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Abstract

The Milky Way is by far the best-studied galaxy in the Universe, and it has long been re-
garded as a benchmark and ideal laboratory for understanding galaxy evolution. Recent
studies compared the Milky Way with its analogues from IFS surveys and revealed com-
mon structures such as the B/P bulge, thin and thick disks, etc. This presents a unique op-
portunity to link Galactic and extragalactic studies to understand galaxy evolution. How-
ever, high stellar density regions like the Galactic bulge and the core of globular clusters
have not been fully explored but they are essential in the Galactic evolution. This is due
to the fiber collision issues of fiber-fed multi-object spectrographs and extreme extinction.
Furthermore, direct comparisons of Galactic and extragalactic observations are marred
by differences in using individual stars vs. stellar populations and methods of measuring
galaxy properties. It is difficult to identify whether the differences between the MilkyWay
and other galaxies are due to systematic offsets or different evolution processes. This the-
sis addresses these difficulties using the MUSE integral-field spectrograph. We develop a
novel method tomeasure stellar chemical abundances of individual stars fromMUSE. This
method is then used to study the age distribution and chemical evolution of MSTO-SGB
stars in low-extinction regions of the Galactic center. Our results agree with previous stud-
ies but are obtained more efficiently. We further present a tool to generate mock MUSE
observations of the Milky Way using GCE models and spectral templates for unbiased
comparisons with external galaxies. We use mock data to investigate the reliability of a
broadly used tool PPXF in measuring external galaxy properties and explore the impact of
dust on these results. This research facilitates a deeper understanding of critical Galactic
structures such as the bulge and bridges the gap between Galactic and extragalactic studies
for understanding galaxy evolution.
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Chapter 1

Introduction

When looking at the winter night sky in the southern hemisphere, we see a long, bright and
beautiful band. This is theMilkyWay, where our sun has lived for over 5 billion years. The
individual white dots we see are stars in our solar neighbourhood orbiting the Milky Way
within a few kpc. Observing further with a telescope, we can find fainter galaxies such as
Andromeda (M31) andM33, which are outside theMilkyWay (hundreds of kpc away) and
have similar structures to our Galaxy. With a more powerful and sensitive telescope, we
can observe even much fainter galaxies (several to tens of Mpc away) with disk or elliptical
structures.

Over centuries, many efforts have been made to understand the formation and evolution
of galaxies. Among these, the studies of the Milky Way are the most comprehensive due
to our unique vantage point. Gaia has provided accurate positions and velocities for more
than a billion individual stars (Gaia Collaboration et al., 2018), and spectroscopic surveys
have enabled the measurement of over 20 elemental abundances for millions of these stars
(e.g., Zhao et al. 2012; De Silva et al. 2015; Majewski et al. 2017). Extragalactic obser-
vations have also unravelled many galaxy evolution processes. Despite the challenges of
large distances and two-dimensional projections on the sky coordinates, we can still access
the luminosity, averaged velocity, age, and metallicity to address general star formation
history, merger events, and co-evolution with the surrounding environments (e.g., Sánchez
et al. 2012; Croom et al. 2012; Bundy et al. 2015). Therefore, we have two categories of
datasets for understanding galaxy evolution: one is our Milky Way, with the largest pa-
rameter dimensionality and the smallest uncertainty in a narrow parameter range; the other
is external galaxies with fewer parameter dimensions and larger errors, but in a wide pa-
rameter range.

Nonetheless, combining these two datasets to construct general evolution theories that
apply to all galaxies is a challenging and complex task. For decades, Galactic and ex-
tragalactic studies have proceeded along separate paths, each explored deeply but rarely
compared to one another. This has resulted in several effects, such as the lack of compari-
son between the Galactic evolution models and extragalactic results, and the debates on the
uniqueness of the MilkyWay compared to external galaxies (e.g., Boardman et al. 2020b).
Recent efforts to compare the Galactic properties with its analogues have revealed qualita-
tive similarities on certain properties (e.g., Boardman et al. 2020a; Scott et al. 2021; Zhou

1



2

et al. 2023). However, quantitative conclusions are still difficult to be drawn because of
the differences in observation strategies, assumptions and measurement methods between
the Galaxy and external systems. Furthermore, explorations are still needed for several
aspects of the Milky Way, including the gas evolution, the formation of spiral arms and
bar, the evolution history of stellar dense regions (e,g, Galactic center, globular clusters),
and the interaction with dwarf and satellite galaxies, etc.

This thesis aims to employ the MUSE integral-field spectrograph to develop tools and
algorithms that can facilitate the study of specific regions of the Milky Way (especially
the Galactic center), and bridge the gap in comparing properties of the Milky Way with
external systems. By linking the Galactic and extragalactic studies, we can construct the-
oretical models of galaxy formation and evolution that can fit both the Milky Way and
external galaxies. In this chapter, we briefly introduce the history of integral-field spec-
trographs and the MUSE instrument, summarise the current Galactic and extragalactic
studies, and provide our thesis goals.

1.1 Integral-field Spectrograph and MUSE
Ever since Isaac Newton first observed the solar spectrum using a simple prism, spec-
troscopy has become an important tool for astronomers. It allows us to study proper-
ties such as temperature, mass, chemical abundances, gas composition, and kinematics of
celestial objects by analyzing light absorption or emission features across various wave-
lengths. Spectrographs are one of the most complex instruments and can be categorized
into long-slit, multi-slits, fiber-fed, and integral-field spectrographs. With technological
advancements, spectrograph observations have been transformed from single-source to
multi-object simultaneous exposure. For spatially extended sources like galaxies, spectro-
graphs have evolved from single-aperture spectroscopy (e.g., 2dF Galaxy Redshift Survey
Colless et al. 2001 and 6dFGalaxy Survey Jones et al. 2004) tomultiple spectra acquisition
at different regions of the sources.

The integral-field spectrograph (IFS) is designed to obtain spatially resolved spectra in the
optical/NIR at different locations of the object. The data format of IFS is referred to as a
“datacube”, which is a 3D array containing two dimensions in spatial and one dimension
in spectral. Therefore, it is a combination of 2D images at all wavelength pixels, as shown
in Fig. 1.1. IFS has the unique advantage of facilitating studies of specific regions of
celestial objects and enables a broad range of scientific topics. The construction of an IFS
instrument includes the use of lenslet array (Courtes, 1982), fiber bundles (with/without
lenslets, e.g., Vanderriest 1980; Bland-Hawthorn et al. 2011; Bryant et al. 2011), or image
slicer (Content, 1997), as shown in Fig. 1.1.

The Multi Unit Spectroscopic Explorer (MUSE, Bacon et al. 2010, 2014) is an IFS in-
strument for the Very Large Telescope (VLT, 8 m) of the European Southern Observatory
(ESO), as shown in Fig. 1.2. During observation, it divides the adaptive optics corrected
field-of-view into 24 sub-fields. Each sub-field is then fed into a spectrograph to take the
spectrum (called Integral-field Unit, IFU), with an image slicer at the forefront acting as
an entrance slit. Taking advantage of the large telescope aperture and increased spatial
resolution provided by adaptive optics (see Table 1.1), MUSE can provide spatially re-
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Figure 1.1: Configurations of an integral-field spectrograph datacube. Figure adapted
from Eisenhauer & Raab (2015).

Figure 1.2: 3D modeling of the MUSE instrument. Figure from https://www.eso.
org/sci/facilities/develop/instruments/muse.html.

https://www.eso.org/sci/facilities/develop/instruments/muse.html
https://www.eso.org/sci/facilities/develop/instruments/muse.html
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Table 1.1: Observational parameters of the MUSE instrument. Table adapted from
https://www.eso.org/sci/facilities/develop/instruments/muse.html

Observational Parameters
Name Multi Unit Spectroscopic Explorer
Site Paranal
Telescope Very Large Telescope (8 m), UT4
Focus Nasmyth
Type Integral field spectrograph, imager
Wavelength coverage 465–930 nm
Spectral resolution 𝜆/Δ𝜆 2000@460 nm

4000@930 nm
Observing Mode Wide Field Mode (WFM)

Narrow Field Mode (NFM)
First light date March 2014

Wide Field Mode
Spatial resolution 0.2 × 0.2 arcsec2

Spatial resolution (FWHM) 0.3 ∼ 0.4 arcsec
Field-of-View 1 × 1 arcmin2

Narrow Field Mode
Spatial resolution 0.025 × 0.025 arcsec2

Spatial resolution (FWHM) 0.03 ∼ 0.05 arcsec
Field-of-View 7.5 × 7.5 arcsec2

solved spectroscopic data in greater detail and making it one of the most over-subscribed
instruments. To date, MUSE has been used to observe 17,000 fields across the southern
sky for a diverse range of studies, including galaxy evolution (e.g., Foster et al. 2021; van
de Sande et al. 2023), exoplanets (Irwin et al., 2018; Haffert et al., 2019), Galactic re-
gions (Weilbacher et al., 2015; McLeod et al., 2015), gravitational waves (Tanvir et al.,
2017; Levan et al., 2017), gas clouds around quasars (Borisova et al., 2016), dark matter
(Massey et al., 2015), stellar-mass black hole (Giesers et al., 2018), and resolved stellar
clusters (Husser et al., 2016; Kamann et al., 2018). All the works in this thesis are related
to the MUSE instrument.

1.2 The Milky Way and Galactic Archaeology
Our Milky Way is a luminous (𝐿★) barred spiral (Sb–Sbc) with a boxy/peanut bulge, a
dominant disk, and a diffuse stellar halo. It falls in the so-called “green valley” in the
colour-magnitude diagram (Mutch et al., 2011; Licquia et al., 2015), which indicates a
potential transformation from star-forming (blue cloud) into a quenched galaxy (red se-
quence) with the lack of gas supplies. But the Galaxy seems to be unusual due to the
evidence of ongoing gas accretion in the Magellanic gas stream (Putman et al., 1998; Fox
et al., 2014) and the appearance of two luminous star-forming dwarf galaxies (Robotham
et al., 2012). The global properties of the Milky Way are summarized in Bland-Hawthorn
& Gerhard (2016). Basically, it has a photometric magnitude of 𝑀𝑉 = −21.37 with color

https://www.eso.org/sci/facilities/develop/instruments/muse.html
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Figure 1.3: Density of Gaia DR3 sources in the sky with available in Galactic coordi-
nates. Figure adapted from (Babusiaux et al., 2022).

𝐵 − 𝑉 = 0.73. The total stellar mass is 5 ± 1 × 1010 M� with a star formation rate of
¤𝑚★ = 1.65 ± 0.19 M� year−1 (Licquia & Newman, 2015). The Sun is within the Galaxy
with a Galactocentric distance of 𝑅gc = 8.2± 0.1 kpc and an offset of 𝑧 = 25± 5 pc (Jurić
et al., 2008) from the local disk midplane. Its tangential velocity relative to the Galactic
Center Sgr A★ is 248 ± 3 km s−1. Due to this unique vantage point, the Milky Way will
always be the most important benchmark for galaxy evolution because it provides fully re-
solved information that few other galaxies can offer (Bland-Hawthorn & Gerhard, 2016).
The study of this resolved information gave rise to Galactic archaeology, which aims to
unravel the formation and evolution history of the MilkyWay using individual stars as fos-
sil records (Freeman & Bland-Hawthorn, 2002; Bland-Hawthorn & Gerhard, 2016). This
idea was present in early studies of moving stellar groups (Eggen, 1974). In this section,
we will introduce the Galactic stellar components, Gaia mission with other spectroscopic
surveys, which are the dataset used for Galactic archaeology, chemical cartography, and
chemical evolution models. We also point out the unexplored regions that this thesis will
focus on.

1.2.1 Gaia and Fiber-Fed Spectroscopic Surveys
The Gaia satellite (Perryman et al., 2001) is the second space-based astrometric mission
conducted by European Space Agency (ESA) and it was launched in December 2013.
Gaia aims to scan the whole sky with unprecedented sensitivity (∼ 10 𝜇as in position)
140 times more accurate than its predecessor Hipparcos (Høg et al., 2000) and measure
astrometric and photometric parameters of celestial sources including position (𝛼, 𝛿), par-
allax (𝜛), proper motion (𝜇𝛼, 𝜇𝛿), radial velocity, magnitude (in G, G𝐵𝑃, and G𝑅𝑃 bands),
and some stellar atmospheric parameters (𝑇eff , log 𝑔, and elemental abundances) (Gaia
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Collaboration et al., 2016a). As of June 2023, Gaia has provided four data releases (Gaia
Collaboration et al., 2016b, 2018, 2021, 2022b) including a total number of 1.59 billion
sources within 3 < 𝑚𝐺 < 21, in which 1.46 billion sources have full astrometric solu-
tions (𝛼, 𝛿, 𝜛, 𝜇𝛼, 𝜇𝛿) and 33 million stars have radial velocities. The full information
and parameter uncertainties can be accessed via the newest Gaia DR3 summary website¹.
There have been several studies on the Milky Way structures in greater detail using the
six-dimensional phase space information (𝑥, 𝑦, 𝑧, 𝑣𝑥 , 𝑣𝑦, 𝑣𝑧) from Gaia, which include the
evidence of merger events from substructures in the stellar halo (Helmi et al., 2017), the
wraps at the edges of the Galaxy (Poggio et al., 2017), the phase spiral structure (Antoja
et al., 2018), and the spiral structure using upper main-sequence stars (Poggio et al., 2021),
etc. Studies mentioned above are only a small subset of all the discoveries by the wealthy
information of Gaia.

The newest Gaia DR3 (Gaia Collaboration et al., 2022b) additionally provides stellar at-
mospheric parameters (𝑇eff , log 𝑔, [M/H], [X/M] for 12 elements) estimated from RVS
spectra (𝑅 ∼ 11000) for 5.5 million stars (see the parameter distribution maps in Gaia Col-
laboration et al. 2022a), and mean BP/RP spectra (𝑅 ∼ 20−115) for 219 million stars with
𝑚𝐺 < 17.6 for most of them (see the distribution of BP/RP sources in Fig. 1.3). Impor-
tantly, recent studies have developed data-driven models to measure𝑇eff , log 𝑔, metallicity,
revised parallax, and extinction from these 219 million BP/RP spectra with precision bet-
ter than 0.15 dex in metallicity and log 𝑔, and 90 K in 𝑇eff (e.g., Andrae et al. 2023; Zhang
et al. 2023). This dataset permits comprehensive studies on the three-dimensional dust
distribution, metallicity gradient in the LMC, chemodynamics of the Galactic disk, and
stellar rotation in open clusters (Andrae et al., 2023), and also provides prospects for larger
samples in future Gaia DR4.

In addition to Gaia, ground-based telescopes with fiber-fed multi-object spectrograph pro-
vide essential datasets for the study of Galactic archaeology. Compared to space-based
instruments, these surveys either have higher spectral resolution (𝑅 ∼ 104) or wider
wavelength range from near-ultraviolet (NUV) to the infrared (IR). Although having less
sources than space satellites, these ground-based surveys can obtain more stellar parame-
ters with better precision.

Over the past two decades, many Galactic spectroscopic surveys have been conducted to
derive millions of individual stellar spectra. With the use of radiation transfer codes (e.g.
SME Valenti & Piskunov 1996, Turbospectrum Alvarez & Plez 1998; Plez 2012, MOOG
Sneden et al. 2012), many model-driven (e.g. The Payne Ting et al. 2019 and StarNet Fab-
bro et al. 2018; Bialek et al. 2020) and data-driven methods (e.g. The Cannon Ness et al.
2015 and Astro-NN Leung & Bovy 2019) and models in between (e.g. DD-Payne Xiang
et al. 2019 and Cycle-StarNet O’Briain et al. 2021) have been developed to measure accu-
rate stellar atmospheric parameters (𝑇eff , log 𝑔) and more than 20 elemental abundances,
and each of them is important and irreplaceable (Ting & Weinberg, 2022). We summa-
rize detailed information of each survey in Table 1.2 along with Gaia-RVS (Recio-Blanco
et al., 2022) and Gaia-BP/RP (De Angeli et al., 2022). Overall, the combination of as-
trometric information from Gaia and astrophysical parameters from these spectroscopic
surveys permits studies on both phase and chemical space, to unravel chemodynamical

¹https://www.cosmos.esa.int/web/gaia/dr3

https://www.cosmos.esa.int/web/gaia/dr3
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Table 1.2: Summary of the major Galactic spectroscopic surveys. Ongoing and scheduled surveys are marked with an asterisk.

Survey Instrument Location Sky coverage Operation period Wave range
(Å)

Magnitude
(mag)

No. of stars
(data release)

Resolution
(𝜆/Δ𝜆)

𝜎RV
(km s−1) Available parameters Ref.

RAVE UKST/6dF Siding Spring (SSO) southern 2003 − 2013 8410 − 8795 9 < 𝐼 < 12 451, 783 (DR6) 7500 1.5 𝑇eff , log 𝑔, [Fe/H], [𝛼/Fe],
Al, Ni 1,2

APOGEE SLOAN/APOGEE-N
Irénée du Pont/APOGEE-S

Apache Point (APO)
Las Campanas (LCO) both 2014 − 2020 15000 − 17000 11 < 𝐻 < 14 657,000 (DR17) 22500 0.1

𝑇eff , log 𝑔, [Fe/H], [𝛼/Fe],
𝑣𝑠𝑖𝑛𝑖, 𝑣𝑚𝑎𝑐𝑟𝑜, C, C-I, N, O,
Na,Mg, Al, Si, S, K, Ca, Ti,
Ti-II, V, Cr, Mn, Fe, Co, Ni,
Ce

3

∗GALAH AAT/HERMES Siding Spring (SSO) southern 2014 − present 4718 − 7890 11 < 𝑉 < 14 588, 571 (DR3) 28000 0.1

𝑇eff , log 𝑔, [Fe/H], [𝛼/Fe],
𝑣𝑚𝑖𝑐, 𝑣𝑏𝑟𝑜𝑎𝑑 , Li, C, O, Na,
Al, K, Mg, Si, Ca, Ti, Ti-II,
Sc, V, Cr, Mn, Co, Ni, Cu,
Zn, Y, Ba, La, Rb, Mo, Ru,
Nd, Sm, Eu

4

∗LAMOST-LRS LAMOST/Guoshoujing
(郭守敬望远镜) Xinglong (兴隆) nothern 2012 − present 3700 − 9000 𝑟 < 19 10, 336, 752 (DR8) 1800 7

𝑇eff , log 𝑔, [Fe/H], [𝛼/Fe],
𝑣𝑚𝑖𝑐, C, N, O, Na, Mg, Al,
Si, Ca, Ti, Cr, Mn, Fe, Co,
Ni, Cu, Ba 𝑎

5,6

∗LAMOST-MRS LAMOST/Guoshoujing
(郭守敬望远镜) Xinglong (兴隆) nothern 2018 − present 4950 − 5350

6300 − 6800 𝐺 ∼ 15 4, 684, 915 (DR8) 7500 1
𝑇eff , log 𝑔, [Fe/H], [𝛼/Fe],
𝑣𝑠𝑖𝑛𝑖, C, N, O, Mg, Al, Si,
S, Ca, Ti, Cr, Ni, Cu

7

Gaia-ESO VLT/FLAMES Paranal (ESO) southern 2011 − 2018 3000 − 11000 𝑉 < 19 114, 917 (DR5) 5000 − 47000 0.3

𝑇eff , log 𝑔, 𝑣𝑚𝑖𝑐, 𝑣𝑠𝑖𝑛𝑖, He,
Li, C, N, O, Na, Mg, Al, Si,
S, Ca, Sc, Ti, V, Cr, Mn,
Co, Ni, Cu, Zn, Sr, Y, Zr,
Mo, Ba, La, Ce, Pr, Nd,
Sm, Eu

8

∗WEAVE-GA WHT/WEAVE La Palma (ORM) northern 2022 − present 3660 − 9590
4040 − 6850

16 < 𝐺 < 20.7
12 < 𝐺 < 16

1.8 − 2.6 million
1.1 − 1.6 million

5000
20000

1 ∼ 2
0.5

𝑇eff , log 𝑔, [Fe/H] from
both 𝑅, light, 𝛼-, Fe-peak,
and 𝑠- and 𝑟-process ele-
ments from high-𝑅

9

∗4MOST VISTA/4MOST Paranal (ESO) southern 2024-Q2 (sched) 3900 − 9500
3926 − 6790

15 < 𝐺 < 20
𝐺 < 15.5

> 15 million
> 3 million

4000 − 7500
18000 − 21000

1 ∼ 2
0.3

𝑇eff , log 𝑔, [Fe/H], and up
to 20 elements 10-13

∗Milky Way Mapper SLOAN+Irénée du Pont/BOSS
SLOAN+Irénée du Pont/APOGEE

Apache Point (APO)
Las Campanas (LCO) both 2020 − present 3600 − 10400

15000 − 17000 - 5 million 2000
22500 - 𝑇eff , log 𝑔, [Fe/H], and

chemical abundances 14

∗Gaia-RVS Gaia/RVS L2 (ESA) whole 2014 − present 8450 − 8720 𝐺 < 17 5, 591, 594 (DR3)𝑏 11500 1.05
𝑇eff , log 𝑔, [Fe/H], N, Mg,
Si, S, Ca, Ti, Cr, FeI, FeII,
Ni, Zr, Ce and Nd

15,16

∗Gaia BP/RP Gaia/BP+RP L2 (ESA) whole 2014 − present 3300 − 10500 𝐺 < 17.6 219 million (DR3) 20 − 115 - 𝑇eff , log 𝑔, [M/H], paral-
lax, 𝐸 (𝐵 −𝑉) 17-19

𝑎 Elemental abundances are measured from LAMOST DR5 by DD-Payne (Ting et al., 2017a; Xiang et al., 2019).
𝑏 Among this number, about 2,513,593 sources have chemical abundances measurements.
References. (1) Steinmetz et al. (2020a); (2) Steinmetz et al. (2020b); (3) Abdurro’uf et al. (2022); (4) Buder et al. (2021); (5) Ting et al. (2017b); (6) Xiang et al. (2019); (7) Liu et al. (2020); (8) Gilmore et al. (2012); (9) Jin et al. (2023);
(10) Helmi et al. (2019); (11) Christlieb et al. (2019); (12) Chiappini et al. (2019); (13) Bensby et al. (2019); (14) Almeida et al. (2023); (15) Recio-Blanco et al. (2022); (16) Creevey et al. (2022); (17) De Angeli et al. (2022); (18) Andrae
et al. (2023); (19) Zhang et al. (2023)
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evolution history of the Milky Way. Some examples will be shown in Section 1.2.2 and
Section 1.2.3. In recent years, spectroscopic surveys have entered a new era with the ongo-
ing WEAVE (Jin et al., 2023) and 4MOST (de Jong et al., 2019) surveys in optical, which
will obtain stellar spectra down to 𝐺 ∼ 20 and many stellar parameters are measurable.
TheMilkyWayMapper (Almeida et al., 2023) as part of the fifth Sloan Digital Sky Survey
(SDSS-V) will focus on the Galactic central and disk regions with unprecedented number
of samples for the study of stellar components evolution.

1.2.2 Galaxy Stellar Components
The basic stellar components of the Milky Way include a boxy/peanut bulge in the densest
Galactic center with a bar, an extended disk with flaring in the outer region, a diffuse and
spherical halo, and several dense stellar regions in the inner halo called star clusters. We
show the anatomy of the Milky Way with these components in Fig. 1.4.

Figure 1.4: The anatomy of the Milky Way with its various components (not to scale).
Credit: Matthias Schmitt 2019.

Bulge

The stellar bulge was once considered to be a spherical classical bulge with stars formed
rapidly at the early stages of the Galaxy through gas-rich mergers (Ortolani et al., 1995;
Elmegreen, 1999; Clarkson et al., 2008). But another theory proposed a pseudo-bulge,
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which is a natural consequence of the evolution of stars in the disk (Combes & Sanders,
1981; Raha et al., 1991; Norman et al., 1996; Athanassoula, 2005). In this case, dynami-
cal forces caused stars in the inner disk region to depart from circular orbits and led to the
formation of the bulge. Later on, studies using 2MASS star count (Skrutskie et al., 2006)
confirmed a boxy/peanut (b/p) or X-shape bulge due to the appearance of the Galactic
bar (McWilliam & Zoccali, 2010; Nataf et al., 2010; Wegg & Gerhard, 2013) where stars
have a cylindrical rotation (Kunder et al., 2012; Ness et al., 2013b). Therefore, it indicates
the bulge has a more complex scenario with multiple formation and evolution processes.
Combining the kinematic and chemical observations, Soto et al. (2007); Babusiaux et al.
(2010) found two main bulge stellar populations and only the more metal-rich population
follows the bar. Rojas-Arriagada et al. (2014) found two equal numbers of metal-rich and
metal-poor stars from Gaia-ESO, whereas Ness et al. (2013a,b) find evidence for five pop-
ulations. They all agree that the metal-rich populations trace the X-shape or the barred
bulge. For metal-poor populations, studies using RR Lyrae found that the old population
does not participate in the b/p bulge (Dékány et al., 2013; Pietrukowicz et al., 2015), con-
sistent with the results from ARGOS (Ness et al., 2012). It is debated whether these stars
are formed from an old bulge in the proto-Galaxy or just a reflection of accreted features
with orbits in the pericenter phase due to instabilities with the halo (Babusiaux et al., 2010;
Di Matteo et al., 2014), or both. A more recent study using Gaia-BP/RP metallicity by
Rix et al. (2022) found a centrally concentrated metal-poor and old component with most
of the stars at apocenters, but a minority at pericenter that can be taken to 𝑅gc > 10 kpc.
Wylie et al. (2021) combined ARGOS and APOGEE samples (A2A) and conclude that
each [Fe/H] maximum have separate disk origins and metal-poor stars originating from
a thicker disk than the metal-rich stars.

Disk

The Galactic disk is a flattened and kinematically cold structure than other components.
Previous studies have observed that the disk can be broken into two components, a thin and
thick disk, based on geometry, chemical abundances, kinematics, and age. However, dif-
ferent definitions and selection criteria for the thin and thick disks do not produce identical
sub-samples of stars. Some studies have even argued that the thin and thick disks are not
completely distinct components (e.g., Bovy et al. 2012a,b,c; Sharma et al. 2021b). Studies
on the shape of the disk began with Gilmore & Reid (1983) that they made the first reli-
able measurement of the stellar densities vertical to the Galactic plane using photometric
parallax and geometrically demonstrated a two-component exponential distribution with
scale-heights 𝑧 around 300 pc and 1450 pc, respectively. Later on, these values are im-
proved to be 350 ∼ 750 and 940 pc (Siegel et al., 2002). The thin disk and thick disk have
a stellar mass of 3.5±1×1010 M� and 6±3×109 M� (Bland-Hawthorn &Gerhard, 2016),
respectively. In terms of chemistry, high-resolution spectroscopic surveys indicated that
most stars in the thin disk have high [Fe/H] and low [𝛼/Fe], whereas stars in the thick
disk have low [Fe/H] and high [𝛼/Fe] (Bensby et al., 2003, 2014; Nidever et al., 2014;
Hayden et al., 2015). This is the so-called 𝛼-bimodality. The thick disk stars also have
higher [C/N] from observations of APOGEE DR12 (Masseron & Gilmore, 2015). In the
solar neighbourhood, a distinct division appears in the stellar age distribution at around
8 Gyr. Stars younger than this age are primarily located in the thin disk, whereas older
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stars belong to the thick disk, and a strong correlation is observed between stellar age and
[𝛼/Fe] (Haywood et al., 2013; Bensby et al., 2014), but not in age and [Fe/H] (Edvards-
son et al., 1993; Nordström et al., 2004). The [𝛼/Fe]-poor population is also found in the
Sagittarius dwarf galaxy but with a different pattern to the thick disk (Hasselquist et al.,
2019). In the outer disk, a flaring profile of low [𝛼/Fe] stars is observed with slowly expo-
nential increase with the Galactocentric radius (Bovy et al., 2016). The flaring is present in
almost all mono-age populations with the youngest populations flaring most strongly and
is thought to be a result of active accretion history in the early disk life (Mackereth et al.,
2017). Combining all the results above, we show in Fig. 1.5 a sketch of the 𝛼 abundance
distribution of the Milky Way, which is adapted from Bland-Hawthorn et al. (2019). We
will illustrate the chemical cartography of the disk in greater detail in Section 1.2.3 and
connect this to chemical evolution models in Section 1.2.4.

Figure 1.5: Schematic diagram illustrating the structure of the Galactic disc. 𝛼0 and
𝛼+ means [𝛼/Fe]-poor and [𝛼/Fe]-rich component, respectively. Figure adapted from
Bland-Hawthorn et al. (2019).

Halo

Stars in the Galactic halo follow a double power-law distribution with a slope of −2.5±0.3
for the inner halo (5 ∼ 25 ± 10 kpc) and −3.8 ± 0.1 for the outer halo (Bland-Hawthorn
& Gerhard, 2016). Even though the halo contains only 1% of the total stellar mass (Mor-
rison, 1993), it is considered to be an essential component to reveal the merger history
of the Galaxy. Most of the mass in the inner halo regions is predicted to originate in
a few massive progenitors (Helmi et al., 2002; Wang et al., 2011), where these ancient
galaxies were disrupted into debris by the Milky Way (Cooper et al., 2010), and some of
them with low-inclination orbits can be deposited in the thick disk (Abadi et al., 2003).
Many tracers can be used to study the formation history of the Galactic halo, which in-
cludes satellite galaxies (Watkins et al., 2010), globular clusters (e.g., Sohn et al. 2018;
Watkins et al. 2019), halo stars (Xue et al., 2008; Kafle et al., 2012), high-velocity stars
(Rossi et al., 2017; Monari et al., 2018), stellar streams (Gibbons et al., 2014; Malhan
& Ibata, 2019; Erkal et al., 2019), and heated stars from the disk (Zolotov et al., 2009;
Tissera et al., 2013). Similar to the bulge’s old component, the halo is dominated by old



11

and metal-poor stars formed in the proto-Galaxy. The metallicity of accreted stars is even
more metal-poor because the accreted galaxies were less massive than the proto-Galaxy
and hence have lower metallicity due to the mass-metallicity relation (Helmi, 2020). In re-
cent years, studies using Gaia metallicity and kinematics found the most massive accreted
progenitor Gaia-Sausage-Enceladus (GSE) (Belokurov et al., 2018; Deason et al., 2018;
Helmi et al., 2018), which had a stellar mass of ∼ 6 × 108 M� (Helmi et al., 2018) and
merged with the Milky Way around 11 Gyr ago (Xiang & Rix, 2022). In addition, other
substructures in the inner halo such as the Helmi streams (Helmi et al., 1999), Sequoia
(Myeong et al., 2019), and Thamnos (Koppelman et al., 2019), are also readily apparent in
Gaia data (Koppelman et al., 2018). Besides, many tiny streams crisscrossing the halo at
larger distances have been uncovered as shown in Fig. 1.6. Horta et al. (2023) combined
APOGEEwith Gaia and found the elemental properties of various halo substructures have
different nucleosynthetic pathways.

Figure 1.6: Sky distribution of currently known spatially coherent streams and overden-
sities (indicated as regions delimited by dashed lines, and in boldface in the inset). Figure
adapted from Helmi (2020).

Clusters

Stellar clusters can be roughly defined as overdensities of the background stellar distri-
bution of the Milky Way and are gravitationally bound for some length of time (Lada &
Lada, 2003), which is very useful to provide a way to study and model stellar evolution
and ages (Krumholz et al., 2019). The two traditional categories of star clusters are open
clusters (OC) and globular clusters (GC).



12

Open clusters contain a few hundred loosely bound stars. They reside exclusively in the
young and low-[𝛼/Fe] disk and rarely exceed |𝑧 | = 200 pc (Cantat-Gaudin et al., 2018).
They have an average age of ∼ 108 Gyr and are rarely older than 500 Myr (Salaris et al.,
2004). Due to their young ages, OCs are identified as tracers of the Galactic spiral arms
and star-forming regions. Stars in OCs are formed from the same initial molecular cloud
and hence are believed to have the same age and chemical composition (e.g., De Silva
et al. 2006, 2007; de Silva et al. 2011; Feng & Krumholz 2014), even though some recent
studies on solar twins identified certain inhomogeneous elements with variations around
0.02 dex (Liu et al., 2016a,b, 2019). Under this assumption, it is possible to identify the
common birth sites of disrupted OC members only using their chemical signatures, which
is the so-called chemical tagging (Freeman & Bland-Hawthorn, 2002).

Globular clusters contain several thousand to one million stars in spherical and
gravitationally-bound systems, which were previously difficult to resolve due to the high
stellar density. They are mostly in the Galactic halo with higher initial mass and at least
8 Gyr old, many of them are as old as the universe (Chaboyer et al., 1996). GCs are crucial
to understanding the origin of the halo. Dynamical analysis of GCs found that about 40%
of them contain old stars originating from the disk and bulge, and 35% are from merger
events (Massari et al., 2019). GCs are observed to have inhomogeneities and anticorrela-
tions in most of the light elements such as He, C, N, O, Na, and Al (e.g, Carretta et al. 2010;
Milone et al. 2018; Mészáros et al. 2020). We refer to the detailed review from Milone
& Marino (2022). Heavy-element abundance variations are also observed, but only in a
small number of massive GCs (Gratton, 2020). Using integral-field spectrographs such
as MUSE, several studies have been conducted to study the kinematics and abundance
variations of GCs using resolved individual stars (e.g., Husser et al. 2016; Kamann et al.
2016, 2018; Göttgens et al. 2019; Husser et al. 2020), and a potential central black hole
was identified in NGC 6397 (Kamann et al., 2016).

1.2.3 Chemical Cartography of the Disk
In this section, we focus on the detailed chemical cartography of the Galactic disk, in-
cluding the [𝛼/Fe]-[Fe/H] distribution and the metallicity distribution function (MDF)
at different locations with their indications of dynamical processes. Here we refer to results
from Hayden et al. (2015) using red giant stars observed by APOGEE DR14 (Abolfathi
et al., 2018). We note an earlier version also appeared in Nidever et al. (2014) using red
clump stars from APOGEE (see their Fig. 11). For a more general chemical cartography
of the entire Milky Way with all the structures, we refer to a more recent study using Gaia
DR3 (Gaia Collaboration et al., 2022a).

Fig. 1.7 demonstrates APOGEE DR14 stellar density distributions in the [𝛼/Fe]-[Fe/H]
plane as a function of Galaxy locations in 𝑅 and |𝑧 | from Hayden et al. (2015). This figure
reveals several features: (i): The distribution can be separated into two sequences: one
is [Fe/H]-rich and [𝛼/Fe]-poor, and the other is [Fe/H]-poor and [𝛼/Fe]-rich. Whether
they are distinct and their relative fractions depend on the Galactic location; (ii): The
distribution of the inner Galaxy (3 < 𝑅 < 5 kpc) is close to a single sequence starting
from low-[Fe/H], high-[𝛼/Fe] to high-[Fe/H], low-[Fe/H], whereas the two sequences
are clearly distinct in the outer Galaxy regions; (iii): The density peaks of the high-[𝛼/Fe]
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sequences remain the same at different radial zones, whereas for the low-[𝛼/Fe] sequences
the peaks decrease with a larger Galactocentric radius; (iv): The relative fraction of low-
[𝛼/Fe] sequences increases with larger 𝑅 and smaller |𝑧 |, indicating a thin disk structure
with larger scalelength and larger scaleheight, and flaring in the outer Galaxy; the relative
fraction of high-[𝛼/Fe] sequences increases with smaller 𝑅 and larger |𝑧 |, indicating a
thick disk structure with shorter scalelength and higher scaleheight. The MDF of stars in
each panel is also shown in Fig. 1.8 (adapted from Hayden et al. 2015), where it is clear
that the peak of MDF is centred at high metallicity in the inner Galaxy, and lowmetallicity
in the outer Galaxy. The shape of MDF also changes from negative skewness in the inner
Galaxy to positive skewness in the outer Galaxy. Moreover, with the increase of |𝑧 |, MDF
has less variation with radius.

Figure 1.7: Density distribution revealed by APOGEE DR14 stars in the ([𝛼/Fe],
[Fe/H]) panel at different Galaxy locations. In each panel, the sum of density is nor-
malized to 1 and the locations are in cylindrical coordination (𝑅, 𝑧) in kpc to the Galactic
center. The solid lines show the evolution of abundances at a given stellar birth radius
predicted by Sharma et al. (2021b). The blue line is for the birth radius of 4 kpc, while
the orange line is for the birth radius corresponding to the central value of 𝑅 in each bin.
The black dots mark the evolution at the ages of 4, 8, 10, 11, 12, and 13 Gyr, with metal-
licity decreasing with age. Panel (f) shows the model predictions corresponding to birth
radii of 1, 2, 4, 6, 8, 10, 12, and 14 kpc, with [𝛼/Fe] increasing with birth radius. This
figure is originated in Hayden et al. (2015) and adapted from Sharma et al. (2021b). We
note an earlier version also appeared in Nidever et al. (2014) using red clump stars from
APOGEE (see their Fig. 11).

The above chemical cartography from observations of the disk and its variancewithGalaxy
location is important for an insight into the chemodynamical evolution of the Milky Way
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Figure 1.8: Observed metallicity distribution function for the entire sample as a function
of Galactocentric radius over a range of distances from the plane. Figure adapted from
Hayden et al. (2015).

and provides useful constraints to chemical evolution models and simulations. The skew-
ness of MDF and its variance with the Galactocentric radius is verified to be due to the
radial migration or churning by a toy model in Hayden et al. (2015) that stars can migrate
away from their birth radius (e.g., Sellwood & Binney 2002). Stellar radial migration can
be caused by a variety of reasons including interactions with infalling satellites (Quillen
et al., 2009), giant molecular clouds in the disc (Schönrich & Binney, 2009a), or interac-
tions with the bar or spiral arms, or both (e.g., Brunetti et al. 2011; Di Matteo et al. 2013;
Daniel & Wyse 2015; Loebman et al. 2016). The vertical structure or flaring in the outer
disk is found to be due to the vertical velocity dispersion 𝜎𝑧 decreasing until solar angular
momentum 𝐿𝑧 and increasing back later on (Sharma et al., 2021b). This is a fundamen-
tal relation that exists in all spectroscopic surveys (Sharma et al., 2021a), which may be
caused by orbiting satellites, warps, the infall of misaligned gas, and reorientation of the
disc (e.g., Minchev et al. 2014, 2015; Grand et al. 2016).

1.2.4 Chemical Evolution Models
Historically, many efforts have been made to build Galactic chemical evolution (GCE)
models and compare with observations to understand the evolution processes of the Milky
Way. The simplest one is the one-zone model (van den Bergh, 1962; Schmidt, 1963)
which assumes stars begin to form from pristine gas that only contains H, He, and a small
amount of Li from the Big Bang, and the heavier elements are produced later on by stellar
nucleosynthesis processes and supernova. The falling gas from intergalactic medium can
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also be added into the model over time to moderate the evolution track. One-zone models
were later extended into multi-zone by including a series of interconnected galactic rings
(Chiappini et al., 1997, 2001) where stars and gas can be exchanged. Some other processes
such as inside-out growth indicated byGalactic and extragalactic observations (Bovy et al.,
2012b; van der Wel et al., 2014; Rodríguez-Puebla et al., 2017) are also proved to be
essential to GCE models to match observations.

Figure 1.9: Predictions by Sharma et al. (2021b) for stellar density distributions in the
([𝛼/Fe], [Fe/H]) plane at different Galaxy locations. The definitions of solid lines, con-
tours, and black dots are the same as Fig. 1.7. Figure adapted from Sharma et al. (2021b).

One key factor in determining the correction of GCE models is whether it can reproduce
the [𝛼/Fe]-[Fe/H] bimodality distribution observed by spectroscopic surveys, as we il-
lustrated in Section 1.2.3. Here we list several GCE models that made this attempt and
were mostly cited during the past decades. The two-infall model (originally from Chiap-
pini et al. 1997 and modified later by Haywood et al. 2018; Spitoni et al. 2019; Lian et al.
2020a) assumes two distinct infall episodes with a delay of 4 ∼ 6 Gyr. The first episode
happens at the beginning of the model and forms metal-poor and [𝛼/Fe]-enhanced stars
in the halo and the thick disk. When the metallicity is enriched to ∼ 0.4 dex, the sec-
ond infall brings in much metal-poor gas and resets the gas chemical composition. Then
the chemical enrichment repeats and [𝛼/Fe]-poor stars spreads along the wide metallicity
regions. On the contrary, another GCE model by Schönrich & Binney (2009a); Sanders
& Binney (2015) considers radial migration or radial mixing. They showed that the ex-
tended [Fe/H] distribution in low-[𝛼/Fe] regime is due to radial migration where stars
change their angular momentum or guiding radius with time, and one smooth episode of
gas infall is sufficient to produce [𝛼/Fe]-bimodality. The effect of radial migration is
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also seen in simulations (e.g., Minchev et al. 2013; Kubryk et al. 2015). Sharma et al.
(2021b) extended the GCE model by applying Shu distribution function (Shu, 1969) as
the phase-space distribution and a new prescription for velocity dispersion relation from
Sharma et al. (2021a). This extended model successfully reproduced the [𝛼/Fe]-[Fe/H]
bimodality distributions (see Fig. 1.9) that are consistent with APOGEE observations (see
Fig. 1.7) in Hayden et al. (2015).

In addition to [𝛼/Fe] and [Fe/H], spectroscopic surveys also measured other abundances
such as 𝑠− and 𝑟− process elements, which provides a great opportunity to extend the cur-
rent GCE models by applying stellar nucleosynthetic yields to reproduce more elements.
A recent attempt was made by Chen et al. (2022) using the yields from Kobayashi et al.
(2020a,b). It will not only help in understanding the comprehensive chemodynamic evo-
lution of the Milky Way but also provides a way to verify the nucleosynthetic processes
and better understand stellar evolution.

1.2.5 Unexplored Regions
The above results indicate great progress in understanding how our Milky Way is formed
and evolved for different stellar components, which is attributed to astrometric data from
Gaia and stellar parameters with chemical abundances from many fiber-fed multi-object
spectroscopic surveys. However, the majority of these observations only focus on resolv-
able stellar regions with a limitation of stellar density. In extremely dense regions, once
the spatial distance of adjacent stars is smaller than the fiber size (e.g. 30′′ for GALAH;
56 − 71.5′′ for APOGEE; 268.2′′ for LAMOST), it becomes unsolvable. Such regions
include the center of the Galactic bulge and globular clusters which are important for un-
derstanding the early formation of the Milky Way. But the current fiber-fed spectrograph
can only obtain less dense regions in the bulge and outskirts of clusters.

To address individual stars in dense regions, one approach is to use the integral-field spec-
trograph like MUSE. As is shown in Fig. 1.1, the integral-field spectrograph data contains
a spectrum for every pixel. Therefore, it is feasible to resolve individual stars by fitting
stacked PFS of stars with observations. Such a method has been implemented by Kamann
et al. (2013) to be a tool named PampelMUSE. This tool has been applied to several studies
on the center of globular clusters and more than 6000 spectra can be extracted in a MUSE
cube of 47 Tuc (Kamann et al., 2016) with 1′×1′ FoV. Fig. 1.10 provides an example of the
resolving power of PampelMUSE on adjacent stars, which verifies that there is a great op-
portunity to resolve individual stellar spectra in the densest Galactic bulge regions, which
we will address in Chapter 3.

To study chemodynamic evolution of dense regions, similar to fiber-fed multi-object spec-
troscopic surveys, there needs a reliable and efficient tool to measure stellar parameters
fromMUSE stellar spectra. Unfortunately, previous studies on dense regions mainly mea-
sured the kinematics of stars or equivalent width of spectral features (e.g., Göttgens et al.
2019; Kamann et al. 2018; Latour et al. 2019; Husser et al. 2020; Latour et al. 2021),
and there has not a model-driven or data-driven model being applied on MUSE spectra to
measure elemental abundances yet, which we will address in Chapter 2.
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Figure 1.10: Example of the resolving power of MUSE on individual spectra extraction.
The top left panel shows a white light image of the central MUSE datacube of NGC 6397.
A zoom into the area indicated with a red square is shown in the top middle panel. In
the top right panel, the same FoV is shown as seen with HST. All stars for which spectra
were extracted are shown with crosses. Spectra extracted from the stars indicated with
the red and green crosses are shown in the bottom panel and show clearly distinct features
without any contamination from each other. The spectra are continuum subtracted and
normalised and the areas dominated by telluric absorption are indicated in grey for clarity.
Figure adapted from Husser et al. (2016).
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Table 1.3: Summary of IFU surveys on low-redshift galaxies. Ongoing and scheduled surveys are marked with an asterisk.

Survey Instrument Location IFS type Operation period Wave range
(Å)

Spectral Resolution
FWHM(Å)

𝜎inst
km s−1

Spatial Sampling
(arcsec2)

No. of galaxies
(data release) redshift Ref.

SAURON WHT/SAURON La Palma lenslet 1999 − 2003 4800 − 5380 4.8 108 0.8 × 0.8 72
(E, S0, Sa) < 0.01 1-3

ATLAS3D WHT/SAURON La Palma lenslet 2007 − 2008 4800 − 5380 4.8 108 0.8 × 0.8 260
(E, S0) < 0.01 4

CALIFA Calar Alto/PMAS/PPAK CAHA fiber bundle 2010 − 2016 3745 − 7300
3400 − 4750

6
2.7

150
85 2.7 × 2.7 667 0.005 ∼ 0.03 5,6

SAMI AAT/SAMI SSO hexabundles 2013 − 2018 3750 − 5750
6300 − 7400

2.65
1.61

70.4
29.6 1.6 × 1.6 3068 0.004 ∼ 0.095 7-10

∗HECTOR AAT/HECTOR SSO hexabundles 2023 − present 3727 − 7761 1.3 25 1.6 × 1.6 15,000 < 0.1 11

MaNGA SLOAN/BOSS APO fiber bundle 2014 − 2020 3630 − 6300
5900 − 10300 2.86 ∼ 3.46 50 ∼ 80 2 × 2 10,010 0.01 ∼ 0.15 12-15

∗MAGPI VLT/MUSE Paranal (ESO) image slicer 2019 − present 4650 − 9300 2.4 ∼ 3 35 ∼ 80 0.2 × 0.2 60 0.25 ∼ 0.35 16
Fornax VLT/MUSE Paranal (ESO) image slicer 2016 − 2017 4650 − 9300 2.4 ∼ 3 35 ∼ 80 0.2 × 0.2 33 ∼ 0.0046 17

PHANGS VLT/MUSE Paranal (ESO) image slicer 2017 − 2020 4650 − 9300 2.4 ∼ 3 35 ∼ 80 0.2 × 0.2 19 < 0.005 18
∗GECKOS VLT/MUSE Paranal (ESO) image slicer 2022 − present 4650 − 9300 2.4 ∼ 3 35 ∼ 80 0.2 × 0.2 35

(edge-on) < 0.02 19

TIMER VLT/MUSE Paranal (ESO) image slicer 2016 4650 − 9300 2.4 ∼ 3 35 ∼ 80 0.2 × 0.2 24
(barred) < 0.01 20

MAD VLT/MUSE Paranal (ESO) image slicer 2015 − 2017 4650 − 9300 2.4 ∼ 3 35 ∼ 80 0.2 × 0.2 38 < 0.013 21
References. (1) Bacon et al. (2001); (2) Emsellem et al. (2004); (3) Kuntschner et al. (2006); (4) Cappellari et al. (2011); (5) Sánchez et al. (2012); (6) Sánchez et al. (2016); (7) Croom et al. (2012);
(8) Bryant et al. (2015); (9) van de Sande et al. (2017); (10) Croom et al. (2021); (11) Bryant et al. (2020); (12) Bundy et al. (2015); (13) Yan et al. (2016); (14) Yan et al. (2016); (15) Abdurro’uf et al.
(2022);(16) Foster et al. (2021); (17) Sarzi et al. (2022);(18) Emsellem et al. (2022);(19) van de Sande et al. (2023); (20) Gadotti et al. (2019); (21) Erroz-Ferrer et al. (2019)
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1.3 Extragalactic Observations
External galaxies are also an essential sample, and being wildly observed to understand
galaxy evolution that is different from galaxy to galaxy. Therefore, a large galaxy sample
with different types (as shown in the Hubble tuning fork diagram in Fig. 1.11) is ideal for
testing galaxy evolution theories. Thanks to the integral-field spectrograph, it is feasible
to spatially resolve different components and study specific regions of external galaxies
such as the star-forming regions (van Dishoeck & Blake, 1998), galaxy winds (Sharp &
Bland-Hawthorn, 2010; Rupke, 2018), circumgalactic medium (CGM, Tumlinson et al.
2017), and velocity distribution (Brough et al., 2011), angular momentum (Emsellem
et al., 2011), age, metallicity gradients (Kuntschner et al., 2010), and star formation his-
tory (Emsellem et al., 2011). Over the decades, many IFS surveys have been conducted to
enlarge the external galaxy sample for a better and more comprehensive study, as is listed
in Table 1.3.

Figure 1.11: Hubble tuning fork used for galaxy classification. Figure adapted from
Masters et al. (2019).

1.3.1 Kinematic and Chemical Parameter Measurements
Different from the Milky Way, it is extremely difficult to resolve individual stars in distant
external galaxies andmeasure their kinematic and chemical parameters. The light received
from each spaxel is a stack of many stars, which is called integrated spectra. Therefore, an
important assumption in extragalactic analysis is that the integrated spectrum is a weighted
superposition of spectra of many simple stellar populations (SSPs), which is defined by
a coeval stellar population at a single metallicity and abundance pattern (Conroy, 2013).
In addition, effects due to stellar velocity (shift, broaden, or skew the spectrum), dust
attenuation, and gas emission should also be included. A summary of this whole process
is shown in Fig. 1.12.

To measure the kinematics and chemical composition from integrated spectra, an impor-
tant procedure is to decompose these several complex processes. Many software and algo-
rithms have been developed for this aim since the 2000s such as PPXF (Cappellari & Em-
sellem, 2004; Cappellari, 2017), STARLIGHT (Cid Fernandes et al., 2005), STECMAP
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Figure 1.12: Overview of the stellar population synthesis technique. SSPs are generated
by using an initial-mass function (IMF), stellar isochrones, and stellar spectra. Some
other ingredients for stellar population synthesis include star formation and chemical en-
richment, dust attenuation and gas emission. Figure adapted from Conroy (2013).
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(Ocvirk et al., 2006), VESPA (Tojeiro et al., 2007), and FIREFLY (Wilkinson et al., 2017).
Some semi-analytical models have also been developed in recent years (e.g., Zhou et al.
2022). Here we mainly take PPXF as an example to explain the implementation in detail,
but other softwares are more or less based on the same principles. PPXF (Penalized PiXel-
Fitting) is used to extract the stellar and gas kinematics, as well as the stellar population of
galaxies via full-spectrum fitting. It assumes the observed galaxy spectrum 𝐺mod(𝑥) can
be synthesized by the equation as follows (adapted from Cappellari 2017):

𝐺mod(𝑥) =
𝑁∑
𝑛=1

𝑤𝑛

{
[𝑇𝑛 (𝑥) ∗ L𝑛 (𝑐𝑥)]

𝐾∑
𝑘=1

𝑎𝑘P𝑘 (𝑥)
}
+

𝐿∑
𝑙=0

𝑏𝑙P𝑙 (𝑥) +
𝐽∑
𝑗=1
𝑐 𝑗𝑆 𝑗 (𝑥),

(1.1)
where 𝑥 is the wavelength pixel, L𝑛 is the line-of-sight velocity distribution (LOSVD) for
the 𝑛-th stellar population and gas spectral template 𝑇𝑛, P𝑙 and P𝑘 are multiplicative and
additive polynomials with degree 𝑘 and 𝑙 to minimize template mismatch, imperfect sky
subtraction, or inaccuracies in the spectral calibration. In addition, P𝑘 can be replaced by
a reddening curve (e.g., Calzetti et al. 2000) to measure extinction value 𝐸 (𝐵−𝑉). 𝑆 𝑗 are
spectra of the sky. During the fitting process, PPXF will find the best solution that matches
the observed spectrum by 𝜒2 minimization and return the LOSVD (L𝑛) and coefficients
of each term (𝑤𝑛, 𝑎𝑘 , 𝑏𝑙 , and 𝑐 𝑗 ).

The kinematics of the observed spectrum is represented by L𝑛, which is normally param-
eterized using the Gauss-Hermite function introduced by van der Marel & Franx (1993);
Gerhard (1993). The Gauss-Hermite function has the form as follows:

L(𝑦) =
exp

(
−𝑦2/2

)
𝜎
√

2𝜋

[
1 +

𝑀∑
𝑚=3

ℎ𝑚𝐻𝑚 (𝑦)
]
,

𝑦 = (𝑣 −𝑉)/𝜎,
(1.2)

where 𝐻𝑚 are the Hermite polynomials. The first four moments of this equation are stellar
mean line-of-sight velocity 𝑉LOS, velocity dispersion 𝜎, skewness ℎ3, and kurtosis ℎ4.
These four moments are broadly used to study the kinematic structures of different galaxy
components. The including of ℎ3 and ℎ4 is due to the natural build-up of stellar particles
𝑉LOS along the edge-on disk (see Fig. 1 of Kregel & van der Kruit 2005). A key feature
of PPXF is that it automatically penalizes non-Gaussian solutions to prevent over-fitting
and reduce the noise of recovered kinematics. This is achieved by adding a term in the
𝜒2 equation to amplify the impact of non-Gaussian features with large ℎ3 or ℎ4, which are
normally found to be nonphysical (Cappellari & Emsellem, 2004). Another useful method
to measure kinematics is BAYES-LOSVD (Falcón-Barroso & Martig, 2021), which is a
non-parametric framework and can overcome the limitations of Gauss-Hermite function
on some peculiar LOSVD shapes.

Among the coefficients obtained by PPXF, 𝑤𝑛 represents the weight of each simple stellar
population and gas templates. SSP templates spread in a certain metallicity, [𝛼/Fe] and
age grid. Therefore, these weights can be used to calculate the mass- or light-weighted
average of [M/H], [Fe/H] and age for this observed spectrum, depending on whether the
templates are normalized to one M� or L�. One can also obtain star formation history
(age distribution) and metallicity distribution of this observed spectrum by integrating the
weights along the age or metallicity grid.
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Figure 1.13: Kinematic and chemical composition maps of an example galaxy
NGC 1433. Figure adapted from Bittner et al. (2019).
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Another complementary method to obtain chemical composition is to measure the line
strength of each absorption feature, which is due to the electron transition between different
energy levels. The line strength of each absorption feature is calculated by the difference
between the total flux of this bandpass and the continuum in the same wavelength region
(Faber et al., 1985; Kuntschner et al., 2006). Because of the relation between line strength
and [M/H], [𝛼/Fe], and age, it is feasible to measure the SSP-equivalent chemical com-
position properties by applyingMarkov chainMonte Carlo (MCMC) algorithm (Foreman-
Mackey et al., 2013). This method is also broadly used to infer the stellar information of
galaxies in IFS surveys (e.g., Kuntschner et al. 2010; McDermid et al. 2015).

Finally, after applying all the procedures above, onewill obtain a comprehensive parameter
maps of external galaxies including kinamatics, mass- or light-weighted [M/H], [𝛼/Fe],
and age, line-strength indices with the inferred SSP-equivalent properties, gas proper-
ties, star-forming regions, etc. An example of these property maps is demonstrated in
Fig. 1.13.

1.3.2 Explorations on Milky Way Analogues
The progress of our understanding of the Milky Way evolution in Section 1.2 revealed a
complex mixture of internal and external processes. In the Universe, there are many disk
galaxies that have similar structures to the Milky Way such as the thick disk (Burstein,
1979; Yoachim & Dalcanton, 2006; Comerón et al., 2018; Martínez-Lombilla & Knapen,
2019), b/p bulge (e.g., Georgiev et al. 2019; Kormendy & Bender 2019), stellar radial
migration and accretion history (e.g., Zhu et al. 2022). They are thought to have gone
through similar formation and evolution history, although some specific processes might
be different. Therefore, the GCEmodels of theMilkyWaymight also be applied to fit with
external galaxies by tuning some parameters. A promising way to better understand galaxy
evolution is by combining the Milky Way with other disk galaxies, which is permitted by
large samples of extragalactic IFS surveys.

In recent years, several studies attempted to compare some aspects of the Milky Way with
the so-calledMilkyWay analogues (MWAs) both from extragalactic observations and cos-
mological simulations that have similar integrated properties such as star formation rate,
bulge-to-total ratio, etc. Fraser-McKelvie et al. (2019) selected 176 galaxies from the
whole SDSS DR7 sample (Abazajian et al., 2009) and compared the mean star forma-
tion rate with the Milky Way, they found that even though the Milky Way has a relatively
lower SFR, it is not unusual when compared to similar galaxies within 2𝜎. Kormendy
& Bender (2019) found the pseudo-bulge of two galaxies NGC 4565 and NGC 5746 are
made of old and [𝛼/Fe]-enhanced stars, similar to the Milky Way. Evans et al. (2020)
selected galaxies with the Milky-Way-mass halos from EAGLE simulations and found
that ∼ 16 percent have an LMC-like accretion, ∼ 5 percent have a GES-like event and no
further massive merger since 𝑧 = 1, and only ∼ 0.65 percent have both LMC and GES.
Boardman et al. (2020a) selected 62 Milky Way analogues (MWAs) from MaNGA with
the criteria of stellar masses and bulge-to-total ratios and found most of them have flatter
stellar and gas-phase metallicity gradients due to different disc scale lengths, and a greater
consistency can be found when scaling gradients by these lengths; Mao et al. (2021) spec-
troscopically observed 127 satellite galaxies around 36 Milky Way analogues and found
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the number and luminosities of MW satellites are consistent with the distributions from
these analogues. Zhou et al. (2023) revisited 138 MaNGA galaxies by fitting the spectra
with a semi-analytic chemical evolution model (Zhou et al., 2022) and measured their star
formation and chemical enrichment histories. They detected similar [𝛼/Fe] bimodality
as the Galactic APOGEE observations (Abdurro’uf et al., 2022) in many of the galax-
ies.

With the unprecedented observational depth and spatial resolving power of the MUSE
instrument. Many MUSE IFS surveys have been proposed to study thin disk structures
and interstellar medium on face-on galaxies in the scale of 50 ∼ 100 pc, as shown in
Table 1.3. Several individual studies on edge-on galaxies have also been carried out and the
[𝛼/Fe]-enhanced thick disk and merger signatures were identified (Pinna et al., 2019a,b;
Scott et al., 2021; Martig et al., 2021). Particularly, Scott et al. (2021) demonstrated that
the MW analogue UGC 10738 has similar metallicity, [𝛼/Fe], and age distributions at
different projected 𝑅 and |𝑧 | with toMilkyWay, as shown in Fig. 1.14. In addition, [𝛼/Fe]-
bimodality distributions at different projected 𝑅 and |𝑧 | are also identified, which supports
the commonness of MW’s chemical evolution history. In the future, the GECKOS survey
(van de Sande et al., 2023) with deep observations on 35 edge-on galaxies provides great
opportunities to extend our Galactic chemodynamic evolution theories to more samples
and identify more internal and external processes of external galaxies than the current
stage.

1.3.3 Challenges of Comparing to the Milky Way
Although all the results above demonstrated that many aspects can be studied by combin-
ing the Milky Way with external disk galaxies, there are still challenges to quantitatively
making the comparison due to differences in observational strategies, parameter defini-
tions and measuring methods, and the assumptions that are made during the studies. We
list all the challenges below:

• The Galactic observations can resolve individual stars, but extragalactic observa-
tions provide unresolved integrated spectra.

• The Galactic individual stellar spectra can be used to measure 𝑇eff , log 𝑔, metallicity
and more than 20 elemental abundances including [𝛼/Fe], but extragalactic obser-
vations perform full-spectrum fitting to obtain averaged age, metallicity, and [𝛼/Fe]
which is either mass- or light-weighted.

• Even though the stellar number density distribution of the Milky Way can be trans-
ferred to other definitions by correcting the survey or pipeline selections, corrections
for the extragalactic projection effect are challenging and rarely considered in pre-
vious studies.

• The 6D phase space parameters can be obtained by astrometric satellites like Gaia,
but extragalactic observations can only provide LOSVD with projected radius and
height.

• The Galactic 3D dust distribution can be addressed by measuring 𝐸 (𝐵 − 𝑉) val-
ues of individual stars with different distances, but it is still unknown how the dust
is distributed in external galaxies, and how it affects the kinematic and chemical
composition results from full-spectrum fitting.
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Figure 1.14: Metallicity, [𝛼/Fe], and age distributions at different radii and heights of
the Milky Way and UGC 10738. The distributions of the Milky Way are obtained by
using a mock stellar catalog from E-GALAXIA implemented by the chemical evolution
model of Sharma et al. (2021b). This mock catalog is chemodynamially consistent with
the APOGEE observation on the Milky Way (Hayden et al., 2015), as shown in Fig. 1.7
and Fig. 1.9. Figure adapted from Scott et al. (2021).
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• Even without extinction, the limitation of full-spectrum fitting techniques is still un-
known for extragalactic studies. Several studies have shown this method can obtain
“ill-posed” and nonphysical results, even though a lot of efforts have beenmade such
as penalization on high-order kinematics moments (Cappellari & Emsellem, 2004)
and regularization for a smooth star formation history (Emsellem et al., 2011).

• Every galaxy is different. Therefore, different selection criteria can severely affect
the number of Milky Way analogues and the conclusions addressed can also be
opposite (Boardman et al., 2020b).

• The integrated properties of the MilkyWay (e.g., Licquia & Newman 2015; Licquia
et al. 2015) are still being updated by the newest and larger stellar samples. And the
updated values can be very different from the previous ones (e.g., bulge-to-total
ratio is estimated to be 0.150+0.028

−0.019 in Licquia & Newman 2015, but 0.3 ± 0.06 in
Bland-Hawthorn &Gerhard 2016), which brings difficulties in selectingMilkyWay
analogues.

To overcome the above challenges, one potential way is to generate a benchmark of the
Milky Way which is easy to be compared to external galaxies directly without any defini-
tion and methodology difference. The best way to achieve it is to generate mock integral-
field spectroscopic observations of the MilkyWay by applying all the knowledge we know
on the Galactic evolution. It not only allows us to directly compare the Galactic proper-
ties with external galaxies but also permits the feasibility of investigating the limitations
of current full-spectrum fitting methods because we know the correct parameter distribu-
tions of the mock Milky Way. In addition, we can also address the effect of dust on these
measurements for the first time. This comes to the work of this thesis in Chapter 4-6.

1.4 Thesis Goals
The advent of the MUSE instrument and high-spatial-resolution extragalactic observation
on nearby galaxies presents a great opportunity to study Galactic archaeology in theMW’s
dense regions and also helps link the Galactic and extragalactic studies for the understand-
ing of galaxy evolution.

In this thesis, we study on both sides. We create a novel method to measure stellar pa-
rameters and chemical abundances for individual stars located in dense regions. Then we
apply this method to MUSE observation on the Galactic bulge. We also develop a tool to
generate mock Milky Way MUSE observations, which can be used as a bridge to directly
compare with external galaxies in kinematics and chemical compositions.

We attempt to further explore the chemical evolution of the Milky Way and extend our
theories to other disk galaxies. This is not merely to answer the question if the Milky
Way is unique in the Universe but also to investigate if other galaxies have undergone
comparable evolutionary processes that could not be addressed in the past.

In Chapter 2, we develop a novel method by combining PampelMUSE with DD-Payne,
which is a neural network model used to measure stellar parameters from LAMOST spec-
tra, to extract individual stellar spectra in high stellar density regions observed by MUSE
and measure 𝑇eff , log 𝑔 with chemical abundances of [Fe/H], [Mg/Fe], [Si/Fe], [Ti/Fe],
[C/Fe], [Ni/Fe] and [Cr/Fe].
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In Chapter 3, we propose a deep MUSE observation towards the Galactic bulge on low
extinction Baade’s window with 𝐴𝑉 ∼ 1.45 and obtain stellar spectra of more than 100
MSTO stars with SNRMUSE > 80 pix−1. We apply the method in Chapter 2 to measure
stellar parameters and combine stellar isochrones to measure the ages of theseMSTO stars,
which is used to study the age distribution and chemical evolution history of the Galactic
center.

In Chapter 4, we introduce GALCRAFT, a tool to generate mock MUSE observations of the
Milky Way using simple stellar population spectral libraries and the mock stellar catalog
observationally consistent to the Milky Way. This tool is flexible with a variety of param-
eters adjustable and the kinematic and chemical composition parameters can be measured
from the mock observation in the same way as stated in Section 1.3.1.

In Chapter 5, we test the recovery ability of commonly used software PPXF on kinematic
and chemical composition measurements by applying it to GALCRAFT generated mock
MUSE observations and comparing with the true values.

In Chapter 6, we investigate the impact of extinction on the kinematic and chemical compo-
sition measurements by adding different dust distributions to GALCRAFT generated mock
MUSE observations.

Finally, we conclude all our results in Chapter 7 and provide prospects that should be done
in this topic to achieve our end goal of linking the Galactic and extragalactic studies to
understand galaxy evolution.
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This chapter is reproduced from Wang et al. (2022), which was published in Monthly Notices of the
Royal Astronomical Scocity as “Reliable stellar abundances of individual stars with the MUSE integral-
field spectrograph”. I wrote all the text, produced all the figures except Fig. 2.11, and wrote the codes for
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We present a novel approach to deriving stellar labels for stars observed in MUSE fields
making use of data-driven machine learning methods. Taking advantage of the compa-
rable spectral properties (resolution, wavelength coverage) of the LAMOST and MUSE
instruments, we adopt the Data-Driven Payne (DD-Payne) model used on LAMOST obser-
vations and apply it to stars observed inMUSE fields. Remarkably, in spite of instrumental
differences, according to the cross-validation of 27 LAMOST-MUSE common stars, we
are able to determine stellar labels with precision better than 75K in 𝑇eff , 0.15 dex in log 𝑔,
and 0.1 dex in abundances of [Fe/H], [Mg/Fe], [Si/Fe], [Ti/Fe], [C/Fe], [Ni/Fe] and
[Cr/Fe] for current MUSE observations over a parameter range of 3800 < 𝑇eff < 7000 K,
−1.5 < [Fe/H] < 0.5 dex. To date, MUSE has been used to target 13,000 fields across the
southern sky since it was first commissioned six years ago and it is unique in its ability to
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study dense star fields such as globular clusters or the Milky Way bulge. Our method will
enable the automated determination of stellar parameters for all stars in these fields. Addi-
tionally, it opens the door for applications to data collected by other spectrographs having
resolution similar to LAMOST. With the upcoming BlueMUSE and MAVIS, we will gain
access to a whole new range of chemical abundances with higher precision, especially
critical s-process elements such as [Y/Fe] and [Ba/Fe] that provide key age diagnostics for
stellar targets.

2.1 Introduction
The formation and evolution of the Milky Way is one of the outstanding questions facing
astrophysics today. The study of stars and stellar populations is a pillar of Galactic Archae-
ology (Freeman&Bland-Hawthorn, 2002), as they contain the chemical imprint of the gas
from which they formed and serve as birth tags. This allows stars to be used as a fossil
record to unravel the history of theMilkyWay. During the past decade, traditional fiber-fed
spectrographs employed by most large-scale spectroscopic surveys like RAVE (Steinmetz
et al., 2006), LAMOST (Deng et al., 2012; Zhao et al., 2012), Gaia-ESO (Gilmore et al.,
2012), GALAH (De Silva et al., 2015), and APOGEE (Majewski et al., 2017) combined
with astrometric and photometric information from Gaia (Gaia Collaboration et al., 2018,
2021) provided detailed chemodynamics for millions of stars from the solar neighborhood
to even several kilo-parsecs away (Bland-Hawthorn & Gerhard, 2016).

The large volume of spectroscopic observations is posing great challenges for data analysis,
particularly in deriving stellar labels (atmospheric parameters and chemical abundances)
precisely and efficiently from spectra. In the past few years, with the use of radiation
transfer codes (e.g. SME Valenti & Piskunov 1996, Turbospectrum Alvarez & Plez 1998;
Plez 2012, MOOG Sneden et al. 2012), many model-driven (e.g. The Payne Ting et al.
2019 and StarNet Fabbro et al. 2018; Bialek et al. 2020) and data-driven methods (e.g. The
Cannon Ness et al. 2015 and Astro-NN Leung & Bovy 2019) and models in between (e.g.
DD-Payne Xiang et al. 2019 and Cycle-StarNet O’Briain et al. 2021) have been developed
for this purpose. One benefit of the data-driven approach is it can generate a model from
a training set sample, rather than traditional physics-based approaches using theoretical
stellar atmospheres; this is much easier to do and in general leads to more precise stellar
parameters as it can potentially make use of the full wavelength region of the spectra.

However, one limitation of the data-driven methods is that some chemical abundances
could be determined by astrophysical correlations in the training set, instead of physi-
cally motivated measurements from spectral features. This has a non-negligible impact on
the precision of some stellar labels, especially those derived from low-resolution spectra,
where many of the absorption features are blended.

To overcome this issue, Ting et al. (2017b, 2018) used the methods outlined in The Payne
(Ting et al., 2019) to build a neural network to determine stellar labels. They imported a
new term in the loss function which takes into account the similarity of gradient spectra
from the data-drivenmodel andKuruczmodel atmospheres (Kurucz, 1970, 1993, 2005), to
regularize the training process and force the model to measure labels from real absorption
features. They verified that more than 10 elements can be extracted even from the low-
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resolution spectra as in LAMOST. Based on this approach (Ting et al., 2017b), Xiang et al.
2019 further developed the Data-Driven Payne (hereafter DD-Payne) which used input
training labels from the high-resolution spectroscopic surveys APOGEE (Ting et al., 2019)
and GALAH (Buder et al., 2018) to determine stellar labels for LAMOST DR5 spectra.
These authors found that they could precisely estimate close to 20 stellar labels for more
than 6 million spectra. These studies highlight that if one has a reliable training set then
one can obtain precise elemental abundances even from low-resolution spectra.

Themethods outlined above demonstrate how one canmeasure stellar labels for millions of
spectra using machine learning approaches. However, all of the surveys described previ-
ously are conducted using fiber-fed spectrographs, which take spectra by plugging a series
of optical fibers onto a plate based on the positions of stars on the sky. Fibers are typically
set to have a minimum separation (e.g. 30′′ for GALAH; 56−71.5′′ for APOGEE; 268.2′′
for LAMOST) during each observation. And each fiber has a typical diameter of 2 ∼ 3′′.
This means that these instruments can not observe dense fields such as cores of globular
clusters and the very dense regions of Galactic bulge, where the separation of stars is less
than 1′′. However, stars in these fields also play an essential role in the Galactic evolution,
it is vital to obtain more complete spectroscopic observations in these regions to unravel
the history of the Milky Way.

The Multi-Unit Spectroscopic Explorer (MUSE) (Bacon et al., 2010) on the Very Large
Telescope is an integral field spectrograph, which is regularly used to observe external
galaxies and can be an ideal solution to deal with high stellar density fields. With the
advanced development of image slicer and spectrometer, MUSE can perform both imaging
and spectroscopy simultaneously. The benefit is that each MUSE spectrum is obtained
for a spatial pixel (0.2′′ × 0.2′′) on the sky rather than the area of the fiber, so it is not
restricted by the fiber size or collision effects. The data format ofMUSE is a 3-D datacube,
with 2D in spatial on the sky and 1D in wavelength. Combining with the PSF-fitting
spectral extraction software PampelMUSE (Kamann et al., 2013), MUSE becomes the
best instrument to obtain spectra in fields with high stellar density.

There have been several studies on stars in globular clusters using spectra from MUSE
observations (Husser et al., 2016; Kamann et al., 2016). Near the core of these clusters,
more than 6000 spectra (e.g., 47 Tuc at a distance of 4 kpc analyzed by Kamann et al. 2016)
can be extracted on average perMUSE cube (in wide-field mode with a field of view of 1′×
1′). Currently, most studies focused exclusively on kinematics (e.g. Kamann et al. 2016,
2018; Valenti et al. 2018). Some studies explored specific spectral region or metallicity
(e.g. Göttgens et al. 2019; Husser et al. 2020). However, these spectra contain a wealth of
chemical information that has not yet been fully explored. This is because currently there
is no robust and easy-to-use method to automatically derive chemical abundances for stars
in these fields.

The success of data-driven models in deriving about 20 abundances from LAMOST spec-
tra highlights the potential of other low-resolution surveys, for example MUSE, having
wavelength coverage and resolution similar to LAMOST to also derive abundances. In-
spired by this, in this paper, we develop an approach based on the DD-Payne (Ting et al.,
2017b; Xiang et al., 2019), to measure stellar labels from MUSE observations. Using this
approach we derive robust stellar labels, including effective temperature (𝑇eff), surface
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gravity (log 𝑔), metallicity [Fe/H] and abundances of four 𝛼 elements, [Mg/Fe], [Si/Fe],
[Ca/Fe] and [Ti/Fe].

In Section 2.2, we introduce the data-sets used in our analysis and the spectral extraction
method used by us. In Section 2.3, we outline the procedures used to measure stellar
labels for MUSE spectra. We do two validation tests in Section 2.4. First, we verify the
bias and dispersion of our approach by applying it to common stars between LAMOST
andMUSE. Second, for dense fields, we explore the [Fe/H]-[Mg/Fe] distribution of stars
towards the bulge region using MUSE observations and compare it with that obtained
from the high-resolution APOGEE survey. In Section 2.5, we explore and discuss the
dependence of label precision on magnitude and exposure time. In Section 2.6, we discuss
the exciting prospects of using MUSE to observe dense stellar fields in the Milky Way
and other galaxies. Finally, a summary of our results and conclusions is presented in
Section 2.7.

2.2 Data
2.2.1 MUSE
Overview

MUSE (the Multi-Unit Spectroscopic Explorer) (Bacon et al., 2010, 2014) is an optical
wide-field integral field spectrograph using the image slicing technique mounted on the
UT4 of the Very Large Telescope at the Paranal Observatory in Chile. MUSE operates
in two spatial modes, the wide-field mode (WFM) and the narrow-field mode (NFM).
The wide-field mode covers a FoV of 1′ × 1′ with 0.2′′ × 0.2′′ spatial bins. The narrow-
field mode covers a FoV of 7.5′′ × 7.5′′ with 0.025′′ × 0.025′′ spatial bins. It operates in
two wavelength modes, the nominal mode covering 4800-9300 Å and the extended mode
covering 4650-9300 Å. It samples the wavelength in 1.25Å bins at a spectral resolution
of R∼3000. To date, more than 13000 datacubes have been observed by MUSE and they
are publicly available via the ESO Science Portal Website¹. MUSE is typically used to
conduct studies on external galaxies but it has also been used to study a wide variety
of other things, e.g., exoplanets (Irwin et al., 2018; Haffert et al., 2019), Galactic regions
(Weilbacher et al., 2015; McLeod et al., 2015) and resolved stellar populations of Globular
clusters (Husser et al., 2016; Kamann et al., 2018).

Reductions

The data format of MUSE observations follows the ESO science data product standard
for datacubes. Each datacube has three dimensions, two in spatial and one in spectral.
The data processing pipeline transforms the raw CCD-based data into fully calibrated and
corrected datacubes, which can be directly used for studies. The transformation processes
include bias, dark and flat-field reduction, wavelength and flux calibration, line spread
function and illumination correction, sky creation, and astrometrically correlation and
multiple exposures combination, which are discussed in detail in Weilbacher et al. 2012,

¹http://archive.eso.org/scienceportal/home

http://archive.eso.org/scienceportal/home
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2014, 2020. For this study, all the datacubes we use are published online and have been
processed and calibrated using the MUSE Data Processing Pipeline².

Stellar Spectral Extraction

To extract stellar spectra, we use the PampelMUSE package (Kamann et al., 2013) which
was specifically developed for 3D datacubes in dense fields. It assumes the datacube to be
a sum of many overlapping PSFs and sky background. First, a single object is represented
by a PSF function such as Moffat and Gaussian, and assuming parameters in the PSF
function change smoothly with wavelengths. Next, the PSF photometry is employed to fit
each star in each wavelength layer and then all the layers are combined to generate a single
stellar spectrum. One great advantage of this method is that it can de-blend the spectra of
different stars. Therefore, MUSE observations combined with PampelMUSE become an
ideal way to study dense fields.

To get spectra in the field using PampelMUSE, a reference catalog with stellar positions
and magnitude is needed as input. Various reference catalogs can be used, such as all-sky
surveys (e.g. Gaia Gaia Collaboration et al. 2018, 2021, Sky-Mapper Keller et al. 2007
or HST) or smaller surveys for specific purposes. In this study, we mainly use LAMOST
DR5 and VVV DR2 (Minniti et al., 2017) as reference catalogs for the two validation
test data, respectively. Moreover, a transformation function of the filter band is needed
when aligning the MUSE datacube slice with reference catalogs. Here we refer to the
transformation function from SVO Filter Profile Service³ and use the Moffat function as
the PSF profile, which has better performance than the Gaussian profile when fitting flux
distribution of stars (see Figure 3 in Kamann et al. 2013).

After going through all processes in PampelMUSE, including source position transforma-
tion, PSF fitting, sky background estimation and subtraction, and unresolved star reduc-
tion, the output is a list of stellar spectra which are identified as resolvable by the algo-
rithm. A few additional cleaning steps (removal of emission lines and non-stellar features)
are performed on the spectra and will be discussed in Section 2.4.2.

2.2.2 LAMOST
Overview

The LAMOSTGalactic survey (Deng et al., 2012; Zhao et al., 2012; Liu et al., 2014, 2015)
is the first dedicated spectroscopic survey to obtain spectra of millions of stars covering
most of the sky. LAMOST DR5 has released more than 8 million stellar spectra covering
the optical wavelength regime 3700-9000 Å with low-resolution R∼1800. For about 5
million spectra, LAMOST DR5 also provides the basic stellar labels such as 𝑇eff , log 𝑔
and [Fe/H] which were derived with the LAMOST stellar parameter pipeline (LASP; Wu
et al. 2011; Luo et al. 2015). There are also several value-added catalogs providing stellar
labels with some chemical abundances and extinction via different methods (e.g., Xiang
et al. 2015; Li et al. 2016; Xiang et al. 2017). Despite LAMOST’s low spectral resolution,

²https://www.eso.org/sci/software/pipelines/muse/
³https://svo.cab.inta-csic.es/main/index.php

https://www.eso.org/sci/software/pipelines/muse/
https://svo.cab.inta-csic.es/main/index.php
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Table 2.1: Comparison of MUSE and LAMOST survey.

Survey Wavelength range (Å) Resolution
MUSE 4750-9300 R∼3000
LAMOST 3700-9000 R∼1800

Ting et al. 2017b, 2018 has verified that ≥10 chemical abundances should be derivable
with precision on the level of 0.1 ∼ 0.2 dex or better.

Data-Driven Payne

Given the success of machine learning and data-driven models in stellar parameter de-
termination, an effective way to estimate stellar labels from MUSE spectra would be to
develop a data-driven model for the MUSE spectra based on stellar labels from other high-
resolution spectroscopic surveys. Presently, we do not have enough common stars (ideally
∼ 104) covering a wide range in the parameter space between MUSE and other surveys
for a robust training set. However, with LAMOST spectra having similar resolution and
wavelength range as MUSE (see Table 2.1), we can apply a model developed for LAM-
OST to MUSE spectra. Ting et al. 2017b; Xiang et al. 2019 (hereafter T17 & X19) had
developed a DD-Payne model for LAMOST, which we discuss below. It was shown to
have good performance and hence we adopted it for our analysis.

DD-Payne utilizes the neural network interpolator and the fitting technique from The Payne
(Ting et al., 2019) combined with physical gradient spectra from Kurucz spectral model
(Kurucz, 1970, 1993, 2005) to regularize the training process. This model can derive stel-
lar labels of 𝑇eff , log 𝑔, micro-turbulence velocity (𝑉mic) and 16 reliable chemical abun-
dances. Compared with other similar models (Ho et al. 2017; Wheeler et al. 2020), the
biggest advantage of DD-Payne is it can enforce these stellar labels to be measured phys-
ically from the spectral features. For SNRg−band

LAMOST > 50 pix−1, the typical theoretical pre-
cision of the DD-Payne abundances is ∼0.05 dex for Fe, Mg, Ca, Ti, Cr and Ni, ∼0.1 dex
for C, N, O, Na, Al, Si, Mn, and Co. This study demonstrates that while obtaining reliable
elemental abundances remains challenging for low-resolution spectra, precise abundances
are still derivable for spectra with SNR∼50 pix−1.

2.2.3 Validation data and the motivations
We do two different validation tests. Since the model used by us is designed for LAM-
OST spectra, the question is how precisely does it work when applied to MUSE spectra?
Therefore, for the first validation test, we run the model on both the LAMOST spectra
and the MUSE spectra of the same star and compare the results. We cross-matched the
LAMOST DR5 catalog from X19⁴ with all the MUSE observations so far published on
the ESO website, and found 79 stars across 162 MUSE datacubes.

The second validation is done by comparing the abundance distribution of stars in the
inner Galaxy (bulge region) with those obtained from the high-resolution APOGEE sur-
vey. The Galactic bulge region has a very high stellar density and its stars suffer from

⁴http://dr5.lamost.org/doc/vac

http://dr5.lamost.org/doc/vac


34

Figure 2.1: Distribution of 9 fields observed by MUSE (0101.B-0381(A), PI: Zoccali) in
the Galactic coordinate with the background taken by DSS2. The nine square fields are
marked in cyan and are divided into three areas. The purple cross in the middle represents
the Galactic center where (𝑙, 𝑏) = (0, 0). On the right-hand side are zoomed-in figures of
these three areas guided by yellow arrows. The white light picture of the MUSE datacube
is shown in each square field.
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strong extinction. Hence, validation of bulge stars is important to test the performance
of our method in challenging conditions. Therefore, for the second test, we selected 29
datacubes (0101.B-0381(A), PI: Zoccali) covering nine fields that are less than 3 degrees
to the Galactic center. They are dense fields and provide a large sample of stars for which
to verify our spectroscopic abundances. Figure 2.1 shows the distribution of 9 fields in
the Galactic coordinate with the background taken by DSS2. The nine square fields are
marked in cyan and are divided into three areas. The purple cross in the middle represents
the Galactic center where (𝑙, 𝑏) = (0, 0). On the right-hand side are zoom-in figures of
these three areas guided by yellow arrows. The white light picture of the MUSE datacube
is shown in each square field. For each cube field, there are three or four repetitive ex-
posures. Galactic bulge fields present some unique challenges and need some additional
reprocessing, such as low SNR wavelength cut-off, emission line masking, etc, which will
be discussed in detail in Section 2.4.2.

2.3 Methods
The feasibility of applying the DD-Payne on MUSE observations is due to the similar
wavelength range and spectral resolution of the MUSE and LAMOST spectrographs. The
processes of deriving stellar labels from MUSE observations include five steps:

• Stellar spectra are extracted from MUSE datacubes by running the automatic spec-
tra extraction algorithm PampelMUSE (Kamann et al., 2013) to obtain spectra at
R∼3000. This step was talked about in Section 2.2.1.

• The R∼3000 MUSE spectra are degraded by using the line spread function (LSF)
of these two instruments to R∼1800.

• The spectra are normalized by a pseudo-continuum derived in the same way as in
T17 & X19, to make it compatible with the LAMOST DD-Payne model.

• The degraded and normalized spectra are then fitted by three DD-Payne models of
X19 to derive stellar labels.

• For each label, the cross-correlation of gradient spectra between DD-Payne and Ku-
rucz spectral model (Kurucz, 1970, 1993, 2005) are calculated to check if the label
is estimated from real physical features rather than astrophysical correlations.

• All the stellar information is generated and combined to create an output catalog.

The detailed process of each step and the calculating procedure is described in the follow-
ing sub-sections.

2.3.1 Degrading and normalizing the MUSE spectra
To make DD-Payne executable on MUSE spectra, we need to make the MUSE spectra
as similar to LAMOST spectra in its wavelength grid and spectral resolution as possible,
which leads to the process of degrading and interpolating MUSE spectra. This is the
procedure that determines whether we can derive precise stellar labels fromMUSE spectra
successfully.

To minimize the difference between LAMOST and MUSE, we employ the line spread
function (LSF) of both instruments from X19 and Bacon et al. 2017. The line spread
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function is FWHM in each wavelength grid. The process of degrading is performed by
Gaussian kernel smoothing over the whole wavelength with 𝜎(𝜆i), which is calculated
from the equation given by

𝜎(𝜆i) =

√(
FWHML(𝜆i)

2.355

)2
−

(
FWHMM(𝜆i)

2.355

)2
, (2.1)

where FWHML(𝜆i) and FWHMM(𝜆i) are the LAMOST and MUSE line-spread func-
tion, respectively. After degrading, the spectra will be normalized by a pseudo-continuum
which is derived by smoothing the spectra with a Gaussian kernel of 50Å in width, which
is the same method employed by T17 & X19 for DD-Payne training set spectra normaliza-
tion. This is also an important procedure to ensure the similarity between these two sets
of spectra.

Figure 2.2 shows the normalized spectra of one single star observed by both LAMOST
(in orange) and MUSE (in blue) and their residuals. The MUSE spectra were degraded
using the above method. The gray areas are the masked areas due to telluric lines and
other interference in the LAMOST wavelength grid, which will not be processed by DD-
Payne. This figure demonstrates that for the same star, the difference between the LAM-
OST and the MUSE spectra is less than 0.03 even in regions with strong absorption lines.
This is encouraging and is essential for reliably estimating chemical abundances. For the
LAMOST-MUSE cross-validation datacubes, the spectral SNR pix−1 is in general higher
than 200, which is much more than the average SNR of spectra in LAMOST (∼40). After
degrading (binning), the SNR is expected to increase even further.

2.3.2 Estimating stellar labels and errors
After degrading and normalizing the MUSE spectra to the LAMOST wavelength grid
and spectral resolution, the next step is to estimate the stellar labels using the DD-Payne
models. There are three models (so-called DD-Payne-G, DD-Payne-A and DD-Payne-
A-mp below) trained by X19 with different training sets. The DD-Payne-G model used
spectra from LAMOST (SNRg−band

LAMOST > 50 pix−1 and SNRg−band
LAMOST > 30 pix−1 for stars

with [Fe/H] < −0.6) and stellar labels from GALAH DR2 (Buder et al., 2018) while
the DD-Payne-A model adopted LAMOST spectra (SNRg−band

LAMOST > 50 pix−1) and stellar
labels fromAPOGEE-Payne (Ting et al., 2019) for their respective cross-matched common
samples. The DD-Payne-G derives stellar labels for 𝑇eff , log 𝑔, [Fe/H] and abundance
ratios [X/Fe] for 20 elements: Li, C, O, Na, Mg, Al, Si, Ca, Ti, V, Cr, Mn, Co, Ni, Cu, Zn,
Y, Ba, and Eu. DD-Payne-A derive stellar labels of 𝑇eff , log 𝑔, micro-turbulence velocity
(𝑉mic), [Fe/H] and abundance ratios for 15 elements: C, N, O, Na, Mg, Al, Si, Ca, Ti,
Cr, Mn, Co, Ni, Cu, and Ba. Since X19 described these models in great detail, we direct
the readers to this paper for more information about the selection criteria, validation and
comparisons of the performances of different models. However, we plot the parameter
ranges of these training sets in 𝑇eff , log 𝑔 and [Fe/H] in Figure 2.4 as square markers
for later comparison with the validation data in Section 2.4.1. In this work, we run all
these models to test their performances because behind the training sets are GALAH and
APOGEE spectra, which have different wavelength regions. The use of all these models
will build a complete set of elements and also test the non-negligible systematics among
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Figure 2.2: Comparison of LAMOST spectra (in yellow) with MUSE spectra (in blue) of the same star. The MUSE spectra have been degraded
to the same resolution. Then both spectra were normalized in the same way as X19 with a pseudo-continuum derived by smoothing the spectra
with a Gaussian kernel of 50Å in width. Gray areas are the masked pixels (due to telluric lines and other sources of interference) which will not be
used when fitting with DD-Payne. The bottom plot shows the residuals of these two spectra. From the residuals, we can see that LAMOST spectra
and MUSE spectra are similar with residuals less than 0.03. The blue shaded area represents the uncertainty of the residual, which is calculated
using the flux error of the LAMOST and MUSE spectra. The flux error of MUSE spectra is re-estimated by multiplying 𝜎 in the distribution of
flux residuals of the fitting divided by the flux error, see the right panel of Figure 2.3

.
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Figure 2.3: Comparison of MUSE spectra (in black) with model predicted spectra (in red) from DD-Payne-G on the same star as Figure 2.2. The
left bottom plot shows their residuals. The masked regions in grey in Figure 2.2 are not shown in this plot. From the residuals we can see the
difference between MUSE spectra and predicted spectra is small, with the residuals less than 0.03 even in absorption regions, demonstrating that
DD-Payne training models can fit the MUSE spectra very well. The right panel shows the distribution of flux residuals divided by the flux error.
A Gaussian fit to the distribution yields a standard deviation of 3.75, which demonstrates the underestimation of flux error of MUSE spectra.
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the high-resolution surveys’ labels. In addition, for some overlapped elements, we also
compare their bias and dispersion, which can provide a flexible choice of models for the
users in the future. Based on results from Figure 2 in X19, Li, Sc, V, Zn, Y, Eu were
removed due to the weak correlations of the gradients, and will not be considered in this
study.

The process of applying the DD-Payne to MUSE spectra is as follows: After loading the
DD-Payne models, same as X19, several wavelength regions are masked including areas
with telluric bands, the very red wavelength region (> 8750Å), and a region overlapped by
the dichroic (5720−6060Å) where the LAMOST spectral performance is low (Xiang et al.,
2015). Each MUSE spectra is then fitted with both the DD-Payne-G and DD-Payne-A
model. Following the procedure outlined in X19, we also run an additional model for stars
being identified as metal-poor in DD-Payne-A ([Fe/H] < −0.6) to improve the precision
for metal-poor stars. This DD-Payne APOGEE metal-poor model (DD-Payne-A-mp) is
trained by X19 based on common metal-poor stars in APOGEE-Payne and LAMOST
DR5. For stars with [Fe/H] < −1.0 dex, only labels from DD-Payne-A-mp model are
adopted. For stars with metallicity in −1.0 < [Fe/H] < −0.6 dex, we take the weighted
mean value of results from DD-Payne-A and DD-Payne-A-mp models, with weighting
given below by Equation 2.2. For stars with [Fe/H] > −0.6 dex, we adopt the DD-Payne-
A measurements.

𝜔MP = ([Fe/H]MR + 0.6)/(−0.4),
𝜔MR = 1 − 𝜔MP,

[X/Fe] = 𝜔MR × [X/Fe]MR + 𝜔MP × [X/Fe]MP.

(2.2)

Here MR is the label from DD-Payne-A, and MP is the label from DD-Payne-A-mp, 𝜔 is
the relative weight for each label [X/Fe]. In the following sections, when we refer to the
labels derived from DD-Payne-A we mean this combined set of results.

In addition, we determine the radial velocity and its error using the Doppler equation at
the same time during the fit, which is the same as The Payne (Ting et al., 2019).

We also determine two values to represent the quality of fitting. One is the reduced 𝜒2,
calculated given by

𝜒2 =
1
𝑛

𝑛∑
𝑖=1

(𝑃𝑖 −𝑂𝑖)2

𝑒2
𝑖

, (2.3)

where 𝑛 is the number of wavelength pixels, 𝑃𝑖, 𝑂𝑖 and 𝑒𝑖 are the best-fit spectra, ob-
served spectra and the flux error in the 𝑖-th wavelength pixel. The other is the Pearson
correlation coefficient between the pixel values of the observed and the best-fit DD-Payne
spectra.

Figure 2.3 illustrates the comparison of observed MUSE spectra (in black) with the best
fit by DD-Payne (in red) for the same star as that in Figure 2.2. The residual spectrum is
shown in the bottom panel. The difference is less than 0.03 over most of the spectrum,
including areas with strong absorption lines. This demonstrates that DD-Payne training
models can reproduce the MUSE spectra with high fidelity.
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2.3.3 Assessing the precision of labels
Even though our best-fit model spectra are quite similar to observed MUSE spectra, it is
not guaranteed that all stellar labels from DD-Payne are estimated precisely. Many spec-
tral features suffer from blending due to the low spectral resolution. Since DD-Payne is
developed to avoid astrophysical correlations, the imprecise stellar labels are due to weak
or no absorption features in the fitting wavelength window. When compared to LAM-
OST spectra, MUSE loses information in the blue regions 3700 − 4750Å, which contains
absorption features of many elements. Therefore, we cannot expect the performance of
DD-Payne on the MUSE spectra to be as good as that on the LAMOST spectra, even if
MUSE spectra have higher SNR. To check the precision of estimated stellar labels, we
follow T17 & X19’s work, and for each stellar label, we compare the gradient spectra of
DD-Payne with Kurucz spectral model (Kurucz, 1970, 1993, 2005) and calculate their cor-
relation coefficient. If a label is physically measured from the spectral absorption features,
the gradient spectra predicted by DD-Payne should be very similar to the Kurucz spectral
model, with a correlation coefficient close to 1. Otherwise, if a weak or no absorption
feature is identified for the label the correlation coefficient will be very low. Due to the
computational expense of calculating the theoretical model, we use a template of Kurucz
model gradient spectra from X19 (see Table 1) which is calculated based on a list of ref-
erence stars covering a wide range in the parameter space, from −2.5 to 0.5 dex in [Fe/H]
and 4000 to 7000 K in 𝑇eff . Therefore, for each star, we compare the gradient spectra from
DD-Payne with one of the template spectra having the closest parameter distance to the
target star. The parameter distance is defined by X19 as

𝐷 =
√
(Δ𝑇eff/100K)2 + (Δ log 𝑔/0.2)2 + (Δ[Fe/H]/0.1)2. (2.4)

Finally, the correlation coefficient of each label will be provided in the final catalog as well
as a flag based on the correlation values to represent whether the label is precise or not.
Here we assign the flag of 1 if the correlation coefficient is larger than 0.5, otherwise, the
flag is set to 0. In this way, we will know which elements are determined precisely for
each star.

2.3.4 Building the catalog
After deriving two series of stellar labels for each star by applying DD-Payne-G and DD-
Payne-A models and assessing the precision of each label value, we compile two catalogs.
Table 2.2 presents a description of the columns in the catalogs. Due to different science
goals, wavelength coverage, and data quality, the relative performances of the two models
are different for different stellar labels. Some elements are estimated better in one model as
compared to the other. In normal circumstances, the version of the label with a larger gra-
dient spectra correlation coefficient should be selected. In the following Section 2.4.1, we
discuss in detail the bias and precision of stellar labels from these training models.

2.4 Results
In Section 2.3 we gave detailed steps for applying the DD-Payne on MUSE spectra, mea-
suring their stellar labels and building the DD-Payne-A and DD-Payne-G catalogs. To test
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Table 2.2: Descriptions of all the column names and information for the DD-Payne stellar label catalog.

Column Desceiption Unit

stellar−id Stellar ID of stars String
ra Right ascension from the input catalog (or RAJ2000) deg
dec Declination from the input catalog (or DEJ2000) deg
snr−muse Spectra signal-to-noise ratio calculated by median of all pixels pix−1

𝑇eff Effective temperature K
𝑇eff−err Uncertainty in 𝑇eff K
𝑇eff−flag Quality for the value based on the examination of the DD-Payne gradient spectra 𝜕 𝑓𝜆/𝜕𝑇eff
𝑇eff−gradcorr Correlation coefficients of 𝜕 𝑓𝜆/𝜕𝑇eff between the DD–Payne and the Kurucz model
log 𝑔 Surface gravity in cgs
log 𝑔−err Uncertainty in log 𝑔 in cgs
log 𝑔−flag Quality for the value based on the examination of the DD-Payne gradient spectra 𝜕 𝑓𝜆/𝜕log 𝑔
log 𝑔−gradcorr Correlation coefficients of 𝜕 𝑓𝜆/𝜕log 𝑔 between the DD–Payne and the Kurucz model
Vmic Micro-turbulent velocity km s−1

Vmic−err Uncertainty of micro-turbulent velocity km s−1

𝑉mic−flag Quality for the value based on the examination of the DD-Payne gradient spectra 𝜕 𝑓𝜆/𝜕𝑉mic
𝑉mic−gradcorr Correlation coefficients of 𝜕 𝑓𝜆/𝜕𝑉mic between the DD–Payne and the Kurucz model
[Fe/H] Metallicity dex
[Fe/H]−err Uncertainty of metallicity dex
[Fe/H]−flag Quality for the value based on the examination of the DD-Payne gradient spectra 𝜕 𝑓𝜆/𝜕 [Fe/H]
[Fe/H]−gradcorr Correlation coefficients of 𝜕 𝑓𝜆/𝜕 [Fe/H] between the DD–Payne and the Kurucz model
[X/Fe] Chemical abundance fraction to iron, sorted by Mg, Si, Ca, Ti dex
[X/Fe]−err Uncertainty of chemical abundance dex
[X/Fe]−flag Quality for the value based on the examination of the DD-Payne gradient spectra 𝜕 𝑓𝜆/𝜕 [X/H]
[X/Fe]−gradcorr Correlation coefficients of 𝜕 𝑓𝜆/𝜕 [X/H] between the DD–Payne and the Kurucz model
red−chi2 Reduced 𝜒2 of the spectral fit (hereafter 𝜒2)
corr−flux Correlation coefficient of the muse and best-fitting model spectra



42

whether our method can measure stellar labels from MUSE observations with high preci-
sion, we now do two validations: First, we compare the DD-Payne-estimated stellar labels
from common stars observed by both MUSE and LAMOST; Second, we use our method
to analyze the [Fe/H] and [Mg/Fe] distributions of stars in the bulge and compare our
results with that of the previous high-resolution spectroscopic studies. The motivation for
each validation has been discussed in detail in Section 2.2.3.

2.4.1 Validation 1: LAMOST-MUSE cross-validation samples
We follow the steps described in Section 2.3 and derive stellar labels of common stars in
LAMOST and MUSE using both DD-Payne-G and DD-Payne-A models. To ensure the
precision of labels, we use the selection criteria given by{

SNRLAMOST > 35pix−1(∼ SNRg−band
LAMOST > 23pix−1)

SNRMUSE > 80pix−1 (2.5)

Here SNRLAMOST and SNRMUSE is the median signal-to-noise ratio of the LAMOST and
MUSE spectra, respectively. We made a cut-off of SNRLAMOST to ensure the correction of
stellar parameters measured from LAMOST spectra, this threshold is looser than the cri-
teria of DD-Payne training set (SNRg−band

LAMOST > 30 pix−1) to keep more common stars. The
threshold of SNRMUSE cut-off is more strict than that of SNRLAMOST because the SNR of
MUSE spectra is somehow overestimated after data reduction pipeline, which is confirmed
by looking at the spectra of the two validation data and the distribution of flux residuals
of the fitting divided by the flux error (the right panel of Figure 2.3). Nevertheless, most
MUSE spectra have SNR pix−1 greater than 200. This is because these observations typ-
ically have long exposure time, as they were targeting external galaxies which are much
fainter than the stars we are interested in. Finally, we end up with 27 common stars in DD-
Payne-G and DD-Payne-A results, during which the 𝜒2 is mostly concentrated in 4∼25,
meaning the SNRMUSE is overestimated by a factor of 2∼5. Star markers/diamonds in
Figure 2.4 represent this cross-validation sample. These stars span a reasonable range of
𝑇eff , log 𝑔 and [Fe/H] than those from DD-Payne training sets. One star is measured by
extrapolation, which will be discussed in Section 2.4.1.

Bias and precision check for main labels

In this section, we focus on 𝑇eff , log 𝑔 and several chemical abundances which we reported
with confidence in the abstract. Figure 2.5 shows the differences of DD-Payne-estimated
stellar labels from MUSE and LAMOST spectra, as a function of [Fe/H]. The median
and dispersion of all points are marked in the upper left corner of each panel, where the
dispersion is calculated as half of the difference between 15.87 and 84.13 percentile val-
ues. The median and dispersion are indicative of the bias 𝜇 and precision 𝜎 of our label
estimates, respectively. The left and right panels show results for the DD-Payne-G and
DD-Payne-A models, respectively. This figure demonstrates that the dispersion of Δ𝑇eff
is about 75K, Δlog 𝑔 is around 0.15 dex for both the DD-Payne-G and DD-Payne-A. As
for chemical abundances, the dispersion is less than 0.1 dex in general and we consider
this to be precise, as this is roughly the uncertainty in the LAMOST labels themselves.
Therefore, most of the stellar labels from MUSE spectra and LAMOST spectra are in
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Figure 2.4: Distributions of the DD-Payne training set (Figure 5 in X19, in square markers) and LAMOST-MUSE cross-validation samples (in
star markers) in the 𝑇eff-log 𝑔 plane color-coded by [Fe/H]. Left panel: Distribution of the DD-Payne-G training stars, the 𝑇eff and log 𝑔 are from a
corrected version GALAH DR2 values (see Section 3 and Appendix A of X19) The number of stars for each sample is noted in each subplot. The
LAMOST-MUSE cross-validation samples are selected following the criteria of Section 2.4.1 and span reasonable parameter ranges than those
from DD-Payne training sets. No stellar parameter is measured by extrapolation.
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good agreement in Figure 2.5. Even though the dispersion of some elements (e.g. [Si/Fe]
from DD-Payne-G and [Cr/Fe] from DD-Payne-A) is slightly higher, it is still close to 0.1
dex. The 𝛼-elements listed in this figure are some of the most useful ones as they can be
used to constrain intrinsic stellar properties such as evolutionary stage, distance, birth ra-
dius, extinction, and even age (Ness et al., 2019; Hayden et al., 2022; Sharma et al., 2022).
Therefore, this agreement shows the usefulness of DD-Payne based estimates fromMUSE
observations for Galactic studies. The bias in this figure reflects the differences between
LAMOST andMUSE instruments and the different performances when losing wavelength
in 3700− 4750Å. However, it can be seen that all of them are smaller than the dispersion.
Therefore, in this work we do not perform the bias correction on any label. Whether to do
it will be re-investigated when we have a larger sample.

In addition, by comparing the dispersion of the same elements under different model esti-
mates, we also found that except [Fe/H], [Ti/Fe] and [Cr/Fe], all the labels calculated us-
ing the DD-Payne-A model have lower dispersion than that from the DD-Payne-G model.
The dispersion of [Mg/Fe] from the DD-Payne-A model is even less than 0.05 dex. Since
we derived labels from the same spectra, the reasonmust be the relative performance of the
different models. Additionally, when comparing the derived gradient spectra with Kurucz
spectral model for these labels, DD-Payne-G with lower correlation coefficients, which
indicates DD-Payne-A model has better performance. This is because the training set of
DD-Payne-A is larger than that of DD-Payne-G, so the measured stellar labels will be more
precise.

There is one star in the panel of DD-Payne-A measured by extrapolation since the [Fe/H]
is less than -1.5 dex, which is shown in the right panel of Figure 4 as a “diamond”. By
looking at the parameter differences in each panel, we can see from Figure 5 that 𝑇eff ,
log 𝑔, [Fe/H], [Mg/Fe] and [Si/Fe] measured from MUSE spectra of this star have good
agreements with those measured from LAMOST spectra. But for the other parameters,
the differences are larger. Note that the LAMOST spectra of this star was also measured
by extrapolation, whether this indicates anything about extrapolation will be investigated
when we have more stars.

Bias and precision check for all labels

Other than the parameters discussed in the previous section, we also estimated abundances
for additional elements, with 23 stellar labels forDD-Payne-G and 16 labels forDD-Payne-
A. However, the dispersion for many of the abundances is not shown as they are much
larger than those analyzed in Figure 2.5. This is because, unlike LAMOST, MUSE does
not have any pixels in the wavelength range 3700−4750Å, which contains a large number
of absorption features. In this section, we will further discuss the precision of these labels
and compare them with the results of cross-validation samples between LAMOST and
GALAH or APOGEE.

We perform the same analysis in Figure 2.5, and derive bias (𝜇) and the dispersion (𝜎)
for all labels in Figure 2.6 and Figure 2.7. In each plot stellar labels from MUSE are
determined in two regions: 𝜆 = (4750 − 8750Å) (in blue) and 𝜆 = (5991 − 8750Å) (in
yellow), corresponding to normal spectra and spectra in high extinction fields such as the
Galactic bulge. We also over-plot the dispersion of label differences between those from
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Figure 2.5: Differences of stellar labels derived from MUSE spectra with those from
LAMOST spectra using DD-Payne-G (left column) and DD-Payne-A (right column)
models as a function of [Fe/H]from MUSE spectra, respectively. All the stars in these
plots have LAMOST spectra with SNR higher than 35 pix−1. The median and dispersion
of all points are marked in the upper left corner of each panel, the dispersion is calculated
as half of the difference between 15.87 and 84.13 percentile values.
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Figure 2.6: The bias (top panel) and precision (bottom panel) of all stellar labels derived from DD-Payne-G model, respectively. The bias and
precision are calculated in the same way as Figure 2.5 by taking the median and half the difference between 15.87 and 84.13 percentile values.
We list all measured labels and arrange them from small to large according to the precision of the elements. We also plotted results in the Bulge
case which loses pixels between (4750 − 5991Å). From these two plots, for the DD-Payne-G model, Fe, Mg, Ni, Si are precisely estimated with
𝜎 close to or better than 0.1 dex when fitting MUSE spectra between both (4750− 8750Å) and (5991− 8750Å). As for bias, most of the elements
are within 0.1 dex except Co, Mn, Na, and Al.
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Figure 2.7: The same plot as Figure 2.6 but now using DD-Payne-A model. From these two plots, for DD-Payne-A model, Fe, C, Si, Mg, Ni, and
Ca are well estimated with 𝜎 less than 0.1 dex when fitting MUSE spectra between both (4750 − 8750Å) and (5991 − 8750Å). Besides, MUSE
(5991 − 8750Å) shows a larger bias and dispersion. As for bias, most of the elements are within 0.1 dex except Mn, O, N, and Cu. Comparing
with results from DD-Payne-G model, for the same element, DD-Payne-A model has better precision.
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LAMOST spectra and GALAH DR2 (Buder et al., 2018) or APOGEE-Payne (Ting et al.,
2019) in red.

For the LAMOST-MUSE cross-validation sample (the blue line), elements such as Na,
Al, O, and Ba in DD-Payne-G model and Mn, Al, O, N, and Cu in DD-Payne-A have
high median and dispersion (larger than 0.1 dex). This can be due to two reasons. We
find that the bias and dispersion of Na, Al, O, and Ba in cross-validation samples are also
high. For these elements, the high dispersion is the inheritance from theDD-Paynemodels.
However, for Mn and N, the high dispersion is due to the loss of the blue wavelength region
(3700−4750Å) from theMUSE spectra compared to the larger wavelength region covered
by LAMOST. This can be seen in Figure 2.7, where 𝜇 and 𝜎 show a large discrepancy
between the LAMOST-GALAH/APOGEE cross-validation estimates and the LAMOST-
MUSE cross-validation estimates. This is further confirmed by the gradient spectra of
these two elements (See Figure 22 in X19), where the dominant absorption features of Mn
and N are in 3700 − 4750Å, which the MUSE spectra are lacking.

In general, for most of the labels in these two figures, the dispersion of the cross-validation
estimates and MUSE estimates are in agreement. Therefore, it can be verified that the
models designed for LAMOST spectra can be applied to MUSE spectra, and measure
some of labels (𝑇eff , log 𝑔, [Fe/H], [Ni/Fe], [Cr/Fe], [C/Fe] and 𝛼 abundances) with similar
precision. It is worth noting that there are several elements in these figures in whichMUSE
has higher precision than the LAMOST cross-validations, for example, Fe, Cr, Mg in DD-
Payne-G and Mg in DD-Payne-A, this is due to the small number of stars in the common
sample of LAMOST and MUSE.

For the LAMOST-MUSE cross-validation estimates in the wavelength region of 𝜆 =
(5991−8750Å) (the yellow line). Both bias and dispersion are larger than when it is fitted
in 4750− 8750Å (the blue line). This is because more absorption features in the region of
4750−5991Å are lost. Nevertheless, some elements such as [Fe/H], [Mg/Fe], [Si/Fe] in
DD-Payne-G and [Fe/H], [Mg/Fe], [Ca/Fe], [C/Fe], [Ni/Fe], [Si/Fe] in DD-Payne-A
still have dispersion lower than 0.1 dex. This indicates that after further losing pixels in
the wavelength range of 4750 − 5991Å due to high extinction from the bulge, we still can
recover some stellar labels for these fields.

Theoretical precision prediction

In Section 2.4.1 and Section 2.4.1 we discussed the bias and precision of stellar labels
from MUSE spectra in comparison with results from LAMOST spectra and discussed the
influence of losing wavelength pixels in 3700−4750Å and 4750−5991Å. The theoretical
precision, which is the standard deviation of each label X (written as X−err in Table 2.2)
as a by-product of DD-Payne, will also be affected by the changes in wavelength coverage.
Since we don’t have enough LAMOST andMUSE common stars with a given SNR, we use
the method Chem-I-Calc (Sandford et al., 2020) to forecast the theoretical precision, which
uses ab initio spectral model and the Cramér-Rao Lower Bound (CRLB) to quantify the
chemical information content of stellar spectra in terms of theoretical precision. Figure 2.8
shows the predicted theoretical precision of stellar labels for a typical solar-metallicity K-
Giant with a g-band SNR of 50 pix−1 in three different scenarios. By comparing these
scenarios, we find that when losing wavelength range in 3700−4750Å (cyan versus blue),
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Figure 2.8: Estimation of the theoretical precision for a typical solar-metallicity K-Giant with a g-band SNR of 50 pix−1 in three different scenarios.
The LAMOST spectra cover the wavelength range between 3700 − 8750Å. Both MUSE (4750 − 8750Å) and MUSE (5991 − 8750Å) have the
same resolution as LAMOST. The theoretical precision is predicted by using the Chem-I-Calc method which is an efficient method for computing
the expected precision of stellar labels determined via full spectral fitting (Sandford et al., 2020). When losing wavelength pixels in wavelength
3700 − 4750Å (LAMOST versus MUSE (4750 − 8750Å), the precision of all the labels is getting slightly worse by an average factor of 1.17,
but there is no label having a large change. When further losing wavelength pixels in the range of 4750 − 5991Å (i.e., for MUSE cubes in high
extinction fields), the precision of all the labels is worse by an average factor of 2.16. However, there are some labels such as Cr, N, Na, and C
which have much larger shifts towards larger uncertainties by a factor of 2.66, 4.30, 4.02, 3.53, respectively due to the loss in wavelength coverage.
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the theoretical precision of all the labels is getting slightly worse by an average factor of
1.17, but there is no label having a large change. When further losing wavelength pixels in
wavelength 4750−5991Å (blue versus pink), the precision of all the labels is getting worse
by an average factor of 2.16. However, there are some labels such as Cr, N, Na, and Cwhich
have a much greater theoretical precision change with a factor of 2.66, 4.30, 4.02, 3.53,
respectively, as we lose critical absorption lines in amore restrictedwavelength range. This
is shown in the gradient spectra of these labels from Figure 22 of X19, where they show
that there are no significant features for these abundances in the remaining wavelength
range. Fortunately, precision of labels like 𝑇eff , log 𝑔, [Fe/H], and some 𝛼 elements are
not significantly affected.

2.4.2 Validation 2: observations towards the Galactic bulge
From the above sections we have shown that we can derive stellar labels precisely for in-
dividual stars in MUSE observations via the utilization of the DD-Payne. Here we want
to demonstrate that our method is also useful to determine stellar labels for stars in dense
fields. The Milky Way bulge is one of the densest regions of the Galaxy. In the past
decades, there have been many fiber-fed spectroscopic surveys focusing on the bulge to
study its chemical distribution such as Gaia-ESO (Gilmore et al., 2012), ARGOS (Ness
et al., 2013a), and GIBS survey (Pasquini et al., 2002), which have revealed multiple stel-
lar components with different mean metallicity. A highlight of this study is from Rojas-
Arriagada et al. (2019) who revealed the bimodality in [Mg/Fe]-[Fe/H] distribution using
the bulge stars from APOGEE DR14 (Abolfathi et al., 2018). In terms of the integral-field
spectroscopic survey, Valenti et al. (2018) observed four fields with MUSE towards the
inner bulge and measure radial velocity based on the CaT region of spectra and reached
𝜎𝑉gc ∼ 140 km s−1. They also found that the velocity dispersion peak is symmetric with
respect to the distance 𝑧 from the Galactic plane. To summarize previous bulge studies,
chemical element distributions have been studied based on high-resolution fiber-fed spec-
troscopic surveys, and kinematics has been studied using IFS data. Since our method can
precisely determine stellar labels from MUSE spectra, this should enable us to study the
chemodynamics of the Milky Way bulge using IFS data.

Data refinement

The bulge data processing begins with the steps outlined in Section 2.3. The spectra are
extracted from the 29 bulge datacubes using PampelMUSEwith VVVDR2 (Minniti et al.,
2017) as the input photometry catalog. Next, the spectra are degraded to LAMOST spec-
tral resolution of R∼1800. Figure 2.9 shows the degraded spectra, both raw and normal-
ized, of one bulge star (VVV-J175141.74-282207.85) extracted from the datacube.

The bulge stars pose several challenges for data reduction. They have large heliocentric dis-
tances, which means they are typically faint and have low SNR. These stars also typically
lie along lines of sight with high extinction, making SNR quite low in the shorter wave-
length regions. Finally, subtracting the night sky emission lines from faint stellar spectra
is challenging. This highlights the challenges associated with reducing the spectra in the
bulge region and reinforces the need to adopt additional data refinement procedures.

To remove emission lines, we attempted to apply the Zurich Atmosphere Purge (ZAP)
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Figure 2.9: The detailed process of spectral processing of one bulge star in the MUSE datacube. (a) Original MUSE spectra after degrading
which demonstrates the high extinction in the Galactic center causing almost no flux in short wavelength. (b) Spectra after normalization, which
shows the extremely high extinction makes the short-wavelength spectra between (4750− 5991Å) impossible to fit. (c) The predicted spectra and
original MUSE spectra of this star. (d) The residuals of predicted spectra and the original MUSE spectra.
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Figure 2.10: H-R diagrams of stars with good fitting to the model defined by Equation 2.6. The left-hand side panel is color-coded with 𝑅gc
(distance to the Galactic center) in cylindrical Galactocentric coordinates, where distance from the Sun to the Galactic Center is adopted as
𝑅�= 8.2 kpc, 𝑧� = 25 pc (Bland-Hawthorn & Gerhard, 2016). The right-hand side panel is color-coded with extinction 𝐴𝑉 . Both 𝑅gc and 𝐴𝑉 are
predicted by BSTEP (Sharma et al., 2018) taking parameters of 𝑇eff , log 𝑔, [Fe/H], [Mg/Fe] from DD-Payne and 𝑚𝐽 , 𝑚𝐾𝑠, 𝑚𝐻 magnitude from
VVV DR2.



53

(Soto et al., 2016), which is an approach based on principal component analysis (PCA)
to reduce emission lines for faint spectra in datacubes. However, using ZAP has some
undesirable side effects. By adjusting some tunable parameters in ZAP, we can increase
the efficiency of subtracting the emission lines, but then ZAP has a significant impact on
the absorption lines which are desirable for estimating chemical abundances. Strangely,
the spectra of bright stars were also found to become noisy. In the end, we find the most
effective way to deal with emissions is to replace emission pixels with the average value of
adjacent non-emission pixels In this way, we can retain more pixels in the spectra.

In addition, due to extinction in the bulge, the flux and hence the SNR in short-wavelength
ranges is not enough to extract useful information (See panel (a) and (b) in Figure 2.9).
The NaD doublet line (5803−5966Å) is also masked in datacubes that are observed using
the adaptive optics module. Therefore, we decided to discard information for wavelengths
less than 5991Å. We also mask the following telluric bands; 6270−6305Å, 6850−6966Å,
7160−7320Å, 7585−7715Å, 8130−8310Å. The widths of the telluric bands are narrower
than those used by X19, this was done to increase the number of useful wavelength pixels.
This range was determined after many tests to ensure that the unmasked pixels provide
useful information about the chemical elements. Figure 2.6 and Figure 2.7 can indicate
that when losing pixels in 4750 − 5991Å, the dispersion of some elements is still below
0.1 dex. In panel (c) of Figure 2.9 shows the best-fit model spectra in red, alongside the
original spectra in black. It is clear from the comparison between LAMOST and MUSE
samples presented in Figure 2.3, that the spectra of bulge stars have more noise, due to a
combination of these stars having higher extinction and lower average SNR. In addition, the
distribution of residuals between the observed and the best-fit model spectra for a bulge
star (Figure 2.9 panel (d)) is larger than that for the star in Figure 2.3, which shows the
difficulty of fitting spectra in the bulge fields.

After these refinement and masking steps, stellar labels are derived from two DD-Payne
models. We adopt the labels from the DD-Payne-A model and elect not to use the DD-
Payne-G model to compare directly with high-resolution APOGEE data which has ample
stars in the bulge. Given the loss of precision due to the omission of the blue wavelength
region, we only adopt the [Mg/Fe] when studying 𝛼 abundances for the bulge fields.

Our final MUSE bulge catalog is comprised of 8720 individual spectra containing 2721
unique stars, with the following columns 𝑇eff , log 𝑔, [Fe/H] and [Mg/Fe]. On average,
from each cube about 300 spectra were extracted and 40% of them have SNRMUSE > 80
pix−1. Compared with typicalMUSEwavelength coverage, the bulge spectra lose the bluer
regions of the spectrum, between 4750− 5991Å, so we adopt more strict selection criteria
compared to our LAMOST verification sample with{

SNRMUSE > 80pix−1

corr−flux > 0.85 (2.6)

Here the SNRMUSE is the SNR pix−1 in wavelength higher than 5991Å. Since there are
multiple spectra for each star, we selected the observation having the highest corr−flux be-
tween theMUSE andmodel-predicted spectra, to represent the most physical fitting.
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Figure 2.11: Top: Spatial distribution in cylindrical Galactocentric coordinates (𝑅gc,z)
of stars observed in three nine bulge fields. The distance to the Galactic center is adopted
as 𝑅�= 8.2 kpc, 𝑧� = 25 pc, same as Figure 2.10. The red dots are stars with 𝑅gc< 3.5kpc.
Middle: Extinction-𝑅gc distribution of all-stars with good fitting to the model defined by
Equation 2.6 in dots color-coded by absolute Jmag. The red curve shows themedian value
of each distance bin and the blue fill shows the standard deviation of each bin. Bottom:
Extinction 𝐴𝑉 as a function of Galactocentric radius 𝑅 for various lines of sight from the
Sun. The extinction is based on an analytical model from Sharma et al. 2011 consisting
of an exponential disc with warp and flare; scale length 𝑅d = 4.2 kpc and scale height
0.88 kpc. From lines towards the center, we could see that with the larger line of sight
latitude, the extinction will become a constant more quickly, which is in agreement with
the left bottom plot.
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Distance estimation and its relationship with extinction

To discriminate bulge stars from other foreground stars, we make use of stellar distance.
The distance was estimated by BSTEP (Bayesian stellar labels estimator) (Sharma et al.,
2018), a Bayesian scheme that is used for predicting stellar ages, distances, and extinction
from a set of observables given by

y = (𝑙, 𝑏, 𝑚𝐽 , 𝑚𝐾𝑠, 𝑇eff , log 𝑔, [Fe/H]eff) , (2.7)

Briefly speaking, for each star, if we know its position, 𝑇eff , log 𝑔, [Fe/H] and magnitude,
its intrinsic parameters such as distance, age, and extinction can be derived by making use
of isochrones (Sharma, 2017). The isochrones employed in this study are from Bressan
et al. 2012. For our catalog, parameters of𝑇eff , log 𝑔, [Fe/H] are determined byDD-Payne.
As for 𝑚𝐽 , 𝑚𝐾𝑠, they are derived from VVV DR2 catalog.

Figure 2.10 shows the H-R diagram of stars with model spectra with good fitting to the
model defined by Equation 2.6 and color-coded by Galactocentric cylindrical radial dis-
tance 𝑅gc and extinction 𝐴𝑉 . We identify bulge stars with 𝑅gc< 3.5kpc. The left panel
shows that bulge stars are predominantly giants. The right panel shows that bulge stars
have extinction 𝐴𝑉 in the range 4-6 mag. Note, there is a selection bias in the sense that
low extinction stars are more likely to be detected. In fact, extinction towards the Galactic
center can be as high as 𝐴𝑉 = 50 mag (Nataf et al., 2016).

In Figure 2.11 we explore the extinction in more detail. The top panel shows the (𝑅gc, 𝑧)
distribution of stars in nine MUSE cubes. The line of sight of three fields can be seen.
Stars with distances beyond the Galactic center have low temperature (𝑇eff < 4300 K) and
surface gravity (log 𝑔 < 1), which fall outside of the label ranges for which we can reliably
determine 𝛼 abundances, so these stars were removed. The middle panel of Figure 2.11
shows a scatter plot of extinction and 𝑅gc color-coded by absolute magnitude in 𝐽 band.
The median value of extinction is shown by the red line, along with 25 and 75 percentile
dispersion as a shaded blue region. This figure demonstrates that MUSE can successfully
extract bulge giant stars with extinction up to 𝐴𝑉 = 6 mag. To understand the trend of
extinction with 𝑅gc, in the bottom panel of Figure 2.11 we show extinction 𝐴𝑉 as a function
of Galactocentric radius 𝑅gc for various lines of sight from the Sun as predicted by a
theoretical model in Galaxia (Sharma et al., 2011) consisting of an exponential disc with
warp and flare; scale length 𝑅d = 4.2 kpc and scale height 0.88 kpc. It can be seen that
if the latitude |𝑏 | is greater than 5 degrees, the extinction first increases as we go towards
smaller 𝑅, but then flattens and reaches a plateau at distances 1-2 kpc away from the sun.
A similar trend is seen in the observed data in the middle panel. This flattening is due to
the finite height of the dusty disc responsible for the extinction. For a given line of sight
as long as we are in the dusty disc, the extinction increases with distance, but once we are
out of the dusty disc there is no further increase in extinction. The model qualitatively
explains the trend seen in the observed data, but there are differences. The extinction for
𝑏 = 5 degrees is not high enough compared to our observations. For lower |𝑏 | extinction
can be high but the rise with distance is much slower. These differences suggest that the
scale height of the disc in the model is too high.
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Figure 2.12: Distribution of stars satisfying |𝑧 | < 0.5 kpc in the ([Mg/Fe]-[Fe/H]) plane as a function of 𝑅gc, with 𝑅gc increasing from left to right.
Top: The same distribution of stars in MUSE datacubes towards the Galactic bulge with abundances measured by DD-Payne-A model (hereafter
MUSE-DD-Payne-A). Bottom: The [Mg/Fe]-[Fe/H] distribution of stars in APOGEE-Payne (Ting et al., 2019). The labels are calibrated by
adding an offset for [Mg/Fe], which is due the [Mg/Fe]-𝑇eff trend inherited from APOGEE-Payne (see details in Appendix A), respectively. In
each panel, the black dots mark stars in this location and the distribution is smoothed by a Gaussian kernel function and then used to plot the color
maps. For each 𝑅gc bin, the APOGEE-Payne and MUSE-DD-Payne-A distributions are in agreement with the densest peak at the same location.
This validates the precision of the MUSE results in dense regions.
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[Mg/Fe]-[Fe/H] distribution in the Galactic bulge

We next analyze the abundance distribution of stars towards the bulge. We make some
additional quality selections to guarantee all the stars have precisely estimated parame-
ters: 

[Fe/H] > −1.5dex
𝑇eff > 4300K
[Mg/Fe]−gradcorr > 0.65
𝜒2 < 20

(2.8)

Here stars with [Fe/H]< −1.5 dex and 𝑇eff< 4300K are removed as it has been demon-
strated in X19 that [Mg/Fe] for these giants are erroneous with low gradient spectra cor-
relation coefficients (see their Figure 2). Moreover, we apply a cut in the 𝜒2 < 20 to
remove stars with poor fittings from DD-Payne according to the 𝜒2 distribution of the
LAMOST-MUSE cross-validation sample. The removed stars are primarily giants with
low 𝑇eff (< 4300 K) and log 𝑔 (< 1.5 dex), which shows low correlation in gradient spec-
tra of DD-Payne (see Figure 2 of X19). We also limit our analysis to stars with correlation
coefficient gradient spectra for [Mg/Fe] to larger than 0.65. After applying all the selec-
tion criteria, we end up with 75 stars physically located in the Galactic bulge.

Panel (a) and (d) of Figure 2.12 show the [Mg/Fe]-[Fe/H] distribution of stars in MUSE
datacubes towards the Galactic bulge with values measured by DD-Payne-A model (here-
after MUSE-DD-Payne-A) with comparison of the same plot using stars from APOGEE-
Payne (Ting et al., 2019). We use the Gaussian kernel estimation and plot the density
color map. The selection criteria of APOGEE stars is the same as that in Rojas-Arriagada
et al. 2019 and the distances were estimated by Santiago et al. 2016. [Mg/Fe] in MUSE-
DD-Payne-A are calibrated by adding an offset. This is because there is a non-negligible
[Mg/Fe]-𝑇eff trend in DD-Payne-A model, which is inherited from the APOGEE-Payne
values in the training set (See Figure 14 in X19). The average temperature differences be-
tween stars in APOGEE-Payne and MUSE-DD-Payne-A in the bulge will lead to roughly
0.08 dex deviation in [Mg/Fe]. So we calibrate this deviation here. This trend is beyond
the scope of this study, and more details will be discussed in the Appendix A. In Figure
2.12, both panel (a) and (d) demonstrate two sequences of stars in the bulge: Metal-poor/𝛼-
rich sequence with center in ([Mg/Fe], [Fe/H]) space at (0.36,−0.43) and metal-rich/𝛼-
poor sequence at (0.19, 0.18). These two centers are in agreement in MUSE-DD-Payne-A
and APOGEE-Payne samples. In addition, the two sequences merge at [Fe/H]∼ −0.07
dex in both panels. All these agreements reassure and validate the precision of the MUSE
results, and the ability of DD-Payne to measure stellar labels in dense fields.

However, The two plots also show differences. The 𝛼-rich stars in theMUSE-DD-Payne-A
are less dense than those in APOGEE-Payne and the distribution is also broader. There-
fore, the small sample size of MUSE is certainly a limiting factor in comparing the two
panels. Another important factor that is different in the two panels is the distribution of
stars in the (𝑅gc, 𝑧) plane (See the top panel of Figure 2.11), neither is the apparent mag-
nitude selection. MUSE data is restricted to 3 lines of sight, which are all close to the
plane.
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[Mg/Fe]-[Fe/H] distribution of other regions

In the top panel of Figure 2.11, we can see that in addition to the bulge stars, there are many
foreground stars observed in these nine fields. We can also study the [Mg/Fe]-[Fe/H] dis-
tribution of these stars and compare them with distributions in APOGEE-Payne. Here, we
select the stars with 𝑅gc between 3 ∼ 5 and 5 ∼ 7 kpc, and plot the [Mg/Fe]-[Fe/H] distri-
butions in the panel (b), (e), (c), (f) of Figure 2.12, respectively. This is similar to Hayden
et al. 2015; Sharma et al. 2021b, which used stars in APOGEE DR12 and plotted [𝛼/Fe]-
[Fe/H] distributions in different Galactic locations. Here the [Fe/H] and [Mg/Fe] values
in MUSE-DD-Payne-A are calibrated for the same reason as before. In this figure, for the
same 𝑅gc, the distributions of stars in MUSE-DD-Payne-A and APOGEE-Payne samples
are in good agreement, with the centers at the same ([Mg/Fe], [Fe/H]) locations. All the
panels are dominated by low-𝛼 stars, and the overall trends are consistent. Despite the
small number of MUSE stars (52 in panel (e) and 103 in panel (f)), the good agreement
with APOGEE-Payne is once again reassuring and validating the precision of the MUSE
results.

2.5 Estimating exposure times to achieve a given uncer-
tainty

The uncertainty 𝜎X of a stellar label 𝑋 derived with MUSE using the DD-Payne depends
on the signal to noise ratio (SNR hereafter) of the spectra, which in turn depends on the
exposure time 𝑇exp and the magnitude of a star. The brighter the star and longer exposure
time, the higher the SNR and thus the more precise the stellar labels will be. Therefore,
when doing a survey or planning future observations, one should ensure that the exposure
time is long enough to reach the expected uncertainty. In the next sections, we provide
formulas to estimate the 𝜎X as a function of 𝑉 band magnitude and exposure time, to
provide a reference for future MUSE observations. To do this, we first estimate the 𝜎X as
a function of SNR. Next, we estimate the SNR as a function of magnitude𝑉 and𝑇exp.

2.5.1 Uncertainty of stellar labels as a function of SNR
Figure 2.13 shows the uncertainty 𝜎𝑋 of a stellar label 𝑋 as a function of SNR. We firstly
derive theoretical uncertainty 𝜎𝑋,Theoretical using Chem-I-Calc (Sandford et al., 2020) from
a typical K-giant spectra. SNR is estimated from MUSE Exposure Time Calculator⁵. The
air-mass and seeing are set as 1.5 and 0.8′′. Then 𝜎𝑋 is calculated by

𝜎𝑋 = 𝜎𝑋,Theoretical(SNR) 𝑓𝑋,corr, (2.9)

where 𝑓𝑋,corr is the scale factor applied to transform the theoretical uncertainty to the ob-
served uncertainty for each label 𝑋 . The factor is calculated from MUSE repeat observa-
tions by computing the dispersion of pairwise differences as follows.

𝑓𝑋,corr = std-dev

(
𝑋𝑚 − 𝑋𝑛

𝜎2
𝑋,Theoretical,𝑚 + 𝜎2

𝑋,Theoretical,𝑛

)
, (2.10)

⁵https://www.eso.org/observing/etc/bin/gen/form?INS.NAME=MUSE+INS.MODE=
swspectr

https://www.eso.org/observing/etc/bin/gen/form?INS.NAME=MUSE+INS.MODE=swspectr
https://www.eso.org/observing/etc/bin/gen/form?INS.NAME=MUSE+INS.MODE=swspectr
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Figure 2.13: Prediction of precision of stellar labels as a function of SNR. It is derived
by estimating the theoretical precision using Chem-I-Calc from typical K-giant spectra
from MUSE Exposure Time Calculator in different SNRs. Then a factor is applied to
transfer the theoretical precision to real precision for each label which is calculated by
Equation 2.10.
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Table 2.3: Parameters for the equation 2.11 of uncertainty as a function of SNR.

stellar label 𝐴𝑋 𝐵𝑋 stellar label 𝐴𝑋 𝐵𝑋

𝑇eff -0.9875 1.652 [Ca/Fe] -0.9834 0.868
log 𝑔 -0.9922 1.052 [Ti/Fe] -0.991 0.856
[Fe/H] -0.9746 0.5823 [C/Fe] -0.9891 0.5737
[Mg/Fe] -0.9862 0.4486 [Ni/Fe] -0.9925 0.8681
[Si/Fe] -0.9886 0.7546 [Cr/Fe] -0.9835 0.7855

where 𝑚 and 𝑛 represent the repeated observations of a star. 𝜎𝑋,Theoretical is the theoretical
uncertainty of a spectra as given by Chem-I-Calc. Comparing with the error from DD-
Payne, Chem-I-Calc estimates are normally 1.5 times smaller (see Fig. 21 in Sandford
et al. 2020), so we multiply this factor. Then 𝜎𝑋,Theoretical mentioned in this section means
the theoretical uncertainty of multiplying 1.5. Figure 2.13 indicates that the uncertainty
will decrease as the SNR increases. Generally, [Mg/Fe] has the lowest uncertainty with
𝜎[Fe/H] < 0.1 dex for SNR higher than 29.44 pix−1. As for other elements, to make the
uncertainty less than 0.1 dex, the SNR needs to be higher than∼39.00, 42.02, 59.54, 79.35,
74.62, 76.24, 65.39 pix−1 for [C/Fe], [Fe/H], [Si/Fe], [Ca/Fe], [Ti/Fe], [Ni/Fe] and
[Cr/Fe], respectively. To facilitate the calculation of the SNR required to achieve a given
uncertainty, we provide analytical fits to the uncertainty curves shown in Figure 2.13. The
curves are fitted with the functional form of

log𝜎𝑋 = 𝐴𝑋 log(SNR) + 𝐵𝑋 , (2.11)

The coefficients 𝐴𝑋 and 𝐵𝑋 for each label are listed in Table 2.3.

2.5.2 SNR as a function of magnitude and exposure time
Using equation 2.11, with the known SNR we can obtain the uncertainty of stellar labels
from its spectra. We knowSNRdepends onmagnitude𝑉 , exposure time𝑇exp, and air-mass.
Therefore, when making science goals, what we care about is how long the exposure time
is needed to achieve the required label uncertainty for stars with different magnitudes. Here
we provide an analytical function to calculate SNR with given 𝑉 magnitude and exposure
time 𝑇exp as

SNR = SNR1hr(𝑉)
√(
𝑇exp/3600s

)
. (2.12)

Here SNR1hr(𝑉) is the SNR estimated from the K-giant spectra by the MUSE Exposure
Time Calculator for an exposure of one hour. The analytical function is given by

SNR1hr(𝑉) =
462.34 × 100.4(14.83−𝑉)

√
0.00223 + 100.4(14.83−𝑉)

, (2.13)

This idea is taken from Sharma et al. 2018. For the above equations, we set the air-mass
as 1.5 and seeing as 0.8′′. Therefore, by combining equations 2.11-2.13, with a given
magnitude 𝑉 and exposure time 𝑇exp, one can predict the uncertainty of each label.

Figure 2.14 provides the SNR as a function of 𝑉 magnitude for an one-hour exposure
(purple line). We also plot the threshold of maximum magnitude for each label where the
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Figure 2.14: SNR of MUSE spectra at 𝑅 ∼ 3000 as a function of 𝑉 magnitude (purple
line) for an exposure time of one hour. Each colored line represents the threshold where
the uncertainty of a label reaches 0.1 dex (or 10 K), which is derived using equation 2.11.
All chemical abundances can be derived with uncertainty less than 0.1 dex till 𝑉 = 18.5
mag, for [Mg/Fe], [C/Fe] and [Fe/H] even till 𝑉 = 19.7 mag.

uncertainty reaches 0.1 dex or 10K, which are derived by Figure 2.13. As we can see, all
chemical abundances can be derived with uncertainty less than 0.1 dex till 𝑉 = 18.5 mag,
for [Mg/Fe], [C/Fe] and [Fe/H] even till 𝑉 = 19.7 mag. This figure combining with
equations 2.11-2.13 can be used as a guide for future research, providing an indication of
the exposure time for different magnitude stars to achieve the expected uncertainty.

2.6 Discussions
2.6.1 Performance of MUSE stellar label extraction under different

scenarios
Ideally, the methods outlined in this paper to determine stellar labels would be applicable
to all stars in MUSE datacubes. However, the label ranges of the DD-Payne training set
do not cover the space for all potential observations: for stars outside of this parameter
space, for example having very low metallicity ( [Fe/H] < −1.5) or very high effective
temperatures (𝑇eff > 7000𝐾), labels are determined through extrapolation of the model.
Despite this, some studies have shown DD-Payne can do some moderate extrapolation in
the linear region of the gradient spectra varying with labels. This is because DD-Payne
imposes the gradient spectra to be similar to that of the Kurucz models (Kurucz, 1970,
1993, 2005), which is an advantage of such a hybrid method compared to pure data-driven
models. For example, the LAMOST [Fe/H] estimates can be robust down to −2.5 dex
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(see Fig. 10 of Conroy et al. 2019); DD-Payne can also generate reasonable [Ba/Fe] stars
with 1 < [Ba/Fe] < 3 dex and 𝑇eff > 7000K (Xiang et al., 2020).

Typically in MUSE data, stellar spectra come from the following types of fields: random
individual stars near a galaxy, high extinction fields, and globular clusters. In each of these
scenarios the performance of the spectroscopic analysis is different and some of them pose
unique challenges for analysis.

For individual stars near a galaxy, they typically have high SNR, as observations in galaxy
fields generally have long exposure times. Therefore, as long as the PSF does not overlap
with the nearby galaxy, it is relatively simple to extract and estimate the stellar labels.
All of the common stars between MUSE and LAMOST belong to this case; one typical
spectrum is shown in Figure 2.3. For these stars, stellar labels will have high precision due
to their high SNR, as well as the fact that most of them belong to the nearby disk, which
are stellar populations that are well covered by the DD-Payne training sets.

For stars in high extinction fields, such as the bulge, the spectra are restricted to a nar-
rower range in wavelength and the SNR of the extracted spectra is in general low (due to a
combination of large distance and dust). For low SNR, in addition to SNR directly affect-
ing precision, the emission lines are comparatively stronger and more difficult to remove.
The above-listed factors lead to lower precision in stellar labels. Hence, in high extinction
regions, one can only study giants which are intrinsically bright. Therefore, we can only
get reliable label estimates for stars with relatively low extinction (𝐴𝑉 < 6 mag) along the
bulge lines of sight, which was shown in the middle plot of Figure 2.11. As for stars of
𝐴𝑉 > 6 mag in the Galactic center, the dust will make the giants difficult to observe with
typical MUSE exposure times.

For globular clusters, which have high stellar density, our work will be of particular im-
portance. It will provide an automated way to determine high precision stellar labels for
these dense fields down to the center of the cluster; previous studies using fiber-fed spec-
trographs were often limited to the outskirts of these objects. Additionally, it is possible
to increase the precision of stellar parameters and several abundance estimations by mak-
ing use of full wavelength fitting, which has not been done so far. Previously, the MUSE
GC survey (Husser et al., 2016; Kamann et al., 2016) observed 26 globular star clusters,
with most of these studies focusing on specific features of spectra or just metallicity, e.g.
emission-line studies (Göttgens et al., 2019), the dynamics using CaT absorption lines
(Kamann et al., 2018), the relative abundance variations using the equivalent widths (La-
tour et al., 2019), metallicity distributions (Husser et al., 2020; Latour et al., 2021). Our
method has the potential to enable more chemical abundances measured automatically by
the full-wavelength fitting frameworks, rather than applying any spectral library to exe-
cute the fittings. Even though globular clusters typically have [Fe/H] < −1.0 dex, some
of them are still in the parameter range of DD-Payne, and the moderate linear extrapola-
tion ability of DD-Payne still enables this method to measure robust stellar labels. We will
perform the test of it in the future work.
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2.6.2 Computational challenges in spectral extraction
In this work, the spectral extraction processes are executed using PampelMUSE (Kamann
et al., 2013). The typical time spent on extracting spectra from each datacube with a
24-core CPU and 32GB RAM is ∼ 30 minutes and it is independent of the number of
stars in the field. Therefore, for the verification data analyzed in this paper (the cross-
match of LAMOST andMUSE), we spent more time on spectral extraction for these cubes
compared to the datacubes in the bulge, even though there were two orders of magnitude
more spectra extracted from the bulge fields. Hence, to perform a survey of all individual
stars in publicly available MUSE datacubes, the most time-consuming step will be the
extraction of spectra.

For individual stars in sparse fields or more limited studies focused purely on kinematics
in dense fields, it is also possible to use other stellar extraction strategies such as aperture
photometry in IRAF for each layer subtracted by the sky estimated locally (e.g. Valenti
et al. 2018). This approach has the advantage of retaining as many stars as possible and
has a more accurate estimate of the sky background, which will lead to reduced artifacts in
the final spectra (Valenti et al., 2018). For regions with modest crowding (i.e., < 200 stars
per field), aperture photometry and PSF-fitting could yield similar results. However, PSF-
fitting is still necessary when dealing with more crowded fields (> 200 stars per field) as
there will be significant blending for stars in these dense regions. Kamann et al. 2013 tested
the performance of PampelMUSE PSF-fitting using a simulated MUSE datacube towards
the center of a globular cluster 47 Tuc. Under the average seeing of 0.8 arcsec, ∼5000
useful spectra could be extracted. In good conditions, this value can be 3 or 4 times larger.
With severe crowding, aperture photometry will suffer from significant blending between
stellar spectra. Therefore, for globular clusters, we still recommend PampelMUSE.

2.6.3 Future research
There are several aspects in the data pipeline that can be improved in the future. In the
methods outlined in this paper, stellar labels are estimated from the DD-Payne, which
depends sensitively on the precision of labels in GALAH DR2 (Buder et al., 2018) and
APOGEE-Payne (Ting et al., 2019). Given that improved versions of both these catalogs
are now available, GALAHDR3 (Buder et al., 2021) andAPOGEEDR16 (Ahumada et al.,
2020), one needs to update the DD-Payne models. In addition, we can train a new DD-
Payne model if a sufficient number of common stars in MUSE and other high-resolution
spectroscopic surveys for a training set is available. The advantage is that there will be
no need to degrade the MUSE spectra to a lower resolution, which will help extraction of
blended features. In addition, some absorption lines such as [Na/Fe] and [O/Fe] aremasked
in the LAMOST spectra due to dichroic issues in the wavelength range (5803 − 5966Å).
This range can now be used when working in MUSE non-AO mode. It will enable to
estimate precise sodium and oxygen abundances, which is essential in identifying different
stellar populations in globular clusters (Bastian & Lardo, 2018). The primary difficulty for
retraining is having a training set that is both large and covers a wide range of parameter
space.

In the future, the method outlined here can be utilized for many purposes. A survey can be
executed based on stars from publicly available MUSE datacubes using Gaia eDR3 (Gaia
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Collaboration et al., 2021) and SkyMapper (Keller et al., 2007) as photometric input cata-
logs. Our method can be applied to estimate their stellar labels and compile a catalog that
will be useful for Galactic archaeology studies. For the Galactic bulge, our method has the
opportunity to study the chemistry and dynamics of the Galactic center in greater detail.
However, more observational data is needed, such as fields in Baade’s window, which are
less affected by the dust. In addition, this method can be applied to globular clusters ob-
served by Husser et al. 2016; Kamann et al. 2016 to study their chemistry, and identify
multiple stellar populations if any, and their connection to kinematics. Moreover, the in-
terest in using MUSE for spectroscopy of resolved stellar populations has been growing
quite strongly, even beyond the limits of the Galaxy (e.g. Roth et al. 2019), our method
can also provide parameter estimations for these targets.

With the launch of the BlueMUSE project (Richard et al., 2019), we will obtain spectra
in the wavelength range between 3500 − 5800Å, which is also covered by LAMOST. As
mentioned previously, the loss of the blue portion of the spectrum in MUSE is the primary
reason why we are not able to estimate as many precise chemical elements as those deter-
mined from LAMOST spectra. BlueMUSE will provide the opportunity to measure these
abundances with higher precision, and for more elements that are currently not available;
critically the s-process elements such as [Y/Fe] and [Ba/Fe] which provide key age diag-
nostics for stellar targets (Hayden et al., 2022). The blue portion will also bring strong
absorption features for determining precise abundances of Na, C, N, and O, which are es-
sential for identifying multiple populations in globular clusters. In addition, MAVIS (Mc-
Dermid et al., 2020), which is the new IFS instrument being built for ESO’s VLT AOF
(Adaptive Optics Facility, UT4 Yepun) also covers a wavelength range 3700 − 10000Å
similar to BlueMUSE and MUSE. With the lower spatial sampling of 0.02′′ − 0.05′′, we
have the opportunity to study the core of globular clusters with more stars providing an
insight into its chemistry and dynamics. Because of the similar wavelength coverage of
DD-Payne and these instruments, our method can be directly applied to them.

Finally, based on the fact that the study of resolved stellar populations represents one of
the major science cases for the European Extremely Large Telescope (ELT) (Gilmozzi
& Spyromilio, 2007; Hook, 2009), it is reassuring that our method is paving the way for
future studies in multi-dimensional chemical space. For the Galactic bulge, ELTwill allow
us to measure chemical abundances all the way down to the main sequence turn-off stars
(Minniti & Zoccali, 2008). For these targets, we can use BSTEP (Sharma et al., 2018)
to map the age distribution and reveal the detailed formation and evolution history of the
innermost bulge, the peanut bar, and the long bar.

For Local Group galaxies, the ELT can also derive more stellar spectra of bright main-
sequence (potentially even turn-off) stars and giants with necessary SNR than VLT (e.g.
McLeod et al. 2019; Carini et al. 2020); this includes the SMC and LMC, as well as more
distant galaxies such as Andromeda andM33, extending Galactic Archaeology beyond the
Milky Way to the Local Group. With the unprecedented detection sensitivity of ELT, our
method can provide a way for future stellar label estimation and science goals for the ELT-
related IFS instruments, to measure stellar labels of stars beyond the Local Group (Wyse
& Gilmore, 2006; Evans, 2008; Greggio et al., 2012).
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2.7 Summary
In this study, we applied DD-Payne (Xiang et al., 2019), which was developed for LAM-
OST spectra, on MUSE datacubes and estimated 𝑇eff , log 𝑔, [Fe/H] and chemical abun-
dances of Mg, Si, Ti, Ca for individual stars in MUSE datacubes.

By comparing our MUSE results with that of LAMOST using common stars, we show
that despite instrumental differences, it is possible to extract precise stellar parameters and
abundances with typical dispersion of 𝑇eff , log 𝑔 and other chemical abundances less than
75K and 0.15 dex and 0.1 dex, respectively.

In dense fields, which is the unique advantage of the MUSE instrument, we selected 29
datacubes towards the Galactic center. Based on previous studies (Rojas-Arriagada et al.,
2019; Hayden et al., 2015; Sharma et al., 2021b), by comparing the [Fe/H]-[Mg/Fe]
distribution estimated by our method in the bulge and inner disk region with stars from
APOGEE-Payne, we found excellent agreements in two sequences with similar center
values and overall trends. This indicates the ability of our method to measure chemical
abundances in regions with high stellar density and extinction. In addition, we also stud-
ies the extinction as a function of 𝑅gc in the direction of the Galactic center and compared
these results with the prediction from Galaxia (Sharma et al., 2011). We found there is a
qualitative agreement with the overall trends, but the scale height of the dust predicted by
Galaxia is higher than observations.

In addition, we provided analytical formulas to predict the precision of each label as a
function of 𝑉 magnitude and exposure time. This can be used for observational proposal
designing before a survey to achieve the expected label uncertainty.

In the future, this method can be applied to do a survey for all individual stars in public
MUSE cubes and estimate their stellar labels. The result can be a supplementary catalog
for all-sky spectroscopic surveys. For the Galactic bulge, more observations are needed
to expand the sample size. By combining the chemical and kinematic information, there
is a great opportunity to study the evolution and assembly history of the Galactic center.
This method can also be applied to MUSE observations on globular clusters, to study the
connection between kinematics and multiple populations.

This is the first time to measure stellar labels using full wavelength fitting in dense fields
observed by the MUSE instrument. We demonstrate that despite PSF/LSF being different,
it is possible to apply a model trained on spectra from one instrument to another. Given a
large number of spectrographs having wavelength similar to LAMOST, our results suggest
that one can easily do detailed spectroscopic analysis with them. In the future, this method
can be used directly for BlueMUSE (Richard et al., 2019) and MAVIS (McDermid et al.,
2020). It will also help with the label measurement development for IFS instruments on
ELT (Gilmozzi & Spyromilio, 2007), to study Galactic archaeology from the Milky Way
to somewhere more than 10 Mpc away.
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This Chapter presents data reduction and early results of MUSE observation towards the Galactic bulge
in ESO Period 109 (Proposal PI: Zixian Wang, co-Is: Michael Hayden, Sanjib Sharma, and Joss Bland-
Hawthorn). I am the PI of this MUSE proposal and wrote all the text, made all the figures and produced
most of the data reduction procedures and figures. Sanjib Sharma helped to plot Fig 3.2 and produced
GALAXIA simulated catalog and BSTEP results to measure stellar age, distance, and extinction. Joss
Bland-Hawthorn, Sanjib Sharma, and Michael Hayden supervised the whole work.

Current studies of the Galactic bulge are limited to the chemodynamical properties of
stars but typically lack precise age information. And previous studies of the age distribu-
tions in the bulge have produced contradictory results, primarily due to a lack of reliable
age determinations as existing studies can often only target giant stars due to magnitude
and extinction limits. We study the age, chemistry, and dynamics of stars from the in-
ner Galactic bulge by executing a 7.2-hour MUSE observation towards one field in the
Baade’s window. This area has low extinction, with 𝐴𝑉 = 1.45 mag, allowing MUSE to
reach all the way to the Galactic center with main-sequence turn-off and subgiant branch
(MSTO-SGB) stars to obtain an accurate age census of the Galactic bulge. After spectra
extraction and parameter estimation, we obtained 138 giant and 159MSTO-SGB stars with
SNRMUSE > 80 pix−1 from a 3.6-hour exposure. We lost 66 giants and 135 MSTO-SGB
stars due to incomplete observation. We find that the V-band magnitude distribution of our
sample is consistent with predictions of a simulated catalog by GALAXIA when𝑚𝑉 < 19.3,
and the 𝐸 (𝐵 − 𝑉) - distance relation agrees with the 3D dust map Bayestar19. We apply
GMMmodelling and separate the [Fe/H] distribution into different components, with the
peaks consistent with previous studies within 1𝜎 except for the most metal-poor one. We
find the age distribution revealed by MSTO-SGB stars within 𝑅gc < 3.5 kpc has three
main groups with ages around 10 ∼ 12 Gyr, 7 ∼ 9 Gyr, and 4 ∼ 6 Gyr, respectively. The
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[𝛼/Fe]-[Fe/H] distribution of stars in the bulge indicates a “knee” at [Fe/H] = −0.5 dex,
which agrees with the chemical evolution model of Sharma et al. (2021b). But the ex-
istence of metal-rich stars with [Fe/H] ∼ 0.5 dex indicates further improvements on the
model. In the future, we propose to observe more low-extinction fields and obtain a larger
sample of stars to address the age and chemodynamical distributions of the Galactic bulge
in more detail.

3.1 Introduction
The formation and evolution of the Milky Way is one of the outstanding questions facing
astrophysics today, and Galactic Archaeology aims to unravel this using stars as our fos-
sil record (Bland-Hawthorn & Gerhard, 2016). Stars contain the chemical imprint of the
gas from which they formed, allowing the enrichment history of the Galaxy to be traced
through time and space (e.g. Xiang & Rix 2022). The Galactic bulge is one of the fun-
damental building blocks of the Galaxy but has a complicated structure and formation
history. The bulge contains some of the oldest stars born in the Galaxy (e.g., Zoccali et al.
2003; Grieco et al. 2012), but a significant fraction of young stars are also observed (e.g.,
Buell 2013; Gesicki et al. 2014; Bensby et al. 2013). Moreover, our knowledge of the
very precise stellar age distribution and the dynamic properties on the far side of the bulge
is limited due to a combination of the large distance of the bulge, high extinction along
its line-of-sight, stellar crowding, and smaller telescope diameters (< 4m) of the current
fiber-fed multi-object spectroscopic facilities.

During the previous decade(s), many studies using different data have reached a consensus
on the morphology, metallicity, and kinematics of the bulge as a function of Galactic coor-
dinates, such as surveys like BRAVA (Kunder et al., 2012), ARGOS (Ness et al., 2013a,b),
GIRAFFE (Zoccali et al., 2014, 2017), Gaia-ESO (Rojas-Arriagada et al., 2014, 2017),
and APOGEE (Rojas-Arriagada et al., 2019; Hasselquist et al., 2020). The bulge hosts a
boxy/peanut (B/P) shape structure and is represented by multiple components with differ-
ent [Fe/H], where the metal-rich stars are much more abundant in the Galactic plane and
bar and have a much steeper velocity dispersion gradient as a function of galactic latitude
than metal-poor stars, while the metal-poor stars are distributed more spherically near the
Galactic center and the velocity varies rather mildly with latitude. A more comprehen-
sive study by combining ARGOS and APOGEE samples (A2A) is in Wylie et al. (2021).
However, due to the detection limits of existing spectroscopic surveys, nearly all stars used
in these measurements are on the near side of the bulge. The structure and dynamics on
the far side of the bulge and inner disk have not been fully observed so far, so the stellar
populations of these regions remain unexplored.

While the chemodynamics properties of the nearside of the bulge are coming into focus,
accurate age distributions for the stellar populations of the bulge are still lacking, as there
have been several contradicting results from different datasets (Nataf, 2016). A purely
old bulge with age > 10 Gyr is supported by most of the chemical compositions or pho-
tometric age estimates (e.g., Zoccali et al. 2003; Grieco et al. 2012). However, some
other studies based on planetary nebulae and microlensed sub-giant and dwarf stars sug-
gest a non-negligible fraction of young populations at around 3 Gyr (Buell, 2013; Gesicki
et al., 2014; Bensby et al., 2013). Comparable results have also been found by Schultheis
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et al. (2017) using the [C/N] ratio in giants from the APOGEE survey. Hasselquist et al.
(2020) selected ∼6000 high-luminosity (log 𝑔 < 2.0) and metal-rich ([Fe/H] > 0.5) stars
and found at least half of them are old (> 8 Gyr), while the younger stellar populations
(2−5 Gyr) are strongly constrained to the Galactic plane. Lian et al. (2020b) quantitatively
modelled the [Fe/H] and [Mg/Fe] distributions and found the fraction of young stars are
subject to the estimated age uncertainty, leading to this number varying between 11% and
29%. Therefore, an accurate age estimation is essential to reveal the star formation history
of the bulge.

Main-sequence turn-off (MSTO) and subgiant branch (SGB) stars have long been consid-
ered as the most accurate age proxy (e.g. Feltzing et al. 2001; Nissen 2015). Using stellar
isochrones, one can measure the age of MSTO-SGB stars from the spectroscopic stellar
parameters 𝑇eff , log 𝑔, [Fe/H] and [Mg/Fe] (Sharma et al., 2018). This is because, for a
given metallicity, the isochrones are well separated in the colour-magnitude diagram for
MSTO-SGB stars (see the orange box in Fig. 3.1). Main sequence dwarfs and stars along
the giant branch (area outside the orange box of Fig. 3.1) have a much smaller separation
than MSTO-SGBs, making age determination nearly impossible to measure. Age esti-
mates are also available for stars that have asteroseismic observations, or the [C/N] ratio
in giants that has been calibrated using asteroseismology (Silva Aguirre et al., 2018), but
these age estimates have a factor of 3 ∼ 4 times larger uncertainty than the ages from
MSTO-SGB stars.

However, due to the large heliocentric distance of the bulge (∼8 kpc) and the severe ex-
tinction along the line-of-sight, most spectroscopic observations of the bulge are limited
to giants. Hence, the only study using these stars in the bulge to date is by using gravita-
tional microlensing. Bensby et al. (2017) used high-resolution spectra of 91 microlensed
MSTO stars observed by UVES (Dekker et al., 2000) and found that about 35% of the
stars are metal-rich ([Fe/H] > 0) and span ages in between 8 Gyr and 2 Gyr, whereas the
metal-poor populations ([Fe/H] < −0.5) are 10 Gyr or older. Note this method relies on
rare events – only 91 microlensing events have been observed over more than a decade,
making this approach unfeasible for obtaining more than a handful of stars. Therefore,
the age distribution of stars outside of the solar neighbourhood is still poorly constrained.
Additionally, crowding due to the high stellar density of the bulge makes observing with
traditional fiber-fed spectrographs difficult. Typically only the brightest giants can be ob-
served due to large fiber size combined with neighbour magnitude limits and fiber collision
requirements.

In this study, we use MUSE (Bacon et al., 2010) to measure the chemical abundances,
ages, and kinematics of stars in the bulge, from one field of the low extinction region of
Baade’s window (e.g., Stanek 1996; Gonzalez et al. 2011). We aim to obtain spectra with
SNR around 80 pix−1 for stars with 𝑚𝑉 ∼ 20.5. The approach laid out by Wang et al.
(2022) demonstrates the ability of MUSE to measure reliable stellar parameters for in-
dividual stars in crowded fields, probing areas of the Galaxy unreachable by traditional
fiber-fed spectrographs. This, combined with a large field of view, spectral resolution
and wavelength coverage, and location on a large telescope, make MUSE the ideal instru-
ment to study the properties of the Milky Way bulge. We will obtain a large sample of
MSTO-SGB stars directly in the bulge, from which we will determine the age and metal-
licity distribution function of this field with high precision, and compare with previous
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Figure 3.1: A color-magnitude (Gaia photometric bands) diagram using PARSEC
isochrones (Bressan et al., 2012) with [Fe/H]=0 and age ranging from 1 to 13 Gyr. The
region covered by the orange frame represents the MSTO-SGB stars, for which age can
be measured from spectroscopic stellar parameters. This is because for the MSTO-SGB
stars the isochrones have a wider separation between them than giant and main-sequence
stars.

.
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results.

3.2 Data and Methods
3.2.1 Field Selection and Photometric Analysis
The observed field in Baade’s window is selected with the following criteria: First, we
use the 3D Dust Mapping tool Bayestar19 ² from Green et al. (2019) to generate a high-
resolution extinction map of Baade’s window and select regions with 𝐴𝑉 < 2 mag at
𝑅gc = 8 kpc. Second, we calculate the distance of these fields to the two globular clusters
NGC 6522 and NGC 6528 and select fields with distances larger than 20 arcmins to re-
move GC members. Third, we remove fields having stars with 𝑚𝑉 > 14.5 mag to prevent
CCD saturation due to a long exposure time. The resulting fields are then matched with
OGLE-III (Szymański et al., 2011) and the field with the most number of stars is selected.
Finally, a field at (𝑙, 𝑏) ∼ (1.66,−3.59) degrees with 1734 OGLE stars and 𝐴𝑉 = 1.45 is
selected.

We employ a GALAXIA (Sharma et al., 2011) simulated catalog to predict the results from
observations at the same (𝑙, 𝑏) and FoV. First, we select all the GALAXIA particles included
in the FoV and calculate the apparent magnitude 𝑚𝑉 using distances and 𝐸 (𝐵−𝑉), where
𝐸 (𝐵 −𝑉) is predicted by 3D dust map of Bayestar19 (Green et al., 2019). Then we apply
the OGLE-III selection effect by removing stars with𝑚𝑉 < 21.651, which is the maximum
V-bandmagnitude from those 1734 OGLE stars on this field. Next, we select MSTO-SGB,
giant, and dwarf stars according to the following criteria:

MSTO-SGB: 3.7 < log 𝑔 < 4.3 and 5100 < 𝑇eff/K < 6500
Giant: log 𝑔 < 3.7
Dwarf: log 𝑔 > 4.3

(3.1)

Fig. 3.2 demonstrates the predicted stellar apparent magnitude distributions of stars in
our chosen field. The top panel shows the fraction distribution of MSTO-SGB, giant, and
dwarf stars as a function of𝑚𝑉 . This panel demonstrates that giant stars mostly have𝑚𝑉 <
19.5, and a majority of MSTO-SGB stars are in 19 < 𝑚𝑉 < 20.5 mag. As for dwarfs, they
dominate the region of 𝑚𝑉 > 20.5 mag. The bottom panel shows the number distribution
of heliocentric distances for giant and MSTO-SGB stars. The center of the bulge lies at
a distance of 8.2 kpc (Bland-Hawthorn & Gerhard, 2016). The thin and thick line shows
the number distribution of stars with 𝑚𝑉 < 19.5 and 𝑚𝑉 < 20.5, respectively. This panel
indicates the necessity for the observation to reach 𝑚𝑉 = 20.5 mag, because then we can
obtain around 10 times moreMSTO-SGB samples concentrated to the Galactic center than
those with 𝑚𝑉 < 19.5 mag. To reach 𝑚𝑉 = 20.5 mag, we apply the MUSE exposure time
calculator ³ and find that under the weather condition of air-mass ∼ 1.2 and seeing ∼ 0.7′′
with AO, at least 7.2 hour exposure time is required to satisfy SNR ∼ 80 pix−1. In this
case, according to the simulated catalog, we are predicted to obtain around 395 MSTO-
SGB and 117 giant stars from this field. The MSTO-SGB sample is 3.3 times larger than
those from Bensby et al. (2017) over a decade of observation on microlensed events.

²http://argonaut.skymaps.info/
³https://www.eso.org/observing/etc/bin/gen/form?INS.NAME=MUSE+INS.MODE=

swspectr

http://argonaut.skymaps.info/
https://www.eso.org/observing/etc/bin/gen/form?INS.NAME=MUSE+INS.MODE=swspectr
https://www.eso.org/observing/etc/bin/gen/form?INS.NAME=MUSE+INS.MODE=swspectr
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Figure 3.2: Stellar properties of stars in our chosen field based on a simulation by
Galaxia. Top: The fraction MSTO-SGB and giant stars as a function of V-band magni-
tude. For 𝑚𝑉 > 19.5 close to 23% of stars are MSTO-SGB stars. Bottom: The distri-
bution of heliocentric distances for giant and MSTO stars. The center of the bulge lies at
a distance of 8 kpc. With 𝑚𝑉 < 19.5 (thin blue line) we do not get enough stars in the
center of the bulge, but with a limit of 𝑚𝑉 < 20.5 (thick blue line), we do.

.
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Table 3.1: Information of MUSE data (ESO Period 109) towards Baade’s window

RA DEC Obs Date Exptime (s) Airmass Seeing at Start (′′)
18:03:39.37 -29:19:20.6 2022-08-21 1293.00 1.027 0.80
18:03:39.37 -29:19:21.4 2022-08-21 1293.00 1.011 1.09
18:03:39.31 -29:19:20.6 2022-09-02 1293.00 1.049 0.48
18:03:39.31 -29:19:21.4 2022-09-02 1293.00 1.024 0.37
18:03:39.37 -29:19:21.4 2022-09-20 1293.00 1.133 0.81
18:03:39.37 -29:19:21.4 2022-09-20 1293.00 1.193 0.90
18:03:39.31 -29:19:21.4 2022-09-27 1293.00 1.103 0.99
18:03:39.31 -29:19:21.4 2022-09-27 1293.00 1.064 1.32
18:03:39.31 -29:19:20.6 2022-09-28 1293.00 1.250 0.93
18:03:39.31 -29:19:20.6 2022-09-28 1293.00 1.178 1.04

3.2.2 MUSE Observations and data reduction
We proposed a 7.2-hour MUSE observation towards the chosen BW field in Period 109
(Program ID: 109.23HS.001) and were allocated 9.8 hours including overheads. We di-
vided the total allocated time into 10 observing blocks (OB)with each one having 1293×2 s
science exposures. We applied a small dithering pattern by a few arcseconds and 90
degrees rotation between on-object exposures to average the spatial signature of the 24
integral-field units (IFU) on the FoV. Finally, 50% percent of the observations were made
(equivalent to 3.6 hours) with details listed in Table 3.1.

The data reduction was performed using MUSE pipeline v2.8.7 (Weilbacher et al., 2014,
2016, 2020) under the ESOREFLEX environment (Freudling et al., 2013). The entire
reduction cascade includes two main procedures: (1) calibrations of each exposure such as
bias, flats, bad pixels map, instrument geometry, illumination, astrometry correction, sky
subtraction, line spread function, flux, and wavelength calibration; and (2) a combination
of individually processed exposures and construction of the final science data product.
Specifically, during sky subtraction, we set 10% of the total spatial pixels to be considered
as the sky, which is based on the flux distribution of an OGLE I-band image (Szymański
et al., 2011) in the target FoV. Finally, we obtained one combined datacube with a total
exposure time of 12,930 s.

3.2.3 Spectra Extraction and Parameter Estimation
Weperform the spectral extraction and parameter estimation following procedures inWang
et al. (2022), also see Section 2.3. First, we employ PampelMUSE (Kamann et al., 2013) to
extract the spectra by using OGLE-III source list (Szymański et al., 2011) as the input cata-
log. Next, we degrade the extracted spectra fromMUSE spectral resolution (𝑅 ∼ 3000) to
LAMOST (𝑅 ∼ 1800) and apply DD-Payne (Ting et al., 2017a; Xiang et al., 2019) to mea-
sure stellar parameters (𝑇eff , log 𝑔, [Fe/H], [Mg/Fe], [Si/Fe], [Ti/Fe], [C/Fe], [Ni/Fe]
and [Cr/Fe]) by fitting the model with spectra in the wavelength region of [4700, 8750Å].
We obtain a catalog with 1349 stars measured by DD-Payne-A and 1498 stars measured
by DD-Payne-G, respectively. Nearly 45% stars have SNR pix−1 larger than 60. Then
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we re-estimate the uncertainty of each stellar parameter using Equation 2.11 to represent
real uncertainties from DD-Payne measurements (see details in Section 2.5). Next, we
follow the parameter selection recommendation from Xiang et al. (2019) and employ 𝑇eff ,
log 𝑔, [Fe/H] from DD-Payne-A and take the average of [Mg/Fe], [Si/Fe], [Ti/Fe] from
DD-Payne-G and [Ca/Fe] from DD-Payne-A as a proxy of 𝛼 elements for later analysis.
We also confirmed that using [Fe/H] from DD-Payne-G, [Mg/Fe] from DD-Payne-A, or
weighted average of [Mg/Fe], [Si/Fe], [Ti/Fe], [Ca/Fe] as [𝛼/Fe] do not qualitatively
effect our conclusions.

Next, we apply BSTEP (Sharma et al., 2018) to estimate Galactocentric distance (𝑅gc),
extinction 𝐸 (𝐵 − 𝑉) and stellar age (𝜏) using PARSEC release v1.2S + COLIBRI stellar
isochrones (Marigo et al., 2017) with 𝑇eff , log 𝑔, [Fe/H], [𝛼/Fe] from DD-Payne, and V-
and I-band photometry from OGLE-III as input. Even though not all the stars have both
photometricmagnitudes, we find stars that lackV-bandmagnitudewill be removed anyway
by SNR cut-off in the later section criteria. Therefore, we do not lose any stars for this
reason. Moreover, after crossmatching our field with other optical or infrared photometric
surveys such as VVV (Minniti et al., 2017), Gaia (Gaia Collaboration et al., 2022b) and
Pan-STARR (Chambers & et al., 2017), we found they all have fewer stars than those in
OGLE-III survey. The above trails indicate that our MUSE spectroscopy has surpassed the
limitation of the currently deepest photometric survey, and a deeper photometric survey is
important for the future study of the bulge.

3.3 Results
In this section, we provide results of stars in the Baade’s window using parameters mea-
sured by both DD-Payne (Xiang et al., 2019;Wang et al., 2022) and BSTEP (Sharma et al.,
2018). We talk about the impact of the incomplete observation; parameter distributions
(e.g., 𝐸 (𝐵 − 𝑉), 𝑚𝑉 ) of stars in the OGLE field with the comparison to a GALAXIA sim-
ulated catalog. Additionally, we investigate the multiple components of the metallicity
distribution function, as well as the age, [Fe/H], and [𝛼/Fe] distributions of stars in the
bulge (𝑅gc< 3.5 kpc). We compare our results mainly with previous studies on 91 mi-
crolensed dwarfs (Bensby et al. 2017, hereafter B17) and ARGOS (Ness et al., 2013a) and
APOGEE (Rojas-Arriagada et al., 2020) observations at a similar Galactic longitude or
latitude. These analyses aim to verify that our stellar parameter measurements are reliable
and consistent with previous studies. The comprehensive scientific interpretation will be
explored for subsequent publication.

3.3.1 Impact of Incomplete Observation
Since we only got 5 of 10 observation blocks (OBs) being executed, we did not obtain
as many MSTO-SGB and giant stars as we expected. Fig 3.3 quantitatively illustrates
this observational loss. In this figure, we plot SNRMUSE − log 𝑔 distribution of stars in the
selected OGLE field and color-code them by V-bandmagnitude. We separate the giant and
MSTO-SGB stars using the criteria of log 𝑔 in Equation 3.1 and fill the regions in orange
and blue, respectively. Because we require SNRMUSE> 80 pix−1 (the cyan line), having
only 50% exposure means stars with SNRMUSE between [56.6, 80] pix−1 are supposed to
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Figure 3.3: SNRMUSE − log 𝑔 distribution of stars towards the Baade’s window from
MUSE observations color-coded by 𝑚𝑉 . The blue and orange regions are MSTO-SGB
and giant stars, respectively, which are color-coded by V-band magnitude. The black
percentage is the fraction of stars enclosed in each region. Stars above the cyan line have
SNRMUSE > 80 pix−1, including 8% (138) giants and 9% (159) MSTO-SGB stars from
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due to incomplete observation, which has around 4% (66) giants and 8% (135) MSTO-
SGB stars. Note the percentages become uncertain for stars below the cyan line because
of the low SNRMUSE and therefore large log 𝑔 uncertainty.

.
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satisfy this threshold, but lost due to incomplete observation. Therefore, we mark them in
the grey region. The percentages of stars in each enclosed region are texted in the center.
This figure indicates that we obtained 8% (138) giants and 9% (159) MSTO-SGB from a
total sample of 1734 stars and lost around 4% (66) giants and 8% (135) MSTO-SGB stars.
From the current observations we roughly reach 𝑚𝑉 = 20 at SNR = 80 pix−1. Note we do
not make any SNRMUSE cut-off in this figure, so the percentages become uncertain for stars
below the cyan line because of low SNRMUSE and hence large log 𝑔 uncertainties.

3.3.2 Stellar Distributions Compared to GALAXIA
Fig. 3.4 demonstrates a comparison of the 1734 OGLE stars with predictions of GALAXIA
on V-band magnitude and distance. The top two and bottom left panels are V-band mag-
nitude distributions of MSTO-SGB, giant, and dwarf stars classified by Equation 3.1, re-
spectively. The solid lines are predictions from the GALAXIA simulated catalog, same
as Fig. 3.2. The dashed lines are distributions of OGLE stars toward the Baade’s win-
dow. Note here we still do not apply any SNRMUSE cut-off. We find that for stars with
𝑚𝑉 < 19.3, magnitude distributions from OGLE are consistent with GALAXIA prediction.
However, the differences appear for stars with𝑚𝑉 > 19.3, which could be due to the wrong
stellar classification by large log 𝑔 uncertainty of faint stars. We will re-investigate it after
having more exposure time. The bottom right panel shows the heliocentric distribution
of MSTO-SGB and giant stars from GALAXIA prediction (solid) and MUSE observation
(dashed). This panel indicates that even though we have fewer MSTO-SGB stars than pre-
dicted due to incomplete observation, there are still some MSTO-SGB stars close to the
Galactic center. The distribution of giant stars is similar to GALAXIA prediction, but we
have fewer giants with distances less than 7.5 kpc.

The above analysis uses all the 1734 stars in this field. From now on, we demonstrate
our results using stars with high-quality measurements by selecting them according to the
following criteria: 

SNRMUSE > 80 pix−1

reduced 𝜒2
DD-Payne < 20

𝐸 (𝐵 −𝑉) > 0,
[𝛼/Fe] < 0.4,

(3.2)

where 𝐸 (𝐵 −𝑉) is estimated by BSTEP and reduced 𝜒2
DD-Payne represents the fitting qual-

ity of DD-Payne. We made a cut-off of SNRMUSE because Wang et al. (2022) reported
after several tests that stellar parameters can be accurately measured only for stars in the
Galactic bulge with SNRMUSE> 80 pix−1 (also see Section 2.4.2). The cut-off of [𝛼/Fe] is
to ensure the measurements do not exceed the DD-Payne training set range (See Fig. 7 and
Fig. 8 of Xiang et al. 2019). In addition, stellar parameters such as [Fe/H], 𝑇eff , log 𝑔 are
input values for BSTEP, so ensuring the accuracy of these parameters is essential for ob-
taining accurate age, distance, and 𝐸 (𝐵−𝑉). Note we do not remove stars with𝑚𝑉 < 19.3
where a significant proportion of stars might be misclassified as demonstrated in Fig. 3.4.
This is because the main factor on log 𝑔 uncertainty is SNRMUSE rather than the magni-
tude and the dependence of magnitude and SNRMUSE is not strong in IFS observations,
especially on crowded regions. It is possible that a faint star has a high SNR when lo-
cated at a relatively lower-density area and a bright star has a low SNR when located at the
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Figure 3.4: Comparison of OGLE stars with GALAXIA on V-band magnitude and dis-
tance. The top three panels are V-band magnitude distributions of MSTO-SGB, giant,
and dwarf stars classified by Equation 3.1, respectively. The solid lines are predictions
from GALAXIA simulated catalog, same as Fig. 3.2. The dashed lines are distributions of
OGLE stars toward the Baade’s window. The bottom right panel shows the heliocentric
distribution of MSTO-SGB and giant stars from GALAXIA prediction (solid) and MUSE
observation (dashed).
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Figure 3.5: Color-magnitude and Kiel diagram of stars toward Baade’s window color-
coded by SNR, age, distance, 𝐸 (𝐵 − 𝑉), [Fe/H], and [𝛼/Fe], respectively. Due to the
high luminosity of giant stars, they have larger SNR and can go further than MSTO-SGB
stars. The bottom left panel indicates that we have MSTO-SGB stars that can reach the
Galactic center. The bottom right panel indicates that all the giant and MSTO-SGB stars
have similar 𝐸 (𝐵 −𝑉), which will be investigated later in Fig. 3.6.
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edge of FoV. Therefore, as long as they pass the SNRMUSE threshold, their log 𝑔 should
be well estimated. Finally, we have 309 stars left over and identified as high-quality mea-
surements.

Fig. 3.5 demonstrates the colour-magnitude and Kiel diagram of these 309 stars colour-
coded by SNRMUSE, age, heliocentric distance, 𝐸 (𝐵 − 𝑉), [Fe/H], and [𝛼/Fe], respec-
tively. Due to the high luminosity of giant stars, they have larger SNRMUSE and can go
further than MSTO-SGB stars. The panel color-coded by distances indicates that we have
some MSTO-SGB stars that can reach the Galactic center. The panel color-coded by
𝐸 (𝐵 − 𝑉) indicates that all the giant and MSTO-SGB stars have similar 𝐸 (𝐵 − 𝑉) ∼ 0.5.
We compare stellar 𝐸 (𝐵 − 𝑉) measured by BSTEP for these 309 stars with the 3D dust
map Bayestar19 from Green et al. (2019) in Fig. 3.6. It can be seen that most stars in the
Baade’s window lie on the 𝐸 (𝐵 −𝑉) region of [0.2, 0.6] mag, with the average consistent
with the 3D extinction map. There is a mismatch between Bayestar19 prediction and ob-
servation at distances less than 2 kpc and larger than 8 kpc, respectively. One reason is the
lack of stars in these distance ranges. For stars with distances larger than 8 kpc, we think
the mismatch is due to the selection effect that only bright stars with low reddening can be
observed given our magnitude limit of 𝑚𝑉 = 20.5. We will re-investigate it in the future
when a larger sample is available.

3.3.3 Multiple Metallicity Components
We plot in Fig. 3.7 the [Fe/H] histogram of stars with 𝑅gc < 3.5 kpc. For stars with
SNRMUSE > 80 pix−1, the uncertainty calculated by using Equation 2.11 is 𝜎[Fe/H] <
0.07 dex. On the top panel, the metallicity histogram (grey solid line) is separated into
5 components using GMM modelling, with the Gaussian peaks plotted as vertical grey
lines. We compare these peaks with previous studies of Bensby et al. 2017 (blue) and
Ness et al. 2013a (red). On the bottom panel, the metallicity histogram is separated into 3
components with the comparison of APOGEE observations (Rojas-Arriagada et al. 2020,
green).

By fitting the metallicity distribution function with 5 components (top panel), our Gaus-
sian peaks are located at −0.84 (A), −0.55 (B), −0.19 (C), +0.17 (D), and +0.43 (E) dex,
respectively. According to previous studies, 1845 giant stars at 𝑏 = −5◦ from ARGOS sur-
vey (Ness et al., 2013a) revealed five [Fe/H] components with the peaks at −1.80 ± 0.10,
−1.18 ± 0.10, −0.71 ± 0.02, −0.25 ± 0.02, and +0.15 ± 0.02 dex; B17 also analyzed the
metallicity distribution using 91 microlensed dwarf samples at −4◦ < 𝑏 < −2◦ and iden-
tified 5 main components with the peaks at −1.09 ± 0.08, −0.63 ± 0.11, −0.20 ± 0.06,
+0.12 ± 0.04, and +0.41 ± 0.06 dex. Therefore, except for the most metal-poor peak (A),
our results are more consistent with B17 within 1𝜎. The mismatch of peak (A) is due
to the lack of metal-poor stars at [Fe/H]∼= 1.1 dex in our sample. Comparing the re-
sults of this work and B17 to those from the ARGOS survey, both of us misidentify the
most metal-poor component with [Fe/H] = −1.80 dex, which is because neither of us
obtained enough stars at this [Fe/H] range. In this work, stars with [Fe/H] < −1.5 dex
are measured by extrapolation of DD-Payne during full-spectrum fitting and are removed
by selection criteria. In addition, same as B17, we found a very metal-rich component at
[Fe/H] = 0.43 dex which ARGOS results did not recognize because it lacks calibration of
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Figure 3.7: [Fe/H] distributions of stars with 𝑅gc < 3.5 kpc from our MUSE observa-
tions. Top panel: metallicity histogram (grey solid line) separated into 5 components
using GMM modelling, with the Gaussian peaks plotted as vertical grey lines. We com-
pare these peaks with previous studies using 91 microlensed dwarfs (Bensby et al. 2017,
blue) and ARGOS survey (Ness et al. 2013a, red). Bottom panel: same metallicity his-
togram as the top panel but separated into 3 components with the comparison of APOGEE
observations (Rojas-Arriagada et al. 2020, green).
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Figure 3.8: Age distribution of MSTO-SGB stars in the bulge (𝑅gc < 3.5 kpc) with
a comparison of results using 91 microlensed dwarf samples from Bensby et al. 2017
(blue). According to the histogram, the fractions of age bins in our results are different
from those in B17. Nevertheless, after comprehensive statistics using the age probability
distribution functions, B17 claimed four major episodes occurring about 11, 8, 6 and
3 Gyr ago (blue regions), and the first three can also be identified in our results.

stars at this high metallicity (priv. comm. from B17). Our results support the component
at [Fe/H] = 0.43 dex to be physical.

We also demonstrate the results by fitting with 3 Gaussian components (bottom panel)
and the peaks are at −0.65 (A), −0.11 (B), and +0.33 (C) dex. Then we compare them
with the previous study of Rojas-Arriagada et al. (2020) using 3292 stars from APOGEE
observations at 2.5◦ < |𝑏 | < 4◦, which reports three Gaussian peaks at −0.64 ± 0.05,
−0.15 ± 0.05, and +0.34 ± 0.05 dex. Note the uncertainty of Gaussian peaks from Rojas-
Arriagada et al. (2020) is according to Monte Carlo analysis (see their Fig. 11). This panel
indicates that our results are consistent with APOGEE observations within 1𝜎. The three
peaks can also be identified visually from the histogram.

3.3.4 Age, [Fe/H] and [𝛼/Fe] Distributions
With the age provided by the most precise tracer of MSTO-SGB samples, we can study
the stellar age distribution and its relation with [Fe/H] and [𝛼/Fe] in the Galactic cen-
tral regions. We select MSTO-SGB stars according to Equation 3.1 with 𝑅gc < 3.5 kpc
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and flag_alpha_fe = 1 for accurate and physical age and [𝛼/Fe] measurements. Then
we remove stars with 𝜎(age) < 0.01 Gyr because our sample normally have 0.15 <
𝜎(age) < 3.5 Gyr. The stars with extremely small 𝜎(age) should normally be very young
(< 1 Gyr), but after checking with results using different [Fe/H] and [𝛼/Fe] proxy strate-
gies, these stars are estimated to be 10 ∼ 12 Gyr. Therefore, we think there might be
issues with BSTEP when estimating their ages and remove them from the sample. We
also double-check that for the other stars, different [Fe/H] and [𝛼/Fe] proxy strategies
normally provide similar ages with Δage < 3 Gyr.

After cleaning our sample, we plot the age distribution in Fig. 3.8 with a comparison of
results using 91 microlensed dwarf samples from B17 (blue). It can be seen that our age
distribution spans a wide range from 2 Gyr to 13 Gyr with several peaky features. Accord-
ing to the histogram, the fractions of age bins in our results are different from those in B17.
It could be due to the selection effect caused by the different Galactic longitude ranges
(−6◦ < 𝑙 < 6◦ for B17 and 1.66◦ for our sample). After comprehensive statistics using the
age probability distribution functions, B17 claimed four major episodes occurring about
11, 8, 6 and 3 Gyr ago (blue regions). Even though we only have around 100 stars and
the distribution structures depend on the binning of the data, the first three episodes can
also be identified in our results at the regions of 10 ∼ 12 Gyr, 7 ∼ 9 Gyr, and 4 ∼ 6 Gyr.
Therefore, we think both our results are physical and indicate the complexity of the star
formation history in the Galactic bulge.

We can also study the chemical evolution of the Galactic center by combining age with
[Fe/H] and [𝛼/Fe], as shown in Fig. 3.9. For each panel, we also plot in solid lines the
evolution of abundances for different birth radius 𝑅𝑏 predicted by the chemical evolution
model of Sharma et al. (2021b) for comparison. Since the maximum [𝛼/Fe] in our sam-
ple is around 0.3 dex, we manually changed 𝛼max in Sharma et al. (2021b) model from
0.225 to 0.3 to match the [𝛼/Fe] scale. The top row demonstrates age-metallicity and
age-[𝛼/Fe] diagrams from the MSTO-SGB sample color-coded by [𝛼/Fe] and [Fe/H],
respectively. From age-metallicity distributions, we can see a metallicity enrichment his-
tory from old, metal-poor, and 𝛼-rich stars to young, metal-rich, and 𝛼-poor stars. The
age-[𝛼/Fe] distributions also indicate a decline of [𝛼/Fe] as a function of stellar age. We
find that the distributions of both panels are more scattered than the [Fe/H] and [𝛼/Fe]
evolution tracks at 𝑅𝑏 < 3 kpc. One reason is the uncertainty of parameter measurements,
the other could be stellar radial migration, which means some of the MSTO-SGB stars in
these two panels were born at a larger 𝑅gc, and moved inwards the Galactic center later
on. Moreover, the metallicity range in the age-[Fe/H] distribution is wider than model
predictions and shows a more efficient enrichment history.

The bottom panel of Fig. 3.9 shows the [𝛼/Fe]-[Fe/H] distributions of MSTO-SGB stars
color-coded by age. The grey dashed line represents solar-[Fe/H] and solar-[𝛼/Fe].
Firstly, this panel is quantitatively consistent with the results from B17 (see their Fig. 20),
where stars are separated into two main sequences, one with 𝛼-rich, metal-poor and old
stars, the other with 𝛼-poor, metal-rich and young stars. The most metal-poor stars in this
panel show a relatively flatter [𝛼/Fe] trend with [Fe/H]. At around [Fe/H] = −0.5 dex,
[𝛼/Fe] stars decrease with metallicity increasing. At about solar-[Fe/H], [𝛼/Fe] becomes
flatter again with the increase of [Fe/H]. There are a non-negligible number of high-
[𝛼/Fe] young stars and low-[𝛼/Fe] old stars that are also seen in B17. They challenge
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Figure 3.9: Chemical evolution history and [𝛼/Fe]-[Fe/H] distributions of MSTO-SGB
stars in the bulge with 𝑅gc < 3.5 kpc. The top row demonstrates age-metallicity and age-
[𝛼/Fe] diagrams from theMSTO-SGB sample with 𝑅gc < 3.5 kpc color-coded by [𝛼/Fe]
and [Fe/H], respectively. The bottom panel shows the [𝛼/Fe]-[Fe/H] distributions of
MSTO-SGB stars color-coded by age. The grey dashed line represents solar-[Fe/H] and
solar-[𝛼/Fe]. We also plot in solid lines the evolution of abundances for different birth
radius 𝑅𝑏 predicted by the chemical evolution model of Sharma et al. (2021b) for compar-
ison. Since the maximum [𝛼/Fe] in our sample is around 0.3 dex, we manually changed
𝛼max from 0.225 to 0.3 to match the [𝛼/Fe] scale.
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the tight relation of 𝛼-elements with stellar ages. Some studies propose that it is due to
star formation events near the edge of the Galactic bar (e.g., Chiappini et al. 2015). Others
suggested it is due to the material transfer in binary system (Yong et al., 2016; Hekker &
Johnson, 2019; Zhang et al., 2021). Future studies are needed to investigate the origin of
these unusual stars. Compared to the abundance evolution tracks predicted by Sharma et al.
(2021b), stars in our observation mainly follow the evolution tracks with 𝑅𝑏 = 1 ∼ 4 kpc,
and the location of this down-turn or “knee” is consistent with the tracks for the innermost
𝑅𝑏 (1 ∼ 2 kpc). However, we also see some metal-rich stars with [Fe/H]∼ 0.5 dex do
not follow the model predicted evolution tracks. Note these abundance evolution tracks
from Sharma et al. (2021b) are based on stars with 𝑅gc between 3 and 15 kpc in APOGEE
observations. Therefore, abundance evolution tracks with 𝑅𝑏 < 3 kpc are calculated by
extrapolation, and the mismatch of our results with the model prediction indicates future
improvements of chemical evolution models in the Galactic center.

3.4 Summary and Future Studies
In this Chapter, we performed data analysis of a 3.6-hour MUSE observation towards
the Baade’s window with 𝐴𝑉 = 1.45 mag and studied the chemical evolution and age
distribution using MSTO-SGB stars in the Galactic bulge. We first apply DD-Payne (Ting
et al., 2017a; Xiang et al., 2019) and BSTEP (Sharma et al., 2018) to measure stellar
parameters (𝑇eff , log 𝑔, and chemical abundances) and distance, extinction 𝐸 (𝐵 − 𝑉) and
ages in our selected field. The V-band magnitude distributions of giant, MSTO-SGB,
and dwarf stars in our sample are consistent with predictions of a simulated catalog by
GALAXIA with 𝑚𝑉 < 19.3, and the 𝐸 (𝐵 − 𝑉)-distance relation agrees with the 3D dust
map Bayestar19 (Green et al., 2019). We obtained 138 giant and 159 MSTO-SGB stars
with SNRMUSE > 80 pix−1 from a 3.6-hour MUSE exposure and lost 66 giants and 135
MSTO-SGB stars due to incomplete observation. Despite this, we still obtain 138 MSTO-
SGB stars with 𝑅gc < 3.5 kpc which can be used to study the [Fe/H], [𝛼/Fe], and age
distributions.

The metallicity distribution function is separated into three and five Gaussian components
using GMM modelling and respectively compared with previous studies using stars at
similar Galactic longitude or latitude. When separated into three components, our results
agree with APOGEE observations (Rojas-Arriagada et al., 2020) within 1𝜎. When sepa-
rated into five components, our results agree with Bensby et al. (2017) within 1𝜎 except for
the most metal-poor components, which is due to the lack of very metal-poor stars in our
sample. The age distribution revealed by this dataset shows three groups with ages around
10 ∼ 12 Gyr, 7 ∼ 9 Gyr, and 4 ∼ 6 Gyr, which are consistent with predictions from B17.
However, the relative fraction of each age bin is different from B17 which could be due to
the difference in the Galactic longitude range. We also demonstrate age-metallicity, age-
[𝛼/Fe], [𝛼/Fe]-[Fe/H] distributions using our sample with the comparison of abundance
evolution tracks predicted by the chemical evolution model of Sharma et al. (2021b). Most
of our stars are located at tracks with 𝑅𝑏 = 1 ∼ 4 kpc. And the [Fe/H] and [𝛼/Fe] evolu-
tion history is clearly seen. The [𝛼/Fe]-[Fe/H] distribution of stars in the bulge indicates
a “knee” at [Fe/H] = −0.5 dex, which agrees with B17 and the chemical evolution model.
However, there are several stars with [Fe/H] ∼ 0.5 dex shown in our sample but not pre-
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dicted by the chemical evolution model, which provides clues for future improvements on
the models in the Galactic center.

The above results are mainly to verify the reliability of our stellar parameter measurements
and the power of MUSE to reveal the complicated star formation history of the Galactic
center by comparing them with previous studies. For the subsequent publication, we will
also add detailed scientific interpretations of our results. In the future, there are many
aspects can be explored using this dataset. Firstly, we can investigate the origin of young
[𝛼/Fe]-rich and old [𝛼/Fe]-poor stars in our sample. In addition, we can combine [Fe/H]
with velocities of stars to study the chemodynamical distributions similar to Ness et al.
(2013b) and compare the results in the near and far sides of the Galactic bulge using giant
stars. The abundance evolution tracks at 𝑅𝑏 < 3 kpc in Sharma et al. (2021b) is predicted
by extrapolation. We can use our datasets to verify this relation in the Galactic central
regions and help improve the chemical evolution model. Since we only have 50% exposure
time being executed in this work, it is necessary to applymoreMUSE time to observemore
similar low-extinction fields, which can provide a larger sample and help in studying the
spatial distribution of chemodynamical properties along the Galactic coordinates. More
stars with precise ages are also important to reveal the accurate star formation history of
the Galactic bulge. A deeper catalog is also needed to obtain photometric magnitudes for
more stars.

Data Availability
The comprehensive catalog containing all the stellar parameters utilized in this work will
be available through https://github.com/purmortal/muse-bulge following the re-
formatting of this chapter for publication.

https://github.com/purmortal/muse-bulge
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Our Galaxy is by far the best studied in the Universe, and it has long been regarded as a
benchmark and ideal laboratory to test our theories of galaxy evolution. However, due to
the different viewpoints, direct comparisons of Galactic and extragalactic observations
are marred by many challenges including selection effects, observational and method-
ological differences. In this chapter, we present a novel code GALCRAFT to address these
challenges by generating a mock integral-field spectrograph (IFS) datacube of the Milky
Way using simple stellar population (SSP) models and a mock stellar catalog from E-
GALAXIA, which is chemodynamically consistent to the Milky Way. The products are
in the same data format as external galaxies and enable direct comparisons. With future
higher resolution and multi-[𝛼/Fe] SSP templates, GALCRAFT will be useful to identify
key signatures such as [𝛼/Fe]-[M/H] distribution at different 𝑅 and |𝑧 | and potentially
measure radial migration and kinematic heating efficiency to study detailed chemody-
namical evolution of external galaxies. The GALCRAFT code will be publicly available via
https://github.com/purmortal/galcraft.
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4.1 Introduction
How galaxies formed and evolved remains one of the outstanding questions facing astro-
physics today. Due to our unique vantage point, the Milky Way (MW) is by far the best-
studied galaxy in the Universe. Precise astrometric data from Gaia (Gaia Collaboration
et al., 2022b) and accurate chemical abundances of individual stars from large spectro-
scopic surveys such as GALAH (Buder et al., 2021), APOGEE (Majewski et al., 2017)
and LAMOST (Zhao et al., 2012) have been conducted in the last decade for Galactic ar-
chaeologists to reveal the detailed chemodynamical picture of the Milky Way (Freeman &
Bland-Hawthorn, 2002; Bland-Hawthorn & Gerhard, 2016), including the accretion his-
tory and interplay of chemical and dynamical processes (e.g., Xiang & Rix 2022). Partic-
ularly, Hayden et al. (2015) demonstrated two distinct sequences (bimodality) in [𝛼/Fe]-
[Fe/H] distributions which vary systematically with location 𝑅 and |𝑧 | across the MW,
and the skewness of the outer-disk metallicity distribution function (MDF) indicates the
important process of radial migration. These two sequences correspond to the thin and
thick disk structures, and are found to be common in most disk galaxies (e.g., Yoachim &
Dalcanton 2006; Comerón et al. 2018; Martínez-Lombilla & Knapen 2019).

In the last decade, many efforts have been made to develop MW chemical evolution mod-
els to reproduce the [𝛼/Fe] bimodality. For example, Schönrich & Binney (2009a) intro-
duced a chemical evolution model that included the radial flow of gas and radial migra-
tion of stars along with other related physical processes such as continuous star formation
history, stellar yields, gas accretion and outflow. It can reproduce the metallicity distribu-
tion of stars and bimodality of the [𝛼/Fe]-[Fe/H] distribution of stars in the solar neigh-
bourhood (Schönrich & Binney, 2009b), where the former is consistent with the Geneva–
Copenhagen survey (Nordström et al., 2004); Sanders & Binney (2015) extended the ana-
lytical phase-space distribution functions in Binney (2012) to make the models easy to fit
data and they successfully tracked the evolution of metallicity; Sharma et al. (2021b) ap-
plied Shu distribution function (Shu, 1969) and extended the model in Sanders & Binney
(2015) by adding the distribution of [𝛼/Fe] and a new prescription for velocity dispersion
relation from Sharma et al. (2021a), and successfully reproduced the [𝛼/Fe]-[Fe/H] bi-
modality distributions which are quantitatively consistent with APOGEE observations in
Hayden et al. (2015). The relation of chemistry and kinematics are also consistent at all
Galactic locations.

Even though specific chemical evolution models can reproduce the chemodynamical dis-
tributions of our MW successfully, the Milky Way is still only one galaxy. Whether these
theories are applicable to other disk galaxies’ formation history is still an open question,
and it is still under debate whether Milky Way is unique in the Universe. From an extra-
galactic view, the MW is an Sb-Sbc galaxy positioned at the “green valley” on the color-
mass diagram (Mutch et al., 2011; Licquia et al., 2015) and obeys the Tully-Fisher relation
(Licquia & Newman, 2016); it shows a low star formation rate (SFR) which is not unusual
when compared to similar galaxies (Fraser-McKelvie et al., 2019); TheMilkyWay appears
to be a kinematically typical spiral galaxy for its intrinsic luminosity (Bland-Hawthorn &
Gerhard, 2016), but unusually compact in its stellar mass (e.g. Licquia et al. 2016); Its
satellite galaxies are fewer in number and more compactly distributed (e.g. Yniguez et al.
2014) compared to other galaxies with similar total stellar mass; In simulations, Mack-
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ereth et al. (2018) found chemical bimodality is rare in the EAGLE simulation, while Buck
(2020) found it to be present due to gas-rich mergers in all simulated MW-like galaxies
from the NIHAO-UHD project.

Over the last decade, integral-field spectroscopy (IFS) instruments have enabled us to ob-
tain integrated-light spectra of galaxies across different regions of the same object. A
number of IFS surveys have already been carried out such as SAMI (Croom et al., 2012),
MaNGA (Bundy et al., 2015), and CALIFA (Sánchez et al., 2012) to measure kinematics
and chemical compositions of hundreds of galaxies. Several studies compared face-on
galaxies in these surveys with the MW: Boardman et al. (2020a) selected 62 Milky Way
analogues (MWAs) from MaNGA with the criteria of stellar masses and bulge-to-total
ratios and found most of them have flatter stellar and gas-phase metallicity gradients due
to different disc scale lengths, and a greater consistency can be found when scaling gra-
dients by these lengths; Zhou et al. (2023) revisited 138 MaNGA galaxies by fitting the
spectra with a semi-analytic chemical evolution model (Zhou et al., 2022) and measured
their star formation and chemical enrichment histories. They detected similar [𝛼/Fe] bi-
modality as the Galactic APOGEE observations (Abdurro’uf et al., 2022) in many of the
galaxies.

Even though face-on MWAs are ideal for measuring parameter variations crossing dif-
ferent Galactocentric radii 𝑅𝑔𝑐, they lack vertical (|𝑧 |) information, which is essential to
distinguish the thin and thick disk. Therefore, edge-on MWAs are more useful in this
case to provide parameter distributions at different 𝑅 and |𝑧 |. Several studies of nearby
edge-onMWAs and lenticular galaxies usingMUSE found similar kinematics and bimodal
distributions to the MW (e.g., Pinna et al. 2019a,b; Scott et al. 2021; Martig et al. 2021).
Particularly, Scott et al. (2021) demonstrated that UGC 10738 has similar [𝛼/Fe]-[Fe/H]
distributions at different projected 𝑅 and |𝑧 | with the MW observation in Hayden et al.
(2015) and model predictions in Sharma et al. (2021b), which supports the commonness
of MW’s chemical distributions.

Despite the efforts above, a direct comparison of MWwith its analogues in kinematics and
chemistry is still challenging because the observables and methods used for studying the
MW are different from those for external galaxies - utilizing properties of individual stars
as opposed to integrated quantities with projection effects. Therefore, the comparisons
are suffering from systematics and biases (Boardman et al., 2020a); In addition, some key
processes such as radial migration and kinematic heating have not been explored on ex-
ternal galaxies, which are also essential to identify the uniqueness of the MW. Therefore,
to take the MW as an ideal laboratory and test galaxy evolution theories, one needs to re-
move these observational and methodological biases, transfer the observables of MW and
external systems into the same definition, and apply models that consider both chemical
enrichment and kinematic processes. These considerations lead to the development of the
tools presented in this work.

In this study, we present a novel code GALCRAFT to generate mock integral-field spec-
trograph (IFS) datacubes of the MW with integrated light using simple stellar population
(SSP) models and mock stellar catalog from E-GALAXIA, which is based on the chemo-
dynamical model of Sharma et al. (2021b) (hereafter S21) that is most consistent to the
current Galactic observations in both kinematics and chemistry. This mock datacube is in
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the same format as extragalactic IFS observations. It can be applied to extragalactic data
analysis pipelines to measure directly comparable parameters in (age, [M/H], [𝛼/Fe],
𝑉LOS, 𝜎, ℎ3, ℎ4). We describe the ingredients used in this code and detailed procedures of
the code in Section 4.2.

4.2 Datacube Generation
The purpose of GALCRAFT is to take the mock stellar catalog of the Galaxy obtained from
E-GALAXIA (Sharma et al. 2023, in prep.), and transform it into a mock datacube in three
dimensions (two in spatial and one in spectral) as observed by corresponding integral-field
spectrographs (IFS) such as MUSE (Bacon et al., 2010), SAMI (Croom et al., 2012) or
MaNGA (Bundy et al., 2015). The GALCRAFT code takes as input the following set of
user-specified input parameters: galaxy distance (𝑑), inclination (𝑖), extinction, SSP tem-
plates, instrumental properties, as well as a few additional parameters (see the full list in
Table 4.1). The produced mock datacube can be processed in the same way as real IFS
observations data by codes like Voronoi binning (Cappellari & Copin, 2003), Penalized
Pixel-Fitting (PPXF, Cappellari & Emsellem 2004; Cappellari 2017), line-strength indices
(e.g., Martín-Navarro et al. 2018), or a combination of them (e.g., The GIST pipeline,
Bittner et al. 2019). The results can be compared directly with those from IFS obser-
vations of MWAs in terms of mass-weighted parameter maps, line-of-sight velocity dis-
tribution (LOSVD), and mass fraction distributions. The ingredients, flexibility, proce-
dures, and computational expenses of this code are described in detail in the following
sub-sections.

4.2.1 The Ingredients
Chemical Evolution Model

We apply the analytical chemodynamical model of theMilkyWay developed by S21which
can predict the joint distribution of position (x), velocity (v), age (𝜏), extinction 𝐸 (𝐵−𝑉),
the photometric magnitude in several bands and chemical abundances ([Fe/H], [𝛼/Fe])
of stars in the Milky Way. Compared with previous models (e.g., Chiappini et al. 1997;
Haywood et al. 2019), this model included a new prescription for the evolution of [𝛼/Fe]
with age and [Fe/H] and a new set of relations describing the velocity dispersion of stars
(Sharma et al., 2021a). Thismodel shows for the first time that it can reproduce the [𝛼/Fe]-
[Fe/H] distribution of APOGEE observed stars (Hayden et al., 2015) at different radius 𝑅
and height |𝑧 | across the Galaxy. In this model, the origin of two [𝛼/Fe] sequences is
due to two key processes: the sharp transition from high-[𝛼/Fe] to low-[𝛼/Fe] at around
10.5 Gyr ago that creates a valley between the two sequences, which is likely due to the
delay between star formation and the occurrence of SN Ia; the radial migration or so-called
churning is responsible for the large spread of the low-[𝛼/Fe] sequence along the [Fe/H]
axis. This model also showed that without churning it is not sufficient to reproduce the
double sequences (see their Fig. 6).

Because this chemical evolution model is purely analytical, it is easy to be inserted into the
forward-modeling tool E-GALAXIA to generate mock stellar catalogs for further analysis.
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In addition, several free parameters such as radial migration and heating efficiency are
adjustable, which will be useful to implement similar analysis on external galaxies.

E-GALAXIA

The ideal way to build the Milky Way datacube is to combine all the stellar and gas-phase
observations in the Galaxy with well-measured parameters such as position (x), velocity
(v), age (𝜏) and chemical abundances. However, this is impractical as the Galaxy has
hundreds of billions of stars being unexplored and the dust in the disk obscures distant
light. An alternative way is to use particle catalogs from N-body/hydrodynamical sim-
ulations (e.g., EAGLE Schaye et al. 2015, FIRE-2 Hopkins et al. 2018), but most of the
simulations only contain ∼ 106 stellar particles, which is not enough to generate integrated
spectra because each spatial bin would only contain less than a hundred particles. This in
turn would increase the sampling noise of the integrated spectrum and make observables
derived from spectra noisy. Even though oversampling can solve this problem, it is still
challenging to find a simulation that is observably identical to the MW in all aspects quan-
titatively, especially the [𝛼/Fe] bimodal trends.

Therefore, the approach we take here is to generate a mock stellar catalog to represent the
MW. We use E-GALAXIA (Sharma et al. 2023, in prep.). This tool is in accordance with
the chemical evolution model of S21 and can create a catalog with the user-defined num-
ber of particles with parameters including position (x, y, z), velocity (vx, vy, vz), age (𝜏),
metallicity ([M/H]) and [𝛼/Fe], where the parameter distributions are chemodynamically
consistent to the MW observations. There are other codes like TRILEGAL (Girardi et al.,
2005), BESANCON (Girardi et al., 2005), and GALAXIA (Sharma et al., 2011) can also
create mock catalogs. Compared to E-GALAXIA, the underlying models of these codes lack
the information of [Fe/H] and [𝛼/Fe], and do not have the processes of radial migration
and kinematic heating. Furthermore, the ability of E-GALAXIA to control the observed
properties by regulating the underlying physical process is important for future analysis
of external galaxies, whose formation history and dynamical processes are expected to be
different from the Milky Way.

Spectral Libraries

To build a mock datacube, one important procedure is to turn particles in E-GALAXIA
into stellar spectra based on their properties, so a spectra library is needed. Because the
integrated light in extragalactic observations is assumed from stellar populations, in GAL-
CRAFT, we treat each particle as a simple stellar population (SSP). The SSP spectrum
describes the spectral energy distribution (SED) of a stellar population with a single age,
metallicity, and chemical abundance patterns. An initial mass function (IMF) is assumed,
and the stellar population is evolved using a given isochrone (Conroy, 2013). GALCRAFT
currently supports MILES (Vazdekis et al., 2010, 2015) and PEGASE-HR (Le Borgne
et al., 2004).

TheMILES SSP library (FWHM = 2.51Å, 3500Å < 𝜆 < 7500Å) is based on themodel of
Vazdekis (1999). It uses Padova 2000 (Girardi et al., 2000) or BaSTI (Pietrinferni et al.,
2004, 2006) isochrones and IMF in Unimodal/Bimodal (Vazdekis et al., 1996), Kroupa
Universal/Revised (Kroupa, 2001) andChabrier (Chabrier, 2003) shapes. For Padova 2000
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isochrones, the template grids cover 7 metallicity bins between (-2.32, 0.22) dex, 50 age
bins between (0.063, 17.78) Gyr and one scaled-solar [𝛼/Fe] bin (Vazdekis et al., 2010).
As for BaSTI isochrones, the template grids cover 12 metallicity bins between (-2.27,
0.40) dex, 53 age bins between (0.03, 14.00) Gyr and two [𝛼/Fe] bins of (0.0, 0.4) dex
(Vazdekis et al., 2015). Since [𝛼/Fe] enhancement is essential in this study, for most of
the cases we will use the 𝛼-variable templates.

The PEGASE-HR library (FWHM = 0.55Å, 3900Å < 𝜆 < 6800Å) is based on the Elodie
3.1 stellar library (Prugniel & Soubiran, 2001; Prugniel et al., 2007). The SSP models are
computed using Padova 1994 (Bertelli et al., 1994) isochrones with a Salpeter (Salpeter,
1955), Kroupa, or top-heavy (Elmegreen & Shadmehri, 2003) IMF. The templates grid
consist of 7metallicity bins between (-2.30, 0.70) dex, 68 age bins between (0.001, 20)Gyr,
and one scaled-solar [𝛼/Fe] bin. In this work, the PEGASE-HR templates are mainly used
to explore the effect of spectral resolution on PPXF fitting. Therefore, it is still useful even
if it lacks variable [𝛼/Fe]. Revised grids interpolated by ULYSS (Koleva et al., 2009)
in the same way as Kacharov et al. (2018) for PEGASE-HR are also available. The new
grids contain 15 steps in metallicity between -2.3 and 0.7 dex and 50 steps in age between
10 Myr and 14 Gyr.

4.2.2 Configurations of GALCRAFT
To meet different research purposes, we set a lot of adjustable parameters in GAL-
CRAFT. Specifically, the adjustable parameters are divided into three groups: GALPARAMS,
SSPPARAMS and INSPARAMS, as listed with descriptions in Table 4.1. The user can set up
their preferred parameters to obtain the expected datacubes. GALPARAMS is for setting the
distance, inclination, and position using coordinates transformation; SSPPARAMS governs
the spectral properties, such as the SSP templates selection, single or variable [𝛼/Fe],
spectral resolution, age, [M/H] and [𝛼/Fe] range and the interpolation method to be used
to assign each particle a spectrum (details in Section 4.2.3). Based on particles’ parame-
ters, there are two options to assign them spectra: one is “nearest”, which will assign the
spectrum of the nearest template grid. The other is “linear”, whichwill assign the spectrum
by piece-wise linear interpolation of templates. The INSPARAMS controls the instrument
spatial sampling, atmospheric effects (PSF), and the number of spatial bins in each co-
ordinate. We also provide an option to derive the datacube in the format of a specified
instrument. Alternatively, the user can also design a hypothetical instrument that does not
exist by manually setting up these parameters, which will be useful for future instrument
designs.

4.2.3 Procedures of Making a Mock Datacube
The procedures of generating mockMW datacubes are described in detail as the following
steps, along with a flowchart in Fig. 4.1:

[i] Use E-GALAXIA to generate a mock stellar catalog of the MW, with particles’ posi-
tion (x), velocity (v), age (𝜏), extinction 𝐸 (𝐵−𝑉), metallicity ([Fe/H]) and [𝛼/Fe],
transfer [Fe/H] to [M/H].
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Table 4.1: Configuration parameters adjustable in the GALCRAFT code.

Parameters Description Unit
GALPARAMS: Observation parameters of the Galaxy

distance Distance of the Galaxy center to the observer kpc
𝜃𝑧𝑥 Angles that the Galaxy rotates along the Y axis in the direction from 𝑧 to 𝑥 deg
𝜃𝑦𝑧 Angles that the Galaxy rotates along the X axis in the direction from 𝑦 to 𝑧 deg
𝑙 Galactic longitude of the center of the Galaxy deg
𝑏 Galactic latitude of the center of the Galaxy deg

SSPPARAMS: Parameters of the SSP templates
model The SSP model to be used for the spectrum (MILES or PEGASE-HR)
isochrone Isochrones used to generate the SSP templates
IMF Initial-mass function used to generate the SSP templates
single−alpha If use single [𝛼/Fe] or 𝛼-variable templates for the spectrum bool
factor Oversampling factor of the templates
FWHM−gal Spectral resolution in FWHM of the output datacube Å
dlam Bin width of the wavelength sampling of the output datacube Å
age−range Optional age range (inclusive) in for the SSP models Gyr
metal−range Optional metallicity range (inclusive) in for the SSP models dex
wave−range Optional wavelength range (inclusive) in for the SSP models Å
spec−interpolator Interpolation method to assign the spectrum to the particle given its (age, metallicity, [𝛼/Fe])

INSPARAMS: Instrument properties
instrument Instrument name, when using this parameter, the other parameters will be automatically setup
spatial−resolution Spatial resolution of the datacube arcsec
spatial−nbin Number of spatial bins in two coordinates, in the format of [𝑛𝑥 , 𝑛𝑦]
FWHM−spatial Full-Width Half-Maximum of the PSF function to model the atmosphere arcsec
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Figure 4.1: A flowchart that demonstrates the workflow of GALCRAFT code in this work. The numbers on some processes correspond to the steps
listed in Section 4.2.3.
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[ii] Load the setup parameters of Table 4.1 provided by the user, as well as a list of
datacubes to be generated with their center coordinates in (𝑙, 𝑏) or (𝑟𝑎, 𝑑𝑒𝑐).

[iii] Apply coordinates transformation based on GALPARAMS parameters to move this
Galaxy to a certain distance and rotate it into a defined inclination.

[iv] Apply the spatial binning based on INSPARAMS, and find the particles included in
each bin, then note the bin number for later use.

[v] Load the SSP templates and make the cutoff based on the (age, [M/H]) ranges in
SSPPARAMS, then oversample it by a factor of SSPPARAMS:factor using spline
interpolation with the order of three. Next, construct the interpolator which will be
used to assign the spectrum in the next step.

[vi] Assign each particle an SSP spectrum based on its (age, [M/H], [𝛼/Fe]) by interpo-
lating the templates with the method defined by SSPPARAMS:spec_interpolator.
And shift the spectrum due to its line-of-sight velocity (𝑉LOS) using the Doppler
equation. Then apply the flux calibration due to the particle’s distance and extinc-
tion.

[vii] Loop over spatial bins to stack all the spectra of particles included and obtain
the integrated spectrum for each bin. In the meantime, generate the mass/light-
fraction distribution of each spatial bin. The spatial bin numbers are given by
INSPARAMS:spatial_nbin.

[viii] Degraded the stacked spectrum to the instrument resolution given by
SSPPARAMS:FWHM_gal using convolution.

[ix] Re-bin the oversampled flux array into the original wave grid or the user-
defined interval and wavelength range, according to SSPPARAMS:dlam and
SSPPARAMS:wave_range.

[x] Apply the atmosphere effects by convolving the spaxel with a point spread func-
tion (PSF), this can be either a Gaussian or Moffat kernel function with the given
INSPARAMS:FWHM_spatial.

[xi] Create the fits file header of flux arrays, then combine all the results as datacubes in
the format of FITS file.

Other than the above procedures, there are a few notes that need to be clarified to the users
as follows:

• The original mock stellar catalog in step (i) should have two coordinate systems,
Cartesian coordinates (𝑥, 𝑦, 𝑧) and Galactic coordinates (𝑙, 𝑏), where (𝑙, 𝑏) are over-
lapped with (𝑦, 𝑧), respectively. Therefore, by adjusting (𝜃𝑧𝑥 , 𝜃𝑦𝑧), users can change
the inclination of the Galaxy at any angle. This is convenient when compared with
real observations.

• The oversampling in step (v) has two purposes: one is to ensure the validity of
degrading - when degrading the SSP templates from the original spectral resolution
to instrumental resolution (e.g., from MILES to MUSE), the 𝜎 of the Gaussian
kernel to be convolved with the templates will be smaller than wavelength interval
Δ𝜆 without oversampling. In this case, the kernel function will be invalid and the
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Figure 4.2: Comparison of the mock integrated spectrum generated by using the non-
oversampled (in red and light-red) and the oversampled (in blue and light-blue) MILES
templates. The light-color lines are spectra convolved by a Gaussian kernel with given
(𝜇, 𝜎), which is the way of PPXF measuring kinematics. The dark-color lines are spectra
stacked by 2000 shifted spectrum with different line-of-sight velocities which follow a
Gaussian distribution with the same (𝜇, 𝜎), which is the manner of GALCRAFT. The bot-
tom panel shows residuals of convolved and stacked spectra. By calculating the residuals
of these two lines (shown in the residual panel), we find that oversampling can reduce the
deviation between the convolved and stacked spectrum significantly by a factor of ∼ 25.
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degraded spectrum is still in the original resolution. Another reason is to minimize
the sampling error when stacking the spectrumwith different line-of-sight velocities.
Fig. 4.2 shows an example mock integrated spectrum generated by using the non-
oversampled (in red and light-red) and oversampled (in blue and light-blue) MILES
SSP templates. The light-color lines are the spectra convolved with a Gaussian
kernel by the given mean velocity and dispersion (𝜇, 𝜎), which is the manner of
PPXF during the kinematics measurements. The dark-color lines are stacked from
2000 spectra shifted by Gaussian distributed line-of-sight velocities using the same
(𝜇, 𝜎), which is the manner of GALCRAFT. By calculating the residuals of these
two lines (shown in the residual panel), we find that oversampling can reduce the
deviation between the convolved and stacked spectrum significantly by a factor of
∼ 25.

• This package can select a portion of particles within the field of view (FoV) of the
user-defined instrument to generate the datacube, rather than take a whole catalog
into account. This helps to reduce computational expenses. Besides, users can also
give a list of cube center coordinates in (𝑙, 𝑏) or (𝑟𝑎, 𝑑𝑒𝑐), this package can auto-
matically generate all these cubes in one execution;

• Other than the datacube FITS file, this package also generates some by-products
(optional), such as the array of mass/light-fraction and the number of particles of
each spatial bin, the mass/light-weighted [M/H], [𝛼/Fe], age and LOSVD distri-
bution map in the Galactic coordinates, which are the expected answers that PPXF
should provide from spectrum fitting, and the mock stellar catalogs of all the parti-
cles used to generate each datacube. These by-products are useful for the validation
and comparison of measured results with true values in Section 5.1.

4.2.4 Estimate the Sampling Error
Compared to the real galaxy catalogs of the Milky Way (e.g. Gaia), one shortcoming
of the E-GALAXIA mock stellar catalog is the finite number of particles. Although there
are 10 ∼ 100 times more particles (108) in the mock stellar catalog compared to MWAs
in N-body/hydrodynamical simulations, it is inevitable that some spatial bins contain too
few particles for robust measurements of their properties. Even for those spatial bins with
more than ∼ 104 particles, there is still noise in the parameter distributions compared with
the predictions by the chemical evolution model of S21. This under-sampling introduces
errors into the integrated spectrum, which we call “sampling error”. One way to reduce
the sampling error is to generate more particles in the mock stellar catalog. However, this
will increase the computational expenses and the use of memory, and exceed most of the
high-performance computers’ limitations (∼ 22 GB for a catalog with 108 particles, see
details in Section 4.2.5).

Therefore, one has to ensure that the sampling error should be smaller than the Gaussian
error which is added to the flux to mimic the real observation. In this way, it is safe to apply
the data reduction pipeline on thismock datacube and allow PPXF to derivemathematically
reasonable results.

To estimate the sampling error, the GALCRAFT code provides an option to apply boot-
strapping methods. First, it randomly re-selects particles from the original mock stellar
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Figure 4.3: The sampling signal-to-noise ratio (SNR) of an integrated spectrum as a
function of the number of particles of a spatial bin. The shaded region is the standard
deviation of sampling SNRs for spaxels in the same number of particle bin. This is cal-
culated by using original and bootstrapped mock datacubes later in Section 5.1.1. This
figure provides an estimation of spectral sampling noise due to the limited number of
particles.
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catalog with the same particle number 20 times and obtains 20 bootstrapped catalogs.
Then, GALCRAFT uses these catalogs to generate 20 bootstrapped datacubes. Next, the
20 bootstrapped fluxes for each spaxel are used to calculate the standard deviation which
represents the sampling flux error of this spaxel. This sampling flux error will be set as
the lower limit of the acceptable Gaussian noise when mimicking the real observation.
Fig. 4.3 illustrates how the sampling error varies as a function of the number of particles
in a given spatial bin. The shaded region is the standard deviation of sampling SNRs for
spaxels in the same number of particle bin. We obtain this figure by using the original and
bootstrapped mock datacubes later in Section 5.1.1. It can be seen that a spatial bin with
∼ 103 particles can generate a spectrum with sampling SNR ∼ 20 pix−1, and a spatial bin
with ∼ 104 particles can generate a spectrum with sampling SNR ∼ 45 pix−1.

4.2.5 Computational Expenses and Multiprocessing Strategy
The execution time of GALCRAFT to generate mock datacubes depends mostly on the num-
ber of particles included in the instrument FoV and the spectral interpolation method. In
general, the execution time is proportional to the number of particles used, and the “near-
est” interpolation is three times faster than the “linear” interpolation. In this code, we
apply python-multiprocessing techniques to speed up the computing. For a typical
MUSE FoV containing 6 × 106 particles, the execution time spent with a 24-core CPU
(2.50GHz) is ∼ 1 hour. Based on this, the users can roughly estimate the execution time
they will spend. If taking into account the 20 bootstrapped cubes, we need to run the
code 20 more times. Therefore, it is highly recommended to run it on high-performance
computers (HPC) or a Cluster where these 21 jobs can be executed simultaneously.
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In this chapter, we test the recovery ability of broadly used spectral fitting code PPXF
on kinematics and stellar population properties for an edge-on mock MW cube. In Sec-
tion 5.1, we test the ability of spectral fitting tools to recover kinematics, stellar population
parameters, and mass fraction distributions by applying it to a mock edge-on datacube and
compare to the true values from E-GALAXIA catalog. In Section 5.2, we discuss the causes
of deviations between measured and true values and address potential reasons and future
improvements on current data reduction pipelines to obtain better results. We also explore
the effect of different fitting strategies and give some caveats of using GALCRAFT code. In
Section 5.3, we talk about future improvements of this code along with SSP models and
methods for measuring parameters and other scientific studies that we can do. We con-
firm that PPXF can identify the thin and thick disk structures using both kinematics and
mass-weighted properties. However, PPXF struggles to recover the star formation history
overestimating in the time intervals between 2−4 Gyr and 12−14 Gyr compared to the ex-
pected values, which is due to the regularization strategy and the spacing of template grids.
Furthermore, we find systematic offsets in kinematics recovery potentially due to deficient
spectral resolution and the variation of 𝑉LOS with [M/H] and age through a line-of-sight.
These systematics can affect the further process of dynamical modeling and interpretations
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of galaxy assembly histories. A summary is presented in Section 5.4.

5.1 Data Preparation and Parameter Measurements
In this section, we test the property recovery ability of PPXF by applying it on GALCRAFT
generated mock MUSE cubes to measure kinematics (𝑉LOS, 𝜎, ℎ3, ℎ4), stellar popula-
tion parameters (age, [M/H], [𝛼/Fe]) and mass fraction distributions of different com-
ponents in the same way as extragalactic observation data analysis. Then we compare the
results with the input true values (calculated using particles’ parameters). On the one hand,
this test helps to investigate the consistency of parameters measured via broadly applied
pipelines in other studies (e.g. Pinna et al. 2019a,b; Scott et al. 2021; Martig et al. 2021),
which was not possible previously as the true values of external galaxies are unknown. On
the other hand, it also helps to recognize the limitation of studying some of the galaxy evo-
lution processes using current methods and provides direction for potential improvements
in the future.

5.1.1 Mock Cube Generation for MUSE Instrument
We generate a mock MUSE observation by GALCRAFT, using the E-GALAXIA catalog that
contains 108 particles and assumes a distance of 26.5 Mpc and inclination of 86◦. The
selected distance and inclination are the same as the projection of the galaxy NGC 5746,
which was observed by MUSE and has comprehensive analysis in Martig et al. (2021)
(hereafter M21). We use MILES 𝛼-variable SSP templates (Vazdekis et al., 2015) with
the BaSTI stellar isochrones (Pietrinferni et al., 2004) and Kroupa Universal IMF (Kroupa,
2001). The templates have 53 bins in age, 12 bins in [M/H] and 2 bins in [𝛼/Fe] and we
apply a “linear” interpolation to assign each particle a spectrum based on its age, [M/H]
and [𝛼/Fe]. Following procedures in Section 4.2.3, we generate two mock cubes focusing
on the central (𝑁𝑝 = 61575676) and the disk (𝑁𝑝 = 7379847), respectively, as shown in
Fig. 5.1. This observation strategy is also the same as M21. No extinction is applied for
these cubes. The spectra are degraded to MUSE resolution (FWHM ∼ 2.65Å). The total
execution time spent by GALCRAFT on a 24-core CPU for these two cubes is ∼ 20 hours.
We also generate 2×20 bootstrapped cubes and use 16% and 84% percentiles to calculate
the sampling error of each spaxel.

Next, we derive the flux error of the mock MUSE cubes. The flux error depends on many
aspects but can be classified into two main categories: the observation conditions (seeing,
air-mass, exposure time, etc.) and the instrumental properties (telescope aperture, system
efficiency, dark current, read-out noise, etc). For simplicity, we ignore the sky conditions,
dark current and read-out noise which only contribute a few percent to total received pho-
tons, and assume the MUSE SNR and received photons are defined by

SNR =
𝑓

𝑒 𝑓
=
√
𝑁,

𝑁 = 𝑎 𝑓 𝑡,
(5.1)

where 𝑓 is the flux of the target; 𝑒 𝑓 is the flux error; 𝑁 is the received number of photons; 𝑡
is the exposure time; 𝑎 is an overall reaction of sky transmission, efficiency and telescope
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Figure 5.1: Demonstration of two mock datacube positions (in purple) relative to the
number distribution of particles in E-GALAXIA mock stellar catalog. The model was set
with a distance 26.5 Mpc and inclination 86◦. This observation strategy is the same as
the MUSE observation on NGC 5746 by Martig et al. 2021.

aperture. Therefore, 𝑎 should be only dependent on wavelength for the same instrument.
By substituting the above equations, the parameter 𝑎 can be calculated using 𝑓 , 𝑒 𝑓 and 𝑡
from an observation by

𝑎 =
𝑓

𝑒2
𝑓 𝑡
. (5.2)

In this work, we take all the bulge and disk observations of NGC 5746 from M21 and
fit equation 5.2 as a function of wavelength (𝜆) using a 4-degree polynomial, which is
described by

𝑎(𝜆) = 4.34274826−18𝜆4 − 1.43263443−13𝜆3 + 1.61141240−9𝜆2

− 7.29164505−6𝜆 + 1.17213217−2,
(5.3)

where 𝑎(𝜆) is in the unit of 1/10−20 erg cm−2 Å−1. Next, we set the bulge and disk mock
cubes to have an exposure time of 2323.06 s and 8357.68 s, respectively, same as MUSE
observations ofM21, and use the equation 𝑎(𝜆) to estimate the flux error 𝑒 𝑓 of each spaxel.
We find that for all spaxels with particle numbers greater than 200, 𝑒 𝑓 is on average larger
than the sampling error by a factor of 1.47, by taking the median of 𝑒 𝑓 along all wave-
lengths. Therefore, we multiply 𝑒 𝑓 by this factor and this is equivalent to the bulge and
disk datacube having the exposure time of 1161.53 s and 4178.84 s, respectively. Next,
we use this error to add Gaussian noise to all the spaxels. Finally, the two mock cubes are
stitched together.

5.1.2 Extracting Galaxy Properties
We apply the GIST pipeline (Bittner et al., 2019) on the stitched mock cube to measure
the kinematics and stellar population parameters. The GIST pipeline combines all the
tools needed to process the data and the user can obtain final results in a single execution.
Here we use a modified version to implement some functionalities that the current public
version (v3.0.0) does not have but are needed in this work. A detailed list of modifications
is given in Appendix B.
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Figure 5.2: A spectral fit example of a Voronoi bin by PPXF in Section 5.1.2. The
“observed” spectrum is in black while the best-fit spectrum is in red. Residuals are in
green. The fitting area is within the gray lines on both sides.

We run the GIST pipeline in the following steps: First, we apply the Voronoi tessellation
software (Cappellari & Copin, 2003) to spatially re-bin the mock cube and increase the
SNR to 80 pix−1, which results in 1080 Voronoi bins. Next, we apply the full-spectrum
fitting method PPXF (Cappellari, 2017) to measure the stellar kinematics of each Voronoi
bin. Here we use the same MILES 𝛼-variable templates (Vazdekis et al., 2015) as when
we generated the mock cubes and degraded them to the same MUSE spectral resolution.
Since there is no emission line or atmosphere effect, we use a wide wavelength range of
(4700, 6800)Å to fit with the Voronoi binned spectra and remove the first and last 75Å
because these two edges are impacted by procedures such as spectral oversampling, rebin-
ning and Doppler shifting, etc. During the fitting, theMILES templates are convolved with
a line-of-sight velocity distribution (LOSVD) described by a Gauss-Hermite function to
match the Voronoi binned spectrum. We parameterize the LOSVD using four moments,
which are mean line-of-sight velocity 𝑉LOS, line-of-sight velocity dispersion 𝜎, and the
third- and fourth-order moments ℎ3, ℎ4. No regularization is applied in this process, and
we include a fourth-order additive Legendre polynomial.

After measuring kinematics, we employ PPXF again to obtain the stellar population pa-
rameters for each Voronoi bin. We choose the same templates, spectral resolution, and
fitting wavelength range as the previous step. Each template is normalized to one solar
mass (M�). We use the LOSVDs (𝑉LOS, 𝜎, ℎ3, ℎ4) measured in the last step as input, and
fix them during the fitting to obtain the weight of each template. The best-fit spectrum
is the weighted sum of all the templates. We first set no regularization during the fitting
to obtain the initial 𝜒2, and find the maximum regularization parameter 𝑅𝑚𝑎𝑥 allowed by
increasing 𝑅 until the 𝜒2 is increased by Δ𝜒2 =

√
2𝑁 to obtain the smoothest solution

that is still compatible with the data within 1𝜎 level following McDermid et al. (2015),
where 𝑁 is the number of wavelength pixels considered for the fit. Next, we choose 𝑅 = 5
which is between 0 and 𝑅𝑚𝑎𝑥 (50 ∼ 150) to keep smooth solutions while still allowing
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for a variation on short timescales of the star formation, which will disappear if 𝑅 is too
large (see similar discussions in Pinna et al. 2019a and M21). Fig. 5.2 is an example of
the fitting results for the spectrum of one Voronoi bin. Finally, using the weights, we can
calculate the mass-weighted age, [M/H], [𝛼/Fe], and mass fraction distributions.

In addition, we also apply the LS module in the GIST pipeline to compute line-strength
indices of each Voronoi bin spectrum in the LIS system (Vazdekis et al., 2010) choosing
the definitions provided at a spectral resolution of 8.4 Å. This routine was presented by
Kuntschner et al. (2006) and Martín-Navarro et al. (2018). Next, given the relationship
between templates’ properties (age, [M/H], [𝛼/Fe]) and line strengths, the measured line
strengths can be matched to SSP-equivalent parameters by using the MCMC implemen-
tation from the package emcee (Foreman-Mackey et al., 2013). In this work, we follow
M21 and use H𝛽o as an age indicator and Fe5015, Fe5270 and Fe5335, and Mg𝑏 to trace
metallicity and [𝛼/Fe]. The Monte-Carlo simulation is run for 15 times and each one uses
100 walkers and 1000 iterations to obtain uncertainties.

After measuring all the parameters, in the next sub-sections, we compare the kinematics,
mass-weighted stellar population parameters, and mass fraction distributions of the mock
cube with the true values to verify the recovery ability of PPXF.

5.1.3 Kinematic Maps
Fig. 5.3 shows the kinematics maps in four moments (𝑉LOS, 𝜎, ℎ3, ℎ4) of the mock MUSE
cubes. The scale of the color bar is given in the second row of the upper left corner of
each panel. We calculate the true values in the first row. First, for each Voronoi bin, we
calculate the total flux of each particle in the PPXF fitted wavelength region. Then we
plot flux-weighted 𝑉LOS histogram distribution using all the particles included in this bin.
Next, we fit this histogramwith a Gauss-Hermite function and obtain four best-fit moments
(𝑉LOS, 𝜎, ℎ3, ℎ4). This method is consistent to the definition of light-weighted kinematics
which PPXF is expected to recover during the fitting process. The middle row is the results
from PPXF and the bottom rows are residuals of the PPXF results and the true values.

In this figure, the kinematic moments obtained by PPXF have the same trend compared
to the true values. Both show two kinematically distinct components: one is aligned to
𝑦 ∼ 0 and the thickness increases with 𝑥, which has larger absolute 𝑉LOS and ℎ3, and
smaller 𝜎; the other has positive and negative 𝑦 which is in a similar projected radius but
vertically higher and has smaller absolute 𝑉LOS and ℎ3, and larger 𝜎. An anti-correlation
of ℎ3 with 𝑉LOS which are usually associated with disk-like components (e.g. Krajnović
et al. 2008; Guérou et al. 2016; van de Sande et al. 2017) is clearly seen and are similar to
MUSE edge-on galaxies studies of Pinna et al. (2019a,b) and M21. In Section 5.1.6, we
will define these two components as thin and thick disk.

However, in the residual panels, all these four moments are showing systematic offsets.
Compared to the true values, 𝑉LOS from PPXF is around 17 km s−1 lower above and below
the very thin mid-plane (𝑦 ∼ 0) and shows an overestimation around 𝑥 ∼ [10, 30] arcsec.
And it becomes higher when going much above the disk (𝑦 > 18 arcsec); Around the
galaxy center, the residual of 𝑉LOS also shows a continuous decrease from negative to
positive 𝑥; 𝜎 is overestimated in the inner galaxy region but underestimated in the outer
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Figure 5.3: Stellar kinematic maps (𝑉LOS, 𝜎, ℎ3, ℎ4) of the mock MUSE cube generated in Section 5.1.1. The scale of the color bar is given
in the second row of the upper left corner for each panel. Top row: True values calculated by fitting a Gauss-Hermite function with particles’
velocity distribution weighted by their total flux in PPXF fitted wavelength region for each Voronoi bin. Middle row: Results from PPXF. Bottom
row: Residuals of the PPXF results and the true values for each moment. The residual panels indicate results from PPXF have systematic offsets
compared to true values.
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region; ℎ3 is overestimated in regions of 𝑥 ∼ [20, 60] arcsec and 𝑦 ∼ [10, 25] arcsec and
underestimated in the outer region of 𝑥 ∼ [60, 110] arcsec; ℎ4 from PPXF has no clear
signature of discrete components like 𝜎 and ℎ3 maps, which is also seen in real galaxies
results (e.g., Pinna et al. 2019a,b and M21), but the true ℎ4 map does show kinematically
discrete components. The clear structures in these residual panels indicate that it is not
because of the fitting uncertainties. We will discuss this issue in detail and provide our
solutions in Section 5.2.1.

5.1.4 Mass-weighted Stellar Population Parameter Maps
Fig. 5.4 shows the mass-weighted age, [M/H] and [𝛼/Fe] maps of the mockMUSE cubes.
The first row is the true values by calculating the particles’ median age, [M/H] and [𝛼/Fe]
for each Voronoi bin, which are equivalent to mass-weighted values since each particle is
weighted as 1 M�. The second row is the results from PPXF with regularization 𝑅 = 5.
The third row is the results from PPXF with 𝑅 = 𝑅𝑚𝑎𝑥 . The last row shows the residuals
of the PPXF results with 𝑅 = 5 and the true values. The overall distributions of these
three parameters obtained by PPXF are very close to the true values. This confirms the
reliability of using PPXF to measure galaxy chemical information. Especially, the [𝛼/Fe]
map from PPXF with 𝑅 = 5 indicates the capability of PPXF to identify [𝛼/Fe]-rich and
[𝛼/Fe]-poor populations in the thick and thin disk, respectively, even though only two bins
are available. The residuals of [𝛼/Fe] from PPXF with 𝑅 = 5 and the true values are flat
and no systematic pattern is found.

However, minor offsets appear in age and [M/H] residual panels: age from PPXF is over-
estimated in the outer regions while [M/H] is overestimated in the inner center regions.
This means the age gradient from PPXF is underestimated but the [M/H] gradient is over-
estimated. In addition, the [𝛼/Fe] distribution from PPXF results with 𝑅 = 𝑅𝑚𝑎𝑥 is almost
uniformly high and much larger than the true values for all the Voronoi bins. This is be-
cause when 𝑅 is very large (∼ 100), the PPXF algorithm forces the result to have very
smooth template weights in three parameter dimensions (age, [M/H], [𝛼/Fe]). Since
there are only two [𝛼/Fe] grids, regularization will force them to have similar weights
to achieve smoothness and does not permit large deviations (e.g., more than 0.1 dex).
Therefore, it will be challenging to identify [𝛼/Fe] bimodality. Results from PPXF with
𝑅 = 𝑅𝑚𝑎𝑥 also show much underestimation for age gradients than results with 𝑅 = 5. The
age and [M/H] gradients are essential properties to help understand the star formation and
chemical enrichment processes. A wrong choice of regularization will then easily lead to
wrong conclusions. We will explore these offsets in more detail in Section 5.1.6 using
mass fraction distributions and the effect of regularization in Section 5.2.3.

5.1.5 SSP-equivalent Maps from Line-Strength Indices
Fig. 5.5 shows the SSP-equivalent age, [M/H] and [𝛼/Fe] maps of the mockMUSE cubes
measured by line-strength indices. This figure shows that the main structures we derived
from PPXF are also recovered by the line-strength analysis with consistent trends. In the
age panel, young populations are in the thin disk, and relatively old populations are in
the thick disk and above the bulge. In the [M/H] panel, we see the metallicity gradient
from the inner center to the outer Galaxy. In the [𝛼/Fe] panel, we see the 𝛼-rich bins in



107

−10

0

10

20

30

40

50

y
[a

rc
se

c]

[2.00, 14.00]
Age [Gyr] True

[– 0.50, 0.18]
[M/H]

[0.00, 0.20]
[α/Fe]

−10

0

10

20

30

40

50

y
[a

rc
se

c]

[2.00, 14.00]
Age [Gyr] PPXF(R=5)

[– 0.50, 0.18]
[M/H]

[0.00, 0.20]
[α/Fe]

−10

0

10

20

30

40

50

y
[a

rc
se

c]

[2.00, 14.00]
Age [Gyr] PPXF(RMAX)

[– 0.50, 0.18]
[M/H]

[0.00, 0.20]
[α/Fe]

0 20 40 60 80 100

x [arcsec]

−10

0

10

20

30

40

50

y
[a

rc
se

c]

[– 4.00, 4.00]
Age [Gyr] PPXF(R=5)-True

0 20 40 60 80 100

x [arcsec]

[– 0.20, 0.20]
[M/H]

0 20 40 60 80 100

x [arcsec]

[– 0.15, 0.15]
[α/Fe]

Figure 5.4: Stellar population maps (age, [M/H] and [𝛼/Fe]) of the mock MUSE cube
generated in Section 5.1.1. The scale of the color bar is given in the second row of the
upper left corner for each panel. First row: True values calculated by the mass-weighted
average of particles’ age, [M/H] and [𝛼/Fe] for each Voronoi bin. Second row: Results
from PPXF via full-spectrum fitting with regularization 𝑅 = 5. Third row: Results
from PPXF with 𝑅 = 𝑅𝑚𝑎𝑥 , calculated using strategies of McDermid et al. 2015. Last
row: Residuals of PPXF results with 𝑅 = 5 and the true values. This figure indicates that
PPXF results with proper regularization can identify different galaxy components by their
stellar population parameters, which are consistent with true values. Applying 𝑅 = 𝑅𝑚𝑎𝑥
during the fitting can smooth the distribution and make different [𝛼/Fe] components
indistinguishable. According to residuals, stellar age in the outer region and [M/H] in
the center region are overestimated.
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Figure 5.5: SSP-equivalent age, [M/H] and [𝛼/Fe] maps of the mock MUSE cube generated in Section 5.1.1. The parameters are measured by
line-strength indices. The scale of the color bar is given in the second row of upper left corner for each panel. These maps are qualitatively similar
to the ones obtained from PPXF (Fig. 5.4) and different galaxy components can also be identified. But the parameter ranges differ from PPXF
results and the true values.
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Figure 5.6: Demonstration of the projected thin disk (blue), thick disk (red), upper central
(purple), and inner central (orange) regions on top of a grey-scale image of the mock
datacube generated in Section 5.1.1. These regions will be used to study the mass fraction
distribution of different galaxy components later.

the center and 𝛼-poor bins in the outer region. The main difference compared with PPXF
results is that the age panel shows a very low range of [1 ∼ 2.5] Gyr. This is also seen in
M21 (Fig. B1) and because of the Balmer line indices being dominated by young stars.
Therefore, the SSP-equivalent ages only reflect the fraction of stars formed within the past
Gyr (Serra & Trager, 2007; Trager & Somerville, 2009). The SSP-equivalent [M/H] and
[𝛼/Fe] range are much closer compared to PPXF results because young populations do not
contribute much to the metal lines, which is also indicated in M21. This figure confirms
that both line-strength indices and PPXF analysis can identify 𝛼-rich (thick disk) and 𝛼-
poor (thin disk) populations.

5.1.6 Mass Fraction Distributions of Different Galaxy Compo-
nents

In addition to calculating the mass-weighted parameters, we can also study the mass frac-
tion distribution of stellar populations along the age and [M/H] space. This is done by
using weights of templates from PPXF. Since the templates are weighted by 1 M�, the
weights represent the stellar population masses. Therefore, we can study the mass distri-
bution of any component of the Galaxy. M21 employed multiple components fitting to
a Spitzer 3.6 micron image to obtain the boxy/peanut bulge, nuclear disk, and thin/thick
disk regions. In Fig. 5.6, we artificially select similar regions based on the location of
different components of M21, and name them “upper central”, “inner central”, “thin disk”
and “thick disk”, as shown in different colors. We call them “upper central” and “inner
central” because we do not have a boxy/peanut bulge and nuclear disk in the chemical
evolution model of S21. For each component, the mass weights of all the Voronoi bins are
combined together to represent its mass fraction distribution.
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Figure 5.7: Mass fraction distributions of the thin disk, thick disk, inner central, and
upper central of the mock datacube generated in Section 5.1.1. Mass fraction weights
are normalized to one for each panel. Left-hand column: Results from PPXF with 𝑅 =
5. Right-hand column: True values calculated using particles’ properties in mock E-
GALAXIA catalog. The color bar is shown on the top. We only plot the weights above
0.001 Gyr−1dex−1. This figure indicates results from PPXF are qualitatively consistent
with the true values. However, there is an overdensity in 2 ∼ 4 Gyr and populations
around 12 Gyr are smoothed towards older, more metal-rich regions, which are not seen
in the true values.
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Figure 5.8: Age (top row) and [M/H] (bottom row) distributions of the thin disk, thick disk, inner central, and upper central of the mock
datacube generated in Section 5.1.1. These panels are obtained by integrating the mass fraction distributions in Fig. 5.7 along [M/H] and age
axis, respectively. Red lines are results from PPXF with 𝑅 = 5. Black lines are the true values calculated using particles’ properties in the mock
E-GALAXIA catalog. The correlation coefficient of these two lines is texted in the left top corner. Especially, the correlation of age distributions
is calculated after evenly re-binning the age grid into linear space. The overall trends from PPXF are consistent with the true values for [M/H].
However, same as Fig. 5.7, the mass fraction is overestimated in 2 ∼ 4 Gyr and 12 ∼ 14 Gyr and underestimated in 5 ∼ 12 Gyr for all the
components, and the coefficients indicate inconsistency for age distributions. We also find peaky features in regions less than 1 Gyr. The mass
weights of the most metal-rich bin are overestimated for all the components.
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Fig. 5.7 shows the mass fraction distributions of these four components, respectively. The
weights are normalized to one for each panel. The left column is the results from PPXF
with 𝑅 = 5, and the right column shows the true values calculated using particles’ proper-
ties in the mock stellar catalog. We only plot the weights above 0.001 Gyr−1dex−1. For the
thin disk, true values indicate a rapid metallicity enrichment history ∼ 10 Gyr ago, and it
slowly increases later on. While from PPXF results, mass fraction weights are dominated
by two regions, which are relatively young (2 ∼ 4 Gyr) and old (12 ∼ 14 Gyr) stellar
populations and the metallicity enrichment trend is indistinguishable. The same features
are also seen in other Galaxy components. For the overdensity region of 2 ∼ 4 Gyr, we
think this is due to the decrease in templates age bin size from old to young population.
For the region of 12 ∼ 14 Gyr, we think this is because at the level of SNR ∼ 80 pix−1,
the differences between old and metal-rich templates are smaller than the Gaussian noise
added on the spectra, causing the degeneracy in this parameter region. More details will
be discussed in Section 5.2.2. For the thick disk, true values also show the metallicity en-
richment trend, but the populations born less than 1 Gyr are more metal-poor than the thin
disk; The upper central shows a similar trend with the thick disk but is more dominated in
the old populations, but this domination is smoothed out in the PPXF results; For the inner
central, true values are showing a clearer chemical enrichment trend and there is no new
population born with [M/H] < −0.2 dex in the young region, while the PPXF results show
again two dominated regions, one at ∼ 2 Gyr and the other at 12 ∼ 14 Gyr. Therefore,
except for the overestimation in the young and old regions, the mass fraction distributions
of PPXF are generally in agreement with true values.

In Fig. 5.8, we integrate the mass fraction distributions in Fig. 5.7 along the two axes
and derive age and [M/H] distributions for each component. The top panels are mass
distributions as a function of age which is the definition of star formation history or star
formation rate, and the bottom panels are as a function of [M/H]. Results from PPXF are in
red lines and the true values are in black lines. For each panel, we calculate the correlation
between these two lines to quantify their similarity. Particularly, for age distributions (top
row), we first re-bin the age in an evenly spaced grid in linear space and then calculate the
correlations. This is to avoid bias caused by the uneven distribution of the original age grid.
For the age distributions, same as Fig. 5.7, compared to the true values, PPXF results of all
the components demonstrate an overestimation of weights in the ranges of 2 ∼ 4 Gyr and
12 ∼ 14 Gyr and underestimation in the range of 4 ∼ 11 Gyr. The underestimated regions
seem just to compensate the overestimated regions. And the thin disk, inner central, and
global panels show a peaky feature with age < 1 Gyr. For the [M/H] distributions, PPXF
results are consistent with true values for most regions, as indicated by the correlation
coefficients. However, weights in the metal-rich region are overestimated by PPXF. Other
than that, the overall trend of results from PPXF is consistent with true values.

Therefore, we can confirm PPXF can recover similar trends of 2-D mass fraction distribu-
tions for different components, but when integrating to 1-D age distributions, PPXF results
and the true values are different, and the weights are overestimated in the age of 2 ∼ 4 Gyr
and 12 ∼ 14 Gyr, and the most metal-rich regions. According to correlation coefficients,
[M/H] distributions are more consistent with the true values than age distributions. We
will discuss this effect in detail in Section 5.2.2.
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Figure 5.9: [M/H] distributions for different [𝛼/Fe] components distributed along projected 𝑅 and |𝑧 | of themock cube generated in Section 5.1.1.
For each panel, the total mass fractions of true (dotted lines) and PPXF (solid lines) are normalized to 1, respectively. Blue lines represent mass
fraction distributions for [𝛼/Fe] = 0.0 dex while red lines represent the component with [𝛼/Fe] = 0.4 dex. Solid lines represent the results from
PPXF and dotted lines are the true values. This figure is similar to the [𝛼/Fe]-[Fe/H] distributions in Hayden et al. 2015 and Scott et al. 2021. The
correlation coefficient of the dotted and solid lines are texted in the same color in the left bottom panel. For most of the panels, PPXF results are
consistent with the true values. The discrepancy happens on the inner central and thin disk, where both lines show a mass fraction underestimation
at [M/H] ∼ 0.0 dex and overestimation at the most metal-rich regions.
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5.1.7 Distributions of [𝛼/Fe]-[M/H] along Different Galaxy Loca-
tions (𝑅, 𝑧)

According to S21, different radial migration and kinematic rates will cause different frac-
tions of stars in the distinct [𝛼/Fe]-rich and [𝛼/Fe]-poor sequences. A recent study by
Scott et al. (2021) derived this distribution from an external galaxy UGC 10738 using
MILES 𝛼-variable templates (Vazdekis et al., 2015) and concluded it has similar bimodal-
ity distributions to the MW. Since we know the true values from the mock stellar cata-
log particles, here we explore the recovery ability of PPXF on measuring the changes of
this bimodality at different projected 𝑅 and |𝑧 |. Different from Scott et al. (2021) where
they compared integrated values of UGC 10738 with individual values of the MW, our
integrated-to-integrated value comparison is more direct and there is no systematic bias
due to different methodologies.

The results are shown in Fig. 5.9 where we separate different locations in the same way
as Hayden et al. (2015). For each panel, the total mass fraction given by true (dotted
lines) and PPXF (solid lines) is normalized to 1, respectively. Blue lines are mass fraction
distributions for [𝛼/Fe] = 0.0 dex while red lines represent [𝛼/Fe] = 0.4 dex. The
overall trends for [𝛼/Fe]-rich and [𝛼/Fe]-poor sequences from PPXF are consistent with
the true values for most of the panels, which indicates both sequences are well recovered
by PPXF, as also shown by correlation coefficients. However, the discrepancy happens in
some regions such as the inner central and thin disk, where both the blue and red lines show
a mass fraction underestimation at [M/H] ∼ 0.0 dex and overestimation at the most metal-
rich regions. The latter issue is also seen in Fig. 5.8 and mentioned by Scott et al. (2021),
where they think this is due to the lack of intermediate [𝛼/Fe] templates. However, we do
not see the tail at the most metal-rich regions in the true values for both [𝛼/Fe] sequences,
indicating it is more likely due to the degeneracy of metal-rich populations whose spectra
are very similar that PPXF will obtain more uncertain results. But we also emphasize that
more [𝛼/Fe] bins in the templates are also necessary to obtain detailed distributions of this
bimodality and make it more feasible to identify the effect of different radial migration and
kinematic heating efficiency on the relative fractions of these two sequences.

5.2 Discussion
5.2.1 Systematic Offsets in the Kinematics Recovery
In Fig. 5.3, we show the deviations between the kinematicsmap from PPXF and true values.
To better illustrate the offsets of each moment, we plot their residuals as a function of true
velocity dispersion 𝜎true in Fig. 5.10, in which the y-axis value is calculated by PPXF fitted
value subtracting true value. Each data point represents one Voronoi bin. The blue dotted
lines represent the instrumental dispersion (𝜎inst) in MUSE spectral resolution. We also
plot the red zero-line in red to guide the eyes. The first row demonstrates the results in
Fig. 5.3, and it clearly shows the systematic offsets for each moment: Δ𝑉LOS increase with
𝜎true, and 𝜎 is overestimated for most of the Voronoi bins; as for ℎ3 and ℎ4, the residuals
have a slight positive slope with 𝜎true.

From Fig. 5.3, we find that there are several Voronoi bins having both large ℎ3 and ℎ4
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Figure 5.10: Stellar kinematics recovery of four Gauss-Hermite moments Δ(𝑉LOS, 𝜎,
ℎ3, ℎ4) as a function of true velocity dispersion. Each data point represents a Voronoi
bin. The red line represents zero to guide the eyes. The vertical dashed line indicates the
instrumental dispersion 𝜎inst. First row: Results from PPXF using MILES templates in
MUSE spectral resolution (𝜎inst ∼ 62 km s−1), same as the residual panels in Fig. 5.3.
Second row: Similar to the first row but results are fitted by PPXF with no penalization
on ℎ3 and ℎ4. Third row: Results from PPXF on a mock cube similar to Section 4.2 but
generated and fitted using PEGASE-HR (Le Borgne et al., 2004) templates (𝜎inst ∼ 16 km
s−1). Fourth row: Similar to the third row but penalization was turned off during PPXF
fitting. Fifth row: Similar to the second row but on amock cube generated using particles’
velocities randomly shuffled for each Voronoi bin. Sixth row: Similar to the first row but
on a mock cube generated using particles’ velocities randomly shuffled for each Voronoi
bin. Seventh row: Similar to the fourth row but all the analysis is in MUSE resolution
to eliminate the effects of different SSP templates. This figure indicates that both the
spectral resolution and the relation between LOSVDand age, [M/H] affect the kinematics
recovery.
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values (e.g., central region and the thick disk), which can be penalized by PPXF during
the fitting and led to incorrect measurements. This effect of penalization is also shown in
real SAMI galaxy measurements (van de Sande et al., 2017). Therefore, we turn off the
penalization of high-order moments and re-measure the kinematics, and show the results in
the second row of Fig. 5.10. A spatially distributed map can be also seen in Fig. C.1 of the
Appendix C. After turning off penalization, both ℎ3 and ℎ4 from PPXF are visually closer
to the true values in Fig. C.1. However, the second row of Fig. 5.10 still shows similar
trends of𝑉LOS and 𝜎, and ℎ3 and ℎ4 are very scattered, which indicates penalization is not
the cause of the systematic offsets.

One other reason could be the low spectral resolution of MILES templates. As shown
in the first row of Fig. 5.10, the 𝜎true for most of the Voronoi bins are smaller than the
MUSE instrumental dispersion 𝜎inst∼ 62 km s−1. In this case, the recovery of kinematics
will be uncertain. This has been pointed out in Fig. 3 of Cappellari (2017), and the only
way to avoid it is to increase the spectral resolution of the instrument. The explanation is
when 𝜎 < 𝜎inst, during PPXF fitting, the broadening of one sharp feature is less than the
distance to its nearby pixels, then the nearby pixels have minor changes and this confuses
the algorithm to measure 𝜎 correctly and ℎ3 and ℎ4 will go towards zero because there are
also not enough pixels to identify the skewness.

To remove the effect of low spectral resolution, we tested the kinematics recovery again
by using PEGASE-HR templates (Le Borgne et al., 2004) generated by Kroupa IMF and
PADOVA 1994 isochrones, which has a higher spectral resolution (FWHM = 0.55Å) than
MILES. The instrumental velocity scale of PEGASE-HR is 𝜎inst∼ 15.6 km s−1, which is
smaller than 𝜎true of our Voronoi bins. We repeat all the procedures in Section 5.1.2 to
generate new cubes using PEGASE-HR, and then apply them to the GIST pipeline to mea-
sure the kinematics. We keep the original PEGASE-HR spectral resolution throughout the
whole process. The third row of Fig. 5.10 shows the kinematics recovery using PEGASE-
HR (also see the kinematics map in Fig. C.2). Compared to the first row, the residuals of
each panel are slightly better or clearer when using higher spectral resolution templates.
However, all these four moments from PPXF still have the same systematic offsets to the
true values. Most improvements are for ℎ3 and ℎ4 with less bias to zero values because
higher spectral resolution helps identify skewness and kurtosis. We also show the results
by turning off penalization in the fourth row (also see the kinematics map in Fig. C.3), and
find the ℎ3 and ℎ4 residuals are identical. Therefore, turning off penalization helps with
low-spectral-resolution kinematics measurements, but has no effect on higher-resolution
spectra. The higher spectral resolution improves the kinematics recovery, but does not fix
the systematics offsets.

Fundamentally, during PPXF fitting process, SSP templates are loaded and convolved with
a Gauss-Hermite function by FFT tomatch the observed spectrum (Cappellari, 2017), then
it returns one series of LOSVD moments which are the measured kinematics best fitted to
the observed spectrum of each Voronoi bin. Therefore, PPXF assumes all the templates
having the same kinematics (𝑉LOS, 𝜎, ℎ3, ℎ4) in a line-of-sight, i.e., stellar populations
with different [M/H] and ages are assumed to have the same LOSVD. But in real galax-
ies, due to the joint process of chemical enrichment and dynamical movements of stars,
populations with different ages and [M/H] are different in LOSVDs. The effect should not
be severe for face-on galaxies because the line-of-sight is perpendicular to the main disk,
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Figure 5.11: LOSVD of particles with different ages and 𝑉LOS in one Voronoi bin. Particles are divided into three [M/H] and age groups, then
their𝑉LOS histograms are plotted on the left and right panels in different colors, respectively. The top rows are results using the original E-GALAXIA
catalog. The bottom rows are results using the E-GALAXIA catalog but randomly shuffle the particles’ 𝑉LOS in each Voronoi bin. The red lines are
PPXF results for mock cubes generated and fitted using PEGASE-HR templates in PEGASE-HR spectral resolution (FWHM = 0.55Å). The black
lines are the true values calculated by fitting the Gauss-Hermite function with particles’ LOSVD in black histogram. The kinematic parameters
for these two lines are texted on the right top corner. This figure indicates LOSVD changes with age and [M/H], which disagrees with PPXF
assuming LOSVD is a constant in a Voronoi bin. After shuffling the 𝑉LOS, this relationship can be artificially eliminated, and PPXF can measure
kinematic parameters accurately.
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so particles’ age and [M/H] in this LOS should be identical. But it is non-negligible for
edge-on projection because metallicity and age gradients along the disk are the strongest.
Therefore, 𝑉LOS should change with [M/H] and age, which disagrees with the PPXF as-
sumption.

To investigate it in our mock stellar catalog, we select one Voronoi bin and split the in-
cluded particles into three groups using [M/H] and age, respectively. Then, we plot the
LOSVDs of these groups of particles, weighted by each particle’s total flux, and show them
in the first row of Fig. 5.11. In the top-left panel, particles with −0.8 < [M/H] < −0.2 dex
has the most skewed distribution, while particles with 0.1 < [M/H] < 0.4 dex shows a
nearly normal distribution. In the top-right panel, particles with 8 < age < 14Gyr have the
broadest distribution, while particles with 0 < age < 4 Gyr have the narrowest and most
peaked distribution. The red line and black line represent PPXF fitted and the true LOSVD
for this Voronoi bin, with kinematic parameters texted in the top right corner, respectively.
Compared to the true LOSVD, PPXF fitted curve in red is close to the youngest popula-
tions (0 < age < 4 Gyr), which is reasonable because these populations dominate the
light. However, the top right panel shows that PPXF tends to also care for the oldest popu-
lations by having more skewed tail their LOSVD at 𝑉LOS around 100 ∼ 200 km s−1. Even
though the youngest populations dominate the spectral light, the old populations have the
most features along the whole fitted wavelength region. Therefore, the differences of the
skewness in the region of 𝑉LOS at 100 ∼ 200 km s−1 indicate the effect caused by different
spectral features having different LOSVDs. This figure strongly suggests that disregard-
ing this variability during the PPXF fitting process could lead to biased results. Because
of the relation between [𝛼/Fe] and [M/H], stars with different [𝛼/Fe] should also have
different 𝑉LOS. Given the lack of [𝛼/Fe] bins in the templates, we will investigate it in the
future.

We made a new experiment to verify this effect on PPXF results. Firstly, we select all
the particles in each Voronoi bin, then keep the other parameters but randomly shuffle
their 𝑉LOS. In this way, we eliminate the relation of 𝑉LOS with [M/H] and age. The
bottom two panels of Fig. 5.11 show the LOSVDs of the same groups of particles after
shuffling their 𝑉LOS. We can see that stars with different [M/H] and age now have the
same LOSVD, meaning all the spectral features also have the same LOSVD. We do it for
all the Voronoi bins and generate an artificially modified mock stellar catalog. Then we
follow the procedures in Section 5.1.2 and generate new mock cubes using this modified
catalog and PEGASE-HR templates. Next, we employ PPXF to measure the kinematics.
The fifth row of Fig. 5.10 shows the kinematics recovery by using this modified catalog.
It is clear that all the Gauss-Hermite moments are well recovered with all the data points
aligned to the zero line. The red and black lines in the bottom row of Fig. 5.11 also indicate
the correction of PPXF measurements. We also plot the kinematics maps in the same way
as Fig. 5.3 in Appendix (Fig. C.4) to better demonstrate the consistency.

We also tested the kinematics recovery on a datacube generated from the velocity-shuffled
catalog using MILES templates, as shown in the sixth row of Fig. 5.11 (see also Fig. C.5).
In this low spectral resolution, even though we shuffled𝑉LOS to make different populations
have the same LOSVD, there are still systematic offsets appearing in all the panels. We
also demonstrate in the last row the results using PEGASE-HR templates on𝑉LOS-shuffled
catalog but in MUSE spectral resolution to remove the effects due to different templates
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(see kinematics maps in Fig. C.6). And the appearance of offsets indicates the effect purely
due to insufficient spectral resolution.

In conclusion, all these results strongly suggest that potentially both the low spectral reso-
lution and variant LOSVD contribute to the systematic offsets we see in residual panels of
Fig. 5.3. However, shuffling 𝑉LOS changes the true LOSVD (see the black line of the top
and bottom rows of Fig. 5.11), which causes it not to be a one-to-one comparison. There-
fore, future tests are needed to further verify our conclusions. In the future, to remove the
systematic offsets of stellar kinematics measured by PPXF, one needs to use an instrument
with higher spectral resolution than MUSE. This means one has to also increase the expo-
sure time to achieve the same SNR. As we know 𝑉LOS changes with [M/H] and age in the
line-of-sight of real galaxy observations, it might be necessary to allow different templates
to have different LOSVDs during the full spectrum fitting to obtain more accurate results.
However, since kinematic and stellar populations measurements via full spectrum fitting
have already been a highly-degenerate problem. Allowing variable LOSVDs will increase
the degeneracy by a factor of the number of templates. In this case, the algorithm is easy
to obtain incorrect results. One possible way would be simply assuming a quantitative
relation between LOSVD and metallicity and age at different locations of the galaxy and
that this relation can be expressed by an equation. This is equivalent to adding a prior
to the PPXF fitting process to improve the accuracy of kinematics measurement without
adding degeneracy. Even though this way has many limitations, it will be still useful for
Milky-Way-like galaxies’ analysis, and the GALCRAFT code can help provide this prior for
galaxies in different projections.

5.2.2 Inconsistency of Mass Fraction Distributions Recovery
In PPXF, measuring mass fraction distributions of stellar populations is a highly degener-
ate problem, especially when one wants to obtain the star formation history of the Galaxy
at different components. Even though previous studies used different templates and mostly
plotted mass fractions without dividing the bin size, the increase from young to old and
metal-rich populations in Fig. 5.4 and Fig. 5.8 is also seen in some components of the
galaxies from Pinna et al. (2019a,b) and M21. In the mock and real data tests of Kacharov
et al. (2018) (see their Fig. 5), the mass fraction distributions are also smoothed towards
old andmetal-rich regions. Besides, the overdensity feature of young populations at around
2 ∼ 4 Gyr is also seen in some of the above studies. In this section, we re-investigate all
these tests more comprehensively using mock cubes of GALCRAFT and discuss the differ-
ences of mass fraction distribution from PPXF whether or not dividing the bin size and try
to address potential reasons causing the inconsistency to the true values.

We first convert the age distribution x-axis of Fig. 5.8 from linear to log-scale, because
MILES templates are almost evenly scaled in log age, then the width of each step is al-
most equal. Next, we re-plot the age distribution recovery in Fig. 5.12 and calculate the
correlation coefficients using the original age grids. The first row shows age distribution
in mass fraction Gyr−1, which is the representation of the star formation history of each
component. The thin disk, inner central, and global panels clearly show three overdensity
regions, which are pointed out by three yellow boxes. The thick disk and upper central
panels also have peaky features in these boxes, but not significant. The second row shows



120

Figure 5.12: Age distribution recovery of different components of the galaxy from PPXF on the mock MUSE cube generated in Section 5.1.1.
This figure is similar to Fig. 5.8 but the x-axis is in logarithmic scale. Black lines are the true values and red lines are the results from PPXF. The
first row shows mass fraction Gyr−1, which is the representation of star formation history, and the three yellow boxes in the “Global” panel are the
three overdensity regions. The second row shows just the mass fraction, which is the direct output from PPXF. The correlation coefficients of the
red and black lines are texted on the top right corner for each panel. Especially, for the age distributions, we use the original age grid to calculate
correlations, which is evenly space in log age.
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Figure 5.13: Zoom-in of the three overdensity regions pointed out in Fig. 5.12. The red and green lines are mass fraction (Gyr−1) and mass
fraction distributions, equivalent to the first and second row of Fig. 5.12, respectively. The mass fraction for each panel is multiplied by a factor
for visualization. We also plot MILES templates’ age bin size as the grey line and the scale in the right y-axis.
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just the mass fraction, which is the direct output from PPXF. Opposite the first row, all the
panels in the second row show relatively smooth distributions. Therefore, given the differ-
ences between the first and second rows are whether or not dividing bin size, we speculate
the three overdensity regions are artifacts due to the bin size arrangements to the template
grids.

To verify our speculation, we plot in Fig. 5.13 a zoom-in of the three overdensity regions
pointed out in the top right panel of Fig. 5.12. The red and green lines are mass fraction
(Gyr−1) and mass fraction distributions, equivalent to the first and second row of Fig. 5.12,
respectively. The mass fraction for each panel is multiplied by a factor for better visual-
ization. We also plot age bin size of MILES templates as the grey line and the scale in the
right y-axis. From these three panels, we find the peaky features of mass fraction (Gyr−1)
(red line) appear when the age bin size experiences a decrease from old to young ages,
and the mass fraction distribution (green line) is still relatively smooth. Therefore, we can
confirm the peaky features of star formation history from PPXF is due to the age bin size
of templates. This also explains the better recovery of [M/H] distributions (bottom row
of Fig. 5.8) which is due to the almost linearly spaced [M/H] grids.

Previous studies applied regularization (McDermid et al., 2015) in PPXF to obtain smooth
mass fraction distributions. The regularization works as an extra term in the equation
to be minimized during the optimization to damp high-frequency variations in the mass
weights distribution along spectral templates grid (see details in Section 3.5 of Cappellari
2017) and lead to smooth mass weights distributions. However, the source code of PPXF
indicates that this smoothness has an effect on mass weights rather than mass weights
per bin size. This explains why mass fraction distributions are smooth in our results, and
whether mass fraction (Gyr−1) distributions are smooth depends on how the template grids
are spaced. A further test by modifying PPXF and taking into account the bin size during
regularization is needed to verify in the future. From now on, we only use themass fraction
without dividing the bin size to justify the recovery consistency, because this is expected
to be achieved by PPXF.

Although current regularization ignores the bin size of templates grid and different regular-
ization strategies can affect the mass fraction recovery (will be discussed in Section 5.2.3),
we still see the inconsistency of mass fraction recovery for the oldest populations in the
bottom row of Fig. 5.12. The main reason is that spectral templates in the oldest and metal-
rich regions are very similar and indistinguishable at the current SNR level. Therefore, the
PPXF algorithm gets confused when measuring mass fraction weights in these age-[M/H]
regions. We also confirm in the Appendix (Fig. C.7) that shuffling particles’ 𝑉LOS do not
improve the results significantly.

According to the reasons above, one way to increase the quality of the mass fraction re-
covery is to increase the SNR of the spectrum. This can be achieved by requiring a higher
target SNR during the process of Voronoi binning, but with the cost of reducing the num-
ber of Voronoi bins, i.e., details in the parameter distributions. We show in Fig. 5.14 the
age and [M/H] distributions at different SNRs (shown in different colors), compared to
the true values shown in black lines. This figure is obtained by running the GIST pipeline
on the mock MUSE cube generated in Section 5.1.1 with different target SNRs during
Voronoi binning, and then the mass fraction distributions of all the Voronoi bins are added



123

7.5 8.0 8.5 9.0 9.5 10.0
log Age (Gyr)

0.00

0.02

0.04

0.06

m
as

s f
ra

ct
io

n

True
SNR=80, Corr=0.544
SNR=100, Corr=0.561

SNR=150, Corr=0.581
SNR=500, Corr=0.723
SNR=1000, Corr=0.809

2.0 1.5 1.0 0.5 0.0 0.5
[M/H]

0.00

0.05

0.10

0.15

0.20

0.25

m
as

s f
ra

ct
io

n

True
SNR=80, Corr=0.796
SNR=100, Corr=0.833
SNR=150, Corr=0.883
SNR=500, Corr=0.952
SNR=1000, Corr=0.945

Figure 5.14: Global age (top panel) and [M/H] (bottom panel) distributions recovery at
different SNRs, which are obtained by running PPXF on the mock MUSE cube generated
in Section 5.1.1 with each target SNR of Voronoi bins, and then the mass fraction of all
the bins are added together to represent the global mass distributions of the galaxy. Black
lines are the true values. This figure indicates that increasing SNR can help obtain better
mass distributions compared to the true values, especially the issue of metal-rich, old
stellar population overestimation is alleviated.
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Figure 5.15: Age and [M/H] distributions of each component for the mock cubes gener-
ated using PEGASE-HR templates and degraded toMUSE resolution (FWHM = 2.65Å).
The first row demonstrates mass fraction (Gyr−1) changes with age (star formation his-
tory). The second row shows the mass fraction changes with age. The third row shows
mass fraction changes with log age. The fourth row shows cumulative mass fraction dis-
tributions and the fifth row shows metallicity distributions.
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together to represent the global mass distributions of the galaxy, and finally integrated
through age and [M/H] axes, respectively. To make it a fair comparison, we make sure
that the spatial pixels used to generate Voronoi bins are the same. According to the cor-
relation coefficients, this figure indicates that with the increase of Voronoi bin SNR, the
global mass fraction distributions in both panels are more consistent with the true values.
Specifically, the weights of metal-rich and old stellar populations are going lower with
higher SNR. Therefore, Fig. 5.14 indicates that increasing SNR can improve in SFH re-
covery. However, we want to note that in reality, integrated spectrum with SNR larger than
200 pix−1 is pointless because in this case numerical issues, spectral library uncertainty,
etc become the dominant factor.

To study the effect of different templates, as shown in Fig 5.15, we re-plot age and [M/H]
distributions mock cubes generated by PEGASE-HR templates, which are evenly spaced
in log age. During the PPXF fitting, we use the same templates and fitting strategies (fit-
ting wavelength region, regularization, etc.) as those in Section 5.1.2 and also degrade
to MUSE spectral resolution to remove the resolution differences (even though we find
increasing spectral resolution does not improve the recovery significantly after comparing
to Figure C.8 of a PEGASE-HR spectral resolution version). The Voronoi bin allocation
is the same as mock cubes generated by MILES templates. According to the correlation
coefficients, mass fraction distribution using PEGASE-HR in Fig. 5.15 are more consis-
tent than those using MILES in Fig. 5.8 and Fig. 5.12 for both age and [M/H]. Moreover,
the mass fraction - log age panels (second row) have almost no blobs than the results using
MILES (second row of Fig. 5.12), and the oldest populations have a more modest increase.
Therefore, in our test, PEGASE-HR performs better during the mass fraction recovery and
could provide more consistent mass fraction distributions than MILES. We think this is
due to the templates’ perfectly even spacing in log age, which leads to smoother input and
is preferred by PPXF during regularization. However, the current limitation of PEGASE-
HR templates is they only have one bin in [𝛼/Fe], we emphasize here again the need for
multiple [𝛼/Fe]-grid templates.

5.2.3 Effect of Regularization
In this section, we focus on the effects of different regularization strategies onmass fraction
distributions. There are two parameters controlling the regularization in PPXF, which are
regul and reg_ord, where regul or 𝑅 applies linear regularization to the weights during
the PPXF fit and reg_ord controls the order of regularization. Kacharov et al. (2018)
investigated mass fraction differences of mock data with different order of regularization
(see their Fig. 5 and Fig. C2) and concluded that the choice of order of regularization does
not affect the results over a significant level. Boecker et al. (2020) tested the mass fraction
distributions recovery of the second- and third-order of regularization and compared them
to the true values using stellar particles from an EAGLE simulated galaxy. They found
results from third-order regularization are more consistent to the true values.

The selection of 𝑅 value was briefly discussed in Section 5.1.2. Here we re-investigate
this question in detail by applying different regul and reg_ord strategies on our mock
cubes generated in Section 5.1.1. The results are shown in Fig. 5.16, where we plot the age
distributions on the top panels and [M/H] distributions on the bottom panels for different
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Figure 5.16: Age (top panel) and [M/H] (bottom panel) distributions recovery for different components of the galaxy by running PPXF on the
mock MUSE cube generated in Section 5.1.1 with different regularization strategies (shown in different colors). Black lines are the true values.
The last column shows global age and [M/H] distributions. This figure indicates that results using the first order of regularization are better than
results using the second order of regularization; increasing 𝑅 can help obtain smoother results but the weights will go towards metal-rich regions
for all the components.
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components of the galaxy. We also plot the global mass distributions in the last column.
We apply five different strategies during the fitting: the first three cases use first-order
regularization with 𝑅 = 5, 𝑅 = 10, 𝑅 = 20, and 𝑅 = 𝑅𝑚𝑎𝑥 (50 ∼ 150), respectively; the
last uses 𝑅 = 5 and second-order regularization. Black lines are the true values. When
comparing results with the same order of regularization but different 𝑅, we find results
with larger 𝑅 are smoother, and their weights at old populations are relatively smaller than
results with smaller 𝑅. However, in the [M/H] distribution panels, weights are going
more toward metal-rich populations and the distributions become less consistent with the
true values for all the components. For results with the same 𝑅 but different orders of
regularization, we see results with reg_ord = 1 show better consistency with the true
values than those with reg_ord = 2. Specifically, results with reg_ord = 2 have more
mass fractions in the oldest populations.

Therefore, this figure indicates that for this mock cube, results using the first order of regu-
larization are better than results using the second order of regularization; increasing 𝑅 can
help obtain smoother results but the weights will go towards metal-rich regions. Given we
do not have the codes to perform third-order regularization, it is hard to say which order is
the best. Intuitively, it seems higher-order regularization tends to have more mass fraction
in the old populations. Therefore, we think the third-order regularization is preferred for
EAGLE simulated galaxy (Boecker et al., 2020) because the particles’ mass weights from
the EAGLE simulated galaxy are naturally dominated by old and metal-rich populations,
then the third-order regularization tends to fit better in this region. Our E-GALAXIAmocked
catalog has no particle in the metal-rich and oldest regions, so the first-order regularization
is better. However, all the above discussions need further verification and we will test the
third-order results in the future. For real galaxy fitting results of Pinna et al. (2019a,b) and
M21, they all used second-order regularization and showed an overdensity of mass weights
in the oldest, metal-rich populations for different components of the galaxies, which makes
it difficult to discuss differences in the formation epoch between these components, and it
is not possible to tell if the overdensity is true or just artifacts from PPXF.

5.2.4 How to interpret the galaxy evolution from PPXF results?
In this section, we discuss the interpretation of a galaxy’s evolution using results from
PPXF. According to our tests and discussions in the sections above, [M/H] distributions
recovery is mostly robust with correlation coefficients of PPXF and true results higher than
0.9, except for the most metal-rich regions. The [M/H] results in M21 (see their Fig. 11)
are dominated by the most metal-rich populations, which is similar to PPXF results of
the upper central component in our test in Fig. 5.8, where the true values have a drop at
solar [M/H], indicating the location where the chemical enrichment is getting flattened.
However, it is different from the true values. Therefore, we infer that it is difficult to
interpret at which [M/H] the chemical enrichment history is flattened from PPXF results
due to the poor recovery ability of metal-rich populations. For NGC 5746 in M21, one
conclusion we can derive is this galaxy is overall more metal-rich than our MW, which
is reasonable because it is more massive due to the stellar mass-metallicity relation (e.g.,
Andrews & Martini 2013).

The star formation history recovery for all the components is inconsistent based on cor-
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relation coefficients of PPXF and true results being negative from our tests in Fig. 5.8,
and we see similar features such as the overestimation in the age ranges of 2 ∼ 4 Gyr
and 12 ∼ 14 Gyr in some studies of real galaxies such as Pinna et al. (2019a,b) and M21.
Therefore, we infer that these features are due to the artifacts of uneven spacing of age grids
ofMILES in linear space rather than an indication of recent or early starburst. Even though
Kacharov et al. (2018) presented a good PPXF recovery test, their comparison to the true
values is a cumulative distribution in log age scale using PEGASE-HR templates, where
the important regions in 2 ∼ 14 Gyr are indistinguishable. We also confirm this visual-
ization effect in the first and fourth row of Fig. 5.15. In addition, the old and metal-rich
features in Fig. 5.7 also indicate the artifact signals in previous PPXF analysis on other
galaxies. Even though all the results are verified by calculating the weight errors using
“bootstrap” realizations (e.g., Kacharov et al. 2018; Prichard et al. 2019 and M21), it is
more likely to calculate the scale of the local minimum rather than the actual errors.

In the future, non-parametrically, it is worthwhile to test the mass fraction recovery ability
using a linearly spaced templates grid or modifying PPXF to regularize the fitting in terms
of mass weights per Gyr or dex. Parametrically, one can try to recover both chemical
enrichment history and star formation history by taking into account chemical evolution
theories, which will be helpful to remove counter-intuitive features in themass fraction dis-
tributions. One example is the semi-analytic spectral fitting method in Zhou et al. (2022).
This method applies full spectrum fitting with the predicted best-fit spectrum from chem-
ical evolution models, which is similar to adding a prior on PPXF during the fitting. Fig. 6
of Zhou et al. (2022) showed that this method has better consistency on mass fraction re-
covery than PPXF, and the overestimations in metal-rich, 2 ∼ 4 and 12 ∼ 14 Gyr regions
are removed successfully. Therefore, it proves a way to accurately measure chemical en-
richment and SFH for future studies. One caveat is that this chemical evolution model
is a close-box model, which is not applicable to galaxies dominated by frequent passive
merger events (e.g. NGC 7793 in Kacharov et al. 2018). In addition, this method does not
take into account the relation of chemical abundances with velocity, which are important
indicators for radial migration and kinematic heating.

5.2.5 Caveats when using GALCRAFT
In this section, we give some caveats when using the GALCRAFT code. Since this code is
using the mock stellar catalog from E-GALAXIA which embedded the chemical evolution
model of S21. The success of this model is that it can reproduce [𝛼/Fe]-[Fe/H] bimodal-
ity which is quantitatively consistent with the APOGEE observations of theMW inHayden
et al. (2015). In reality, a more complex process is likely to exist as non-asymmetric per-
turbations like spiral arms, bars, interlopers, etc. The current model does not have these
features but can be added in the future; In addition, S21 model suggests the [𝛼/Fe] bi-
modality is a natural result of radial migration and kinematic heating of stars, which is
opposite to some clarifications by simulations which indicated that a merger is needed to
contribute to the formation of bimodality (e.g., Clarke et al. 2019; Buck 2020), and this
model lacks stars in the Galactic halo. Therefore, this code is not applicable for compar-
ing the merger features or the halo distributions; This model also lacks descriptions of
parameter distributions in the bulge, especially the nuclear disk in the MW center (e.g.,
Schultheis et al. 2021) and chemodynamics of the B/P bulge (e.g.. Wylie et al. 2021),
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which could be improved in the future.

5.3 Future Studies
In this study, we did not apply extinction on the mock datacube because this is the work
purely on testing the kinematic and stellar populations recovery via full-spectrum fitting.
In real edge-on galaxies, extinction can have an essential effect because it can obscure
nearly 50% of the total light from stars in the thin disk, making SNR in this region lower.
With the GALCRAFT code, we have the ability to test the kinematics and stellar population
recovery of mock cubes with extinction. The extinctionmodel in E-GALAXIA is assumed as
a double exponential distribution mainly in the thin disk, which can be integrated through
the line-of-sight, and each particle will have a 𝐸 (𝐵−𝑉) value. Then, we can add the extinc-
tion effect to the spectrum by using a specific reddening curve (e.g., Cardelli et al. 1989;
Calzetti et al. 2000), which is also the strategy that PPXF applies to estimate extinction. Ge
et al. (2018) has already tested the effect of extinction on full-spectrum fitting results using
one stellar population template, we are able to re-investigate it with a realistic E-GALAXIA
model and also study how different extinction models can affect the results. In addition,
several non-asymmetric features should be added to the chemical evolution model like the
spiral arms, bars, mergers, and halo particles to mimic a more realistic MW.

There are several improvements can be made to SSP models. The current version of GAL-
CRAFT has embeddedMILES and PEGASE-HR templates. In the future, we will add other
empirical models such as BC03 (Bruzual & Charlot, 2003), X-Shooter (Verro et al., 2022),
and theoretical models like STARBURST99 (Leitherer et al., 1999) and BPASS (Eldridge
et al., 2017), which can satisfy different science goals since different models have different
advantages.

In addition, even though we showed in Section 5.1.4 that the [𝛼/Fe]-rich and [𝛼/Fe]-
poor populations can be well identified using two [𝛼/Fe] bins, it is still essential to add
more bins to obtain detailed [𝛼/Fe] distributions. The Milky Way results in Hayden et al.
(2015) have shown that stars in the thin and thick disk have [𝛼/Fe] values about 0.0 and
0.2 dex, respectively, and there are some stars with negative [𝛼/Fe], which is also shown
in the E-GALAXIA catalog. However, it is challenging to use current MILES 𝛼-variable
templates to identify these two components because most of the weights are in the bin of
[𝛼/Fe] = 0, and it is also difficult to assign a spectrum to particles with negative [𝛼/Fe].
More [𝛼/Fe] bins will be helpful in studying [𝛼/Fe]-[M/H] distributions for external
galaxies at different components.

According to Section 5.2.1, given that spectral resolution is important in stellar kinematics
measurements, it is also necessary to increase both the instruments’ and stellar population
models’ spectral resolution. Current IFS observations such as MUSE perform well on
kinematicsmeasurements of the galaxies’ central region. However, to go deeper and obtain
distributions of the outer regions, especially the outer thin disk, which normally has lower
dispersion, one might need to use instruments and SSP templates with a higher spectral
resolution to obtain more accurate kinematics maps.

Other than increasing spectral resolution. As discussed in Section 5.2.1, a prior can be
added to the PPXF fitting process which assumes the relation between LOSVD and metal-
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licity and age at different locations of the galaxy can be expressed by a function. Then it
can allow templates to have different LOSVDs and the degeneracy is not increased. The
other way is to add the evolution of stellar kinematics to the semi-analytic model like the
one in Zhou et al. (2022) and make it derive the chemical evolution histories along with
kinematic processes directly by fitting with the integrated spectra, where the fitting process
is constrained by several model parameters and more physical. We will test the feasibility
of these methods in the future.

As for mass fractions, Section 5.2.2 demonstrated how the bin size can artificially create
peaky features in the star formation history. In the future, it might be worthwhile to test
fitting results using linearly spaced template grids or modifying PPXF to regularize the
fitting in terms of mass weights per Gyr or dex. Parametrical methods like Zhou et al.
(2022) can also be used to test recovery abilities.

The aim of GALCRAFT code is to apply the knowledge we learned from the Milky Way
to other Milky-Way-like galaxies by mock the IFS observations as a bridge. Especially,
we want to interpret physical processes such as radial migration, kinematic heating, and
[𝛼/Fe]-[M/H] distributions of other galaxies to answer the question of whether all the
Milky Way analogues have similar processes to the MW, and if not, how much difference
they can be. Therefore, we will perform a comparison of a mock Milky Way datacube
with a real galaxy observation from current instruments and see the feasibility of identify-
ing these processes from parameter distributions in the future when templates with more
[𝛼/Fe] bins are available.

5.4 Summary and Conclusions
In this work, we present the GALCRAFT code which uses simple-stellar population models
and mock Milky Way catalog from E-GALAXIA to generate a mock Milky Way datacube
in the same data format as integral-field spectrograph (IFS) extragalactic observations.
In this way, we eliminate the differences of conceptions in the Galactic and extragalactic
studies such as the use of individual stars vs. stellar populations, number density dis-
tributions of stars’ parameters vs. mass- or light-weighted distributions, results with or
without projection effect, etc. The mock datacube can be put into the GIST pipeline to
perform data reduction in the same way as extragalactic observations and the results can
be compared directly to external galaxies to study the similarities and differences between
the Milky Way and its analogues. Therefore, this code is a bridge to link the Galactic and
extragalactic studies to understand the formation and evolution of disk galaxies.

The GALCRAFT code is flexible, allowing users to choose their preferred SSP templates,
galaxy distance and inclination, spatial/spectral resolution, and field-of-view of the in-
strument. GALCRAFT is also designed to mock current existing instrumental observations
such as MUSE, SAMI, or MaNGA, as well as test the performance of future instrument
designs.

Using GALCRAFT, we tested the ability of PPXF to recover the stellar kinematics and stellar
population parameters onmockMUSE datacubes at a distance of 26.5 Mpc and inclination
86◦. We verified that PPXF can recover chemodynamic maps, and both the [𝛼/Fe]-rich
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and [𝛼/Fe]-poor can be identified with reasonable regularization values during the fitting.
Using line-strength indices can also recover these components.

Despite the similar kinematic trends, we found that there are systematic offsets between
PPXF-recovered four kinematic moments (𝑉LOS, 𝜎, ℎ3, ℎ4) and the true values because
velocity dispersion 𝜎 of most Voronoi bins are smaller than the instrument velocity dis-
persion 𝜎inst of MUSE spectral resolution (FWHM = 2.65Å) and 𝑉LOS changes with age
and [M/H] for particles in each Voronoi bin. By using higher spectral resolution tem-
plates PEGASE-HR (FWHM = 0.55Å) and randomly shuffling 𝑉LOS for particles in each
Voronoi bin, we can obtain consistent kinematic results compared to the true values. We
indicate that it may be necessary to allow different templates to have different LOSVDs,
even though this will increase the degeneracy significantly.

We found mass fraction distributions of stellar populations from PPXF using MILES tem-
plates on MILES-generated mock cubes show deviations compared to the true values,
where mass weights are overestimated in regions of 2 ∼ 4 Gyr, 12 ∼ 14 Gyr, most metal-
rich region and underestimated in regions of 5 ∼ 10 Gyr. This is due to the linearly
uneven bin size of MILES templates’ age grids. When repeating the test by employing
PPXF and PEGASE-HR on PEGASE-HR-generated mock cubes, the mass fraction distri-
butions are better with correlation coefficients of PPXF and true results. In addition, we
found using first-order regularization can obtain better mass fraction distributions than the
second-order.

In the future, to obtain better parameter recovery, it is necessary to use higher spectral
resolution templates with more bins in [𝛼/Fe], which will be essential to identify the
mass-fraction of different [𝛼/Fe] components in more detail. Besides, there needs a test
tomodify PPXF to regularizemass fraction smoothness by taking into account the template
grids. We will also test the effect of different extinction models on these recovery results,
and see if we can detect distribution differences of galaxies with different radial migration
and kinematic heating rates.
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This Chapter presents the investigations on the recovery ability of PPXF on measuring kinematics and
stellar population parameters from mock cubes with extinction added. I wrote all the text and produced
all the data reduction procedures and figures. Sanjib Sharma provided extinction information in the E-
GALAXIA generated mock stellar catalog. Joss Bland-Hawthorn, Sanjib Sharma, and Michael Hayden
supervised the whole work and provided suggestions.

Dust removes more than half of the light from stellar energy distributions (SEDs), so it can
have a large impact on kinematics and chemical compositionmeasurements (Calzetti et al.,
2000). Previous extragalactic studies avoided highly-extinct regions (e.g., the dust lane in
the disk of edge-on galaxies) tominimize this effect. And until now, there has been no good
way to quantify the effect of dust and determine how much it affects extragalactic results.
With the powerful tool of GALCRAFT introduced in Chapter 4, we address this question
by adding 3D Milky Way 𝐸 (𝐵 − 𝑉) distribution from Schlegel et al. (1998) on the mock
datacubes. We find that this extinction model has a stronger obscuring effect in the galaxy
center than real observations, causing the central region darker than the thin disk structures,
and more than 90% of the total flux is contributed by the stars at the nearer distances. We
also run the GIST pipeline embedded with PPXF on these extinction-added mock cubes
and find that the extinction causes 𝑉LOS and 𝜎 becoming smaller in the galaxy central
but the 𝑉LOS–ℎ3 anti-correlation still exists. As for the stellar population parameters, we
find the inner and upper central regions demonstrate older and more 𝛼-rich population
distributions which extend further to the outer disk. With the increase of the reddening
factor, all these features are more dominant. We also compared our results with those from
real MUSE observation of NGC 5746, and several similar features are identified to be due
to extinction. This work provides valuable insights for future studies on distinguishing
parameter distribution features attributed to extinction from those due to other effects, to
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Figure 6.1: Example of an SSP spectrum (5 Gyr, [M/H] = 0.06 dex) by adding different
reddening effects, as is seen in the legend. The reddening curve is calculated by the
equation in Calzetti et al. (2000) with a given 𝐸 (𝐵 −𝑉).

.

help better understand the evolution of galaxies.

6.1 Adding Extinction to Mock Cubes
In this section, we introduce the method used to add extinction to the GALCRAFT mock
cubes. E-GALAXIA estimates the extinction of a star by integrating a 3D dust extinction
map through the line-of-sight. The general procedure is similar to that implemented in
GALAXIA (Sharma et al. 2011, hereafter S11), but modified to account for the fact that the
center of the modelled galaxy and its dust disc is now located at a different distance and
angular coordinates.

The dust model used is the same as in S11, following Bland-Hawthorn et al. (2010), it
firstly models the 3D distribution of the dust by a double exponential function,

𝜌Dust (𝑅, 𝑧) =
𝜌0
𝑘flare

exp
(
−𝑅 − 𝑅�

ℎ𝑅

)
× exp

(
−
��𝑧 − 𝑧warp

��
𝑘flare ℎ𝑧

)
, (6.1)

where 𝑧warp (𝑅, 𝜙) and 𝑘flare (𝑅) represents the warp and flare of the MW thin disk as
described in Section 3.2 of S11. Next, this equation was fit to the 𝐸 (𝐵−𝑉) dust map from
Schlegel et al. (1998) and the best-fit parameters are ℎ𝑅 = 4200 pc and ℎ𝑧 = 88 pc derived
from 𝜒2 minimization. We adopt a dust normalization of 𝜌0 = 0.23 mag/kpc for the
𝐸 (𝐵−𝑉), which is a typical value in the solar neighbourhood. In Section 6.3.1, wewill talk
about several phenomena of the flux distributions of mock cubes in detail after applying
this extinction model and illustrate potential limitations and future improvements.

The 3D dust distribution of Equation 6.1 is then used to generate a 3D extinction map
by integrating through the line-of-sight based on the viewing point and distance given
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Table 6.1: Exposure time of the bulge and disk cubes in different extinction scenarios.

Datacube Exposure time (s)
Bulge Disk

no extinction 79.26 285.14
𝐸 (𝐵 −𝑉) × 0.2 537.11 1932.34
𝐸 (𝐵 −𝑉) × 0.5 1018.65 3664.80
𝐸 (𝐵 −𝑉) × 1 1647.51 5927.21
𝐸 (𝐵 −𝑉) × 2 2555.34 9193.30

by GALPARAMS in GALCRAFT configurations. The angular resolution is 400 × 400 pixels,
and the radial directions are linearly spaced into 400 bins stretching from 𝑑 − 25 kpc
to 𝑑 + 25 kpc, where 𝑑 is the galaxy distance to the observer. For each particle in the
catalog, according to its position, E-GALAXIA interpolates the relation of dust with line-
of-sight distance using adjacent dust grids and integrates the dust through the line-of-sight,
and then transfers it into a 𝐸 (𝐵 − 𝑉) value. Then during the process of GALCRAFT, the
spectrum of each particle will be multiplied by an reddening curve from Calzetti et al.
(2000). An example of an SSP spectrum after adding reddening curve is demonstrated in
Fig. 6.1. Finally, the mock datacubes with extinction are the summation of all the extinct
spectra in each spatial bin.

6.2 Mock Data and Parameter Measurements
6.2.1 Mock Cubes Generation with Different Extinction
Same as Section 5.1.1, we generate two mock MUSE cubes towards the bulge and disk by
GALCRAFT using the E-GALAXIAmock catalog with 108 particles in a distance of 26.5Mpc
and inclination of 86◦, which is in the same projection of NGC 5746 observed by Martig
et al. (2021). All the GALCRAFT configurations are the same as Section 5.1.1, which means
we use MILES templates with two [𝛼/Fe] bins in Kroupa IMF and BASTI isochrones,
and the same spectral interpolation method and spatial/spectral resolution. We generate
mock cubes with different extinction effects by multiplying the 𝐸 (𝐵 −𝑉) values of all the
particles by several constant factors, which are 0.2, 0.5, 1, and 2. For comparison to the
results with no dust effect, we also include the cubes generated in Section 5.1.1 for later
PPXF fitting.

One key to fairly comparing results with different extinction effects is that we should ensure
all these cubes have the same SNR, and then the effect of spectrum noise on the measure-
ment is identical. Because datacubes with a larger reddening factor have a smaller flux
value, their exposure time should be larger than those with a smaller reddening factor to
keep similar SNR. In addition, we need to ensure that the noise added to the spectra should
be larger than the sampling error (see details in Section 4.2.4).

To satisfy this requirement and make SNR as high as possible, we first estimate the MUSE
error of cubes with no reddening, reddening with 𝐸 (𝐵 − 𝑉) × 1 and 𝐸 (𝐵 − 𝑉) × 2 by
using Equations 5.1 and 5.2 and assuming the bulge and disk cubes having an exposure



136

time of 1252.12 s and 4504.72 s, respectively. Next, we run GALCRAFT with bootstrapping
mode to estimate the sampling error of cubes with 𝐸 (𝐵 − 𝑉) × 1 and 𝐸 (𝐵 − 𝑉) × 2. We
also include the sampling error of non-extinction cubes estimated in Section 5.1.1. Then,
we calculate the median ratio of MUSE error and sampling error along the wavelength
grid of these three cases. We find that this ratio decreases with a larger reddening factor,
meaning that with the same exposure time, more extinction will make the MUSE error
grow faster than sampling error. Also, this MUSE and sampling error ratio for cubes
with 𝐸 (𝐵 − 𝑉) × 0.2 and 𝐸 (𝐵 − 𝑉) × 0.5 can be simply interpolated. Therefore, even
though 1252.12 s (as Section 5.1.1) and 4504.72 s is the maximum exposure time for non-
extinction cubes, there is still enough room for cubes with extinction to increase the SNR,
and the only criteria we should satisfy is the sampling error of 𝐸 (𝐵−𝑉) × 2 cubes (largest
reddening factor in our cases) is smaller than MUSE error, and then adjust the exposure
time of cubes with other extinction cases to make them have the same SNR. Finally, we list
in Table 6.1 the exposure times of all these cubes and we use them to calculate the MUSE
error for each cube and add Gaussian noise on the spectra. The bulge and disk cubes are
finally stitched together for each case.

6.2.2 Galaxy Properties Measurement and Decomposition
We run the GIST pipeline (Bittner et al., 2019) with PPXF embedded to measure kinemat-
ics and stellar population parameters from these cubes, with procedures similar to Sec-
tion 5.1.2. First, we apply the Voronoi tessellation software (Cappellari & Copin, 2003)
to re-bin the mock cube and increase the SNR to 50 pix−1, which results in 689 Voronoi
bins. Next, we apply the full-spectrum fitting method PPXF (Cappellari & Emsellem,
2004; Cappellari, 2017) to measure the stellar kinematics of each Voronoi bin. Here we
use the same MILES templates as when we generated the mock cubes. We use a wide
wavelength range of (4700, 6800)Å to fit with the Voronoi binned spectra and remove the
first and last 75Å to remove uncertain extrapolated pixels. No regularization is applied,
and we include a 12th-order additive Legendre polynomial in this process rather than a
fourth-order polynomial in Section 5.1.2 because the spectral continuum shape is changed
by extinction effect. Tests on real observation data by van de Sande et al. (2017) indicates
that the non-constant residual (specobs − specbestfit) which varies with wavelength can be
removed with a polynomial larger than at least 12th order.

Next, we employ PPXF again to measure the stellar population parameters of each Voronoi
bin. We use the same MILES templates, spectral resolution, fitting wavelength range,
and kinematics results as in previous steps. For regularization, same as Section 5.1.2,
we choose 𝑅 = 5 to keep smooth solutions while still allowing for a variation on short
timescales in the star formation history. To include the effect of extinction, we use the
reddening curve from Calzetti et al. (2000) to measure 𝐸 (𝐵 − 𝑉) of each Voronoi bin.
This curve is the same as when we add reddening on the spectrum of each particle in
Section 6.1. We also tried to apply multiplicative polynomials to mimic the effect due
to extinction (see figures in Appendix D) and found out it does not affect our conclu-
sions. After obtaining mass weights of each template, we calculate the mass-weighted
age, [M/H], [𝛼/Fe], and mass fraction distributions for each Voronoi bin. We also ap-
ply the same decomposition strategies in Section 5.1.6 and separate our mock galaxy into
“thin disk”, “thick disk”, “upper central”, and “inner central” regions. The decomposition
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Figure 6.2: Demonstration of the projected thin disk, thick disk, upper central, and inner
central regions on top of a grey-scale image of the mock datacube generated similar to
Section 5.1.1 but adding extinction models.

map is shown in Fig 6.2.

6.3 Results
In this section, we will talk about the effect of extinction on seeing depth, PPXF-measured
kinematics and stellar population parameter distributions, and mass fraction distributions
for each component. We also compare our results with the parameter distributions of real
MUSE observation on NGC 5746 (Martig et al., 2021), which has the same distance and
inclination as our mock data, and discuss which of their results may be due to the extinction
according to our conclusions.

6.3.1 Seeing Depth at Different Galaxy Locations
The extinction caused by dust has a significant impact on galaxy observations and prop-
erties measurements. This is mainly seen for observations of edge-on disk galaxies (e.g.,
Scott et al. 2021), where a black dust line is normally seen at the thin disk, hence the lumi-
nosity of the thin disk and SNR of the spectrum are reduced. As a result, the kinematics
and stellar population parameters of the think disk are more difficult to estimate. More-
over, whether observations can obtain light from the inner central region of the galaxy
due to the dust is still a question. And we do not know what percentage of the total flux
comes from the stars in the nearer and further regions. In this section, given the power
of GALCRAFT on generating mock IFS observations, we combine the extinction model il-
lustrated in Section 6.1 and investigate these two questions using the mock cubes with
𝐸 (𝐵 −𝑉) ×1.

Fig. 6.3 demonstrates the flux distribution of the entire edge-on Milky Way projected at
26.5 Mpc away with inclination 86◦ with extinction added. This figure is obtained by first
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Figure 6.3: Flux distribution of the mock datacube with extinction added in the same
projection as NGC 5746. We calculate the total flux by first transferring the apparent G-
band magnitude of particles in E-GALAXIA mock catalog to flux, and then summing them
up using particles included in each spatial bin.

transferring the G-band absolute magnitude of particles in E-GALAXIA mock catalog to
the apparent magnitude, then adding the effect of extinction 𝐴𝐺 by using the equation as
follows:

𝐴𝐺 = 0.789 × 𝐴𝑉 = 0.789 × 3.1 × 𝐸 (𝐵 −𝑉), (6.2)

where 𝐸 (𝐵 − 𝑉) is the color excess estimated by E-GALAXIA. This equation is obtained
from Table 3 of Wang & Chen (2019). Next, transfer the apparent magnitude into flux and
sum them up for each spatial bin. We can see from Fig. 6.3 that the thin disk structure is the
brightest and the central region is relatively dark, and we do not see a thin dust line similar
to real observations. However, the image of NGC 5746 (Martig et al., 2021) indicates that
the central region is the brightest and the thin disk is dark, and the dust seems to be confined
to the thin disk region. This disagreement indicates that possibly the E-GALAXIA catalog
or the extinction model of Schlegel et al. (1998) is not the best representation of the Milky
Way. Given that this extinction model is known to be overestimated in the Galactic plane
with 𝐴𝑉 > 0.5 mag by about 30% (Arce & Goodman, 1999), we also think the double-
exponential dust distribution may cause a thicker dust line than observations, which leads
to anomalies in the luminosity of the thin disk and the central region. Another reason is
the lack of boxy/peanut bulge stellar particles in E-GALAXIA catalog, which is currently an
extrapolation of the exponential disk distributions, and there is no nuclear disk structure.
Therefore, adding particles following these structures might increase the brightness of the
central region due to the larger scale height. However, due to the small size of the Galactic
bulge, we are unsure if this increase is significant, which can be re-investigated in future
studies.

To study how much percentage of the total flux is coming from the stars in the nearer and
further regions, we show in Fig. 6.4 the seeing depth of the GALCRAFT mock cubes at
different percentiles. Here the mock cubes are spatially rebinned into Voronoi bins. For
each bin, we first calculate the total flux of each particle by summing up the spectrum
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Figure 6.4: Seeing depth of the GALCRAFT generated mock cubes at different percentile
numbers. The mock cubes are spatially rebinned into Voronoi bins. For each panel,
the percentile number is in the top right corner, and the distance range to the Galactic
center (26.5 Mpc) is texted in the second row of the top left corner. Brown means that
the cumulative flux at the percentile comes from stars in the nearer region, white means
that the cumulative flux can come from the central region, and purple means that the
cumulative flux can reach the further region.
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flux in the PPXF fitted wavelength region to obtain a cumulative distribution of flux as
a function of stellar distance to the observer. Next, with a given percentile number, we
interpolate the distance from the cumulative distribution function to represent the seeing
depth of each Voronoi bin in kpc. For each panel, the percentile number is in the top right
corner, and the distance range to the Galactic center (26.5 Mpc) is texted in the second
row of the top left corner. Brown means that the cumulative flux at the percentile comes
from stars in the nearer region to the observer (𝑑 < 26.5 Mpc), white means that the
cumulative flux can come from the central region, and purple means that the cumulative
flux can reach the further region to the observer (𝑑 > 26.5 Mpc). This figure indicates that
the first 20% flux is contributed by stars in the nearer region for most of the Voronoi bins.
For the first 75% flux, stars in the further regions for Voronoi bins at 𝑥 ∼ [20, 100] arcsec
and 𝑦 ∼ [10, 20] arcsec can contribute, but the central region flux is from stars in the
nearer region. Even for the first 90% flux, when the outer region goes further, we still do
not reach the galaxy center. These results are the same as what we saw in Fig. 6.3 that the
flux in the galaxy center is highly obscured by dust, whether due to the lack of bulge stars
or the overestimation of 𝐸 (𝐵 − 𝑉). From the GALCRAFT generated mock cubes, we can
not obtain light from stars in the galaxy center. In the outer part of the galaxy, the light
from very distant stars can still contribute around 10% of the total flux. Our results could
not conclude whether we can obtain light from the galaxy center in real observations,
and further studies are needed to refine E-GALAXIA and dust models to make the flux
distributions of mock data match real observations, and then we can re-investigate this
question.

6.3.2 Kinematics Recovery
Using results in PPXF by full-spectrum fitting, we show in Fig. 6.5 the stellar kinematic
maps (𝑉LOS, 𝜎, ℎ3, ℎ4) of the mock MUSE cubes generated similar to Section 5.1.1 but
adding different extinction models. The first two rows are the true values and PPXF-
measured kinematics on mock cubes without extinction, which is the same as Fig 5.3.
Results from the third to the last rows are from mock cubes generated in Section 6.1 with
different reddening factors on the 𝐸 (𝐵 − 𝑉) values, respectively, as seen on the top right
corner of the left panel in each row.

From this figure, we find that regions with extreme 𝑉LOS are moving upwards from
(𝑥, 𝑦) = (0, 0) with the increase of 𝐸 (𝐵 − 𝑉) factor because the light from the galaxy
center is heavily obscured by the dust and the spectra are contributed by stars nearer to
the observer, which has less absolute 𝑉LOS than stars in the galaxy center. 𝑉LOS in the
outer thin disk regions (𝑥 ∼ [60, 100], 𝑦 ∼ [−10, 10]) remains unchanged because the
extinction effect here is much less than those in the central region, and we can still obtain
about 10% light from the further stars. 𝜎 distributions change with reddening factor for
the same reasons, where it remains unchanged in the outer disk region but decreases with
the increase of reddening factor in the central regions. The patterns of ℎ3 with different
𝐸 (𝐵 − 𝑉) are also inconspicuous as results with no extinction (second row) because the
PPXF recovery ability on kinematics, which has been discussed in detail in Section 5.2.1.
Despite this effect, the 𝑉LOS–ℎ3 anti-correlation still exists, where the high-ℎ3 regions
along with the extreme low 𝑉LOS regions move to the right with the increase of reddening
factor, which indicates that the extinction has an equivalent effect on both 𝑉LOS and ℎ3.
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Figure 6.5: Stellar kinematic maps (𝑉LOS, 𝜎, ℎ3, ℎ4) of the mockMUSE cubes generated
similar to Section 5.1.1 but adding different extinction models. The first two rows are the
true values and PPXF-measured kinematics on mock cubes without extinction, which is
the same as Fig 5.3. Results from the third to the last rows are frommock cubes generated
Section 6.1 with different reddening factors on the 𝐸 (𝐵−𝑉) values, respectively, as seen
on the top right corner of the left panel in each row. All the results are measured and
demonstrated in the same Voronoi binning arrangements.
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ℎ4 pattern is also inconspicuous for all the rows, but we find the high-value regions also
move upwards.

In conclusion, with the increase of reddening factor,𝑉LOS, 𝜎 and ℎ4 decrease in the central
region but remain unchanged in the outer disk region. ℎ3 along with extreme low 𝑉LOS
move to the right, and the 𝑉LOS–ℎ3 anti-correlation still exists. These results indicate that
the central region is mostly affected by extinction than the outer region, which is consistent
with what we found in Section 6.3.1. In addition, we revisited the kinematics of realMUSE
observations on NGC 5746 (Fig. 4 of Martig et al. 2021). According to our conclusions,
we can confirm that the relatively smaller 𝜎 in the central region, and the high ℎ3 in the
regions with 𝑥 ∼ 60 arcsec are due to the effect of extinction rather than some unusual
LOSVDs caused by internal or external dynamic processes. However, their extinction
effect is not as severe as in our figure.

6.3.3 Stellar Population Recovery
We show in Fig. 6.6 the stellar population maps (age, [M/H] and [𝛼/Fe]) of the mock
MUSE cubes generated similar to Section 5.1.1 but adding reddening with different fac-
tors. The first two rows are the true values and PPXF-measured mass-weighted stellar
population properties on mock cubes without extinction, which is the same as Fig 5.4.
Results from the third to the last rows show the stellar population properties measured by
PPXF on mock cubes generated with the extinction model in Section 6.1 multiplied by
different factors on the 𝐸 (𝐵 − 𝑉) values, respectively, as seen on the top right corner of
the left panel in each row.

From this figure, we find the age distributions have a continuous change with the increase
of reddening factor, where the very old region appears at 𝑥 ∼ 0 arcsec and moves upwards
with the increase of reddening factor and extends towards the y-axis. The age of the outer
thin disk region (𝑥 ∼ [60, 100], 𝑦 ∼ [−10, 10]) also has a slight increase. [𝛼/Fe] also
has similar features to the age distributions. [M/H] in the central region decreases with
the increase of reddening factor and also extend towards the y-axis. To interpret these
features, we first need to clarify the distribution of stellar ages, [M/H] and [𝛼/Fe] in
E-GALAXIA. Our mock data have an inclination of 86◦, and the ages at (𝑥, 𝑦) = (0, 0)
are mainly from young stars (< 6 Gyr) in the galaxy center, and old stars (> 10 Gyr)
with a larger scale height. Because of extinction, young stars in the galaxy center are
heavily obscured, and the light in the central region is contributed mostly by old stars
at a larger scale height. Therefore, the mass-weighted age in this region becomes larger
with a higher reddening factor. As for the outward expansion of this region, we think
it is because of the further young stars in the extended region are also heavily obscured
when the reddening factor becomes large enough. [𝛼/Fe] have similar features to age
distributions because these two parameters correlate strongly. In addition, we can see a
clear young and 𝛼-poor thin disk structure projected at 𝑦 ∼ [−10, 0], 𝑥 ∼ [−10, 110] and
𝑦 ∼ [−10, 20], 𝑥 ∼ [80, 100]. Without extinction, this structure can not be seen. As for
[M/H], metal-rich stars concentrated in the thin disk of the galaxy center are obscured
by the dust. Therefore, the central mass-weighted [M/H] decreases with the increase of
the reddening factor. The extension towards the y-axis is due to the obscuring of further
metal-poor stars.
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Figure 6.6: Stellar population maps (age, [M/H] and [𝛼/Fe]) of the mock MUSE cubes
generated similar to Section 5.1.1 but adding different extinction models. The first two
rows are the true values and PPXF-measured mass-weighted stellar population properties
on mock cubes without extinction, which is the same as Fig 5.4. Results from the third
to the last rows show the stellar population properties measured by PPXF on mock cubes
generated with the extinction model in Section 6.1 multiplied by different factors on the
𝐸 (𝐵−𝑉) values, respectively, as seen on the top right corner of the left panel in each row.
All the results are measured and demonstrated in the sameVoronoi binning arrangements.
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In conclusion, due to the heavy extinction in the central region, the mass-weighted age
and [𝛼/Fe] are larger because of the dust obscuring young stars in the galaxy center, and
for the same reason, these high-value regions have an extension to the outer thin disk
structures. By looking at the stellar population parameter maps of NGC 5746 (Fig. 7 of
Martig et al. 2021), we can confirm that the central old and 𝛼-rich distribution and the
extended metal-rich regions along the thin disk can be due to the extinction.

6.3.4 Mass Fraction Distribution Recovery
We show in Fig. 6.7 the mass fraction distributions of the thin disk, thick disk, inner cen-
tral, and upper central of the mock datacube generated similar to Section 5.1.1 but adding
different extinction models. The first and second columns are the true values and PPXF-
measured mass-weighted mass fraction distributions on mock cubes without extinction,
which is the same as Fig 5.7. Results from the third to the last columns show the mass
fraction distributions measured by PPXF on mock cubes generated with the extinction
model in Section 6.1 multiplied by different factors on the 𝐸 (𝐵 −𝑉) values, respectively,
as seen on the top of each column. For the thin disk panels from left to right, we find the
overdensity in 2 ∼ 4 Gyr is decreasing with the increase of reddening factor. This is due to
the obscuring of young stars at further distances. The thick disk also demonstrates similar
features, but the difference is the reduction in mass weights for metal-rich populations at
2 ∼ 4 Gyr. The upper central region shows a significant reduction in young populations.
As discussed in Section 6.3.3, this is due to the severe obscuring of the galaxy center pop-
ulations. Interestingly, this distribution is similar to that of the B/P bulge in NGC 5746
(Fig. 10 of Martig et al. 2021). The inner central has a mass distribution that more similar
to the thin disk is also due to the heavy obscuring of stars in the galaxy center.

To study the effect of extinction on star formation and metallicity distribution recoveries,
we show in Fig. 6.8 the age and [M/H] distributions of each component for the mock
cubes generated similar to Section 5.1.1 but adding different extinction models. The true
values, PPXF results without or within adding extinction models are indicated in different
colors, as illustrated in the legend. Note we choose to plot mass fraction on the y-axis
without dividing the bin size due to the uneven linear spacing of age, as discussed in detail
in Section 5.2.2. For the star formation history (first and second row), we find that the
overestimation at 2 ∼ 4 Gyr is smaller when adding extinction, but the oldest population
has higher mass fractions. Interestingly, different reddening factors have similar effects
on the star formation history. As for the metallicity distribution, we find with a higher
reddening factor, [M/H] are moving toward metal-poor regions because young stars are
obscured.

6.4 Summary and Future Studies
In this chapter, we explored the impact of extinction on the kinematics and stellar popula-
tion parameters derived from PPXF. We used the 𝐸 (𝐵 − 𝑉) distribution map of Schlegel
et al. (1998) as applied in GALAXIA (Sharma et al., 2011). The flux distribution (Fig. 6.3
and Fig. 6.4) indicates a dark galaxy bulge and bright thin disk regions. For the central re-
gion, more than 90% of total flux is contributed by nearer stars (𝑑 < 26.5 Mpc) as further
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Figure 6.7: Mass fraction distributions of the thin disk, thick disk, inner central, and upper central of the mock datacube generated similar to
Section 5.1.1 but adding different extinction models. The first and second columns are the true values and PPXF-measured mass-weighted mass
fraction distributions on mock cubes without extinction, which is the same as Fig 5.7. Results from the third to the last columns show the mass
fraction distributions measured by PPXF on mock cubes generated with the extinction model in Section 6.1 multiplied by different factors on the
𝐸 (𝐵 −𝑉) values, respectively, as seen on the top of each column.
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stars are fully extinct. This could be due to the lack of a bulge or bar component in the E-
GALAXIA catalog or an overestimation of the 3D 𝐸 (𝐵−𝑉) map. Future studies are needed
to incorporate these stellar components and improve dust models for a more accurate flux
distribution that matches real observations.

We created datacubes using the 𝐸 (𝐵−𝑉) particles in the E-GALAXIA mock catalog, multi-
plied by different factors, to investigate the effect with different extinction models. These
cubes were modified to ensure a similar SNR for each Voronoi bin before processing
through the GIST pipeline to measure kinematics and stellar population parameters.

Our results show that for kinematics, severe extinction effects on central regions obscure
populations in the galaxy center, leading to smaller absolute values of𝑉LOS and𝜎. Despite
this, the 𝑉LOS–ℎ3 anti-correlation still exists. For the stellar population, the obscuring of
young and 𝛼-poor populations causes the inner and upper central regions to exhibit older
and more 𝛼-rich population distributions extending further to the outer disk. As extinction
increases, these effects become more dominant.

Upon comparison of these results with real MUSE observations of NGC 5746 (Martig
et al., 2021), we identified several similar features, including smaller 𝜎 in the central re-
gion, high ℎ3 in the inner thin disk, and an older and 𝛼-rich center. Our extinction effects
seem to be more severe than those from NGC 5746. These findings suggest that these
features in real galaxy observations are due to extinction. Such conclusions could not be
drawn in previous studies due to the lack of correct parameter distributions in real galaxies.
With the power of GALCRAFT, we can address this question.

In the future, we will update the extinction model within GALCRAFT to the more recent
and realistic dust model such as Bayestar19 (Green et al., 2019) and re-investigate our
results. We also plan to test the parameter recovery ability by applying multiplicative
Legendre polynomial and reddening curve simultaneously in the newest version of PPXF.
More importantly, a B/P bulge with a bar should also be included to create more realistic
Milky Way mock IFS observations.



Chapter 7

Thesis Summary and Prospects

In this thesis, I will first summarize the results in each chapter, and then highlight key
future studies enabled by my work that can be undertaken to improve our understanding of
the evolution of disk galaxies, as well as better link Galactic and extragalactic observations
and analysis techniques.

7.1 Summary
We first applied DD-Payne (Xiang et al., 2019), which was developed for LAMOST spec-
tra, onMUSE datacubes and estimated𝑇eff , log 𝑔, [Fe/H] and chemical abundances ofMg,
Si, Ti, Ca for individual stars in MUSE datacubes. By comparing our MUSE results with
that of LAMOST using common stars, we verified that the uncertainty of 𝑇eff , log 𝑔 and
other chemical abundances less than 75K and 0.15 dex and 0.1 dex, respectively. Further-
more, the [Fe/H]-[Mg/Fe] distribution estimated by our method in the bulge and inner
disk region agrees with distributions from APOGEE-Payne in two sequences with simi-
lar center values and overall trends. This indicates the ability of our method to measure
chemical abundances in regions with high stellar density.

In the future, we plan to use thismethod to survey nearly 100,000 individual stars contained
in existing MUSE cubes and measure their stellar parameters. This sample is larger than
many existing spectroscopic studies of the Milky Way and can be accomplished simply
from the ESO archive of MUSE observations. This method can also be applied to MUSE
observations on globular clusters to study the connection between kinematics and multiple
populations. In the future, this method can also be used directly for BlueMUSE (Richard
et al., 2019) and MAVIS (McDermid et al., 2020). These instruments offer higher spectral
resolution and shorter wavelengths, making it possible to measure additional abundances
with higher precision.

Next, we applied this method on a 3.6-hour MUSE observation towards one field in
Baade’s window with 𝐴𝑉 = 1.45 mag and studied the chemical evolution and age distribu-
tion using MSTO-SGB stars in the Galactic bulge. Employing the method in Chapter 2 in
combination with BSTEP (Sharma et al., 2018), we measured the stellar parameters (𝑇eff ,
log 𝑔, and chemical abundances), as well as the distance, extinction 𝐸 (𝐵 − 𝑉), and ages
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of stars in this field. The analysis resulted in 129 giant and 121 MSTO-SGB stars with
SNRMUSE > 80 pix−1, including 105 MSTO-SGB stars located within the bulge region
with 𝑅gc< 3.5 kpc.

The age distribution exposed by this dataset suggests the presence of three groupswith ages
around 4 ∼ 6 Gyr, 8 Gyr, and 10 ∼ 12 Gyr, respectively. The [𝛼/Fe]-[Fe/H] distribution
of stars in the bulge indicates a “knee” at [Fe/H] = −0.5 dex, which agrees with Bensby
et al. (2017) and the chemical evolution model of Sharma et al. (2021b). The [Fe/H]
distribution can be separated into five different components, with the peaks consistent
with previous studies of Bensby et al. (2017) within 1 ∼ 2𝜎.

Despite only 3.6 hours of exposure time, this study obtained results comparable to those of
previous studies. It highlights the effectiveness of MUSE in observing crowded regions
like the Galactic center. Moving forward, we intend to apply for more MUSE time to
observe additional low-extinction fields in the bulge. By combining stellar [Fe/H] with
velocities, we aim to study the bulge chemodynamical distributions and examine how they
vary across Galactic longitude and latitude. Giants can also be used to compare the dis-
tributions in the near and far sides of the Galactic center. Furthermore, the [𝛼/Fe]-age
relation at different birth radii proposed by Sharma et al. (2021b) is an extrapolation of the
solar neighbourhood. Our datasets can expand this relation to the Galactic central regions
and help refine chemical evolution models.

To enable a direct comparison of theMilkyWay with extragalactic observations, we devel-
oped the GALCRAFT code which uses simple-stellar population models and a mock Milky
Way catalog from E-GALAXIA to generate Milky Way datacubes in the same data format
as integral-field spectrograph (IFS) extragalactic observations. In this way, we eliminate
the projection effect and differences in Galactic and extragalactic studies such as the use
of individual stars vs. stellar populations, number density vs. mass- or light-weighted
distributions, etc. The mock datacube can be analyzed using the GIST pipeline (Bittner
et al., 2019) in the same way as extragalactic observations and the results can be compared
directly to external galaxies to study the similarities and differences between the Milky
Way and its analogues.

Using GALCRAFT, we tested the ability of PPXF (Cappellari & Emsellem, 2004; Cappel-
lari, 2017) to recover the stellar kinematics and stellar population parameters on mock
MUSE datacubes of the Milky Way placed at a distance of 26.5 Mpc and inclination
86◦. We found that PPXF can recover chemodynamic maps, and both the [𝛼/Fe]-rich and
[𝛼/Fe]-poor components can be identified with reasonable regularization values during
the fitting. Using line-strength indices can also recover these components.

However, there are systematic offsets between the four kinematic moments (𝑉LOS, 𝜎, ℎ3,
ℎ4) measured by PPXF and the input values. This is because of two effects: first, the veloc-
ity dispersion 𝜎 of most Voronoi bins are smaller than the instrument velocity dispersion
𝜎inst of MUSE (FWHM = 2.65Å); additionally, the 𝑉LOS changes with age and [M/H]
for particles in each Voronoi bin, which is not considered in previous studies when us-
ing PPXF. By using higher spectral resolution templates PEGASE-HR (FWHM = 0.55Å)
and randomly shuffling 𝑉LOS for particles in each Voronoi bin, we can obtain consistent
kinematic results compared to the true values. We indicate that it may be necessary to
allow different templates to have different LOSVDs, even though this will increase the
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degeneracy significantly.

We found the stellar population from PPXF using MILES templates on MILES-generated
mock cubes show deviations compared to the true values, where mass weights are overes-
timated in regions of 2 ∼ 4 Gyr, 12 ∼ 14 Gyr, the most metal-rich regions, and underes-
timated in the regions of 5 ∼ 10 Gyr. This might be due to the linearly uneven bin size of
MILES templates’ age grids. When repeating the test by employing PPXF and PEGASE-
HR on PEGASE-HR-generated mock cubes, distributions are closer to the true value, with
positive correlation coefficients between PPXF and the input values.

In the future, to obtain better [M/H] and [𝛼/Fe] recoveries for stellar populations, it is
necessary to use higher spectral resolution templates with more bins in [𝛼/Fe], which will
be essential to identify the mass-fraction of different [𝛼/Fe] components or 𝛼-bimodality
inmore detail. Besides, we recommend changes to how PPXF determines themass weights
by considering the template grid size and spacing.

We also studied the effect of extinction on the PPXF recovered kinematics and stellar pop-
ulations by adding the 𝐸 (𝐵 − 𝑉) distribution map of Schlegel et al. (1998) in GALCRAFT
generated mock cubes. The flux distribution of suggests a dark galaxy bulge and bright
thin disk regions. For the central region, more than 90% of the total flux is contributed
by nearer stars (𝑑 < 26.5 Mpc) as further stars are fully extinct. This might be due to the
lack of a bulge or bar component in E-GALAXIA catalog or an overestimation of the 3D
𝐸 (𝐵 −𝑉) map.

For the kinematics, we find due to the severe extinction effect on the central regions, pop-
ulations in the galactic center are obscured and the absolute values of 𝑉LOS and 𝜎 are
smaller. Despite this, the 𝑉LOS–ℎ3 anti-correlation still exists. For the stellar populations,
due to the obscuring of young and 𝛼-poor populations, the inner and upper central regions
demonstrate older and more 𝛼-rich population distributions which extend further to the
outer disk. As extinction increases, these effects become more dominant.

We also compared these results with real MUSE observations of NGC 5746, and several
similar features are identified, such as the relatively smaller 𝜎 in the central region, the
high ℎ3 in the inner thin disk, an older and 𝛼-rich center, and the extended metal-rich
regions along the thin disk. Our extinction effects seem to be more severe than those from
NGC 5746. Therefore, we conclude these features in real galaxy observations are due to
extinction. None of these features could be verified in previous studies due to the lack
of correct parameter distributions in real galaxies. With the power of GALCRAFT, we can
address this question.

In the future, we will update the extinction model within GALCRAFT to the more recent and
realistic dust model such as Bayestar19 (Green et al., 2019) and re-investigate our results.
With the newest version of PPXF, it can apply multiplicative Legendre polynomial and
reddening curve simultaneously during the fitting. We will also test the recovery ability in
this case. More importantly, a B/P bulge with a bar should also be added to mimic more
realistic Milky Way mock IFS observations.
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7.2 Prospects
Galactic studies can be done using individual stars. However, extending our Galactic
knowledge to extragalactic galaxies requires studying spatially resolved stellar popula-
tions. We did both types of studies in this thesis by utilizing the MUSE integral-field
spectrograph with its high spatial resolution and observation depth. The former by de-
riving stellar parameters for stars using MUSE spectra and the latter by generating and
studying mock integral field MUSE cubes of Milky-Way-like disc galaxies. Hence, the
MUSE instrument is the common thread linking the two different types of studies but
focused on understanding the formation and evolution of disc galaxies.

With the future NASA Roman mission (Gaudi, 2022) and the possibility of Gaia-Infrared
(Hobbs et al., 2016), a deeper photometric survey of the Galactic bar/bulge region can
be carried out. Combining these with MUSE or future infrared IFS observations of the
Galactic bulge, we can measure kinematics, elemental abundances and ages of hundreds
of thousands of stars in the poorly explored dense inner regions of the Galaxy. This will
enable us to unravel the chemodynamical evolution of theGalactic bar and the bulge, which
presently is a mystery. Future fiber-fed multi-object spectroscopic surveys, see Table 1.2
for a list, will also make essential contributions. Similar studies can also be carried out
on globular clusters to uncover their formation history and also to understand how they
co-evolved with the Galactic halo.

The feasibility of studying individual stars in dense stellar regions using the MUSE in-
strument opens the way for studying individual stars in other galaxies tens of Mpcs away,
e.g., the study of NGC 300 by Roth et al. (2018) with a long exposure time and better
seeing conditions (< 0.6 arcsec). The future Extreme Large Telescope (Gilmozzi & Spy-
romilio, 2007) being planned with a very large aperture will improve the observation depth
and signal-to-noise ratio of spectra from distant stars, making the so-called extragalactic
archaeology feasible.

Our study to test the ability of PPXF to recover the kinematics and stellar populations of
mock datacubes generated by GALCRAFT indicates many potential improvements. Mod-
ifying the PPXF and verifying its improvements is our next goal. If successful, we can
reanalyze existing IFS observations, and arrive at better and more accurate inferences
than before. GALCRAFT with extinction model also provides opportunities for qualitatively
studying dust distributions in external galaxies.

The usage of GALCRAFT with future SSP models with more [𝛼/Fe] bins provides a great
opportunity to explore the 𝛼-bimodality at different locations of external galaxies, similar
to the study done on the MilkyWay (Hayden et al., 2015). With a spatially resolved chem-
ical composition distribution, we can address the stellar radial migration and kinematic
heating rate of external galaxies for the first time, and will be able to compare them to
that of the Milky Way. This will become possible with the ongoing and upcoming large
VLT/MUSE programs and other IFU surveys of face-on and edge-on nearby galaxies, see
Table 1.3 for a detailed list, and will push the extragalactic studies into a new era.



Appendix A

The [Mg/Fe]-Temperature trend in
LAMOST-DD-Payne-A and
APOGEE-Payne catalogs

The [Mg/Fe]-𝑇eff trends was found in the DD-Payne model in X19 (see Figure 14), where
for dwarfs with −0.2 < [Fe/H] < 0.2, [Mg/Fe] measured by DD-Payne-A decreases with
𝑇eff . In addition to [Mg/Fe], some other abundances also show similar non-negligible
trends. X19 verified that these trends are inherited from the APOGEE-Payne values in
the training set. Since no abundance calibration was applied to APOGEE-Payne values
(Ting et al., 2019), the [Mg/Fe]-𝑇eff trend should come from the neural network model
The Payne, i.e., stellar astrophysics.

To investigate this trend, we take APOGEE-Payne (Ting et al., 2019) and LAMOST-DD-
Payne-A (X19) catalogs, separate stars into giants and dwarfs and divide them into different
[Fe/H] bins, then plot the [Mg/Fe]-𝑇eff distributions in Figure A.1. Selection criteria
are applied to these two samples to discard stars with bad fittings: For APOGEE-Payne,
excluding stars with any of the flags: ”quality”=”bad” and 𝜒2 > 20; For LAMOST-DD-
Payne-A, excluding stars with any of the flags: SNRg < 30, 𝜒2 > 20, ”qflag-chi2”=”bad”
and ”flag-singlestar”=”no”. The dots and filled ranges illustrate the median values and
the standard deviations at different 𝑇eff bins. In this Figure, both the giants and dwarfs
demonstrate that there is a clear 𝑇eff-[Mg/Fe] trend in all the metallicity bins. The slopes
of these trends (illustrated in Table A.1) in the two catalogs are similar as well.

Another reason leading to this trend is the Galactic evolution and selection functions, i.e.,
stars with higher 𝑇eff tend to be younger, and therefore have lower [Mg/Fe] than stars with
lower 𝑇eff . Even though the metallicity bins in Figure A.1 are chosen to be small, it is not
sufficient to conclude the [Mg/Fe]-𝑇eff trend is all caused by the model. To explore the
proportion of this trend due to the model, we select seven open clusters from LAMOST
DR5 and plot [Mg/Fe] as a function of𝑇eff in Figure A.2, where the name and star number
are marked in each panel. The stars in the open clusters are selected by the criteria in
Zhong et al. 2020. Their [Mg/Fe] and 𝑇eff are then measured by the DD-Payne models.
In all the panels, results from DD-Payne-A show clear [Mg/Fe]-𝑇eff trends with larger
slopes than those from DD-Payne-G, which is −0.082 dex/1000K on average. Since open
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Figure A.1: Stellar [Mg/Fe] as a function of 𝑇eff for stars in different metallicity bins. The top row shows the results from APOGEE-Payne (Ting
et al., 2019), the the bottom row the LAMOST-DD-Payne-A results (X19). The dots and filled ranges illustrate the median values and standard
deviations at different 𝑇eff bins. Both of the results demonstrate that there is a 𝑇eff-[Mg/Fe] trend in all the metallicity bins. The slopes of these
trends are illustrated in Table A.1. In addition, the trends in APOGEE-Payne and LAMOST-DD-Payne-A are consistent because DD-Payne-A is
trained from labels in APOGEE-Payne and inherited its features.
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Figure A.2: Stellar [Mg/Fe] as a function of 𝑇eff for stars in seven open clusters (the name and stellar number are marked in each panel). The stars
are from LAMOST DR5 and selected by the criteria in Zhong et al. 2020. Their [Mg/Fe] and 𝑇eff are then measured by the DD-Payne models.
The results measured by DD-Payne-A show clear [Mg/Fe]-𝑇eff trends with larger slopes than DD-Payne-G. Since the metallicity and abundances
of stars in open clusters are homogeneous, which means no galactic evolution or selection function applied, the trends illustrated here are caused
by labels in APOGEE-Payne.
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Figure A.3: 𝑇eff density histograms of stars in Figure 2.12 as a function of 𝑅gc. Results from APOGEE-Payne (Ting et al., 2019) are illustrated
in black, and the red shows the MUSE-DD-Payne-A results. The medians (𝜇) are marked on each panel. This figure shows the difference of 𝑇eff
in the APOGEE-Payne and MUSE-DD-Payne-A samples, which can lead to a shift in [Mg/Fe].
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Table A.1: Slope for the [Mg/Fe]-𝑇eff trend (dex/1000K) in different metallicity bins for
stars in APOGEE-Payne and LAMOST-DD-Payne-A.

[Fe/H] bins APOGEE-Payne LAMOST-DD-Payne-A
giants dwarfs giants dwarfs

(−0.8,−0.6) -0.025 -0.117 -0.044 -0.141
(−0.6,−0.4) -0.086 -0.105 -0.092 -0.132
(−0.4,−0.2) -0.125 -0.080 -0.111 -0.098
(−0.2, 0.0) -0.128 -0.071 -0.142 -0.093
(0.0, 0.2) -0.118 -0.064 -0.162 -0.104
(0.2, 0.4) -0.131 -0.078 -0.186 -0.132
(0.4, 0.6) -0.165 -0.130 -0.212 -0.154

clusters are found to be chemical homogeneous (Bovy, 2016; Ness et al., 2018), which
means no galactic evolution or selection function is applied, the trend illustrated here is
verified to be caused by the model. Combining with the slopes in Figure A.1, for stars with
[Fe/H] ∼ 0, which is the approximate [Fe/H] for these open clusters, the average slope
is −0.124 dex/1000K. Therefore, the contribution of this trend is comparable but higher
from the model (stellar astrophysics).

In APOGEE-Payne (Ting et al., 2019), the authors chose to not calibrate the abundance
trend because at the 𝑇eff of APOGEE range (4000K-5000K), it was shown that an ab-initio
fitting of the spectra will not incur much [Mg/H]-𝑇eff trend (see their Figure 15). However,
we found that evenwith the ab-initio fitting, for stars with awider𝑇eff range, in the [Mg/Fe]
scale, the values in APOGEE-Payne do have a non-negligible trend, which is similar to
the APOGEE pipeline ASPCAP (Holtzman et al., 2015) and requires calibration.

Therefore, when plotting the [Mg/Fe]-[Fe/H] distributions, additional calibration should
be added to eliminate this impact. In Figure A.3, we plot the 𝑇eff density histograms of
stars in Figure 2.12 in different 𝑅gc regions. Results from APOGEE-Payne are illustrated
in black, and the red shows the MUSE-DD-Payne-A results. The medians (𝜇) are marked
on each panel. This figure illustrates the difference of 𝑇eff in the APOGEE-Payne and
MUSE-DD-Payne-A samples. Stars with 5 < 𝑅gc < 7 kpc in MUSE-DD-Payne-A are
mostly dwarfs, and the other samples are mostly giants. Referring to Figure A.1, we can
roughly estimate that for stars in the bulge, 3 < 𝑅gc < 5 and 5 < 𝑅gc < 7 kpc, the
deviations of [Mg/Fe] between two samples are ∼ 0.08, 0.06 and 0.08 dex, respectively.
These are the values added to [Mg/Fe] in Figure 2.12 for calibrating.



Appendix B

Modifications of the GIST pipeline

We provide a list of modifications on the GIST pipeline (Bittner et al., 2019) to improve the
flexibility of this software: We add more templates such as the original and interpolated
PEGASE-HR (Le Borgne et al., 2004) to the software and allow the option to oversam-
ple the spectra when degrading to lower observation spectral resolution, which is for the
same reason as we do for the GALCRAFT code in Section 4.2.3; We also added the op-
tion to select SSP templates with a certain age and [M/H] range in some special cases.
When measuring stellar kinematics and stellar population properties, we add the options
to choose velscale_ratio, reg_ord, and use real spectra noise during the fitting and
normalizing the integrated spectrum and noise by the median of the spectrum, which will
be important to perform the iteration for estimating 𝑅𝑚𝑎𝑥; For regularization, we add an
option to estimate 𝑅𝑚𝑎𝑥 following the procedures in McDermid et al. (2015) and save the
stellar population results with 𝑅 = 𝑅𝑚𝑎𝑥 . We also allow further degrading to lower spec-
tral resolution during the fitting when measuring SFH, which is mainly for the reduction
procedures in M21 where they wanted to compare the mass-weighted stellar population
parameters from PPXF with the SPP-equivalent parameters from line-strength indices in
the same spectral resolution; We add the option to change the penalization value bias
during PPXF fitting and measure mass weights uncertainties using bootstrapping follow-
ing procedures in Kacharov et al. (2018).
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Figure C.1: Same as Fig. 5.3 but turning off the kinematics penalization during PPXF fitting.
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Figure C.2: Same as Fig. 5.3 but for the mock cube generated and fitted by PEGASE-HR templates in PEGASE-HR spectral resolution (FWHM =
0.55Å).
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Figure C.3: Same as Fig. C.2 but turning off the kinematics penalization during PPXF fitting.
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Figure C.4: Same as Fig. 5.3 but for the mock cube generated from using 𝑉LOS randomly shuffled GALAXIA catalog and fitted by PEGASE-HR
templates in PEGASE-HR spectral resolution (FWHM = 0.55Å).
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Figure C.5: Same as Fig. 5.3 but for the mock cube generated from using 𝑉LOS randomly shuffled GALAXIA catalog.



164

−10

0

10

20

30

40

50

y
[a

rc
se

c]

[– 250, 250]
VLOS[km/s] True

[15, 80]
σ[km/s]

[– 0.25, 0.25]
h3

[– 0.25, 0.25]
h4

−10

0

10

20

30

40

50

y
[a

rc
se

c]

[– 250, 250]
VLOS[km/s] PPXF

[15, 80]
σ[km/s]

[– 0.25, 0.25]
h3

[– 0.25, 0.25]
h4

0 20 40 60 80 100

x [arcsec]

−10

0

10

20

30

40

50

y
[a

rc
se

c]

[– 30, 30]
VLOS[km/s] Residuals

0 20 40 60 80 100

x [arcsec]

[– 30, 30]
σ[km/s]

0 20 40 60 80 100

x [arcsec]

[– 0.25, 0.25]
h3

0 20 40 60 80 100

x [arcsec]

[– 0.25, 0.25]
h4

Figure C.6: Same as Fig. 5.3 but for the mock cube generated from using 𝑉LOS randomly shuffled GALAXIA catalog and fitted by PEGASE-HR
templates in MUSE spectral resolution (FWHM = 2.65Å).
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Figure C.7: Same as Fig. 5.8 and Fig. 5.12 but for the mock cube generated from us-
ing 𝑉LOS randomly shuffled GALAXIA catalog using MILES templates in MUSE spectral
resolution (FWHM = 2.65Å).
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Figure C.8: Same as Fig. 5.15 but for the mock cube generated using PEGASE-HR
templates in PEGASE-HR spectral resolution (FWHM = 0.55Å).



Appendix D

Additional Stellar Population Results by
Applying Multiplicative Polynomials
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Figure D.1: Stellar population maps similar to Fig. 6.6 but obtained by applying an 8th-
order multiplicative polynomial rather than a reddening curve in PPXF.
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Figure D.2: Mass fraction distributions similar to Fig. 6.7 but obtained by applying an 8th-order multiplicative polynomial rather than a reddening
curve in PPXF.
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Figure D.3: Age and [M/H] distributions similar to Fig. 6.8 but obtained by applying an 8th-order multiplicative polynomial rather than a
reddening curve in PPXF.
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