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Abstract— Tele-monitoring of foetal ECG (FECG) is very 

important in Telemedicine. DesigningTele-monitoring 

system with low energy consumption is a major challenge. 

Compressing or Reconstructing FECG which is a non-sparse 

signal with strong noise contamination is not an easy task. 

Majority of times Compressed Sensing (CS) techniques fails 

to compress/reconstruct FECG so there exists a strong need 

for other advanced techniques, we propose Block Sparse 

Bayesian Learning(BSBL) which can reconstruct FECG by 

exploiting its Sparsity. 

Key words: Electroencephalogram (EEG), Sparsity, 

Centering, Whitening, Bandpass Filtering, Reconstruction, 

Kurtosis, Negentrophy 

General terms: Foetal Electrocardiogram (FECG), 

Telemedicine, Independent Component Analysis (ICA), 

Block Sparse Bayesian Learning (BSBL), Compressed 

Sensing (CS) 

I. INTRODUCTION 

Basically FECG is a Weak signal contaminated with 

Maternal ECG(MECG) and strong noise, noise arises due to 

Electrode-skin contact, Muscle Artefact, Foetus position and 

Gestational age also affect strength of FECG. Data is taken 

by placing 5 electrodes on abdomen of pregnant women and 

3 electrodes on thorax region. Data collected from 8 

electrodes are sampled at 1000Hz. 

We have different signal processing and machine 

learning techniques like Wavelet Analysis, Adaptive 

filtering and Independent Component Analysis (ICA) to 

Extract FECG from the Data. We use Independent 
Component Analysis to Extract FECG from Data obtained 

from 8 electrodes. From this we can avoid pregnant women 

for frequent Hospital visits pregnant women can stay at 

home and FECGs are received through wireless 

Telemonitoring. 

Reconstructing FECG signals with good quality is 

required for practical usage. For this Block Sparse Bayesian 

Learning (BSBL) is preferred, which can Reconstruct/ 

compress FECG signals. In the beginning this algorithm is 

used for signals which consist of block structures. Basically 

every natural signals are represented by their own structures 

called Block structures. Usually raw FECG signals are not 

sparse in time as well as transformed domain.  

FECG is different from normal adult ECG as there 

is a strong noise and interference due to instrument as well 

as different artefacts like muscle artefact, maternal ECG and 

so on. Independent Component Analysis (ICA) is a method 

which can be used to separate independent components from 

multi-variate signals. In our case the data which we have 

taken will consists of Maternal ECG (MECG), FECG and 

strong noise, so we have to extract FECG from original data. 

For that we have employed Independent Component 

Analysis (ICA) decomposition. 

II. DATA DESCRIPTION 

Data is taken from open source Electrophysiological toolbox 

(OSET). The ECG data can be collected by placing 5 

electrodes on abdomen and 3 Electrodes on Thorax region 

of pregnant women. Then the data collected from 8 channels 

are then sampled at 1000Hz. 

III. INDEPENDENT COMPONENT ANALYSIS 

A. Definition 

Independent Component Analysis (ICA) is a method for 

separating independent components from multi-variate 

signals. Signals which are temporally correlated exits in 

various fields. In the Non-invasive acquisition of FECG 

which provides information regarding position of foetus, 

foetal maturity, multiple pregnancies and so on.We know 

that temporally correlated signals and other unwanted 

signals are mixed in source signals and contaminated by 

unnecessary noises. In our case without knowing source 

signals and mixing matrix, we want to recover source 

signals from observed signals. 

B. Steps Involved In Independent Component Analysis 

The major steps involving in the process are: 

1) Band Pass filtering 

2) Centering 

3) Whitening 

We are filtering data in the range of 0.5-75Hz, 

Centering is basically a pre-processing step done to simplify 

Independent Component Analysis (ICA) and Whitening is 

another pre-processing step used before application of ICA, 

here we transform the observed vector to obtain new vector 

which is white i.e. variance is unity and components should 

be uncorrelated. 

C. Measures of Non-Gaussianity 

There are two parameters which measures non-gaussianity, 

namely 

1) Kurtosis:  

Its an Fourth-order cumulant which is a measure of non-

gaussianity. Kurtosis is an normalized version of fourth 

moment, it can be both positive as well as negative and it is 

zero for Gaussian variable nonzero for non-gaussian 

variables. 

2) Negentropy:  

Another important measure of non-gaussianity and it is 

based on information content of differential entropy. 

IV. BLOCK SPARSE BAYESIAN LEARNING (BSBL) 

Block Sparse Bayesian Learning framework, will exploit a 

block structure and intrablock correlation in the coefficient 

matrix x.  Based on assumption xcan be divided in to L 

blocks which are not overlapped. 
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The Noise model is given by 

y = Φx+ v.                    (1) 

where x is the signal to be compress/reconstruct 

with the length N, Φ is a sensing matrix which compresses x 

linearly. v is a noise vector errors occurs during the 

compression technique or procedure. 

In our application we use noiseless model given as 

y = Φx.                       (2) 

Using sensing matrix Φ compressed sensing (CS) 

algorithm reconstructs x from y. By exploiting property of 

sparsity of x, we can able to reconstruct. Sometimes input 

signal x itself contains noise means, x=u+n, where n is a 

noise signal and u is clean signal, then equation (2) becomes 

y=Φx=Φ(u+n)=Φu+Φn=Φu+w                (3) 

where w is noise vector in noisy CS model. 

Most signals have structures, widely known signals 

with this structures are called block structures. A signal with 

this kind of structures is a linked together by number of 

blocks. 

The block sparse signal x, by BSBL models each 

block as a multivariate Gaussian distribution: 

P(   ; γi,   ) = N(0, γi  )   i= 1,…,g           (4)                           

γi is a parameter controlling block sparsity of x. 

The estimations of x can be done by Maximum-A-Posterior 

estimation and Type II Maximum likelihood estimation. 

V. RESULTS AND DISCUSSIONS 

First we consider original signal which consists of data 

collected from 8 channels(Figure1). Then we reconstruct the 

original signal by Block sparse bayesain Learning(BSBL) 

refer figure2. We perform independent component analysis 

(ICA) of a original signal(refer figure3) as well as 

reconstructed signal (figure4). The performance 

measurement of an algorithm can be evaluated by taking 

Mean Square Error (MSE) between the ICA of original 

signal and reconstructed signal. 

Block Sparse Bayesian Learning algorithm 

identifies non-zero block by Automatic relevance 

Determination. Then the non-zero blocks are modeled as an 

multivariate Gaussian function by considering ideal 

condition. One of the advantages of this framework is it will 

reconstruct the signal by exploiting its sparsity. Sparsity is 

nothing but which consists of less number of non-zero 

elements. Other algorithms like Discrete cosine Transform, 

Wavelet Transforms fails to reconstruct non-sparse signals 

like EEG, Foetal Electrocardiogram (FECG). 

There are 8 input signals and 5 estimated signls 

because the FECG is recorded clearly in the electrodes 

which are placed near abdomen region and other 3 

electrodes which are placed near thorax region will not 

record FECG. Here we consider about 25 segments in our 

data and keeping a block length of 20 the maximum 

iteration count is 500.During Iterations the weights are 

updated by sleepest Descent Method. The performance of 

Block Sparse Bayesian Learning can be evaluated by 

standard Mean square Error (MSE), we get a total MSE of 

0.00274829. 

 
Fig. 1: The figure in the left is original signal 

 
Fig. 2: Reconstructed Signal  

 
Fig. 3: ICA of original signal 

 
Fig. 4: ICA of reconstructed signal 
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