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1. Introduction

This study is a part of a developed project to help people who can’t talk or control their
movements when communication.

There are different kinds of methods to improve the communication of these people. Some
examples are:

1. Methods based in the ocular movement: for example the videooculography systems,
where a little camera detects the eye position and place the mouse in the same position
on a monitor.

2. Physical communicators based on boards: the user points, on a board, what he wants to
communicate. This method involves that the user’s disability allows him to have some
control over his movements.

In this case, the intention is to use a method which can be used with people whose disability
do not let them utter a word (or they present a big difficult for that), neither take the whole
control of their movements.

This kind of disability may be due to several cerebral palsy, one example of that could be
athetosis. This disease is a kind of paralysis which also presents injuries in the
extrapyramidal system, which is part of the nervous system. This illness causes that the one
who suffers it cannot take the whole control of his movements, and the difficulties at the
time to talk (in some cases it prevent them the speech totally).

For these end, we have chosen to work with the signals from an EEG, which is a brain
activity record. When analyzing the signals, the intention is to detect what a person wants to
say. Therefore it wouldn’t be necessary that the user had a hole control of the movements
(or even eyes), because what is pretended is to interpret what the user wants to say, without
having to express it externally. Nowadays EEG is a very used method applied to improve
user interaction (see the literature [1-2]).

The brain shows electrical activities on different frequency bands and it can be useful
analyze each frequency band separately.
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Fourier transform is a very used method in frequency domain, but it presents the inconvenient
that it does not show temporal information of the signal. It means that Fourier shows the
signal frequency ranges, but it doesn’t inform when we are in a frequency or in another.

Wavelet transform, explained widely in [1], is a method to analyze the signal in time-
frequency scale. This method is very useful in non stationary signals analysis, it means:
those signals which don’t stay constant over time.

The use of the different frequency bands allows to separate the signal in different frequency
components in order to eliminate noise signals and information which doesn’t provide
anything significant.

In this case we want to analyze the EEG signal in different frequency bands to get the P300,
which is a signal that appears as an answer to a light or sound stimulus.

The P300 wave is between the band frequencies corresponding to [0-8Hz]. The predominant
component of the P300 is about 2.5Hz, existing also another theta component (6Hz
approximately), which appears in a latter zone [4]. Analyzing this band, we can detect the
presence or absence of the P300.

The method which has been used to help in the communication consists in illuminate
different letter, so that, when the letter that the user is watching is illuminated (target letter),
the brain sends the P300 wave as an answer to that stimulus.

Fig. 1. Matrix shown on the screen of Competition BCI

GHI  JKL MNO

Fig. 2. Matrix shown on the screen of the final application of this project

If it illuminates the target row, it results the P300b, whereas if the illuminated row is not the
one the user is watching, appears the P300a.

P2ZO0E

u P300a

Fig. 3. P300a and P300b
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Detecting the signal, which appears between 300 and 600 milliseconds after the target
photostimulate, and knowing the sequence of letter illumination, we can predict the letter
that the user wants to say.

We have decided working with the Discrete Wavelet Transform (DWT) because it doesn’t
require so much memory as the Continuous Wavelet Transform (CWT), it is efficient if we
use scales in powers of 2, it presents higher facilities to analyze numerically the transformed
data and the calculations are faster.

This technique has been used in studies in order to get the P300, such as [21]and [22], and
combining the DWT with another techniques [26] and [27].

The DWT performs basically two functions:

1. It filters the signal along a low-pass filter and another high-pass filter to obtain the
approximate and detail signal coefficients in different ranges of frequency.
2. Sub-sampling of the output signals.

The successive decompositions are made from the signal obtained in the low pass filter.

When developing the algorithm, we have made a preliminary study to understand the
behavior of the P300 and Wavelet Transform.

From this study, conclusions are reached concerning the shift of the signal according to the
mother wavelet chosen and the frequency band where the P300 is best detected.

Subsequently, there has performed a second part to detect which wavelet is more
appropriated to integrate at the final application and in which channels we have obtained
higher success percentage, because the EEG to use has only 4 channels.

Fig. 4. EEG 4 channels

Fig. 5. Final application
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2. State of the art
2.1 Technical

The Wavelet Transform results very useful in the analysis of non stationary signals [30-31],
where the signal of the study presents parts with different frequencies over time.

Wavelet is not only useful in the study of signs, but it is also frequently used in digital image
processing, although this study focuses on the first case.

In medicine applications, it is used in a case which is needed to detect any peculiarity in the
registry of biomedical signals.

1.

Noise removal: the Wavelet decomposition is produced without spaces and without

overlap the data, so the decomposition process is totally reversible (the signal can be

rebuilt). Thus, they result useful in the algorithms where it is wished to retrieve the
original information with a minimal loss. Wavelet Transform is also used for removing
the noise in images, such as the noise removal of planar images in nuclear medicine

[5][32-34].

Feature extractions: as it has been said before, the DWT is used in non stationary

analysis. It allows the detection of the “oddballs” that can be originated in EEG, EOG or

ECG signals, among others[6][35].

Detection of tumors [23]: extracting texture features through the DWT, it can help in the

diagnosis of certain tumors, as the breast [24].

Seizures:

a. Epilepsy: it is possible to detect certain epilepsy cases using the DWT. There are
studies where it has been used the Wavelet Transform to detect the seizures in
newborn, like in [7] and [8]. Knowing in which moment the seizures are
happening, it can help in the diagnosis of diseases [28].

Electrocardiograms: the use of the DWT allows to analyze the ECG signals and make a

classification of them [9]. Similarly, it allows to detect if there exits an ECG abnormality

[10].

Pregnancy: we can know if the fetus presents any problem during the pregnancy,

working with the images obtained by ultrasounds [11].

P300 detection: Wavelet transform has been used in previous studies to detect the P300

in EEG signals, like in [12], [13] and [14].

Detecting the frame of mind: there are differences between thinking a movement and

keeping the mind relaxed. The use of the wavelets indicates the behavior of the brain in

the different bands, so it can determinate if an individual is thinking in something or
not, coming to know which movement is been imagined.

Alzheimer: as study of this disease, there are methods which start from wavelet

coefficient to test the difference between a healthy people EEG and EEG from

Alzheimer patients [25].

2.2 Social

The analysis methods in the frequency domain are useful to detect possible anomalies,
which is a great help in medicine applications. Wavelet is a method which represents signals
in time and frequency scales, but there are methods which work in time-frequency
distribution and they are also used in medical applications.
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A new method which has acquired relevance in the signal analysis is the Matching Pursuit,
which consists in select, in a signal dictionary, the signal which matches better with the one
of the study.

Usually, the methods used in time-frequency distributions use classify algorithms to
separate different kinds of signals [15].

3. Methods
3.1 Wavelet Transform

The Wavelet Transform is defined by:

Wi(s7) = [ f(Bw (0 (Ot (1)

The wavelets are generated from a wavelet function w(t), called “mother wavelet”, which
is defined as:

=y = 2
s (V)= = w| ()
being t the translation factor and “s”, the dilation factor.

The signal f(t) is sampled by mother wavelet versions, which are dilated and moved.

The DWT is defined by the following way:

i
W(j,k)=zjzkf(x)221p(2']x—k) 3)

3.2 BCI 2003 database

We have used the database corresponding to the BCI competition. The data have been
obtained with a sample frequency of 240Hz. They produced 12 illuminations (one for each
row and column) and, for each letter to predict, they do 15 repetitions (each one is
illuminated 15 times). Each illumination lasts 100 milliseconds and, between each
illumination, there is a space of 75 milliseconds.

This database has been used in more occasions to make studies with EEG signals and detect
the P300, like in [16] or [29].

There have been performed three sessions, with different trials, where the first two are
destined as a part of the training, where they difference the illumination of a target or non
target row or column. The third session corresponds to the words to predict.

The algorithms developed have been used initially with this database for test its efficacy.
This database provides the result of 64 channels of study and it has applied the algorithm to
all of them in order to know the behavior of the P300 in each one, and testing in which ones
the P300 is best appreciated.
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The Wavelet Transform performs a set of consecutive filters, leading to decomposition of
the signal in different levels and frequency bands. In this case, the level decomposition
results:

Signal
240Hz

¥

Level 1 (cA1)  Level1 (cD1)
0-60 Hz 60-120 Hz

'S’

Level 2 (cA2) Level 2 (cD2)
0-30 Hz 30-60Hz

¥

Level 3 (cA3) Level 3 (cD3)
0-15 Hz 15-30Hz

¥

Level 4 (cA4) Level 4 (cD4)
0-7.5Hz 75-15 Hz

¥

Level 5 (cA5) Level 5 (cD5)
0-3.75Hz 3.75-5 Hz

Fig. 6. Decomposition level

The result of the last low-pass filter corresponds to the approximate coefficients, where we
should detect the P300 main component.

Initially, we have separated the target and the non target samples corresponding to the
different trials of the season 1.

To check the algorithm efficacy, we have probed with the trials corresponding to the third
session, which is the session of prediction.

3.3 Matlab Toolbox and mother wavelet

The algorithm has been developed entirely in Matlab and, for Wavelet Transform
operations, we have used the Wavelet Toolbox from Matlab.

Moreover, the wavelets used have been the ones which this toolbox gives. The choice of one
mother wavelet or another conditions the form of the low-pass and high-pass filters, so the
Wavelet Transform will be different depending on the mother wavelet chosen.

The chosen mother wavelets have been the following ones: bior3.9, bior3.7, bior3.5, bior3.3,
rbiol.5, rbiol.3 and DBY, as in [21], because of the similarity with the P300, [17] and [18].
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It has been studied the behavior of the signal by the following way:

Approximate Detail
coefficients coefficients
Frequency band 075 Hz 7515 Hz
level 4
Frequency band | = 5 5y, 3,75-7,5 Hz
level 5

Table 1. Frequency ranges

4. System design

Below it is detailed the design of the algorithm that we pretend integrate into the final
application.

In the section called “High level designs” it is shown a general scheme of the data
acquisition and its treatment, and one scheme with de different modules and jobs which
compose the study.

In the section called “Low level design” it will be concreted the reflected jobs in the previous
section.

4.1 High level design

The main application makes the following operations:

Processing

Preprocessing

Fig. 7. Application scheme
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To develop the algorithm, we make a first study and, then, we develop the method based in
the conclusions obtained in the first part of the study.

Fig. 8. General scheme

In the initial study it can be observed the behavior of the target and non target signals to
check the shift that each wavelet produces to the signal. Subsequently, we work between the
corresponding time interval to localize the P300 depending on the used mother wavelet.

4.2 Low level design
Initial study

The initial study provides information about the behavior of the P300 at the frequency
domain. Studying the difference between target and non-target data, it is possible to obtain
some initial conclusions about this behavior.
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Separatetargets from
nontargets

Reach conclusions

Mother wavelet most Levels where the P300 is
appropiate best appreciated

Fig. 9. Objectives of the initial study

It involves the following steps:

Select Select

Separete in Separetein
different different

levels levels
Wavelet

Wavelet H
Transform

Transform

Compare targets and non targets

Check the P300 shift in each level

Election of mother waveletand levels

Fig. 10. Initial study
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On the one side, separate the targets and non target data corresponding to Albany BCI
competition. With these data, it performs the Wavelet Transform at the levels where the
P300 should be appreciated to check the time intervals where the peak is appreciated.

As it has been said before, the interval where the peak is best appreciated is between 0 and
7,5 Hz.

After doing this initial study it can be observed that there exists a big difference between the
signals corresponding to the targets and the ones which are not target. This difference is
well appreciated because the separation of the data has been performed by averaging the
results of several sessions: the more signals are averaged; the greater will be difference
between targets and non targets.

The prediction stage won’t show that difference so clearly, but with the initial study it can
be known where will be best appreciated.

As it has been said before, the interval where the peak is best appreciated is between 0 and
7,5 Hz.

After doing this initial study it can be observed that there exists a big difference between the
signals corresponding to the targets and the ones which are not target. This difference is
well appreciated because the separation of the data has been performed by averaging the
results of several sessions: the more signals are averaged; the greater will be difference
between targets and non targets.

The prediction stage won’t show that difference so clearly, but with the initial study it can
be known where will be best appreciated.

Preparing data

This stage is done in the initial study and on the prediction of the words.

Separateilluminations by

rows and columns

I Sl

Take samples until 2sc
after each illumination

Data are separated according to the row or column illuminated, obtaining in that way, 12
different data sets. It takes samples from the illumination until 2 seconds after in order to
obtain the number of data which ensures the correct transformation at the last level (in this
case, level 5). Using the Matlab command wmaxlev, it can check that the number of samples
is correct.

Fig. 11. Preparing data

The reason of separate columns and rows is because the cross of the target row and the
target column will be the letter that the user is looking.
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Wavelet Transform

The Wavelet Transform has been also used in the initial study and at the time of predicting
the words. After the transformation, the data will be at the frequency domain.

The part which transforms the data makes the following steps:

WaveletTranstorm |
T T

Separaterows and
columns

e

Transform in
Matlab

Detail coefficients Approximate coefficients

PEELEED. MR

The transform of each row and column is made in Matlab (12 transformations in total for
each letter, corresponding at 6 columns and 6 rows) to give rise to the different frequency
bands. The detail coefficients are the high-pass filter result, whereas approximate ones are
obtained from the low-pass filter. In this case:

Level 4->[3.75-7.5 Hz] (Aprox 4) and [7.5-15Hz] (Det 4)
Level 5->[0-3.75 Hz] (Aprox 5) and [3.75-7.5] (Det 5)

Fig. 12. Wavelet Transform

Finally, it is made a resample stage to add more samples.
Transform in Matlab

The first thing that is needed is to ensure that the Wavelet Transform will be correct with the
number of samples which have been selected. To assure this, we use the command
wmaxlev() in Matlab. With this command it is possible to know the highest level of work
with guarantees by giving the number of samples and the mother wavelet.

In this case, taking two seconds after the illumination is enough to ensure the correct
transform at level 5.

The Wavelet Transform has been performed for each one of the 64 channels. In the final
application, there will be only four channels, so the transform will be much faster.
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Select mother

Take samples
wavelet

wmaxlev()

Highest level of work

Take more samples

Transform

Fig. 13. Transform in Matlab

The following scheme shows the instructions used in Matlab:

wavedec()

appcoef() detcoef()

Approximate coefficients Detailed coefficients
(high-pass filter) (low-passfilter)

Fig. 14. Instructions in Matlab

To obtain the Wavelet Transform it is needed to give the signal to transform, the mother
wavelet that will be used as filter, and the level of work.
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In this case, as we need ranges of frequencies at level 4 and level 5, we have to do the
transform twice (one for each level).

Test
To detect the letter where the P300 has been appreciated, it performs the following
operations:
[
Wavelet data
Word and letter selection
Rows inthe time Celumns inthe time
interval study intervalstudy
Row with maximum Cclumns with maximum
amplitud amplitue
Corresponding letter
Fig. 15. Test

Once the transform is made, it takes the samples corresponding to the interval obtained in
the study stage. On one side, it compares the 6 columns and, by the other side, the 6 rows;
thus, it takes as target row and column the ones which present a higher peak than the rest.

Finally, it localizes the letter corresponding to these row and column.

After obtaining the letter, there is also another program which compares the theoretical
letter with the real obtained and shows the average of success for each channel.

5. Results
Initial study

For this first part, we have used the following channels: FZ, CZ, PZ and OZ. We wanted to
know the shift that means, for the P300, the election of one mother wavelet or another. The
same way, we wanted to know in which levels is best appreciate the difference between a
target and non target.

Mother wavelets: bior3.9, bior3.7, bior3.5, bior3.3, rbiol.5, rbiol.3 and DB9.

After the corresponding transformation, we observe a higher peak in the following time
interval:
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CZ channel:

Table 2. Time intervals for CZ channel

Wawelet | Aproxd | Detd Aproxd |Detd
bior2. 8 |05 -005] [[05-08] [PE-OT} —
biord.7T (P 4-08] [—|RE-0.7) —
bior2 5 |0 A4-008] [[T-12] [RP4-07)——
biord.2 (03 -0.5] [[05-0.7] 4 -0.6) —
rhici.5 | 0.4 - 0.55] 0.4 -0.8]|-—
rbiof.2 (02 -0.5] [[04-0.5] P2 -0.5) —
db3 prs-08|——m——IR8-13) | —
1500 .
“target
nan target
1000 F
500 -

Fig. 16. bior3.7, level 4

-500 -
_1 DDD 1 1 1 1 1 1 1 1 1
0 0z 04 0B 0.8 1 12 1.4 1.6 1.8
2DDD T T T T T T T T T
“target
non target
1500
1000
500

smob

-1000 y
1] 0.2

Fig. 17. bior3.5, level 5

04 08
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PZ channel:

Table 3. Time intervals for PZ channel

Vawelet | Aproxd  |Detd  |Aprox5 | Det5
biord.3 R.8-0.75] | —
bicrd.7 0.4 - 0.8] S0 | —
biord. 5 .45 -0.85]| ——
bior3.3 P.35-0.8] | —
rhicl.5 | 0.4 -0.55] B4-08 |—
thicl.2 | D34 -0.5] p.2-0.55] | —
b3 Bs-11] |—
a00 T
“target
non target

-500

-1000 -

Fig. 18. bior3.7 level 5

FZ channel:

i 0z 04 0B oA 1 1.2 1.4 16 1.8 2
Wawelet | Aprox4 |Detd  |Aprox5 | Dets
bicr3.8 | 5-0.8] |05 -0.6] [pe-am | —
bior3.T 0.4 - 0.5 |45 -0.85]| —
bior3.5 |D4-08] [[1-12) [|Pa5-088) —
bior3.2 | 4-08] | —— |pa-08 | —
thiol 5 |D25-08)|0e-07|p4-08 | —
rhicl.2 | 0.3 -0.45) p3-05 | —
i3 |pT5-08] p5-15 |—

Table 4. Time intervals for FZ channel
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400

“target
non target |

200 -

-200 -

-400

-600 -

-500

-1000 F =

_1 QDD 1 1 1 1 1 1 1 1 1
Fig. 19. DBY, level 4

1000

~target
nan target
500 - \ -

-500 +

-1000

1500 | y .

2000 1 1 1 1 1 L 1 1 1

Fig. 20. bior3.5, level 5

The cells with green background show the frequency band where it is appreciated a higher
peak. In case of FZ channel, the yellow background makes reference to time interval that,
without been where the peak is the highest, show a considerable difference.

From OZ cannel we have not obtained significant differences, so the results are not shown.
Second stage

The Project where this part is integrated, consist in detect the P300 using an EEG with only 4
channels. For that, it is only shown the results of the 4 channels where the percentage of
success has been higher.

It also shows the relative absolute error, the equations is the following:

AE=TV -RV
TV->Theoretical value (100)
RV->Real value
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The hit rate is applied by letter, no by the whole word.

rbiol.5
Word FCl FCEL CE FIL
FOOD |ECCC- |ECCC- |ECCE- |ECFA-
MOOT | MQUT- | MQUTL- | MOOW- | MQOW-
HAMX

Table 5. Predicted letters for rbiol.5

Average of the 4 channels: 70.415%

rbio1.5

hlll

Fig. 21. Channel comparison for rbiol.5

40

rbio1.5

30

20
10

FC1

Fig. 22. Errors rbiol.5

None of the four channels have an error less than the 20%, so, although the success rate

could be accepted around 65.
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Fig. 23. Electrodes localization for rbio1.5

The obtained peaks have the following forms:

1000

500 -

-500

-1000 |,

-1500

-2000

1 1 1 1 1 1 1 1 1
0 0.1 nz 03 04 05 06 07 08 09 1

Fig. 24. Letter C, columns, FC1

712
1500 T T
data’l
[ ] data2
1000 b x:.0.413 data3 [H
Y1170 —datad
500
D X
500
1000
-1500 !
a 0.1 n2z 03 04 05 0B 07 D08 089 1

Fig. 25. Letter C, rows, FC1
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rbiol.3

Word |FC1 FCZ FZ Fl

TUNA |TOBA- |TCBA- |TCEA- |TCBA-
LYGOT |4YG0X [4YGE0X |4YCECH [4YGIX
4567
Success [67.74 09| 67.74 09 | 613 04 |61.3 0%

Table 6. Predicted letters for rbiol.3

Average of the 4 channels: 64.52%

rbio1.3
70

65
) |
55

FC1 FCZ FZ F2

Fig. 26. Channel comparison for rbiol.3

rbio1.3
o0

40
-
0

FC1 FCZ FZ F2

The success rate is worse than the previous wavelet. In this case, the rbio family doesn’t
arrive at the 80% of success.

Fig. 27. Errors rbiol.3
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Fig. 28. Electrodes localization for rbio1.3

-1000

¥ 03158
R ;1606

2000 "~
-2500

-3000

-3500 F-

_dDDD 1 1 1 1 1 1 1 1 1
0 0.1 02 03 04 05 0B 07 08B 08 1

Fig. 29. Letter P, columns, FC1

-1500 T T T T T T T T T

[
2000 - ®:0.3158 /\ i

2500
-3000
3E00 |

-4000

-4500

_EDDD 1 1 1 1 1 1 1 1 1
1] 0.1 nz 03 04 05 0B 07 08 09 1

Fig. 30. Letter P, rows, FC1
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bior3.5

Word |FCZ FC1 Fl FZ

Success | 7742 0% | TORT 04

Table 7. Predicted letters for bior3.5

Average of the 4 channels: 72.58%

bior3.5

80

75
A THN
65

FCZ  FC1 F1 FZ

Fig. 31. Channel comparison for bior3.5

bior3.5
440
30
20
10
0
FC1 FCZ FZ Fl

Fig. 32. Errors bior3.5

The error is still more than the 80%, but the success is higher than rbio family.
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Fig. 33. Electrodes localization for bior3.5

2500

2000 |
1500
1000 -

500

500
-1000 f
-1500

-2000 -

-2600
1]

D.I1 D.IQ D.I3 lel D.IS D.IB D.I? D.IEE D.I9 1
Fig. 34. Letter N, columns, FCZ

2000

1500 |
oo}
£00
ol
500 |
-1000

-1800

-2000

_QSDD L 1 1 1 L 1 1 1 L
0 0.1 p2 03 04 05 06 07 08 09 1

Fig. 35. Letter N, rows, FCZ
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bior3.7

Waord

IYGEOT | Z5GO0T |ZYGOX | ZYE0X | ZYG0XH
4567 4YET- | 4567-  |4WET- [47ET-
Success | 3065 04 | BOUGS B4 | BO.GS 04 | BO.GS D

Table 8. Predicted letters for bior3.7

Average of the 4 channels: 80.65%

bior3.7
100

80
60
40
20

0

FCZ AFZ  FZ F2

Fig. 36. Channel comparison for bior3.7

bior3. 7
25
20

15

10

5

0
AFZ FCZ FZ

The four channels have an error less than the 80%, so the result is acceptable.

F2

Fig. 37. Errors bior3.7
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Fig. 38. Electrodes localization for bior3.7

1000

n
B \ ¥ 0.5517
¥ B0
D L
" /A
S0} /A
LA A

-1000 F
-1500
-2000

R

-3000
a

Fig. 39. Letter C, columns, FC2

1500

® 05537
o2

1000

— |

500+

ol
500+
oot " el
-1500 |
-2000

-2500

-3000
]

Fig. 40. Letter C, rows, FC2
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bior3.9

Word  |FC1 FCI FZ Fl1

Success |71 04 | BOU6E 04 ) 7742 by

Table 9. Predicted letters for bior3.9

Average of the 4 channels: 80.65%

bior3.9

90
85

80
R EE
70

FC1 FCZ FZ F2

Fig. 41. Channel comparison for bior3.9

bior3.9
25

20

15

10

5

a
FC1 FCZ FZ F2

In this case, only two channels are over the 80% of success, but it can be observed that the
channel FC1 has an error less than the 15%.

Fig. 42. Errors bior3.9
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Fig. 43. Electrodes localization for bior3.9
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Fig. 45. Letter Z, rows, FC1
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bior3.3

Word |FCZ FC2 FI F2

TUNA |TOEA- | TOEA- | TCEA- | TCEA-
LY GOT | Z5A0N | Z5A0R | Z5A0N | Z3A0R

4567 4Y67- | 4Y67- | XY3T- [ XY3T-
Success | 6452 0% | 6120 0% | 5484 09 | 5484 Ue

Table 10. Predicted letters for bior3.3

Average of the 4 channels: 58.87%
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Fig. 46. Channel comparison for bior3.3
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Within the family of the bior, the bior3.3 is the one which presents higher errors, exceeding
all of them the 35%.

Fig. 47. Errors bior33
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DB9

Word  [FC1 FCI Cl CZ

ZHE0 | 453G0X | Z53GIX

613 04 | TOOBT 04 | TOLBT U4

Table 11. Predicted letters for DB9

Average of the 4 channels: 69.36%
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Fig. 51. Channel comparison for DB9
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Fig. 52. Errors DB9

The success rate of the DB9 is higher than the rbio family, but it presents higher errors than
the bior family (except for the bior3.3).
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Fig. 53. Electrodes localization for DB9
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Following it can be observed the typical deviation of each wavelet. The deviation has been
obtained using the corresponding average of each one:

ut i

rbiol_3 rbiol Sbior3 5 bior3.7 bior3 .9 bior3.3 DB9

[
1

Fig. 56. Typical deviation from the average of each one

The value of the bior3.7 stands out from the rest because its four channels have the same
value (80.65%), so the deviation is zero.

The DB9 presents de highest typical deviation because it has a big difference between FC1
and CZ.

We also present another graph with the typical deviation, but in this case, the deviation has
been calculated respect to the average of the seven chosen wavelets (71%):
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Fig. 57. Typical deviation from the average of the seven wavelets

This figure shows the average of the best four channels of each mother wavelet:
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Perecentage by families
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Fig. 58. Percentage of success by families

Errors by families

50
40
30

20
10

rbiol.3 rbiol5 bior3.5 bior3.7 bior39 bior33 DBo9

Fig. 59. Percentage of errors by families

As we can see, the best percentage corresponds to the channel FC1 with the wavelet bior3.9,
but the wavelet with best average is the bior3.7, so this is the chosen one.

It only has been shown the best four channels for the bior3.7, but it also presents results that
overcome the 65%.

FC1 | 77,41935484
FC2 | 74,19354839
Cl |67,74193548
CZ |70,96774194
AF3 | 67,74193548
F1 | 74,19354839
F4 |70,96774194

Table 12. Channels for the bior3.7

The electrodes are localized in the frontal lobe, which is the region that, among other
functions, is responsible for the attention functions; and in the parietal lobe.
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The order of success of the seven used wavelets is the following (from the best to the worst):

Order|Wavelet Average(%o)
1|bior3.7 80.65
2|bior3.9 80.65
3|bior3.5 72.58
4{rbiol.5 70.415
5|DBY9 69.36
6|rbiol.3 64.52
7|bior3.3 58.87

Table 13. Order of success

The worst results corresponds to rbiol.3 and bior3.3, which are the wavelets with the lower
order of the filter. The lower the filter is, the more frequencies are allowed by it.

The following table shows the different selected channels and the time where the peak is
detected:

Wavelet Channels Time (sc)
bior3.7 FCZ-AFZ-FZ-F2 =0.55
bior3.9 FC1-FCZ-FZ-F2 =0.6
bior3.5 FCZ-FC1-F1-FZ =0.46
rbiol.5 FC1-FCZ-FZ-CZ =0.41
DES FC1-FCZ-C1-CZ =0.97
rbiol.3 FC1-FCZ-FZ-F2 =0.32
bior3.3 FCZ-FC2-FZ-F2 =0.37

Table 14. Channels and times

The difference of the time that the peak appears is due to the order of the filter: the higher
the order is, the later the peak will appear.

This table contains the advantages and disadvantages comparing with each other:

Wavelet Advantages Disadvantages
bior3.7 High Success Peak appears late
bior3.9 High Success Peak appears late
Succes acceptable for BCI
bior3.5 ¥ Success less than the 80%
Peak appears before 0.5 seconds
i Succes acceptable for BCI
rbiol.5 Success less than the 80%
Peak appears before 0.5 seconds
DB9 Succes acceptable for BCI Peak appears late
rbiol.3 Peak appears early Low success
bior3.3 Peak appears early Low success

Table 15. Advantages and disadvantages
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The ideal situation would be one wavelet with a high success and with the peak appearing
as soon as it is possible.

This is difficult to obtain because to get precision, we need one mother wavelet with a high
order, but this situation makes that the peak is delayed.

Although the chosen wavelet (bior3.7) shows the peak after 500 milliseconds, it does not
mean that this delay represents any problem at the final application.

The first thing is because the P300 appears between 0.3 and 0.6 milliseconds since the
stimulus is detected.

The second part is that, in order to ensure a good level decomposition , we have used
samples until 2 seconds since the letter is illuminated. If the decomposition wasn’t
conditioned by the number of samples, the sample frequency could be lower.

The bior3.5, rbiol.5 and DB9 don’t arrive at the established 80%, but their average is
superior than 65, so the results are acceptable, although they are not enough in this
application.

Following, it is presented the error of those mother wavelets that dont arrive at the
objective, being the theoretical value the 80%:

rbio1.3
0
-5
-10
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-20
Fig. 60. Error rbiol.3 respect 80%
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Fig. 61. Error rbiol.5 respect 80%
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Fig. 62. Error bior3.5 respect 80%
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Fig. 63. Error bior3.9 respect 80%
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Fig. 64. Error bior3.3 respect 80%
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Fig. 65. Error DB9 respect 80%

The error is negative to indicate that the success doesn’t arrive at the established objective. It
can be observed at bior3.9, where FC1 and FCZ overcome the 80% and the error (which is
not an error in this case) is positive.

Bior3.3 is the one which is the farthest, with two channels with a distance higher than the
20%.

On the contrary, the bior3.9 practically arrives at the 80%, because the error of FZ and F2 is
less than a 3%.

The following figures show the Wavelet Transform for the word HAT, with the wavelet
bior3.7.
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Fig. 66. Letter H, columns
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Fig. 68. Letter A, columns



40 Wavelet Transforms and Their Recent Applications in Biology and Geoscience

7-12
15[“:' T T T T T
¥ 05517
W 1426
1000

500

-500

ook

_15[“:' 1 1 1 1 1 | | 1 1
1] 0.1 o0z 03 04 05 06 07 08 08 1
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Letter T: column 1, row 2
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6. Discussion

The performed algorithm is intended to be integrated in an application where the temporal
answer must be the minimum possible. Although it’s an initial study of the P300 after the
Wavelet Transform, the method focus to the posterior real application, so, even existing
methods and calculations that would improve the hit rate, they are not applied due to the
time that it suppose.

It is considerate as valid those results with a hit rate higher than an 80%.

It has made only comparisons between the different rows and columns to know which ones
differ more than the rest in its behavior. It considers as target row and target column the two
ones which show more difference respect to the rest.

It has been made entirely with the wavelets given by Matlab, being the bior3.7 the wavelet
with best results.

Using other statistical methods after the transformation, and also with a quadratic B-Sprow,
it can obtain higher results [19], but it supposes employ more time in calculations.

For the final application, it wouldn’t need a previous stage of training to difference between
targets and non targets, because there has not been used any classifier.

In this study it has been used the 64 channels to know in which ones of them exists higher
difference between the P300b and the P300a, in order to chose the best four channels that
will be used in the application. In many studies the occipital region shows higher hit rates
[18], although it can also be appreciated some differences in the frontal part [20].
Nevertheless, in [4] they point that the P300 can appear in the parietal and temporal zone.
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7. Future research
There can differentiate three lines of actuation:

1. Improve the success of the algorithm in order to be more reliable without increasing the
time due to the calculations that it supposes. This could be possible, among other
things, by making our own wavelet, so that the noise that the used wavelets add to the
signal could be minimized.

2. Use the algorithm in other applications where is necessary analyze signals in frequency
bands, such as epilepsy problems.

3. Use other methods to work with EEG signals, such as Matching Pursuit.
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