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Abstract 

A new approach to recognize and predict succedent epileptic 
seizure by using single channel electroencephalogram (EEG) 
analysis is proposed. Spectral analysis of a brain time series of 
the left  frontal FP1-F7  (LF) scalp  location  signal is  devoted  
for  seizure  prediction  and  analysis. 
Important findings showing the presence of preictal spectral 
changes in studied brain signal are described.  
Spectral features occurring during the preictal epoch are 
extracted from the application of sliding spectral windows of raw 
EEG at different moments in time preceding the seizure onset.  
The same method is then applied to a couple of Intrinsic Mode 
Functions (IMF1 and IMF2) of the raw EEG (FP1-F7) 
decomposed by the algorithm of empirical mode decomposition. 
The main prediction features are derived from the changes of 
amplitudes, frequency and the number of spikes which are of 
diagnostic values.  
The sliding spectral windows were computed to trace the 
amplitude changes of higher harmonics during time interval 
preceding the seizure onset. 
Choosing different moments in time aims to identify the best 
prediction time of seizure onset. Obviously an early prediction 
time is always desirable but the seizure may result from an abrupt 
change and so the spectral ‘signs’ of an imminent seizure occur 
during a very short prediction time.  
From another viewpoint, it may be advantageous to consider a 
successive prediction times showing the increase of spike 
numbers and the predominance of certain waves rather than 
others when approaching seizure onset. 
The common prediction features extracted from the analysis of 
FP1-F7 signal for both patients were mainly the increasing 
number of spikes of low frequency waves namely delta and theta 
waves. 
Keywords: Electroencephalogram (EEG), Spectral Analysis, 
seizure onset, sliding window (FFT), Higher Harmonics (HH). 

1. Introduction 

      The search for precursors and predictors of a seizure in 
the human EEG is of highest clinical relevance and may 
even guide to understand in depth the seizure generating 
mechanisms. 
The aim of this project is to investigate powerful  and 
novel mathematical tools useful for EEGs analysis in order 
to provide insights into the epileptogenic process and to 
obtain results that may assist in diagnosis and treatment of 
epilepsy. 

      Epilepsy is among the most common neurological 
disorders, and represents temporary and reversible electric 
activity in the brain. Epilepsy is characterized by 
occasional, excessive and disorderly discharging of 
neurons, which can be detected by clinical manifestations, 
the seizures. These seizures are transient symptoms of 
abnormal, excessive or synchronous neuronal activity in 
the brain [1]. The high incidence of epilepsy stems from 
the fact that it occurs as a result of a large number of 
causes, including genetic abnormalities, developmental 
anomalies, febrile convulsions, as well as brain insults 
such as craniofacial trauma, central nervous system 
infections, hypoxia, ischemia, and tumors. 

      For the majority of the patients seizures usually occur 
suddenly and unexpectedly without any external 
intervention. 
An epileptic seizure is a complex symptom caused by a 
variety of pathologic processes in the brain. Epileptic 
seizures may be accompanied by an impairment or loss of 
consciousness; psychic, autonomic, or sensory symptoms; 
or motor phenomena. In some patients, seizures can occur 
hundreds of times per day; in rare instances, they occur 
only once every few years.  
The hallmark of epilepsy is recurrent seizures, thus the 
constant fear of the next seizure and the feeling of 
helplessness often have a strong impact on the daily life of 
a patient [2]. A system able to predict seizures would 
allow some preventive measures to keep the risk of seizure 
to a minimum and to improve substantially the quality of 
life and the social integration of the patients. 
Tremendous efforts have been spent on seizure prediction 
through EEG monitoring for a long time. It has long been 
observed that the transition from the interictal state (far 
from seizures) to the ictal state (seizure) is not sudden and 
may be preceded from minutes to hours by clinical, 
metabolic or electrical changes [3]. The goal of seizure 
prediction problem is to predict an upcoming seizure based 
on the analysis of biomedical signal recorded from 
patients. An automatic seizure detection system could 
bring a fast off –line diagnosis by reviewing EEG data by 
neurologist and can send an online warning signal to 
enhance  the patient’s safety[20]. It was reported that 
childhood epilepsy was associated with high frequency 
epileptic activity [21].  
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In seizure prediction problems, there are some basic terms 
as follow: 
 The period during which the seizure actually occurs is 
described as the ictal period. It is a period of time in which 
seizure onset is identified by epileptologists through EEG 
or ECG waveform examination. The pre-ictal
pre-seizure state, is the period immediately before the 
seizure onset. The period after the seizure is referred to as 
post-seizure or postictal period. The interval between two 
consecutive seizures is described as the interictal
In former studies, it was reported that the higher harmonic 
predominance can characterize certain behavior in 
nonlinear systems [14].  
Spectral analysis based on such results was applied to 
characterize Sudden Cardiac Death in Electrocardiograms 
signals[17]. The remainder of this paper is split into four 
sections; section 2 contains the basic reminders and the 
methodology. An experimental setup is given in section 3. 
Section 4 is devoted to discuss the main obtained results. 
Finally, section 5 is dedicated to concluding remarks and 
openings. 

2. General Reminders and Methodology

The multi-electrode scalp EEG data records were provide
by 19 electrodes positions on the scalp (FP2, F4, C4, P4, 
O2, F8, T4, T6, FP1, F3, C3, P3, O1, F7, T3, T5, FZ, CZ, 
PZ)  according to the International 10-20 system 
electrode placement as in figure 2. 
 

Figure 1: EEG signal; pre-seizure and seizure activities
(Patient chb01-03) 

 
Note that in seizure prediction problem, the 

duration of each state is decided by human 
than an objective value since the true mechanisms of 
spontaneous occurrence of seizures are not completely 
understood. In the following, the data corresponding to 
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the main obtained results. 
concluding remarks and 

Methodology 

EEG data records were provided  
19 electrodes positions on the scalp (FP2, F4, C4, P4, 

T6, FP1, F3, C3, P3, O1, F7, T3, T5, FZ, CZ, 
20 system of 

 
seizure and seizure activities 

Note that in seizure prediction problem, the 
duration of each state is decided by human thought rather 
than an objective value since the true mechanisms of 

are not completely 
, the data corresponding to 

ictal and postictal is discarded in this setting, because the 
task is to predict an upcoming seizure.
 

Figure 2: Electrode montage
 

Prediction Horizon is the period after an alarm within 
which a seizure is expected to occur 
within the prediction horizon, the alarm is classified as a 
true alarm; otherwise it is regarded as a false alarm. 
Prediction horizons reported in the literature range from 
several minutes to few hours [5].  
 
Using spectral analysis of EEG for predi
based upon the partitioning or banding of EEG  spectrum  
into  the  traditional delta  (δ),  alpha  (α)  and beta  (β) 
waves  is  the  classical method  [17
The EEG is described in terms of rhythmic activity and 
transients. The prominent EEG bands characterizing the 
rhythmic activity are given in the following table.
 

Wave Frequency
Delta 1 
Theta 4
Alpha 8 
Beta 13 
Gamma 30 –

        
                                   Table 1: Brain bands
 
Among our objectives, we attempt to 
abnormalities in both frequencial and temporal 
From the analysis of EEG signals, 
signals, one can investigate how t
varies with time [15]. In the first part of analysis, we 
choose to apply sliding window FFT algorithm
EEG signal namely FP1-F7 see figure 1

 

ictal and postictal is discarded in this setting, because the 
predict an upcoming seizure. 

 
Electrode montage 

is the period after an alarm within 
which a seizure is expected to occur [4]. If a seizure occurs 
within the prediction horizon, the alarm is classified as a 
true alarm; otherwise it is regarded as a false alarm. 
Prediction horizons reported in the literature range from 

f EEG for prediction of epilepsy 
banding of EEG  spectrum  

into  the  traditional delta  (δ),  alpha  (α)  and beta  (β) 
].  

The EEG is described in terms of rhythmic activity and 
ts. The prominent EEG bands characterizing the 

rhythmic activity are given in the following table. 

Frequency 
1 – 4 Hz 
4 – 8 Hz 
– 13 Hz 
– 30 Hz 

– 100 Hz 

Table 1: Brain bands 

Among our objectives, we attempt to pinpoint dynamic 
both frequencial and temporal domain. 

 given as discrete time 
signals, one can investigate how the frequency content 

In the first part of analysis, we 
window FFT algorithm, to a raw 

see figure 1. The prediction 
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horizon is assumed to be 20 minutes, during which four 1-
minute intervals are chosen for spectral analysis. Such 
intervals start at -20mn, -10mn, -5mn, and -1mn prior the 
seizure onset, respectively.  
 
The second part of analysis is devoted to extract spectral 
features from two intrinsic mode functions derived from  
the Empirical Mode Decomposition (EMD) of the same 
raw EEG signal specifically FP1-F7.  
EMD is a general signal processing method for analyzing 
nonlinear and non stationary time series [11]. In such 
approach the basic idea is to separate the various 
frequencies in different intrinsic mode functions (IMF) 
each of which has a well defined frequency. Among the 
applications can be cited the phase synchronization of two 
nonlinear dynamical systems from the perspective of 
empirical mode decomposition and the wavelet theory 
reported in [12]. 
The Hilbert Huang transform (HHT) permits to decompose 
a signal into intrinsic mode functions (IMF), and obtain 
instantaneous frequency data. Such transform is better 
appropriate to handle data that are non stationary and 
nonlinear. The so-called IMFs extracted by the Empirical 
Mode Decomposition (EMD), satisfy two conditions: [6] 1. 
in the whole data set, the number of extrema and the 
number of zero-crossings must either be equal or differ at 
most by one; 2. At any point, the mean value of the 
envelope defined by the local maxima and the envelope 
defined by the local minima is zero. An algorithm based on 
the EMD was proposed in [7] to allow the detection of 
QRS complex of ECG. 

In previous works, EMD algorithm was used as an 
important tool in ECG signal processing for noise 
suppression [8], to discriminate Ventricular Fibrillation 
(VF) from other cardiac arrhythmias [9] and to 
differentiate synthetic RR series from a non stationary 
integral pulse frequency modulation model and to real RR 
series from a data set of normal sinus arrhythmia [10].  
In epilepsy analysis, EMD was used to recognize epilepsy 
seizures by using single channel EEG analysis [18]. An 
analysis of the effectiveness of the EMD to distinguish 
between epileptical periods from the interictal states was 
reported in[19]. 
The EMD is a fundamental step to decouple stationary 
components from nonstationary components in a signal 
[13]. It is a sifting process which decomposes a given 
signal x(t) into a set of intrinsic mode functions(IMF)[8]. 
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)(tdk being the modes and )(tr  is the residual term. 
The EMD can be used for a high frequency denoising 
of noise corrupted signals. The original signal is 
reconstructed by removing the IMFs that contain the most 
of the noise components and summing up the remaining 

IMFs. 

3. Experimental Setup 

The data set used to extract the spectral features of 
continuous scalp EEG sampled at 256 Hz. 
The pediatric EEG data used in this paper is contained 
within the CHB-MIT database, which can be downloaded 
from the PhysioNet website [16]: 
http://physionet.org/physiobank/database/chbmit/. 
The current study included only two pediatric subjects 
with intractable seizures. The selected waveform records 
chb01_03 (female 11 years old) and chb02_19 
(male 11 years) are of two pediatric patients after 
withdrawal of anti-seizure medication in order to assess 
their candidacy for surgical intervention. 
Upcoming seizure prediction arguments are characterized 
in terms of specificity which refers to the number and the 
type of wave spikes in the spectra of a particular brain 
signal FP1-F7, which roughly correspond to the departed 
frontal and prefrontal cortex regions.  
 
The main purpose is to understand the brain oscillations 
foregoing a seizure onset we analyze the continuous 
change of the spectral composition corresponding to a 
sliding window taken on the EEG time series. Every 
spectrum exhibit the amplitudes of one hundred spectral 
lines the constant including ac Fourier constant, the 
fundamental and the higher harmonics. Spectral analysis 
of a one minute length EEG recording is performed at four 
different moments in time preceding the seizure onset, 
namely -20mn, -10mn, -5mn and -1mn.  
For both patient EEG recordings, the one minute length 
epochs taken at such moments are split into strongly 
overlapping intervals. 
 

4. Results and Discussion 

 ٍ◌Spectral analysis was performed  for only one channel 
FP1-F7.  
The spectra given in this paper are not displayed as in 
classical way where x-axis is assigned to frequency and y-
axis to the amplitude. The changes over time of the first 
hundred of higher harmonics (HHi, i=1,100) is traced  to 
put evidence into the spectral composition of the studied 
signal FP1-F7. 
 The  spectral reorganization of the sliding windows 
moving from left to right approaching the seizure onset 
time, exhibits an increasing number of spikes. The analysis 
of changes of spike amplitudes and numbers shows that 
delta waves are predominent then theta waves rank second 
in spike amplitudes.  
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It is obvious that if the prediction is made too early before 
the seizure onset, it is possible to remedy in time. Thereby, 
we opt to attempt prediction at different time points 
namely -20mn, -10mn, -5mn and -1mn, in order to extract 
the main relevant features leading to the imminent seizure. 
The progressive changes in FP1-F7 signal spectra are 
shown in figures 3,4,5 and 6 for patient chb01-03, and in 
figures 7,8,9 and 10 for patient chb02-19. Such patients 
were chosen to have similar age (11 years), a boy and a 
girl.. 

 
Figure 3. Spectra of FP1-F7 before 20mn of seizure onset 

(Patient ch01-03) 

 
Figure 4. Spectra of FP1-F7 before 10mn of seizure onset 

(Patient ch01-03) 
 
 
 

 
Figure 5. Spectra of FP1-F7 before 5mn of seizure onset 

(Patient ch01-03) 

 
Figure 6. Spectra of FP1-F7 before 1mn of seizure onset 

(Patient ch01-03) 
 
The common spectral features of FP1-F7 signal for both 
patients are the increasing number of spikes of delta and 
theta waves, except in figure 6, where important spikes of 
alpha waves are seen.   
The spectral analysis using sliding windows is carried out 
to obtain diagnostic information. The variation of 
amplitudes, frequency and number of spikes are of 
diagnostic values.  
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Figure 7. Spectra of FP1-F7 before 20mn of seizure onset 

(Patient ch02-19) 
 
 

 
Figure 8. Spectra of FP1-F7 before 10mn of seizure onset 

(Patient ch02-19) 

 
Figure 9. Spectra of FP1-F7 before 5mn of seizure onset 

(Patient ch02-19) 
 

 
Figure 10. Spectra of FP1-F7 before 1mn of seizure onset 

(Patient ch02-19) 
 
EMD extraction produces 12 IMFs for the FP1-F7 brain 
signal and a residue. Such residue is little left in the signal 
resulting from empirical sifting through it. 
For simplicity but without loss of generality, we confine 
ourselves to just apply the same analysis presented above 
to the first IMFs namely IMF1 and IMF2.   
 
For each patient, the EMD decomposition is applied to 
four   1-minute time intervals corresponding respectively 
to different moments in time preceding the seizure onset, 
namely -20mn, -10mn, -5mn and -1mn.  
  In such cases we would need more useful features from 
the Intrinsic Mode function spectra to predict an imminent 
seizure. 
Only six  IMFs generated by the decomposition are shown 
in figures 11.a and 11.b. The decomposed time intervals 
for both patients include the seizure onset. 

 
Figure 11.a Decomposition of FP1-F7 using EMD 

 of seizure onset 
(Patient ch01-03) (IMF1-IMF6) 
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Figure 11.b Decomposition of FP1-F7 using EMD 

      of seizure onset 
         (Patient ch02-19) (IMF1-IMF6) 

 
In figures 12 and 13 (for patient ch01-03), the spectral 
changes that the Intrinsic Mode Functions IMF1 and IMF2 
undergo are shown. 
Such changes which happened 20mn before the seizure 
onset show that for IMF1 spectra, the predominant higher 
harmonics range between 1 and 20, but, for IMF2 some 
particular higher harmonics namely HH12, HH13 and 
HH14 present high spikes with remarkably high 
amplitudes.  
Analogous findings can be obtained from figures 20 and 
21 (for patient ch02-19) and for the same moment in time 
preceding seizure (-20mn), the spectral changes for IMF1 
exhibit predominant higher harmonics ranging between 27 
and 45 and roughly the same as for IMF2 with 
equivalently high spike amplitudes.  
 

 
Figure 12: HH amplitude variation along a 1-minute interval of IMF1, 

20mn before Seizure onset (Patient chb01-03) 

 
Figure 13: HH amplitude variation along a 1-minute interval of IMF2, 

20mn before Seizure onset (Patient chb01-03) 
 

For patient chb01-03, at 10 minutes and at 5 minutes prior 
to seizure onset, the intrinsic mode function IMF1 spectra 
displays two higher harmonics HH61 and HH77 
seemingly predominant, nevertheless the remaining 
spectral components exhibit several spikes see figures 14 
and 16.  The spectral composition of IMF2 presents other 
predominant higher harmonics HH15, HH16, HH17 and 
HH33, such spectral evolution is shown in figures 15 and 
17. 
For the same moments in time and for the second patient 
chb02-19, the spectral changes differ from those of the 
previous patient; for IMF1 the predominant HHs range 
from 46 to 100 at -10mn and from 25 to 45 at -5mn as in 
figures 22 and 24. From the spectra of IMF2 given in 
figures 23 and 25, higher harmonics ranging from 25 to 45 
are predominant. 
It is obvious to remark that there are no common features 
at the previous prediction moments (-10mn, -5mn), except 
the fact that the spikes amplitudes are relatively low 
compared with those at -20mn and -1mn. 

 
Figure 14: HH amplitude variation along a 1-minute interval of IMF1, 

10mn before Seizure onset (Patient chb01-03) 
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Figure 15: HH amplitude variation along a 1-minute interval of IMF2, 

10mn before Seizure onset (Patient chb01-03) 
 

 
Figure 16: HH amplitude variation along a 1-minute interval of IMF1, 

5mn before Seizure onset (Patient chb01-03) 

 
Figure 17: HH amplitude variation along a 1-minute interval of IMF2, 

5mn before Seizure onset (Patient chb01-03) 

 
Figure 18: HH amplitude variation along a 1-minute interval of IMF1, 

1mn before Seizure onset (Patient chb01-03) 
 

 
Figure 19: HH amplitude variation along a 1-minute interval of IMF2, 

1mn before Seizure onset (Patient chb01-03) 
 
 
 
Analyzing the last prediction time results such as one 
minute prior to the seizure onset for both patients, it is 
worth noting to underline the following remarks. 
In the first hand, in figure 18, two important spikes 
corresponding to  mainly HHi, i=1,20 occur in the spectra 
of IMF1 for patient chb01-03, this appears contrary to the 
case of 2nd patient’s IMF1 spectra in which HH of higher 
orders ranging from 81 to 100 are predominant see figure 
26.  
On the second hand, HH11, HH12 and HH13 are the main 
higher harmonics presenting important spikes in IMF2 
spectra of patient chb01-03 (figure 19), whereas a bundle 
of HH varying from 31 to 59 are predominant as in figure 
27. 
 The common feature of the cases of study is mainly the 
high amplitudes of the spikes occuring on the spectra of 
IMF1 and IMF2.  
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Figure 20: HH amplitude variation along a 1-minute interval of IMF1, 

20mn before Seizure onset (Patient chb02-19) 
 

 
Figure 21: HH amplitude variation along a 1-minute interval of IMF2, 

20mn before Seizure onset (Patient chb02-19) 

 
Figure 22: HH amplitude variation along a 1-minute interval of IMF1, 

10mn before Seizure onset (Patient chb02-19) 

 
Figure 23: HH amplitude variation along a 1-minute interval of IMF2, 

10mn before Seizure onset (Patient chb02-19) 
 
 

 
Figure 24: HH amplitude variation along a 1-minute interval of IMF1, 

5mn before Seizure onset (Patient chb02-19) 
 

 
Figure 25: HH amplitude variation along a 1-minute interval of IMF2, 

5mn before Seizure onset (Patient chb02-19) 
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Figure 26: HH amplitude variation along a 1-minute interval of IMF1, 

1mn before Seizure onset (Patient chb02-19) 
 

 
Figure 27: HH amplitude variation along a 1-minute interval of IMF2, 

1mn before Seizure onset (Patient chb02-19) 
 
5. Conclusions and openings 
We have reviewed in these paper important findings 
showing the presence of preictal spectral changes in Left 
frontal FP1-F7 brain signal.  
Developing such results is a promise for a better 
understanding of seizure generation mechanisms. 
The main results are focusing on spectral features 
occurring during the preictal epoch.  
Aiming to obtain diagnostic information, we applied 
spectral analysis using sliding windows. The changes of 
amplitudes, frequency and number of spikes are of 
diagnostic values.  
Spectral analysis was applied to the signal FP1-F7 in the 
first place, then to a couple of its components from the 
empirical mode decomposition namely IMF1 and IMF2. 
The sliding spectral windows were computed to trace the 
amplitude changes of higher harmonics during a time 
interval preceding the seizure onset. 

Choosing different moments in time aims to identify the 
best prediction time of seizure onset, although an early 
prediction time is always desirable but the seizure can 
result from an abrupt change and so the spectral  ‘signs’ of 
an imminent seizure cannot occur early than a certain time.  
From another viewpoint, it may be advantageous to 
consider a successive prediction times showing the 
increase of spike numbers and the predominance of certain 
waves rather than others when approaching seizure onset. 
The common prediction features extracted from the 
analysis of FP1-F7 signal for both patients were mainly 
the increasing number of spikes of delta and theta waves. 

     This paper was devoted to characterize the time preceding 
seizure through the higher harmonic interaction. 
Approaching the seizure onset, the spectral composition of 
EEG signal undergoes quantitative changes which affect 
the amplitudes and the ranks of the spectral lines.  

     The progressive occurrence of lower order higher 
harmonics and the spikes of higher harmonics from the 
same range in the few minutes preceding the seizure are 
the common features that have been observed for two 
patients. Further work might involve spectral analysis 
based on several human subjects with underlying epilepsy 
seizure in order to broaden the scope of higher harmonic 
reorganization in descending order amplitudes to brain 
signals. 
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