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A Nonstationary Model of Newborn EEG
Luke Rankine*, Nathan Stevenson, Mostefa Mesbah, and Boualem Boashash

Abstract—The detection of seizure in the newborn is a critical
aspect of neurological research. Current automatic detection
techniques are difficult to assess due to the problems associated
with acquiring and labelling newborn electroencephalogram
(EEG) data. A realistic model for newborn EEG would allow
confident development, assessment and comparison of these
detection techniques. This paper presents a model for newborn
EEG that accounts for its self–similar and nonstationary nature.
The model consists of background and seizure submodels. The
newborn EEG background model is based on the short–time
power spectrum with a time–varying power law. The relationship
between the fractal dimension and the power law of a power
spectrum is utilized for accurate estimation of the short–time
power law exponent. The newborn EEG seizure model is based on
a well-known time–frequency signal model. This model addresses
all significant time–frequency characteristics of newborn EEG
seizure which include; multiple components or harmonics, piece-
wise linear instantaneous frequency laws and harmonic amplitude
modulation. Estimates of the parameters of both models are
shown to be random and are modelled using the data from a total
of 500 background epochs and 204 seizure epochs. The newborn
EEG background and seizure models are validated against real
newborn EEG data using the correlation coefficient. The results
show that the output of the proposed models have a higher corre-
lation with real newborn EEG than currently accepted models (a
10% and 38% improvement for background and seizure models,
respectively).

Index Terms—EEG, fractal dimension, modelling, neonate, non-
stationary, simulation, stochastic processes, time–frequency signal
processing.

I. INTRODUCTION

T
HE electroencephalogram (EEG) is a noninvasive tool for

measuring the electrical activity in the brain. The EEG,

recorded from the scalp, provides important information about

the health of the central nervous system (CNS), particularly in

the newborn. Abnormalities in the newborn EEG often indicate

CNS disease [1]. The most notable form of EEG abnormality is

seizure [2]. Seizure in the newborn is the result of an excessive

discharge of neurons, caused by an imbalance between the ex-

citatory and inhibitory processes within the brain [1]. Seizure,

in general, is expressed on the EEG as a repetitive, evolving,

complex, stereotyped waveform lasting a minimum of 10 s [3].

Manuscript received December 20, 2005; revised July 2, 2006. This work
was supported by grants from the NHMRC and the ARC. MATLAB code for
the EEG simulators are available at: http://www.som.uq.edu.au/research/sprcg.
Asterisk indicates corresponding author.

*L. Rankine is with the Perinatal Research Centre, University of Queensland,
Royal Brisbane and Women’s Hospital, Brisbane QLD 4029, Australia (e-mail:
lrankine@somc.uq.edu.au)

N. Stevenson and M. Mesbah are with the Perinatal Research Centre, Uni-
versity of Queensland, Royal Brisbane and Women’s Hospital, Brisbane QLD
4029, Australia.

B. Boashash is with the Perinatal Research Centre, University of Queensland
as well as the College of Engineering, University of Sharjah, UAE.

Digital Object Identifier 10.1109/TBME.2006.886667

EEG seizure events may injure the fragile newborn brain [4]

leading to disability or mental retardation. Therefore, a large

amount of research on designing automatic detectors of new-

born EEG seizure has been undertaken. The aim of these detec-

tors is to differentiate between periods of newborn EEG seizure

and newborn EEG background. In this case background is de-

fined as EEG without any specific patterns present, [3], and is

assumed to be a stochastic, process without any recogniz-

able nonlinear dynamics, [5]–[7]. An accurate online automatic

seizure detection system will be a valuable tool in neonatal neu-

rology and may, indirectly, result in reducing the high mortality

and morbidity rates of newborns who suffer from EEG seizure

episodes [8].

A number of recent methods for the automatic detection of

newborn EEG seizure have been proposed in [9]–[12]. These

algorithms have been developed using signal processing tech-

niques such as singular spectrum analysis [9], time–frequency

signal processing [10], [11], and nonlinear signal processing

[12]. However, the development and evaluation of these au-

tomatic newborn EEG seizure detection algorithms have used

only small EEG datasets. This is due to the difficulties associ-

ated with acquiring and labelling newborn EEG data.

A realistic method for simulating newborn EEG background

and seizure would allow confident development, assessment and

comparison of EEG seizure detection algorithms using large

signal sets.

Currently, there are two models for simulating newborn

EEG background and two models for simulating newborn EEG

seizure. The background model proposed by Roessgen et al. in

[13] involved the linear parameterization of the output of the

newborn brain. The Roessgen model was driven by a stationary

white Gaussian input. The resultant newborn EEG background

was, therefore, linear and time–invariant. This model disagrees

with the findings in [14]–[16] which state that newborn EEG

background exhibits nonstationary and possible nonlinear be-

havior. The background model proposed by Celka and Colditz

in [17] is an extension of the Roessgen model, designed using

a Wiener model (a linear process followed by a stationary,

nonlinear shaping function) [18] to allow for the suspected

nonlinear characteristics of the newborn EEG background.

This Wiener model of newborn EEG background proposes a

stationary (time–invariant) model, which fails to incorporate

the findings of nonstationary (time–varying) behavior outlined

in [14] and [15].

The first technique for modelling newborn EEG seizure was

proposed by Roessgen et al. in [13]. This technique proposes

a linear, time–invariant model driven by a stationary sawtooth

waveform. The major drawback of the Roessgen seizure model

was the assumption of stationarity. Recent findings in the

analysis of newborn EEG have shown that newborn EEG

seizures exhibit nonstationary behavior [14], [15]. Boashash
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and Mesbah in [19] proposed driving the Roessgen model with

a single linear frequency modulated (LFM) signal to simulate

the nonstationary behavior. However, this extension to the

Roessgen model did not encapsulate all the time–varying char-

acteristics observed in newborn EEG seizure, such as piecewise

LFM components, multiple components (harmonics) [14] and

harmonic amplitude modulation. The second technique for

simulating newborn EEG seizure was proposed by Celka and

Colditz in [17]. The authors developed another Wiener model

which was driven by piecewise LFM sawtooth inputs [17].

However, this model did not make any attempt to accurately

model the amplitude modulation of each harmonic: a common

feature of newborn EEG seizure.

In this paper, a new model for the newborn EEG is proposed.

It is composed of newborn EEG background and newborn EEG

seizure submodels. Section III presents the nonstationary model

for the newborn EEG background along with the estimates of

the model parameters, based on 500 epochs of real newborn

EEG background. An algorithm for simulating newborn EEG

background is then presented. The new background model is

then compared with the background Wiener model of Celka

and Colditz, [17], using model outputs. Section IV details the

time–frequency model for newborn EEG seizure. The model pa-

rameters are estimated using 204 epochs of real newborn EEG

seizure. An algorithm for simulating EEG seizure is then pre-

sented. The new seizure model is validated and compared with

the seizure Wiener model of Celka and Colditz using model out-

puts. Finally, the performance of the proposed newborn EEG

models are discussed.

II. DATA ACQUISITION

The EEG data were acquired at the Royal Brisbane and

Women’s Hospital, Brisbane, Australia, using the MEDELEC

Profile System. The EEG signals used in this analysis were

bandpass filtered with cutoff frequencies at 0.5 Hz and 30 Hz,

and were initially sampled at 64 Hz. These specifications are

standard in newborn EEG acquisition as they incorporate the

spectral areas of interest in the EEG power spectrum ( band:

0.5–4 Hz, band: 4–8 Hz, band: 8–13 Hz, and band:

13–22 Hz), [20].

A total of 12 neonates were recorded with ages ranging be-

tween 2 to 14 days and a mean age of 5.8 days. The periods

of newborn EEG which exhibited seizure patterns were marked

by a neurologist from the Royal Children’s Hospital, Brisbane,

Australia.

A total of 500 artifact free epochs of 256 samples (4 s) were

selected from the database of newborn EEG background for

the newborn EEG background parameter estimation. This epoch

size was chosen as newborn EEG background has been reported

to be quasi–stationary for periods less than 6 s [9], [14], [15].

The full spectrum is used when analysing newborn EEG back-

ground due to the assumption of a spectrum following an inverse

power law.

The newborn EEG seizure data included 204 artifact free

epochs of seizure. The EEG data were bandpass filtered with

cutoff frequencies at 0.5 Hz and 8 Hz before resampling at

20 Hz, as the majority of spectral energy in the newborn EEG

Fig. 1. Power spectrum of a newborn EEG background epoch.

(i.e., ) is concentrated in the first two frequency bands (

and ) [20].

III. NEWBORN EEG BACKGROUND MODEL

The power spectrum is a key tool in the analysis of irregular

or complex signals. The newborn EEG is an example of an ir-

regular signal which has been analysed extensively using the

power spectrum. The power spectrum of a typical 4-s newborn

EEG background epoch is presented in Fig. 1.

It can be seen from Fig. 1 that the power spectrum of the

newborn EEG background approximately follows a power law

of the form

(1)

where is a constant, is frequency and is the power law

exponent. This spectral behavior (a process) has also been

reported in [21] and is the basis of the proposed background

model.

A. Background Model Structure

Newborn EEG background has been shown to exhibit nonsta-

tionary behavior, [14], which can be modelled by a time–varying

power law exponent, . Therefore, the proposed model of new-

born EEG background is given as

(2)

where is the power spectrum associated with th epoch

(i.e., signal block) of duration s. This model assumes that the

signal is quasi–stationary for a time period of . That is to say,

will be constant for the duration of an epoch, but will vary

on an epoch by epoch basis.

The simulation of newborn EEG background from the model

in (2) requires the synthesis of a time domain representation.

The synthesis of a stochastic process, as defined by Billah

and Shinozuka in [22], is described as follows.

The power spectrum can be expressed as

(3)
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Fig. 2. Flow diagram of proposed newborn EEG background simulation.

where

(4)

is the Fourier transform of the th epoch, , and is

the phase spectrum which is assumed to be a realization of a

random process. Thus, the time domain signal is synthesized

with a surrogate phase, [22]–[24]. Synthesis of can then

be achieved by taking the inverse Fourier transform of ,

expressed by

(5)

The modelled epoch, , has a power spectrum with a

smooth power law. However, the power spectra of the real new-

born EEG background exhibits random fluctuations around the

power law. Therefore, to simulate this phenomenon, multiple

subepochs with the same power law exponent, but differing

random phase spectra, , are created. By adding these

subepochs together to form one epoch, the constructive and

destructive interference of the subepochs result in fluctuations

around the desired power law, mimicking the power spectrum

of real newborn EEG background. In the proposed simulation

method, 15 subepochs were chosen to create each newborn

EEG background epoch. The resultant background model

becomes

(6)

where is the time domain representation of newborn EEG

background for the th epoch. The complete simulation algo-

rithm, which includes the bandpass filtering used in data acqui-

sition is outlined in Fig. 2.

To simulate newborn EEG background using the proposed

model, estimates for the distribution of and were ob-

tained from the analysis of real newborn EEG background.

Fig. 3. The estimated pdf of the power law exponent, 
 , of the newborn EEG
background time–varying power spectrum.

B. Background Parameter Estimation

A measure of the complexity of a stationary signal epoch,

, with a power spectrum of the form

can be given by the power law exponent, , [25]. The value

of can be estimated as the negative gradient of the linear

least squares fit to the – plot of the power spectrum [26].

However, to obtain accurate and stable estimates of the power

law exponent, an ensemble average of power spectra over a

long period of time is required, [27]. This method of estimating

the power law exponent is not suitable for nonstationary sig-

nals such as newborn EEG background. Therefore, a more suit-

able technique based on fractal dimension (FD) estimation is

required.

Fractal dimension is a nonlinear measure which can be used

to describe the degree of complexity of irregular signals [28].

The FD has a linear relationship with the power law exponent

[25] and can be expressed as

(7)

A method of estimating the FD using only short time periods

was developed by Higuchi in [27]. This method of FD estima-

tion is ideally suited to nonstationary signals that can be seg-

mented into short quasi–stationary periods like newborn EEG

background. The Higuchi method of FD estimation was shown

in [29] to give the most accurate estimate of FD (and, therefore,

) for a wide range of processes.

1) Estimation of : To investigate the time–varying charac-

teristics of , the Higuchi method of FD estimation was applied

to real newborn EEG data. For fractal signals to be considered

quasi–stationary the signal length must be at least twice as long

as the period associated with the lowest significant frequency

component (0.5 Hz) [30]. Therefore, to select a quasi–stationary

period in the newborn EEG background, the EEG recordings

were segmented into 4-s epochs.

Estimates of for the newborn EEG background epochs

were obtained using the linear relationship between FD and

given in (7). Initial analysis of the values indicated that the

values were fluctuating randomly. A histogram of is shown

in Fig. 3.
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A Beta distribution, which can be shaped by two shaping pa-

rameters, and , was used to model the random fluctuations

of . The probability density function (pdf) of a Beta distribu-

tion, [31], is expressed as

(8)

with a mean

(9)

An estimate of the distribution of the power law exponent, ,

of newborn EEG background was obtained using a maximum

likelihood estimate of the parameters and . The computed

parameters for the Beta distribution were found to be

and . The estimated Beta distribution for the power

law exponent, , is also plotted in Fig. 3. The hypothesis that

is a random process with the estimated Beta distribution was

tested using the Kolmogorov–Smirnov test [32] and could not

be rejected at the 5% significance level.

The characterization of the random behavior of results in

a model for the time–varying nature of the newborn EEG back-

ground power spectrum.

2) Estimation of : The phase spectrum for stochastic

processes is often assumed to be a random process with uni-

form distribution [22], [24]. The hypothesis of a uniform distri-

bution was tested by analysing the Fourier transform phase spec-

trum of real newborn EEG background. It was found using the

Kolmogorov–Smirnov test that the hypothesis of a uniform dis-

tribution for the phase spectrum could not be rejected at the 5%

significance level. This result suggests that the newborn EEG

background is indeed a stochastic process.

C. Validation of Background Simulator

The correlation coefficient, , was used to validate the pro-

posed model against real newborn EEG background. This mea-

sure of similarity was chosen because of its widespread famil-

iarity and the fact that other distance measures were shown to

provide similar results in [17]. The correlation coefficient was

calculated for the time domain, frequency domain and time–fre-

quency domain representations. The frequency domain was esti-

mated using Welch’s periodogram. The spectrogram (a two–di-

mensional signal representation of rows and columns),

using a Hanning window, was used as the time–frequency repre-

sentation (TFR) because of its positivity property, which results

in a stable estimate of .

The correlation coefficient for a one–dimensional signal rep-

resentation is defined as

(10)

where is the original sequence, is the modelled

sequence of discrete length and the summations were per-

formed over the range . This formula cannot

be directly applied to a two–dimensional signal representation.

The calculation of the correlation coefficient of a TFR was

TABLE I
RESULTS OF THE VALIDATION OF THE NEWBORN EEG BACKGROUND MODEL

Fig. 4. Comparison between the real and simulated newborn EEG background
in the time domain.

performed by converting the matrix to a vector of length

by concatenating matrix rows.

The proposed model was also compared to the Wiener back-

ground model of Celka and Colditz [17]. This model was chosen

as it was the most realistic, currently accepted, model.

In the proposed background model, the time–varying power

law exponent , and the phase spectra , were modelled

as stationary random processes. Therefore, to compare the sim-

ilarity of the simulated epochs with a real newborn EEG back-

ground epoch, the values and obtained from the real

EEG epoch were provided to the models under test and are as-

sumed to be valid realizations of the random process.

The model validation was performed on 150 real newborn

EEG background epochs. The correlation coefficient for the pro-

posed model and the Wiener model are given in Table I, and the

results are of the form, mean (standard deviation).

The results in Table I show that the proposed model pro-

vides a higher average correlation with the real newborn EEG

background, and a lower standard deviation, compared to the

Wiener model in all three domains. The improvement in the

time–frequency correlation was 10%. The time–frequency do-

main was chosen for summarizing the improvement exhibited

by the proposed model due to the newborn EEG background

signal’s nonstationarity.

The improvement of the proposed model can be attributed to

the incorporation of the time–varying power law, , in the pro-

posed simulator which models the nonstationarity of the new-

born EEG background. This nonstationary behavior is neglected

in the Wiener model. An example output of the proposed sim-

ulator is shown in Fig. 4. Visual inspection of the time domain

representations of the real and simulated EEG indicate that the



RANKINE et al.: A NONSTATIONARY MODEL OF NEWBORN EEG 23

Fig. 5. TFR of a newborn EEG seizure epoch.

proposed simulator is more capable of accurately describing the

complex patterns seen in newborn EEG background.

IV. NEWBORN EEG SEIZURE MODEL

Analysis of the newborn EEG seizure undertaken by

Boashash and Mesbah in [14] and [33], using quadratic

time–frequency distributions revealed that the spectral content

of the newborn EEG seizure was time–varying. It was observed

that newborn EEG seizure patterns can be characterized in the

time–frequency domain by a main ridge (component) which

follows a LFM or piecewise LFM law [33, pp. 665]. A charac-

teristic that was further confirmed by Celka and Colditz in [17].

In addition, the TFR of newborn EEG seizure such as the one

seen in Fig. 5 indicates that some newborn EEG seizures consist

of multiple harmonics with time–varying amplitudes (i.e., am-

plitude modulation). The amplitude modulated, piecewise LFM,

and multiple harmonic characteristic of newborn EEG seizure

are the basis for the proposed newborn EEG seizure model.

A. Seizure Model Structure

A number of common time–frequency signal models are de-

fined in [33, pp. 12]. One such signal model for real, nonsta-

tionary signals with multiple components is given as

(11)

where , , are the amplitude modulation,

time–varying instantaneous frequency (IF) function, and

initial phase for the th signal component, respectively. This

time–frequency signal model is used for the simulation of

newborn EEG seizure.

It can be seen from (11) that estimates for the functions ,

, the phase parameter, , and the number of harmonics,

, are required for the simulation of newborn EEG seizure.

The IF function, , is modelled as a piecewise linear func-

tion based on the previous findings of [17]. The general form of

a piecewise LFM function, , with pieces is given by

(12)

where

(13)

and

(14)

The start frequency of the LFM is given by ,

are the gradients in Hz/sec,

are the turning points in

seconds, is the discrete length of the seizure and is

the alignment intercept that ensures is continuous. The

multiple harmonics of the newborn EEG seizure are related to

the fundamental (i.e., the component with the lowest frequency
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content represented by ) [34]. Therefore, the IF for each

harmonic can be derived from the fundamental, shown as

(15)

The amplitude modulation function of each harmonic can be

parameterized by the gain factor , normalized variation, ,

and number of turning points, , and is given by,

(16)

The gain factor, , is referred to as the harmonic ratio (i.e., the

ratio between the average amplitude of the harmonic and the

fundamental). This infers that .

The component amplitude modulation function is de-

termined from a cubic spline interpolation of randomly

assigned turning points with amplitudes given by

(17)

where the mean of . The locations of the turning

points are found according to

(18)

where and is a stationary random process,

uniformly distributed between 0 and 1. The boundary conditions

of the cubic spline fit are set to have a derivative of zero.

In summary, the newborn EEG seizure model can be param-

eterized with the following parameter vector

An outline of the newborn EEG seizure simulation algorithm is

given in Fig. 6.

The complexity of this model was reduced by setting the

discrete epoch length to 12.8 s (i.e., 256 samples), setting the

number of harmonics to 5 (i.e., ), setting the number

of pieces in to 3, (i.e., ), assuming that was a

stationary, uniformly distributed random process ranging across

the epoch, and limiting the number of turning points in to a

maximum of 8 (i.e., ). These assumptions were based

on the analysis of newborn EEG and the literature.

Limitation of the harmonic number was based on the anal-

ysis of the newborn EEG seizure database which suggests that

any higher harmonics contribute little signal energy. This fact

can be observed by using the data acquisition sampling limi-

tations and waveform prototype outlined in [13] and [17], (i.e.,

the sawtooth waveform). The bandpass filtering operation on the

newborn EEG data limits the possible number of harmonics to

16. The energy in the first 5 harmonics of a sawtooth waveform

correspond to 90% of the total signal energy.

The numbers of pieces used to simulate the LFM law was

based on the results of [17]. It was demonstrated in [17] that

a 3-element piecewise linear function could characterize the IF

Fig. 6. Flow diagram of proposed newborn EEG seizure simulator.

TABLE II
DISTRIBUTION ESTIMATES FOR THE NEWBORN EEG SEIZURE MODEL

PARAMETERS (A = accept, AND R = reject). N IS THE SAMPLE LENGTH,
B IS A CONTINUOUS BETA DISTRIBUTION, B* IS A DISCRETE BETA

DISTRIBUTION AND L-N IS A LOG NORMAL DISTRIBUTION

law of the signal components of a seizure with a duration of 20 s

(or less).

The oscillation of the amplitude modulation is much slower

than the IF of a seizure component using an analytic signal def-

inition, [33, pp. 13]. This is due to Bedrosian’s theorem [35]

which states that the amplitude modulation of a signal compo-

nent must oscillate significantly slower than the IF of the com-

ponent or it will be represented as low-frequency signal en-

ergy in the time–frequency domain (i.e., a separate component).

Therefore, only a relatively small number of turning points,

, will occur in a short seizure epoch (see Table II).

B. Seizure Parameter Estimation

To estimate the ranges and distributions of the parameters of

the newborn EEG seizure signal model, real newborn EEG data

were analyzed in the time–frequency domain using the spec-

trogram [33, pp. 38]. A total of 204, 12.8-s epochs (256 sam-

ples) were analyzed. This epoch length was chosen as it met

the assumptions for a 3-element piecewise IF function and was
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approximately equivalent to the minimum duration of ictal dis-

charge for a seizure event to be registered (i.e., 10 s), outlined

in [2].

Estimates for all newborn EEG seizure model parameters

were extracted from the TFR of each epoch. The piecewise

LFM law was extracted from the TFR using a peak IF es-

timation algorithm with a piecewise function fit using the

Levenberg-Marquardt method, [36]. The piecewise function

was defined according to (12). The extracted IF law was then

used to divide the TFR into harmonic sections which permitted

the estimation of the harmonic amplitudes and number of

turning points in the amplitude of the harmonic.

Table II shows estimates of the distribution of newborn EEG

seizure model parameters resulting from the time–frequency

analysis. It can be seen from Table II that each of the param-

eters are modelled as stationary random variables. The defined

pdfs for the model parameters have been estimated with Beta (B)

and Log Normal (L-N) distributions. The shaping parameters,

, , for the Beta distributions and the mean, , and variance,

, of the Log Normal distribution were obtained using a max-

imum likelihood estimate. The range of values for each param-

eter, which bounds the distribution, is provided. The use of the

distributions to model the data were tested with a Kolmogorov-

Smirnov test at a 5% level of significance. The null hypothesis

was that the data were modelled by the estimated distri-

bution. Finally, the initial phase value, , was assumed to

be a random variable with a stationary uniform distribution on

.

C. Validation of Seizure Simulator

The correlation coefficient, was used to validate the output

of the newborn EEG seizure simulator. The results are com-

pared with the output of the Wiener seizure model of Celka and

Colditz, [17], which is the most realistic newborn EEG seizure

model in the current literature.

The parameters for the proposed seizure model and the

Wiener model were estimated from a set of seizure epochs

to compare the newborn EEG seizure models. It is noted that

the extracted parameters were assumed to be valid realizations

from the random distributions governing the parameters of

the models (i.e., the values fall with the limits of the random

variable).

A total of 52 newborn EEG seizure epochs were used in the

comparison. The model outputs were compared with the real

newborn EEG epoch in the time domain, frequency domain and

time–frequency domain. The frequency domain representation

was estimated using Welch’s periodogram. The time–frequency

domain representation chosen for the comparison was the spec-

trogram with a Hanning window.

The average value and standard deviation of the correlation

coefficient, over the 52 test epochs, for the time domain, fre-

quency domain and time–frequency domain are presented in

Table III.

The results presented in Table III indicate that the proposed

newborn EEG seizure model provides more realistic newborn

EEG seizure signals than the Wiener model, with an improve-

ment in the average time–frequency correlation coefficient of

38%. The improvement of the proposed model is derived from

TABLE III
THE RESULTS OF THE VALIDATION OF THE NEWBORN EEG SEIZURE MODEL

more accurate harmonic modelling which, in turn, contributes

to the complexity seen in newborn EEG seizure.

The average time domain correlation coefficient in Table III

for the proposed model and the Wiener model are much lower

than in the frequency and time–frequency domain. The reduc-

tion is due to the fact that a slight phase offset in the time domain

can result in significantly lower correlation, or negative correla-

tion, even if the repetitive patterns are identical. The frequency

and time–frequency domain representations are representations

of the magnitude of the signal in these domains. Therefore,

phase alignment is not an issue and negative correlation cannot

occur.

Fig. 7 shows two newborn EEG seizure epochs used in the

validation process. It can be observed that the proposed model

can more accurately reproduce the complex repetitive patterns

observed in newborn EEG seizure.

V. DISCUSSION

Short–time power spectrum analysis of the newborn EEG

background indicated that the power spectrum is governed by

a power law which is time–varying. This characteristic is the

basis for the newborn EEG background model. It was demon-

strated that the proposed newborn EEG background model can

produce more realistic newborn EEG background signals than

the Wiener model. The improved performance of the proposed

newborn EEG background model was attributed to the model-

ling of the nonstationary characteristic of the background signal.

An issue which was not fully addressed in the proposed back-

ground model is that of long term amplitude/energy variations.

Amplitude integrated EEG, routinely used in clinical analysis

of newborn EEG, indicates that there are long term changes

in the average amplitude or energy of the signal. In addition,

the process of concatenating EEG epochs to generate a contin-

uous background trace must be addressed further as there may

be some underlying determinism, with respect to time, in the

phase and magnitude responses. Furthermore, other techniques

for simulating stochastic processes [24], which can cope

with smoother transitions in phase and magnitude responses,

may permit more realistic nonstationary modelling of the new-

born EEG background.

Newborn EEG seizure has been shown to exhibit nonsta-

tionary, amplitude modulated, harmonic behavior. Although not

explicitly stated in [17], by using a piecewise LFM sawtooth

as an input to the autoregressive (AR) seizure model, the au-

thors have attempted to model the harmonic nature of seizure.

A piecewise LFM sawtooth will create constant amplitude har-

monics in the time–frequency domain. However, it can be seen

in Table II that the harmonic amplitude can vary significantly.

In addition, the AR model for seizure acts as a bandpass filter
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Fig. 7. A comparison between the real and simulated newborn EEG seizure in
the time domain.

which attenuates the harmonics of the piecewise LFM sawtooth

input.

The proposed newborn EEG seizure model addresses the

nonstationary characteristics observed in newborn EEG seizure.

That is, the model incorporates the nonstationarity of individual

components, the amplitude modulation of individual compo-

nents, the harmonic ratio between components, and the number

of signal components. As well as providing a model which

encapsulates the time–frequency characteristics of the newborn

EEG seizure, estimates for the range and distribution of the

model parameters have been provided. This is essential for the

simulation of newborn EEG using the proposed model.

The newborn EEG seizure model assumes an epoch length of

256 samples and a sampling rate of 20 Hz. The knowledge of

these values permits a reduction in model complexity due to the

enforcement of limits on various parameters. The newborn EEG

seizure model can easily be extended to longer epochs and al-

ternate data acquisition specifications by selecting an extended

range for , , and . In addition, further analysis of the phase

relationship between each harmonic of a newborn EEG seizure

may produce more limited, or conditioned, representations of

Fig. 8. A full model of newborn EEG.

the phase rather than an entirely random phase model. This will,

potentially, remove any spurious seizure epochs that have wave-

forms that are not, or cannot be generated by the newborn brain.

A comparison between the proposed seizure model and the

Wiener seizure model has indicated improved performance. The

main improvement in the proposed newborn EEG seizure model

is that it generates seizure signals with better correlation in the

time domain than other models. This is due to the detailed mod-

elling of the newborn EEG seizure harmonics which result in a

model that can generate various complex nonstationary wave-

forms that appear more realistic in the time domain.

The modelling of newborn EEG gives insight into the fun-

damental signal characteristics of background and seizure.

These insights can assist the design of future detection regimes.

However, more research must be performed regarding the

combination of seizure and background (duration, relative

magnitudes), the possibility of a pre–ictal state, other known

newborn EEG patterns (delta brushes, tracé alternant, burst

suppression, spikes and sharp waves, [3]), artifacts, and the

application to a multi–channel environment. It is envisioned

that a newborn EEG model such as that outlined in Fig. 8 will

result.

VI. CONCLUSION

The time–frequency characteristics of the newborn EEG

background and seizure differ significantly. This has lead to

the development of two separate models for simulating the

newborn EEG background state and newborn EEG seizure

events.

The two models exhibit greater correlation with real newborn

EEG data than current techniques (an improvement of 10% for

the background model and 38% for the seizure model). These

improvements are obtained by accounting for the nonstationary

behavior of newborn EEG seizure and background.

In addition, a full analysis of an existing newborn EEG data-

base has allowed the estimation of the range and distribution of

all the parameters in the two models.

ACKNOWLEDGMENT

The authors gratefully acknowledge Prof. P. Colditz for

organizing the acquisition of the real newborn EEG data and

Dr. C. Burke and J. Richmond for their help interpreting the

newborn EEG data.



RANKINE et al.: A NONSTATIONARY MODEL OF NEWBORN EEG 27

REFERENCES

[1] E. Mizrahi and P. Kellaway, Diagnosis and Management of Neonatal

Seizure. Philadelphia, PA: Lippincott-Raven, 1998.
[2] C. Lombroso, “Neonatal EEG polygraphy in normal and abnormal

newborns,” in Electroencephalography: Basic Principles, Clinical

Applications and Related Fields, E. Niedermeyer and F. Lopes Da
Silva, Eds., 3rd ed. Baltimore, MD: Williams and Wilkins, 1993, pp.
803–875.

[3] J. Hahn and B. Tharp, “Neonatal and pediatric electroencephalog-
raphy,” in Electrodiagnosis in Clinical Neurology, M. Aminoff, Ed.,
3rd ed. New York: Churchill Livingstone, 1992, pp. 93–141.

[4] E. Wirrell, “Neonatal seizures: To treat or not to treat,” Sem. Pediatric

Neurol., vol. 12, no. 2, pp. 97–105, 2005.
[5] S. Notley and S. Elliot, “Efficient estimation of a time-varying di-

mension parameter and its application to EEG analysis,” IEEE Trans.

Biomed. Eng., vol. 50, no. 5, pp. 594–602, May 2003.
[6] J. Jeong, M. Kim, and S. Kim, “Test for low-dimensional deter-

minism in electroencephalograms,” Physical Rev. E, vol. 60, no. 1, pp.
831–837, Jul. 1999.

[7] A. Das, P. Das, and A. Roy, “Applicability of Lyapunov exponent in
EEG data analysis,” Complexity Int., vol. 9, pp. 1–8, 2002.

[8] M. Scher, M. Painter, I. Bergman, M. Barmada, and J. Brunberg, “EEG
diagnoses of neonatal seizures: Clinical correlations and outcome,” Pe-

diatric Neurol., vol. 5, pp. 17–24, 1989.
[9] P. Celka and P. Colditz, “A computer-aided detection of EEG seizures

in infants: A singular spectrum approach and performance compar-
ison,” IEEE Trans. Biomed. Eng., vol. 49, no. 5, pp. 455–462, May
2002.

[10] H. Hassanpour, M. Mesbah, and B. Boashash, “Time–frequency based
newborn EEG seizure detection using low and high frequency signa-
tures,” Physiological Meas., vol. 25, pp. 935–944, 2004.

[11] L. Rankine, M. Mesbah, and B. Boashash, “Automatic newborn EEG
seizure spike and event detection using adaptive window optimization,”
in Proc. ISSPA 2005, Sydney, Australia, Aug. 2005, pp. 187–190.

[12] J. Altenburg, R. Vermeulen, R. Strijers, W. Fetter, and C. Stam,
“Seizure detection in the neonatal EEG with synchronization likeli-
hood,” Clin. Neurophysiol., vol. 114, pp. 50–55, 2003.

[13] M. Roessgen, A. Zoubir, and B. Boashash, “Seizure detection of new-
born EEG using a model–based approach,” IEEE Trans. Biomed. Eng.,
vol. 45, no. 6, pp. 673–685, Jun. 1998.

[14] B. Boashash and M. Mesbah, “A time-frequency approach for new-
born seizure detection,” IEEE Eng. Med. Biol. Mag., vol. 20, no. 5, pp.
54–64, 2001.

[15] A. Liu, J. Hahn, G. Heldt, and R. Coen, “Detection of neonatal seizures
through computerized EEG analysis,” Electroencephalogr. Clin. Neu-

rophysiol., vol. 82, pp. 30–37, 1992.
[16] P. Colditz, C. Burke, and P. Celka, “Digital processing of EEG signals,”

IEEE Eng. Med. Biol. Mag., vol. 20, no. 5, pp. 21–22, 2001.
[17] P. Celka and P. Colditz, “Nonlinear nonstationary Wiener model of

infant EEG seizures,” IEEE Trans. Biomed. Eng., vol. 49, no. 6, pp.
556–564, Jun. 2002.

[18] M. Schetzen, “Nonlinear system modeling based on Wiener theory,”
Proc. IEEE, vol. 69, pp. 1557–1573, Dec. 1981.

[19] B. Boashash and M. Mesbah, “Time–frequency methodology for
newborn electroencephalographic seizure detection,” in Applications

in Time–Frequency Signal Processing, A. Papreou-Suppappola,
Ed. Boca Raton, FL: CRC, 2003.

[20] M. Scher, M. Sun, D. Steppe, R. Guthrie, and R. Sclabassi, “Compar-
ison of EEG spectral and correlation measures between healthy term
and preterm infants,” Pediatric Neurol., vol. 10, no. 2, pp. 104–108,
1994.

[21] S. Nagasubramanian, B. Onaral, and R. Clancy, “On-line neonatal
seizure detection based on multi-scale analysis of EEG using wavelets
as a tool,” in Proc. Int. Conf. IEEE/EMBS, Chicago, IL, 1997, pp.
1289–1292.

[22] K. Billah and M. Shinozuka, “Numerical method for colored noise gen-
eration and its application to a bistable system,” Physical Rev. A, vol.
42, no. 12, pp. 7492–7495, Dec. 1990.

[23] J. Theiler, S. Eubank, A. Longtin, B. Galdrikian, and J. Farmer,
“Testing for nonlinearity in time series: The method of surrogate data,”
Physica D, vol. 58, pp. 74–79, 1992.

[24] N. Kasdin, “Discrete simulation of colored noise and stochastic pro-
cesses and 1=f power law noise,” Proc. IEEE, vol. 83, pp. 802–827,
May 1995.

[25] G. Wornell and A. Oppenheim, “Estimation of fractal signals from
noisy measurements using wavelets,” IEEE Trans. Signal Process., vol.
40, no. 3, pp. 611–623, Mar. 1992.

[26] N. Gache, P. Flandrin, and D. Garreau, “Fractal dimension estimators
for fractional Brownian motion,” in Proc. IEEE Int. Conf. Acoustic,

Speech and Signal Processing, Apr. 1991, vol. 5, pp. 3557–3560.
[27] T. Higuchi, “Approach to an irregular time series on the basis of the

fractal theory,” Physica D, vol. 31, pp. 277–283, 1998.
[28] B. Mandelbrot, Fractals: Form, Chance and Dimension. San Fran-

cisco, CA: Freeman, 1997.
[29] R. Esteller, G. Vachtsevanos, J. Echauz, and B. Litt, “A comparison

of waveform fractal dimension algorithms,” IEEE Trans. Circuits Syst.

I: Fundamental Theory and Applications, vol. 48, no. 2, pp. 177–183,
Feb. 2001.

[30] H. Kantz and T. Shreiber, Nonlinear Time Series Analysis. Cam-
bridge, U.K.: Cambridge Univ. Press, 1997.

[31] A. Gelman, J. Carlin, H. Stern, and D. Rubin, Bayesian Data Analysis,
2nd ed. Boca Raton, FL: CRC, 2003.

[32] W. Conover, Practical Nonparametric Statistics. New York: Wiley,
1980.

[33] B. Boashash, Time–Frequency Signal Analysis and Processing: A Com-

prehensive Reference. London, U.K.: Elsevier, 2003.
[34] N. Stevenson, L. Rankine, M. Mesbah, and B. Boashash, “Newborn

EEG seizure simulation using time–frequency signal synthesis,” in
Proc. Workshop Digital Image Computing, Brisbane, Australia, Feb.
2005, pp. 145–150.

[35] E. Bedrosian, “A product theorem for Hilbert transforms,” Proc. IEEE,
vol. 51, pp. 686–689, 1963.

[36] P. Gill, W. Murray, and M. Wright, Practical Optimization. New
York: Academic, 1981.

Luke Rankine received the B.Eng. (Hons) in
aerospace avionics engineering from Queensland
University of Technology (QUT), Brisbane, Aus-
tralia, in 2002 and the Ph.D. degree in electrical
engineering from QUT in 2006.

In August 2005, he joined the Perinatal Research
Centre, University of Queensland, as a Research As-
sistant and took up the position of Research Fellow
in March 2006. His current interests include nonsta-
tionary signal analysis and processing with applica-
tion to biosignals.

Nathan Stevenson graduated from the University
of Southern Queensland, Toowoomba, Australia,
in 2000. He received the M.Eng. degree from the
Queensland University of Technology, Brisbane,
Australia, in 2003. He is currently working toward
the Ph.D. degree at the University of Queensland on
seizure detection in the newborn.

His research interests include time–frequency
signal processing, medical signal processing, and
random signal analysis.

Mostefa Mesbah received the M.S. and Ph.D.
degrees in electrical engineering from University of
Colorado at Boulder, in the area of automatic control
systems.

He is currently a Senior Research fellow at the
Perinatal Research Centre (PRC), University of
Queensland, Brisbane, Australia, supervising a
number of Ph.D. degree students and leading a
biomedical engineering project dealing with the au-
tomatic characterization of newborn EEG seizures.
His research interests include biomedical signal

processing, time-frequency signal analysis and processing, signal detection and
classification, 3D shape resconstruction from image sequences, and intelligent
control systems.



28 IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. 54, NO. 1, JANUARY 2007

Boualem Boashash received the Diplome d’in-
genieur-Physique-Electronique degree from ICIP
University of Lyon, Lyon, France, in 1978 and
the M.S. and Doctorate (Docteur-Ingenieur) de-
grees from the Institut National Polytechnique de
Grenoble, Grenoble, France, in 1979 and 1982
respectively.

In 1979, he joined Elf-Aquitaine Geophysical Re-
search Centre, Pau, France. In May 1982, he joined
the Institut National des Sciences Applique’es de
Lyon. In 1984, he joined the Electrical Engineering

department of the University of Queensland, Brisbane, Australia, as senior

Lecturer. In 1990, he joined Bond University, Graduate School of Science and
Technology, Queensland, as Professor of Signal Processing. In 1991, he joined
Queensland University of Technology as the foundation Professor of Signal
Processing and director of the Signal Processing Research Centre. Currently,
he holds the positions of Dean of the College of Engineering at the University
of Sharjah, United Arab Emirates, and Adjunct Professor at the School of
medicine, University of Queensland. His research interests are time-frequency
signal analysis, spectral estimation, signal detection and classification, and
higher order spectra.

Prof. Boashash is a fellow of IE Australia, fellow of IREE.




