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ABSTRACT

Fetal ECG contains precise knowledge that may aid doctor in
creating well-suited choices throughout pregnancy and labor.
Authentic FECG signal is still extraordinarily complicated
and very contaminated by outer disturbances. Hence
extraction of clean fetal ECG is extraordinarily crucial for
fetal surveillance. This is often accomplished by putting
electrodes on mother’s abdomen. Anyway it is tainted with
varied sources of noise. This paper compares LMS adaptive
filter for FECG extraction with neural network based adaptive
filter. Real fetal ECG database was used. Experimental results
validated superiority of later scheme in terms of SNR and
MSE.
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1. INTRODUCTION

The electrocardiogram (ECG) shows sensible action of heart.
The Fetal electrocardiogram (ECG) waveform examination is
finished by the way of estimating electrical action from the
fetal heart. The Fetal ECG (FECG) signal affords helpful
information on physiological state of fetal heart. The FECG
signals are often procured by 2 procedures, specifically fetal
scalp electrode and maternal abdomen skin electrode [1].
Different methods have been forth put for fetal ECG
extrication for instance matching pursuits[2] , Independent
component analysis(ICA) [3-5],blind source
extraction(BSE)[6],adaptive filtering [7], support vector
machine [8], singular value decomposition(SVD) [9], wavelet
analysis [10], extended Kalman filtering [11], auto-correlation
and cross-correlation techniques[12]. Adaptive filtering
combined with neural network is a powerful scheme for
FECG extraction. This paper demonstrates the proficiency of
mentioned scheme over LMS based adaptive filter for FECG
extraction by assessing Signal to Noise Ratio SNR and mean
square error (MSE).

2. ADAPTIVE NOISE CANCELLATION

In fetal ECG extraction the Adaptive filter was utilized
generally. Figure 1 shows the design of adaptive filter. Based
on the streamlined preparing calculation the adaptive filter can
modified. The streamlined preparing calculation was induced
from the back proliferated blunder flag. In this method
abdominal signal can be distinguished with the reference flag.
And the qualification is named as mean Square error, which is
to be limited. Adaptive filter is balanced by the mean square
(LMS) calculation.
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Fig 1: Adaptive filter

LMS update is given by
wn + 1) = w(n) + 2u M(S)E(S)

Where w(n) a vector comprising the coefficients of the FIR
filters and p is chosen step size.

For a FIR filter with N coefficients the output of the adaptive
filter can be expressed as

y(n) = WT(n)x(n)
Where W = [w(0),w(1), ....w(m — 1)]T
Fetal ECG can be obtained after adaptation as
E(S) = M(S) — R(S)
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Fig 2: Typical ECG Waveform
3. NEURAL NETWORK BASED FILTER

In this scheme the adaptive filter weights are ideally picked
through two stage artificial neural network (ANN).
Additionally, two stages ANN redesign the weight in
perspective of the learning rate and force (weight of past
cycle). By the help of two stages ANN the adaptive filter
isolates the fetal flag through consequently gaining the
appropriate parameters. The developed method using double
stage ANN is appeared in figure 3.
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M (S) = Abdominal signal;

R(S) = Chest signal (Reference signal);
d (s) = Delay with chest signal;

d (s) = Delay with trained chest signal;

E(S)= Error Signal (Extracted Fetal signal);
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Fig 3: Adaptive filter with neural network

Abdominal signal and reference thoracic signals are selected
as an input signals. The reference thoracic signal was denoted
as r (j) and abdominal signal was denoted as a (j) commonly

A (j) consist of noise source, which was denoted as n0 (j).
Likewise, the authentic input signal can be depicted as,
M(S) = A() +n0())
Also, the reference input signal can be given as,
R(S) = n1())
no (i) and nq (j) are the noise sources, related to one another

in some way that they ought to be equivalent. The ng (j) is an

unidentified component. . To obtain the fetal ECG signal
by removing the noise is a complicated progression. Input
signal was related with the familiar noise source, n1 (j) and
the inequality is achieved by utilizing adaptive noise
cancellation method. The dissimilarity yield (error signal) is
the fetal ECG signal f(j). In the two stage Artificial Neural
Network strategy, the advancement is done as two stages. The
ANN composed of three layers for instance, input layer,
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hidden layer and output layer. The reference maternal flag
was given as contribution to the stage-1, where the reference
maternal flag was created first with deferral. The execution of
planning is evaluated by technique for the MSE. Stage — |
neural framework yield was utilized to fabricate the stage-I1I
neural system. For setting up, the output of Stage-l was given
at the contribution of stage-Il and the commitment of Stage-I
is managed as the yield for Stage-11. By then the bipolar
neural network (BPN) computation is implemented by
utilizing this given information yield relationship. Finally, the
Stage-Il neural framework is organized up to the yield is
refined without fault
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Fig 4: Two stage artificial neural network

4. RESULTS

To verify the feasibility, Physionet database [13] was used.
Results of LMS algorithm and neural network based adaptive
filter are shown in Fig.6.and Fig.7 respectively. The three
different waveforms occurred from bottom to top are Fetal
ECG, thoracic signal and abdominal signal.

Fig.8 illustrates the MSE for both the schemes which prove
the proficiency of neural network based adaptive filter over
LMS algorithm

The SNR graph of both the schemes is shown in Fig.9. While
SNR increases, the signal strength also increases. Neural
network based adaptive filter has better performance than
LMS algorithm to filter out noise. To sum up, these results
prove that neural network enhances performance over LMS
algorithm
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Fig 5: From a pregnant woman, five channels of ECG signals were composed. Where from Channels (chi) 1-2 are thoracic
signals while Channels 3-5 are abdominal signals
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Fig 6: FECG extraction using LMS algorithm
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Fig 7: FECG extraction using neural network configuration
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Fig 8: Comparison of MSE of LMS algorithm and neural network based Adaptive filter
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Fig 9: Comparison of SNR of LMS algorithm and neural network based Adaptive filter

5. CONCLUSION

The withdrawal of FECG is crucial from medical point of
view to get tried and true data on fetal status. The extraction
of clean FECG without interference is a daunting task. Neural
network based adaptive filter is a versatile powerful technique
for FECG extraction. Its performance has been proved
quantitatively by examining SNR and MSE by using clinical
data
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