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ABSTRACT 

An improved method for adaptive filtering is proposed for fetal electrocardiogram extraction. In 

this approach, the adaptive filtering is implemented using moth flame optimization and fruit fly 

optimization A noninvasive two-point method is used to record thoracic and abdominal ECG 

signals from the mother’s body. The abdominal ECG (AECG) signal consists of fetal heart signal, 

the distorted maternal heart signal and noise. The thoracic signal contains the undistorted maternal 

heart signal. The two signals are applied to an adaptive filter whose coefficients are optimally 

determined by the conventional least means square (LMS) algorithm, moth flame optimization 

(MFO) algorithm and fruit fly optimization (FOA) algorithm. Simulation results using synthetic 

signal show the superiority of MFO algorithm over FOA algorithm, and FOA is much better than 

the conventional method of LMS. The performance has been proven by observation of the quality 

of the extracted wave forms and qualitatively by calculation of Signal-to-Noise ratio (SNR) and 

mean square error (MSE). The results indicated that the new proposed algorithm can be used for 

extracting fetal ECG from abdominal signals. 

Keywords: Adaptive filtering, Moth Flame Optimization, Fruit Fly Optimization, Fetal 

electrocardiogram extraction, Signal to Noise Ration, Mean Square Error. 

 

1. INTRODUCTION 

Electrocardiogram (ECG) is a biomedical signal that provides information about the electrical 

activity of a heart (Ojha and Subashini 2014; Rahman and Nasor 2011; Sakarya and Arıca 2012). 

ECG signal consists of some critical diagnosis segments and wave types which are P wave, QRS 

complex and T wave as shown in Figure 1. The Fetal electrocardiogram (ECG) waveform 

examination is accomplished by way of estimating electrical action from the fetal heart. The Fetal 

ECG (FECG) signal provides helpful information on physiological state of fetal heart. The FECG 

signals are often obtained by two procedures, specifically fetal scalp electrode and maternal 

abdomen skin electrode (Jagannath and Immanuel, 2016). Different methods have been forth put 

for fetal ECG extrication for instance matching pursuits( Akay and  Mulder, 1996) , Independent 

component analysis(ICA) ( Lathauwer,  Moor and Vandewalle,2000;  Szalai and Mozes,2014;  

Karimi Rahmati, Setarehdan and Araabi, 2017),blind source extraction(BSE) ( Zhang, Shi, Guo and 

Feng, 2009) ,adaptive filtering  (Widrow, Glover,  McCool, et al,1975], support vector machine 

(Wei, Xiaolong , Xueyun and Hongxing, 2016), singular value decomposition(SVD) ( Kanjilal, 

Palit and Saha, 1997), wavelet analysis ( Almeida, Goncalves, Bernardes and Rocha, 2014), 

extended Kalman filtering (Mohammad , Bertrand and Christian, 2013), auto-correlation and cross-

correlation techniques( Barros and  Ohnishi, 2001). Adaptive filters are associated to one of two 

major groups by their impulse response: finite impulse response (FIR) and infinite impulse 

response (IIR) filters. Due to their uni-modal error surfaces and intrinsic stable behavior, gradient 

based algorithms, such as least-mean-square (LMS) and normalized least-mean square (NLMS), 
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are very effective in the design of adaptive FIR filters (Krusienski, Jenkins 2005, Leung et al 1996). 

However, since the gradient based algorithms try to find the global minimum of the error surface 

by moving in the direction of the negative gradient, approaches based on these algorithms may lead 

the filter to a local minimum when the error surface is multi-modal as such in IIR filters (Leung et 

al 1996). In order to overcome this problem and find the global optimum solution, approaches 

based on global optimization algorithms such as genetic algorithm(GA) (Holland 1992), simulated 

annealing (SA)(Chen, Luk 1999), tabu search (TS) (Kalinli, Karaboga 2005), differential evolution 

(DE)(Storn and Price 1997), particle swarm optimization (PSO)(Eberhart, Kennedy 1995), Ant-

colony (ACO) (Dorigo, Birattari, Stützle 2006), artificial bee colony (ABC) (Karaboga 2009), 

Bacterial foraging optimization (BFO) (Passino 2002), Fruit fly optimization algorithm (FOA) (Pan 

2011) and Moth flame optimization (MFO)( Mirjalili 2015) algorithms can be used for designing of 

adaptive filters. In this paper, moth flame optimization algorithm and fruit fly optimization 

algorithms are proposed to solve the adaptive filtering problem in the extraction of fetal 

electrocardiogram. Simulation results using synthetic signal show the superiority of MFO 

algorithm over FOA algorithm, and FOA is much better than the conventional method of LMS by 

observation of the quality of the extracted wave forms and qualitatively by calculation of Signal-to-

Noise ratio (SNR) and mean square error (MSE). 
 

 

 

Figure 1. Typical ECG Waveform 
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2. PROPOSED EXTRACTION ALGORITHM  

The structure of the proposed algorithm is shown in Fig. 2. The abdominal lead data and the chest 

lead data are fed into the algorithm as shown. Three methods are used as adaptation algorithms in 

this work, viz, the conventional least mean square (LMS) alone, LMS/MFO and LMS/FOA 

algorithms. Each of the three methods is used to select the best set of filter coefficients. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure. 2 Block diagram of proposed algorithm 

 

2.1 The Adaptive Filter 

The configuration of the adaptive filter, operating in the discrete-time domain is shown in Figure 3 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure. 3 Adaptive filter structure 

 

From Fig 3 the primary signal is s(n) , the primary noise is η(n) and this noise is uncorrelated with 

s(n) . The reference signal is x(n) which is uncorrelated with s(n) but strongly correlated with η(n) . 

The output error e(n) is given by: 
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e(n) = s(n) + η(n)- y(n)     (1) 

 

The error signal is used by the adaptation algorithm to update the adaptive filter coefficient vector 

W (n) according to some performance criterion. The whole adaptation process is aimed at 

minimizing some metric error signal, forcing the adaptive filter output signal to approximate the 

reference signal (Widrow& Sterns 1985, Lee & Lee 2005, Douglas 1999). The mean square error 

(MSE) is a metric indicator of how well a system can adapt to a given solution. A small minimum 

MSE is an indication that the adaptive system has accurately modeled, predicted, adapted or 

converged to a solution for the system. A very large MSE usually indicates that the adaptive filter 

cannot accurately model the given system or the initial state of the adaptive filter is an inadequate 

starting point to cause the adaptive filter to converge (Widrow& Sterns 1985, Lee & Lee 2005, 

Douglas 1999). The mean square error is defined or given by 

 

(n) = 𝐸⦋ ⦌ = 𝐸⌊|(n)+𝜂(n) - 𝑦(n) ⌋      (2) 

     

Where E denotes expectation operation In noise canceling systems a practical objective is 

to produce a system output(n) s(n) η(n) y(n) that is best fit, in the least squares sense of signal s(n) . 

The mean square of error is of interest and can be obtained as follows 

 =  + (n) - (n) 2𝑠(n) 𝜂(n) - 𝑦(n))  (3) 

Taking expectation of both sides 

𝐸[ ]= 𝐸[  ]+𝐸[ 𝜂(𝔫) - 𝑦(𝔫) +2𝐸[𝑠(𝔫) 𝜂(𝔫) - 𝑦(𝔫))] (7) 

Since s(n) is uncorrelated with both η(n) and y(n) 

[ ] =[ ]+𝐸[ 𝜂(𝔫)-𝑦(𝔫)    (4) 

 

Adapting the filter minimizes the mean square of error. This has no effect on the input signal s(n). 

min[ ]= 𝐸[  ]+min𝐸[ 𝜂(𝔫) - 𝑦(𝔫)     (5)  

                                       

Minimizing the mean square error, causes the filter output y(n) to be a best least square match to 

x(n) . Equation (1) can be rewritten as 

(𝑒  ˗ (𝔫) =(𝜂(𝔫)˗𝑦(𝔫)       (6) 

 

Minimizing the mean square error of equation (6) 

min𝐸[(𝑒(𝔫)˗𝑠(𝔫) ]= min𝐸[(𝜂(𝔫)-𝑦(𝔫) ]   (7) 

 

Minimizing the mean square of error causes e(n) to be a best least squares match to the primary 

signal s(n). This result is obtained by the adaptive process without requiring any prior knowledge 

of the signal and noise statistics. 

 

2.2 Least Mean Square Algorithm 

The LMS algorithm is popular because of its simplicity, robustness, ease of implementation, low 

computational complexity, stability and unbiased convergence (Lee & Lee 2005).From Figure 3 
 

y(n)= W(n)x(n)     (8) 

 
(𝔫) = (𝔫)(𝑛- 𝑖)     (9)                                                                               

 

Where 

 

x(n)= [x (𝑛), x (𝑛-1),𝑥(𝑛-2)…….𝑥(𝑛(N-1))]   (10) 

 

W (𝑛) = [ (𝑛), (𝑛)… (𝑛)]   (11) 

The estimate for ideal cost or error function is 
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w(n )= W(n)- µe(n)x(n)     (12)                                                                                 

            

Where 

 

e(n)= s(n)+ η(n)- y(n)     (13) 

 

µ is called the step-size, w(n ) represents the new coefficient values for the next time interval, x(n) 

is the filter (reference) input signal, y(n) represent the filtered output, s(n) is the desired response 

and e(n) is the error function. The convergence of W to the optimum solution and the convergence 

speed depend on the value of step-size parameter µ. 

 

2.3 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. 

2.4 MFO Adaptive Filtering 

In this work the LMS adaptive filtering algorithm is optimized by using the moth flame algorithm. 

The moth are replaced by the filter coefficient (W (n)) i.e. there is one moth for each filter 

coefficient (W (n)) and the position of the filter coefficient (W (n)) is considered as the position of 

the moth. As the filter coefficient (W (n)) are placed in real world environment so the number of 

dimension D=3. The position matrix representing the moth based on filter coefficient (W (n)) is 

given by eq. (24). 

 =                                  (24) 

Here, n is the number of filter coefficient (W (n)) in the network. The distance of current filter 

coefficient (W (n)) from the destination is used to generate the corresponding fitness value. The 

fitness value is generated by using the eq. (25). 

 =  ( -  + (  -  + (  -                         (25) 

Corresponding fitness value matrix is given by the equation (26): 

 =                                                                                                       (26) 

The flame matrix gives the position matrix of the best neighbor filter coefficient (W (n)) to be 

selected in the route by any filter coefficient (W (n)) given by eq. (27) and corresponding fitness 

value matrix generated using the eq. (25) is given in the eq. (28). 

 =                                                                                     (27) 

     =                                                                                                       (28) 

The position of the filter coefficient (W (n)) to be selected next in the route is given by the eq. (29). 

 = |  - |   COS (2πt) +                                                                (29) 

The new position obtained using the equation (12) need not be the exact position of the filter 

coefficient (W (n)), so the filter coefficient (W (n)) nearest to the updated position is to be selected, 

so the eq. (12) is applied to generate the matrix in eq. (30). 

 =                                                                                                           (30)                                      
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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 the filter coefficient (W (n)) 

with better fitness value (lower value is better) are get selected bringing the Cost Function to the 

minimal value. 

 

2.5 Basic FOA 

FOA is an evolutionary computation method firstly presented by Wen Tsao Pan in 2011(Pan, 

2011),(Pan,2012). FOA is inspired by food foraging behavior of fruit flies. Fruit flies find their 

food by using their smell and vision capabilities. The smell and vision capabilities of fruit flies are 

superior to other fly species. They can smell the food even if it is 40 km away.  

 

The food finding steps of FOA; 

 1. Adjust the parameters. 

 2. Position the fruit flies randomly. 

 3. Search the food source flying randomly by using Equation (14) 

                         (14) 

      

4. Calculate the smell concentration value for every fruit fly given as follows:  

                             (15) 

                             (16) 

                                                                                       (17) 

5. Find the location (fly location) that has best smell concentration value and position the swarm in 

that location for next iterations by using Equation (18) 

 =                                          (18) 

 
 

6. If maximum iteration number reached, report the best solution, otherwise go to step 3. 

 

2.6 FOA/Adaptive Filtering 

Fruit fly optimization is an evolutionary algorithm which estimates cost function after each iterative 

step of the program as the program execution proceeds and leads to progressively better fitness 

(less cost function). The parameters to be optimized (adaptive filter coefficients vector W) represent 

coordinates (position) of the fruit fly. After each progressive step the fruit fly move to new 

positions (new coordinate values) and at each position cost function is calculated and then, with 

this calculated value of cost function, further movement of  fruit fly is decided by decreasing 

direction of cost function. This finally leads the fruit fly to a position (set of optimization 

parameters) with highest fitness. The food foraging behavior of fruit fly is governed by six 

processes as in section 2.4 above. The fruit fly swarms are placed in location with best smell 

concentration value. This location represent the lowest mean square error (MSE) leading the 

system to converge in the best solution. 

 

3. SIMULATION, RESULTS AND DISCUTIONS 

3.1 Generation of Synthetic Signals 

The shape of the ECG of mother below is simulated assuming a 4000 Hz sampling rate. The heart 

rate for this signal is approximately 89 beats per minute, and the peak voltage of the signal is 3.5 

millivolts. 

Musa…. Int. J.  Inno. Scientific & Eng. Tech. Res. 8(4):51-60, 2020 



57 
 
 

 
Figure.4 Maternal Heartbeat Signal 

 

The heart of a fetus beats noticeably faster than that of its mother, with rates ranging from 120 to 

160 beats per minute. The fetal ECG signal generated corresponds to a heart rate of 139 beats per 

minute and a peak voltage of 0.25 millivolts. 

 
Figure.5 Fetal Heartbeat Signal (Targeted Signal) 

 

The signal obtained from the abdominal electrode is a  noisy signal and is shown below. This is to 

be filtered and given as input to the adaptive filter. 

 
 

 

Figure.6 Abdominal ECG Signal 

 

The signal obtained from the thoracic electrode is given as reference signal as shown below. This is 

given as reference input to the adaptive filter. 

 
 

Figure.7 Measured Maternal Electrocardiogram (Reference) Signal 
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The output signal y(n) of the adaptive filter contains the estimated maternal heartbeat signal, which 

is not the ultimate signal of interest. What remains in the error signal e(n) after the system has 

converged is an estimate of the fetal heartbeat signal along with residual measurement noise which 

is to be filtered by adaptive filter trained by LMS  algorithm first, second by LMS combined with 

MFO and third LMS combined with FOA 
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Figure.8 Steady-State Error Signal 

 

3.2 Simulation using Synthetic Signals 
 Figure 9 is the result obtained by training the adaptive filter with LMS algorithm. In fetal ECG 

extraction QRS complex detection is important so that R-R interval and R peaks can properly be 

identified. In this case the second R peak is not detected at all and the second to the last R peak 

indicated by an arrow is poorly extracted that may hinder proper monitoring of fetal heart status. 
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Figure 9: Result obtained by LMS 

 

 

Figure 10 is the result obtained by training the adaptive filter with LMS/MFO algorithm. The result 

clearly indicates that all the R peaks were extracted by the algorithm. Clearly extracted Fetal ECG 

signal enable medical workers to make judgments on fetal heart health during pregnancy and labor. 
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                                                              Figure 10: Result obtained by LMS/MFO 

 

Figure 11 is the result obtained by LMS/FOA algorithm. The first R peak is poorly detected and 

this can lead to improper interpretation of fetal ECG trace. 
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Figure 10: Result obtained by LMS/FOA 

 

Table I shows the results of Signal to Noise Ratio and magnitude of Mean Square Error (MSE) 

obtained by the three algorithms. The result of the MFO is slightly better than that of FOA 

algorithm, but both demonstrate a significant improvement in Signal to Noise Ratio and a 

considerable decrease in the Magnitude of  Mean Square Error better  than the conventional  LMS 

algorithm. This will actually facilitate the extraction of clean FECG. The signal to noise ratio 

(SNR) is calculated using equation (19). 

SNR= 10 log10 (Ps / Pn)    (20) 

where Ps is the signal power, in this case the power of fetal ECG signal s(n) which was obtained 

using ps= var (F1) and Pn is the noise power which represents the power of both deformed 

maternal ECG and white Gaussian noise. It was obtained using 

        P n= var (Nt)              

Where Nt= xˆ(n) + η(n)     (21) 

 
 

 

      Table 1: Signal to Noise Ratio (SNR) and Mean Square Error (MSE) for LMS, LMS/MFO and 

LMS/FOA  

ALGORITHM SNR(dB) MSE 
LMS 30.1268 0.0347 

LMS/MFO 54.9902 0.0035 

LMS/FOA 53.0806 0.0087 
  

4.  CONCLUSION 

This work presented a new method for fetal ECG extraction combining LMS/MFO and LMS/FOA 

algorithms for adaptive filtering. The algorithm has two inputs; the original input is the abdominal 

signal, while the reference input is the thoracic signal. A synthetic ECG signal was used for 

validation of the algorithms. The results shows that the proposed method outperforms the 

conventional LMS adaptive filtering algorithm, even though, the MFO perform slightly better than 

FOA:  

(1) It shows improvement in the detection of the of R-peaks of fetal ECG much better than 

conventional LMS algorithm  

 (2) The performance has been proven quantitatively by MSE and SNR calculation. The results 

indicated that the proposed algorithms can be used for extracting fetal ECG from abdominal signals 

effectively. 
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