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The (parametric) Voice of 
Your Heart

Towards Parametric Cardiac Modelling for 
Early Recognition and Treatment of AF

Richard C. Hendriks
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Signal Processing for Cardiac Applications
• Appointment at EMC, Cardiology, Electrophysiology

• The team:
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EMC, unit Electrophysiology - the lab

Living myocardial slices

Langendorff
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Atrial Fibrillation

Atrial fibrillation. Image Credit: Alila Medical Media / Shutterstock

Atrial fibrillation:
• rapid and irregular beating of the atria
• increases risk for heart failure, 
stroke or heart-related hospitalizations

Prevalence:
• Most common sustained cardiac 
arrhythmia
• People of 40+ have risk of 25 % to develop AF.
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Atrial Fibrillation – Existing Therapies

Trigger + Substrate = AF 

• Anti-arrhythmic drug (Rhythm control, lowers heart-rate), reoccurs with 70 % of 
patients within 1 year.

• Electrical cardioversion (reset), reoccurs with 67 % of patients in 1 year.
• Ablation. Reoccurrence: 35 %, 44 % and 49 % within 1, 3 and 5 year. 
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Atrial Fibrillation – Main Issues
• Origin and exact mechanism of AF not (yet) well understood
• When understood…what to do?
• Non-invasive (ECG) detection (and differentiation from other 

arrhythmias) of AF is very challenging
• Early detection is challenging, but important (AF is progressive)



7

High level problem formulation

From L. Bote-Curiel et. Al, Deep Learning and Big 
Data in Healthcare: A Double Review for Critical 
Beginners. Appl. Sci. 2019, 9, 2331.

Typical approach: Draw conclusions based
on the (output) realizations of the (human) system

Heart Body

EGM ECGRespiratory System, 
nervous system,…,

My philosophy: Given EGM/ECG realizations, try to infer the system that generated these.
The system

• How to model the atrium from a signal processing point of view?
• How to infer the model parameters from the EGM or ECG measurements?
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High level overview of projects

Heart Body

EGM ECGRespiratory System, 
nervous system,…,

1 Early non-invasive ECG-
based AF detection
• How to characterize AF 

(features)?
• How to differentiate the 

different stages of AF?
• How to differentiate 

from other arrhythmias?

Given EGM signals, can we 
learn what to look for in 
the ECG?

• Unique combination of data: EGM & ECG
• Measure how AF characterizes itself on 

EGMs and transform this to ECG level?

• Find transfer functions from 
EGM <=> ECG
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High level overview of projects

Heart Body

EGM ECGRespiratory System, 
nervous system,…,

1 Early non-invasive ECG-
based AF detection

2 Interpretable ECG-based parametric 
modelling of the heart
• Given the ECG, can we derive a 

parametric desciption, where the 
parameters physically relate to the 
heart?

• Can we, from the parameters, infer 
the condition of the heart (e.g., 
degree of AF)?
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Speech Production - Anatomy

From Docio-Fernandez L., Garćıa Mateo C.
Speech Production. In: Li S.Z., Jain A.K.
(eds) Encyclopedia of Biometrics.
Springer, Boston, MA, 2015.

<latexit sha1_base64="UDZIw6qLV0vn0iPJ1pMXdWz8fVs="></latexit>

Overview of speech production system:

• Lungs

• Larynx (organ of voice production).

• Vocal Tract

- throat (pharyngeal cavity).

- oral+nasal cavity.
<latexit sha1_base64="us5fWqmlHxt6O3YTx4AsQM09uNY="></latexit>
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Speech Production - Source-Filter Model

S(z) =

(
✓0Ev(z)G(z)H(z)R(z) if voiced

✓0Eu(z)H(z)R(z) if unvoiced

Filters H(z), G(z), and R(z) are/can be approximated as all-pole.
<latexit sha1_base64="E3jTVtY4zelrHgEMTadM4hoaET0="></latexit>

• Decoupling of complete system into:
• Excitation (input)
• Filters representing differrent 

cavities in speech production 
system

• Filter coefficients have a direct 
physical meaning and are 
interpretable.
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Interpretable ECG-based parametric modelling 
of the heart

Atrium

Ventrical𝑧!"

SN
respiration

Nervous 
system

Pulse train Human 
tissue

Human 
tissue

ECG

• AR/ARMA models describing Atrium and Ventrical
• Decouple input (Sinus and AV nodes) from atrial and ventricular response
• Filter coefficients physically interpretable and related to arrythmias
• ECG=> filter coefficients => Arrythmia detection/localization, staging of degree

AV
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High level overview of projects

Heart Body

EGM ECGRespiratory System, 
nervous system,…,

1 Early non-invasive ECG-
based AF detection

2 Interpretable ECG-based parametric 
modelling of the heart

3 Determine cardiac tissue properties 
at cell level from EGM measurements
Cell properties like conductivity and 
anisotropy are believed to play an 
important role in Atrial Fibrillation
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Estimating “cell” properties

Tissue
`

𝐼!"

`

• Many cells, very few electrodes.

• Many parameters to be estimated

– Cell conductivity �

– Anisotropy ratio ↵

– Activation time of the cell.
<latexit sha1_base64="SotCQpC26f4qvODQ6TORzd8liJ8="></latexit>

Challenge: An ill posed problem to estimate parameters for many
cells with few electrodes (N � M).

<latexit sha1_base64="ebiASK5uVCQzp8ZfXMKv0oNm3a8="></latexit>
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Estimating “cell” properties

`
`
`
`
`

`

`

𝐼!"

`
`
`
`
`

``

Altogether we have:
�m(t) = am(t) ⇤ v0(t)

where am(t) = aS�1
v

4⇡�e
rTmD�,↵�.

<latexit sha1_base64="ZTwdzPOU9wOv+soyZPF1NWT/lEw="></latexit>

Let the EGM at sensor m, at coordinates ym and time t be given by �m(ym, t)

�m(ym, t) =
a

4⇡�e

NX

n=1

Itm(xn, t)p
kym � xnk2 + z20

=
a

4⇡�e
rTmItm(t)

with transmembrane currents Itm(t) = S�1
v D�v(t), with

D� = DxDiag(�)Dx +DyDiag(↵)Diag(�)Dy

and v(t) = �(t) ⇤ v0(t), where �(t) = [�(t� ⌧0), �(t� ⌧1), ..., �(t� ⌧N�1)]T .
<latexit sha1_base64="8M4LRM4OZq1cPwSY8RA+SgX+7f0="></latexit>
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Problem Formulation

`
`
`
`
`

`

`

𝐼!"

`
`
`
`
`

``
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• # cells N � # electrodes M

• Can we estimate all model parameters ↵n, �n and ⌧n 8n jointly?

• Use multiple frequency bands and multiple heartbeats to increase the number of knowns.

• Can we involve multiple heartbeats and ”illuminate” the tissue from di↵erent direction?
<latexit sha1_base64="BfazoIyQ2A7kv2cjU22I9BAlkQM="> Zd/nkBpTxXLBln5QT8eYJduUga+HJQe4j4e9DuT2hbnK/0323xX2e4XBlZVahhs1+HzQCvXtTfYIjhx+zEg3tzakXDi6vX+4OYKy9abOW598MpvP5u0Q8JlooEfMZ4hJ7l2BfG4A1CVLhohZkr0KtLnEHMy63wDzeDHQOkiRa/9+FgrB954OX/dV4wmOyH6SfZVNH2T9y78RfRjtRh9FaXQ3ehB9ET2KFlEx+nH02+iP0Z/jH8Y/j38Z/3oBvTbqcz6Ittb4978AePUphA==</latexit>
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Factor Analysis & CSPDM

• EGM model in STFT domain: e�m(l, k) = eam(l, k)ev0(l, k) + eum(l, k)
<latexit sha1_base64="12Hjh3AcsSnuTGECVUuNH2DU7CM="></latexit>

• Use stacked vector notation: e�(l, k) = [e�1(l, k), ..., e�M (l, k)]T

• Calculate the cross power spectral density matrix (CPSDM) of the EGM
in the lth frame and the kth frequency band:

P�(l, k) = E[e�(l, k)e�(l, k)H ]

= E[ev20(l, k)]ea(l, k)ea(l, k)H +Pu(l, k),

• where Pu(l, k) = Diag([q1, · · · , qM ]T ): with the mth diagonal element
qm = E[eu2

i
(l, k)] the PSD of the sensor-self noise of the mth sensor.

<latexit sha1_base64="AbUNV+claxQ+NekF01Fmm23Jvwg="></latexit>

• EGM model in the time domain: �m(t) = am(t) ⇤ v0(t) + um(t)
<latexit sha1_base64="ZabJBNtKOs865ntom5uji1zGh9I="></latexit>
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Confirmatory Factor Analysis

• General confirmatory factor analysis (CFA) problem

CFA methods have been proposed to estimate the parameters of the fol-
lowing model

P y = A�AH + P u 2 CM⇥M

where

- P y: M ⇥M variance-covariance matrix of the measurements,

- A: M ⇥ r: matrix of unknown factor loadings,

- P : r ⇥ r variance-covariance matrix of the r common factors

- P u: M ⇥Mvariance-covariance matrix of the residuals.
<latexit sha1_base64="BHckBo5zX+L1LHMBMY6A1Nx5RBA="></latexit>

P�(l, k) = E[ev20(l, k)]ea(l, k)ea(l, k)H +Pu(l, k)
<latexit sha1_base64="KI70ZJl3PA0/GFoqYBYqUyYiwPU="></latexit>
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Confirmatory Factor Analysis
Apply Simultaneous confirmatory factor analysis to

• Use multiple Frequencies and multiple heartbeats

• Estimate the conductivity � for all cells,

• Estimate the anisotropy ratio ↵ for all cells,

• The local activation time of ⌧n for all cells.
<latexit sha1_base64="vO9PdJh9pdhrb85KBYTwcuNVH6Y="></latexit>

Tissue

````
``

`

𝐼!"````
``

`
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Confirmatory Factor Analysis
min

�,↵,{Pu(k,l)},
{⌧n(l)},n=0,··· ,N�1

X

8k2Sf ,8l2Sl

F (P̂�(k, l),P�(k, l))

s.t. P�(k, l) = ea(k, l)P (k, l)ea(k, l)H +Pu(k, l),

ea(k, l) = [QrT1 D�
e�(k, l), · · · , QrTMD�

e�(k, l)]T ,
D� = DxDiag(�)Dx +DyDiag(↵)Diag(�)Dy,

e�(k, l) = [exp(� j2⇡fsk
K

⌧0(l)), . . . , exp(�
j2⇡fsk

K
⌧N�1(l))]

Pu(k, l) = Diag[q1(k, l), q2(k, l), · · · , qM (k, l)],

qm(k, l) � 0,m = 1, 2, · · · ,M,

P (k, l) = ev0(k, l),
⌧0 = 0,

for 8k 2 Sf , 8l 2 Sl, where Sf = {k1, · · · , kN} is the set of the frequency indices
and Sl = {l1, · · · , lN} is the set of the heartbeats for conductivity and activation
time estimation.

<latexit sha1_base64="6gwZdxnTPwpNoUm8cvF82CLSieM="></latexit>
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Experiments with Simulated Data
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Experiments with measured Data
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Open questions…

Heart Body

EGM ECGRespiratory System, 
nervous system,…,

1 Early non-invasive ECG-
based AF detection

2 Interpretable ECG-based parametric 
modelling of the heart

3 Determine cardiac tissue properties 
at cell level from EGM/ECG 
measurements

We can estimate tissue properties from EGMs, but
• How to estimate parameters for deeper layers? 
• What if we measure on a (small) distance? => catheter
• How to do this less/non invasive based on ECG or catheter?
• How to use this information for to guide the surgeon during 

ablation or other techniques?
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Future
Future:
• Can we extend our models to 3d tissue ?

• Model multiple cell layers
• Take distance into account
• Epicardiac combined with endocardiac measurements

• Inversion problem: From heart to body surface
• How to help the surgeon? Based on Measurements, estimate model parameters 

and predict the effect of ablations?
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Graduation topics – Biomedical SP & Audio
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Multi-Microphone Noise reduction
• Delay and sum beamformer

wk(l) =
dk

dH

k
dk

• MVDR beamformer

wk(l) =
(RY,k(l))

�1 dk

dH

k
(RY,k(l))

�1 dk

=
(RN,k(l))

�1 dk

dH

k
(RN,k(l))

�1 dk

• Multi-Channel Wiener

wk =
�2
S,k

(l)

�2
S,k

(l) + (dH

k
(l)R�1

Nk
dk(l))�1

| {z }
Single-channel Wiener

R�1
Nk

(l)dk(l)

dH

k
(l)R�1

Nk
dk(l)| {z }

MVDR
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Multi-Microphone Noise reduction
• All beamformers depend on the ATF dk

• How to estimate the ATF dk?

– EVD of RX = RY �RN , or, GEVD of (RY ,RN )

– This is accurate when (RY and RN ) are known. How-

ever, estimation errors severely a↵ect results.

• Graduation topic: Can we obtain better estimators for dk by

combining the GEVD and machine learning approaches to take

into account estimation errors in (R̂Y and R̂N )
<latexit sha1_base64="UfKiCTDxvf0HS1/yAz3tOjw7ywg="></latexit>
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Multi-Microphone Noise reduction

• Beamformers and estimation of ATF depends on knowing RN .

• Typically RN is estimated using a VAD, which implies that
updates cannot be made dusing speech presence.

• Graduation topic: Can we obtain better estimators for RN?
<latexit sha1_base64="by5AJJU4Mq6PZxdWWPQCd04Nf1U="></latexit>
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Acoustic Imaging of the Heart Using 
Microphones

• Imaging (Xray, MRI, Ultrsound, etc.) techniques are relatively
expensive and not always available in developing countries.

• Can we develop a simple imaging technique to visualize the dif-
ferent parts of the human heart using an array of microphones.

• Applications:

– Imaging on the basis of sound of heart and lungs.

– Store the recordings, and perform o✏ine beamforming to
”zoom” in to certain areas.

– In developing countries, more advanced imaging tech-
niques are not always available in local medical centers
and di�cult to maintain. This should become a device
which is easy to make and maintain, and give first indi-
cations of what can be wrong.

<latexit sha1_base64="0YFDBgB6FIxFr6oVu+s5FPOpg+0="></latexit>
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Some Possible Topics (usually custom made)
Speech:
• Estimation of RTFs using machine learning
• Estimation of RTFs using EVD/GEVD
• …

Biomedical:
• Imaging of the heart using microphones
• Local activation time estimation
• Staging of AF
• Atrial transfer function estimation
• ECG-based  early detection of AF using knowledge from EGMs. 
• …


