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ArticleInfo ABSTRACT

Article history: Studies indicate that the primary source of distiespregnant mothers is
. ¢ their concerns about fetus’s condition and hedlthe way to know about

Received Jan's 2012 condition of fetus is non-invasive fetal electratiagram signal extraction
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Keyword: To this end, we decomposed electrocardiogram signét Intrinsic Mode
Functions (IMFs) through Empirical Mode Decompasitialgorithm; then,

Adaptive neuro-fuzzy inference we removed the last and collected the other IMFs régonstruct

Electrocardiogram signal _ electrocardiogram signal without Baseline. Aftervearave used Particle
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Non-linear transformation Fuzzy Inference System to model the path that matezlectrocardiogram
Particle swarm optimization signal travel to reach abdominal area. Accordinghle were able to

distinguish and remove maternal electrocardiogreymas components from
the recorded signal and hence we obtained a gopobximation of fetal

electrocardiogram signal. We implemented our atgori and other

algorithms on simulated and real signals and foomidthat, in most cases,
the proposed algorithm improved the extraction aihlf electrocardiogram
signal.
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1. INTRODUCTION

Birth is one of the most important stages in oriéés The infant should adapt itself with the new
environment and problems like lack of oxygen anddaenia; and it should be able to feed and breathe
independently. Infant’'s body is equipped with dsimechanisms that can even overcome lack of oxygen
In some cases, the pressures of parturition or¢dakkygen is so high or infant’'s body has someaiksficy
that the infant cannot overcome these problemss&hgould cause the infant to have birth defects,
physically or mentally. An infant with birth defecis emotionally very painful; in addition, it i®sy costly
in short and long terms. Accordingly, finding a wayprevent or solve these problems will be humame:
economically effective.

Current statistics reveal that one of every 12%nhfis born with heart deficiency [1]. There are
different kinds of deficiencies and most of thengibeto reveal themselves years after birth; in saeses
they affect infant’'s development, a problem whishalmost impossible to resolve. Fetus heart agtivit
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produces electric current which is propagated éngéripheral tissues and produces potential differeThe
value of this potential difference is very low aisdsimply mixed with noise. These signals can lwemed

by needle electrodes. In this method, the electrpdas through mother’'s abdomen into her womb tivaty

are placed on fetus’s head or hip. The recordethkig called fetal electrocardiogram (FECG) sigiidiis
method is called direct method which involves samaks both for mother (uterine rupture, bleedintg,)e
and for fetus (pressure, infection, etc.). Nowaday®ther method called indirect method is usedktord
FECG signal. This method uses a recorded signahatier’'s abdomen to extract FECG signal. Figure 1
illustrates the way abdominal electrocardiogram C&H signal is recorded.

Reference
electrode

high-resolution
low-noise

amplifier

EHG lead 2

Ground
electrode

Figure 1. Indirect recording of AECG signal [11].

The recorded AECG signal includes maternal eleandiogram (MECG) signal, FECG signal, and
noise. The noise itself includes different noisereses among which baseline wandering [2], poweg lin
conflict, electrocardiography (EMG), and the naiskated to recording electrode can be mentionedl [h1
this article, the method for extracting ECG'’s Insic Mode Functions (IMFs) through screening akponiis
explained in the preprocessing section; then, aéfeiewing IMFs, the primary raw signal, and itsélne
wandering, some IMFs at the end of the signal veenesidered as baseline or trend; the estimated tren
signal and raw ECG signal were illustrated simudtarsly and at the top of these two signals a sighalse
baseline has been removed was shown.

The argument of extracting FECG signal throughrixti methods goes back to about 40 years ago.
One of the early processing works is that of Famned used Match filter to recognize the form of awe
[10]. The methods based on adaptive filters arerantbe oldest ways of extracting FECG signal; ncayad
these methods are mostly used to remove noiseAl34rge number of recursive algorithms have been
presented to implement the concept of adaptiverfijtone of these is Least Mean Squares (LMS) idhgor
[4]. In [6], SVD method and Singular Value Ratio/f$) were used to decompose signal componentsjsn th
article, they used SVR spectrum to estimate MEC® RIECG signal frequency. The approaches based on
Independent Component Analysis (ICA) have also ubedalgorithm to extract FECG signal; in [12] yhe
used Joint Approximative Diagonalization of Eigetintes (JADE) algorithm to implement ICA and extrac
FECG from AECG. Zeng (2008) in [11] has used rawergeast squares (RLS) algorithm based on adaptive
noise cancellation (ANC) technique to remove MEGghal and, as a result, to extract FECG signalng/si
this technique, he increased convergence speedhancapability to track FECG signal. In 1992 [&sh
investigated the application of genetic algorithBAj in extracting FECG signal from AECG signal; the
proposed theory is in the way that two signals fing recorded from thoracic and abdominal area; in
addition, thoracic electrodes are placed in a sgutre physician can hear FECG signal in the best wa
Based on our findings, unlike other proposed meth@ddNFIS based methods do not have a long recard. |
2006, Vigila specifically used artificial intelligee (Al) and techniques based on fuzzy logic taaett
FECG signals from AECG signals [14]; the basishef proposed algorithm was ANC techniques with fuzzy
logic to cancel conflicts, especially removing MEGi@nal from AECG signal. The objective of thisdtus
a supplement to the proposed algorithm in [14].

SVD based methods have some limitations: AECG signsst be multi-channeled, if it is one-
channeled, it should be transformed. This wouldd Iéa problems like selecting period and length,
segmentation, irreversibility of some transformasipand increasing calculations because of tramsfion
from one-dimensional to two-dimensional domain [&]JA based methods have also some limitations like
independency of components; they also need muah iecause mixing matrix is selected randomly at fir
which is not desirable for non-static signals. Awmatproblem of these methods is that they requuéim
channel signals [5]. Although the methods basedvawvelet transformation have been able to improee th
speed of FECG signal extraction and they needdordeonly one channel to implement the algorithine, t
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major problem is the fact that they remove the comemts of AECG signal to remove the components of
MECG signal. Accordingly, in cases that MECG sigaald FECG signal overlap, the algorithm will
experience difficulty.

In this paper, we aim to apply a new ANFIS netwtrdined with PSO method for estimating the
FECG signal component from one abdominal ECG amdreference thoracic MECG signal. We use ANFIS
trained with PSO to find nonlinear transformati@ivieen the MECG and the maternal component of AECG
signal. Using this transformation, we can cancel iaternal component in AECG signal and then we can
estimate the FECG signal. We show the results ¢m $ymthetic and real signals.

The rest of the article is organized as followsdétailed methodology of the research including
some subsections is presented in section 2; seBtiiscusses the results and analysis of perforenahthe
proposed algorithm on simulated and real signald;section 4 concludes the paper.

2. RESEARCH METHOD
a. Preprocessing to Remove Baseline wandering

Our surveys have revealed that since all compongnfsECG signal is important to diagnose a
healthy fetus, and since the range of FECG sigmahé recorded abdominal signal is next to a noise,
preprocessing and removing conflicts in the extoactiagram block are very important matters.
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Figure 2. The result for the application of scregralgorithm on the signal
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Therefore, in order to remove baseline wanderinghfelectrocardiogram (ECG) signal, the signal sthdna
decomposed into related IMFs using screening dlgori Frequencies of the obtained IMFs are in a
descending order in a way that the last IMFs intdidaw frequencies of the signal and illustrateetias
wandering. In Empirical Mode DecompositiBMD) transformation, since the original decomposighal
can be only reconstructed through collecting IMiben we remove IMFs in the final aggregation for
reconstructing the signal, the components relatedthbse IMFs will be removed from the signal.
Accordingly, by investigating the last IMFs we witemove some of them which indicate baseline
wandering. By collecting other IMFs we will havesgnal with no baseline wandering. After applying
screening algorithm on the signal, the related IM&ge been changed according to Figure 2.

As illustrated above, the range of the last IMFs @nsiderable as compared to the signal range. By
choosing the last 6 IMFs as baseline and removiegntfrom ECG signal the result will be as shown in
Figure 3.
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Figure 3. Removing the last IMFs from ECG signal

b. TheProposad Algorithm for Extracting FECG Signal

After preprocessing and removing noises and exjstonflicts in the recorded AECG signals, it can
be affirmed that if MECG signal components can émaved from the combined signal, an acceptable
approximation of FECG signal could be obtained.ylRgl on the theory, we have used PSO-trained ANFIS
in our proposed algorithm to remove MECG signal porents from the recorded AECG signal.

c. TheTheory of Extracting FECG Signal through the Proposed Algorithm

As mentioned, the objective of the indirect alduritis to extract FECG signal from MECG
abdominal signal. Accordingly, in order to imprabe results of the extraction algorithm, one shdxddable
to weaken the power of MECG signal components masgossible; also, one should decrease the ingpact
conflicts. Now, we should be able to recognize ME@l&zlominal signal components. By removing these
components from the combined signal, we can hayaod approximation of FECG signal.

AECG signal is contaminated with MECG signals ie tbdominal area. These components are
distorted because they travel a path from theiramu.e. mother’s heart, to the abdomen wheresigpaal is
recorded. The cause of this distortion can be talea non-linear transformation applied on MECGalg
components.

The purpose of the proposed algorithm in this ket to find this non-linear transformation. Byding this
transformation and applying it on an MECG signaliakihis recorded in thoracic area, we can obtain an
estimation of MECG signal components in mother'slahinal area. Subtracting these components from
AECG will result in extraction of FECG signal cormmmts. Figure 4 illustrates the way that these
components are formed and recorded in the thoeacicabdominal areas.

non-linear
transfor mation

Figure 4. Recording and formation of thoracic abhdaninal signals
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M(n) and F(n) represent MECG and FECG signals dy. A(n) signal represent the signal
recorded at the abdominal area. The proposed Higotises two recorded signals to extract FECG bkigna
One is the signal recorded at thoracic areas, M{ngl, A(n). In this method, we assumed that M(n)onl
contains MECG signal components. Due to strong MEB@f@als this assumption is a realistic one. Figure
can be summarized in the following two equations:

A(n) = M(n)+ F(N)+ N(1) (1)
M (n) = T{ M( N} @)

where m(n) and a(n) are the signals recorded aat¢imand abdominal areas, respectively. N(n) eteis the
sum of noises and conflicts in the recorded sigh&(n) is the distorted M(n) signal due to non-linear

transformation T.M(n) represents MECG signal components in the recofd8@G signal. As mentioned,

the above distortion resulted from non-linear tfamsation is created because the signal is recofded
away from the signal’s source (mother’s heart).

The objective of the algorithm is to model a pditotigh which MECG signal passes from thoracic
area to the abdominal area where the signal isrdedo By finding this signal and applying it on thoic

signal M(n), we can obtaiM (n) . Using equation 1, we can extract a good appraiomaf FECG signal.

d. Adaptive Neuro-Fuzzy Inference System (ANFIS)

Modeling systems based on general mathematicak tflide differential equations) to use in
uncertain systems is not an appropriate tool. @rctintrary, by using if-then rules, a fuzzy inferersystem
is able to model qualitative aspects of human kedgé and rational process without using precise
quantitative analyses. This fuzzy modeling or fudiagnosis has been investigated by Takagi el 4], put
implementing some of the basic aspects of this tfp@pproaches needed a more complete understanding
Accordingly, Jang et al. proposed a new architectcalled ANFIS to implement a set of rules with
appropriate membership functions for producing Bgeioput and output pairs.

e. TheStructureof ANFIS

There are many advantages in using ANFIS for tngimatterns and detection as compared to linear
systems or neural networks. These advantages gefsaih the combination of the capabilities of néura
network and fuzzy systems in learning non-lineadets. Fuzzy techniques combine information souases
fuzzy rules. Moreover, the requirements and thenary assumptions of ANFIS structure are less and
simpler than neural networks. Based on these ctaistics, we determine ANFIS as a reliable toal fo
choosing non-linear transformation. In the propoakgbrithm, the fuzzy model based on the first oroe
Sugeno [14] has been used as our structure.

ANFIS based architecture for implementing this miadédllustrated in Figure 5. It should be noted
that in this Figure the circle represents a stablde (the parameters do not change during trairand)the
square represents adaptive node (the parametergectaring training).

I Faers

.L ‘ Layer 2 ‘ Layer 3 | i

Figure 5. ANFIS architecture with two inputs anca@utput used in Sugeno rule

Layer 1:
The output of each node is
i=12

Fetal Electrocardiogram Signal Extraction by ANFIgined with PSO Method (Maryam Nasiri)
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where x is the input to node i ar@ll is the spoken label (small, large, ...) relatechdfunction of this node.

In other words, O is the value of membership functioh and determines the input degree of membership

for this function.
B 1
Ha (X) = X—¢,

1+[( )1"

fy (X) = exp{—(%f} 3)

where g ,hh, ¢ are parameters of membership function.

Layer 2:
The nodes in this layer are stable. These nodesspiguhe input signals and then send the produché
next layer. The outputs of these nodes are asaisilo

2 _ — 1 =
Oi _W_,uAi(X),uBl(y) I 112 (4)
Layer 3:
The nodes in this layer are also stable. Thesesadelabeled as N. The output of each node inahes is
demonstrated through the following relation:

03 = = Wi i :1,2 (5)
' W, + W,

=l

Layer 4:

The nodes in this layer are adaptive, i.e. theyelmarameters that should be adjusted during theepso The

output of each node in this layer is from the pidif normalized firing strength in a degree 1 polyial.
O'=w=wf=W(pxt qy =12 (6)

where p.,q, andr, are design parameters.

Layer 5:
The only node in this layer sums the outputs ofptteious layer.
f; i=
o’ = overalloutput=>» W f= % 1=12 (7
[ Z iWi

There are two horizontal layers (layers 1 and 4jhim mentioned architecture. Layer 1 has 3 adjiestab
parameters (antecedent part parameters). Thesmgtara are the inputs of membership functions. Laye
has Also 3 adjustable parameters (conclusion aerpeters).

f.  ANFISTraining
In the architecture training algorithm, the purpdseo adjust the adjustable parameters to obtain

outputs which are consistent with training inforioat Parametersa,, ¢ represent standard deviation,

gradient, and the centre of bell functions, respelt.

In ANFIS training algorithm which is also known hgbrid training algorithm, functional signals
first travel directly to layer 4 and conclusion pareters are determined by estimating least squareshe
way back, errors are propagated backwards andexigat parameters are updated through reduced gtadie
Therefore, given initial values for parameter sef (antecedent parameters), and applying training

information on the network, for a straight pathwi# have the following matrix equation:
AX=B (8)

where X is an undetermined vector including theap@aters of seX™ = (A" A™ A’ B. We use minimization

a, which is the same as least squares minimizatmoptain X. Accordingly, the estimator of leastiatps
will be as follows:

X =(ANA*AB 9)
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On the way back, errors signals are propagatedwsads. Antecedent parameters are updated through
gradient decrease (GD) and minimization of theofslhg quadratic cost function according to each
parameter ofS, .

C(X) =

N~

S [B() - B(i, X)) (10)

Therefore, updating the parameters of i-th node-ibf layer will follow the following equation:
oc(i) _ 90} (11)
X () aXt (D)
Gradient vector is defined as follows:
oc(i) _. 00} (12)
X, (i) ()

where QL is the output of the node aﬂﬂf is the signal of returned error. In equation (X1)is training
rate which is defined with equation (8).

k
,7 =
D (GL)Z (13)
2" da
oC b 9C 0C, a0

_= p = —_—
da 4%, da OZDS do" da
where variable P is the number of training paifs. is known as network parameter. K is gamut sizectvhi

will be as the level of change in each transmissibrgradient. Changing the value of K will change
convergence speed of the algorithm. Two transmissiANFIS training algorithm is summarized in tall.

Table 1. Adjustment of parameters in ANFIS traingigorithm

Return path Straight path

Gradient decrease Stable Antecedent parameters
Stable Estimation of least squares Conclusion petiens
Error rates Nodes’ outputs Signals

g. PSO Method for Training ANFIS Structure
PSO algorithm is an optimization method based giitiba rules which is inspired by social
behavior of birds and fish in search of food [1ERch particle in the swarm is composed of three D-
dimensional vectors, where D is the dimensionsafech space.
The general PSO algorithm can be summarized asafsil
e Swarm’s primary hypotheses
=  Primary hypothesis about the number of membersdrstvarm.
= Particles are distributed randomly in the searctsp

Vea =l = Grand® A g pand %)

K+1
= Estimation of the agreement of each particle withrecord:
Particle’s best location so far (memory pf particle in x, location)
The best location in the entire swarm()
= The primary velocity hypothesis is also put randaml
y = X * rand( X, — %un) _ POSition
° At time
e Velocity update

N
Z{Xori(i) - Xrec( i)} g
PRD==—
3 {0}
w coefficient is known as inertia factor and itdueais taken to be 0.4-1.€, and C,are known as security
coefficients. C, value takes 1.5-2 an@, value takes 2-2.5.

Fetal Electrocardiogram Signal Extraction by ANFIgined with PSO Method (Maryam Nasiri)
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e Location update
Location is adjusted by velocity vector.
e The criterion to stop the algorithm
It is to be noted that reaching a specific numbeepetitions can also serve as a condition to 8tep
algorithm.

h. Training ANFISwith PSO
ANFIS has two types of adjustable parameters whiekd to be updated, the antecedent and

conclusion part parameters. There are three sefsamfmeters in antecedent pafs, d, ¢} , and the
conclusion part{p, g, 1} . In this article, the number of swarms has bedactsl to be 60 which are

randomly scattered in the space of training pararme(6 parameters). The objective function is MES
function (error of network output and actual outpiith training pairs). Initial assumptions aboutgraeter
values are first considered. Then, these valuegiaen to PSO algorithm to be optimized and uptia®nly
one parameter is updated in each iteration. Fintily optimized value of parameters for each tnagjimpair
will be obtained. In the next part, we will explaihe way ANFIS is used to extract FECG signal; the
flowchart of the proposed algorithm will be aldoistrated.

i.  Flowchart of the Proposed Algorithm to Extract FECG Signal

Our method uses two recorded signals to extractG-Bignal: one M(n) and one A(n). The two
recorded signals are segmented so that they apanec for ANFIS training. They are segmented inay w
that each one is partitioned into N-sample segmémthe proposed algorithm, the overlapped segenerg
also considered; in other words, overlapping sisaM/2 samples. The i-th segment of the signatefned
as follows:

M, (m) = M(i(N—(%))+m) m=0,1,2,...N-
A(A)=A(i(N—(%))+n) m=0,12,..N-

In this way, the training vector in ANFIS algorithmobtained. The structure of ANFIS used in Fighiteas
been repeated.

Figure 6. The structure of ANFIS used in the pregbalgorithm.

As illustrated above, ANFIS inputs are one of thexters obtained from segmentation of the
thoracic signal and its delayed signal (the previseigment); the output of the network in trainifgpethm
is the vector equivalent to the input vector in et of the vectors obtained from abdominal signal
segmentation. ANFIS parameters are separatelytadjdsr each pair of vector sets (Mi s and Ai sfteA
each training by one of paired vectofsandM,, M, vector is submitted as ANFIS input. The obtained

output is the transformed version d, vector in abdominal area which we call,. When all M, s were

obtained and the overlapping in segmentation peees taken into account, signdl (the transformed M
signal at abdominal area) is created. Now we halifléd the predefined objective for we have bedate to
obtain MECG signal components after it has pasiserhtic area to reach abdominal area. At this tiwee,
can subtract the obtained signal from abdominalaign order to obtain an approximation of FECGnaig
which is the desired one. The flowchart of the &thm is illustrated in Figure 7. Figure 8 illustea the
extracted FECG and the transformed MECG signalltesdirom application of the proposed algorithm on
two thoracic and abdominal signals in [9].
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Figure 7. Flowchart of the proposed algorithm recorded signal at abdominal area.

3. RESULTSAND ANALYSIS

The proposed method uses ANFIS and PSO algorithmottel the transformation of MECG signal.
It uses PSO to train ANFIS and to avoid the train@lgorithm from local minimums. Finding this
transformation and applying it to MECG signal, @am obtain the transformed components of MECG &igna
in the combined signal.

We have tested the proposed algorithm, along withesother algorithms proposed in the literature
(wavelet based algorithm, algorithm based on eigkmvdecomposition, ICA based algorithm, and ANFIS
based algorithm using GD training algorithm), orthbeimulated signal and two signals chosen fronh rea
signal databases [17], [9].

e Simulated ECG Signal

In the simulated MECG signal, mother’s heart batd is 89 bpm. Fetal heart beat is considerably
higher than mother’s. Fetal heart beat rate is atlym120-160 bpm. The range of FECG signal is
considerably weaker than MECG signal. Moreover, &E$ignal includes MECG signal which travels from
thoracic area to abdominal area, FECG signal, amka. FIR filter can be used to simulate the patbugh
which MECG signal components pass. Moreover, Gansepise with SNR equal to 20 is added to the
signal.

a. TheResultsof Implementing the Proposed Algorithm on Simulated Signals
We have applied the proposed algorithm on simulatedominal and thoracic signals to extract
FECG signal; this is illustrated in Figure 9.

”HMI“‘“I;““\’:’“\MFMLM(M'T‘“ i*‘“’h*“fr“*’:r”rd’r‘*‘}r"""rv“'r‘*'*:‘r““‘r““\“:‘“r”rﬂr“:*l/d%%
uwMM!—WWM"Mr—JH\NNMﬁ—'\M ;M 4 “"fr”fr**’*'r““’r““irv Jr”“‘r“““r””‘r“‘\*““'rm“r“ Mrd-‘r A
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e 'w~+_»wr~a»mar~u:~ +—»4~+»+ +»+~Jf: wwwﬂ *ﬂﬁrwﬂf oo wwM:

n II'\ 9 a 5
cﬂ o [t it

Figure 9. Extracting FECG signal with the proposediad  Figure 10. Visual comparison of FECG signal extiacti
from the simulated signal; (a) thoracic signal,gbjlominal by the proposed method with previous algorithmjstta
signal, (c) FECG simulated signal, (d) extracted FECG original FECG signal, (b) FECG signal extracted ey th
signal with the proposed algorithm. proposed algorithm (ANFIS+PS0O), (c) FECG signal
extracted by simple ANFIS algorithm, (d) FECG signal
extracted by wavelet based algorithm.

Fetal Electrocardiogram Signal Extraction by ANFIgined with PSO Method (Maryam Nasiri)
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According to our studies, among the proposed meatHod extracting FECG signal, only wavelet based
methods, methods based on neural network, and AlNE$8d methods are able to extract FECG signal by
having only two signals, one thoracic and one abdamOur proposed method has shown greater suatess
extracting FECG signal than other methods. Figusbd@wvs this comparison and illustrates the advantdg
our proposed method over the other proposed ahgosit

As illustrated in Figure 10, the wavelet based albm [7] has not been able to do the extraction
well. ANFIS based algorithms have been able toaextFECG signal well. However, as shown, the prymar
ANFIS based algorithms [13] have been able to ektomly QRS complex locations of FECG signal;
recognition of the other complexes (wave fragmerang wave fragment T which are effective in disease
diagnosis) is done with difficulty. But, our progasalgorithm (ANFIS trained by PSO algorithm) haeto
able to extract all the components of FECG sigeay well.

In algorithm comparisons, we have used not onlyaligquality) criterion but also a quantity
criterion, Percent Root-Mean Square Difference (PR®Ddetermine the extent of similarity betweeiyimal
FECG signal and FECG signal extracted with diffeadgorithms. The above criterion is usually usedata
compression problems and algorithms. The followeguation illustrates how these two criteria are
calculated:

5 Oton() = %o 0} 2
PRD == * (14)

El{ Xori( D} z

The ori subscript refers to the parameters of tiigiral signal. The rec subscript indicates theapsaters
related to the signal extracted by the extractigordghm. PRD parameter reveals the scale of siityjla
between the extracted and the original signalirag that is the closer the parameter is to zeragmnilar

are the signals. Table 2 contains the values dfettwiteria for the three algorithms in Figure &

observed, compared to other algorithms, the prapakgorithm has improved.

Table 2. Comparing the performance of the propasgarithm using PRD criterion
The applied algorithm

RD
Algorithm based on wavelet transformation 0.1279
ANFIS based algorithm 0.5320

Our proposed ANFIS based algorithm using 0.4734
PSO algorithm
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Figure 11. Implementing the proposed algorithmtan t Figure 12. Comparing performance of the proposed
signals of Daisy database. (a) the signal recoaled  algorithm with other algorithms in extracting FECigral
thoracic area, (b) the signal recorded at abdonaired,  in Daisy database; (a) the resulted signal fronptioposed
(c) FECG signal extracted by the proposed algorithm.  algorithm, (b) the resulted signal from ANFIS based
algorithm, (c) the resulted signal from the alduritbased
on wavelet transformation, (d) the resulted sigraah SVD
based algorithm, (e) the resulted signal from |ICAdoh
algorithm.

As observed, PRD parameter for extracted signalltezt from the algorithm based on wavelet
transformation equals 0.1279, for extracted sigeallted from ANFIS algorithm relied on GD training
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algorithm it equals 0.5320, and for the resultegnai from our proposed algorithm it equals 0.4734.
Consequently, the signal resulted from the apptioaibf our proposed algorithm has a considerable
improvement.

b. TheResultsof Implementing the Proposed Algorithm on the Signals of Daisy Database

In this database, we have selected five signatsrded at abdominal area and three signals recorded
at thoracic area. Unlike some other algorithmse(li8VD based algorithms, ICA based algorithms,
algorithms based on adaptive filters, and GA) theppsed algorithm needs only two signals: a theraci
signal as reference and an abdominal signal taetxBECG signal. We implemented the proposed ahguri
on these signals. The result of this processustitated in Figure 11.

As observed above, the proposed algorithm has alelento extract FECG signal very well. Figure
12 illustrates a comparison between the performafdbe proposed algorithm and the other algorittims
extracting FECG signal. Visual observation of thigure reveals that only the result of SVD base@@thm
can be compared to that of the proposed algorithawever, the extracted signal components with SVD
based algorithm are weak; in addition, one of thestmimportant deficiencies of this algorithm andhest
blind source separation (BSS) based algorithmbdsntatter that the number of recorded signals shoel
more than the number of sources. When we are w@rlith real signals, numerical comparison of
algorithms’ performance is not simple. In real sign parameters like PRD cannot be measured because
source signals are not specified. In fact, theahje is to find these sources.

In this study, in addition to visual criterion aR&RD, two other parameters have been considered to
compare the performance of algorithms. One is $iggnaoise ratio (SNR) [16] and the other is thentver
of signal channels necessary for implementing tigershm. In this case, SNR parameter is defined as
below. In using this parameter, it is assumed ttatresulted signal from the algorithm only invaweECG
signal components and uncorrelated noise.

Given the above hypothesis, at first we dividedigmal into some pulses; then we take the pulses as
columns of an imaginary matrix. Now, we obtain thigenvalues of this matrix using Singular Value
Decomposition (SVD) algorithm. We define SNR ciiteras follows:

SNR, = [0 (19

In the above equatiom;s are eigenvalues corresponding to the matrix. SNRarameter denotes the ratio
of FECG signal components energy (first eigenvatoethe energy of noise sources’ components (second
eigenvalue onward) in the extracted signal.

Now, if we apply normalization operation on matrows and if we define SNR parameter as a
criterion to determine the level of correlationweetn two x(i) and x( j) pulses (columns of the iinagl
matrix), the above equation will be as follows:

SNRcor= /Lf(l) iz (16)
1-x(i) x(i)

If we calculate this parameter for all pulses drehtaverage the results, we will have equation (17)

SNRcor= S
1-s (17)

_ 2 N-2x N=2 o .
S= N(N—l)Zi:O Zj=i+1x(l) ()

We used the parameters defined in equations (Ibj1af), i.e. SNRcor and SNRsvd, to evaluate the
performance of the algorithms. Table 3 illustrates values of these parameters for the algoritfithe.two
parameters indicate the quality of the extractgdali The values of SNRsvd parameter for algorithased
on SVD, WT, ICA, ANFIS and the proposed algorithen(d.1373, 0.1739, 0.2048, 0.1920 and 0.2141
respectively. According to these values and theeof extracted signals, one can conclude that b@sed
algorithm uses the information of multiple signats extract FECG signal; indeed, this is one of the
limitations of this method.

Fetal Electrocardiogram Signal Extraction by ANFIgined with PSO Method (Maryam Nasiri)



258 O

ISSN: 2088-8708

Table 3. SNRcor and SNRsvd parameter values feerdift algorithms

Wavelet

SVD Transform ICA ANFIS ANFIS+PSO
SNRsvd 0.3941 0.3943 0.4970 0.4697 0.4900
SNRcor 0.1373 0.1739 0.2048 0.1920 0.2141
No. of
channels . Multi- . Single- .
necessary for Multi-channeled channeled Multi-channeled channeled Single-channeled

the algorithm

¢c. TheResultsof Implementing the Proposed Algorithm on the Signals of Physiobank Database

This database contains ECG signals recorded atn@hédband thoracic areas in different stages of
pregnancy. Using these signals, we have studiddrpsance of the proposed algorithm in extractingCiEE
signal. Table 4 contains the values of SNRsvd aN&®&r parameters in different stages of pregnancy
resulted from application of the above mentionggathms.

Table 4. SNRsvd and SNRcor values obtained foeudfit algorithms in different stages of pregnency

ANFIS+PSO ANFIS ICA

Wavelet
Transform

SVD

SNRcor SNRsvd SNRcor SNRsvd SNRcor SNRsvd

0.3065 1.1333 0.2749 1.0864 0.3977 1.5564
0.2115 0.9372 0.1906 0.9188 0.4732 2.7425
0.1900 0.9410 0.1710 0.9018 0.4165 3.0061
0.1743 0.8921 0.1583 0.8559 0.1221 0.8195

0.1714 0.7488 0.1556 0.6712 0.1618 0.9884

SNRcor SNRsvd SNRcor

0.2183 1.0179 0.2005
0.717 0.7603 0.2204
0.1320 0.7973 0.0984
0.1196 0.8516 0.1139

0.1471 0.7184 0.2013

SNRsvd

0.8363 22" week
0.9845 29" week
0.8015  31% week
0.8308 38" week

0.9738 40" week

0.2107 0.9305 01901 0.8868 03143 1.8226 0.1368 0.8291 0.1669  0.8854 A\)’;L"’(‘egse
b L | | L | . ol
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Figure 13. Comparing the performance of the algoriin
FECG signal extraction in 92week of pregnancy; (a) the
signal resulted from the proposed algorithm, (lg)slgnal
resulted from ANFIS based algorithm, (c) the sigesllted
from ICA based algorithm, (d) the signal resulteshf the
algorithm based on wavelet transform, (e) the diggsulted
from SVD based algorithm.
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Figure 14. Comparing the performance of the proposed
algorithm with other algorithms in FECG signal

extraction in 48 week of preg

nancy; (a) the signal

resulted from the proposed algorithm, (b) the digna.
resulted from ANFIS based algorithm, (c) the signal
resulted from ICA based algorithm, (d) the signal

resulted from the algorithm based on wavelet tiamnsf

(e) the signal resulted from SVD based algorithm.

Concerning Physiobank database signals, the aveedge of SNRsvd parameter for the algorithms
based on SVD, WT, ICA, ANFIS and the proposed dtigor is 0.8854, 0.8291, 1.8226, 0.8868 and 0.9305
respectively. Also, the average value of SNRcoapeter for algorithms based on SVD, WT, ICA, ANFIS
and the proposed algorithm is 0.1669, 0.1368, ®3141901, and 0.2107 respectively. However, as
mentioned above, one advantage of the proposedothetber ICA based algorithm is the fact that the
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proposed algorithm needs only two recorded sigmalspnly this reduces the calculation time, ipaisakes
the mother more comfortable when signal is recartibareover, less recorded signals means less riexgprd
electrodes, hence less noise sources and less Eigtises 13 and 14 illustrate the extraction ofCEE
signals from the recorded signals if22nd 48 weeks of pregnancy, respectively.

The illustrated signal in Figure 13 belongs to@ording in 22 week of pregnancy. One problem in
using different algorithms to extract FECG signal the fact that some algorithms are not able to
appropriately separate FECG signal in early staafefetal life. However, as illustrated in Figure,13
compared to that of other tested algorithms, tgeaiextracted with the proposed algorithm has heelh
able to extract FECG signal components.

4. CONCLUSION

The proposed method in this article to extract FESi@hal components uses two signals: one
recorded at the thoracic area and the other aalidleminal area of mother. MECG signal componenthén
recorded signal at the abdominal area are transfwarsions of MECG signal. This transformationursc
because these components are recorded in someagistam their source (mother’s heart). Indeedhduld
be noted that this is a nonlinear transformatiome proposed method uses ANFIS and PSO to model this
transformation. The method uses PSO to train AN&h8 to avoid the training algorithm from local
minimums. By finding this transformation and applyiit to MECG signal, one can obtain the transfatme
version of MECG signal components in the combingghad. Removing these components from the
combined signal, and assuming that preprocessaimigues have removed the impact of noise souvees,
could have a good approximation of FECG signal.

We have tested the proposed algorithm, along withesother algorithms proposed in the literature
(wavelet based algorithm, algorithm based on eigkrvdecomposition, ICA based algorithm, and ANFIS
based algorithm using GD training algorithm), orttbeimulated signal and two signals chosen fronh rea
signal databases.

For the simulated signals, in addition to visudlecion as a quality criterion, we have used PRD to
quantitatively compare performance of the propadgdrithm with other algorithms. This parametera&ig
the scale of similarity between the extracted deddriginal signal; more close the parameter to,zewre
similar are the signals. PRD parameter for extchsignal resulted from the algorithm based on wetvel
transformation equals 1.1279, for extracted sigeallted from ANFIS algorithm relied on GD training
algorithm it equals 0.5320, and for the resultephal from our proposed algorithm it equals 0.473d, the
resulted signal from the application of our progbakgorithm has a considerable improvement.
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