKB is an independent concept that integrated to Heuristiclab. This was as 
also recently developed by members of HEAL. The main purpose of OKB it to 
provide a huge collection of optimization experiments. So that a user can query 
particular experiments including the parameter set and the derived result. The 
feature of querying is also well-structured such that one can query particularly 
to the expected experiment e.g. querying experiments that employ GA to solve 
berlin52 using crossover MPX and proportional selection. Or more general 
query such as querying all experiments that solving VRP. The following figure 
illustrates the concept of OKB.  
 
 

 
 

Figure 30: Optimization Knowledge Base  
 

This research is particularly illustrated by the red box named OKB cockpit. All 
of the results from the experiments are being stored to the OKB server where 
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connected to the data repository. Furthermore, the process of querying and 
analyzing are also directly from OKB such as to derive all experiment in solving 
TSP instances as a tabular view which will be the data set for clustering using 
Statistica. 
 

1.3  Statistica Version 10 
 

The last part of this thesis is the clustering which is aimed to derive the 
characteristic groups or clusters of problems and algorithms. To realize the 
proposed approach that described in the chapter 3 particularly in section of 
clustering, the software called Statistica is being employed. This software is 
developed by Statsoft. The detail of this software can be found in 
http://www.statsoft.com/. The main reason to use this software is since 
Statistica provides a tool of clustering using k-means algorithm and a good 
feature in selecting the appropriate number of the expected clusters which is 
considered as a potential problem that accompanying this algorithm. The 
strategy that is implemented in Statistica to tackle this problem is by employing 
v-fold validation in order to find the most appropriate cluster numbers. This 
feature is helpful in further evaluation in the clustering. And the representation 
of the clustering results is also in the various ways such as table and chart. The 
Statistica version 10 is used in this research.  
 
 

2 Experiment Results  
 

In this section, all the results of all experiments using Heuristiclab 3.3.6 will be 
delivered based on the benchmark problem viewpoints. For each result will be 
represented by table and some of them will be extended by chart to show more 
detail. The discussion as the interpretation and manifestation of the results will 
be delivered right after the table or the chart in order to get crystal-clear 
understanding of the result. In the next following sections, the result of TSP, 
VRP, objective test functions that solved by GA, SASEGASA, Island GA, SA, tabu 
search and local search will be described in detail. The thing to be underlined is 
that the cells filled by “-” sign means that these are failure experiment due to 
the technical matters of the software. 

 

http://www.statsoft.com/
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2.1 Experiment Results of TSP 
 

This section particularly describes all the results of solving three TSP instances: 
berlin52, ch130 and kroA200 by six algorithms: GA, SASEGASA, SA, tabu search 
and local search. The detail of parameter setting of each algorithm is described 
in the chapter 3. The result will be presented as tables which consist of the best 
quality denoted by relative difference of 10 runs, the average of best qualities 
from 10 runs and the number of evaluated solutions.  
 
 
2.1.1 Experiment of GA 
 

As described at the sub-chapter 1.3.1 of chapter 3, there are two different 
parameter settings that are employed. The first parameter setting as described 
in table 2 employs only one selection operator: proportional. And three 
crossover instances: OCX2, ERX and MPX. While in the second parameter 
setting as described in table 3, there are three selection operators: 
proportional, linear ranking, and random. And also three crossover operators as 
in the first parameter settings are being employed. The remaining parameters 
such as maximum generation number, mutation operator and its probability, 
population size are kept static. The following table lists all the result from the 
first and second parameter settings altogether.  
 
 

 Proportional Linear Rank Random 
problem Cross 

Over 
Best Av. Evaluated 

Solution 
Best Av. Evaluated 

Solution 
Best Av. Evaluated 

Solution 
Berlin52 OCX2 0.00 4.36 11900120 0.00 8.2 11’900’120 22.28 29.45 11900120 
Berlin52 ERX 0.00 5.08 11900120 2.97 6.0 11’900’120 78.9 95.08 11900120 
Berlin52 MPX 0.00 3.04 11900120 3.32 8.1 11’900’120 27.38 32.46 11900120 
Ch130 OCX2 2.96 5.13 11900120 5.45 9.83 11’900’120 155.81 178.57 11900120 
Ch130 ERX 117.02 131.02 11900120 112.04 126.03 11’900’120 380.34 395.47 11900120 
Ch130 MPX 4.19 6.75 11900120 6.9 10.44 11’900’120 200.31 212.71 11900120 
Kroa200 OCX2 2.97 5.77 11900120 7.58 12.29 11’900’120 301.76 333.09 11900120 
Kroa200 ERX 306.43 332.56 11900120 340.59 361.41 11’900’120 673.72 705.44 11900120 
Kroa200 MPX 2.88 8.81 11900120 9.19 11.37 11’900’120 362.94 379.25 11900120 
 

Figure 31: Result of experiment GA solving TSP 
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Based on the table above, in berlin52 wherein the best known solution is 
7542, generally GA can tackle the problem instance quite well. Particularly in 
proportional selection operator, GA can reach the best known solution for each 
of crossover operator. Try to be more precise, MPX has the lowest average best 
qualities. For linear ranking, only OCX2 can reach the best known solution while 
the other crossover operators are still in the comparable range: 2.97% and 
3.32% as the best qualities for ERX and MPX respectively. For random selection 
operator, the results are worse compared to the results using proportional and 
linear ranking selection operator. 
 

In ch130 the best known solution is 6110. And the best quality that reached is 
2.96% which by proportional selection and OCX2 crossover operator. Generally, 
all results that employing ERX are not that good which reached more than 100% 
relative difference to the best known solution. As in berlin5, the results from 
random selection operator are worse if compared to other selection operators. 
In kroA200, the best quality is from MPX with proportional selection: 2.88%, 
which is slightly different with solution from OCX2 with proportional selection: 
2.97%. As in ch130, the solutions from ERX are relatively not that good as they 
go beyond 100%. And generally, like in berlin52 and ch130, the solutions from 
random selection operators, are worse if compared to two other selection 
operators. The following figure shows nine solutions for each TSP instances 
from different crossover selection operators.     
 
 

 
 

Figure 32: Result of GA solving TSP instances 
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From the chart above, we can generalize that GA works well in solving berlin 
52, particularly using proportional and linear ranking selection operator. 
Interestingly from the chart we can get more insights, such as the three peaks in 
ch130 and three peaks in kroA200 come from ERX regardless the problem 
instances and the selection operators. And also we can see that the highest 
peaks come from random selection operators regardless the TSP instances. 
Concluding, the best parameter setting of GA in solving berlin52 is employing 
MPX and proportional selection operator. In ch130, the best parameter setting 
involves OCX2 with proportional selection operator while in kroA200, the best 
parameter setting employs proportional selection and MPX if consider the best 
qualities that reached or OCX2 if consider the average of best qualities from 10 
runs.   
 
 
2.1.2 Experiment of SASEGASA 
 

There are four different parameter settings of SASEGASA solving TSP 
instances, as described at the sub-chapter 1.3.2 of chapter 3. The first 
experiment employs only one selection operator with four instances of 
crossover and inversion mutation with 5% probability. The fourth instance of 
the crossover is the combination of all three crossover operators which is 
written as “All” in the table. The second experiment has three instances of 
selection operators with four instances of crossover and inversion mutation 
with 10% probability. In the third parameter setting, the number of village is 
increased to 40 with the same parameter in the second parameter setting 
except the mutation probability, the success ratio and maximum selection 
pressure which are set to 5%, 0.8 and 15 respectively. In the fourth parameter 
setting, the number of village is being explored by increasing with order 1, 5, 10, 
20, 40, 80 and 160. And also each experiment will be tested with and without 
mutation. This is aimed to observe the significance different by increasing the 
village number as well as employing the mutation operator. The following 
tables list the results.  

 
problem Crossover Best Average Evaluated Solution 
Berlin52 OCX2 0.00 3.41 973170 

0.00 1.9 479923570 
Berlin52 ERX 0.00 0.00   520380 

0.00 3.77   11627910 
Berlin52 MPX 0.00 0.92 595420 
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0.00 3.38   8613050  
Berlin52 ALL 0.00 0.00 26349990 

0.00 0.92 306616770 
CH130 OCX2 4.24 9.63 2114090 

0.56 2.67 377062450 
Ch130 ERX 0.64 2.47 3584030 

2.01 4.95 30535250 
Ch130 MPX 3.48 6.37 1728120 

4.87           8.65 5370210  
CH130 ALL 0.59 1.84 4110850 

1.37 2.56 398826610 
Kroa200 OCX2 13.67 18.89 3119760 

1.71 3.93 472359850 
Kroa200 ERX 4.52 7.57 22143360 

8.73 9.95 215396890 
Kroa200 MPX 8.32 14.9 3252930 

5.76  9.58  6685400  
Kroa200 ALL 2.94  5.13  6274650  

1.17  2.99 384646830 

 
Table 28: Result of experiment SASEGASA from parameter setting table 4 

 
 

The table above is based on the first parameter setting which only employs 
one selection operator: proportional but has two values of comparison factor 
bound. For each row of TSP instance, the above sub-row representing the result 
with comparison factor bound 1 (lower bound) to 1 (upper bound), while the 
bottom sub-row representing result with 0.3 to 0.7 as the lower and upper 
bound. As we can see that the best known solution in berlin52 can be reached 
by all crossover operators. But interestingly if we compare the average best 
qualities from two different comparison factors, then using ERX and all-
combined crossover is the best one. In addition, if we take the number of 
evaluated solution into consideration then ERX is the best one since it has fewer 
numbers. The following table and lists the result of the second and third 
parameter setting respectively. 
 
 

 Proportional Linear Rank Random 
problem Cross 

Over 
Best Av. Evaluated 

Solution 
Best Av. Evaluated 

Solution 
Best Av. Evaluated 

Solution 

Berlin52 OCX2 0.00 5.38 2733690 3.87 6.68 397520 0.00 2.93 184092570 
Berlin52 ERX 0.00 3.59 4140350 0.00 0.59 325220 0.00 0.00 176078290 
Berlin52 MPX 0.00 2.67 6630640 0.00 2.75 403830 2.29 4.19 295857340 
Berlin52 ALL 0.00 0.02 1807020 0.00 0.46 12467790 0.00 2.11 165124640 
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Ch130 OCX2 4.37 7.82 1851860 3.06 8.79 994110 1.44 2.97 213355420 
Ch130 ERX 21.88 38.76 1901740 1.39 3.23 972390 36.63 43.73 193084020 
Ch130 MPX 1.7 2.57 1167569140 5.45 8.61 996050 1.39 2.95 321653240 
Ch130 ALL 2.27 5.43 1913490 0.85 2.78 12615490 1.29 2.65 194107240 
Kroa200 OCX2 1.19 3,27 594399630 7.3 14.66 1527190 2.67 4.6 206547410 
Kroa200 ERX 107.34 112.14 766300 4.47 6.13 4064680 96.17 99.72 1055170 
Kroa200 MPX 5.02 5.84 1122143900 7.71 11.83 1665130 2.32 4.12 315801990 
Kroa200 ALL 1.72 3.15 333126160 2.44 4.96 8427940 2.88 3.93 201467140 

 
Table 29: Result of experiment SASEGASA from parameter setting table 5 

 
 

 Proportional Wheel Linear Rank Random 
problem Cross    

 
Best Av. Evaluated 

 
Best Av. Evaluated 

 
Best Av. Evaluated 

 Berlin52 OCX 0.00 0.00 6829690 0.00 0.00 4299050 0.00 0.00 11381350 
Berlin52 ERX 0.00 0.00 3933100 0.00 0.00 3818060 0.00 0.00 8183740 
Berlin52 MPX 0.00 0.00 4409770 0.00 0.00 4128190 0.00 0.00 6472110 
Berlin52 ALL 0.00 0.00 16700880 0.00 0.00 3961000 0.00 0.00 21099620 
Ch130 OCX 1.03 3.41 10292620 3.31 4.95 7274900 3.19 5.17 12481600 
Ch130 ERX 0.05 0.72 9761000 3.86 27.05 3774700 10.03 17.02 26249800 
Ch130 MPX 0.82 1.72 9375480 0.88 2.19 6897200 0 0.8 13179350 
Ch130 ALL 0.08 0.38 15834700 0.23 0.82 7662900 0 1.16 24255180 
Kroa200 OCX 5.94 10.12 12115360 7.31 10.9 9385740 3.23 4.46 28191090 
Kroa200 ERX 93.97 99.22 7520550 93.69 99.1 4044740 119.06 123.43 22436350 
Kroa200 MPX 0.86 3.04 12035930 4.33 5.89 9204000 0.31 1.65 26106170 
Kroa200 ALL 0.35 1.79 19240520 1.04 1.87 11034660 0.00 0.02 1727512346 

 
Table 30: Result of experiment SASEGASA from parameter setting table 6 

 
Based on two tables above, the increasing of village number in SASEGASA 

seems work very well. For example, in berlin52, with one village, the best 
known solution can be reached in most of the experiments except in linear 
ranking with OCX2 and random selection with MPX. But when the village 
number is increased, for all pair of crossover and mutation from all experiments 
reach the best known solution including the average of the best qualities. It 
means, for each experiment which consists of 10 batch runs, all of them reach 
the best known solution.  
 

Surprisingly, unlike in GA, particularly in ch130, the best known solution can 
be reached by ERX and MPX with random selection operator. In GA random 
selection operator works not that good in all problem instances. If the average 
of the best qualities and evaluated solutions are taken into account, then MPX 
with random selection is the best setting. 
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Again, for kroA200, random selection operator and MPX are the best setting. 
Even not reaching the best known solution, but it is very close: 0.31%. And also 
the average of the best qualities from this setting is the lowest one. The number 
of evaluated solutions is also reasonable compared to the other results. The 
following tables list the results from experiment of the fourth parameter 
setting. 
 

 Results with mutation Results without mutation 
Problem  Sub-population Best Average Evaluated solution Best Average Evaluated solution 
Berlin52 1 14.12 21.12 40760 40.09 50.63 24910 
Berlin52 5 0.00 2.7 464650 20.87 34.38 220720 
Berlin52 10 0.00 1.21 1249100 10.26 26.84 604650 
Berlin52 20 0.00 0.00 4159670 4.04 16.03 1879360 
Berlin52 40 0.00 0.00 13495140 4.61 12.67 6146830 
Berlin52 80 0.00 0.00 43940140 2.61 5.99 21852410 
Berlin52 160 0.00 0.00 136069740 0.00 0.02 79907780 
Ch130 1 70.11 94.49 89600 222.34 247.94 28950 
Ch130 5 7.71 16.06 950420 205.06 215.72 250690 
Ch130 10 4.58 8.33 2395590 126.17 194.31 677240 
Ch130 20 1.39 4.1 5728840 137.51 170.61 1934130 
Ch130 40 1.11 2.62 14974670 115.4 132.6 6368430 
Ch130 80 0.57 1.51 39240080 54.94 88.1 21859590 
Ch130 160 0.23 0.87 103151320 13.19 36.84 75617600 
Kroa200 1 73.29 116.64 173820 374.92 410.13 35710 
Kroa200 5 19.76 31.09 1427630 339.92 391.04 270980 
Kroa200 10 13.44 18.51 3100530 295.83 352.11 713450 
Kroa200 20 8.58 13.51 6390690 242.76 295.9 2061500 
Kroa200 40 6.39 8.63 13333890 224.67 266.59 6499420 
Kroa200 80 3.63 5.25 27022770 168.34 190.13 21876090 
Kroa200 160 2.73 3.98 53935260 13.78 20.91 82944310 

 
Table 31: Result of experiment SASEGASA with OCX2 

 
The table above particularly lists the results from experiment employing OCX2. 

In this parameter setting, the number of villages is increased with certain 
interval. This is aimed to explore the significance of increasing the village 
number. In addition, each experiment is also tested with and without mutation 
to observe how mutation operator affecting the results. Based Generally 
speaking, the more village number is set, the better quality that can be reached. 
This is can be seen also in ERX, MPX, and ALL that described in the next 
following tables.  
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From table 31 above, we can see that in berlin52, the best know solution is 
reached from village number equal to 5 to 160, with mutation in the parameter 
setting. With mutation, even started from 20 villages on, the averages of the 
best qualities are already in 0.00%. But if take the evaluated solution into 
account, then 20 villages with mutation is the best set in berlin52, since it is 
only need fewer numbers compared to higher number of villages. For ch130, 
160 villages with mutation is the best one who reaches 0.23% with average of 
best qualities 0.87%. The number of evaluated solutions is still reasonable with 
1000 generations. And for kroA200, the best quality is also the same with 
ch130: that is 160 villages with mutation. It reaches 2.73% with 3.98% as the 
average of best qualities and the in the reasonable number of evaluated 
solutions. The following table describes the results from ERX. 
 

 Results with mutation Results without mutation 
Problem  Sub-population Best Average Evaluated solution Best Average Evaluated solution 
Berlin52 1 0.37 7.16 34720 4.08 7.71 32050 
Berlin52 5 0.00 0.25 335600 0.00 3.06 261520 
Berlin52 10 0.00 0.00 825680 0.00 1.48 673060 
Berlin52 20 0.00 0.00 2226020 0.00 0.13 1934260 
Berlin52 40 0.00 0.00 7131110 0.00 0.00 6209110 
Berlin52 80 0.00 0.00 25324640 0.00 0.00 21427980 
Berlin52 160 0.00 0.00 94254680 0.00 0.00 79216580 
Ch130 1 20.16 24.51 135150 19.56 26.52 129210 
Ch130 5 3.29 9.01 889570 16.97 20.52 713310 
Ch130 10 1.93 3.27 2189970 2.76 7.25 1854490 
Ch130 20 0.00 0.81 6132010 1.03 2.33 4706760 
Ch130 40 0.00 0.4 18197070 0.31 0.76 12883790 
Ch130 80 0.00 0.09 48984950 0.00 0.44 34779270 
Ch130 160 0.00 0.00 131000820 0.00 0.09 102278210 
Kroa200 1 30.85 39.03 430490 38.32 43.68 411730 
Kroa200 5 10.36 45.94 1875580 27.02 38.62 1860810 
Kroa200 10 6.33 33.1 4347670 12.81 45.69 3937460 
Kroa200 20 3.58 30.12 9236180 6.4 17.52 9474580 
Kroa200 40 0.91 4.15 25193580 1.32 11.24 24114620 
Kroa200 80 0.13 10.78 61993640 0.8 9.05 62841740 
Kroa200 160 0.05 1.21 180876240 0.35 1.27 176621060 

 
Table 32: Result of experiment SASEGASA with ERX 

 
Table above lists the result using ERX. For berlin52, the best known solution is 

reached from village number equal to 5. Interestingly, unlike in OCX2, the 
results without mutation are also reaching the best known solution started 
from village number equal to 5. In part of with mutation, started from 10 
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villages on, the average of best qualities is already 0.00% while without 
mutation, it is started from 40 villages. If the number of evaluated solution is 
taken into account, then 10 villages with mutation is the best set. For ch130, 
with mutation, it can reach the best known solution started from 10 villages, 
while without mutation; it is started from 80 villages. The best one is 160 
villages with mutation where the average of best qualities is 0.00%. For 
kroA200, the best set if 160 villages with mutation which reaching 0.05%. It is 
close to the best known solution. Generally speaking, ERX works well in 
berlin52, ch130 and kroA200, particularly by increasing the village number as 
we can see from the table above. Different with the experiments using OCX2, 
here, the experiments which not employing mutation operator are also good 
results. They show comparable results with the experiments that employing 
mutation operator. The following table is experiment using MPX.  

 
 

 Results with mutation Results without mutation 
Problem  Sub-population Best Average Evaluated solution Best Average Evaluated solution 
Berlin52 1 10.83 16.55 30150 10.38 20.13 27120 
Berlin52 5 0.00 1.32 280620 2.07 12.62 215250 
Berlin52 10 0.00 0.08 699860 4.84 10.18 515410 
Berlin52 20 0.00 0.00 1687030 0.32 3.68 1384630 
Berlin52 40 0.00 0.00 4420420 0.00 1.6 4042440 
Berlin52 80 0.00 0.00 13033430 0.00 0.36 12831740 
Berlin52 160 0.00 0.00 43570660 0.00 0.01 44093360 
Ch130 1 58.66 81.55 68180 85.86 98.39 55990 
Ch130 5 10.23 18.96 635880 38.23 63.44 382340 
Ch130 10 4.73 8.58 1521460 29.85 56.95 857170 
Ch130 20 1.62 2.89 3707080 15.11 33.08 2097550 
Ch130 40 0.92 1.75 9183070 9.7 24.89 5440150 
Ch130 80 0.00 0.66 21568590 5.56 12.11 15629250 
Ch130 160 0.00 0.46 55216140 1.99 3.53 48235360 
Kroa200 1 118.84 154.57 104920 152.28 185.34 78010 
Kroa200 5 30.84 44.96 955680 78.46 120.57 533330 
Kroa200 10 15.02 21.53 2357510 50.95 88.16 1180980 
Kroa200 20 6.2 8.57 5316490 52.15 73.12 2737070 
Kroa200 40 1.45 3.42 12077840 28.41 51.47 6782350 
Kroa200 80 0.44 1.43 25123340 13.98 21.54 18250250 
Kroa200 160 0.36 0.74 54317800 5.72 9.83 48755470 

 
 

Table 33: Result of experiment SASEGASA with MPX 
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The table above describes the results of experiment employing MPX. In 
berlin52, both of with and without mutation are working well. To be more 
detail, with mutation, started from 5 villages on, that is already reaching the 
best known solution while without mutation started from 40 villages. And with 
mutation, from 20 villages, the average of best qualities is 0.00%. The best set is 
20 villages with mutation involved and there are 1687030 solutions that being 
evaluated. For ch130, the best known solution is reached on 80 and 160 villages 
with mutation. Both of them only have a quite small difference in the best 
qualities different: 0.02. If the evaluated solution is taken into account, then it 
seems that 80 villages with mutation is the best one. For kroA200, the best 
quality that reached is 0.36% by employing mutation and 160 villages. This is 
close to the best know solution. Generally, MPX is working well in these TSP 
instances by increasing the village number. The results without mutation are 
comparable particularly in berlin52. 
 
 

 Results with mutation Results without mutation 
Problem  Sub-population Best Average Evaluated solution Best Average Evaluated solution 
Berlin52 1 0.3 4.73 57060 3.55 7.55 47980 
Berlin52 5 0.00 0.00 466200 0.00 0.23 432080 
Berlin52 10 0.00 0.00 1373050 0.00 0.00 1058780 
Berlin52 20 0.00 0.00 5339190 0.00 0.00 3374160 
Berlin52 40 0.00 0.00 17025300 0.00 0.00 11670880 
Berlin52 80 0.00 0.00 50102180 0.00 0.00 37809720 
Berlin52 160 0.00 0.00 131514390 0.00 0.00 116105430 
Ch130 1 17.97 28.02 145120 32.55 49.2 108760 
Ch130 5 6.97 10.85 902650 5.14 11.55 875270 
Ch130 10 1.85 4.93 2269220 1.2 4.16 2075870 
Ch130 20 0.23 1.07 5942070 0.72 0.88 5551890 
Ch130 40 0.00 0.17 15461390 0.00 0.22 13828550 
Ch130 80 0.00 0.11 39398070 0.00 0.07 36725160 
Ch130 160 0.00 0.04 101046450 0.00 0.06 89536700 
Kroa200 1 36.87 55.68 277070 55.87 76.9 221370 
Kroa200 5 11.98 23.61 1639830 19.24 32.59 1400040 
Kroa200 10 6.53 11.43 3676570 11.45 16.68 3278940 
Kroa200 20 2.82 5.41 8623040 3.14 5.88 7764790 
Kroa200 40 0.25 1.16 19657330 0.38 1.99 17936130 
Kroa200 80 0.21 0.91 40642510 0.1 0.68 39367660 
Kroa200 160 0.00 0.19 89865970 0.00 0.35 86255830 

 
Table 34: Result of experiment SASEGASA with “All” crossover 
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Based on table above which lists the results from “All”, for berlin52, the best 
known solution is reached with and without mutation started from 5 villages 
on. With mutation, it is also already 0.00% for the average of best qualities, 
while without mutation started from 10 villages. Thus with mutation and 5 
villages are the best set for “All” crossover. For ch130, with and without 
mutation, the best known solution is reached started from 40 villages. 
Interestingly, in 80 villages without mutation is better than with mutation even 
considering the evaluated solutions. If the average of best qualities is taken into 
account, then 160 villages with mutation is the best set. But if consider the 
number of evaluated solutions, then without mutation is better, since the 
average of best qualities in without mutation is only 0.02 worse but the number 
of evaluated solutions is much better which is more than 10 million lesser than 
with mutation. For kroA200, the best known solution is reached on 160 villages 
with or without mutation. Considering the average of best qualities, then with 
mutation is the best set. 
 

Generally speaking, the important thing that can be underlined is that by 
increasing the number of villages, SASEGASA can perform to get much better 
solutions in TSP instances. Even the number of evaluated solutions increasing, 
but it is still reasonable. The second this is about employing mutation or not. 
Based on from the four tables above, in OCX2 and MPX, the results without 
mutation are incomparable, particularly in ch130 and kroA200. But in ERX and 
“All”, the results are comparable for each problem instances, even in ch130 
with “All” crossover, the best set can be considered from without mutation with 
160 villages since it has lesser evaluated solutions number. The following figure 
presents the chart of the comparison results with and without mutation. It 
shows graphically that, the general trend is the results with mutation for ch130 
and kroA200 for all crossover operators is better than without mutation. An in 
“All” crossover, most of the results from with and without mutation are close 
each other. This means that, even without mutation, combination of OCX2, ERX 
and MPX crossover performs well in three involved instances of TSP. 
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Figure 33: Charts of the fourth parameter settings 
 

 
2.1.3 Experiment of Island GA 
 

This section describes the results of experiment of Island GA in solving TSP 
Instances. The detail of the parameter setting can be seen at sub-chapter 1.3.3 
of chapter 3. Like in the fourth parameter setting of SASEGASA which previously 
described, the parameter setting that being employed here is also based on the 
four instances of crossover operator. And the concept of increasing village 
number will be implemented also. Similarly, the number of villages sill start 
from 1 and being increased to 80. And also the each experiment will be tested 
with and without mutation. So generally, the concept of parameter setting here 
is similar to the fourth parameter setting in SASEGASA, except the particular 
static parameters e.g. migration rate and topology. The next following tables 
are the result.  
 

 Results with mutation Results without mutation 
Problem  Sub-population Best Average Evaluated solution Best Average Evaluated solution 
Berlin52 1 2.29 5.06 1980100 54.65 81.01 1980100 
Berlin52 5 0.00 2.19 9900500 24.39 34.96 9900500 
Berlin52 10 0.00 3.89 19801000 11.55 25.28 19801000 
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Berlin52 20 0.00 2.29 39602000 6.66 14.57 39602000 
Berlin52 40 0.00 0.59 79204000 2.72 12.38 79204000 
Berlin52 80 0.00 0.31 158408000 3.21 9.61 158408000 
Ch130 1 2.42 6.29 1980100 270.56 309.52 1980100 
Ch130 5 2.78 4.72 9900500 140.03 192.85 9900500 
Ch130 10 1.88 4.23 19801000 125.43 153.39 19801000 
Ch130 20 1.89 3.88 39602000 104.65 123.37 39602000 
Ch130 40 1.52 2.87 79204000 96.82 122.36 79204000 
Ch130 80 -  -            - 95.2 116.76 158408000 
Kroa200 1 6.73 8.99 1980100 464.37 522.44 1980100 
Kroa200 5 3.13 6.24 9900500 315.06 354.07 9900500 
Kroa200 10 2.12 4.37 19801000 251.45 302.62 19801000 
Kroa200 20 1.27 4.23 39602000 188.35 228.24 39602000 
Kroa200 40 1.97 3.06 79204000 186.07 221.22 79204000 
Kroa200 80 - -           - - - - 

 
Table 35: Result of experiment Island GA with OCX2 

 
 
 

 Results with mutation Results without mutation 
Problem  Sub-population Best Average Evaluated solution Best Average Evaluated solution 
Berlin52 1 3.71 12.88 1980100 4.95 10.57 1980100 
Berlin52 5 2.29 6.18 9900500 0.00 7.04 9900500 
Berlin52 10 0.00 2.87 19801000 0.00 3.19 19801000 
Berlin52 20 0.00 2.66 39602000 0.00 1.33 39602000 
Berlin52 40 0.00 1.85 79204000 0.00 1.33 79204000 
Berlin52 80 - - - - - - 
Ch130 1 144.57 168.66 1980100 136.68 169.73 1980100 
Ch130 5 86.38 99.08 9900500 85.49 110.65 9900500 
Ch130 10 69.41 76.64 19801000 73.62 83.84 19801000 
Ch130 20 42.45 54.58 39602000 51.65 65.46 39602000 
Ch130 40 35.24 41.33 79204000 41.65 49.87 79204000 
Ch130 80 25.06 33.87 158408000 36.43 40.45 158408000 
Kroa200 1 360.07 406.28 1980100 382.94 418.6 1980100 
Kroa200 5 270.29 288.88 9900500 298.11 337.96 9900500 
Kroa200 10 226.49 242.19 19801000 272.76 291.6 19801000 
Kroa200 20 187.72 201.88 39602000 235.44 253.71 39602000 
Kroa200 40 172.34 181.57 79204000 211.25 229.57 79204000 
Kroa200 80 162.29 167.66 158408000 186.26 214.25 158408000 

 
Table 36: Result of experiment Island GA with ERX 

 
 

 Results with mutation Results without mutation 
Problem  Sub-population Best Average Evaluated solution Best Average Evaluated solution 
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Berlin52 1 2.24 5.15 1980100 10.39 28.85 1980100 
Berlin52 5 0.00 4.48 9900500 7.19 12.03 9900500 
Berlin52 10 0.00 3.05 19801000 1.74 8.43 19801000 
Berlin52 20 0.00 3.23 39602000 1.74 4.00 39602000 
Berlin52 40 0.00 1.00 79204000 0.00 1.98 79204000 
Berlin52 80 0.00 0.00 158408000 0.00 0.52 158408000 
Ch130 1 6.94 8.95 1980100 103.81 126.87 1980100 
Ch130 5 4.01 7.19 9900500 35.96 59.22 9900500 
Ch130 10 2.03 5.03 19801000 22.96 32.96 19801000 
Ch130 20 1.24 2.69 39602000 15.37 23.96 39602000 
Ch130 40 1.23 2.63 79204000 11.34 19.85 79204000 
Ch130 80 0.05 1.01 158408000 9.07 16.18 158408000 
Kroa200 1 11.01 14.39 1980100 188.37 222.88 1980100 
Kroa200 5 6.79 8.16 9900500 199.64 236.57 9900500 
Kroa200 10 4.53 7.44 19801000 30.77 63.82 19801000 
Kroa200 20 3.37 5.2 39602000 26.56 43.25 39602000 
Kroa200 40 1.86 3.52 79204000 23.63 38.1 79204000 
Kroa200 80 0.34 1.64 158408000 20.94 30.78 158408000 

 
Table 37: Result of experiment Island GA with MPX 

 
 

2.1.4 Experiment of Tabu Search 
 

This section particularly describes the results of experiment that employing 
parameter setting which is described at 1.3.4 of chapter 3. The parameter 
setting will explore different sample sizes and tabu tenures. Thus the objectives 
are to observe how sample size and tabu tenur affect the results. The following 
tables list the result from this experiment. 

 
 

 Sample Size 100 Sample Size 150 
Problem  Tenur Best Average Evaluated  

moves  
Best Average Evaluated 

moves 
Berlin52 1 0.00 0.79 1000000 0.00 1.97 1500000 
Berlin52 10 0.3 0.72 1000000 0.00 0.09 1500000 
Berlin52 50 8.25 14.82 8020 6.99 12.98 12135 
Berlin52 100 1.55 11.31 8580 4.64 11.01 12570 
Berlin52 200 7.04 14.31 8140 5.1 10.3 12495 
Ch130 1 3.06 4.2 1000000 0.95 2.29 1500000 
Ch130 10 7.9 9.37 1000000 2.67 4.2 

 

1500000 
Ch130 50 19.49 27.94 80770 9.52 16.08 464685 
Ch130 100 19.77 29.53 26660 15.95 22.36 38565 
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Ch130 200 20.8 31.33 22400 15.83 21.07 37545 
Kroa200 1 7.18 9.44 1000000 3.73 5.99 1500000 
Kroa200 10 13.23 16.19 1000000 6.37 8.83 1500000 
Kroa200 50 26.21 30.67 1000000 14.9 19.03 1500000 
Kroa200 100 32.27 44.52 47620 25.64 32.74 69045 
Kroa200 200 34.99 45.32 43380 24.94 31.69 66585 

 
Table 38: Result of experiment tabu search with sample size 100 & 150 

 
 

 Sample Size 250 Sample Size 350 
Problem  Tenur Best Average Evaluated moves Best Average Evaluated moves 
Berlin52 1 0.00 3.09 2500000 0.00 3.45 3500000 
Berlin52 10 0.00 0.00 2500000 0.00 0.00 3500000 
Berlin52 50 0.00 6.95 20275 3.34 7.1 27230 
Berlin52 100 3.46 8.27 20075 4.12 8.66 26355 
Berlin52 200 5.67 10.54 19000 1.8 7.04 26740 
Ch130 1 1.36 2.13 2500000 0.6 2.89 3500000 
Ch130 10 1.39 2.41 2500000 0.64 2.15 3500000 
Ch130 50 5.61 7.16 2319325 2.79 5.78 3500000 
Ch130 100 10.51 15.16 66325 6.33 10.39 91000 
Ch130 200 8.8 13.78 62050 5.68 12.35 84630 
Kroa200 1 2.15 3.36 2500000 2.23 4.01 3500000 
Kroa200 10 3.46 5.06 2500000 2.29 3.15 3500000 
Kroa200 50 8.51 9.91 2500000 4.43 5.99 3500000 
Kroa200 100 11.89 19.16 118400 9.26 14.91 156695 
Kroa200 200 14.23 19.07 111125 12.14 18.29 145075 

 
Table 39: Result of experiment tabu search with sample size 250 & 350 

 
 

Based on two tables above, for berlin52, generally the best known solution 
can be reached by most of tabu tenur equal to 1 and 10. There is a minor case 
in sample size 250, with 50 tabu tenur, the best known solution can be reached 
also, while in sample size 100 with tenur 10, the best quality is close to but does 
not reach. Both of sample size 250 and 350 with tenur 10 are reaching the best 
known solution including have the average of best qualities 0.00%. But if 
considering the number of evaluated solutions, then sample size 250 is better.  
 

For ch130, there are several results that close to the best known solution. If 
consider all factors such as the best quality, the average and the number of 
evaluated solution, sample size 150 with tenur 1 seems offering good quality in 
fewer number of evaluated solution. Even the best quality is 0.35 higher than in 
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sample size 350 with tenur 1, and the average is 0.14 higher than in tenur 2 also 
in sample size 350, but the number of evaluated solution is two million smaller 
than those two. 

 
For kroA200, there are several results that close to the best known solution, 

particularly in sample size 150 to 350. The best of them is in sample size 250 
with tenur 1 which has 2.15% as the best quality, 3.36% as the average. 
Generally speaking, with tabu search two solve the involved TSP instances, and 
considered all sample sizes that involved, the trend is the more tenure in we 
set, the worse quality we get. Tenure 1 and 10 are working pretty good for all 
involved TSP instances. 
 
 
2.1.5 Experiment of Simulated Annealing 
 
This section particularly describes the results from experiments of simulated 
annealing solving three TSP instances. The detail of parameter setting is 
described at sub-chapter 1.3.5 of chapter 3. There are three parameters that 
being the targets to explore. They are the simulated annealing operator, start 
temperature, and inner iteration. Three of them are combined each other and 
the relationship will be explored with respect to the best result that can be 
reached. The experiments are done based on four different simulated annealing 
operators. For each of them, two different values of start temperature and 
inner iteration are employed to solve each TSP instance. The next following four 
tables list all the results. For berlin52, it can be considered that all SA operators 
work well. By looking at the results of berlin52, many of them reaching the best 
known solution and have low average of best qualities particularly with star 
temperature 300 and 100 inner iteration. The best set is with square root 
discrete operator and 300 as the start temperature, where the average of the 
best qualities is 0.00%. The number of the evaluated moves for all results is the 
same. 
 
 

 Start Temperature 10 Start Temperature 300 
Problem  Inner 

Iteration 
Best Average Evaluated  

moves 
Best Average Evaluated  

moves 

Berlin52 10 3.98 9.77 200000 0.00 4.68 200000 
Berlin52 100 0.00 8.55 200000 0.00 0.54 200000 
Ch130 10 4.86 9.6 200000 3.69 8.63 200000 
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Ch130 100 3.76 6.33 200000 0.8 3.12 200000 
Kroa200 10 8.19 11.66 200000 7 10.71 200000 
Kroa200 100 8.54 10.47 200000 3.79 4.91 200000 

 
Table 40: Result of SA with exponential discrete 

 
 

 Start Temperature 10 Start Temperature 300 
Problem  Inner 

Iteration 
Best Average Evaluated  

moves 
Best Average Evaluated  

moves 

Berlin52 10 0.18 8.26 200000 0.00 3.46 200000 
Berlin52 100 2.52 4.88 200000 0.00 0.23 200000 
Ch130 10 3.32 5.81 200000 12.85 16.17 200000 
Ch130 100 0.92 2.09 200000 1.89 3.53 200000 
Kroa200 10 7.89 11.85 200000 9.99 12.77 200000 
Kroa200 100 6.07 9.31 200000 2.18 4.17 200000 

 
Table 41: Result of SA with linear discrete 

 
 

 Start Temperature 10 Start Temperature 300 
Problem  Inner 

Iteration 
Best Average Evaluated  

moves 
Best Average Evaluated 

 Moves 

Berlin52 10 5.42 8.16 200000 0.00 3.56 200000 
Berlin52 100 0.00 3.9 200000 0.00 0.67 200000 
Ch130 10 1.59 4.66 200000 18.02 25.95 200000 
Ch130 100 0.31 1.5 200000 2.93 5.04 200000 
Kroa200 10 7.32 10.65 200000 15.16 18.98 200000 
Kroa200 100 3.67 7.36 200000 1.74 3.94 200000 

 
Table 42: Result of SA with quadratic discrete 

 
 

 Start Temperature 10 Start Temperature 300 
Problem  Inner 

Iteration 
Best Average Evaluated  

moves 
Best Average Evaluated  

moves 

Berlin52 10 4.41 9.5 200000 0.00 0.59 200000 
Berlin52 100 2.89 6.61 200000 0.00 0.00 200000 
Ch130 10 7.32 10.65 200000 15.16 18.98 200000 
Ch130 100 3.68 7.36 200000 1.74 3.94 200000 
Kroa200 10 7.75 11.09 200000 6.34 8.87 200000 
Kroa200 100 8.18 10 200000 1.14 2.45 200000 

 
Table 43: Result of SA with square root discrete 
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For ch130, some results are close to the best known solution such as 0.92, 
1.74, 1.59, 0.8, while most of the rest are still in the good range of quality. The 
best set comes from quadratic discrete operator involving start temperature 10 
with 100 inner iterations, which has 0.31% as the best quality and 1.5 for the 
average of the best qualities. For kroA200, there are also several results that 
close to the best known solution, particularly with start temperature 300 and 
100 inner iterations. The best set is from square root discrete operator with 300 
as the start temperature and 100 inner iterations.  
 

Generally, the trend is for all simulated annealing operators and different start 
temperature values, by employing 100 inner iterations tends to better results. 
And SA can be considered that it works well in berlin52 where almost all of the 
parameter sets reaching the best known solution. Another good point is the 
number of evaluated moves that needed to solve the problem instances, 
relatively few numbers. 
 
 

2.1.6 Experiment of Local Search 
 

This section particularly describes the result of local search solving the 
involved three instances of TSP.  In this experiment, there are two instances of 
parameter move-generator are involved. And also two different values of 
sample size are employed. The following table lists the results. 

 
 

        Stochastic-Inversion Multi Move  Exhaustive Inversion  

 Problem  Sample 
Size 

Best Average Evaluated  
moves 

Best Average Evaluated 
 moves 

Berlin52 100 4.55 10.33 1000000 1.84 7.54 13230000 
Berlin52 400 3.37 8.23 4000000 3.22 6.62 92610000 
Ch130 100 7.64 10.1 7000000 4.88 8.85 83820000 
Ch130 400 5.38 9.8 28000000 4.35 6.8 586740000 
Kroa200 100 8.68 12.24 7000000 5.36 7.35 198970000 
Kroa200 400 7.09 9.84 28000000 4.5 7.99 1392790000 

 
Table 44: Result of local search solving TSP instances 

 
 



 

112 
 

Based on the table above, we can see that for berlin52, the best quality has 
come from exhaustive inversion with 100 sample size. The best quality that 
reached is quite close to the best know solution, which is 1.84%. For ch130, the 
best set is again coming from exhaustive inversion but with 400 sample size. It is 
4.35%, still quite close to the best known solution. And the last one is for 
kroA200. The best quality has come from exhaustive inversion with 400 sample 
size: 4.5% which is relatively close to the best known solution. Generally, local 
search works quite well for the involved TSP instances and particularly for 
exhaustive inversion as the move generator.  
 
 
2.1.7 Recapitulation of Experiment in TSP 
 

This chapter exposes the results of experiments from three instances of TSP by 
involved algorithms. The points that will be underlined are the best average of 
best qualities and the best quality that reached. The average of best qualities 
tells us nothing else but the general achievement of one parameter setting in 
solving the given benchmark problems. The average of best qualities is derived 
from 10 runs that employed for each parameter setting. This is aimed to reach 
an objective result. The best quality is to show the best achievement one 
parameter setting can reach. This is chosen as the best one from 10 runs of 
each parameter setting. 
 

The following figure represent in the form of charts, both of the best average 
of best qualities and the best quality that parameter settings can reach when 
solving three instances of TSP. The detail of parameter setting for each 
algorithm that has the best average can be found in detail at chapter 3 
particularly at sub-chapter 1.3.1 for GA, 1.3.2 for SASEGASA, 1.3.3 for Island GA, 
1.3.4 for TS, 1.3.5 for SA and 1.3.6 for local search. The mentioned parameters 
below are the parameters that not kept static. 

 
As we can see from the first three charts that represent the average of best 

qualities, in berlin52, all of involved algorithms have reached the best known 
solution as the average of 10 runs, except for GA and local search. For GA, the 
best set that reaches the best average has come from proportional selection 
and MPX. For SASEGASA, it has come from the first, third and fourth parameter 
setting of SASEGASA who particularly employed proportional selection, ERX and 
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“ALL” crossovers. For Island GA, it has come from MPX with mutation and 80 
villages. For TS, it has come from sample size 250 and 350 with tenur 10. For SA, 
it has come from start temperature 300, 100 inner iteration and square root 
discrete as the annealing operator. For local search, it has come from sample 
size 400 and exhaustive inversion as the move generator. In the part of ch130, 
SASEGASA is the one algorithm that has reached the best known solution as the 
best average. Particularly it has come from ERX, proportional selection and with 
mutation. For GA, it has come from proportional selection with OCX2 as the 
crossover. For Island GA, it has come from MPX with mutation. For TS, it has 
come from sample size 350 and tenur 10. For SA, it has come from start 
temperature 10, 100 inner iteration and quadratic discrete as the annealing 
operator. For local search, it has come from sample size 400 and exhaustive 
inversion as the move generator. In the part of kroA200, none of all involved 
algorithm can reach the best known solution as the average of 10 runs. The 
closest one is from SASEGASA with random selection and “ALL” as the 
crossover.  For GA, it has come from proportional selection and OCX2 crossover. 
For Island GA, it has come from MPX with mutation. For TS, it has come from 
sample size 350 and tenur 10. For SA, it has come from start temperature 300, 
100 inner iteration and square root discrete as the annealing operator. For local 
search, it has come from sample size 100 and exhaustive inversion as the move 
generator. 
 

 
 

Figure 34: Best average of berlin52 
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Figure 35: Best average of ch130 
 
 

 
 

Figure 36: Best average of kroA200 
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And from the next following three figures, we can get the charts of the best 
quality that reached by all involved algorithms. Based first figure 34 below, in 
berlin52, all algorithms can reach the best known solution except local search, 
which reaching relatively very close to best known solution. For GA, it has come 
from proportional selection with OCX2 or ERX or MPX and linear ranking 
selection with OCX2. For SASEGASA, it has come from proportional selection 
with OCX2 or ERX or MPX as described in the second parameter setting of 
SASEGASA. For Island GA, it has come from OCX2 with mutation and ERX or 
MPX with and without mutation in various particular village numbers. For TS, it 
has come from sample size 250 and 350 with tenur 10. For SA, it has come from 
several sets; the first one is with start temperature 10 or 200 with 100 and 10 
inner iterations respectively and with exponential discrete.  The second one is 
with start temperature 300, 10 or 100 inner iterations and linear discrete. The 
third one is with start temperature 10 or 300, 100 and 10 inner iteration 
respectively, and with quadratic. The fourth one is with start temperature 300, 
10 or 100 inner iterations and square root. For local search, it has come from 
sample size 400 and exhaustive inversion. 
 
 

 
 

Figure 37: Best quality of berlin52 
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Figure 38: Best quality of ch130 
 
 

Based on the figure 35 above, in the part of ch130, the best known solution 
has been reached by SASEGASA. It has come from ERX or “ALL” with or without 
mutation and MPX with mutation as described in the fourth parameter setting. 
For Island GA, it has come from MPX with mutation. For TS, it has come from 
sample size 350 with tenur 1. For SA, it has come from start temperature 10 
with 10 inner iterations. For local search, it has come from sample size 400 and 
exhaustive inversion as the move generator. 

 
In the part of kroA200, is again, SASEGASA is the one who can reach the best 

known solution. It has come from “ALL” with random selection as in the third 
parameter setting and “ALL” with or without mutation as in the fourth 
parameter setting. For GA, it has come from proportional selection and MPX. 
For Island GA, it has come from MPX with mutation. For TS, it has come from 
sample size 250 and tenur 1. For SA, it has come from start temperature 300, 
tenur 100 with square root discrete. And for local search, it has come from 
sample size 400 and exhaustive inversion as the move generator. The following 
figure represents the chart of best quality achieved in kroA200. 
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Figure 39: Best quality of kroA200 
 
 

2.2 Experiment Results of Single Test Function 
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This is aimed to observe the performance each involved algorithms. In the next 
following sections, the results from each algorithm will be described in detail. 
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particular parameters, that is, the fashion is employing many static parameters, 
thus there will be not much comparison about different parameter instances as 
has been done in TSP. The thing to be noticed is that the result that presented is 
not a relative difference to the best known solution, but the absolute difference 
to the global minimum = 0. The other thing is, the more dimensions are set, the 
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2.2.1 Experiment Results of GA 
 

This section describes the result of GA solving five instances of single test 
function. The detail of the employed parameter setting can be found at chapter 
3, sub-chapter 1.4.1. Each test function has been experimented with various 
dimensions, started from 2, 10, 30 and 50. This is nothing else but to observe 
the performance of the involved algorithms. Particularly in this section is GA. 
Based on the results that listed in the following table, for rosenbrock, the 
parameter setting that employed by GA can work well until dimension 10. This 
is can be seen that the best quality that reached is still below 1. While from 
dimension 30 to 50, the result from this parameter setting is considered not 
that good. For rastrigin, the parameter setting that has been employed is good. 
This is can be seen that from the results up to dimension 50 are still close to the 
global minimum.  
 
 

Problem  Dimension Best Average Evaluated solution 
Rosenbrock 2 2.98E-10 3.29E-08 9900100 
Rosenbrock 10 0.18 0.24 9900100 
Rosenbrock 30 25.98 26.35 9900100 
Rosenbrock 50 46.2 46.91 9900100 
Rastrigin 2 7.48E-13 1.15E-10 9900100 
Rastrigin 10 1.57E-07 3.89E-07 9900100 
Rastrigin 30 1.45E-05 2.45E-05 9900100 
Rastrigin 50 9.21E-05 0.00017 9900100 
Schwefel 2 2.57E-12 4.43E-11 9900100 
Schwefel 10 1.97E-06 6.68E-06 9900100 
Schwefel 30 0.00015 0.00039 9900100 
Schwefel 50 0.0013 0.0021 9900100 
Griewank 2 2.97E-08 2.43E-07 9900100 
Griewank 10 0.03 0.07 9900100 
Griewank 30 0.01 0.03 9900100 
Griewank 50 0.05 0.07 9900100 
Ackley 2 4.35E-07 1.88E-06 9900100 
Ackley 10 0.00036 0.00046 9900100 
Ackley 30 0.0016 0.0026 9900100 
Ackley 50 0.0015 0.002 9900100 

 
Table 45: Result of GA solving test functions 
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2.2.2 Experiment Results of SASEGASA 
 

This section describes the result of SASEGASA in solving five different 
instances of test function. The parameter settings that have been employed are 
two kinds. The details of them can be found at chapter 3, sub-chapter 1.4.2. The 
first one has been set especially for rosenbrock, while the second one is set for 
the rest test functions. The following table shows the results. 

 
Problem  Demension Best Average Evaluated solution 
Rosenbrock 2 0 0 79160 
Rosenbrock 10 0 2.9E-28 518400 
Rosenbrock 30 1.049E-26 1.79E-25 5789680 
Rosenbrock 50 1.6E-25 1.003E-22 13343220 
Rastrigin 2 0 0 404400 
Rastrigin 10 0 0 938450 
Rastrigin 30 0 0 2775530 
Rastrigin 50 0 0 5019620 
Schwefel 2 0 0 16926560 
Schwefel 10 0 0 54234320 
Schwefel 30 - - - 
Schwefel 50 0 0 212699900 
Griewank 2 0 0 434870 
Griewank 10 0 0 1291490 
Griewank 30 0 0 3456960 
Griewank 50 0 0 6648050 
Ackley 2 0 0 409670 
Ackley 10 0 0 1199640 
Ackley 30 3.55E-15 3.55E-15 3929090 
Ackley 50 7.10E-15 7.10E-15 8183960 

 
Table 46: Result of SASEGASA solving test functions 

 
 

Based on table above, we can say that SASEGASA performs very well and thus 
the employed parameter settings in SASEGASA have worked very well also. This 
is can be seen from for each test function, the global minimum is reached, 
particularly dimension 2 to 10 for rosenbrock, all dimensions for rastrigin, 
schwefel and griewank, dimension 2 to 10 for ackley. The rest are still close to 
the global minimum, for example 1.05 E-26 for 50-dimensional rosenbrock test 
function or 7.1 E-15 for 50-dimensional Ackley test function. The averages of 
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the best qualities for all test functions that have been reached are also 
relatively close to the global minimum.  
 
 
2.2.3 Experiment Results of Island GA 
 
This section generally describes the results of Island GA’s experiment in solving 
five instances of test function. There is only one parameter setting has been 
employed for all instances, thus there will be now such comparison between 
parameters or parameter instances. The detail of the parameter can be seen at 
sub-chapter 1.4.3 of chapter 3.  
 

Problem  Demension Best Average Evaluated solution  
Rosenbrock 2 3.02E-10 1.53E-08 9901000 
Rosenbrock 10 0.19 0.37 9901000 
Rosenbrock 30 26.67 26.98 9901000 
Rosenbrock 50 47.19 47.44 9901000 
Rastrigin 2 2.82E-13 1.66E-11 9901000 
Rastrigin 10 3.06E-07 5.28E-07 9901000 
Rastrigin 30 3.79E-05 5.59E-05 9901000 
Rastrigin 50 0.00038 0.00049 9901000 
Schwefel 2 3.98E-12 8.77E-11 9901000 
Schwefel 10 5.38E-07 6.02E-06 9901000 
Schwefel 30 0.0005 0.0008 9901000 
Schwefel 50 0.0052 0.0081 9901000 
Griewank 2 4.62E-08 1.51E-07 9901000 
Griewank 10 0.04 0.06 9901000 
Griewank 30 0.02 0.03 9901000 
Griewank 50 0.08 0.13 9901000 
Ackley 2 3.96E-07 1.66E-06 9901000 
Ackley 10 0.0002 0.0004 9901000 
Ackley 30 0.0029 0.0037 9901000 
Ackley 50 0.0061 0.0081 9901000 

 
Table 47: Result of Island GA solving test functions 

 
 

For rosenbrock, particularly at dimension 2 and 10, the results are below 1 and 
relatively good if compared to dimension 30 and 50. At dimension 2, it can 
reach 3.02 E-10 as the best quality. For rastrigin, the results are better than in 
rosenbrock. It can be seen from all results up to dimension 50, they are below 1, 
particularly from 2 to 10 which are close to the global minimum. Similarly to 
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results of rastrigin, in schwefel, all results have turned out below 1, and 
particularly for dimension 2 and 10. For griewank, all results are also below 1, 
particularly for dimension 2 which the closest one to the global minimum. For 
ackley, it is similar to griewank, where all results are below 1, and particularly 
for dimension 2. The trend that happens in the experiment of Island GA 
confirms the aforemetioned point about the more dimensions being set, the 
more difficult to solve. 
 
 
2.2.4 Experiment Results of Tabu Search 
 

This section describes the results of experiment of tabu search solving five 
instances of test functions. The detail of employed parameter setting can be 
found at chapter 3, sub-chapter 1.4.4. Generally, there are two different tabu 
tenur values that have been employed, as described in the following table. The 
results based on the employed parameter setting shows that TS has worked 
quite well for all test functions except schwefel and griewank. For rosenbrock, 
most of the results up to dimension 50 are relatively good. It can be seen that 
they are still far below 1, which means closer to the global minimum. This is 
similarly with rastrigin and ackley which the trend of them tending to the same. 
Thus, generally speaking, tabu search, particularly with the employed 
parameter setting work pretty well on rosenbrock, rastrigin and Ackley. Both of 
tenur 50 and 200 have given slightly the same results. 

 
 

 Tabu Tenur 50 Tabu Tenur 200 
Problem  Dimension Best Average Evaluated 

solution 
Best Average Evaluated 

solution 
Rosenbrock 2 9.64 E-09 3.08E-07 15000000 1.74E-08 1.47E-07 15000000 
Rosenbrock 10 2.07 E-08 1.61E-07 15000000 0.0001 1.19 15000000 
Rosenbrock 30 0.0033 0.4 15000000 0.0021 0.0029 15000000 
Rosenbrock 50 3.48E-08 2.23E-07 15000000 0.0055 1.36 15000000 
Rastrigin 2 1.38E-09 3.61E-08 7500000 7.49E-10 1.35E-07 7500000 
Rastrigin 10 3.01E-05 5.92E-05 7500000 7.82E-05 0.0001 7500000 
Rastrigin 30 0.0004 0.0005 7500000 0.0005 0.0007 7500000 
Rastrigin 50 0.0009 0.0012 7500000 0.0013 0.0015 7500000 
Schwefel 2 236.88 428.39 7500000 1.11E-10 483.93 7500000 
Schwefel 10 1263.37 1949.62 7500000 1223.89 1821.29 7500000 
Schwefel 30 4956.95 5758.31 7500000 4879.04 5751.39 7500000 
Schwefel 50 9211.79 10377.86 7500000 7938.86 9306.36 7500000 
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Griewank 2 11.15 60.24 7500000 5.55 57.03 7500000 
Griewank 10 57.51 70.75 7500000 29.73 58.26 7500000 
Griewank 30 2.03E-07 3.16 7500000 2.84E-07 0.63 7500000 
Griewank 50 82.59 191.8 7500000 126.95 238.15 7500000 
Ackley 2 3.522E-06 3.29E-05 7500000 2.42E-05 8.51E-05 7500000 
Ackley 10 0.0005 0.0007 7500000 0.0008 0.0009 7500000 
Ackley 30 0.0011 0.0012 7500000 0.001 0.0014 7500000 
Ackley 50 0.0014 0.0015 7500000 0.0012 0.0016 7500000 

 
Table 48: Result of tabu search solving test functions 

 
A bit surprisingly comes from 30-dimensional griewank where the best quality 

and the average are significantly different compared to the smaller and bigger 
dimension: 10 and 50 respectively. This happens in both tenur 50 and 200. And 
also from 2-dimensional schwefel with tenur 200, where the best quality is 
extremely closer to global optimum if compared to the average of the same 
employed parameter setting. 
 
 

2.2.5 Experiment Results of Simulated Annealing 
 

This chapter particularly describes the results of experiments SA solving five 
instances of test function. The detail of employed parameter setting can be 
found at sub-chapter 1.4.5 of chapter 3. Generally, there are four different 
annealing operators that employed to solve scaled-up n-dimensional test 
functions. The following table lists the results. 
 

Problem  Dimension Best Average Evaluated moves 

Rosenbrock 2 6.94E-09 3.19E-05 2500000 
Rosenbrock 10 0.0001 1.19 2500000 
Rosenbrock 30 2.56E-05 1.22 2500000 
Rosenbrock 50 0.0031 11.43 2500000 
Rastrigin 2 2.35E-09 1.05E-08 2500000 
Rastrigin 10 1.72E-06 3.53E-06 2500000 
Rastrigin 30 2.24E-06 4.36E-06 2500000 
Rastrigin 50 2.72E-05 5.73E-05 2500000 
Schwefel 2 118.44 388.11 2500000 
Schwefel 10 1358.28 1893.06 2500000 
Schwefel 30 1658.19 2308.09 2500000 
Schwefel 50 9122.09 9908.29 2500000 
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Griewank 2 0.0019 0.31 2500000 
Griewank 10 0.07 0.28 2500000 
Griewank 30 5.74E-06 0.02 2500000 
Griewank 50 1.29E-05 0.01 2500000 
Ackley 2 3.45E-06 7.34E-06 2500000 
Ackley 10 - - 2500000 
Ackley 30 0.0001 0.0001 2500000 
Ackley 50 0.0002 0.0003 2500000 

 
Table 49: Result of simulated annealing solving test functions 

 
 
2.2.6 Experiment Results of Local Search 
 

In this chapter, the results of experiments local search solving test function 
will be described. The detail of employed parameter setting can be found at 
chapter 3, sub-chapter 1.4.6.  Particularly, for rosenbrock, all of the results are 
below 1, this is an indicator that the employed parameter setting has worked 
well. For rastrigin, the best quality for dimension 2, it has reached the global 
optimum. And for the other dimensions, the results are relatively good, e.g. the 
best quality for 50-dimensional rastrigin is 3.53E-10. For schwefel, the results 
are not that good compared to the other instances. This could be caused by the 
difficulty of the function, or the employed parameter setting, or may be the 
algorithm which not that appropriate. For griewank, again, as happened in the 
experiment of SA solving test functions, for 30 and 50-dimensional and 
griewank, the results are significantly lower than dimension 2 and 10. This could 
be caused by many reasons as conveyed in the previous section. For ackley, the 
results are relatively good. The local search with the employed parameter 
setting can perform quite well as all of the results are below 1, and quite close 
to global optimum.  
 

Problem  Dimension Best Average Evaluated moves  

Rosenbrock 2 7.38E-06 1.66E-05 37500000 
Rosenbrock 10 0.0007 0.39 37500000 
Rosenbrock 30 0.0047 1.2 37500000 
Rosenbrock 50 0.0098 1.21 37500000 
Rastrigin 2 0 3.02E-13 37500000 
Rastrigin 10 6.89E-12 3.96E-11 37500000 
Rastrigin 30 5.78E-10 9.76E-10 37500000 
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Rastrigin 50 3.52E-09 4.46E-09 37500000 
Schwefel 2 217.14 460.27 37500000 
Schwefel 10 1342.35 1977.17 37500000 
Schwefel 30 4867.18 5750.93 37500000 
Schwefel 50 7624.31 9231.21 37500000 
Griewank 2 8.13 56.69 37500000 
Griewank 10 33.29 67.98 37500000 
Griewank 30 3.29E-13 0.0056 37500000 
Griewank 50 1.85E-12 0.0032 37500000 
Ackley 2 2.00E-08 9.44E-08 37500000 
Ackley 10 3.63E-07 6.15E-07 37500000 
Ackley 30 1.32E-06 1.85E-06 37500000 
Ackley 50 2.46E-06 2.97E-06 37500000 

 
Table 50: Result of local search solving test functions 

 
 

2.2.7 Recapitulation of Test Functions 
 

In this chapter, the results of experiments that solving five instances of test 
function will be recapitulated and analyzed. As described in the recapitulation 
of TSP, here is the same, the best average and best quality that achieved will be 
noted. The results are various, and show the existence of no-free-lunch 
theorem. The average here is the average of the best qualities among 10 runs of 
each parameter setting. And the best quality is one best result among all of the 
results from different parameter settings in the same problem instance. The 
detail of employed parameter settings of involved algorithms can be found at 
sub-chapter 1.4 of chapter 3.  

 
In the next table, the recapitulation of the best average that reached by 

involved algorithms is presented. Surprisingly, both of the best average and the 
best quality for all test functions and dimensions that have been achieved come 
from SASEGASA. This tells us that SASEGASA performs very well in this case. For 
the average, particularly for rastrigin, schwefel, and griewank, the best average 
is 0. This means, from 10 runs, all of them are 0.  
 

Best Average GA SASEGASA Island GA TS SA local search 
rosenbrock 2 3.29E-08 0 1.53E-08 1.74E-08 3.19E-05 1.66E-05 
rosenbrock 10 0.24 2.90E-28 0.37 0.0001 1.19 0.39 
rosenbrock 30 26.35 1.79E-25 26.98 0.0021 1.22 1.2 
rosenbrock 50 46.91 1.00E-19 47.44 0.0055 11.43 1.21 
rastrigin 2 1.15E-10 0 1.66E-11 7.50E-06 1.05E-08 3.02E-13 
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rastrigin 10 3.89E-07 0 5.28E-07 7.82E-05 3.53E-06 3.96E-11 
rastrigin 30 2.45E-05 0 5.59E-05 0.0005 4.36E-06 9.76E-10 
rastrigin 50 0.00017 0 0.00049 0.0013 5.73E-05 4.46E-09 
schwefel 2 4.43E-11 0 8.77E-11 1.11E-10 388.11 460.27 
schwefel 10 6.68E-06 0 6.02E-06 1223.89 1893.06 1977.17 
schwefel 30 0.00039  0.0008 4879.04 2308.09 5750.93 
schwefel 50 0.0021 0 0.0081 7938.86 9908.29 9231.21 
griewank 2 2.43E-07 0 1.51E-07 5.55 0.31 56.69 
griewank 10 0.07 0 0.06 29.73 0.28 67.98 
griewank 30 0.03 0 0.03 2.84E-07 0.02 0.0056 
griewank 50 0.07 0 0.13 126.95 0.01 0.0032 
ackley 2 1.88E-06 0 1.66E-06 2.42E-05 7.34E-06 9.44E-08 
ackley 10 0.00046 0 0.0004 0.0008 - 6.15E-07 
ackley 30 0.0026 3.55E-15 0.0037 0.001 0.0001 1.85E-06 
ackley 50 0.002 7.10E-15 0.0081 0.0012 0.0003 2.97E-06 

 
Table 51: Recapitulation of the best averages in solving test functions 

 
However, it is good also to observe the results from other algorithms even the 

best one already in hand. For example, in rastrigin, schwefel, griewank and 
ackley, GA has given relatively good result. It can be seen from all results are 
below 0. There are several trends that show us the existence of no-free-lunch-
theorem. This is a situation wherein one problem instance performs better than 
another one, while in another problem instance that algorithm outperforms 
one who outperforms it in another problem instance. This happens also in the 
same problem instance but different dimension. The following figures describe 
them.  
 

 
 

Figure 40: Recapitulation of best average on rosenbrock 2 
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Figure 41: Recapitulation of best average on rosenbrock 10 
 

From two figures above, we can see the trend of no-free-lunch theorem in the 
same problem instance but different dimension. Figure 46 shows that the 
results from GA and Island GA outperform the result of local search. While 
figure 47 shows that in the higher dimension: 10-dimensional rosenbrock, the 
result of local search outperforms those three from GA, Island GA, and SA who 
outperform local search in 2-dimensional rosenbrock. And an interesting point 
is that, this is local search, a simple algorithm compared to aforementioned 
ones who have advanced method to tackle problems.  

 
 

 
 

Figure 42: Recapitulation of best average on ackley 50 
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Considering figure 46 and 48, we can see existence of no-free-lunch theorem 
between GA, Island GA and local search in the different test function instance. 
For rosenbrock 2, GA and Island GA outperforms local search while in Ackley 50, 
local search outperforms both of GA and Island GA. The following table lists the 
best quality that achieved by involved algorithms solving the test functions. As 
mentioned above, again, SASEGASA performs very well compared to the other 
algorithms. And one surprising thing is, in rastrigin, for dimension 2, local search 
has achieved the best quality = 0 as SASEGASA has, while the other algorithms 
have also good result but do not outperform SASEGASA and local search. And 
also on ackley for example, local search outperforms all algorithms except 
SASEGASA, at all dimensions. 

 
Generally speaking, SASEGASA with the employed parameter setting has 

performed very well in the involved test function instances. This is can be seen 
from the performance of it achieving almost the global minimum for the all 
average of qualities from all test function instances. Local search also has 
performed relatively well, in particular for rastrigin and Ackley when it 
outperforms all algorithms except SASEGASA, in all dimensions. GA and Island 
GA has performed relatively well on rastrigin as all of the results are quite far 
below 1. TS and SA have performed well also on rastrigin. 
 

The factors that caused these differences are can be some reasons. Firstly is 
the level of difficulty for each function which can be different for on algorithm 
to other algorithms. This is can be seen also from the existences of no-free-
lunch theorem as described before. The second is, the employed parameter 
setting that may be not that robust enough to solve five different instances of 
test function. This is can be seen from an algorithm has performed relatively 
well in a test function instance while relatively not well in other functions.  
 

Best  GA SASEGASA Island GA TS SA local search 
rosenbrock 2 2.98E-10 0 3.02E-10 1.47E-07 3.19E-05 7.38E-06 
rosenbrock 10 0.18 0 0.19 1.61E-07 1.19 0.0007 
rosenbrock 30 25.98 1.049E-26 26.67 0.0029 1.22 0.0047 
rosenbrock 50 46.2 1.6E-25 47.19 2.23E-07 11.43 0.0098 
rastrigin 2 7.48E-13 0 2.82E-13 3.61E-08 1.05E-08 0 
rastrigin 10 1.57E-07 0 3.06E-07 5.92E-05 3.53E-06 6.89E-12 
rastrigin 30 1.45E-05 0 3.79E-05 0.0005 4.36E-06 5.78E-10 
rastrigin 50 9.21E-05 0 0.0004 0.0012 5.73E-05 3.52E-09 
schwefel 2 2.57E-12 0 3.98E-12 4.28E+02 388.11 217.14 
schwefel 10 1.97E-06 0 5.38E-07 1821.29 1893.06 1342.35 
schwefel 30 0.00015 - 0.0005 5751.39 2308.09 4867.18 
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schwefel 50 0.0013 0 0.0052 9306.36 9908.29 7624.31 
griewank 2 2.97E-08 0 4.62E-08 57.03 0.31 8.13 
griewank 10 0.03 0 0.04 58.26 0.28 33.29 
griewank 30 0.01 0 0.02 6.30E-01 0.02 3.29E-13 
griewank 50 0.05 0 0.08 191.8 0.01 1.85E-12 
ackley 2 4.35E-07 0 3.96E-07 3.29E-05 7.34E-06 2.00E-08 
ackley 10 0.00036 0 0.0002 0.0007 - 3.63E-07 
ackley 30 0.0016 3.55E-15 0.0029 0.0012 0.0001 1.32E-06 
ackley 50 0.0015 7.10E-15 0.0061 0.0015 0.0003 2.46E-06 

 
Table 52: Recapitulation of best qualities in solving test functions 

 
 
2.3 Experiment Results of VRP 
 

This section describes the results of experiments of the involved algorithms to 
solve VRP. The detail of the employed parameter settings can be seen at sub-
chapter 1.5 of chapter 3. Generally, the employed parameters settings are not 
that various as employed at TSP instances. VRP part is mainly aimed to get 
wider view in the later part: fitness landscape analysis and clustering. So this 
could be said as complementary in order to reach the main goal. Another 
reason is most of the employed parameter settings here are already performing 
relatively good work, thus one of the main goal which is to find the best 
algorithm including the parameter setting can be answered. Even though once 
again, the rule of no-free-lunch theorem is somehow happens under some 
circumstances. The following tables list the results. 
 
 
2.3.1 Experiment Results of GA 
 

This section lists the results of GA solving three instances of VRP. As we can 
see for problem A-n55-k9, for all employed selection operators, all of them 
have reached the best known solution. If we compare the average of the best 
qualities among them, then with proportional selection is the best one. For B-
n78-k10, the best known solution has been achieved by linear ranking selection 
but the best average has come from tournament selection. And for P-n101-k4, 
the best achieved quality of solution has come from proportional and linear 
ranking selection. But if the average is taken into account, then with linear 
raking is better. The detail can be seen in the following table. 
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 Proportional Linear Rank Tournament 

problem Best Average Eval. 
Solution 

Best Average Eval. 
Solution 

Best Average Eval. 
Solution 

A-n55-k9 0.00 0.37 990100 0.00 1.34 990100 0.00 0.92 990100 

B-n78-
k10 

0.31 1.78 990100 0.00 1.46 990100 4.74E-
05 

1.02 990100 

P-n101-
k4 

0.05 0.9 990100 0.05 0.58 990100 0.37 0.62 990100 

 
Table 53: Results of GA solving VRP 

 
 

2.3.2 Experiment Results of SASEGASA 
 

This section describes the results of SASEGASA solving three instances of VRP. 
For instance A-n55-k9, again, all of the employed selection operators have 
reached the best known solution. And with tournament selection, the average 
of the best qualities that reached is the best one: 0.04. For B-n78-k10, all 
employed selection operators also have reached the best known solution. But 
this time, with proportional, the average is the best one. However, they differ 
slightly as listed below. For P-n101-k4, with linear rank selection, the best 
known solution can be achieved. 

 
  Proportional Linear Rank Tournament 

problem  Best Average Eval. 
Solution 

Best Average Eval. 
Solution 

Best Average Eval. 
Solution 

A-n55-k9  0.00 0.12 9225960 0.00 0.11 371460 0.00 0.04 358600 

B-n78-
k10 

 0.00 0.48 14267600 0.00 0.59 412960 0.00 0.62 412980 

P-n101-
k4 

 - - - 0.00 0.17 440880 0.05 0.19 439270 

 
Table 54: Results of SASEGASA solving VRP 
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2.3.3 Experiment Results of Island GA 
 

This section describes the results of Island GA solving VRP by employing 
parameter setting that explained in chapter 3, sub-chapter 1.5.3. Here, there 
are three selection operators have been employed. For A-n55-k9, two selection 
operators have reached the best known solution: proportional and linear rank. 
If taking the average of best qualities into account, then with proportional 
selection is the best one. For B-n78-k10, with tournament selection, it has 
reached the best known solution and performs the best average: 0.75. For P-
n101-k4, with linear rank selection, the best known solution can be reached. 
The averages of best qualities are very similar each other.  But the lowest one is 
from tournament selection. 

 
  Proportional Linear Rank Tournament 

problem  Best Average Eval. 

Solution 

Best Average Eval. 

Solution 

Best Average Eval. 

Solution 

A-n55-k9  0.00 0.7 2475500 0.00 1.06 2475500 0.05 1.05 2475500 

B-n78-k10  0.17 0.97 2475500 0.17 1.02 2475500 0.00 0.75 2475500 

P-n101-k4  0.05 0.43 2475500 0.00 0.46 2475500 0.05 0.4 2475500 

 
Table 55: Results of Island GA solving VRP 

 
 
2.3.4 Experiment Results of Tabu Search 
 

This section particularly describes the results of tabu search solving three 
instances of VRP. Here, only one parameter setting which belongs to the first 
mainstream of experiment has been employed. As we can see from table 48 
below, for A-n55-k9, the employed parameter setting has reached 2.24, which 
is relatively close to the best known solution, even the average of the qualities 
is not as good as the best one achieved. For B-n78-k10, it is very good where 
the average of the best qualities is equal to the best known solution. Such as 
this result represents a very appropriate-parameter setting for a given problem. 
For P-n101-k4, the best quality that achieved is relatively not that close to the 
best known solution. This is an indicator that the employed parameter setting is 
not that appropriate as it works on B-n78-k10. 
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problem Best Average Eval. Solution 
A-n55-k9 0.24 1.36 4787227.64 
B-n78-k10 0 0 7727181 
P-n101-k4 3.51 3.87 4313536.36 

 
Table 56: Results of tabu search solving VRP 

 
 
2.3.5 Experiment Results of Simulated Annealing 
 

This section describes the results of experiment SA solving three instances of 
VRP. Here, the experiment belongs to the second mainstream where more than 
one instance of any parameter being employed. Particularly in this experiment, 
there are two start temperatures and four annealing operators that have been 
employed. The following tables list the results form viewpoint of annealing 
operators. For A-n55-k9, the best quality and best average have come from 
linear discrete operator and start temperature 10. Most of the results of A-n55-
k9 are relatively good except one that has come from quadratic discrete. For B-
n78-k10, the best quality and best average have come from square root discrete 
with start temperature 10. For P-n101-k4, the best quality that achieved is from 
quadratic discrete with start temperature 10, which the best average as come 
from square root discrete with temperature 10 also. 

 
 

 Start Temperature 10 Start Temperature 100 

Problem  Best Average Evaluated moves Best Average Evaluated moves 

A-n55-k9 0.31 2.68 4000000 2.98 5.81 4000000 

B-n78-k10 3.34 4.39 4000000 6.59 8.53 4000000 

P-n101-k4 5.87 12.29 4000000 15.99 29.32 4000000 

 
Table 57: SA with linear discrete solving VRP 
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 Start Temperature 10 Start Temperature 100 

Problem  Best Average Evaluated moves Best Average Evaluated moves 

A-n55-k9 5.19 6.85 4000000 1.69 6.02 4000000 

B-n78-k10 3.68 4.82 4000000 5.13 7.11 4000000 

P-n101-k4 7.72 10.62 4000000 9.92 13.79 4000000 

 
Table 58: SA with exponential discrete solving VRP 

 
 

 Start Temperature 10 Start Temperature 100 

Problem  Best Average Evaluated moves Best Average Evaluated moves 

A-n55-k9 1.6 2.99 4000000 7.52 10.06 4000000 

B-n78-k10 4.27 5.85 4000000 7.52 9.74 4000000 

P-n101-k4 5.32 11.23 4000000 13.49 19.06 4000000 

 
Table 59: SA with quadratic discrete solving VRP 

 
 
 

 Start Temperature 10 Start Temperature 100 

Problem  Best Average Evaluated moves Best Average Evaluated moves 

A-n55-k9 1.22 3.23 4000000 1.25 4.13 4000000 

B-n78-k10 2.69 3.83 4000000 4.49 6.88 4000000 

P-n101-k4 5.33 9.54 4000000 9.01 16.59 4000000 

 
Table 60: SA with square root discrete solving VRP 

 
 

2.3.6 Experiment Results of Local Search 
 

This section particularly describes the result of experiment local search solving 
three instances of VRP. This experiment belongs to the first mainstream. There 
only one parameter setting has been employed. As we can see, based on the 
following table, for 
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problem Best Average Eval. Solution 

A-n55-k9 2.07 5.39 2000000 

B-n78-k10 4.33 6.69 2000000 

P-n101-k4 19.25 30.83 2000000 

 
Table 61: Results of local search solving VRP 

 
 

2.3.7 Recapitulation of VRP 
 

This chapter delivers the recapitulation of experiments of the involved 
algorithms solving VRP instances. The things that are being underlined are the 
best average and the best quality of solution that achieved. Both of them show 
the hardness of finding the best algorithm. The following figures represent the 
best average and quality of solution achieved for each problem instances. We 
can see one general trend that is applied in the all results that shown from the 
figures; all family of evolutionary algorithms have performed very good 
compared to the others in all instances. Minor case and surprisingly has 
occurred for tabu search in B-n78-k10 that the only one who has achieved the 
best known solution. The concept of unified tabu search [25] has been 
employed here.  Another trend is that local search with the employed 
parameter setting has performed not that good for all instances. And there is 
one interesting point; there are two algorithms that have achieved the best 
known solution for all instances consistently: SASEGASA and Island GA. The 
existence of no-free-lunch theorem has also occurred between some 
algorithms. The detail will be described in the following paragraph. 
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Figure 43: Best average of VRP A-n55-k9 
 
 

 
 

Figure 44: Best quality of solution of VRP A-n55-k9 
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Figure 45: Best average of VRP B-n78-k10 
 
 

 
 

Figure 46: Best quality of solution of VRP B-n78-k10 
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Figure 47: Best average of VRP P-n101-k4 
 
 

 
 

Figure 48: Best quality of solution of VRP P-n101-k4 
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The existence of no-free-lunch theorem can be seen from comparing figure 43 
and 45. We can see that in figure 43, GA, SASEGASA and Island GA have 
outperformed tabu search in solving A-n55-k9, while in B-n78-k10, tabu search 
has outperformed all GA, SASEGASA and Island GA and achieved the best 
known solution on average of 10 runs.  
 
 

3 Implementation of Clustering 
 

This chapter particularly exposes the result of the clustering part. As described 
before, the main purpose of this clustering part is to find the characteristic 
cluster of benchmark problems that being tested in this research. They are 
several instances from TSP, objective test function and VRP that have been 
involved in this part. In order to get more perspective of those aforementioned 
benchmark problems in this clustering part, for each of them, will be 
represented by sufficiently considered number of instances. For test functions, 
they are considered enough with five instances and particularly in clustering 
part, each of them has been involved with dimension 2 and 30 which aimed to 
represent small and bigger dimension. For TSP, two more additional instances 
have been involved: lin318 and fl417 which have bigger number of cities than 
the involved instances in the experiment part. For VRP, for each class of 
problem that involved, which are A, B and P, each of them has been added two 
more additional instances. So in the total there are 24 instances that have been 
clustered: 5 instances of TSP, 10 instances of test function and 9 instances of 
VRP. The fitness landscape analysis has been experimented to all of 24 
instances. There are two trajectories that have been employed: random walk 
and up-down walk. For these two trajectories, there are 24 features that 
derived. With 24 cases and 24 features for each of these cases, it is relatively 
very small set. Thus, the preprocessing data is necessarily needed to start the 
part of clustering.  
 

In the technical side, there are several steps that implemented in the part of 
clustering as described in chapter 3, sub-chapter 3. The first step is, to 
preprocess the data that being clustered. Here, the concept of feature selection 
has been implemented in order to derive the most appropriate subset of 24 
features that derived. Generally speaking, the most expected features are those 
who represent most of the characteristic of the fitness landscape. Technical 
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detail of feature selection that has been employed will be described in the next 
following section. The second part, after the data has been preprocessed, the 
clustering has been done by utilizing those selected features. And then the 
results will be interpreted in the sense of finding the characteristic of 24 
instances of benchmark problems. 
 
 

3.1 Result of Fitness Landscape Analysis and Feature 
Selection 

 

As described before, there are 24 features in total that describe the fitness 
landscape for each of 24 problem instances. These feature come from two 
trajectories: random walk and up-down walk. The following tables list all 
feature-values from these two trajectories. In order to get the most appropriate 
subset of 24 features, the concept of feature selection is implemented. There 
are two steps that have been involved here: the first is to compute the degree 
of importance for each feature with respect to the particular problem instance. 
As we can see from the following table 62 and 63, there are two categorical 
features that are not necessarily to be involved in the selection: execution time 
in random and up-down walk. Thus, there are 22 continuous features that have 
been taken into account in the feature selection. The categorical-dependent 
feature that selected is the problem instance. So that, the selection is in the 
sense of finding the best feature subset from 22 continuous features that 
characterize particular problem instances. The second is to observe the 
interaction between features and compute the importance of pair of feature 
over all of 22 features. From aforementioned two steps, the subset of features 
has been selected to be further employed in the clustering part. The following 
tables and figure describe the measurement of feature selection. 
 
Problem-
Name  

Auto-
Correlation-1 

Correlati
on 

Length 

Density 
Basin 
Info. 

Time 
Info. 

Content 
Value 

Info. 
on 

Stability 

Partial 
Informati

on 
Content 

Reg. 
Value 

Berlin-52 0.93 77 0.63 0:34:52 0.39 4598 0.51 4637 
Ch130 0.97 432 0.63 31:22.3 0.39 2225 0.50 3037 
KroA-200 0.98 268 0.63 0:29:05 0.39 12497 0.50 13502 
Lin318 0.99 384 0.63 15:04.7 0.39 11822 0.50 12574 
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FL417 0.99 669 0.63 08:59.4 0.39 8576 0.50 11283 
2-Rosen. 0.40 7 0.58 22:22.6 0.40 3420.71 0.61 10000

 Rosen 0.96 104 0.63 01:20.6 0.39 5563.05 0.51 10000
 Rastrigin-2 0.50 7 0.60 0:11:52 0.40 40.34 0.58 10000
 Rastrigin-30 0.97 180 0.63 13:58.6 0.39 40.33 0.50 10000
 Griewank-2 0.50 7 0.59 13:52.3 0.40 91.62 0.58 10000
 Griewank-30 0.97 114 0.63 14:11.6 0.39 89.95 0.50 10000
 Schwefel-2 0.50 7 0.59 15:32.4 0.40 837.79 0.58 10000
 Schwefel-30 0.97 87 0.63 15:45.4 0.39 837.78 0.50 10000
 Ackley-2 0.32 6 0.59 12:45.0 0.40 20.9 0.59 10000
 Ackley-30 0.96 174 0.63 0:09:39 0.39 0.37 0.51 10000
 A-n32-k5 0.92 95 0.61 27:33.8 0.39 1450.67 0.50 67535 

A-55-k9 0.97 174 0.62 22:21.4 0.39 6441.48 0.50 81605 
A-n80-k10 0.97 312 0.61 16:21.4 0.39 349.49 0.49 80521 
B-n31-k5 0.91 74 0.61 23:46.2 0.39 962.23 0.51 69012 
B-n57-k7 0.98 313 0.57 17:11.4 0.38 5900.92 0.47 60429 
B-n78-k10 0.99 590 0.58 25:50.0 0.38 2461.89 0.48 67803 
P-n16-k8 0.83 48 0.61 30:16.9 0.39 2548.55 0.52 40164 
P-n55-k15 0.98 243 0.59 32:17.5 0.38 3293.97 0.48 68494 
P-n101-k4 0.97 284 0.64 22:28.0 0.38 142.78 0.49 78514 

 
Table 62: Features from random walk 

 
 
 

Problem-Name 

Autocorr
elation-1 

Correlati
on 

Length 

Density 
Basin Info. 

Down 
Walk 

Length 

Down 
Walk 

Length 
Variable 

Time Info. 
Content 

Info. 
Stability 

Berlin-52 0.982639
 

95 0.64329971
 

19.8711 33.49366

 

01:06:1

 

0.102460

 

5318 
Ch130 0.995599

 
60 0.63803311

 
37.04328

 

100.3655

 

01:30:2

 

0.064485

 

2686 
KroA-200 0.997718

 
87 0.63595623

 
52.28707

 

213.3734

 

02:06:1

 

0.049132

 

14078 
Lin318 0.998857

 
120 0.63471716

 
71.30703

 

394.8883

 

00:26:1

 

0.038637

 

15421 
FL417 0.994440

 
2138 0.61873090

 
2.424831

 

3.772976

 

01:24:1

 

0.385241

 

5933 
Rosenbrock-2 0.637410

 
14 0.66913254

 
4.081681

 

1.448153

 

01:15:0

 

0.284122

 

3426.068

 
Rosenbrok-30 0.993502

 
85 0.63810892

 
33.94931

 

72.89599

 
 

01:32:1

 

0.071704

 

5849.013

 
Rastrigin-2 0.354998

 
10 0.58771256

 
1.682695

 

0.857961

 

01:10:1

 

0.402805

 

35.36207

 
Rastrigin-30 0.994681

 
17 0.63927071

 
31.84654

 

55.66806

 

00:24:2

 

0.073045

 

40.35226

 
Griewank-2 0.711236

 
27 0.66879302

 
4.422810

 

1.727799

 

00:40:1

 

0.278022

 

91.85576

 
Griewank-30 0.994876

 
118 0.63833476

 
33.64424

 

66.08435

 

00:40:3

 

0.071952

 

89.98789

 
Schwefel-2 0.717615

 
27 0.66905164

 
4.319494

 

1.593788

 

00:31:3

 

0.278429

 

837.9617

 
Schwefel-30 0.994688

 
117 0.63926022

 
31.82326

 

53.92167

 

00:34:4

 

0.072905

 

837.8256

 
Ackley-2 0.617957

 
24 0.66781580

 
4.618743

 

2.317042

 

00:36:0

 

0.274589

 

20.97913

 
Ackley-30 0.985772

 
51 0.63897257

 
32.17812

 
70.54548

 

00:41:1

 

0.073852

 

3.725179

 
A-n32-k5 0.964852

 
2227 0.49909112

 
4.705467

 

16.88293

 

00:43:5

 

0.364376

 

131.4570

 
A-55-k9 0.975786

 
36 0.64239383

 
19.47762

 

59.18717

 

01:08:5

 

0.104480

 

6433.599

 
A-n80-k10 0.984190

 
20 0.63904893

 
25.52968

 

69.38384

 

00:49:4

 

0.084138

 

2562.966
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B-n31-k5 0.946615
 

21 0.64451447
 

13.11557

 

19.31431

 

00:49:4

 

0.136506

 

2303.318

 
B-n57-k7 0.968472

 
34 0.64193112

 
18.13278

 

50.94414

 

00:43:3

 

0.108914

 

5462.312

 
B-n78-k10 0.989226

 
73 0.63932028

 
25.13429

 

67.86205

 

00:50:2

 

0.085226

 

2144.127

 
P-n16-k8 0.909020

 
31 0.64795408

 
8.050042

 

7.059044

 

00:46:2

 

0.186697

 

2559.593

 
P-n55-k15 0.987150

 
68 0.64083044

 
22.95313

 

67.62965

 

00:47:3

 

0.092386

 

3296.135

 
P-n101-k4 0.992788

 
17 0.63887758

 
26.93318

 

78.65022

 

00:43:1

 

0.081121

 

183.5398

  

Table 63:  Features from Up-Down Walk Part 1 
 
 

Problem-
Name 

Partial 
Info. Reg. Value 

Lower 
Level 

Lower 
Variance 

Upper 
Level 

Upper 
Variance 

UpWalk 
Length 

UpWalk 
Length 

Var 

Berlin-52 0.04968 6348 21504.

 

4486252.

 

35873.0

 

1224936.4

 

20.383655

 

32.3920

 
Ch130 0.02679 3846 35367.

 

9192186.

 

55865.4

 

5285589.1

 

37.596713
 

98.9224

 
KroA-200 0.01888 18377 254889

 

5425007

 

418128.

 

40047428
 

53.603813

 

216.065

 
Lin318 0.01394 17050 469231

 

1327072

 

693629.

 

96609101
 

72.136298

 

424.057

 
FL417 0.49266 4666 146564

 

6569113

 

147220.

 

65800423.

 

1.7709058

 

1.34638

 
Rosenbrock-

 
0.24019 100000 5.3172

 

293.8458

 

2957.63

 

514808.60

 

4.2449829

 

1.79674

 
Rosenbrok-

 
0.03078 100000 2176.6

 

3389233.

 

48112.9

 

90591151.
 

31.002599

 

54.5500

 
Rastrigin-2 0.59683  3.9724

 

6.680417

 

9.93401

 

18.363117

 

1.6683087

 

0.82610

 
Rastrigin-30 0.03154 1000000 250.47

 

5687.650

 

890.963

 

6220.1711

 

31.552314

 

46.9745

 
Griewank-2 0.23060 100000 2.5742

 

14.73698

 

160.449

 

209.22306

 

4.2502168
 

1.56224

 
Griewank-30 0.03092 100000 223.50

 

21798.25

 

1863.36

 

47169.351

 

31.013583

 

44.7176

 
Schwefel-2 0.23123 100000 165.97

 

14788.24

 

1511.55

 

14893.697

 

4.3299022

 

1.64807

 
Schwefel-30 0.03146 100000 6335.7

 

2398114.

 

18768.7

 

2582844.8

 

31.730451

 

53.5596

 
Ackley-2 0.22535 100000 9.0294

 

16.89342

 

22.1824

 

0.0141278

 

4.2561462

 

1.73360

 
Ackley-30 0.03200 100000 17.991

 

2.728009

 

21.9835

 

0.0162424

 

30.31125 54.7310

 
A-n32-k5 0.41541 10115 2982.4

 

1960.078

 

3000.94

 

2243.7286

 

2.6340281

 

5.26780

 
A-55-k9 0.05103 91399 6764.3

 

4441346.

 

16753.8

 

13697233.

 

19.776207

 

68.8760

 
A-n80-k10 0.03805 94103 10433.

 

240422.1

 

13415.1

 

2932506.1

 

27.012611

 

84.3889

 
B-n31-k5 0.07427 71837 3684.2

 

13652.97

 

4681.32

 

698825.29

 

13.820851

 

24.5469

 
B-n57-k7 0.05404 86620 7581.1

 

158544.1

 

9811.66

 

1671096.5

 

18.961410

 

61.6562

 
B-n78-k10 0.03871 93776 8739.4

 

104153.6

 

10360.0

 

130391.08

 

26.527648
 

74.9763

 
P-n16-k8 0.11830 57342 3868.3

 

664510.6

 

10607.8

 

552303.07
 

8.8556213

 

9.77759

 
P-n55-k15 0.04315 93073 7900.2

 

5240207.

 

20808.1

 

7952474.6

 

23.458217

 

73.6315

 
P-n101-k4 0.03624 95158 8722.0

 

35740.67

 

9593.82

 

21572.414

 

28.273329
 

94.8031

  
Table 64: Features from Up-Down Walk Part 2 
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 Chi-square p-value 
RW-CorrelationLength 138.0000 0.342843 
RW-DensityBasinInformation 115.0000 0.353116 
RW-Information Content Value 105.0000 0.346496 
UD-Autocorrelation-1 96.0000 0.367036 
UD-Density Basin Information 96.0000 0.367036 
RW-Auto-Correlation-1 92.0000 0.364238 
RW-Regularity Value 75.0000 0.319546 
RW-partial Information Content 56.0000 0.327211 
UD-Partial Information 56.0000 0.327211 
UD-Information Content 54.0000 0.360484 

 
Table 65: Importance of FLA features 

 
 

 
 

Figure 49: Histogram of important features 
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 Chi-square p-value 

UD-Correlation Length&RW-Information Content Value 140.0000 0.321824 
UD-Density Basin Information&RW-Correlation Length 138.0000 0.342843 
UD-Autocorrelation-1&RW-Correlation Length 138.0000 0.342843 
UD-Density Basin Information&RW-Density Basin Information 138.0000 0.342843 
RW-Density Basin Information&RW-Correlation Length 138.0000 0.342843 
UD-Autocorrelation-1&RW-Density Basin Information 138.0000 0.342843 
RW-Correlation Length&RW-Auto Correlation 1 
 

132.0000 0.339446 
 

Table 66: The importance of feature’s interaction   
 

Table 65 shows the best 10 features to be selected regarding their importance 
to the problem instance. Those 10 represent the most appropriate subset that 
characterize the particular problem instance from the given fitness landscape. 
The prefix UD and RW are up-down and random walk respectively. In order to 
get stronger consideration of which features to be selected, the interaction 
among them has been computed and ranked. Table 66 shows 7 pairs of feature 
interaction that have the highest value of importance to characterize the 
problem instances. Here, since the cases that involved are only 24 which 
representing 24 different instances, thus the features that considered should be 
selected are relatively few, but still in the sense of to represent the particular 
problem instances. Therefore, there are two pairs of features based on table 66 
that have been involved in the clustering part. If we see in detail of table 66, the 
pairs of features from number 4 to 5 have exactly the same importance value. 
Indeed, if we observe those pairs, they consist of the same features which 
paired in the different pairs. The first and the second pairs of feature listed in 
table 62 have been selected:  pair of UD-Correlation Length & RW-Information 
Content Value and pair of UD-Density Basin Information & RW-Correlation 
Length. The result of the clustering is described in the next following section. 
 
 
3.2 Result of Clustering 
 

This section describes particularly about the result of the clustering. The 
employed algorithm to cluster here is k-means algorithm which described in the 
chapter 2 and 3. To tackle the problem of choosing the most appropriate 
number of cluster, then the v-fold cross-validation has been employed to 
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estimate the best cluster numbers. Particularly, 10-fold cross-validation in the 
range of 2 to 25 as the cluster numbers has been implemented, and the number 
of clusters equal to 5 is estimated to give the best average distance. The 
following tables describe the centroids for each feature and the membership of 
problem instances into the clusters.  
 

UD -
Correlation 

Length 

RW-
Information 

Content 
Value 

 

UD-Density 
Basin 

Information 
 

RW-
Correlation 

Length 

 
Number 
of cases 

 
Percentage 

(%) 

20.4 0.402059 0.652501 6.8 5 20.833333 
73 0.381704 0.63932 590 1 4.166667 

63.444444 0.388237 0.641345 114.666667 9 37.5 
58 0.384479 0.638485 319.428571 7 29.166667 

2182.5 0.387428 0.558911 382 2 8.333333 
 

Table 67: The centroids of five clusters from 4 features 
 

  
 

Figure 50: Graph of centroids for the involved continuous features 
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Cluster Problem Name UD-
Correlati

on 
Length 

RW-Info. 
Content Value 

 

UD-Density 
Basin 

Information 
 

RW-Correlation 
Length 

Distance to 
centroid 

3 Berlin-52 95 0.388776 0.6433 77 0.063275 
4 Ch130 60 0.387056 0.638033 432 0.197258 
4 KroA-200 87 0.386992 0.635956 268 0.126435 
4 Lin318 120 0.38667 0.634717 384 0.134318 
5 FL417 2138 0.387663 0.618731 669 0.558241 
1 Rosenbrock-2 14 0.404385 0.669133 7 0.133345 
3 Rosenbrok-30 85 0.387947 0.638109 104 0.029027 
1 Rastrigin-2 10 0.401117 0.587713 7 0.382808 
3 Rastrigin-30 17 0.387338 0.639271 180 0.107344 
1 Griewank-2 27 0.401193 0.668793 7 0.101616 
3 Griewank-30 118 0.387648 0.638335 114 0.038017 
1 Schwefel-2 27 0.401183 0.669052 7 0.103184 
3 Schwefel-30 117 0.387912 0.63926 87 0.051337 
1 Ackley-2 24 0.402417 0.667816 6 0.091161 
3 Ackley-30 51 0.38871 0.638973 174 0.092603 
5 A-n32-k5 2227 0.387193 0.499091 95 0.558241 
3 A-55-k9 36 0.386994 0.642394 174 0.10268 
4 A-n80-k10 20 0.38542 0.639049 312 0.042107 
3 B-n31-k5 21 0.388379 0.644514 74 0.067135 
4 B-n57-k7 34 0.37871 0.641931 313 0.226075 
2 B-n78-k10 73 0.381704 0.63932 590 0 
3 P-n16-k8 31 0.390424 0.647954 48 0.138192 
4 P-n55-k15 68 0.382151 0.64083 243 0.147385 
4 P-n101-k4 17 0.384355 0.638878 284 0.0568 

 
Table 68: The membership of each problem instances into the clusters 

 
As described table above, there are five clusters which characterize those 24 

problem instances. This is interesting, since none of problem whose instances 
stays in the same cluster. For example, for TSP instances, they are separated 
into three clusters, for VRP, they are split into 4 clusters, and objective test 
functions are distributed into 2 clusters. And there is a cluster which only 
consists of one instance: cluster 2. From 24 instances, most of them, 37% or 9 
instances belong to cluster 3 while 26.17% or 7 belongs to cluster 4. The rest are 
20.8%, 8.3% and 4.17% for cluster 1, 5 and 2 respectively. As the main purpose 
of the clustering part in this research is to characteristically cluster the problem 
instances such that there are the best algorithms including the most suitable 
parameter settings which assigned to them, thus each cluster has been mined 
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to discover the best algorithm to solve it. Since somehow the existence of no-
free-lunch theorem cannot be avoided, the best algorithms for particular cluster 
will be ranked, so that there are several choices that can be taken into account. 
In the next following sections, each cluster will be described. 
 
 
3.2.1 Cluster 1 
 

 Cluster A Cluster B 
Minimum 118.44 0 
Maximum 236.88 11.15 
Mean 190.82 0.714275325 
Standard Deviation 63.455222 2.60653252 
Member 3 27 

 
Table 69: Clusters of absolute differences from cluster 1 

 
This cluster consists of 5 instances. The interesting point here is that all of the 

members come from 2-dimensional test function: rosenbrock, rastrigin, 
griewank, schwefel and Ackley. This leads to a clear point that 2-dimensional 
test functions have much similar characteristic in the term of fitness landscape. 
Those all of these functions have been covered in the experiment part. There 
are 30 results that representing the best absolute difference from 10 runs for 
each experiment from all involved algorithms. From these 30 results, there are 
2 clusters generated using k-means algorithm with v-fold cross-validation to 
find the best estimation of cluster numbers. The following table describes the 
clusters of best absolute difference. 
 

From table above, we can see that cluster B grouping the lower absolute 
difference. And the minimum member of this cluster is 0 which is the global 
minimum. Thus, cluster B is the best choice for cluster 1. It consists also the 
majority with 27 members or 90% from 30 results in total. From cluster B, the 
algorithm that achieved the global minimum has been chosen as the best one 
to tackle the problem instances from this cluster. That is SASEGASA with two 
parameter settings that have been employed and successfully tackled all 
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problem instances in this cluster with achieved the global minimum. The 
following table lists the detail. 

 

problem name best 
result 

algorithm parameter setting 

Test Function/ 
Real valued 

encoding 
in Cluster 1 

0 SASEGASA PS1.1, PS1.2 

 
Table 70: Best algorithm and parameter settings for cluster 1 

 

Hence, all newly-found problems in the future that belong to cluster 1 in the 
term of fitness landscape will have SASEGASA with described parameter setting 
in chapter 3 to achieve the best solution. However, if the newly-found problems 
in the future that belong to this cluster are not test functions or encoded not in 
real valued e.g. binary or permutation, the recommended algorithm still can be 
taken into account with the adaptation in the manipulation operators. Here the 
parameter setting PS.1.1 and PS1.2 refer to table 16 and 17 respectively. 
 
 

3.2.2 Cluster 2 
 

This cluster is probably the most unique since only one instances belong to. 
That is B-n78-k10 which is an instance of VRP. From 24 instances that have been 
involved in the clustering part, this instance should have the characteristic of 
fitness landscape that the other 23 instances do not have. Thus, this cluster 
leads to a new possibility of very-different problem type. B-n78-k10 is one of 
the problem instances that have been tested in the experiment part. The 
following table lists the clusters of the best relative difference to the best 
known solution of this instance. 
 

 Cluster A Cluster B 
Minimum 2.69 0 
Maximum 7.52 0.31 
Mean 4.67111111 0.08 
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Standard Deviation 1.54101788 0.131605471 
Member 9 6 

 
Table 71: Clusters of relative differences from cluster 2 

 
Based on table above, cluster B has come with the lower mean, and the 

minimum relative difference achieving the best known solution. Hence cluster B 
is chosen cluster 2. The following table lists the best algorithms with their 
parameter settings that expected can tackle problems in cluster 2. 

 
problem name best result algorithm parameter setting  

 
VRP/permutation 

encoding 
in cluster 3 

0 GA PS1.2, PS1.3 
0 SASEGASA PS1.1, PS1.2, PS1.3 
0 Island GA PS1.3 
0 TS PS1 

 
Table 72: List of best algorithms and parameter settings for cluster 2 

 
Then, in the future, as listed in the table above, the newly-found problems 

that belong to cluster 2 have several choices to be taken into account. As 
explained in the previous section that the expected problems that belong to this 
cluster do not necessarily a VRP instance. In the case of the newly-found 
problems are not VRP or encoded in permutation e.g. binary or real valued, the 
recommended algorithms can be considered with changing the manipulation 
operators with respect to the problem specific. Here, the parameter settings for 
GA, SASEGASA, Island GA and TS refer to table 22, 23, 24 and 25 respectively. 
 
 

3.2.3 Cluster 3 
 

In this cluster, there are 9 instances which belong to. They are berlin52 from 
TSP, 30-dimensional rosenbrock, ratrigin, schwefel and Ackley from objective 
test function, and A-n55-k9, B-n31-k5, P-n16-k8 from VRP. The experiment part 
of this research has covered all of them except B-n31-k5 and P-n16-k8. Since 
the majority of them has been experimented, and one of VRP instances is one 
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of those that being experimented, then it is sufficient to mine the results of 
experiments from those aforementioned 7 instances for this cluster. In total 
there are 102 results from these 7 instances. These results are represented as 
the best relative differences to the best known solution for each instance, that 
solved by six algorithms. They have been clustered such that with respect to the 
best relative difference as the centroid, or absolute difference for test function, 
and each cluster represents particular rank. The rank which has the lowest 
centroid means consist of the better algorithm and parameter setting to solve 
these instances in this cluster 3. The result as follows: 
 

 Cluster A Cluster B Cluster C Cluster D Cluster E 

Minimum 1658.190 0.000000 4867.180 40.09000 10.26000 

Maximum 1658.190 8.250000 4956.950 78.90000 27.38000 

Mean 1658.190 2.202632 4912.065 57.88000 17.92500 

Standard Deviation 0.000 2.268843 63.477 19.60558 7.24947 

Member 1 84 2 3 12 

 
Table 73: Clusters of relative differences from cluster 3 

 
From table above, we can see that cluster B has the lowest value of centroid 

or mean: 2.2% to the best known solution. And it is also the major cluster with 
84 members. And the minimum relative or absolute difference in cluster B is 0% 
which is equal to the best known solution. Hence, cluster B is the highly 
recommended algorithms and parameter setting to solve problem instances in 
cluster 3. The following table lists the algorithms with their parameter settings 
that have achieved the best known solution. From this table we can derive the 
most recommended algorithms including their parameter settings for the 
newly-found problems in the future that belong to cluster 3. 

 
problem name best result algorithm parameter setting  
      
VRP/permutation 

 encoding 
 in cluster 3 

 

0.00 GA PS1.1, PS1.2, PS1.3 

0.00 Island GA PS1.1, PS1.2 

0.00 SASEGASA PS1.1, PS1.2, PS1.3 

TSP/permutation 0.00 GA PS1 
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encoding 
in cluster 3 

0.00 Island GA PS1, PS2, PS3 

0.00 SA PS1.A2, B1 & B2, PS2.B1 & B2, PS3.B1 & B2, 
PS4.B1 & B2 

0.00 SASEGASA PS1, PS2, PS3, PS4.1, PS4.2, PS4.3, P4.4 

0.00 TS PS1.A1, PS1.B1 & B2, PS1.C1 & C2, PS1.D1 & D2 

Test Function/ 
Real valued  

encoding 
in Cluster 3 

0.00 GA PS1 

0.00 Island GA PS1 

0.00 LS PS1 

0.00 SA PS1.1 

0.00 SASEGASA PS1.1,  1.2 

0.00 TS PS1 

  
Table 74: List of best algorithms and parameter settings for cluster 3 

 
The categorization is based on the three groups, namely VRP, TSP and test 

function. However as described in the previous sections, these names do not 
strictly limit the newly-found problems in the future such that they have to be 
instance of VRP, TSP or test function. The naming of these categorizations here 
is in the sense of referring the similarity, particularly in the encoding which 
leads to different manipulation operators. For example, in the future, a new 
problem found. Based on from its fitness landscape analysis, it belongs to 
cluster 3. And it is encoded in the form of permutation. The manipulation 
operators that TSP has can be implemented to it. So that, probably the 
algorithms and their most suitable parameter settings from table above, in the 
row of TSP can be implemented in order to achieve the best known solution, or 
it can adapt the manipulation operators to the problem specific, in case it is 
encoded in permutation but cannot use the manipulation operators from TSP. 

 
Here, for the first category namely VRP/permutation encoding, the parameter 

setting of GA, Island GA, and SASEGASA refer to table 22, 24 and 23 
respectively. For the second category namely TSP/permutation encoding, the 
parameter setting of GA refer to table 2, Island GA refer to table 35, 36 and 37, 
SA refer to table 13 with this form PS<annealing operator>.<start temp><inner 
iteration>. For SASEGASA, refer to table 4, 5, 6, 7, 8, 9, and 10 respectively. And 
for TS, it refers to table 12 with form PS1.<sample size><tabu tenur>. And 
finally, for the third category namely Test function/real valued encoding the 
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parameter setting of GA, Island GA, LS, SA and TS refer to table 15, 18, 21, 20, 
and 19 respectively. And for SASEGASA, it refers to table 16 and 17 respectively. 
 
3.2.4 Cluster 4 

 
This cluster consists of 7 members: ch130, kroA200, lin318 from TSP, A-n80-

k10, B-n57-k7, P-n55-k15 and P-n101-k4 from VRP. Intuitively, this cluster 
expresses the relationship among TSP and VRP. In the future, this cluster tends 
to be a group for newly-found TSP or VRP instances. The experiment part of this 
research has covered 3 of aforementioned 7 problem instances. Those 3 are 
ch130, kroa200 and P-n101-k4. The following table lists the clusters of the best 
relative differences among them from the involved algorithms with the 
employed parameter settings. There are 8 clusters from 357 results in total of 
best relative differences from experiments from aforementioned 3 problem 
instances. As listed in the following table, cluster A has the lowest mean and its 
minimum relative difference is 0% or reaching the best known solution. Thus, 
cluster A is chosen for cluster 4 as the best algorithms including parameter 
settings to tackle problems that belong to this cluster. 
 
 Cluster 

A 
Cluster 

B 
Cluster 

C 
Cluster 

D 
Cluster 

E 
Cluster 

F 
Cluster 

G 
Cluster 

H 

Min 0.0000
 

136.680
 

4.73000 13.1900
 

69.4100 29.8500
 

222.340
 

339.920
 Max 4.5800

 
211.250

 
12.8500

 
28.4100

 
126.170

 
58.6600

 
315.060

 
673.720

 Mean 1.6454
 

173.791
 

7.68947 18.6405
 

96.2830 40.1273
 

266.710
 

408.867
 SD 1.4103

 
23.9714 2.09195 4.64347 18.5329 9.13739 33.0269 105.931

 Member 159 19 76 37 20 23 14 9 

 
Table 75: Clusters of relative differences from cluster 4 

 
From table above, cluster A is chosen as it has the lowest mean. In order to list 

the best algorithms including the parameter settings for cluster 4, then those 
algorithms in cluster A whose results reaching the best known solution are 
chosen. The following table lists them whom chosen. 
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problem name best result algorithm parameter setting 
TSP/permutation 

encoding 
in cluster 4 

0.00 SASEGASA PS3.3A & B, PS4.2, 
PS4.3, PS4.4 

VRP/permutation 
encoding 

In cluster 4 

0.00 Island GA PS1.2 
0.00 SASEGASA PS1.2 

 
Table 76: List of best algorithms and parameter settings for cluster 4 

 
As described in table above, there are two categorizations. And similarly as 

explained in the previous sections, those categories are not strictly limit the 
newly-found problems in the future to be exactly the same as TSP or VRP or 
encoded in the form of permutation. Those categorizations above are just to 
deliver in the sense that such as TSP and VRP instances in the future that belong 
to this cluster can employ the same parameter settings as listed in table above. 
While problems which not instance of TSP or VRP, or not encoded in the form of 
permutation, still recommended to employ the listed algorithms.  

 
Here, for the first category namely TSP/permutation encoding, the parameter 

setting of SASEGASA, particularly for P3.<selection operator><crossover> refer 
to table 6, and the rest refer to table 8, 9, 10 respectively. And for the second 
category namely VRP/permutation encoding, the parameter setting for Island 
GA and SASEGASA refer to table 24 and 23 respectively. 
 
 

3.2.5 Cluster 5 
 

There are two instances that belong to this cluster: Fl417 from TSP and A-n32-
k5. None of them has been tested in the experiment part. Therefore additional 
experiments have been employed. For simplicity, all involved six algorithms 
have been experimented to solve A-n32-k5, while one algorithm has been 
employed to solve Fl417: SASEGASA. One thing to be underlined is that the 
parameter settings that employed are the same with what being set for solving 
other instances of VRP in the experiment part, and for SASEGASA, the employed 
parameter setting to solve Fl417 is the same also with the fourth parameter 
setting of SASEGASA particularly with “ALL” crossover in solving TSP instances. 
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The motivation of choosing only SASEGASA to solve Fl417 is based on the 
previous results in the experiments. There are 21 best relative differences from 
this additional experiment that taken into account. After implementing k-means 
algorithm including v-fold cross-validation to estimate the best cluster numbers, 
there are 5 clusters generated. The following table describes those. 
 
 Cluster A Cluster B Cluster C Cluster D Cluster E 
Minimum 0 47.42 1.42 19.5 5.51 
Maximum 0.08 95.52 3.69 36.34 14.51 
Mean 0.016 68.3525 2.28666667 25.865 8.706 
Standard Deviation 0.0357770876 21.3433852 1.2264719 7.64359645 3.68961787 
Member 5 4 3 4 5 

 
Table 77: Clusters of relative differences from cluster 5 

 
From table above, cluster A has the lowest mean and its minimum value is 

reaching the best known solution. Therefore, cluster A is chosen as the best 
algorithms including the parameter settings to tackle problems which belonging 
to cluster 5. The following table lists the recommended algorithms including 
their parameter settings.  
 

problem name best result algorithm parameter setting 
VRP/permutation 

Encoding 
In cluster 5 

0.00 GA P1.1, P1.2, P1.3 
0.00 SASEGASA P1.1, P1.2, P1.3 
0.00 TS PS1 
0.00 Island GA PS1.1, PS1.2, PS1.3 

TSP/permutation 
Encoding 

in cluster 5 

 
0.08 

 
SASEGASA 

 
P4.4 

 
Table 78: List of best algorithms and parameter settings for cluster 5 

 
As described in the previous clusters, the naming of categorization of problem 

name is not exactly referring such that strictly limit the newly-found problems 
that belong to this cluster in the future are necessarily to be TSP or VRP 
instances, permutation or binary encoding. But the newly-found problems that 
some instances of VRP or TSP, they can directly employ the parameter settings 
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that recommended as listed above. Otherwise, the algorithms still highly 
recommended to be used. 

 
Here, for the first category namely VRP/permutation encoding, the parameter 

settings for GA, SASEGASA, Island GA, and TS refer to table 22, 23, 24, and 25 
respectively. And for the second category namely TSP/permutation encoding, 
the parameter setting for SASEGASA refers to table 10.  
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Part V. - Conclusion 
 
 
 

This chapter delivers the conclusion of this research. Technically, the 
conclusion is split into several sections in order convey the results clearly. There 
are several conclusions in the part of experiment and characteristic cluster of 
artificial benchmark problems. Further, the future proposed work is also 
discussed here. In the next following sections, those are aforementioned will be 
delivered.
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1 Conclusion of Experiment Part  
 

Here, the general conclusion of experiment part is delivered. However the 
detail points of experiments can be found in chapter 4. The experiment part has 
involved 6 algorithms and employed many parameter settings as described in 
chapter 3 to solve 3 benchmark problems which consist of 11 instances in total. 
Each experiment for a parameter setting has been run 10 times in order to get 
objective results. There are several interesting points that can be drawn; the 
problem hardness of different instances in the same problem, correlation 
among the algorithms that solving the same problem instances, and existences 
of no-free-lunch theorem. Particularly, in the chapter 4, for experiments of each 
problem, the recapitulation of the best quality of solutions and best average of 
solutions are presented. This recapitulation shows how the involved algorithms 
solving particular benchmark problem. The following points describe those 
important things: 
 

1. Sensitivity of changing manipulation operator in particular algorithms 
can be seen in chapter 4 in experiment results sub-chapter 2.1, 2.2 and 
2.3. Generally speaking, minor changing in one manipulation operator 
leads to significant different results. 

2. The discrepancy of best quality of solutions and best average of 
solutions between different involved algorithms, as shown on figure 34, 
35, 36, 37, 38, 39, 43, 44, 45, 46, 47, 48 and table 51, 52.  

3. The existence of no-free-lunch theorem can be found by comparing 
figure 40, 41 and 42, and also from table 43 and 45. 

4. Point 2 and 3 shows the hardness of finding the best algorithm and its 
parameter setting for particular benchmark problem. 

5. The hardness of problems can be computed by measuring the average 
of solutions overall employed parameter setting of one algorithm 
solving a problem instance. And also to consider the possible best 
solution overall employed parameter setting as the minimum problem 
hardness. In order to compute the aforementioned hardness of 
instances, the relative difference as the presented result in the 
experiment has to be scaled in such way so that it is comparable to the 
other results. The following formula is used: (𝑓(𝑠)− 𝑓∗)/(𝑓 − 𝑓∗), 
where 𝑓(𝑠) is the current solution, 𝑓∗ is the best known solution, and 𝑓∗ 



 

156 
 

is the average of random solution. The following table is an example of a 
list of problem hardness from TSP and VRP instances. 

 
 

Problem Instance hardness Minimum hardness 
Berlin52 0.0102 0 
Ch130 0.0486003 0 
kroA200 0.06005325 0 
A-n55-k9 0.054418744 0 
B-n78-k10 0.055892423 0 
P-n101-k4 0.010884372 0 

 
Table 79: List of problem hardness 

 
6. Another interesting point is the correlation of problem hardness 

between different algorithms. Here is as an example, will be presented 
the correlation among the involved algorithms in solving three instances 
of TSP:  

 
 
 SASEGASA Island GA Tabu 

Search(TS) 
Simulated 

Annealing(SA) 
Local 

Search 
GA 0.999659 0.983521 0.972995 0.736483 -0.974851 
SASEGASA  0.987906 0.966637 0.71857 -0.980337 
Island GA   0.91523 0.602048 -0.999078 
TS    0.872737 -0.897084 
SA     -0.567207 

 
Table 80: Correlation between algorithms solving TSP instances 

 
The interesting point from table above is the correlation between family of 

evolutionary algorithms and tabu search that very close compared to other 
correlations that listed. And another interesting point is that all algorithms are 
the negative correlation between local search and the other algorithms. This 
means that where other algorithms increase in the term of quality of the 
results, the results of local search tend to decrease and vice versa.  
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2 Conclusion of Clustering Part  
 

Here, the general interpretation of 5 clusters that generated by k-means 
combined with v-fold cross-validation is delivered. And the detail of the 
clustering steps and results can be found in chapter 4, sub-chapter 3.3.2. The 
following points underline interesting as well as important things that found 
from the clusters: 
 

1. The first cluster has problems with characteristics that had by 2-
dimentional test functions. It is proven by all the members of this cluster 
have come from 2-dimensional test function.  

2. The second cluster is probably the most unique characteristic of 
problem instance that involved in this research. It only consists of 1 
instance and should open the new characteristic problem for the newly-
found ones in the future.  

3. The third cluster has the highest number of members, which are 9 
problem instances. The interesting point here is that those 9 instances 
come from all different problems that involved. This shows that 
somehow between aforementioned different problems are related in 
some characteristics.  

4. The fourth cluster has 7 members. The interesting point in this cluster is 
similar to cluster 3 where the members come from all involved 
problems. This cluster shows again that somehow there are many 
similarities between particular instances that come from different 
problem.  

5. The fifth cluster has 2 instances. This is interesting since the lower 
number of member leads to the more uniqueness of characteristic that 
found. This cluster, as cluster 1, is expected to categorize the new type 
of problems in the future.  

6. The employment of same parameter settings in several clusters shows 
that the robustness of some parameter settings already achieved. 
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3 Future Work 
 

This research has two main objectives. The first is to analyze the metaheuristic 
parameter setting adjustment. In this part, there are two problems with 11 
instances in total that have been experimented. And there are 6 algorithms that 
have been involved with many parameter settings. The proposed work that can 
be planned for future is to involve more algorithms and benchmark problems in 
such experiment. This is aimed to get a broader perspective of analysis of 
parameter adjustment in the metaheuristic field. With broader perspective, the 
knowledge base that derived from this experiment can be extended. 
 

The second objective in this research is to characteristically cluster the 
artificial benchmark problems. Each cluster will be assigned the best algorithms 
with their related parameter settings to solve such problems that belong to this 
cluster. This assignment is based on the mining of the results from the 
experiment part from particular problems that grouped in particular cluster. 
The expectation is in the future, all the newly-found problems can be 
categorized by those 5 clusters, and then the best algorithm to tackle that new 
problem can be assigned in order to achieve the best known solution or even 
better solution. Thus, the proposal for future work for this part is to involve 
more instances that come from many different problems. With this proposal, 
the expectation is to get more clusters that can cover any kinds of problem or 
to surely confirm that those 5 clusters are truly enough to categorize any newly-
found problems in the future. 
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