
SEPARATION OF TRANSIENT AND OSCILLATORY 

CEREBERAL ACTIVITIES USING OVER-COMPLETE RATIONAL 

DILATION WAVELT TRANSFORMS 

 
 

Sahbi CHAIBI *, Tarek LAJNEF *, Abdennaceur KACHOURI**, Mounir SAMET * 

 

 

Sfax University, National engineering school of Sfax, LETI Laboratory 

ENIS BPW 3038-Sfax, TUNISIA.  

** Gabes University, ISSIG: Higher Institute of Industrial Systems, Gabes CP 6011, TUNISIA. 

sahbi.chaibi@yahoo.fr 

tarek.lajnef@gmail.com 

{abdennaceur.kachouri, mounir.samet}@enis.rnu.tn 

 
 

ABSTRACT 

 

Many physiological signals such as the electro-

encephalogram EEG are composed of the superposition 

of oscillatory activities and transient activities. The  

oscillatory activities come from rhythmic patterns  like 

delta 0-3 Hz, theta 4-7 Hz, alpha 8-12 Hz, beta 12-30 Hz, 
gamma 26-100 Hz, and HFOs: High frequency 

oscillations 80-500Hz. Whereas, the transient activities 

come from non-rhythmic brain activities like spikes, 

sharp waves, artifacts , and vertex waves of varying 

amplitude; shape; and duration. The problem is that the 

transient activities with different morphologies could 

overlap in both time and frequency domain with 

oscillatory patterns, that make the detection a difficult 

task at present. Visual identification of HFOs which 

represent an important biomarker of the seizure focus in 

epileptic patients is extremely tedious and time 

consuming. For this reason, many algorithms have been 

recently developed to detect HFOs. However, the 

developed algorithms suffer from false positives 

detection resulting from filtered-spikes without HFOs and 

sharp transients activities. HFOs exist in the frequency 

band 80-500Hz and divided into Ripples 80-250 Hz and 

Fast Ripples 250-500Hz. The transient activities cover a 

wide bandwidth from low to high frequencies and merely 
resemble HFOs events when filtered using classical band-

pass filters. However, using classical filtering methods 

based on FIR filters, wavelet transforms and the matching 

pursuit cannot separate the oscillatory from transient 

activities. This paper describes a practical approach of 

resonance based-filtering for decomposing intracranial 

EEG recordings of epileptic patients into the sum of an 

oscillatory component and a transient component using 

over-complete rational dilation wavelet transforms (over-

complete RADWT) in conjunction with morphological 

component analysis (MCA). 

 

Key words — Intracranial EEG, HFOs, spikes, sharp 

waves, over complete rational dilation wavelet transforms 

RADWT, MCA. 

 

1. INTRODUCTION 

 

Researchers have recently discovered High Frequency 

Oscillations HFOs in epileptic rats and patients with 

epilepsy [2,8,9] using the intracranial electroencepha- 

lography (iEEG) of surgical candidates.  HFOs can be 

recorded with microelectrodes[9] and clinical macro-

electrodes [2]. They are divided into Ripples 80-250 Hz 

and Fast Ripples 250-500Hz [2,8] and mostly occur at the 

time of epileptiform spikes[2]. They appear during ictal 

or interictal periods [2,8]. The HFOs are very important 

to localize the seizure onset zone SOZ [2] and may serve 

as biomarkers of the seizure focus in humans.  Long 

hours of recording intracranial EEG make a visual 

identification of HFOs tedious and time-consuming 

[7,10]. For this reason, automated tools have been 

developed to detect these oscillatory patterns [1,7,8,9,10]. 

They take only a short time to perform approximately the 

same operation compared to the manual identification. 

However, the developed algorithms suffer from the 

detection of false positives (false oscillations can be 

classified as probable HFOs) resulting from filtered-

spikes without HFOs and sharp transients activities 

[1,2,8,10]. Therefore, the performances of HFOs 

detection were not highly significant [8,10]. In this paper 

firstly, we showed several examples of spurious 

oscillations resulting from filtered-spikes for three 

classical filtering methods. The first one based on FIR 

filter [1,8,10], the second uses CMOR wavelet [7,8,10] 

and the third based on matching pursuit [1,10].  We  then 

applied a new separation approach [4] in order to separate 

transient and oscillatory activities using a proposed over-
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complete rational dilation wavelet transform in 

conjunction with morphological component analysis 

MCA[3,4,5,6]. This non-linear approach was tested on 

both synthetic and real signals. It can be considered as a 

pre-processing step to reduce transients in measured 

signals for more accurate HFOs detection. 

 

2. DATABASE 

 

The database contains one hour of interictal data recorded 

from epileptic patient with focal epilepsy. NREM sleep 

periods were used for the reason that the interictal 

occurrence of HFOs in this sleep-stage is higher than that 

during periods of wakefulness and REM sleep. For that, 

the reviewer identified sleep stages 3 and 4 during non 

rapid eye movement (NREM) sleep in intracranial EEG 

recordings. The clinical database property returns to MNI 

(Montreal Neurological Institute, Canada). The acquired 

iEEG data was band-pass filtered at 0.1-500 Hz (rolloff: -

6dB per octave) and then sampled at 2000 Hz. The 

sampled data was quantized using a 16 bit analog-to-

digital converter. We used an EEGLAB interface to 

present a one second screen of single or multichannel 

data for visual identification of HFOs, Spikes without 

HFOs. The processing and analysis of all signals were 

performed with Matlab software version 7.5, and 

EEGLAB 6.01 software. 

 

3. PROBLEMS OF FILTRED-SPIKES AND 

SHARP WAVES 

 

During the detection of interictal High frequency 

oscillations (HFOs), false oscillations can be generated 

from the filtering of transient activities like spikes, sharp 

waves, artifacts. They can be classified as probable 

HFOs[8,10]. To illustrate this phenomenon of false 

positives detection, three examples based on classical 

filtering methods using FIR filters, wavelet transforms 

(complex Morlet wavelet), and matching pursuit are 

shown in figure1. 

     A first example of false detection based on FIR filter 

is illustrated in figure 1.a; the top trace shows an 

unfiltered iEEG segment that represents a spike without 

HFOs, whereas the bottom trace shows the filtered signal 

version in the frequency band (80- 450 Hz band-pass 

filter). During filtering, this spike generated a spurious 

oscillation that was detected as a probable HFO.  

     A second example of false detection based on wavelet 

transforms is illustrated in (figure 1.b and figure 1.c); the 

top plot (figure 1.b) shows a spike without HFOs and the 

bottom plot (figure 1.c) shows a spurious local maximum 

was detected in the HFOs band with extents delimited 

using a rectangle in time-frequency plane. This created 

local maximum due to the side-lobes of the spike‟s 

spectrum. It was classified as a probable Ripple.  

     Finally, an example of false detection based on 

matching pursuit is illustrated in (figure 1.d-e-f); the 

upper plot (figure 1.d) shows a spike without HFOs, the 

middle plot (figure 1.e) represents the energy density of 

Gabor atoms fitted by MP decomposition and the bottom 

plot (figure 1.f) shows that band-pass filtering of epileptic 

transient (spike) may lead to a spurious oscillation 

(correction atom), it was classified as a probable Ripple.  

      The fundamental reason for false oscillations is that 

most spikes in intracranial EEG are better approximated 

as triangular pulses [8].  As we know the spectrum of 

triangular pulse is a squared-sinc function with local 

maximums located at regular frequency intervals, so due 

to the main-lobe and side-lobes of the squared sinc 

function, spurious oscillations may be detected in the 

HFOs band for both algorithms based on FIR filters and 

CMOR wavelets.  

     For the matching pursuit, the main limitation, in fact, 

is that a given iEEG signal may not be perfectly fitted by 

a few atoms. Too few atoms could miss some true 

oscillations with low amplitudes (for example a Fast 

Ripple), while too many atoms will end up in the last 

iterations as correction atoms. Filtering of sharp bumps 

and jumps, vertex waves, linearity..etc,  may lead to these 

corrections atoms which can be classified as probable 

HFOs, and of course, they can describe a part of the 

actual high frequency oscillations. 

 

     As shown in figure.1, filtered- transients without 

HFOs can easily generate false oscillations in the HFOs 

band for different detection methods. To resolve this 

problem, we tried to apply a non-linear approach of    

resonance based-filtering combining both a proposed 

over-complete rational-dilation wavelet transform 

RADWT [3,4,6,10] and morphological component 

analysis MCA [3,4,5,6.10,11].  

     Low Q-factor RADWT is used for sparse 

representation of the transient component. High Q-factor 

RADWT is used for sparse representation of the 

oscillatory (rhythmic) component.[3,4,6,10]. 

     Morphological component analysis (MCA) is used to 

separate the two signal components [4,5,10,11].  Details 

and mathematical descriptions are provided in the next 

section 4 and 5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

Figure1. Detection of spurious HFOs in the band [80-500Hz] based on three classical filtering methods.

 

 

4. MORPHOLOGICAL COMPONENT 

ANALYSIS: MCA 

 

For a given observed signal  that is the superposition of 

two components morphologically different for example 

oscillatory and transient activities. MCA goal is to 

estimate each component individually. We consider: 

. The goal of MCA is to 

estimate/determine  and  individually. Assuming that 

and  can be sparsely represented in bases (or frames) 

and  respectively, they can be estimated by 

minimizing the objective function  in one form (the 

synthesis form) [4,5] as follows: 

 

+λ1 +λ2  (1) 

 

We consider; =     and    = [  ]. 

Where  and  are respectively the sparse 

representations of transient and oscillatory components.  

λ1 and λ2  are the regularization parameters. If  is 

represented as a weighted sum of the columns of a 

dictionary  , and  is represented using  likewise[4], 

then the estimated components ˆ  and ˆ  are given by: 

 ˆ = , ˆ  = .   

 

     MCA utilizes a flexible and effective signal model: the 

sparsity of  with respect to one signal representation, 

and the sparsity of  with respect to a second 

substantially different. MCA relies on each of  and  

having a sparse representation; otherwise, MCA is not 

applicable. The signal model is based on the specification  

 

 

 

of the two signals representations, and relies on the two 

representations providing sparse representations only for 

substantially different types of signals (signal 

morphology).  In this section, we describe the derivation 

of a simple algorithm for the minimization of the 

objective function .  

     Using the majorization-minimization approach [4,5], 

an iterative algorithm for finding the minimize of 

objective function  is described in equations 1-8. For an 

iteration index : 

 

. (2) 

Where α > maxeig . We can write  as: 

 

 
  (3) 

 

     Therefore, using the iterated soft thresholding IST 

algorithm [4,5] for each of  and , an iterative 

procedure  to minimize ( , ) is described in  

equations 4-8 as follows: 
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. (8) 
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In searching a sparse decomposition of a signal , it is 

assumed that  is a sum of two or more than two 

components , where each component  can be 

described by an over-complete dictionary  and a sparse 

representation  as follows: = . It is further 

assumed that for any given component, the sparsest 

decomposition over the proper dictionary yields a highly 

sparse description, while its decomposition over the other 

dictionaries is highly non sparse [11], for example: 

For : : this wavelet transform 

must lead to a sparse representation  of in .   

For ≠  : : this wavelet transform must lead to 

a non-sparse representation  of  in . 

Thus the different  can be seen as discriminating 

between the different components of the initial signal 

[11]. 

 were implemented directly across the over-complete 

rational dilation wavelet transform. Whereas,  were 

implemented directly across the inverse over-complete 

rational dilation wavelet transform. 

 

5.  OVERCOMPLETE RATIONAL DILATION 

WAVELET RADWT 

 

5.1. Definition 

 
The decomposition and synthesis techniques of 

physiological EEG signals based on the over-complete 

rational dilation wavelet transforms (RADWT) are 

similar to that using DWT transforms. However in these 

wavelets transforms, we can control the redundancy 

factor Red and the quality factor Q using three parameters 

p, q, s[3]. Red  is the ratio of the samples number of 

signal to the  number of decomposition coefficients 

(equation 13,14) and Q is the ratio of the center frequency 

of the wavelet to its bandwidth (equation 15). These 

families of wavelets have (constant-Q) transform during 

decomposition excluding the first scale [3]. It has been 

noted that the analysis /filtering of quasi-periodic signals 

over short-time intervals like HFOs needs better 

frequency resolution than that provided by the dyadic 

wavelets [3]. For processing the oscillatory signals, the 

Q-factor can be made higher and the frequency resolution 

can be made finer [3,4]. The proposed wavelet RADWT 

can also attain the low Q-factor as the dyadic wavelets 

that are needed for processing of transient and smoothed 

signals [4]. These transforms are developed for discrete-

time data, nearly shift-invariant; dilate the wavelet more 

gradually from scale to scale. The design of wavelets 

with both low and high quality factors has several 

attractive properties. We use the new over-complete 

rational-dilation wavelet transforms with low Q factor to 

model the transient components[4,6,10] and high Q factor 

to model oscillatory components[4,6,10]. The over-

complete rational wavelets expand an N-point signal to a 

set of M-coefficients with M > N. In addition, the 

introduced wavelet RADWT in this paper is flexible and 

a range of Q-factors and redundancy factors can be 

attained. In addition, the RADWT is FFT based 

implementation [3]. 
 

 
5.2. RADWT implementation 

 

Figure.2 illustrates the analysis and the synthesis filters 

for the implementation of the over-complete rational-

dilation wavelet transform at first scale j=1. The perfect 

reconstruction or synthesis of any signal is relied to the 

following conditions: 

-    

-   . 
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Figure.2. Analysis and synthesis filters for the implementation 

of the proposed rational-dilation wavelet transforms at first 

scale. The dilation factor is q/p is a rational number. 

 

The proposed perfect reconstruction filters can be written 

for low pass filter  as follows [3]: 

 

 

(9) 

And for high pass filter as follows[3]: 

 

(10) 

 

             

Specifically  and . 

 

 The transition function  is defined as follows[3]:  

 

(1+cos(w))  (11) 

.                              

The complementary transition function  is defined 

as follows[3]: 

 (12) 

 

Figure.3 illustrates the frequency response of high pass 

and low pass filter of the over-complete rational dilation 

wavelet at first scale. 
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Figure3. Frequency response of the proposed perfect 

reconstruction filter at first scale. Source [3]. 

 

The redundancy  is the number of analysis filters 

bank coefficients per input sample.  is given by the 

following equation[3]: 

 

(13)               

 

Where    is the number of scales. 

The redundancy of the wavelet transform (iterated Filter 

Bank) is given by[3]: 

 

 
(14) 

 

The Q factor is the ratio of the resonant frequency to the 

bandwidth. Q is defined as[3]: 

Q=   for  j>1 
(15) 

                                                                                 

 The iterated filters bank is a constant-Q transform 

(excluding the first stage or scale j=1). 

 

 Example 1: To illustrate the advantage of the proposed 

resonance-based signals separation method, two synthetic 

signals  and  were created, that shown respectively   

in (figure 4.a) and (figure4.e). The first test signal  

consists of four pulses (two transient and two oscillatory) 

non-overlapping in time created in MATLAB using the 

command: 

N1 = 45; x1 = cos(0.42*pi*(1:N1)) .* hamming(N1)‟; 

N2 = 20; x2 = cos(0.20*pi*(1:N2)) .* hamming(N2)‟; 

N3 = 10; x3 = cos(0.50*pi*(1:N3)) .* hamming(N3)‟; 

N4 = 80; x4 = cos(0.20*pi*(1:N4)) .* hamming(N4)‟; 

 = [x1 x2 x3 x4]; 

However, the second test signal  consists of four pulses 

(two oscillatory pulses at two frequencies and two 

transient pulses also at two frequencies) overlap in time; 

the test signal  is constructed in MATLAB using the 

command: 

 = [x4 x1] + [zeros (1, 40)  x3  zeros (1, 32)  x2  zeros 

(1, 23)]; 

 

Our goal is to decompose these synthetic signals into an 

oscillatory and a transient component using resonance 

based-filtering techniques. 

For the first test signal , the first and last pulses are 

oscillatory. The second and third pulses are considered as 

transients, in the sense that these pulses are less 

oscillatory than the first and last pulses. The separated 

transient component is shown in figure 4.b which 

contains pulse 2 and 3, and the separated oscillatory 

component is shown in figure 4.c which contains pulse 1 

and 4. The two components are perfectly separated. As 

illustrated in figure 4.d, to minimize the objective 

function  , it‟s enough to iterate it 130 iterations. 

For the second synthetic signal , the pulses overlap in 

time now. The results of separation are shown for 

transient component in figure 4.f which contains pulse 2 

and 3 and for the oscillatory component in figure 4.g 

which contains pulse 1 and 4. The two components are 

perfectly separated, and as illustrated in figure 4.h, the 

objective function  is converged to the minimum after 

200 iterations. 

     Note that the decomposition cannot be performed 

using low-pass and high-pass classical filters because 

pulses 2 and 4 have the same frequency and because 

pulses 1 and 3 have a nearly same frequency. However, 

using the over-complete rational-dilation wavelet 

transforms with different Q-factors; the two synthetic 

signal can be decomposed as desired approximately. 

Specifically, we used the over-complete rational-dilation 

wavelet transforms with parameters (p = 5, q = 6, s = 2) 

to represent the oscillatory component; this is a „high Q-

factor‟ wavelet transform; it is denoted as . Similarly, 

we used the rational-dilation wavelet transform with 

parameters (p = 2, q = 3, s = 1) to represent the transient 

component; this is a „low Q-factor wavelet transform; it is 

denoted as .   

Figure 4.  Decomposition of two synthetic signals into an 

oscillatory and a transient component using resonance based-

filtering. 
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To perform MCA, we used equation-1 with `L1-norm 

regularization namely MCA with synthesis prior [4]. We 

set  λ1 = 0.1 and λ2 = 0.13. To minimize (1) we used the 

algorithm (equation 2-8) initialized with all-zero sparse 

coefficients = = 0.  

 

 Example 2 (intracranial EEG): In this section, we tried 

to apply the same procedure of separation that illustrated 

in example-1 on real iEEG signals. Based on EEGLAB 

software we selected three real signals from our database, 

they are illustrated in figure5 (a, e, i). Our goal is to 

decompose these iEEG signals into oscillatory and 

transient components using MCA/over-complete rational 

dilation wavelet transforms. All signals are sampled at 

2000 Hz. To model the oscillatory component, we used a 

13-level rational WTs with p = 5, q = 6, s = 2. For the 

transient component, we used a 7-level rational WTs with 

p = 2, q = 3, s = 1.  

Figure.5 shows the results of decomposition into an 

oscillatory and a transient component for three different 

signals. In each example the top plot shows the unfiltered 

data, whereas the second plot shows the separated 

transient component, the third plot represents the 

separated oscillatory component and the fourth plot 

shows the objective function. 

     For the first signal (figure 5.a) that represents an 

oscillatory signal superimposed on spike. The separated 

oscillatory component (figure5.c) is composed of gamma 

oscillation overlaps with HFO (fast ripple), the separation 

of transient and oscillatory components was perfectly 

achieved. To minimize the objective function  , it‟s 

enough to iterate it 970 iterations as shown in figure5.d. 
     The second signal (figure5.e) represents an 

independent HFO (Ripple) overlaps with a transient 

activity (slow wave). The separation of both components 

(figure 5.f/g) was perfectly achieved, and the objective 

function  is converged after 520 iterations as shown in 

figure5.h.  

      For the third signal (figure5.i). It represents a 

transient signal (spike) without any superimposed HFOs 

visible in unfiltered data, the separated oscillatory 

component (figure 5.k) does not contain any oscillatory 

activity and the separation of transient activity (figure 5.j) 

was perfectly achieved. As illustrated in figure 5.l, the 

objective function  take about 230 iterations to be 

minimized. 

 
Figure5. Decomposition of iEEG signals into a sum of oscillatory and transient components using MCA/RADWT wavelets.
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6. CONCLUSION 

 

Transients in intracranial EEG signals due to unwanted 

measurement artifacts and non-rhythmic brain activities 

like spikes, spindles, and vertex waves can generate 

spurious oscillations in the HFOs band at the course of 

detection. The use of both low Q-factor and high Q-factor 

wavelet transforms in conjunction with MCA for sparse 

signal representation is a practical method to extract the 

true oscillatory components from measured signals. Note 

the oscillatory component is not necessarily a high-pass 

signal; it may contain both low and high frequencies. 

Similarly, the non-oscillatory or transient components are 

not necessarily a low-pass signal; it may contain sharp 

bumps and jumps. Therefore, the decomposition is not a 

frequency-based filtering but a resonance (morphologic)-

based filtering. As conclusion the RADWT in 

conjunction with MCA are an important tool to extract 

signal components based on resonance characteristics. 
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