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Pattern recognition: Signal Processing
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Image-block
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Non Stationary Signal Processing

Signal Processing

— Modeling
| Ll “w Class 1
M V4 WPT Class 2
Detection |~ Classification
Changg 1n —
Applications
Sequential Detection Industrial Biomedical
Detection after wavelet signals
DCS - MDCS transform systems 4




Event detection in non stationary signals
— Sequential, Dynamic

Modeling and Parameters extraction

— Wavelet, Linear and Non linear parameters
Classification

— Supervised and unsupervised
Parameters elimination

— Wraper and sequential

Applications



Detection: definition
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Détection par fenétrage

 Test de Chi2

Si Z1,/,....Zk =N(0;1)
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Détection par fenétrage




Détection par fenétrage

Student distribution

Si Z=N(0;1)

Student with k degree of freedom

Fisher-Snédécor Distribution

Fisher with k and 1 degree of freedom



Détection par fenétrage




Sequential detection

* Cumulative sum: sum of logarithm of
likelihood ratio

Lo Je, (X))
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Sequential detection: Known parameters

e Cumulative sum: sum o

likelihood ration

! f@l(x)
S, = 2log T

Stop time

0<t<n

t1=inf{n21zS —min S, _h}

1000
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Dynamic Cumulative Sum (DCS): unknown parameters

> Principle
- - Instantaneous segments
Hy: Xji={t=N,..i-1}>f,
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Modified Dynamic Cumulative Sum (MDCS)

» Non symmetric Windows

® =0,

Dynamic Cumulative Sum
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Event detection in non stationary signals

— Sequential, Dynamic
Modeling and Parameters extraction

— Wavelet transform, Linear and Non linear
parameters extraction

Classification

— Supervised and unsupervised

Parameters elimination

— Wraper and sequential

Applications



Signal modeling

Wavelet transform



Problem statement
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Modeling by wavelet transform

» Wavelet : explore the frequency content

£

x(1) . Wavelet
- decomposition

————

£

-

and

~ Detection

Classification

|

Ho(Z0)

_ Details signals

Hy (Z,)

/ H; (%)

» Each detail contains specific frequency band
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Wavelet Theory

» Wavelet: principle

TV (a.b) = | x(Dwy,, (t)dt

1 — b
W, () =—F—yw d Wavelet
a

a
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Wavelet theory

» Wavelet

» Multiresolution analysis : a=2"", b=n.2™
» Signal= details + approximations

f N

v, () =2""y(2"t - n) D, (1) =2"2 (2"t —n)

@ Approx.0  Approx.1 Approx.2 Approx.3

SO

d,.(n,m) = [ “x(w,, @) detail, (1) = 2_d (n,k)y,,, (),




Wavelet: Example of decomposition

50 100 150 200 250
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Decomposition into wavelet Packet
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Wavelet Packet decomposition
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Choose Best Wavelet Decomposition

1 D T T T T T T
0 WMWWMMWMW
O _1 D 1 1 1 1 1 1
0 1000 2000 3000 4000 5000 6000 7000
| /\
/\ |
20

0 100 200 300 400 500 600 700 800 900
25

20

15
10
5

0 02 04 0B 08 1
histogramme de la distance de K-L du pagquet

& NI N|a. . N 200 400 BO0 800 1000 1200 1400 1600 1800
1 . N 1 } 25
0 - ' e sl I\ A wlh _
" f(x) ﬂ, el = -
-20 E

N
A

0 02 04 06 08 1

Histogram of the Kullback Leibler
distance between all segments




Features Extraction

inear features

-requency parameters

Features after wavelet transform

Non linear features



Statistical Parameters

* Direct parameters
— Min, max, Slope, duration

—
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 Statistical parameters b=l 1A

— Mean, Variance, Moment (M3.Ske.\'/vness,. M4 Kurtosis)

e Power and RMS
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Frequency parameters

Spectral moment formula

M, =2[ £, ())df N \

S (f) - Periodogram
1- Power of the signal : MO
2- Mean frequency: MPF=M1/M0

3- Dissymmetry coefficient: CD (Skewness)

Positi
H

itively Skewed

M,
3*
M2

CD =

My’ =2 (f ~MPF)'S,(/)df




Frequency parameters

4- Kurtosis (pate coefficients)  Low vs. High kurtosis

Exhibit 1
M.,

2 These graphs illustrate the notion of kurtosis. The PDF on the right
has higher kurtosis than the PDF on the left. It is more peaked at

5- Median frequency Fmed the center, and it has fatter tails.
compose the surface under S(f) into 2 equals area

[ s.ndr=[""s.(df

6- Peak of frequency " s (hdf
/-relative energy by frequency band W, = Juc

CA =

fm=—f__ et 1<n<N



Frequency parameters

8- Ratio H/L (High/Low): S
s (rar

[, (s

H=[HI,H2] L=[Ll,L2]

L

O- Percentiles or fractiles fk:

Puissance normalisée
=) =3

VS (Ndf =k[ S (Ndf

L
0<k<l1 O

| I 3 i Il i
T T T T T =—
128 16) 192 224 256
Fréquence (Hz)
6 7 8 9
du spectre. La MPF rés enne stz ciL'e e
{

{ i
T
32 l ‘
Déciles 1 23 4
ge du tre
témoigner d

10 — Spectral Entropy
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5
Les déciles permettent de tém e rme fine du spectre MPF représente sa moyenne statistique. L'entropi
est significative de la variance spectrale et ne peut étre représentée sur celte figure
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Parameters related to wavelet
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Non linear features

Time reversibility
Sample Entropy
Lyapunov Exponent
Delay vector variance

Detrended Fluctuation Analysis



Summary

* For any mono dimensional signal x(t)
— Statistical related parameters (6)

— Frequency related parameters (30)
— Wavelet related (7-10)
— Non linear parameters (10)

Any segment x(t) has at least 55 parameters

More?



Graph from multichannel signals



Features from multichannel signals
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Graph estimation from multichannels

Signal 1
~ Signal j

l Connectivity Methods:

1 i— 16 °* Imaginary . part of
1 1 X(1,2) | X(1,16) COhell’l. 1 .
e Linear
X(2,1) 1

16 e , coeffictent (Fw h?)

Connectivity Matrix Graph

35



Graph Theory — Features extraction fron multichannels

(a) Strength

(c) Shortest Path Length -> Efficiency (d) Density




Summary

* For any mono dimensional signal x(t)
— Statistical related parameters (6)

— Frequency related parameters (30)
— Wavelet related (7-10)
— Non linear parameters (10)

* For mulltichannel signal

— Graph parameters

After detection and feature
extraction—>classification



assification

Supervised
Unsupervised

|I‘ Xll X2 ..... Xd ‘ CIaCsise

Features

SIGNAL



Pattern Recognition: Design Cycle

How to design a PR system?
= Collect data and classify by hand

salmon

salmon sea bass salmon sea bass sea bass
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Extract possibly discriminating features

= length, lightness,width,number of fins,etc.
Classifier design

= Choose model

= Train classifier on part of collected data (training data)
Test classifier on the rest of collected data (test data)
l.e. the data not used for training

= Should classify new data (new fish images) well .




Classification: Supervised

* Supervised learning

— A teacher provides a category label or cost for each
pattern in the training set:

* Input and output are known

Input Output
Data Classes
Known Known

Hidden Layer

40



Classification: an example

“Classify the detected events from the signal

Event===random signal or image

/Parameterl x1
\P

arameter 2:

Event

41



Classification: an example

Learning: find the best curve that separate between two classes 2



43

Classification

= Best decision boundary: provides
an optimal performance

Feature 2 x2

. . . . Xl
4 6 8 ;o Feature 1




Boundaries

= Aim of designing a x2
classifier is to correctly -
classify novel input 20f
19}
18F
17F
16f
15F
x2 14 » X1
oo
20 - '
19 . i .‘
Complexity depends % o
on the number of samples - T
Is5 ..
14 * * - s ~ XxI1
2 4 G S8 10



Methods for classification: Supervised

classification

Need
= Statistical methods: likelihood ratﬂg Statistical
= Bayesian networks methods equations

—_

= Neural networks bases methods : FF,
SVM, RBF, SOM....

= Parzen methods (Non parametric)
= K nearest neighbors




Classification: Parzen Window

e Estimation of the probability density function

Soit:

Va

NUMBER OF

VOLUME
~VOLUME

/
Jerr77e]  SAMPLEIN THE

1,




Classification: Parzen windows

* Probability density function must be
estimated using

le= 1  [2—ux i X—x.
o) =52 70 ( fm ) o = Zq)[ 2 j
=1 '

¢ 1s a Gaussian function to take the effect of all points

* Likelihood ration may be used

wl

A(x) = p(x/w2) < p(wl)
p(x/wl) > p(w2)




Event detection in non stationary signals
— Windowing, Sequential, Dynamic
Modeling and Parameters extraction

— Wavelet, Linear and Non linear parameters

Classification
— Supervised and unsupervised

Parameters elimination
— Filter methods, Wrapper methods, LASSO, BPSO

Applications



Feature selection principle

* From 16 channels:
16™*30 = 480 features can be extracted
4 features from graph

Aim of feature selection:
Choose the relevant features



Parameters selection

The two popular methods of Parameters selection are:

Filter Wrapper
methods methods
assess the relevance of explores the space of
features by looking only at features subsets to
the intrinsic properties of optimize the induction
the data. algorithm that uses the
subset for classification.




Parameters selection: Filter method

F-SCORE:

v Is a novel filter model which calculates the discriminative ability
of each feature

—(+) 0 = where R‘*’ ) and ; are the averages of the ith feature of the posi-

F(i) = (X — X;) + ( i Xf) tive, negatlve and whole datasets; n, and n_ are the number of
(') = 1 on g+ |+] 1 n- ;-  Z{-)\2 positive and negative instances, respectively; and x”’ and xf(',.’ are
n, -1 &sk=1 (xk' )"+ ny —1 &sk=1 ()ek X ) the ith feature of the kth positive instance and the ith feature of

the kth negative instance.

v" F-score is a simple and effective algorithm including variable
ranking as a principal selection mechanism. The larger the F-score
is, the more likely the feature is more significant



Features selection: F-score

* F-score example

Class1 class2
Feature 1 3 3.1 2.9 2.8 3.3 3.5 6 6.3 5.6 5.2 5
Feature 2 5 5.1 5.3 4.9 4.8 4.8 5 5.5 5.2 4.8 5
Feature 3| 10.1 10 9.5 9 9.7 9.1 3 3.4 5 4 2

e Sort the F-scoring:
— Feature 3 Best
— Feature 1
— Feature 2



Features selection: Filter method, Relief

*Feature Weight based algorithm
* “Near hit” instance of X = instance of the same class closest to X.

* “Near miss” instance of X = instance of different class closest to X.

1. Start with an empty set of parameters Y=
2. Initialize all weights W; to0

3.  For 1=1:m (m=NoSample)
a. Pick at random an instance R; from the set of observations.
b. Find its Near Hit (H) and its Near Miss(M)
¢. For j=1:N (N=number of parameters
W, = W; -diff(R;.H;)*/m + diff(R;.M;)*/m
4. Forj=1:N
a.  If W;> Threshold

Add the parameter x;toY
5. RetunY

v'threshold = mean value of the different weights

Relief-F takes k neighbors instead of one single neighbor.
Disadvantage: Relief and Relief-F don’t allow to remove redundant parameters.



Parameters selection: Wrapper method

A-Deterministic:
v'Sequential Forward Selection (SFS)
v'Sequential backward Selection (SBS)
v'Plus-1 minus-r selection(LRS)
v'Bidirectional search (BDS)
v'Sequential Forward Floating sequential (SFFS)
v'Sequential Floating Backward Sequential (SFBS)
B-Randomized:
v'Particle swarm optimization (PSO)
v'Genetic Algorithm (GA)
v LASSO



Parameters selection: Wrapper method

Sequential Forward Selection (SFS):

/Sequem‘ia/ Forward Selection (SFS): \
The value of the criterion, the
objective function (J), is calculated
for each feature by use of a
classifier.

g /

Finally we chose the combination of features that gives the best J
55




Parameters selection: Wrapper method

Binary Particle swarm Optimisation

BPSO-Based Feature Selection :

Initialization of
particles

Feature selection > Train classifier

v

Evaluate fithess of Particles

Optimal solution Re-Train classifier
>
(best group of v
feature selection) Classification

Ranaee et al.2010



BPSO-BASED Feature

Particule Particule?2 Particule
Vlk Pbes-l-l Xlk Vlk PbCSTl X1k vlk PbeST1 Xlk
F1... F2 ... F1... F2

F1... F2

0... 0

0... 1

Database ‘ Database Database

F(X:¥)=Percentage of F(X2)=Percentage of F(X,)=Percentage of
correct classification correct classification correct classification
F(X;¥)xF(Pbest;) F(X2*x<F(Pbest>) L. F(X:):<F(Pbest,)
F(Pbest;)= F(X1¥) F(Pbesty,)= F(X2X) F(Pbest,)= F(X.)
Pbest;= X1k Pbest,= ka PbeSTrF Xn"

i il
i
Gbest=position of best particle (Accorrding to the particle's previous best position)

Jh

Update velocity and position for each particle for next iteration (k=k+1)

Updated bit-by-bit for each particle, based on its current value, the value

of that bit in the best (fitness) of that particle to date, and the best value
of that bit to date of its best position of all particles.

Stop: giving

No
Gbest, optimal

Maximum iterations

solution

57



Convolutional Neural Networks

CI feature C2 feature
maps maps

S2 feature
maps

S| feature

qabs Output

Full
Connection

\

Convolutions

\

Subsampling

Convolutions

Subsampling

Convolutions

e Convolutional layers, followed by nonlinear activation and subsampling
e Qutput of hidden layers (feature maps) = features learnt by the CNN
e Before classification, fully connected layers (as in “standard” NN)

VC 19/20 - Deep
Learning



Convolutional

NN
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Event detection in non stationary signals
— Windowing, Sequential, Dynamic
Modeling and Parameters extraction

— Wavelet, Linear and Non linear parameters

Classification
— Supervised and unsupervised

Parameters elimination
— Filter methods, Wrapper methods, LASSO, BPSO

Applications



APPLICATIONS
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Applicationl:
Fault detection in industrial
machine

Acceleration signal

Collaboration: Le Havre- Troyes-
France



Application 1: Fault Detection

+ Mechanical system 1s exposed to three types of faults: Gear, Belt, bear

Handbreak




Fault Detection: Origin of signals

€x
Accélérometre Ax[ S >
sl
Instrument ) \/ )
7 Microphone M, e,
B >
Environnement -
acoustique
Systéme de  Systéme de Systéme d' Signal de base
mesurage conditionnement  échantillonnage
@ > > > >
y ) t
V1+—F~A— )t iyk A A >
/ b \’\// VIAINS iv\;' - ‘W"
[ Machine . ‘ ) :
Structure Convolution Convolution Fenétrage Echantillon

(multiplication, (pour analyse
pondération) et traitement)



Application 1: Methods for fault detection and diagnosis

Radial basis functions

Input signal
~ Out puts
N
Advanced method
RBF

4 @
) 4 e/
; . —p Lxtracted 8 XS v,{i
) " ‘ parameters @ PEM KK
0 50 000 10000 ® "_:'V'
.50 1 M_’ Extracted : ,a. \
parameters @ A\

5 . . @




Application 1: Methods for fault detection and

diagnosis

4+ Advanced method applied on mechanical system

» 10 signals of each type for training the network
» 40 signals of each type for classification

Signals are decomposed using Daubechies 4 wavelet

5 Detail 1 (cD1)
Bet faut signal 0 »Mmoﬂ Extracted S ‘
5 = arameters o : ——=  Belt fault
) 0 20 a0 oo soo iooc < PEM ‘ i Gear fault
E Approximation 1 (c81) 4 ZAE 4 - .
0 200 400 600 800 1000N4 p Extracted 3 g Bearing fault
UWMWM parameters S

0 200 400 60D 8OO 100(

Level 2

Level 1

Parameters App cA, Detail cD, Detail cD, Detail cD,
Variance v v v v X
Kurtosis v v v v X
Skewness % 1 X Y X

Moment of 3" order X q X X X




Application 1: Results

Level 1

Level 2

Different types of fault Well Non- Percentage Well Non- Percentage
signals classified classified  oferrors | classified classified  of errors
40 fault belt signals 40 0 0 % 40 0 0%
40 fault gear signals 40 0 0% 40 0 0%
40 fault bearing signals 39 1 2.5% 38 2 5%

» Comparison between usual and advanced method

Usual method

Advanced method

Average total errors of mechanical system

Level 1

0.8 %

Level 2

1.6 %




Application 2:
Detection of preterm Deliveries

Processing of Uterine EMG signals

Collaboration: UTC- Compiegne-
France



Application 2: Preterm Deliveries Detection

Term birth
(Between 37 weeks and 40 weeks of pregnancy)

Preterm birth
(<37 week of pregnancy)



Application 2: Preterm Deliveries Detection

Uterine contiractility

v

Ineffective contractions (Pregnancy)
Low cell excitability
Localized

—>

N

Effective contractions (Labor )
High cell excitability
Uterine synchronisation

-

monitor the
effectiveness of
uterine

K : = / Y

N

Surface EMG
(Electrohysterogram, EHG)

/

70




Application 2: Preterm Deliveries Detection

_—— "

4 * 4 matrix

TSMI (PORTI 32) monopolar electrodes

Cardiotocography

Signal
TOCO

fiber optic

Upload these two files
in the database when
connected to the
Internet

Monopolar EHG

71



Application 2: Preterm Deliveries Detection-

EMG signals

; Toco
PRIL =
@ @ “ Monopolar
Qi B QD Qorll EHG
YRYL.
OOO® e
e S
A B ¥ i, IROROON
e o st et .

—— o



Application 2: Preterm Deliveries Detection, Content of the Uterine

Signal

Uterine Contraction Alvarez Waves

o 100 200 o 100 200

Fetal Motion LDBF Waves
s _ &
4l .
o - 21 ‘
-5 | | -2 7 1
-4 | ]
o 100 200 “o 100 200 3



Application 2: Preterm Deliveries Detection

|
5 = —
g |
o il Wy ‘ v ] L o \
| l ‘ i
-5 | _
o 50 100 150 = 200 250 300 350 400

A ’ -

Contraction ~ MAF Onde d’Alvarez = Onde LDBF

*Detect the events
*Extract the parameters
*Classity

74



Application 2:Uterine EMG: Parameters extraction

‘Frequency parameters: =
» oDeciles (D1..D9)
oMean frequency (MPF)

oPeak Frequency (PF)
oThree Kurtogram components (K1,K
and K4)
contraction ‘Wavelet decomposition 22
oVariance on the following detail levels| Parameters
3,4,5,6

and 7 (W1..WH)

Nonlinear * oLyapunhov exponent (LE)
parameters oSample Entropy (SE)

oVariance entropy (VarEn) =

75



Application 2: Parameters extraction for
classification between Pregnancy and Labor

Pr'egnancy _ E E oooooooooooo
266 i 133
b ti
observatrions ) 134
Labor- . .
-\ 266 .
classifiers | Binary particle swarm optimization (gbest) Fitness (%)
QDA SE,VarEn,W1,W3,W4, D1, D3,D4, D5, D7, D9, MPF, 9248
K1, K2, K3
92.48
LDA LE, SE, VarEn, W2, W3, W5, D1,D2, D3, D4, D6,
D8, D9, MPF, K1
KNN VarEn, W1, W2, D2, D3, D5, D7, D8 Rlag

RESULTS OF BPsO ON REAL DATA

76



Application 3:
Geo-localisation using 3D

database
Image Processing

Collaboration : LAGIS-Lille- France



Application 3: Geolocalisation

* Aim: Detect the car position when GPS stops
* Tools: Camera and 3D city model

predicted 3D model
pos
Incremen tal encoders \ /
Gyrometer 3D-GIS Camera
. [ Odometric model } [ 2D/3D matching and pose computation
predicted pose
GPS measurement 3D cartographical observation
}
Updated pose

21/11/2022 78



Application 3: Image Comparision

Camera ‘ 3D Model \ Predicled

Extraction of depth information

l

=20 =0 e
[ Computation of the updated vehicle’s pose from 2D/3D points matching ]

3D cartographical observation

21/11/2022



Application 4:

An Automatic Algorithm For Human
ldentification Using Hand X-Ray
Images

Image Processing for Biometry
Collaboration Paris 12- France



Application 4: Biometry

| Input J
| (X-ray image)
F VF
. \ Background
G | estimation
' G
. \
Hand rotation J< ------------------------ { Angle estimation J
LG :
F v
. Reference points and parameter T
| extraction
Finger region --------------------- Joint spaces location J
extraction L
Phalange location —%{ sezrr:‘;i?gt?on J
o
‘ Contour extraction } Elgenv.ectgrs
) normalization
\%
Feature extraction | o
; ! utput Hand = {V4,V5,V3,..., VU
using Fourier | (modelling vector) J { 1) Y2, V3o, 14}
descriptors p
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Application 4: Biometry

Input
(X-ray image)
F
Background
estimation
G
v
0 Angle
Hand rotation |< --------------- l estimation
i G’ ‘
F’ WV
___________________________ Reference points and T
parameter extraction
Finger region S Joint spaces
extraction location
i 45“05 P
V

> Phalange Phalange )
location segmentation 2
3

v

Contour Eigenvectors
extraction normalization

Feature
extraction
using Fourier

descriptors ___/

P23 P34 Pais

Output
(modelling
vector)

Pi2

1) 500 1000 1500 2000 2500 3000 3500 4000




Application 4: Biometry

Input
(X-ray image)
F
‘ Background
G estimation
G l1
W
0 Angle
Hand rotation \< ------------ estimation
Ne——— i
i G’ ‘
F’ N/
,,,,,,,,,,,,,,,,,,,,,,,,,,,, Reference points and T
parameter extraction
Fingerregion | < Joint spaces
extraction location
NV
Phalange Phalange
location segmentation
Contour \ Eigenvectors
extraction normalization
Feature
. Output
gxtraFctloq (modelling
using Fourier vector)
descriptors




|

Application 4: Biometry

Input

(X-ray image)

V

0 Angle
Hand rotation J< 777777777777 { estimation J

Fy

v

Reference points and
parameter extraction

J

Finger region
extraction

4

Joint spaces
location

—

V
Phalange
location

-

Background
estimation
—

Phalange
segmentation

Contour

v

Eigenvectors

extraction

Feature
extraction

normalization

—_
Output

using Fourier
descriptors

(modelling
vector)

(8004 0]
15 Ooo ("’08
10 o000, woomg 8
88 mcomo )O{IXIDG}O
5t 8
8
—
§ §o n= ?
1S B
8000 OOCOOCOO X, wowo g
[e0 9] 8 (¢}
10 [ecve] Q000! [e o] o A
9 8
88 g
15 &
me)OOO
- . . . . . .
-40 7
20
o m . . . . .
=}
ok = 2t 1
5l
1500+ 1
ol
A 1000+ ]
ok
S0 b
15F
0 .
20 . . . . L . 0 0 0 2 i 50 0 Eil
40 30 20 10 0 10 20 0 Spectra

Hand =~ {vl; U, V3, ..., v14}
150 hands
97% recognition

Classification



Application 5

EEG- Electroencephalography
Brain Computer Interface



EEG: Electroencephalography

Brain Computer Interface

Signal Processing
; Feature Classification
Preprocessing Extraction (Detection)
t i
Signal Application
Acquistion Interface

L1

[ Applications |
FI edback Spelling Device
e ac Neuroprosthetics
Wheelchair
X etc. ¥
State feedback

Control interface (disply)

\J |

Cerebral
Sy | eonana | | reaure ||
$16.6-0. ' -0-0:0:0 mcasl.ltcmcnl A Pre- —\ exl\r:il(,‘u‘o'n a/n _»} classification N Device
I e e sad ] :D (amplification 7} processing Y/ Lﬁll()n : ¥| and post- ¥| control
A S B, and artifact dimensionality processing
N\ Seilie Y S rejection) reduction

User brain signal
acquisition



EEG: Typing and spelling

EEG

Stimulus

SSVEP

Template
waveforms

Output

< 0.5s stimulus _

15Hz(0.257)
AEAN A AW

™ <_0.5s stimulus _

Feedback T B
5 = Classification HIGH SPEED BCI
@2 S L]
> = 5 80 [oo_ [roo J110 J120 J130 [r140 [150
¥ - Feature extraction “0.0 | “1.75] “1.50] “1.25] “1.0] “0.75] “0.50] “0.25
HIGH SPEED B < ! A 82 f92 102 112 J122 132 J142 [152 Freq.
5 v ’ , = fis 3
AlB|c|o|e|F|c[H : Pl’eprocessing 0.35) 0.10§ 1.85§ 1.60§ 1.35§ 1.10] o0.85] 0.60 > 4
I J KltImInlo 8,4»7 9.4} 10.4 1.4 12.4 134 144 15.4 (n)
alals STvIiw z - 0.70] “0.4s] “0.20] “1.95] “1.70] “1.45] “1.20] “0.95
- ~Tile EEG 86 [o6 [0 [11.6 [126 [136 J1as 156
e =5 i recorder 1.05] “0.80] “0.55] “0.30] “0.05] “1.80] “1.55] "1.30
6171819 "3 vy 88_Jos_ [iws f118 J128 J13s 148 [1ss8
i 1.40] “1.15] “0.90] “0.65] “0.40] “0.15] “1.90] “1.65
rigger
C Attended
character | 0.5s black _ - 0.5s black

- ——

—_—

VVVVVV

l—

8.2Hz(0.357)

|

Correlations

0.5s raw data

Correlations




BCI: Color’'s based

Brain activity Detectingthe

Monitoring
(EEG)

flickerfrequency Translation
of the attended into commands
stimulus

Application

_imultaneous presentation of flicker stimuli at
differentfrequencies:F1.F2.F3.F4

T maven N OCAETTIITI lhanad DOIT



Exoskeleton




Exoskeleton




Future: EEG +Exoskeleton

LEG BMI
MAcMo walkong, standng. o Foadure exracton
moving a b, SSVEP SOCOer
Robotic sensors

Informal: ot angs
Exdernal surrounding cbstacios

oAt COrtsol with B




Application 6

Stabilometer: Loss Of Balance
Causes



Stabilometer: Loss Of Balance
Causes

The main causes of imbalance are:

Nerves disease. \/\\ B et
. S _A:\‘T/\::\'C-‘l‘x:;l I

Muscles disease. 72 NN S IS

Spinal cord disease. —

Brain disease.
Medications....




Stabilometer

Measure the center of gravity




Stabilometer: Normal

File Edit View Project Operate Tools Window Help
H)I@l @\IEH 13pt Application Font |+ ”:u"

—
*0=™ ”

X Graph (statigue),
Yaleur instantanée de X stat

-0.358479

XY Graph (statique)

Minimum gauche-droite (stat)

-0.397356

Maximum gauche-droite (stat)

0.365346

Moyenne gauche-droite (stat)

-0.0564729

Y Graph (statique)
Yaleur instantanée de ¥ stat
0.143058

Maximum antéro-postérieure (stat)
0.318088

Minil antéro-postérieure (stat)

-0.207364

.]L'n\.‘\\f\

Moy antéro-postérieure (stat)

0.0450396

0.02




Problem in stability
P ——

Tools wWindow Help

-age des Capteurs ACQUISITION ( Test Statique ) | REEDUCATION ( Test Dynamique )

X Graph (statique)| | ¥eltage 2 g il

X¥ Graph (statique)

o | .
_Jr"‘.lr-. -""‘"’."“r" [I¥; ""‘I'H-J.'f\'f—’” kl-‘P-«'\\ g g"“tﬂ.

¥ Graph (statique)

l"u‘J".J"'""-,,fu'\fl """'"l.a-‘.f'-.ll‘Ll\




Reeducation using
Stabilometer

PATIENI | CALIBRATION | Voltage des Capteurs | ACQUISITION ( lest Statique ) RECUULAILIUN (1est vynamique ) | PARAMEIRES SIABILOMEIRIQU

millisecondes a attendre

%15

[N7 NATIONAL
)P INSTRUMENTS




Application 7

Muscle Fatigue



Muscle Fatigue

« Etude des signaux musculaires pour la

détection du siege de la voiture le plus
confortable. Collaborations: Renault

ErMG=S 1

BN O N &

ErMG=S 2 x 10

BN O N &




Les signaux EMG longue duree

« Evaluation de l'inconfort d'un opérateur assis
en situation de pilotage de longue durée

le spectre de 'EMG se compresse avec la fatigue

* Frequence mediane : identifier I'apparition et la
progression de la fatigue musculaire.




Fatigue using EMG

e Traitement:

Analyse de la fatigue :

Le signal change sa
fréquence en fonction

de la fatigue

Muscle

r|‘.,‘\1 >
B

EMG SIGNAL

M

_/,4&?7NMNG

//

MIDDLE

/T END

A

WV\NMWW

W

MWW

N

POWER

TIME

fmed
N\

/\=

S
FREQUENCY

Muscle
Fatigue
Index

FATIGUE

nMiddl

CONTRACTION TIKME

End




Application 8

Dense EEG
Brain Diseases :

Tracking dynamic — Parkinson
Epilepsy, Alzheimer, Depression



The brain: a complex system

S8y

Emotions

A@@Sensation &
4@ perception

Movements

Thinking

 Most complex organ in the
nervous system

« QOversees many aspects of
physiology

=> It is continuously processing
and integrating information



First objective

*The brain is a dynamic network ;... coreprar cortex, 2012] fHutchison, Neuroimage, 2013].

Age/development Spontaneous/ evoked
responses

£ - Milliseconds seconds

Days Years

® A big challenge is to track the dynamics of brain connectivity at sub-second time scale
[Allen, Cerebral Cortex, 2012] [Hutchison, Neuroimage, 2013].

A 4

contribution 1:
Develop new methods to track the dynamics of brain
networks at sub-second time scale




Second objective

*The brain disorders are network diseases

o - Easy to use
.\9 gﬁ/‘ Clinical needs = ] zgﬁci::wasive = Identify the pathological networks

* Advantages:

Help in therapeutic
1 tools

Understand the

| Develop diagnostic
¥ brain disorder

tools

v

contribution 2:
Develop EEG network-based neuromarkers of brain
disorders




Second objective

*The brain disorders are network diseases

o - Easy to use
.\9 gﬁ/‘ Clinical needs = ] zgﬁci::wasive = Identify the pathological networks

* Advantages:

Help in therapeutic
1 tools

Understand the

| Develop diagnostic
¥ brain disorder

tools

v

contribution 2:
Develop EEG network-based neuromarkers of brain
disorders




Neuroimaging techniques

Neuroimaging techniques used to construct Main features of dense-EEG:
the functional brain networks:
- A
S 2} @ EEG/MEG
=
O ~
s =L éPE
5 T
(%_ 4ot fMRl ®)
I | I I
0.01 1 40 900 >
o, Temporal resolution
- Excellent te(n%%@)al resolution — Excellent time resolution (Fs= 1000 Hz)
- Good spatial resolution — Good spatial resolution (256 electrodes).
- Non-invasive — Full coverage of the subject’s head (basel

- Easytouse & face electrodes)



EEG scalp connectivity

*Scalp EEG based networks were widely used [Uhlaas et al. 2006] Scalp Scalp
, signal2
No perception Vs. Perception Slgnal1
2=

P : =
U SED N o CdIl S
TS )
D — SOUrCE o)
Cre— A\ N [72]
ial filter B(MEG source o

14 EOfpRGtivity < [
& R¥duce the effect of =

o 4%
A

I G- pover (<) |
I3 8 10 12
[Rodriguez et al., Nature, 1999]

A Volume
conduction

nrahblams

900

mvn 1 )
empypral resolution (s{c)



EEG source connectivity

X(t)=G.S(t)

Lead field

M channels matrix P sources : : :
Regional time series
- e Physical constraints RS [FESIE TR
Inverse solution: S(t)=W. X(t) y ,, rientation
v o~

= MN: solution with lowest

Find W, with P >> M (ill-posed)

3

Mathematical constraints w0 energy
Functional connectivity = Phase extraction 1 0 PLV =0.035
s1) ——> 9, PLV= %‘Ze@r% < No synchronization
ATATATATARE 1
s2(t) >0, | Fully synchronized PLV =0.9971
WMWWVMNM | ;: [Hassan et al.,PLoS one, 2014] [Hassan et al, Brain

Topography, 2017]



Tracking dynamics of functional brain
networks

* We addressed two main challenges:

\'\-. Tracking the dynamic characteristics of the resting brain
() at very fast time-scale (sub-second)
Developing a new automatic tool to explore the dynamic
changes of the modular structures of the brain
« Approach

N .

2 Time

R N N

What are the characteristics of each pattern?
How they transition over time?
Are there repeating structures?



Tracking dynamics of functional brain
networks

Track the dynamic characteristics of the resting brain and detect hubs at very fast time-scale
(sub-second)

Provincial and
connector hubs

2
=
S 3
-t
m > .
------ = Sliding window
Network measures
= Clustering
n -9 coefficient .w
o
Q
S o 0
- = - Module 2
Betweennes =
T s centrality Vulnerability



Al: Results on EEG data (Picture naming
task)

- o
Number{of sUBject®™ | Modality "0 0™ Task M HOS%0MA cquisition
21 (1M, 105) & EEG (256 channels) #. Name 124 pictures’ | [Hassan. 2015, Corte
| : g B
\ J a

4 Vlsua! %Vlemory accessq Categorization/ Decision making A Articulation »
A processing A
Onset /~ MS2:130-187 ms \ MS4: 360-470 ms (Rrple

( ) . \‘r~- ‘ i \ 3
-/ - o b s v

[pPa1nuqgns ‘8Oz 12 39 eieqgyey]

Ability to track the different modular brain states (from onset to reaction)




A2: Results on EEG data (Parkinson)

Number of subjects Modality Task Acquisition
124 (11M, 10F) EEG (128 channels) Resting state [Dujardin, Parkinsonism and
Related Disorders,2015]
A) G1 G2 G3
Cognitively Mild cognitive Severe cognitive
intact impairments impairments
S
1]
o
©
c
L >
g £
2%
L2 c
E c
g S
>
a

[Kabbara et al. 2018, Submitted]



Results on EEG data (Parkinson)

/)
S L")
-
5 3£ G1 G2 G3
@ O
225
=58 |
mL MS2 R§ G2 vs. G3
- & O
-
(@ lq-) L Glvs.G2 R I Centro-frontal
G ‘I“= g B Occipito-
" - \ . Il EE5ARS & mporal
< L

[pa1ugns ‘8roc ‘Ie 19 eieqqey]

*The number of MS decreased from 3 to 2 MSs in G3
» G1 vs. G3: distributed modular alterations (compared to G1 vs. G2)




A3: Clinical application: Epilepsy

- ~ 50 million people worldwide EEG Connectivity based analysis

A Scalp EEG
Source localization (WMNE) Source connectivity (WMNE/PLV)

S A

~ N, ¢ - o *
> ~ - S o
<> 4 SR ~
. Y o= s> B ey, ¥
e \ N 2. = IR S ST
N ; E.O
- < ;

B Intracerebral EEG

£

Visual interpretation (epileptologist) Functional connectivity (h?)
= .

Patient 10
11 uaueq

» Solution: Surgery = accurately identify
the epileptogenic network

Interictal
data

Patient 12
€1 waned

+ SEEG is the most used technique
=» Invasive and expensive

[710Z ‘Aydesbodo] uieig "uessep]

[910Z ‘e1sdayidg ‘ usssiN]



Pipeline

18 (13M, 5F) Dense-EEG, SEEG Resting state Rennes hospital

EEG source connectivity

Graph theory

Epileptogenic network

‘leentified
EEG nodes

SEEG contact >
positions



Results

"y

| |
-

Centrality

v @
N 0%
@ @™o

«
P e

Global.connectivity Local ?onnectiw

Clustering coefficient R
»
o A,
% #9, $ %
v " .. " @
N
B e Participation coefficient R
“ 3 ::Eo. .“ Ve &.00. .”’ Q.E.
o e 20y el L
@9 -
:.o 4 . o ; .. AX :.o
-+ §ame hemisphere T 4 s 4
«¥% % . Same lobe SNES T
Close positions
: SEEG
P EEG
EEG & SEEG



A4: clinical application: Alzheimer’s
disease

Alzheimer’s disease numbers and prevalence Background - EEG connectivity-based
«:-:;g

methﬂﬁg:rations in the functional
connectivity at theta and alpha2
bands [Canuet, Plos One, 2011]

2050

- Relationship between the
dysfunctional connections and
Cogn|t|ve deC“ne [Hata, Cl inical Neurophysiology, 2016]

2030
2030

12015 2015

Americas Africa Europe

J - Changes in topological
characteristics [Vecchio, Clinical Neurophysiology, 2016]

Objective: To what extent the AD modifies the brain network segregation (local information
processing) and integration (global information processing)?

{Segregation} { Integration }

/A




Pipeline

Data acquisition

||
Pre-processing = Brain networks
| .
. Construct the brain

| ‘ R connectmty G2

Signal filtering [3 - 45 HZ]

10 10AD
healthypatien A Between group analysis
. controls  ts { L 4

.

Degree Clusteri
w coefficii
Bad channels interpolation -

EEG MMSE test Mo rity and
(32 channels)
Recorded for 10 mins




Results

Inter-modular
connections
(Tntegration)
Contro AD
(BT ARY 'k ). ‘J

o Connector Provincial
o

hybs hubs

Integration

AD networks are characterized by lower global information processing and higher local information
processing.




A5: Major Depression Disease MDD

@ Signal display

: ExG1 Wiy W
: ExG2 Ay W i

1ExG3 g
Channel 4 A 0 Kfteily A W I Wi J
Channel 5 wl
Channel 6 Ly a4
Channel 7 i ) 10, "

Channel 8 n

Channel 9 W Honlpele " 5 W A AW
: Channel 10
: Channel 11
: Channel 12 ¢ 0 Anaadd
: Channel 13
: Channel 14
: Channel 15 |, " ottt
: Channel 16 . N

: Channel 17 ",

: Channel 18 N bl " "

: Channel 19 " " " I
20 : Channel 20 N " " "
21: Channel 21
22: Channel 22
23 : Channel 23 o A
24 : Channel 24 Al

Ll
25 : Channel 25 o i " "

26 : Channel 26 " a "

27 : Channel 27 "
28:Channel 28 why W

29 : Channel 29 W A o "

30 : Channel 30 A onrata) A m

31: Channel 31 iy W PTIS
32: Channel 32 AL

BHEUGGEBREBOO YO s\,




Third clinical application: Major Depression
Disease MDD

Control and MDD : Difference

- Edge Wise Analysis




Third clinical application: Major
Depression Disease MDD

Node Wise Analysis
Control
mean standard mean standard

deviation deviation
global
Efficiency 0.4 0.12 0.15 0.06
Betweenness
Centrality 325 2.34 18.76 1.3

123



Summary of presentation

Any random signal

= Detection

= Parameters extraction

= Parameters elimination

= Classification model

= Future work with CNN

Any multichannel signal

= Graph related analysis

= For EEG it is a Brain network—=>CNN?



Merci

Mohamad.khalil@ul.edu.lb
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