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The Basic Problem
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Multichannel Fetal ECG
Extraction

d Current methods
0 Adaptive filtering [Widrow et al. 1975]

0 Independent component analysis (ICA) [De Lathauwer et
al. 1995, Zarzoso & Nandi 2001]

0 Periodic component analysis (I'NCA) [Tsalaile et al. 2009]
) Basic idea: Exploitation of the redundancy of
the multichannel ECG to reduce mECG

J Drawback

0 Exogenous noise cannot be totally canceled in this way
0 Demand several channels



Outline of Fetal ECG Extraction and
Denoising Using Only Two Electrodes

J ECGs estimation based on modifications
of a tensor based parallel deflation
procedure

2 Weighted Canonical Polyadic decomposition
1 Gaussian-shaped cost function

d Improvement of fECG and mECG
estimates by a Kalman filtering

2 Multichannel extension of dynamic ECG model
for N ECGs

- Results on different data



Tensor Construction of Sources
Having Different Symbol Rate
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Third-Order Tensor Arrangement of

an ECG Signal
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Third-Order Tensor Decomposition for n-th
ECG Using the Canonical Polyadic (CP)
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A: Mixing matrix
S: ECG beat amplitude
H: ECG beat temporal pattern
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Mixed ECGs on Two Electrodes
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Maternal Tensor

J Two components
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Maternal Components

 Two extracted components

Maternal Components
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Fetal Tensor

ad fECG is weak: One component

Fetal Tensor
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Fetal Component

d mECG prevents the algorithms to

Fetal Component

concentrate on fECG
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Weighted CP Decomposition (WCPD) and
Gaussian-shaped Cost Function (GCF)
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Fetal Components via Weighted

Tensor Decomposition
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Extended Kalman Filter and
Dynamic ECG Model

A: Mixing matrix

S: ECG beat amplitude 08
H: ECG beat temporal pattern D
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Multichannel Extension of
Dynamical ECG Model for N ECGs
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Using Loading Matrices for Mixing
Matrix and Parameter Estimation

A: Mixing matrix : ﬂ

- ] 05 : I || I.
S: ECG beat amplitude (. / \

H: ECG beat temporal pattern v , Y ;
d The mixing matrix is directly defined as the
concatenation of the loading matrices A related to

the fetus and to the mother

0 The state parameters {&".,5", ", 0"}

are obtained by fitting, for each ECG, the sum of the
Gaussian functions with the loading matrix H("

d The ECG variability is estimated using the third
loading matrix S 17



DalSy ECG Dataset
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Twin MCG Dataset

Relalive Amplitude

Recorded signal {Sensor 92)

AL A matamal eskEmation

200f ' ' 1 T ' 3
DMHW' WMMMMM

b EKSI malernal ashma:lnn

200+ ' i - 3
mg%—---?- i 3# Tl T T RS
= I .

EEEE majamal es!u‘na!lnn

B ' rrCEﬁrs'-tTﬂta!'esTmaMﬂ

‘Iﬂg
:22 : ' ERST first felal esfimation

T I L A at
- sook _  EKSZ first fetal estimation

alA second felal Esl'rnatlun

=9 I_ = EKS1 second raiaj esulfnatlan . .
| R R D oY |~—IJ N POV [ DY S it [ P T T j__L._J_.-J...Jf..J_
" — EKS2 second ratal esumallan :
_12§4-a s Jvi—l—r s e aa TRV

0 1 2 3 4 5 E 7 B g 1EI
Time [s]

19



Conclusions and Perspectives

 Robust 3-way tensor decomposition

d Extension of a synthetic dynamical ECG
model within a Kalman filtering framework to
model several ECGs

3 Only two electrodes are utilized

2 Deep comparison between tensor
decomposition methods

2 Application of the proposed method on other
datasets
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