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ABSTRACT 

The extraction of twin fetal Electrocardiogram (FECG) using non-invasive fetal Electrocardiogram 

recording provides valuable information that can assist clinicians and doctors with the diagnosis 

and monitoring of fetus heart activity during pregnancy. This extraction is somehow difficult due to 

the similarity of the twin fetal heart morphology. In this work, a new twin fetal ECG extraction 

using independent component analysis based on moth flame optimization algorithms (MFO) have 

been applied to a recorded mixture of three ECG signals from three electrodes one from thoracic 

region and two from abdominal region of the mother. The first signal is the mother ECG (M-ECG) 

signal, second signal the fetal-1 ECG (F1-ECG) and third signal is the fetal-2 ECG (F2-ECG). The 

algorithm was tested on fetal synthetic ECGdatabase (FECGSYNDB) from physionet and 

demonstrates and excellent performance over classical fastICA based on subjective (Visual plot), 

objective (PSNR and MSE). The results demonstrate that the proposed work efficiently separated 

the useful ECG signals. 

Keywords: Twin Fetal Electrocardiogram, Independent Component Analysis, Moth Flame 

Optimization Algorithm, Peak Signal to Noise Ratio, Mean Square Error. 

 

1. INTRODUCTION 

FECG is an objective indicator reflecting the fatal heart activity, which can determine the fetal 

heart rate, judge whether the fetal is in distress, multiple births, and function parameter analysis of 

heart and to prevent the neonatal disease (Ahmadi, Ayat, and Assalah & Al-Nashsh 2008). At 

present the FECG acquisition method is basically of two types, viz: the fetal scalp electrode method 

and maternal abdominal skin electrode. Fetal scalp electrode will not only cause damage to the fetal 

but cannot be used during gestation, but only during labor. Maternal abdominal skin electrode has 

the advantage of being convenient and noninvasive and can be used throughout gestation period. 

Thus, it has been deeply welcomed by the medical workers and pregnant women (Barros & 

Cichocki 2001). Because FECG signal is very weak and mixed with strong background noise, such 

as MECG (Zhenwei & Changshui 2007), power frequency interference and baseline drift and soon, 

FECG accurate extraction and analysis is more difficult. So, looking for effective signal extraction 

method of FECG has important theoretical significance and clinical application value. FECG 

extraction is particularly challenging in multiple pregnancies because of the need to separate more 

than one fetal signal. Multiple pregnancies constitute a high risk group with substantially increased 

risk of prenatal mortality and morbidity compared with singleton (Taylor & Fisk 2000). Algorithms 

that can improve surveillance in multiple pregnancies may substantially alter this adverse risk. 

Twin  ECG signals (F1-ECG and F2-ECG) are measured in noninvasive manner from three sensors 

or electrodes placed on the chest and abdominal regions of mother as shown in Figure 1.The  first 

electrode is  called thoracic sensor and other two sensors are called abdominal sensors 

(Fanaswala,2005). 
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Figure 1: Biological model of ECG signals 

 

In the BSS techniques, multiple signals are obtained by an array of sensors and processed in order 

to recover the initial multiple source signals. It assumes that the observed data was generated by 

interactions between latent variables. The most commonly mechanism for analyzing latent data is 

Independent Component Analysis (ICA).  

The ICA algorithm is generally susceptible to the local minima problem during the learning process 

and is limited in many practical applications such as BSS that requires a global optimal solution. In 

the literature there are only few publications regarding the extraction of fetal ECG or fetal MCG in 

twin pregnancies (Comani et al 2005). Among the few methods used include Fast ICA (Keralapura, 

Pourfathi & Sirkeci-Mergen 2011), BSS, ICA JADE (Kam & Cohen 2000), averaging and 

subtracting and template matching (Fanelli & Heldt 2012), empirical mode decomposition 

(Salmanvandi & Einalau 2017) among other methods (Kotas, Leski & Wrobel 2016), (Taylor et al 

2003). In this paper, another approach to the use of fast ICA in the extraction of twin fetal ECG is 

presented.. Moth flame optimization (MFO) developed by Mirjalili in 2015 combined with 

independent component analysis (ICA) is used to obtained the best separating matrix in optimal 

way for the extraction of twin fetal ECGs. Method of a cocktail-party problem processed using 

moth flame optimization algorithm with kurtosis as fitness function, to enhance the performance of 

ICA(FastICA) algorithm is proposed. The results show that the accuracy of this technique is better 

than the conventional fastICA. Accordingly, the MFO was tested using many subjective (as plots) 

and objective metrics (as PSNR and MSE). 

 

2. PROPOSED METHOD 

The structure of the proposed algorithm is shown in Figure 2. Three signals records, one from 

thoracic region and two from abdominal region as shown in Figure 1 are fed into the algorithm. 
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The proposed approach consists of two main steps: The first step is the fastICA and the second step 

is about enhancing the fastICA results by using the MFO algorithm. The system implements the 

ICA method to process the cocktail-party problem which means separating the mixed signals that 

where received by many sensors (electrodes). Implementing the fastICA (step1) involves the 

following: 

1. Sourcing the three ECG signals (maternal, fetal1 and fetal2) from physionet (Goldberger et al. 

2000 June 13), Andreotti, Behar, Zaunseder, Oster & Clifford 2016). 

2. Mix the signals, by using Equation (1) after initializing the mixture matrix that gives best mixed 

signal. 

3. Implementing the preprocessing of ICA on the result of step 2, preprocessing include centering 

and whitening (as mentioned in Section 2.2) 

4. Implementing the Kurtosis as the contrast functions in ICA to separate the mixed signals (as 

mentioned in Section 2.1). 

To implement the second step, also, includes the following steps: 

1. Initializing the parameters of the moth flame optimization: population, maximum iteration 

(maxiter). Where population = 20, and maxiter = 100.  

2. Setting of fitness value and fitness function of the optimization method, which uses Kurtosis as 

the fitness function. 

3. The centering and whitening are implemented in each iteration. 

4. Setting the „„best position of moth” parameter of the moth, according to Equation (14). 

5. During each iteration, the algorithm updates the fitness value according to the results of the 

fitness function, and selects the best values until it terminate. 

6. After MFO, evaluation of the results that depends on some subjective evaluation metrics (as 

signals depict), objective evaluation metrics (as PSNR and MSE) and statistical measures (accuracy 

and sensitivity).  

 

2.1 Independent Component Analysis 

A blind Source separation method, independent component Analysis(ICA) (Hyvarinen J et al. 

1999) uses the assumption of statistical independence among source signals to estimate the source 

 

Figure 2: General Block Diagram for extraction of MECG and twin FECG  
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signals and the mixing coefficients. It does not require the knowledge of mixing coefficients and 

the statistical independence assumption is not unrealistic in the case of separation of Maternal and 

fetal ECG signals. 

It is usually more convenient to use vector-matrix relations instead of linear equations. In general 

terms, N linearly mixed sources can be represented in the vector form as: 

               (1) 

1  = 
T N 

denotes the N source signals,  

 = [ 1 2  . . . 
T

 

Denotes the observation vector, 
MxN 

is formed from coefficients ,  

After preprocessing, optimization algorithm is used to solve the objective function to find the 

orthogonal separating matrix W. Then estimated source signals can be separated: 

             (2) 

 

2.2 Pre-processing of ICA 

Centering: It includes computing the mean of the observation signal and then subtract this mean 

from the observation source itself: 

 =               (3) 

Add the mean vector to the estimated source vector, subsequently: 

                           (4) 

Whitening: It whitens the mixed signal x. To obtain the observation signals uncorrelated and have 

unit variance, applying the linear model transformation: 

=                                                                                                                                        

(5) 

Where the columns of Ʌ and diagonal D are eigenvectors and the eigenvalues of E[xx
T
] 

respectively. The aim of whitening process is to estimate the orthogonal mixing matrix. The 

orthogonal mixing matrix halves the number of estimated parameters, so, it has n (n -1)/2 free 

parameters (hyvarinen, karhunen&oja 2007). 

 

2.4 Contrast (Objective) Function in ICA 

The two most popular contrast functions for ICA are: negentrophy and kurtosis (hyvarinen, 

karhunen&oja 2001). . In this work, kurtosis is used because of lower computational complexity 

compared to negentrophy.  

 Kurtosis contrast function: It is another measurement of non-Gaussianity, is the fourth order 

cumulant 
2
                                                           (6) 

The computation of the Kurtosis is being cheaper than other measurements. 

 

2.5 Fast-ICA Algorithm 

Fast-ICA (Hyvarinen A 1999) is a fixed point algorithm that maximizes an approximation of 

negentropy or kurtosis for non-Gaussianity. The details of the fast-ICA algorithm are shown in 

Table 1.  

Main advantages of the fast-ICA algorithm are its speed (superior to gradient-based schemes), user-

friendliness (does not require the probability distribution or selection of certain parameters), and its 

flexibility for performance optimization. However, fastICA is sensitive to the initial weight vector, 

which affects the convergence performance of the algorithm. 
 

Table 1:FAST-ICA ALGORITHM  

1. Make the data zero-mean (centering) 

2. Whiten the data 

3. Choose and initial random vector w. The vector w denotes one column of the estimated inverse matrix W. 

 
T 

)} 
 T 

 
4. Fixed-point iteration: 

Where z is the whitened & centered data, and g() is the derivative, and is its of the contrast function G(),g’(), 

is its second derivative 

5. Normalization:  

6. Check convergence, if does not converge go to step-4 
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2.6 Moth-flame Optimization Algorithm (MFO Algorithm) 

MFO is a recent metaheuristic population-based method developed by Mirjalili in 2015.It is an 

optimization based on the routing mechanism of the moth which is a type of butterfly towards 

the moon using the moon light. The moth moves towards the destination in a straight line 

when the destination is far away while the same performs the spiral motion when destination 

is closer. However, the algorithm implements the slightly modifies behavior to avoid the local 

minima. The algorithm uses the explorative as well as exploitation search to get an optimized 

solution. The MFO algorithm is a population based algorithm, here N moths are moving in D 

dimension whose position matrix is given in equation (7) shown as: 

The fitness value of each moth can be evaluated by using the fitness function and stored in a matrix 

as shown in equation (8) 

MO =                                                                   (7) 

 =                                                                                         (8) 

The best position of the moths in each dimension is stored in matrix given as flames and corresponding 

fitness value is generated shown in equation (9) and (10) respectively. 

FO =                                                                  (9) 

 

 =                                                                        (10) 

 The moth moves around the flame in a spiral motion given by the equation (11) 

 = | - M     cos (2                                   (11) 

Here,  denotes the spiral motion, b is the constant to shape the spiral motion, t is the 

random variable to select the behavior of moth with respect to flame i.e. if t=-1 then the moth select 

the position closest to the flame and if t=1 then the farthest position is selected. The positions of the 

moth are updated using the equation (11) and the best moth position updates the flames position. 

Moreover, the number of flames is decreased in each iteration using the eq. (12). 

NOF = ceil (N -  )                                                                    (12) 

Here,    is the total number of iteration and current iteration number respectively. The 

overall process of the MFO algorithm can be easily understood by the following algorithm: 

1. Initialize the Moths: 

For i = 1: N 

For j = 1: D 

MOi, j = random position between given 

bounds 

End 

O = Fitness value (MO) 

End 

2. C= 1 

3. While M   = | - M  ∗ cos(2  

4.     ≤   
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      OMOi = Fitness value (MOi) 

    = = 1 

FO = Quick Sort (MO) 

= Quick Sort ( ) 

 

Else 

FO = Quick Sort (M  , M  ) 

 = Quick Sort (  ,  ) 

  End if 

Update b and t 

 M   = | - M  ∗ cos (2  

Update number of flames =  

N = ceil (N -  ) 

=  + 1 

End while 

5. Exit 

The algorithm describes the MFO algorithm. The next section discusses the implementation of 

MFO in our work. 

2.7 Moth Flame Optimization for ICA 

In this paper the fastICA algorithm is optimized by using the moth flame algorithm. The moths are 

replaced by the elements of the separating matrix i.e. there is one moth for each element of the 

separating matrix and the position of the element of the separating matrix is considered as the 

position of the moth. As the elements of the separating matrix are placed in real world environment 

so the number of dimension D=3. The position matrix representing the moth based on elements of 

the separating matrix is given by equation (13). 

 =                                  (13) 

Here, n is the number of elements of the separating matrix in the network. The distance of current 

elements of the separating matrix from the destination is used to generate the corresponding fitness 

value. The fitness value is generated by using the eq. (14). 

 =  ( -  + (  -  + (  -                         (14) 

Corresponding fitness value matrix is given by the equation (15): 

 =                                                                                                       (15) 

The flame matrix gives the position matrix of the best neighbor element of the separating matrix to 

be selected in the route by any element of the separating matrix given by equation (16) and 

corresponding fitness value matrix generated using the equation (14) is given in the equation (17). 

 =                                                                                     (16) 
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  =                                                                                                       (17) 

The position of the element of the separating matrix to be selected next in the route is given by the 

equation (18). 

 = |  - |   COS (2πt) +                                                                (18) 

The new position obtained using the equation (18) need not be the exact position of the element of 

the separating matrix, so the element of the separating matrix nearest to the updated position is to 

be selected, so the equation (18) is applied to generate the matrix in equation (19). 

 =                                                                                                           (19) 

Perform the quick sort on matrix to generate the updated      matrix. Now, the algorithm 

select the or based on the corresponding fitness value. It means that the element of the 

separating matrix with better fitness value are get selected bringing the Contrast Function (kurtosis) 

to the maximum value. 

 

3. SIMULATION, RESULTS AND DISCUSSIONS 

The simulation was conducted in MATLAB using Fetal ECG Synthetic Database (Goldberger et al. 

2000 (June 13), Andreotti, Behar, Zaunseder, Oster & Clifford 2016) obtained from PhysioNet as 

in figure 3 (a), (b) and (c). The results of fastICA and fastICA combined with FOA are presented. 

First, fastICA algorithm was applied to the recorded mixtures of maternal and twin fetal ECG 

signals and next fastICA combined with FOA was applied for the same signals in order to test their 

performances in the signal separation as indicated in figure 1. Fetal ECG Synthetic Database of 

figure 3(a), (b) and (c) were mixed according to ICA mixing model as in equation (1).The resulting 

mixed signals are shown in figure 4. Figure 5 indicate the result of separated signals by fastICA 

algorithms while figure 6 Indicate the result of separation with fastICA combined with FOA 

algorithm. The QRS complex detection is a key to decide many abnormalities and is important so 

that R-R interval can be localized for monitoring of fetal condition. In this detection the result of 

fastICA as in Figure 5(a), (b) and (c) looks deformed with R peaks not clearly localized which is 

vital for fetal health monitoring. However, the result of the proposed   algorithm of figure 6(a), (b) 

and (c) shows clear separation of the signals. Quantitatively the MSE obtained by the proposed 

algorithm looks interesting being much smaller than the corresponding fastICA technique as 

required. Similarly, the PSNR ratio which needs to be improved in order to increase the signal 

power is greatly improved uncomparable with the fastICA technique as in table2. PSNR is most 
easily defined via the mean squared error (MSE). Given a noise-free m×n monochrome image I and its noisy 

approximation K, MSE is defined as: 

ⅯSE =       (20) 

The PSNR (in dB) is defined as: 

PSNR = 10                     (21) 

                                            = 20.  

                                            = 20.  – 10     

Here,  is the maximum possible pixel value of the image.  The results obtained by the proposed 

algorithm will ensure correct estimation of the individual fetal heart rates. 
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                                                       (b)                                                      (c) 

Figure 3: Fetal ECG synthetic Data base: (a) FECG 1 (b) FECG 2 (c) MECG 
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(a)                                               (b)                                             (c) 

                            

Figure 4: Resulting mixture of synthetic fetal ECG Database 

(a)                                                  (b)                                               (c) 

Figure 5: Result of extraction by fastICA (a) maternal, (b) Fetal1, and (c) 

Fetal2 
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Figure 6: (a), (b) and (c): Visual comparison of the source signals (top) and extracted signals 

(bottom) by the proposed algorithm. 
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Table 2: Comparison of PSNR and MSE Values 

Methods PSNR (dB) MSE 

Fast ICA 45.05 0.029 

Proposed MFO/Fast ICA 50.50 0.005 

 

3. CONCLUSIONS 

The fast ICA/MFO algorithm was presented to generate a separating matrix in optimal way for 

extracting twin fetal ECG signal from the abdomen of a pregnant mother with twin fetal in order to 

improve the signal quantity. The experiment was carried out using fetal synthetic ECG database to 

validate the performance of proposed algorithm. The proposed algorithm was also compared with 

the conventional ICA (fast ICA) algorithm. From the result, it was observed that the proposed 

algorithm outperformed the conventional ICA algorithms in term of objective metric (as PNSR and 

MSE) as well as subjective (as figure plots) matrices.  
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