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Abstract 

Brain-computer interfaces (BCIs) enables direct communication between a brain and a computer by 

recording and analyzing a subject’s neural activity in real-time. Research in BCI that classifies motor 

imagery (MI) activities are common in the literature due to its importance and applicability, e.g., stroke 

rehabilitation. Electroencephalography (EEG) is often used as the recording technique because its non-

invasive, portable and have a relatively low cost. However, an EEG recording returns a vast number of 

features which must be reduced to decrease the computational time and complexity of the classifier. For 

this purpose, feature selection is often applied. In this study, a multiobjective evolutionary algorithm 

(MOEA) was used as feature selection in a high spatial and temporal feature set to (1) compare pairwise 

combinations of different objectives, (2) evaluate the relationship between the specific objective pair 

and their relation to model prediction accuracy, (3) compare multiobjective optimization versus a linear 

combination of the individual objectives. The results show that correlation feature selection (CFS) 

obtained the best performance between the evaluated objectives which were also more optimized than a 

linear combination of the individual objectives when classified with support vector machine (SVM). 
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1. Introduction 

A brain-computer interface (BCI) [1] is a system that enables direct communication between a subject’s 

brain and a computer. In a BCI system, the neural oscillations (i.e., the coordinated electrical activity of 

a population of neurons in the cerebral cortex of vertebrates) are recorded while simultaneously being 

analyzed to provide either a response or execute a command. The former is being applied as an 

alternative to traditional treatment and medicine [2], [3] by trying to adjust the neural substrates 

underlying a disorder (e.g., ADHD and epilepsy) by responding with either pleasing or disturbing 

stimuli. Additionally, it is used to rehabilitate stroke patients [1], [4], [5] when combined with motor 

imagery (MI) which is a cognitive process where the subject visualizes the fulfillment of a motor event. 

The idea is to record the neural oscillations that precede the MI activities over the sensorimotor cortex 

and provide positive stimuli if an MI activity can be detected to encourage the behavior.  

 

In MI BCI systems, electroencephalography (EEG) is often used to record the neural oscillations. EEG 

is primarily used to diagnose brain disorders and diseases [6] which cause abnormalities in the 

recordings, such as epilepsy and encephalopathies. However, EEG is non-invasive, portable, and have a 

relatively low cost [1] in comparison to other existing recording techniques which makes MI EEG-based 

BCI systems highly accessible and therefore an attractive research area. An EEG is performed by 

attaching multiple electrodes over the subject’s scalp that records the underlying signals with a high 

temporal resolution. Therefore, the number of features that the analysis must consider before a response 

can be returned are often vast. Additionally, the obtained signals are often decomposed into frequency 

sub-bands which adds another dimension to the feature set. In BCI systems, more features increase the 

computational time and complexity for the real-time analysis which will increase the error rate and delay 

the responses [1]. Studies [7], [8] also indicate that learning is impaired when reinforced feedback is 

delayed, suggesting that the value of MI BCI systems for rehabilitation would degrade. 

 

To decrease computational time and complexity, several studies [9], [10], [11], [12] in MI EEG-based 

BCI have applied feature selection (i.e., a method to reduce the feature set without affecting the analysis 

negatively). In [12], the authors presented a hierarchical genetic algorithm (HGA) for feature selection 

to classify MI activities. The HGA enabled the selection or deselection of entire channels, entire 

frequency sub-bands (if its channel was selected), and, specific temporal features within a sub-band (if 

its channel-frequency pair was selected). The work presented in [12] is interesting because the most 

discriminative spatial and temporal features are subject-specific [13], [14], and thus, might be better 

obtained with a hierarchical structure than with a one-dimensional as the other studies used. However, 

their objective function was implemented as a linear combination of two partly conflicting objectives 

which is better solved with multiobjective optimization. Indeed, a more suitable implementation would 

be to use a multiobjective evolutionary algorithm (MOEA) which optimizes the objectives in relation to 

each other and preserve their values. As a result, their relation can be studied and exploited to increase 

system performance. Hence, in this study, a MOEA is presented with a hierarchical structure for feature 

selection in classifying MI EEG-based activities as an MI activity or a rest state. 

 

The purpose of this study was threefold: First, to provide a comparison of how different pairwise 

combinations of several objectives perform regarding different performance metrics. Secondly, evaluate 

the relationship between the specific pair of objectives and how they influence model prediction 

accuracy. Finally, compare how multiobjective optimization perform against a linear combination of the 

individual objectives. The results show that a MOEA can successfully be applied to increase 

interpretability of how different objectives compare and influence different performance metrics, both 

between other pairs of objectives and between their own relation. The reported results in this study can 

be useful in the development of an MI EEG-based BCI system.  

 

The remainder of this study is organized as follows: In section 2 and 3, the necessary theory to understand 

the study is provided and an overview of previous work is given. In section 4, we explicitly specify the 

research questions and limitations of the study. The applied research methods are stated in section 5 and 

ethical considerations are raised in section 6. The actual work that was carried out is delineated in section 

7 with the intent to enable reproduction of the outcomes. The results, discussion, conclusions and future 

recommendations are given in section 8, 9, 10 and 11, respectively. 

https://en.wikipedia.org/wiki/Motor_cortex
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2. Background 

In this section, a general introduction to the necessary theory is provided. In Section 2.1, a general 

introduction to supervised learning is provided, and a specific method is mentioned. Thereafter, in 

section 2.2 the concept of feature selection is explained, followed in section 2.3 – 2.4 with an overview 

of evolutionary algorithms that can be used for the purpose.  

2.1. Supervised learning 

Supervised learning is a family of learning algorithms that infers mathematical models1 from a set of 

training samples (i.e., a training set) consisting of input-output pairs. If the range of the output is finite, 

then the model is a classifier (i.e., by given some input, the model always returns an element in the finite 

range, and thus, classifies the input). Additionally, the model is said to be a binary classifier if the range 

only contains 2 possible values. [15] 

 

After the learning process when the learning algorithm has constructed the model it must be tested to 

verify if it’s acceptable or if another model should be inferred. For this purpose, a set of testing samples 

(i.e., a test set) which the model wasn’t trained on2 must exist. In the testing phase, the model classifies 

all the inputs and records if they were correct or not. Thus, after this phase, an estimated model prediction 

accuracy in classifying novel data is obtained. 

 

Two common supervised learning algorithms that can be use as classifiers includes Artificial Neural 

Networks (AAN) and Support Vector Machines (SVM). [16] 

2.1.1. Support vector machine 

SVM [17] is a supervised learning algorithm intended for binary classifications. SVM is a non-

parametric method [15] that maintains all the training samples and uses these in the predictions, whereas 

a parametric method (e.g., ANN) tunes a set of parameters. Therefore, in a non-parametric method, the 

training samples must be maintained compared to a parametric method where they can be deleted after 

the training phase. In SVM, a model is constructed based on its support vectors which is the subset of 

the training samples that yields the maximum margin between the classes. After the support vectors has 

been identified, the equation of a hyperplane (i.e., a space within its containing space, with one collapsed 

dimension) is generated which is used to predict new samples. To illustrate, figure 1 depicts a SVM that 

classifies inputs of a two-dimensional feature space, as belonging to class 1 or class 2. 

                                                           
1 A model refers to the specific function that were inferred during the learning process. 
2 If the model was tested on data it was trained on, it could easily have memorized how to classify that data, and   

thus, how well it would predict unseen data would remain unknown. 
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Figure 1. Illustration of the SVM binary classifier. The figure depicts the support vectors that are used to build the 

maximum margin hyperplane, i.e., the hyperplane that is in the middle of the support vectors. 

In figure 1, a SVM is depicted that has constructed a hyperplane according to the models support vectors. 

By placing the hyperplane in the center of its support vectors, the maximum margin between the two 

classes are obtained. The idea is to enhance prediction accuracy of new data, even if it is more extreme 

than the data which the model was trained on [15]. In this case, the hyperplane is a line, which means 

that any vector  �⃗� = (𝑥1, 𝑥2)𝑇 in the 2D space can be tested against the linear equation that represents 

this line: 

 

𝜆0 + 𝜆1𝑥1 + 𝜆2𝑥2 = 0 

 

Where 𝜆0, 𝜆1, and 𝜆2 are the coefficients. If �⃗� satisfies the equation (i.e., its equal to 0), then it is a point 

on the hyperplane. Consequently, this means that the sign of the equation will yield the class [17]. The 

same concept works for any dimension 𝑛 if the linear equation is properly adjusted: 

 

𝜆0 + 𝜆1𝑥1 +  𝜆2𝑥2 + ⋯ + 𝜆𝑛𝑥𝑛 = 0 

 

However, many classification problems can’t be linearly separable by a hyperplane. For instance, if one 

blue circle was moved into the middle of the red circles, how should a hyperplane be drawn? It turns out 

that even if the classes aren’t linearly separable in their original space, they are in a higher dimension 

[15]. This is the core insight of the SVM: If the classes cannot be linearly separable by a hyperplane, 

transform the original space to a higher space where they can. Additionally, the SVM also provides a 

measure of confidence [17] in the classifications; the bigger the absolute value is of the linear equation, 

the farther away from the hyperplane is the sample, and hence, more likely to be correct.  

2.2. Feature selection 

A learning algorithm constructs a model based on a set of available features (i.e., the values of the input 

vectors in the training set). In figure 1, SVM uses only 2 features to classify the inputs as either class 1 

or class 2. However, the feature set obtained for many applications (e.g., EEG recordings) can contain 

thousands of features, which many are likely to be irrelevant or redundant for the model, and thus, will 

increase the model’s complexity and computational times while decreasing its accuracy [18]. The 

definitions of irrelevant and redundant are as follows: 
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• Irrelevant: A feature that does not contribute to the classification in any way. For example, if 

a model tries to classify different MI activities from a feature set obtained by an EEG recording, 

it is likely that some features extracted over the cortex don’t contain valuable information. By 

building a model that contains irrelevant features, the model will need to accommodate those 

features which will add complexity, and hence, negatively affect prediction accuracy.  

 

• Redundant: When several similar features exist, and hence, don’t contribute with any new 

information about how to construct the model. 

 

Therefore, the objective of feature selection is to eliminate irrelevant and redundant features that the 

learning algorithm builds a model from. Consequently, this will decrease the complexity, training and 

prediction times while increasing the model’s prediction accuracy. Two common feature selection 

methods are wrappers and filters: 

 

• Wrapper: A wrapper [18] uses a learning algorithm to evaluate feature subsets. For each 

subset, a model is trained and tested, e.g., with cross-validation, which will provide its merit. 

Thus, a wrapper often requires high computational power. 

 

• Filter: A filter [18] uses a statistical proxy measure as the merit for the feature subset, i.e., a 

learning algorithm isn’t involved in the process. Hence, filter methods are often much faster 

than a wrapper. A common filter method is correlation feature selection (CFS) [19] which is 

defined in equation 1: 

 

 

 
𝑆𝑚𝑒𝑟𝑖𝑡 =

𝑘𝑟𝑐𝑓

√𝑘 + 𝑘(𝑘 − 1)𝑟𝑓𝑓

 

 

 

(Equation 1) 

 

In equation 1, 𝑆𝑚𝑒𝑟𝑖𝑡  denotes the merit of the feature subset 𝑆 with 𝑘 features. 𝑟𝑐𝑓 is the average 

correlation between the classes and features and 𝑟𝑓𝑓  is the average correlation between all 

features. Hence, redundant features (i.e., a high value of 𝑟𝑓𝑓) and irrelevant features (i.e., a low 

value of 𝑟𝑐𝑓) will be penalized, and thus, receive a lower merit. 

 

Both wrappers and filters use search algorithms to select a feature subset which the final model will be 

built with. If an exhaustive search is eligible for the feature set, then the best subset is easily obtained. 

However, as previously mentioned, the number of features is often vast, so other methods are often 

needed.   

2.3. Evolutionary algorithms 

Evolutionary algorithms (EAs) is a family of heuristic-based optimization algorithms which operations 

are inspired from Charles Darwin’s theory of evolution, darwinism [20]. EAs are used for searching 

through a state space of an optimization problem (e.g., a combinatorial or a continuous optimization 

problem). The computational complexities of these searches can often cause traditional methods to be 

inadequate, whereas the EA often can obtain a good enough solution in a reasonable amount of time 

without exhaustively search the entire space. This is accomplished by evolving an initial population of 

random solutions 3  through generations. For example, let 𝑷𝑡  denote the population of solutions in 

generation 𝑡. A new generation 𝑷𝑡+1 is then produced by applying darwinism-inspired operations over 

the solutions in 𝑷𝑡 which will produce offspring for the new generation. This process is continued until 

some termination criteria is met. For instance, when an adequate solution is found, or the maximum 

number of generations has been produced. The canonical operations in an EA [20] are selection, 

recombination and mutation, which can be applied in different orders and ways depending on the 

                                                           
3 The terms individual, parent, offspring (and even organism) will all refer to a solution to an optimization problem. 

The different terms will provide additional meaning about how the solutions are being used. 
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algorithm and its design. To enable evolution, the environment (i.e., the search space of the optimization 

problem) must be able to provide some heuristic of how good a solution is. This heuristic is called the 

solutions fitness and is obtained by an objective function.  To illustrate the use and benefits of EAs, a 2D 

search space for a continuous optimization problem is depicted in figure 2.  

 

 
Figure 2. A search space of a continuous optimization problem. All (x, y) points in the space represent possible 

combinations for a solution. The z-axis represents the fitness of the solutions which indicate how good a solution 

is. 

In figure 2, The independent variables 𝑥1 and 𝑥2 correspond to genes that constitutes the individual. For 

example, in this case, an individual consists of two genes which is represented by real values, whereas 

the individual itself is represented by a vector �⃗� containing those values. The fitness’ of the individuals 

is graphed above the 2D-plane along the z-axis and are obtained by applying the objective function on 

�⃗�. A higher fitness value indicates a better adapted individual to its environment (i.e., a better solution 

for the given problem). As figure 2 shows, the search space can be a complex landscape to navigate with 

several local optima needed to be surpassed if the fitness of those individuals isn’t fit enough. By 

utilizing the darwinism-inspired operations, the EA can rapidly converge to better solutions while 

minimizing the risk of premature convergence (i.e., get stuck on a local optimum which don’t contain 

adequate solutions) [21]. Therefore, an EA can be applied effectively in huge feature sets as the search 

algorithm for feature selection.  

2.3.1. Genetic algorithms 

Genetic algorithms (GAs) is a subset of EAs and was introduced by John Henry Holland in his paper 

“Genetic Algorithms and Adaptation” [22]. In this paper, Holland describes how genetics enables 

organisms to explore an irregular world (i.e., a search space of an optimization problem) through 

manipulation of their representation (i.e., the genes that constitutes them). As for EAs, the GA evolve 

solutions through generations. However, the darwinism-inspired operations have been given a distinct 

biological interpretation which mimics natural selection; the most fit individuals will survive their 

environment, and thus, pass down their genes to descendants. The activity diagram in figure 3 depicts 

the consecutive steps of an GA. 
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Figure 3. Activity diagram over the canonical operations of a genetic algorithm (GA). The GA keeps applying its 

operations until an adequate solution is found, or until some other termination criteria is meet, which is not depicted. 

In figure 3, the GA starts by first initializing a random population of solutions. GAs often represents the 

solutions with a vector containing binary values. However, how the solutions are represented depends 

on the problem and the design of the algorithm. After the initialization, the GA calculates the fitness for 

each solution in the population. Next, the GA enters its main loop were it first checks if the termination 

criteria have been met. If so, the GA returns the most fit solutions that it found during the search. If not, 

it continues to produce another generation of solutions. It is in this stage that natural selection occurs; 

the most fit parents in the current generation is selected to produce offspring (i.e., the vectors that 

represents them are recombined to create new solutions). These steps are depicted by the Selection and 

Crossover activities in figure 3, respectively. Additionally, some inherited genes of the offspring can 

become subject to mutation, which enables a thorough search by minimizing premature convergence. 

After these steps, the fitness for the new offspring are calculated and then a new population is created. 

These operations can be performed in different ways and in the following subsections some common 

implementations are provided. 

2.3.1.1. Selection 

In GAs, selection is the process where parent solutions are chosen and placed into a mating pool. The 

pool contains the solutions from the current generation that are allowed to reproduce, and hence, create 

offspring for the next generation. Selection can be done with or without replacement, which imply if a 

parent can be selected again, or not, respectively. Usually, more fit parents are selected with the intent 

to converge to better solutions more quickly. Let 𝑷𝑡 = {𝑥1, 𝑥2, … 𝑥𝑖 , … 𝑥𝑛}  be the current population 

with 𝑛 individuals, then the following selection methods can be used: 

 

1. Roulette wheel selection [21]: A probability is assigned to each individual in 𝑷𝑡 that depends 

on their fitness’. Assuming a higher fitness indicate a better solution, then the following 

equation can be applied over the population: 

 

 

 
𝑃𝑖 =

𝑓(𝑥𝑖)

∑ 𝑓(𝑥𝑗)𝑛
𝑗=1

  
(Equation 2) 

 

In equation 2, 𝑓 denotes the objective function, which takes the 𝑖th individual in 𝑷𝑡 as input and 

return its fitness value 𝑃𝑖 . The sum in the denominator is over all the individuals in the 

population. As a result, better solutions receive a higher probability for selection. 

 

2. Stochastic remainder selection [23]:  All individuals are assigned a relative fitness value 

which is based on the mean fitness of 𝑷𝑡: 

 

 
𝐹𝑎𝑣𝑔 =

∑ 𝑓(𝑥𝑗)𝑛
𝑗=1

𝑛
 

(Equation 3) 

 
𝑅𝑖 =

𝑓(𝑥𝑖)

𝐹𝑎𝑣𝑔

  
(Equation 4) 
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In equation 3, the average fitness 𝐹𝑎𝑣𝑔  of 𝑷𝑡  is calculated. Then, in equation 4, the relative 

fitness 𝑅𝑖 of the 𝑖th individual is obtained. The relative fitness is a real number, so the integer 

part will decide how many slots in the mating pool an individual is assigned. Thus, solutions 

with higher fitness than average is guaranteed a spot. Finally, a roulette wheel method is applied 

to fill the rest of the mating pool, which is based on the fraction of the relative fitness.  

 

3. Tournament selection [21]:  𝑘 individuals are randomly chosen from the current population 

and constitutes a tournament where the best individual wins. The tournament selection is 

applied repeatedly to create the mating pool. A high value of 𝑘 will often ignore solutions with 

low fitness, and hence, can converge fast but also get stuck on local optima. A 𝑘 value of 2 is 

commonly used and is called a binary tournament selection. 

2.3.1.2. Recombination 

In the recombination step, the parents residing in the mating pool are recombined to create offspring 

which is accomplished by a crossover function. For example, if a solution to the search problem were 

represented in a binary form and if two parents 𝐴 = {𝑎1, 𝑎2, 𝑎3, 𝑎4}  and 𝐵 = {𝑏1, 𝑏2, 𝑏3, 𝑏4}  were 

selected for recombination, then a set of offspring {𝑂1, 𝑂2} could be as follows: 

 

 

 𝑂1 =  {𝑎1, 𝑎2, 𝑏3, 𝑏4}  (Crossover 1) 

 𝑂2 = {𝑏1, 𝑏2, 𝑎3, 𝑎4} (Crossover 2) 

 

Crossover 1 and 2 are called a one-point crossover [21], where a random index in the interval of the 

genes that constitutes a solution are generated, and then two offspring are created by crossing over the 

genes of the parents at that index, in both orders, as the above crossovers indicates.  

2.3.1.3. Mutation 

After an offspring has been produced it can be affected by mutation, which simply is described as: Select 

a random gene and replace it with another, random generated, which satisfies the constraints of the search 

space. Of course, the mutation processes can be implemented in a variety of ways, and how much 

mutation that is beneficial for finding an adequate solution depends on the search space and other 

parameters (e.g., mutation probability and how many genes to mutate). By using mutation, lost or 

missing genes can be reintroduced [20] which enables the population to surpass an inadequate local 

optimum, and thus, enhances its search to the global. 

2.3.1.4. Replacement 

In the replacement step, the current population 𝑷𝑡  is replaced with the next generation’s population  

𝑷𝑡+1. In the following list, two commonly used strategies [21] are defined: 

 

• Generational model: The current generation of size 𝑛 is replaced in its entirety with the 𝑛 

produced offspring. However, if the concept of elitism is used, the 𝑘 best individuals in 𝑷𝑡 are 

preserved and passed down to 𝑷𝑡+1. By always saving the 𝑘 best individuals in a generation, 

the current best solution that has been found in the search can only improve, and hence, will 

converge faster. 

 

• Steady-state model: A fixed number of offspring is produced per generation and competes for 

a place in 𝑷𝑡+1.   

2.4. Multiobjective evolutionary algorithms 

EAs enables a search through the state space of an optimization problem with the objective to find the 

best solution. If a solution’s fitness can unambiguously be decided, the search is trivial; return the 

solution with the highest fitness which were found. However, many optimization problems are 

multiobjective optimization problems (MOPs) with conflicting objectives. Therefore, non-single best 

solution exists, but rather a set of compromised solutions regarding their respective objectives. Surely, 
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in some cases, a single best solution does exist, but further evaluation is required to extract it. In other 

cases, it is a question of preference. For instance, how should a computer be assembled to maximize its 

clock rate and energy conservation? In the state space of hardware and their configurations, several 

different assemblies are possible, where none can be claimed to be the best. Clearly, with today’s 

technology, there exist a conflict of interests in that assembly. To illustrate, figure 4 depicts the two 

conflicting objectives to be maximized. 

 
Figure 4. An example of a multiobjective optimization problem with two conflicting objectives. One objective is 

to maximize the clock rate, whereas the other is to maximize energy conservation.  The solutions on the curved line 

is pareto optimal, i.e., no other solution dominates them. Furthermore, the figure depicts a solution x and all solutions 

dominated by x. 

In figure 4, every circle in the 2D-space represents a possible assembly (i.e., a solution for the given 

problem). Figure 4 illustrates that assemblies with higher energy conservation will affect the clock rate 

negatively. Similarly, the figure illustrates that faster computers require more power. Furthermore, the 

MOP for this task was bivariate, because it only had two objectives. Of course, MOPs can also be 

multivariate with several conflicting objectives to consider. The concept remains the same, but the state 

space of solutions is harder to visualize. Also, figure 4 depicts the key concepts of a MOP [24], which 

are defined as follows:  

 

• Domination: A solution 𝑥1  dominates another solution 𝑥2  if at least one objective of  𝑥1  is 

better than 𝑥2, and none of the objectives of 𝑥1 is worse than the objectives of 𝑥2. Additionally, 

a solution is said to be non-dominated if no solution dominates it. 

 

• Pareto optimal: The property that any further improvement of an objective will deteriorate the 

others. As a result, the conflicting objectives of a pareto optimal solution is utilized as 

effectively as they can be (no other solution exist that is better in all objectives, hence, making 

the solution attractive to consider for further evaluation). Additionally, a pareto optimal solution 

is a non-dominated solution. 

 

• Pareto frontier: The set of pareto optimal solutions for the given optimization problem. This 

set, when graphed, builds a frontier containing the pareto optimal solutions, which separate the 

dominated solutions from the unreachable.  

 

Thus, a multiobjective evolutionary algorithm (MOEA) is an algorithm that extract the pareto optimal 

solutions from a MOP, using the canonical operations of an EA. The intent of a MOEA [24] is to 

converge to the pareto frontier while maintaining diversity in its solutions. (i.e., a set of solutions that is 

evenly distributed over the frontier, which will yield different configurations, all of which is pareto 

optimal, and hence, interesting to evaluate). 
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2.4.1. NSGA  

The Non-dominated sorting genetic algorithm (NSGA) was introduced by Srinivas and Deb in [25] and 

was one of the first MOEAs that delivered a set of non-dominated solutions in a single iteration [26]. 

NSGA can be described as an GA with a special fitness calculation method and selection operator. 

Hence, the activity diagram in figure 3 can illustrate NSGA as well, with its characteristics encapsulated 

in the fitness calculation and selection steps. Therefore, to understand NSGA, one must understand how 

the fitness’ are assigned and how the selection for the mating pool are performed.  

 

The fitness value for each solution is based on the concept of domination. Specifically, the NSGA will 

start by extracting all non-dominated individuals from the current population and place them in a front, 

denoted 𝑓1 , where everyone is assigned the same fitness value. Then, a fitness sharing function is 

invoked for the individuals in 𝑓1, which will assign a niching parameter to each of them. Fitness sharing 

provides an estimate (i.e., the niching parameter) of how dense a region of an individual is. It is then 

used prior selection to scale an individual's original fitness to favor less dense individuals [21], which is 

useful for preserving diversity. Then, the individuals of 𝑓1  are ignored and the process repeats, by 

extracting the next non-dominated individuals and places them in a front 𝑓2. This process continues until 

the entire population has been sorted into fronts, with one modification for each iteration, namely the 

fitness assignment. It is important that the individuals in a front 𝑓𝑖 (except 𝑓1) are assigned the fitness 

that were assigned to 𝑓𝑖−1 divided by the highest niching parameter that exist in 𝑓𝑖−1 (which reason will 

become apparent shortly). 

 

After every individual has been assigned a fitness based on their front and a niching parameter, the 

selection process can occur. NSGA uses a stochastic remainder selection (see equation 3 – 4) with fitness 

sharing, that is, the fitness assigned to an individual is scaled by the individuals niching parameter prior 

selection. Because the individuals of a higher front have a lower fitness than the most dense individual 

in a lower front, non-dominated solutions are transferred to the mating pool in higher quantities. 

Furthermore, the NSGA uses a generational replacement model without elitism. 

2.4.2. NSGA-II 

NSGA was criticized [26] for its computational complexity, its non-elitism approach and the need for 

user-supplied information for the fitness sharing method. Consequently, Deb introduced NSGA-II [26] 

which solved all these problems and has become a widely popular, state-of-the-art MOEA [24] for 

solving MOPs. To understand NSGA-II, the concepts of non-dominated sorting and crowding distance 

must first be understood. Therefore, these concepts are first described in subsections 2.4.2.1 and 2.4.2.2 

before explaining the main algorithm in 2.4.2.3. 

2.4.2.1. Non-dominated sorting 

As NSGA, NSGA-II also uses the concept of domination to sort its population into different fronts, 

denoted by the set 𝑭 = {𝑓1, 𝑓2, … , 𝑓𝑚}, where 𝑚 ∈ [1, 𝑛] and 𝑛 is the population size. Specifically, all 

the non-dominated solutions for an arbitrary generation are placed into 𝑓1 and are assigned a rank of 1. 

Next, the solutions in 𝑓1 are ignored and the process repeats by placing the remaining non-dominated 

solutions in 𝑓2 which are assigned a rank of 2. This continues until the entire population is sorted into 

fronts, and thus, if the population consists only of non-dominated solutions 𝑭 = {𝑓1}, where |𝑓1| = 𝑛, or 

conversely, if all of the solutions are linearly dependent 𝑭 = {𝑓1, 𝑓2, … , 𝑓𝑛}, where all fronts contains 

only one solution. A lower rank (which is equivalent to the front) indicate a less dominated solution. 

2.4.2.2. Crowding distance 

The crowding distance approximates how many solutions are in a solution’s proximity. A higher 

crowding distance indicate that a solution is located in a less crowded area, and hence, is a better choice 

in the selection and recombination steps for maintaining diversity in the population. The crowding 

distance considers only the solutions in the same front, therefore, to calculate the crowding distance for 

all solutions, each front must be evaluated separately. The pseudocode for the crowding distance 

assignment is listed in algorithm 1. 
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Algorithm 1: Crowding Distance Assignment 

INPUT: a front 𝑓 = {𝑠1, 𝑠2, … , 𝑠𝑘}, where 𝑘 denotes the number of solutions in 𝑓 

for 𝑖 = 1 to 𝑘 
 set 𝑓𝑖,𝑐𝑑 ← 0 

for each 𝑜 in 𝑶 

 sort the solutions in 𝑓 in ascending order according to 𝑜 

 set 𝑓1,𝑐𝑑 ← ∞ 

 set 𝑓𝑘,𝑐𝑑 ← ∞ 

 for 𝑖 = 2 𝑡𝑜 𝑘 − 1  
 set 𝑓𝑖,𝑐𝑑 ← 𝑓𝑖,𝑐𝑑 +

𝑓𝑖+1,𝑜−𝑓𝑖−1,𝑜

𝑓𝑘,𝑜−𝑓1,𝑜
 

 

In algorithm 1, the crowding distances for all solutions are obtained for an arbitrary front 𝑓 with size 𝑘. 

The solutions maintained by 𝑓 hold their own objective values and crowding distance, denoted by the 

subscripts 𝑜 and 𝑐𝑑, respectively. The algorithm starts by initializing the crowding distances for all the 

solutions to 0 (to clear obsolete values from previous generations). Then, for each objective 𝑜 that the 

NSGA-II optimizes, the solutions in 𝑓 is sorted in ascending order according to their value of 𝑜. After 

each sort, an infinite crowding distance is assigned to the solutions with the lowest and highest 𝑜-value. 

For the remaining solutions, a normalized crowding distance equal to the distance between the adjacent 

solutions 𝑜-values divided by the difference between the maximum and minimum 𝑜-values is assigned. 

Thus, the crowding distance for a solution, is the sum of the distance between the adjacent solutions for 

each objective 𝑜. 

2.4.2.3. Initialization and Main loop  

To illustrate NSGA-II, an activity diagram is provided in figure 5. The abbreviations NDS and CDA 

represents the non-dominated sorting and crowding distance assignment described earlier, respectively. 
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Figure 5. An activity diagram of NSGA-II. 

 

In figure 5, the activity diagram starts by initializing a random population 𝑷𝑡 of size 𝑛 where 𝑡 denotes 

the current generation. Then, the population is passed to the Objectives function, which executes each 

objective function and assigns the corresponding objective value for each solution. Next, the population 

is passed to the NDS function which returns the sorted population 𝑭 = {𝑓1, 𝑓2, … , 𝑓𝑚} with 𝑚 fronts. 

Then, all fronts are passed one by one to the CDA function which assign the crowding distances to the 

solution in each front (in the initialization phase, this is depicted by sending the entire set 𝑭 which holds 

all fronts). 

 

After the initializing phase, the NSGA-II enters its main loop where the first step is to check the 

termination criteria. In this case, the termination criteria are satisfied after 𝑡𝑚𝑎𝑥 generations have been 

passed. Next, the genetic operations selection, crossover and mutation occurs to create an offspring 

population with size 𝑛. As the activity diagram depicts, a binary tournament selection is used where the 

parents compete by their ranks and crowding distances. The rank is favored, which means that the parent 

with the highest rank wins the tournament. However, if the ranks are equal, the parent with the highest 

crowding distance wins. The motivation for this selection is because better ranks will converge faster to 

the pareto frontier, while a higher crowding distance will maintain diversity in the obtained frontier.  

 

After the offspring population 𝑶 has been produced, the Objectives function is used to get the solutions 

objective values, and then, a combined population 𝑪 of size 2𝑛 is created by taking the union of  𝑷𝑡 and 

𝑶. The combined population is sorted into fronts with the NDS function, and the next generation 𝑷𝑡+1 

is prepared. Now, ∑ |𝑓𝑖|
|𝑭|
𝑖=1  = 2𝑛, whereas the next generation only allows a size of 𝑛. Therefore, only 

the best fronts is added into 𝑷𝑡+1, one by one. Eventually, one front won’t fit completely, and thus, only 

the best solutions that fit is transferred by sorting the front in descending order of the crowding distance 

(depicted with the 𝑆𝑜𝑟𝑡𝐶𝐷 activity) and then just select the first remaining solutions. Therefore, the 

crowding distance is used both in the selection and the recombination step to maintain the diversity in 

the population. Finally, the generation counter is incremented, and the loop repeats until the termination 
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criteria is reached. When the loop terminates, the first front in 𝑭 is returned which contains the pareto 

frontier that the NSGA-II found. 

2.4.3. SPEA2 

The strength pareto evolutionary algorithm 2 (SPEA2) [27] is another common MOEA in the literature 

and to illustrate how it works, an activity diagram is depicted in figure 6: 

 

 

 
Figure 6. An activity diagram over the SPEA2. 

In figure 6, the initialization phase, at generation 𝑡 = 0, starts by creating a random population 𝑷𝑡 of 

size 𝑛 and initializing an external archive 𝑨𝑡  to an empty set. The archive is used to store the best 

solutions that the SPEA2 has found in its search, which incorporates elitism. The cardinalities of the 

archive and the population remains constant during the execution and can be of different sizes. 

 

After the initialization phase, the population is passed to the 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒𝑠 function, which executes each 

objective function and assigns the corresponding objective value for each solution. The next two steps 

are what characterize the SPEA2 and are defined more thoroughly in the subsections, for now, it´s suffice 

to know that the first step assigns a fitness value to each solution based on the union of the current 

population and archive, whereas the next extract the best solutions of the same union for the next 

generation’s archive 𝑨𝑡+1, with respect to its constant size limit. Afterwards, the genetic operations are 

applied, where a mating pool is created with binary tournament selections over 𝑨𝑡+1. This is repeated 

until the next generation’s population 𝑷𝑡+1 are obtained. The loop ends by incrementing the generation 

counter, and the process is repeated until 𝑡𝑚𝑎𝑥  generations have been produced, and all the non-

dominated solutions in 𝑨𝑡+1 are returned.  

2.4.3.1. Fitness assignment  

All individuals in SPEA2 are assigned a scalar fitness value with a domination and a diversity 

component. Therefore, for the 𝑖th individual the fitness can be illustrated as: 

 

𝑖𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑖𝑑𝑜𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛 + 𝑖𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦  

 

To obtain the domination component, a strength value must first be calculated for each individual in the 

union of the archive 𝑨𝑡 and the population 𝑷𝑡 for an arbitrary generation 𝑡. Algorithm 2 can be used to 

obtain the strength value for the 𝑖th individual: 
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Algorithm 2: Calculate Strength Value 

INPUT: an individual 𝑖 and a set 𝑺 = {𝑨𝑡 ∪ 𝑷𝑡}, where 𝑖 ∈  𝑺 

set 𝑖𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ ← 0 

for each 𝑠 in 𝑺 
 if 𝑖 dominates 𝑠 then 𝑖𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ ← 𝑖𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ + 1 

 

When all the strength values for the individuals in {𝑨𝑡 ∪ 𝑷𝑡} are determined, the actual domination 

component can be calculated with algorithm 3 which is in SPEA2 called the raw fitness: 

 

Algorithm 3: Calculate Raw Fitness 

INPUT: an individual 𝑖 and a set 𝑺 = {𝑨𝑡 ∪ 𝑷𝑡}, where 𝑖 ∈  𝑺 

set 𝑖𝑟𝑎𝑤 ← 0 

for each 𝑠 in 𝑺 
 if 𝑠 dominates 𝑖 then 𝑖𝑟𝑎𝑤 ← 𝑖𝑟𝑎𝑤 + 𝑠𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ 

 

That is, the raw fitness for the 𝑖th individual is the sum of the strength values of all individuals that 

dominates it. If the raw fitness for 𝑖 = 0, then 𝑖 is non-dominated. Next, the diversity component is 

obtained by algorithm 4: 

 

Algorithm 4: Calculate diversity 

INPUT: an individual 𝑖, a set 𝑺 = {𝑨𝑡 ∪ 𝑷𝑡} and a 𝑘 value, where 𝑖 ∈  𝑺 

set 𝑙 ← ∅ 

for 𝑗 = 1 to |𝑺| 
 set 𝑙𝑗 to the Euclidean distance from 𝑖 to 𝑺𝑗 

sort 𝑙 in ascending order 

set 𝑖𝑑𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦 ←
1

𝑙𝑘+2
  

 

In algorithm 4, all the Euclidean distances from 𝑖 to all other individuals in {𝑨𝑡 ∪ 𝑷𝑡} are calculated and 

stored in a list 𝑙 that is sorted in ascending order. Then, the 𝑘th element in 𝑙 is used to determine the 

diversity of 𝑖 by taking the inverse of 𝑙𝑘 + 2. The inverse is taken because a lower fitness indicates a 

better solution, while a higher value of 𝑙𝑘 also indicates a better solution (i.e., its less crowded), thus, the 

diversity component must be interpreted as the lower the value, the better the diversity. Additionally, 2 

is added in the denominator to ensure a diversity component in the range (0, 1). This range ensures that 

all non-dominated solutions will have a fitness value < 1, and hence, can easily be extracted by sorting 

the population according to the fitness. 

 

In figure 6, the fitness assignment for all individuals is depicted by the 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 function, which takes 

the union {𝑨𝑡 ∪ 𝑷𝑡} as input. 

2.4.3.2. Environmental selection 

The environmental selection is the process of extracting the most fit solutions of the union {𝑨𝑡 ∪ 𝑷𝑡} to 

the next generation’s archive 𝑨𝑡+1 . This is accomplished by sorting {𝑨𝑡 ∪ 𝑷𝑡}  in ascending order 

according to the fitness, and then, transferring all non-dominated solutions which has a fitness value <
1. Afterwards, several scenarios are possible: |𝑨𝑡+1| = 𝑛𝑎,  |𝑨𝑡+1| < 𝑛𝑎 , or |𝑨𝑡+1| > 𝑛𝑎 , where 𝑛𝑎 

denotes the limit of the archive. For the first case, when the cardinality of the archive is equal to the 

limit, the environmental selection is completed. In the second case, when the cardinality is less than the 

limit, the best dominated solutions will be transferred until |𝑨𝑡+1| = 𝑛𝑎. This can be done by transferring 

the remaining solutions from the sorted union starting at fitness ≥ 1. In the third case, however, the 

situation is reversed, and solutions must be removed. In SPEA2, this removal process is described as 

invoking the truncation operator, which calculate all individuals’ distances to all other individuals, and 

removes the one with the minimum distance to another. Of course, at least two individuals will have the 

same minimum distance (i.e., the distance to each other), so the next minimum distance is evaluated for 

those individuals, and so forth, until the appropriate one is found, and removed. By using this truncation 

operator, boundary solutions will always be kept in the archive; if the minimum distance between two 
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solutions is found nearest the boundary, the second distance calculation will save the boundary solution. 

To illustrate further, given the definitions in this section, the pseudocode is given by algorithm 6: 

 

Algorithm 6: Environmental selection 

INPUT: a set 𝑺 = {𝑨𝑡 ∪ 𝑷𝑡} 

set 𝑙 ← ∅ 

set 𝑖 ← 1 

sort 𝑺 in ascending order according to fitness 

while fitness of 𝑺𝑖 < 1 do 
  set 𝑙𝑖 ← 𝑺𝑖 

 set 𝑖 ← 𝑖 + 1 

while |𝑙| < 𝑛𝑎 do 
 set 𝑙𝑖 ← 𝑺𝑖 

 set 𝑖 ← 𝑖 + 1 

while |𝑙| > 𝑛𝑎 do 

 Invoke truncation operator 

return 𝑙  

 

In figure 6, the abbreviation ES stands for environmental selection, which takes, for each generation, 

{𝑨𝑡 ∪ 𝑷𝑡} as input and returns the next generation’s archive 𝑨𝑡+1. 
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3. Related work 

An MI EEG-based BCI system contains several steps which includes the recording of the EEG activity, 

signal pre-processing, feature extraction (i.e., creating useful features from the processed signal), feature 

selection and classification. These steps are dependent on each other which increase the complexity of 

BCI because comparisons between different methods can’t be made if not all steps are performed in the 

same way. [1]. 

 

A recent work [9] emphasized this complexity and provided an evaluation of several feature selection 

methods tested with different classifiers. Among the feature selection methods, several filters and a 

wrapper implemented as a GA was evaluated, and for the classifiers, SVM was included. The dataset 

contained samples from one subject performing MI tasks of left- and right-hand movements, recorded 

from two central electrodes, C3 and C4, over 7 seconds. The obtained signals, one for each electrode, 

was decomposed into 8 frequency sub-bands between 0 – 32 Hz, where 9 features were extracted from 

each second, which resulted in 126 features. The result showed that SVM had best performance for all 

the filters, indicating that SVM generalizes well. However, the wrapper outperformed all filters for all 

classifiers, which the authors expected because a wrapper adapts the model to the training data. A 

disadvantage for the wrapper is the possibility of overfitting the model, which would decrease the 

performance for novel data. Nevertheless, the study reported an average accuracy calculated over all 

classifiers for the wrapper with a mean±std of 91.52±1.76% in a test set. A similar work [10] that 

classified MI activities of left- and right-hand movements with a GA wrapper and features extracted 

from the C3 and C4 electrodes obtained different results for three different subjects. The work reported 

an average SVM classification accuracy of 81.63±2.63% in their test set, with a largest difference of 

6.4%, suggesting that reporting the results for one subject cannot provide general conclusions. 

Additionally, they reported that all the subjects received higher accuracies when the wrapper was 

applied.  

 

Another study [12] tried to differentiate between a MI activity and a rest state (i.e. not performing a MI 

activity). The dataset contained samples from 6 subjects, each performing 120 trails of each class. The 

extracted features consisted of spectral powers of 30 frequency sub-bands between 2 – 60 Hz, recorded 

from 42 electrodes (AFz, Fz, F1-4, FCz, FC1-6, Cz, C1-6, CPz, CP1-6, Pz, P1-6, POz, PO3-4, PO7-8, 

Oz, O1-2). The spectral power for each sub-band was averaged every 25ms of the EEG recording which 

lasted for 1000ms, and thus, resulting in 40 consecutive temporal features for each channel and 

frequency. Therefore, spatial, spectral and temporal features were incorporated, which are the most 

common in BCI systems [28]. However, as feature selection, a hierarchical GA (HGA) was used, which 

allowed the removal of all spatial information from a channel, and, the removal of all temporal 

information from a specific sub-band if the corresponding channel was selected. However, the HGA was 

not implemented as a wrapper as in [9] and [10], but as a filter to avoid overfitting the model, which is 

more likely with the increased feature set [18].  

 

The authors hypothesized that temporal features could lead to higher model prediction accuracy, which 

is in accordance with the results from two other papers. In [13] and [14], the authors tried to determine 

the most discriminative time and frequency sub-bands for different subjects. In [13], the EEG activity 

was recorded from two central electrodes, C3 and C4, and decomposed into 25 frequency sub-bands 

between 6 – 32 Hz (overlapped with 1 Hz). In [14], C3, Cz and C4 was used as recording channels and 

decomposed into 9 frequency sub-bands between 4 – 40 Hz. Both studies concluded that temporal 

features increase model prediction accuracy, and furthermore, varies for each subject, suggesting that 

temporal features are important in BCI systems. However, these studies selected a fixed time interval 

for each channel and frequency sub-band, whereas the HGA in [12] allowed the selection of multiple. 

Futhermore, the study in [12] provided a comparison of how temporal dynamics influence SVM 

classification accuracy. This was accomplished by applying the HGA on 4 different feature sets created 

from the extracted features, by averaging consecutive time steps 5, 10, 20 and 40 times. Hence, averaging 

5 times resulted in 8 selectable temporal features, whereas averaging 40 times removed the temporal 

dynamics. The results showed that more temporal features increased the classification accuracy. 

However, if it’s because that temporal dynamics contain valuable information, or because of the 

increased feature set, cannot be concluded. Nevertheless, the results in [13], [14] do provide significance 

to the former.  
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The GAs in the previous studies [9], [10], [12] maximized either the training set accuracy or the merit 

of a filter. In fact, the objective function in [12] maximized the linear combination of a CFS merit and 

the amount of feature reduction, with intent to decrease computational times. For similar reasons, other 

studies [29], [11] have applied a MOEA as the feature selection method. In [29], the authors provided a 

comparison between a generational GA (with elitism), a steady-state GA and NSGA-II, in selecting the 

best channels for differentiate between hand and foot MI activities, from two different datasets both 

recorded with 118 electrodes which contained samples from 5 and 1 subjects, respectively. The fitness 

of the solutions for the generational and steady-state GAs was the training set accuracy which were 

penalized in proportion to the number of used channels, whereas NSGA-II minimized error rate in the 

training set and channels as two separate objectives. The authors provided two different comparison 

between the GAs, the test set accuracies and the number of used channels. However, for these 

comparisons, two different solutions in the pareto frontier for NSGA-II were used. For the accuracies, 

the best performing solution was selected, whereas for the number of channels, the solution with the 

most channels were selected. The results for the average accuracies for the first dataset for the 

generational GA, steady-state GA and NSGA-II was 82.53%, 82.39% and 83.53%, with an average 

number of used channels of 19.6, 21.5 and 13.5, respectively. For the second dataset, the results were 

74.26%, 74.24% and 74.57%, with an average number of used channels of 18.4, 16.7 and 10. 

Interestingly, NSGA-II reduced the number of channels more than the generational and steady-state 

GAs, for both datasets, even when the solution with the most channels was selected for the comparison. 

Futhermore, they concluded that the selected channels were mainly over the sensorimotor cortex, with a 

higher distribution for the odd numbered electrodes (which are placed on the left side of the scalp) for 

all subjects. 

 

The implemented NSGA-II in [29] was also used as a baseline method in a study [30] which proposed 

a BCI framework for pre-processing, feature extraction and channel selection. Two other baselines 

constituted static configurations of central electrodes. The first was C3 and C4, whereas the other was 

C3, Cz and C4. The result showed that NSGA-II obtained better performance than the static 

configurations for two different MI datasets recorded with 118 and 59 channels, indicating that a high 

spatial resolution can be favorable in MI classification.  
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4. Problem formulation 

In this study, a MOEA was used as feature selection to classify EEG-based MI activities as an MI activity 

or not (i.e., a rest state). The primary goals of this study were to (1) compare how different combinations 

of objective functions preform regarding model prediction accuracy, number of used features and 

computational time, (2) evaluate the relationship between the specific objective pair and how they 

influence model prediction accuracy, (3) investigate how model prediction accuracy, number of used 

features and computational time changes when a linear combination of the individual objectives is used. 

The research questions are as follows: 

 

1. How can a suitable combination of objective functions be identified for a multiobjective 

evolutionary algorithm in classifying neural oscillations to a motor imagery activity? 

 

2. How does the relation between different objective functions in a multiobjective evolutionary 

algorithm influence the classification of neural oscillations to a motor imagery activity? 

 

3. How does multiobjective optimization compare to a linear combination of individual 

objectives in classifying neural oscillations to a motor imagery activity? 

 

To further contribute to the vast applicability that MI EEG-based BCI systems have by evaluating 

different objectives with the novel hierarchical structure presented in [12] is the contributions and 

motivations for this work. 

4.1. Limitations 

Two major limitations exist in this study: First, the dataset that were used contained samples form 6 

subjects. This limits general conclusions because spatial and temporal features are subject-specific [13], 

[14]. Secondly, the conclusions are only valid for the evaluated feature sets and limits direct comparisons 

with similar research with other feature sets. Additionally, an EEG recording yields a vast number of 

features which limits the choice of classifier which must work with a low ratio of samples to features. 
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5. Research method 

The research questions in this study were answered by several complementary research methods. First, 

a literature study was performed to gain knowledge on various MOEAs that could be used for feature 

selection to classify MI. Additionally, a study was performed on feature selection to gain knowledge of 

suitable objectives that could provide the merit of a feature subsets, and hence, constitute one of the 

objectives. Secondly, experiments were conducted that evaluated all pairwise combinations of the 

objectives. The primary performance metric was test set accuracy, but computational times and number 

of features were also recorded to enable the comparisons. Thirdly, the MI dataset that was used contained 

only 240 samples for each subject, which only a fraction could be used for testing. Therefore, to ensure 

validity in the outcome of the experiments, a 10-fold cross validation was used. Finally, the correlation 

between the pairwise objective values and their individual values to model prediction accuracy were 

calculated with Pearson’s correlation coefficient and a two-tailed significance test were conducted to 

reject (or don’t reject) the null hypothesis. 
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6. Ethical and societal considerations 

The MI dataset that we used in this study are confidential and was provided by [12]. To ensure the 

subjects integrity, all the names, identifications and other information that can relate the data to a subject 

were removed by the authors in [12] before providing it. Otherwise, no ethical or societal considerations 

are considered. 

 



 

 

 

 
27 

 

Mälardalen University Christoffer Parkkila 

  

7. System design and implementation 

In this section, the conducted research will be delineated to enable reproduction of the outcomes. In 

Section 7.1, we will describe the EEG recording, pre-processing and feature extraction steps that were 

applied to obtain the MI dataset. In section 7.2, we will motivate the choice of the MOEA that was used 

for feature selection and give its implementation and parameter settings. In section 7.3, the objective 

functions that the MOEA used are denoted, and finally, in section 7.4, we describe how the samples 

were classified. 

7.1. Data pre-processing and feature extraction 

The dataset that we used in this study were recorded and pre-processed by [12], which also provided the 

extracted features. The samples were recorded from 6 subjects performing two different MI activities of 

either closing or extending the hand. During the recordings, the subjects were seated in front of a screen 

which provided instructions throughout the trials. The trials started by visual and auditory information 

of which MI activity to perform (4 seconds duration) followed by a visual fixation point (2 seconds 

duration). Afterwards, an auditory cue designated the start of the activity, where the subjects were 

instructed to fulfill the MI activity and to keep the final visualization in their minds (4 seconds duration). 

Each of the two MI activities was performed 60 times for each subject.  

 

The EEG oscillations were recorded with 64 Ag/AgCI electrodes. However, only 42 were selected for 

pre-processing: AFz, Fz, F1-4, FCz, FC1-6, Cz, C1-6, CPz, CP1-6, Pz, P1-6, POz, PO3-4, PO7-8, Oz, 

O1-2. The sample rate was 1000 Hz and the obtained data were bandpass-filtered between 1-100 Hz and 

spatially filtered with surface Laplacian. Afterwards, the spectral power of 30 frequency sub-bands 

between 2 – 60 Hz were calculated with Morlet Wavelets, and finally, down-sampled to 40 Hz and 

normalized into [0, 1]. From this set of sample points, data were retrieved for two classes which were to 

be classified. The first class correspond to a rest state, and 40 sample points for the class were taken 

before the auditory cue which designated the start of the MI activity. The second class correspond to an 

MI activity (i.e., the two different MI activities were classified as one), and 40 samples points for the 

class were taken after the cue.  

 

After the pre-processing, the number of extracted features for each sample were 50400. However, from 

this feature set, 4 different subsets were created by averaging consecutive sample points in each 

frequency sub-band 5, 10, 20 and 40 times. Hence, averaging 5 times resulted in 8 temporal features for 

each channel-frequency pair, whereas averaging 40 times just resulted in one power-value for each 

channel-frequency pair. The different subsets will further be denoted in this study with the same 

notations as [12], which are: 

 

• WS-40: Window size 40, averaged 40 times, and hence, contains 1 temporal feature for each 

channel-frequency pair, and a total of 1260 features. 

• WS-20: Window size 20, averaged 20 times, and hence, contains 2 temporal features for each 

channel-frequency pair, and a total of 2520 features. 

• WS-10: Window size 10, averaged 10 times, and hence, contains 4 temporal features for each 

channel-frequency pair, and a total of 5040 features. 

• WS-05: Window size 5, averaged 5 times, and hence, contains 8 temporal features for each 

channel-frequency pair, and a total of 10080 features. 

 

For more detailed information of the EEG recording, pre-processing and feature extraction processes, 

see [12]. 
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7.2. Feature selection with a MOEA 

In this study, we only considered MOPs consisting of two objectives to facilitate the evaluations. For 

this purpose, we decided to implement NSGA-II as the MOEA for feature selection. The decision was 

based on several reasons: First, a survey [31] from 2017 concluded that domination-based MOEAs 

(including NSGA-II and SPEA2) are most advanced in solving MOPs consisting of two or three 

objectives. Secondly, another survey [32] compared several MOEAs and recommended NSGA-II for 

the evaluated bivariate problems and SPEA2 for the higher dimensional problems. Thirdly, NSGA-II is 

the most used MOEA [24] and have been applied in similar research [29], [11] in classifying EEG-based 

MI activities. However, more importantly, the best performing MOEA seems to depend on the MOP 

itself [33] and the parameter settings, as were demonstrated in [11], which evaluated NSGA-II with 

different settings in classifying MI. This suggest that the choice should be decided after an experimental 

phase of the MOEAs on the specific MOP. However, due to insufficient computational power, we were 

limited to select a MOEA based on the literature, and hence, NSGA-II was chosen. 

7.2.1. Implementation 

We implemented NSGA-II as described in section 2.4.2 whereas the representation, initialization, 

crossover, mutation and constraints were implemented as [12] to enable a comparison of our 

multiobjective implementation against the linear combination of the individual objectives that were used 

in [12]. Futhermore, for this purpose, the same parameter settings were used: 

 

• Population size: 15 

• Generation limit: 3000 

• 𝑃𝑐 = 0.5 

• 𝑃𝑚1 = 0.05 

• 𝑃𝑚2 = 0.01 

• 𝑃𝑚3 = 0.1 

 

where 𝑃𝑐, 𝑃𝑚1, 𝑃𝑚2, 𝑃𝑚3 denotes the probabilities for crossover and mutations (which will be used when 

their implementations are explained). In [12], an individual was represented by a hierarchical structure 

which is illustrated in figure 7: 

 

 
Figure 7. A hierarchical structure of the representation of an individual (i.e., a feature subset). Layer 1 correspond 

to the 42 EEG recording channels. Layers 2 correspond to the 30 frequency sub-bands for each channel. Layer 3 

correspond to the temporal power-values for each channel-frequency pair. T denotes the number of temporal features 

for the evaluated feature set of WS-40, WS-20, WS-10 or WS-05, with 1, 2, 4 and 8 temporal features, respectively. 

In figure 7, the three layers 1, 2 and 3 corresponds to the channels, frequencies for each channel and the 

temporal features for each channel-frequency pair, respectively. The hierarchical representation of an 

individual is used as a lookup-table into the MI dataset to retrieve its feature subset. Each node in each 

layer consist of either 0 or 1, which indicates exclusion or inclusion. If a channel in layer 1 has a value 
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of 0, none of its frequency sub-bands temporal features are included. Similarly, if a sub-band in layer 2 

has a value of 0, none of its temporal features are included. And of course, if a temporal feature in layer 

3 has a value of 0, its excluded. To explain the remaining parts of the implementation, a vectorized form 

of the hierarchy in figure 7 will be used to provide some definitions: 

 

 𝑿 =  {𝑥1, 𝑥2, … , 𝑥𝑖 , … 𝑥42}, where 𝑥𝑖 ∈ {0, 1} (Layer 1) 

 𝒀𝑖 = {𝑦1, 𝑦2, … , 𝑦𝑗 , … , 𝑦30}, where 𝑦𝑗 ∈ {0, 1} (Layer 2) 

 𝒁𝑖𝑗 = {𝑧1, 𝑧2, … , 𝑧𝑘 , … , 𝑧𝑡}, where 𝑧𝑘 ∈ {0, 1} and 𝑡 ∈ {1, 2, 4, 8} (Layer 3) 

 

where 𝑿 is the channel vector, 𝒀𝑖 is the vector of frequencies for the 𝑖𝑡ℎ channel and 𝒁𝑖𝑗  is the vector 

which contains the temporal features for the 𝑖𝑡ℎ channel and 𝑗𝑡ℎ sub-band, containing 1, 2, 4 or 8 features 

depending on the used feature set (i.e., WS-40, WS-20, WS-10 or WS-05). 

 

Initialization: The individuals in the initial population are randomly generated. Specifically, all the 

channels, frequencies for each channel and temporal features for each channel-frequency pair have a 

50% chance to be selected or deselected (i.e., to be assigned a value of 0 or 1). After this initialization, 

all frequency sub-bands for each deselected channel are also deselected.  

 

Crossover: The implemented crossover iterates all layers of the hierarchical representation over two 

parents, 𝐴 and 𝐵, and recombine their genes to produce an offspring 𝑂 as illustrated in algorithm 7: 

 

Algorithm 7: Crossover 

INPUT: two parents 𝐴 and 𝐵 

for 𝑖 = 1 to 42 

 for 𝑗 = 1 to 30 

 for 𝑘 = 1 to 𝑡 

 if 𝑟 < 𝑃𝑐 then 𝑂𝑧𝑖𝑗𝑘
← 𝐴𝑧𝑖𝑗𝑘

 else 𝑂𝑧𝑖𝑗𝑘
←  𝐵𝑧𝑖𝑗𝑘

 

 if 𝑟 < 𝑃𝑐 then 𝑂𝑦𝑖𝑗
← 𝐴𝑦𝑖𝑗

 else 𝑂𝑦𝑖𝑗
←  𝐵𝑦𝑖𝑗

 

 if 𝑟 < 𝑃𝑐 then 𝑂𝑥𝑖
← 𝐴𝑥𝑖

 else 𝑂𝑥𝑖
←  𝐵𝑥𝑖

 

return 𝑂 

 

In algorithm 7, 𝑃𝑐 is the constant probability for selecting the gene of parent 𝐴 for all layers (which is 

defined in the beginning of this section). 𝑟 is a random value in the range [0, 1] which recalculates in 

every statement it is used in. The subscripts of the individuals denote their indexed layers.  

 

Mutation: The implemented mutation iterates all layers of the hierarchical representation for the 

produced offspring 𝑂 in algorithm 7, as illustrated in algorithm 8: 

 

Algorithm 8: Mutation 

INPUT: an offspring 𝑂 

for 𝑖 = 1 to 42 

 for 𝑗 = 1 to 30 

 for 𝑘 = 1 to 𝑡 

 if 𝑟3 < 𝑃𝑚3 then 𝑂𝑧𝑖𝑗𝑘
← (1 − 𝑂𝑧𝑖𝑗𝑘

)  

 if 𝑟2 < 𝑃𝑚2 then 𝑂𝑦𝑖𝑗
← (1 − 𝑂𝑦𝑖𝑗

)  

 if 𝑟1 < 𝑃𝑚1 then 𝑂𝑥𝑖
← (1 − 𝑂𝑥𝑖

)  

return 𝑂 

 

In algorithm 8, an offspring 𝑂 is mutated by inverting its genes randomly. 𝑟 is a random value in the 

range [0, 1] which recalculates in every statement it is used in. 𝑃𝑚3 , 𝑃𝑚2, and 𝑃𝑚1 , are the constant 

probabilities for inverting the genes in layer 3, 2 and 1, respectively (which is defined in the beginning 

of this section). The subscripts of the individuals denote their indexed layers. 
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Constraints: The following constraints are applied in the given order for each individual in the initial 

population and on each new offspring that is created: 

 

1. If no channels are selected, then select one randomly and select a random frequency sub-band 

for the selected channel. 

 

2. If no frequency sub-bands are selected for any selected channel, then select a random sub-band 

for each selected channel. 

 

3. If no temporal features are selected for a selected frequency sub-band, then select a random 

temporal feature for the sub-band. 

 

4. For each frequency sub-band that is not selected, deselect all its temporal features. 

 

This implies that if step 1 is true, then step two is false. These constraints will enforce that all solutions 

contain appropriate features. 

7.3. Evaluated objective functions 

The evaluated objective functions and their notations that will be used further in the study are as follows:  

 

• PCFS: A CFS objective implemented with Pearson’s correlation coefficient. Pearson’s 

correlation calculates the linear relationship between two variables, 𝑥  and 𝑦 , in the range 

[−1, 1]. If y increase as x increase, the correlation is positive. On the other hand, if y decrease 

as x increase, the correlation is negative. The absolute value of the correlation is the strength of 

the association between the variables, where 1 means a perfect linear relationship. Equation 1 

in section 2.2 can be used to implement CFS with Pearson’s correlation coefficient.  

 

• SCFS: A CFS objective implemented with Spearman’s rank correlation coefficient. 

Spearman’s correlation calculates the monotonic relationship between two variables, 𝑥 and 𝑦, 

in the range [−1, 1]. As for PCFS, if y increase as x increase, the correlation is positive, and if 

y decrease as x increase, the correlation is negative. However, a monotonic relationship is more 

general than a linear, and indicate how often 𝑥  and 𝑦 tend to change together. That is, an 

absolute correlation value of 1 don’t mean a perfect linear relationship, but rather, that a change 

in 𝑥 leads to a change in 𝑦. Equation 1 in section 2.2 can be used to implement CFS with 

Spearman’s rank correlation coefficient. 

 

• SVM: A wrapper objective that increase the prediction accuracy on the training set. The 

objective value was obtained by training a SVM model on 80% of the training set, and then 

validating it on the remaining 20%. The training and validation samples were randomly selected 

for each evaluated feature subset. 

 

• FR: The amount of feature reduction. The objective value was obtained by calculating: 

 

𝐹𝑅𝑣𝑎𝑙𝑢𝑒 = 1 −
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 𝑖𝑛 𝑠𝑢𝑏𝑠𝑒𝑡

|𝑤𝑠|
 

 

where |𝑤𝑠| is the cardinality of the currently evaluated feature set, defined in section 7.1, and 

the numerator is the number of features in the subset being evaluated. Thus, 𝐹𝑅𝑣𝑎𝑙𝑢𝑒  will be 

the amount of feature reduction. 

 

We implemented NSGA-II as a maximization problem, and thus, every objective was to be maximized 

in the range [0, 1] . We used all pairwise combinations as the objectives, and thus, 6 different 

combinations were evaluated, which are denoted as: 
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• PCFS – FR  

• PCFS – SVM  

• PCFS – SCFS 

• SCFS – FR 

• SCFS – SVM 

• SVM – FR  

7.4. Classification 

The experiments were conducted in MATLAB R2018b which provides a function that trains a binary 

SVM classifier that we used: 

 

𝑚𝑜𝑑𝑒𝑙 = 𝑓𝑖𝑡𝑐𝑠𝑣𝑚(𝑋, 𝑌) 

 

where 𝑋 contains the training samples and 𝑌 contain the class labels for the samples. By just providing 

a training set and the class labels the returned 𝑚𝑜𝑑𝑒𝑙 is built with the default settings (i.e., a linear 

kernel). The reason why we used SVM as the classifier is because it only relies on a few samples to 

construct a hyperplane [17] and thus can still provide good model prediction accuracy even with a small 

training set. The final results for the experiments were obtained by a 10-fold cross-validation where all 

objective functions were calculated against the current training fold to prevent a biased model. The two 

classes that were classified was: 

 

• MI: An MI activity consisting of two different MI activities of closing or extending the hand. 

• Rest: A rest state which preceded an MI trial.  

 

More details of how these classes were created can be seen in section 7.1 and in [12]. 
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8. Results 

In this section, we will present, analyze and compare the evaluated objective functions which were 

explained in section 7.3. A reference figure of the results without feature selection and no averaging of 

consecutive features into different time windows are shown in table 1. 

 
Table 1. Performance metrics with SVM using no feature selection or data reduction. 

Accuracy is in percentages and computational time in seconds. 

Subjects Number of features Accuracy Computational time 

A 50400 74.17 1.598 

B 50400 85.42 1.772 

C 50400 70.83 1.880 

D 50400 72.08 1.499 

E 50400 85.00 1.333 

F 50400 89.17 1.349 

AVG 50400 79.45 1.572 

 

In table 1, the model prediction accuracy and the respective computational time for each subject are 

shown for the SVM classifier using all the 50400 features. The mean accuracy is 79.45% with standard 

deviation σ = 6.73%, which can indicate subject specific neural oscillations or differences between 

trials and the subject’s overall performance.  

 

The remainder of this section is organized as follows: In section 8.1, we will present the results of how 

each pairwise combination of the objectives performs regarding accuracy, number of used features and 

computational time. In section 8.2, we will present the results of how the objectives relate with each 

other and with model prediction. In section 8.3, the channel – frequency distributions which NSGA-II 

used are shown, and finally, in section 8.4, the obtained results will be compared with the reported results 

in [12]. 
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8.1. Comparison between the evaluated objective functions 

In the following tables, 2 – 5, the results for model prediction accuracy, number of features, feature 

reduction and computational time are shown, respectively, for each objective combination and window 

size. The results are the mean values for all subjects, for subject specific results, see appendix A. The 

columns Best, Avg and Worst for one subject is obtained by a 10-fold cross-validation, where the 

columns for each 𝑘-fold represent: 

 

• Best: The value of the solution with the highest classification accuracy in the pareto frontier. 

• Avg: The mean value of all solutions in the pareto frontier. 

• Worst: The value of the solution with the lowest classification accuracy in the pareto frontier. 
 
For example, in table 3, the Best columns represents how many features that the solution with the highest 

classification accuracy are using, and table 5 shows its computational time. 

 
Table 2. Best, average and worst accuracies obtained by a 10-fold cross-validation for the solutions (i.e., the feature 

subsets) in the pareto frontiers for each combination of objective function. The values are in percentages. 

Objectives W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

PCFS – FR  80.21 72.90 65.21 81.25 69.97 57.29 82.29 70.37 57.01 83.26 70.72 56.18 

PCFS – SVM  78.40 70.69 62.50 80.63 72.82 64.03 81.53 73.95 65.76 81.88 75.04 67.78 

PCFS – SCFS  75.83 72.27 68.82 76.88 72.00 67.01 77.99 72.89 67.71 76.81 72.49 67.99 

SCFS – FR  80.00 71.99 63.33 81.60 69.40 57.15 83.06 69.95 56.18 82.29 69.91 56.25 

SCFS – SVM  76.94 70.57 63.47 79.03 71.63 64.38 82.15 74.85 67.64 81.53 73.42 64.72 

SVM – FR  78.40 69.28 60.00 78.68 68.18 57.43 77.29 65.65 53.54 79.38 68.01 56.25 

 
Table 3. Number of features used by the best, average and worst solutions reported in table 2. 

Objectives W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

PCFS – FR  116 114 114 216 216 217 364 360 354 659 636 617 

PCFS – SVM  297 293 292 559 559 559 832 833 832 1460 1462 1458 

PCFS – SCFS  225 225 225 545 546 545 825 827 826 1487 1486 1484 

SCFS – FR  114 114 112 215 216 217 365 361 358 648 643 633 

SCFS – SVM  303 297 296 562 562 561 830 829 825 1502 1506 1504 

SVM – FR  136 134 136 240 237 236 356 357 356 598 599 586 

 
Table 4. Feature reduction in percentages for by the best, average and worst solutions reported in table 2. 

Objectives W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

PCFS – FR  90.82 90.91 90.92 91.42 91.41 91.38 92.78 92.86 92.98 93.47 93.69 93.88 

PCFS – SVM  76.45 76.76 76.86 77.80 77.80 77.83 83.48 83.48 83.48 85.51 85.50 85.54 

PCFS – SCFS  82.17 82.16 82.16 78.37 78.35 78.36 83.63 83.58 83.61 85.25 85.26 85.28 

SCFS – FR  90.99 90.95 91.07 91.47 91.43 91.39 92.77 92.84 92.90 93.57 93.62 93.72 

SCFS – SVM  75.97 76.41 76.49 77.69 77.71 77.72 83.52 83.55 83.64 85.10 85.06 85.08 

SVM – FR  89.19 89.34 89.20 90.46 90.61 90.65 92.93 92.92 92.94 94.07 94.06 94.19 

 
Table 5. Computational time in seconds for by the best, average and worst solutions reported in table 2. 

Objectives W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

PCFS – FR  0.016 0.018 0.017 0.018 0.018 0.019 0.013 0.013 0.014 0.010 0.010 0.010 

PCFS – SVM  0.015 0.016 0.015 0.010 0.010 0.010 0.011 0.011 0.011 0.012 0.012 0.012 

PCFS – SCFS  0.059 0.059 0.059 0.017 0.017 0.017 0.016 0.016 0.016 0.018 0.018 0.018 

SCFS – FR  0.024 0.019 0.017 0.019 0.018 0.019 0.012 0.012 0.013 0.010 0.010 0.010 

SCFS – SVM  0.015 0.015 0.015 0.009 0.009 0.009 0.011 0.011 0.010 0.012 0.012 0.012 

SVM – FR  0.019 0.019 0.019 0.019 0.020 0.021 0.013 0.014 0.015 0.010 0.010 0.010 
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Table 2 - 5 shows that it is possible to achieve higher classification accuracy with significantly reduced 

computational time with feature selection. In table 1, the model that used all the 50400 features obtained 

an average accuracy of 79.45% computed in 1.572 seconds, whereas both the CFS methods combined 

with feature reduction, PCFS – FR and SCFS – FR, obtained higher accuracy for all windows sizes for 

the best solutions, using only between 114 – 659 features. Futhermore, table 2 shows that PCFS – FR 

and SCFS – FR obtained the highest or second highest accuracies for all windows sizes, and that when 

SVM was combined with CFS, the accuracy was higher than SVM – FR, possibly suggesting that CFS 

generalizes better than the other objectives. However, their combination, PCFS – SCFS achieved poor 

best solutions in comparison with the other objectives for most of the window sizes, but a decent average 

and a best worst.  

 

Table 2 – 3 show that the combinations with a feature reduction objective reduces the features more than 

the others, and for WS-40 and WS-20 the largest reduction is when paired with CFS. However, in WS-

10, the amount of reduction between PCFS – FR, SCFS – FR and SVM – FR are almost identical, and 

in WS-05, SVM – FR has surpassed the CFS objectives, possibly suggesting that more features only 

increase model complexity and not model prediction accuracy.  

 

Finally, table 5 show that computational time don’t increase as the number of features increase. Clearly, 

this is not the case when a certain threshold is exceeded, as table 1 demonstrates, but the knowledge that 

SVM can be trained and tested with approximately 1500 features with no computational penalty 

compared to 100 – 150 features is interesting. Similar effect was reported in [12].  

8.2. Correlation between objectives and model prediction  

In the following figures, 7 – 12, several correlation diagrams are depicted. In the figures, the first column 

shows the correlation between the objective combination under observation, and the second and third 

column show their respective correlation to the model’s prediction accuracy, whereas the rows show the 

different window sizes. The correlation value is shown in the lower right corner of each diagram, where 

a red color indicate that the correlation is significantly different from zero, i.e., a p-value lower than 

0.05, whereas the slope of the correlation is depicted by a pink line. The figures contain all the solutions 

in the pareto frontier for each 𝑘-fold and subject. Additionally, the different colors for the scattered data 

points represent the different subjects. 
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Figure 8. PCFS – FR correlation diagrams between the objectives and model prediction accuracy for all window 

sizes. The value in the right lower corner in each diagram is the Pearson correlation coefficient between the 

variables. A red value indicates that the correlation is significantly different from zero, with a p-value <  𝟎. 𝟎𝟓.  

 
Figure 9. SCFS – FR correlation diagrams between the objectives and model prediction accuracy for all window 

sizes. The value in the right lower corner in each diagram is the Pearson correlation coefficient between the 

variables. A red value indicates that the correlation is significantly different from zero, with a p-value <  𝟎. 𝟎𝟓. 

In figure 8 and 9, both the CFS objectives have a positive correlation with model prediction accuracy, 

which is expected. The third column in the figures shows that, when the window size decreases, the 

merit for CFS decrease (i.e., the data points moves to the left). This is in accordance with the same 

objective combinations in table 2, which show that the average accuracies are higher for WS-40 than 

WS-05, indicating that a higher merit for CFS is beneficial for model prediction accuracy on novel data.  
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Figure 10. PCFS – SVM correlation diagrams between the objectives and model prediction accuracy for all window 

sizes. The value in the right lower corner in each diagram is the Pearson correlation coefficient between the 

variables. A red value indicates that the correlation is significantly different from zero, with a p-value <  𝟎. 𝟎𝟓. 

 
Figure 11. SCFS – SVM correlation diagrams between the objectives and model prediction accuracy for all window 

sizes. The value in the right lower corner in each diagram is the Pearson correlation coefficient between the 

variables. A red value indicates that the correlation is significantly different from zero, with a p-value <  𝟎. 𝟎𝟓. 

Figure 10 – 11 show that CFS have a higher positive correlation with accuracy than SVM, possibly due 

to overfitting. Additionally, all window sizes in the first and third columns in both figures shows a higher 

positive correlation between CFS and the test set than the training set, which further advocates 

overfitting.  
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Figure 12. PCFS – SCFS correlation diagrams between the objectives and model prediction accuracy for all window 

sizes. The value in the right lower corner in each diagram is the Pearson correlation coefficient between the 

variables. A red value indicates that the correlation is significantly different from zero, with a p-value <  𝟎. 𝟎𝟓. 

 
Figure 13. SVM – FR correlation diagrams between the objectives and model prediction accuracy for all window 

sizes. The value in the right lower corner in each diagram is the Pearson correlation coefficient between the 

variables. A red value indicates that the correlation is significantly different from zero, with a p-value <  𝟎. 𝟎𝟓. 

Figure 12 show that PCFS – SCFS has a perfect positive correlation and that SCFS correlates slightly 

better with accuracy for all window sizes. This can possibly indicate that SCFS is favorable over PCFS 

for this feature sets and data. However, the difference is too small to draw any conclusions from.  
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In figure 13, a negative correlation can be observed between SVM – FR which increases as the window 

size decreases. This indicate that the accuracy in the training set increase with more features that the 

model can be built with, which is in direct contrast with the third column, that shows a positive 

correlation for all window sizes which increase with the window size. It is likely that this effect illustrates 

overfitting. 

8.3. Channel and frequency distributions 

In the following figures, 14 – 19, heatmaps for each objective combination depicts how frequently a 

specific channel – frequency was selected for the best and worst solutions. For each figure, the left 

heatmap include the channel – frequency distribution for the best solution in the pareto frontier for each 

𝑘-fold, subject and window size, whereas the right includes the worst. Additionally, figure 20 averages 

all the objective combinations. 

 

 
Figure 14. PCFS – FR heatmaps. The left heatmap shows the channel – frequency distribution for the best solutions 

for each 𝒌-fold, each window size and each subject whereas the right shows the worst. 

 
Figure 15. SCFS – FR heatmaps. The left heatmap shows the channel – frequency distribution for the best solutions 

for each 𝒌-fold, each window size and each subject whereas the right shows the worst. 
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Figure 16. PCFS – SVM heatmaps. The left heatmap shows the channel – frequency distribution for the best 

solutions for each 𝒌-fold, each window size and each subject whereas the right shows the worst. 

 
Figure 17. SCFS – SVM heatmaps. The left heatmap shows the channel – frequency distribution for the best 

solutions for each 𝒌-fold, each window size and each subject whereas the right shows the worst. 

 
Figure 18. PCFS – SCFS heatmaps. The left heatmap shows the channel – frequency distribution for the best 

solutions for each 𝒌-fold, each window size and each subject whereas the right shows the worst. 
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Figure 19. SVM – FR heatmaps. The left heatmap shows the channel – frequency distribution for the best solutions 

for each 𝒌-fold, each window size and each subject whereas the right shows the worst. 

 
Figure 20. Averaged heatmaps for each subject, each window size and each combination of objectives. The left 

heatmap shows the channel – frequency distribution for the best solutions whereas the right shows the worst. 

The above figures, 14 – 18, show that features from the central electrodes (containing EEG activity from 

the frontal, temporal and parietal lobes), central parietal, parietal, parietal occipital and occipital 

electrodes over the alpha band (8 – 12 Hz) and beta band (12 – 31 Hz) had the highest distribution, both 

for the best and worst solutions. In figure 19, for the SVM – FR objectives, the distribution is evenly 

divided between the channels and frequencies. This is in accordance with their correlation in figure 13, 

which showed that increasing training set accuracy benefited from more features, and it is likely that 

these heatmaps demonstrate that the model can be created with any channel -frequency pairs if it tries to 

maximize that accuracy. Of course, this would cause poor performance, as table 2 also demonstrates (cf. 

PCFS – FR, SCFS – FR and SVM – FR). Finally, figure 20 shows that the distribution over the 

aforementioned electrodes are higher for better solutions, indicating that these provides the most general 

EEG activity for differentiate between MI and rest. 
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8.4. Comparison with reference paper 

In the following tables, 6 and 7, a comparison with the results that the authors of [12] reported (shown 

in the Ref column) is presented. Table 6 compares the obtained accuracies for each subject and window 

size, whereas table 7 compares the number of features that was used.  

 
Table 6. A comparison between the accuracies obtained by PCFS – FR with the reported results in [12]. 

Subjects WS-40 WS-20 W-S10 WS-05 
Best Avg Ref  Best Avg Ref Best Avg Ref Best Avg Ref 

A 69.58 61.80 63.75 74.58 63.89 65.00 78.75 64.48 67.08 80.83 66.01 72.08 

B 85.00 77.43 72.92 85.00 73.01 75.83 83.75 73.66 75.42 83.33 74.00 79.17 

C 69.17 61.14 50.42 74.17 61.06 59.58 75.83 60.60 61.25 72.08 58.99 69.92 

D 77.92 71.11 66.25 80.42 68.22 67.92 76.67 65.06 71.25 80.42 66.45 72.92 

E 88.75 82.06 80.83 85.42 76.27 81.67 87.92 77.35 80.83 91.25 79.56 83.75 

F 90.83 83.84 80.00 87.92 77.39 84.58 90.83 81.05 82.50 91.67 79.34 85.42 

AVG 80.21 72.90 69.03 81.25 69.97 71.60 82.29 70.37 73.06 83.26 70.72 76.04 

 

Table 7. A comparison between the number of features used by PCFS – FR with the reported results in [12]. 

Subjects WS-40 WS-20 WS-10 WS-05 
Best Avg Ref  Best Avg Ref Best Avg Ref Best Avg Ref 

A 118 118 267 215 216 381 387 372 573 721 661 1001 

B 118 118 271 214 214 376 348 349 567 647 631 1012 

C 108 108 247 229 225 341 352 348 536 642 629 939 

D 110 110 287 213 217 385 371 368 591 626 610 1031 

E 121 117 280 225 224 403 369 374 627 662 658 1089 

F 118 116 287 203 202 404 356 349 611 654 626 1049 

AVG 116 114 273 216 216 382 364 360 584 659 636 1020 

 

Table 6 shows that the average accuracies for all windows sizes for the best solutions is better for the 

implemented NSGA-II than the linear combination of the individual objectives used in [12]. However, 

the average accuracies for all pareto optimal solutions (i.e., the Avg column) are lower than [12] for all 

window sizes except WS-40. It can also be observed that the gap between the best solutions with [12] 

closes as the window size decreases. Both implementations seem to benefit from a larger feature set or 

due to more temporal dynamics, but [12] seems to benefit more. Finally, in table 7, it can be observed 

that NSGA-II used considerably less features than [12] in all cases. However, as sown in table 5, the 

computational benefit is non-existing for these feature set sizes.  
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9. Discussion 

The results in table 2 shows that the test set accuracies for the best solutions is higher in WS-05 than 

WS-40 for all objectives combinations. Futhermore, for PCFS – FR and PCFS – SVM, the accuracies 

increase as the window size decrease. Similar results were reported in [12], where the linear combination 

of PCFS and FR was maximized by a HGA. However, neither study can conclude if it is because of that 

temporal dynamics enables the search algorithms to find more discriminative features, or because of the 

extended feature set that SVM can build a model from. However, the ratio of training samples to features 

decrease with the window size (i.e., with a higher temporal resolution) which increase the possibility of 

overfitting [18], especially for wrappers. Still, the test set accuracies are higher in WS-05 than WS-40, 

which indicate that temporal dynamics are useful. This is in accordance with [13] and [14], that 

concluded that selecting subject-specific time intervals in the EEG activity increased model prediction 

accuracy for MI classification.  

 

Futhermore, the results show that both filters outperformed the wrapper. In table 2, the best solutions for 

PCFS – FR and SCFS – FR obtained higher accuracies than SVM – FR for all windows sizes, and in 

figure 10 and 11, a higher positive correlation is observed between test set accuracy and CFS, than 

between test set accuracy and SVM. These results are most likely because of overfitting, which the 

heatmaps seems to reveal. In figure 14 and 15, when PCFS and SCFS are combined with FR, the channel-

frequency distribution is denser between the central and occipital electrodes over the alpha and beta 

bands. But in figure 16 and 17, the distribution become more sparse, and in figure 19, when SVM is the 

only objective that provides a proxy measure for accuracy, no pattern can be observed. Moreover, figure 

20 shows that the central, central parietal, parietal, parietal occipital and occipital electrodes over the 

alpha and beta bands are most frequently selected between all subjects, which indicate that these 

channels and frequencies contain general neural oscillations for MI classification, which other studies 

[12], [29], [30] have also reported. 

 

The results also show that NSGA-II used considerably less features for PCFS – FR than the linear 

combination of the individual objectives that was used in [12] while obtaining higher accuracy for the 

best solutions. This is in accordance with the results in [29], which suggest that a MOEA can effectively 

optimize conflicting objectives more than a corresponding linear combination. Futhermore, the solutions 

in the pareto frontier returned by a MOEA can be evaluated separately before deciding which solutions 

satisfies the needs most.   

 

The primary contributions of this study were to provide an evaluation of how different objective 

functions compare and relate in classifying EEG-based MI activities, which is achieved by the results 

presented in the previous section. Futhermore, the literature has shown that spatial and temporal features 

contain useful information for classifying MI, and that the most discriminative features are subject-

specific, and thus, further motivates the developing of a high spatial and temporal resolution BCI system. 

For this purpose, the reported results can be of use. However, the results are limited to the extracted 

feature sets (WS-40, WS-20, WS-10, WS-05), and thus, conclusions for other sets cannot be made.  
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10. Conclusions 

In this study, EEG-based motor imagery activities were classified with SVM by using a multiobjective 

evolutionary algorithm (NSGA-II) for feature selection. The primary goals of this study were threefold: 

First, to compare different combinations of objectives. Secondly, evaluate the correlation between the 

specific objective pairs and how the different objective values in a pair correlate to model prediction 

accuracy. Finally, compare multiobjective optimization versus a linear combination of individual 

objectives. The evaluated objectives were all pairwise combinations of correlation feature selection 

(CFS) with Pearson’s and Spearman’s correlations, training set accuracy and feature reduction. The 

feature selection was performed on 4 different feature subsets with a varying number of temporal 

features, which consisted of spectral powers of 30 frequency sub-bands between 2 – 60 Hz, recorded 

with 42 electrodes from 6 subjects. For all the evaluated subsets, it can be concluded that CFS has the 

highest significant correlation with test set accuracy, whereas maximizing the training set accuracy 

seemed to overfit the model. Futhermore, the results show that NSGA-II reduced the number of features 

considerably in comparison to a corresponding linear combination of the individual objectives, while 

still receiving higher accuracy for the best performing solution in the pareto frontier. Additionally, the 

results show that the most general channels and frequency sub-bands for classifying MI are between the 

central and occipital electrodes over the alpha and beta bands. All conclusions are limited to the 

evaluated feature sets. 
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11. Future work 

In this study, we only considered pairwise combinations of the evaluated objectives. However, by using 

a MOEA, this is not a limitation. Therefore, future work can evaluate all possible combinations. The 

literature indicates [32] that SPEA2 outperforms NSGA-II on more than two objective optimization 

problems, suggesting that such work should use SPEA2. Also, more filter methods and classifiers can 

be included in the evaluations. For inspiration, readers are referred to [9], where the authors provided a 

comparison of five filters with five different classifiers. 
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Appendix A 

In this appendix, all subject specific results for model prediction accuracy, numbers of used features, 

amount of feature reduction and computational times is listed for all evaluations. This appendix is 

organized as follows: 

A.1 PCFS – FR 

A.2 PCFS – SVM 

A.3 PCFS – SCFS 

A.4 SCFS – FR 

A.5 SCFS – SVM 

A.6 SVM – FR 
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A.1 PCFS – FR  

In this section, the subject-specific accuracies, number of features, feature reduction and computational 

times for the PCFS – FR objective combination are presented. 

 
Table A1. Subject-specific accuracies for the best, average and worst solutions in the pareto frontier for PCFS – FR 

for all window sizes. All values are in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.696 0.618 0.538 0.746 0.639 0.513 0.788 0.645 0.513 0.808 0.660 0.508 

B 0.850 0.774 0.692 0.850 0.730 0.604 0.838 0.737 0.625 0.833 0.740 0.621 

C 0.692 0.611 0.525 0.742 0.611 0.471 0.758 0.606 0.438 0.721 0.590 0.438 

D 0.779 0.711 0.638 0.804 0.682 0.546 0.767 0.651 0.483 0.804 0.665 0.504 

E 0.888 0.821 0.746 0.854 0.763 0.633 0.879 0.774 0.654 0.913 0.796 0.646 

F 0.908 0.838 0.775 0.879 0.774 0.671 0.908 0.811 0.708 0.917 0.793 0.654 

AVG 0.802 0.729 0.652 0.813 0.700 0.573 0.823 0.704 0.570 0.833 0.707 0.562 

 
Table A2. Subject-specific number of used features by the best, average and worst solutions reported in table A1. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 118 118 119 215 216 215 387 372 354 721 661 618 

B 118 118 117 214 214 229 348 349 348 647 631 601 

C 108 108 108 229 225 226 352 348 334 642 629 665 

D 110 110 111 213 217 213 371 368 370 626 610 607 

E 121 117 113 225 224 224 369 374 369 662 658 614 

F 118 116 119 203 202 197 356 349 348 654 626 598 

AVG 116 114 114 216 216 217 364 360 354 659 636 617 

 
Table A3. Subject-specific feature reduction for by the best, average and worst solutions reported in table A1. The 

amount is presented in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.906 0.907 0.905 0.915 0.914 0.915 0.923 0.926 0.930 0.928 0.934 0.939 

B 0.906 0.907 0.907 0.915 0.915 0.909 0.931 0.931 0.931 0.936 0.937 0.940 

C 0.914 0.914 0.914 0.909 0.911 0.910 0.930 0.931 0.934 0.936 0.938 0.934 

D 0.913 0.912 0.912 0.916 0.914 0.916 0.926 0.927 0.927 0.938 0.940 0.940 

E 0.904 0.907 0.911 0.911 0.911 0.911 0.927 0.926 0.927 0.934 0.935 0.939 

F 0.906 0.908 0.905 0.919 0.920 0.922 0.929 0.931 0.931 0.935 0.938 0.941 

AVG 0.908 0.909 0.909 0.914 0.914 0.914 0.928 0.929 0.930 0.935 0.937 0.939 

 
Table A4. Subject-specific computational times in seconds for by the best, average and worst solutions reported in 

table A1. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.029 0.032 0.025 0.025 0.024 0.029 0.018 0.017 0.019 0.011 0.011 0.011 

B 0.012 0.012 0.014 0.015 0.015 0.014 0.010 0.011 0.012 0.009 0.009 0.009 

C 0.025 0.026 0.030 0.031 0.030 0.028 0.019 0.022 0.022 0.014 0.012 0.011 

D 0.014 0.016 0.014 0.022 0.020 0.021 0.015 0.013 0.014 0.010 0.010 0.010 

E 0.009 0.009 0.009 0.009 0.009 0.010 0.008 0.008 0.008 0.008 0.008 0.009 

F 0.010 0.010 0.010 0.009 0.010 0.012 0.008 0.008 0.008 0.008 0.008 0.009 

AVG 0.016 0.018 0.017 0.018 0.018 0.019 0.013 0.013 0.014 0.010 0.010 0.010 
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A.2 PCFS – SVM  

In this section, the subject-specific accuracies, number of features, feature reduction and computational 

times for the PCFS – SVM objective combination are presented. 

 
Table A5. Subject-specific accuracies for the best, average and worst solutions in the pareto frontier for PCFS – 

SVM for all window sizes. All values are in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.679 0.593 0.508 0.763 0.657 0.563 0.758 0.664 0.554 0.788 0.701 0.613 

B 0.833 0.773 0.708 0.833 0.758 0.658 0.833 0.765 0.688 0.863 0.793 0.713 

C 0.692 0.608 0.517 0.733 0.631 0.500 0.725 0.618 0.513 0.725 0.633 0.546 

D 0.775 0.685 0.567 0.754 0.688 0.600 0.779 0.701 0.608 0.775 0.706 0.633 

E 0.863 0.781 0.700 0.867 0.804 0.746 0.888 0.836 0.792 0.883 0.840 0.783 

F 0.863 0.801 0.750 0.888 0.832 0.775 0.908 0.852 0.792 0.879 0.830 0.779 

AVG 0.784 0.707 0.625 0.806 0.728 0.640 0.815 0.739 0.658 0.819 0.750 0.678 

 
Table A6. Subject-specific number of used features by the best, average and worst solutions reported in table A5. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 322 320 321 549 549 548 821 824 824 1430 1434 1428 

B 325 315 312 565 560 562 852 847 851 1497 1494 1499 

C 308 303 303 547 551 551 788 794 794 1425 1432 1416 

D 283 279 276 546 549 547 852 847 839 1494 1503 1506 

E 272 269 267 576 571 572 851 850 845 1514 1503 1506 

F 271 272 271 574 577 572 831 835 842 1401 1403 1393 

AVG 297 293 292 559 559 559 832 833 832 1460 1462 1458 

 
Table A7. Subject-specific feature reduction for by the best, average and worst solutions reported in table A5. The 

amount is presented in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.744 0.746 0.746 0.782 0.782 0.783 0.837 0.837 0.836 0.858 0.858 0.858 

B 0.742 0.750 0.752 0.776 0.778 0.777 0.831 0.832 0.831 0.851 0.852 0.851 

C 0.756 0.760 0.760 0.783 0.782 0.781 0.844 0.843 0.842 0.859 0.858 0.860 

D 0.775 0.779 0.781 0.783 0.782 0.783 0.831 0.832 0.834 0.852 0.851 0.851 

E 0.784 0.787 0.788 0.772 0.773 0.773 0.831 0.831 0.832 0.850 0.851 0.851 

F 0.785 0.784 0.785 0.772 0.771 0.773 0.835 0.834 0.833 0.861 0.861 0.862 

AVG 0.765 0.768 0.769 0.778 0.778 0.778 0.835 0.835 0.835 0.855 0.855 0.855 

 
Table A8. Subject-specific computational times in seconds for by the best, average and worst solutions reported in 

table A5. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.020 0.020 0.017 0.009 0.010 0.010 0.009 0.009 0.009 0.010 0.010 0.010 

B 0.009 0.010 0.010 0.008 0.008 0.009 0.009 0.009 0.009 0.011 0.011 0.011 

C 0.023 0.025 0.023 0.015 0.014 0.013 0.011 0.011 0.011 0.012 0.012 0.012 

D 0.016 0.016 0.017 0.009 0.010 0.010 0.010 0.010 0.010 0.011 0.011 0.011 

E 0.008 0.008 0.008 0.007 0.008 0.007 0.013 0.013 0.014 0.014 0.014 0.015 

F 0.015 0.014 0.013 0.012 0.012 0.012 0.012 0.012 0.012 0.014 0.014 0.015 

AVG 0.015 0.016 0.015 0.010 0.010 0.010 0.011 0.011 0.011 0.012 0.012 0.012 
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A.3 PCFS – SCFS  

In this section, the subject-specific accuracies, number of features, feature reduction and computational 

times for the PCFS – SCFS objective combination are presented. 

 
Table A9. Subject-specific accuracies for the best, average and worst solutions in the pareto frontier for PCFS – 

SCFS for all window sizes. All values are in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.679 0.624 0.579 0.713 0.660 0.608 0.738 0.690 0.642 0.733 0.696 0.663 

B 0.767 0.749 0.733 0.817 0.764 0.721 0.854 0.768 0.708 0.804 0.759 0.708 

C 0.704 0.650 0.600 0.679 0.596 0.500 0.658 0.601 0.529 0.646 0.598 0.542 

D 0.721 0.679 0.633 0.667 0.639 0.613 0.725 0.684 0.629 0.746 0.686 0.633 

E 0.833 0.813 0.788 0.850 0.807 0.758 0.850 0.823 0.788 0.842 0.793 0.742 

F 0.846 0.821 0.796 0.888 0.853 0.821 0.854 0.808 0.767 0.838 0.817 0.792 

AVG 0.758 0.723 0.688 0.769 0.720 0.670 0.780 0.729 0.677 0.768 0.725 0.680 

 
Table A10. Subject-specific number of used features by the best, average and worst solutions reported in table A9. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 232 231 230 558 559 558 806 812 815 1516 1530 1529 

B 235 235 235 543 543 544 844 848 847 1513 1506 1498 

C 205 206 207 536 535 535 831 828 817 1485 1470 1457 

D 205 206 206 535 535 534 807 809 808 1455 1456 1455 

E 236 237 237 563 566 567 849 854 855 1501 1506 1518 

F 235 235 235 538 536 535 814 813 813 1450 1448 1450 

AVG 225 225 225 545 546 545 825 827 826 1487 1486 1484 

 
Table A11. Subject-specific feature reduction for by the best, average and worst solutions reported in table A9. The 

amount is presented in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.816 0.817 0.818 0.779 0.778 0.779 0.840 0.839 0.838 0.850 0.848 0.848 

B 0.814 0.814 0.813 0.785 0.784 0.784 0.833 0.832 0.832 0.850 0.851 0.851 

C 0.837 0.837 0.836 0.788 0.788 0.788 0.835 0.836 0.838 0.853 0.854 0.855 

D 0.837 0.837 0.837 0.788 0.788 0.788 0.840 0.839 0.840 0.856 0.856 0.856 

E 0.812 0.812 0.812 0.777 0.775 0.775 0.831 0.830 0.830 0.851 0.851 0.849 

F 0.813 0.814 0.814 0.787 0.787 0.788 0.838 0.839 0.839 0.856 0.856 0.856 

AVG 0.822 0.822 0.822 0.784 0.783 0.784 0.836 0.836 0.836 0.853 0.853 0.853 

 
Table A12. Subject-specific computational times in seconds for by the best, average and worst solutions reported 

in table A9. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.231 0.234 0.233 0.019 0.019 0.019 0.018 0.018 0.018 0.019 0.019 0.020 

B 0.018 0.018 0.019 0.014 0.015 0.015 0.016 0.016 0.015 0.018 0.018 0.018 

C 0.046 0.047 0.043 0.022 0.021 0.021 0.018 0.018 0.019 0.022 0.020 0.019 

D 0.027 0.029 0.033 0.021 0.022 0.022 0.016 0.016 0.016 0.019 0.019 0.018 

E 0.014 0.014 0.015 0.013 0.013 0.013 0.015 0.015 0.014 0.015 0.016 0.017 

F 0.013 0.013 0.014 0.013 0.013 0.013 0.014 0.014 0.013 0.015 0.015 0.015 

AVG 0.059 0.059 0.059 0.017 0.017 0.017 0.016 0.016 0.016 0.018 0.018 0.018 
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A.4 SCFS – FR  

In this section, the subject-specific accuracies, number of features, feature reduction and computational 

times for the SCFS – FR objective combination are presented. 

 
Table A13. Subject-specific accuracies for the best, average and worst solutions in the pareto frontier for SCFS – 

FR for all window sizes. All values are in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.696 0.603 0.500 0.746 0.633 0.508 0.800 0.642 0.463 0.771 0.637 0.492 

B 0.863 0.783 0.700 0.813 0.722 0.613 0.850 0.739 0.617 0.833 0.729 0.608 

C 0.700 0.618 0.533 0.729 0.582 0.450 0.721 0.586 0.433 0.750 0.598 0.446 

D 0.788 0.701 0.600 0.825 0.673 0.529 0.796 0.670 0.542 0.796 0.670 0.546 

E 0.871 0.801 0.733 0.900 0.776 0.667 0.913 0.765 0.629 0.883 0.786 0.638 

F 0.883 0.813 0.733 0.883 0.778 0.663 0.904 0.794 0.688 0.904 0.775 0.646 

AVG 0.800 0.720 0.633 0.816 0.694 0.572 0.831 0.699 0.562 0.823 0.699 0.563 

 
Table A14. Subject-specific number of used features by the best, average and worst solutions reported in table A13. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 115 116 115 217 223 232 374 376 370 707 691 707 

B 113 113 113 214 213 211 370 363 364 603 619 611 

C 111 111 109 214 214 217 381 377 376 651 639 599 

D 107 110 110 205 209 212 353 360 360 683 666 644 

E 117 118 115 226 223 219 371 352 341 630 628 647 

F 118 117 113 215 213 212 338 338 335 613 613 587 

AVG 114 114 112 215 216 217 365 361 358 648 643 633 

 
Table A15. Subject-specific feature reduction for by the best, average and worst solutions reported in table A13. 

The amount is presented in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.909 0.908 0.909 0.914 0.912 0.908 0.926 0.925 0.927 0.930 0.931 0.930 

B 0.910 0.910 0.910 0.915 0.915 0.916 0.927 0.928 0.928 0.940 0.939 0.939 

C 0.912 0.912 0.914 0.915 0.915 0.914 0.924 0.925 0.925 0.935 0.937 0.941 

D 0.915 0.913 0.913 0.919 0.917 0.916 0.930 0.929 0.929 0.932 0.934 0.936 

E 0.907 0.907 0.909 0.910 0.911 0.913 0.926 0.930 0.932 0.938 0.938 0.936 

F 0.906 0.907 0.910 0.915 0.916 0.916 0.933 0.933 0.934 0.939 0.939 0.942 

AVG 0.910 0.909 0.911 0.915 0.914 0.914 0.928 0.928 0.929 0.936 0.936 0.937 

 
Table A16. Subject-specific computational times in seconds for by the best, average and worst solutions reported 

in table A13. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.072 0.040 0.021 0.026 0.023 0.022 0.017 0.016 0.020 0.011 0.011 0.011 

B 0.011 0.012 0.013 0.013 0.014 0.013 0.009 0.009 0.010 0.009 0.009 0.009 

C 0.031 0.027 0.029 0.039 0.032 0.034 0.017 0.017 0.015 0.012 0.012 0.015 

D 0.013 0.016 0.020 0.016 0.018 0.019 0.011 0.013 0.014 0.010 0.010 0.011 

E 0.009 0.009 0.010 0.010 0.010 0.011 0.008 0.008 0.009 0.008 0.008 0.008 

F 0.010 0.009 0.009 0.009 0.010 0.014 0.008 0.008 0.008 0.008 0.008 0.008 

AVG 0.024 0.019 0.017 0.019 0.018 0.019 0.012 0.012 0.013 0.010 0.010 0.010 
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A.5 SCFS – SVM  

In this section, the subject-specific accuracies, number of features, feature reduction and computational 

times for the SCFS – SVM objective combination are presented. 

 
Table A17. Subject-specific accuracies for the best, average and worst solutions in the pareto frontier for SCFS – 

SVM for all window sizes. All values are in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.667 0.596 0.513 0.738 0.651 0.558 0.767 0.670 0.575 0.779 0.693 0.600 

B 0.817 0.755 0.696 0.850 0.795 0.742 0.863 0.789 0.721 0.838 0.752 0.675 

C 0.683 0.608 0.529 0.671 0.576 0.496 0.725 0.627 0.538 0.738 0.621 0.500 

D 0.771 0.683 0.583 0.738 0.640 0.558 0.804 0.742 0.679 0.788 0.697 0.596 

E 0.850 0.821 0.783 0.875 0.819 0.742 0.875 0.814 0.750 0.871 0.819 0.767 

F 0.829 0.770 0.704 0.871 0.817 0.767 0.896 0.848 0.796 0.879 0.824 0.746 

AVG 0.769 0.706 0.635 0.790 0.716 0.644 0.822 0.748 0.676 0.815 0.734 0.647 

 
Table A18. Subject-specific number of used features by the best, average and worst solutions reported in table A17. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 343 326 327 572 569 572 815 815 804 1531 1526 1500 

B 295 293 289 570 572 574 840 843 837 1538 1541 1544 

C 311 306 308 567 563 554 834 820 807 1505 1517 1524 

D 306 301 298 563 562 563 855 852 847 1502 1507 1516 

E 286 281 280 555 561 561 837 837 840 1496 1497 1493 

F 277 276 276 547 543 543 802 808 814 1441 1448 1449 

AVG 303 297 296 562 562 561 830 829 825 1502 1506 1504 

 
Table A19. Subject-specific feature reduction for by the best, average and worst solutions reported in table A17. 

The amount is presented in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.728 0.741 0.740 0.773 0.774 0.773 0.838 0.838 0.840 0.848 0.849 0.851 

B 0.766 0.767 0.771 0.774 0.773 0.772 0.833 0.833 0.834 0.847 0.847 0.847 

C 0.753 0.757 0.755 0.775 0.776 0.780 0.835 0.837 0.840 0.851 0.849 0.849 

D 0.758 0.761 0.764 0.777 0.777 0.776 0.830 0.831 0.832 0.851 0.850 0.850 

E 0.773 0.777 0.778 0.780 0.777 0.777 0.834 0.834 0.833 0.852 0.851 0.852 

F 0.780 0.781 0.781 0.783 0.784 0.785 0.841 0.840 0.839 0.857 0.856 0.856 

AVG 0.760 0.764 0.765 0.777 0.777 0.777 0.835 0.835 0.836 0.851 0.851 0.851 

 
Table A20. Subject-specific computational times in seconds for by the best, average and worst solutions reported 

in table A17. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.018 0.019 0.019 0.011 0.010 0.010 0.010 0.010 0.010 0.012 0.012 0.011 

B 0.011 0.011 0.011 0.008 0.008 0.008 0.015 0.014 0.014 0.016 0.016 0.016 

C 0.026 0.027 0.027 0.013 0.012 0.012 0.012 0.012 0.011 0.012 0.012 0.012 

D 0.016 0.015 0.015 0.009 0.010 0.010 0.011 0.011 0.010 0.011 0.011 0.012 

E 0.008 0.009 0.010 0.008 0.008 0.008 0.009 0.009 0.009 0.011 0.010 0.010 

F 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.010 0.010 0.010 

AVG 0.015 0.015 0.015 0.009 0.009 0.009 0.011 0.011 0.010 0.012 0.012 0.012 
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A.6 SVM – FR  

In this section, the subject-specific accuracies, number of features, feature reduction and computational 

times for the SVM – FR objective combination are presented. 

 
Table A21. Subject-specific accuracies for the best, average and worst solutions in the pareto frontier for SVM – 

FR for all window sizes. All values are in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.721 0.624 0.521 0.758 0.641 0.508 0.742 0.603 0.458 0.763 0.644 0.529 

B 0.838 0.762 0.688 0.850 0.751 0.671 0.800 0.718 0.600 0.846 0.735 0.638 

C 0.683 0.574 0.458 0.688 0.559 0.433 0.713 0.564 0.433 0.713 0.581 0.438 

D 0.767 0.660 0.558 0.754 0.650 0.533 0.750 0.626 0.504 0.750 0.622 0.492 

E 0.838 0.750 0.667 0.833 0.733 0.617 0.842 0.730 0.617 0.850 0.759 0.663 

F 0.858 0.787 0.708 0.838 0.758 0.683 0.792 0.697 0.600 0.842 0.741 0.617 

AVG 0.784 0.693 0.600 0.787 0.682 0.574 0.773 0.657 0.535 0.794 0.680 0.563 

 
Table A22. Subject-specific number of used features by the best, average and worst solutions reported in table A21. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 154 149 149 245 241 240 359 353 346 611 617 596 

B 127 125 131 239 231 229 356 353 355 610 594 591 

C 159 161 163 266 258 255 353 363 374 616 598 577 

D 147 143 143 248 245 247 370 379 381 590 617 613 

E 127 123 125 226 223 225 355 356 349 589 576 563 

F 103 105 106 219 221 219 346 337 331 571 589 577 

AVG 136 134 136 240 237 236 356 357 356 598 599 586 

 
Table A23. Subject-specific feature reduction for by the best, average and worst solutions reported in table A21. 

The amount is presented in decimal in the range [𝟎, 𝟏]. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.878 0.882 0.882 0.903 0.904 0.905 0.929 0.930 0.931 0.939 0.939 0.941 

B 0.899 0.901 0.896 0.905 0.908 0.909 0.929 0.930 0.930 0.939 0.941 0.941 

C 0.874 0.873 0.871 0.895 0.898 0.899 0.930 0.928 0.926 0.939 0.941 0.943 

D 0.883 0.887 0.887 0.902 0.903 0.902 0.927 0.925 0.924 0.941 0.939 0.939 

E 0.899 0.902 0.901 0.910 0.911 0.911 0.930 0.929 0.931 0.942 0.943 0.944 

F 0.918 0.917 0.916 0.913 0.912 0.913 0.931 0.933 0.934 0.943 0.942 0.943 

AVG 0.892 0.893 0.892 0.905 0.906 0.907 0.929 0.929 0.929 0.941 0.941 0.942 

 
Table A24. Subject-specific computational times in seconds for by the best, average and worst solutions reported 

in table A21. 

Subjects W-S40 WS-20 WS-10 WS-05 
Best Avg Worst Best Avg Worst Best Avg Worst Best Avg Worst 

A 0.028 0.025 0.024 0.022 0.025 0.028 0.014 0.015 0.017 0.011 0.011 0.011 

B 0.014 0.014 0.013 0.013 0.013 0.012 0.009 0.010 0.010 0.009 0.009 0.009 

C 0.027 0.029 0.027 0.038 0.034 0.034 0.024 0.023 0.025 0.013 0.012 0.013 

D 0.019 0.020 0.024 0.017 0.020 0.023 0.014 0.015 0.015 0.011 0.011 0.011 

E 0.014 0.014 0.013 0.013 0.016 0.017 0.009 0.010 0.010 0.008 0.009 0.009 

F 0.014 0.012 0.013 0.010 0.012 0.014 0.010 0.012 0.012 0.008 0.008 0.008 

AVG 0.019 0.019 0.019 0.019 0.020 0.021 0.013 0.014 0.015 0.010 0.010 0.010 

 


