


Imaging in Radio Interferometry

What do we measure, model, and make decisions about ?
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Processing : Turning raw data into image products
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Data : What do we measure ?
Core Algorithms : What do we model and reconstruct ?

Pipelines : How do we decide the best sequence of algorithms to run ?

General themes : Data volumes, Signal sparsity (bases), Knowns vs unknowns,
Signal-to-noise ratio, Physics constraints, Sources of uncertainty



Principles of Radio Interferometric Imaging

An interferometer is an
indirect imaging device

We sample the
spatial Fourier transform
of the
sky brightness
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Principles of Radio Interferometric Imaging

Each measurement :

VObSij = (El Ej*>5’l‘,5v

Parameters :

Amplitude, Phase,
Wavelength, Orientation




Principles of Radio Interferometric Imaging

Each measurement :

VObSij = (El Ej*>5’l‘,5v

T<u

UV-space (orK-space) : 2D spatial frequency domain - iFFT - Image
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Aperture Synthesis
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Image formed with
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Measurement Eqns : V°obs =[S][F] IS + n
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Image Reconstruction : V°obs =[S][F] IsY + n

min { || Vobs - [S][F] Imodel || ,> + AR(Imee!) }



Image Reconstruction : V°obs =[S][F] IsY + n

min { || Vobs - [S] [F] Imodl ||2 + AR(Imocel)

OBS MODEL  RESIDUAL RESIDUAL IMAGE
VIS VIS VIS

I I GRIDDING Algorithm Ingredients

—

Sky Model basis

Priors & Regularizers
Optimization Strategy
Instrumental Corrections

MODEL IMAGE

FFT

T DE-GRIDDING

Data <> Image Transforms Image domain

CASA algorithms/software


https://iopscience.iop.org/article/10.1088/1538-3873/ac9642

Image Reconstruction : V°obs =[S][F] IsY + n

min { || Vobs - [S] [F] Imodl ||2 + AR(Imocel)

OBS MODEL  RESIDUAL RESIDUAL IMAGE
VIS VIS VIS

I I GRIDDING Algorithm Ingredients

—

Sky Model basis

Priors & Regularizers
Optimization Strategy
Instrumental Corrections

MODEL IMAGE

FFT

T DE-GRIDDING

Data <> Image Transforms Image domain

CASA algorithms/software


https://iopscience.iop.org/article/10.1088/1538-3873/ac9642

Image Reconstruction : V°obs =[S][F] IsY + n

min { || Vobs - [S] [F] Imodl ||2 + AR(Imocel)

OBS MODEL  RESIDUAL RESIDUAL IMAGE
VIS VIS VIS

I I GRIDDING Algorithm Ingredients

—

Sky Model basis

Priors & Regularizers
Optimization Strategy
Instrumental Corrections

MODEL IMAGE

FFT

T DE-GRIDDING

Data <> Image Transforms Image domain

CASA algorithms/software


https://iopscience.iop.org/article/10.1088/1538-3873/ac9642

Image Reconstruction : V°obs =[S][F] IsY + n

min { || Vobs - [S] [F] Imodl ||2 + AR(Imocel)

OBS MODEL  RESIDUAL RESIDUAL IMAGE
VIS VIS VIS

I I GRIDDING Algorithm Ingredients

—

Sky Model basis

Priors & Regularizers
Optimization Strategy
Instrumental Corrections

MODEL IMAGE

FFT

T DE-GRIDDING

Data <> Image Transforms Image domain

CASA algorithms/software


https://iopscience.iop.org/article/10.1088/1538-3873/ac9642

Image Reconstruction
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Image domain
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Vobs =[S][F] IskY + n
min { || Vobs - [S][F] Imodel || ,> + AR(Imee!) }

Algorithm Ingredients

Sky Model basis

Priors & Regularizers
Optimization Strategy
Instrumental Corrections

ML/AI?

Super-resolution / denoising
-- Train for a range of PSFs

Learn a basis (latent space)
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Image Reconstruction : V°obs =[S][F] IsY + n

CLEAN Max-Ent Multi-Scale Adaptive-Scale + many,
many more
algorithms...

Uncertainty
guantification
is important

(Hogbom 1974, Clark 1980, ( Cornwell & (Cornwell, 2008) (Bhatnagar &
Schwab & Cotton 1983 ) Evans, 1985) Cornwell 2004)
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Image Reconstruction : V°obs =[S][F] IsY + n

CLEAN Max-Ent Multi-Scale Adaptive-Scale + many,
many more

algorithms...

Uncertainty
guantification
is important

%-v‘

Standardized
VS
Optimal ?

(Hogbom 1974, Clark 1980, ( Cornwell & (Cornwell, 2008) (Bhatnagar & Imaging-Decony
Schwab & Cotton 1983 ) Evans, 1985) Cornwell 2004)
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Measurement Eqns : Vobs =[S][F] IS* + n



Measurement Eqns : V°bs; =g;g;" [S;] [F] 1Y + ny
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Front-end electronics and signal path introduce a complex gain per antenna.

E, ~ 9:9; (E,Ej})

J
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Measurement Eqns

vebsy =g; g [Syl [F] ISY + ny

Front-end electronics and signal path introduce a complex gain per antenna.

E, ~ 9:9; (E,Ej})

J
? g =g;g; VW

To remove this instrumental effect :

(1) Observe a known calibrator source
before/after the target scans

) N e > |
(2) Derive a model of g; foralli ( NLLS)

(3) Interpolate ( generate from the model )
gig; for the target time range

(4) Divide the target data by g; g/



Measurement Eqns : V°bs; =g;g;" [S;] [F] ISV + nj

Accurate gain solutions depend on data SNR, gain variation, sky structure

Choices to make :

- Is SNR sufficient ?
- Average across time or freq ?

- Is the sky model good enough ?

gi (t7 ﬁ gj* (t, ﬂ VSkyij (t7 f)



Measurement Eqns : V°bs; =g;g;" [S;] [F] ISV + nj

Accurate gain solutions depend on data SNR, gain variation, sky structure

Choices to make :

- Is SNR sufficient ?
- Average across time or freq ?

- Is the sky model good enough ?

ML/AI ?

. . - Adaptive data-dependent choices
gt g (t1H Vo (t 1

- Predictive ? Tel monitoring / weather ?
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Measurement Eqns : V°Fs; =g,9; [S;][F] IS + n; + N,

Some data are contaminated by unwanted signals. Need to find and remove.
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Measurement Eqns : V°Fs; =g,9; [S;][F] IS + n; + N,

Algorithms : Outlier detectors + Masking : Manual, Automated (with tuning knobs)

0 mm s 0
- Model based flagging

20 ( derive model from data )

20

40 40

- Statistical flagging

60 60

- Use a-priori RFI info

80 80

-
:
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|
|
!
l
!
!
!
]
|
|

b 3§ .
0 20 30 40 50 60 0 0 30 50 60 0O 10 20 30 40 50 60
Frequency Frequency Frequency

- Model & subtract ?




Measurement Eqns : V°Fs; =g,9; [S;][F] IS + n; + N,

Algorithms : Outlier detectors + Masking : Manual, Automated (with tuning knobs)

0

20 =

y— . 0
: - Model based flagging

20 ( derive model from data )

20

g = e - Statistical flagging
i—

60 60 60 . . .

- Use a-priori RFI info
80 80 80
! W o - Model & subtract ?
0 0O 20 30 40 50 60 0O 10 20 30 40 50 60
Frequency Frequency Frequency

ML/AI ?

Model RFI signatures (mask/subtract), Pattern recognition, Prediction from past behavior....




Processing : Turning raw data into image products
Vobsy =g gy [Sy] [F] IS+ ny + N

Raw
Data

Data = Lists of complex nhumbers + metadata

N ant(N ant—1)/2 x N _chan x N_time x N_pol



Processing : Turning raw data into image products

Vebs, =g, g [Sy][F] IFY + n; + M

Raw Flaggin

Step 1 : ldentify and remove contaminated data




Processing : Turning raw data into image products

\/ebs, =% [Sy] [F] I+ n; + M
>
Flagging

Step 2 : Model and correct for instrumental effects

\ 4

Calibration




Processing : Turning raw data into image products

\/obs, =%* [%] |sky +X+ M

Raw Flaggin

\ 4

Calibration

Imaging

A Brodiete
( Products )

v

Images
Spectra

Time series

Step 3 : Reconstruct the image. Derive spectra and time series. Archive.



Processing : Turning raw data into image products

Raw
Data

VObSij = 0 Qj* [S;] [F] |sky

+ n; + Nrﬁij

A Brodiete
( Products )

Images

/ \
Flagging »| Calibration > Imaging

v

Spectra
Time series

When RFl is weak, SNR is low or the sky brightness is complicated

=> Need many steps (and repetitions) to navigate the error surface...

Algorithm Architecture



https://arxiv.org/pdf/2508.17187

Processing : Turning raw data into image products

Raw
Data

\

Vobsy =g g [Sy] [F] [My] 199

+ n; + N'ffiij

—

Flagging

\ 4

Calibration

—

: Imaging

A Brodiete
( Products )

Images

~—Y

v

Spectra
Time series

High-dynamic-range [M;] - More Instrumental effects + 2D approximations break

=> More algorithm choices to make when navigating the error surface.....

Algorithm Architecture
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https://iopscience.iop.org/article/10.1088/1538-3873/ace216
https://iopscience.iop.org/article/10.1088/1538-3873/ace216

Observe
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Data Analysis Pipelines
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1

Import data
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Bandpass Cal
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Flux Cal

Flag outliers

Time Cal
Apply solutions

A

Web-Logs of results, diagnostic plots, QA metrics

1
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Check size

Export Data/lmages
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] Split target data \
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| |

] Continuum Sub ‘

[Image ST \
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| Image Spectral |
|

Quality Assurance

Export Images
to Archive

Team of Scientists

Define & update
the pipeline model

- Flowchart of steps

Team of Data Analysts

Monitor QA logs
Intervene as needed
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Data Analysis Pipelines

Interferometry Pipeline

im PL debut

cal PL debut

CYC|e ( 10 years )

m PL cal and image

PL cal, manual im
m std mode w/ PL problem
m non-std mode

For the chosen metrics :

The (model) accuracy and
completeness has
improved steadily over
10 years.

Improvements continue...

Archived product metrics :

-- Standardized ?
-- Optimal ?

Goal : both...



Feature Identification and Extraction

Image Products

Moment Maps Image Cube Spectra
Phcleumted | 4 Astrophysics is done via
' J ! many derived quantities

3 e - Source counts / ids

- Spectra (pixel, integrated)
- Moments

- Time series

- Find/group/classify
structures and shapes

| |
\
| i A
LP W i) WL | Vg
v 1 Mo T Y ' AL TN 7, W

A o A DOy W g, w0 AT e o, I N 8 Py, Nt g R W, et NPT Py

- Need to understand
e uncertainties and error
bars from data
processing choices...



Large Data Volumes

ALMA - WSU

2K dishes, 1M dipoles ( 50 MHz - 30 GHz ). 66 dishes (35 GHz-950 GHz). 263 dishes (1 GHz - 100 GHz).



Large Data Volumes

More Observed Data

- Reduce Image Noise
- Better Resolution

2K dishes, 1M dipoles ( 50 MHz - 30 GHz ). 66 dishes (35 GHz-950 GHz). 263 dishes (1 GHz - 100 GHz).



Large Data Volumes

More Observed Data

- Reduce Image Noise
- Better Resolution

Compute
Cost
Increases

ALMA - WSU

2K dishes, 1M dipoles ( 50 MHz - 30 GHz ). 66 dishes (35 GHz-950 GHz). 263 dishes (1 GHz - 100 GHz).



Large Data Volumes

More Observed Data

- Reduce Image Noise
- Better Resolution Compute

l Cost

_ Increases
Instrumental effects more easily seen

- Need more complex algorithms
- More analysis steps / choices

2K dishes, 1M dipoles ( 50 MHz - 30 GHz ). 66 dishes (35 GHz-950 GHz). 263 dishes (1 GHz - 100 GHz).



Large Data Volumes

More Observed Data

- Reduce Image Noise
- Better Resolution Compute

l Cost

_ Increases
Instrumental effects more easily seen

- Need more complex algorithms
- More analysis steps / choices

\_

4 )
=> Need High-throughput
and High-performance
computing
\_ J
(" )

Manual intervention is harder

=> Need More Automation

J

2K dishes, 1M dipoles ( 50 MHz - 30 GHz ).

66 dishes (35 GHz- 950 GHz).

263 dishes (1 GHz- 100 GHz ).



Examples of ML/AI application (anilustrative list, not exhaustive )

Processing

Observing Interpretation




Examples of ML/AI application (anilustrative list, not exhaustive )

-

POLISH : Train for DSA PSFs
AIRI : Plug’n’'play DNN deconvolver
DEEP-FOCUS : AutoEnc with meta learner
RFI identification : Pattern recognition
\DIReCT : Using closure quantities /

Core Algorithms Processing )

Observing Interpretation



https://arxiv.org/abs/2111.03249
https://doi.org/10.1093/mnras/stac2672
https://papers.sif.it/?pid=ncc13092
https://papers.sif.it/?pid=ncc13092
https://papers.sif.it/?pid=ncc13092
https://cloud.ilabt.imec.be/index.php/s/WBaSYXNkfpYJx8L

Examples of ML/AI application (an ilustrative list, not exhaustive )

4 Core Algorithms Processing Pipelines N
POLISH : Train for DSA PSFs Anomaly Detection — CosmicAl project, VLASS pipeline
AIRI : Plug’'n’play DNN deconvolver Auto-tune ‘solint’ , a pipeline parameter, using RL
DEEP-FOCUS : AutoEnc with meta learner
RFI identification : Pattern recognition AlphaCal — A Flag/Cal/lm pipeline model ’ ’

\DIReCT : Using closure quantities using reinforcement learning /

Observing Interpretation
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Examples of ML/AI application (an ilustrative list, not exhaustive )

4 Core Algorithms Processing Pipelines N
POLISH : Train for DSA PSFs Anomaly Detection — CosmicAl project, VLASS pipeline
AIRI : Plug’'n’play DNN deconvolver Auto-tune ‘solint’ , a pipeline parameter, using RL
DEEP-FOCUS : AutoEnc with meta learner
RFI identification : Pattern recognition AlphaCal — A Flag/Cal/lm pipeline model Q ’

\DIReCT : Using closure quantities using reinforcement learning /

/ Observing

SAURON — ASKAP
scheduler (no ML yet)

Servimon — Predictive
maintenance

Interpretation

ALeRCE — Alerts mgmt

Qel Scheduling with RL /



https://publications.csiro.au/publications/publication/PIcsiro:EP2022-2422/RI12/RT32
https://publications.csiro.au/publications/publication/PIcsiro:EP2022-2422/RI12/RT32
https://iopscience.iop.org/article/10.3847/1538-3881/ace0c1
https://ui.adsabs.harvard.edu/abs/2023arXiv231118094T/abstract
https://arxiv.org/abs/2111.03249
https://doi.org/10.1093/mnras/stac2672
https://papers.sif.it/?pid=ncc13092
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https://papers.sif.it/?pid=ncc13092
https://cloud.ilabt.imec.be/index.php/s/WBaSYXNkfpYJx8L
https://arxiv.org/pdf/2102.03200
https://arxiv.org/pdf/2102.03200
https://arxiv.org/pdf/2102.03200
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Examples of ML/AI application (an ilustrative list, not exhaustive )

4 Core Algorithms Processing Pipelines N
POLISH : Train for DSA PSFs Anomaly Detection — CosmicAl project, VLASS pipeline
AIRI : Plug’n’play DNN deconvolver Auto-tune ‘solint’ , a pipeline parameter, using RL
DEEP-FOCUS : AutoEnc with meta learner
RFI identification : Pattern recognition AlphaCal — A Flag/Cal/lm pipeline model O ‘

\DIReCT : Using closure quantities using reinforcement learning /

SAURON — ASKAP A very large body of work ...
scheduler (no ML yet)

/ Observing \ / Interpretation \

Highlighting 3 recent tools :

Servimon — Predictive
maintenance Polymathic Multimodal Universe

( FM for Astro : No radio data yet )

ALeRCE — Alerts mgmt
OneAstronomy : LLM + databases

. . ; (specCLIP, FALCO)
\Jel Scheduiing with RL__/ EMUSE : LLM + image archive _/



https://publications.csiro.au/publications/publication/PIcsiro:EP2022-2422/RI12/RT32
https://publications.csiro.au/publications/publication/PIcsiro:EP2022-2422/RI12/RT32
https://iopscience.iop.org/article/10.3847/1538-3881/ace0c1
https://ui.adsabs.harvard.edu/abs/2023arXiv231118094T/abstract
https://polymathic-ai.org/blog/multimodaluniverse/
https://oneastronomy.zero2x.org/
https://askap-emuse.streamlit.app/
https://arxiv.org/abs/2111.03249
https://doi.org/10.1093/mnras/stac2672
https://papers.sif.it/?pid=ncc13092
https://papers.sif.it/?pid=ncc13092
https://papers.sif.it/?pid=ncc13092
https://cloud.ilabt.imec.be/index.php/s/WBaSYXNkfpYJx8L
https://arxiv.org/pdf/2102.03200
https://arxiv.org/pdf/2102.03200
https://arxiv.org/pdf/2102.03200
https://iopscience.iop.org/article/10.3847/1538-3881/ad88f6

ML / Al in other indirect imaging domains ?

We have V =[S][F] |
Others ?

- Medical imaging ( e.g. MRI )
- Synthetic Aperture Radar imaging

Much larger algorithm R&D communities than radio astronomy !

=» Can we learn from their ML / Al exploration ?



Similar signal reconstruction problems...

o6 MODEL  RESIDUAL RESIDUAL IMAGE
vis vis

vis
GRIDDING
—_—
FFT
s —
DE-GRIDDING s ’

Data <> Image Transforms Image domain

IFFT

Forward Model Ax + n
Image x K-Space y

Low Rank
l.
Wy R

Model-based inverse argminfiAx — yli; + AR(x)
X



What can we learn from medical imaging ?

Image Reconstruction

Classic Methods,
Plug-n-play / Unrolled,
Generative Modeling

— Where are they useful ?

— Where do they tend to fail ?

Analysis and Interpretation

Successes, Failures & Directions for Deep Learning

& Al in MR Image Acquisition/Reconstruction

2016-2024: The Evolution of Ideas from Singapore 2016

Jon Tamir, PhD
Assistant Professor, Electrical and Computer Engineering
University of Texas at Austin

www.jtsense.com

7 May 2024
2024 ISMRM & ISMRT Annual Meeting & Exhibition »

Ref : Bridging gaps with computer vision — Al in biomedical imaging and astronomy (2025)



https://www.sciencedirect.com/science/article/pii/S2213133724001367
https://www.sciencedirect.com/science/article/pii/S2213133724001367
https://www.sciencedirect.com/science/article/pii/S2213133724001367

Summary — Observable Universe with Al

Explorable Universe Accelerated Universe
Al Trustworthiness Al Robustness

Observable Universe Explainable Universe

Al Efficien cy Al Interpretability



Summary — Observable Universe with Al

/ Processing \

YT
Products
. . N > A
—— Solve : VoPs; =g, g;" [Sy] [F] IS + n;+ N
Raw Images
D . :
ata Model the sky, the instrument and the environment ... .Spectrg
\ Time series /
N~
/ Observing \ / Interpretation \
Customize observations Understanding
fqr sc:enhce g(ial§ ?nd reconstruction uncertainty
Slgna characteristcs Explorable Universe Accelerated Universe and model biases

Al Trustworthiness Al Robustness

Awareness of observing

environment Astrophysics modeling and

Observal ble Universe Explainable Universe inference Closer to the data

\ / Al Efficiency Al interpretability k /
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