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INTRODUCTION

The fetal psychological condition depends on the heart rate, which is most related to the mothers
cardiogram signal. The Electro Cardiogram represents the electrical activity of the heart which is shown as the
heart beat. The ECG records the electrical activity of the heart, where each heart beat is displayed as a series of
electrical waves characterized by peaks and valleys. The ECG signal provides us two kinds of information, the
duration of the electrical wave crossing the heart which in turn decides whether the electrical activity is normal
or irregular and the amount of electrical activity passing through the heart muscle which enables to find
whether the parts of the heart is proper (or) not.

Wavelet transform is a signal processing technique used in various applications - to decompose, filter,
feature extraction etc.... Wavelet transform has a huge impact in biomedical systems for signal processing. For
many signals, the low-frequency content is the most important part. It is what gives the signal its identity. The
high-frequency content, on the other hand, imparts flavor or nuance. To gain a better appreciation of this
process, it is performed with a one-stage discrete wavelet transform of a signal. The decomposition process can
be iterated, with successive approximations being decomposed in turn, so that one signal is broken down into
many lower resolution components.

In wavelet analysis, a signal is split into an approximation and a detail. The approximation is then itself split
into a second-level approximation and detail, and the process is repeated. The transformed signal provides
information about the time and the frequency. Using this approximated information low frequency data could be
identified, which is more important in cardiac disease prediction.

The fetal electrocardiogram (FECG) is used for the calculation of the fetal cardiac frequency and in the
prediction of the fetal acidosis. An FECG provides information about the fetal well being and the physiological
state of the fetus.

Genetic algorithm is a common methodology using which the range of values can be fit into a specific
function and evaluated using an another function. Using genetic algorithm the electrocardiogram signal can be
evaluated as whether the signal can be assigned to mother cardiogram or fetal cardiogram. The genetic
algorithm can be applied for the separation of signals of Electrocardiogram as mother and fetal.
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Related Works:

There are many techniques that have been proposed for the separation of fetal electrocardiogram from
maternal ECG. We discuss few of them here with statistical approach and propose a new methodology for the
separation of fetal ECG signal.

In Fetal Electrocardiogram Extraction Using Adaptive Neuro-fuzzy Inference Systems and Undecimated
Wavelet Transform (Sargolzaei, A., 2011), FECG is extracted from the maternal electrocardiogram using
adaptive neuro-fuzzy inference systems and undecimated wavelet transform (UWT) is proposed. The
performance of the proposed system is compared with the standard discrete wavelet transform (DWT). For
numerical evaluation, the mean square error (MSE) between de-noised FECG signal and original FECG signal
is used.

Fast technique for non invasive fetal ECG extraction (Pani, D., 2010), describes a fast and very simple
algorithm for estimating the fetal electrocardiogram (FECG). It is based on independent component analysis, but
we substitute its computationally demanding calculations for a much simpler procedure. The resulting method
consists of two steps: as a dimensionality reduction step and a computationally light post processing stage used
to enhance the FECG signal.

A Method for Subsample Fetal Heart Rate Estimation under Noisy Conditions (Morales, D.P., 2013),
consider a new approach for estimating the fundamental period in fetal ECG waveforms. This method is based
on the minimization of a cost function that measures the differences between the discrete Fourier transform
(DFT) of the fetal ECG waveform and the DFTs of its circularly shifted forms. By using the linear phase shift
property of the DFT, we show that the minimization of this cost function is equivalent to finding the cosine
waveform that matches best to the ECG power spectrum. The optimal cosine waveform is then used to estimate
the fundamental period. This method is based on the minimization of a cost function that measures the
differences between the discrete Fourier transform (DFT) of the fetal ECG waveform and the DFTs of its
circularly shifted forms. By using the linear phase shift property of the DFT, we show that the minimization of
this cost function is equivalent to finding the cosine waveform that matches best to the ECG power spectrum.

A detail review and implementation issue of fetal ECG extraction and enhancement is presented in (Jafari,
F. and M.A. Tinati, 2010). When methods like correlation and subtraction are obsolete, adaptive filtering and
independent component analysis methods are mainly used for extraction and enhancement of FECG. The
enhancement methods are used for classification and diagnosis purpose through parameter analysis. The method
to be used depends on the number of electrodes used. If more number of electrodes is used, the accuracy is more
but the complexity increases.

A method of extracting fetal ECG based on adaptive linear neural network is proposed in (Kovacs, F.,
2011). It can be realized by training a small quantity of data. A lightweight algorithm, which extracts the fetal
ECG with a pre-knowledge about its skewness is presented in (Sahin, 1., 2011). By using the skewness, a cost
function is defined by which Weight vector is updated and through this desired fetal ECG signal is extracted.

A technique based on the fetal ECG extraction algorithm OL-JADE (Jezewski, J., 2012), which tries to
invert the whole blind extraction process only for the FECG, estimated sources in order to estimate the FECG
power at the electrodes. Due to the recursive sample-by-sample nature of the whitening stage of OL-JADE, an
approximated Least Squares solution has been introduced in the back projection scheme revealing adequate
performance.

A successful system for recovering the FECG using multidimensional Independent component Analysis
(MICA) is presented in (Camargo-Olivares, J.L. 2011). MICA requires as many observations as sources. To
increase the number of observations, MICA is often applied to data sets that include measurements taken at the
mother's thoracic region.

The previously discussed methods has the difficulty of separation of signals of fetal electrocardiogram from
mothers ECG due to the unavailability of fitness function or an evolutionary method to check the signal whose it
belongs to. We propose a new evolutionary approach which uses genetic algorithm for the evolution of the
separated fetal electrocardiogram.

Proposed Method:

The proposed method has four stages: in the first stage the signal is transformed using wavelet transform to
boost the signals, in the second stage we extract the features of the electrocardiogram signal, and in the third
stage the boosted signals are applied with GA functions to evaluate the signal with the signals of the mother.
Finally the fetal ECG is separated from mothers and combined to present the complete fetal ECG.
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Fig. 1: Proposed System Architecture.

Wavelet Transform:

The wavelet analysis is applied on the wave form to decompose signals into several frequency bands. We
select appropriate wavelet and the number of decomposition levels for the analysis of signals using DWT. The
number of decomposition levels is chosen based on the dominant frequency components of the signal. The
levels are chosen such that those parts of the signal that correlate well with the frequencies necessary for
classification of the signal are retained in the wavelet coefficients. Since the ECGs have little useful information
above frequency 30 Hz of 173.6 Hz, we have selected 5 different bands and frequency ranges and one
approximation range.

Feature Extraction:

The electrocardiogram contains various time domain and space domain values; they are amplitudes and
intervals of various sectors. We extract P-R interval, R-R interval, Q-T interval, S-T interval, P-wave interval,
QRS interval and the amplitude values of P, R, S, Q, T, U waves. Each features extracted is stored in the data
base for further manipulation.

Algorithm:
Stepl: Read transformed ECG signal Ds.
Step2: Extract the following features.
Pr=P-R interval
Rr = R-R interval.
Qt = Q-T interval.
St = S-T interval
P=P wave interval.
Qrs = QRS interval.
PA- P wave Amplitude.
QA - Q wave Amplitude.
RA - R wave Amplitude.
TA- T wave Amplitude.
SA — Synus Amplitude
UA- U wave Amplitude.
Construct vector V; and add to vector set V.
V, = Y Vi(Pr,Rr,Qt,St,P,Qrs,PA,QARASA TAUA).
End.
Step3: stop.

GA Based FHR Detection:

The genetic algorithm based separation and fitness function separates the fetal heart electrocardiogram
signals from mothers. The GA function has two set of six variables which represent the minimum and maximum
values of the features of ECG signal. All the minimum and maximum values are initialized as follows: minPA,
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maxPA, minQA, maxQA, minRA, maxRA, minSA, maxSA, minTA, maxTA, minUA, maxUA. The GA
function selects each signal amplitude which has less amplitude value than the minimum threshold. The
amplitude values which are not selected from the fitness function forms the fetal wave form. The GA was
seeded with the initial population with approximate mid range of these 6 variables as 2.5, 2.0, 12.0, 1.0, 3.0 2.2.
The algorithm will search for optimal location for the signal to be placed and on each iteration; the best
candidate location is selected based on the overall fitness value.

Algorithm:

Stepl: start

Step2: initialize midrange values m1, m2, m3, m4, m5, mé6.

Step3: INITIALIZE population with random candidate solutions;
PA, QA , RA, SA, TAUA.

EVALUATE each candidate;

Fitness f =Find fitness of the candidate.

repeat

SELECT parents;

RECOMBINE pairs of parents;

MUTATE the resulting children;

EVALUATE children;

until TERMINATION-CONDITION is satisfied

end

Step4: stop.

Algorithm GA Fitness:
Input: PA, QA ,RA, SA, TAJUA, ml1, m2, m3, m4, m5, m6
Output: Fitness value F, H1,H2.
Stepl: start:
Step2: initialize H1,H2, F, support value for mother ECG, FECG.
Step3: H1=$( PA, QA , RA, SA, TAUA)<O(m1 , m2, m3, m4, m5, m6)
Step4: H2= $( PA, QA , RA, SA, TAUA)>O(m1, m2, m3, m4, m5, m6)
Step5: if(H1>H2)

Return 1.//specifies Fetal ECG

Else

Return 0.

Step6: stop.

FHR Separation:

Identified P-wave and QRS-wave are grouped to form the electrocardiogram wave of the fetal and
separated from mother ECG. All identified wave forms of the fetal is joined to form the complete wave form to
analyze the condition of the fetal for medical investigations.

Experimental Results:

To examine the efficacy of the proposed system in separating the preferred FECG signal from the MECG
signals, experiments were conducted on the simulated signals. The ECG for both the mother and fetus has been
simulated assuming sampling rate of 4 000 Hz.
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Fig. 2: Shows the MECG as input ECG.
The figure 1 shows the electrocardiogram wave form of the mother.
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Fig. 3: Shows both mother+fetal+noise ECG.

Figure 3 shows the wave form which contains the electrocardiogram signal of both mother , fetal with noise

signals.
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Fig. 4: Shows the Noise removed ECG.

The figure 4 shows the ECG wave form of both mother and fetal with noise been removed.
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Fig. 5: Shows the separated FECG.

The figure shows the separated fetal electrocardiogram from the mothers ECG.
For numerical evaluation, the mean square error (MSE) between the de-noised FECG signal and the
original FECG is used. The performance of the proposed system is compared with DWT.

Conclusion:

This paper presents a novel method for FHR detection by separating the fetal electrocardiogram from
mothers ECG using wavelet transform and genetic algorithm. We have used wavelet transform to obtain the
missing values of signals which are very low belongs to the fetal and boost using the wavelet transform. The
genetic algorithm is used to identify the signal to which it belongs to by designing a fitness function which
evaluates the amplitude of various signals of ECG wave. The proposed method has produced efficient results
and the real time recording and separation of long time ECG with comparison to other methods also shows the
efficiency of the proposed method.
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