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Abstract

It is known that Electroencephalograph (EEG) sig-
nal shows specific responses according to the event (e.g.
visual stimulus, cognition and motor imagery). Espe-
cially, by classifying short time EEG signal, features
are used to control an electronic device (such system
is called brain computer interface: BCI). Generally,
in feature extraction from EEG signal, these features
are extracted by using linear method such as FIR filter
and wavelet transform etc. Though, linear method is
not suitable because impulse noise distorts the impor-
tant features. To avoid this, the morphological analysis
method with non-linear characteristics has been used in
this fields. In this paper, we propose a design method
of structuring function that determine the filter char-
acteristic of morphology. The morphological method is
compared to DWT from the view point of filter char-
acteristics. We apply our method to real data observed
from visual stimulation.

1 Introduction

It is known that Electroencephalograph (EEG) signal
shows specific responses in the event (e.g. visual stimu-
lus, cognition and motor imagery). This characteristic
can be confirmed from averaged signal. Especially, by
classifying short time EEG signal, features are used to
control an electronic device (such system is called brain
computer interface: BCI) [5]. To construct BCI sys-
tem, many methods have been proposed. For example,
cursor control system had been proposed by using the
feature that appeared in voluntary motor imagery such
as hand movement [4][6]. Recently, many researchers
studied about the P300 typewriter system which used
cognitive response that is human’s passive response [1].
Though this system does not need training with user,
this system requires a lot of time to distinguish (about
2-10 sec).

In this study, we tried to analysis feature of vi-
sual evoked potential since this phenomenon appears
short latency. Generally, in feature extraction from
EEG signal, these features are extracted by using lin-

*This work has been partially supported by the Grant-
in-Aid for Scientific Research (B) of Japan Society for the
Promotion of Science, No. 21300208.

ear method such as FIR filter and wavelet transform
etc. Though, linear method is not suitable because im-
pulse noise distort the important features. To avoid
this, the morphological analysis method with non-linear
characteristics has been used in this fields [2]. Further-
more, since many elements compose this feature, it is
necessary to decompose this signal by multi-resolution
analysis (MRA). Therefore, we will identify significant
component by using morphological MRA. This morpho-
logical decomposition is composed such as redundancy
discrete wavelet transform (RDWT) [3] to avoid shift
noise. The structuring function which decide the filter
characteristic is designed to obtain optimal separation
based on mutual information method or spectrum di-
viding method. The filter characteristics using these
method and Haar type analysis method are compared
to DWT based on Daubechies. We apply our method
to real data observed from visual stimulation.

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 original signal and g(t) is the struc-
turing function which characterizes the filter. Further-
more, F and G denote the domains of f(t) and g(t),
respectively. Conventionally, it is assumed that every
signal takes the value −∞ out of its domain. By com-
bining these operations, we define two morphological
filters:

opening : fg(t) = [(f ⊖ gs) ⊕ g] (t) (3)
closing : fg(t) = [(f ⊕ gs) ⊖ g] (t) (4)

where gs(t) := g(−t). The opening process for f(t) by
g(t) removes the parts in the positive direction of the
wave form of f(t) those are too narrow to fit for the
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Fig. 1: Property of morphological filter

wave form of g(t) attached below. In contrast, the clos-
ing filter removes the narrow negatively directed parts.
In other words, opening (resp. closing) smooth f(t)
from the positive (resp. negative) direction by g(t).
Furthermore, the open-closing filter consisting of suc-
cessive applications of the opening followed by the clos-
ing provides an effect of lowpass filter. Thus, we can
also construct a highpass filter by taking the difference
between the original signal and its open-closing.

lowpass : ψ↑(t) = (fg)
g (t) (5)

highpass : ω↑(t) = f(t) − ψ↑(t) (6)

The schematic figures of morphological operations are
shown in Fig. 1.

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

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

g(t) =

{
0 (−n ≤ t ≤ n)
−∞ (otherwise)

(7)

On the other hand, the SuperEllipse type structuring
function is defined with a variable parameter k, the
width of window 2n and the curvature parameter p as
follows.

g(t) =

{
k

(
1 −

∣∣ x
n

∣∣p) 1
p (−n ≤ t ≤ n)

−∞ (otherwise)
(8)

These parameters are optimized to become different
during separated signals xL and xH by random search.
The condition of difference is evaluated by using two
methods as follows.
1) Mutual information method
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Fig. 2: Model of structuring function

The heuristic parameters of structuring function are op-
timized by using mutual information between separated
signals xj = {xj

L, x
j
H}. The evaluation function is the

joint entropy between xj
L and xj

H .

H(xj) =
1
2
log2{(2πe)2 |det(Σ)|} (9)

where, Σ is covariance matrix of xj.
2) Spectrum dividing method
The heuristic parameters are optimized to become sep-
arating between signals in frequency domain. In this
method, the prior parameter of separation frequency
Fsp, the penalty coefficient p and prior parameters of
evaluation interval Fmin and Fmax need to decide before
processing.

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
(10)

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

j
H}

is Fourier spectrum of xj.

2.3 Multiresolution analysis
A sequence of successive processes with varying struc-

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

x0 → {x1
L, x

1
H} → {x2

LL, x
2
LH , x

1
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
follows.

x0 =
J∑

j=1

D(j) + S(J) (11)

On the other hand, the full wavelet packet analysis al-
gorithm is used for splitting algorithm.

x0 → {x1
L, x

1
H} → {x2

LL, x
2
LH , x

2
HL, x

2
HH} → · · ·
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Fig. 3: Signal analysis scheme

k: const.

H(xj)

5

4

3

2

1

p

n

50

40

30

20

10

Fig. 4: Criterion Map
The value of mutual information is changed according

to the parameter of structuring function. The
parameters that compose maximum value are chosen

by random search.

In this paper, morphological methods are implemented
to latter by using Eqs. (5) and (6). A three-level signal
analysis scheme is shown in Fig. 3. When non redun-
dant method, the down sampling is processed in each
level.

3 Simulations

The proposed method was applied to synthesized sig-
nal. This signal is composed of sinusoidal wave and
white or impulse noise. The sampling frequency is
500 Hz. In the morphological multiresolution analy-
sis, the structuring function which decides characteris-
tics of the filter is designed in SuperEllipse and Haar
type. Structuring function of SuperEllipse type which
composed of three heuristic parameters is designed by
using two kinds of optimization method in Eqs. (9)
and (10) (Fig. 4). Haar type is designed by increas-
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ing the width of windows by 2 to the power of levels.
The suitable heuristic parameters are obtained by the
random search about 1000 times. Especially, spectrum
dividing method needs the decide prior parameters such
as Fmin, Fmax, Fsp and p in Eq. (10). On the other
hand, in comparison with wavelet analysis, we employ
Daubechies 6 as the mother.

One result of mutual information method is shown
in Fig. 5. This signal is composed to sinsoidal waves
of two kinds of sinusoidal waves (5 Hz and 20 Hz) and
white noise. In this case, the SNR is 7.98 and each
component is separated each other. On the other hand,
separation of spectrum dividing method is more robust
to white noise than mutual information method has
(Table 1). This analysis result is presented to Fig. 6
(SNR: -1.57). In case of Haar type structuring func-
tion, analysis of five levels is necessary to separate all
components in this situation (Fig. 7). The component
of 20 Hz was rarely extracted when signal is synthe-
sized with much white noise (SNR is -1.57). In con-
trast, wavelet analysis is able to extract all components
effectively. The coefficient of correlation between input
signal and analysed 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), morphological
method has provided components effectively (Fig. 8).
The impulse component was extracted in a few bands
and the distortion is not caused form impulse response
(Table 2).

These results suggest that, in a certain field, the mor-
phological analysis method with the optimized struc-
tural function is more suitable to extract features from
signal. Especially, the mutual information method is
useful when components are not understood beforehand
because the prior parameters are not necessary (Table
3).
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Fig. 8: Multiresolution analysis to impulse signal

Table 1: Coefficient of correlation compared with orig-
inal signals (white noise)

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

5 Hz 0.94 0.91 0.89 0.98
20 Hz 0.91 0.85 0.67 0.95

white noise 0.88 0.82 0.76 0.73

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

5Hz 0.91 0.88 0.80 0.95
20Hz 0.57 0.42 0.44 0.87

white noise 0.85 0.90 0.86 0.73

M-MI: Morphology (Mutual Information of
SuperEllipse)

M-SD: Morphology (Spectrum Dividing of
SuperEllipse)

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
SuperEllipse)

M-HA: Morphology (Haar type)
W-D6: Wavelet (Daubechies 6)
(ρ: coefficient of correlation, MSE: mean square

error)

Table 3: Specification of the methods
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
Three subjects (X, Y, Z) participated in this study for

three days. EEG signal is measured from occipital area
(Oz - A2) with 512 Hz sampling frequency. Each trial



consist of two kinds visual stimulus pattern (Pattern A,
B) that is presented either one during 1000 ms (Fig. 9).
During the experiment, the subject fixated a computer
monitor 100 cm in front of him and gazed to visual
stimulation. This experiment was examined about 800
trials in each day.

4.2 Pattern recognition methods
Fig. 10 shows average signals during stimulus and

non-stimulus. The two kinds of difference between
stimulus and non-stimulus are confirmed at 75 msec
and 100 msec (these are called P75 and N100). It is
known that P75 takes positive potential and N100 takes
negative potential. The decomposition results of single
trial EEG is depicted in Fig. 11. In case of pattern A,
a negative peak concerned with 5th stimulus appeared
at 100ms delay of level LH. Similarly, the negative peak
concerned with 4th stimulus appeared in case of pattern
B. Distribution of the peak latency and this amplitude
while one experiment is shown in Fig 12. It is confirmed
that most of these parameters relates to event. We as-
sume this amount of potential follows in each section
normal distribution. The decision rule of pattern A or
B is composed as follows,

k∗ = ArgMax
k

Pr(ωk|s) (12)

= ArgMin
k

{
1
2
ln|Σk|

+
1
2
(s − mk)T Σ−1

k (s − mk) − Pr(ωk)
}

 s = [s1, s2]T ,
s1 =

∑d+w
t=d {y (t+ 500) + y (t+ 1000)} ,

s2 =
∑d+w

t=d {y (t+ 400) + y (t+ 600)}


where, y is output of morphological filter and mk is
mean and Σk is variance of s. Also, d is latency of P75
and N100 and w is processing window.

5 Results

EEG signals is separated by using mutual information
method. Two levels of morphological multiresolution
analysis processes to single trial EEG signal. At the
time just after presentation of light, the peak is ob-
served at a specific level, it is P75 and N100. The crite-
rion s which is used at Eq. 12 is distributed such as Fig.
13. It seems to be able to distinguish the gazed pattern.
This features are evaluated by cross validation method
(ratio of training data:test data = 4:1). The parameter
w is selected to 5 and parameters of structuring func-
tion are optimized by 1000 times random search. Fig.
14 shows pattern recognition results of analyzed sig-
nals by morphological method in P75, N100 and both.
The optimized structuring functions in this case are de-
picted in Fig. 15. In case of subject X, the structuring
function is composed to sharp shape and high accu-
racy is obtained at level LH, HL and HH. Contrary, the
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Fig. 13: Distribution of criterion
(Subj.: B, Session no: 2, channel: Oz, feature: N100 )

high accuracy observed to level LL, LH and HL when
rounded shape is estimated. This phenomenon suggest
that the optimized structuring functions take charac-
teristics of signal structure. In the result of analysis of
P75, it is confirmed that accuracy rose in each subject
when morphological method is used. This result is su-
perior to wavelet. In case of N100, the accuracy did not
rise in many case.

6 Conclusion

In this paper, feature extraction method based on
morphological multi-resolution analysis was introduced
to extract features concerned with visual evoked poten-
tial from EEG signals. The pattern which subject pays
attention can be distinguished by using the EEG data
about one sec. The optimized structuring functions
takes characteristic of signal structure. It is confirmed
that the component different from N100 shapes need
to analysis from results of morphological method. This
feature extraction method and the application method
to the interface are under construction.
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