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EE512 - Applied Biomedical
Signal Processing

General context

CSEM

Course’s module contents

Motivations

Applications based on:

- Electrocardiogram (ECG)
+ Labo on raw signals

- Photoplethysmography (PPG)
+ Labo on raw signals
+ BP demo

- Electroencephalogram (EEG)

FAQ
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General context

The goal of this course is o infroduce the most used approaches for
the processing of biomedical signals and illustrate their utility on real
signals (time series) and real health/medical applications.

Note that these approaches, although sometimes tailored for specific

biomedical applications, are widely used in many context (speech,
communication, conftrol, ...).

Prerequisite on:

Analysis, linear algebra, fundamentals on Fourier analysis and digital filtering
Signal processing for telecommunications COM-303 (recommended)

Signal processing EE-350 (recommended)
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CSEM, a public-private partnership

CSEM mission

Development and transfer of micro-technologies
and micro-electronics to the industrial sector to
reinforce its competitive advantage via

« Cooperation agreements
« Creation of start-ups
» Licensing (technology, IP, algorithms)

Status

Incorporated, not-for-profit RTO, supported by
Swiss Government and with a strong heritage o1
the Swiss watchmakers (majority shareholders)

Possible collaboration

* Internship () 46 ata
. Master thesis projects | 930+  97MCHF  start-ups
QOO experts turnover = &spin-off

 PhD thesis
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Technology transfer - success stories

ActiGraph.

1058 0
| FEBOS T
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Module 01- Introduction - 12.09.2024

« General context and module structure

* The important of biomedical signal processing field |
« Examples of applications Dr. Mathieu LEMAY

e Infroduction to labo

Module 02 - Basics - 19.09.2024(¢)

Dr. Philippe RENEVEY » Sinusoids and complex exponentials

Continuous time Fourier transform

Normalized frequency

Discrete tfime Fourier transform

Linear filter design
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Module 03 - Basics Il - 26.09.2024

« Stochastic signals and filtering

e Auto- / cross-correlation functions

RENEVEY

« Power spectral density Dr. Phil
* White noise

* Labo + Exercise . @
Module 04 - Time-frequency - 03.10.2024

Dr. Martin PROENCA

* Motivation for time-frequency analysis
* The short-term Fourier fransform (STFT)
« Spectrograms in practice

 Wavelet analysis

* Labo



Module 05 - Linear model - 10.10.2024

Autoregressive (AR) signal modeling

AR model estimation

Linear prediction —
Dr. Jodo JORGE

Model order selection

High resolution spectral estimate

Labo + Exercise
Module 06 - Linear model Il - 17.10.2024

« Moving average (MA) signal modeling
ARMA signal modeling

Linear system identification

Adaptive identification

Labo + Exercise
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Dr. Adrian LUCA
Module 07 - Frequency tracking - 31.10.2024

« Concept of instantaneous frequency
 Hilbert tfransform

« Teager-Kaiser operator

« Short-term Fourier transform

« Adaptive filter frequency tracking @
« Labo

Module 08 - Midterm exam (optional) - 07.11.2024
White exam + corrections
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Module 09 - SVD - 14.11.2024

 Matrix rank

« Singular value decomposition (SVD)
« Least-squares solution using SVD Or. Guillaume BONNIER

 Singular spectrum analysis

e Lab
R0 Module 10 - PCA- 21.11.2024"

Basics of classical principal component analysis (PCA)
PCA and SVD

Dimensionality reduction, blind source separation

Dr. Karen ADAM

Example: PCA on signals
Labo
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Module 11 - Classification & regression - 28.11.2024

 Linear/non-linear regression
 Classification/clustering

* Feature selection Dr. Rgn LTANI
 Training/testing/validation

* Labo ()

- Module 12 - Introduction to NN - 05.12.2024
Dr. Clementine AGUET

Z - » Percepiron

* Multilayer perceptron (MLP)
« Activation functions
« Gradient descent and backpropagation

— . Labo
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Module 13 - NN architecture - 12.12.2024

« Convolution neural network (CNN)

« Recurrent neural network (RNN)

« Regularization (dropout, batch normalization, Or. Clémentine AGUET
weight decay, early stopping)

e Labo ()

Dr. Mathieu LEMAY Module 14 - Course recapitulation - 19.12.2024

Open questions (optional)
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Laboratories

Duration of approx. 2h with Matlab/Python exercises + Exercises + Open discussion

Useful commands/scripts are provided

Each exercise defines:

« Operations to perform

« Figures/results to interpret

Software requirements:

« Matlab with Signal Processing toolbox @

« Python -> a requirements.txt for each lab (incl. NumPy, Matplotlib, Jupyter, ScipPy,
lpython, Plotly, scikit-learn, pandas, and PyTorch libraries)

Some Labo with include optional tasks (script o be written)

4 Teglms of 3-5 need to provide their lab report (.pdf) in the following week on
Moodle
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EE521 - FAQ

 How do you compute the final score?

* Final exam: 65% of the final score. Lab reports: 35% of the final
score. The 11 reports will be equally distributed on this 35%.

 Does the midterm exam count in the final score?

* No, The midterm exam will provide you an idea about what to
expect from the final exam in terms of questions/exercises.

 What should be the format of the lab report?

* The report must be a .pdf. It must contain answers to the questions
provided in the lab description. Copy/paste of figure and script
text can be added to the report.
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EE521 - FAQ
« Could we submit one .pdf for the lab team? ' m

* No, every team member must submit a.pdf file. It can be the
copy of their team members if the .pdf file mentioned the other
team members

* | have two courses at the same time, Is it mandatory to
attempt the lectures and labs? (15)

* No, it is not mandatory.

* Do you record the lectures?

* No, it is not compatible with the room setup.
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EE521 - FAQ

- Is there any digital processing books to support the
course?

* There is plenty of interesting books. You can use the following
ones: (1) Discrete-Time Signal Processing by Alan V. Oppenheim

or (2) Digital Signal Processing by John G. Proakis and Dimitris G.
Manolakis

How should | name the lab report?

* Please respect the following file name:
namel_name2_named_lab_XX.pdf

| am registered but don’'t have access to moodle. Is it
possible to force my enroliment?

* Yes, please contact me (mathieu.lemay@csem.ch).
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EE521 - FAQ

- Can | have the technical background to follow the course | m
(rephrased in numerous ways)? -

* The only good answer is the following: follow modules Basics | and
Il, do the labo and exercise. If you find it adapted for you, then
the rest will be OK.
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EE512 - Applied Biomedical
Signal Processing

Motivations
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Biomedical Signal Processing - What for?

* Living organisms are composed of many interacting subsystems
(nerve system, cardiovascular system, ...).

* The associated physiological processes include stimulation and
hormonal/nerve control, and electrical, chemical and mechanical
inputs/outputs.

* These processes/activities can be monitored using sensors that map
pression, concentration, temperature, ... info electrical signals that
can be acqguired and analyzed.

» Pathologies (diseases, congenital problems) may manifest themselves
through modifications of these signals or their relations, and the
delineation of these changes can be helpful for diagnosis.

=P-L = CSem



Biomedical Signal Processing - What for?

Why analyze these signals on a computer instead of relying on visual
observation only?

* The human visual system is well suited for feature extraction, but it is
often impossible to accurately extract parameters values (such as
frequency ones) or even to quantify them.

* Interferences may hamper visual observation.
« Human analysis is always partially subjective.

* It Is sometimes necessary to analyze tens or hundreds of recordings,
which becomes clearly fastidious.
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Biomedical Signal Processing - Main fields of application

» Cardiovascular activities: electrocardiogram (ECG),
photoplethysmography (PPG), arterial pressure, respiration via bio-
Impedance or strain gauge, audio-cardiograms (valve sounds) ...

 Brain activities: electroencephalogram (EEG), ...

« Bio-mechanical activities: electromyogram (EMG), movement

analysis / human kineftics (e.g., accelerometer, gyroscope,
barometer, magnetometer, cameraq)

=P-L = CSem



Biomedical Signal Processing - Main goals

Signal pre-processing (enhancement)

Design of monitoring tools

Design of diagnosis tools

Decision support systems @

Fundamental research: interpretation of physiological phenomena,
process modeling...

=P-L = CSem



Biomedical Signal Processing - Main challenges

 Signal distortions (saturation, artefacts, ...)

* Interferences due to other physiological processes

* Non stationarity

 Signal variability, both intra- and inter-subjects/patients

=P-L = CSem



EE512 - Applied Biomedical
Signal Processing

Applications
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Electrocardiogram and
relevant biomedical signal
processing applications
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Heart: physiology and electrical activity

Blood flow Electrical conduction

Superior * \ {
Vena Cava E N e Y Pulmonary arteries
; ) — / to Lungs Aorta
to Lungs—eg b | / PA s Pulmonary P =
S ; Veins from W7
Pulmonary A0 / ’ / \ 5 Lungs H\ Atrium
Veins from —=3 : e A : b 20
Lun S ,’v 4 N — alve TI’ g s 3 ortic
g s/ y . SA node ; valve
Atrial i) el -
\ . AV node , itral valve
Septum Aortic ! _
Tricuspid Valve Ventricle
Valve Tricuspid valve
Ventricular Pulmonary valve Purkinje fibers
Inferior Septum
Vena Cava Bundle of His

Left bundle brancl

Right bundle branch

Pulmonary Valve
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Electrocardiogram (ECG or EKG)
Standard 12-lead ECG

Einthoven'’s triangle

JL
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Electrocardiogram (ECG or EKG)

=PrL

Horizontal plane

The right atrium is activated first
and the depolarizing wave is directed
towards V1, which displays a positive

deflection. |

P
I_'_I

Secondly, the depolarization
spreads to the left atrium and
the depolarization is directed

away from V1, which therefore
displays a negative deflection.

2 Csem
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Electrocardiogram - signal processing applications

Aftrial fibrillation facts:
* Prevalence of 3-7% in elderly population

« Symptoms: syncope, chest pain, fatigue, palpitations, heart failure

and stroke

« Diagnostic & treatment challenges: intermittent and asymptomatic at
its early stage

 Signal processing challenges: improve diagnostics and corresponding
treatment through ECG information enhancement
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Cardiac arrythmias - Mechanisms

Sinus (normal) rhythm

Sinus node

~

=P-L = CSem

Atfrial fibrillation




Electrocardiogram during cardiac arrythmias

Surface ECG during atrial fibrillation (AF or Afib)

The most common tool used for the clinical evaluation of arrythmias

Atrial activity Ventricular activity

=P-L = CSem



Electrocardiogram - other arrhythmias

Ventricular bigeminy:

* is a cardiac arrhythmia in which there is a single ectopic beat (e.g.,
premature ventricular contraction), following each regular heartbeat

PVC

1s 2s 3s 4s 5s 6s 7s 8s 9s

Ventricular trigeminy:
* same as bigeminy with a pattern of three beats

=P-L = CSem
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Electrocardiogram - other arrhythmias

Atfrial flutter:

* is a cardiac arrhythmia in which the heart's upper chambers (atria)
beat too quickly

Second-degree AV block:

* is a conduction block between the atria and ventricles
| - o i : | :

_ﬂA :
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Simulation - ionic model of cardiac electrical activity

( Human heart ) (Magnetic resonance images 3D reconstruction
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Simulation - ionic model of cardiac electrical activity

EPEL ::

Left Atrium

Mitral Valve /\ Pulmonary veins

Superior Vena Cava

Sinoatrial Node

«— Right Atrium

Inferior Vena Cava

Tricuspid Valve

Atrioventricular Node

Anterior View Posterior View

csem



Simulation - ionic model of cardiac electrical activity

Normal atrial electrical propagation produces P waves

e ™

Anterior View Posterior View

Y -

0.5 mV

0.5 sec
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Simulation - ionic model of cardiac electrical activity

Aftrial electrical propagation with self-sustained reentrant waves produces fibrillatory waves

" &

Anterior View Posterior View

=6 @

0.5mV

0.5 sec
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Electrocardiogram - signal processing applications

Simulated 12-lead ECG:
Simulated ECG with the AV node model

Ventricular Activity -J ﬂ"—"‘l

+

Atrial Activity

AAA
Vw/w
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Electrocardiogram - signal processing applications

15t challenge: separate atrial and venftricular activities

=P-L = CSem



r

Filter design, wavelet
Electrocardiogram - signal processing applications “fpgAgJ&dydpkg
separation, classification

15t challenge: separate atrial and venftricular activities \

=P-L = CSem



Electrocardiogram - signal processing applications

2nd challenge: cardiac arrhythmia classification

How to extract spatial information

One can compute a vectorcardiogram (VCG on X,Y,Z components)
from 12 lead ECG signals —
J V(0)=T® ;1)

Body surface potential VCG (dipole) Spatial references

=P-L = CSem




Electrocardiogram - signal processing applications

2nd challenge: cardiac arrhythmia classification

« Eigenvalues A, A, and A\; are computed (A + A, + A\;= 1)

A =1 A=A, =172 o
.. . Distribution alon Uniform
Peak distribution ] S o )
a great circle distribution
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Electrocardiogram - signal processing applications

2nd challenge: cardiac arrhythmia classification

é( uniform 12 ECG signals
W/ distribution

white noise

G'QO

broad wavelets

multiple wavelets

K \
peaked @ 0 > 04 06 08 0@ distribution along
distribution a great circle

ay=2:(M—Ay)
C(3 = 2)\3

SI nus rhyth m atrial rk\fﬁiutter (counte;clockwise)

=P-L = CSem

SVD and its
eigen values,
classification,
clustering, NN




Electrocardiogram - signal processing applications

3'd challenge: ECG monitoring of foetus

Maternal heart
U, =50uV —5mV
HR,, = 60 — 80 bpm

Fetal heart
Ur =10 pV — 300 pVv
HRy = 110 — 180 bpm
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Electrocardiogram - signal processing applications

=P-L = CSem

3'd challenge: ECG monitoring of foetus

Source

separation

mECG‘

r

\,

PCA & blind source
separation, adaptive
filter frequency
tracking, power
spectral analysis

1

y

fECG

aECG,

Heart rate
estimation

MHR

fHR




Labo 01 - Electrocardiogram
& Cardiac Arrythmias

Download the .zip on moodie

Use Jupyter note to execute
ecg_data.ipynb

hitps://noto.epfl.ch/
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Photoplethysmography and
relevant biomedical signal
processing applications
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Photoplethysmography (PPG) - Basics

S
N

Pulse oximeter PPG bracelet
LED Ambient Y w—a— >
Xy I— photodetector ‘{/ light Q
x =
' % | E*x
Ambient\. ' l— =l = Pulse foot
light \{ Transmitted & | o .
Scattered tht c .'T .......... X ....... ' C!_ PUIse time . ............................. - &
PRI 2 i P o5 e
3 2 | 2
% £ Reflectance © i< K Arterial blood | g
Q > + . o
a0 g pathway 8 3 4+ <
EE Transmission = | © ""Venous blood
o * Q S L S S S N N N At St et
= pathway c |e=x
® | 0@ .
R
Transmitted light ot e
= Tissue o
& 3
o Ambient a
_>F ¥/ light
photodetector R v : :
Measurement of volume Blood volume variations
changes by optical means modify light absorption
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Photoplethysmography (PPG) - Oxygen saturation

10

Extinction coefficient

.01

————— - - )

o

Hemoglobin extinction curves

5

= Methemoglobin
= Oxyhemoglobin
== Reduced hemoglobin
= Carboxyhemoglobin

ey
'S
S
£
>
o
S
£

J

—— — — T ——————— — —

600
Logt
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Photoplethysmography (PPG) - Basics

| RR interval I
F R-wave peak F R-wave peak IR-wave peak
ECG signal ; :
T-wave T-wave T-wave
P-wave | \//\ P-wave [i \/\ P-wave |: \/\~
QRS cémplex QRS cémplex QRS cémplex

Pulse peak Pulse peak

T
[} )
. c <
PPG signal QS @
S Area T
3 : : :
Pulse foot Pulse foot J_

e Pylse time ]
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Photoplethysmography - signal processing applications

15t challenge: track heart rate during physical activities

PPG

Raw PPG signals
(daily activities)
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Photoplethysmography - signal processing applications

15t challenge: track heart rate during physical activities

———————

Raw PPG signals
(at rest)
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Photoplethysmography - signal processing applications

15t challenge: track heart rate during physical activities

Cadence
|

Raw PPG signals
(running with motion)
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Photoplethysmography - signal processing applications

15t challenge: track heart rate during physical activities

PPG
‘:___.E

Raw PPG signals

(running with motion + artefacts)
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Photoplethysmography - signal processing applications

15t challenge: track heart rate during physical activities

{8 |

HR (Hz)

0 sk ' 10k 15k 20k

Time (s)

Time frequency analysis
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Photoplethysmography - signal processing applications

15t challenge: track heart rate during physical activities

HR (Hz)

15k

Q : Sk 10k
Time (s)
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4 N
Time frequency,
adaptive filter

Photoplethysmography - signal processing applications | “wa”

spectral analysis

15t challenge: track heart rate during physical activities L J

HR (Hz)

10.5k

8.5k ok 9.5k 10k

Time (s)

7.5k 8k
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Labo 01 -
Photoplethysmography &
Motion artifacts

activity_data.ipynb
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Photoplethysmography - signal processing applications

2nd challenge: blood pressure monitoring

Technologies based on Technologies based on
pulse wave velocity (PWV) pulse wave analysis (PWA)

@, O

?

Measurement Measurement Measurement

site #1 site #2 site
I ™™\ ﬂ'\
S~
Measurement of the velocity Measurement of the morphology
of the pressure wave of the pressure wave

» oBPM® — optical blood
pressure monitoring
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Photoplethysmography - signal processing applications
2nd challenge: blood pressure monitoring
oBPM®: Physiological background & algorithm pipeline
Central Pulse Wave Velocity = # = J1/(p8) x /1/6  (Bramwell-Hill equation)

e 6 = Aortic distensibility

* p = Density of blood (constant)

° L = Aorta length (Constant)

(a) Young subject (b) Old subject

o /'

Aorto-iliac & @

Central BP
Central BP

—

Bifurcation
DBP

=P-L = CSem
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4 N
Regression,

Photoplethysmography - signal processing applications| ...

o selection, NN
2nd challenge: blood pressure monitoring \ J

160

Invasive BP

. Cuff BP

CSEM BP

140 |

120 L

100 |

Blood Pressure (mmHg)

20

| | | | | |
0 100 200 300 400 500 600

EPEL :: CSem Time (9



Photoplethysmography - signal processing applications

3'd challenge: classify cardiac arrhythmias

Sinus rhythm W
Ventricular :W\/\WWW
tachycardia |

Afib WW/W

Atrial flutter \/J\/M/\/JW
Frequent W
ectopic beats | | | | | , , . . .

0 1 2 3 4 5 6 7 8 9
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Photoplethysmography - signal processing applications

3'd challenge: classify cardiac arrhythmias

f N
1.5
__10F
Z 05f
0.0
05=e o e o e o o o Respiration modulation * ° °_ reprocessed PPG
o detected beats
16
= 15W
<
14L
raw PPG
201
=~
2 0
<
-20= preprocessed PPG
o detected beats
1000
’_\800 L) Il‘ 1 d
£ 600 <~/ e ECG RR intervals
400 —— PPG RRintervals
200 | | | | | | | | | |
0 2 4 6 8 10 12 14 16 18 20
Time (s)
\. J
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Power spectral

Photoplethysmography - signal processing application Ic.taﬁé?iﬂi‘atf%’o?,
clustering, reature
selection

3'd challenge: classify cardiac arrhythmias

! preprocessed PPG A
15 e detected beats
1.0F
05
0.0
_0_5_... e o 9 0 o 0 0 e & ¢ 0 & O e 0 o e o ¢ ¢ © ¢ © o 0 © 6 o o © o ¢ ¢ o © o o o o0
1.9

raw PPG
1.8%

1.7 preprocessed PPG
1o ¢ detected beats
0
_10 |
_20 L
1000 e ECG RR intervals
8001 —— PPG RR intervals
600}
I N
400}
200 ' 1 I I 1 | | ! | |
0 2 4 6 8 10 12 14 16 18 20
. Time (s)
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Photoplethysmography - signal processing applications
4™ challenge: track vital signals remotely

Pilot2 Respiration artLum Red - PE D

Red

2 4 6 8 10 12

Pilot2 Respiration artLum Green

Green

Pilot2 Respiration artLum Blue

0 : 2 3
Frequency [Hz]

Blue

Power around the true heart rate

2 4 6 8 10 12
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Photoplethysmography - signal processing applications

4th challenge: track vital signals remotely

Raw Video
T T T T T T T T
0.6 =
S 04
< n
= |
% 0.2 fﬁ NIVIVAAAN N \
2 |II [\ | '. |II III l,-'ll I|. f\ [\ﬂ |. | |I II | '. || ¥ [|||| | |
g off \|\ [\ L] "'HII ATRRATAY f "|I u"|| | '||"I| ||m. 'HL
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[+ 4 02k || \ | | | | \ d | | [ || I| 'l J 0|
I 1 lLl v 'J
\ V 'hl
04k
06 ] 1 [ | 1
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Photoplethysmography - signal processing applications

4th challenge: track vital signals remotely

Example of HR estimation during handgrip exercise

85 | —@Ground-truth—Estimate

75|

=
=

HR [bpm]

&

55 | U\J

0 a0 100 150 200
Time [sec]
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Labo 01 - Elecirocardiogram,
Photoplethysmography &
Cardiac Arrythmias

ecg_ppg_data.ipynb
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Eleciroencephalogram and
relevant biomedical signal
processing applications
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Electroencephalogram - signal processing applications

1t challenge: human-computer interaction

Raw EEG signals from different locations
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Electroencephalogram - signal processing applications

15t challenge: human-computer inferaction

02

o1
Before filtering

Channel

Fpl -

Fp2

02

01

After filtering

Channel

Fpl -

Fp2 -

130 135 140 145 150 155 160 165 170
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N\
o . . . Filter design, power
Electroencephalogram - signal processing applications fs‘é?acé;?f'ié’:t%?ﬁy’
eature selection,
NN

15t challenge: human-computer inferaction /

02
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After filtering

Channel

Fpl +

Fp2 +

02

Eyes open Eyes closed

Channel
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144 145 146 147 148 149 150 151 152 153
Time (s)
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Brain activity - signal processing applications

2nd challenge: sleep staging

“ Why Sleep Staging ¢ » < To diagnose sleep disorders

& . % Rich and complex problem, less
» Why use Deep Learning ¢ labor-intensive, offline, scalable «
s Train a DL algo for Ambulatory Sleep Staging which

< Objecftive ¢ perform on various type of signals (EEG, ECG, PPG)
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Brain activity - signal processing applications

2nd challenge: sleep staging

10h of PPG at 34.13 Hz
|

Per 30-sec window
feature exiraction

Context awareness

Class attribution

v
Sleep Stages each 30s
(Wake/Light/Deep/REM)

PPG

Window
Encoder

e

1D-Conv (f,3) @2 W for f in
BatchNorm P [16,16,32,32,

Max Pooling 64,64,128,256]

1 - 1
1 > 1
1 1
___________________ |__________________|

[ Stack to obtain 1'200 time windows ]

( Dense (128) |

Activity counts

-
VD A
e :
Dilated 1D-Conv (128,7,d) Q\ fordin
BatchNorm ' [1,2,4,8,16,32]
Encoder ! —)9 .
1 : 4)0
Dropout(0.2) Dropout(0.2)
L e
\ 4 ] ]
Classifier i 1 2'270'340
[ 1D-Conv(a1) |« o <
v o mreters

Sleep
Stages
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Brain activity - signal processing applications

2nd challenge: sleep staging

EEG

ECG

PPG

Accuracy: 78.1%

classification,
NN

Reference

deep

wake

light

REM

68.0% 87.0% 70.0% 65.0%
1

PPV

766 79 488

10% 1% 6%

3K 3K

9% 11% 12%

204 1K 7K 225
2% 16% 80% 2%
231 469 29 7K
92%
1

3% 5% 0%
L
wake light deep REM
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