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Structured Abstract 

Background/Introduction: Brain-computer interfaces (BCIs) based on electroencephalogram (EEG) generated 

during motor imagery (MI) have the potential to be used in brain-controlled prosthetics, neurorehabilitation, and 

gaming. Many MI EEG classification systems segment EEG into windows for classification. However, a 

comprehensive analysis of decision fusion based on segmented EEG data, within the context of different 

classifiers, has not been carried out.  

Methods: This study presents a multi-segment majority voting (MSMV) decision fusion approach in which an 

EEG trial is segmented using overlapping windows, segments are labelled, and then a final classification label for 

the trial is derived through majority voting. Common spatial pattern (CSP) features were used. The impact of the 

MSMV approach on the classification accuracy of six classifiers was investigated. The effects of window size and 

overlap were analysed. Results were generated using five different subsets of EEG channels and channel subsets 

for static EEG analysis are proposed. The BCI Competition III dataset IVa was used. 

Results: The MSMV decision fusion approach was found to significantly improve classification accuracy for 

linear discriminant analysis (LDA), support vector machine (SVM), naïve-Bayes (NB) and random forest (RF) 

classifiers. Classification accuracy was improved by 5.02%, 4.41%, 1.25% and 3.62% for the SVM, LDA, NB 

and RF classifiers, respectively. The channel analysis indicated the importance of central-parietal and central-

frontal electrode regions for MI EEG classification.  

Conclusions: MSMV decision fusion improved MI EEG classification performance and could be considered for 

future studies, particularly in online systems that deal with buffered data.  

 

Keywords: channel montage, decision fusion, electroencephalography, motor imagery 

Introduction 

The process of imagining movements, known as motor-imagery (MI), is an important aspect of neurorehabilitation 

and be used to intuitively control prosthetic technology. Research has been focused on the modelling and 

classification of signals generated during MI tasks, with the aim of developing novel brain-computer interfaces 

[1].  
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During a MI task, characteristic changes occur within the mu and beta frequency bands of the EEG signal, 

which are the (8-12) Hz and (12Hz-30Hz) bands, respectively [2]. The onset of a MI event is characterised by a 

decrease in power within the mu and beta bands, known as event-related desynchronization [2]. MI activity 

originates within the sensorimotor area of the brain and shows most strongly on the central EEG electrodes, 

although significant changes in frequency content have also been observed in the parietal and frontal electrode 

regions [3].  

Real-time BCIs can use buffered EEG data to make decisions [4, 5]. The buffered data is a window of 

EEG data from which features can be extracted and used for classification. This buffering can be replicated in a 

windowing-based offline system. This process incrementally moves a window over the data in an EEG trial, and 

at each position of the window a feature vector is extracted and used for classification. The windowing approach 

thus presents two design choices: window size and increment size.   

Many offline processing systems use windows of arbitrary length, and there is high variability in 

approaches [6, 7, 8, 9,10,11,12]. Some studies use the entire EEG trial, the length of which varies depending on 

the dataset, but 3.5 second and 4-second-long trials are common [10, 11]. Other studies use maximally overlapped 

windows [12] and some use increments of milliseconds [9].  

Some approaches segment EEG data only to perform data augmentation due to the limited number of 

EEG trials available in datasets [9]. Samuel et al. [9] found that using a 100ms window with 25ms increments 

gave the best results for data augmentation in an FFT-based system, resulting in 99.79% accuracy. The data 

segmentation was carried out prior to division of the data into training and test sets, possibly leading to parts of 

trials existing within both the training and testing sets, leading to a possible bias. 

Other approaches use segmented EEG data to facilitate post-processing based on the labels obtained for 

each temporal segment of an EEG trial. Using a CSP-LDA pipeline, Asenio-Cubero et al. [7, 8] segmented EEG 

trails and obtained a classification label for each trial. The final label for the EEG trial was obtained through a 

majority vote. Asensio-Cubero et al. [7] found that segmenting the data resulted in better classification when the 

window size was over 2s and concluded that using overlapped windows and a majority voting approach led to the 

best classification accuracy. However, there is a lack of research into the relationship between accuracy, 

windowing approach and classifier type for majority voting-based MI EEG classification. Furthermore, a recent 

study on electromyography (EMG) signal classification [13] found that a majority voting-based post-processing 

system had the potential to improve the classification accuracy of various conventional classifiers. EMG signals 
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are created by electrical signals within muscles [13] and, like EEG signals, are noisy and non-stationary biosignals. 

The main aim of this paper is to investigate the possible benefits of using majority voting decision fusion post-

processing for MI EEG classification within the context of various classifiers.  

Many studies compare the performance of different classifiers used for MI EEG classification. 

Frequently, support-vector machines (SVM) have been used [12, 14, 15] and have been found to outperform linear 

discriminant analysis (LDA), naïve Bayes (NB) and random forest (RF) classifiers [12, 14, 16]. However, 

comparative studies of classifiers have not analysed performance within the context of majority voting decision 

fusion for MI EEG classification. This paper fills this gap in the literature.  

The subsets of EEG channels chosen for MI EEG classification within the literature are diverse. A whole 

field of study has been devoted to deriving channel selection algorithms that aim to choose the optimum subset of 

EEG channels for a particular subject [17] or MI task [18, 19]. Different approaches have been used to select 

channels, including genetic algorithm (GA)-based methods [17], iterative weight-based techniques [18], ranking 

using features [19] and analsysing signal properties [20]. However, many studies still use a static, arbitrarily 

chosen set of channels for signal processing and focus on presenting novel signal processing techniques [14, 10, 

22]. These arbitrarily chosen groups are varied, with some using all channels available within a dataset [14, 21], 

others depending only on central channels C3, Cz and C4 [10] or some other subset of EEG channels [22]. There 

is conflicting evidence as to whether increasing the number of EEG channels used improves results [22, 23]. 

Different EEG scalp regions are related to different mental tasks. The central region has been linked to 

imagined and executed motor activity and is widely used for MI EEG analysis. The frontal region is associated 

with the control of voluntary behaviour [24] and the parietal region has been associated with focused attention 

[25]. In this paper, the proposed system was assessed using different EEG channel subsets, which were constructed 

from different combinations of electrodes from the central, central-parietal, and central-frontal regions.  

This paper presents an EEG classification system based on common spatial pattern (CSP) feature 

extraction [3, 17, 18, 19] and a multi-segment majority voting (MSMV) decision fusion post-processing. Each 

EEG trial was segmented and the final classification label for a trial was obtained through a majority vote of the 

labels assigned to each segment. The impact of the segmentation approach on classification accuracy was 

investigated. The impact of the MSMV post-processing step was investigated within the context of six classifiers, 

namely LDA, NB, RF classifiers, and SVM classifiers with linear, polynomial, and radial basis function (RBF) 

kernels. Furthermore, the impact of MSMV decision fusion was investigated using five different static EEG 



5 
 

channel subsets. When using a window size of 2s and a window increment size of 0.5s, the MSMV decision fusion 

technique led to a statistically significant improvement in classification accuracy for five of the six classifiers. 

The majority voting decision fusion step was also shown to improve the sensitivity of the classifiers. Peak 

classification performance was obtained using the LDA classifier and the SVM classifier with RBF kernel. In 

both instances, MSMV decision fusion led to an improvement of approximately 5%. 

This study also showed that using channel subsets comprising of the central, central-parietal and/or 

central-frontal channels significantly improved classification accuracy and sensitivity when compared to using 

the full cohort of EEG channels. Many studies use the full cohort of EEG channels available [14, 21] however, 

from the cross-classifier analysis in this study, subsets using the central, central-parietal, and central-frontal 

electrode groups should be considered for static channel subsets in these studies. To our best knowledge no other 

study has investigated the effect of designing a static channel subset based on scalp regions in this way.    

Methods  

This section begins with a description of the dataset used, and then presents the proposed classification approach. 

It then discusses the EEG channel subsets used, hyperparameter tuning, and the evaluation approach. 

Dataset Description 

Open-access data from the BCI Competition III, dataset IVa was used [26]. The dataset consists of EEG data with 

118 channels collected from 5 subjects, labelled as aa, al, av, aw and ay. Subjects were asked to perform two 

classes of MI activities: imagining movement of the right hand (class 1) and movement of the right foot (class 2). 

140 trials were recorded for each class and trials were 3.5s long. Data was recorded at a sampling frequency of 

1000Hz and was downsampled to 100Hz. No artefact removal was carried out.  

The Proposed MSMV Decision Fusion Approach 

The MSMV decision-level fusion approach involved dividing the data for a trial into segments, extracting a feature 

vector from each segment, acquiring a classification label for each feature vector, and then obtaining the final 

label for the trial using majority voting, where the most popular label is assigned to the trial. Figure 1 shows a 

graphical abstract of the methodology.  

Each trial was first pre-processed. In the pre-processing step, the selected subset of channels for a given 

trial was passed through an elliptic bandpass filter with passband from 8Hz to 32Hz that extracts the mu and beta 

frequency bands [2]. The data was then mean-centered. A standard CSP feature vector was extracted from each 
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segment [21]. CSP features were used because they are widely adopted in the literature [3, 17- 19].  

Windowing was used to divide each trial into segments. A window of size (length) 𝑥s was moved over 

the data in increments of 𝑦s, and for each increment of the window, a feature vector was obtained. Thus, the first 

position of the window had a start point at 0s and endpoint at 𝑥s, and the second position of the window had a 

start point at (0s+𝑦s), and endpoint at (𝑥s+𝑦s), and so on until the endpoint of the window reached the end of the 

trial. Table 1 shows different windowing schemes tested in terms of window length and increment size pairings. 

Segmentation schemes are denoted as (window size in s, window increment size in s) in this paper.  

The effect of MSMV decision fusion was investigated using six classifiers, namely: SVM classifiers with 

linear, polynomial, and RBF kernels, denoted as SVM-linear, SVM-poly and SVM-RBF, respectively, and LDA, 

NB and RF classifiers. 

 

Channel Subsets  

The impact of MSMV decision fusion on classification performance was studied within the context of five 

different EEG channel subsets. Figure 2 shows the standard electrode placement for EEG recording and the 

following five electrode montages were used in this study: 

1) Central channels (C): C5, C3, C1, Cz, C2, C4, C6, a total of 7 channels; 

2) Central and Central-Parietal channels (C+CP): C5, C3, C1, Cz, C2, C4, C6, CP5, CP3, CP1, CPz, CP2, 

CP4, CP6, a total of 14 channels; 

3) Central and Central-Frontal channels (C+CF): C5, C3, C1, Cz, C2, C4, C6, FC5, FC3, FC1, FCz, FC2, 

FC4, FC6, a total of 14 channels; 

4) Central, Central-Parietal and Central-Frontal (C+CP+CF): C5, C3, C1, Cz, C2, C4, C6, CP5, CP3, 

CP1, CPz, CP2, CP4, CP6, FC5, FC3, FC1, FCz, FC2, FC4, FC6, a total of 21 channels; 

5) All available 118 channels in the dataset. 

 

Tuning of Classifier Hyper Parameters  

For each EEG subset, the hyperparameters of each classifier were tuned using a grid search approach. During a 

grid search, a hyperparameter space was constructed using different combinations of hyperparameters for the 

classifier. Afterwards, each set of hyperparameters was used to evaluate the 10-fold cross-validation classification 

error of every subject in the dataset and the average classification error across the five subjects was calculated. 
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The hyperparameter set with the lowest error was selected for further testing and analysis. The following values 

were used in the grid searches: 

• LDA classifier: Values of linear coefficient threshold (Δ) from  2−10 to 210, and including the value of zero, 

and values of regularization coefficient (ϒ) from 2−10 to 2−1 as well as the values 0, 2−0.5 and 2−0.25. Values 

were spaced in a geometric progression with common ratio 2. 

• SVM classifiers: For linear, RBF and polynomial SVMs, the search for the regularization parameter (𝐶) and 

the kernel scale (𝑔) spanned values from 2−10 to 210, spaced in a geometric progression with common ratio 

2. For the SVM-poly classifier, the search was carried out for polynomial orders of 2 and 3. 

• NB: The kernel functions Gaussian, Epanechnikov, box and triangular were included in the search. Box 

widths in [10−1, 101] with the power increasing in steps of 
1

50
 were considered.   

• RF: The number of trees was increased from 20 to 1000 in steps of 20, node-based predictions were increased 

from 1 to 8 in steps of 2, and the observations per leaf were varied from 4 to 20 in steps of 4.   

All classifiers were implemented in MATLAB and the parameters were derived without segmenting the EEG 

data.   

 

Evaluation of MSMV Decision-Level Fusion 

10-fold cross-validation was used to evaluate performance. In the training phase, the trials were segmented and 

used to train the classifier. In the testing phase, the majority voting step was carried out to obtain the final 

classification labels. To evaluate the efficacy of the majority voting step, the same hyperparameters found through 

the grid search, which was carried out on the non-segmented EEG data, were used.  

 

Performance Evaluation 
 

Classification performance was measured using accuracy and sensitivity, calculated with the same approach as 

O’Reilly et al. [27]. The ideal value for these measures is 100%. Common statistical tests, namely the Wilcoxon 

signed rank test and the Kruskal-Wallis test were used to analyse results. The Pearson correlation coefficient was 

also used in analysis. A 0.05 level of significance was used for all statistical tests. 
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Results 

The impact of MSMV decision fusion on the accuracy of each classifier is recorded in Figure 3. Plots of median 

accuracy against window size are shown, with separate plots for each increment size being displayed. The 

increment size is indicated by the marker used, with circular, square and diamond markers denoting the increment 

sizes 0.5s, 0.25s and 0.1s, respectively. The value for each data point was found by calculating the average of the 

channel subset results across subjects, and then finding the median result across the five channel subsets (C, C+CP, 

C+CF, C+CP+CF, 118). The horizontal blue lines represent the control cases for each classifier, when no multi-

segment decision fusion is used. Data points representing statistically significant changes from the control case 

are highlighted in red. A Wilcoxon signed rank test was used for the statistical analysis since the data was found 

to be non-normal following an Anderston-Darling test. The median results were plotted since the Wilcoxon signed 

rank test uses the distribution about the median value to determine statistical significance.  

Figure 4 shows the results in greater detail, illustrating how average classification accuracy varies with 

window size for all classifier and subset pairings. To create the plots, the classification results for each windowing 

scheme were averaged across subjects, then averaged across the window increment sizes (0.5s, 0.25s and 0.1s). 

The horizontal line in each plot represents the control case, which is the average classification accuracy obtained 

when the whole trial is classified without MSMV decision fusion.  

Table 2 records the peak classification accuracy obtained for each classifier and the corresponding 

sensitivities to classes 1 and 2. It also includes the details of the configuration which resulted in peak performance, 

where ‘configuration’ refers to the channel subset, window size and window increment size. The ‘Control’ results 

were those obtained for the configuration channel subset but without using MSMV decision fusion.  

A two-part correlation analysis was carried out: the first part (‘part 1’) investigated if there was a 

significant correlation between window size and classification accuracy, and the second part (‘part 2’) investigated 

if there was a significant correlation between window increment size and classification accuracy. In both cases, 

the correlation was evaluated for each classifier separately. To obtain the results used for analysis, the accuracies 

for each segmentation approach were averaged across subjects, and then the median values across the channel 

subsets were used. In part 1 the correlations between window size and accuracy were evaluated separately for 

each channel increment size. In part 2, the correlations between window increment size and accuracy were 

evaluated separately for each window size.   
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The results for parts 1 and 2 are recorded in Tables 3 and 4, respectively. Table 3 records the Pearson 

correlation coefficient, ρ, and corresponding p-value obtained for each classifier and window increment size 

pairing, and Table 4 records the value of ρ and corresponding p-values for each classifier and window size pairing. 

Values of ρ that were statistically significant (p-value<0.05) are highlighted in italics.   

In Table 3, statistically significant values of ρ are always positive, indicating that larger window sizes 

resulted in higher classification accuracies. For the LDA, SVM-linear and SVM-poly classifiers, there is a 

significant positive correlation between classification accuracy and window size regardless of increment size. 

There was no significant correlational relationship between the accuracy of the SVM-RBF classifier and window 

size for any window increment size. In the case of the NB classifier, there was a significant relationship between 

window size and classification accuracy when a window increment of 0.5s was used, whereas for the RF classifier 

there was a significant relationship when an increment of size 0.1s was used. The results in Table 4 indicate there 

was no significant correlation between classification accuracy and window increment size at any of the window 

sizes.  

A channel subset analysis was then carried out. Figure 5 is a box plot showing how average classification 

accuracy, sensitivity to class 1 and sensitivity to class 2 varied for different channel subset groups. The plot was 

constructed from the average results obtained from all six classifiers for the segmentation scheme (2s,0.5s) which, 

as illustrated previously in Figure 3, resulted in statistically significant improvements in classification accuracy 

for all classifiers except the SVM-poly classifier. Since the data was found to be non-normal following an 

Anderston-Darling test, a Kruskal-Wallis test was used to determine whether there were any significant 

differences in accuracy, sensitivity to class 1 and sensitivity to class 2 across the channel subsets. There was a 

significant difference in classification accuracy (p=0.022) and sensitivity to class 2 (p=0.0155), however there 

was no significant difference in the sensitivity to class 1 (p=0.4144).  

Table 5 [14, 17, 20, 21, 28, 29] compares the peak results obtained in this study to results in the literature 

from other conventional and deep learning systems.  

Discussion  

This Section first discusses the effectiveness of the MSMV decision fusion approach for MI EEG classification. 

It goes on to examine peak classification performance, and then discusses the impact of window size and window 
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increment size on classification accuracy. The effectiveness of the different channel subsets used was then 

analysed. Finally, the Section closes with a comparison to the literature.  

Analysing the Impact of MSMV Decision Fusion on Performance 

The results in Figure 3 illustrate that multi-segment decision fusion can have a significant effect on classification 

accuracy for all classifiers except the SVM-poly classifier. In fact, for all classifiers except the SVM-poly, using 

a window size of 2s and increment sizes of 0.5s or 0.25s resulted in a significant improvement in classification 

accuracy. The LDA, NB and RF classifiers were most likely to experience a significant improvement in 

classification accuracy with MSMV decision fusion; the LDA and NB classifiers experienced a significant 

improvement in classification accuracy for 73% of the (window size, window increment size) pairings, and the 

RF classifier experienced an improvement with 52% of the pairings. The SVM-linear and SVM-RBF classifiers 

experienced a significant improvement in classification accuracy for only 5% of the (window size, window 

increment) pairings. When a window size of less than 1s was used, MSMV decision fusion could lead to a 

significant decrease in performance. For example, the windowing scheme (0.5s,0.5s) led to a significant decrease 

in performance for the LDA, SVM-linear and SVM-RBF classifiers, and the LDA and SVM-linear classifiers also 

experienced a significant decrease in performance for the windowing schemes (0.5s,0.1s) and (0.75s,0.1s). The 

results in Figure 3 indicate that the effectiveness of MSMV decision fusion depends strongly on the classifier used 

and on the size of segmentation window. Notwithstanding this, since the segmentation schemes (2s,0.5s) and 

(2s,0.25s) gave a significant improvement in classification accuracy for five of the six classifiers MSMV with 

these schemes would be recommended for further analysis.  

Figure 4 shows the average accuracy results for all classifier and channel subset pairings. As was 

observed in Figure 3, larger window sizes tend to result in greater accuracy. For example, when a window size of 

2s is used, 93.33% of classifier-channel subset pairings have an improved classification accuracy when compared 

to the control case, but when a window size of 0.5s is used, only 33% of classifier-channel subset pairings had an 

improved performance. The correlation analysis later in this section further explores the relationship between 

window size and performance. 

Peak Performance  

Considering the results in Table 2, the overall peak average accuracy was 84.50%, and this was obtained for two 

different classifiers: the LDA classifier and the SVM-RBF classifier. In both cases, the C+CP channel subset and 

the windowing scheme (2s,0.1s) gave peak performance. Without MSMV decision fusion, the LDA classifier 
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obtained an accuracy of 80.93%, and the RBF classifier obtained an accuracy of 80.76%, indicating that in both 

cases the MSMV decision fusion approach led to an improvement in the classification accuracy of approximately 

5%. The averaged results in Table 2 indicate that MSMV decision fusion had the potential to boost the accuracy 

by an average of 3.70% across all classifiers. MSMV decision fusion also tended to improve the sensitivities of 

the classifiers to both classes in all cases except for the naïve Bayes classifier’s sensitivity to class 2, which 

decreased by 1.1%.  

Correlation Analysis  

Part 1 of the correlation analysis was carried out to identify the relationship between window size and 

performance. The results in Table 3 confirm that a larger window size was generally correlated with greater 

classification accuracy. This result is in agreeance with the observations made in relation to Figures 3 and 4, and 

the statistical analysis associated with Figure 3, which concluded that for a window size of 2s there was a 

statistically significant improvement in classification accuracy for all classifiers except the SVM-poly classifier, 

which experienced no significant change. These results also concur with the overall peak performance results 

obtained by the LDA and SVM-RBF classifiers in Table 2, which were linked to a window size of 2s.  

However, not all the classifiers in Table 2 had a peak performance that coincided with a window size of 

2s. The RF and SVM-linear classifiers had a peak performance associated with window sizes of 1.5s and 1.75s, 

respectively. This could be because for window sizes below 2s the EEG data can tend to approach approximate 

stationarity. For example, a window of 1.25s has been used under the assumption of approximate stationarity 

[30,31], and it is known that CSP feature extraction suffers when data is non-stationary [32]. However, windows 

which are smaller than 1s often lead to lower accuracies, as shown in Figure 3, possibly because there was not 

enough data in the window for the CSP features to be strongly discriminative. These results may indicate that 

choice of window size for some classifiers is a trade-off between two opposing factors: 1) smaller windows leading 

to data which is closer to stationarity, and 2) larger windows capturing enough data for more discriminative 

classification.  

Part 2 of the correlation analysis, presented in Table 4, confirmed that there was no significant correlation 

between accuracy and window increment size. However, larger increments result in fewer segments and therefore 

less computational processing. Previously, from Figure 3, it was established that window increments of 0.5s and 

0.25s were both linked to significantly improved accuracy. Based on this correlation analysis, a window increment 

size of 0.5s would be recommended.  
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Channel Subset Analysis 

Considering the accuracy results in Figure 5, channel subset C+CP+CF had the highest median accuracy, 

outperforming even the case when all 118 EEG channels were used. Channel subsets C+CP and C+CF also had 

higher median accuracies than the full set of 118 channels. However, using just the central channels resulted in a 

substantial drop in median accuracy. Consider the plot of sensitivity to class 2: using channel subsets C+CP+CF, 

C+CP and C+CF resulted in an increase in the median sensitivity when compared to using 118 EEG channels and 

using just the central channels resulted in a notable decrease in median accuracy. Therefore, the trends in the 

accuracy results are mirrored in the results for sensitivity to class 2, and the differences across channel subsets 

were statistically significant for both performance measures. In the case of sensitivity to class 1, there was no 

statistical difference in results across the channel subsets. These results suggest that the improvement in 

classification accuracy obtained using channel subsets C+CP+CF, C+CP and C+CF relative to using 118 channels 

resulted from an improvement in sensitivity to class 2 obtained using the channel subsets. This improvement may 

have been due to a reduction in noisy or redundant channels. There is still an open debate [22, 23] in the literature 

about whether reducing the number of EEG channels can improve classification accuracy, however from the 

results of this cross-classifier study, the channel subsets C+CP+CF and C+CP gave the highest accuracy and 

would be recommended.  

 

Comparison to the Literature  
 

Although the core aim of this study was to investigate whether MSMV decision fusion could be used to improve 

the classification accuracy of an MI EEG classification system, the results were compared to the literature for 

completeness. Considering the results from classical implementations as highlighted in italics in Table 5, the 

MSMV decision fusion approach offered better performance. The key differences between the classical systems 

in [14, 20] and the approach in this paper were the MSMV decision fusion step and the use of EEG channel 

subsets.  

The results obtained from the MSMV decision fusion approach outperformed several conventional 

processing techniques [20, 21, 28]. Yang et al. [20] used algorithmic channel selection through time-series 

analysis, obtaining 9 subject specific channels and an accuracy of 78%. Like Yang et al. [20], our study used CSP 

features and an LDA classifier, but obtained an average classification accuracy of 84.50%. Our implementation 

had the added benefit of using a universal, static, channel subset which did not involve algorithmic channel 

selection pre-processing. Olias et al. [21], used normalized CSP and tangent space logistic regression and obtained 
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a classification accuracy of 82%, which was lower than the proposed approach. The MSMV decision fusion 

approach also outperformed the CSP feature extraction approach reported by He et al. [17] which used the 

Rayleigh coefficient to increase discriminative performance.  

However, the MSMV decision fusion approach was outperformed by some implementations that use 

algorithmic channel or feature selection techniques [14, 17]. For example, Baig et al. [14] used differential 

evolution to select a subset of 13-18 features from a total of 236 features extracted from the 118 EEG channels. 

He et al. [17] used a genetic algorithm to obtain subject-specific subsets of EEG channels that were then used for 

classification. Differential evolution [14] and genetic algorithms [17] are wrapper selection techniques which 

introduce significant additional computational expense when compared to using static EEG channel subsets, as in 

our study. Our study has confirmed that MSMV can improve classification performance across several EEG 

channel subsets. A future step could involve applying the MSMV decision fusion approach to systems using 

algorithmic channel selection.  

Consider the results in Table 5 from deep learning-based systems. Our results were on a par with those 

obtained by She et al. [28], however they were inferior to those obtained by Kumar et al. [29]. Notwithstanding 

this, deep learning approaches, such as CNN-based systems [29], require significant tuning and training times 

which could impact their practical use for the time being.  

The results for subject aw were poor when compared to some of the other methods. This may have been 

due to two factors: i) the grid search not covering the optimal classifier parameters for aw, and ii) the choice of 

channel subset may not have been optimal for aw. Carrying out a new grid search for the classical LDA and SVM-

poly classifiers, for subsets C+CP+CF and C+CP respectively, the accuracy was increased to 83.93% and 83.21%. 

Optimal parameters were Δ = 0.0001 and ϒ= 0.88889 for the LDA classifier, and 𝐶=1000, 𝑔=46.416 and order 

of 3 for the SVM-poly classifier. Performing a similar analysis when 118 EEG channels were used for aw, the 

accuracy increased to 90.71% for the LDA classifier and 90.36% for the SVM-polynomial classifier (parameters: 

Δ = 0.01 and ϒ= 0.1111 for the LDA classifier, and 𝐶=1000, 𝑔=251.44, order of three for the SVM-poly 

classifier), which was on a par with some best results in the literature. In this work an effort was made to pick the 

best classifier parameters and channel subsets based on the results obtained across the entire population of 

subjects, however this result illustrates the importance of fine tuning the classifier to the subject under study. 

Conclusion 

Accurate and robust MI EEG classification is important for future BCI neurorehabilitation technologies. 
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In this paper, we have investigated whether decision fusion through majority voting post-processing can improve 

the performance of a conventional MI EEG classification system. The effect of this method was studied in the 

context of six different MI EEG processing pipelines using CSP features and the following classifiers: SVM-

linear, SVM-poly, SVM-RBF, LDA, NB and RF. The impact of MSMV decision fusion was studied across five 

different EEG channel subsets. Some useful conclusions are summarized as follows: 

• MSMV decision fusion with the segmentation schemes (2s,0.5s) and (2s,0.25s) significantly improved the 

classification accuracy in five of the six classifiers.  

• When using MSMV decision fusion, larger windows were correlated with better accuracy. The size of the 

window increment was not correlated with classification accuracy. 

• An overall peak classification performance of 84.50% was obtained for the LDA and SVM-RBF classifiers 

for channel subset C+CP and windowing scheme (2s,0.1s). In this case the MSMV decision fusion approach 

led to an improvement of approximately 5% when compared to the control case.  

• The C+CP+CF and C+CP channel subsets had the best performance across classifiers and led to higher 

accuracies when compared to using all 118 electrodes.  

• The cross-classifier analysis carried out in this paper indicated that introducing central-parietal and/or central-

frontal channels can improve the classification results when compared to using just the central EEG channels 

and these scalp groups would be recommended for consideration when constructing static EEG subsets.  

 

Future work could focus on applying MSMV decision-fusion in to classification pipelines using other 

MI EEG features or applying MSMV to systems using novel channel selection techniques [33, 34]. Although the 

grid search was found to be an effective way of tuning a range of classifiers for MI EEG classification, Bayesian 

optimization could be further investigated to improve hyperparameter tuning for conventional classifiers due to 

its verified effectiveness. In addition, we will also work on exploring extraction of the most useful signals within 

the EEG data as well as applying advanced machine learning tools such as deep learning for more effective 

denoising, feature extraction and data classification. 
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Tables 
 

Table1: A table of the different window sizes and increment sizes used for EEG trial segmentation. Each window 

size and window increment pairing were investigated. 

Window Size Window Increment 

2s, 1.75s, 1.5s, 1.25s, 1s, 0.75s, 0.5s 0.5, 0.25, 0.1 

 

Table 2: Comparing the peak accuracy results obtained using MSMV decision fusion to the control case when no 

decision fusion is used. The results also include the configuration that resulted in peak classification accuracy, 

and a comparison of the sensitivities to classes 1 and 2 obtained for the configuration, and the for the control 

case.  

 

Classifier 

Accuracy Sensitivity (Class1/Class2) Configuration 

Channel subset – (Win Size, 

Win Inc Size) 
Multi-Segment 

Fusion  

Control Multi-Segment 

Fusion 

Control 

LDA 84.50% 80.93% 83.57%/84.29% 80.57%/81.57% C+CP- (2s,0.1s) 

NB 82.64% 80.00% 86.29%/79.00% 80.01%/79.86% C+CP+CF – (2s,0.25s) 
RF 83.86% 80.93% 84.02%/85.14% 81.08%/81.20% 118 – (1.5s,0.25s) 

SVM-Linear 83.93% 81.07% 85.00%/84.00% 82.57%/79.29% C+CP+CF - (1.75,0.1s) 

SVM-Poly 82.36% 80.43% 82.00%/82.71% 79.71%/81.14% C+CF – (2s, 0.1s) 
SVM-RBF 84.50% 80.46% 84.71%/84.29% 82.14%/78.57% C+CP – (2s, 0.1s) 

Average 83.63% 80.67% 84.27%/83.24% 81.01%/80.27% - 

 

Table 3: Results from a Pearson correlation analysis for each classifier and window size. The correlation 

coefficients, ρ, and corresponding p-values obtained for each window increment size are recorded. Statistically 

significant values of ρ are in italics. 

 0.5s increment 0.25s increment 0.10s increment 

Classifier p-value ρ p-value ρ p-value ρ 

LDA 0.0010 0.9508 0.0035 0.9183 0.0098 0.8756 

NB 0.0261 0.8133 0.5323 0.2872 0.3229 0.4402 
RF 0.1152 0.6484 0.1087 0.6572 0.0236 0.8208 

SVM-Linear 0.0343 0.7906 0.0009 0.9523 0.0066 0.8940 

SVM-Poly 0.0370 0.7838 0.0242 0.8192 0.034 0.7912 
SVM-RBF 0.0526 0.7491 0.2415 0.5107 0.0527 0.7490 

 

Table 4: Results from a Pearson correlation analysis for each classifier and window increment size. The 

correlation coefficients, ρ, and corresponding p-values for each window size are recorded. Statistically significant 

values of ρ are in italics. 

Window Size 2s  1.75s 1.5s 1.25s 1.00s 0.75s 0.5s 

 p-val ρ  p-val ρ p-val ρ p-val ρ p-val ρ p-val ρ p-val ρ 

LDA 0.24 -0.93  0.81 -0.29 0.45 -0.76 0.38 -0.83 0.36 -0.84 0.28 -0.91 0.25 -0.92 

NB 0.30 -0.89  0.68 -0.48 0.24 -0.93 0.08 -0.99 0.06 -0.99 0.01 -0.99 0.08 -0.99 

https://doi.org/10.1109/TNNLS.2015.2477537
https://doi.org/10.1109/TNNLS.2018.2871361
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RF 0.60 0.58  0.64 0.53 0.62 0.56 0.65 0.52 0.70 0.45 0.60 0.59 0.58 0.61 

SVM-Linear 0.76 0.37  0.49 0.72 0.40 0.81 0.40 0.81 0.37 0.84 0.34 0.86 0.35 0.86 
SVM-Poly 0.91 -0.14  0.60 0.60 0.65 0.52 0.77 0.37 0.73 0.41 0.82 0.28 0.86 0.22 

SVM-RBF 0.42 0.79  0.37 0.83 0.42 0.79 0.37 0.83 0.35 0.85 0.30 0.89 0.39 0.82 

 

Table 5: Comparing the classification accuracy obtained with MSMV decision fusion to results obtained with 

other conventional approaches ([14, 17, 20, 21]) and deep learning-based approaches ([28, 29]). Results 

highlighted in italics were obtained for classical conventional systems. 

 Classification Accuracy (%)  

Papers Features & Classifiers used Channels aa al av aw ay Average 

Olias et al. 

[21] 

CSP+LDA (classical) 118 67.68 96.81 62.12 85.12 87.68 79.88 

Normalised CSP+tangent space logistic regression 70.31 96.31 67.87 87.75 91.62 82.77 

Baig et al. 

[14] 

CSP+SVM (classical) 118 82.00 94.00 70.00 87.00 87.00 84.00 

CSP with differential evolution feature selection +SVM 95.80 98.80 89.80 99.20 96.50 96.02 

 

He et al. [17] 

CSP with Rayleigh coefficient+LDA 118 67.90 88.30 59.20 87.60 80.40 76.68 

CSP with Rayleigh coefficient+LDA with GA  

optimisation to select channel subset 

Subject-specific 

(13-18)* 

86.40 98.50 75.10 93.90 87.10 88.20 

Yang et al. [20]   CSP features with LDA classifier and time series analysis-

based channel selection  

Subject-specific  

(9 channels) 

67.00 89.00 61.00 81.00 92.00 78.00 

She et al. [28] Hierarchical extreme learning machine with deep architecture 118 61.70 100 73.88 88.17 79.64 79.33 

Kumar et al. [29] CSP+deep neural network  118 90.00 97.50 73.00 97.00 96.00 90.70 

This paper CSP+SVM-RBF + MSMV (Scheme: 2.0s,0.1s) C+CP (14) 79.64 94.64 75.00 78.57   94.64 84.51 

CSP+LDA + MSMV (Scheme: 2.0s,0.1s) C+CP (14) 79.64 95.71 73.21 78.93 95.00 84.51 
* aa- 39 channels, al- 18 channels, av- 47 channels, aw – 26 channels, ay – 16 channels  
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Figures 
 

 

Figure 1: An illustration of the proposed methodology for multi-segment majority voting decision fusion. The image shows the windowing 

and majority voting scheme for a window of size 1s and with an increment of 0.5s. 

 

Figure 2: The standard 10-20 electrode placement for EEG recording, with the 21 electrodes used to construct subsets highlighted in red. 
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Figure 3: Plots of accuracy against window size for each classifier. The blue horizontal line denotes the control case when no decision fusion 

was used. The data marker type represents the window increment size. A Wilcoxon signed-rank test was used to compare the MSMV decision 
fusion results to the control case. Red data points indicate a statistically significant change in performance and black data points indicate no 

statistically significant change.  

 

 

Figure 4: Plots of mean classification accuracy against window size for all the classifier and channel subset pairings. Results were averaged 

across subjects and then the mean classification accuracy obtained across the different window increments were plotted. The horizontal lines 
are the mean classification accuracy obtained with that classifier and channel subset when MSMV decision fusion was not used, which was 

the control case. 
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Figure 5: Box plots comparing the accuracy, sensitivity to class 1 and sensitivity to class 2 for different channel subsets. In each box, the 

horizontal red line represents the median value, whilst the top and bottom edges of the box represent the 75th and 25th percentiles of the data.  

 

 


