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Abstract—In this paper it is shown that Reservoir Computing
can be successfully applied to perform real-time detection of
epileptic seizures in Electroencephalograms (EEGs). Absence and
tonic-clonic seizures are detected on intracranial EEG coming
from rats. This resulted in an area under the Receiver Operating
Characteristics (ROC) curve of more than 0.99 on the data that
was used. For absences an average detection delay of 0.3s was
noted, for tonic-clonic seizures this was 1.5s. Since it was possible
to process 15h of data on an average computer in 14.5 minutes
all conditions are met for a fast and reliable real-time detection
system.

Index Terms—epilepsy, real-time seizure detection, Reservoir
Computing, absences, SWDs, tonic-clonic seizures, neural net-
works, EEG

I. INTRODUCTION

Epilepsy is a neurological disorder of the brain where the
patient is disturbed by mostly recurring seizures. Around
1% of the world’s population suffers from this illness [1].
Although a cure for this disorder has not yet been found,
medication is in most cases sufficient to block the seizures.

To determine whether the applied medication is working,
a doctor needs to determine the remaining epileptic activity,
and thus also the seizures, on hours of recorded EEG data.
Especially in the case of absence epilepsy, where the number
of seizures is a very good indication, an automatic detection
system is highly desired. Additionally anti-epileptic drugs are
known for their side-effects. To avoid these side-effects one
could apply a closed-loop system, where the medication is
applied in real-time when a seizure occurs. A third application
of a fast and reliable detection system is as a warning system.
The environment of the patient can then be alerted when a
seizure occurs so they are able to help and protect the patient
in this unpleasant and dangerous episode.

In this study we show how Reservoir Computing (RC) can
be successfully applied to detect epileptic seizures on EEG
in real-time. RC is a training method for recurrent neural
networks where only a simple linear readout function is trained
for a randomly created network or reservoir.

The seizures of two different types of generalized epilepsy
are detected: absence epilepsy and tonic-clonic epilepsy. Spike
Wave Discharges (SWDs) are the EEG patterns that occur
when a patient with absence epilepsy is having a seizure. These
absences last from several seconds to a few minutes and are
generally very well treatable with medication. Tonic-clonic
seizures on the other hand are not as easily suppressed by

medication. They last from about a minute to even more than
15 minutes and consist of two phases as can be distinguished
in Fig. [3] In the tonic phase the muscles are strained followed
by convulsions in the clonic phase. Although the data used for
this study is intracranial rat data, it can be used as a model
for human data.

In section [[I] Reservoir Computing is explained. Section
describes the reservoir setup used to detect SWDs and evalu-
ates the results by a comparison in detection delay and ROC
curves with other methods. Section briefly describes the
similar setup used for tonic-clonic seizure detection and gives
the test results on the data set used. In the last section a
conclusion is drawn with a link to future work.

II. RESERVOIR COMPUTING

Reservoir Computing (RC) [2] is a very recent training
method for recurrent neural networks and is based on the Echo
State Network (ESN) approach which was presented by H.
Jaeger in 2001 [3]]. RC, which has been shown to render very
good results at speech recognition [4], greatly simplifies the
training of recurrent neural networks. To generate an output,
a linear readout function is attached to a randomly created
recurrent neural network, which is called a reservoir, and only
the weights of this function are trained. This way the known
stability issues of RNNs are easily avoided as well as the long
training time [3]].

The RC concept is shown to work with several types of neu-
rons: spiking neurons, analog neurons... For this study Leaky
Integrator Neurons [6] are used. These are basic hyperbolic
tangent neurons followed by a simple first order lowpass filter.

The operation of the reservoir can be described as follows:
If we use x[k] to represent the current activation for each of
the neurons in the reservoir we can calculate the next reservoir
state x[k + 1] using the following equation:

x[k+1] = (1—7)~X[k‘}—&—’y-tanh(Wmsx[k]-I-W;;f;u[k]—i—W&Zi)

TEeSs

In this equation 7 represents the leak rate and is used to set
the cutoff frequency of the lowpass filter in the neurons, u[k]
is the input vector and W represents the randomly generated
weight vector from layer a to b. To generate the output y[k]
the following equation is used:

y[k] — Woutx[k] 4 Wout

res bias

Here §[k] is used instead of y[k] because the latter is often
used as the desired output. In these previous equations only
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Weout and WUt are trained for which in this study a ridge
regression based algorithm was used.

To render good results the reservoir itself is just slightly
tweaked [S]. For W77 and W/F% the optimal connection
fraction is determined. This factor states the percentage of
weights that are not zero. The processing power of reservoirs is
greatest when it operates at the edge of stability [7]. Therefore
the spectral radius (the largest absolute eigenvalue) of W57
is scaled together with W;"". The elements in W% are all
equal to 1 and are also scaled. These connection factors and
scaling parameters together with v are optimized by a Monte-
Carlo simulation to get statistically relevant results.

Before presenting the data to the reservoir, it is preprocessed
to gain better results. Therefore the detection system has
for each of the seizure types a specific though simple
preprocessing step, which will be discussed in the relevant

sections.

III. SWD DETECTION
A. The reservoir setup

As preprocessing, the best channel is manually selected
from the EEG and resampled from 200Hz to 100Hz. For each
of these datasets the mean absolute value is determined. This
value is used as a scaling factor which results in a mean
absolute value of 1 for each of the datasets.

As shown in Fig.[T]an absence seizure has a main frequency
around 8 Hz and several harmonics. The best results were
obtained by using the absolute values of the following signals
as input for the reservoir: the first derivative and the frequency
bands around 8, 16 and 24 Hz.

EEG-signal
0

(o8]

Frequency (Hz)

Time (s)

Fig. 1. Absence seizure (A) with its frequency content (B). An absence
seizure has a main frequency around 8Hz and several harmonics. These
harmonics together with the first derivative are used as input to the reservoir.

The reservoir that is used consists of 200 neurons which
are randomly connected to the input layer and each other with
a connection fraction of 90%. For the spectral radius of the
reservoir 1.3 was used and the connections from the input to

the reservoir are scaled up to 1.6. These values might seem
unstable (see section |H[) but due to the bias (of 2.8) and the
non-linearity in the neurons this results in stable reservoirs that
operate in the highly non-linear area of the hyperbolic tangent
functions. The optimal value for the leak rate was found to be
~ = 0.06.

As training the output weights were optimized to generate
an output of 1 when the considered sample is part of a seizure
and -1 in the opposite case. To classify the output a simple
threshold is used. If an output sample is higher than the
threshold it is considered part of a seizure, in the other case not
part of a seizure. To gain better results, this binary output is be
post-processed: a sample is considered part of a seizure if the
output is above the threshold for more than 300 consecutive
samples (3s).

B. Evaluation

A comparison was made with three other detection methods
for SWDs. The first one was presented by Van Hese et al.
in [8]] and considers the energy in an EEG signal to distinguish
between normal EEG and a seizure. The second method
was presented by Westerhuis et al. in [9] and uses the first
derivative of the EEG to detect seizures. The last one was
presented by Fanselow et al. in [10] and uses the amplitude
of the EEG signal. All three methods use intervals in which
the EEG signal is tested and state that a seizure has to last at
least a certain amount of intervals. To make a fair comparison
the length of these intervals was optimized on the same data
as was used to train the reservoir.

In order to generate ROC curves the specificity and sensitiv-
ity is measured for each threshold value between the maximum
and minimum output value. In ROC curves sensitivity is
plotted versus specificity and thus the higher the Area Under
Curve (AUC) the better the performance.

Every result is based on the output of the complete dataset,
in total 15 hours and 17 minutes of EEG-data coming from
13 different Genetic Altered Epilepsy Rats from Strasbourg,
GAERS rats [[L1]. The data contains seizures that last from
about 8 seconds to a little more than 2 minutes with a
frequency of about 1.5 seizures every minute. The reservoir
and the intervals are trained on only 10% of this data which
was enough to achieve good results. For testing all data was
used.

In Fig. 2] the ROC curves are shown for the three methods
together with the presented Reservoir Computing approach.
It is clear that previous work is outperformed by the method
using Reservoir Computing which results in a maximum AUC
of 0.992.

The detection delay is defined as the time needed for the
reservoir output to become higher than the threshold value
after the start of a seizure. To make this consistent the
threshold value for which specificity and sensitivity are equal
(the Equal Error Rate or EER point) is used. Since the methods
used for a comparison are not created with the intention to
detect in real-time, they don’t perform well on detection speed.
All methods including the presented method resulted in a
detection delay of more than 3 seconds. This is mainly because
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Fig. 2. ROC curves showing the better performance achieved using Reservoir
Computing with a AUC of 0.992. The method by Van Hese et al. results in
a AUC of 0.906, the method by Westerhuis et al. in a AUC of 0.910 and the
method by Fanselow et al. in a AUC of 0.956.

they all use a similar post-processing method. If however this
post-processing step is abandoned, rather interesting results
are achieved for RC and the method by Fanselow et al. The
presented method then results in an AUC of 0.987, which
is just slightly lower than 0.992, with an average detection
delay of 0.3 seconds and 0.2 standard deviation. The method
by Fanselow without post-processing results in an AUC of
0.936, instead of 0.956, an average detection delay of only
0.24 seconds and with a standard deviation of 0.3 seconds.

Just to show the processing power of a single reservoir
the surface without pre- and post-processing was determined.
Because EEG can differ much in amplitude, the data was
however only rescaled as explained before. This simplification
resulted in a AUC of 0.977. Even this outperforms the results
achieved by the other methods.

IV. DETECTION OF TONIC-CLONIC SEIZURES
A. The reservoir setup

Although tonic-clonic seizures create a very different pattern
in the EEG, as shown in Fig. @A, these seizures can be
detected with almost the same setup as for SWDs. As shown
in Fig. [3|B, the frequency content doesn’t contain the same
harmonic structure as SWDs. Still it is clear that the higher
frequency bands contain the most information.

For this type of seizures four channels were used instead
of one. Each of them was again resampled, from 500Hz to
100Hz, and rescaled by dividing by its mean absolute value.
To separate the high frequency content the simplest first order
high-pass filter, the first derivative, is applied to all four of
them.
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Fig. 3. Tonic-clonic seizure (A) with its frequency content (B) which doesn’t
show a main frequency for the seizure. The slow decay of the generated output
(C) illustrates the slowness of the reservoir.

To optimize the parameters we started from the same
reservoir of 200 neurons as used in the previous section.
The only setting that differed much from the previous setup
was the leak rate. A clearly lower optimum was achieved for
~v = 0.003, which results in a lower cutoff frequency for the
lowpass filter. A post-processing method wasn’t used in this
setup.

Fig. B]C shows the output generated on the seizure plotted
in Fig. B]A. The figure illustrates that a low threshold (about
-0.5) is needed to get good results and that most false-positive
results have their origin in the slow decay of the output after
the seizure. This was not the case with SWDs and is caused by
the lower cutoff frequency of the lowpass filter in the neurons.
A lower cutoff frequency results in a slower change in neuron
activations and thus a slower reservoir.

B. Evaluation

In total 4 hours and 23 minutes of data of 4 different rats
was used. The shortest seizure, shown in Fig. @A, lasted
about 40 seconds, the longest a little less than 12 minutes.
This is remarkably longer than SWDs. Since the data studied
contained only one tonic-clonic seizure every 40 minutes only
the seizures together with some non-seizure data before and
after the seizure were cut out of the data. This resulted in 20%
seizure data and 80% non-seizure data. Only 20% of the total
data set was needed for training to get good results, the other
data was used to test the performance.
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An average AUC of 0.993 was achieved with a detection
delay of on average 1.5 seconds. In 85% of the cases the
seizures were detected within 3 seconds. This is a factor 5
slower than with SWD detection but still quite fast. To be
used in a closed-loop environment the detection system needs
to be be able to detect in less than a second and even be
able to predict the seizures in order to suppress them with
fast-working medication.

V. CONCLUSION AND FUTURE WORK

We have shown that it is possible to detect absence and
tonic-clonic seizures on rat data with Reservoir Computing in
a very reliable way. For both seizure types it resulted in a
surface under the ROC curve of more than 0.99. Therefore
it can be used as a reliable aid to evaluate EEGs where the
amount of seizures needs to be determined.

The proposed method is not only reliable, but it is also fast:
85% of the tonic-clonic seizures are detected within 3 seconds.
Absences were detected with even less delay. Here 85% of the
seizures were detected within 0.5 seconds.

Both conditions, reliability and low detection delay, enable
the use of Reservoir Computing in a real-time warning or
even a real-time treatment system for absence epilepsy in
rats. However to achieve the same for tonic-clonic seizures
more research needs to be done to further reduce the detection
delay. Although good results were achieved for rat data, it
is also paramount to test this system on human data before
considering a real-time warning or treatment system.

In order to thoroughly evaluate the presented method it is
necessary to compare the given results with more methods than
the ones used here, certainly for tonic-clonic seizures where
no comparison was made. Also a larger data set is needed for
a better comparison.
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