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Summary
We find ourselves on the brink of an exciting era in observational astrophysics, driven by
groundbreaking facilities like JWST, Euclid, Rubin, Roman, SKA, or ELT. Simultaneously,
computational astrophysics has shown significant strides, yielding highly realistic galaxy for-
mation simulations, thanks to both hardware and software enhancements. Bridging the gap
between simulations and observations has become paramount for meaningful comparisons.

We introduce py-ananke, a Python pipeline designed to generate synthetic resolved stellar
surveys from cosmological simulations, adaptable to various instruments. Building upon its
predecessor, ananke by Sanderson et al. (2020), which produced Gaia DR2 mock star surveys,
the py-ananke package offers a user-friendly “plug & play” experience. The pipeline employs
cutting-edge phase-space density estimation and initial mass function sampling to convert
particle data into synthetic stars, while interpolating pre-computed stellar isochrone tracks for
photometry. Additionally, it includes modules for estimating interstellar reddening, dust-induced
extinctions, and for quantifying errors through dedicated modeling approaches. py-ananke

promises to serve as a vital bridge between computational astrophysics and observational
astronomy, facilitating preparations and making scientific predictions for the next generation
of telescopes.

Statement of need
The upcoming decade holds promise for groundbreaking discoveries, thanks to a multitude of
recent and forthcoming observational facilities. The James Webb Space Telescope (Gardner et
al., 2006), for instance, with its exceptional specifications, has already delved into early universe
galaxies with unprecedented detail, revealing their rich diversity (Adams et al., 2023; Casey et
al., 2023; Eisenstein et al., 2023; Ferreira et al., 2022; Finkelstein et al., 2023; Harikane et al.,
2023). The recently launched Euclid Telescope (Laureijs et al., 2011) promises to shed light
on the universe’s accelerating expansion by surveying an immense number of galaxies (Euclid
Collaboration et al., 2022). The Vera Rubin Observatory (Ivezić et al., 2019), with first light
expected soon, will precisely map the Milky Way (MW) up to the virial radius and nearby
galaxies, providing exceptional stellar astrometry data. Furthermore, the Nancy Grace Roman
Space Telescope (Akeson et al., 2019), set to launch in the next couple of years, will offer a

Thob et al. (2024). Generating synthetic star catalogs from simulated data for next-gen observatories with py-ananke. Journal of Open Source
Software, 9(102), 6234. https://doi.org/10.21105/joss.06234.

1

https://orcid.org/0000-0001-7928-1973
https://orcid.org/0000-0003-3939-3297
https://orcid.org/0009-0004-2146-4856
https://orcid.org/0000-0002-3641-4366
https://orcid.org/0000-0001-5214-8822
https://orcid.org/0000-0001-7107-1744
https://orcid.org/0000-0002-0920-809X
https://doi.org/10.21105/joss.06234
https://github.com/openjournals/joss-reviews/issues/6234
https://github.com/athob/py-ananke
https://doi.org/10.5281/zenodo.13942954
https://warrickball.gitlab.io/
https://orcid.org/0000-0002-4773-1017
https://github.com/rrjbca
https://github.com/lheckmann
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.21105/joss.06234


wide field of view for deep-sky near-infrared exploration, facilitating the study of resolved stellar
populations in nearby galaxies (Dey et al., 2023; Han et al., 2023) and our own (Sanderson et
al., 2024). However, these observatories will generate an unprecedented amount of raw data,
necessitating community preparedness.

In parallel, a number of projects have emerged over the last decade in computational astro-
physics, continuously surpassing hardware and software limits to simulate galaxy formation in a
cosmological context realistically (see Crain & van de Voort, 2023 for a recent review). These
simulations serve as invaluable test beds in anticipation of the next-generation telescope era,
but also for our own models. However, translating these simulations into mock observables
is challenging due to the representation of stellar populations as star particles, with each
particle representing a total stellar mass between 103 and 108 times the mass of the Sun.
To compare simulations with real data, one must break down these particles into individual
stars consistently. Since the simulation resolution is not “one star particle per star” in the
vast majority of these simulations, producing mock observables necessarily requires a series of
assumptions that can have different effects on the final prediction.

This challenge was addressed by Sanderson et al. (2020) when producing a mock Gaia DR2
catalog from Milky-Way-mass simulated galaxies in the latte suite of FIRE simulations (Wetzel
et al., 2016) using the so-called ananke pipeline. They used phase-space density estimation and
initial mass function sampling to transform particle data into individual synthetic stars, retaining
parent particle age and metallicity. Photometry was determined by interpolating pre-computed
stellar isochrone tracks from the Padova database (Marigo et al., 2017) based on star mass, age,
and metallicity. Additional post-processing included estimating interstellar reddening, per-band
dust extinctions using metal-enriched gas distribution, and error quantification based on a
model described by functions calibrated to (Gaia Collaboration et al., 2018) characterizations.

The ananke pipeline by Sanderson et al. (2020), though powerful, lacks user-friendliness
and flexibility. It is challenging to integrate into other pipelines and expand beyond the Gaia
photometric system. The development of py-ananke aims to make this framework more
accessible to a wider community. By providing a self-contained and easily installable Python

package, it streamlines the ananke pipeline, automating tasks previously requiring manual
intervention. py-ananke also expands ananke’s photometric system support and employs a
modular implementation for future enhancements, promising a smoother upgrade path for
users.
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Figure 1: Schematic illustrating the inner framework of the py-ananke pipeline. The modules py-EnBiD-

ananke and py-Galaxia-ananke are referred to by their import names EnBiD_ananke and Galaxia_ananke,
with their respective C++ backend softwares EnBiD and galaxia-ananke. The pipeline framework is
illustrated from input to final output from left to right, showcasing the different objects and their purposes.

The implementation of py-ananke is designed to streamline the ananke pipeline, and to prevent
the need for the user to manually handle the interface between Python and the C++ backend
software. It notably introduces dedicated wrapper submodules (hosted in repositories that are
separate from that of py-ananke, but linked as git submodules), namely py-EnBiD-ananke

and py-Galaxia-ananke, specifically developed to handle the installation and utilization of
these C++ subroutines, namely EnBiD (Sharma & Steinmetz, 2006) and a modified version of
Galaxia (Sharma et al., 2011) called galaxia-ananke. Figure 1 illustrates the inner framework
process of the full pipeline, showcasing the various module and submodule classes and where
they are used in an input to output fashion from left to right.

Past and Ongoing Applications
Sanderson et al. (2020)’s data have been in public use for 5 years and delivered on the promise
of this technique, leading to the discovery of a new stellar stream (Necib et al., 2020), the
development and validation of new machine learning methods for inferring the origins of stars
(Ostdiek et al., 2020), insights into the formation history of the MW (Nikakhtar et al., 2021),
searches for dark matter subhalos (Bazarov et al., 2022), and inference of the MW’s interstellar
dust distribution (Miller et al., 2022).

Likewise, a number of studies made use of Sanderson et al. (2020)’s existing ananke pipeline,
often through the extensive effort to adapt it to other photometric systems:

• Shipp et al. (2023) investigated the detectability of MW stellar streams in the Dark
Energy Survey (Abbott et al., 2018, 2021; Flaugher et al., 2015), for which they produced
mock star catalogs mimicking DECam photometry from disrupted star clusters identified
around simulated MW-mass galaxies

• Nguyen et al. (2024) produced a synthetic survey mimicking the third data release of
Gaia (Gaia Collaboration et al., 2021, 2023), similar to how Sanderson et al. (2020)
produced a synthetic survey of the second data release of Gaia (Gaia Collaboration et
al., 2018)

These studies required significant effort caused by the challenges of using ananke, which py-

ananke is designed to alleviate. Current ongoing projects are already using the new py-ananke
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package, and are benefiting significantly from its ergonomics.
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