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Abstract A brain–computer interface (BCI) based on

motor imagery (MI) translates the subject’s motor intention

into a control signal through classifying electroencephalo-

gram (EEG) patterns of different imagination tasks, for

example, hand movements. Auto-regression (AR) model is

one of the popular methods to describe motor imagery

patterns, which is widely used by researchers to resolve

subject’s motor intention. In this paper, we use joint

regression (JR) model and propose an algorithm by com-

bining the coefficients of JR model and spectral powers at

two specific frequencies to classify different MI patterns.

The algorithm produces a classification accuracy of 90 %

on the training data of one subject from BCI2003 Data set

III and 80 % on the test data. The results are better than

that by using AR model. We also apply the algorithm to MI

tasks of one subject in our laboratory, and the classification

accuracy can reach 97.86 % on the test data. The results

demonstrate that the combination of JR model and spectral

powers can achieve much higher accuracy for classification

of MI tasks.

Keywords Joint regression model � Auto-regression

model � Spectral power � EEG � ERD � Motor imagery

1 Introduction

The brain–computer interface technology has become a hot

spot for researchers at home and abroad. It is a new

assistant and control method for the disabled people, but

also provides a special way of communication and enter-

tainment for normal people. The basic idea of BCI is to

translate brain signals into a control signal without using

muscles or peripheral nerves. Nowadays, a study on BCI

technology raises a lot of signal processing issues to be

solved [13]. One of them is how to distinguish between the

left and right motor imagery brain signals, for example

electroencephalogram (EEG), and correctly classify them.

Distinguishing the left and right motor imagery EEG is

possible since the event-related desynchronization and

synchronization (ERD/ERS) patterns usually occur on the

opposite sides of the imagination of a movement [12].

Particularly, brain oscillations at mu (8–12 Hz) and beta

(18–26 Hz) rhythm [3, 17] display specific areas of ERD/

ERS corresponding to each imagery state. This observation

on the ERD/ERS patterns motivates many researchers to

explore novel theories and algorithms for left/right motor

imagery EEG classification.

Generally speaking, there are two kinds of EEG: spon-

taneous EEG and evoked EEG. For evoked EEG, the

rhythm feature is obvious, the current evoked EEG-based

BCI is relatively mature, but additional stimulation system

is needed, so it is relatively little convenient when applied

to practice; but for research based on spontaneous EEG,

EEG control signals are generated spontaneously. Because

of no stimulation, it is easier for practical application, but

the rhythm feature is not obvious, which proposes high

demands for feature extraction and classification algo-

rithms. At present, most researchers are still in the labo-

ratory stage, and the classification accuracy is not high and
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can be rarely used in practice. Therefore, it is very sig-

nificant for research on feature extraction and classification

based on spontaneous EEG BCI. Motor imagery EEG is

such a kind of spontaneous EEG. How to classify motor

imagery EEG is still a big challenge.

So far, in literature, there are many publications about

classifying motor imagery states. One of important method

directions is to discuss classification based on AR model or

auto-regression moving average (ARMA) model (see, e.g.,

[1, 4, 7, 8, 10, 11, 14, 15, 18]). However, there are more and

more evidence to support that functional connectivity is the

mechanism for the coordination of activity between different

neural assemblies in order to achieve a complex cognitive

task or perceptual process [5, 16], as such potential in one

location may be heavily influenced by the potentials at the

other locations. Therefore, the lobe’s current potential value

may be influenced by not only its own past value but also

other lobes’ past values. So, current widely used AR model

may not be a good way to estimate EEG signals; on the

contrary, JR model may provide ideal method to estimate

EEG signals because it includes not only the information

from the signal itself but also the mutual information from

the other signals. To the best of our knowledge, JR model has

never been used to classify motor imagery states.

In this paper, we will propose a new feature extraction

method based on JR model. We first introduce time domain

feature and frequency domain feature in particular bands,

and then, we combine two features together as a vector for

which many classifiers [2, 9, 19, 20] can be used to clas-

sify. Here, we use fisher classifier to test our method’s

validation. The EEG data sets were obtained from the Cp3/

Cp4 or C3/C4 electrode locations of the standard 10/20

system. The EEG data sets from two subjects are used. One

EEG data set is from BCI competition 2003 Data set III.

The other data set is from our laboratory. Both subjects

took left and right motor imagery tasks. Our simulation

results confirm that higher accuracy for classification can

be achieved based on JR model.

This paper is organized as follows. Time domain feature

extraction and frequency domain feature extraction are

given in Sects. 2 and 3, respectively. Two examples are

provided in Sect. 4. Conclusions are made in Sect. 5.

2 Time domain feature

In this section, we first introduce the well-known AR

model and JR model, and then, we discuss how to compute

the coefficients of the two models for completeness.

We begin with bivariate time series. Given two sto-

chastic process X1(t) and X2(t) which are assumed to be

signals from two EEG channels. Their autoregressive rep-

resentations are described as

X1;t ¼
Pm

j¼1

a11;jX1;t�j þ �1;t

X2;t ¼
Pm

j¼1

a22;jX2;t�j þ �2;t

8
>><

>>:
ð1Þ

and their joint representations are described as

X1;t ¼
Pm

j¼1

a11;jX1;t�j þ
Pm

j¼1

a12;jX2;t�j þ g1;t

X2;t ¼
Pm

j¼1

a21;jX1;t�j þ
Pm

j¼1

a22;jX2;t�j þ g2;t

8
>><

>>:
ð2Þ

where t ¼ 0; 1; � � � ;N;m is the delay order of the two

models.

It should be pointed out that X1,t in Model (1) is predicted

by its own past values X1,t-j; however X1,t in Model (2) is

predicted by not only its own past values X1,t-j but also X2,t’s

past values X2,t-j. As such, Model (2) may provide more

accurate estimation for X1,t and X2,t than Model (1).

Currently, AR Model (1) is widely used to classify MI

states where one important method for MI classification is to

take a11,j and a22,j as feature vector and then apply classifier

such as fisher classifier or SVM for the vector to classify.

Along this line, similarly, for JR Model (2), we can take a11,j

and a12,j together as X1’s feature and take a21,j and a22,j as

X2’s feature. Then, we apply fisher linear classifier to classify

EEG under different MI tasks. The simulation results in this

paper from two subjects confirm that Model (2) is advanta-

geous over Model (1) with higher accuracy.

As can be seen, the coefficients in Model (1) and Model

(2) play important role in classification. Hence, how to

estimate the coefficients is a key issue. In this paper, as

usual we use the popular least square method to estimate

the coefficients of the two models. For completeness, next

we provide detailed calculation of coefficients for Model

(1) and Model (2).

We begin with Model (1) and define

Y ¼ MD ð3Þ

where

Y ¼

X1;mþ1

X1;mþ2

..

.

X1;N

2

6
6
6
6
4

3

7
7
7
7
5
; D ¼

a11;1

a11;2

..

.

a11;m

2

6
6
6
6
4

3

7
7
7
7
5
;

M ¼

X1;1 X1;2 � � � X1;m

X1;2 X1;3 � � � X1;mþ1

..

. ..
. ..

. ..
.

X1;N�m X1;N�mþ1 � � � X1;N�1

2

6
6
6
6
4

3

7
7
7
7
5
:

since M is not a square matrix, by left-multiplying MT for

the both sides of Eq. (3) we obtain

Neural Comput & Applic

123



MT Y ¼ MT MD

from which we can get the coefficient D for AR Model (1)

as

D ¼ ðMT MÞ�1MT Y ð4Þ

according to least square method. So, D is the coefficient of

the first equation of Model (1), we can similarly get the

coefficient of the second equation of Model (1).

We then discuss the estimation of the coefficients of

Model (2). Let us define

Y ¼ LC ð5Þ

where

L ¼

X1;1 � � � X1;m X2;1 � � � X2;m

X1;2 � � � X1;mþ1 X2;2 � � � X2;mþ1

..

. ..
. ..

. ..
. ..

. ..
.

X1;N�m � � � X1;N�1 X2;N�m � � � X2;N�1

2

6
6
6
6
4

3

7
7
7
7
5
;

C ¼ ½a11;1; . . .; a11;m; a12;1; . . .; a12;m�T :

By left-multiplying LT for the both sides of Eq. (5) we have

LT Y ¼ LT LC ð6Þ

from which we can get the estimation for the coefficient

C of the first equation of JR Model (2) as

C ¼ ðLT LÞ�1LT Y ð7Þ

according to least square method. Similarly, we can esti-

mate the coefficient in the second equation of JR Model

(2). After estimating all coefficients in JR Model (2), in this

paper we then take Vtime¼
D ½a11;j; a12;j; a21;j; a22;j�; j ¼

1; 2; . . .;m as feature in time domain.

3 Frequency domain feature

Taking a time series signal Xn ¼ xðnÞ; n ¼ 1; 2; . . .;N as an

example, we discuss how to get power amplitude at specific

frequency. We make FFT for signal Xn as follows:

XðxÞ ¼
PN�1

n¼0

xðnÞWnx
N

Wnx
N ¼ e�j2px=N

8
<

:
ð8Þ

So, we can get the power at the frequency x as follows:

PðxÞ ¼ 1

N
XðxÞX�ðxÞ ¼ 1

N
jXðxÞj2: ð9Þ

By using moving window technology, we calculate Eq. (9).

In particular, we are interested in the power feature at the

frequencies 11 and 22 Hz. So, the detailed procedure for

classifying EEG signals during left and right MI can be

summarized in Fig. 1 and described as follows: First, the

multichannel EEG is preprocessed by selecting a suitable

reference (e.g., the average reference) and segmenting the

acquired sequences. Then, we establish JR Model (2) for

Cp3 and Cp4 channels to acquire time domain feature

Vtime = [a11,j, a12,j, a21,j, a22,j]; meanwhile, we make FFT

for the two channels and take Vfrequency,

Power11 Hz
Ch1 ; Power11 Hz

Ch2 ; Power22 Hz
Ch1 ; Power22 Hz

Ch2

� �
as fre-

quency domain feature. Finally, Fisher classifier is taken to

test our method’s validation.

4 Examples

In this section, we first apply our method to analyze the

EEG data set from one subject in our laboratory, and then

we apply our method to one subject in BCI2003 Compe-

tition Data set III. For both subjects, average reference

signals are used. For the first subject, we analyze CP3/CP4.

For the second subject, we analyze C3/C4.

Subject 1: In this example, we conduct ERP analysis for

one male subject who was seated in a comfortable chair

and was asked to imagine his left hand’s or right hand’s

movement; meanwhile, the BCI2000 software recorded

EEG signals. The recording was made with 8-channels

amplifier from g-Tech, using right mastoid for reference

and GND mastoid for ground. The EEG was sampled with

256 Hz, and it was filtered between 1 and 60 Hz with

NotchFilter on. The used eight EEG channels are FCz, Cz,

CPz, Pz, C3, C4, CP3, and CP4 in the international stan-

dard 10/20 system. The subject sat in a relaxing chair with

armrests. The task was to perform imagery left hand or

right hand according to a cue. The order of cues was ran-

dom. The experiment consists of 140 trials (70 trials for left

MI and 70 trials for right MI). After trial begins, the first 1s

was quite, and at t = 1 s an red button shown on the

computer screen indicates the beginning of the trial: if

the red button appears on the left side of the computer, the

subject was asked to imagine left-hand movement; like-

wise, if the red button appears on the right side of the

computer, the subject was asked to imagine right-hand

movement until the end of the trial. The data were stored in

EOF format and can be loaded into Matlab using command

[data, parameter] = load_bcidat(filename). All parame-

ters were stored in cell parameter. The classlabels were

Fig. 1 Procedure to classify single-trial EEG
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stored in parameter. TargetCode contains the value ‘1’, ‘2’,

‘0’, in which ‘1’ means target appears on the left side of

computer screen, ‘2’ means target appears on the right side

of computer screen, while ‘0’ means preparing for target.

In the estimation of Model (1) and Model (2), we always

choose m = 6 by experience.

Figure 2 shows the difference of each coefficient of JR

Model (2) under two MI states, from which we can see that

the difference for the subject imaging the movement of his

hands exists not only for a11,j, a22,j but also for a12,j and

a21,j, where j ¼ 1; 2; . . .; 6.

Figure 3 shows spectral power (SP) of Cp3 and Cp4,

from which we can clearly see that mu (8–12 Hz) and beta

(18–26 Hz) rhythms display specific areas of ERD corre-

sponding to each imagery state. So, for this subject, we

artificially select powers in 11 and 22 Hz as our frequency

feature; in other words,Vfrequency = [PowerCp3
11Hz, PowerCp4

11Hz,

PowerCp3
22Hz, PowerCp4

22Hz] was chosen as frequency domain

feature.

For the subject, the data set contains 140 trails, we

divided the data set into 5 groups and applied cross vali-

dation. Table 1 shows the cross validation results, and

Table 2 shows the average results by using JR model

method, spectral power method, and combination of the

two methods, from which we can see that (i) even if JR

model method or spectral power method is used for clas-

sification, the average accuracy can almost be more than

90 % for test data. (ii) If we combined time domain feature

and frequency domain feature together, then the average

accuracy can reach 97.86 % for test data. Apparently, the

combined feature turns out to be much better. Finally, we

compared JR model method with AR model method, the

results are shown in Table 3 from which one can see the

average accuracy under JR model method is better than that

under AR model for both training and test data.

Subject 2: In this example, we applied JR model

method, spectral power method, and combination of the

two methods to one data set from BCI competition 2003

Data set III. This data set was recorded from a normal

subject (female, 25 years) during a feedback session. The

subject sat in a relaxing chair with armrests. The task was

Fig. 2 Time domain feature difference of coefficients of Model (2)

under two MI states: Vtime
left –Vtime

right for Subject 1

Fig. 3 Spectral power of Cp3 and Cp4 according to different cues

(left or right)

Table 1 Accuracy comparison between JR model method, SP

method, and combination of the two methods for Subject 1

Data JR SP Composed feature

Training: 02 03 04 05 0.9386 0.9649 0.9912

Test: 01 0.7143 0.9643 1

Training: 01 03 04 05 0.9211 0.9649 0.9912

Test: 02 0.9286 1 1

Training: 01 02 04 05 0.9211 0.9649 0.9912

Test: 03 0.9643 1 0.9643

Training: 01 02 03 05 0.9285 0.9649 0.9912

Test: 04 0.9286 0.9286 0.9286

Training: 01 02 03 04 0.9576 0.9661 0.9915

Test: 05 0.9176 0.9583 1

Table 2 Average results of comparison in Table 1

Method Training data ave Test data ave

JR 0.94418 0.89068

SP 0.96514 0.97024

Composed feature 0.99126 0.97858

Table 3 Accuracy comparison between JR model and AR model for

Subject 1

Method Training data ave Test data ave

JR 0.94418 0.89068

AR 0.90084 0.77976
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to control a feedback bar by means of imagery left- or

right-hand movements. The order of left and right cues was

random. The experiment consists of 7 runs with 40 trials

each. All runs were conducted on the same day with sev-

eral minutes break in between. Given are 280 trials of 9s

length. The first 2 s was quite, at t = 2 s an acoustic

stimulus indicates the beginning of the trial, the trigger

channel (#4) went from low to high, and a cross ’?’ was

displayed for 1s; then at t = 3 s, an arrow (left or right)

was displayed as cue. At the same time, the subject was

asked to move a bar into the direction of the cue. The

feedback was based on adaptive AR parameters of channel

1 (C3) and 3 (C4), and the adaptive AR parameters were

combined with a discriminant analysis into one output

parameter. The recording was made using a G.tec amplifier

and a Ag/AgCl electrodes. Three bipolar EEG channels

(anterior ‘?’, posterior ‘-’) were measured over C3, Cz,

and C4. The EEG was sampled with 128 Hz, and it was

filtered between 0.5 and 30 Hz. The data are saved in a

Matlab-file format. The variable x_train contains 3 EEG

channels, 140 trials with 9 seconds each. The variable

y_train contains the classlabels ‘1’, ‘2’ for left and right,

respectively. x_test contains another set of 140 trials. The

cue was presented from t = 3 to 9 s. At the same time, the

feedback was presented to the subject. See [6] for detailed

description of the data set. Within this period, it should be

possible to distinguish the two types of trials.

For Subject 2, because the data set contains training data

and test data, so we first applied our method on training

data and get classifier vectors, and then, we used the

classifier vectors to predict the test data’s labels. Finally,

we compared our predicted labels with the labels y_test

provided by BCI competition 2003 for data set III. We

choose C3 and C4 to establish JR model and take spectral

power analysis. Figure 4 shows the coefficients difference

for different imagery pattern (left or right), in other words,

Fig. 4 represents Cdifference = Cleft - Cright. Figure 5

shows the power spectral distribution. We take the same

method like Subject 1 to achieve the training results and

test results which are listed in Table 4.

What we can clearly see from Table 4 is that combi-

nation of JR model method and power spectrum method

turns out to be an excellent method for MI. Finally, for the

same subject, we compared JR Model method with AR

Model Method, and the results are shown in Table 5.

5 Conclusions

In this paper, we applied JR model and spectral power of

EEG data for classification during MI states. We empha-

sized that JR model is much more effective and reasonable

than the widely used AR model method. The features used

for classification include the coefficients in JR model and

powers at two specific frequencies (11 and 22 Hz). The

simulation results from two subjects showed that the
Fig. 4 Time domain feature difference of coefficients of Model (2)

under two MI states: Vtime
left - Vtime

right for Subject 2

Fig. 5 Power spectrum of C3 and C4 according to different cues (left

of right) for Subject 2

Table 4 Average accuracy comparison between JR model method,

SP method, and combination of the two methods for Subject 2

Method Training data Test data

JR 0.8429 0.7357

SP 0.85 0.7643

Composed feature 0.90 0.8000

Table 5 Accuracy comparison between JR model and AR model for

Subject 2

Method Training data Test data

JR 0.8429 0.7357

AR 0.8071 0.6643
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combination of two features (time domain and frequency

domain) can achieve much higher classification accuracy

during MI tasks. The feature extraction and classification

method based on fisher classifier may be applicable for

online analysis with an easy calculation. The present

method may help to construct a practical MI BCI also by

noting that the method used just two EEG channels.
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