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Abstract: Electroencephalogram (EEG) based motor imagery (MI) classification requires efficient feature extraction 

and consistent accuracy for reliable brain-computer interface (BCI) systems. Achieving consistent accuracy in EEG-

MI classification is still big challenge according to the nature of EEG signal which is subject dependent. To address 

this problem, we propose a feature selection scheme based on Logistic Regression (LRFS) and two-stage detection 

(TSD) in channel instantiation approach. In TSD scheme, Linear Discriminant Analysis was utilized in first-stage 

detection; while Gradient Boosted Tree and k-Nearest Neighbor in second-stage detection. To evaluate the proposed 

method, two publicly available datasets, BCI competition III-Dataset IVa and BCI competition IV-Dataset 2a, were 

used. Experimental results show that the proposed method yielded excellent accuracy for both datasets with 95.21% 

and 94.83%, respectively. These results indicated that the proposed method has consistent accuracy and is promising 

for reliable BCI systems. 
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1. Introduction 

Brain–computer interface (BCI) is a communi-

cation technique that aims to identify a human brain 

intents and translate them to control external devices 

or environment [1–3] that is usually recorded using 

electroencephalogram (EEG) [4]. BCI techniques 

have researcher’s intention and developed over the 

past two decades rapidly [5]. One of the most studied 

types of EEG signals in BCI systems is motor 

imagery (MI) task [6]. MI is a mental practice of a 

special motor movement without actual execution [7] 

or motor output [8]. Many studies have proved that 

MI plays a crucial role in motor skill learning, 

prosthesis control and rehabilitation of motor abilities 

[9]. 

EEG signal is one of the most popular techniques 

for monitoring brain activities in BCIs [2] due to low 

cost and non-invasive nature of EEG.  However, the 

nature of EEG signal  has too much noise, [10] non-

stationary [11, 12] and subject-dependent [13–15] 

that affect the classification results [10]. Therefore, 

processing of EEG signals, which directly affects the 

classification accuracy, still represents an important 

challenge [4, 16]. EEG signal recognition is the key 

technology of BCI that includes feature extraction 

and classification [17, 18]. 

Many studies have been conducted to address 

those such problems using various signal processing 

technique combined with machine learning classifier 

both single classifier or ensemble technique. Several 

researches also used feature selection since EEG 

signal recorded with multi-channel [16, 19]. In EEG 

based MI classification, two publicly available 

datasets come from BCI competition, namely BCI 

competition III-Dataset IVa and BCI competition IV-

Dataset 2a.  

Regarding the first dataset, many studies have 

been conducted by employing common spatial 

pattern (CSP) [16, 19–22]. In [20], they proposed the 

sparse group representation model (SGRM) which 

aims at finding out the most significant training 

samples and yielded average accuracy 77.7%. 

However, their method needs parameter optimization 



Received:  July 24, 2020.     Revised: October 18, 2020.                                                                                                  135 

International Journal of Intelligent Engineering and Systems, Vol.14, No.1, 2021           DOI: 10.22266/ijies2021.0228.14 

 

which takes much time. A dynamic and self-adaptive 

classification algorithm was proposed by [16] with 

ability to select EEG channel dynamically. However, 

their method gained even lower average accuracy 

with 75.15% and the selected channels differs for 

each subject. An improved accuracy was produced by 

[22] study with 82.48%. They proposed CSP-Rank 

for Multiple Frequency Bands (CSPRMF) and linear 

discriminant analysis (LDA). Their method also 

supports channel selection. However, selected 

channels were different under various frequency 

bands for each subject and need for further 

performance improvement. An excellent average 

accuracy was produced by [19] and [21] with 90.58% 

and 92.93%, respectively. However, their methods 

lack of consistent selected channels for each subjects 

and low consistent performance among all subject 

with standard deviation more than 5%. 

Regarding the second dataset, although BCI 

competition IV-Dataset 2 a recorded in 4 classes, 

many studies were conducted in 2 classes. Left hand 

and right hand class were selected in many studies 

due to corroborate the effectiveness of their method 

in 2 classes EEG based MI classification. Since this 

dataset is multi-class in nature, the 2 class 

classifications of this dataset that have been 

conducted by previous research have not yet 

produced excellent performance. Several studies 

have produced an average accuracy of nearly 90% 

[16,23–27], while there are still many whose average 

accuracy is still below 80% [28–30]. 

Among these studies, many of them use a single 

classifier, followed by ensemble and deep learning in 

the form of convolutional neural network (CNN). In 

single classifier, support vector machine (SVM) were 

used by [23,29,31], linear discriminant analysis 

(LDA) [16,30], least square classifier [28] and k-

Nearest Neighbor (kNN) [27]. These studies still 

need further improvement to produce excellent and 

consistent performance due to either using single 

classifier or CSP as feature extraction method. 

Despite its popularity, CSP very sensitive to noise, 

and often over-fit with small training sets [32]. 

Therefore, how to improve the recognition 

performance of EEG based MI is still a vital issue for 

the development of BCI systems [32] and still-

ongoing [26]. 

In this study, we propose a two-stage detection 

employing Linear Discriminant Analysis (LDA) as 

first stage detector whereas k-Nearest Neighbor (k-

NN) and Gradient Boosted Tree (GBT) as second 

stage detector. LDA is proven as effective as 

classifier [33] and k-NN also proven as promising 

classifier in EEG based MI classification [4].  

Meanwhile, GBT as a development and improved 

version of Decision Tree (DT) also promising since 

DT itself is a good classifier. A simple yet effective 

feature selection also utilized in our proposed method 

with Logistic Regression (LR) algorithm by utilizing 

LR ability on feature weighting. LR describes the 

association between a categorical dependent variable 

and certain independent variables by using 

probability scores as the predicted values of the 

dependent variables [34], which effective used as 

feature selector. In this study, seven statistical 

features are used for feature extraction and employed 

data transformation approach called channel 

instantiation where EEG multi-channel data 

transformed into instance which introduced by [32]. 

It shoul be new paragraph of the proposed method 

consists of two parts, i.e. (1) a hybrid classifier in 

form of two-stage detection which is simple yet 

effective, and (2) simple feature selection based on 

feature weighting by logistic regression. The 

combination of these technique will produce not only 

excellent and consistent performance of the detection 

but also efficient in time execution. The motivation 

of this work was to analyse the effectiveness of the 

two-stage detection in channel instantiation approach 

for making accurate detection of EEG based MI. 

Another motivation was to develop a feature 

selection method that suitable for inter-subject which 

gain excellent and consistent accuracy yet reduce 

features optimally. Thus, the proposed method 

suitable for reliable BCI systems for further 

implementation. 

This study is organized as follows. In Section 2, 

we explain material and method which comprises 

dataset description and the proposed method from 

feature extraction, feature selection until 

classification technique. Following by the 

experimental result which describe the quantitative 

result, comparison to previous studies and further 

discussion in Section 3. Finally, Section 4 presents 

the conclusion of this study. 

2. Material and method 

2.1 Dataset 

In this study, two publicly available datasets 

which provided by BCI competition were used to test 

the effectiveness of the proposed method. These two 

datasets taken from BCI competition III-2005 and 

BCI competition IV-2008.  

In the first dataset, Dataset IVa from BCI 

competition III [35] were used in this study. This 

dataset was recorded from five healthy subjects (“aa”, 

“al”, “av”, “aw”, “ay”). All subjects performed three 

types of motor imageries i.e. right foot, left hand and 
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right hand. However, for the competition, only right 

foot and right hand were provided. The recording was 

made using BrainAmp amplifiers with 118 EEG 

channels were measured based on extended 

international 10/20-system. Signals were band-pass 

filtered between 0.05 and 200 Hz and then digitized 

at 1000 Hz with 16 bit (0.1 V) accuracy. However, 

the data down-sampled at 100 Hz (by picking each 

10th sample) also available for analysis. In this study, 

this 100 Hz down-sampled data is used for EEG 

based MI classification task. 

Each subject performed 280 trials in total with the 

composition for training and testing sets: subject 

(training; testing), “aa” (168; 112), “al” (224; 56), “av” 

(84; 196), “aw” (56; 224) and “ay” (28; 252). In this 

study, although every subject has separate training 

and testing sets, they were combined into one dataset 

due to the low number of trials and imbalance 

between training and testing sets. 

In second dataset, BCI Competition IV–Dataset 

2a were used in this study. This dataset consists of 

EEG data from 9 subjects [36]. The cue-based BCI 

paradigm consisted of four different motor imagery 

tasks, namely the imagination of movement of the left 

hand (class 1), right hand (class 2), both feet (class 3), 

and tongue (class 4). Two sessions on different days 

were recorded for each subject. Each session is 

comprised of 6 runs separated by short breaks. One 

run consists of 48 trials (12 for each of the four 

possible classes), yielding a total of 288 trials per 

session. Twenty-two Ag/AgCl electrodes (with inter-

electrode distances of 3.5 cm) were used to record the 

EEG. All signals were recorded monopolarly with the 

left mastoid serving as reference and the right 

mastoid as ground. The signals were sampled with 

250 Hz and band-pass filtered between 0.5 Hz and 

100 Hz. The sensitivity of the amplifier was set to 100 

µV. An additional 50 Hz notch filter was enabled to 

suppress line noise. In this study, only left hand (class 

1), right hand (class 2) were utilized due to test the 

consistency and robustness of the proposed method 

related to the first dataset, which is 2-class motor 

imagery. 

In this study, only 17 channels were selected in 

the first dataset (FC3, FC1, FCz, FC2, FC4, C5, C3, 

C1, Cz, C2, C4, C6, CP3, CP1, CPz, CP2, and CP4).  

Since these channels related to motor activity as used 

by [37] and according to the homunculus theory that 

represents motor activity area [38]. Meanwhile in 

second dataset, all channels (22 channels) were used. 

2.2 Feature extraction and channel instantiation 

approach 

Before feature extraction is conducted, EEG 

signal is filtered using 4-th order Butterworth band-

pass filter as commonly used in EEG signal 

processing [39,40]. EEG signal were filtered in 

certain frequency range 8-30 Hz. This frequency 

range is most selected in prior research [41,42]. After 

filtered, according to nature of recorded data, a time 

slot between 0.5 – 3.5 seconds is chosen for further 

process for first dataset.  The selected time slot, 

which is range about 3 seconds, consists of 300 data 

points because 100 Hz down-sampled data is used in 

this study. In second dataset, time slot between 3 – 5 

seconds was selected, which is range about 2 seconds, 

consists of 500 data points because the sampling rate 

is 250 Hz. These data points (300 and 500 data points 

for first dataset and second dataset, respectively) then 

divided into 10 windows for further feature extraction 

process. 

The next step is conduct feature extraction by 

using seven statistical measures. The following seven 

statistical measures are chosen for EEG based MI 

classification: 

• Mean Absolute Value (mav):  
 

𝑚𝑎𝑣 =
1

𝑛
∑ |𝑥𝑛|𝑁

𝑖=1                      (1) 

 

• Root Means Square (rms):  
 

𝑟𝑚𝑠 = √
1

𝑛
∑ 𝑥𝑛

2𝑁
1                       (2) 

 

• Standard Deviation (): 

 

 = √
1

𝑛
∑ (𝑥𝑛 − )2𝑁

1                   (3) 

 

• Skewness: 

 

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 = √
1

𝑛
∑

(𝑥𝑛−)3

3
𝑁
1                (4) 

 

• Kurtosis: 

 

𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 = √
1

𝑛
∑

(𝑥𝑛−)4

4
𝑁
1               (5) 

 

• Variance to Mean Ratio (vmr): 

 

𝑣𝑚𝑟 = 2/                        (6) 
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Figure. 1 Channel-class dataset is class-level dataset 

generation based on channel instantiation approach 

(Tr=Trial, Ch=Channel) 

 

Figure. 2 Channel-trial dataset is trial-level dataset 

generation based on channel instantiation approach 

 

• Coefficient of Variation (cv) 

 

𝑐𝑣 = /                         (7) 

 

where xn is n-th data point and  is mean value. 

In this study, channel instantiation as similar to 

multi-instance learning (MIL) approach was used. In 

some applications, the objective is not to classify 

bags (a set of instances), but to classify individual 

instances [43]. MIL approach is compatible since 

EEG signal was recorded in multi channels, whereas 

each channel has its own signal. This approach 

transforms EEG raw signal and generate two kinds of 

new dataset i.e. Class-level dataset and Trial-level 

dataset. Class-level dataset was used to create feature 

selection pattern, meanwhile Trial-level dataset is 

used as dataset for classification task. In MIL 

approach, the classification task by using trial-level 

dataset is called instance-level prediction.  Fig. 1 and 

Fig. 2 depict the class-level dataset and trial-level 

dataset generation, respectively. 

Class-level dataset was used in feature selection 

scheme since it consists lower record hence faster in 

the execution time. Channel-Class dataset has lower 

number of record rather than Channel-Trial dataset 

with 236 (2 classes x 118 channels) and 4,760 (280 

trials x 17 channels) for first dataset. In second 

dataset, channel-trial dataset has 2,508 records (114 

trials x 22 channels). 

The following steps for class-level dataset are: 

1) Split data from each class 

2) Create windowing: 10 windows (with same data 

points number for each window) 

3) Calculate seven statistic measures from each 

window from each channel 

4) Combine all feature vectors from each class 

become one dataset 

5) Transform dataset so channel become record 

(instance) and statistic measures become 

column (attribute). 

Meanwhile, trial-level dataset process little bit 

different where class in class-level dataset replace 

with trial. The following steps for trial-level dataset 

are: 

1) Create windowing: 10 windows (with same data 

points number for each window) 

2) Calculate seven statistic measures from each 

window from each trial 

3) Combine all feature vectors from each trial 

become one dataset 

4) Transform dataset so channel become record 

(instance) and statistic measures become 

column (attribute). 

2.3 Feature selection 

In this study, we use logistic regression (LR) as 

feature selection method by using LR ability in 

feature weighting as shown in Fig. 3. Two pre-

processed dataset is used in this feature selection 

scheme, Channel-Class dataset and Channel-Trial 

dataset. Channel-Class dataset feed to LR as training 

dataset where LR weight its features then weight 

threshold is used to filter the dataset with features that 

pass the given threshold. In this study, weight 

threshold is set to >= 0.5 with absolute value which 

means a feature with weight value both positive and 

negative that surpass the threshold will be selected.  

 

 
Figure. 3 Feature selection scheme 
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Figure. 4 Two stage detection and channel voting block 

diagram 

 

This feature selection scheme then apply to Channel-

Trial dataset for further processing so called 

processed data. The processed data consists of 

selected features from Channel-Trial dataset 

according to this feature selection scheme. 

This feature selection scheme is apply to all five 

datasets (“aa”, “al”, “av”, “aw”, “ay”). So, different 

dataset may produce different selected features. In 

this study, all selected features from all five datasets 

then combined together and pick certain selected 

features with at least has 3 occurrence in all 5 datasets. 

The feature that has at least 3 occurrence is 

selected because almost all dataset has agree about its 

selection and representative enough as selected 

feature. This second scheme is intended to improve 

inter-subject robustness of EEG based MI 

classification from subject-specific feature selection 

[44]. 

2.4 Two-stage detection 

Processed data from feature selection stage than 

feed to 10-fold cross validation (CV) scheme as 

shown in Fig. 4. In 10-fold CV, data will split into 10 

subsets mutually exclusive with equal size where 

nine subsets are used for training and one subset is 

used for testing and this process repeats 10 times 

where the testing data is different for each process. 

As shown in Fig. 4, three classifiers are used, i.e.: 

LDA, k-NN and GBT. In this study, k-parameter on 

k-NN is set to 3 and number of tree parameter on 

GBT is set to 600. 

In first-stage detection, LDA is used since based 

on our empirical experiment, LDA is able to detect 

both classes with balance detection for both classes 

although in low accuracy. After detected by LDA, the 

second-stage detection is conducted where class 1 

(Right Hand) detected data feed to k-NN meanwhile 

class 2 (Right Foot) detected data feed to GBT. In 10-

fold CV, the training stage will produce model that 

will used in testing stage. In testing stage, a testing 

dataset is feed to the model that built from the training 

stage. After 10-fold CV conducted, the detected data 

then we calculate the accuracy based on channel 

voting. 

In this study, LDA was chosen since LDA 

generally provides good ability for classification [20] 

which find optimal discriminant features by 

maximizing the ratio of the between-class variance to 

the within-class variance of a given dataset [45]. 

Based on empirical result, LDA able to separates 

between classes equally and not tends to particular 

class. Meanwhile GBT was chosen, since GBT using 

boosting scheme and new decision tree model is 

trained to reduce the error [46]. Besides GBT, kNN 

was also chosen as second-stage classifier because 

kNN is a non-parametric learning algorithm method; 

thus, no need a priori assumptions about the 

distributions of data [47]. 

In this study, the two-stage detection is a form of 

hybrid classifier which also a form of ensemble 

learning. In ensemble, combining classifiers may 

provide a better choice and provide more acceptable 

approximations [25]. Thus, this ensemble technique 

helps derive stable classification results [48]. 

2.5 Evaluation 

In this study, accuracy is used as main evaluation 

since many prior researches used accuracy as main 

evaluation. In first dataset, although every subject 

consisted different train and test sets, they were 

combined into one dataset due to the low number of 

trials as used by many prior researches. Meanwhile in 

second dataset, only testing dataset were used in 

evaluation by using transfer learning from first 

dataset (feature selection and modelling scheme). 

Another important evaluation related to BCI 

systems is execution time. In BCI system, EEG based 

motor imagery classification evaluation regarding 

execution time has two main stage, i.e. feature 

extraction and classification stage. Several studies 

reported these two time measurements and then 

calculate the total time execution [26,28,49]. In 

addition, they achieved the total execution time 

below 1 second per trial, thus implementable for 

online BCI systems. 

3. Experimental results 

The experiments were conducted using a 

computing platform based on Intel i7 CPU and 8 GB 

RAM with Microsoft Windows 8.1 64-bit operating 

system. In development tools, R programming was  
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Table 1. Classification accuracy and distribution of 

channel number detection grouped by trial on BCI 

competition III-Dataset IVa 

#Range 
Subject 

aa al av aw ay 

15 – 17  51 81 87 73 75 

12 – 14  125 116 148 124 147 

9 – 11  87 61 41 68 49 

6 – 8  14 18 4 14 9 

3 – 5  3 4 0 1 0 

0 – 2  0 0 0 0 0 

#correct 263 258 276 265 271 

#wrong 17 22 4 15 9 

Accuracy 

(%)* 
93.93 92.14 98.57 94.64 96.79 

*) Average Accuracy = 95.21%  2.51% 

 
Table 2. Selected features from all subject with high 

occurrence on BCI competition III-Dataset IVa (14 of 70 

Features) 

No Feature 
#occur-

rence 

Subject 

aa al av aw ay 

1 skewness1 4 v v v v - 

2 skewness6 4 v - v v v 

3 kurtosis10 3 v - v v - 

4 kurtosis2 3 - v v - v 

5 kurtosis3 3 - v - v v 

6 kurtosis4 3 v v - - v 

7 kurtosis7 3 v - v - v 

8 kurtosis9 3 - v v - v 

9 mav2 3 - - v v v 

10 skewness10 3 - v v - v 

11 skewness2 3 - v - v v 

12 skewness3 3 - - v v v 

13 skewness4 3 - v - v v 

14 skewness8 3 v v v - - 

#Selected Features 

each Subject 
6 9 10 8 11 

 

used in feature extraction and evaluation; while 

Rapidminer 9.2 Educational License was used for 

modelling. 

In this study, the proposed methods so called two-

stage detection with feature selection based on 

feature weighting on LR algorithm (LRFS+TSD). 

Table 1 and Table 3 show the performance result 

from the proposed methods for BCI competition III-

Dataset IVa and BCI competition IV-Dataset 2a, 

respectively. As shown in Table 1, Range of channel 

with correct detection for each trial (#Range), number 

of correct detection (#correct) at trial level, number 

of wrong detection (#wrong) at trial level and 

accuracy is presented for each subject in every table. 

Since each trial consists of 17 channels, so true 

detection is made when #Range above 9. On the other 

hand, the detection is true for certain class when more 

than half of 17 channels, which mean at least 9 

channels, are detected for its corresponding class. 

As shown in Table 1, all subjects gained excellent 

accuracy. Number of correct detections mostly lies in 

range of 12-14 followed by range 15-17 and 9-11.  

Those range are majority detection that correct 

detection so the decision will be true detection for 

their respective trial. Subject “av” gained highest 

accuracy and subject “al” gained lowest accuracy.  As 

a result, average accuracy for all subject yielded 

95.21%. The result shows it’s consistent as indicated 

by low standard deviation value (2.51%). 

The proposed method (LRFS+TSD) is performed 

using the same features for all subjects with selected 

14 features. The selected features are used in this 

proposed method comes from a combination from all 

selected feature from all subjects based on the second 

proposed method with high occurrence (at least 3 

occurrence). This feature selection approach able to 

reduce until 80% from existing features (14 of 70 

features). Table 2 shows the detailed of the selected 

feature and its occurrence in all subjects. 

Selected feature mostly comes from higher order 

statistic (skewness and kurtosis) that confirm several 

prior research about its effectiveness as features 

[4,32]. Skewness dominate the selected feature with 

7 features followed by kurtosis and mav (mean 

absolute value) with 6 and 1 feature, respectively. As 

shown in Table 2, subject “av” and “ay” has higher 

occurrence in this selected feature with 10 and 11 

selected features, respectively. This number of 

selected features affected the performance result of 

the proposed method where subject “av” and “ay” 

gained higher accuracy compared to subject “aa”, “al” 

and “aw”. 

In order to evaluate the robustness of the 

proposed method regarding the consistency accuracy, 

another dataset comes from BCI competition IV-

Dataset 2a were used. In this study, only left hand and 

right hand (2 class) were selected from this dataset. 

Selected features based on previous dataset were 

utilized and the same model, LRFS+TSD, was also 

investigated. Table 3 presents the performance of the 

proposed method. 

As shown in Table 3, all nine subject (S1 until S3) 

gained excellent accuracy with average accuracy 

94.83%. The performance of the proposed method is  
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Table 3. Classification accuracy and distribution of channel number detection grouped by trial on 

BCI competition IV-Dataset 2a 

Range 
Subject 

S1 S2 S3 S4 S5 S6 S7 S8 S9 

20 – 22  39 101 55 36 92 18 12 69 30 

16 – 19  77 27 62 70 44 68 81 52 63 

12 – 15  23 12 19 25 8 51 41 17 37 

8 – 11  5 4 8 8 0 7 9 3 14 

4 – 7  0 0 0 5 0 0 1 3 0 

3 – 0  0 0 0 0 0 0 0 0 0 

#correct 139 140 136 131 144 137 134 138 130 

#wrong 5 4 8 13 0 7 10 6 14 

Accuracy 

(%)* 
96.53 97.22 94.44 90.97 100 95.14 93.06 95.83 90.28 

*) Average Accuracy = 94.83%  3.07% 

 
Table 4. Comparison to prior research for BCI 

competition III-Dataset IVa 

Sub

ject 

M1 

[16] 
M2 

[20] 
M3 

[21] 
M4 

[50] 
M5 

[22] 
PM 

aa 69.64 73.9 98.93 82.59 81.43 93.93 

al 96.42 94.5 93.21 97.19 92.41 92.14 

av 60.57 59.5 81.79 75.94 70 98.57 

aw 70.53 80.7 93.21 98.2 83.57 94.64 

ay 78.57 79.9 97.5 99 85 96.79 

avg. 75.15  77.70  92.93 90.58 82.48 95.21 

sd. 13.49 12.67 6.73 10.62 8.11 2.51 

Note: M1=DSAA, M2=CSP+SGRM, M3=LRFCSP+SVM, 

M4=GQCSP+SVM, M5=CSPRMF+LDA, PM=LRFS+TSD 

 

also consistent with low standard deviation among 

nine subjects (3.07%). Five subjects gained accuracy 

above 95% meanwhile the rest subject gained below  

95% but still above 90%. This result confirms and 

validated the proposed method regarding its 

consistence and effectiveness. 

To evaluate the effectiveness and 

competitiveness of the proposed method, a 

comparison between the proposed method and prior 

research were conducted and presented in Table 4. 

Five prior research were selected according to the 

similar dataset, similar the using of 10 fold cross 

validation and the newer publication time. Note that, 

font bold indicates highest accuracy among all 

methods and underlined font italic indicates lowest 

accuracy among each method. 

As depicted in Table 4, the proposed method has 

highest accuracy in subject “av” compared to prior 

method. In addition, subject “av” is subject with 

lowest accuracy for each prior method. In matter of 

average accuracy, the proposed method has highest 

average accuracy (95.21%) yes lowest standard 

deviation (2.51%) compared to prior research. All 

subject have high accuracy in the proposed method 

(above 90%). Contradict to prior research, at least one 

subject in prior research has accuracy below 90%. 

These findings indicate that the proposed method is 

effective and competitive and outperforms prior 

research. Another elaborative finding of the proposed 

method presented in boxplot and violin plot as 

depicted in Fig. 5. From this plot, the effectiveness 

and consistency of the proposed method depicted 

clearly. 

As shown in Fig. 5, the proposed method has 

highest average accuracy and smaller range between 

minimum and maximum value compared to prior 

research on BCI competition III-Dataset IVa. Based 

on the violin shape, the proposed method has narrow 

range performance among all subjects; meanwhile in 

prior research, almost all of them have wide range 

performance. In BCI competition IV-Dataset 2a plot,  

 

 
Figure. 5 Combination of boxplot and violin plot of prior 

research and the proposed method accuracy on BCI 

competition III-Dataset IVa (M1=DSAA, 

M2=CSP+SGRM, M3=LRFCSP+SVM, 

M4=GQCSP+SVM, M5=CSPRMF+LDA, 

PM=LRFS+TSD) 
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Figure. 6 Combination of boxplot and violin plot of prior 

research and the proposed method accuracy on BCI 

competition IV-Dataset 2a (M1=STR, M2=CCSP+SVM, 

M3=MEMDBF+CSP, M4=TSGSP+SVM, 

M5=ARFD+LDA, M6=CSE+UAEL, M7=DSAA, 

M8=SJGDA+KNN, M9=DBFCSP+CNN, 

PM=LRFS+TSD) 

 

as shown in Fig. 6, the proposed method has similar 

result with its performance plot. The proposed 

method has highest average accuracy and narrow 

range performance compared to prior research. The 

detailed comparison between the proposed method 

and prior research for BCI competition IV-Dataset 2a 

is presented in Table 5. 

As presented in Table 5, the proposed method has 

better performance compared to prior research in 

matter of higher accuracy and lower standard 

deviation, 94.83% and 3.07% respectively. The 

proposed method achieves 5 of 9 highest accuracy 

among all prior research. Based on these findings, the 

proposed method indicates consistence performance 

for both datasets. The accuracy and standard 

deviation are almost similar between two datasets. 

Another comparison is made in this study. A 

multi-comparison is made by using Bonferroni-Dunn 

test. For this purpose, nine aggregate value based on 

statistical measures were composed from each 

method from its performance for all subject, such as: 

mean, median, range, standard deviation, 1st quartile, 

3rd quartile, inter-quartile range, coefficient of 

variation and mean absolute deviation. Then, we 

calculate rank between methods for each measure 

(where lower rank means better than higher rank) and 

calculate the average rank for each method. This 

average ranks from all methods then used by 

Bonferroni-Dunn test. Fig. 7 and 8 present critical 

difference plot according to Bonferroni-Dunn test for 

BCI competition III-Dataset IVa and BCI 

competition IV-Dataset 2a, respectively. Bonferroni-

Dunn test were selected since it more suitable when 

compare many methods with control (the proposed 

method as control). 

As shown in Fig. 7, according to Bonferroni-

Dunn test, critical difference (CD) value is 2.27. So,  

 
Figure. 7 Critical difference (CD) plot based on 

Bonferroni-Dunn test for prior research and the proposed 

method (LRFS+TSD) on BCI competition III-Dataset IVa 

(CD=2.27) 

 

there will be difference between the proposed method 

and other method where the ranks are more than CD 

value. There is no difference between the proposed 

method with LRCSP+SVM, CSPRMF+LDA and 

GQCSP+SVM. Meanwhile with DSAA and 

CSP+SGRM, the proposed method has significant 

difference since there no black line covered these 2 

methods. According to the ranks, the proposed 

method has lowest rank compared to other methods. 

This means, the proposed method better than other 

prior method although there is no significant different 

with LRCSP+SVM, CSPRMF+LDA and 

GQCSP+SVM. 

In BCI competition IV-Dataset 2a performance, 

as shown in Fig. 8, the proposed method has lowest 

rank and no significant different with only three other 

methods, i.e. DFBCSP+CNN, SJGDA+KNN and 

DSAA. Meanwhile, compared to 6 other methods, 

there is significant difference with the proposed 

method, since their ranks higher than CD value (3.96). 

Again, from these two CD plots, the proposed method 

has lowest rank which mean better than prior research. 

According to the CD plot as depicted in Fig. 7 and 

8, the proposed method has first rank, which mean the 

performance of the proposed method is better than 

prior research. The proposed method also has 

significant difference with many prior researches, 

which means the proposed method is outperform 

many prior researches. 

Beside accuracy, the proposed method was 

measured regarding its time execution. Table 6 

presents time execution of the proposed method in 

matter of feature extraction and classification task.  

 
Figure. 8 Critical difference (CD) plot based on 

Bonferroni-Dunn test for prior research and the proposed 

method (LRFS+TSD) on BCI competition IV-Dataset 2a 

(CD=3.96) 
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Table 5. Comparison to prior research for BCI competition IV-Dataset 2a (left/right hand only) 

Method 
Subject 

Average 
S1 S2 S3 S4 S5 S6 S7 S8 S9 

STR [28] 83 50 94 62 57 63 54 88 75 69.56  15.93 

CCSP+SVM [23] 92.1 66.7 97.3 82.8 65.5 76.9 81.8 97.4 87.5 83.11  11.86 

MEMDBF+CSP [53] 90.78 57.75 97.08 70.69 61.48 70.37 72.14 97.76 94.62 79.19  15.85 

TSGSP+SVM [31] 87 64.7 93.8 74.3 90.4 63.9 91.4 95.8 81.3 82.51  12.24 

ARFD+LDA [12] 74 59 83 60 60 66 67 88 90 71.89  12.36 

CSE+UAEL [25] 91.67 63.89 94.44 72.22 77.08 75.69 73.61 94.44 90.28 81.48  11.33 

DSAA [16] 88.88 80.55 93.05 52.09 87.5 90.27 92.36 85.41 92.36 84.72  12.87 

SJGDA+KNN [27] 90.29 74.62 93.05 75.02 75.31 78.15 85.08 92.35 94.14 84.22  8.46 

DFBCSP+CNN [26] 87.8 68.41 91.68 80.41 88.89 78.45 86.52 92.32 90.89 85.04  7.88 

LRFS+TSD 96.53 97.22 94.44 90.97 100 95.14 93.06 95.83 90.28 94.83  3.07 

 

Table 6. Execution time of the proposed method 

Task Execution Time 

Feature Extraction 333.74 ms 

Classification 2.5 ms 

Total 336.25 ms ( 0.34 s) 

 

Time execution is important since EEG based motor 

imagery classification is part of BCI systems which 

mostly online system where low time execution is 

main consideration after its accuracy. Table 6 

presents the execution time of the proposed method. 

As shown in Table 6, the total time execution is 

about 0.34 second. This is still below 0.5 second. This 

achievement is indicated that the proposed method is 

implementable in BCI systems [16], especially in 2-

class classification. 

The effectiveness and efficiency of the results 

from the proposed method are generated by four 

components. These four components comprise of 

feature extraction scheme, channel instantiation 

approach, ensemble learning, and feature selection 

scheme. The first three components mostly affect the 

excellent and consistent accuracy which means the 

detection effectiveness. Meanwhile the last 

component affects the low execution time which 

means the detection efficiency. 

In first component, feature extraction scheme 

plays a crucial role since effective feature extraction 

will leads effective classification. In this scheme, 

narrow window feature extraction approach was 

chosen to handle the nature of EEG signal which is 

non-stationary. A combination of first order statistic 

and higher order statistic work effectively. According 

to the most selected feature, three kind of statistic 

measures proved give discriminative and its 

importance in EEG based MI classification, i.e. mean 

absolute value (mav), skewness, and kurtosis (see 

Table 2). Mean absolute value effectiveness as 

feature extraction consistent with previous study  

[4,51].  Similar to mean absolute value, skewness and 

kurtosis also confirm  the findings of previous works 

which conducted by [4,32].  

The second component is the using of channel 

instantiation approach [32]. By using channel 

instantiation, one single trial will be decompose into 

many instances which as many as number of channels. 

So, the detection will conducted in channel which act 

as instance complete with its own features as 

generated in feature extraction scheme. This 

detection, so called multi-instance learning (MIL) 

with instance-level prediction [43]. Since the 

detection in instance or channel level, so the final 

decision will be conducted based on voting scheme 

which conducted after two-stage detection. 

In the third component, ensemble technique was 

employed in form of hybrid classifier so called to-

stage detection. In first-stage, LDA was utilized. 

Several studies were utilized LDA and shown its 

effectiveness in classifying a 2-class EEG based MI 

classification [16,30]. In second-stage detection, 

GBT and kNN were used. At the decision stage, a 

voting scheme were implemented by using maximum 

probability for each detection. This voting technique 

is the most popular way of combining classifiers [16]. 

This ensemble technique helps derive consistent and 

better classification results [52].  

Finally, the fourth component is feature selection 

scheme based on LR by utilizing LR feature 

weighting ability. From 70 available features, only 14 

features (see Table 2) were selected by using this 

scheme. However, the performance of the detection 

still excellent and reduce execution time which make 

this study promising for BCI system. The 

combination of these four components explains the 
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underlying of the effectiveness of the proposed 

method.  

4. Conclusion 

In this study, LR based feature selection and two 

step detection were used for classification task of MI 

based EEG signal. A multi-channel with taken from 

BCI competition III-Dataset IVa and BCI 

competition IV-Dataset 2a were used for this purpose. 

We conducted and evaluated the proposed method by 

using promising approach so called channel 

instantiation as data transformation, two-stage 

detection and simple yet effective feature selection 

scheme. From the experimental results, the proposed 

method gained excellent accuracy for BCI 

competition III-Dataset IVa and BCI competition IV-

Dataset 2a with 95.21% and 94.83%, respectively. 

The proposed method gained consistent detection for 

both datasets with low standard deviation about 

2.51% and 3.07%, respectively. According to the 

Bonferroni-Dunn test, the proposed method proved 

its competitiveness and consistency with gained first 

rank for both datasets. The feature selection scheme 

able to reduce 80% from available features and able 

to maintain consistent excellent accuracy. These 

results show that the proposed method has the 

potential to obtain a reliable EEG based MI 

classification and can be used practically in 

controlling a wheelchair, rehabilitation therapies for 

the stroke rehabilitation or improve motor 

rehabilitation outcomes. However, several issue still 

open for future works such as: channel reduction as a 

feature selection according the original dataset and 

apply model in multi-class EEG based MI 

classification to test the robustness of the proposed 

method. 
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