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Motivations

——> Visualise, quantify, caracterise
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von Karman flow: SPIV acquisition

Bénard - von Karman:

PIV acquisition
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Turbulent jet: hot-wire acquisition
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von Karman flow: LDA acquisition
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Motivations - Outlines

Physical
phenomenon




Signal processing: acquisition chain

Sensor

|

Filtering

|

Sampling

\'4

|

Quantification

|

Acquisition

Electric current from physical quantities

Data conditioning

From continuous to discrete representation

From analogical to digital

Save data in proper format
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Signal processing: acquisition chain

Sensors

Choose physical quantities
Pression

Position

Displacement

Velocity

Acceleration

Vorticity

Deformation

Force

Choose the sensor:
Sampling frequency
Sensitivity, dynamical range
Spatial extend / Integration
Intrusivity or not ?

Life time

——2> Direct Measurement

—2> Indirect Measurement

Sensor || Filtering

AMaoctar 2 Ehud Meoechaniea
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Samplipegris || Quantification || Acquisition




Signal processing: acquisition chain

Sampling (continuous — discrete)

Signal Fourier Transform
_ n
Original signal: 2o | |
t f
1 $ VO
i = A A e | |
Sampled signal: T« | 5 | | |
T UL
t f
+o0 -
- X.(f) = / o (£)e 2 gy
ro(t) = z(t) Y TS(t — kTY) o
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Sensor || Filtering Samplipegaris || Quantification || Acquisition




Signal processing: acquisition chain

Sampling (aliasing)

signal

-0.2r

0.4}

-0.6F

-0.8F

0.8r

06F

0.4r

0.2r

lalalVaYal

= Sinus at f1=0.5Hz
— Sinus at f2=2Hz

/ e  Sampling at 2.5Hz

Sensor

Filtering
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WVTIaoStCT Z T Ot 1vicy
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Quantification

Acquisition




Signal processing: acquisition chain

Sampling (aliasing)

Fmax < Fe/2 Fmax > Fe/2
-Fe i EIJ i Fle i 2||-'e -Fe& (i) i Fe 2Il:e
f f
=——>> Shannon criterion
Sensor || Flltering 'v'qét;'rﬁpli'ﬂlgngm Iaaahtification Acquisition




Signal processing: acquisition chain

Quantification (analog- digital)

0 02 04 06 08 1

Quantification noise:
Signal to noise ratio due to quantification

Quantification level: n bits
Signal dynamics: +Vinaz
No quantification: 5V — 2Vmaax

2?1‘

Error spanned

_ AL /9D Ay 719
uniformly on: oV/2 < e(n) < ol /d

Noise power:

oV /2 72 72 —2n
Nb bits 8 12 16 s = / fg—l = 2V _ Vinar?
Its — ' = ( s i
= 8V /2 oV 12 3
S/B 53dB  77dB 110dB
Master2—Hluid-Mechanies
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Signal processing: acquisition chain

Acquisition

Irreversible action (cf. filtering)

Data flux:

- data quantity vs band width
- writting speed

- memory (RAM)

r Ehud Meoechaniea
Tz T TOTaivic L rarincs

Sensor || Filtering amplipearis || Quantification || Acquisition




Signal processing: acquisition chain

Flitering
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5 Low pass
& High pass
Band pass
-Fe | 0 Fe 2l|-'e 3ll=e
f

To respect Shannon criterion

To limit data volume

To reduce noise level

Master2—FHluid-Megchanies—
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Data for science: saving data

EXE -

Wish list
accessible
portable
understandable
long-life

space saving

O O O O O O

/

| \

array of data

Data representation

O

O
O
O
O

Text files (.csv, .txt, ...)
Binary files
Proprietary formats
.hdf5 or equivalent

calibrated Intermediate
array of data uncalibrated data (pictures)

Data location

O

O
O
O
O

on computer
on hard drive
on servers
on cloud



Signal processing: acquisition chain

Sensor >  Electric current from physical quantities
l
Filtering > Data conditioning
l
Sampling > From continuous to discrete representation
l
Quantification > From analogical to digital

|

Acquisition ——  Save data in proper format

———2 Time to analyse these signals

Master 2 — Fluid Mechanics -
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Signal processing: post-processing chain

Deterministic vs random signals

Deterministic

periodic

sinusoidal

periodic
complex

non p

eriodic

quasi
periodic

transient

signal

signal

sin(2nf, 1)

“p 1 > 3

time

sin(2nf, ty+sin(2rf ty+sin(2nf )

Random

stati

onary

non stationary

ergodic

non ergodic

IPParis

stationary
3
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i ‘a
E | il
5 O
= |
-1
2L
=0 1 2 3
time
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signal

sin(2nf, tyrsin(2f, ty+sin(2af, 1)

1 2 3
time

transient

non stationary

time



Signal processing: post-processing chain

Post-processing challenges

sin(2nf, 1)

sin(2nf, tyrsin(2f, ty+sin(2af, 1) sin(2nf, ty+sin(2f ty+sin(2nf )

1.5 1.5 1.5
1F 1
0.5 0.5
g e g
ko)l 0 D 0 ko)l
wn w wn
05} 0.5 -
-1F -1
1.3 1 2 3 135 1 2 3 1.3 1 2 3
time time time
stationary non stationary
3 3
27 2.5
1k I 20
8 g
5 o} | b _91.5-
w w
-1 1L
=27 0.5
= 1 2 3 % 1 2 3
time time

Statistical quantities:

- mean, satndard deviation

- correlations

Probability densities:

- fluctuation asymetry

- complex effect identification

Spectral content:

- rich informations (see practical session)
Drifts:

- in space or time
- data quality, non trivial long time effects

Master 2 — Fluid Mechanics -
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Signal processing: post-processing chain

Mean and standard deviation

M-—1

1 .
Wi Z p[u_]
B 71.=0

=

1 M-—1 1/2 5
Prms :( M — 1 Z U}[”'] "3 F}E)

n=>0

Standard deviation:

- carefull to estimation bias!
- fluctuation measurement
- distribution width

- data dispersion

- empirical error bars

320 AR .'-M‘ ||'J|hi‘l,,|w. [Tl
[ Y

2.8
%5 1 2 3 4
t x 10"

Steady signal:

- obvious meaning

Unsteady signal:
- meaningless quantities
- moving moment estimation

Master 2 — Fluid Mechanics -
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Signal processing: post-processing chain

Averages:

Ensemble average :

Time average :

N—oo N :

N
1
<T(2t) >= lim =) Ti(Z1)
=l

N times the same experiment

Average on realisations

L 1 a
To(Z,t) = %/ T(Z,t+ s)ds

—

T(Z) = lim T,(Z, 1)

a— oo

Ergodicity if both are identical

Master 2 — Fluid Mechanics -
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Signal processing: post-processing chain

Averages:

: ' ' ' ' ' ' ' : 5 realisations
. . . . ; . ; . . over 10 time units

M O M MM O M M O M h O M M O M
2

1 realisation over 50 time units
5 I ) 1 1 1 1 ] 1 1

L1 1 1 Master2 L FluidMechanles— L L |
0 5 10 18 20  25ppg 35 40 45 A0



Signal processing: post-processing chain

Time and ensemble averages :

Cylinder wake with oscillations
forced by the flow

T

Visualisation

Z.,:..t_r

Master 2 — Fluid Mechanics -
IPParis
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Signal processing

Time and ensemble averages

Cylinder wake with oscillations

forced by the flow
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Signal processing: post-processing chain

Time and ensemble averages :

Cylinder wake with oscillations
forced by the flow

\
Velosity and vortity fields_____\
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Time average : (aj‘ t)\”aﬁef
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Signal processing

Time and ensemble averages

Cylinder wake with oscillations

forced by the flow
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Signal processing: post-processing chain

Probability density function

Cumulated probability:

Probability density function:

Practically:

- histogram estimation
- histogram normalisation

0.5

—N_=10"
5

——N_=10°}
S

——N =10°
S Al

4
-3 2

FDF

-1

F(z) = P(X < 2)

0

5
1 2 3 4
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Signal processing: post-processing chain

Probability density

Gaussian white noise
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Signal processing: post-processing chain

Power spectrum (definition)

Fourier

Fourier

X(\)

x|n|

transform (continuous signals)

4
: ’ 29 . r N\ 2w fT
) =< x, 2™t >:/ z(7T)e 2T dr

OC

transform (discrete signals)

+oo
= Y a[n]e™¥™", A€ [-0.5,0.5]

n=—oo
=

0.5
. f X (A)eX™ g\

—0.5
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Signal processing: post-processing chain

Power spectrum (definition)

Energy vs. power

1 +T/2
P(x) = lim — (1) |? dt. (infinite signals)
T=oo l J 1/2
—|_::{ . . .
E(_-;-:) — / |;;-:(f_}‘2 dt. (finite signals)

Parseval theorem

+ox o +0oc »
E(‘.,-‘):/ \.r(f)\“df:/ X(NHI"df

Energy can be measured
in spectral or physical space

Master 2 — Fluid Mechanics -
IPParis



Signal processing: post-processing chain

Power spectrum (practical calculation)

Mean periodogram:

. M
-‘ 1 — Required:
PSD,(f) = M Z Xi(f) * segment number
=0 >« segment length
with  X;(f) = FFT[f(n)x(n+iP)] * Windowing
Correlogram:
o0 Required:
PSD.(f) = / R,.(t)dt >+ autocorrélation estimation
o * Fourier transform calculation

Wiener-Khintchine formula

Master 2 — Fluid Mechanics -
IPParis



Signal processing: post-processing chain

Power spectrum (windows)

Rectangle

Time domain

Frequency damain
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Bartlet

Amplitude

Time domain

05

04

o2

Magnitude [dE)

40

Frequency damsin

20 [
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10 20 3n 40 50 B0 ] 02 0.4 o0& oG
Samples Mormalized Frequency  (<n radisample)
Time domain Frequency domain
40 T

Amplitude

05
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o2

10 20 3n 40 50 B0
Samples

Magnitude [dE)

=120

I | i i
a2 0.4 [eE 0.8
Mormalized Frequency (=0 radfzample)

No ideal choice
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Signal processing: post-processing chain

Correlations

Auto-correlation

Cross-correlation

Master 2 — Fluid Mechanics -
IPParis



Signal processing: post-processing chain

Correlations
Constant Sinusoid
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Signal processing: post-processing chain

Correlations
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Signal processing: post-processing chain

Correlations
Gaussian white noise Turbulent jet
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——>> Be careful for statistical estimations
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