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Abstract— Brain-computer interface (BCI) research is speedily 

growing and numerous innovative techniques are proposed for 

implementing BCI. One of the major drawbacks in BCI’s 

application is the problem of searching out a response from one 

trial. Hence, many trials are performed for every element so as 

to decrease the error in prediction. This led to a long time before 

accurately predicting the user intent and intensive user training 

is needed. The objective of this paper is to investigate a new 

technique to process the signal from brain in a real time without 

any prior training. The new approach is applied to experimental 

data for motor imagery-based BCI and is compared to the 

classification results of the same data using the conventional 

processing techniques requiring prior calibration. Different 

classification methodologies were used as in time and frequency 

domain. It is concluded that wavelet transform get best 

performance reaches 82.14%. Therefore, these promising results 

recommend that this approach can reach accuracies not 

extremely far from those got with training. 

 

Keywords- Brain computer interface; Motor imagery; Signal 

processing; Unsupervised. 

  

I. INTRODUCTION 

Many people suffer from severe motor disabilities 

resulting from neuromuscular disorders, these 

neurodegenerative disorders which cause progressive muscle 

imperfection, considerably modifying life satisfaction for 

each patients and families [1]. Therefore, the only way to 

communicate with their environment is by using their brain 

activities through a well-known emerging technology and 

research field of the Brain Computer Interface (BCI).  
 BCI is man-machine communication system that allows 
subjects to send commands to computers by using solely their 
brain activity while not using any peripheral nervous system 
or muscles [2], [3]. In order to achieve this purpose, the 
feature extraction and the classification methods were 
employed [4]. To get a correct response, it leads to a long 
time before using the device.  
 Past work endeavored to decrease the duration of the 
training sessions required for BCI and move toward a zero-
training objective [5]. This technique depends on watching 
the variety in calibration sessions and fitting such variety to 
spatial filters that can be utilized to make adjustment sessions  
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shorter. Despite the fact that the objective of this paper is 
zero training, the methodology depends on the usage of 
earlier data to permit future adjustments to be shorter or no 
required. In that sense, it can be considered as a directed 
supervised technique with a more proficient training 
procedure that makes it workable for the training model to be 
more summed up and in this manner last more. 
 The past works [6], [7] were applied to different datasets 
based BCI but they were based on supervised techniques. 
There have been many different EEG feature extraction 
studying researches within the recent years. These studies 
used different feature extraction methods to evaluate different 
classifiers. Their output accuracy results showed that the 
proposed method is competitive against other conventional 
methods [6], [7].  
 Furthermore, there are different recently introduced 
supervised methods which use Deep Learning (DL) and 
Reinforcement Learning (RL) to classify motor imagery [8, 
9].  
 The used data (Motor Imagery) was provided by the 
Department of Medical Informatics, Institute for Biomedical 
Engineering, University of Technology, Graz, Austria [10].  

 Currently, the achievement in the motor imagery based 

BCI can be credited to the neurophysiological phenomena 

accompanying motor imagery, called Event related 

desynchronization (ERD) as well as Event related 

synchronization (ERS) [11]. The μ -rhythm for ERD have 

been showed to be with spectral peak energies around 10 Hz 

(localized over the postcentral somatosensory cortex) and 20 

Hz (over the precentral motor cortex) [12]. 

Unsupervised Processing Methods for Motor Imagery-Based Brain-

Computer Interface  
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II. MATERIALS AND METHODS 

1. Preparing the Dataset: 

This dataset was acquired from a normal female subject 
(25y). The experiment comprised of 7 runs with 40 trials 
each. All runs were collected on the same day with breaks in 
between. 

The EEG signals were obtained from three channels (C3, 
Cz, and C4), and then were filtered with band filter with cut- 
off frequencies 0.5 and 30 Hz and sampled by 128 Hz. The 
data comprise of 140 labeled and 140 unlabeled trials of 
imaginary hand movements, with an equivalent number of 
right and left hand trials. Each trial has duration of 9 s; after a 
3-s preparation period a visual arrow is presented either to 
the left or the right direction. This is followed by another 6 s 
for performing the imagination task [10]. 

 As this study depends on online classification technique, 

therefore, there is no need for training data. Then, two 

datasets have been constructed, one dataset for the left hand 

trials (140-trial) and another one for the right hand trials 

(140-trials). 

 
2. Classification Methods 

Different classification methods have been used as illustrated 

in the block diagram in Fig.1. 

 

 
 

Figure 1. Block diagram of classification methods  

 
2.1 Classification using Fourier Transform:  

  The first classification method based on observed 

variations between averages Fourier/frequency spectra of left 

and right movements in motor imagery dataset. 

Methodology used is as follows:  

1. Compute difference between channel 1(C3) and 

channel 3(C4) of any given signal. 

2. Apply a method to detect which of these is higher. 

Here, the max and min of the difference signal were 

computed and checked for which of them the larger 

magnitude has. The signal is classified as Left (class=1) 

when channel 1 > channel 3, and Right (class= -1) 

otherwise. 

3. Estimated classification was compared to true 

classification and accuracy is computed. 

The first 3 seconds were the preparation period (tp). 

 

   Effect of De-noising Method: 

        De-noising has been done by using spectral subtraction 

by putting different values of alpha (α), it is a method for 

restoration of magnitude spectrum of signal in addition to 

noise, by subtracting the average noise spectrum from the 

noisy original signal spectrum  as defined in (1) [12]. 

 

                                   (1) 

     

Where Dt (w) is the noise spectrum, and α is scaling factor 

that can change the extent of subtraction. 

 

 Effect of Windowing in FFT: 

Windowing is a mathematical function that is zero 

valued outside a chosen interval; it might not to be equal zero 

outside interval but going towards zero [13]. 
There are different shapes /types of window, e.g. smooth, 

bell shaped, rectangle, hanning, hamming, Blackman, 
Gaussian…etc. 

Hilbert Transform returns a complex helical sequence 

called analytic signal from real data sequence. Consequently, 

it gets the envelope of the signal [14]. 

 

 Effect of calculating the energy on the accuracy: 

Classifying now is by getting the energy by using the 2- 
norm distance between the 1st and the 3rd channel instead of 
the simple difference. 

Methodology used is as follows  

1. Compute channel 1 and channel 3 energies of any 

given signal. 

2. Compare the two energies to detect which of these 

is higher.  The signal is classified as Left (class=1) 

when channel 1 > channel 3, and Right (class=-1) 

otherwise. 

3. Estimated classification was compared to true 

classification and accuracy is computed. 

 
2.2 Classification using Wavelet Transform 

  DWT provides a good approach to visualize and 
decompose EEG signals into measurable component events 
[13]. The wavelet coefficients show the energy distribution of 
the signal in time (translated version) and frequency (scale 
version via dilation) [16]. 

Several wavelet decompositions were attempted to 

classify the Left and Right movements. 
 

 Effect of using all channels in classification: 

A simple combination of channels was attempted to get 

better results with only channels 1 and 3. The classification 

equation is amended to include channel 2(Cz) as follows: 

“Classify as Left if (energy of Channel 1 is greater than 

that of Channel 3) or (energy of Channel 2 is greater than that 

of Channel 3)” 

2.3 Classification in Time Domain: 

Another classification method based on observed 
variations between energies of channels 1 and 3 for left and 
right movements in motor imagery. 
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3. Evaluation of Mutual Information (MI) and Error Rates: 
The recorded classification output and true row classes 

are fed into criteria.m [17] (function attached with Graz 
Dataset) and the computed average error rates and mutual 
information are plotted and compared to the results with the 
supervised method in the competition winner's paper [10]. 

III. RESULTS AND DISCUSSION 

1. Results of Classification in Fourier Transform: 

 The results shown in Fig.1 , illustrates that The difference 

is found in particular between channels 1 and 3 where 

channel 1 is higher in left movement and channel 3 is higher 

in right movement. 

 

 

 

 

 

 

    

 

 

 
 Best result was obtained when tp=3 (correct preparation 

period) as shown in Table 1. 

TABLE 1 THE RESULTING ACCURACY CORRESPONDING TO THE PREPARATION 

PERIOD VARIATION 

Tp Accuracy 

0 70.36 % 

1 67.14 % 

2 72.14 % 

3 75.71 % 

4 74.29 % 

 

1.1 Result of the effect of Denoising: 

  Accuracy results were obtained as shown in Table 2, 

TABLE 2 THE RESULTING ACCURACY CORRESPONDING TO DIFFERENT VALUES 

OF ALPHA DUE TO SPECTRAL SUBTRACTION 

Alpha Accuracy 

1 73.21 % 

2 74.64 % 

5 76.79 % 

10 78.21 % 

11 78.57 % 

12 77.14 % 

 

The average spectra at peak accuracy at alpha= 11 are 

shown in Fig 3, to illustrate that it focuses only on the 

component at 10 Hz, which shows the μ -rhythm for ERD 

that have been discussed in the introduction section. 

 

 

 

 

 

 

                (a)                                                    (b) 

Figure 3.  Average Channel Fourier Spectra at peak accuracy after de-

noising by alpha = 11 for (a) Left Movement Motor Imagery, (b) Right 

Movement Motor Imagery 

 

1.2 Results of the effect of Windowing: 

TABLE 3 THE RESULTING ACCURACY CORRESPONDING TO THE TYPE OF 

WINDOW USED 

           Window   Accuracy 

Rectangular (no windowing)    75.71 % 

Blackman-Harris    73.93 % 

Blackman  75.36 % 

Gaussian  76.43 % 

Hamming    76.07 % 

Hanning    77.14 % 

Kaiser  76.07 % 

 

 Table 3 shows that using Hanning window appears to 

improve the results compared to the other windows but also, 

Gaussian, Hamming, and Kaiser-Bessel windows offer better 

results than no windowing. 

When bandbass filtration and Hilbert transform with 

windowing have been applied, better accuracy have been 

obtained as illustrated in Table 4, 

TABLE 4 THE RESULTING ACCURACY CORRESPONDING TO THE TYPE OF 

WINDOW USED 

Window Accuracy 

Rectangular  73.21 % 

Blackman-Harris 76.07% 

Blackman 76.43 % 

Gaussian 78.21% 

Hamming 79.29% 

Hanning  77.14 % 

 

1.3 Result of the effect of calculating the energy on the 

accuracy:  

  It is found that when the energy is computed to do 

classification, the accuracy was improved to 79.64 % without 

applying both denoising and windowing compared to the 

difference method. Thus classification by using energy is 

chosen to be applied in the next analyses. 
  

 

1.4 Results of the effect of Windowing in FFT and denoising 

together: 

  The effect of applying windowing and denoisig together 
by remaining the rest effects constantly on and measuring the 
accuracy by both energy and difference methods is illustrated 
in Table 5, 
 
 

Figure 2. Average Channel Fourier Spectra for (a) Left Movement Motor 

Imagery, (b) Right Movement Motor Imagery 

(a)                                             (b) 
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TABLE 5 THE RESULTING ACCURACY CORRESPONDING TO THE TYPE OF 

WINDOW AND ALPHA VALUE USE 

 

 As to be concluded, the accuracy have been improved to 

79.64% only in the case of combining hamming window with 

alpha = 5 by energy method same as the case of without both 

denoising and windowing at all. 

 
2. Results of Classification in Wavelet Transform: 

Based on the average wavelet transforms of the Left and 

Right signals as shown below in Fig 3, it appears that 

channels 1 and 3 having same positions and effects in the Left 

and Right movements. 

 
                                (a)                                                        (b) 

Figure 4. Wavelet decomposition using DWT with wavelet DB4 for both: 

 (a) Left Movement Motor Imagery, (b) Right Movement Motor Imagery 

 

The results varied with wavelet family and size as 

follows (sample wavelets) in Table 6: 

TABLE 6 THE RESULTING ACCURACY CORRESPONDING TO SAMPLE WAVELETS 

TYPES 

Wavelet Accuracy 

Haar 79.64 % 

Db4 79.64 % 

Db8 78.93 % 

Db16 78.57 % 

Db32 76.07 % 

Morlet 77.5 % 

Bior2.4 80.00 % 

Bior2.2 79.64 % 

Bior3.4 79.64 %  

Bior2.3 79.64 % 

 

It is obvious that maximum accuracy has been achieved by 

biorthogonal “2.4” family to be 80%. 

2.1 Results of the effect of Using Hilbert Transform: 

When the Hilbert transform is applied, the results 

change slightly as shown in Table 7: 

TABLE 7 THE RESULTING ACCURACY CRRESPONDING TO SAMPLE WAVELETS 

TYPES AFTER USING HILBERT TRANSFORM 

Wavelet Accuracy 

Haar 79.64 % 

Db4 80.00 % 

Db8 78.93 % 

Db16 78.21 % 

Morlet 77.5 % 

Bior2.4 79.29 % 

Bior2.2 79.64 % 

 

Hence, the results do not improve much with Hilbert 

transform and rather deteriorate in some cases. 

 
 2.2 Results of the effect of using all channels in classification 

 

Better accuracy of 81.43% was obtained under 

conditions of no filtration and no Hilbert transform used.  

In case of applying Hilbert transform the results of 

accuracy are showed in Table 8, 

TABLE 8 THE RESULTING ACCURACY CORRESPONDING TO SAMPLE WAVELETS 

TYPES AFTER USING HILBERT TRANSFORM BY NEW CLASSIFIER 

Wavelet Accuracy 

Haar 81.79 % 

Db4 82.14% 

Bior2.4 81.79 % 

Bior2.2 81.79 % 

Bior4.4 82.14% 
 

 From the above results, it is concluded that the 

accuracy has been improved to 82.14% from wavelet type of 

“Db4” in case of applying Hilbert transform or not.  

3. Results of Classification in Time Domain: 

The difference was found in particular between channels 

1 and 3 where channel 1 was higher in left movement and 

channel 3 was higher in right movement. Average signals are 

shown in Fig. 5, 

 

                              (a)                                                           (b)  

Figure 5. Average channel signals in time domain for: (a) Left Movement 

Motor Imagery, (b) Right Movement Motor Imagery 
  

The results varied with tp and best result was obtained when 

tp=3 (correct preparation period after neglecting the first 3 

sec. of preparation) as found in Table 9. 

 

 

 

 

 

Window Alpha Accuracy 

( Energy) 

Accuracy 

( Difference) 

Hamming 1 

5 

10 

76.43% 

79.64% 

76.07% 

79.21% 

76.79% 

76.43% 

Hanning 1 

5 

10 

76.43% 

78.93% 

76.07% 

78.57% 

76.79% 

76.07% 
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TABLE 9  THE RESULTING ACCURACY CORRESPONDING TO THE PREPARATION 

PERIOD VARIATION 

Tp Accuracy 

0 66.07 % 

1 68.57 % 

2 71.07 % 

3 79.64 % 

4 78.21 % 

5 70.71 % 
 

Also, for tp=3, after applying bandpass filtering, it reduced 

the accuracy to 76.79% instead of 79.64%.  Therefore, it is 

better to keep original signal without this bandpass filtering. 

 
 

3.1 Results of the effect of De-noising Method: 

The obtained accuracy results are shown in Table 10, 

TABLE  01 THE RESULTING ACCURACY CORRESPONDING TO DIFFERENT 

DENOISING METHODS 

 
 

 

 

 

 

 
 

This means that any processing on the original signal 

deteriorates the ability to classify. 

 
3.2Results of the effect of Hilbert Transform: 

When the Hilbert transform was used, the results came 

out the same as with the original signal with accuracy of 

79.64 %.  
 

3.3 Results of the effect of using all channels in classification: 

Better accuracy of 81.79 % was obtained. In addition to 

adding either bandpass filtering or denoising of any kind 

deteriorated the results in this case while Hilbert transform 

maintained the results the same. 

 
 

4. MI and Error Rates Results: 
 

 

         (a)                                                           (b) 

Figure 6.  (a) “Unsupervised Tech.” Time Course of Mutual Information 

(MI) and Classification Error (ERR), (b) “Supervised Tech. “Time course of 

the classification error (thin solid) and MI (thick solid)[10] 
 

 We can deduce from Fig. 6 after comparing the proposed 

technique with the other results of supervised techniques in 

Table 11 that the purposed unsupervised technique has 

0.4238 MI and 17.5 minimal ER which is much close to the 

supervised ones.  

TABLE 11 RANKING ORDER OF PURPOSED UNSUPERVISED TECHNIQUE AND 

THE BCI COMPETITION 2003 WINNING METHODS [10] TOGETHER WITH THE 

METHODS IN [6] IN TERMS OF THE MI CRITERION 

Rank Methods Maximal 

MI 

Minimal Error 

Rate 

1  

 

Supervised 

Methods 

Method 

[6] 

 

 

 

0.67 

 

9.29 

2 Winner  

[10] 

0.61 10.71 

 

3 

 

Unsupervised 

 

0.4286 

 

17.5 

TABLE 12 CLASSIFICATION ACCURACY RESULTS (IN %) USING THE PROPOSED 

UNSUPERVISED TECHNIQUE AND THE BCI COMPETITION 2003 WINNING 

METHODS TOGETHER WITH THE METHODS IN [6] AND [7] 

Method Accuracy 

(%) 

Method [6] 90.12±0.84 

Method [7] 82.14 

Unsupervised Using Wavelet Db 82.14 

 

            TABLE 13 SUMMARY OF CLASSIFICATION ACCURACY RESULTS (IN %) 

 

Effects at tp=3 

Accuracy (%) 

Fourier 

Transform 

Time 

Domain 

Wavelet Transform 

(Bior/Db) 

2-norm energy for 

channels  

79.64 79.64 80 

Using all channels in 

classification 

81.79 81.79 81.43 

Using all channels and 

Hilbert transform in 

classification 

81.79 81.79 82.14 

 

In Table 12, we compared the accuracy results with the 

supervised methodologies used in previous works, and then 

we can conclude from it that proposed unsupervised 

technique accuracy is very close to the supervised ones and 

same accuracy in case of method [7]. The key results are 

summarized below as illustrated in Table 13: 

 

• Effect of classification method: we have applied different 

classification methodologies on the signals in time and 

frequency domain. And we deduced that classification in 

frequency domain especially by using wavelet transform we 

got higher accuracy than the others reaches 82.14% which is 

same accuracy that have been obtained by using a supervised 

method [7].  

 

•  Effect of classifier condition: we have differentiated 

between the left and right hand movements by two different 

methods; first one by getting the simple difference between 

Ch1 and Ch3, and the second one by getting the energy of 

both channels and of Ch2 later. Consequently, we found that 

using energy method in classification gave higher results.  

 

•  Effect of channels: after we applied the classification 

methods we found that Ch1 represents the left hand 

movement and Ch3 represents right hand movement. But the 

Denoising Method Accuracy 

SS, alpha=0.5    78.57 % 

SS, alpha=1    77.50 % 

SS,alpha=5 77.5% 

Wavelet denoising    58.21 % 
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state of Ch2 has not been obvious yet and so, a simple 

combination of channels was attempted to get better results 

than the above with only channels 1 and 3. Better accuracy of 

81.79 % was obtained by using classification in 

time/frequency domains without any additional effects. Thus, 

these promising results push us towards applying this 

technique and use BCI as plug and play device.  

IV. CONCLUSION 

The main problem of BCI’s application is the difficulty 

to get the target response from one trial, has been solved in 

this paper by introducing unsupervised technique to reach 

maximum accuracy 82.14% by using wavelet transform, 

Daubechies or Bio-orthogonal family, after applying Hilbert 

transform and using all channels in classification. Therefore, 

this promising result recommend potential for the new 

approach in making motor imagery data based BCI 

innovation as a plug-and-play device with no earlier training. 

In the future work, a wider sample size of different subjects 

should be included for more validation. Furthermore, the 

application of the deep learning and reinforcement learning 

will be considered.  
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