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ABSTRACT

This paper proposes a method for automatic detection of seizure onset. Two statistical features: skewness
and kurtosis with a wavelet based feature: normalized coefficient of variation (NCOV) were extracted from
the data. The classification between normal and seizure EEGs was performed using simple linear classifier.
The performance of the algorithm was tested on the 10 patient’s data of CHB-MIT scalp EEG database.
The data consisted of 55 seizures of 10646 seconds duration. The results show a mean latency of 3.2
seconds, a mean false detection rate of 1.1 false detections per hour and 100% sensitivity.
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1. INTRODUCTION

Epilepsy, a second most common neurological disorder, is characterized by recurrent seizures.
These seizures are the result of sudden excessive electric discharge in the human brain. It may
occur in the brain locally called as partial seizures or involve the whole brain called as
generalized seizures. Patients are often unaware of the occurrence of seizures which may increase
the risk of physical injury. Studies show that about 50 million people worldwide have been
suffering from this disease [1]. For the treatment of epilepsy, patients take antiepileptic drugs
(AEDs) on a daily basis but unfortunately despite treatment about 25% of the patients continue to
experience frequent seizures [2]. These patients suffer from the epilepsy that does not respond to
AED and called as refractory epilepsy. Surgery is the most effective and generally adopted
treatment for these patients, but can be done only when epileptogenic focus is identified
accurately. For this purpose different type of tracers are employed as soon as possible after onset
detection. Early detection of seizure onset would be helpful in the rapid injection of tracer and
hence accurate localization of epileptogenic focus.

EEG has been an important clinical tool for the analysis and treatment of epilepsy [3]. The EEG
is a multichannel recording that reflect the activity generated by number of neurons within the
brain. It is generally recorded using the electrodes placed on the scalp. Visual inspection of the
EEG data is done by specialists to analyze epilepsy. But observing EEG continuously for a long
time is a very tedious task, since EEG data recordings create lengthy data [4]. Hence automatic
seizure detection is essential in clinical practice
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Automatic detection of seizures through the analysis of scalp EEG has been an important area of
research for the last few decades [5-14]. In 1976, Gotman and Gloor [5] proposed a method of
recognition and quantification of interictal epileptic activity (spikes and sharp waves) in human
scalp EEG. To perform the automatic recognition, the EEG of each channel was broken down
into half waves. A wave was characterized by the durations and amplitudes of its two component
half waves, by the second derivative at its apex measured relative to the background activity, and
by the duration and amplitude of the following half wave. This method gave a good basis to the
work in the field of seizure detection. The main limitation of the method was the absence of
precise definition for an interictal epileptic event. In 1982, Gotman [6] proposed an improved
method for automatic detection of seizures in EEG. After this many methods have been proposed
to detect the seizures, but few of those were on onset detection of seizures.

Qu and Gotman [7] proposed a patient specific seizure onset detection method and achieved a
sensitivity of 100% with mean latency of 9.4 seconds. The average false detections declared were
0.02 per hour. The algorithm was tested on 47 seizures of 12 patients. The drawback of this
method was the need of template for the detection of seizures. In 2004, Gotman and Saab [8]
designed an onset detection system. When it was tested using scalp EEG of 16 patients having 69
seizures, sensitivity of 77.9% with false detection rate of 0.9 per hour and median detection delay
of 9.8 seconds were reported. Sorensen et al [2] used matching pursuit algorithm and achieved
78-100% sensitivity with 5-18 seconds delay in seizure onset detection while at the same time
0.2- 5.3 false positives per hour were declared. The method was evaluated using both scalp and
intracranial EEG. Shoeb and Guttag [9] reported 96% sensitivity and mean detection delay of 4.6
seconds when worked on CHB-MIT database [10]. In 2011, Kharbouch et al [11] proposed a
method for seizure detection from iEEG. The data of 10 patients was utilized to extract both
temporal and spectral features. The method detected 97% of 67 test seizures with a median
detection delay of 5 seconds and a median false detection rate of 0.6 per 24 hour.

In this paper, a method to study the latency of seizure detection using two statistical features and
a wavelet based feature has been proposed. Daubechies wavelet has been widely used for the
seizure detection in EEG [7, 12, 13]. The proposed algorithm uses the Daubechies wavelet (of
order 4) to detect the onset of seizures present in the database.

2. EXPERIMENTAL WORK

2.1. Database

The database used in this study was CHB-MIT scalp EEG database which is freely available
online [10]. It was collected at the Children's Hospital Boston and consists of EEG recordings
from pediatric subjects, suffering from intractable seizures. Recordings, grouped into 24 cases,
were collected from 23 subjects (5 males, ages 3-22, 17 females, ages 1.5-19 and 1 unknown).

All EEG signals were sampled at 256 Hz with 16-bit resolution. Most files contain 23 EEG
channels (24 or 26 in a few cases). EEG data was recorded according to the standard 10-20
system. Overall this 24 patient dataset consisted of 916 hours of continuously recorded EEG and
198 seizures. First 10 patient’s EEG from this database was used for this study. The line
frequency of 60 Hz was removed from the database.

2.2. Feature Extraction
Feature extraction is a crucial step of seizure detection in which features of the data are
investigated that is able to differentiate between the seizure and normal EEG data. Figure 1 show

the histograms for randomly selected channel of EEG recorded in both cases: normal and seizure
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of one of the patient present in the database. The observable differences in the dispersion and
symmetry motivate the selection of higher-order statistics for the characterization of the EEG. In
this study three features: NCOV (ratio of variance (c2) and absolute mean (pa)), kurtosis and
skewness were extracted from the data.
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Figure 1: Histogram of seizure and normal EEG

The seizure data was first divided into frames of 1 second each using non-overlapping epoch
window. A background window of 25 seconds was taken to normalize the epoch features and this
window was made to move with epoch window (Figure 2a and Figure 2b). A gap of 15 seconds
between epoch & background was taken to prevent seizure onset into the background (Figure 2a).

The background window was also divided into frames of 1 second and then each epoch of seizure

and frames of background window were decomposed up to level 5 using Daubechies wavelet of
order 4. Since most of the seizure information lies in 0.5-30 Hz range, levels A5 (0-4
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Figure 2a. A segment of EEG showing seizure onset, background window and epoch window
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Figure 3. Five level wavelet decomposition

Hz), D5 (4-8 Hz), D4 (8-16 Hz) and D3 (16-32 Hz) were used for the computation of features.
The used wavelet levels are shown in blue boxes in Figure 3.

NCOV for each epoch was computed using equation (1)

NCOV, (1)

where, NCOVe is normalized coefficient of variation for seizure epoch and NCOVbD is average
value of normalized coefficient of variation for background window. These can be calculated
using equations (2) & (3) respectively.

O-2
NCOV, = — (2)
[x|
0'2
Wy = —X (3)
il

NCOV;, = mean(wy), k = 1to 25 (€))

where, x is the sample value
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Kurtosis and skewness were the statistical features computed over the raw EEG. Both are the
representative of the shape of the probability distribution of the data. Skewness is a measure of
asymmetry while kurtosis is a measure of peakedness [15]. Consequently total 6 features were
extracted for each epoch on a channel which is shown in Figure 4.
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Figure 4. Features used in this study

Mostly 23 channels were used for recording in database. So for each epoch a vector of 23*6
dimensions was formed and because a seizure is of different duration (T), T such epochs would
be there. A feature vector was formed by concatenating 23*6 dimension vector of each epoch
vertically. Hence the dimension of feature vector was (23*T)*6. This feature vector is for seizure
EEG signal. Similarly feature vectors for normal EEG signal were calculated. Normal EEG signal
of T sec duration was taken randomly from non-seizure records. It was assumed that normal data,
used for feature vector formation, was free from artifacts. Since, 55 seizures were present in the
first 10 patient’s EEG of database, 55 feature vectors were formed for seizure and 55 feature
vectors were similarly formed for normal EEG signals.

2.3. Results and Discussion

Classification between the normal and seizure EEG signal was done by inputting the extracted
features to the linear classifier. These are of discriminative type i.e. they learn the way of
discriminating the classes in order to classify a feature vector. It uses hyper-planes to separate the
data representing different classes. If the problem is a two class problem such as seizure and non-
seizure type, the class of feature vector depends on which side of hyper plane it lays. The
separating hyper plane is that plane for which the distance between two classes’ means is
maximum and interclass variance is minimum [16]. Here the classification was done for each
patient separately and the results obtained were averaged out to get the final result. For example
patient 6 was having 10 seizures, so 8 of them were used for training and 2 were used for testing
at a time and this process was repeated until every seizure got tested.

The classification was done to differentiate between two classes: seizure and normal EEG.
Seizure epoch was labelled using 1 and normal epoch was labelled using 0. The classifier
declared the seizure in any epoch if it was present in at least 60% channels. This was done to
eliminate the artifact detection as seizures.

The performance of the classification was measured using the metrics: latency, sensitivity and

false detection rate. Latency is the term used for the delay between the expert marked seizure
onset and the detected seizure onset. Sensitivity refers to the number of seizures detected. False
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detection rate refers to the number of times the detector declared the seizure during the course of
1 hour when it was not present actually.

The mean latency with which the seizure declared the onset of every seizure was 3.2 seconds.
Figure 5 is showing the mean latency and Figure 6 is showing the average number of false
detections per hour of each of the 10 patients.
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Figure 5. Average latency for each patient
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Figure 6. Average false detections per hour for each patient
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Figure 5a. 15 seconds’ EEG section of one of the seizures present in patient2
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Figure 5b. Background EEG taken to normalize the seizure shown in Figure Sa.

The maximum latency in seizure onset detection was observed in patient 2. Figure 6a and Figure
6b shows 10 sec EEG of one of the seizures present in patient 2 and background window taken
for normalizing it respectively. The detector delays in detecting the onset of this seizure since its
starting high amplitude characteristics are similar to background EEG characteristics. The
maximum number of false detections was observed in case of patient 4. This is due to the artifact
full EEG of this patient. The reason of getting zero false detection in 50% of the patients is the
clean normal taken for classification.

Since the detector detected the onset of every seizure used for this study, hence the sensitivity

achieved was 100%. The average number of false detections observed by the detector was 1.1 per
hour.
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3. CONCLUSIONS

In this work, statistical features in combination with wavelet based features were extracted and a
method to detect the onset of seizures with low latency has been proposed. The onset was
detected only if the seizure is present on more than 60% of the channels. The methodology was
able to detect all the seizures (55 in 10 patients) with the average latency of 3.2 seconds. In future,
more features with additional discriminatory information will be investigated to further improve
the results.
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