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Abstract : Analysis of fetal electrocardiogram has important role during pregnancy, because it provides important information about the
condition of the fetus. A continuous monitoring of fECG may increase the early detection of diseases like fetal arrhythmia. But extracting
fetal ECG from mother ECG is not an easy one. Because the signal obtained from the abdominal surface of the mother is a collection of
noises. It consists of noise generated by fetal brain activity, myographic signals and maternal ECG, etc. Here proposing a novel algorithm
for the fetal arrhythmia classification and detection. The extraction of fetal ECG from maternal ECG is done by using independent

component analysisi and the detection is done by using bayesian classifier.
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l. INTRODUCTION

Birth defect is a problem that happens while a baby is
developing in the mother's body. Most birth defects happen
during the first 3 months of pregnancy. One out of every 33
babies in the United States is born with a birth defect.

Fetal monitoring during pregnancy stage has important
role [2, 3], since it allows to the early detection of
arrhythmia like diseases. That means if the fetal ECG
extraction from the mother ECG is perfectly possible during
the early stages of pregnancy, most of the birth defects can
be prevent.

The heart is one of the first organs formed in the very
early stages of pregnancy. The most critical period of this
heart development is between 3 and 7 weeks after
fertilization. It is clear that chances of heart defects also
originate in early stages of pregnancy and they can affect
any of the parts or functions of the heart.

Fetal electrocardiogram (FECG) extraction has a vital
role during pregnancy. Fetal monitoring during pregnancy
stage helps the physician to recognize the pathologic
condition. Fetal ECG (FECG) signal reflects the electrical
activity of the fetal heart and provides valuable information
of its physiological state. fECG is acquiring by placing non
invasive electrodes on the abdominal surface of mother.
However, abdominal ECG (AECG) is always corrupted with
power line interference, maternal ECG (MECG) and
electromyogram (EMG) where as FECG signal is corrupted
by the gestational age, position of the electrodes and the
skin impedance, ie the obtained ECG waveform is a
mixture of noises [4,5,8].

Il. IMPORTANCE OF fECG

Figure 1: The ECG Waveform

Biomedical signal means a collective electrical signal
acquired from any organ that represents a physical variable
of interest. FECG is a biomedical signal that gives electrical
representation of FHR. Sometimes the FECG is the only
information source in early stage diagnostic of fetal health.
Because one important factor is that, heart is one of the first
organs formed in the very early stages of pregnhancy. The
fetal ECG consists of mainly three parts:

i) The P-wave: which reflects the contraction of
the atriales.ie, The first segment is P-wave
which indicates the depolarized wave that
distributes from the SA node to the atria

i) The QRS-complex is associated with the
contraction of the ventricles. The QRS
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complex is the combination of three of the
graphical deflections in the ECG waveforms. It
is one of the most important segments of ECG
waveforms, which represents ventricular
depolarization.

iii) The last part of ECG consists of T-wave,
which indicates ventricular repolarization and
its time is larger than depolarization.

The delay associated to the R-R interval leads to
the heartbeats frequency. The R-R interval gives useful
information about the heart condition. So by analyzing the
fetal ECG it is easy to detect whether there is any problem
or not. The abnormalities of ECG can be traced out by a
trained physician. However manual detection has its own
drawbacks. Here proposing an automatic detection of
abnormalities and this is classifying using Bayesian
classifier.
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Figure 2: Normal and Abnormal ECGs

1. METHODOLOGY

ECG signals obtaining from the abdominal surface of
the mother and the fetus are clearly independent of each
other and they can be efficiently separated using ICA [1], it
is very useful for extraction of fetal ECG. The method is to
perform ICA on a set of ECG leads.

The extraction of Fetal Electrocardiogram (FECG) is
vital to know the well being of the fetus and useful for
doctors to decide the mode of delivery and period. The
FECG contains activity of electrical depolarization and
repolarization of fetal heart. In this paper, a simple
algorithm, Independent Component Analysis (ICA), is used
to extract FECG from Abdominal Electrocardiogram
(AECG) of mother. ICA is basically a filtering solution
which gives the signal from an unknown source. In this
problem, the signal from an unknown source is Fetal ECG.
It is to be derived from the pure maternal ECG. This
algorithm works as a filter for extracting the FECG from
multichannel maternal recordings. Noise reduction and
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subsequent extraction has been attempted by various
Independent Component Analysis (ICA) algorithms. ICA
comes under the classification of BSS techniques that can be
applied to biomedical signal processing by making an
additional assumption of independence of original signals.
From the output of ICA, the fECG is obtained [6, 7].
The obtained fECG is then classified using a trained
classifier [11, 12, 13, 14]. Here using naive Bayesian

classifier.

The structure of fetal

arrhythmia detection and

classification in my work consists of three main phases:
Preprocessing, ECG feature extraction and classification.
The proposed block diagram is shown in figure
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Fig 3: Block diagram

The noisy raw input collected from mother is mixed
with respiratory as well as muscular signals are denoised
using ICA blind source separation algorithms. The features
of extracted ECG signal are detected using state machine
logic algorithm. The classification of arrhythmia is done
using bayesian classifier.

A. PREPROCESSING

The figure 4 shows the input raw ECG signal obtained from
the abdominal surface of the mother. Since it consists of so
many noises like respiratory as well as muscle contraction
noises, it needs filtering for accurately analyzing fetal ECG
to find arrhythmia.
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Figure 4: Input raw ECG
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When ECG signal obtained from the patient’s body
surface consists of a mixture of signals including respiratory
as well as muscle contraction noises. There are so many
denoising methods are present including DCT, wavelet
transforms etc [16, 17]. But they do not give any noticeable
change to raw ECG, since it is a mixed signal. My aim is to
extract ECG from mixed signals without any knowledge of
them. Another one options are PCA [18, 19], ICA [20, 21,
22, 23] etc. but when PCA algorithms are applied on the raw
ECG, uncorrelated components are obtained but not
independent. So an efficient tool for this type of signal input
is ICA algorithms based on blind source separation (BSS).

Preprocessing is done by using FastICA- FICA is an
efficient algorithm for ICA, in which preprocessing of data
consists of centering and whitening and it is done by
performing Eigen value decomposition. Then an iteration
scheme is done, resulting in maximum non-guassanity that
is statistical independence. The unmixing matrix obtained
by the iterative algorithm is used to find out the independent
component by inverse matrix operations.
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100

% ,m: rxwl\_:"ﬂ\'”‘ﬁvd[‘lwﬂ'\WMT,NPT'\xﬂ:»wfru"'«\\\,MTxlt»Tvd

10

(] ra.’““(\"“‘ T‘\“““ﬁ\‘"“r:r ““['\*““{N‘*“\T\WI‘&“‘*‘\‘\. M’Tw—‘rAJ“’]r\,.“'\m;**ﬁ‘v“

3

1 B a 10

etal ECG
100 T

A Ua r\.v«‘xﬁﬂ'\“"ll\“dr\r“ﬂ"‘“r\r‘ﬂ\hd Tﬂl\\ﬂiiv’rvwv\ﬂvﬁ

3

Noise
10¢

. . v . v . - .

RS TROVIRY [P ] [N [ HEPTY Y DR SV 1O0Y (DN Y I P e PAPSL [0

e i, i ol ol 1 LR e e
0

10

T2 3 4 5 8 7 8 3§
Figure 5: Independent component obtained by fastICA

The result of such preprocessing is shown in figure 5. In
figure 5, it shows the mother’s signal, signal after
preprocessing, fetus’s signal and noise signal.

B. FEATURE SELECTION

After the preprocessing the output obtained is the exact
fetal ECG. So next step is identifying the features then only
it is possible to predict whether it consists of any type of
arrhythmia or not. For that here, using the state machine
logic and the result is shown in figure 6.

The feature selection of the ECG is done by analyzing
certain parameters; these are the RR interval, the PR interval
and the QRS duration etc.

The characteristic points P, Q, R, S and T peaks are
detected using peak detection algorithm. There are so many
ways to detect the peak of the ECG signal [24, 25]. Here the

peak detection is done by using the state-machine logic. The
state machine logic helps to determine different peaks in an
ECG signal. It is very accurate because it has the ability to
remove the by high pass filtering and baseline wander by
low pass. Also, it checks out criterion to stop detection of
spikes. After applying state machine logic, the output shows
the exact positions of peaks. The distance between the
nearest RR, QQ, SS and TT distances of a normal ECG has
standard values. So by analyzing the output we can find out
the whether it has any abnormalities or not.
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Figure6: Feature Selection

C. CLASSIFICATION

If denoising, feature extraction and feature
selection is efficiently done, and then the final step is
classifying the obtained data. There so many ways to
classifying the data [26, 27]. Here |1 am using Naive Bayes
classifier [28, 29] for Arrhythmia detection and
classification. The classifier is based on Bayesian theorem
[30]. The main advantage of this classifier is that
interactions between features is not considered, only classify
based on given features. Also Less feature input is required.
It is suitable because the dimensionality of the input is high
and classifier only requires a small amount of training data
to estimate the parameters. For separation and cross
validation, bayesian classifier is more accurate than any
previous classifiers.

In this paper the classifier compare the features of
output with reference features and detect whether it has any
arrhythmia and classify according to the type of arrhythmia.
Here analyzing mainly 6 types of arrhythmia. They are
Atrial Fibrillation, 1st degree block, Paced, Wolff-
Parkinson-White  Syndrome, Ventricular ~Tachycardia,
Idioventricular rhythm.
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V.

Figure 9: Classification: showing result for Idioventricular Rhythm

RESULTS

feat_vect =

Columns 1 through 6

203.0000 11.2206 214.0000 -0.6301 225.0000 2.1944

Columns 7 through 8

193.0000 7.4674  33.3333
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>

Figure 7: Classification: showing result for normal

Command Window

feat_vect =
Columns 1 through 6
29.0000 29.8508  76.0000 -0.4455 111.0000  10.7380
Columns 7 through 9
39.0000 12.2310  62.5000

ATRIAL FIBRILLATION
2> |

Figure 8: Classification: showing result for atrial fibrillation

Command Win
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feat_vect =

1.0e+03 *
Columns 1 through 6

0.3530 0.0307  ©0.3330 0.0031 1.15%0  -0.0022
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Figure 10: Classification: showing result for Wolff-Parkinson
White Syndrome

Command Window

feat_vect =
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Figure 11: Classification: showing result for Paced

feat_vect =

Columns 1 through 6
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Columns 7 through 9
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Figure 12: Classification: showing result for ventricular
Tachycardia
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Columns 1 through 6

321.0000 20.4587 358.0000 -11.5485 391,0000 3.0282
Columns 7 through 9
311.0000 12.735¢  33.3333

1st DEGREE BLOCK
fo>>

Figure 13: Classification: showing result for 1% degree block

V. CONCLUSION

The goal of this paper is to detect fetal arrhythmia
in an earlier stage of pregnancy from the raw ECG obtained
from the abdominal surface of mother which is equipped by
respiratory and muscular noises. The challenge is to extract
ECG accurately from this mixed signal and to classify
exactly. This preprocessing is effectively implemented by
using Independent component Analysis algorithms such as
FASTICA and applied peak detection algorithm using state-
machine logic to determine different peaks in an ECG
signal. The result is classified using Bayesian classifier.
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