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Interferometric imaging is quite simple

UV coverage -- MJD: 56466.30738604845, nuwv: 2373
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Just do that
\

Black Box™

Please standby while rabbits

are working on your image...
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Sometimes It does not work.

Black Box™

Please standby while rabbits

are working on your image...

"

@‘3) (?EE%%EFEECZ’LI;E Max-Planck-Institut

fiir Radioastronomie

I’.@vatoire - LESIA
de Paris

\ B
GeorglaState University %

NASA Exaplane Science nstitute



VLTI SUMMER SCHOOL 2021

Sometimes It does.

Persistent polar starspot

2013 imaging of { And Temperature
(Aitoff projection) g ° 4 ng
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Transient starspots

Just add|to your paper!

ILETTER Black Box™

doi:10.1038/nature17444

No Sun-like dynamo on the active star
¢ Andromedae from starspot asymmetry

R. M. Roettenbacher?, I. D. Monnier!, H. Korhonen®?, A. N. Aarnio?, E Baron'#, X. Che!, R. O. Harmon®, Zs. K6viri®, S. Kraus7,
G. H. Schaefer®, G. Torres”, M. Zhao''9, T. A. ten Brummelaar®, . Sturmann® & L. Sturmann®

Sunspots are cool areas caused by strong surface magnetic fields The surface temperature maps for { And show peaks of 4,530K
that inhibit convection'2. Moreover, strong magnetic fields can  and 4,550 K and minimum values of 3,540 K and 3,660 K in 2011 and
alter the average atmospheric structure?, degrading our ability to 2013, respectively. The ~900-K range of temperatures we see across
measure stellar masses and ages. Stars that are more active than  the surface is slightly larger than the ~700-K range found from recent
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The End?
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What do we want from imaging?

We want to determine and characterize the
most probable image(s) given a dataset D, as
well as some other background info M

Traditionally a single “most probable” image
IS given

Research is ongoing to determine effective
algorithms giving the spread of potential
images via error maps (“Is this spot real ?”)

We don’t want artefacts

Georgla&a;te[hnvgsuy @e
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Paladini et al. 2018
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What is an image?

* Images can be:

Al (mas)

* Model-based: a geometrical or physical
model is used to fit the data

» Model-independent: the image is represented : *. *. [ & | & | &
by many identical model parameters, such ..l.lf....l., |
pixel intensities or a vector of stellar surface 5@ @ L -
temperatures. g

* Mixed: a model Is used to account for certain = * - wms - oo - [ vowaser - [ worasss_- |

|||||||||||

Af {mas)
(=]
I

spatial components (unresolved star in YSO), 5 * -y 1
spectral behavior (A\~*) or temporal behavior ~ * .. ... JEy

(Ol'blt) § 0 -5 & 0 -5
Herbig AeBe images from VLTI-PIONIER data
Kluska et al., 2020
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A famous example: the 2004 Interferometry Beauty Contest data

UV coverage -- MJD: 53107.0, nuv: 247
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Most of the code used for this talk can be found at github.com/fabienbaron/OITOOLS.jl/demos
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squared Visibility Amplitudes
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A famous example: the 2004 Interferometry Beauty Contest data

Squared Visibility Amplitude Data
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Most of the code used for this talk can be found at github.com/fabienbaron/OITOOLS.jl/demos
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A famous example: the 2004 Interferometry Beauty Contest data

Closure phase data
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Most of the code used for this talk can be found at github.com/fabienbaron/OITOOLS.jl/demos
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Checklist of ingredients for image reconstruction

A data set: choice of observables to take into account: powerspectra,
closure phases, triple amplitudes, differential phases, fluxes (whatever is in
your data)

)\min

Angular size of a pixel (example: 0.5 mas/pixel). Typically A6 ~ 1B

Field of view: image size (typically: 64x64, 128x128 pixels)

A choice of Fourier Transfg)rm (exact DFT, NFFT, including or not bandwidth
smearing) to define the X

Choice of regularization functions and their weights relative to X2

An initial guess (example: point source at the center, random values, model
fitted from the data)

An algorithm to optimize the chi2 starting from the initial guess

Q@ cztgsc%%gy;e Max-Planck-Institut
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Reminder: the forward model. from image to observables

Discrete Non-equispaced ‘ V ‘ 2
Fourier or Fast Y
Transform Fourier
(slow, exact) Transform - Powerspectra
V — H.x (fast yet accurate)
(u v)) ~ Triple Amplitudes
X : > ‘/ 5 T5 = ‘/le‘/}kvlm argTs = Co
: / _ Closure phases
Image / Compl Bispectra (via bispectrum)
/ visibilities
R Re(V) C¢, Do
\J Phase of complex visibilities Closure phases (via phases)
Differential phases

iir R Hll]l astronome
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Direct Inversion: dirty beam, dirty map

Dirty Beam

6 Dirty Map - No Noise 6 Dirty Map - from |V| ™2

DEC (mas)
DEC (mas)

0 —
RA (m RA (mas) RA{ma)

RA(ma)

Ve Ha — @ — (HTH) 1H’r v

H only depends on the uv coverage + wavelengths + image size/field of view

Set V =1 for all uv points - dirty beam image, akin to the PSF of the observations
Use magic to measure noiseless complex visibilities V at each uv point - dirty map image

Use actual measured ’V’ data to infer V - dirty map from ’V’
b &a) Observatoire  Max-Planck-Tnstitut
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Direct Inversion: dirty beam, dirty map

[ Dirty Beam

6 Dirty Map - No Noise 6 Dirty Map - from |V| ™2

4

DEC (mas)

_ 0 - — = - - _
RA (mas) RA (mas) RA {mas) RA (mas)

Yet this data set is one of the easiest to image.

We often have more pixels in the sought image than measurements, so the image
restoration problem is ill-posed.

Even when there are lots of data, the effective amount of information contained in
them is still insufficient to properly recover all the image information.

We need a better approach to this ill- posed inverse problem
9 &a) Observatoire  Max-Planck-Institut
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Bayes theorem to the rescue

We want to compute the probability of an image x, knowing the data D and a model of
image formation and background information M

Pr(D|x, M)Pr(x|M) x L(z)7(z)

: vy
Likelihood Prior

Pr(z|D, M) =

Posterior probability of the image

Likelihood of the image — how well the image fits the data

Pr(D|z, M)

||
5
g

Our prior knowledge of the image — what we would expect the
PT((B ‘ M) — T (213‘) image to look like even without new data. M includes our choice
of priors and how strongly we enforce them.

Q@ (?ESC%QEECZ’H:F Max-Planck-Institut
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Regularized maximum likelihood
Taking the log of the previous expressions

—log Pr(x|D, M) = —log L(x)—logm(x) = %Xz(a:)nLuR(a:)

_ 1.2
£(£B> X € 2 X (a:) Gaussian likelihood, normal error distribution on data

T (33) X Q_MR(:B) Ad hoc expression, R is called a prior or regularization function

The more likely an image, the lower the criterion J(ZE) — 5)(2 (:U)—I—,LLR(%)

The most likely image given D and M is found via maximum a posteriori,
also known as regularized maximum likelihood:

Topt = argmin J(z) = argmin {x°(z)+uR(z)}
rcRN XN rcRN XN

” Qj) Observatoire  Max-Plar kl _
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The Likelihood term: what is it?

1.2
L(x) x e 2X (@)
The likelihood measures how well the image fits the data

Data 1s assumed with Normal distribution, as specified in the
OIFITS standard

Multiple observables in different tables (OI VIS, OI V2, Ol T3)
have Gaussian distribution characterized by nominal value + error
bar

2 2 2 2 2
X (ZU) = Xv2 T Xthhi T XtSamp + Xdiffvis

Current image x — current visibilities — current observables, to
compare to actual data recorded

4 ‘.“_‘.».'l:f'-. Q(a) (?}g%%%gbl;e Ma)-Plam:k-luslilllll
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omputed

\ 45

Measured (OIFITS data)
V2, ov2

Powerspectra

’T3 ‘ Tga’mpa O T3amp

Triple Amplitudes

arg Ty = Cp T'3pht, oT3,n;

Closure phases

Do VISpht,ovisphi

Differential phases

\ e
Georgla&a;te[hnvgslty @

VLTI SUMMER SCHOOL 2021

Reminder: from model observables to X

model(x) — data
R
F=IRIE =) R
2 —Z V-2
V2 =
P i, V2

Q@ (?ESC%QEECZ’H:F Nla)-Plall(:k-lllslilllll
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Effect of the different observables on imaging

B 1112w - All data

1112w - T3PHI only 1112w - T3PHI + T3AMP

1112w - V2 only

[3*]
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-6 -4 -2 0 2 4 6 -6 -4 =2 0 2 4 6
RA (mas) RA (mas)

RA (mas) RA (mas)

The powerspectrum data encode the Fourier radial profile of the target.

It is often said that “closure phases encode the flux asymmetries of the target” but
not the location of said flux.

Reconstruction from bispectrum (initially what IRBIiS did) look good.

Powerspectra and triple amplitudes provide different measurment of the visibility

amplitudes. —
S Q@ (?tlx‘,:%%gy;e Max-Planck-Institut

fiir Radioastronomie
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Common issues with likelihood

| | low SNR high SNR
Hidden correlations between . Lg
observables, and between spectral “| vy | = - .-
channels (depends on instrument) | T
Insufficient by itself I “ E 4ees,

- Previous images included el | v

regularization |
Hard to minimize PO [ S A cqomle v n s o mme pa s
—E000 —4000 = 2000 a 2000 =2000 [+] 000D 4000
— Multimodal due to missing phase Bispectrum noise distribution

(local minima)

— Non-convex

B @(3) (?,..,c QEE\CZ'U;E Max-Planck-Institut
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Common issues with likelihood

A Im

* Hidden correlations between JL
observables, and between spectral !

channels (depends on instrument) LI\ @
* Insufficient by itself RN
- Previous images included <
H H AN Y Re
regularization L VAN -

* Hard to minimize

— Multimodal due to missing phase
(local minima)

— Non-convex

Q(a) (?HSC%%CZ’H:F Max-Planck-Institut

fiir Radioastronomie
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Common issues with likelihood

* Hidden correlations between
observables, and between spectral
channels (depends on instrument)

* Insufficient by itself

- Previous images included
regularization

* Hard to minimize

— Multimodal due to missing phase
(local minima)

— Non-convex

, @(3) (?rmc [;E‘IA:(Z)U;E Max-Planck-Institut
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Software

Optimizer

Regularizers
(not
exhaustive)

Polychromatic

Dynamical
imaging

Simultaneous

Model fitting

) 4
GeorgiaStateUnaversity

MiRA

VMLMB Semi-
Newton method
with inexact line
search

Soft support,
entropic priors,
field of view,

total variation, ...

No

No

Yes

Image

MiRA 3D

Alternating
Direction Method
of

Minimizers

MiRA's + group
sparsity and
other
polychromatic
ones

Yes

No

No?

I’.@vatpofre -~ LESIA

VLTI SUMMER SCHOOL 2021

reconstruction codes

BSMEM
(discontinued)

Trust region
method with
Nonlinear
Conjugate Gradient
step

Smothness 12 and
Maximum Entropy.

No

No

No

PAINTER
(unused)

Alternating
Direction

Method of
Minimizers

L1 norm of
Wavelets

Yes

No

No

IRBIS

LBFGS

Tikhonov, edge
preserving
smoothness,
maximum
entropy

Yes

No

No

(D) Qeznvatcire

SQUEEZE
(formely
MACIM)

Simulated
annealing,
parallel

tempering

LO, Shannon
entropy, total
variation,
laplacian,
wavelets,
group sparsity

Yes

No

Yes

Max-Planck-Institut
fiir Radioastronomie

OITOOLS &
ROTIR

VMLMB

or

Half quadratic
+ patch priors

All classic
ones + patch
priors

Yes

Yes

Yes
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Optimization methods: local optimization

* Local optimization: we start from an initial image with a given chi2 and we
go down from there

— Solution 1: gradient descent methods (MIRA, IRBIS, OITOOLS)

* The classic way of solving the minimization problem, requires the
analytic expressions of the gradient of the chi2 and of the
regularizations with respect to vector x

OR
simple Tkohnov ~~ R(z) = [|z||* = ) 2] = o =22
) £r

involves more complex differentiation

x>
T

!-. Q@ (22%%%9”;2 Max-Planck-Institut

fiir Radioastronomie
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Optimization methods: local optimization

Example of gradient for the powerspectrum

(‘V‘i o ‘V‘z,data)Q

XQZZ 0-;%

k
2
ox _ZQ‘V‘k ’V’k ,data 3|V\k
6.%,; . O']% (')a:z
oV |2 OV VF « Vi N

&a) Observatoire  Max-Plar o

fiir Radio
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Georgla&a;te[hnvgslty @.’




VLTI SUMMER SCHOOL 2021

Optimization methods: local optimization

—T 10 10

r 08

DEC (mas)
DEC (mas)

Local minimum

—> X

Y

0.0

The gradient
0J(x)

has the same size as the current image.

T
ox
_ 27 \*"/is the steepest descent direction. Going this way will decrease the criterion.

ox

Advanced codes like MiRA make better use of the gradient than the steepest descent and
also approximate the second derivative as needed.

iir Radioastronomie
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Optimization methods: local optimization, ADMM

* Local optimization: we start from an initial image with a given chi2 and we
go down from there

— Solution 2: ADMM (MiRA-3D, PAINTER)

* Alternating minimization scheme between likelihood minimization
and reqgularization

* Ideal for polychromatic imaging: very efficient parallelization to
very large number of spectral channels

* Availability of proximal operators limits regularization choices
* Finicky convergence (hyperparameter need tweaking)
* Has not been used yet “in the wild”

Q@ cztgsc%%gy;e Max-Planck-Institut
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Optimization methods: global optimization

Global optimization: a strategy that attempts to explore the entire range of
possible flux values for x.

— Possible solution: stochastic methods (SQUEEZE)
— Alarge number of flux elements are moving on an empty image
— Each move made by these elements changes the criterion

— SQUEEZE uses simulated annealing: moves improving the chi2 are
accepted, moves worsening it are not always rejected

— Slow exploration: unusable for polychromatic imaging with more than
10 spectral channels

— Avoids local minima: somewhat verified in practice

— Flexible regularization: no need for analytic gradients of regularizers

%| Q@ (ztlzsc%%gy;e Max-Planck-Institut

fiir Radioastronomie
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Interferometry Beauty Contests

Organized every 2 years at SPIE Astronomical Instrumentation conference
Everyone can participate. Next one in 2022!
Constitute decent benchmarks of software capabilities... or of regularization strategies!

B, Qa) O*,’%%QPE?L’L? ?‘[a,.PIam:k-lllslillll
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Lo wasy

DEC (mas)

-6 -4 =2 0 2
RA (mas)

Georgla&a;te[hnvgslty @‘

Classic regularizers in OITOOLS.jl

6 .
Positivity only Compactness Tikhonov
4
2
g o]
a (=]
-2
—4
-6
—6 —4 -2 0 2 4 [§]
—6 —4 -2 0 2 4 6
RA (mas) RA (mas) RA (mas)

Total Variation

DEC (mas)
DEC (mas)

RA (mas)

RA (mas)
Max-Planck-Institut
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Choice of regularizer(s)
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Choice of regularizer(s)
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Compressed Sensing, Sparsity

Sparsity: an image is “sparse” in a basis If it can be expressed as a small
number of non-zero coefficients in this basis

For a sparse image, optimal image reconstruction can be achieved (Candes
2007, Donoho 2008) by minimizing the number of non-zero coefficients in the
sparsity basis

This leads to regularizers based on the 50 pseudonorm (= nhon-zero counts)

1 where z; > 0 non-convex
fo(Ax) ZI (Az); I(z) = {0 lsewh non-smooth
CIREWHELE requires global optimization

Or basgg o388 . ARHB{SHT. 8 Fhanlute values)
(1 (Ax) Z | Ax|;

» Convex

| Qj) Observatoire  Max-Plas kl

[th

\ . o
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A well known example: total variation = spatial gradient sparsity

Example: Spot on
a uniform star

Rry(w) =6, (V) =Y |V,

1

WARNING: spatial gradient # gradient of chi2 with respect to x

Sl TN r
I Q(j) (?t,’sc%%g”;e Max-Planck-Institut

fiir Radioastronomie
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Examples of Compressed sensing results

Compressed Sensing Sparsity basis

_ Truth Image’ _ Reconstruction p,p < 1 are non-convex
Case 1: :
YSO Disk w/ § Isotropic
high-quality wavelets
UV coverage; (BSWAVE)
/o cannot always be
Casg 2 substituted by 61 ,
YSO Disk w/ e.g. in image plane
only 4-T Arclets fl
or any flux
UV coverage (SQUEEZE) .
conservative wavelet
transform.
Case 3: ‘
Star+Spot w/ _
only 4-T Gradient
UV coverage * (SQUEEZE UD)
Simple compressed sensing results
Baron et al. 2014 _
ooty N e Lesin G Qe i
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The limit of Compressed sensing

normalized L, error, p = 200

1.0 1.0
Donoho-Tanner phase 0.9 0.9
change: below a certain 0.8 0.8
number of data, probabilty N 0.7
of optimal recovery - i 10.6
becomes too difficult < 0.6 0'5
1 9.5 | 04
No magic this time! 0.4 - 0'3
. 0.2
0.2 0.1

0.1

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

6=nlp
I’D@vﬁgﬁe - LESIA
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5
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1

b

Support priors: dangerous. What
happens if | use the wrong prior
with too few data points?

[::ll'lltl.:li '[i I"H

Mike and ('url Gordon

The example of using a prior image
in MACIM (older version of
SQUEEZE).

3 @‘3) (ZE%%%CZ)H;E Max-Planck-Institut
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Imaging with a wrong prior image: flat prior

PRIOR Flat Prior

SETIES ’
[ ] Q(j) (?tl’sc%%gﬂ;e Max-Planck-Institut
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Imaging with the wrong priors: flat prior, constrained short baselines

PRIOR Flat Prior + low freq from PTI

3 2 1 0 -1 2 -3

ST p
[ ] %(3) (?tl’%%%gﬂ;e Max-Planck-Institut
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Imaging with the wrong priors: elliptical prior, too small

Artefact!
PRIOR Smaller -10%

3 2 1 o -1 -2 -3

I’D@vail;;owe: LESIA €98
de Paris

/ kk@ (22%%%9”;2 Max-Planck-Institut
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Imaging with the wrong priors: elliptical prior, too large

Bleeding
PRIOR Bigger +10%

él kk@ (22%%%9”;2 Max-Planck-Institut
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Imaging with the wrong priors:

elliptical prior, wrong angle
p p g g Artefact!

PRIOR Rotated 30 degrees

3 2 1 0 -1 -2 -3

,‘& ‘.«""’. -.'», %(3) (22%%%9”;9 \'IEL\-P[EIII(‘k—l]l‘lill.ll
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Imaging with the wrong priors: elliptical prior, just right !

PRIOR MACIM +Maximum Entropy

3 2 1 0 -1 2 -3 3 2 1 0 -1 -2 -3
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First resolved image of a main sequence star (beyond Sun)

Science, 2007
Altair Model (3=0.19)

Monnier et al.,
Altair Image Reconstruction

North (milliarcseconds)

2 1 0 -1 -2
East (milli

\ »
GeorglaSta;teLhuve!sny @

I’.@vatpoyre. LESIA B

North (milliarcseconds)

2 1 0 -1 -2
... East (mllllarcseconds)

“gl Observatowe Max-Planck-Ins
g \a) fiir Radioastr




VLTI SUMMER SCHOOL 2021

Q@ (?!I!SC%QEECZ’H:F Max-Planck-Institut

fiir Radioastronomie

Georgla&a;te[h:vgslty @




VLTI SUMMER SCHOOL 2021

Effect of regularization weight hyperparameter p

u=Ie

DEC (mas)
DEC (mas)

6 —6 —4 -2 0 2 4 6 —6 —4 -2 o

-6 -4 -2 0 2 4
RA (mas) RA (mas

RA (mas)

U increases = more regularization = relative x? strength is lower

/ . N ()bsewatolre Max-Planck-Institut
I .@V}aj&olre - LESIA QE-)) u SSTELAZHR  fur Radioastronomie

N\
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50

relative 8 (mas)

-50

VLTI SUMMER SCHOOL 2021

For some objects, one can more easily identify under and over regularization

Tl S0 S0 T 7

T R e T

“.

-
»
|
relatweoﬁ (mas)
4
»
!
relatwe: (mas)

e oM W, ey S O T e S (U I O =50 . 1L

0 -50 50 0 -50 50 0
relative o (mas) relative o (mas) relative o (mas)

Renard et al., 2011
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108

1077

fpriclr

1078

1079

The L-curve heuristic

1013
1012

107

1. Run your reconstructions with different
values for u (logarithmic if no clue)

2. Plot chi2 vs regularization values in your
best images

3. The best weight for p is the one that ever
slightly worsen your chi2. This corresponds
to the elbow in the L-curve.

Note: this assumes there is an optimal u. The correct
Bayesian approach would be to treat u as another

Kluska et al., 2016

variable, described by P(u), then marginalize over it.

MIRA-SPARCO with smoothness

Obs%rvatmre M -Planck-Tnstitut

ir Radioastronomie
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100.0

Some issues with L-curve

L curve fo Total Variation Cality criterium for Total Variation
L] 1 L] L] | L] 1 L] L] | T L] | 1 D_a T T T T T T T T T : T T T T ]
- I| .
I ' i
I | ; N
| 5
i E d . -
2 :
- 0 : a
! =277 : ]
o
- =3
| a C .
T B : uwr=1579.05 -
A 1:}—5 L L L L L | L L 1 :l L | L L L L L
1078 10+0 10+2 10+ 10%6
Kluska et al., 2014 n

fiir Radioastronomie

Q(a) (?mc ';\é'?tACZ’H:‘? Max-Planck-Institut



VLTI SUMMER SCHOOL 2021

Maximum entropy

Advice on procedure

* Generate a model of the target
you want to reconstruct

* Simulate the observations of this
object, copying the uv coverage b=
and signal to noise from the s Yaniaton
original data ‘

Uniform disc regularizer

* Reconstruct with various
regularizations

* This allows to detect artefacts S0 08 op o8 g
from the reconstruction process
and to improve the regularization

I’.@va&owe -~ LESIA
de Paris

Simulations of reconstruction of large cells
on red supergiants for CHARA
Baron et al. 2014

Q@ (22%%%9”;2 Max-Planck-Institut
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Polychromatic imaging

A&A 564, A0 (2014) Astronomy
DOI: 10.1051/0004-6361/201322926 4
© ESO 2014 Astrophysics

SPARCO: a semi-parametric approach for image reconstruction
of chromatic objects

S PA R CO Application to young stellar objects

J. Kluska', F. Malbet!, J.-P. Berger?, F. Baron?, B. Lazareff!, J.-B. Le Bouquin', J. D. Monnier*,

po IyC h ro m atl C m Od e I) F. Soulez’, and E. Thiébaut’

Institut de Planétologie et d’ Astrophysique de Grenoble, UJF, CNRS, 414 rue de la piscine, 38400 Saint Martin d’Heres, France
e-mail: jacques.kluska@obs.ujf-grenoble. fr

European Southern Observatory, Alonso de Cordéva 3107, Casilla 19001 Vitacura, Santiago, Chile

Center for High Angular Resolution Astronomy, Georgia State University, PO Box 3969, Atlanta, GA 30302, USA

University of Michigan Astronomy Department, 941 Dennison Bldg, Ann Arbor, MI 48109-1090, USA

CRAL, Observatoire de Lyon, CNRS, Univ. Lyon 1, Ecole Normale Supérieure de Lyon, 69364 Lyon, France

Lo oW

Received 28 October 2013 / Accepted 11 March 2014

Multi-wavelength imaging algorithm for optical
interferometry

Liric Thigbaut” f Ferréol Soulex

*niversite de Tvon, Lyon, F-GO003, France: Universite Toavon 1, Observataive de Tyon, O
averne Charles André, Saint-Geunis Laval, F-69280, Franee; CNES, UMLK 3574, Centre de

M I RA 3 D Recherche Astraphysione de Lyem: Feale Nomiale Supérienre de Tyon, Lyen, F-60007, Franee.

ABSTRACT

Chpliead llerloremeters provide muollipls swovelenglh measurements. T order o Dolly esplein the spectral s
. mew algorithmes far image reconstrioction have 1o he developed. Farly
el b recovering s groy e ol Che ol e
wow Lo pevower .Ill'

apatial resalntion of thess instrimen
nblenipts Lodenl wilk wulli-chromatie Dolerferome bei data s o
or independent monochromutie usges o some specleal bandwidils, The main challenge s
full 3-1» [spatio-specrral) brightmesa distribmrion of the astroncnical targer given all the available data, We
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Model image

Monochromatic MiRA
image reconstruction

SPARCO ' ' T D ' Bgi=0n
20- - 20+ =i
Kluska et al. 2014 -
% 0 * A % or 3 'y ' ~
' ol
. ¢ .]—
-20 - 20 ¢ 4.
T C— B T l.éo N
uv-plane Simulated V2 (high S/N) Simulated CP (high S/N)
I ] 1o} . i
5.1 & . 3 . 3
: at ) B k; ] 50: :w 4
107 e 3 '.r;; @ ;1’ N 1. [ g EU >
W Pog, Paas | B[ N
v ‘r‘('(.. k J.J‘-:;"’) - | | § ¥ _?5 : : *‘?:.*i‘ §‘* ; h
<t e . r i &4 » N " - : )
I I L /I S PR - § ’
v ]| T EREALESLS s :
[ 1 oof = ) . i
1 1 1 1 1 1 1 1 1 1 1 1 1 1 L 1 1 1 l- L 1 1 1 21 1 ‘I 10:7 6[ 1
Bmax/a
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Monochromatic MiRA MiRA/SPARCO image

Model image image reconstruction reconstruction
5 T T - - o . T r T T T T T T T T T
201 i 200 »p = 95 20l (=12
W — L] e
E o - E of .'y ol
E - ’
: . / -
. 4 1 1 [ 4 ]
B T el ’ l. " =20 l. 4.
1:‘0 0 -IZI 210 0 -éO = 2'0 - . -2|° -

, Unnormalized v_isibilities of point
source and environment (= image).

Both weighted by respective fluxes.

/

Flux normalization

\ &
GeorglaState University @

Analytic model of a polychromatic point source (power law -4)
+ single image with spectral power law deny

Obs%nratmre McL -Planck-Tnstitut

fiir Radioastronomie

) @




MIRA 3D

Thiébaut et al., 2012 & 2013
Soulez et al., 2014 + ongoing work

Alternating direction method of
multipliers (ADMM) —> sequence of
closed form subproblems for
regularization and likelihood terms

Transpectral regularization

2
Rioint = ) ) ) T
n A

I’.@vatoire - LESIA
de Paris

\ £ _c=‘ ..‘,
Georgla&a;te[hnvgslty @
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MIRA 3D

IIDetgiIeld vipw Iof tlhe §pe|ctre|1 ofltwq pqint sources

Transpectral continuity is P, :
imposed in addition to 6] T N@mwwa{\ fer g ielp o ]
= - B

ADMM allows trivial 3 47 -
parallelization of L g
wavelength reconstructions 3 :
? 2 ithout transpectral reg -

Distributed computing ] ﬁm ]
0 -ig"'_”_"_“_"_'ﬁu_" T 1 1 1 .'_‘l'_‘. LI B T 1 :

- —
495 500 505
wavelength (nm)

§ulez et al., 2013
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namical imaging (EHT)

THE ASTROPHYSICAL JOURNAL, 8500172 (15pp), 2017 December 1 hups: / /doi.org /10.3847 /1538-4357 faa97dd

@ 2017, The Amercan Astromomical Society. All Aghis reserved.

CrossMark
Dynamical Imaging with Interferometry

Michael D. Johnson' , Katherine L. Boun1ar1"2, Lindy Blackburn' , Andrew A, Chael' , Julian Rosen” s

Johnson et al 2017 Hotah}i Shiokawa' @, Freck Roelofs® @, Kazunori Akiyama® @, Vincent L. Fish® @, and Sheperd S. Docleman’
" Harvard- Suulhwmdn Center [or Aslmph\ sics, 60 Garden Slru.,l CdIllbl'ld‘g,L MA 02138, USA; mjohnson@elaharvard.edu
* Massachusetts Institute of Technology, Computer Science and Artificial Intelligence Lahoratory, 32 Vassar Street, Cambridge, MA 02139, USA

“ Umiversity of Michigan, Department of Mathematics, 530 Chuu,h Street, Ann Arbor, MI 48109-1043, USA

Department of Astrophysics, Institute for Mathematics, Astrophysics and Particle Physics, Radboud University.,

P.O. Box 9010, 6300 GL Nijmegen, The Netherlands
* Massachusetts Institute of Technology, Haystack Ohservatory, Route 40, Westford, MA (01886, USA
Received 2017 July 30, revised 2017 October 27 accepted 2017 Oc tober 31 published 2017 November 30

Reconstructing Video from Interferometric

Measurements of Time-Varying Sources
Bouman et al. 2018 tyne

Katherine L. Bouman®-2, Michael D. Johnson?, Adrian V. Dalca®?3, Andrew A. Chacl?,
Freek Roelofs?, Sheperd S. Doeleman?, William T. Freeman!®

St I M t h "Massachuselts Institute of Technology, CSATL ?Harvard-Smithsonian Center for Astrophysics
arwarps a g O rl I I l *Massachusells General Hospital, HMS "Radboud University 5Guogh: Research
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Simulation

16:00:00

Ilwvatolre LESIA ‘% Q(a) ()b%%waggy;e Max-Planck-Institut
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Johnson et al. 2017

Average Image Blhurred Average Image

B

EIT20174+CA+KP

Three dynamical regularization terms

Smoothly Varying Images over Time Ra,

A Stable Average Image with Small Perturbations Ra;

Time-variable Images with Regular Motion Row

Q(la) CEESC%%CZ’U;E Max-Planck-Institut

fiir Radioastronomie

Georgla&a;te[hnvgslty @3




VLTI SUMMER SCHOOL 2021

Johnson et al. 2017

Average Image Blhurred Average Image

EIT20174+CA+KP

Smoothly Varying Images over Time R,

the summed difference among all adjacent images after blurring the frames I — B(I )
using a circular Gaussian kernel with standard deviation OA;

N1 D, I = DU'||D) =

Ral{lih) = > DBU), Bl ).
i—1 D I = |1 - 1|

This regularizer penalizes changes between frames via a difference
function. There is decreasing penalty for changes on scales smaller than oA,
It does not favor stable “momentum” of features between frames.

) Q@ ()b%%wa&gy;e Max-Planck-Institut

fiir Radioastronomie
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Johnson et al. 2017

Average Image Blhurred Average Image

EIT20174+CA+KP

A Stable Average Image with Small Perturbations Ra;

This regularization is adapted to the
case where each frame can be
described as a small perturbation from
the time-averaged image.

Mg

L, = N

N,
R&I{{Ik}:' — Z D{nga I;)
Possible application: convection cells? j=1

Q(la) CEESC%%CZ’U;E Max-Planck-Institut
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Johnson et al. 2017

Mverage Image Blurred Average Iinage

. 4

EIT2017+CA+KP

Time-variable Images with Regular Motion Rtiow

ot
This reconstruction =1(x,y,0) =0t x (v - NI+ 1V -v)
strategy must N— 1
simultaneously Raow( {1}, m) = I...— (I — - [EmDIP
estimate the flow fow( {1}, m) }Z::I LAY jmD|
vector field m = vét/dx. N1

e T . T 7. 12
Possible application: YSO disks ~ Z ||IJ 1 —Li+m- VL4 (V m)II”
on long time scales, star spots on /

Q(la) CEESC%%CZ’U;E Max-Planck-Institut

fiir Radioastronomie
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Imaging on spheroids
LETTER

doi:10.1038/nature17444

No Sun-like dynamo on the active star
¢ Andromedae from starspot asymmetry

S U R FI N G R. M. Roettenbacherl, J. D. Monnier!, H. Korhonen®?, A. N. Aarniol, F. Baron!*, X. Chel, R. O. Harmon?®, Zs. Kéviri®, S. Kraus!7,

G. H. Schaefer®, G. Torres®, M. Zhao'-'?, T. A. ten Brummelaar®, . Sturmann® & L. Sturmann®
Roettenbacher et al., 2016

Sunspots are cool areas caused by strong surface magnetic fields The surface temperature maps for { And show peaks of 4,530 K
that inhibit convection'?, Moreover, strong magnetic fields can  and 4,550 K and minimum values of 3,520 K and 3,660 K in 2011 and
alter the average atmospheric structure®, degrading our ability to 2013, respectively. The ~900-K range of temperatures we see across
measure stellar masses and ages. Stars that are more active than  the surface is slightly larger than the ~700-K range found from recent

Drarr vERSION NOvEMBER 30, 2020
Typeset using TATEX twocolumn style in AASTeX63

ROTI R Dynamical 3D Interferometric Imaging of A Andromedae

ARTURO O. MarTivez 2.52 Fagiex R. Barox,? Jorn D. Monnter,* Racaarn M. ROETTENBACHER 0 AN

Martinez et al., submitted J. Boveier Parks’

LCenter for High Angular Resolution Astronomiy, 25 Park Place NE #6035, Atlonta, GA 30303-2911, USA
2 Department of Physics and Astronomy, Georgin State University, 25 Park Place NE #6035, Atlanta, GA J0303-2911, USA
3 Department of Astronomy, University of Michigan, Ann Arbor, MI 48109-1090, USA
L ¥ale Center for Astronomy and Astrophysics, Department of Physics, Yele University, New Hoven, O 06520-8120, /54
? Department of Physies and Astronomy, George Mason University, 4400 University Drive Fairfoz, VA 22030-4444, USA
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SURFING

: : Persistent polar starspot
. . . 2013 f £ And
Affine-invariant code ot il . Temperature (K)

developed by John Monnier 4,600

4,400
zeta Andromedae

4,200

4,000

3,800

3,600
Transient starspots

SURFING reconstruction of zet And
Credit: R Roettenbacher (U Michigan Roettenbacher et al., Nature, 2016
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ROTIR
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ROTIR can work on any tessellated surface

defined by a vertex vector v, including
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ROTIR

North (mas)

-2~

-
-
(<]

|
-

!
~

East (mas)

3953 4139 4325 4511 4697 4883 5069
Temperature

Map of lambda And in 2011
Martinez et al., 2020 (submitted)

ROTIR also does dynamical imaging, light curve inversion, and Doppler imaging is in the works.
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Machine learning: work In progress

Computational Imaging for VLLBI Image Reconstruction

Bouman et al., 2017

Katherine L. Bouman' Michael D. Johnson? Daniel Zoran' Vincent L. Fish*
Sheperd S. Doeleman?? William T. Freeman!+

. .
C I I I I a I p atC h p rl O r aI g O rlth I I l 'Massachusetts Institute of Technology, CSAIL  *Harvard, Center for Astrophysics  *MIT Haystack Obscrvatory  *Google

Abstract

Very long baseline interferometry (VLBI) is a technique

|

e
Jfor imaging celestial radio emissions by simultaneously ob- = I e, L
serving a source from telescopes distributed across Earth. = 5| =)
The challenges in reconstructing images from fine angular g ﬁ| C(_'_' JD
resolution VLBI data are immense. The data is extremely i : \_:'_:_ 4
spuarse and noisy, thus requiving statistical image models ) =2
such as those designed in the computer vision community. :I

i

In this paper we present a novel Bayesian approach for U (Wavelengths)

Claes et al., 2020
Generative Adversarial Networks

Paper 11446-110, Neural network based image reconstruction with
astrophysical priors, SPIE 2020.

Q(a) (?.-mc %g”;? Max-Planck-Institut
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Conclusion: the future of image reconstruction algorithms

Global optimization, polychromatic
and dynamic imaging, simultaneous
Image reconstruction and model-
fitting

Better error maps
Use of machine learning for

regularization and image
comparison

GPU acceleration (may be provided
by the language, or hand optlmlzed)

Q) Ohs%nratmre Max-Plar kl !

) 4
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Read these!

Principles of image reconstruction in optical interferometry: tutorial, Thiébaut, E and
Young, J.S., Journal of the Optical Society of America A, vol. 34, issue 6, p. 904 (2017),

https://ui.adsabs.harvard.edu/abs/2017JOSAA..34..904T.

Image reconstruction in optical interferometry, Thiébaut E. and Giovannelli J.-F. , IEEE
Signal Process. Mag. 27(1), 97—-109 (2010), nttps://ui.adsabs.harvard.edu/abs/20101SPM...27...97T.

Image reconstruction in optical interferometry: Benchmarking the regularization, Renard,
S. . Thlébaut, E.: Malbet, F., vol. 533, P. Ab64 (2011), https://ui.adsabs.harvard.edu/abs/2011A%26A...533A..64R.

D &j) Obs%rvatmre M ~Planck-Institut
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