
Approximate Zero-Crossing: A new interpretable,
highly discriminative and low-complexity feature for
EEG and iEEG seizure detection

R Zanetti1, U Pale1, T Teijeiro1,2 and D Atienza1

1 Embedded Systems Laboratory(ESL), École Polytechnique Fédérale de
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Abstract.
Objective: Long-term monitoring of people with epilepsy based on

electroencephalography (EEG) and intracranial EEG (iEEG) has the potential
to deliver key clinical information for personalised epilepsy treatment. More
specifically, in outpatient settings, the available solutions are not satisfactory either
due to poor classification performance or high complexity to be executed in resource-
constrained devices (e.g., wearable systems). Therefore, we hypothesize that
obtaining high discriminative features is the main avenue to improve low-complexity
seizure-detection algorithms. Approach: inspired by how neurologists recognize ictal
EEG data, and to tackle this problem by targeting resource-constrained wearable
devices, we introduce a new interpretable and highly discriminative feature for
EEG and iEEG, namely approximate zero-crossing (AZC). We obtain AZC by
applying a polygonal approximation to mimic how our brain selects prominent
patterns among noisy data and then using a zero-crossing count as a measure of
the dominating frequency. By employing Kullback-Leiber divergence, leveraging
CHB-MIT and SWEC-ETHZ iEEG datasets, we compare the AZC discriminative
power against a set of 56 classical literature features (CLF). Moreover, we assess
the performances of a low-complexity seizure detection method using only AZC
features versus employing the CLF set. Main results: three AZC features obtained
with different approximation thresholds are among the five with the highest
median discriminative power. Moreover, seizure classification based on only AZC
features outperforms an equivalent CLF-based method. The former detects 102
and 194 seizures, against 99 and 161 for the latter (CHB-MIT and SWEC-ETHZ,
respectively). Moreover, the AZC-based method keeps a similar false-alarm rate
(i.e., an average of 2.1 and 1.0, against 2.0 and 0.5, per day). Significance: we
propose a new feature and demonstrate its capability in seizure classification for
both scalp and intracranial EEG. We envision the use of such a feature to improve
outpatient monitoring with resource-constrained devices.

Keywords: Epilepsy, Seizure detection, EEG, iEEG, Machine learning, Feature
Engineering, Zero-crossing
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1. Introduction

Epilepsy is a brain disease with a prevalence of
4–8 per 1000 population, placing it as the fourth
most common neurological disorder worldwide [1].
Electroencephalography (EEG) is an essential tool for
the diagnosis and management of people with epilepsy
(PWE) [2]. According to electrode placement, EEG can
be broadly divided into scalp and intracranial (iEEG)
recordings. Scalp EEG acquisition is more affected
by noise and artifacts but is non-invasive, thus more
used in clinical practice [3]. When associated with
video recordings, long-term EEG or iEEG monitoring
can provide key clinical information for personalised
epilepsy treatment (e.g., seizure count in a long
period, monitoring for paroxysmal events, etc.) [4].
Such procedures are executed in-hospital, at epilepsy
monitoring units (EMUs), over the course of several
days, but normally once in the patient’s lifetime due to
the associated costs [5].

Conversely, outpatient assessment mainly relies on
patient self-reports [6], which have been found to be
prone to errors due to seizure unawareness, nocturnal
events, and lack of patient commitment to keeping
up with diaries [7]. Consequently, there is an unmet
need for innovative solutions for automated outpatient
monitoring [6, 8, 9]. However, commercially available
products have been only certified for generalized tonic-
clonic seizures (GTCS), which are associated with
strong body movements, leaving most of the PWE
unattended [10].

Several state-of-the-art (SoA) works have proposed
methods for seizure detection based on EEG, potentially
covering a greater number of seizure types [11, 13, 14,
15, 16, 3, 17, 18, 19, 12]. Yet, EEG-based outpatient
monitoring is still a challenging problem as most of
the proposed EEG-based methodologies are not feasible
in the real world [9]. Besides the resource constraints
for implementing some of the proposed solutions [13,
14], PWE also have demonstrated a strong preference
for inconspicuous and non-stigmatizing monitoring
devices [8, 6]. Hence, leveraging on their inherent
unobtrusiveness, wearable devices offer considerable
potential for supporting outpatient monitoring [10,
9]. However, a solution based on such devices entails
the use of low-complexity algorithms due to the
scarcity of resources (e.g., memory, processing, and
battery capacity). Therefore, classical machine learning
(ML) algorithms such as random forest (RF) and
support vector machines (SVM) are fair candidates
to comply with the above-described restrictions. First,
these methods’ models are relatively simple and fast to
execute. In addition, they have been extensively used
for EEG-/iEEG-based seizure detection [20]. Still, such
algorithms should be optimized to achieve acceptable
sensitivity and low false-alarm rates (FAR) [9].

Since ML algorithms tend to present marginal
performance gains with the same input data and
analysis conditions [21], we hypothesize that obtaining
high discriminative features is an important avenue for
improving low-complexity seizure-detection methods
for resource-constrained wearable devices. In fact, when
evaluating the EEG/iEEG signals acquired during long-
term monitoring, neurologists are the ones setting the
ground truth for ML algorithms. They are capable of
identifying prominent ictal patterns among spontaneous
EEG/iEEG, noise, and artifacts more accurately than
SoA algorithms.

Thus, in this work, we introduce and evaluate a new
feature of low-complexity for EEG and iEEG analysis,
inspired by the way neurologists visually inspect signals,
namely approximate zero crossing (AZC). To obtain
the AZC, first, we simplify the EEG/iEEG signals by
applying a polygonal approximation to mimic how
our brain selects prominent patterns among noisy
data. Then, we use a simple zero-crossing count as
an estimation of the signal’s dominating frequency.
We assess the discriminative power of the AZC
feature using the Kullback-Leiber (KL) divergence
score [22]. Additionally, we design a low-complexity
ML classification method based on RF and apply the
time-series split cross-validation (TSCV) to assess the
AZC feature performance in long-term seizure detection.
As a comparison, we use the same method’s recipe with
a set of 56 classical literature features (CLF). Finally, we
implement both strategies in a state-of-the-art wearable
platform to assess its computational requirements. In all
the previously mentioned tasks, we employ two publicly
available datasets: the CHB-MIT Scalp (982.9 hours
of data) [12] and the SWEC-ETHZ iEEG (2656 hours
of data) [15]. The main contributions of this work are
summarized in the following:

• A new interpretable feature of low-complexity
towards resource-constrained wearable devices use,
for automated seizure monitoring based on EEG
and iEEG is presented. AZC shows a discriminative
power higher than most of the other 56 features
evaluated using the KL divergence in two widely
used and publicly available long-term seizure
monitoring datasets. Moreover, extracting the AZC
features is 8.8x faster then calculating the CLF set
of features.

• We propose the TSCV methodology for assessing
the seizure classification performance, as we believe
it presents results that are more realistic for a real-
life long-term seizure monitoring application. To
the best of our knowledge, it has not yet been used
in EEG/iEEG-based seizure detection.

• We show that a ML solution of low-complexity
based only on six AZC features achieves 100%
sensitivity in 25 out of 42 subjects, plus nine
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Figure 1. Illustrative example of the AZC feature, calculated at different approximation thresholds on a 20 s EEG window
with a seizure starting at second 10. The top figure is the original signal, while the middle and the bottom ones are
approximations with ϵ = 16 and ϵ = 64, respectively. [Source: Patient 22, file 25 from the CHB-MIT dataset.]

showing only one missing seizure. Moreover, the
AZC-based method achieves a low FAR of 2.1
and 1.0/day on average for CHB-MIT and SWEC-
ETHZ, respectively.

• We demostrated that the AZC-based classification
method can outperform the CLF-based one for
seizure detection: 102 and 194 seizures detected
against 99 and 161 for CHB-MIT and SWEC-
ETHZ, respectively.

The rest of the paper is organized as follows.
Section 2 presents the AZC feature in detail and shows
a visual example of how it works in real EEG data.
In Section 3, we present our proposed methodology
for assessing the discriminative power of the AZC
feature and the training framework. Section 4 details the
experimental setup for evaluating the proposed feature,
whereas the results are presented in Section 5. We
discuss these results in Section 6 and conclude this
work in Section 7.

2. Approximate Zero-Crossing

We draw inspiration from clinical practice in
EEG/iEEG screening for seizure patterns to develop the
proposed AZC feature. AZC feature extraction method
comprises two main steps. First, we simplify the signal
using a polygonal approximation to mimic our brain’s

capacity to find prominent patterns within noisy data.
Second, we implement a zero-crossing count on the
approximated signal. Therefore, in addition to a low
computational complexity, the proposed AZC feature is
easily interpretable. In the rest of this section, we detail
our motivation, describe the algorithm to calculate the
feature values, and show a visual example of how AZC
varies with different thresholds for a real signal.

2.1. AZC: Motivation and Intuition

The basic objective of the AZC feature is to estimate the
number of peaks in an EEG segment in the same way
it is done by a human expert who is visually inspecting
the signal. It is therefore implemented as a regular zero-
crossing calculation of the first derivative, but before this
calculation, the signal is transformed in order to keep
only the morphological features that are prominent to
the human eye. A family of methods well suited for this
type of transformation is a polygonal approximation,
also called piece-wise linear representation or linear
path simplification [23]. These methods assume that
the input signal can be represented as a sequence of
linear segments, and they apply different techniques
to obtain the minimum number of segments that best
represent the underlying morphology. Formally:

Definition 2.1 (Polygonal Approximation). Given a
time series represented as a sequence of n time-value
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points S = {(t0, S0), . . . , (tn−1, Sn−1)}, a polygonal
approximation of S is a subsequence L ⊆ S for which the
time series behaviour between any pair of consecutive
points ((ti, Si), (ti+1, Si+1)) ∈ L is assumed to be linear.

Under this general definition, we can determine a
broad set of non-linear transformations that potentially
remove much information from the original signal,
depending on how aggressive the approximation is.
A coarse approximation will only retain the most
outstanding behaviour of the signal, while a fine-grained
approximation will remove only the parts that are
not even recognizable by the human eye. This level
of detail is fully customizable as a parameter of the
approximation transformation.

To illustrate this idea, Figure 1 shows an example of
a 20-second EEG segment that is approximated using
two different thresholds, according to the algorithm
described in Section 2.2. Also, we can see how the
AZC calculation varies in two different intervals of each
signal. In this segment, a seizure starts in the second
10, and this is clearly seen in the morphology changes
of the signal, with higher amplitude and a more regular
frequency. Let us put focus on how the result of the
approximation changes before and after the seizure
onset. While the approximated signal after this point is
almost identical in the three cases (and, therefore, the
AZC value is basically the same), the morphology is
much more variable before the seizure onset. Indeed, in
low-amplitude regions (such as between seconds 7 and 8)
AZC varies from a very high value in the original signal,
to zero in the case of a relatively high approximation
threshold. In the middle figure, we can see that visually
the signal is very similar to the original one, but the
AZC count in the highlighted segment is less than half.
What we want to highlight here is that, while the AZC
is fundamentally a feature estimating frequency, its
calculation is primarily determined by the amplitude
behaviour of the signal. Therefore, it simultaneously
captures these two dimensions, which are the ones
assessed by the experts during visual inspection.

2.2. Approximation Algorithm

There are multiple algorithms to perform the type
of morphological approximation we are targeting [23],
each of them with different properties, constraints, and
computational complexity. Some of them can potentially
be implemented in hardware [24] and attached directly
to the ADC of the signal sampler, making it possible
to directly acquire an approximated signal and, thus,
reduce the amount of information to be processed.

Still, the algorithm we selected to perform EEG
approximation is the Douglas-Peucker method [25],
which requires access to the whole data to guarantee
optimality. The main reason for this choice is that

the approximation threshold ϵ is directly a measure
of amplitude tolerance. Thus, it is fully interpretable,
easy to characterize, and lies on the same scale as the
EEG signal. Therefore, to ensure that we provide an
acceptable approximation for every subject and channel,
we propose to simultaneously calculate the AZC feature
using different approximation thresholds to cover, in
a logarithmic scale, the full range of physiologically
meaningful EEG signals.

The operation of the Douglas-Peucker method is
detailed in Algorithm 1. The input is a signal fragment
S as a sequence of n samples (S0, . . . , Sn−1), and a
threshold ϵ > 0 representing the minimum amplitude
difference that can be considered to include a point in
the approximation. As output, the algorithm returns
a sequence L = (p0, . . . , pm−1), with 2 ≤ m ≤ n,
representing the samples selected for the approximation.
As we can see, the approximation is initialized by the
endpoints 0 and n− 1 (line 3). At each iteration of the
outer loop (lines 5 to 16), the approximation is extended
with the point of maximum distance to the segment
defined by the linear interpolation (INTERP function)
between any consecutive pair of points already included
in the approximation (lines 5 and 11). The procedure
finishes when none of the points exceeds the minimum
amplitude difference (line 6).

Algorithm 1 Douglas-Peucker approximation algorithm

1: function Douglas-Peucker(S, ϵ)
2: let n = |S|
3: let P = {(0, S0), (n− 1, Sn−1)}
4: let S′ = interp(S0, Sn−1, n)
5: let M,k = max(|Si − S′

i|), i ∈ [0, n− 1]
6: while M > ϵ do
7: P = P ∪ {(k, Sk)}
8: M = 0
9: for all j ∈ [0, . . . , |P | − 2] do

10: S′ = interp(Skj
, Skj+1

, kj+1 − kj)
11: M ′, k′ = max(|Si−S′

i−kj
|), i ∈ [kj , kj+1]

12: if M ′ > M then
13: M,k = M ′, k′

14: end if
15: end for
16: end while
17: return L = {(tp, Sp), p ∈ sorted(P )}
18: end function

3. Methodology

This section describes the strategy we adopt to validate
the proposed AZC feature. In particular, we assess its
discriminative power and potential use for long-term
epileptic patient monitoring.
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3.1. Feature Discriminative Power

The Kullback-Leibler (KL) divergence is a score widely
used in information theory to assess the statistical
distance between two probability distributions [22].
The higher the discriminative power, the easier it is
to correctly label the data points.

We assess the discriminative power of all features
on the epileptic seizure detection (i.e., ictal vs. non-
ictal), comparing the KL divergence of the AZC features
against features typically used in the literature. We
obtain the KL divergence using (1), where P(x) and
Q(x) are the feature probability distributions estimated
for non-ictal and ictal time periods, respectively.
Distributions are obtained via a relative frequency
histogram drawn from a feature subset {X =
x1, x2, ..., xn}, where histogram bins {Ii : i = 1, ...,M}
are intervals between X minimum and maximum values.
For instance, P (x) is given by the quotient between the
number of elements of each bin and X ’s length.

KL(P ||Q) =
∑

P (x) · log2

P (x)

Q(x)
(1)

3.2. Adopted Machine-Learning Methodology

Automated seizure monitoring still poses considerable
challenges for achieving acceptable performance in real-
life conditions [9]. First, removable and unobtrusive
wearable devices are preferred by PWE [6, 8], which
are known by hardware limitations on memory and
processing capacity. Thus, low-complexity algorithms
for seizure detection are preferable to adhere to
the restrictions imposed by such resource-constrained
devices. Nevertheless, ML models should still achieve
desirable performance metrics to attract usage
interest [9]. Such models are trained on long-term
time series, and have to be able to deal with high
data imbalance. Moreover, regarding EEG/iEEG-based
monitoring, seizure patterns vary greatly between
subjects, and even for the same subject over time [26].
Also, high amplitude artifacts and cyclic oscillations
can confound model training/detection [12].

Targeting a feasible solution for outpatient
monitoring, we adopt the RF classification algorithm
to assess the AZC performance in the seizure detection
task. RF is an algorithm based on an ensemble
of decision trees to reduce model overfitting. It is
fast and lightweight, both in model size and memory
footprint [27], and it has been extensively used for EEG-
based seizure classification [20, 16, 28].

Regarding model-training data-related hurdles, it
is essential to adopt an assessment methodology that
represents real-life usage to avoid achieving unrealistic
performance metrics. Thus, we shall avoid employing
only a subset of a dataset to assess the performance of
the proposed ML algorithms. Even if models are trained

using a small subset of the dataset, the evaluation should
be done on the available data in general. For example,
the performance of some works as [29, 28, 16] tends to
be overestimated and impractical when considering the
entire data set, as only a small number of data points are
used to assess the proposed techniques. This happens as
the probability of drawing samples of data presenting
artifacts and other common acquisition problems
randomly is very low. Second, the data imbalance
is a critical point when choosing the appropriate
performance metrics. Consequently, in this work, we
adopt metrics recommended by the clinical community:
sensitivity, FAR [30], and F1 score. Moreover, we
consolidate those metrics by seizure episode instead of
by the total of data windows used during the inference.
Third, patient-specific detectors can overcome the
variability of seizure patterns among subjects. Following
previous work, we adopt a personalized ML modeling
approach [12, 16].

Last, we advocate for a cross-validation (CV)
method that takes into account the chronological
relation between data points, preserving the temporal
dependency among them, and thus representing the
assessment of a real-life application more appropriately.
For instance, in the leave-one-out CV (LOOCV) method
used in [3, 17, 12], withheld data is evaluated with a
model trained on all the remaining data. By adopting a
non-realistic approach in which future data is used
to evaluate the current test set, LOOCV tends to
overestimate results. To overcome this problem, we
adopt the TSCV approach [31], which is illustrated
in Figure 2. In the TSCV scheme, we guarantee that
a minimum amount of data is used to train the very
first model, which must include at least one seizure.
The remaining data is used for testing and divided
into several subsets of a minimum of one-hour long files,
thus minimizing potential correlation with neighbouring
training data. Each of these subsets is tested once, and
at each iteration, the latest tested data is added to the
training subset. The final performance is then obtained
by concatenating the results of each test subset.

3.3. AZC Features

By using different approximation thresholds in the
algorithm described in Section 2.2, we can obtain a
highly discriminative features that carry both time and
frequency characteristics, and account for intra-/inter-
patient variability in seizure patterns (i.e., waveform,
amplitude, and frequency) [26]. In this work, we obtain
six AZC features. The first feature is calculated
without the use of the polynomial approximation, thus
representing a classical zero-crossing. The other five
AZC features are obtained by applying the Douglas
Peucker algorithm using 16, 32, 64, 128, and 256 µV as
approximation thresholds, hence covering the normal
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Figure 2. Proposed time-series cross-validation approach.

EEG amplitude range.

3.4. Classical Literature Features

We compare the proposed AZC features against a
set of features commonly used for EEG-based seizure
detection, hereafter denominated classical literature
features (CLF). The used CLF is composed of the
54 features proposed in [16] and two time-domain
features (i.e., line length and mean amplitude), thus
yielding the 56 features set described below.

3.4.1. Time Domain Features: we employ the line
length and the mean amplitude, calculating them
according to (2) and (3), respectively [32].

LL =
1

N

N∑
i=1

(|si − si−1|) (2)

MA =
1

N

N∑
i=1

|si| (3)

where {S = s1, s2, ..., sn} is a time-series of length N.

3.4.2. Frequency Domain Features: ictal activity is
known to affect EEG brainwaves [2], thus we rely on
the signal spectral power to obtain the EEG bandpower
in various frequency bands, namely: delta [0.5, 4] Hz,
theta [4, 8] Hz, alpha [8, 12] Hz, beta [13, 30] Hz, and
gamma [30, 45] Hz. Additionally, we include the total
power and the power for [0, 0.1] Hz, [0.1, 0.5] Hz, and
[12, 13] Hz bands. Furthermore, we also calculate the
relative power of the aforementioned bands to the total
power, yielding a subtotal of 17 features.

3.4.3. Non-linear Features: we use Shannon (SEn),
Tsallis (TEn), Rényi (REn), Sample, and Permutation
entropies. These entropies are calculated according
to [33, 16], considering a histogram with ten bins and
adopting α = 2 and β = 2 to calculate Rényi and Tsallis
entropies, following [33]. Before calculating all the
entropies, we pre-process the data using discrete wavelet
transform employing the Daubechies 4 (DB4) basis
function. We obtain the approximated and detailed
coefficients down to level seven. As in [16], we obtain
a total of 37 features from the detailed coefficients:
Sample entropy is calculated from coefficients at levels
six and seven; the remaining entropies are calculated
from coefficients at levels three, four, five, six, and seven
for different input parameters.

3.5. AZC at the Edge

One of the main aims of the AZC feature is to
increase seizure detection robustness leveraging classical
machine learning (ML) algorithms on edge devices. The
computational complexity of AZC is estimated using the
e-Glass wearable device based on an ARM Cortex-M4
microcontroller [16, 27].

We adapted our proposed AZC extraction method-
ology described in Section 2.2 by using the fast algo-
rithm for polygonal approximation proposed in [34] to
leverage AZC’s real-time implementation in the e-Glass
platform. Moreover, we adopt the CMSIS (Cortex Mi-
crocontroller Software Interface Standard) to speed-up
data processing as it is tailored for fast execution in
ARM devices, associated with the CMSIS Real-Time
Operating System (CMSIS-RTOS) to enclose our appli-
cation. Furthermore, we also achieve an optimized CLF
extraction by using the CMSIS library and a version of
the GNU Scientific Library (GSL) [35] cross-compiled
for ARM microcontrollers.

4. Experimental Setup

In this section, we introduce the datasets used in the
experiments. Moreover, we detail our experimental
setup, for both KL divergence calculation and seizure
detection. Finally, we talk about the adopted post-
processing approach and the performance metrics used
to report our results.

4.1. Datasets

We employ two datasets to evaluate the performance
of the proposed features for seizure detection: the
CHB-MIT Scalp [12] and the SWEC-ETHZ iEEG
datasets [15]. Both are annotated by neurologists and
are publicly available12.

1https://physionet.org/content/chbmit/1.0.0/
2http://ieeg-swez.ethz.ch/

https://physionet.org/content/chbmit/1.0.0/
http://ieeg-swez.ethz.ch/
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The CHB-MIT includes scalp EEG from 24
children (5 males and 18 females, 10 ± 5.7 years old, one
repeated patient), containing a total of 198 annotated
seizures. Data are recorded using the bipolar montage
(10-20 system [36]) at a sampling frequency of 256 Hz
and using 16-bit resolution. A total of 982.9 h of data
is available, with only 3.2 hours of labelled ictal data
(seizure average length of 58.6 ± 65.0 s). The dataset
is generally organized in one-hour-long files, in the
European data format (.edf ). However, some subjects
have files of two or four hours long, and some files
containing ictal data are less than one hour long.

Furthermore, subject chb12 presents three files
with data acquired on a monopolar montage, including
13 seizures. Thus, we excluded these three files to keep
a similar methodology among all subjects. As a result,
the used CHB-MIT’s data has a total of 185 annotated
seizures.

The SWEC-ETHZ dataset presents 2656 hours of
long-term iEEG data from 18 patients, containing a
total of 116 annotated seizures. Data are recorded in a
monopolar montage at sampling rates of 512 or 1024 Hz,
median-referenced, and band-pass filtered between 0.5
and 120 Hz (zero-phase, 4th -order Butterworth filter).
The data are organized as 1 hour long .mat files
accompanied by one extra file per subject, including
seizure annotations.

4.2. Data Pre-Processing

First, we decimate the SWEC-ETHZ data to have the
same sampling frequency as the CHB-MIT dataset (i.e.,
256 Hz ). Then, the data of each file is filtered between
[1, 20] Hz using a zero-phase, 4th order, Butterworth
band-pass filter.

Thereafter, the filtered EEG data is divided into
windows of 4 s with a 0.5 s step (87.5% overlapping).
We extracted a total of 62 features (56 CLF + 6
AZC features) per EEG window, per EEG channel.
For the CHB-MIT dataset, we performed these steps
for the 18 common EEG channels among all subjects
(that is, FP1-F7, F7-T7, T7-P7, P7-O1, FP1-F3, F3-
C3, C3-P3, P3-O1, FP2-F4, F4-C4, C4-P4, P4-O2, FP2-
F8, F8-T8, T8-P8, P8-O2, FZ-CZ, CZ-PZ). Hence, it
yields a total of 108 AZC and 1008 CLF features that
are concatenated in matrices in which the lines are
equivalent to the number of EEG windows and columns
to the total number of features. However, the SWEC-
ETHZ metadata do not include information on the
iEEG electrode locations. Furthermore, the number
of channels among subjects varies greatly from 32 to
128 [15], so we use all available channels for each subject.
Finally, we generate labels for the data representing ictal
vs. nonictal data. An EEG window is labelled according
to its majority class (e.g., a window having 50% or
more ictal data is labelled as ictal).

Next, we reorganize the extracted feature files to
contain the equivalent of one hour of data, disregarding
the number of seizures available. Moreover, we guarantee
that the first file contains at least one seizure and
a minimum of five hours of data, which has been
arbitrarily chosen.

4.3. KL Divergence and Seizure Detection

We calculate the KL divergence employing histograms
with 100 bins. Using box plot visualization of the KL
discriminative power among features, we can observe
the KL values and also its distribution. We obtain
the plot by grouping all subjects’ scores per feature,
disregarding the EEG channel of origin. Moreover, CHB-
MIT is considered more challenging for seizure detection
given that scalp EEG acquisitions are prone to suffer
from various artifacts (e.g., subject movements, blinking,
chewing, electrode disconnections). Consequently, we
will only present the CHB-MIT dataset box plot of
KL scores in Section 5. However, the SWEC-ETHZ
iEEG equivalent plot can be found in the supplementary
material.

Regarding the seizure detection problem, we
propose an RF-based seizure detection method using
only AZC features and assess its performance for both
datasets using the TSCV approach. Moreover, we
compare the obtained results against the same method
employing the CLF set. All available seizures are used
for model training and performance assessment. Finally,
the code used in this work is made publicly available3.

4.4. Post-Processing and ML Performance Metrics

Aiming at reducing FAR due to short bursts of rhythmic
activity or high amplitude artifacts, we post-process the
inferred output’s probability of a data window being
assigned to ictal (S ) or non-ictal (NS ) classes. Using
the Bayesian approach proposed in [13], we obtain the
posterior classification probability for each EEG window
as the dot product of the probabilities of W windows.
Second, we apply a tolerance for seizure detection of
10 sec before and 30 sec after the ground truth when
determining the number of true positives and false
positives, merging all the true positives that occurred
for the duration of a ground truth event. Next, we
define a measure of classification likelihood (CL), for
each ith EEG/iEEG window, as the log-odd of ictal
over the non-ictal posterior probabilities (see (4)). A
new classification is then assigned by thresholding the
CL values. We adopt W=10 and a threshold of 1.5,
according to [13].

CL[i] = log2

∑i
j S[j]2∑i

j NS[j]2
(4)

3https://c4science.ch/source/AZC_Feature_Paper/

https://c4science.ch/source/AZC_Feature_Paper/
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Figure 3. KL divergence scores distribution, per feature, for the CHB-MIT dataset. For a detailed description of the
features, please refer to Section 3.5.

Table 1. CHB-MIT: number of detected seizures and FAR/day.

Subjects 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 Tot*

# Seizures 7 3 7 4 5 10 3 5 4 7 3 27 12 8 20 10 3 6 3 8 4 3 7 16 185
# Seiz. Test 5 2 3 3 4 7 2 3 3 6 2 16 11 4 19 9 1 5 2 7 3 2 4 9 132
# Detec. AZC 5 2 2 2 4 4 2 3 3 6 2 16 4 4 16 1 1 2 2 5 2 2 3 9 102
# Detec. CLF 5 2 3 2 4 2 1 3 3 6 2 15 3 4 16 0 1 2 2 7 1 2 4 9 99

Data Avail.(h) 41 35 38 156 39 67 67 20 68 50 35 21 33 26 40 19 21 36 30 28 33 31 27 21 979
Data Test (h) 36 20 33 137 33 59 24 15 46 32 2 15 16 21 34 9 16 7 2 18 14 14 21 15 638
FAR/day AZC 0.7 3.6 1.5 0.2 0.7 0.4 0 9.6 0 0 0 11.2 3.0 1.1 3.5 0 0 3.6 0 2.7 0 0 1.1 7.4 2.1
FAR/day CLF 3.4 2.4 1.5 0.2 0.7 0.4 0 8.0 0 0 0 11.2 1.5 1.1 2.8 0 1.5 0 0 4.1 0 0 2.3 5.9 2.0

*All the values are a sum for all subjects but the FAR, which are averages.

Table 2. SWEC-iEEG: number of detected seizures and FAR/day.

Subjects 01 02 03 04 05 06 07 08 09 10 11 12 13 14 15 16 17 18 Tot*

# Seizures 2 2 4 14 4 8 4 70 27 17 2 9 7 60 2 5 2 5 244
# Seiz. Test 1 1 3 13 3 7 3 62 24 16 1 8 6 59 1 4 1 4 217
# Detec. AZC 1 1 3 10 3 6 2 47 24 15 1 8 6 58 1 4 1 3 194
# Detec. CLF 1 1 3 11 2 6 2 42 12 15 1 8 6 42 1 4 1 3 161

Data Avail.(h) 293 235 158 41 109 146 69 144 41 42 212 191 104 161 196 177 129 205 2652
Data Test (h) 172 5 74 36 103 127 49 126 36 37 29 109 96 73 154 66 46 112 1450
FAR/day AZC 0 0 0 0 1.4 0 0.5 3.6 0 0.6 0 0 0.3 6.5 0 0 2.1 2.1 1.0
FAR/day CLF 0 0 0 0 1.2 0 0.5 2.5 0 0 0 0.2 0 1.6 0 0 2.6 1.1 0.5

*All the values are a sum for all subjects but the FAR, which are averages.

where j = i−W + 1.
In sequence, we compare the post-processed output

against the ground truth to account for: true positives
(Tp), false positives (Fp), and false negatives (Fn).
These metrics are only given per seizure episode.
Additionally, as labels are not always well synced with
ictal activity, we add a tolerance before and after a hit
(i.e., 10 and 30 s) when checking for Fp.

By using the above metrics, we report sensitivity
(Sens) and FAR. Moreover, we also compute precision

(Prec) and F1 score, thus allowing comparison with
other SoA works. These metrics are defined as:

Sens =
Tp

Tp + Fn
, Prec =

Tp

Tp + Fp
(5)

F1 =
2 · Sens · Prec

Sens + Prec
, FAR =

Fp

total time
(6)

where total time corresponds to the total amount of
hours of data in the test set.
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4.5. Real-Time Execution Assessment

We assess our real-time implementation of AZC and
CLF feature extraction algorithms in terms of runtime
and memory requirements to process one EEG data
window of 1024 samples. Regarding the timing of the
application, we employ the data watchpoint trigger
component available on ARM microcontrollers to allow
us to count the cycles of the main clock elapsed while
processing each block of features. We configure the main
clock to its maximum value (i.e., 80 MHz). Furthermore,
the memory demands for each strategy are obtained
by combining the use of the CMSIS RTOS function
uxTaskGetStackHighWaterMark for stack usage with a
manual account of the allocated dynamic memory.

5. Results

We assess the AZC discriminative power by employing
the KL divergence on the probability distributions of
ictal and non-ictal EEG data. Figure 3 displays the
distribution of the KL scores for the CHB-MIT dataset.
The AZC features extracted for different approximation
thresholds exhibit KL scores higher than most of the
other features. For instance, three out of the five highest
median scores are from AZC features obtained with
different approximation thresholds (e.g., AZC for 64 µV
presents the second-highest median score). Only the
line length and mean amplitude present comparable
scores among the 56 CLF features. Meanwhile, features
commonly used in SoA works as power features (mainly
delta, theta, and alpha bandpower) present relatively
smaller scores, followed by Renyi, Tsallis, and Shannon
entropies. The remaining features achieved very small
discriminative power. In any case, those features with
lesser scores are still useful as they can improve
separability when combined with others.

Regarding the seizure detection assessment, as
specified in Section 3.2, we report results for a patient-
specific detection approach. Table 1 and Table 2
present the main detection results (i.e., sensitivity and
FAR). Overall, we observe that the AZC-based method
detected a higher number of seizures compared to the
CLF-based one: 102 and 194 against 99 and 161, for
CHB-MIT and SWEC-ETHZ, respectively. While, it
keeps a similar FAR/day of an average of 2.1 and 1.0
against 2.0 and 0.5, per day, respectively. Moreover,
Figure 4 shows the F1 score, sensitivity, and precision,
per subject, for both datasets and approaches tested
(i.e., AZC- versus CLF-based detection). AZC-based
detection outperforms the CLF-based one in average
performance values for most of the subjects. Overall,
71.4% of patients reached an F1 score greater than 70%,
with 84.8% of the tested seizures detected.

Finally, the embedded microcontroller implementa-
tion of the AZC feature calculates the six target features

in only 2.98 ms, against the 26.45 ms taken by the algo-
rithm to calculate 56 features. Finally, in terms of RAM
memory, the AZC algorithm demands up to 4160 bytes
while the CLF calculation takes 4774 bytes.

6. Discussion

The evaluated AZC features achieve higher median KL
scores than most of the other features (see Figure 3)
but also present a wide range of values. Those values
are obtained using all available EEG channels among
all patients. Thus, the lack of epileptiform activity in
some scalp regions may reduce the separability among
data. Moreover, ictal patterns vary greatly among
patients, and some patterns can be identified easier than
others [26]. Therefore, AZC could potentially achieve
higher discriminative power in case we employ a channel
selection approach per patient. Another limitation of
our work is related to the set of thresholds used to
calculate the AZC values. Regarding seizure patterns
difference among patients, a personalized selection of
thresholds might also boost AZC’s discriminativeness.

Nevertheless, the employed method for extracting
AZC features reaches very high performance in both
datasets (i.e., 25 subjects out of 42 achieve 100%
sensitivity, plus nine showing only one missing seizure).
Additionally, we also achieve a very low FAR/day: 2.1
and 1.0/day on average for CHB-MIT and SWEC-iEEG,
respectively. These results are achieved using only six
features per channel, as opposed to the 56 used in
the CLF-based method. Considering the simplicity of
the algorithm to calculate the proposed feature (i.e.,
AZC’s calculation is 8.8x faster than the CLF ones
and demands less RAM memory), these results support
our final goal of using AZC in resource-constrained
wearable devices for long-term monitoring of PWE.
Although of low complexity, the AZC feature presents an
intrinsic ability to capture changes both in time and in
the frequency domain. For example, by approximating
the EEG signal under different thresholds, we capture
changes in the amplitude of the EEG during an ictal
event [37]. Furthermore, the synchronicity of ictal-EEG
(that is, slow wave discharges at 3–5 Hz [37]) is also
captured by the proposed zero crossing count, while
the different thresholds increase the separability of the
ictal/non-ictal data.

More importantly, these results were obtained
using a particularly demanding TSCV methodology
for assessing the classification performance, where
models are trained on an incremental amount of
data. To the best of our knowledge, the proposed
TSCV approach has not yet been used for assessing
seizure detection methods based on EEG/iEEG. Due to
its interactive training manner, the TSCV approach
makes the assessment harder than other methods
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Figure 4. Performance metrics obtained with AZC-/CLF-based classification approaches, on both datasets.

commonly found in the literature, and it is not directly
comparable in terms of accuracy. Depending on the
available amount of seizures per subject and their
position in the acquisition timeline, most TSCV trained
models face an even higher data imbalance rate when
compared to LOOCV models. The lack of ictal data
can cause more misclassifications and false alarms,
as can be observed for some subjects’ timelines in
the supplementary material (e.g., chb03, chb07, id07 ).
However, TSCV maintains chronological data relations,
thus providing a more realistic assessment for long-term
seizure monitoring approaches.

The LOOCV approach may provide the closest
comparison when used to evaluate performance using
the whole dataset. For instance, [12] indicates high
sensitivity in the CHB-MIT dataset even for subjects
declared difficult. By using all seizures but one for
training, and by declaring a seizure detection based
on only one positive prediction, [12]’s method achieves
high sensitivity at the cost of a higher FAR. Although
not employing any post-processing, [12] indicates a low
average FAR of 3.12/day, which might be explained
by the fact that it was only assessed on files without
seizures. We report FAR for all tested data, including
post-ictal data and in-between sequences of seizures. For
instance, by avoiding files containing ictal data, FAR
values for chb12 are not realistic and not comparable
to the ones reported in this work (chb12 has only 11
files with zero seizures out of the 29 currently available).
Moreover, this work also reports a relatively high FAR
for subject chb24, which has not been included in [12].

A similar approach to classification performance
evaluation is used by [17] in its patient-specific
and hybrid models. The use of fully-connected
convolutional neural networks (CNN) trained in most

of the data available, but one record, produced models
with high sensitivity to ictal data, but using rather
complex architecture dependant on the tuning of 1000
hyperparameters. Besides the inherent over-optimistic
results associated to the LOOCV methodology, as
discussed above, by considering only one positive
classified window, the minimum need for asserting a
seizure detection, [17]’s sensitivity is reported as 100%.
Additionally, it also reports low average FAR but, once
more, calculated only on records not presenting seizures.
Thus, [17] did not assess FAR for all available data
and, more specific, it did not employ records with a
higher probability of presenting false-alarms due to
the proximity to true events (as can be seen in the
classification timelines of chb08, chb12, and chb15, in
the supplementary material).

Other works, such as [14], employ a generalized
model in their classification approach and are also not
directly comparable with our personalized approach.
Also using CNN, [14] reports fair metrics for CHB-
MIT in a per-window assessment approach (F1 score
of 0.59 ± 0.26) when employing 80% of each subject’s
first seizures to train its best model. Thus, this work’s
results corroborate the requirement of a higher amount
of ictal data to improve classification performance.

Regarding the SWEC-ETHZ iEEG dataset, the
sensitivity we obtained is similar to [15]’s (194 seizures
detected out of 217 versus 72 out of 92). However,
two remarks are relevant regarding the methodological
differences. First, [15] employs the concept of leading
seizures for subjects id08 and id14, thus reporting
results only for the very first seizure in the long sequence
of ictal activity observed in the data of subjects id08
and id14 (Figure 5 and Figure 6).This affects sensitivity,
as well as, FAR results for both subjects. Considering
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that those ictal periods are rather long (up to 10 hours
for id14 ), we decided to report results for all events.
Moreover, [15]’s FAR (average 1.44/day) is considered
overestimated as its post-processing is tailored per
subject, a rather data-dependent approach.

In relation to specific patient results, we would like
to draw attention to some patients that are regarded
as difficult cases. For instance, patients chb6 and chb16
are well known for their short seizures, i.e., 15.3 ± 2.9 s,
and 8.4 ± 2.3 s, respectively. Thus, they present less
ictal data for model training. Nonetheless, the AZC-
based detection still performs relatively well for chb6.
Such performance might be explained by chb06 ’s EEG
morphological pattern, which shows a decreasing signal
amplitude and increasing frequency during seizures. In
such a case, the approximation algorithm associated
with the AZC feature calculation approach would
further affect the zero-crossing counts, as illustrated
in Figure 1, thus increasing its discriminative power.
Another CHB-MIT particularity, pointed out in [12],
is that patient chb13 ’s non-ictal data contains short
bursts of rhythmic activity similar to its typical seizure
patterns. Hence, it introduces a confounding effect to
the proposed algorithm, which uses all available data
for training. At last, [26] reported the existence of three
unlabeled seizures in chb24 ’s data, immediately after
its second-last seizure, which could correspond to the
false positives shown in Figure 7 around the 11th hour.

Regarding the SWEC iEEG dataset, subjects id08
and id14 present a long-lasting cluster of ictal activity
labelled as various single events in sequence. As can be
seen in Figure 5 and in Figure 6, most of the missed
detection and false positives accounted for in both
subjects are closer to the cluster boundaries. In a real-
life application, such cases would be rather acceptable
as detections are close to true ictal events.

Finally, the use of a wide variety of features can
boost seizure detection in some cases. For example,
the CLF-based methodology detected more seizures
than the AZC-based one for some subjects (i.e., chb03,
chb20, id04 ), presenting lower FAR for seven subjects
from both datasets, as can be seen in Tables 1 and 2.
These results might be explained by the intrapatient
variability in seizure patterns and the presence of
various artifacts along the recordings, which requires
a fine-grained trained decision boundary to achieve
higher performance. However, the AZC-based approach
presents results on par for most of the subjects assessed.

7. Conclusion

In this work, we have introduced a new interpretable and
highly discriminative feature for long-term monitoring
of epilepsy, namely approximate zero-crossing (AZC).
Inspired by neurologists’ procedures in interpreting
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Figure 5. AZC prediction for SWEC subject id08.
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Figure 6. AZC prediction for SWEC subject id14.
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Figure 7. AZC prediction for CHB-MIT subject chb24.

and labelling EEG and iEEG data in clinical practice,
the AZC feature also targets to mimic how our
brain selectively picks prominent patterns among noisy
data. We have employed the KL divergence to show
AZC’s high discriminative power over a classical set of
features used in the SoA. Moreover, we have assessed
AZC performance in seizure classification using two
publicly available long-term datasets (i.e., CHB-MIT -
982.9 hours, and SWEC-ETHZ - 2656 hours). Overall,
an AZC-based classification method detected 102 and
194 seizures against 99 and 161, for the CLF-based one
(CHB-MIT and SWEC-ETHZ datasets, respectively),
with significantly less features (6 for AZC and 56 for
CLF). While, it kept a similar FAR/day, i.e., average
of 2.1 and 1.0 against 2.0 and 0.5, per day. Thus, the
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proposed AZC feature may contribute to developing
new methods for outpatient monitoring, particularly on
wearable devices, due to its low complexity and high
discriminative power.
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