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ABSTRACT
The first DECam Local Volume Exploration survey (DELVE) public data release provides photometric data for 520 million astronomical sources. By analyzing the large-scale structure of galaxies
detected by DELVE, we aim to gain more information about the cosmological constant Λ and massenergy density. Because DELVE data does not only contain galaxies, we must first select a sample of
galaxies with low stellar contamination. We use EXTENDED_CLASS parameters defined in the original
DELVE release to classify galaxies in the g band, and then by matching objects in DELVE with stars
in the Gaia Archive, we determine possible magnitude and area cuts to limit the level of stellar contamination. Additionally, due to the presence of bright stars which can prevent the detection of dimmer
objects around them, we create a mask in order to filter out those bright objects that can be used in
decontaminating survey property maps, with masking radii varying from ∼ 6 to ∼ 22 arcseconds. For
the final sample, we can determine the distance of each object through their redshifts and ultimately
calculate a two-point correlation function to describe their large-scale structure.
1. INTRODUCTION

Photometric galaxy surveys provide images of the sky
in different bands, providing observed properties such as
positions and magnitudes. The redshifts of each object
can be obtained from either fitting spectral energy distributions onto observed colors or a large training set of
galaxies with precise redshift estimates ([1]). From each
redshift measurement, it is then possible to infer the
distance of galaxies, and thus use the positions of each
galaxy to analyze the large-scale structure of galaxies.
The DECam Local Volume Exploration survey
(DELVE) covers areas of the sky that were previously
unexplored by other surveys such as the Dark Energy
Survey (DES) or the Sloan Digital Sky Surveys (SDSS)
(Drlica-Wagner et al. 2021; Abbot et al. 2021; Ahumada et al. 2020). The newfound faint galaxy systems
in DELVE can be used in such a way to describe the
large-scale structure of galaxies and improve our understanding of the ΛCDM model of cosmology. However,
not every single object in DELVE is a galaxy, and it is
occasionally difficult to distinguish between galaxies and
stars, when they are faint (Drlica-Wagner et al. 2021).
As a result, we wish to determine a sample of galaxies
with low stellar contamination.
Additionally, bright stars in images can block the detection of or distort dimmer objects around them. By
masking out these objects, we decrease the amount of
work needed to analyze the effects of the bright stars

(Sevilla-Noarbe 2021; Sánchez et al. 2020). We measure
the impact of bright stars on the detection of surrounding objects, and generate high-resolution masks in order
to erase their impact on their surroundings and simplify
necessary analysis.
2. BACKGROUND

2.1. ΛCDM and Galaxy Surveys
Dark matter is thought to comprise about 85 percent of all matter in the Universe and 26.5 percent of
the matter-energy density of the Universe. The ΛCDM
model theorizes that galaxies exist within dark matter
halos, which form after mass density fluctuations reach
a critical density, where they would then collapse and
form a dark matter halo. These halos would then expand by either taking in material from their surroundings or merging with other halos. Galaxy surveys have
become a powerful tool for studying the ΛCDM model
and dark matter halos through the large-scale structure
of faint galaxies.
By calculating redshifts of each galaxy, we can then extrapolate the position of each galaxy. We can use these
positions in multiple different ways. One is to start a
simulation of the nascent Universe that evolves according to gravity and match the position of the galaxies in
the simulation with our calculated positions, a process
known as Bayesian Origin Reconstruction from Galaxies
(BORG) (Jasche & Wandelt 2012). While this would
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make use of all available information, the computing
power required would be large.
An alternative process is using statistics. Because
galaxy density behaves like a Gaussian random field
at large scales, it can be described by its two-point
statistics, specifically by computing two-point correlation functions, which describes the excess probability of
finding objects at a certain distance from one another.
This method has previously been used in other galaxy
surveys in order to detect the baryon acoustic peak, or
fluctuations in the density of baryonic matter due to
acoustic waves from the nascent universe (Blake et al.
2011; Eisenstein et al. 2005).

2.2. DELVE
DELVE is a survey program that makes use of the
Dark Energy Camera (DECam) on a 4-meter large telescope in Chile, in the process of combining 126 nights
of newly taken DECam data with archival information.
DELVE provides photometry in four broad bands, g,
r, i and z, to a 5σ depth of ∼ 23.5 mag in large areas
(DELVE-WIDE), ∼ 24.5 mag in smaller areas (DELVEMC and ∼ 25.5 mag in a very narrow area (DELVEDEEP) (Drlica-Wagner et al. 2021).
We are using data from the first public DELVE data
release (DR1), which covers an area of ∼ 5000 deg2 to a
depth of g = 24.3, r = 23.9, i = 23.3 and z = 22.8
mag, with data most complete in the g-band. The
data is publicly accessible through the National Science
Foundation’s NOIRLab platform. DR1 provides both
point-source aperture and automatic aperture photometric data for ∼ 520 million sources, including measurements of magnitude in each of the four bands and
the SourceExtractor SPREAD_MODEL parameter, which
we use for both sample selection and bright star masking.

Figure 1.
(Top) Plot of MAG_AUTO_G against
SPREAD_MODEL_G, color-coded by EXTENDED_CLASS_G in
an area far away from the galactic plane. (Bottom) Plot of
EXTENDED_CLASS_G in an area close to the galactic plane.

EXTENDED_CLASS_G is a set of three Boolean conditions, defined as:
EXTENDED_CLASS_G =
((SPREAD_MODEL_G + 3SPREADERR_MODEL_G) > 0.005)+

3. SAMPLE SELECTION

((SPREAD_MODEL_G + SPREADERR_MODEL_G) > 0.003)+

3.1. Galaxy Determination

((SPREAD_MODEL_G − SPREADERR_MODEL_G > 0.003)

In order to classify objects as galaxies or stars, we use
parameters for a value called EXTENDED_CLASS in the gband, following DES (Abbott et al. 2019; Abbott 2020;
Drlica-Wagner et al. 2021), which works with the given
values and errors of SPREAD_MODEL. SPREAD_MODEL is a
star-galaxy classifier that assigns a value of 0 for point
sources and a positive value for spread sources, such as
galaxies (Mohr et al. 2012).

(1)
For each condition that is true, EXTENDED_CLASS_G
gains a value of 1, with an EXTENDED_CLASS_G value of
0 corresponding to a high-confidence star and a value of
3 corresponding to a high-confidence galaxy, with values
of 1 corresponding to a likely star and 2 corresponding
to a likely galaxy.
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Figure 2. Plot of MAG_AUTO_G against SPREAD_MODEL_G,
color-coded by whether each object was matched in Gaia
or not, in the same region as Fig. 1 (Top).

3.2. Matching with Gaia
In order to confirm whether our values of
EXTENDED_CLASS_G are accurately describing galaxies
or stars, we matched our results against a pre-existing
archive, Gaia. The Gaia archive is a catalog that focuses almost entirely on stars—using a model trained
to recognize stars, galaxies and quasars from 14.5 ≤
mag < 21.0, ∼ 98 percent of objects in Gaia are stars
(Bailer-Jones et al. 2019). By matching with Gaia, we
can determine the amount of stellar contamination with
high confidence.
Matches with Gaia could be done manually, but the
Gaia Early Data Release 3 (Gaia EDR3) data in NOIRLab already contains matched objects between Gaia and
DELVE (Brown et al. 2021). All matches in this study
are taken from that dataset, with the plotted magnitudes and SPREAD_MODEL_G values taken from DELVE.
3.3. Stellar Contamination by Area
In order to visualize the level of contamination, we
computed curves of the percentage of objects matched
to Gaia along a magnitude range from 14 to 24.5 in
varying areas of the sky. In Fig. 3, we see that contamination is very high near the galactic plane, particularly
around a right ascension of 250−260 deg where contamination is nearly 100 percent, which we will then exclude
from our sample, along with the areas surrounding it,
where contamination is nearly 50 percent. Additionally,
contamination at lower magnitudes starts out very high,
due to the relative lack of DELVE objects in those very

Figure 3. (Top) Contamination near the galactic plane.
(Middle) Contamination bordering the galactic plane. (Bottom) Contamination in an arbitrary location separate from
the galactic plane. In all plots, the average contamination
displayed is the average up to magnitude = 21.0

bright magnitudes. Brighter magnitudes will also be excluded from our sample.
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A drawback to matching with Gaia is that the depth
of Gaia is only to a magnitude of 21.0, while the depth of
DELVE DR1 in the g-band goes to 24.3 (Drlica-Wagner
et al. 2021; Brown et al. 2021). As a result, comparisons
to Gaia are only valid to a magnitude of 21.0, before
we must match to a deeper survey, such as that of the
Hyper Suprime-Cam (HSC) (Aihara et al. 2019).
4. BRIGHT STAR MASKING

4.1. Determining Masking Radii
Following similar procedures done in other surveys
(Sánchez et al. 2020; Sevilla-Noarbe 2021; Coupon et al.
2017), we masked out bright objects in DELVE in order to simplify the analysis on how they distort their
surrounding areas.
First, we wanted to find the effect of bright stars on
detection within their surroundings. We found all stars
in a given area of DELVE by finding all the objects
matched to Gaia (which would include all objects with
EXTENDED_CLASS_G = 0, as there is nearly a 100 percent
overlap). We then took a subsection of the stars within
magnitude mag1 < mag < mag2 and queried around
them at a radius θ to count the number of other DELVE
objects detected within that radius. We then took the
ratio of that over the number of other DELVE objects
around an arbitrary point, within the same radius θ.
We repeated this process with different radii and with
magnitude ranges [mag < 16, 16 < mag < 17, 17 < mag
< 19, 19 < mag < 21, 21 < mag], until we had detection
ratio as a function of radius and magnitude, as seen in
Fig. 4.
To determine what the masking radii should be, we
performed inverse quadratic interpolation on each of
the curves for each magnitude subsection to determine
at what radius the curve equals 0.95. By plotting out
the magnitudes (averages of the magnitude subsection)
against the radii and applying a linear fit, we get masking radius as a function of magnitude.
4.2. Generating Stellar Masks
Using the masking radii we calculated, we began to
generate the actual masks that could be applied to the
data, using healsparse. healsparse is a Python package that can generate high resolution healpy maps without burning through memory. At the position of each
star, we created a circle with a radius corresponding to
that of the star’s magnitude with value 1.0, and repeated
the process for magnitude ranges [mag < 17, 17 < mag
<19, 19 < mag < 20] to generate three separate highresolution masks with an nside_sparse value equal to
215 . To combine these masks, we can simply add them

Figure 4. Detection ratio around stars as a function of
radius and magnitude.

Figure 5. Masking radii as a function of magnitude.

together. The generated masks will be applied to survey
property maps to block out the effects of bright stars.
5. CONCLUSION

In this project, we cleaned up data within DELVE
DR1 for the purpose of ultimately gaining new cosmological information through the large-scale structure of
galaxies.
To determine our selection of galaxies, we worked
with EXTENDED_CLASS_G and used matched objects from
DELVE DR1 to Gaia EDR3 to determine its effectiveness. We made magnitude cuts, specifically excluding
brighter magnitudes, and determined in which areas
EXTENDED_CLASS_G failed to accurate discern galaxies
from stars, in order to lower the level of stellar contamination in our sample. After determining sample cuts,
particularly on the bright end, we began to create bright
star masks in order to erase any distortion caused by
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particularly bright objects on their surroundings. When
we generated a plot of the detection ratio around stars
as a function of radius and magnitude, we saw that, as
expected, brighter stars had a larger area of distortion.
We were able to define a masking radius as a function
of magnitude, and generate healsparse masks.
The next steps will be to take the information we have,
and, if it was limited only to a specific patch of the sky,
to then apply it to all ∼ 5000 deg2 of the sky covered
in DELVE. Additionally, we will have to determine our
sample of galaxies beyond the limitations of Gaia’s max
magnitude, 21.0. Once we have the redshifts of all the
galaxies, we can determine their distance, compute the

two-point correlation function, and obtain new information on mass-energy density in the Universe.
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