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Abstract— A patient-specific model-based seizure detection
method using statistically optimal null filters (SONF) has been
recently proposed to aid the review of long-term EEG [1, 2].
The method relies on the model of a priori known seizure
(template pattern) for subsequent detection of similar seizures.
Artifacts, non-epileptic EEG rhythms, and at times modeling
errors lead to increased false or missed detections. In this
paper, we present a new improved model-based seizure
detection that introduces a pre-processing block for artifact
rejection, an adaptive technique of modeling the template
patterns, and a new evolution-based classifier. The proposed
classifier tracks the temporal evolution of seizure to improve
the classification accuracy. With the help of simulated EEG, we
illustrate the significance and need for these modifications.
Further, performance of the complete algorithm is tested on
single channel depth EEG of seven patients, and compared with
the previous approaches. In terms of sensitivity and specificity,
the proposed method resulted in 84% and 100%, method of [1]
65% and 84%, and method of [2], 84% and 90% respectively.
An overall performance improvement is seen as enhanced
detection sensitivity and reduced false positives. This is
preliminary result on seven patient data.
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[. INTRODUCTION

pilepsy is a common neurological disorder characterized

by unprovoked recurring epileptic seizures. Epileptic

seizures result in an abnormal synchronization of
electrical neuronal activity that can be observed as rhythmic
discharges on the electroencephalogram (EEG) [3]. These
electrographic events are monitored and identified by
performing long-term monitoring (LTM) of the EEG. Later,
these recordings are reviewed by electroencephalographer
(EEGer) to identify the occurrence of all electrographic
seizures during the monitoring session. The task of
continuous visual examination of long-term digital EEG is
challenging as well as tiresome. A robust and easy to use
method for automatic seizure detection is needed to assist in
the review of the digital EEG.

Complexity in seizure detection arises due to highly
variable seizure morphology and unknown time of
occurrence. However, in most patients, one or two and
sometimes more types of seizure repeat themselves [4].
Seizures within each type are similar to one another, but
never identical. Therefore, if a seizure has been previously
detected or visually identified, it is possible to develop a
technique to detect future occurrences of similar
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seizures.Patient-specific seizure detection methods rely on
this concept for development of a seizure detection system.
Difficulties in patient-specific approach (PSA) are in: (a)
selection of background EEG, (b) selection of template
seizure (template pattern), and (¢) complex training of the
classifier. Recently, a new model-based seizure detection
algorithm using statistically optimal null filters (SONF) has
been proposed that addresses some of the challenges in the
PSA [1]. The method derives a model for the template
pattern provided by the EEGer where the template pattern is
segmented into stationary disjoint segments (epochs).
Dominant rthythms of the disjoint epochs are extracted in the
wavelet domain that serve to build the model or the basis
functions required in the SONF. The training consists of
computing the detection threshold by using the model on the
template pattern itself. Later, the trained classifier detects
seizures in the long-term EEG.

The method of [1] relies on visual segmentation of the
template pattern into three disjoint stationary segments
(epochs) of fixed duration. The task of visually segmenting
and extracting three disjoint stationary epochs of fixed length
is very challenging, and was recently addressed using short-
time  Fourier transform  (STFT)-based  automatic
segmentation algorithm [2] . Artifacts and non-stationarity of
seizures cause poor selection of stationary epochs in
automatic segmentation, and is problematic.

Non-ictal EEG rhythms, such as alpha rhythms, mu
rhythms, lambda waves, sleep spindles, and sub-clinical
rhythmic discharges (SREDA) are commonly observed at
different time intervals during the EEG monitoring. These
normal EEG rhythms vary in duration from a few seconds to
as long as 30 to 40 seconds [3]. The intrinsic characteristics
of these non-ictal EEG rhythms may sometimes match one
or more of the template epochs, resulting in false detections
by the trained classifier. Electrographic seizures evolve with
sustained dominant rhythm (for a few seconds to several
seconds) before evolving to a new rhythm. In contrast to
seizures, normal EEG rhythms do not evolve. Therefore,
quantification of seizure evolution can be exploited in the
model-based seizure detection to reduce false detections due
to non-ictal rhythms.

In different clinical settings, EEG is recorded with
different sampling frequency. Dependence of automatic
seizure detection system on the recording sampling
frequency may lead to inconsistent performance, and thereby
reducing its wide-spread applicability. One such dependence
present in the method of [1, 2] is due to wavelet
decomposition for modeling the template pattern.

This paper addresses the challenges in model-based
seizure detection using statistically optimal null filter. We
propose a new algorithm for artifact rejection, an adaptive
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method of modeling the template pattern, and a modified
classifier that captures the temporal evolution of seizure for
its classification. It is observed that high amplitude artifacts
cause perturbations in the tracking of the signal by the
SONF. Pre-processing and artifact rejection block reduce the
impact of high amplitude artifacts on the SONF. A new
adaptive modeling technique is proposed that rejects non-
valid epochs prior to derivation of the model which is not
dependent on the sampling frequency. Further, to reduce
false detection due to non-ictal EEG rhythms, the
characteristic property of seizure, i.e., evolution of seizure is
utilized to modify the existing model-based classifier. The
performance of the proposed method is evaluated on
simulated data as well as on 140 hours of single channel
EEG obtained from seven patients and compared with the
original approach of [1, 2]. A significant improvement is
observed in terms of sensitivity and the specificity.

In Section II, the principle of model-based seizure
detection using SONF is described. In Section III, the
proposed artifact rejection algorithm, adaptive modeling of
the template pattern and temporal evolution-based classifier
are illustrated. Section IV, compares the results of the
proposed with those of the original method (visual
segmentation and STFT-based segmentation). Conclusion
and future work are provided in Section V.

II. MODEL-BASED SEIZURE DETECTION

In SONF-based estimation of a signal with known shape,
we assume that the desired signal s(n) can be modeled as
s(n) = Z;]:l v;®;(n), where &;(n) are known basis
functions and v; are unknown scaling variables. The output
of the instantaneous marched filter v; (n) are scaled by A;(n)
’s to produce the estimate of the desired seizure signal
S(n) = Zle A;(n)v;(n) [5]. If the observed EEG contains
the same type of seizure as described by the model, the
output of the SONF will represent the estimate of seizure. In
this case the energy ratio (') between the seizure estimate
and the observed EEG should be large; conversely, if the
observation contains only background EEG, the output will
be nearly zero. Spurious peaks in +'are removed by applying
a moving average operation. The smooth energy ratio (v) is
compared with a threshold value, and persistence of <y for
sufficient duration is used to decide whether a seizure is
present or not [1, 2]. The complete recursive algorithm for
implementing SONF is summarized in the following
equations [5]:

v(n) =v(n—1) +x(n)®(n) (1)
Pn)=Pn—-1)— PE'JL;I},) ﬁf{jﬁ;i’?ﬁé’@” 2
Aln) = P(n)®(n) 3)
S(n) = vT(n)A(n) 4)

The gain matrix P(n) is initially chosen to be positive
definite. As a general rule, P(0) = SNR - I, where I is the
identity matrix and ©(0) = x(0)®(0).
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Figure 1. Proposed model-based seizure detection scheme.

III. METHOD

The proposed method consists of ‘4’ parallel
implementations (one for each extracted epoch of the
template) of the original method as shown in Fig. 1. In
addition to this modification, it includes a pre-processing and
artifact rejection block. To address the problem of false
detections that are sometimes due to non-ictal EEG rhythms,
the concept of evolution-based classifier is introduced.
Evolution-based classifier tracks the occurrence of seizure
signature (the sequence of template epochs) through k-
parallel blocks. Each of these processing blocks of the
proposed method is described in the following sub-sections.

A. Pre-processing and Artifact Rejection

Depth EEG or stereoencephalogram (SEEG) are relatively
free from artifacts in comparison to the scalp EEG, but
consist of a wide frequency spectrum, highly variable seizure
morphology and a variety of sharp transients, ranging from
needle-like fast activity to much slower discharges [3].
SEEG is low-pass filtered using a 5™ order Butterworth IIR
digital filter (cut-off frequency f. = 30Hz) to remove
unwanted high frequency interferences. The amplitude in
depth EEG is relatively higher than scalp EEG that spans
+2500 1 V. Therefore, an epoch in which the EEG amplitude
is above +2500 V' is not considered and the seizure
detection is suspended for next 60 seconds. Presence of a
few sharp transients relatively higher in amplitude than the
observed EEG cause deviations in the tracking ability of the
special instantaneous matched filter (IMF) of the SONF.
Thus, it becomes important to reduce the effect of such
transients in the data. We define the signal n(n) to be a
mixture of background EEG n;(n) and high amplitude
artifacts n, (n), i.e. n{n) = ny(n) + n,(n). The output of the
IMF reveals step discontinuities in the output signal-to-noise
ratio (SNR,,) in the presence of any high amplitude artifacts
as shown in Fig. 2¢. The output of the IMF «(n) is analyzed
to remove high amplitude artifacts. Histogram of
o(n) =v(n) —v(n—1) is computed to locate high
amplitude artifacts (outliers). The distribution of »(n) is
unknown, therefore, we have used Chebyshev inequality to
detect outliers. The sample points that is 3o (three standard
deviation) away from the mean were considered to be due to
sharp transients, and the amplitude of the neighboring seven
samples in the original signals was scaled by 0.25. An
example of this nonlinear filtering is shown in Fig. 2.
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Figure 2. Effect of high amplitude artifacts in the SONF. (a): The input
signal x(n) shown in ‘black dashed’ line that contains two high amplitude
artifacts. Estimate s(n) of x(n) using the SONF is represented by ‘red
solid’ line. (b): The effect of high amplitude artifact is removed with the
proposed algorithm, and represented by ‘blue solid’ line. (c): IMF output
without artifact rejection is shown in ‘black dashed’ line whereas after
artifact rejection by ‘blue solid’ line. Jumps or step discontinuities in the
IMF output are encircled.

B. Adaptive Modeling and Evolution-based
Classifications

The template pattern is segmented into stationary disjoint
epochs (segments) using STFT-based segmentation method
[2] to derive the necessary model. These short duration
epochs occur in ordered sequences that are unique and
specific to the template seizure pattern. The set of disjoint
stationary epochs (E;) make up the Tpat for the template
seizure pattern, Tpar = [E1, Eo, ..., Ex] as shown in Fig. 3.
In other words, the seizure signal s(n) is an ordered
collection of short duration signals, ie.,
s(n) = {s1(n),s2(n),...,sp(n)} where each s,(n) can be
represented as  sp(n) = S0, viidni(n). Therefore, the
model for the Tpar is a collection of models
U, = {i1, bizs..bin}, i=1,2,..k, and constitutes
the foundation for k-parallel implementation of the SONF.
The problem is to detect occurrence of each of these short-
duration epochs by the SONF. Non-ictal EEG rhythms that
sometimes match one of the models and detected by the
SONF, are not expected to occur in the specific order of the
template pattern. Thus, an evolution-based classifier
identifies a seizure by an ordered detection of each of the
signal models s;(n), that make up the Tpar within a
specific time duration (60 seconds).

In model-based seizure detection using SONF, the
estimate of Sy (n) is as good as the basis function used to
model the k" template epoch. Therefore, errors in modeling
can increase false or missed detections. This can occur when
the template pattern consists of some background EEG.
Stationary epochs obtained from automatic segmentation
algorithm in this situation will include the epochs
representing background EEG. An example is presented in
Fig. 3 where the template pattern is segmented into
stationary epochs that include an epoch (E6) of background
EEG, and can occur in the beginning or at the end of
template seizure. Using the SONF, model for individual
epochs are compared with one another. Background EEG
does not have any consistent dominant rhythm. This causes
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Figure 3. Adaptive segmentation of the template pattern. The dashed
rectangular box represents the non-stationary section in the template
pattern.

poor modeling of the background epoch, and results in a very
low detection threshold (during classifier training).
Therefore, when a background model is applied to measure
similarity among other epochs, all template epochs will be
detected. On the contrary, seizure epoch consists of a
dominant rhythm, and the model derived results in a higher
detection threshold. A model for seizure epoch either detects
such an epoch, or any similar epoch but not all. Using this
idea, models that detected all epochs were considered to be
due to the background EEG. All epochs that were either
background EEG or similar to other epochs (redundant) are
removed from the Tpar. Further, a reference background
EEG section reduces the possibility of errors in selection of
the template pattern or in the modeling by removing
common spectral components. The reference background is
automatically selected in contrast to other PSA’s in the
literature. The reference background is 30 s of EEG section
preceding the template seizure pattern. Usually, the spectra
of the background EEG and template epochs do not overlap.
The ratio of power spectral density of the template epochs
and the reference background EEG ensure the selection of
only seizure epochs [6]. Each template epoch is bandpass
filtered into three different frequency bands using 5™ order
IIR Butterworth bandpass filters: 3-6 Hz, 6-12 Hz and 12- 25
Hz similar to the wavelet scales in the method of [1, 2].
Frequency bands that contributed more than 20% to the total
energy were selected. From each of the selected band,
frequencies that contributed more than 75% to the total
spectral power were selected and modeled using sinusoids
and their Hilbert transforms.

The data is processed using a sliding window of fixed
duration with a step size of 0.25 seconds. The energy ratio (
~") between the estimate seizure §(n)’ and the observed EEG

x(n) is calculated at 0.25 seconds interval. Spurious peaks in
~" are removed by applying a moving average filter (length
of moving average filter is proportional to length of the
sliding window). The detection threshold for the model is
obtained using the template pattern and the SONF, and is set
to 1/3™ of maximum <. In the previous method of [1]
(Method A), three disjoint epochs of 6 s each were selected
from the template seizure pattern. Therefore, the duration
threshold for the classifier was set to 18 seconds. In the
method of [2] (Method B), the duration threshold was set
proportional to the length of epoch multiplied by the total
number of epochs. As mentioned earlier, a fixed duration
threshold in the previous approach is problematic. Therefore,
in our approach, we considered evolution-based detection.
Evolution-based classifier consists of k-classifiers one for
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Figure 4. Evolution-based Classifier. The energy ratios of the k-models are
shown as v, and detection by individual models are numbered for the
evolution-based classification. Vertical ‘dashed ‘line denotes the final
detection of an event similar to the template pattern.

each template epoch Ej; in the Tpar, and a cascaded
classifier that analyzes the sequential detection by these k-
classifiers within a time-frame of 60 seconds. Detection
threshold for each classifier is computed as described above.
The sequence of occurrence of Ej’s is stored during
adaptive modeling of the template pattern. The duration
threshold in the k-classifier is set equal to length of the
template epoch. An event is detected by one of the k-
classifiers when the observed energy ratio 7y is persistently
above the detection threshold for at least a minimum
duration (Iength of template epoch). Upon detection by all k-
classifiers, the sequential classifier performs final decision
by analyzing the signature or sequential occurrence of the
detected events. A seizure is detected when the occurrence of
events matches to the signature of the template pattern, and
all events are within a time span of 60 seconds. An example
to illustrate the evolution-based classification 1is
demonstrated in Fig. 4. The energy ratio from &-SONF and
detections from each of the k-classifiers are shown. The
sequential detection by k-classifiers is numbered. The
sequential detection is compared with the template pattern
for final classification, and is represented by vertical
‘dashed’ line in Fig. 4.

IV. RESULTS/DISCUSSION

We have used sensitivity, specificity and false detection
rate (FDR) to evaluate the performance of the algorithm.
Sensitivity is defined as the percentage of the manually
marked seizures detected by the algorithm. Specificity is
defined as percentage of detected seizure events that are true
positives, and FDR is defined as the number of false
detections per hour. An event is identified as true positive if
it occurs within 60 seconds of a manually marked seizure
event, otherwise it is a false detection.

Due to unknown time of occurrence and unknown
duration of the ictal EEG, we have used simulated EEG to
demonstrate the effectiveness of the proposed modifications.
An approach similar to the method of [7] is used to generate
the simulated EEG. The four-hour long simulated EEG
consists of background EEG (non-repeating) with high
amplitude artifacts, rhythmic spikes, and normal EEG
rhythms. The template pattern was generated by cascading
three disjoint stationary segments with consistent dominant

Table I: Summary of Improvements on Simulated EEG

Method Sensitivity ~ Specificity
(%) )
Method A 46.7 87.5
Method B 73.5 64.7
Method B + Artifact Rejection 100 83.3
Method B + Artifact Rejection + 100 100
Evolution-based Classifier
Proposed System (Adaptive modeling + 100 100

Artifact
classifier)

Rejection +  Evolution-based

rhythm. The template pattern was segmented to extract the
stationary epochs using STFT-based segmentation
algorithm. The template epochs were modeled using a 4™
order autoregressive (AR) model.

Fourteen similar seizures were obtained in a similar
manner by cascading stationary epochs generated by the AR
models. The simulated seizures were of three different
lengths (> 60 s, <30 s and < 10 s). Out of these fourteen
seizures, two seizures included additional non-stationary
epoch in between the template epochs, and was not a part of
the TpaT to reflect non-stationarity in the seizures.
Background EEG preceeding the seizure had a different
seizure-to-background ratio (10 dB, 0 dB and -5 dB) as well
as embedded sharp transients and spikes. Three different
types of EEG rhythms were part of the background EEG.
One of the rhythms considered was SREDA rhythms, and
contained dominant thythm similar to one of the template
epoch. The simulated template seizure pattern was visually
segmented for evaluating the performance of Method A, and
automatically segmented using STFT-based segmentation for
evaluating the performance of Method B, and the proposed
evolution-based classifier.

The model for the template pattern was derived as
proposed in the Method A. The duration threshold was set to
18 seconds for Method A, 6 seconds (3 epochs of 2 seconds)
for Method B, and 2 seconds for the proposed evolution-
based classifier. Method A missed all seizures that were less
than 18 seconds in duration resulting in 47% sensitivity and
87% specificity, whereas Method B improved the sensitivity
by 26%, but at the cost of 22% loss in the specificity. Most
of the false detections were due to artifacts and non-ictal
rhythms. With the help of pre-processing and artifact
rejection block, Method B improved the sensitivity by 27%
and specificity by 17%. Non-ictal rhythms detected were
removed by the introducing evolution-based classifier in the
Method B with pre-processing and artifact rejection block,
which resulted in 100% sensitivity and 100% specificity. The
proposed evolution-based classifier rejected all non-ictal
rhythms which improved the overall specificity. Finally, the
proposed method that included a non-wavelet-based adaptive
modeling technique of the template seizure pattern, including
the pre-processing block and evolution-based classifier
provided 100% sensitivity and 100% specificity similar to
the wavelet-based technique with the proposed
modifications. The wavelet-based method is dependent on
the sampling rate of EEG recording, and limits wide-spread
applicability of the algorithm. This issue is resolved with the
proposed new approach of modeling (without wavelet) along
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with other improvements in model-based seizure detection.
Summary of the overall results for each approach is
tabulated in Table 1.

The SEEG data from seven patients is used to evaluate the
performance of the proposed method on real data. Each
patient had five 4-hour long recordings that included three
recordings with at least one seizure, one recording during
wake period and one recording during sleep. For each
patient, the seizures belong to the same type as classified by
the EEG expert. First seizure occurring in each patient was
used as the template pattern. Models are constructed using
the above described approach. For each patient, the
complete 20 hours of SEEG data for a single channel is
processed. Further, the proposed method is compared with
Method A and Method B and results are presented in Table II.

For our analysis, we categorized the data into three groups
based on duration and characteristics of the seizures. Group
A contained four patients (P1, P2, P3, P4) with slowly
evolving and long duration seizures (> 30 s). Group B had
one patients (P5) with short duration rhythmic seizures (< 30
s). Group C contained two patients (P6, P7) with short
duration and mixed type of seizures. In Group A, the
template seizure pattern of patient P1 had non-stationarity at
the beginning of the seizure which later evolved into a
rhythmic seizure. Segmentation algorithm ignored non-
rhythmic section in generating the models.

Upon manual review of detections in P1, it is observed
that, majority of missed seizures did not fully develop into
rhythmic components represented by the template pattern.
For this patient, Method A resulted in poor performance with
slightly improved results by Method B and the proposed
method. In Group B and C, due to short length of seizure, it
was difficult to visually segment the template pattern in three
disjoint stationary epochs, and this resulted in poor model for
the template pattern. Automatic segmentation algorithm
extracted template epochs that represented a better model
over the Method A which improved the sensitivity in P5 and
P6. Some false detection for patient PS5 and P6 were due to
sharp wave complex discharges, and were rejected by the
pre-processing block of the proposed method. The proposed
method missed a seizure in Group A. The missed seizure was
of relatively short length compared to the template seizure
pattern. This caused detection in only 2 of the 6 models, and
therefore, was considered as an artifact by the evolution-
based classifier. Similarly, in Group C, a seizure was missed
due to short duration (8 s) and rejected by the proposed
classifier. Overall, the proposed method shows similar
detection sensitivity to Method B, and a greatly improved
sensitivity (84% vs 64%) compared to the Method A. In
terms of specificity, the proposed method improved
specificity by 10% when compared to Method B.

V. CONCLUSIONS

The performance in model-based seizure detection using
SONF is dependent on the model. However, the presence of
artifacts and non-ictal EEG rhythms cause false detections.
The evolution in the amplitude and the frequency are
intrinsic characteristics observed only in seizures. We have
reduced the possibility of false detections due to artifacts or

Table II: Summary of results for depth EEG

Proposed

PID 1\]/;::::‘;1:3/ Method A Method B Method
# Events SN SP SN SP SN SP
R N D D ) (h)
1 13 7.7 100 30.8 100 30.8 100
2 4 100 100 100 100 75 100
3 6 100 100 100 100 100 100
4 3 100 100 100 100 100 100
5 6 16.7 100 100 66.7 100 100
6 9 333 100 77.8 63.6 100 100
7 6 100 100 83.3 100 83.3 100
Total 47 65.4 100 84.6 90 84.2 100

PID: Patient Number, SN = Sensitivity, SP = Specificity

non-epileptic rhythms by introducing adaptive modeling of
the template pattern and evolution-based classifier.
Improvement in terms of sensitivity, specificity and FDR
was observed as compared to the previously presented
approaches. This is preliminary result on seven patient data
and manuscript for journal publication is under preparation
on a larger patient data set.
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