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EEG Signal Modeling Using Adaptive
Markov Process Amplitude
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Abstract—In this paper, an adaptive Markov process amplitude
algorithm is used to model and simulate electroencephalogram
(EEG) signals. EEG signal modeling is used as a tool to identify
pathophysiological EEG changes potentially useful in clinical
diagnosis. The least mean square algorithm is adopted to contin-
uously estimate the parameters of a first-order Markov process
model. EEG signals recorded from rodent brains during injury
and recovery following global cerebral ischemia are utilized as
input signals to the model. The EEG was recorded in a controlled
experimental brain injury model of hypoxic-ischemic cardiac
arrest. The signals from the injured brain during various phases of
injury and recovery were modeled. Results show that the adaptive
model is accurate in simulating EEG signal variations following
brain injury. The dynamics of the model coefficients successfully
capture the presence of spiking and bursting in EEG.

Index Terms—Cardiac arrest, EEG, Markov process, signal
modeling.

I. INTRODUCTION

I N THE United States, cardiac arrest (CA) affects around
500 000 individuals per year [1]. Recent technological

developments of implantable and portable defibrillators have
resulted in a successful resuscitation of many patients in or
outside the hospital. However, a large majority of resuscitated
patients are left with significant neurological impairment.
Neuronal damage from CA occurs within minutes and rapidly
devastates brain function with permanent consequences shortly
after its onset. We are now in a situation where the heart is
functioning but the brain is damaged. Furthermore, the lack
of sensitive detection and monitoring methods has impeded
clinical investigations into improving diagnosis and recovery
of brain function. Dramatic improvements in quantitative
measures of brain injury severity have been demonstrated.
Still, the overall compelling goal is to bring to the bedside
state-of-the art instrumentation for rapid and accurate detection
of brain injury severity and progression in CA victims [2].

Despite the many applications of EEG in clinical neuro-
physiology [3]–[8], its visual interpretation is very subjective
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and does not lend itself to statistical analysis. As a result, a
number of research groups have proposed methods to quantify
the information content of the EEG. Among these are the
Fourier transform, the wavelet transform, chaos, entropy, and
subband wavelet entropy [9]–[13]. In addition, EEG signal
modeling is important to achieve a better understanding of
the physical mechanisms generating these signals and to
identify the causes of EEG signals changes [14]. Furthermore,
pattern recognition and classification of EEG abnormalities
can be achieved through the analysis of the estimated model
parameters. Modeling can also be used for predicting the future
neurological outcome and for data compression. Simulation
based on EEG signal model can be used to better demonstrate
the effectiveness of a certain quantitative analysis method or
EEG feature extraction system.

Bai et al. [14] have developed a first-order Markov process
amplitude (MPA) expressed by the sinusoidal waves to model
the EEG signal. The parameters of the model were determined
using frequency analysis to maximize the similarities between
original and simulated EEG signals’ power spectral densities
(PSDs). Results showed that with few parameters, the MPA
EEG model can represent the features of stationary EEG seg-
ments in time and frequency domains.

The MPA EEG model is applicable to stationary EEG sig-
nals. However, in our experimental setting of recovering EEG,
the EEG signal is highly nonstationary. An accurate estimation
of fixed MPA model parameters may therefore not be possible.
Several studies have shown that adaptive filtering is suitable
for analyzing time-varying signals [16], [17]. In this paper, we
present an adaptive EEG signal model based on MPA where
some model parameters are determined adaptively using the
least mean square (LMS) algorithm [17]. The model should free
us from the stationarity constraints and the need to repeatedly
and manually calculate the MPA model parameters. Further,
since the EEG signal is nonstationary, the adaptive estimation
of model parameters should reflect and detect the changes in
EEG measured during the various phases of recovery following
a short instance of cerebral injury created using hypoxic/as-
phyxic CA in a rodent model.

The paper is organized as follows. In Section II, the experi-
mental setup and protocol followed by the data collection and
preprocessing are described. Next, the adaptive algorithm for
the MPA EEG model is derived. In Section III, we describe the
implementation of the algorithm with some simulation results.
Finally, conclusions and suggestions for future work are also in-
cluded in Section IV.
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Fig. 1. EEG signal record for a period of 200 min. The EEG recording is divided into four parts: base line (BL), silent period (SP), early recovery (ER), and late
recovery (LR).

Fig. 2. Block diagram of the adaptive MPA combiner of the AMPA algorithm.

II. METHODOLOGY

A. Protocol

Long-term EEG was recorded from awake behaving rats after
being subjected to controlled periods of asphyxia and CA using
the asphyxic CA and resuscitation protocol as modified from
Katz and colleagues [18]. The electrodes were screwed in place
after the rats were anesthetized with Halothane. The asphyxia
protocol was initiated with a 5-min anesthetic washout period.
Asphyxia was induced by stopping the ventilator and clamping
the ventilator tubes for controlled time duration. Resuscitation
was initiated by resuming mechanical ventilation of 100% at
90 breaths/min and performing Cardio Pulmonary Resuscitation
(CPR). When a spontaneous mean arterial blood pressure more
than 50 mmHg was achieved indicating return of spontaneous
circulation, CPR was stopped. After one hour of recovery, rats
were extubated and allowed to breathe spontaneously.

B. Data Collection and Preprocessing

The EEGs were recorded from two differential channels from
the left and right fronto-parietal regions of the rat’s brain. The
signals were lowpass filtered with 100-Hz cutoff frequency prior
sampling with 250 samples per second and digitization using a
12-bit A/D converter. Fig. 1 shows the EEG signal recorded for a
period of 200 min. The EEG recording is divided into four parts:
before asphyxic arrest [BaseLine (BL)], asphyxic CA [Silence

Period (SP)], Early Recovery (ER), and Late Recovery (LR)
periods. The figures in the inset represent typical Baseline (BL)
EEG segments prior to injury, during early and late periods of
recovery (ER, LR). The ER period is generally characterized
by a spiking activity while the LR period is characterized by
bursting activity and general restoration of a continuous rhythm.

C. Adaptive MPA (AMPA) EEG Model

Fig. 2 shows a block diagram of the AMPA EEG model of
sinusoidal waves. The estimated EEG output is composed
of different oscillations ( , )

(1)

where is the model amplitude of the first-order Markov
process, is the dominant th frequency, is the initial phase
which was assumed to be equal to zero, and is the time index.
The next estimate of the model amplitude is defined
as

(2)

where is the independent increment of Gaussian distribu-
tion with zero mean and unity variance. is the coefficient of
the random process and is the coefficient of the first-order
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Markov process. It can be shown that should satisfy the con-
dition for model stability.

If is the EEG signal to be modeled, then the instanta-
neous error of the adaptive system is defined as

(3)

The least-mean-square algorithm uses the mean square error
(MSE) cost function defined as

(4)

where , and
.

To adaptively adjust and , the LMS algorithm introduced
by Widrow [13] is used as shown in Fig. 3. The error squared,

itself was used as an estimate of . Therefore, we can
specify a steepest descent type adaptive algorithms at each iter-
ation for as

(5)

where is a small positive constant called the adaptive learning
rate which controls the speed of the adjustment and is
the average gradient approximation of and is defined as

...

(6)

Fig. 3. Block diagram of the LMS adaptive MPA.

Therefore

(7)

For convergence purposes, the expectation of the model am-
plitude is expressed as

(8)

If convergence is assumed such that , and
since , then the expected steady-state value for the
coefficient of the first-order Markov process would converge to

. Furthermore, to guarantee system stability, it can be
shown that should satisfy the condition [17]

(9)

where is the maximum model amplitude of the first-order
Markov process and is the maximum eigenvalue of the
correlation matrix of oscillation signals, .

Similarly, to adaptively adjust , it can be shown that

... (10)

Therefore

(11)

where is a small positive constant called the adaptive learning
rate which controls the speed of the adjustment. To guarantee
model convergence, it can be shown that should satisfy the
condition [17]

(12)

III. RESULTS

EEG signals were recorded from nine rats using the exper-
imental protocol described in Section II-A. The rats were di-
vided into equal sized groups and subjected to 3-, 5-, and 7-min
asphyxic CA injury. The performance of the AMPA method
was determined by its capability to model EEG segments from
the BL, ER, and LR phases satisfactorily since they have dif-
ferent statistical and spectral characteristics. The EEG and the
random Gaussian, , signals were filtered with a Butterworth
second order low-pass filter with a cutoff frequency of 60 Hz.
In each EEG segment, the proposed AMPA method was applied



AL-NASHASH et al.: EEG SIGNAL MODELING USING ADAPTIVE MPA 747

TABLE I
NORMALIZED MAXIMUM CROSS CORRELATION BETWEEN MODEL AND

ORIGINAL EEG SIGNALS FORK FREQUENCIES

to selected stationary windows. For each window, the Welch’s
method was used to obtain the EEG PSD with frequency reso-
lution equal to 0.25 Hz. To determine the optimum number of
dominant frequencies , the cross correlation function between
the model output and the original signals was computed for dif-
ferent values. In each experiment, the dominant frequen-
cies in the clinical bands were used. Table I shows the normal-
ized maximum cross correlation value obtained for each

indicating that should be selected to obtain the best re-
sults. Two dominant frequency peaks in the spectrum confirms
the result of Goel et al. [9] in similar brain injury studies. In a
brain injury model of neonatal pigs, they observed three domi-
nant peaks during EEG recovery.

The shaded areas of Fig. 4(a), (c), and (e) show the PSD of the
normalized EEG signals recorded from one rodent representing
the 5-minasphyxia during the BL, ER and LR segments, respec-
tively. It was observed that the two dominant frequencies in the
BL and ER segments were (3 and 12.5 Hz) and (5 and 9 Hz),
respectively. For the LR period, the two dominant frequencies
were (4 and 15 Hz). Fig. 4(b), (d), and (f) shows the normalized
original and modeled EEG signals for the above three segments.
The striking similarities between the original and the modeled
signals reflect the capability of the model to simulate EEG sig-
nals under the three different conditions. The PSD was used as
a measure of similarity between the original and modeled EEG
signals. The PSD of the modeled EEG signal is represented by
the dark line envelope shown in Fig. 4(a), (c), and (e).

To quantify the similarity between the actual and model
output EEG signals, the MSE between their PSDs was calcu-
lated. The Percent normalized MSE was then calculated using

(13)

The NMSE was found to be 12%, 13%, and 10% for BL, ER
and LR segments, respectively. These NMSE values indicate
that the modeling performance is acceptable. The corresponding
NMSE values for the same EEG signals using the MPA [14]
were found to be 28%, 32%, and 24%, respectively. The com-
parison of NMSE values reflects the advantage of using adaptive
modeling over fixed parameter models.

The learning rates and were set to fixed values
throughout training. The choice of the learning rates influenced
the stability and speed of convergence of the adaptive model.
Provided that (9) and (12) were satisfied to guarantee model
stability, increasing the two rates was noticed to speedup the
convergence and tracking signal variations.

After convergence, it was empirically found that the NMSE
was far less sensitive to variations in comparison with .

To demonstrate the ability of the AMPA method to simulate
fine nonstationary signal changes like bursts, Fig. 5 shows a 24-s
strip of the original and modeled EEG data obtained from the
ER segment.

The model’s ability to track long EEG records that contain
BL, SP, ER, and LR segments was also tested. Since the fre-
quency contents of the EEG signal changes with time, a 1-min
moving window was used to estimate the two dominant frequen-
cies using the Welch’s method. It was found that the frequencies
of the rhythm generators were constant to within of the av-
erage values during the 1-min window.

Fig. 6 shows the original (top) and model output (bottom)
EEG signals covering all segments: BL, SP, ER, and LR. The
similarity between the two signals indicates the capability of
the model in tracking the nonsationarites of the EEG signal at
various stages before and after asphyxia.

Although that the EEG signal shown in Fig. 6 had three dis-
tinct domains of relatively long durations, each domain had a
high degree of nonstationarity. AMPA was clearly not only able
to track these long distinct domains but also was able to track
transient EEG activities in the order of seconds as shown in
Fig. 5.

The NMSE was also calculated for an EEG signal covering
BL, SP, ER, and LR periods and was found to be 23% and 10%
using MPA and AMPA methods, respectively. That indicates the
improvement in modeling performance of the dynamic AMPA
over the MPA method.

Further analysis of the model showed that the second deriva-
tive of , amplified the spiking and bursting activity of the
EEG signals relative to the background random EEG signal. To
confirm this relationship between the spiking or bursting EEG
and , consider the first derivative of (5) for a single frequency

(14)

Consequently

(15)

Assuming that the spiking or bursting EEG occurred at time
sample such that the EEG signal is given by

(16)
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Fig. 4. (a), (c), (e) The PSD of the normalized original and simulated EEG signals for one rodent representing the 5 min of asphyxic arrest during the BL, ER,
and LR segments, respectively. (b), (d), (f) The normalized original and modeled EEG signals for the three corresponding segments.

where represents the background random activity and repre-
sents the spiking or bursting activity while ,
then

(17)

Hence, is a crosscorrelation function that depends on the
presence of spikes or bursts. Therefore, the frequency contents
of would represent the presence and intensity of bursts and
spikes only. Fig. 7(a) and (b) shows two EEG segments (top)

and the corresponding (bottom) containing spikes and bursts,
respectively.

IV. DISCUSSION

The spikes and bursts are known to influence or prognosticate
the neurological outcome [2], [11]. Hence studying the dynamic
and adaptive rate changes of as obtained by the adaptive model
hints to the different stages of recovery.
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Fig. 5. An 8-s strip of the original and modeled EEG data obtained from the ER segment.

Fig. 6. Normalized original and modeled EEG signals covering BL, SP, ER, and LR periods.

Fig. 7. EEG segments (top) and the corresponding � (bottom) containing (a) spikes and (b) bursts.

Although simple, the zero crossing rate (ZCR) of each time
window of was found to give such indications. In compar-
ison with the actual EEG signal, higher ZCR coincided with
the bursting activities while small ZCR represented the spiking
EEG. Fig. 8(a)–(c) shows typical histogram of the ZCR of for
the whole recovery period following the SP for three rats that
have been subjected to 3-, 7-, and 5-min of asphyxia, respec-
tively. The -axis represents the ZCR, while the -axis repre-
sents the number of windows containing that ZCR.

Results obtained with 3-min asphyxia show the presence of
relatively high ZCR for a considerable number of windows.
It was noticed that all EEG signals recorded from the 3-min
rats showed a short period of spiking activity followed by a
gradual diffusion of these spikes turning into bursts. In com-
parison with the actual EEG signal, higher ZCR coincided with
the bursting activities while small ZCR represented the spiking
EEG. On the other hand, for the 7-min rats, a low ZCR was
present throughout the recovery period indicating the presence
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Fig. 8. ZCR histogram of � for the whole recovery period following the SP for (a) 3-min, (b) 7-min, and (c) 5-min asphyxia, respectively.

TABLE II
START TIME OF THE LR PHASE FOR THE NINE RATS

SUBJECTED TO 3-, 5-, AND 7-MIN ASPHYXIA

of spiking activity. The frequency of occurrence of these spikes
was lower than the case of 3-min rats. For the 5-min cases, a
mixture of ZCR patterns reflecting both the 3- and 7-min as-
phyxia were present.

It was estimated that for bursting, the average value for the
ZCR was 20 with a standard deviation of 8. However, the spiking
activity had an average ZCR of 5 with standard deviation of 2.5.
Hence, a possible application where the above results might be
utilized is the detection of the beginning of LR phase. Since the
bursting activity is a clear indication of late recovery, a ZCR
of 20 was used as a threshold value to determine the existence
and the start of the LR phase. The ER phase was assumed to
commence immediately following the SP with the detection of
spiking activity. However, since the ER phase was present in the
EEG of all experiments, the emphasis was on detecting the LR
phase which is associated with a good neurological outcome.
Table II shows the start time of the LR phase with reference
to the start of the experiment for three groups of three rats each,
subjected to 3-, 5-, and 7-min of asphyxic arrest. Although these
observations are preliminary, evidently, the LR time period is
delayed with increasing injury.

V. CONCLUSION

In this paper, the adaptive LMS algorithm with a first-order
Markov process were used to model and simulate EEG sig-
nals recorded from rodent brains during injury and recovery fol-
lowing global cerebral ischemia. The generated AMPA model
can be utilized to investigate the effectiveness of a certain quan-
titative EEG signal-analysis methods in segmenting different
types of EEG signal patterns seen after recovery from brain in-
jury. Results obtained from several rats show that the model was

capable of simulating EEG signals recoded at different stages of
injury and recovery. Analysis of the Markov model coefficients
indicated that the frequency contents of their second derivative
amplified the presence of spike and bursts in the EEG. Despite
the encouraging preliminary results, the optimal choice of the
adaptive learning rates and the cross coupling between domi-
nant frequencies seen in the model are areas that need further
investigation. The utilization of the AMPA method to generate
EEG signals that simulate certain neurological activities is an-
other challenging area of research. Segmentation of EEG by the
AMPA method needs to show utility in diagnosis and therapy
of patients with brain injury. This will be the subject of future
clinical research and validation.
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