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Abstract
70 million people are affected by epilepsy which is the most 
common chronic neurological disorder worldwide. about 70% of 
patients can expect an effective seizure control with medication. 
the realization of an implantable device capable of detecting 
impending seizures, warning patients and rendering some kind 
of treatment would be of great benefit. In this contribution, a brief 
history of epilepsy and an introduction to terminology and symp-
toms are given followed by a short summary of current research 
going on in the field of seizure prediction. afterwards, an intro-
duction to cellular nonlinear networks (cnn, a paradigm for 
high speed computation) is given and finally a presentation of 
4 different cnn based approaches to epileptic seizure predic-
tion will convey a vision of the methods possibly used one day 
on an implantable seizure warning device.
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I. Patient Stories

A.

JA is a 45 year old man with a history of complex 
partial seizures since the age of 15. He has had a 
febrile seizure as an infant at age 18 months, but 

then developed normally. At age 25 he began to have 
staring spells during which he hummed, smacked his 
lips and wandered around the house. He was evaluated 
and no clear cause was found. He was treated with a 
number of medications, but his seizures continued to 
3–4 times per month. JA eventually married, but never 
finished college. His seizures were too disruptive. He 
worked briefly at various odd jobs, but was never able 
to keep one for very long because of his epilepsy. He 
was followed at a local epilepsy center and enrolled in 
over 6 experimental trials of antiepileptic medication, 
none of which helped his seizures. As an adult JA mostly 
stayed at home, fearful of when his seizures might 
strike, because they would cause him to wander out of 
the house and into the streets in the neighborhood. He 
injured himself frequently, tripping, falling, and suffered 
fractures, burns, and lacerations. At age 35 JA was eval-
uated at a region epilepsy center and referred for sur-
gery to remove part of his temporal and frontal lobes. 
Seizures were slightly worse after the surgery, and his 
behavior became impulsive. 

Because of his wandering and the unpredictability 
of his seizures JA, now 46, locks himself in the house 
every day when his wife leaves for work. He puts 
the key in a series of four locked boxes, because he 
feels that these will be too complicated for him to get 
through to let him outside of the house during seizures 
and after then, during his period of post-seizure con-
fusion. He continues to have impulsive behavior and 
4–6 seizures per month.

B.
CL is a 30 year old single mother of 3 who lives alone 
with her children and has a 20 year history of sei-
zures that come from both temporal lobes. She has 
been tried on seven different medications, each of 
which caused different side effects, but continues to 
have 2–4 seizures per week. Most of her seizures are 
staring spells lasting up to 2 minutes, but she has 2–3 
generalized convulsive seizures per month, which 
have caused her to bite her tongue severely. CL has 
been unable to work since after high school and lives 
on social security and disability in public housing 
with her children. As early as 5 years of age her old-
est child learned seizure safety and to call 911 for an 

ambulance when “mommy” did not awaken after a sei-
zure for 10 minutes. CL has suffers several episodes of 
continued seizures, status epilepticus, for which she 
has been hospitalized each of the past 3 years. These 
illnesses have been followed by post-ictal psychosis, 
marked by hallucinations, delusions and confusion, 
and which have required hospitalization for several 
weeks at a time. CL’s children have been placed into 
foster care on one occasion because of these episodes 
and her frequent events. CL has no warning before her 
seizures and cannot call for help. Her life is severely 
restricted and she relies on friends to help her shop, 
take her children places and to conduct many activi-
ties of daily living. Two years ago CL underwent 
intracranial electrode placement to evaluate her for 
epilepsy surgery, but was found not to be a candidate 
because the seizures were found to arise equally from 
both temporal lobes. CL has suffered from depression 
and contemplated suicide, but is getting therapy for 
this. She is currently taking experimental medication 
which is not controlling her.

C.
VJ is a young mother of 1, a nurse, and was born into 
a family in which she, her father and one sister have 
seizures. She has had these events since elementary 
school. Seizures come in flurried once or twice a month 
that can last all day. VJ has mild seizures that do not 
affect her awareness and warn her of bigger episodes, 
sometimes hours in advance. Because of this warning 
VJ has been able to drive and pull off the road when 
she feels a seizure coming on, she has been able to 
finish her nursing degree, work and have a child. VJ’s 
seizures were not well localized on MRI scan or EEG 
and it was determined that surgery might contain more 
risk for her than potential benefit. It is thought that VJ’s 
seizures come from her motor speech area, because 
she is alert but cannot speak during her mild events. 
VJ has been tried on 8 medications during her lifetime 
and none have controlled her completely. She currently 
takes 3 medications, which make her tired and sluggish 
in the morning, but she is grateful to be able to lead 
some semblance of a normal life. She states that know-
ing when her seizures are going to occur has enabled 
her to plan around them, and have a career, family and 
social life.

II. Epilepsy
Worldwide about 70 million individuals are affected 
by a neurological disorder named epilepsy. It is not 
limited to certain ages or groups; anyone can get 
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epilepsy at any age. Epilepsy is not a specific disease, 
but it is known as a disorder of a brain characterized 
by recurrent seizures, i.e., the enduring predisposi-
tion to generate epileptic seizures and their associated 
consequences [78]. Epileptic seizures are the clini-
cal manifestation of transient abnormal excessive or 
synchronous neuronal activity in the brain. The large 
variety of different kinds of seizures can be catego-
rized into focal (partial) seizures which originate and 
remain in a circumscribed area of the brain and into 
generalized seizures involving almost the entire brain 
[15]. A more detailed classification of seizures has been 
published in 1970 by the International League Against 
Epilepsy (ILAE) being updated in 1981 by a second 
classification scheme generally accepted up to now. A 
report about a further revision of the terminology and 
concepts for organization of seizures and epilepsies 
has been given by the ILAE [4] in 2010. Focal seizures 
can be simple or complex, where consciousness and 
memory is not impaired during simple partial seizures. 
On the other hand, an alteration of consciousness and 
memory can be observed for complex seizures. Very 
often patients have an aura, i.e., a seizure warning e.g., 
in the form of distorted sensory perceptions or in the 
form of a familiar feeling: a déjà vu event. Furthermore, 
many patients (about 75%) show automatisms during 
complex seizures with automatic fragments of different 
forms of activity including lip smacking, swallowing, 
chewing, and licking motions but also walking around 
aimlessly and/or absurd and/or aggressive behavior. 

A focal seizure can spread over the entire brain leading 
to a tonic-clonic seizure, i.e., it evolves to a secondarily 
generalized seizure. In comparison to this develop-
ment, from the beginning large brain areas are affected 
in primarily generalized seizures which may be divided 
into different categories given in Fig 1. In a generalized 
tonic-clonic seizure, which was previously called grand 
mal seizure, the majority of seizures start with a loss 
of consciousness and a sudden tonic activity, where 
the body becomes rigid (stiffening of muscles) and the 
patient falls to the ground. There is a cry or moan if 
respiratory muscles are contracted in the tonic phase. 
In this period or in the postictal phase1 incontinence 
[73] can occur. The rigidity then evolves into a gen-
eralized jerking—the clonic phase. Frequently cyano-
sis, salivation, and tongue biting [14] can be observed 
during a seizure. Consciousness slowly returns after 
a variable time period in the postictal phase followed 
by a recovery phase lasting from minutes to hours. A 
detailed description of other types of generalized sei-
zures can be found in [14], [73].

III. History
Written more than 3000 years ago, an Assysrian-Baby-
lonian text for the first time provides a description of 
some seizure phenomena. It is known that also physi-
cians of China and India were familiar with epilepsy in 
this time period. The word epilepsy is derived from the 
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Figure 1. classification of epileptic seizures according to the International league against Epilepsy (IlaE), 2010.

1The period after a seizure.
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Greek verb epilamvanein [14] meaning “to be seized,” 
“to be taken hold of,” or “to be attacked,” as a conse-
quence of the Greek’s belief that an individual having 
a seizure—usually believed as a punishment—is pos-
sessed by a god or a spirit. Although, it was believed in 
common that epilepsy is as sacred disease, Hippocrates 
(c. 460-377 BCE) underlined in his famous treatise On 
the Sacred Disease [33] that it has nothing to do with 
spirits and demons. Especially he suggested that sei-
zures are originated in the brain. Unfortunately, his 
work had a small influence on the general belief only 
that epilepsy is caused by supernatural forces. While 
for a very long time no significant progress had been 
made, Thomas Willis (1621–1675) [14] suggested that 
epilepsy is originated in the brain but in the form of “ani-
mal spirits” moving from the brain to peripheral nerves. 
He believed that a centripetal movement of an animal 
spirit could lead to an explosion in the brain resulting 
in a convulsive epileptic seizure. Further progress was 
based on the work of Luigi Galvani (1737–1798), who 
discovered that a frog muscle could be made to con-
tract by electricity. In a long term controversy Ales-
sandro Volta (1745–1827) disputed his interpretation 
of obtained results. It was not before the 19th century, 
however, that the belief in supernatural forces faded out 
and new theories have been developed. Robert Bentley 
Todd (1809–1860) collaborated with Michael Faraday 
(1791–1867), an outstanding pioneer in electricity, and 
he firstly recognized the role of electrical discharges in 
epilepsy. Tremendous efforts have been made by John 
Hughlings Jackson (1835–1911) in clinical observations. 
In 1870 he emphasized [39] that “A convulsion is but a 
symptom, and implies only that there is an occasional, 
an excessive, and a disorderly discharge of nerve tis-
sue on muscles.” Furthermore, following his ideas about 
cerebral localization [79], the nervous system has a 
three level hierarchical structure where each element 
of the lowest level represents a certain body part. The 
view of a localized representation of motor functions 
was supported by experiments of Fritsch and Hitzig 
[24] which were published in 1870. They found that 
stimulating motor cortex in dogs immediately resulted 
in motor responses, which muscles twitched depend-
ing on the placement of the stimulating electrodes. 
Especially, Richard Caton (1842–1926) observed in his 
animal experiments electrical activity of the brain and 
discovered that brain stimulation will lead to an elec-
trical response of the brain, i.e. an evoked potential. 
With his results he provided an important basis for the 
work of Hans Berger (1873–1941), the inventor of elec-
troencephalography. The discovery of Berger described 
in his famous publication [5] in 1929 can be regarded 
as a historical breakthrough and an important step to 

modern clinical technology. It was a long winding road 
from myths and demonizing to a better understanding 
of epilepsy based on research.

IV. Seizure Prediction
The development and implementation of methods 
allowing a reliable prediction2 of epileptic seizures has 
been addressed in numerous investigations starting 
about 1975. A fascinating vision might be the realization 
of a small warning system improving considerably the 
life quality of patients by preventing them from injury 
and removing the uncertainty of a sudden seizure onset 
at any place and/or time. Despite tremendous efforts in 
the past 5 decades [6] which had led to clearly improved 
therapies based on antiepileptic medications, at least 
for 30% of patients an effective control of seizures can-
not be provided by antiepileptic drugs. Furthermore, 
the application of seizure prediction could lead to 
reduced side effects as, e.g., sedation and clouded 
thinking, if on-demand short-acting drug release and 
electrical stimulation [49] could be envisaged. It can be 
envisioned that a warning system detects a pre-seizure 
phase and afterwards trigger a certain treatment in 
order to stop the seizure generating process. Finally, 
research in the context of developing seizure predic-
tion systems will lead to an improved understanding of 
mechanisms and phenomena in epilepsy.

For a long time it has been believed that there is no 
transition from an interictal3 phase to a seizure, i.e., the 
seizure onset has been regarded to be an abrupt phe-
nomenon. Recent [66] results of different investigations 
give evidence that at least for certain seizures a transi-
tion before a seizure onset can be detected by analyzing 
signals of an electroencephalogram (EEG)—in the fol-
lowing called EEG signals for the sake of simplicity [53]. 
For example, following Lehnertz et al. [49], a seizure-
initiating process in a focal epilepsy can be regarded as 
a process of an “increasing number of critical interac-
tions between neurons in a focal region and connected 
units in an abnormal functional network unfold over 
time.” Though the prediction problem has been treated 
for a long time in many investigations, up to now there 
is no method allowing an automated seizure prediction 
with sufficient sensitivity and specificity required for 
broad clinical application. Especially, usually the devel-
opment and performance evaluation of methods will be 
performed retrospectively by analyzing signals of EEG 
recordings with known seizure onsets. However, clinical 
usefulness and reliability should be proved in blinded, 
prospective, and randomized trials.

2In literature anticipation or forecasting will be used as well, despite 
their different meanings, for tackling the same problem.
3The time period between seizures.
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Various univariate and multivariate features of EEG 
signals involving linear and nonlinear methods have 
been derived and applied for seizure prediction. Usu-
ally, a measure as an EEG characterizing quantity will 
be determined in a retrospective analysis by using 
segmented data of one (univariate) or more (multivari-
ate) positions of intracranial EEG recordings4. A typi-
cal implantation scheme is shown in Fig. 2. Typically, 
time series are obtained consisting of values of EEG 
characterizing quantities which are studied, in order to 
determine changes in the temporal evolution, undoubt-
edly aimed to uncover the development to a pre-seizure 
state. Some linear and nonlinear features which have 
been studied for seizure prediction are given in Table 1. 
In recent work [11], [20], [21], [30], [70] combinations 

of different methods have been applied to improve the 
seizure prediction performance.

Promising candidates for EEG feature extraction as 
well as for an envisioned realization of a miniaturized 
seizure warning system are Cellular Nonlinear Net-
works (CNN). Since CNN have been proposed by Chua 
et al. [9], these networks have been developed into a 
paradigm for universal high-speed computation. Gener-
ally, they consist of locally coupled dynamical systems 
which may exhibit different nonlinear phenomena as 
wave propagation (e.g., solitons [19], autowaves, spiral 
waves, and scroll waves [10]), oscillations of coupled 
oscillators [65], and spatio-temporal chaotic behavior. 
Moreover, it is known for a long time that CNN are well 
suited to solving PDE [26], [76]. According to Chua [10], 
a CNN is defined by: 

1) “A spatially discrete collection of continuous 
nonlinear dynamical systems called cells, where 
information can be encrypted into each cell via 
three independent variables called input, thresh-
old, and initial state.”

2) “A coupling law relating one or more relevant 
variables of each cell Cij to all neighbor cells Ckl 
located within a prescribed sphere of influence 
Sij(r) of radius r, centered at Cij.” 

An illustration of the CNN coupling structure for r 1=  
is given in Fig. 3. Numerous investigations are based on 
translation invariant state equations like

t x t a y t b u t zx , ,
, ( )

, , , ,i j i j
k l r

k l k l k l k l
N ,i j

=- + + +
!

/o ^ ^ ^ ^h h h h

of the so-called Chua-Yang model [9]. Here, xij(t) 
denotes the state, yij(t) is the cell output, and uij(t) 

Table 1. 
Linear and nonlinear features for seizure prediction.

Univariate Measures Multivariate Measures

Short-term fourier transform [29], [31] Synchronization [57] 

Accumulated energy [34], [35], [40] Nonlinear interdependence [42], [43], [44] 

Autocorrelation and autoregressive modeling [11] Autoregressive measures of synchrony [11] 

Statistical moments [54] Phase synchronization [7] 

Correlation dimension [46], [47], [48] Dynamical entrainment [35] 

Correlation density [56] Similarity index [51], [52] 

Kolmogorov entropy [12] Simulated neuronal cells [70], [78] 

Dynamical similarity index [50], [59] Linear and nonlinear prediction by cellular nonlinear network 
[27], [60] 

Loss of recurrence [62], [63] System identification by cellular nonlinear networks [27] 

Lyapunov exponent [36], [37], [38] 

Figure 2. typical example of an implantation scheme.

4Today, studies are mainly based on intracranial EEG recordings obtained 
in clinical evaluations of patients for resective surgery. 
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represents the input of a cell Cij. The neighborhood of 
Cij is given by

( ) : , ,  ,maxr C k i l j r k M j1 1 NN , ,i j k l # # # # #= - -^ h" ,

and usually the cell output by

y t f x t 2
1 x t 1 x t 1 .i,j i,j i,j i,j= = + - -^ ^^ ^ ^^h hh h h h

Especially, by endowing a CNN cell [69] with local ana-
log and logic memory, communication circuitry and 
units, a so-called CNN universal machine has been 
invented. In the following years, several CNN based 
miniaturized realizations with stored programmability 
have been developed. For example, recently the EyeRis 
1.3 system, the MIPA4k, and SCAMP-5 have been intro-
duced which are sensor-processor systems for high 
speed vision. Details of these systems can be found 
elsewhere [13], [64], [68]. Applications of CNN can be 
found in a wide range of interdisciplinary research 
including image and video processing, the realization of 
bio-inspired and nanoscale systems, and feature extrac-
tion in epilepsy [1], [2], [3], [23], [25], [27], [45], [67], [77]. 
Miniaturized CNN realizations may provide a technol-
ogy to integrate to a large extend all necessary process-
ing steps, e.g., multi feature extraction, classification, 
and to trigger different stimulation techniques, towards 
an implantable medical device.

In several investigations [8], [27], [42], [43], [44], 
[60], [61], [74] CNN have been considered for feature 

extraction in epilepsy. It has been shown that the cor-
relation dimension approach can be transferred to CNN 
[45] with nonlinear weight functions. Furthermore, CNN 
have been used for the estimation of nonlinear interde-
pendencies [43], [44] and phase synchronization [74]. 
While in these investigations CNN versions of existing 
feature extraction methods have been determined and 
analyzed in detail, a new data based identification by 
CNN has been proposed by Gollas et al. [27]. Further-
more, promising results have been obtained by applying 

uij

z

xij

Figure 3. Illustration of the cnn coupling structure for .r 1=
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Figure 4. scheme of cnn based signal prediction. 3K =  values of 3 channels are used for the prediction of a signal value ( )x nit  
with values of channel ( )x ni  also used in the prediction.
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a multivariate nonlinear prediction of EEG signals [60], 
[61]. The distinct feature of all these investigations is 
that they are based on CNN with polynomial weight 
functions which are defined according to

( ( ))x t x t y t u t zPP, ,

,

, , ,i j i j

k l r

k l kl k l k l
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=- + + +
!
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p

P
k l p k l

p
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=
=

/^^ ^hh h6 @

In the following, the multivariate signal prediction, 
the system identification, and correlation dimension 
approach based on CNN shall be described.

The results discussed here were obtained using a 
data base of both long term and short term intracranial 
EEG recordings of more than 20 patients suffering from 
focal temporal lobe epilepsy. All of the recordings were 
acquired in presurgical diagnostics at the Clinic of Epi-
leptology in Bonn. They are sampled at 200 Hz and have 
been taken from up to 53 electrode channels. Long term 
recordings usually cover about 100 h of nearly continu-
ous EEG recordings containing between 4 and 10 sei-
zures for each patient.

V. Spatio-Temporal Signal Prediction 
in Epilepsy by Delay-Type Discrete-Time 
Cellular Nonlinear Networks (DT-CNN)

In this approach, DT-CNN is used to process EEG 
signals as shown in Figure 4. EEG signals recorded 
from different locations of the brain are divided into 

quasi-stationary segments of 5 s to 10 s lengths, which 
for our data means 1000N =  to 0002N =  values each. 
Those segments are then processed by DT-CNN fol-
lowing the state equation5

,pl ,x( )x n a n k , i
p

P
p

1 1

K
= -

m l

m m

= =

// /t ^ h

where J signal values of K electrode channels are used 
to predict values of a certain channel xi that may or may 
not be included within those channels. The polynomial 
order of the prediction can be varied and is denoted by 
P. For each value of the segment, one iteration of the 
DT-CNN is carried out. The example in Figure 4 shows a 
prediction using 3J =  values of 3K =  channels for the 
prediction of a signal value ( )x nit  with values of channel 

( )x ni  also used in the prediction.
This can be done by introducing a supervised opti-

mization process [60], applying a wide variety of opti-
mization strategies, in regard to the root relative mean 
square error of a signal segment given by

( ( ))
.e N x

x n x n1
n

N

i

i i

1
2

2

=
-

=

/
t ^ h

Additionally, by introducing correlation functions of two 
time series ( )x ni  and ( )x nl  as

, ,n m E x n x m ,i l i l} - =^ ^ ^h h h" ,

the predictor coefficients a can be derived by solving 
a linear equation system [27], [72], given by ,M a$ W=  
where M  is a matrix containing correlation functions, a 
represents a coefficient vector and W is a vector contain-
ing cross correlation functions of each channel used for 
the prediction and the channel that is predicted.

0.5

0.4

0.3

0.2

0.1

e

0
1:25 2:50 4:15 5:40

t/h

7:05 8:30 9:55 11:20

Figure 5. root mean square error e for a recording with three seizures (vertical black lines). e increases toward the seizure and 
exceeds the interictal mean (dotted blue line).

5For the sake of simplicity, the cell index i will be used instead of i,j.
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This predictor has been studied in detail by varying 
polynomial order, prediction order and different neigh-
borhoods. It has been discovered that even with a very 
simple linear predictor which only considers signals 
of neighboring electrodes and a time delay of one, a 
very interesting behavior of the predictor prior to a sei-
zure can be found. Before each of the seizures a sharp 
increase of the prediction error followed by a drop after 
the actual seizure could be observe. Figure 5 shows 
an example recording depicting this kind of behavior 
within an EEG recording of about 12 hrs length. The 
error e over time is given as a light green line. Addition-
ally, the interictal mean value for recordings without a 
seizure is given as a blue dotted line. Red lines show 
temporary means that clearly are above the  interictal 
means for 2 hrs previously to the 2nd seizure and 50 min 
before the 3rd seizure. The rise of the mean error indi-
cates a seizure that occurred directly after the end of 
the recording depicted followed by a pre-seizure period 
of 2 h and 45 min. This kind of behavior has been found 
for many analyzed patients with varying strength of 
significance in terms of possible indicators of a pre-
seizure state and which also depends on the location of 
the channel used for the prediction [27], [60]. Current 
research now focuses on the choice of channel combi-
nations which potentially show distinct changes prior 
to a seizure. It is assumed that the coupling of chan-
nels from different regions of the brain varies with time. 
Since an epileptic seizure is characterized by a change 
of synchronization of various regions of the brain, a 
change in the coupling of channels recorded at differ-
ent locations might indicate a pre-seizure state [71].

To evaluate the significance of all measures discussed 
here [58], two methods of statistical evaluation have 
been applied. Firstly, the so-called AUC value, a measure 
taken from an approach well known as receiver-operating 
characteristics (ROC) analysis, has been calculated [18], 
[75]. The AUC value of 0.5 indicates a measure that is 
equal to (uniformly distributed) chance, a value larger 

than 0.5 indicates that a measure is capable of discrimi-
nating between an interictal and pre-seizure state. Addi-
tionally, 19 sets of so-called surrogate data are generated. 
Different approaches to the generation of such data have 
been proposed by various authors [22], [58]. Here, we 
used surrogate data in which the onset times of seizures 
have been arranged in a random manner [41]. Results of 
any method were considered to be significant only if all 
AUC values obtained from surrogate data are lower than 
those of the actual patient data. An example of such sta-
tistical evaluation of a CNN based signal prediction in 
which 3 neighboring electrode channels were used for 
the prediction is shown in Fig. 6. On the left, the error dis-
tributions of the error e of interictal periods (green) and 
pre-seizure periods (red) are depicted for a seizure pre-
diction horizon of .h 60 min=  The center image shows 
the ROC curve of the measure (red) which is clearly 
above the green line depicting an AUC value of 0.5. On 
the right, AUC values of all 19 surrogate data sets (green) 
and the AUC value of the real data (red) is given. Even 
though some AUC values obtained from surrogate data 
rise above the value of 0.5, the AUC value obtained for 
the real EEG recording is clearly larger than the  largest 
value obtained for surrogate data [27].

VI. Identification of EEG-Signals by CNN
The modeling of neuronal systems in general and espe-
cially of activity associated with epilepsy has been a 
vital topic of research of various groups [55], [80]. In 
our approach, the aim is to find a model with complex-
ity as low as possible which nevertheless can be used 
to model the transition of the dynamical system under-
lying EEG signal evolving from interictal pre-seizure 
activity. In order to derive a CNN based model of brain 
activity, we used so-called Reaction Diffusion CNN (RD-
CNN) which have been shown to be able to display a 
wide range of complex behavior. We used polynomial 
coupling functions capable of representing a wide 
range of nonlinear behavior by means of a power series 
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expansion [28]. The CNN state equation of a layer l of 
such a CNN with L layers in total is given by 

x f x t , x t , x t x t D x t .l,i l l,1 l,2 l,3 l,L l
—2

lf d= +o ^ ^ ^ ^^ ^h h h hh h

Regarding the identification of brain electric signals, no 
underlying system can be derived directly. Therefore, a 
concrete representation of the functions f ( )l $  has to be 

found using an optimization pro-
cess. Taking into account only 
local couplings, a power series 
representation of the functions 
can be assumed as

f

.P P P

l

l,l l,l 1 l,l 1

$

$ $ $

=

+ +- +

^
^ ^ ^
h
h h h

Figure 7 shows a scheme of the 
identification process using CNN. 
Quasi-stationary segments of 
EEG signal recordings of up to 
10 s length have been used. Then, 
a parameter optimization with 
regard to the relative root mean 
square error is carried out. This 
again leads to time series of CNN 
parameters and error values e that 
can be analyzed in order to find 
distinct changes prior to a seizure.

Figure 8 shows typical results 
of such a process for a CNN of 
polynomial order .P 3=  The 
result of an identification pro-
cess of a CNN following the state 
equation of

( )x t a x D x tl

p

P

p i
p

i
1

3
2d= +

=

=

/. ^ h

is shown along with the estimated values of a CNN 
based linear signal prediction [27]. Error values vary 
slowly over time and even though—in case of the left 
example—error values of the linear signal prediction 
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Figure 7. scheme of the cnn algorithm for blind identification of EEg signals using 
rd-cnn. neighboring channels are mapped onto neighboring cells. then, a cnn 
parameter set capable of modeling the dynamics of the underlying the EEg signal 
segment is obtained.
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are slightly lower than for the identification of CNN, in 
general satisfying results have been obtained.

Table 2 gives an overview of the influence of the 
polynomial order of both cell feedback and neighboring 
couplings of a cell to the mean square error. As the 
error values for segments of EEG data vary strongly, 
20 segments of EEG data of N 50=  values were used 
to calculate the error and then its mean was used in 
Table 2. The error decreases as the polynomial order 
increases and the polynomial order of the neighboring 
coupling has a slightly larger influence on the error 
than the polynomial order of the feedback coupling of 
the cell.

Additionally, Fig. 9 shows another example of cell 
output values x ti ^ h (- -) and reference values of EEG. 
In this example, only a period of 1 s of the recording has 
been used as reference for the identification process. 
It can be seen that the CNN parameters found within 
the identification process are also suitable for model-
ling EEG data not used within the identification process.

Both parameter values of the CNN as well as the error 
time series have been taken into account in the analysis. 
First results indicate that the obtained error e can also 

be used for the detection of pre-seizure changes. For a 
seizure prediction horizon of h 10 min=  AUC values of 
up to 0.77 have been be obtained.

VII. Correlation Dimension Approach
Several investigations [16], [17], [46], [47], [48] have 
shown that the so-called effective correlation dimen-
sion D*

2 allows a characterization of an epileptic pro-
cess for successive segments of EEG signals in many 
cases. In order to enable an extraction of this fea-
ture by an implantable CNN-based device, different 
methods of approximating the effective correlation 
dimension by CNN output values have been derived. 
In the following, CNN with polynomial weight func-
tions with polynomial orders up to P 9=  and with a 
neighborhood radius of r 0=  up to 4r =  have been 
considered within a supervised optimization process 
(see Fig. 7).

As outlined in [45], an EEG segment of N 5184=  nor-
malized values—corresponding to a CNN with 72 72#  
cells—is taken as initial condition of a CNN, the output of 
which then is used as initial condition by a second CNN 
network performing a simple diffusion operation which 

Table 2. 
Influence of the polynomial order of both cell feedback P and neighboring couplings of a cell PD to the mean square error.

P 1D = P 2D = P 3D = P 4D = P 5D = P 6D = P 7D = P 8D =

P 1= 0.553060 0.407094 0.371738 0.373991 0.334633 0.308310 0.288700 0.273802
P 2= 0.427972 0.373961 0.329795 0.334265 0.292390 0.290451 0.281247 0.267392
P 3= 0.366183 0.323929 0.295558 0.287398 0.276862 0.277051 0.276716 0.243809
P 4= 0.392346 0.326408 0.288364 0.258347 0.264322 0.275421 0.258108 0.262506
P 5= 0.356876 0.296847 0.302006 0.278714 0.276380 0.247402 0.231866 0.235688
P 6= 0.342840 0.281476 0.275603 0.268526 0.256282 0.262545 0.223685 0.236095
P 7= 0.325110 0.292070 0.273210 0.240251 0.256868 0.224650 0.257639 0.234809
P 8= 0.333395 0.280435 0.260762 0.238250 0.230291 0.240105 0.229042 0.222546
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results in a constant grey value throughout the CNN 
that corresponds to the effective correlation dimension.

This method was tested on short term recordings of 
intracranial EEG taken from our data base and led to 
a mean error of less than 8%, even if using very differ-
ent recordings for testing and training the algorithm. 
Remarkably, for most cases an increase of the polyno-
mial order of the CNN did not lead to an increased accu-
racy and only a very small training set of EEG segments 
is necessary to obtain a high accuracy [45].

VIII. CNN-Based Pattern Detection in Epilepsy
In the context of epileptic seizure prediction, the phrase 
“pattern detection” usually is associated with the detec-
tion of distinct features of the signal which can be used 
for the prediction of a seizure, such as peak and drop 
occurrences, increasing peak frequency and so forth. In 
our approach, we used a CNN pattern detection algo-
rithm based on a statistical level-crossing analysis of 
EEG-signals.

The main idea of pattern detection for predict-
ing epileptic seizures supposes that involved areas of 
the brain are changing their usual way of acting and 

 entering another state of behavior. A second presump-
tion is that these behavior alterations could be imaged 
by occurrence or non-occurrence of specific patterns 
which represent different level-crossing behavior of a 
signal. Therefore, two types of behavior can be taken 
into account: Certain patterns occur mainly in a  preictal 
phase. A detection of those patterns could mark an 
upcoming seizure. In contrast to that, other patterns 
occur frequently throughout interictal phases but 
rarely during pre-ictal periods [23]. The non-occurrence 
of such patterns for a certain time could also be taken 
as a marker for an impending seizure. Though theoreti-
cally detecting such behavior from the data of just one 
electrode point would be enough for successful sei-
zure anticipation, the exploration of several data sets 
has shown that different behavior can be observed 
for data taken from different electrodes, depending on 
the pattern.

IX. Conclusion
We have shown that CNN represent a powerful tool 
for the extraction of EEG signal features in epilepsy. 
Computing structures based on CNN are promising 
candidates for the envisaged vision of a  realization of 
a miniaturized seizure warning and prevention device. 
A CNN based signal prediction approach, an EEG sig-
nal based identification by CNN, a correlation dimen-
sion based approach, and a pattern detection by CNN 
have been proposed for feature extraction and for the 
characterization of spatiotemporal properties of differ-
ent brain areas in focal epilepsies. Although, obtained 
results are promising and indicate that these methods 
may be considered for a future implantable device, pro-
spective verification studies are necessary to prove 
their usefulness for a broad clinical application.

Acknowledgment
We want to thank Klaus Lehnertz (Clinic of Epileptol-
ogy and University of Bonn) for supplying the EEG 
recordings used for this research. Additionally, we are 
grateful to Brian Litt (Department of Bioengineering, 
University of Pennsylvania) for kindly providing the 
patient stories.

Ronald Tetzlaff is a Full Professor of 
Fundamentals of Electrical Engineer-
ing at the Technische Universität Dres-
den, Germany. His scientific interests 
include problems in the theory of sig-
nals and systems, stochastic processes, 
physical fluctuation phenomena, sys-

tem modelling, system identification, Volterra systems, 
cellular nonlinear networks, and memristive systems. 

Segment of Brain
Electrical Activity

(72#72 CNN)

MSE

Determination of the
DCNN Template

Compare

Compare

Diffusion
Template

Desired Output:
D2
*

D2
*

DCNN
Template
*

*

Figure 10. In a first step, D*
2 is the desired output for all 

cells of the first cnn and a mean square error is computed. 
the nonlinear weight functions of the first cnn are changed 
accordingly. In a second step, a diffusion operation is carried 
out and the homogenous gray scale value is compared to .D*

2  
again, only the weight functions of the first cnn are changed 
in order to optimize the result.



Fourth QuartEr 2012   IEEE cIrcuIts and systEms magazInE 19

From 1999 to 2003, Ronald Tetzlaff was Associate Editor 
of the IEEE Transactions on Circuits and Systems: Part I. 
He was a Distinguished Lecturer of the IEEE CAS Society 
(2001–2002). He is a member of the scientific commit-
tee of different international conferences. He was the 
chair of the 7th IEEE International Workshop on Cellular 
Neural Networks and their Applications (CNNA 2002), 
of the 18th IEEE Workshop on Nonlinear Dynamics of 
Electronic Systems (NDES 2010) and of the 5th Inter-
national Workshop on Seizure Prediction (IWSP 2011). 
Ronald Tetzlaff is on the Editorial Board of the Interna-
tional Journal of Circuit Theory and Applications since 
2007 and he is also on the Editorial Board of the AEÜ—
International Journal of Electronics and Communications 
since 2008. He serves as a reviewer for several journals 
and for the European Commission. From 2005 to 2007 he 
was the chair of the IEEE Technical Committee on Cellu-
lar Neural Networks and Array Computing. He is a mem-
ber of the Informations technische Gesellschaft (ITG) 
and the German Society of Electrical Engineersand of 
the German URSI Committee.

Vanessa Senger received her Diploma of 
Physics Degree in 2009 from the Goethe 
University in Frankfurt, Germany, and is 
currently involved in her Ph.D. studies 
in electrical engineering at the Tech-
nische Universität Dresden, Germany. 
Her research interests include cellular 

nonlinear networks, memristive systems and nonlinear 
signal processing.

References
[1] A. Anzalone, F. Bizzarri, M. Parodi, and M. Storace, “A CNN for bio-
medical image processing,” in Proc. Eur. Conf. Circuit Theory Des., Cork, 
Ireland, Aug./Sept. 2005, part III, pp. 169–172.
[2] P. Arena, L. Fortuna, M. Frasca, L. Patane, and M. Pollino, “An au-
tonomous mini-hexapod robot controlled through a CNN based CPG 
VLSI chip,” in Proc. 10th Int. Workshop Cellular Neural Networks Appl., 
Istanbul, Turkey, Aug. 2006, pp. 1–6.
[3] D. Bálya, C. S. Rekeczky, and T. Roska, “Basic mammalian retinal 
effects on the prototype complex cell CNN universal machine,” in R. 
Tetzlaff (Hrsg.): Proc. 7th IEEE Int. Workshop CNNs and Appl., Frankfurt 
am Main, Germany, 2002, pp. 251–258.
[4] A. T. Berg, S. F. Berkovic, J. M. Brodie et al., “Revised terminology 
and concepts for organization of seizures and epilepsies: Report of 
the ILAE Commission on Classification and Terminology 2005–2009,” 
Epilepsia, vol. 51, no. 4, pp. 676–685, 2010.
[5] H. Berger, Über Elektroenkephalogramm Menschen Eur. Archives Psy-
chiatry Clin. Neurosci., vol. 87, no. 1, pp. 527–570, 1929.
[6] P. R. Carney, S. Myers, and J. D. Geyer, “Seizure prediction: methods,” 
Epilepsy Behav, vol. 22, pp. 94–101, 2011.
[7] M. Chavez, M. Le Van Quyen, V. Navarro et al., “Spatio-temporal 
dynamics prior to neocortical seizures: Amplitude versus phase cou-
plings,” IEEE Trans. Biomed. Eng., vol. 50, pp. 571–583, 2003.
[8] A. Chernihovskyi, C. E. Elger, and K. Lehnertz, “Effect of inhibitory 
diffusive coupling on frequency-selectivity of excitable media simu-
lated with cellular neural networks,” in Proc. 10th IEEE Int. Workshop 
Cellular Neural Networks Appl., New York, 2006, pp. 292–296.
[9] L. O. Chua and L. Yang, “Cellular neural networks: Theory and appli-
cations,” IEEE Trans. Circuits Syst. vol. 35, pp. 1257–1272, 1988.

[10] L. O. Chua, A Paradigm for Complexity (World Scientific Series on 
Nonlinear Science, series A, vol. 31). Singapore: World Scientific, 1998.
[11] B. Direito, J. Duarte, C. Teixeira, B. Schelte, M. Le van Quyen et al., 
“Feature selection in high dimensional EEG features spaces for epilep-
tic seizure prediction,” in Proc. 18th IFAC World Congr., 2011.
[12] W. van Drongelen, S. Nayak, D. M. Frim et al., “Seizure anticipa-
tion in pediatric epilepsy: Use of Kolmogorov entropy,” Pediatr. Neurol., 
vol. 29, pp. 207–213, 2003.
[13] A. Lopich and P. Dudek, “Asynchronous cellular logic network as 
a co-processor for a general-purpose massively parallel array,” Int. J. 
Circuit Theory Appl., vol. 39, no. 9, pp. 963–972, Sept. 2011.
[14] J. Engel and T. A. Pedley, Eds., Epilepsy: A Comprehensive Textbook, 
vol. 1, 2nd ed. Philadelphia: Lippincott Williams & Wilkins, 2008.
[15] C. E. Elge, F. Mormann, T. Kreuz, K. Lehnertz et al., “Characterizing 
the spatio-temporal dynamics of the epileptogenic process with nonlin-
ear EEG analyses,” in Proc. CNNA, Frankfurt, 2003, pp. 228–242.
[16] C. E. Elger and K. Lehnertz, “Seizure prediction by non-linear 
time series analysis of brain electrical activity,” Eur. J. Neurosci., 
vol. 10, pp. 786–789, 1998.
[17] C. E. Elger and K. Lehnertz, “Ictogenesis and chaos,” in Epileptic 
Seizures and Syndromes, P. Wolf, Ed. Sydney: John Libbey & Company, 
1994, pp. 541–546.
[18] T. Fawcett, “An introduction to ROC analysis,” Pattern Recognit. 
Lett., vol. 27, pp. 861–874, 2006.
[19] D. Feiden and R. Tetzlaff, “Coding of binary image data using cel-
lular neural networks and iterative annealing,” in Proc. Eur. Conf. Circuit 
Theory Des., Krakow, Poland, 2003.
[20] H. Feldwisch-Drentrup, B. Schelter, M. Jachan, J. Timmer, and A. 
Schulze-Bonhage, “Joining the benefits: Combining epileptic seizure 
prediction methods,” Epilepsia, vol. 51, pp. 1598–1606, 2010.
[21] H. Feldwisch-Drentrup, A. Schulze-Bonhage, J. Timmer, and B. 
Schelter, “Statistical validation of event predictors: A comparative 
study based on the field of seizure prediction,” Phys. Rev. E, Stat. Phys. 
Plasmas Fluids Relat., vol. 83, no. 066704, 2011.
[22] C. Niederhöfer, P. Fischer, and R. Tetzlaf, “Pattern detection by 
CNN in epilepsy—Recent results,” in Proc. SPIE’s Microtechnol. New Mil-
lenium, 2003.
[23] G. Fritsch and E. Hitzig, “Über die elektrische Erregbarkeit des 
Grosshirns, Archiv für Anatomie,” Physiol. Wissenschaftliche Med., pp. 
300–332, 1870.
[24] M. Geese, R. Tetzlaff, D. Carly, A. Blug, H. Hofler, and F. Abt, “High-
speed visual control of laser welding processes by cellular neural net-
works (CNN),” in Proc. 11th Int. Workshop Cellular Neural Networks Appl., 
Santiago de Compostela, Spain, July 2008.
[25] M. Gilli, T. Roska, L. O. Chua, and P. P. Civalleri, “On the relationship 
between CNNs and PDEs,” in Proc. IEEE Cellular Neural Networks Appl., 
Frankurt, Germany, 2002, pp. 16–24.
[26] F. Gollas and R. Tetzlaff, “Spatio-temporal analysis of brain electri-
cal activity in epilepsy based on cellular nonlinear networks,” in Proc. 
SPIE Eur., Microtechnol. New Millennium, 2009, vol. 7365, pp. 73650E.
[27] F. Gollas and R. Tetzlaff, “Identification of EEG signals in epilepsy 
by cell outputs of reaction–diffusion networks,” in Proc. IEEE World 
Congr. Comput. Intell., 2006, pp. 10641–10644.
[28] P. Grassberger and I. Procaccia, “Characterization of strange 
attractors,” Phys. Rev. Lett., vol. 50, pp. 346–349, 1983.
[29] M. Ihle, H. Feldwisch-Drentrup, C. A. Teixeira, A. Witon, B. Schelter, 
J. Timmer, and A. Schulze-Bonhage, EPILEPSIAE—A European Epilepsy 
Database Computer Methods and Programs in Biomedicine, 2011, to be 
published.
[30] M. A. Harrison, I. Osorio, M. G. Frei, S. Asuri, and Y. C. Lai, “Correla-
tion dimension and integral do not predict epileptic seizures,” Chaos, 
vol. 15, 2005.
[31] M. A. Harrison, M. G. Frei, and I. Osorio, “Accumulated energy revis-
ited,” Clin. Neurophysiol., vol. 116, pp. 527–531, 2005.
[32] W. H. Jones, Hippocrates: The Sacred Disease. Cambridge, MA: 
Harvard Univ. Press, 1984, pp. 1–51.
[33] L. D. Iasemidis, P. Pardalos, J. C. Sackellares, and D. S. Shiau, 
“Quadratic binary programming and dynamical system approach to 
determine the predictability of epileptic seizures,” J. Comb. Optim., vol. 
5, pp. 9–26, 2005.
[34] L. D. Iasemidis, D. S. Hiau, W. Chaivalitwongs et al., “Adaptive 
epileptic seizure prediction system,” IEEE Trans. Biomed. Eng., vol. 50, 
pp. 616–627, 2003.



20 IEEE cIrcuIts and systEms magazInE   Fourth QuartEr 2012

[35] L. D. Iasemidis, J. C. Sackellares, H. P. Zaveri et al., “Phase space 
topography and the Lyapunov exponent of electrocorticograms in 
partial seizures,” Brain Topopgr., vol. 2, pp. 187–201, 1990.
[36] L. D. Iasemidis and J. C. Sackellares, “The evolution with time of 
the spatial distribution of the largest Lyapunov exponent on the human 
epileptic cortex,” in Measuring Chaos in the Human Brain, D. Duke and 
W. Pritchard, Eds. Singapore: World Scientific, 1991, pp. 49–82.
[37] L. D. Iasemidis, “Phase space analysis of EEG in temporal lobe 
epilepsiy,” in Proc. IEEE Eng. Med. Biol. Soc. 10th Annu. Int. Conf., New 
Orleans, 1988, pp. 1201–1203.
[38] J. Hughlings and Jackson, A Study of Convulsions, vol. III. St. 
Andrews Medical Graduates‘ Association, 1870, pp. 162–204.
[39] C. C. Jouny, P. J. Franaszczuk, and G. K. Bergey, “Signal complex-
ity and synchrony of epileptic seizures: is there an identifiable preictal 
period,” Clin. Neurophysiol., vol. 116, pp. 552–558, 2005.
[40] T. Kreutz, R. G. Andrejzak, F. Mormann, A. P. D. Kraskov, H. Stög-
bauer, C. Elger, K. Lehnertz, and P. Grassberger, “Measure profile sur-
rogates: A method to validate the performance of epileptic seizure pre-
diction algorithms,” Phys. Rev. E, Stat. Phys. Plasmas Fluids Relat., vol. 
69, 2004.
[41] D. Krug, H. Osterhage, C. E. Elger, and K. Lehnertz, “Estimating 
nonlinear interdependences in dynamical systems using cellular non-
linear networks,” Phys. Rev. E, Stat. Phys. Plasmas Fluids Relat., vol. 76, 
no. 041916, 2007.
[42] D. Krug, C. E. Elger, and A. Lehnertz, “A CNN-based synchroniza-
tion analysis for epileptic seizure prediction: Inter- and intraindividual 
generalization properties,” in Proc. 11th Int. Workshop Cellular Neural 
Networks Appl., 2008, pp. 92–95.
[43] D. Krug, C. E. Elger, and K. Lehnertz, “Detecting preictal synchroni-
zation phenomena in the EEG with cellular neural networks: Intra- and 
interindividual generalization properties,” Epilepsia, vol. 49, suppl. 7, 
no. 17, 2008.
[44] R. Kunz and R. Tetzlaff, “Spatio-temporal dynamics of brain electri-
cal activity in epilepsy: Analysis with cellular neural networks (CNNs),” 
J. Circuits, Systems Comput., vol. 12, no. 6, pp. 825–844, Dec. 2003.
[45] K. Lehnertz, R. G. Andrzejak, J. Arnhold et al., “Nonlinear EEG 
analysis in epilepsy: Its possible use for interictal focus localization, 
seizure anticipation, and prevention,” J. Clin. Neurophysiol., vol. 18, pp. 
209–211, 2001.
[46] K. Lehnertz and C. E. Elger, “Neuronal complexity loss in tempo-
ral lobe epilepsy,” Electroencephalogr. Clin. Neurophysiol., vol. 103, pp. 
376–380, 1997.
[47] K. Lehnertz and C. E. Elger, “Spatio-temporal dynamics of 
the primary epileptogenic area in temporal lobe epilepsy characterized 
by neural complexity loss,” Electroencephalogr. Clin. Neurophysiol., vol. 
95, pp. 108–117, 1995.
[48] K. Lehnertz, M. Le Van Quyen, and B. Litt, “Seizure prediction,” in 
Epilepsy: A Comprehensive Textbook, vol. 1, 2nd ed., J. Engel and T. A. 
Pedley, Eds. Philadelphia, PA: Lippincott Williams & Wilkins, 2008.
[49] M. Le van Quyen, J. Martinerie, M. Baulac et al., “Anticipating epi-
leptic seizure in real time by a nonlinear analysis of similarity between 
EEG recordings,” Neuroreport, vol. 10, pp. 2149–2155, 1999.
[50] M. Le Van Quyen, C. Adam, J. Martinerie et al., “Spatio-temporal char-
acterization of non-linear changes in intracranial activities prior to hu-
man temporal lobe seizures,” Eur. J. Neurosci., vol. 12, pp. 2124–2134, 2000.
[51] M. Le Van Quyen, J. Martinerie, V. Navarro et al., “Anticipation of 
epileptic synchronization changes in long-term intracranial EEG re-
cordings,” Clin. Neurophysiol., vol. 116, pp. 559–568, 2005.
[52] B. Litt and K. Lehnertz, “Seizure prediction and the preseizure pe-
riod,” Curr. Opin. Neurol., vol. 15, pp. 173–177, 2002.
[53] B. Litt, R. Esteller, J. Echauz et al., “Epileptic seizures may begin 
hours in advance of clinical onset: A report of fice patients,” Neuron., 
vol. 30, pp. 51–64, 2001.
[54] F. Lopes Da Silva, W. Blanes, S. N. Kalitzin, J. Parra, P. Suffczynski, 
and D. N. Velis, “Epilepsies as dynamical diseases of brain systems: 
Basic models of the transition between normal and epileptic activity,” 
Epilepsia, vol. 44, pp. 72–83, 2003.
[55] J. Martinerie, C. Adam, M. Le Van Quyen et al., “Epileptic seizures can 
be anticipated by non-linear analysis,” Nat. Med., vol. 2, pp. 9–18, 1998.
[56] F. Morman, R. G. Andrzejak, T. Kreuz et al., “Automated detection 
of a pre-seizure state based on a decrease in synchronizationi in intra-
cranial EEG recordings from epilepsy patients,” Phys. Rev. E, Stat. Phys. 
Plasmas Fluids Relat., vol. 67, no. 021912, 2003.

[57] F. Mormann, T. Kreuz, C. Rieke, R. G. Andrejzak, A. P. D. Kraskov, 
C. Elger, and K. Lehnertz, “On the predictability of epileptic seizures,” 
Clin. Neurophysiol., vol. 116, no. 100, pp. 569–587, 2005.
[58] V. Navarro, J. Martinerie, M. Le Van Quyen et al., “Seizure anticipa-
tion: do mathematical measures correlate with video-EEG evaluation,” 
Epilepsia, vol. 46, pp. 385–396, 2005.
[59] C. Niederhöfer, F. Gollas, and R. Tetzlaff, “EEG analysis by multi 
layer cellular nonlinear networks (CNN),” in Proc. IEEE Conf. Biomed. 
Circuits and Systems, 2006.
[60] C. Niederhöfer and R. Tetzlaff, “Recent results on the prediction 
of EEG signals in epilepsy by discrete-time cellular neural networks 
(DTCNN),” in Proc. Int. Symp. Circuits Syst., Kobe, Japan, 2005.
[61] A. V. Oppenheim, “Signal processing in the context of chaotic sig-
nals,” in Proc. IEEE ICASSP, Mar. 1992.
[62] I. Osorio, M. G. Frei, and S. B. Wilkinson, “Real-time automated 
detection and quantitative analysis of seizures and short-term predic-
tions of clinical onset,” Epilepsia, vol. 39, pp. 615–627, 1998.
[63] J. Poikonen, M. Laiho, and A. Paasio, “MIPA4k: A 64 64#  cell mixed-
mode image processor array,” in Proc. IEEE Int. Symp. Circuits Syst., May 
2009, pp. 1927–1930.
[64] F. Puffer, R. Tetzlaff, and D. Wolf, “Modeling nonlinear systems with 
cellular neural networks,” in Proc. IEEE Intl. Conf. Acoustics, Speech And 
Signal Processing, Atlanta, 1996.
[65] M. P. Richardson, “New observations may inform seizure models: 
Very fast and very slow oscillations,” Progr. Biophys. Mol. Biol., vol. 105, 
pp. 5–13, 2011.
[66] D. Rodriguez-Fernandez, D. L. Vilarino, and X. M. Pardo, “CNN im-
plementation of a moving object segmentation approach for real-time 
video surveillance,” in Proc. 11th Int. Workshop Cellular Neural Networks 
Appl., Santiago de Compostela, Spain, July 2008, pp. 129–134.
[67] A. Rodríguez-Vázquez, G. Liñán-Cembrano, L. Carranza, E. Roca-
Moreno, R. Carmona-Galán, F. Jiménez-Garrido, R. Domínguez-Castro, 
and S. Espejo Meana, “ACE16k: The third generation of mixed-signal 
SIMD-CNN ACE chips toward VSoCs,” IEEE Trans. Circuits Systems I: 
Regular Papers, vol. 51, no. 5, pp. 851–863, 2004.
[68] T. Roska and L. O. Chua, “The CNN universal machine: An analogic 
array computer,” IEEE Trans. Circuits Systems II: Analog Dig. Signal Pro-
cessing, vol. 40, pp. 163–173, 1993.
[69] C. E. Elger, B. Schelter, and K. Lehnertz, “Identification of presei-
zure states in epilepsy: A data-driven approach for multichannel EEG 
recordings,” Front. Comput. Neurosci., vol. 5, pp. 32, 2011.
[70] K. Schindler, R. Wiest, M. Kollar et al., “EEG analysis with simulated 
neuronal cell models helps to detect pre-seizure changes,” Clin. Neuro-
phys., vol. 113, pp. 604–614, 2002.
[71] V. Senger and R. Tetzlaff, “Multichannel prediction analysis in epi-
lepsy,” in Proc. 20th Conf. Nonlinear Dyn. Electr. Syst., Wolfenbüttel, Ger-
many, 2012, pp. 22–25.
[72] V. Senger, J. Müller, and R. Tetzlaff, “Spatio-temporal coupling of 
EEG signals in epilepsy,” Proc. SPIE, vol. 8068, pp. 80680L, 2011.
[73] S. Shorron, E. Perucca, D. Fish, and E. Dodsan, Eds., The Treatment 
of Epilepsy. Blackwell Publishing, 2004.
[74] R. Sowa, F. Morman, A. Chernihovskyi, S. Florin, C. E. Elger, and K. 
Lehnertz, “Estimating synchronization in brain electrical activity from 
epilepsy patients with cellular neural networks,” in Proc. IEEE Int. Work-
shop Cellular Neural Networks Appl., 2004, pp. 327–332.
[75] J. Swets, R. Dawes, and J. Monahan, “Better decisions through sci-
ence,” Sci. Amer., vol. 283, pp. 82–87, 2000.
[76] R. Tetzlaff and D. Wolf, “A learning algorithm for the dynamics of CNN 
with nonlinear templates—Part I: Discrete-time case,” in Proc. 4th IEEE 
Int. Workshop Cellular Neural Networks Appl., Seville, Spain, pp. 461–466.
[77] D. L. Vilarino, D. Cabello, and V. M. Brea, “An analogic CNN Algo-
rithm of pixel level snakes for tracking and surveillance tasks,” in Proc. 
7th IEEE Int. Workshop Cellular Neural Networks Appl., Frankfurt, Ger-
many, July 2002, pp. 84–91.
[78] S. Weinstein, “Seizures and epilepsy: An overview,” in Epilepsy: 
The Intersection of Neurosciences, Biology, Mathematics, Engineering 
and Physics, I. Osorio, H. P. Zaveri, M. G. Frei, and S. Arthurs, Eds. Boca 
Raton, FL: CRC Press, 2011.
[79] G. K. York, III and D. A. Steinberg, “Hughlings Jackson‘s neurologi-
cal ideas,” Brain, vol. 134, no. 10, pp. 3106–3113, 2011.
[80] F. Wendling, “Computational models of epileptic activity: A bridge 
between observation and pathophysiological interpretation,” Exp. Rev. 
Neurother., vol. 8, pp. 889–896.


