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 ABSTRACT: Fetal ECG (FECG) signal contains potentially precise information that could assist clinicians in making 

more appropriate and timely decisions during pregnancy and labor. The extraction and detection of the FECG signal 

from the composite abdominal signals of the mother with powerful and advance methodology is becoming a very 

important requirement in fetal monitoring. This paper illustrates the algorithm developed based on neural network 

approach to provide efficient and effective way of separating FECG signal from the abdominal ECG signals. The 

FECG signal is isolated from the abdominal signal by back propagation neural network approach. The input signal is 

considered as maternal ECG (mECG) obtained from the thorax of the mother, and the target signal is abdominal signal 

(AECG) which has both MECG and FECG. The output of the network is subtracted from the target input (AECG). To 

reduce the difference between the input and target signal the weights have been updated every step, so that acceptable 

FECG signal can be obtained.    
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I. INTRODUCTION 

 

     Fetal Heart Rate (FHR) analysis has become a widely accepted means of monitoring fetal status. Such analysis uses 

fetal electrocardiogram (FECG) signal for long term monitoring of FHR and fetal well being using signal processing 

techniques[1]. FECG can be obtained non- invasively by applying electrodes to the abdomen of a pregnant woman. 

FECG is the source of information in early stage diagnosis of fetal health and status. The fetal ECG contains valuable 

information which will assist clinicians in making more appropriate and timely decisions during labor, but the difficulty 

of processing it accurately without significant distortion has been a great challenge[2]. The magnitude of the FECG 

signal at the maternal abdomen is of the order of several microvolts which is a fraction of the Maternal Electro 

Cardiogram (mECG) amplitude recorded at the maternal abdomen. 

 

     The abdominal ECG contains a weak fetal ECG signal, a relatively higher level of maternal ECG, maternal muscle 

noise (electromyographic activity in the muscles of the abdomen and uterus) and respiration,  thermal noise from the 

electronic equipment (electrodes, amplifiers, etc.), power line interference and baseline wandering. The signal 

processing algorithm needs to enhance the fetal QRS complexes before foetal R peak can be detected perfectly. To get 

proper information of the fetal status and condition, it is necessary to improve the SNR of the abdominal signal. The 

frequency spectrum of the mECG signal overlaps partially that of the FECG. Therefore filtering alone is not sufficient 

to achieve adequate noise reduction. Techniques to get better FECG signal acquisition remain the subject of ongoing 

research. 

 

A. Review of previous works 

     According to the review, existing FECG extraction approaches in the literature can be categorized by their 

methodologies[3], which include linear or nonlinear decomposition and adaptive filtering.  

 

     Linear decomposition method includes singular value decomposition[4], wavelet transform based techniques[5], 

Blind Source Separation(BSS)[6], BSS combined with wavelet techniques[7]. In linear decomposition technique it is 

usually assumed that signals and noises are mixed in stationary and linear manner. However, FECG and other noises 

are not always stationary mixed and linearly separable. 
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     Non linear decomposition method includes Principal Component Analysis(PCA) and Independent Component 

Analysis(ICA)[8],[9]. Non-linear decomposition methods have higher computational complexity in comparison to 

linear methods[10]. 

 

     The adaptive filtering is based on training an adaptive filter for either removing the mECG using one or several 

maternal reference channels [11], or directly training the filter for extracting the fetal QRS waves[12]. 

 

     Conventional signal processing algorithms have various limitations and considerable computational complexity. In 

this paper, to enhance the extraction of FECG signal from the abdominal ECG signal, the neural network (NN), based 

FECG extraction has been proposed. Since the neural network is adaptive to the nonlinear and time varying features of 

ECG signal, it has been used to extract the FECG signal. Here, the adaptive non linear neural network has been 

considered with single neuron[13]. The input signal is considered as maternal ECG and the target signal is abdominal 

signal. Using NN approach, the maternal ECG has been suppressed from the abdominal ECG (maternal and fetal ECG), 

so that the output can be considered as only fetal ECG. Then the „R‟ peak of the fetal ECG is detected for calculating 

the fetal heart rate. The normal heart rate of the fetal is to be around 110 to 180 bpn. The plot of fetal heart rate with 

respect to time gives heart rate variability (HRV). From the HRV plot, any abnormality in the fetal if exists can be 

identified by the clinician so that correct decision can be made for the well being of fetus during the 

pregnancy[14],[15]. 

 

II. METHODOLOGY 

 

     Back propagation neural network is used in this paper for FECG extraction from the abdominal signal. The process 

flow of this project is shown in the following block diagram (fig.1). 
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     Feed forward networks often have one or more hidden layers of sigmoid neurons followed by an output layer of 

linear neurons. Multiple layers of neurons with nonlinear transfer functions allow the network to learn nonlinear and 

linear relationships between input and output vectors [16]. The designed Back propagation neural network has two 

layers of tan-sigmoid/linear network. Each layer has a weight matrix W, a bias vector b, and an output vector a. There 

is no definite way of determining the right number of neurons in the hidden layer [17].  

 

     The number of hidden layer neurons is chosen based on Kolmogorov‟s theorem. It states that if the number of input 

neuron is „m‟, then the number of neurons in the hidden layer is 2m+1, that can exactly map the input to the output. 

However this theorem did not specify whether this network is an optimum solution for this mapping [18].  
 

     The number of neurons in the output layer is 1 with „purelin‟ transfer function. Finally the training function has been 

considered „trainlm‟ (ie.,) Levenberg-Marquardt second order training speed-training functions. The network is 

initialized with maximum epoch as 2500 and the goal as 1e
-5

. It means maximum epoch for training is 2500 and the 

goal is to reach error at 1e
-5

. For each training session, the training stops when reaches either maximum epochs or goal 

error [19].  

 

     The input signal is considered as mECG and the target signal is abdominal signal(AECG). The output of the 

network is subtracted from the target input (AECG). To reduce the difference between the input and target signal the 

weight has been updated every step [20]. Therefore, the difference is considered the FECG by suppressing the AECG. 

The best the network can predict is the mECG in AECG of the pregnant women due to the correlation of the two 

signals. Thus the error signal is not actually an error; instead it‟s the FECG that is extracted. 

 

III. RESULTS 

 

     Experimental data is obtained from Database for the Identification of Systems (DaISy). In the database, signals were 

recorded from pregnant women by surface electrode, which included 8 channels signals: five maternal abdominal 

signals and three maternal chest signals. The sampling frequency is 250Hz, collecting time is 10 seconds, and each 

channel collects 2500 samples. 

 

     The input signal and the target to the network is selected from any of the three maternal chest signals and five 

maternal abdominal signals respectively. The output of the network gives the enhanced FECG along with mECG. 

Hence mECG is suppressed in the maternal abdominal signal by identifying the R peak in the maternal chest signals 

and zeroing that particular QRS wave samples in the maternal abdominal signal. Then fetal ECG signal alone exists 

which is the desired signal.  
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     The results obtained by applying the above described procedure are as follows. In fig.3, the first signal is the mECG 

from the thorax of the mother, second signal is the abdominal signal containing both mECG and FECG. Third signal 

shows the output from the neural network depicting the enhanced FECG. Fourth signal shows the result after 

suppression of mECG and the last one shows the identified „R‟ peaks of extracted FECG being marked as „*‟. 

 
  

Fig 3: Result of Extracted fetal ECG using the  
           channel no.2 for AECG and 9 for MECG. 

 

IV. HEART RATE VARIABILITY 

 

     Heart rate variability (HRV) is the physiological phenomenon of variation in the time interval between heartbeats. It 

is measured by the variation in the beat-to beat interval. Thus the heart rate variability can be measured based on the 

beat intervals, which are more easily observed as RR intervals. The heart rate is calculated using the formula  

 
    HR = 60/RR interval (beats per minute)              (1) 

 

 
Fig 5: Fetal Heart Rate Variability plot 

 

     The acceptable range of fetal heart rate is between 110 to 180 bpm. If the fetal heart rate is beyond this normal range 

for prolonged interval of time then the condition may be either tachycardia in case of increased heart rate above 

180bpm and bradycardia in case of decreased heart rate below 110bpm.  
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V. CONCLUSION 

 

     FECG signal contains the valuable information that could assist clinicians in making more appropriate and timely 

decisions. The neural network technique is used in this paper to extract the FECG signal from the AECG. The fetal „R‟ 

peak identification and fetal heart rate variability is very helpful for the evaluation of the fetus well being. 
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