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Feature extraction of EEG during motor imagery and cognition

by using morphological MRA
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Abstract: Electroencephalograph (EEG) recordings during right and left hand motor imagery can be used to move a
cursor to a target on a computer screen. Such an EEG-based brain-computer interface (BCI) can provide a new communi-
cation channel to replace an impaired motor function. Recently, we have proposed the detection method of Error Potential
in order to add the fail safe function to BCI system. In this paper, feature extraction method based on morphological
multi-resolution analysis is introduced to extract features concerned with motor imagery and cognition simultaneously
from EEG signals. Morphological filter is composed of nonlinear operation between signal and structural function. We
propose some design methods of structural function that decide the filter characteristic of morphology. These algorithms
are compared to DWT from the view point of filter characteristics. Consequently, effectiveness of our method is con-
firmed.
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1. INTRODUCTION

Classification of EEG signals is a difficult task, es-
pecially when the derived classification result is to be
used to control an electronic device, because in this case
the classification has to be performed on a single-trial
basis (i.e. not averaged). Such a system which trans-
forms signals from the brain into control signals is known
as a BCI [8][9]. For the single-trial signal recognition
method, many methods have been proposed. For ex-
ample, artificial neural network (ANN) with frequency
components as a feature vectors and linear discrimina-
tion method based on adaptive AR parameter [6]. We
have also studied a system based on AR model to inves-
tigate the learning effects of subjects [3]. However, it
seems to be impossible to construct a complete BCI sys-
tem, since it depends on human state. Therefore, some
compensation function is needed in BCI system. The re-
search about error potential by Schalk et al. [7] is useful
to construct such function. Then, we have proposed the
detection method of Error Potential in order to add the
fail safe function to BCI system [2].

In extracting the component concerned with cognition
and motor imagery, these components appear in various
frequency bands and these dominant bands usually de-
pend on subject. Therefore, these EEG signals should be
decomposed by using multiresolution analysis (MRA) in
order to identify significant frequency bands. Generally,
discrete wavelet transform (DWT) is used in such situa-
tion. To avoid redundancy, DWT is composed of inner
product of signal and mother wavelet implement down
sampling in each level. On the other hand, to keep shift
invariance, some algorithms were proposed. Mallat sug-
gested matching pursuit which consist of the redundancy
discrete wavelet transform (RDWT) which does not take
down sampling [5]. On the other hand, Zhang et al.

achieved shift invariance using RI-Spline wavelet based
on dual tree algorithm [10]. Though, these linear meth-
ods received a strong influence from impulse component
such as EEG signals (e.g. appearance of component in
wide band, distortion caused form impulse response).

In this paper, the morphological multiresolution anal-
ysis which is a kind of discrete wavelet analysis with
non-linear characteristics is selected to extract changes of
power caused by motor imagery from EEG signal in var-
ious frequency components. This morphological method
which has invariance effective in the impulse [4] is com-
posed as RDWT to avoid shift noise. The morphological
wavelet method for omitting redundancy is proposed by
Heijmans [1]. The structural function which decide the
filter characteristic is designed to obtain optimal separa-
tion based on mutual information algorithm or spectrum
dividing algorithm. The filter characteristics using these
algorithm and Haar type analysis algorithm are compared
with DWT based on Daubechies.

2. MORPHOLOGICAL
MULTIRESOLUTION ANALYSIS

2.1 Morphology
In this section, we give a brief description on math-

ematical morphology. As basic operations, we employ
Minkowski addition ⊕ and Minkowski subtraction �,
which are defined as follows.

[f ⊕ g] (t) = max
t−u∈F

u∈G

{f(t − u) + g(u)} (1)

[f � g] (t) = min
u∈G

{f(t − u) − g(u)} (2)

where f(t) is an input signal and g(t) is the structural
function which characterizes the filter. Furthermore, F
and G denote the domains of f(t) and g(t), respectively.
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Fig. 1 Property of morphological filter

Conventionally, it is assumed that every signal takes the
value −∞ out of its domain. By combining these opera-
tions, we define morphological lowpass or highpass filter:

lowpass : ψ↑(t) = (fg)
g (t) (3)

highpass : ω↑(t) = f(t) − ψ↑(t) (4)

where gs(t) := g(−t). The schematic figures of morpho-
logical operations are shown in Fig. 1.

2.2 Design of Structural Function
In processing mathematical morphology, the charac-

teristics of filter is decided by the shape of structural func-
tion. By the convention, the structural function has finite
values only in the processing window and takes −∞ on
the outside. In this paper, we use the Haar type and El-
lipse type structural functions (Fig. 2). The Haar type
structural function is defined with the width of window
2n as follows.

g(t) =

�
0 (−n ≤ t ≤ n)
−∞ (otherwise)

(5)

On the other hand, the Ellipse type structural function
is defined with a variable parameter k and the width of
window 2n as follows.

g(t) =

�
k
�

1 − x2/n2 (−n ≤ t ≤ n)
−∞ (otherwise)

(6)

These parameters are optimized to become different dur-
ing separated signals xL and xH by random search. The
condition of difference is evaluated by using two methods
as follows.

1) Mutual information algorithm
The heuristic parameters of structural function are opti-
mized by using mutual information between separated
signals xj = {xj

L, xj
H}. The evaluation function is the

joint entropy between xj
L and xj

H .

H(xj) =
1
2

log{(2πe)2 |det(Σ)|} (7)

where, Σ is covariance matrix of xj.
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(a) Haar (b) Ellipse

Fig. 2 Model of structural function

2) Spectrum dividing algorithm
The heuristic parameters are optimized to become sepa-
rating between signals in frequency domain. In this algo-
rithm, the prior parameter of separation frequency Fsp,
the penalty coefficient p and prior parameters of evalua-
tion interval Fmin and Fmax need to decide before pro-
cessing.

C(xj) =

� Fsp

Fmin
(x̂j

L(f) − p · x̂j
H(f)) · x̂j−1(f)df

Fsp − Fmin

+

� Fmax

Fsp
(x̂j

H(f) − p · x̂j
L(f)) · x̂j−1(f)df

Fmax − Fsp
(8)

where, xj−1 is original signal of xj and x̂j = {x̂j
L, x̂j

H}
is Fourier spectrum of xj.

2.3 Multiresolution analysis
A sequence of successive processes with varying

structural functions constitutes a multiresolution signal
analysis. To describe this, let us assume that there exist
sets Vj at level j. In usual wavelet decomposition algo-
rithm, for a given input signal x0 ∈ V0, we obtain the
following recursive analysis scheme:

x0 → {x1
L, x1

H} → {x2
LL, x2

LH , x1
H} → · · ·

This scheme is used for method sequentially extracting
from high frequency component. For example, DWT is
composed by using details D(j) and smooths S(j) as fol-
lows.

x0 =
J�

j=1

D(j) + S(J) (9)

On the other hand, the full wavelet packet decomposition
algorithm is used for splitting algorithm.

x0 → {x1
L, x1

H} → {x2
LL, x2

LH , x2
HL, x2

HH} → · · ·
In this paper, morphological methods are implemented to
latter by using Eqs. (3) and (4). A three-level signal anal-
ysis scheme is depicted in Fig. 3. When non redundant
method, the down sampling is processed in each level.

3. SIMULATIONS

The proposed algorithm was applied to synthesized
signal. This signal is composed of sinusoidal wave and
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Fig. 3 Signal analysis scheme

white or impulse noise. The sampling frequency is 500
Hz. In the morphological multiresolution analysis, the
structural function which decides characteristics of the
filter is designed in ellipse and haar type. Structural func-
tion of Ellipse type which composed of two heuristic pa-
rameters is designed by using two kinds optimization al-
gorithm in Eqs. (7) and (8). Haar type is designed by
increase the width of windows by 2 to the power of lev-
els. The suitable heuristic parameters are obtained by the
random search about 10000 times. Especially, spectrum
dividing algorithm need to decide prior parameters such
as Fmin, Fmax, Fsp and p in Eq. (8). On the other hand,
in wavelet analysis for comparison, the mother wavelet is
selected to Daubechies 6.

One result of mutual information algorithm is depicted
in Fig. 4 that signal composed of two kinds sinusoidal
waves (5 Hz and 20 Hz) and white noise. In this case,
the SNR is 7.98 and each component is separated respec-
tively. On the other hand, separation of spectrum dividing
algorithm has robustness with white noise more than the
mutual information algorithm (Table 1). This decompo-
sition result is presented to Fig. 5 (SNR: -1.57). In case
of Haar type structural function, decomposition of five
levels was necessary to separate all components in this
situation (Fig. 6). The component of 20 Hz was barely
extracted when synthesizing much white noise (SNR is -
1.57). In contrast, wavelet analysis was able to extract all
component effectively. The coefficient of correlation dur-
ing input signal and decomposition signal is higher than
the case of morphological method (wavelet (Daubechies
6): 0.87, morphology (Haar): 0.44). When the impulse
noise is mixed with sinusoidal wave (17 Hz), morpholog-
ical method is able to obtain components effectively (Fig.
7). The impulse component was extracted in few bands
and the distortion does not caused form impulse response
(Table 2).
These results suggest that, in a certain field, the morpho-

logical decomposition method which is optimized struc-
tural function is more suitable to extract features from
signal. Especially, the mutual information algorithm is
useful for signal that information is not understood since
need not to set prior parameters (Table 3).
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Fig. 4 Analysis of less-noisy synthesized sinusoidal wave
(algorithm: Mutual Info., SNR: 7.98, repeat count: 10k)
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Fig. 5 Analysis of noisy synthesized sinusoidal wave
(SNR: -1.57, SR: 500 Hz, repeat count: 10k, p = 0.2,
Fmin = 2 Hz, Fmax = 30 Hz, Fsp = 23, 17, 30 Hz)
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Table 1 Coefficient of correlation compared with
original signals (white noise)

SNR: 7.98
M-MI M-SD M-HA W-D6

5 Hz 0.95 0.94 0.89 0.98
20 Hz 0.79 0.82 0.67 0.95

white noise 0.82 0.83 0.76 0.73

SNR: -1.57
M-MI M-SD M-HA W-D6

5Hz 0.83 0.83 0.80 0.95
20Hz 0.59 0.58 0.44 0.87

white noise 0.77 0.89 0.86 0.73

M-MI: Morphology (Mutual Information of Ellipse)
M-SD: Morphology (Spectrum Dividing of Ellipse)
M-HA: Morphology (Haar type)
W-D6: Wavelet (Daubechies 6)

Table 2 Coefficient of correlation and MSE compared
with original signals (impulse noise)

SNR: 4.01
ρ

M-MI M-HA W-D6
17Hz 0.99998 0.98219 0.80526

impulse noise 0.99997 0.99704 0.70995

MSE
M-MI M-HA W-D6

17Hz 0.00002 0.08839 0.17855
impulse noise 0.00002 0.00233 0.19600

M-MI: Morphology (Mutual Information of Ellipse)
M-HA: Morphology (Haar type)
W-D6: Wavelet (Daubechies 6)
(ρ: coefficient of correlation, MSE: mean square error)
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Fig. 7 Multiresolution analysis to impulse signal

Table 3 Specification of the algorithms

white noise impulse noise
Morp. (Mutual) � �

Morp. (Spectrum) � ∗ � ∗
Morp. (Haar) × �

Wavelet (Daub 6) � ×
(∗: Need to tune of the prior parameters)

4. APPLICATION FOR BCI SYSTEM

4.1 Experimental system

The Pseudo Feedback Experiment is executed to ob-
tain EEG data during misoperation of BCI system. Left
and right hand motor imagery task causes the response
EEG signal caused according to hand motor imagina-
tion. Furthermore, the response EEG signal related to
cognition is obtained by rare opposite feedback stimulus.
In this experiment, three subjects (N, U, Y: 20-24 years
old) participated for three days. Subject (N) and (U) was
trained up enough for this experimental system. Subject
(Y) did not have training, but he was well informed of
the experimental situation and system. During the exper-
iment, subject fixated a computer monitor 100 cm in front
of him. Each trial was 8000 ms long (Fig. 8). At 3000
ms, the fixation cross was overlaid with an arrow at the
center of the monitor for 1250 ms, pointing either to the
left or to the right. Depending on the direction of the ar-
row, the subject was instructed to imagine a movement of
the left hand or the right hand. Feedback (FB) consisting
of a bar-graph is presented at the center of the monitor
from 5000 ms to 8000 ms. This bar is presented same
orientation of motor imagery in frequent (correct class).
On the other hand, the bar shows opposite orientation in
rare (error class). This ratio is set to 8:2 in this exper-
iment. The EEG signals are sampled at 512 Hz. EEG
recording electrode positions are shown in Fig. 9.
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4.2 Pattern recognition methods
It is thought that positive potential P300 concerned

with cognition appears in error class (Error Potential).
Therefore, decision rule of correct class and error class is
composed of amount of positive component as follows:

k∗ = ArgMax
k

Pr(Ck|s) (10)

= ArgMin
k

�
ln(σk) +

(s − mk)2

2σ2
k

− Pr(Ck)
�

where,

s =
N�

t=1

{H(ỹ(t)) · ỹ(t)}, H(ỹ) =
�

1, ỹ(t) ≥ 0
0, ỹ(t) < 0

The phenomenon of event-related synchronization and
desynchronization occur before and after motor imagery.
The decision rule of left hand motor class and right hand
motor class is constructed under the assumption that dis-
tribution of EEG amplitude is normal distribution in each
class as follows:

k∗ = ArgMax
k

Pr(ωk|ỹ) = ArgMin
k

�
1
2

N�
t=1

lnσ2
k,t

+
1
2

N�
t=1

�
1

σ2
k,t

(ỹ(t) − ¯̃y)2
�

− lnPr(ωk)

�
(11)

where,

¯̃yk(t) =
M�

j=1

ỹj
k(t) (M : block num.)

σ2
k,t =

1
2

�
j=1

�
yj

k(t) − ¯̃yk(t)
�2

4.3 Results
EEG signals is separated by using mutual informa-

tion algorithm. The data period for analysis is selected
from 5000 msec to 8000 msec and the repeat count is
1000. Two levels of morphological multiresolution anal-
ysis processes to single trial EEG signal. At the time
just after presentation of bar-graph, the peak in positive
direction is observed at a specific level, it is P300 (Fig.
10). The classification results concerned with motor im-
agery (left and right motor imagery class) and Error Po-
tential detection (correct and error class) for each level
are shown in Fig. 11. It is confirmed that accuracy rose
about 10 % in both case. This reason is thought that
the morphology method is able to extract high amplitude
and high frequency components concerned with motor
imagery and P300-potentials (Error Potential) concerned
with cognition.
Next, to confirm difference of morphology and wavelet,

EEG signal was decomposed into 7 levels by using
structural function of Haar type and mother wavelet of
Daubechies 6. These results of pattern recognition are
depicted in Fig. 12. In subject N, highest accuracy con-
cerned with motor imagery is obtained in low level bands.
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HH
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Fig. 10 EEG analysis by using morphology
(subject: N, session no: 1, CH: C4, data: 5.0 ∼ 8.0 sec

algorithm: Morphology (Mutual Information) )
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Fig. 11 Pattern Recognition Result
(subject: N, session no: 1, CH: C4, data: 5.0 ∼ 5.5 sec

algorithm: Morphology (Mutual Information) )

In particular, morphological method was able to extract
this feature in narrow bands. This fact makes it easy to
find out the significant band. On the contrary, result of
wavelet method does not change as to be able to spec-
ify the significant band. It seems that this is caused by
the fact that the high frequency information influences
the higher levels. Since morphological method is com-
posed of max-min operations, high frequency informa-
tion does not influence the higher levels. Furthermore,
high accuracies concerned with cognition are obtained
from high level bands in morphological method for the
reasons without distortion to impulse component. This
phenomenon was confirmed in subject Y frequently. This
fact suggests that this component has an essential infor-
mation about the reaction of subject related to cognition
of fail performance in BCI system. Therefore, morpho-
logical method is the more suitable tool from the view
point of feature extraction.

5. CONCLUSION

In this paper, feature extraction method based on mor-
phological multi-resolution analysis was introduced to
extract features concerned with motor imagery and cogni-
tion simultaneously from EEG signals. The morphologi-
cal method is suitable for analyzing to the signals which
is mixed impulse component for the reason of nonlinear
characteristic. Especially, the characteristic of prevent-
ing distortion is effective for EEG analysis. The struc-
tural function which decide the filter characteristic was
designed to obtain optimal separation by setting the mu-



- 848 -

50

60

70

80

90

Motor Imagery

Error Potential Detection

accyracy [%] Morphology (Haar)

40

50

original 
signal

D (1) D (2) D (3) D (4) D (5) D (6) D (7)
Subject: N

(a) (subject: N, session no: 1, CH: C4, Cz,
data: 5.0 ∼ 5.5 sec, algorithm: Morphology (Haar) )

50

60

70

80

90
Motor Imagery

Error Potential Detection

accyracy [%] Wavelet (Daub 6)

40

50

original 
signal

D (1) D (2) D (3) D (4) D (5) D (6) D (7)
Subject: N

(b) (subject: N, session no: 1, CH: C4, Cz,
data: 5.0 ∼ 5.5 sec, algorithm: Wavelet (Daub. 6) )

50

60

70

80

90
Motor Imagery

Error Potential Detection

accyracy [%] Morphology (Haar)

40

50

original 
signal

D (1) D (2) D (3) D (4) D (5) D (6) D (7)
Subject: Y

(c) (subject: Y, session no: 2, CH: C4, Cz,
data: 5.0 ∼ 5.5 sec, algorithm: Morphology (Haar) )

50

60

70

80

90
Motor Imagery

Error Potential Detection

accyracy [%] Wavelet (Daub 6)

40

50

original 
signal

D (1) D (2) D (3) D (4) D (5) D (6) D (7)
Subject: Y

(d) (subject: Y, session no: 2, CH: C4, Cz,
data: 5.0 ∼ 5.5 sec, algorithm: Wavelet (Daub. 6) )

Fig. 12 Comparison between wavelet and morphology to
experimental data

tual information algorithm and spectrum dividing algo-
rithm. It was confirmed that the spectrum dividing algo-
rithm was able to extract component from various kinds
of noisy signal than another algorithm. Though, from the
viewpoint of necessary of prior parameters setting, the
mutual information algorithm is suitable for processing
signal that information is not understood. Consequently,
we confirmed that features of motor imagery and Error
Potential in EEG signal is extracted effectively to each
band. A BCI system with the fail safe function will be
able to be achieved by advancing this research further.
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