Drowsiness detection from polysomnographic data
using multivariate self-similarity and eigen-wavelet
analysis
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Introduction

Drowsiness detection

MIT-BIH Polysomnographic database

HeartRate | [ [ [
AN Description:

o from 16 male subjects

@ resampling at 4Hz
Fiscroenceph | @ 2-minute long window of 480 samples:
{Lﬂ waw‘m “\I\JJ*'““‘JJLJ”'\V"JUIR#j,w w'M il 'rﬂ“\ W»J,m'ﬁt' it . & " " P

e 753 windows for "awake

M e 561 windows for "sleep stage 1"

Annotation: awake or sleep stage 1

Blood Pressure

Goal: detection of "awake" vs. "sleep stagel"
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Introduction

Drowsiness and self-similarity

Univariate self-similarity
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Characterized by 0 < H < 1

= Multivariate self-similarity analysis: H = (Hy,...

Goal: detection of changes in H
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Multivariate self-similarity analysis

Multivariate self-similarity model pidier et at., 2011]

By 5(t)

|
BHl(t)

H, = 0.1

Correlation matrix |:>
B 2 (t) E
Hy = 0.5 Mixing matrix
w
BH:« (t) A\/\}\\J\//M

H;=0.7

Issue: estimation of H

Charles-Gérard Lucas Drowsiness detection

(H‘E%u(t))z\_/\’N

(WBy(1))s W

By 5(t) characterized by the matrix H = Wdiag(H)W ™!
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Multivariate self-similarity analysis

Wavelet spectrum

e Multivariate wavelet transform of Y = WB, 5:

1)o: mother wavelet

Dim(2, k) = (277206(277t — k)| Yim(t))

D(2, k) = (Di(2,k),...,Du(2, k)

Multivariate signal

o Wavelet spectrum (M x M matrix):
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S1771-,"72 (2J) = N
J k=1

Z Dm1(2j’ k)sz(2ja k)*' NJ - é\ll"

Drowsiness detection

Wavelet coefficients
Dy

00 0 0 000 00 0
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.
.
0000000000 k

N: sample size
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Multivariate self-similarity analysis

Self-similarity parameter estimation

Wavelet spectrum:

S11(2)  Sia(2) - S1,m(2)
$21(2)  Saa(2) - So.m(2)

S(2)=|S31(2) S32(2)

D D - Smem(Y)
Sma(2) Sm2(2) - Sum—1(2)  Sum(2)
Eigenvalues of S(2/):

,\1(21') 0 0

0 >\2(2j) 0
S@)y=uU@)| o 0 ColuE)T

: : g 0

0 0 e 0 Am(?)
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Multivariate self-similarity analysis

Eigen-wavelet estimation [pidier and Abry, 2018]

)\1(2]) 0 0
0 Xo(2) oo e 0
S@)y=Uu@)| o 0 uEHT
: 0
0 0 0 m(?)
e Y =WB,y self-similar
= asymptotical power law: T

/\m(2j) _ €m21(2Hm+1)

2 1'i= e
@ Linear regression on log-eigenvalues: = N
10+
J2
N 1 . 1 15 N
M _ E . Jy _ —

Hm — 5 wj |0g2 /\m(2 ) -20

2 — 2 5 10 15
J=h j=log, ?
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Multivariate self-similarity analysis

Eigen-wavelet estimation [pidier and Abry, 2018]

/\1(21') 0 0
0 Xo(2) oo e 0
SEhy=uEH| o 0 - : u@H)T
: : - 0
0 0 .0 ()
e Y =WB,y self-similar

= asymptotlcal power law:

/\m(2j) _ €m21(2Hm+1)

@ Linear regression on log-eigenvalues

1 15
Z w_/ |0g2 ) 2
Jj=h

Issue:

10 15
j=log,?

Different numbers of wavelet coefficients to compute S(2/) between scales 2/
= Am(2/) have different bias across scale 2/

= bias corrected estimation [Lucas et al., EUSIPCO 2021]
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4-variate data

Wavelet analysis scales: 27t = 21 to 22 = 24 = Analysis frequencies: 1/8 to 2 Hz

Log-wavelet spectrum logy | S m (2/)]

;

o/,k‘\o

log, [ Sa1(27)|

log, [Su(2)| log, Su1(2)|
: ‘/ij‘ e M 5_9,0’6‘0
-10
log, | S12(27)| log; |S22(27)| log, | S32(27)| log, |Si2(27)|
0 o—8—e—e—g
» f’e\*’ o~ A
log, | S13(27)| logs | Sa3(27)| log, | S33(27)| log, | Sis(2’)|
0 o/e.ae—e\o /”6\1

log, | S14(27)|

log, |S34(27)|

log, | S44(27)|

123 4 5
j=log,?

123 45
j = log, 2

@ Classical multivariate self-similarity:

N 1& |
Hm,m’ = 5 ij |0g2 Sm,m’(zj) - 5
J=n

Cross-temporal dynamics = need for a multivariate approach
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4-variate data

Wavelet analysis scales: 27t = 21 to 22 = 24 = Analysis frequencies: 1/8 to 2 Hz

Log-wavelet spectrum logy | S m (2/)]

10
0 / ,/"’",0 e f/‘*' e Classical multivariate self-similarity:
-10
ol 102 15u@)] || From 1509 || toma 15021 || o 15 (2] R 1 J2 ) 1
_ = § ' . Jy _
0 oo 5_9,0’6‘0 Hm7m, o 2 wj |og2 5m7m/(2 ) 2
/—“’J o =i
logs [S12(2)| || 1og [S22(29)] || loga[S(@)] || logs [Sia(2))] Lo T
22 = e —— @ Univariate self-similarity:
0 M j2
,xou/ﬂ—e\o oo Lot AU:EE w-|0g S (21')*1
ol 1o lSuCII || log1Sn@)] || logaSws()] || 1ogs Sis(2) m 2 J 2 ~m,m
J=h
. U
. e S /”5\: - Hm _ Hm,m
ol o 52 log, [S(2)] || o, Su(2)]
12 3 4 5 1.2 3 4 5 12 3 4 5
j = log, 2 j=log,2 j = log,

Cross-temporal dynamics = need for a multivariate approach
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Single-feature classification

Comparing HY to a threshold:

ROC curve

0.8}
0.6}
0.4}
0.2}

Power

~—feature HY

Al-e-feature HU||
~~feature HY |
~s-feature HY ||

0
0
Low performance = need for a
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False Alarm Rate

multi-feature approach
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Multi-feature classification

Features:
o featuresl (4

):
o features2 (8): {{HU},,7 1, 4,{/:Im,m’}m75m’}
0

o features3 (10): {{HU}m 1,
where:

1 J2 )
=3 ij logy Sm,m (2')
Jj=h
o AY = Amm
Z"JJ log; Am(QJ) ~ 5

J—J1

A, {”:/nl\q/,}mzl,...A}

N =

Log-eigenvalues log, Am(2/)

10
’ f—&*‘o o—e—o—o—o]fo—0—e"°
-10
oo 1o 2s2) logy 1o(2)) log 25(27) logy \u(2))
1 2 3 4 5 1.2 3 4 5 1 2 3 4 5 12 3 4 5
j=logy 2 J=log, 2 j=logy 2 J=log, 2
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Multi-feature classification

Features:

o featuresl (4): {AHY}me1. 4
o features? (8): {{I:I,L,,/}mzl,,,,,m{/:/m,m'}m;ém’}
o features3 (10): {{:"A/,,l{}m:1,...,4,{"'A/,c,/’}m:l,...A}

Random Forest Classifiers: Niees € {10,25,50}

—§-featuresl
- features2
-3 features3

Nirees = 10

- featuresl
4 features2
—§-features3

Nirees = 25

—$-featuresl
—§features2
—$-features3

Nirees = 50

(0L,
0 02 04 06 08 1

False Alarm Rate
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(0L,
0 0204 06 08 1

False Alarm Rate
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Conclusion

Conclusion

Self-similarity tools:
e multivariate self-similarity model
@ eigen-wavelet approach

@ multivariate self-similarity parameter estimation

Drowsiness detection:
@ cross-temporal dynamics of physiological data

@ sleep classification from multivariate parameter estimation
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Back-up slides

Repulsion effect

Gap between eigenvalues larger than expected at each scale

5[2/3) 3

et | [® 0 [ o] =,
) <

D) (e 0 0 . 0 0 ) o] :ﬁl
S(27272) 0

Deh2) |[_ @ & ® ¢ 6 e e e e e e e o o e al

k 20 2 4 6 8 10
J =logy2’
Few coefficients = repulsion effect: important bias when H; = ... = Hy

Issue: repulsion effect increases with scale 2/



Back-up slides

Bias corrected estimation

wn;,

) 2 ) ) o
sWph s L S 0@, 0@, K, w=1,..., 2702, njzz—IY
2 k=1+(w—1)nj, 22

Wavelet spectra for same numbers of wavelet coefficients

L] L
S(272)
pE=) ([ 0 . o]
S (g1 5@ (9i-1)
pE) |[e 0 0 o | [ o D D Y
S (272-2) S (272-2) 5@ (272-2) S*(272-2)
DEF2) ([ @ e e j6 e e e | e e el[e o e e

Eigenvalues of SM)(27): {A{")(27),... A" (2/)}
— similar repulsion at all scales j € {j1,...,j»}
2i—J2

Averaged log-eigenvalues: 9,(2/) & 227 Z log, (A% (2)))
w=1

Linear regression on averaged log-eigenvalues 9¥,(2/)
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