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Estimation of Hazard in Human Brain Signal
Using Exponential Distribution
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Abstract: The physical parameters of human being are most complex that needs to compensate with the stochastic process. Out of all other signals
like ECG, EMG, EOG, EEG signal acquisition and analysis are a difficult task. At the time of acquisition of EEG signal artifact may occur due to
muscular and eye blinking which is hazardous. In this paper the artifact is considered by the hazard function and is estimated. For this paper, human
brain tracks the hazard on momentary basis and can observe these variations. Early to estimation, the parameter distribution is performed and chosen
as exponential distribution and the errors have been shown in result section to track the artifacts for further process.
Keywords: ECG—Electrocardiography, EMG- Electromyography, EOG, EEG.
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1. INTRODUCTION
In recent decades the bio signal research and human machine
interface are growing exponentially to develop the intelligent
systems as well as automated systems. On the basis of
cognitive processes, the action of brain in terms of EEG and
speech is major aspects to work with. The advancement of
HMI
for
bio-signal
processing
decision
making,
Characterization and error estimation can improve the system
as well as helps to the physician for analysis and diagnosis.
For such purpose online testing are needed so that the e-helth
care and telemedicine sectors can be improved as well.
Temporal predictions tell the occurrence of future events. The
hazard function is a mathematical representation of temporal
predictions[1]. Hazard function is a model which represents
the probability of an event to occur in a predefined time
interval, given that it has not yet occurred. Elapsed time in the
current situation and the expectation of the observer about the
distribution of the durations are two main parameters of the
hazard function. The distribution of EEG data samples is
specified by probability density function (pdf) [2]. The pdf of the
EEG signal describes the relative likelihood of data variable as
given value. For a given dataset, the estimation of pdf for
machine learning and pattern recognition has been used since
last decades by statisticians and engineers. Tail behavior of a
data distribution is nothing but evaluating the low and high
values of data and is done by Extreme value theory (EVT). It is
difficult to estimate the tails of bio signal distribution using
descriptive statistics. So EVT can be used for modeling of the
bio signals.
The generalized Extreme Value (GEV) and generalized pareto
(GP) are three parameter distributions are three parameter
EVT distribution and exponential (EXP) distribution is a twoparameter distribution. The EEG and EOG signals are fitted to
the GEV, GP and EXP distribution[3]. The neural activity of
EEG signal is correlated with the respective hazard function.
The three different unimodal probability distribution with equal
mean used to derive the concept of temporal hazard, which is
————————————————

used to explain the behavior of human brain signal. The
hazard function for rises monotonically towards the peak of the
EEG signal. The natural activity recorded for EEG and
response times are used to track the processing of temporal
hazard. The time domain EEG data is modeled as time
resolved regressors with the help of hazard function. After
representing the EEG signal in terms of hazard function, the
different conditions in the human brain signal can be
distinguished. The hazard in EEG signal is the representation
of artifact. If the artifact is modeled with the help of hazard
function then it can help to remove from the EEG signal by
using suitable artifact removal techniques [4-9]. For this the
exponential distribution function of EEG signal is truncated into
different sizes to obtain interstimulus intervals (ISIs). The
hazard is estimated in the truncated interval with the help of
the estimators. For the purposed work estimators [10-12]used
are unique Maximum Variance Unbiased Estimator (UMVUE),
Best Scale Natural estimator and Maximum Likelihood
Estimators (MLEs)[10-13] to estimate hazard in EEG signal.
The brief introduction about the distribution of EEG signal,
importance of hazard estimation and estimators used are
given in section 1. The exponential distribution of EEG signal,
the estimators used are provided in mathematical relations in
section 2. Section 3 provides the comparison result of
estimators and last section is about conclusion and
references.

2 PROPOSED WORK
2.1 Probability distribution
In the proposed work the exponential distribution of clean EEG
and contaminated EEG signal are obtained to estimate the
error when the inverse of the scale parameters is known for
both clean EEG and contaminated EEG signal. The
distribution of an EEG signal is given by the equation2.l.
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is the exponential pdf of an EEG

X ij is the EEG signal sample of size n.

2.2 Estimation
The estimation of hazard function takes place with the help of
unique Minimum variance unbiased estimator (UMVUE) and
some natural estimators. Finally, the numerical comparison of
the risks of these estimators is done with the Maximum
Likelihood Estimators (MLE) and shown in result section. The
mathematical formula of those estimators is given in equation
3, 4 and 5 respectively.
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Fig. 2. Contaminated EEG Signal

 ML  e
Where the

U

is the UMVUE estimator ,

natural estimator and

 ML is

(4)


nt
X (1)

(5)

 N is the best scale

the Maximum Likelihood

estimators(MLE) , n is the sample size

X (1) is the EEG signal

considered. By considering a squared error loss function

L( ,  )  (   )2

of those estimators (UMVUE and natural

estimator) the exact risk is difficult to derive, where  is a
unknown parameter and  is an estimator of  .so, the
expected losses are compared using the numerical approach.
3 Results and Comparison
For the proposed work the EEG signals are taken from the
Mendeley data base [14]. There are 4 types of EEG data in
Mendeley database such as Clean EEG, Contaminated EEG,
EEG contaminated with vertical and horizontal eye movement
artifacts. Two types of EEG data are chosen for this proposed
work one is clean EEG and another one is Contaminated
EEG. The signal plot of clean EEG and contaminated EEG are
shown in Fig.1 and Fig.2 respectively
Fig. 1. Clean EEG Signal

Fig. 3. Exponential Distribution of Clean EEG

Fig. 4. Exponential Distribution of Artifactual EEG
The clean EEG signal has 6001 samples and the amplitude
ranges within -60 to 60 microvolts. As shown in Fig.2. the
amplitude of the contaminated EEG signal is higher than the
clean EEG signal and is in the range of -50 to 200 microvolts.
As the artifact is unwanted and to be removed from the EEG
signal, it is to be estimate and detected. The main aim in the
proposed work is to estimate the hazard in the contaminated
EEG signal with respect to the clean EEG signal. The hazard
is estimated using the parameters  N , U and  ML . The
numerical comparison of the risks of these estimators is given
in table 1. For the numerical comparison the window size of
EEG signal is taken as 32. Table 2 is given for n=64. The fitting
of exponential distribution is shown in Fig.3 and Fig. 4 for
clean and contaminated signal respectively. The risk of the
estimators taken for the proposed work are compared by
taking different window of size from the exponential distribution
of clean EEG and contaminated EEG. For this comparison t is
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taken as 1 and k is taken as 2. By taking different values of
and

2

1

the following points are observed.

(i) As n increases the mean square error increases
irrespective of the value of 1 , 2 .
(ii) The estimators δNand δMLEgives same result for large
sample size. UMVUE dominates the other two
estimators in some regions of the parameter space.
(iii) Moreover, it seems that the estimator δMLEhas a better
performance over the other two estimators over a
substantial portion of the parameter space.
(iv) From the simulation study, it is not possible to establish
a hierarchy among these estimators. However, the MLE
estimator dominates the other two estimators over a
substantial portion of the parameter space. Certainly,
the UMVUE is not preferred unless one is interested in
the class of unbiased estimators.
(v) The risks calculated for these estimators for various
values of λ1and λ2.

4. CONCLUSIONS
From the proposed work, it is found that the contaminated
EEG signal is well fitted with the distribution. Further,
estimation technique successfully detects the artifacts within
it. The error rate is shown in tabular format. The statistical
method and distribution is as accurate as possible for such
non-stationary signals. Now we can model the signal for
removal of the different types of artifacts and kept as future
work.
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