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Abstract: Problem statement: Electroencepharogram (EEG) is an extremely complgral with
very low signal to noise ratio and these attributeddifficulty in analyzing the signal. Hence for
detecting abnormal segment, a distinctive methaddsired to train the technologist to distinguisé
anomalous in EEG data. The objective of this stwey to create a framework to analyze EEG signals
recorded from epileptic patients by evaluating puential of UMACE filter to detect changes in
single-channel EEG data during routine epilepsy itnang. Approach: Normally, the peak to side
lobe ratio (PSR) of a UMACE filter was employed as indicator if a test data is similar to an
authentic class or vice versa, however in thissttide consistent changes of the correlation output
known as Region Of Interest (ROI) was plotted anohitored. Based on this approach, a novel
method to analyze and distinguish variances inps€dG as well as comparing both normal and
abnormal regions of the patient's EEG was asseSgwsel.performance of the novelty detection was
examined based on the onset and end time of edmlresén the ROI plotResults: Results showed
that using ROI plot of variances one can distiniguisegularities in the EEG data. The advantage of
the proposed technique was that it did not reglairge amount of data for traininGonclusion: As
such, it was feasible to perform seizure analysisvell as localizing seizure onsets. In short, the
technique can be used as a guideline for fastgndss in a lengthy EEG recording.

Key words: Unconstrained Minimum Average Correlation EnergACE), Electroencephalogram
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INTRODUCTION requires the EEG to be recorded for a few daysand
few series of epilepsy attacks must be scrutinioed
EEG signals detect the electrical activity of theconfirmation purposes before surgical treatment.

brain and their use as inputs for epilepsy detagtio Numerous research studies have been undertaken
Brain-Computer Interfacing (BCl) and wake-sleepto enhance the detection, prediction and understgnd
studies has gained interest from researchers isetheof epilepsy. Ongoing studies seek to improve existi
fields. In BCl, EEG signals are wused as amethods. Earlier study by other researchers degdlop
communication medium to help locked-in syndromealgorithms based on pattern recognition of spiked a
patients to communicate with the outside worldfalet,  sharp waves. The shape and duration of the events i
EEG signals are the only responses that can beritical for detection. The difficulty in this metl is to
monitored and read by clinicians to detect resppinde identify the spike and sharp waves in real situetjo
the locked-in syndrome patient. In early days, B#E&3  since both waves may be obscured by the background
employed to detect tumors and epilepsy. Currentlyand noise, making it difficult to obtain the defihe
EEG signals recorded by epilepsy monitoring units a patterd). Mohseniet al.”! proved that the variance
most often used to localize the epilepsy. This ismethod performs better than methods using othds,too
achieved by monitoring the EEG patterns and belaviosuch as time-frequency distributions and the Lyapun
during the occurrence of epilepsy. This procedureexponent. However, the threshold value needs to be

Corresponding Author: Aini Hussain, Department of Electrical, Electronansd Systems Engineering,
Faculty of Engineering and Built Environment, Usrsity Kebangsaan Malaysia, 43600 Bangi,
Selangor Darul Ehsan, Malaysia Tel: +603-892163R®36-ax: +603-89216146
501



J. Computer i, 5 (7): 501-506, 2009

determined for processing. Maiwadti al.®! states that indicative of a specific situation. Inter-subjeariability
the aforementioned detection methods are noalso causes difficulty when dealing with biomedical
comparable since their terms are mostly un-signals such as EEG d&th In epilepsy, the UMACE
standardized. In essence, most researchers prader e filter may be able to detect abnormal conditiomeasithe
of implementation with moderate results overseizures of an individual usually exhibit similaatierns.
complicated methods with excellent effects. However, this pattern cannot be compared with tludse
Epilepsy research frequently uses EEG as an inputther patients, since no two patients exhibit simil
Currently, EEG remains in use and has gained &tent seizure patterfé The UMACE method is applied to
for further applications such as seizure predictionEEG data in this study, since it can tolerate theriand
purposes. EEG is attractive because it is an easy intra-subject variability for certain degrees ofingé'®.
obtain, non-invasive and inexpensive method to iaequ As discussed by Savvidesal ., the MACE filter
signals from the brain. Some previous EEG procgssinwas developed by Mohalanokésal .*®! in an effort to
methods used intracranial EEG (iEEG) resulting in  reduce the large sidelobes observed in the equal
many problems. iEEG is limited to acute epilepsyesa correlation peak synthetic discriminant filter (ESBPF
only. It is invasive and thus only certain infirre  filter). MACE was developed to aid detection of igha
practice iIEEG. Our study thus utilizes scalp EEtBen  correlation peaks in one region of the plane. The
than iEEG. MACE filter minimizes the average correlation ouitpu
This study deals with scalp EEG data from thefrom the training images while simultaneously
EEG monitoring lab. Epilepsy patients go througé th satisfying the correlation peak constraint at thigio.
monitoring session to localize and produce mordn this way, the correlation plane value will bes# to
accurate results before epilepsy surgery. Patistatg O in every location except that of the target objec
for a few days in the monitoring lab and a few egiss  which will produce a strong peak. The closed-form
of seizure attacks are recorded. This procedure isquation of a MACE filter is given by:
mandatory before surgery. Hence, the specialistst mu
examine long hours of recording from a series ofh = D'X(XD™X) "u (1)
attacks. There is thus a need for computerized:narg ] ] o
to assist in localizing the time of seizure attacksis ~ Where, D is a diagonal matrix with the average powe
may also shorten the time required for diagib&fs ~ Spectrum of the training image placed along diagona
Furthermore, dealing with huge amounts of EEG datgléments. X consists of the Fourier transform @& th
requires fast and trouble-free implementation tofraining images lexicographically re-ordered aracpt
produce accurate and prompt results. In this sttriy, @long €ach column. u is a column vector contaitireg
UMACE filter is chosen for processing the EEG data,desired correlation output at the origin for eaetining

since it can be employed to handle large amounts dfMage. UMACE minimizes the average correlation
data and produce prompt results. output while maximizing the correlation output aet

origin. The equation for a UMACE is as in (2):

EEG signals and correlation filters: Advanced 1
correlation filters, such as MACE and UMACE, areh=0"m @)
usually applied in the field of image processing. |
those contexts, they are mostly used in autherditat
and identification processes. The advantage of MAC
is that it has the ability to provide good disciaiion
without the need for impostor training imag@s In
image processing, these correlation filters can b
designed to accommodate the intrinsic amplitud
variability of images in the training set while bgi
tolerant to noise pervading the image¥!. The MACE
filter has been improved and can produce quicklt®su
but it involves complex calculatioh¥. UMACE is
easy to implement, provides first-rate results donds

where, m is a column vector containing the means of
he Fourier transforms of the training images. UMAC
ilters are computationally more attractive sindee t
inversion of only a diagonal matrix is required.id&
tolerance can be built in to the filters’8s This is done
%y replacing D with D', where D'sD + sqrt (1e?) C
%nd Cis a diagonal matrix containing the noise grow
spectral density. For white noise, C is the idgntit
matrix with a range from 0 to 1 and is chosen based on
the trade-off between noise tolerance and
discrimination. Note that = 1 yields a MACE filter.

not require large numbers of training imaye¥’ MATERIALSAND METHODS
It is a well known fact that the EEG signal is
complex and changes rapidly. For certain case$, asic The EEG data used in this study were recorded

epilepsy, no specific pattern has been identified ausing the Medelec-Profile system by Medelec (Oxford
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Instruments, United Kingdom). The analysis used EEG Test data
data recorded using bipolar montage. The EEG signal
were digitally sampled at 256 Hz and bandpasgditte
at settings of 0.5-70 Hz. The subjects used inghidy
were six patients at the Science University of Msila
Hospital in Kubang Kerian and their ages rangedhfro
18-24 years. Patients were admitted for video EEG
monitoring for evaluation prior to an epilepsy smg

Cormelation filter

The results were tested against the time of seizure T
observed through video observations. T
During the video-EEG monitoring process, all design --a'i-a'---
19 channels of data were recorded. For clinicakbns 3 STV
analysis, both video and EEG data recordings were
FFT FFT FFT L 4

synchronized so that the stored video EEG datadcoul
be used for offline analysis. This preliminary warsed
and analyzed EEG data from only one channel, the

most prominent channel based on the recording. EEG Soim| v
data from the Medelec system was changed into .txt
before being processed using a matlab function. The
most affected channel was chosen as an input sed ™| |
amplitude changes in the EEG data. Three seconds '

Sum of ROI

from the norma_\l EEG data was chosen as a training Fig. 1: Schematic of UMACE method
portion for the filter and then the rest of theuhfrom
that channel was used to test the UMACE method. 2 dimensio 3 dimensiol

UMACE and MACE usually use two-dimensional
data for inputs such as images. In this analysis, t
UMACE filter was used on a one-dimensional scalp
EEG signal. To create a 2-D signal from a 1-D farma
time delayed methods were used to transform the
signal to 2-D data. First, the training data were
selected from the normal region of the EEG recaydin
This was done by choosing three consecutive seconds
from the normal region as the training data. Néxe,
selected training data were rearranged into 2-[a.dat

Training

Figure 1 shows the overall system of our method. A Z
specific amount of training data acted as inputh® 2 o
filter and the test data was then correlated wité t a
designed filter to produce the correlation outguat.
most studies, the indicator for discrimination or
classification is the Peak-to-Side lobes Ratio (PSR
measurements from correlation oufput®***’]
However, in this study instead of the PSR value, we 7 o
monitor the consistent changes in the correlatigpua. 2
Some small changes found in the correlation output %

o

were regarded as different segments or situatibtiseo
EEG data were compared.

Consistent changes appeared in the middle row of
the plot, called the Region Of Interest (ROI). The
changes in the ROl were calculated and used as an Fig. 2: Output of correlation plane
input to produce the final plot, labeled the Sunik@il,
shown in Fig. 1. Normal segments usually exist adou Figure 2 shows the correlation output in the 2-D
the origin, whereas the abnormal parts produce vergnd 3-D formats. The top row shows the outcome with
high peak values compared to the normal parts. normal regions used for both training and testiatad
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The second row shows the output with the epilepsy Post-epilepsy, the EEG data of some patients
region as the testing data and the bottom row shba/s change to the normal state, but other patientshéxai
result of the correlation output with the post-epdy new EEG pattern. This can be seen in the graph of
region as the testing input. As can be seen, thdtseof  Fig. 5 for patient 3, in which the post-epilepsyueais

the 2-D plot are not obvious for any testing input.between the normal and the epilepsy value. Additign
However, some distinctions are observed in the [BeD .

between training and testing data due to the oenoer s00 o etz

of some clear peaks in the 3-D plot. These peaksate
certain specific values in the plot. The Epilepsgraent
testing input produced mainly sharp peaks, while th
post-epilepsy testing data produced less spikyptan
the epilepsy region. The smallest peaks are obderve
the normal region data. The sum of these peakhan t
ROI produces the final graphs that are shown Fign 3
the next section. The characteristic of the epjlepgion 1%
is highlighted in the red box. 100

Sum ol RO
n
8
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As shown in Fig. 3, UMACE filter is able to
discriminate the percentage changes in the ROl when Fig. 4: Result of patient 2
the normal segment is compared to the epilepsygmort
these changes can be calculated and depicted i gra  =s ROt (Horizontal
form. The training data is chosen using an emgirica
method based on recorded data. Consistent regelts a
achieved when this technique is used to select the
training data.

Results also showed that low values are achiewed f
normal regions used as training and testing defizcted
in small changes in the plot. The variations in the
epilepsy plot are distinguished by high values;antrast
to the plots during normal regions. The most obsiou o )“M\ v

MM s
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feature in the seizure region is the high loftyretation
value. This pattern continues for a certain peabtime oL
without decreasing towards zero (without fluctugtio Thme (sec)

0), as highlighted by the red boxes in Fig. 3-8.

Fig. 5: Result of patient 3
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Fig. 8: Result of patient 6

Table 1: Estimation of epilepsy attack
Video EST

UMACE EST

Seizure start Seizure end Seizure start  Seizute en

Patient 1 22 145 21 135

Patient 2 199 337 214 350

Patient 3 180 240 180 240

Patient 4 64 95 66 892
764 892

Patient 5 256 319 245 350

Patient 6 242 335 242 305

other patients may exhibit the EEG data changexréef
the epilepsy attack, as shown in Fig. 8. It is ob=e
here that the changed value occurred 50 secondsebef
the actual epilepsy attack.

Table 1 shows the comparison of UMACE and

video observations. For patients 1, 2 and 6, the

UMACE method is unable to perfectly detect the

duration as compared to the video. For patientséhd

5, the UMACE detection is accurate and better than
505

video observation. For patient 4, the UMACE
categorized all the EEG data as seizure at 66 dscon
though from the video observation, the medical
practitioner identified some unknown responses from
the patient during 95-764 sec. Although the UMACE
filters produced late detection in several casés, t
strength of evaluating and comparing the changes
without requiring a large amount of training datakes

it a suitable technique to aid in diagnosis arghit also
serve as a guideline to assess whether a patient ha
recovered from an attack.

CONCLUSION

The results of this study show that the UMACE
filter is able to detect changes in scalp EEG data
recorded using bipolar montage. In EEG data, change
between the normal and abnormal state of a paaticul
individual must be highlighted to distinguish beéme
normal and epilepsy portions of the data. UMACE can
be used to detect these changes in a group offrdata
the same source. Constant conditions in the EEfakig
produced minimal changes in the UMACE output, while
different states produced immense changes obserirabl
the plot. Since this method is suitable for bipolar
montage, the database from hospitals can be directl
applied without any conversion of the original daise.

Furthermore, the proposed method only utilizes
three consecutive seconds of normal data as timéniga
input, making implementation practically effortless
The results allow normal and epilepsy states to be
distinguished on the basis of EEG data. The acguwhc
our method is also adequate, since seizure detectio
usually suffered only small limitations. For instan
accurate prediction required careful patient-specif
tuning and usefulness for poorly localized epilepss
limited. The UMACE filter can be used to aid diagi®o
in reading the EEG, assisting specialists to preduc
faster results and accurate diagnoses.
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