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Abstract—A preliminary work of the nonconvulsive seizure
detection system is presented here. The system aims at detecting
nonconvulsive seizures for epilepsy patients, targeting a 24/7
monitoring based on continuous electroencephalography (EEG)
signals. It has been observed that the interesting seizure-related
brain activities in some of the multi-channel EEG signals were
weak, often with a noisy background or artifacts, and this
might also be patient-dependent. Therefore, using the “best”
channels with a good signal quality is expected to enhance the
seizure detection performance. This paper describes a method
to select the “best” EEG channels adaptively from the data of
nonconvulsive seizure patients. A signal quality index (SQI) was
proposed, where a higher SQI of a channel (signal) indicates a
stronger brain activity associated with the ictals of nonconvulsive
seizures and less artifacts. The validity of the SQI for adaptive
channel selection is demonstrated in this paper. Advantages and
limitations of our proposed method were discussed.

Index Terms—nonconvulsive seizure, EEG, Channel selection

I. INTRODUCTION

Nonconvulsive status epilepticus (NCSE) is an epileptic
process without prominent motor symptoms. Given the sub-
tle clinical symptoms during NCSE, electroencephalography
(EEG) is a widely-used technique to diagnose NCSE, in partic-
ular for the unresponsive patients. In practice, it is difficult to
always make precise diagnosis of NCSE by clinicians because
of its subtle and variable clinical symptoms. Some common
morphological patterns in the EEG data are shared during
NCSE, such as, repetitive generalized or focal spikes, sharp
waves, spike-wave or sharp-and-slow-wave, with a frequency
of ≥ 2.5 Hz [6]. Based on these patterns, the ictals during
NCSE are visually analyzed by clinicians. However, visual
inspection by humans is very time-consuming. An automated
algorithm to identify the NCSE ictals is therefore desired.
It has been observed that the seizure-related brain activities
in some of the multi-channel EEG signals were weak, often
with a noisy background or artifacts, and this might also be
patient-dependent. Therefore, adaptively selecting the “best”
EEG channels is expected to enhance the seizure detection
performance. A signal quality index(SQI) was proposed in this
paper, and the “best” channels were picked accordingly. Com-
bining these channels aims at facilitating maximal seizure-
related brain activities and minimal noisy background or
artifacts. This paper focuses on the adaptive channel selection

method that would ultimately enhance the performance of ictal
detection. The advantages and limits will also be discussed.

II. METHODS

A. Dataset

EEG data of 20 patients with clinically reported NCSE
and 10 with suspicious NCSE were first considered in this
work. The NCSE diagnosis was done at the Kempenhaeghe
Epilepsy Center, Heeze, the Netherlands. The EEG signals
were acquired using a 10-10 (10%) EEG system [6] at a
sampling rate 100 Hz, where the data from 21-channels were
archived. The locations of the 21 EEG electrodes are shown
in Fig.1. Four patients with reported NCSE were excluded
because of incorrect diagnosis of NCSE. This resulted in a
total of 16 patients (age of 21± 10 years; 13 males and
3 females) with confirmed NCSE analyzed in this study.
The ictal discharges with a duration longer than 20 seconds
were annotated. In addition, focal or generalized discharges
and four patterns (fast-spike, spike-wave, wave, and EMG-
like discharges [3]) were also labeled. 3 of the 16 patients
were treated as clinical special cases, since ≥ 20-second ictal
discharges were not found via the annotation procedure. There
were around 200 ictal episodes with a mean duration of 130
seconds (ranging from 20 seconds to 1 hour) in this NCSE
data set. The ictals with spike-wave discharges accounted for
a large proportion (87.6%), and the percentage of the wave,
fast-spike and EMG-like patterns is 5%, 7% for fast-spike
discharges, and 0.4%, respectively.

B. Data Preprocessing

Each EEG recording was segmented by a 2.56-second
sliding window (each window shifted with 50% overlapping
of last one). Each data segment was filtered with an infinite
impulse response (IIR) bandpass filter (0.5 to 45 Hz). As a
result, the DC offset of the EEG signals (below 0.5 Hz),
the mains interference, and the muscle activities (above 45
Hz) can be eliminated. The EEG data were re-referenced to
the electrode Cz, whose signal was disturbed less by the
movement artifacts comparing with other EEG electrodes,
namely, the data of the other electrodes were subtracted by
the data of Cz. In this paper, thirteen patients’ data around



Fig. 1: Location of 21 EEG electrodes (marked in red cir-
cles,bold) in our NCSE dataset. The graph was modified from
literature [7].

2-minute prior and 1-minute posterior to the onset of ictals
were selected and analyzed.

C. Time-Frequency Analysis

Time-Frequency (TF) analysis is often used to analyze a
time-series signal in the frequency domain over time. In this
study, EEG signals were analyzed by the wavelet convolution
with a variable number of wavelet cycles. To extract a precise
time-frequency power, a complex Morlet wavelet (1) was used.
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√
π)1/2

(1)

A complex Morlet wavelet is a multiplication of a Gaussian
window e−t

2/2s2 and a complex sine wave ei2πft. The vari-
ables t and f refer to the time point and the peak frequencies
of wavelet, separately. The standard deviation of the Gaussian
window is denoted by s. The denominator part is a scaling
factor. Different number of wavelet cycles (e.g. 6 to 15 cycles)
were used to get a good temporal precision at low-frequency
bands while a favorable frequency precision at high-frequency
bands [1]. The data segment of each channel were convoluted
by 40 wavelets, whose peak frequency covered a broad range
(0.5 to 45 Hz). As a result, a time-frequency power matrix
corresponding to 40 frequencies and 256 time samples (2.56
seconds × 100 Hz) was generated.

D. Channel Selection

Given the complication of EEG signals, we considered three
types signals with regard to EEG channel: Type 1 - the signal
with strong brain activities slightly disturbed by artifacts;
Type 2 - the signal containing valuable brain activities while

severely interfered by artifacts (e.g. muscle activities and unex-
pected electrodes movements), where the artifacts might have
much larger fluctuations in the EEG signal compared with the
brain activities; and Type 3 - the signal with less informative
brain activities, which contains subtle signal fluctuations. In
this study, the NCSE-relevant brain activities is of interest. As
described before, spike-wave discharges dominated the ictal-
EEG-patterns during NCSE, usually merging 2-4 Hz wave and
6-9 Hz spike patterns. Therefore, we assumed that the signals
from channels with larger time-frequency power changes in the
band between 3 and 8 Hz provide more information related to
NCSE.

To distinguish the three types of signal, we proposed a SQI
computed as the ratio between the variance of time-frequency
power (denoted by ϕ) and the variance of the signal in the
time domain (denoted by τ ), as in

SQI =
var(ϕ)

var(τ)
. (2)

The SQIs were calculated for each data segment (2.56 second)
and rescaled between 0 and 1. It is hypothesized that Type 1
signals should have the highest SQI while Type 3 signals the
lowest. We set a SQI-threshold in the channel selection, where
the threshold of 0.1 was experimentally determined. For each
segment, the Type 1 channels with SQI between 0.9 and 1
were adaptively selected to emphasis the potential information
related to NCSE, and the Type 3 channels with SQI ≤ 0.1 were
picked to suppress the contamination caused by some artifacts.

E. Features

In the literature, many features were used to characterize
EEG signals for the purpose of seizure detection. In this paper,
three features were analyzed. They are the mean of the time-
frequency power of NCSE-relevant brain waves including delta
waves (0.5 to 4 Hz), theta waves (4 to 8 Hz), and alpha
waves (8 to 13 Hz). More details can be found elsewhere [9].
Each extracted feature was averaged over the selected channels
(Type 1 and 3 channels described in II-D).

F. Evaluation Metrics

Each feature of EEG signals in the two classes: ictal and
non-ictal were bootstrapped. Bootstrapping is a method of
randomly picking data from a data set with replacement, where
a data point was sampled and put back before we draw a
new one [10]. Accordingly, the features of EEG signals of
the two classes were one thousand times bootstrapped. We
calculated the mean, the variance value, and the covariance
from the bootstrapped feature values. The metric absolute
strictly standardized mean difference (ASSMD denoted by
| β |) was used to evaluate the separability between two classes
(ictal and non-ictal), and is given by

| β |=| µictal − µnonictal√
σ2
ictal + σ2

nonictal − 2σictal,nonictal
| . (3)

The mean (µictal, µnonictal), variance (σictal, σnonictal) and
their covariance (σictal,nonictal) of the signal features are



Fig. 2: Example of the channel-SQI values of one patient’s
partial data: The x-axis is the channel labels and the y-axis
represents the rescaled values (0 to 1); tsVar, PowerVar, and
Ratio denotes the variance of the time series data, the time-
frequency power, and their ratio, respectively.

denoted. Empirically, | β |≥ 1.645 represents an extra large
difference between the classes, 1.645 ≥| β |≥ 1 suggests
a large difference, and | β | between 1 and 0.25 indicates
a medium difference [8]. In this work, we used one tailed
permutation test to compare the ASSMD value for each feature
between using all channels and using solely the selected
channels based on our proposed SQI. This was a matched
pairs study: the ASSMD value over all channels and over
selected channels of one feature per subject was a pair.
Permutation test in the matched pairs design is a significance
test based on shuffling two observations in pairs [10]. The
one tailed permutation test in this study was under the null
hypothesis: the mean of the ASSMD values over all channels
are greater than or equal to over selected channels. The random
pairs of ASSMD values over all and selected channels were
permuted, and the average of the difference between the values
were calculated in pairs. This procedure was repeated one
thousand times. The permutation distribution was formed by
the one thousand outcomes from the repetitive procedures.
The average of the differences between non-permuted pairwise
ASSMD values over all and selected channels was located on
the permutation distribution to find out the P-value. Here we
used the standard alpha level (0.05).

III. RESULTS AND DISCUSSION

The channel selection method was applied on the thirteen
patients’ data described in II-B. The results of subject 7’s data
are mainly represented in this paper. The variance of the time
series data, the time-frequency power, and their ratio of the
subject’s data (described in II-B) are illustrated in Fig. 2.

Based on the values of SQI from the selected EEG signals,
the channels were divided into three types defined in II-D.
According to the selection threshold (0.1), the Type-1 and -3
channels were T5, T6, and F3, Fz, F4, C3, C4, respectively.
The other channels were Type 2. For instance, the time-
frequency plot at Type-1 channel T5 and Type-3 channel
C3 are shown in Fig. 3a and Fig. 3b, separately. The color
yellow of the TF plot indicates high intensities while blue
demonstrates low intensities, and the time point at 0 ms

(a) TF plot of channel T5

(b) TF plot of channel C3 (c) TF plot of channel Fp2

Fig. 3: Example of Time-Frequency plot: The x-axis represents
the time points in millisecond and the y-axis shows the
frequencies between 0.5 and 15 Hz; the color yellow of TF
plot stands for high intensities while blue for the low, and the
time point at 0 ms indicates the onset of ictals.

indicates the onset of ictals. The Type-2 channel Fp2 (Fig.
3c) shows some relatively large fluctuations during non-ictal
periods, which likely caused by the eye movements.

As described in II-D, the Type 1 and 3 channels were
selected, and its TF plot is shown in Fig. 4a. For comparison,
the average time frequency power computed over all channels
is demonstrated in Fig.4b. The power around ictal onsets
in this graph is stronger than in Fig. 4a. However, Fig.4b
represents that there seem to be much more noise than Fig.
4a. The ratio (in logarithmic scale) between the sum of the
variances in the time domain of the signal over all and the
selected channels is ca. 18 dB. The dissimilarity between Fig.
4a and Fig. 4b was also illustrated by the TF plot of Type 1 and
3 channel in Fig. 4c and Fig. 4d, respectively. As we defined in
II-D, the Type 1 channel signal, such as T5 (Fig. 3a), contained
strong epileptic-activity while it was slightly contaminated by
artifacts. When a few Type 1 channels were selected, the
NCSE-relevant brain activities were enhanced. However, the
noisy component brought by a few channels were meanwhile



TABLE I: ASSMD between two classes: ictal and non-ictal

Delta-wave feature Theta-wave feature Alpha-wave feature

All channels Selected channels All channels Selected channels All channels Selected channels

Subject 1 6.8682 6.8742 3.4242 3.4229 2.4135 2.4163
Subject 4 0.4117 0.4119 0.7178 0.7193 0.5184 0.5185
Subject 5 0.4164 0.5354 1.0527 1.3177 1.2697 1.4487
Subject 6 0.1176 0.1164 0.8881 0.8951 0.5394 0.5461
Subject 7 1.5278 1.5690 1.6232 1.6592 1.1529 1.1995
Subject 8 1.0112 0.8318 1.9588 2.0091 1.3521 1.5628
Subject 9 0.6134 0.6143 0.6323 0.6324 0.4192 0.4195
Subject 10 0.7377 0.7179 0.7322 0.7158 0.6573 0.6315
Subject 11 0.4946 0.5038 0.3579 0.3726 0.2344 0.2433
Subject 12 0.9108 0.8597 0.8220 0.8226 0.6731 0.6961
Subject 13 0.6470 0.9396 1.7010 1.8514 1.8612 1.9355
Subject 14 0.5519 0.5318 0.3973 0.3989 0.3335 0.3338
Subject 15 0.7869 0.7068 0.7171 0.7119 0.5027 0.5086

(a) TF plot of selected channels (b) TF plot of all channels

(c) TF plot of Type 1 channels (d) TF plot of Type 3 channels

Fig. 4: TF plot over selected or all channels. The lower
colormap limit of these figures was increased for a good
visualization.

enhanced compared with the average value computed over
more channels. Combing the Type 1 and 3 channels was to
reach a trade-off between the emphasis on the NCSE-relevant
signals and the undermining of the interferences caused by
artifacts.

For each feature, the ASSMD values were computed and
are shown in Table I. These values were statistically analyzed
with one tailed permutation test described in II-F. The P-
value of this test was less than 0.05, which means that
the null hypothesis was rejected and our adaptive channel
selection method significantly increased the separability be-
tween ictal and non-ictal classes. Although the improvement
was significant in general, the increase in ASSMD for some
subjects was very small or even decrease was found. This
needs to be further investigated. Note that, we used 0.1 as the

channel selection threshold for all thirteen subjects here. Some
subjects’ ASSMD values increased using different threshold
(such as, 0.05 or 0.15) during the channel selection procedure,
for example, the values of subject 12 grew by 0.023 on average
when the threshold 0.15 was applied. The sensitivity of the
threshold selecting and its impact on classifying ictal and non-
ictal should be addressed in future work.

However, there are still some limitations to the practical
usage. For instance, the channel selection threshold might need
to be tuned for each patient. Future work should be focused on
a personalized channel selection method. Besides, the Type 2
channels were not considered in our channel selection method,
because of its high interference by artifacts. Nonetheless,
these channels also bring valuable NCSE-relevant activities.
It would help further enlarge the difference between the two
classes if we could reduce noises and keep the intensity of
the seizure-relevant brain activities. Moreover, more features
should be investigated and evaluated in the future, such as the
coefficients generated by discrete wavelet decomposition at
levels corresponding to brain waves, the average peak-to-peak
amplitudes [3].

IV. CONCLUSION

To help increase the separability between ictal and non-
ictal classes in the patient group with nonconvulsive seizures,
an adaptive channel selection method was proposed, where
channels were categorized into three types. Results of the
channel selection method were illustrated mainly based on one
patient’s data. Using this method, an optimal balance between
the enhancement of the signal with informative NCSE-relevant
activities and the undermining of interferences by artifacts has
been achieved. This was also proven by comparing feature-
separability (evaluated by ASSMD). Further studies are nec-
essary to address the practical limitations of this method and
implement it in an ictal classification model.
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