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Abstract: The Atacama large millimeter/submillimeter array with the planned electronic upgrades
will deliver an unprecedented number of deep and high resolution observations. Wider fields of
view are possible with the consequential cost of image reconstruction. Alternatives to commonly
used applications in image processing have to be sought and tested. Advanced image reconstruction
methods are critical to meet the data requirements needed for operational purposes. Astrostatistics
and astroinformatics techniques are employed. Evidence is given that these interdisciplinary fields of
study applied to synthesis imaging meet the Big Data challenges and have the potential to enable
new scientific discoveries in radio astronomy and astrophysics.
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1. Introduction

The Atacama large millimeter/submillimeter array (ALMA) [1] is an aperture syn-
thesis telescope consisting of 66 high-precision antennas. Sensitive and high-resolution
imaging is accomplished by employing up to fifty antennas, characterized by 12-m dishes
(12-m array). The remaining sixteen antennas compose the ALMA compact array (ACA),
tailored for wide-field imaging. ACA is characterized by four 12-m antennas for total
power observations and twelve 7-m dishes (7-m array) for interferometric observations.

Each antenna is equipped with eight different receiver bands, covering a wavelength
range from 3.6 (ALMA band 3) to 0.32 mm (ALMA band 10), corresponding to a frequency
range of 84-950 GHz.

Antennas of the 12-m array can be positioned in a number of different configurations,
with the longest baselines ranging 0.16-16.2 km, which are crucial in determining the
image quality and spatial resolution: at the highest frequencies in the most extended
configurations, the spatial angular resolution reaches 5 mas at 950 GHz [2]. The array
is capable of providing a single field and mosaics of pointings. To make interferometric
images, signals from each antenna pair are compared 10'? times per second within the
ALMA correlator. Equipped with a set of correlator modes, ALMA allows both continuum
and spectral line observations simultaneously (Figure 1).
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Figure 1. (a) The ALMA correlator in the ALMA array operation site (AOS) technical build-
ing is composed of four identical quadrants with over 134 x 10° processors, performing up to
17 x 10% operations/s (Image credit: ESO). (b) A panoramic view of the ALMA array, located at
an elevation of 5000 m on the Chajnantor Plateau in the Chilean Andes. The AOS is the small
building left of picture center. The tight clump of antennas near the image center is the ACA (Image
credit: JAO).

ALMA is undergoing further developments to boost the full operation capabilities.
In the near future, the ALMA band 1 [3] and band 2 [4] will be installed on each antenna
broadening the receiver bandwidth to cover a total wavelength range of 8.5-0.32 mm
(35-950 GHz). Moreover, the ALMA2030 Development Roadmap [5] has been approved
to keep ALMA as a world-leading facility. The vision of ALMA2030 accounts for: (1)
broadening the instantaneous bandwidth of the receivers and upgrading the associated
electronics and the correlator to process the entire bandwidth; (2) improving the ALMA
archive for the end users; (3) extending the maximum baseline length by a factor of 2-3.
Another innovative aspect is the design of an array configuration employing all 66 antennas.
These advancements will enable the following key science drivers: Origins of the Planets,
Origins of Chemical Complexity (with improved continuum imaging), and Origins of the
Galaxies. For instance, the study of the Sunyaev-Zel'dovich effect will be enabled to probe
the physics of galaxy clusters with the goal of detecting cluster substructures through high
resolution and high-sensitivity observations.

Currently, ALMA is generating 1 TB of scientific data daily. Within the next decade,
at least one order of magnitude of increased daily data rate is foreseen [5]. The planned
electronic upgrades (the receivers and the correlator) will improve ALMA sensitivity and
the observing efficiency. In terms of imaging products, ALMA will produce single-field
and mosaic cubes of at least two orders of magnitude larger than the current cube size
in the GB regime. Since the number of observed spectral lines at once will be duplicated,
advanced algorithms are needed to provide a shorter processing time while handling a
larger data volume. Additionally, the imaging algorithms must provide robust and reliable
results to reduce human intervention. Sparse sampling, sky, and instrumental responses,
and the pervasive presence of noise, increase the complexity of the demanding task of
image reconstruction.

The ALMA development study “Bayesian Adaptive Interferometric Image Recon-
struction Methods” is providing an initial exploration of concepts that may be of interest to
ALMA development in the long term. Using real and simulated data sets, we investigate
how to employ Bayesian and machine learning techniques to tackle the mentioned chal-
lenges. Specifically for real ALMA data, we make use of science verification (SV) data. SV
is a process by which data quality is assured for scientific analysis. Observations of a small
number of selected astronomical objects are taken with a low number (>7) of antennas.
For ALMA simulated data, we make use of common astronomy software applications
(CASA) [6], the software package ordinarily used to calibrate image and simulate ALMA
data. The performance of Bayesian and supervised machine learning (ML) techniques is
discussed in view of the pipeline developments in the ALMA2030 era.
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2. ALMA and the Ill-Posed Inverse Problem

Data contained in ALMA images are affected by the pervasive presence of noise,
sparse sampling, and instrumental responses. The inverse problem of extracting astro-
physically interesting information from the observed sky brightness is ill-posed, in the
sense that the solution is not unique or it is not stable under perturbations on the data.
Perturbation caused by noise can create large deviations in the solution being sought.
ALMA interferometric image reconstruction is a demanding task.

The observed data are visibilities of the sky brightness distribution collected by each
antenna and correlated for a given baseline. There is one complex visibility (amplitude,
phase) for each spectral channel, each correlation, and every polarization product. The
visibilities are recorded in integrations with timestamps, one for each baseline. A set of
consecutive integrations observing the same celestial direction (field) forms a scan. A
set of scans characterizes an observation. The metadata (or measurement set) contains
additional information as known sources in the field of view, spectral lines, and weather
(as water vapor in the atmosphere and in the temperature ). The data analysis requires the
visibilities and metadata concerning the antennas (as positions and diameters), the feeds on
the antennas (as sensitivity and position), and the spectral window setup (as frequencies,
noise, etc.).

Ideally, i.e., if the spatial Fourier domain is complete and regularly filled, the inverse
Fourier transform of the ensemble of calibrated visibilities provides the transformation
function to move from the spatial frequency domain (in units of flux density [Jy]) to the
image plane (in units of surface brightness [Jy/beam]) [7,8]: IP = Iz, * I - A. In practice,
the spatial Fourier domain is partially and irregularly filled. The inverse problem becomes
a Fourier synthesis inverse problem. The resulting dirty image IP is corrupted by the
incomplete sampling and the instrumental point-spread function (dirty beam) I, with
the dirty beam being a function of the uv sampling. The dirty beam is the instrumental
response of an observation, and it is characterized by strong sidelobes corrupting the image.
Deconvolution of the dirty image I from the dirty beam I, results in an image with a
flux distribution corrupted by an additional instrumental response, named the primary
beam A. The primary beam expresses the sensitivity of the instrument as a function of
direction, which is typically most sensitive at the phase center and drops off away from the
pointing direction. The primary beam effects are, traditionally, removed by dividing the
deconvolved image by an average primary beam pattern. The effect of this process in the
final corrected image is increased image noise towards the map edge. Sampling and point
spread functions vary with the observation setup.

2.1. RESOLVE for Bayesian Signal Inference

Given the ill-posedness of the imaging task, the RESOLVE algorithm [9-11] recon-
structs images from the detected signal assuming a Gaussian likelihood and a Fourier
space response function. The detected signal d is described by the measurement equation
d = Re® 4 n, with s describing the real sky signal corrupted by the instrumental response
R and additional noise n contaminating the real sky signal. The statistical description
of the real brightness distribution occurs by inferring the most probable signal s given
the measured visibility function d. Information field theory [12,13] is used connecting
statistical field theory and Bayesian inference. The posterior probability density function of
the celestial signal given the observed data P(s|d) is related to the information Hamiltonian
H(d,s):

e—H(ds)

— 1

e M
where the partition function Z(d) := [ DsP(s,d) and H(s,d) := —logP(s,d). [Ds is the
path integral defined as the continuum limit of the product of integrals over every image

pixel [IT;ds; [11]. Additionally, the technique is capable of inferring the signal covariances
of the sky brightness distribution, the noise level of each data point, and the power spectra

P(s|d) =
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of 5. The products of the data analysis are the reconstructed signal and uncertainty maps,
the power spectrum, and the estimates of the initial input parameters.

Originally designed to detect spatially extended source brightness distributions [9],
RESOLVE was subsequently delivered with a speed-up procedure while introducing a
Bayesian estimation of the measurement uncertainty of the visibilities into the imaging [10].
In [11], the optimization procedure of the technique was refined, allowing the noise level
of each data point to be learned simultaneously with the map reconstruction. The main
advantage is convergence speed up to the optimal solution in a high-dimensional space.
Calibration and imaging procedures were introduced as one unique algorithm by [14],
allowing for error propagation. RESOLVE comes with its own python library (see, e.g., [15]),
and the software is continuously evolving. RESOLVE proved to be superior for extended
and faint emission detection on the very large array radio data with respect to the traditional
CLEAN method [16]. CLEAN is a CASA task composed of several operating modes,
allowing for the generation of images from visibilities and the reconstruction of a sky
model [6,8]. Applications of RESOLVE on ALMA data and simulated ALMA data can be
found in [17], referring to the conference proceedings, where a comparison with CLEAN is
provided.

In Figure 2, an application of RESOLVE on ALMA SV data is shown. HL Tau (04#31m38.4s+
18°13/57",J2000) [18] was observed in 2014, with long baselines (up to 15.2 km) employing
about 30 antennas. This science target was observed for 4.5 h, allowing for good sampling
and reaching a very high angular resolution (0.035 x 0.022 arcsec). Although RESOLVE
is employed on a quarter of the available band 6 data, this application shows remarkable
morphology of the protoplanetary disk, with patterns of alternating bright and dark rings,
confirming the finding in [18]. RESOLVE is a Bayesian algorithm that provides not a single
reconstructed image but a probability distribution of all possible image configurations.
It follows that the image reconstruction, shown in the upper left, is the posterior mean
representation. The uncertainty map of the reconstructed sky image by RESOLVE is
provided (lower left image). RESOLVE learns from the data about the power spectrum
with the sky brightness. The posterior mean power spectrum of the log-sky brightness
distribution is shown in the upper right image: the power spectrum Ps (k) of the process
that generated the signal s as a function of spatial frequency k [9]. The estimated uncertainty
on the mean power spectrum is shown below (lower right image).

Because of the algorithm design, RESOLVE provides the tools for data combination
(data fusion). This technique has the potential to successfully achieve the data combination
challenge when the signal of all 66 ALMA antennas forms one unique data set as in view of
the ALMA2030 roadmap.

2.2. Deep Learning for Fast Image Reconstruction

Supervised machine learning (ML) techniques provide powerful tools to quickly
analyze large datasets and to support easier collection and storage. In particular, deep
learning (DL) algorithms have been widely applied in many areas of astronomy due to the
capacity to automate feature selection [19].

The DL pipeline [20] (paper submitted) is developed to detect and characterize sources
in ALMA cubes. The idea is to learn the underlying features from the ALMA dirty image
cubes (IP). An architecture of several ML methods compose the DL Pipeline (Figure 3):
Blobs Finder, Deep GRU, and ResNet. Convolutional architectures (Blobs Finder and
ResNets) are used to process spatial information. The recurrent neural network (Deep GRU)
is employed to process sequential information.

Blobs Finder is a 2D deep convolutional autoencoder. Blobs Finder is used to detect
sources in the ALMA images. The autoencoder is composed of an input encoder, per-
forming image compression in a lower-dimensional latent space, and an output decoder
that decompresses from the latent space. The latent space simplifies the data represen-
tation for the purpose to find patterns. Image reconstruction occurs by decompressing
the lower dimensional latent space, which forces the model to learn the most relevant
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features in the images: sources, point spread function, and noise. Blobs Finder addresses
the deconvolution problem: IP(x,y) = R * I(x,y) + €, where IP(x, y) is the dirty image
produced integrating the ALMA dirty cube along the frequency, I(x,y) represents the true
sky representation, R is the intrumental response, and ¢ is any additional noise.
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Figure 2. The application of RESOLVE on SV data, HL Tau, and continuum image at 1.3 mm
(233 GHz), using only one out of four 1.8275 GHz spectral window composed by 128 channels.
(a) Image reconstruction of HL Tau in units of (m]y/beam) indicating the posterior mean (upper) and
the relative pixel-wise posterior uncertainty (lower). (b) The estimated mean spatial correlation, or
the posterior power spectrum of the reconstructed image (upper) and its uncertainty (lower).
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Figure 3. Schematic view of the DL pipeline used within the 3D detection and characterization of
ALMA sources [20], with the numbers showing the logic flow of the data.
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Each detected source is analyzed in frequency space in the dirty cube with the deep
gated recurrent unit (GRU). The deep GRU is a recurrent neural network that is suited for
sequential data analysis. Deep GRU allows for internal memory about the received input,
with consequent high predictive power. It denoises the spectra extracted from the detected
sources in the search for (emission or absorption) lines. The spurious signal is removed,
and each detected source goes through the final step.

The residual neural networks (ResNet), a class of deep convolutional neural networks,
are used to predict source parameters, including flux estimates.

ALMA SV interferometric data are used to test the capabilities of the DL pipeline. In
Figure 4, left, the field targeting BR1202-0725 [21] observed with 18 12-m diameter antennas
in 2012 is shown. The target was observed for a total time of 25 min during stable weather
conditions and employed a maximum baseline of 280 m. In Figure 4b, the detected BR
1202-0725 system with the DL pipeline is shown. The submm galaxy (north) and the quasar
(south) are visible (z ~ 4.7) and separated by the noise and point spread function effects.
The physical properties of the submm galaxy and of the quasar are summarized in Table 1
of [21]. The source fluxes derived by the DL pipeline agree with the ones reported in [21].
The computing time for the image restoration occurred in ~35 ps.

Predicted Clean Image

704215

4300 4300

(b)

Figure 4. (a) [CII] line emission observed at 0.9 mm (334 GHz): integrated intensity map from ALMA
dirty cube in BR1202-0725, a binary system observed edge-on and with the galaxies moving along
the line of sight. (b) The predicted image with the DL Pipeline.

ALMA cubes have been simulated to train the algorithm in detecting galaxies. At least
1000 cubes are generated, of which 4/5 are used to train the models, 1/10 to validate the
models, and 1/10 to test the models performance. In Figure 5a, an example of an ALMA
simulated dirty cube with four galaxies is shown. In this example, emission lines are
randomly injected in the synthetic ALMA cubes. The image reconstruction obtained with
Blobs Finder is at the center, providing a solution that is very close to the real simulated
sky (Figure 5c).

The algorithm is going to be trained in detecting other kinds of celestial signals and
to be tested in more complex environments, e.g., the serendipitous detection of obscured
quasi stellar objects. Advancements in terms of uncertainty quantification are foreseen,
modifying the networks and the loss functions to allow for measurement error propagation
through the pipeline.
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Figure 5. Application of Blobs Finder (part of the DL Pipeline) to ALMA simulated dirty images.
(a—c), the simulated ALMA dirty cube, Blobs Finder prediction, and Sky model, respectively. These
are integrated intensity maps. The red boxes indicate the lines found by Blobs Finder. Spectral
analysis is performed on each detected line by ResNets in a subsequent stage.

3. Conclusions

Through this study, we provide the initial exploration of concepts in the search for
novel imaging techniques applicable on large data volume, thus enabling efficiency im-
provements in data processing while requiring the least amount of human intervention.
We employ two distinct types of software to analyze ALMA data in view of the challenges
that may due to the ALMA2030 development roadmap. The two techniques are different
in nature: one is based on astrostatistics and the other on astroinformatics [22]. Both tech-
niques have been demonstrated to be equipped with essential strengths and with features
that the Big Data era requires.

RESOLVE is a robust algorithm founded on a principled method. It is designed for
the detection of diffuse emission. Complex structures in the celestial signal and point-like
sources are well detected. The input parameter values are initialized and estimated by the
data during the optimization to the most probable image configuration. The reconstructed
images provide a reliable solution with no need of extra human intervention. RESOLVE was
applied on ALMA continuum images. Applications of the technique on ALMA aggregate
continuum and cubes are planned. Although RESOLVE is computing-expensive, the
algorithm delivers, in addition to the reconstructed image, other informative products
(such as the uncertainty map, the power spectrum, and the final values of the estimated
input parameters). These products have the potential to lay the foundations for designing
a fully automated pipeline.

The DL pipeline demonstrated high image fidelity and high-performance computing
for image reconstruction on ALMA data cubes. The technique is applied on ALMA dirty
cubes, and it learns the celestial sources, the noise, and the instrumental point-spread
function from the image. It allows for extreme data compression by leveraging both
spatial and frequency information. In the near future, the DL pipeline will be applied on
continuum images and trained and tested on a large variety of celestial signals. Nonetheless,
astroinformatics has the potential to revolutionize data management in science archives.
ALMA is currently producing roughly 300-400TB worth of raw-data and reduced data
products per year. Currently, 27.7% of the total data volume in the archive is occupied by
images. The DL Pipeline may allow one to create images on user demand with a one-click
system through a web-interface. Moreover, the catalogues creation of stored data per
ALMA cycle is feasible in an automated fashion.

As a conclusive remark, based on the current investigations, RESOLVE is the algorithm
of choice for robust diffuse emission and faint source detection, while the DL pipeline
implemented within CLEAN will make a huge contribution to the performance problem
introduced by the planned upgrades with ALMA2030. Because of the planned upgrades,
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ALMA image analysis strives for algorithms capable of discovering through the data, to
adapt when given new data and to get the most out of the data.
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