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Abstract—The paper presents a method and results for 
extracting fetal ECG (fECG) from maternal ECG (mECG) 
early in the pregnancy.  Extraction is based on a Blind-
Adaptive-Filtering approach that overcomes the theoretical 
limitations in applying conventional Blind   Signal Separation 
(BSS) methods based on ICA (independent component 
analysis)  [1] or AMUSE  [2,3] to this signal extraction problem 
and which greatly limited the extraction of fECG beyond the 
30th gestation week (yielding very noisy separation even at 
these gestation weeks).  We present separation results for 
actual maternal data down to 24th gestation week, which is the 
earliest for which we were able to obtain raw maternal ECG 
recordings.  Our method has no foreseeable limitation to be 
successful at earlier gestation weeks.  
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I.  INTRODUCTION 
 
 Whereas Doppler ultrasound methods allow detection of 
fetal heartbeat down to the 10th-12th-gestation week, no 
ultrasound method can yield useful time recordings of fECG 
[4, 5]. However, access to reliable and easily extractable 
fECG recordings would help the physician to better 
determine fetal heart condition and in some cases, diagnose 
fetal cardiac defects early in the pregnancy.  Hence, in some 
cases, these can be treated by medication administered to the 
mother. As the method presented below is an algorithm to 
be implemented in conventional (high resolution) ECG 
machines, it is noninvasive and conveniently accessible at 
physician’s clinic. The paper considers the extraction of 
fECG from real patient data obtained with a high resolution 
and otherwise conventional ECG machine using 3 ECG 
surface electrode pairs placed on the skin of a pregnant 
woman.  
 There are fundamental theoretical limitations on any 
conventional ICA-based (independent component analysis-
based) [1] or AMUSE-Based [2] blind separation methods.  
These are due to their requirement that the number of 
observations (electrode pairs in our case) must be less or 
equal to the number of uncorrelated signal sources.  In the 
fECG extraction, this is not the case.  Each electrode has its 
own, at least partly uncorrelated noise, due to maternal 
abdominal myoelectric activity and other noises picked up 
by these electrodes and which differ per each abdominal 
electrode placement. Also the mECG and fECG in each 
channel are partly uncorrelated. Hence, adding electrodes 

will always increase the number of noise sources. 
Furthermore, the mECG is of many hundreds (even 
thousands) of time stronger that the fECG signal embedded 
in it. Finally, the various noises in which the fECG is 
embedded are also stronger by a factor of 50 to several 
hundreds (depending on gestation age).  
 
II. METHOD: THE FETAL ECG EXTRACTION SYSTEM 
 
 The theoretical limitations on ICA or on AMUSE-based 
BSS (denoted below and in Fig. 1 as BSS) as discussed in 
the Introduction section above, lead us to solve the fECG 
extraction problem by employing a 2-stage Blind Adaptive 
Filtering (BAF) approach [6, 7, 8], namely, to utilize the 
BAF’s structure that allows estimation of certain parameters 
from the data, on the basis of a-priori or retrievable  
information on the nature of certain signals that are involved  
in a mixture, but which are NOT the signal while extraction 
is being sought. 
 

 
Fig. 1.  Block Diagram of the fECG Extraction System  
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 The BAF extraction system (see Fig. 1) employs these 
retrieved parameters to filter (to extract) the desired signal.    
The first BAF filter serves to estimate the mECG from the 
observations. Noting that mECG dominates the 
observations, the first BAF stage employs an AMUSE or an 
ICA-based BSS which serves solely to extract a clean 
estimate of the mECG signal for the purpose of mECG 
parameter estimation by this BAF stage. Subsequently to 
this estimation, the parameters of non-ECG noise are 
estimated from the observations. Hence, the second BAF 
stage now receives parameter estimates of both mECG and 
non-ECG noise, to facilitate estimation of the fECG signal.  
The second BAF stage incorporates a LAMSTAR Neural 
Network [9] for recognizing and subsequently improving the 
removal of mECG and non-ECG noises from the estimated 
fECG signal.  This two-stage BAF procedure thus avoids the 
earlier stated theoretical limitations of ICA or AMUSE-
based BSS, which is only employed to get an improved 

estimate of the strongest raw source in the observations, 
namely, the mECG signal.    
 

III. fECG EXTRACTION RESULTS 
 

 Fig. 2 below gives the raw ECG recordings from 3 
conventional ECG electrode channels recorded on the 
abdomen of a pregnant mother at the 24th gestation week, 
while Fig. 3 gives the corresponding 3 channels of the 
extracted fECG signal at the output of the second BAF stage 
discussed in the previous Section. The raw observations 
(recordings) are in terms of 3 channels. These were recorded 
on an Oxford Instruments Ltd. high resolution ECG machine 
(resolution of 38 nanovolts per least significant bit). 
Consistent with Doppler ultrasound, the extracted fECG of 
Fig. 2 shows an unambiguous fetal heart rate that is 
substantially higher than the (uncorrelated) maternal heart 
rate seen in Fig. 2. 
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                                                                       Fig. 2.  Raw mECG data for 24th gestation week (3 ECG channels) 
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Fig. 3.  Extracted fECG Signal (3 estimated fECG channels) 
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IV. CONCLUSIONS 
 

 The theoretical limitations on conventional (ICA or 
AMUSE) BSS-based fECG extraction, as discussed in 
Section 2 above, led us to design a BAF (blind adaptive 
filtering) extraction system which employs a conventional 
BSS subsystem only to improve the estimate of the maternal 
(not the fetal) ECG.  While the BAF system presented in 
this paper truly serves for blind separation, we do not name 
it BSS in order to avoid confusing it with ICA-based BSS 
systems or with AMUSE-based BSS systems because it is a 
blind filter serving for blind separation. An AMUSE 
algorithm (or alternatively, an ICA algorithm) is 
incorporated in it, not for separation of the fetal ECG signal, 
but in a supporting role, to provide an estimate of the 
maternal signal to be subsequently used by the BAF system 
itself  (more precisely, by a first stage BAF of a two-stage 
BAF system - See Fig. 1).     
 The 2-stage BAF approach is shown (Fig. 3 of Section 3 
above) to retrieve fetal ECG (fECG) from actual patient’s 
maternal ECG measurements at the 24th gestation week.     
On the basis of extrapolating the quality and clarity of the 
estimates from those we obtained in 2 other sets of data, for 
the 38th gestation week and for an unknown week (we 
estimate it to be approximately 30th week) and on the basis 
of experience gained from simulated data, we believe that 
the present BAF approach should be able to extract fECG at 
earlier gestation weeks, at least down to 20th week. To our 
knowledge, the results obtainable down to the 24th gestation 
week are superior to anything reported for real data.  
         In our study we had no raw data (similar to that used in 
the present study) from cases that involved fetal cardiac 
arrhythmia [10]. Our present system assumes parameter 
stationarity (for the fECG signal) over a time window of 6 
seconds. We obtained practically identical results when 
assuming stationarity over 4 seconds. We expect that we can 
obtain good fECG extraction when requiring parameter 
stationarity over 2-3 seconds with minor modification.   
Furthermore, if all we need is to determine that arrhythmia    

 
is present, then, using a moving time widow, we may be 
able to apply our approach to most arrhythmia situations. 
However, definite conclusions on this aspect must await 
availability of real patient data for the various arrhythmia 
situations.    
       Finally, we comment that the fetal signal’s extraction of 
this paper is just as applicable to magnetocardiographic 
(MCG) data as it is to ECG data. 
 

 
                            ACKNOWLEDGMENT 

 
 We wish to acknowledge the generosity of Oxford 
Instruments, Ltd., United Kingdom, for allowing us access 
to their maternal ECG data which were used in this study. 
 

REFERENCES 
 

 [1] Cichocki, A. and Amari, S.I., Adaptive Blind Signal and Image 
Processing, John Wiley, NY, 2001. 

 [2] Tong, L., Liu, R.W., Soon, V.C., and Huang, Y., Indeterminacy 
and Identifiability in Blind Identification, IEEE Trans. Circ. & 
Signals, 38: 499-509, 1991. 

 [3] Suliga, P. and Graupe, D., A Neural Network Approach to Blind 
Separation, Smart Engineering Systems, Editor, C.H. Dagli, 
ASME  Press, 12:689-694, 2002 

 [4] Taylor, MJ, Smith, MJ, Thomas, M, et al. Non-invasive fetal 
electrocardiography in singleton and multiple pregnancies., 
BJOG, 110:668,2003. 

 [5] Reed, K.L., www.uptodate.com, 2004. 
 [6] Graupe, D., Time Series Analysis, Identification and Adaptive 

Filtering, 2nd Edition, Krieger Publ. Co., Malabar, FL, 1989. 
 [7] Graupe, D., and Veselinovic, D., Blind Adaptive Filtering of 

speech from noise of unknown spectrum using a virtual feedback 
configuration, IEEE Trans. Speech & Audio Processing, 8: 146-
158, 2000. 

 [8] Veselinovic, D. and Graupe, D., A WT Approach to Blind 
Adaptive Filtering, IEEE Trans. Circ. & Signals, 50: 150-154, 
2003.  

 [9] Graupe, D., Principles of Neural Networks, World Scientific 
Publishing Co., Singapore and River Edge, NJ, 1997. 

 [10] Wagner, G.S. and Marriott, H.J.L., Practical            
Electrocardiography, 10th edition, Lippincott Williams & 
Wilkins, 2001 

 
 
 

 
 
 
 
 
 


	MAIN MENU
	PREVIOUS MENU
	---------------------------------
	Search CD-ROM
	Search Results
	Print

	header01: IJBEMVol. 7, No. 1, 2005
	01: 166
	header02: IJBEMVol. 7, No. 1, 2005
	02: 167
	header03: IJBEMVol. 7, No. 1, 2005
	03: 168


