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Introduction

From smoke visualization...

+1309.457 ms

... to volumetric vector fields

... then full flow fields!




Introduction

General principle

Light sheet ()ptics 1lrr0r
Luse[

Light sheet

Flow with. el st
tracer particlests aesss S

e First light pulse at t
o Second light pulse at t+dt

Imaging optics
Flow direction

Image plane

Raffel et al., PIV: a practical guide, 2018



Introduction

Whatever the variant (2D, 3D, PIV/PTV, etc...), data should look like this:

3" P|V Challenge (2005), case B
Stanislas et al., Exp. Fluids 2008



Introduction

Whatever the variant (2D, 3D, PIV/PTV, etc...), data should look like this:

t+dt

Synthetic images:
mimic experimental
conditions, with known
particle intensities,
positions,
displacement...

3" P|V Challenge (2005), case B
Stanislas et al., Exp. Fluids 2008



Introduction

Whatever the variant (2D, 3D, PIV/PTV, etc...), data should look like this:

t+dt

3" P|V Challenge (2005), case B
Stanislas et al., Exp. Fluids 2008

Bright particle images, each of size ® 2 — 3 pixels (we’ll see why)



Outline

. Seeding and image formation
Il. Basics: 2D, two-component PIV
lll. Towards more complexity: Stereo PIV, Time-Resolved PIV

IV. Volumetric and Tracking approaches, and beyond

* A subjective selection:
* Data processing > hardware

e 2D PIV: quick account on basics, and then:
e examples of use for turbulent flow analysis from the speaker’s
e ...and of precautions that should be taken experience!

 More emphasis on 3D methods and related (especially with two-pulse
acquisition: more versatile, more of interest for ONERA research!)



. Seeding and image formation



Seeding and image formation

Passively entrained tracers?... _
Tropea et al., Springer handbook of

experimental fluid mechanics, 2007
Stokes regime: Response time for a particle

(dy, pp) to a change in flow (pf, us) velocity P
(estimate based on settling velocity): i

— =
-
-
-
-
-
-

T, being the smallest flow time scale, the Stokes number

T
St =—=

Iy

must be minimal

= target either p,, ~ py, and/or minimal d,!



Seeding and image formation
d,~Aord, > A: Mie scattering

... But emitted intensity roughly evolves as dlz, ... Trade-off good tracer / brightness

lllumination

. - 1 T ;
300
270

10 R A S A

Scattering angle (deg)
10° 10 10?

_ Backwar . Forward
diameter mm ackward Observation

Intensity (arbitrary unit)

Cheminet, PhD Univ. Paris-Scalay, 2016

(... and is very irregular depending on viewing angle
- to keep in mind for Stereo and 3D experiments!)
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Seeding and image formation

Liquid droplets or solid particles

Table 2.1. Seeding materials for liquid Hows.

Type Material Mean diameter in pm
Raffel et al., 2018 Solid  Dolystyrene 10 — 100
Aluminum flakes 2-7
. Hollow glass spheres 10 — 100
Silver coated hollow Spheres Granules for synthetic coatings 10 — 500
Liquid Different oils 50 — 500
Gaseous Oxygen bubbles 50 — 1000

Table 2.2. Seeding materials for gas flows.

Type  Material Mean diameter in pm

Solid  Polystyrene 0.5 - 10
Alumina AlsOg 0.2 -5
Titania TiOg 0.1 -5
Glass micro-spheres 02 -3
Glass micro-balloons 30 — 100
Granules for synthetic coatings 10 — 50
Dioctylphathalate 1 - 10
Smoke <1

Liquid Different oils 0.5 - 10
Di-ethyl-hexyl-sebacate (DEHS) 0.5 — 1.5
Helium-filled soap bubbles 1000 — 3000

Large volumes (and low speeds): Helium-Filled Soap Bubbles (~300 um): see later!
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Seeding and image formation

//\: Az
T Light
/ sheet
Tropea et al.,
Springer handbook . //Diaphragm (Dqa)
of experimental < ;

fluid mechanics, / i

X
2007
Ima gim_

Flow lens
direction

Image
plane

Image size on the sensor d; of a particle of diameter d,,:

i = \/(Mdp)z F 2, ~ dgyy (ain) f focal length, D, diaphragm aperture
f M = z,/f Magnification

dairr = 2_44D—(M + 1A A light wavelength
a




Seeding and image formation

e Light
E / sheet

Tropea et al.,
Springer handbook . / Diaphragm (D)
of experimental -l

fluid mechanics, / s

X
2007
Ima gim,

Flow lens
direction

Image
plane

Image size on the sensor d; of a particle of diameter d,,:

2 , _ Small aperture favorable for subpixel
= (Mdp) +dgirr = daigy (air) information, but detrimental to SNR
f = trade-off!
daify = 2.44 D_a (M +1)2 — Slight defocus can come to the rescue




Il. Basics: 2D, two-component (2D2C) PIV



2D2C PIV: displacement estimation




2D2C PIV: displacement estimation

t+dt




2D2C PIV: displacement estimation

Objective: find displacement at pixel k



2D2C PIV: displacement estimation

Interrogation

window at pixel k:
W (k)

Objective: find displacement at pixel k



2D2C PIV: displacement estimation

Interrogation

window at pixel k:
W (k)

Objective: find displacement at pixel k



2D2C PIV: displacement estimation

Interrogation

window at pixel k:
W (k)

Objective: find displacement at pixel k



2D2C PIV: displacement estimation

Interrogation

window at pixel k:
W (k)

Objective: find displacement at pixel k

PIV tracks the particle pattern in an interrogation window



2D2C PIV: displacement estimation

Interrogation

window at pixel k:
W (k)

Objective: find displacement at pixel k

One vector for a group of particles: what if finer spatial scales than size of W?...
— more later



2D2C PIV: displacement estimation

Automating this: cross-correlation (CC)

Correlation map

5

100=
15” Ilt
-15 -10 5 ] g

10 14

cc(aX(k)) =

I;(m)I,(m — AX (k))
mew (k)

I, (t + dt)

Displacement AX (k) at pixel k found as maximum of cross-correlation CC(AX (k))

PIV is an optimization problem for each vector!
23



PIV: ideal particle image size

Width of CC(AX(k)) peak =~ particle image diameter d,

= peak-locking bias (= interpolation error!) unless d,; = 2 — 3 pixels

zoom x 10

d; < 1.5 px

d; =~ 2-3 px

24
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PIV: ideal particle image size

Width of CC(AX(k)) peak =~ particle image diameter d,

= peak-locking bias (= interpolation error!) unless d,; = 2 — 3 pixels

1

Peak locking: bias towards integer values
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PIV: noise/resolution trade-off

Example: shock-wave boundary layer interaction

Flow accelerated to supersonic, until
MachM=~=1.4

Lambda shock on bump downstream
side, induces separation

>0 U [m/s]
400
40 350
. ggg \ Bump: sonic throat SecondlllthroaT
£ 200 . \
E' jlgg 10i0 ll'. Cg=gp’ 'i:vices _#I'C::—_ﬁ
ne - y i 89.6
50 1.z _ ‘ ! ? I !
10

0 = = 100
. . 50 65 286.4 / N\
| .
: : X =260 Dimensions in mi
350 360 370 380 390 400 185 |

310 320 330 340
X [mm]

Time-averaged horizontal velocity

- ONERA S8Ch wind-tunnel (Sartor et al., Exp. Fluids 2012)



PIV: noise/resolution trade-off

A simple mathematical model Upy () = F(u(x)) + &0se

* u(x) true displacement value
F spatial transfer function (only spatial filtering part here) = bias
*  Enoise - Measurement noise (random by definition # bias)

= (upy (x)) = F(u(x))

F should model the effect of the interrogation window:
v' A priori, top-hat filter of same width as the interrogation window (2r)

v' If yes, then F(u(x)) provided by a convolution:

Fu(x) = (Hyy * 1) () = j Hyy (x — E)u(E)de
H2r

3

\ 4

2r



PIV: noise/resolution trade-off

A simple mathematical model upy (%) = F(u(x)) + €pise

* u(x) true displacement value
 F spatial transfer function (only spatial filtering part here) = bias
*  Enoise - Measurement noise (random by definition # bias)

= (upy (x)) = F(u(x))

 F should model the effect of the interrogation window:
v' A priori, top-hat filter of same width as the interrogation window (2r)

v' If yes, then F(u(x)) provided by a convolution:

Fu(x) = (Hyy * 1) () = j Hyy (x — E)u(E)de
H2r

PIV: some kind of experimental LES (without subgrid modelling) ?

55 21



PIV: noise/resolution trade-off

Spatial filtering: Velocities

* Synthetic images with sinusoidal
displacement

( g )(x.,.y) _ ( Asingn{) )

*  Process with different window
sizes 2r and compare Ap;y with A

29

0 100 x 200

Scarano & Riethmuller, Exp. Fluids 2000




PIV: noise/resolution trade-off

Spatial filtering: Velocities

* Synthetic images with sinusoidal
displacement

( g )(x.,.y) _ ( AsinE}Zn%) )

*  Process with different window
sizes 2r and compare Ap;y with A

sin(2nr /A1) 0 100 200
One should have Ay, = A 1 X
(2nr /) '\ |
09 -
‘ Y I x\ ONERA PIV software
_ il i &, (Champagnat et al.,
Fourier transform B 07} \"\._ Exp. Fluids 2011)
A 4 ~ 06 "X
=
A HZT ; 05 B ‘:\
o i \
ZT/A: 03 :\:\
effective window size 02} h
R 01} g, | E
— X 0 ] ] ] ] ] 1 ] ] LN
27" 0 01 02 03 04 05 06 07 08 09 1

30 2r/ L



PIV: noise/resolution trade-off

Spatial filtering: fluctuations / spectra

* A2 test case from the 3" international PIV Challenge (Stanislas et al., Exp.
Fluids, 2008): DNS of 2D turbulence (k=3 spectrum)

| A ga a2 |

10} —

10°

Qualitatively: how can we & T

-~
expect the PIV spectra to 107~
compare with the ground truth? -

31



PIV: noise/resolution trade-off

Spatial filtering: fluctuations / spectra

Upry (K) — (HZT * u) (&) + Enoise

32

_I_

énoise (k)

2)
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PIV: uncertainty quantification?...

Some time ago...

0.1 pixel

2 “The Answer to the 2 “The Answer to the
Ultlmate Questlon of Ultlmate Questlon of

; ‘:"A"'l‘v'he_Unlve.rse, e : P IV
- uncertainty

To refine the 0.1 pixel view: Sciacchitano, Meas. Sci. Technol. 2019 (topical review)

33



PIV: uncertainty quantification

1. Instantaneous velocity vector
2. Statistical estimates



PIV: uncertainty quantification

1. Instantaneous velocity vector



PIV: uncertainty quantification

1. Instantaneous velocity vector

Way #1 (« a priori »): Quantify effect of individual parameters on the
measurement error, either theoretically or using synthetic images

Fundamental to understand parameterwise effects, but: synthetic images always
« too perfect » + error sources add within the images, and their relative
amplitude can vary locally within the images!



PIV: uncertainty quantification

1. Instantaneous velocity vector

Way #1 (« a priori »): Quantify effect of individual parameters on the
measurement error, either theoretically or using synthetic images

...we just did that in the

case of spatial filtering!

Fundamental to understand parameterwise effects, but: synthetic images always
« too perfect » + error sources add within the images, and their relative

amplitude can vary locally within the images!
37



PIV: uncertainty quantification

1. Instantaneous velocity vector

Way #2 (« a posteriori »): Derive formula/algorithm estimating UQ of each
individual vector in the PIV result given the image pair

Ex.: particle disparity method

T T T T I 1 I
@ S
’ =
- - [0}
=
=
3
o S
ol | 1 s
e ® | 2
ot
‘ b=
Q
i q . N -
&

1 1 ! 1 1 -

X -0.5 0.5

0
D [px]
Sciacchitano et al., Meas. Sci. Technol. 2013
Individual vector uncertainty depending on local image characteristics, but
potential variability and account for part of error sources present in the images
s (+ only consider error sources contained in the images, as a priori methods!)



PIV: uncertainty quantification

1. Instantaneous velocity vector — so what?...



PIV: uncertainty quantification

1. Instantaneous velocity vector — so what?...
... well, research againl...

Theoretical model of the whole chain! The solution?...

1
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Fu, , Meas. Sci. Technol. 2024
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PIV: uncertainty quantification

1. Instantaneous velocity vector — so what?...
... well, research again!...

Theoretical model of the whole chain! The solution?...

v
Group 1 MEW |y, , ol A ,
bl , = Lout »Sk
Group 2 W Vi R Wil PP Var Y Cal Ok ji
Group 3 M |V,

s 2 s 2
+0; u, +0, u,

v, Sty iy Least
square

+26, 6, u

Z; u
Lo Sty TeurSty bout 8§

+20,0, r, . Uyl

Sty dnesShy MSLy

]

Group N [HEMN - Vi

+26, 9)_1 o My

measurement R B R T B P s

Tmage
measurement

Same device
parameter
New experimental New particle
image Double
L frames
Experimental
set-up Uncertainty
—
PV Prediction
Double w Algorithm

frames

Fu, , Meas. Sci. Technol. 2024
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PIV: uncertainty quantification

2. Statistical estimates — random part only

Table 1. Estimator variances multiplied by N

Benedict & Gould, Exp. Fluids 1996
: : : Lo 1
* Estimator? e.g.: estimator of time-averaged velocity: U = szivzl U;
e Variance of estimator: how far we are from true value (e.g. true mean)



PIV: uncertainty quantification

2. Statistical estimates — random part only

Table 1. Estimator variances multiplied by N

Statistic Valid for any distribution Normal assumption

U u? w?

S [u*— (%)) 14u? w02

uv v —(uv)? (14R2,) (1) (V)
uv , (w1 u vt 2u*y? Wy w? oy o

R == =0 R 7= ﬁ( TP —( e (1=Ru)

(u™)"(v*) (uv) (™))" (v (u”)(v7) (uv)(u™)  (uv)(v)
uw? w—(u?)? 2(u?)?
w? ut— () —6(u') (u?) +9(u)? 6(u?)?

Benedict & Gould, Exp. Fluids 1996

: : : Lo 1
 Estimator? e.g.: estimator of time-averaged velocity: U = NZ{-\Ll U;

e Variance of estimator: how far we are from true value (e.g. true mean)

 Table above: case of independent samples

* If correlated samples (e.g. high-speed PIV): replace N by Nosr = T /(2Tjp;)
(T measurement duration for acquiring the N samples, T;,,; integral time)

Turbulence (resp. measurement) often non-gaussian (resp. noisy)
= what if high-order moments not reliable... ?

43



PIV: uncertainty quantification

2. Statistical estimates (random only): example
(b) u

0 1.11 451 487 3.6l 3.61 + Ley

\i_ L 0.671 !
- I
. . Smrlmg_p;‘t

=
=
_=‘=

A

Contraction | - - .-—n--p—r- Velocity probing
RD[}leg duct Tmns]:rdrenl CD[‘[\.-,:[Q[[‘[E (HWA)
duct (PIV) nozzle

Plug axial flow + solid-body rotation
(Stereo) PIV in a longitudinal plane

" Leclaire & Jacquin, J. Fluid Mech., 2012



PIV: uncertainty quantification

2. Statistical estimates (random only): example

E’f}] I
S W

0 L11 451 4.87 5.6l

0.67 |

\

Contraction

561+ Ley

+— ! Velocity probing

ating duc ransparent Converging TV 0
Kotaang duct -c—:lruct {];I\"ll . nozzi ) (HWA) : 8%5
Plug axial flow + solid-body rotation L o1
(Stereo) PIV in a longitudinal plane i 0.1
. -0.25
Presence of (intermittent) 04l
- !/ !/ '
Ruw (%0, x ) = (W' (x0)w'(x))
No info here: impact of laser on wall -\ =
induces image saturation! [ S >
A few workarounds: use fluorescence, Duct wall
or automatic masking algorithmes...

45

Leclaire & Jacquin, J. Fluid Mech., 2012

w' >0 w <0
‘\ ’—
Y 7’
\ ’
\ ’
1 ]
u >0 l+l
/ \
/ \
td ~
—’ ‘\
!
w' <0 w >0




PIV: uncertainty quantification

2. Statistical estimates (random only): example

E’f}] I
0 LI 431 487 561 561 +Lcy
N 067| |
W 0 | \
Contraction | - - b »e & Velocity probing o
Rotating duct { Transparent Converging (HWA)
duct (PIV) nozzle ) 8%5
Plug axial flow + solid-body rotation L 01
. . . - -0.1
(Stereo) PIV in a longitudinal plane 015
-0.25
Presence of (intermittent) Gortler vortices at 04l
T ! ' <0
the Wall?ooo , , ; B " >0 L
RuW (&O’ E ) = (u (EO)W (£)> 0.6 ‘:\\\ l';‘
But low levels: uncertainty?... I ~’>0,"+i
| . 08| *, @ @
50 =2.01 SO =2.77 50 =3.35 B . ® H'/ <0 \l'! =0
6 o@) b o) ¢ @ i A
R, (4.70,0; 4.70,0.2) 0.570 0.055 0.367 0.046 0.652 0.039 1 derrsrsnsesrnnnneras \\

R.w(4.70,0.85; 4.75,0.80) —0.197 0.052 —-0.209 0.048 —-0.213 0.052

TABLE 2. Values and standard deviations o of correlation coefficient components R,
and R, probed at selected locations in the flow, Sp =0, 2.01 and 3.35, xo = 18.4.

16 Leclaire & Jacquin, J. Fluid Mech., 2012

Duct wall X0

Jackknife: resampling-based

estimation of statistical uncertainty
(e.g. Benedict & Gould Exp. Fluids 1996)



PIV: uncertainty quantification

2. Statistical estimates — bias and random errors
Design Of Experiments (DOE) for PIV UQ — but not only!

Table 2. Factors and their levels in the planar PIV measurements of
the flow over a NACAOQ012 airfoil.

Factor  Parameter Levels
A f# 4,8
o B Ar 50, 70 us
2 C Dy 16 x 16, 64 x 64 pixels (0.95 < 0.95,
3.78 x 3.78 mm)
D Az 1, 3 mm
Block  Seeding density  0.01-0.02, 0.08-0.09 ppp

(mean particle distances of 0.2 and
0.5 mm)

0 0.2 04 0.6 0.8 1 12 0 0.2 04 0.6 0.8 1 1.2
(a) total uncertainty by proposed methodology (b) random uncertainty from data statistics
based on DOE (6/+/Ns)

. Adatrao et al., Meas. Sci. Technol., 2022



PIV: uncertainty quantification

2. Statistical estimates — bias and random errors
Design Of Experiments (DOE) for PIV UQ — but not only!

] Table 2. Factors and their levels in the planar PIV measurements of
1k the flow over a NACAQ012 airfoil.

0.2
10
01 ! Factor  Parameter Levels
B A f# 4,8
20 , 2 B At 50, 70 ps
>T — - .
3 E E S D 16 x 16, 64 x 64 pixels (0.95 x 0.95,
025 e e e s R % 378 mm)

== ...Or comparison With a s
reference measurement!
(example soon)

——— — e

0 0.2 0.4 0.6 0.8 1 12 0 0.2 0.4 0.6 0.8 1 1.2
(a) total uncertainty by proposed methodology (b) random uncertainty from data statistics
based on DOE (6/+/Ns)

15 Adatrao et al., Meas. Sci. Technol., 2022



lll. Towards more complexity: Stereo PIV, Time-Resolved PIV



Stereo (2D3C) PIV

Example: a cylindrical air jet

ONERA R4Ch wind-tunnel, PhD S. Davoust (2011)

50



Stereo (2D3C) PIV

Setup

Jet axis

Camera 1

51

Camera 2

Calibration
plate

Wind-tunnel

Laser Sheet




Stereo (2D3C) PIV

L]
Sample images
t
B Folki_SPIV_light 4.4.2.0 5i0 WS=6.139514 w B Folki_SPIV_light 4.4.2.0 :i2 WS=6.139514 w

Files View Folki Results Tools Miscellaneous ?

|

| Files View Folki Results Tools Miscellaneous ?

v2|ur| b 8| | 1O | 12|ur| G5[RS M |10 5 5 1 O
c= 262.60 |= 185.69 I=1.037 B [c='301.03 1= 348.96

W=800 x H=1280 type=CAfiimage2 min=0.000778 max=0.004852 | )il w=800 x H=1280 type=CAfiimage2 min=0.000778 max=0.004852 [

52



Stereo (2D3C) PIV

Sample images
t + dt
B Folki_SPIV_light 4.4.2.0 il WS=6.139514 w B Folki_SPIV_light 4.4.2.0 i3 WS=6.130514 w

Files View Folki Results Tools Miscellaneous ? | Files View Folki Results Tools Miscellaneous ?

/z[LIR a%%;l l! ua|¢;.v-—|.w|[_a|_:_»|»L.,‘_:| 10 B ) w2 || || | | S Illlll ]|
7e |c= 597.25 1= 292.94 @

How to handle
perspective
viewing and obtain
the final 3C
displacement?

W=800 x H=1280 type=CAfiimage2 min=0.000778 max=0.004852 | il w=800 x H=1280 type=CAfiimage2 min=0.000778 max=0.004852

53



Stereo (2D3C) PIV

H H world coordinate system
Calibration ate sy
w " °
- Zy % ¢|RT
o 2 o °
Images View Processing esection tools GPU Help (J L]
W 5[Ee| = =[] s | | =@ | B =2 e e " X
c=209.13 1= 76.75 n=30577 V¥=2.8107e-002| ° ° '}
o ® o ® camera system
—— '] b E ® ¢ (xc! Yc! Zc)
L ]
® e * ]
° L ]
.
optical axis
ould be done D = 3 g Or op Al S z
onest qua eprojection erro equestea 10 D meag eme

W=1376 x H=1040 ; type I to get more info on this image

X point in 3D space, x 2D position on camera sensor

Calibration = determine parameters of camera projection functions x = F(X)
— this is in fact stereovision / computer vision! (robotics, etc...)

Common projection models: pinhole (physical), polynomial (e.g. distorsions)
54



Stereo (2D3C) PIV

From 2D correlation to 2D3C displacement

k

—_—

Leclaire et al.,
Lisbon laser
symposium 2012

it

LSP

face view m}g — Fl(Xk) : mi - Fz(Xk)
top view

At a given pixel k, find displacements Ax'on each camera i

3 unknowns: components of 3C displacement AX, 4 data: Ax = (Ax!, Ax?)

= AX found by least-squares inversion: minimization of

e = |lvE - X - o




« Time-resolved » PIV

Beresh, Meas. Sci. Technol., 2021 (topical review on TR-PIV)

pulse-burst
(doublet mode)

pulse-burst
(singlet mode)

10—"E

10°F
-conventiconal
PIV
—~10"E
S
£
g’
W oL Nd:YAG \
1
10°F Nd:YVO,
10;201 = ,:II(I}E = II? I”I4 = IIE 1I'|:)E

10° 10
f (Hz)

Standard PIV:

* Flow snapshotsevery1 — 10 Hz
* Max light per pulse ~ 400 m/J

* Max cam sensor size ~ 40 Mpix
e Typical pixel pitch: ~5 — 10 uym

56

10"\
conventional
. PIV
10°F
" [sensitivity
i (1S0O)
10°F 64000
50000
40000
4l 32000
107+ 25000
16000
. 10000
10°k 6400
10 10° 10° 10* 10° 10°
f(Hz)

High Speed (HS) PIV:

Flow snapshots every 1 — 10 kHz
Max light per pulse ~ 40 mJ
(decreases if frequency increases)
Max cam sensor size ~ 4 Mpix
(decreases if frequency increases)
Typical pixel pitch: ~ 10 — 20 um



« Time-resolved » PIV

Beresh, Meas. Sci. Technol., 2021 (topical review on TR-PIV)

3
10 E W Lot pulse-burst
(singlet mode)
10°F
-conventiconal
i PIV
—~10"E
=
£
—
m100;_
1
10°F Nd:YVO,
I A

10° 10
f (Hz)

Specificities of HS-PIV to be expected:
Lower SNR*

Poorer spatial resolution

More prone to peak-locking*
Aliasing of temporal spectra

*in practice for air flows, peak-locking
rather minimized through defocus blur than
with diaphragm opening!
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10"\
conventional
. PIV
10°F
- [sensitivity
i (1S0O)
10°F 64000
50000
' 40000
4l 32000
107+ 25000
16000
! 10000
10°k 6400
10 10° 10° 10* 10° 10°
f(Hz)

High Speed (HS) PIV:

Flow snapshots every 1 — 10 kHz
Max light per pulse ~ 40 mJ
(decreases if frequency increases)
Max cam sensor size ~ 4 Mpix
(decreases if frequency increases)
Typical pixel pitch: ~ 10 — 20 um




High-Speed Stereo PIV

Quasi-3D turbulence characterization

[ Folki_SPIV_light 4420 i1 W5=6.139514 w [ Folki_SPIV_light 4.42.0 53 WS=6.139514 w

Files View Folki Results Tools Miscellaneous ? ‘ Files View Folki Results Tools Miscellaneous ? |
| v ue] a8 I o | ({2 O
.

Cylindrical air jet, Re = 2.10°
Davoust et al., J. Fluid Mech. 2012

58



High-Speed Stereo PIV

Quasi-3D turbulence characterization

Q5=

* Colored contours: axial
vorticity fluctuations of
opposite signs

 Arrows: fluctuation velocity > Of-
vector <

e Black lines: contours of
(full) axial velocity

e
Interest in their structures due -0.5F ‘

to their potential for mixing

59 Davoust et al., J. Fluid Mech 2012



High-Speed Stereo PIV + Taylor’s hypothesis

Quasi-3D turbulence characterization

| D 1 B ¥
S s S e e e @
¥ ’

z=-tU,

Pseudo-spatial reconstruction of
streamwise vortices, and
interplay with Kelvin-Helmholtz
rollers

Davoust et al., J. Fluid Mech 2012
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High-Speed Stereo PIV + Taylor’s hypothesis

Quasi-3D turbulence characterization

B w,>0
B w,<0

H wy >0

Unforced

-~

Effect of acoustic forcing with
loudspeaker in wind-tunnel
settling chamber (excites
axisymmetric perturbation =
Kelvin-Helmholtz rollers!)

61 Kantharaju et al., J. Fluid Mech 2020



1)
o
“Fe

High-Speed Stereo PIV + Taylor’s hypothe: &

Quasi-3D turbulence characterization [ 7]
H w;>0 '
B o <0 H wg>0 TR W A G0 A G L )]
w e\ s Vs - , /2, , , 1/2
(wzz(rs 9? f)>9/ (wgz(r ) 6'? f))ﬁ'/
Unforced Auto-correlation of fluctuating axial vorticity
= 0.8 011 , ,
, . Radial stracking
. e > Re ~ 2.10°
047 -0 025/ Davoust et al. J. Fluid Mech 2012,
= T -0.09 Kantharaju et al. J. Fluid Mech.

0.25 0.00 -0.25

Azimuthal stacking
Re < 0.810*

Previous literature
(e.g. Citriniti & George, 2000)

0.25 0.00 -0.25
r'g’

62 Kantharaju et al., J. Fluid Mech 2020



(High Speed) PIV: spatial filtering in practice

Mean and fluctuating velocities

63

1.5

05

Davoust et al., J. Fluid Mech 2012

15F o
" Mean flow and turbulent kinetic energy : 0.05
r : = 0.04
1 i = 1: 5= 0.03
= = = 0.02
0.5 [ 0.01
[ =§ 0
WJE - ——a——
0 5 2 2.5
Z
. /
SPIV (white) ©)
HS-SPIV (grey): lower resolution 1.0 F & -aerea
pr— A N 10.15
?\\\ 0.8 f|= ==~ HS-SPIV| ¥
\’&.‘5 4 Hot-wire J
= 0.6 {0.10 £
: X' Q
: M5 04F \5
: 40.05
i P 02F SPIV
o a - - === HS-SPIV
é O  Hot-wire :
: 0 02 04 06 08
+ Hot-wire to the rescue! )




High Speed PIV vs. Time-Resolved PIV

Temporal spectra: aliasing?

0.05
0.04
0.03
= 0.0z
i 0.01
= - |
Acquisition at 2.5 kHz while spectral 219'2 - = L
content beyond: aliasing was expected... S | "N =573
04 Ny HWA
...but here: spatial filtering acted as a 105 k
temporal filter as well (thanks to % _-i - —6dB  HS-5PIV
turbulence)!
107 -
Calibration of frequency cut-off of HS-PIV 108 F
(in this experiment) thanks to HWA = - 0 A
F (Hz)

64 Davoust et al., J. Fluid Mech 2012



High Speed PIV vs. Time-Resolved PIV

Temporal spectra: aliasing

Laser emitter

(a) 10~ —————

TR-PIV --=—---
Hot-wire
Hot-wire, downsampled -

A
LI B B B B B

aaaaa

Nozzle exit

¥ U (

I}xu
Cl.?'
o
T T || T T || T T |'

!
A
L

—
LB
1
|
]
I
i
i
|
I
]
|
1
\
I
I
L}
I
[N - S Y R R N A SR A S HTY NN N S 1 B B

Camera 1 Camera 2 10-7
F 4 Laser sheet

10-8 o
10-1 100

Axial velocity spectra @2D, jet centreline

Cylindrical air jet, higher Mach number

Cavalieri et al., J. Fluid Mech. 2013
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IV. Volumetric and Tracking approaches, and beyond



Volumetric methods

ing principle

Work

Motion estimation

67



Volumetric methods

New difficulties #1

Thicker light sheet in 3D
(1-2 cm, vs. 1-2 mm in 2D), with:

e Same hardware
= lower SNR

 Comparable / slightly inferior
image seeding density

= lower volumetric particle

concentration

* A multi-camera system (minimum
of 4 advised):

= more geometric constraints: some

illuminated zones not viewed by all

cams!

68

\ Reconstructed volume -~

Intersection

e e R e

[ S
«//' Camera 1 Camera 2 N

Cheminet, PhD Univ. Paris-Scalay, 2016




Volumetric methods

New difficulties #2: ghost particles

Scarano, Meas. Sci. Technol. 2013

Actual intensity field

. /
//
\ & /
NG 4
/“‘L& //
/ \__‘ 0, i
N % (‘
,,/ S
/ ',. \?)-@’Ea )
/ NV S
/ J \X/

& Potential “ghost” particles

Number of ghosts:

69



Volumetric methods

New difficulties #2: ghost particles

Scarano, Meas. Sci. Technol. 2013

Actual intensity field

& Potential “ghost” particles

Number of ghosts:
e decreases with number of cameras (but they are expensive! Trade-off: 4 cams)

70



Volumetric methods

New difficulties #2: ghost particles
Scarano, Meas. Sci. Technol. 2013

Actual intensity field

& Potential “ghost” particles

Number of ghosts:

decreases with number of cameras (but they are expensive! Trade-off: 4 cams)
increases with particle concentration (a problem for turbulent flows!)

Strategies to limit their number:

71

At each instant separately: exploit their differences wrt true particles (e.g.
intensity, usually inferior)

Exploit temporal context: t and t + dt (or beyond: Lagrangian Particle
Tracking, see later)



Volumetric methods

Motion estimation

72



Volumetric methods

Reconstruction step = invert image formation (= direct problem)

P particles, of intensities E),, located at X,,
Grey level I at pixel position x on a camera (projection function F):

1) = ) Eph(x-F(X,))

h(x): Point Spread Function / Optical Transfer Function: models diffraction-limited
imaging (Gaussian integrated over the pixel)

73



Volumetric methods

Reconstruction: particles in 3D from multi- III —

view images S
I(x) = Z Eph (x |
)) X,, Ep?

2 strategies: 3D / Tomo-PIV, and 3D PTV

74



3D PIV

Reconstruction: particles in 3D from multi- III.

view images e
I(x) = Z Eph X — F()_(p)) X, E,
p=1 e

3D PIV / Tomo-PIV

Voxels / “rogg g”?eor
i (‘,-,o” ° . . . . ~
%}h VAR N 3D space.dlscretl.zed in voxels, size
Z' 0 0.4 { E% back-projected pixel = I = WE
YooX ﬁ L
(020 070 0 )
!
% ST
L0050 0 | |
— TOS-yoxel '

Weighting i
function W, d'?m”ce
/ = /
/ =y

. Scarano, Meas. Sci. Technol. 2013



3D PIV

Reconstruction: particles in 3D from multi- III.

view images
I(J_C)=2Eph (x - F(x,)) ¥
p=1

E,?

—p:

3D PIV / Tomo-PIV

* 3D space discretized in voxels, size ~
back-projected pixel = I = WE

I Exact particle distribution
t -

.

»ARles‘TiterTo; { 7
[ o

[ART 5%iterstion | l

* Tomographic reconstruction = iteratively
solving this underdetermined linear
system

{ '

a ) |

L LAY L AN

- MART 1% iteration

.
4

| MART 5" iteration T T T T T T o, |
’ . I . ¢ I ' J
® ‘ 3y I r [ |

1
|

Scarano, Meas. Sci. Technol. 2013

76



3D PIV

Reconstruction: particles in 3D from multi- |II.

view images
I(x) = Z Eh (x - F(X,)) v
= Ap. Ep

3D PIV / Tomo-PIV

T amaman! ... ° 3Dspace discretized in voxels, size ~
, . I e " [ back-projected pixel = I = WE
:'A'R:T lél;iter ‘ﬁ.;', —— ; — 7‘ ] — ‘
| I E I ‘ Tomographic reconstruction = iteratively
LA LN )~ AN solving this underdetermined linear
e l vl system
A Ve | .
[T en 1 Particles represented as intensity blobs

' on a 3D grid, (« blobs »: because spread
R N B N, | over several neighboring voxels)

. v 2t I - 4 |

|

Scarano, Meas. Sci. Technol. 2013
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I Exact particle distribution

[ART ©° |teth10n T{ 5 ‘v; '
[ Il
[ 1
[ 1|

L MART 1% iteration

3D PIV

Reconstruction + motion estimation

P
1(x) = E h
X ; » (x

F()

3D PIV / Tomo-PIV

ART 5" nterahon l [

~'L_

I ' "
U Il “w !

L MART 5" iteration

. Il . ¢ II '
- 1 2t + | . ‘

Scarano, Meas. Sci. Technol. 2013
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* 3D space discretized in voxels, size ~
back-projected pixel = I = WE

 Tomographic reconstruction = iteratively
solving this underdetermined linear
system

* Particles represented as intensity blobs
on a 3D grid, (« blobs »: because spread
over several neighboring voxels)

> displacement estimation can be done by

3D correlation (Interrogation Volumes,
instead of Windows)



3D PIV

Vorticliy [1s]

An example in turbulence

¥ /’?:_R?/;;ﬂ
\\L\“:[f' d Qﬁ :Gameras

Measurement
Volume

%QQCameras

O,
Tokgoz et al., Exp. Fluids 2012
G.E 1 1 L] 1 1 1 L]
O Change of DlatFte =3800
v £ °
05l O Change of D, at Re =14000 ]
' x (Change of D, at Re =47000 °
* 'l!?.l1ar||g|:--[:ufFh;-aEI
04r o w Change of overlap at Re ~3800 °
) A Change of overap at HEE_=14DEH]
— 03F 4+ Change of ovarlap at F|95=4?DDD
| o
v
02k o v
01 F %
Bhtax , 2
0 : OX x g0 % w v : H
0 10 20 30 40 a0 60 70

Bx / ?'I.K [-]

40
B 24
o8
0B
24
=40

Ak Kolmorogov scale

Oy ~ interrogation volume size

¢* dissipation rate normalized by the
actual value (torqgue measurement)

3D correlation: (very) significant filtering of
spatial scales!

— Due to lower concentration of particles
than in 2D, whereas still a minimum of
particles in the interrogation volume needed!



3D PTV

Reconstruction: particles in 3D from multi- |II.

view images
I(x) = E Eph (x - F(X,))
p=1

3D PTV

5 Render residual images | Measurement

=i

* Locate particle positions in the images

Subpixel accuracy guaranteed by the 2 —
4 Filter gho

sts O . . .
& 3 pixel image size!
W/\[M 1 Detect peaks
v State vector .

2 Triangulate

N e 5

Enhanced IPR, Jahn et al., Exp. Fluids 2021
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3D PTV

Reconstruction: particles in 3D from multi- III-

view images
I(x) = Z Eh (x - F(X,)) )
p=1

E,?

—p:

3D PTV

* Locate particle positions in the images

Necessary to handle large image
densities / important image overlap,
otherwise max volumetric density
limited!

= Advanced methods using:

Image formation physics

PIRynLs, Cheminet et al., Meas. Sci. Technol. 2018
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3D PTV

Reconstruction: particles in 3D from multi- III.

view images :
I(x) = Z Eh (x - F(X,)) .
=1

E,?

—p:

3D PTV

* Locate particle positions in the images

Necessary to handle large image
densities / important image overlap,
otherwise max volumetric density
limited!

= Advanced methods using:

Learned image formation

Peak — CNN, Godbersen et al., Exp. Fluids 2024
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3D PTV

Reconstruction: particles in 3D from multi- III.

view images
I(x) = Z Eph X — F()_(p)) X, E,
p=1 -

3D PTV

5 Render residual images Measurement . ey . .
* Locate particle positions in the images

* Triangulate:

4 Filter gho

sts " '?"'"'}

A J
ﬁwﬁm‘ 1 Detect peaks
v State vector .

2 Triangulate

Enhanced IPR, Jahn et al., Exp. Fluids 2021
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3D PTV

Reconstruction: particles in 3D from multi- III.

view images B
I(x) = Z Eph X — F()_(p)) X, E,
p=1 -

3D PTV

Camera 2

* Locate particle positions in the images

* Triangulate:
* Back-project (ray tracing) particle
positions to volume
* 3D particle positions are in the
centre of zones where 4 rays are
close to crossing (never cross
exactly: residual calibration errors!)

Camera 3

Camera 4

\ Camera 1

Cornic et al., Meas. Sci. Technol. 2016
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3D PTV

Reconstruction: particles in 3D from multi-

I(x) = Eh

view images

Ir-—-l;.

F(,)

3D PTV

5 Render residual images Measurement

4 Filter ghosts e

A Y
Mﬂﬁh\k 1 Detect peaks
. State vector .

2 Triangulate

N e 5

Enhanced IPR, Jahn et al., Exp. Fluids 2021
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* Locate particle positions in the images

* Triangulate:
* Back-project (ray tracing) particle
positions to volume
* 3D particle positions are in the
centre of zones where 4 rays are
close to crossing (never cross
exactly: residual calibration errors!)

* Iterative approach aiming at minimizing
residual images: discrepancy between
actual images and projection from 3D
particle estimate (= synthetic image!)



3D PTV

ing

Matchi

Motion estimation

i

>
3
=
O
wu

T\r\is Man

Have




3D PTV

Motion estimation: Matching

| @) | + AL

’ y
: i
H ] o
| ol I >
@ — O
E—
Fuchs et al., Exp. ' —— e
Fluids 2017 N, |
4 4 _
AImx . -/ﬁylm A:E (AI AT;)
2 2 min(Z(Az-Az_ )?)
OU +Az -Ay 0 +Ay
A
AR, AY
Novaraetal, Exp. @
Fluids 2023 AR A%,
) ] e - i = .
Ay h 551
®

In a neighbourhood
Pt

Standard Deviation o

3 Proportion of OQutliers y

Le Bris et
al., 2025

At Iarger scale ’

c{s S
W R

Regularized Vector Fleld u

L d

Nearest-neighbor accounting for
average (in space) displacement:

remains accurate if displacement
larger than inter-particle distance

3D Correlation-based predictor:
e 3D correlation on a coarse grid
(Cornic et al., Exp. Fluids 2020)
* Particle Space Correlation (Novara et
al., Exp. Fluids 2023)

The full package: matching by
predictor estimation with embedded
ghost rejection: Vector Field
Consensus (Le Bris et al.,
accepted at ISPIV 2025!)

let’s hope




3D PTV

An example: Double-Frame Tomo-PTV
| Re = 4600

« Tomo-PTV »: goal is PTV
but at some stages we

exploit principles from
Tomo-PIV!

o o

i Particle reconstruction

J?L ! Cornic et al.
| Exp. Fluids 2020

\:
I
<q

-

- : ‘T {

I
88 \ Temporal matching , 'tx Subvoxel refinement |
-~ S i - -



3D PTV

An example: Double-Frame Tomo-PTV  After matching (or prediction of
, ' position at next time — LPT ),

refinement of positions (X,,) and
intensities (E,) is necessary:

3D cam 4 f

* Obtained by minimization of

residual images:
2,2,

1 (x) - Zp Eyh (x — F(X,))

e Optimization either individually for
each particle
(some call it « shaking »)

2

* ..orglobally, all X, and E, at once
(some call it « global shake »)

7 ! Cornic et al.
| )/ ﬁ Exp. Fluids 2020

Subvoxel refinement,




3D PTV

An example: Double-Frame Tomo-PTV

5
o Lt
e
7,,,:‘.,‘;5;"5; A,
1 }y'a?’" Birs !
¥ 1

! 3
I '.{

g

VIV
1.4
12

038
06
0.4
02

-

Particle Particle
expansion expansion

X

Cornic et al.
Exp. Fluids 2020

I
Subvoxel refinement |

”’

mr

Temporal matching , X
_____________________________________ -’ - —— - - - - - - - -



3D PTV

Statistics: bin-averaging

vV, S v * Bin averaging: discretize space in small
a0 Domrlly . Planar PIV 0.14 volumic cells and perform statistics on
b + DF-TPTV = . DE-TPTV + .
12+ Tomo-PIV ~ " Tomo-PIV all vectors that were once in the cell

[
1 ‘;“"' ! ‘—'.'1?-"&.;-‘.*

+
|8

Zz x "**+ Small bins require high seeding
' ‘A ] o density and/or large number of

snapshots (if no spatial invariance)

04|

f NPt SO WP /.~
0.2 LIS AP AT
[ i

0.l _jf, :.",‘ il
v 0':/0' S/g'z/g'e oroee et * Bin-averaged statistics of 3D PTV of
L S higher quality than standard statistics
B T O R B IR R R e of TomoPIV (confirmed!)

N *‘- N v X I N / \
L A ) R |
N S e i ‘% Ty, | L
i i i i
ot I i I ‘Lm fuﬁum o o o e 0.
0 01 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09 1
r/D, /D, z/D N ,
: -0.5 0 0.5
x/D

|
;
[

d«l{t

N

z/D
[=]

N

1

ot Cornic et al. Exp. Fluids 2020



3D PTV/LPT

Exploiting temporal consistency: Lagrangian Particle Tracking
Schroder et al., Ann. Rev. Mech. 2023

Time-resolved multicamera recordings

Corrected tracked

IPR . . e, . .
t + new particlesat t;_, -
555 7] 4x3D particie douds Acquisition in single
IPR - —'0
t L= o C -
’ 028 frame mode
IPR S B
s © 0° ” Ok Tracking IPR
a o
< - (connect t;. ; to tracks
ty PR + create new 4-step tracks)

= high frame rate
lasers and cams

nitialization

tracking over H—‘—ﬂ -»0
ts ecordings) .
4 recordings) _/\ ﬁ\k@——H\‘

¢
L

m’*@ Residual images at t; . = dt given by

: ¥ >0 .
1€ S sTB: acquisition freq.
(Wiener filter) From 2D images
Prediction to 3D particle Image subtraction = Uu p pe r bo un d on max

e (extrapolation to tracks (original minus
I‘JE next time step, £ 1) back-projection) fl OW S peed

s % e

L] a

.': ;lh

'- ..:.:

.' (R P

Driginal inhages at t;, 4
Correction: “shaking”

" ]
¥' Predicted tracked (position optimization

particles at t;, of predicted particles) Corrected tracked
particles at t;, 4
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3D PTV/LPT

Exploiting temporal consistency: Lagrangian Particle Tracking
Schroder et al., Ann. Rev. Mech. 2023

Time-resolved multicamera recordings

Corrected tracked

IPR . e ey . .
t + new particlesat t;_, _
CJ-"_)CJU-" 4 A 3D particle clouds ' Ach|S|t|0n In Slngle
¢ IPR UJ Q” Q
: T frame mode
IPR 0029,
t3 © 59 "lg Tracking IPR
IPR e - (connect t;. ; to tracks
ty + create new 4-step tracks) z
Initialization upper bound on max
(tracking over ~ --
ts 4 recordings) (/\ﬁm‘) >0 ﬂOW Speed

r)@/\__\)_‘\i :C Residual images at t; .
F;f KO\O—Q.yb‘LO
If ok:

Fitted tracks En ggﬁ:“.ages
(Wiener filter) . .
Prediction to 3D particle image subtraction e cost-effective:
(extrapolation to tracks

(original minus

back-projection) Particle
Reconstruction only
performed at initial
instants (mostly)

next time step, t;, 1)

Original images at t;,

Correction: “shaking”
Predicted tracked (position optimization

particles at t;, of predicted particles) Corrected tracked
particles at t;, 4




3DPTV/LPT

Exploiting temporal consistency: Lagrangian Particle Tracking

Schanz et al,,
Exp. Fluids 2016
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fraction of undetected particles Fu

o,
P T

10 20 30 40

fraction of total ghost particles Fg ot

50

_____

40 45

snapshot

ol . e T S
10 20 30 40

50

Acquisition in single-
frame mode

= upper bound on max
flow speed

If ok:
* cost-effective:
Particle

Reconstruction only
performed at initial
instants (mostly)
 and the most
accurate option!



Large-scale 3D PIV / LPT

Helium Filled Soap Bubbles

e (Very) large particle sizes (~ 300 pm most
common)

= much brighter

= much larger volumes (or planes!), using multi-

LED systems

Grille Guerra et al., Exp. Fluids 2024

@ 0.75 mm

. ‘f)of‘"’f“‘?“_ﬁq * Neutral buoyancy thanks to Helium
} 2o eng >l . . -
® c?a o o F1 * Depending on optical setup: form similar
! o . . .
¢ 1] images to other tracers, or images with glare
points
® 3 mm
. Limits:
#2.6mm |

' @— * Turbulent flow: their size! (could be of order
( ) of turbulent sizes)

* Short lifetime / fragility:
* Break-up due to shear (near-wall)
 Must be injected quite close to test
section = possible disturbance of flow by
injection devices



Large-scale 3D PIV / LPT
Rayleigh-Bénard Convection with HFSB

Schréder et al., Ann. Rev. Mech. 2023 Bosbach et al., 14th Int. Symp. on PIV, 2021

ir@ 1 atm Er—e *
gl ..

time-step / 104
2 s

RBC cell, filled
with tracers
105:
Low partlcle image den5|ty )
(0.005 PPP) =
104_
Med|um partlcle 1mage den5|ty 7418
(0 04 PPP)
10°

0 250 500 750 1000 1250 1500 1750
t[s]

Decreasing concentration
over time: lifetime of HFSB!
- e R : (although dedicated ~3 X
Image of single camera B L WOT S longer lifetime system)

o6 https://gfm.aps.org/meetings/dfd-2020/5f5fe77f199e4c091e67bfed



https://gfm.aps.org/meetings/dfd-2020/5f5fe77f199e4c091e67bfe8

Large-scale 3D PIV / LPT + Data assimilation

Rayleigh-Bénard Convection with HFSB

Schroder et al.,
Ann. Rev. Mech.
2023
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-0.10 -005 0 005 0.10

w (m/s)

Tracking of ~560,000 tracers ~
in the full RBC volume

Q-criterion from FlowFit
interpolation of tracks

https://gfm.aps.org/meetings/dfd-2020/5f5fe77f199e4c091e67bfe8
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Data assimilation

Filling gaps using physics... mostly from time-resolved tracks (LPT)...

V,(t,) Initialise Un(ty)
from tracks
att,

/'
VIC-TSA, Scarano et al., ~ ///"_;\ﬁ »
Exp. Fluids 2022

| |

\ Un(ty) (optimised)

AR

wisl(d| ¥
- oiply

«| Xk [¥[y
.

Cad

-
-
-

v

wp(t, — N/2At) wp(to — At) W (to) wy (to + At) wn(to + N/2 At)
BACKWARD FORWARD
VIC VIC

VZUh = _wah

\ \ \ v v

Uh_Vp Uh—V Uh—Vp Uh—Vp Uh—vp
N/2

J-n/2 J-1 Jo h Ing2 ' J= Z &
“NJ2
_ Time segment: T = N[At é

* Numerical velocity field on a 3D grid field sought as an ensemble of base functions
(vortices, B-splines) located at mesh nodes

* Coefs optimized so that numerical flow close to measurement and (incompressible)
Navier-Stokes equations (mostly penalization: no hard constraint, or only V- u = 0)

» Variants: input = one snapshot (with acceleration) / a sequence of instants
98



Data assimilation

... or the harder way (from a single velocity snapshot, no acceleration!)

measured data: m

g o R I
‘S\h., P i
QR b S ) VIV
A Fod
. ' 1.4
1.2

08

U R 0.4
i el 02

-0.2
-0.4

Available: u
at particles’
positions only
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Objective: minimize

11?11 {J = %Hﬂl — h(U)HQ}

h : measurement operator: mimics PTV

under incompressible Navier-Stokes constraint:
V:eu=0
(u-V)u— Re '"Au+Vp=f

... when minimum is reached, control
parameter f yields —du/dt !

— Available: u, p, du/dt

on a regular grid

Nice, but variational optimization + DNS _
= Vu, eddies...

= very expensive!

Mons et al., Meas. Sci. Technol. 2022



What should we do next?...

Improve ou

r tools to investigate singularities!...

French National Research Agency funded project BANG: CEA/SPEC (B. Dubrulle, F. Daviaud, A.

100 Cheminet, J. Le Bris, et al.), LMFL (N. Tawdi, et al.), ONERA (B. Leclaire, M. Hebey et al.)



What should we do next?...

Improve our tools to investigate singularities!...
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4D-PTV
(XXXXX*)

* fancy name to
be found by the
end of BANG, if

we are happy
with the result!

French National Research Agency funded project BANG: CEA/SPEC (B. Dubrulle, F. Daviaud, A.

Cheminet, J. Le Bris, et al.), LMFL (N. Tawdi, et al.), ONERA (B. Leclaire, M. Hebey et al.)



What should we do next?...

Challenges might also tell!...

1st Lagrangian Particle Tracking (LPT)
and Data Assimilation (DA) challenges

2" Lagrangian Particle Tracking and
Data Assimilation Challenges

JAN 31

PAOPAS

® & [

R

LPT and DA [m] 735 [=]

Challenge & ﬁ""- TOKYO @

test cases r : @ ISFV21
[=] & ISPIV2025

Organizers # ONERA <3
DLR __———— T Delft Pe:gtate

andreas.schroeder@dir.de  benjamin.leclaire@onera.fr  a.sciacchitano@tudelft.nl  sgrauer@psu.edu
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