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Abstract

The Vera C. Rubin Observatory’s Legacy Survey of Space and Time (LSST) is expected to signif-
icantly advance the study of Milky Way stellar streams. In particular, the deep, precise photometry
from LSST should greatly increase the statistical sensitivity to density fluctuations in stellar streams,
which can be used to probe the small-scale distribution of dark matter. However, current forecasts
generally neglect the impact of observational systematics that will be imprinted on stream density
measurements. In this study, we develop a realistic forward-modeling framework to inject stellar
streams into LSST-like observations including photometric uncertainties, survey depth variations,
background contamination, and imperfect star—galaxy classification. We develop a likelihood-ratio
analysis to assess the detectability of gaps in stellar streams in the presence of these observational
systematics. In the presence of realistic survey systematics, we find that after four years of operations,
LSST will be sensitive to density reductions of ~ 50% for gaps with widths of 5 deg in streams with
surface brightness of ~ 33 mag arcsec™2. Relative to the ideal case, this corresponds to a degradation
in gap depth sensitivity by a factor of ~ 5 due to the combined impact of background contamination
and observational systematics. Assuming a simplified analytical mapping between gap depth and
dark matter subhalo properties, these estimates correspond to a minimum detectable subhalo mass
of ~ 1 x 10" M. Observational effects shift this accessible mass scale upward by a factor of ~ 16,
with background contamination contributing a factor of ~ 5 and survey systematics a further factor
of ~ 3, dominated by star-galaxy classification.

These results highlight the need to include realistic observational effects in future stellar stream
forecasts and dark matter analyses.

1. INTRODUCTION

Dark matter (DM) constitutes the dominant compo-
nent of matter in the Universe and plays a central role
in the formation and evolution of cosmic structures (e.g.,
see review by Bertone & Hooper 2018). While the ACDM
model successfully describes the large-scale distribution
of matter, the microphysical nature of DM remains un-
known, and different particle physics scenarios predict
distinct behaviors on small scales (e.g., Feng 2010; Bo-
zorgnia et al. 2025).

In particular, the abundance and properties of low-
mass dark matter subhalos are directly linked to the na-
ture of DM and to the process of structure formation

subhalos relative to ACDM (e.g., Lovell et al. 2014; Huo
et al. 2018; Amorisco et al. 2022).

Measurements of the low-mass DM subhalo popula-
tion therefore provide a powerful probe of DM particle
physics. However, below ~ 108 M, the subhalos are ex-
pected to contain little or no baryonic matter (Benitez-
Llambay & Frenk 2020), preventing direct observations.
Current observational probes are therefore limited, rely-
ing mainly on strong gravitational lensing (e.g. Dalal &
Kochanek 2002; Vegetti et al. 2010; Gilman et al. 2020),
pulsar timing (Chakrabarti et al. 2026), or on the dy-
namical impact of subhalos on stellar systems. In this
context, stellar streams provide a unique opportunity to

on small scales (Bullock & Boylan-Kolchin 2017). Dif-
ferent DM models predict different subhalo abundances
and internal structures. For instance, warm and self-
interacting dark matter scenarios are expected to change
the abundance and internal structure of low-mass DM
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constrain the clustering of DM at small scales (Bovy et al.
2017; Banik et al. 2021; Bonaca et al. 2019; Nibauer et al.
2025).

Stellar streams are elongated stellar structures formed
by the tidal disruption of globular clusters or satellite
galaxies. As stars are progressively stripped from their
progenitor by tidal forces, they spread along the orbit
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and form coherent structures that can extend for tens of
degrees across the sky. In particular, streams originating
from globular clusters are dynamically cold systems with
low internal velocity dispersion, making them especially
sensitive to gravitational perturbations that can distort
their morphology and imprint fluctuations along their
structure (e.g., Carlberg 2013; Newberg & Carlin 2016;
Bonaca & Price-Whelan 2024).

A variety of mechanisms can perturb stellar streams
around the Milky Way, including baryonic structures
such as giant molecular clouds (Amorisco et al. 2016),
spiral arms (Zhou et al. 2026), a time-dependent Galactic
potential (Guillaume et al. 2026; Arora et al. 2026), other
globular clusters (Ferrone et al. 2025) or dwarfs like the
LMC (Shipp et al. 2021), the Galactic bar (Pearson et al.
2017; Banik & Bovy 2019), as well as interactions with
dark matter subhalos (Ibata et al. 2002). The latter are
expected to induce localized signatures such as density
fluctuations, gaps, track deviations, or kinematic pertur-
bations along the streams (e.g., Carlberg 2013; Erkal &
Belokurov 2015a).

Over the last decade, stellar streams have been dis-
covered and characterized in large numbers thanks to
wide-field surveys (e.g., Mateu 2023). Astrometric and
spectroscopic measurements from Gaia have played a
major role by identifying coherent structures through
the kinematics of stream member stars (e.g., Price-
Whelan & Bonaca 2018; Malhan & Ibata 2018). Mas-
sively multiplexed spectroscopic surveys have been crit-
ical for performing chemodynamical characterization of
streams (e.g., Li et al. 2022; Valluri et al. 2025). At
the same time, deep photometric surveys have proven to
be extremely powerful tools for detecting stellar streams
through matched-filter techniques and measuring spa-
tial overdensities, especially for faint and distant systems
(e.g., Rockosi et al. 2002; Shipp et al. 2018).

The NSF-DOE Vera C. Rubin Observatory’s Legacy
Survey of Space and Time (LSST) is expected to con-
siderably extend photometric studies of stellar streams
due to its unprecedented depth, area, and photometric
precision (Ivezi¢ et al. 2019). The large number of faint
stars that will be measured by LSST should enable the
discovery of many new stellar streams and improve the
characterization of density fluctuations in already known
systems (Pearson et al. 2024; Romanowsky et al. 2025).
Several studies have explored the sensitivity of LSST stel-
lar stream observations to DM subhalos, either through
analytical calculations, numerical simulations, or statis-
tical forecasts (Erkal & Belokurov 2015b; Drlica-Wagner
et al. 2019; Aganze et al. 2024; Lu et al. 2025). These
analyses generally estimate the minimum detectable sub-
halo mass by studying the detectability of perturbations
induced in simulated stellar streams.

However, most analyses make idealized assumptions
about the observational data, thereby neglecting realis-
tic survey selection effects and observational systemat-
ics. In practice, ground-based photometric surveys such
as LSST have appreciable non-uniformity due to vary-
ing environmental conditions. Spatial depth variations
will change the number of detected stars across the sky
and can imprint artificial density fluctuations along stel-
lar streams unrelated to their dynamical history. Re-
cent studies have highlighted the importance of mitigat-
ing such survey-induced fluctuations in large photometric

datasets (Boone et al. 2026). Moreover, deep photomet-
ric surveys contain a large population of distant unre-
solved galaxies that increasingly resemble point-like stel-
lar sources at faint magnitudes (e.g., Fadely et al. 2012;
Sevilla-Noarbe et al. 2018; Slater et al. 2020), making
them a dominant source of contamination in deep stel-
lar stream observations. Measurements of stellar streams
therefore strongly depend on both the survey detection
and star-galaxy classification efficiencies, emphasizing
the need for accurate classification algorithms to mitigate
this background contamination. In recent commissioning
data from the Vera C. Rubin Observatory, nearly 20% of
galaxies are misclassified as stars in the magnitude range
24.5 < m; < 25mag, while the fraction of correctly clas-
sified stars drops to 50% at m; = 23.8 mag (see Sec. 5.6
of Vera C. Rubin Observatory Team et al. 2025). More
generally, these effects emphasize the need for realistic
survey-level modeling, including both observational sys-
tematics and background contamination, when deriving
sensitivity forecasts for stellar streams.

In this work, we develop a realistic forward-modeling
framework, StreamObs,' to quantify the impact of LSST
observational effects on the detection of density fluctua-
tions in stellar streams. Our analysis aims to identify and
quantify the dominant observational limitations affecting
the detection of density fluctuations in stellar streams
and the corresponding sensitivity to DM subhalo inter-
actions. We quantify how realistic survey effects degrade
sensitivity relative to idealized forecasts and evaluate the
expected sensitivity of LSST to gaps in stellar streams.
Finally, we interpret the LSST stream gap sensitivity
in the context of a simple analytical model for stream—
subhalo interactions to predict the minimum mass DM
subhalo that could induce a measurable gap in a stellar
stream measured by LSST.

This paper is organized as follows: we present our tech-
nique to simulate LSST survey systematics in Sec. 2, and
the models to describe (un)perturbed stellar streams and
background populations in Sec. 3; we present the exper-
imental protocol, including the sampled stream parame-
ters and survey configurations, in Sec. 5; we describe the
steps used to generate mock data-like catalogs of stel-
lar stream member stars (and backgrounds) matching
the survey properties in Sec. 4; we discuss the statisti-
cal analysis used to assess whether perturbed streams
are recognized as such in Sec. 6; we present our results
concerning the impact of the survey systematics on the
detectability of perturbations (and hence the minimal
mass of the DM subhalos detectable) in stellar streams
in Sec. 7, and discuss them in Sec. 8. We then conclude
in Sec. 9.

2. LSST SIMULATIONS

Simulation of realistic survey systematics requires rep-
resentative LSST data products. The LSST Data Chal-
lenge 2 (DC2) simulations are adopted for this purpose
(LSST DESC et al. 2021, 2025). DC2 provides a detailed
realization of the expected survey performance, includ-
ing photometric uncertainties, as well as object detection
and star-galaxy classification efficiencies. Since DC2 was
simulated using a specific 5-year survey duration, we use
RubinSim (Yoachim et al. 2025) to estimate depth vari-

L https://github.com/LSSTDESC /streamobs, version 0.1.0
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ations for l-year and 4-year LSST data releases, repre-
sentative of the early survey phase and a later, more
homogeneous, stage of the survey, respectively.

These ingredients are then used to propagate true
stellar properties into observed quantities and to apply
survey selections within a probabilistic framework (see
Sec. 4)

2.1. DC2 simulations

The DC2 simulations provide both truth and mea-
sured catalogs, which are used to characterize the sur-
vey response. The truth catalog contains the intrinsic
properties of simulated objects, including noiseless mag-
nitudes, positions, and morphological parameters. The
CosmoDC2 galaxy population (Korytov et al. 2019) is
based on the Outer Rim simulation (Heitmann et al.
2019). The stellar catalog, designed to mimic the Milky
Way bulge, disk, and halo populations, relies on galfast
(Juri¢ et al. 2008), and is extended to r > 27 mag by ex-
trapolating SDSS-derived luminosity functions to fainter
magnitudes (LSST DESC et al. 2021, Sec. 5.3).

The measured catalog corresponds to the same objects
after passing through the full LSST image simulation and
data reduction pipeline. Realistic images are generated
from the truth catalog using imSim,?> which models the
dominant sources of observational noise and instrumental
response, including sky background, the atmospheric and
optical point spread function, and detector-level effects
(LSST DESC et al. 2021, Sec. 6.1.1). The simulated im-
ages are then processed with the LSST Science Pipelines
to produce object catalogs with realistic noise, detection
thresholds, and photometric measurements based on 5
years of observations (LSST DESC et al. 2021). Ob-
jects from the measured catalog are matched to their
truth catalog counterparts using the DC2 truth-match
catalog (LSST DESC et al. 2025, Sec. 3.2), which fol-
lows the positional association method of Sanchez et al.
(2020) with adapted parameters. This matching enables
a direct comparison between intrinsic and observed prop-
erties, allowing the estimation of photometric uncertain-
ties, detection efficiencies, and classification performance
as a function of magnitude and observational conditions.

2.2. Survey systematics

Realistic survey systematics are modeled at catalog
level using the methodology developed to estimate sensi-
tivity to Milky Way ultra-faint satellite galaxies (Drlica-
Wagner et al. 2020; Tsiane et al. 2025; Tan et al. 2026).
This approach is directly applicable to stellar streams,
which are also similarly analyzed as resolved stellar pop-
ulations that are affected by photometric uncertainties
and selection effects. Survey-related systematics are pri-
marily modeled through spatial variations of the local
magnitude limit, while other effects such as point spread
function (PSF) variations or foreground stellar density
fluctuations are not explicitly included.

2.2.1. Photometric uncertainties

The photometric error model comes from DC2 as de-
rived by Tsiane et al. (2025) (see their Fig. 2). Uncer-
tainties are parameterized as a function of the distance

2 https://github.com/LSSTDESC/imSim
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Fic. 1.— Photometric error in j-band as a function of the dis-

tance to the local magnitude limit estimated from objects in DC2.
The model includes a quadratic combination with the systematic
errors. The analytical approximation, Eq. (2), is also presented.
The vertical black line marks the position where the magnitude
of the objects reach the survey magnitude limit, corresponding to

to the local magnitude limit in the j-th band,

_ true lim
Amj =m;™ —m;™, (1)
where m}“‘e is the true apparent magnitude and m?m

the local survey magnitude limit at the object’s position.
This parametrization captures the degradation of photo-
metric precision near the magnitude limit. To avoid un-
realistically small uncertainties for bright sources, we in-
clude a minimal photometric uncertainty floor by adding
in quadrature a term U?OOr = 0.005 mag. The resulting
error model is shown in Fig. 1. It can be approximated

with the analytical form

err(m;) = a + exp(mjc b) : 2)

where the parameters a, b, and ¢ depend on the survey
characteristics, in particular the local magnitude limit.

2.2.2. Stellar detection and classification efficiency

Selection functions are estimated within the same
~ 3 deg? subregion of the DC2 Wide-Fast-Deep footprint
that was used in Tsiane et al. (2025), to ensure consis-
tency and enable direct comparison with their results.
Restricting the analysis to a small patch also allows the
selection functions to be estimated at effectively fixed
magnitude limits, avoiding additional variations induced
by survey depth inhomogeneities. Applying these se-
lection functions to the full survey is justified by their
parametrization in terms of the distance to the local
magnitude limit. This allows the results obtained in a
fixed-depth region to be rescaled across the footprint us-
ing the local survey depth, capturing the dominant vari-
ations while remaining computationally efficient.

This analysis focuses on point-like sources, which in-
clude stellar stream members, foreground stars, and com-
pact galaxies that may be misclassified as stars. In
the DC2 catalogs, these objects are identified using
the boolean variable EXTENDEDNESS (Bosch et al. 2018;
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LSST DESC et al. 2025), which encodes a morpholog-
ical star—galaxy classification based on the consistency
between the PSF and CModel magnitudes in the ¢ band.
Sources with EXTENDEDNESS = ( are classified as point-
like, while extended sources exhibit significant differ-
ences between the two measurements. Throughout this
work, the classification performance obtained with the
EXTENDEDNESS criterion is referred to as the observed
star-galaxy classification (Obs S/G).

As in Tsiane et al. (2025), the detection and classifi-
cation efficiencies of stars are estimated in bins of Am,.
(see Eq. 1):

N, etecte Amr
gdctcction(Amr) - ?V:t(dA(?’n)) 9 (3)
rue T
N, Si Am
5classiﬁcation (Am7) = W ) (4)
etecte: T

where Nipue and Ngetected are the number of stars in
the DC2 truth and measured catalogs, respectively, and
Nelassified 1S the subset of objects correctly classified as
point-like (EXTENDEDNESS = 0) and satisfying the qual-
ity cut o, < 0.2 (i.e., S/N > 5) in the r band. This re-
quirement ensures a minimal level of photometric quality,
excluding faint sources near the magnitude limit that are
more strongly affected by survey systematics and there-
fore less reliable for analysis. Additional magnitude cuts
and selection criteria are applied in the context of this
study (see Sec. 4.2.2).

The resulting efficiencies are shown in Fig. 2. They
decrease as Am, gets larger (i.e., the object magnitude
approaching the magnitude limit of the survey), reflect-
ing the fact that fainter sources are harder to detect and
even more difficult to classify reliably.

2.2.3. Galazry misclassification

Background galaxies that are misclassified as stars rep-
resent a major source of contamination in stellar stream
studies, particularly at faint magnitudes where morpho-
logical classification degrades. In the DC2 catalogs, these
contaminants are predominantly compact and/or distant
galaxies whose apparent sizes are comparable to the PSF,
making them indistinguishable from point-like sources.
In contrast, more extended galaxies are less likely to be
misclassified due to their broader light profiles. To en-
sure a consistent treatment, the analysis is restricted to
galaxies with size_true < 0.3 arcsec. This selects only
intrinsically compact systems, ensuring that all modeled
galaxies lie in the unresolved regime where star—galaxy
confusion occurs.

The misclassification efficiency in a Am,. bin is

Nmisclassiﬁed (Amr)

5misclassiﬁcati0n(Amr) = Nd toctod aalaxi (Am ) 5 (5)
etected,galaxies T

where Ngetected,galaxies 15 the number of true galaxies
detected in the measured catalog, and Npjsclassified the
number of detected galaxies that are classified as point-
like (EXTENDEDNESS = 0) and pass the cut o, < 0.2. The
combination of detection and misclassification efficiencies
is also displayed in Fig. 2. It increases near the magni-
tude limit, where morphological classification reaches its
limits. Indeed, it rises to a maximum just before reaching
the magnitude limit and then decreases with increasing
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Fia. 2.— Various survey selection efficiencies estimated from the
DC2 catalogs as a function of Am,., defined in Eq. (1). The detec-
tion efficiency for point-like sources (orange dashed line), the classi-
fication efficiency for stars (blue dashed-dotted line), their product
(green dotted line), and the combined detection and misclassifi-
cation efficiency for compact galaxies (blue solid line) are shown.
The vertical black line marks the position where the magnitude
of the objects reach the survey magnitude limit, corresponding to
Am, = 0.

Am,., due to the additional signal-to-noise cut o, < 0.2
(i.e., S/N > 5) applied to the sample. Although the
misclassification efficiency for galaxies is lower than the
classification efficiency for stars, galaxies are far more nu-
merous, making them a dominant source of background
contamination (see Sec. 4.2.2).

2.2.4. Depth maps

The local magnitude limit m;-im in any band j pro-
vides maps of the S/N = 5 limiting magnitude across
the LSST footprint for different data releases. These
maps incorporate the survey cadence, observing con-
ditions, and coaddition strategy. They are gener-
ated with RubinSim (Yoachim et al. 2025), using the
baseline_v5.0.0 cadence simulation. At each sky po-
sition, the depth results from coadding simulated visits
up to the relevant data-release epoch, accounting for sky
brightness, seeing, and exposure time. The maps cap-
ture survey cadence, observing conditions, and coaddi-
tion strategy, but exclude Galactic dust extinction, which
is applied independently at the catalog level (Sec. 4.1.2).
The depth maps are provided as HEALPix maps and dis-
tributed as ancillary data through the StreamQObs repos-
itory.

In this study, we focus on making projections for sev-
eral early data releases from LSST. These early releases
are expected to be shallower than the DC2 simulations
that were used to derive the survey selection functions
and photometric uncertainties. This allows us to reli-
ably study survey configurations without extrapolating
beyond the model regime explored in DC2. In particu-
lar, we consider releases corresponding to the first year
of LSST observations, representative of the initial survey
products, and to the first four years, when the survey
coverage becomes more homogeneous.

For illustration, we show in Fig. 3 the depth maps in
the g-band (left panels) and r-band (right panels) af-
ter 1 year (Year 1) on top panels and 4 years (Year 4)
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on the bottom panels. The deepest regions correspond
to some Target of Opportunity observations and deep-
drilling fields, while the shallowest lie along the North
Ecliptic Spur and the Galactic plane. Those maps are
the foundation of the survey systematics modeling, as
they determine the spatial variations of photometric un-
certainties and selection functions across the survey foot-
print in our model.

To also probe an idealized case in which there are no
systematic variations in depth, we also constructed uni-
form depth maps with the same footprint as each release,
assigning a constant magnitude limit that is equal to the
median depth within the mask of interest (see Sec. 4.1.1).

3. STELLAR STREAM MODELING

Throughout this section, the stream, gap, and back-
ground are modeled using the configuration most favor-
able to detection: a constant distance (Sec. 3.1), a uni-
form baseline density perturbed by a three-parameter
box-car gap (Sec. 3.2), and a spatially uniform contam-
inant background (Sec. 3.3); the impact of these simpli-
fications is quantified in Sec. 8.3. These choices are de-
liberate: the goal of this study is to isolate and quantify
the response of the survey itself to density fluctuations,
rather than to capture the full dynamical complexity of
stream and background morphology. Working with the
fewest stream and background-free parameters keeps the
hypothesis test of Sec. 6 tractable over the thousands of
realizations analyzed in Sec. 7, while placing the analy-
sis in the regime where a genuine perturbation is easiest
to detect, with the detection efficiency driven solely by
survey systematics instead of stream dynamics.

3.1. Isochrone, distance and width

Dynamically cold stellar streams are generally well de-
scribed by a single old and metal-poor stellar popula-
tion. As a representative template for such systems, we
adopt the Atlas —Aliga Uma (AAU) stream (Koposov
et al. 2014; Shipp et al. 2018; Li et al. 2021), a promising
stream located within the LSST footprint. This choice is
also motivated by the fact that stellar streams on wide
orbits with large pericentric distances are expected to be
less affected by baryonic perturbations and are therefore
particularly well suited for probing DM subhalo inter-
actions (Hilmi et al. 2024; Nguyen et al. 2025). Fur-
thermore, AAU exhibits properties typical of the low-
surface-brightness streams that LSST is expected to de-
tect (Drlica-Wagner et al. 2019).

The parameters of the stellar population for the simu-
lated stream are fixed to those inferred for AAU in Shipp
et al. (2018). The stream is modeled with an isochrone
of metallicity [Fe/H] = —1.35 and age 11 Gyr using the
PARSEC model from Marigo et al. (2017) with the stan-
dard LSST bandpasses (R1.9) integrated into the Padova
CMD interface®. The stellar population is sampled us-
ing ugali? (Bechtol et al. 2015; Drlica-Wagner et al.
2020), a stellar population modeling and satellite search
package. We make the simplifying assumption that the
stream lies at a constant distance from the observer, cor-
responding to a distance modulus of m — M = 16.8 mag
(22.9 kpc), without including any distance gradient along

3 http://stev.oapd.inaf.it /cgi-bin/cmd
4 https://github.com /DarkEnergySurvey /ugali

the stream. The stream is assigned a Gaussian width of
0.25° (corresponding to ~ 95 pc), consistent with obser-
vations (Shipp et al. 2018).

3.2. Baseline vs perturbed stream modeling

To quantify the sensitivity to density fluctuations,
we adopt a simple parametric description of the stellar
density along the stream-aligned coordinate ¢, where
(¢1, ¢2) denote the on-sky coordinates respectively par-
allel and perpendicular to the stream track. While full
dynamical simulations provide a more realistic modeling
of subhalo-stream interactions, they are computationally
expensive and less suited for systematically exploring de-
tection limits over a wide parameter space. The paramet-
ric approach, instead, allows for controlled injections of
fluctuations and a direct quantitative assessment of the
fluctuation detection efficiency. Moreover, the analysis
pipeline is designed to be fully compatible with inputs
from dynamical simulations, which can be incorporated
in future studies to refine these results.

3.2.1. Gap model distribution function

For simplicity, we write the on-sky probability den-
sity function of the stars (in the stream along ¢) as the
product of the baseline stream (Base) and a modulation
function (Mod), up to a normalization constant,

P(¢1) o Base(¢1) x Mod(¢1), (6)
with the baseline density given by a top-hat profile

1 if ¢ €[-1/2,1/2]
0 otherwise

Base(6r) — { .m

with [ representing the stream length in degrees.
The current work focuses primarily on a simple single
(on-sky) gap model, namely

1 if |¢1 — xgap| > %
1—- A otherwise

Mod[A, 2guy, ] — { L ®)

where A is the amplitude of the gap, z4,p is its position,
and w is its width. Although DM subhalo impacts result
in more complex density structures (Erkal & Belokurov
2015a), the gap model captures the leading feature of a
localized density deficit. It provides a practical template
for data fitting, as illustrated in Bonaca et al. (2019).
We further restrict the analysis to a single visible gap,
consistent with expectations for stellar stream—subhalo
interactions (Erkal et al. 2016). Hence, the gap model is
simple enough to allow a study of its detectability against
the survey systematics, while the width and amplitude of
the gap can be linked to realistic DM subhalo perturba-
tions (see Appendix C). Figure 4 shows the linear density
in this model for several values of the gap amplitude A.

3.2.2. Fized N, or fized baseline density?

From the probability density function P(¢;) defined in
Eq. (6), the expected linear density along the stream, A,,,
can be computed in discrete bins of width b,, of indices
n?

_ P(¢1)
o= N, /b o o, (9)
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where N, denotes the total number of stream stars. The
bin size is chosen to b, = 0.5°, to reduce shot noise in
the measurements.

We choose to study density fluctuations at a fixed total
number of stars N, by comparing realizations of a uni-
form stream (A = 0) to perturbed streams with A > 0.
In all cases, the total number of stars is conserved. As
a result, varying the fluctuation amplitude does not cor-
respond to removing stars, but rather to redistributing
them along the stream. In practice, an increase in A pro-
duces both a depletion within the gap and a correspond-
ing excess in the surrounding regions, ensuring number
conservation. This behavior is illustrated in Fig. 4, where
the formation of a gap is accompanied by an overdensity
outside the gap.

This choice is motivated by the expected physical ori-
gin of gaps induced by DM subhalos, where stars are
displaced along the stream rather than removed (Erkal
& Belokurov 2015a). It also ensures a consistent defini-
tion of the detection problem, interpretable either sta-
tistically, as a deviation from uniform density at fixed
star count, or photometrically, as a deviation from uni-
form surface brightness at fixed total flux. In this regime,
redistribution and removal lead to similar observational
signatures for small-amplitude perturbations. For exam-
ple, a gap with depth A = 0.4 and width w = 3° induces
a change of 3.8% in the surface brightness outside the
gap, making the two descriptions effectively degenerate
at the level of our analysis.

3.2.3. Normalizing N, to observed streams

To calibrate the intrinsic number of stars injected in
our stream realizations, we anchor the simulations to the
observed properties of AAU. We generate mock obser-
vations with StreamObs assuming a DES Y3-like sur-

vey with 50 magnitude limits mgm = 25.05 and mi™ =
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Fi1a. 4.— Illustration of the gap model linear density for a stream
length [ = 30°. The three curves show different gap amplitudes A
at a fixed width w = 5° and position zgap = 0. Each model is
normalized, see Eq. (9), so that the total number of stars (N, =
10%) remains the same for all gaps amplitudes. The color-bands
correspond to the Poisson uncertainties.

24.75 (Sevilla-Noarbe et al. 2020), together with color—
magnitude selections consistent with Shipp et al. (2018).
Different values of the intrinsic number of stream stars
Nirue are tested, and the corresponding observed num-
ber of stars after survey selection is compared to the
number measured for AAU in DES data (Shipp et al.
2018). This procedure leads to a reference value of

Nirue AAU 4 o 104 stars for an AAU-like stream. In
the rest of this work, we nevertheless explore a broader
range of intrinsic stellar populations in order to study the
dependence of our results on stream surface brightness.

The true number of stars can be converted into a total
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stellar mass by estimating the mean stellar mass from the
adopted isochrone. This is obtained by integrating the
stellar mass function along the isochrone to derive (M),
and computing My, = N x (M). Applying this pro-
cedure yields an average mass (M)A ~ 2.4 x 107! M,
and a total stellar mass of order MAAY ~ 10* My, consis-
tent with the stellar mass currently present in the tidal
debris of such globular cluster streams (Li et al. 2021;
Hilmi et al. 2024).

This stellar population can also be expressed in terms
of an average surface brightness. The latter is defined as
the integrated apparent magnitude of all stream stars,
normalized by the on-sky stream area between +1o in
¢9. The integration is performed over stars brighter than
m, < 25 in r-band, but does not change for different val-
ues since the total luminosity is dominated by the bright-
est stars. For the AAU configuration used in this work,
Nirue — 10* corresponds to a mean surface brightness
of p, = 32.90 mag arcsec™2 in r-band, which agrees well
with the value that Shipp et al. (2018) quote for Atlas

(uy = 33.0 mag arcsec™2).

3.3. Contaminants

Stellar streams span large areas on the sky and are
heavily contaminated by Milky Way foreground stars
and unresolved background galaxies. Isochrone-based
color—-magnitude selection can reduce contamination but
never fully remove it. Therefore, a realistic modeling
of both stellar and galactic contaminant populations is
required. We assume both populations to be spatially
uniform across the sky. This approximation is sufficient
for the present study—which focuses on survey-induced
systematics at high Galactic latitudes. Indeed, it pro-
vides a controlled baseline corresponding to an idealized
homogeneous contaminant population.

The intrinsic magnitude distribution of the contami-
nants is derived from DC2, within a 1° radius region
centered on the patch used in Tsiane et al. (2025). We
apply a true magnitude cut m, < 28 to define the under-
lying catalog. This is a conservative choice with respect
to the expected LSST depth after 1 and 4 years of ob-
servations. For galaxies, we further restrict the sample
to compact objects with size_true < 0.3arcsec. This
selects stars and galaxies that could plausibly be misclas-
sified (as point-like) sources.

From this truth-level catalog, we derive surface densi-
ties for each population, obtaining ~ 106 deg™? galaxies
and ~ 10*deg™? stars. These values correspond to in-
trinsic densities, prior to any survey selection effects. For
a given simulated stream, we define an analysis window
corresponding to the angular extent along and across the
stream (discussed in Sec. 3.1 and 4.1.1, respectively). We
sample the corresponding number of background objects
from these surface densities. This ensures that each re-
alization contains a statistically consistent background
population. Finally, the multi-band magnitudes of the
sampled objects are assigned by bootstrapping from the
DC2 truth catalog distributions, preserving realistic stel-
lar and galactic color-magnitude properties at the in-
put (truth) level. This choice is motivated by the fact
that the available truth catalog may contain fewer ob-
jects than required to populate the simulated background
over the full stream region; resampling with replacement

therefore ensures sufficient statistics while maintaining
the empirical distributions. In this way, we generate uni-
form contaminant populations with realistic distributions
in color-magnitude space.

4. STELLAR STREAMS IN REALISTIC CATALOGS

To quantify the LSST sensitivity to density fluctua-
tions in stellar streams, mock data sets are generated
with realistic survey systematics using the public soft-
ware StreamObs (LSST DESC 2025). StreamQbs is a
forward-modeling package designed to transform intrin-
sic stellar populations into observed data-like catalogs for
photometric surveys. It propagates true stellar proper-
ties through survey-specific effects, including depth vari-
ations, photometric uncertainties, selection functions,
and classification performance. The package is under
active development, with planned extensions including
support for additional surveys and more advanced mod-
eling of observational systematics and dynamical stream
inputs.

We summarize below the main steps used to generate
mock data-like catalogs. The generation stage (Sec. 4.1)
constructs stellar streams and background populations
at a given position on the sky, and assigns observed
quantities such as magnitudes and photometric uncer-
tainties. These incorporate both survey depth variations
and dust extinction effects, ensuring a realistic descrip-
tion of the observed data. In the reconstruction stage
(Sec. 4.2), objects are probabilistically classified as de-
tected or not based on these properties. The result-
ing catalog is then processed using selection criteria de-
signed to enhance the contrast between stream stars and
contaminants (Sec. 4.3). This mimics a realistic anal-
ysis pipeline, optimizing the signal-to-noise ratio of the
stream and enabling the subsequent gap detection anal-
ysis (Sec. 6).

4.1. Generation step

Synthetic source injection is commonly used to model
survey selection effects in a fully realistic way, by in-
jecting artificial sources into imaging data and process-
ing them through the full detection and measurement
pipeline (e.g., Everett et al. 2022; Boone et al. 2026).
This approach naturally captures complex observational
effects, including crowding, blending, and instrumental
systematics, and therefore provides the most accurate
description of survey performance.

However, this method is computationally expensive,
especially when large numbers of realizations are re-
quired. In the context of stellar stream studies, thou-
sands of mock streams covering >10,000 deg? must be
generated and analyzed, either in a parametric frame-
work as done here, or using dynamical simulations for
DM constraints (Banik et al. 2021; Ma et al. 2025;
Nguyen et al. 2025). Running synthetic source injection
over such large sky areas is computationally infeasible.

Instead, we adopt an approximate approach in which
selection functions and photometric uncertainties are
modeled as functions of the distance to the local mag-
nitude limit. This provides a computationally efficient
alternative that retains the dominant dependence on
survey depth, while enabling the generation and anal-
ysis of thousands of realizations. This trade-off allows
us to explore the impact of survey systematics at the
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of simulated streams. The yellow color map shows the locations of
1,500 stream realizations injected within the LSST footprint (black
line), excluding high extinction regions (i.e., E(B—V) > 0.2; blue).

scale required for stellar stream studies, while remaining
tractable.

4.1.1. Stellar stream position

Survey systematics are applied by embedding each
mock stream at a specific location within the LSST foot-
print, defined as the sky area covered by all photometric
bands of the survey. This footprint shape evolves only
marginally between data releases, as illustrated in Fig. 3.

As our goal is to assess the impact of spatially vary-
ing survey systematics on fluctuation detectability, each
stream realization is placed at a random position® (drawn
uniformly) within the accessible LSST footprint. This
procedure samples a broad range of observing condi-
tions, including depth variations, photometric uncertain-
ties, and star-galaxy classification performance.

Moreover, we avoid stream locations that would inter-
sect regions of high dust extinction, in order to isolate
survey systematics from strong reddening effects. Dust
extinction is modeled using the E(B — V) maps from
Schlegel et al. (1998), provided as HEALPix maps with
nside = 512. We exclude regions with E(B — V) > 0.2,
which are predominantly located near the Galactic plane.

The final geometric mask over which we simulate stel-
lar streams is shown in Fig. 5. This mask combines the
survey footprint with the low-extinction selection (blue
region). In practice, each realization is required to have
at least 99% of its stars within the unmasked area, en-
suring that measured density fluctuations are not driven
by edge effects. As a result, streams are less frequently
placed near the boundaries of the mask, since they must
lie almost entirely within the allowed region. The yel-
low color scale represents the spatial distribution of stars
from 1500 stream realizations falling within the mask.

4.1.2. Observed magnitudes with dust extinction

We generate observed magnitudes from the positions
and true magnitudes of the simulated objects. For each
point-like object of the truth catalog (stream stars, fore-
ground stars, and compact galaxies), simulated observed
magnitudes are generated taking into account the dust
extinction and photometric uncertainties at the location

5 The intrinsic stream and background positions, defined in
the stream-aligned coordinate system (¢1, ¢2), are transformed to
equatorial coordinates (RA, Dec) using the Gala package (Price-
Whelan 2017; Price-Whelan et al. 2025).

of each object (see Sec. 2.2). The extincted true magni-
tude is first defined as

;rucfuncorr — m‘;rue + Aj (RA, Dec), (10)
where A;(RA, Dec) = R; x Eg_v(RA, Dec) is the extinc-
tion in the j-th band. Here, j denotes the photomet-
ric band, m;vrue the true magnitude, Fp_y (RA, Dec) the
dust reddening at the object position. The coeflicients R
are computed using RubinSim, yielding R, ~ 3.66 and
R, ~ 2.70, assuming a fixed Ry = 3.1 uniform across
the footprint.

The observed quantities are estimated from the dis-
tance to the survey magnitude limit at the object’s loca-
tion. Since the patch used to estimate survey properties
had negligible extinction, Eq. (1) is generalized to

Amj = m;»r“efumorr — m;im(RA, Dec) (11)

m

where m}im(RA, Dec) is the local survey magnitude limit.
The observed flux is obtained by drawing from a Gaus-
sian distribution centered on the flux corresponding to

;r“ef“nco”, with standard deviation given by this pho-

tometric uncertainty o;(Am;) estimated from DC2 sim-
ulations (see Sec. 2.2.1 and Fig. 1). This sampled flux
is converted back into magnitude, yielding the observed
(but uncorrected) magnitude m‘;bs_“nco” in the j-th
band. Finally, to mimic a realistic stellar stream analy-

sis, these magnitudes are corrected for dust extinction:
— A;(RA, Dec) . (12)

_ obs—uncorr
mj = m]

This procedure preserves the degradation of photometric
uncertainties induced by dust absorption, while removing
the global shift in the magnitude distribution.

We stress that the corrections are performed using
the same dust map as that used to perturb the ob-
served quantities, corresponding to an idealized scenario
in which the extinction is perfectly known. In practice,
uncertainties in dust maps, as well as spatial variations in
Ry, would introduce additional systematics. The present
pipeline could be used to quantify their impact, but we
believe that is a subdominant correction compared to the
survey systematics at the high Galactic latitudes studied
here.

4.2. Selection step
4.2.1. Survey selection functions

To determine whether a given object is detected and
classified as a point-like source, we apply the efficiencies
defined in Egs. (3) and (4) within a probabilistic frame-
work. For each object, a random number is drawn from
a uniform distribution in the range [0,1]. If this value
is smaller than the combined detection and classification
efficiency evaluated at the object’s Am,., the object is
considered detected and classified as a point-like source.

For galaxies, the misclassification efficiency, Eq. (5), is
applied in the same way to determine if they are erro-
neously classified as a star. In the case of an idealized
perfect star-galaxy classification, only the detection is
applied to stars, and no galaxy contaminants leak into
the star sample.

Since the selection functions are derived using the -
band as the reference band, no additional magnitude-
dependent efficiency is applied in the g band to avoid
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introducing redundant and strongly correlated selection
effects between filters. However, because the color-
magnitude selection relies on both bands, we impose
an independent requirement o, < 0.2 (corresponding
to S/N > 5) in the g band to ensure that only well-
measured point-like sources are used in the analysis. This
cut is applied at the simulated observed catalog level.
Objects satisfying these probabilistic criteria and selec-
tion cuts are referred to as observed throughout this
work.

For a stream generated with properties similar to AAU
(see Sec. 3), a realistic survey selection accounting for
both detection and star-galaxy classification with a 50
magnitude limit of 26 mag in both r and g bands yields
only ~ 12.4% of the intrinsic stream stars observed, while
~ 28.7% (resp. 17.6%) of the stars satisfy mi"® < 26
(resp. my™® < 26). The matched filter selection would
then select 91% of those observed stars for such a stream
(see Sec. 4.2.2), showing that the dominant loss of statis-
tics occurs at the detection and classification stage. This
highlights the importance of modeling realistic survey se-
lection functions, and shows that simply selecting stars
down to the nominal 50 magnitude limit provides an
overly idealized description of the observed stream pop-
ulation.

4.2.2. Stellar stream selection functions

Several selections in color and magnitude are used to
enhance the contrast between stream members and con-
taminants.

Isochrone Matched Filter— Following Shipp et al. (2018),
a matched filter is constructed around the stream
isochrone that is determined using the true distance mod-
ulus, age and metallicity of the simulated stream (see
Sec. 3). The matched filter shape around that isochrone
is parameterized as follows:

4 : A
(mg —m;)"™° + E X err (quso + Tﬂ) -C

< (my —my) < (13)

(mg —m;)"™° + E X err <m5° - %) +C,
where (mg—m,.)!° is the color predicted by the isochrone
at a given magnitude, F is the error broadening factor, C
the intrinsic color width, and Ay the distance modulus
tolerance. The parameters are fixed to £ = 2 and Ay =
0.5, following Shipp et al. (2018). The color width is
chosen to be symmetric with C = 0.05. The red giant
branch is excluded from the filter, as the small number
of RGB stream members provides insufficient signal-to-
noise to overcome the heavy foreground contamination.
As in Shipp et al. (2018), the photometric uncertainty
is parametrized analytically as defined in Eq. (2). The
constants of this model are fitted to the StreamObs error
model (see Fig. 1) with the limiting magnitude mlg‘m set
to the 95-th percentile of the local depth distribution of
the selected objects. This choice ensures that the error
model reflects the majority of the observed population
and adapts to the stream location within the survey.
Figure 6 illustrates the structure of the matched fil-
ter and selected star and galaxies samples in color—
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Fia. 6.— Color-magnitude diagram of stream stars alone (top)

and combined with stellar and galactic backgrounds (bottom), as
generated by StreamObs for a uniform 4-year LSST survey and
stream with N'U¢ = 10° stars. The green solid line shows the
matched filter, while the dashed line indicates the additional com-
ponent used to suppress the reddest background stars.

magnitude space, before and after the impact of LSST
observations. In the top panel, the filter closely follows
the isochrone sequence defined by the true data (green
selection region, centered on the isochrone traced by the
blue points). The color-magnitude distribution of ob-
served stars presents an increasing spreading with the
magnitude. This is due to fainter stars getting closer to
their local magnitude limit, leading to larger errors. It
also presents a cut-off at a magnitude around mg ~ 26,
introduced by the selection functions near the magni-
tude limit. The cut in the bright end is due to the sur-
vey saturation at mg ~ 16. In the bottom panel, the
background populations occupy a broader region of the
color-magnitude diagram. Compact background galaxies
can be seen to extend horizontally across color space at
my ~ 26. At brighter magnitudes, the contamination is
primarily due to Milky Way main-sequence stars.

Mitigation of red stars contamination— Another notice-
able contaminant comes from the plume of M-dwarfs that
can be seen at g — r ~ 1.2. At faint magnitudes, the M-
dwarf plume broadens due to larger color uncertainties
and can in fact dominate the background in the case of
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perfect star-galaxy classification. For the AAU stream
at ~ 23kpc, no genuine stream members are expected
in this color region; the red plume is therefore purely a
foreground population. Hence, an additional empirical
cut is applied,

(mg —m,) < 1.12 — err(my) , (14)

which suppresses the reddest stellar contaminants, while
only removing a small portion of stellar stream stars
(black dashed line on Fig. 6).

Overall, in the example illustrated in Fig. 6, with
an additional spatial cut in |¢a] < 1.40 = 0.35°, the
matched-filter selection together with the red-star mit-
igation cut yields a sample composed of only ~ 16%
stream stars, compared to ~ 33% foreground stars and
~ 51% galaxies, highlighting the dominant contamina-
tion at faint magnitudes.

4.3. Mock observations and systematics mitigation
strateqy

It is instructive to see how the forward-modeling
pipeline transforms intrinsic stream realizations into
LSST-like observed data. Indeed, it illustrates the im-
pact of survey systematics on the spatial distribution of
the point-like sources. It also highlights the impact on
the stellar stream visibility, and the need for mitigation
strategies aimed at improving the signal-to-noise ratio
and reducing the impact of observational systematics.

4.3.1. Injected vs. observed stellar stream

Once the stream has been injected into the survey, a
spatial cut is applied to define the ‘on-stream’ region.
This is particularly important because our analysis uti-
lizes the one-dimensional linear density along the stream,
making it sensitive to leakage from off-stream sources.
For a Gaussian signal in a uniform background, the aper-
ture that maximizes the signal-to-noise ratio S/v/B cor-
responds to |¢a| < 1.4, where o is the dispersion of the
Gaussian profile. Since the stream follows such a profile,
we adopt this cut throughout the analysis. This choice
has also been validated empirically at the level of gap
detection efficiency.

The top panel of Fig. 7 presents a stellar stream with
a gap (see Sec. 3), before (left) and after (right) injection
at a given location in the LSST footprint, after 4 years
of observation. The panels below show the linear density
of the stream after applying the on-stream spatial se-
lection described above. The forward-modeling pipeline
introduces inhomogeneities driven by depth variability,
selection effects and background contamination, as illus-
trated by the darker patches in the upper-right panel of
the two-dimensional density plot. These effects generate
spurious density variations along the stream and reduce
the contrast of intrinsic features. In particular, localized
perturbations such as gaps can be significantly degraded
or erased, as illustrated by the absence of strong evidence
of the injected gap in the linear density (Fig. 7; top right
panel).

4.3.2. Mitigation strategy and additional cuts

Mitigation of survey depth fluctuations— Imposing a mag-
nitude cut that is significantly brighter than m"™ is a

simple strategy to mitigate the imprint of survey depth
variations, but comes at the cost of a statistical loss.

The bottom panels of Fig. 7 illustrate the impact that
a bright cut on the magnitude has on the spatial distri-
bution and stellar stream visibility. In the left panel, re-
stricting the sample to bright magnitudes restores a more
homogeneous density along the stream (with respect to
the top right panel). This behavior arises because faint
objects—especially compact galaxies—become increas-
ingly numerous near the survey limit (see bottom panel in
Fig. 6) and are strongly modulated by depth variations,
imprinting artificial fluctuations in both the stream and
background densities. By removing these faint sources,
the cut efficiently suppresses survey-induced inhomo-
geneities, while largely preserving the intrinsic density
variations of the stream, such as gaps.

We therefore define a position-dependent cut designed
to reduce survey-induced inhomogeneities. The thresh-
old is defined as the 2nd percentile of the local 100 mag-
nitude limit distribution of the selected objects. This
choice avoids relying on the most extreme local depth
values, which could otherwise impose an unnecessarily
strong cut if only a negligible fraction of the stream lies
in unusually shallow regions. While not optimized, this
prescription provides a conservative and realistic approx-
imation of practical mitigation strategies. Typical dis-
tributions of these cuts are presented in Appendix B.
The median cuts in the g band are 24.2 mag for year 1
and 25.3mag for year 4, while in the r band they are
24.6 mag and 25.6 mag, respectively. These values pro-
vide representative effective magnitude limits for realistic
LSST stream gap analyses accounting for survey depth
mitigation. It has been found to be effective in reducing
survey-induced systematics (see Sec. 7.1), while leaving
room for more refined optimization in future analyses.

Mitigation of S/G contamination— Even in the absence of
survey depth variations, a magnitude cut is necessary to
control background contamination. In particular, imper-
fect star—galaxy classification leads to increasing galaxy
leakage at faint magnitudes, which can dominate the
selected sample. To limit this, we define a magnitude
threshold m;‘“ that maximizes the stream significance

relative to the background,

. cut g9
Sig(n") = 2 (15)
g

where S and B denote the number of selected stream
stars and background objects, respectively. This selec-
tion reduces contamination from faint galaxies while re-
taining a sufficient number of stream stars for the anal-
ysis.

The bottom-right panel of Fig. 7 shows an idealized
configuration combining a uniform survey depth with
perfect S/G, used as a benchmark for the realistic case in
the bottom-left panel. Two systematics are absent here:
depth is uniform, removing the need for the mitigation
cut, and classification is perfect, removing galaxy leak-
age, dominant in the faint regime as shown in Fig. 6 (bot-
tom panel). A magnitude cut is still applied to maximize
stream significance (Eq. 15), but is now driven solely
by foreground-star contamination, allowing a fainter cut
and higher contrast than in the realistic case (bottom-
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Fia. 7.— Four observational configurations showing the density of the observed two-dimensional stellar stream density (top) and the

projected (bottom) ‘on-stream’ selection (see text). The upper set of panels shows the stream before injection (left) and after forward
modeling into the LSST Year 4 survey using Stream0Obs (right). The lower set compares a realistic LSST Year 4 survey (left) with a uniform
survey assuming perfect star-galaxy classification (right). The one-dimensional density is computed within |¢2| < 1.4 = 0.35°, with the
color-bands corresponding to the Poisson uncertainties. A shallow magnitude cut is applied to enhance the signal-to-noise ratio of the
observed stream. In the realistic case, an additional bright cut is used to mitigate survey systematics.

left panel). This illustrates that survey depth variations
and imperfect classification each independently limit the
usable survey depth.

In the presence of both survey depth variations and
background contamination, we adopt the more restrictive
of the S/N-based and depth-based magnitude cuts.

4.4. Summary and discussion

The StreamObs framework, combined with the color-
magnitude selection, provides a quick forward-modeling
approach to assess the performance of photometric sur-
veys for stellar stream studies. It consistently incorpo-
rates both statistical uncertainties and spatially varying
systematics.

Mitigation strategies based on magnitude cuts are a
necessary step to obtain robust stream characterization.
Survey depth variations require masking parts of the
data, following the same philosophy as in large-scale
structure analyses, which also rely on relatively bright
magnitude-limited samples to control observational sys-

tematics (Rodriguez-Monroy et al. 2025; Weaverdyck
et al. 2026). While more advanced correction schemes
are being actively developed (e.g., Boone et al. 2026),
they remain at the frontier of current analyses, and our
approach therefore adopts a conservative choice.

Background contamination linked to star—galaxy clas-
sification imposes a fundamental limitation on the usable
depth: galaxies begin to dominate beyond m, ~ 24.5,
preventing a reliable exploitation of the full LSST depth
expected after 10 years (mg, ~ 27). While future im-
provements may recover part of this lost information,
we adopt conservative cuts to ensure robustness in the
present analysis.

5. MOCK OBSERVATION SETUP

To quantify the impact of survey systematics on stream
density fluctuation measurements, the analysis is an-
chored to an AAU-like stream baseline, whose fixed pa-
rameters and their limitations are discussed in Sec. 8.
Three classes of parameters are then varied indepen-
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TABLE 1
REFERENCE PROPERTIES OF THE SAMPLED AAU-LIKE STREAM
REALIZATIONS USED THROUGHOUT THIS WORK. FOR EACH
INJECTED NUMBER OF STARS N WE LIST THE

CORRESPONDING STELLAR MASS, OBSERVED SURFACE BRIGHTNESS,
AND THE AVERAGE NUMBER OF OBSERVED STARS RECOVERED IN
UNIFORM LSST Y1 AND Y4 CONFIGURATIONS. THE BOLD ROW

CORRESPONDS TO THE BASELINE AAU-LIKE CONFIGURATION

ADOPTED THROUGHOUT THE ANALYSIS.

Ntrue M:rue E* Nobs Nobs
* * *

[Mo] [mag/arcsec?] (Y1) (Y4)

2 x10%  4.87 x 103 33.66 2079 2868
3x10%  7.31x103 33.22 3086 4312
4 x10* 9.74 x 108 32.90 4139 5750
5x10%  1.22 x 10* 32.66 5143 7169
6 x 104 1.46 x 10% 32.46 6196 8628

dently: the intrinsic number of stream stars N{*“e

(Sec. 5.1), to characterize the dependence of sensitiv-
ity on stellar statistics, which can also be interpreted as
probing streams at different distances or surface bright-
nesses; the gap depth and width, to map the full de-
tectability landscape over a realistic parameter range;
and the survey systematics configuration (Sec. 5.2), to
isolate and quantify the individual contribution of each
observational effect to the overall sensitivity loss.

5.1. Injected stream and gap parameters

From the stellar stream gap model described in Sec. 3.2
and Eq. (8), we generate 1500 mock realizations for each
gap parameter combination. We sample gap depths A
from O (uniform stream) to 1 (full depletion) in steps of
0.2, and gap widths w from 3° to 11° in steps of 2°. The
upper bound for w is chosen to avoid unrealistically large
gaps for streams with lengths comparable to AAU. The
gap position is randomly sampled, with the constraint
that it lies fully within the stream realization as illus-
trated by Fig. 5.

The number of true stars in the stream, before any
observational effects, is varied from 2 x 10* to 6 x 10*
in steps of 10%. This range is chosen to bracket realistic
stream populations accessible to LSST observations (see
discussion in Sec. 3.2.3). We summarize the correspon-
dence between the injected number of stream stars, the
associated surface brightness, and stellar mass in Table 1.
We also estimate the number of stars recovered in uni-
form LSST observations after 1 and 4 years, correspond-
ing respectively to ~ 10.3% and ~ 14.4% of the injected
population. These values are derived for a homogeneous
survey without dust extinction, and therefore vary with
stream position in realistic survey configurations due to
depth fluctuations and dust absorption.

5.2. Survey systematics configurations

The impact of survey systematics is assessed on the
configurations listed in Table 2. We explore configura-
tions ranging from idealized to realistic (some of which
are highlighted in Fig. 7). The survey with no depth
variation and no background is chosen as the idealized
reference scenario, with the gap recovery limited only
by the Poisson statistics of the detected number of stars
(ideal case with infinite S/N ratio). The star counts are
limited by the object detection efficiency (Eq. 3), and
not by stellar classification (Eq. 4), which is considered
to be perfect in this ideal case. It closely matches the

TABLE 2
CONFIGURATIONS OF SIMULATED DATASETS AND ASSOCIATED
SELECTION CRITERIA, ORDERED FROM IDEAL (IN ITALICS) TO THE
MOST REALISTIC (IN boldface).

Survey Background Magnitude S/G
depth inclusion selection classification
Perfect
H N N
omogeneous 4 one { Observed
L Perfect
Realist N N
ealistic o one { Observed
L Perfect
Realist N Depth-based cut
ealistic o ep ased cu { Observed
Homogeneous Yes Matched filter & Perfect
S/N-based cut Observed
. Matched filter & Perfect
list Ye
Realistic e S/N-based cut { Observed
Realistic Yes

S/N-based cut &

Matched filter & { Perfect
Depth-based cut

Observed

approach of some dynamical simulation studies, where
the observed stream population is obtained by applying
a simple magnitude cut around the survey limiting mag-
nitude (Erkal & Belokurov 2015b; Lu et al. 2025; Nguyen
et al. 2025).

A slightly more realistic configuration is to add realis-
tic star classification efficiency (Sec. 2.2.2), background
contamination (Sec. 3.3) from foreground stars and mis-
classified galaxies (Sec. 2.2.3), as well as survey depth
inhomogeneities (Sec. 2.2.4). When including the back-
ground, a signal-to-noise-based magnitude cut is applied
to control the galaxy contamination. For inhomogeneous
surveys, an additional depth-based cut (Sec. 4.3.2) miti-
gates survey-depth fluctuations; both cases are tested to
isolate the background impact. The configuration that
we consider the most realistic (i.e., representative of the
expected data from LSST) combines all of these effects.

6. STATISTICAL FRAMEWORK FOR GAP DETECTION

In order to quantify the effect of survey systematics
on the measurement of density fluctuations in stellar
streams, we need to specify a sound metric to assess the
detection efficiency of the injected gaps.

6.1. Power spectrum analysis and likelithood

Several DM studies with stellar streams in the litera-
ture have been performed in Fourier space (Bovy et al.
2017; Banik et al. 2021). This representation provides
a convenient framework to quantify density fluctuations
across a wide range of spatial scales. It has been shown
to be well suited to characterizing the impact of obser-
vational systematics (Boone et al. 2026). An additional
advantage of the Fourier approach is that it naturally
captures fluctuations over all scales simultaneously. In
contrast to real-space methods, which are typically sensi-
tive to localized and visually prominent gaps, the power
spectrum encodes the cumulative effect of both small-
and large-scale perturbations. This makes it especially
sensitive to the global fluctuation level induced by survey
effects, rather than focusing on individual features in iso-
lation. In this study, we use both approaches, i.e. anal-
ysis done in real and Fourier space, in order to quantify
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the impact of this choice of metric on the results. They
yield consistent results (App. A), with the Fourier anal-
ysis being slightly more conservative, and we therefore
adopt it throughout the rest of the paper.

Likelihood in Fourier space— The one-dimensional lin-
ear density A, is binned, see Eq. (9), in intervals of
0.5°, within a window extending 2° beyond each end
of the stream, fully encompassing it. The power spec-
trum of the data Py(k) and the model P, (k) (Sec. 3.2.1)
are computed using scipy.signal.csd. When relevant
(see next section), a constant background contribution is
added in the model to account for a uniform contamina-
tion level.

The statistical properties of the power spectrum are
modeled using a likelihood based on the non-central x?2
distribution, x2.. For each Fourier mode k > 0, the
likelihood is written as

L= G (Pa(k); df =2, A, o(k)),  (16)
k>0

where df is the number of degrees of freedom, X is the
non-centrality parameter, and o(k) is a scale parameter
that encodes the Poisson noise from the available objects
sample.

The x2, distribution generalizes the standard x? dis-
tribution by introducing a non-centrality parameter, A,
which encodes the presence of a signal (Patnaik 1949). In
the limit that A = 0, it reduces to a central chi-squared
distribution.

In the absence of signal, we recover that the power
spectrum P,(k) of a Gaussian random field is a central
x? with df = 2 (Priestley 1981, Sec. 6.1.3); see also Van-
derPlas (2018, Sec. 5). This allows us to estimate the
scale parameter o(k) by fitting the distribution of P;(k)
in noise-only realizations. In the presence of a signal, the
power spectrum distribution becomes non-central. Em-
pirically, the non-centrality parameter is found to scale

as B @
h) =0

where P(k) denotes the signal contribution to the power
spectrum. The y2_ parametrization thus provides an ef-
fective description of the transition from noise-dominated
to signal-dominated regimes.

In the context of a likelihood-ratio test for nested
models (see Sec. 6.2), the likelihood-ratio distribution is
asymptotically described by a central x? distribution un-
der the null hypothesis Hy (no signal) and a non-central
x? distribution under the alternative hypothesis H; (see
Sec. 10.5.2 of James 2006).° Moreover, the non-centrality
parameter, )\, is given by the squared signal significance
in units of standard deviations (analogous to signal-to-
noise ratio). We verified both of these behaviors using
idealized simulations, giving us confidence in our choice
of the likelihood function Eq. (16).

This likelihood neglects, however, correlations between
Fourier modes induced by the finite stream length. We
nevertheless tested this approximation in a controlled
case using sinusoidal density variations, instead of the

(17)

6 In our context, Hy and Hj correspond to the unperturbed and
perturbed stream, respectively.

single gap model discussed in Sec. 3.2, which produces lo-
calized Fourier features, and found consistent likelihood
fitting results (see also App. A for a comparison with the
gaps model).

6.2. Hypothesis testing

The likelihood framework is used to perform hypothe-
sis testing on the presence of density fluctuations in stel-
lar streams. The null hypothesis Hy corresponds to a
uniform stream, characterized by a flat density profile
and thus an amplitude of fluctuations A = 0. The alter-
native hypothesis H; describes a perturbed stream with
A > 0, including additional parameters that depend on
the chosen model, for instance the width w and position
Zgap Of the gap.

The compatibility between the data and these hypothe-
ses is quantified using the delta-log-likelihood (Cowan
et al. 2011),

R=—-2[logLy,(A=0,0) —log Ly, (A,0)], (18)

where 6 denotes the set of additional parameters associ-
ated with the model. This statistic measures the relative
preference for a fluctuating density model over a uniform
stream.

Figure 8 shows an example of the power spectrum fit
and the corresponding hypothesis comparison. Under
Hy, the power spectrum exhibits an increase at large
scales due to the finite stream length, and approaches
a constant level at small scales where shot noise domi-
nates. Under H;, the model reproduces the excess power
induced by the gap at large scales. Residual features at
smaller scales arise from windowing effects in the Fourier
transform. Comparing both hypotheses results for this
realization yields R ~ 170. At small scales, we ob-
serve a noise-dominated distribution that follows a x?
behavior, which is intrinsically asymmetric. As a result,
percentile-based intervals are not symmetric around the
median, and some realizations may appear to lie outside
the displayed bands due to visualization effects rather
than model inadequacy.

6.3. Detection efficiency

The detection efficiency of density fluctuations is quan-
tified from the distribution of the likelihood ratio defined
in Eq. (18).

For a given set of gap parameters (depth and width;
Eq. 8) and survey configuration (Table 2), 1500 stream
realizations are generated and injected within the LSST
footprint (see Sec. 5.1), providing the sample on which
the hypothesis test described below is performed.

Null hypothesis distribution.— The reference distribution
is obtained under the null hypothesis Hy, corresponding
to a uniform stream. Its likelihood ratio distribution,
R(A = 0), defines the baseline for detection. The 95th
percentile of this distribution is adopted as the rejection
threshold, corresponding to a false positive rate of de-
tecting stream density fluctuations of 5%.

The null distribution depends on the observational con-
figuration, including background contamination and se-
lection cuts (see Table 2). It therefore captures the im-
pact of survey systematics, which introduce artificial den-
sity fluctuations along the stream. These effects shift the
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Fia. 8.— Example of a one-dimensional power spectrum fit for
a stellar stream with N = 2 x 10 stars, observed after 1 year
of LSST operation. The realization (symbols) includes a gap with
amplitude A = 0.5 and no background contamination. Shaded
regions indicate the 16th and 84th percentiles of the distribution
arising from Poisson uncertainties, while dashed and solid lines
show the corresponding medians.

likelihood ratio toward larger values and broaden its dis-
tribution, requiring an increased rejection threshold in
order to achieve the same 5% false positive rate. Conse-
quently, the efficiency is reduced, since genuine fluctua-
tions must exceed the level of spurious structure induced
by the survey in order to be detected.

Figure 9 shows an example of the likelihood ratio dis-
tributions for the null hypothesis in orange full line, and
the resulting rejection threshold. The Hj, distribution
exhibits the expected chi-squared-like behavior. As an
additional validation of the likelihood pipeline, it is found
to be well described by a x? component and Dirac at 0,
consistent with Chernoff’s extension of Wilks’ theorem
to bounded parameters (Chernoff 1954; Wilks 1938).

Signal hypothesis and efficiency.— For a given fluctuation
model with parameters 6 (e.g., gap depth A and width
w), the same procedure is applied to generate the likeli-
hood ratio distribution R(A,#). A stream realization is
considered to be detected if its likelihood ratio exceeds
the rejection threshold defined from the null hypothesis
distribution.
The detection efficiency is then defined as

£(6) = n[R(A,0) ?V f:”th(A =0)] 7

where n[-] counts realizations satisfying the condition,
and Nyea1 = 1500 is the total number of realizations per
stream configuration.

When a signal is present, the distribution is shifted
toward larger values of R, reflecting the reduced com-
patibility of the data with the uniform model (Hp). In
the example shown in Fig. 9, corresponding to a gap with
amplitude A = 0.2, 37.3% of the realizations exceed the
rejection threshold. This defines the detection efficiency
for this stream type and survey configuration.

(19)

7. GAP DETECTABILITY FORECAST IN LSST SURVEY

With the forward-modeling pipeline (Sec. 4), the
stream model (Sec. 3), and the statistical framework
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Fic. 9.— Distributions of the likelihood ratio for realizations of
a stellar stream with and without a gap. This example corresponds
to Nue = 2 x 10% stars, without background contamination, after
4 years of LSST observation.

(Sec. 6) in place, the detectability of gaps (Sec. 7.1
and 7.2) is now assessed for each survey configuration
(Sec. 5.2). We then comment on the impact of systemat-
ics on the minimal DM subhalo mass probed (Sec. 7.4).

7.1. Ideal case: survey with no background

The background-free configuration provides a con-
trolled setup to validate the pipeline and to interpret
the impact of survey systematics in the absence of con-
tamination. By construction, this configuration does not
need spatial cuts for the stream selection.

Figure 10 illustrates this impact for LSST 1 year (left
panels) and 4 years (right panels) on (i) the detection
efficiency £ as a function of the gap depth A and width
w (top panels) and, in a complementary view, on (ii) the
minimal detectable gap depth as a function of the num-
ber of stars in the stream as represented by the surface
brightness and stellar mass (bottom panels).

Configuration sensitivity vs. A and w— In the top panels
the detection efficiency £(A4, w, N™¢ = 4 x 10%), color-
coded from 0 to 1 (from blue to yellow), increases with
both A and w, as deeper and wider gaps produce stronger
and more extended signatures in the density field. The
same trend is observed for the other background-free con-
figurations.

The impact of the survey configurations is illus-
trated by drawing, on the same figure, the iso-contours
E(A, w) = 0.5 for each configuration. Because the effi-
ciency is estimated from a finite number of realizations
(see Sec. 6), bootstrap resampling gives a sampling un-
certainty of ~ 6% at & = 0.5, corresponding to an abso-
lute uncertainty of ~ 0.03.

Moving from a perfect (dashed lines) to observed (dot-
ted lines) star-galaxy classification always degrades the
detectable amplitude and width (the iso-curves move to-
wards the upper right direction). The ideal configura-
tion (blue lines) shows the smallest gaps that can be
detected over the Poisson fluctuations. This gap sensi-
tivity is degraded (iso-curves shifted to the top right)
in inhomogeneous surveys (green lines), but enforcing a
magnitude cut allows recovering part of this sensitivity
(yellow lines).
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F1c. 10.— Detection performance for gap signatures in the absence of background contamination. The upper panels show the detection

efficiency as a function of gap depth A and width w for N!™¢ = 4 x 10%. The color scale indicates the efficiency, assuming a star-galaxy
classification based on the extendedness parameter and no bright magnitude cut. Contours mark the £(A,w) = 0.5 level for different
analysis methods. The lower panels present the minimum detectable gap depth at fixed width w = 5deg, defined by a detection efficiency
&€ > 0.5, as a function of stream stellar mass (top scale) and surface brightness (bottom scale). From left to right, the markers correspond
to N¥ue = (6, 5, 4, 3, 2) x 10* stars. Results are shown for 1 year (left) and 4 years (right) of observation.

At w = 0, the gap modulation in Eq. (8) reduces ex-
actly to a uniform stream, independently of A; below the
0.5° binning scale (Sec. 6), the gap is also unresolved.
Both effects drive every configuration toward the same
low efficiency at small w, explaining the convergence of
the iso-curves there.

Configuration Sensitivity for 1 year vs. 4 years — The most
striking feature of Fig. 10 is that, without a magnitude
cut (the color scale shown), the efficiency maps (top
panels) are nearly identical between the 1-year and 4-
year surveys. The larger number of detected stars in the
deeper survey is therefore offset by an increased sampling
of residual depth fluctuations, maintaining a compara-
ble level of artificial structure between the two releases.
This effect is quantified below at fixed gap width: with-
out a magnitude cut, the minimum detectable gap depth
improves by only ~ 3-6% on average between the two

releases, whereas once mitigation cuts are applied, the
improvement instead reaches ~ 25-35%, comparable to
the gain observed in uniform survey configurations. This
shows that controlling survey-induced fluctuations is nec-
essary to effectively benefit from the increased statistical
power of deeper LSST observations.

Configuration sensitivity vs. A and N — The bottom
panels of Fig. 10 show the minimum detectable relative
gap depth as a function of the stream surface brightness.
This quantity, denoted Ain, is defined as the smallest
gap depth for which the detection efficiency reaches 50%

at a fixed gap width of w =5,
g(Aminy N:rue, w = 50) =0.5. (20)

The finite sampling uncertainty on the efficiency prop-
agates into an uncertainty of ~ 3% on Ap;,, which is
adopted throughout the rest of this work.
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The ranking (between configurations) of the minimal
detectable amplitude remains the same for the various
stellar stream masses. Unsurprisingly, the gap sensitivity
decreases (i.e., the minimal detectable gap amplitude in-
creases) when the surface brightness increases—or equiv-
alently, when the stream mass (or N%¢) decreases. The
only exception is for the inhomogeneous survey without
magnitude cuts (green squares), for which the sensitiv-
ity shows only a weak improvement when increasing the
stellar mass. In this case, the spatial variations of the
survey depth imprint artificial density fluctuations along
the stream (false positives). As the stellar mass increases,
the stream more densely samples these variations, en-
hancing the correlation between the observed density
and the depth pattern. Statistically speaking, the likeli-
hood ratio, Eq. (18), increases not only for perturbed
streams but also for unperturbed stream realizations.
The null hypothesis distribution is therefore broadened
and shifted toward larger values, raising the rejection
threshold. This effect compensates the gain in statisti-
cal power expected from larger samples, and limits the
improvement in sensitivity. This balance is also reflected
by the close agreement between the two green curves,
corresponding to observed and perfect star-galaxy clas-
sification. Improving the star-galaxy classification alone
does not significantly enhance the sensitivity, indicating
that the regime is already dominated by survey depth
variations rather than statistical noise.

This issue can be mitigated by applying magnitude
cuts (orange circles), allowing us to recover a minimum
detectable gap A ~ 10% deeper.

In brief— In an (unrealistic) background-free survey,
mitigating the impact of depth inhomogeneity is essen-
tial. A simple and effective approach is to apply a bright
magnitude cut adapted to the local depth, as defined in
Sec. 4.3.2. In this case, the minimum detectable gap
depth becomes limited by Poisson statistics rather than
by survey-induced fluctuations. This also explains the
improved performance obtained with perfect star-galaxy
classification. This approach also restores the benefit of
deeper observations (4 years).

7.2. Realistic case: survey with background

We repeat the analysis for the survey configurations
with background listed in Table 2.

Comparison of performances w/ and w/o background— A
comparison of the top panels of Figs. 10 (no background)
and 11 (with background) shows that, in both cases, the
detection efficiency £(A, w, Ni™¢ = 4 x 10%) increases
from & = 0.05 (blue) to & =1 (yellow) with deeper and
wider gaps (A, w); the iso-contours for different survey
configurations (w/ or w/o depth variation and star classi-
fication) also display similar dependences. However, with
background, the sensitivity is significantly reduced: iso-
contours £(A, w) = 0.5 are shifted significantly towards
deeper and wider gaps. Another significant difference is
between the perfect and observed star-galaxy classifica-
tion configurations (compare the dashed and dotted lines
in the two figures): in addition to the star-galaxy clas-
sification, present in the background-free configuration,
the background configuration adds numerous misclassi-
fied galaxies in the stellar stream selection. A last differ-

ence is the increased improvement for the 4-year survey
over the 1-year survey in the background case: this arises
from the effective mitigation of systematics or signal-to-
noise ratio magnitude cuts (discussed in Sec. 4.3.2).

7.3. QOwerall sensitivity loss in realistic surveys

We show in the top panel of Fig. 12, the minimal de-
tectable gap relative depth—from &(Auyin, NYU, w =
5) = 0.5—as a function of the stream surface bright-
ness. We only show the two extreme (ideal and realistic)
configurations of Table 2. The realistic survey (green
lines) exhibits a much stronger dependence with the sur-
face brightness, compared to the ideal survey (orange
lines). This pronounced dependence on the number of
stars, which was not present in the background-free case,
reflects the dominant role of background contamination.

The bottom panel summarizes our results, by show-
ing the ratio of the minimum detectable depth (for vari-
ous survey systematics) to the ideal survey configuration
Amin /A3 For the 4-year survey,

e the gap depth detectability degrades by a factor
~ 4 when adding the background, even for a ho-
mogeneous depth and perfect S/G classification;

e applying bright magnitude cuts to mitigate survey
depth variations recovers ~ 15% of the sensitivity;

e depth spatial variation and S/G classification fur-
ther degrades the sensitivity by ~ 23% (i.e., factor
~ b sensitivity loss with respect to the ideal sur-

vey);

e for a 1-year survey, the sensitivity loss for the real-
istic survey is ~ 30%.

7.4. Minimal detectable subhalo mass

We can connect our stream gap sensitivity studies to

DM subhalo sensitivity by mapping the depth and width
of a gap to the mass of a DM subhalo that could produce
it.
Probability to produce and detect a gap— Following the an-
alytical framework of Erkal et al. (2016), the conditional
probability P(A,w | Msup), of the gap property distri-
bution (A, w) given a subhalo mass Mg, is obtained by
marginalizing over parameters like the impact time and
velocity (see App. C). This mapping, while approximate
(compared to full dynamical simulations), is sufficient to
assess how observational systematics affect the minimal
detectable subhalo mass.

This conditional probability enables us to write the
probability that a subhalo with mass Mg, produces a
detectable gap (provided an interaction with the stellar
stream occurred):

Pt (M) = [ [ €0 P | M) dAdu,

(21)
where £(A, w, N = 4 x 10*) is the gap detection effi-
ciency estimated in the previous section. We stress that
there is no assumption on the abundance or spatial distri-
bution of subhalos in this calculation, therefore it should
not be interpreted as a detection rate.
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Fic. 11.— Same as the top panel of Fig. 10. It shows the gap sensitivity detection in various scenarios, in the presence of background

contamination. The color map refers to the results for the most realistic survey configuration only (inhomogeneous survey, with background

and S/G contamination).

The two terms of this integral are shown in Fig. 13.
The displayed contours correspond to the minimum-area
regions enclosing 68% of the probability density. More
massive subhalos tend to produce larger gaps, their dis-
tribution encompassing regions of higher detection effi-
ciency, therefore increasing their detectability. We show
the resulting detection probability Pdetect in Fig. 14, for
both ideal and realistic survey configurations (see Ta-
ble 2). As expected, the probability increases with sub-
halo mass. Overall, the realistic survey configuration
yields up to ~ 2 times fewer detectable gaps than the
ideal case. Additional configurations (not shown) indi-
cate that depth fluctuations alone reduce the detection
probability by ~ 9%, while imperfect star-galaxy classi-
fication leads to a larger ~ 24% decrease. The realistic
1-year survey further decreases the detection probability
by a factor of ~ 0.70 relative to the 4-year configuration.

Minimal subhalo mass sensitivity— To summarize the sen-

sitivity of the survey, we define a characteristic mass scale
by requiring P9e**(My,p,) > 0.4.7 This threshold iden-
tifies the mass above which a non-negligible fraction of
subhalo impacts produce detectable signatures. It should
be interpreted as an intrinsic detectability limit of the
measurement, rather than a prediction for the number of
observed subhalos, since no assumption is made on the
underlying subhalo mass function.

Figure 15 (left panel) shows the minimum detectable
subhalo mass as a function of the stream surface bright-
ness or stellar mass. Configurations without displayed
points correspond to cases where the detection proba-
bility does not reach the adopted threshold within the
explored mass range, typically for the faintest streams.

7 The conservative threshold of 0.4 is chosen for practical rea-
sons: some realistic configurations, especially the 1-year LSST sur-
vey, do not reach probabilities much larger than Pdetect (Mg 1) ~
0.4 for the subhalo mass range of interest; adopting Pdetect = 0.5
leads to stronger inferred sensitivity losses from background con-
tamination and survey systematics and reduces the minimum de-
tectable subhalo mass by a factor of ~ 2.

As for gap detectability, the realistic survey configu-
ration exhibits a much stronger dependence on surface
brightness than the idealized case. In the ideal config-
uration, the minimum detectable mass reaches values
nearly one order of magnitude smaller than in the re-
alistic survey, and depends only weakly on the number
of stars. This behavior reflects the transition from a
Poisson-noise-dominated regime in the ideal case to a
background-dominated regime in the realistic configura-
tion, where contamination and survey systematics signif-
icantly degrade the signal-to-noise ratio.

The right panel of Fig. 15 summarizes the relative
degradation in subhalo mass sensitivity with respect
to the ideal survey configuration. For a representative
stream with N = 4 x 10* stars,

e background contamination alone increases the min-
imum detectable subhalo mass by a factor of ~ 5.5;

e survey depth variations further degrade the sensi-
tivity to a factor of ~ 8, mainly due to the mitiga-
tion cuts required to suppress spurious fluctuations;

e imperfect star-galaxy classification increases the
minimum detectable mass by a factor of ~ 13.6
relative to the ideal case;

e a realistic 1-year survey further reduces the sensi-
tivity by a factor of ~ 2.7 compared to the 4-year
configuration.

Hence, while background contamination is the dominant
limitation, survey systematics further degrade the sub-
halo mass sensitivity by an additional factor of ~ 2.9
relative to the background-only configuration, driven pri-
marily by imperfect star-galaxy classification.

Overall, these results demonstrate that observa-
tional effects—background contamination, survey inho-
mogeneities, and classification uncertainties—can shift
the minimum detectable subhalo mass by more than an
order of magnitude. Since the abundance of DM subha-
los rises steeply toward low masses (dN/dM oc M~!°
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Fic. 12.— The top panel is similar to that of Fig. 10. It shows the
minimal detectable relative amplitude, obtained from the efficiency
condition £(A™ w = 5deg) = 0.5, as a function of stream stellar
mass (top axis) and surface brightness (bottom axis) after 4 years
of observation. For readability, we only show the result for the re-
alistic (green lines) and ideal (orange lines) survey configurations.

The bottom panel presents the ratio A™™ /A™IN highlighting the

ideal”
degradation induced by different survey systleneftatics, Markers in-

dicate the reference case with N¢ = 4 x 10* stars, while error
bars and arrows reflect the dependence on surface brightness. The
square marker indicates the case without survey depth variation
mitigation.

(Springel et al. 2008)), this loss of sensitivity directly
translates into a reduced ability to test deviations from
ACDM. Accurately modeling these effects is therefore es-
sential for any realistic forecast of DM constraints from
stellar streams.

8. DISCUSSION
8.1. Analysis choices

Several of our analysis choices were adopted to provide
a consistent and controlled analysis framework rather
than an optimized analysis strategy. Overall, these
choices do not affect the qualitative trends highlighted
in this work, but they can set the absolute scale of the
reported sensitivities. They should therefore be inter-
preted as defining a reference configuration, which can
be refined or adapted for specific analyses. We describe
these choices in more detail below.
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Fic. 13.— 68% highest-density contours of the gap distributions
induced by subhalos of 10%, 106 and 107 M, (from bottom to top)
in the (A, w) plane. The background color map indicates the gap
detection efficiency for a realistic four-year LSST survey observing
a stellar stream with Nf™® = 4 x 104 stars.
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Fi1a. 14.— Detection probability of DM subhalos as a function of
their mass, for a stellar stream with N{™¢ = 4 x 10% stars observed
with LSST after 4 years. The ideal case corresponds to streams
observed without background and survey systematics effects, while
the realistic one includes those effects.

Rejection threshold in the likelihood analysis— The rejec-
tion threshold (Sec. 6) is defined using the 95th percentile
of the likelihood-ratio distribution for the null hypothe-
sis (Fig. 9). This choice is primarily motivated by the
need to define a measurable detection efficiency. Adopt-
ing a more stringent threshold (i.e., moving from ~ 20
to 50) would shift the inferred sensitivity toward larger
gap amplitudes or higher subhalo masses, while a more
permissive threshold would have the opposite effect. In
practice, raising the threshold is also limited by the com-
putational cost required to accurately sample the tail of
the likelihood-ratio distribution (see Fig. 9). While the
likelihood-ratio distribution in the idealized case follows
the expected analytical behavior, the distribution must
be empirically calibrated with simulations for the more
realistic configurations. The P(k) likelihood further ne-
glects correlations between Fourier modes.
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Matched filter parameters— The matched-filter param-
eters (see Sec. 4.2.2) are fixed to follow true stream
isochrone, corresponding to an idealized case. We veri-
fied that moderate variations of these parameters, which
modify the selected background population and can
change the relative contribution of contaminants such as
galaxies, lead only to small shifts in the results.

Survey depth mitigation strategy— We highlighted the
need to mitigate survey depth variations, and we used
the simplest approach of a bright magnitude cut. To
define this cut, we used the 2nd percentile of the local
magnitude limits (Sec. 4.3.2). While this choice is some-
what arbitrary, we tested several percentile thresholds
and found the 2% choice to provide a reasonable com-
promise for the configurations explored here.

8.2. Minimal detectable subhalo masses in the literature

We presented estimates of the minimum detectable
subhalo mass for A AU-like streams using only linear den-
sity fluctuations along the stream. More generally, ad-
ditional constraints can be obtained from stream kine-
matics, in particular velocity dispersion measurements
(Nibauer et al. 2025; Carlberg 2025), which have already
been used to probe the subhalo population.

In Lu et al. (2025), the minimum detectable mass
is defined as the value for which 50% of realizations
are detected, which is equivalent to setting a criterion
paetect (M) = 0.5 (Eq. 21). Their analysis addition-
ally includes kinematic and morphological observables
(e.g., proper motions, radial velocities, and stream track
perturbations) but does not account for realistic sur-
vey selection, systematics or background contamination.
Restricting the comparison to our ideal survey config-

uration (Table 2), we obtain M™® ~ 5.3 x 10° M, at
pdetect ~ () 5 in good agreement with their LSST-like re-
sults (7.9 x 10°-1.6 x 10° My). The remaining difference
is consistent with our broader sampling of impact times,
which includes older encounters producing stronger gaps,

whereas their analysis fixes the impact to a recent epoch.

A complementary comparison can be made with
Sec. 3.1.2 of Drlica-Wagner et al. (2019), who estimate
the minimum detectable subhalo mass from a fixed 50
signal-to-noise threshold after 10 years of LSST observa-
tions, including stellar foregrounds but not mis-classified
galaxy contamination. Their setup is therefore most
comparable to our uniform survey configuration with
perfect star-galaxy classification. For a surface bright-
ness of 33 mag/arcsec?, they obtain M3 ~ 2 x 10" My,
while we find MMM ~ 4 x 10% Mg, at Pdetect ~0.5. The
remaining difference is consistent with their more conser-
vative detection threshold and different survey assump-
tions.

8.3. Stellar stream and background modeling

As motivated in Sec. 3, the stream, gap, and back-
ground were modeled in the configuration most favorable
to detection; the reported detection efficiencies should
therefore be interpreted as upper bounds, and the cor-
responding minimum detectable gap depths and subhalo
masses as lower bounds. The relative degradation be-
tween survey configurations, the central result of this
work, is comparatively more robust to these choices, since
it is driven by systematics common to every configura-
tion tested.

Other streams— The properties of the simulated stel-
lar streams have been fixed to those of AAU. Since gap
detectability primarily scales with the number of de-
tected stream stars, these sensitivity estimates apply to
streams with comparable observational properties, and
would shift toward lower sensitivities for fainter or more
distant systems such as Jet (Jethwa et al. 2018; Fergu-
son et al. 2021). Variations in stellar population proper-
ties (e.g., age, metallicity, or isochrone) would also mod-
ify the selected background contamination, and therefore
the absolute sensitivity values.

Stream parametric model— The stream baseline is mod-
eled as a uniform density profile along ¢ (Sec. 3.1),
whereas real streams may exhibit more complex profiles
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arising from their dynamical history or a distance gra-
dient along the stream. To quantify this, streams with
a linear density gradient of 40% along their length, con-
sistent with the density variation expected from the dis-
tance gradient of AAU (Li et al. 2021), are injected and
analyzed. The resulting minimum detectable gap depth
differs by only ~ 1% relative to the uniform baseline,
confirming that the conclusions of this work are robust
to deviations at first order from a uniform stream profile.

Uniform background— The foreground star and back-
ground galaxy populations are modeled as spatially uni-
form (Sec. 3.3), whereas foreground stars follow a Galac-
tic density law with strong spatial variations, and back-
ground galaxies cluster in a way that can introduce ad-
ditional spurious fluctuations (Tsiane et al. 2025). This
assumption keeps the null hypothesis (Sec. 6) as sim-
ple as possible, requiring only a single nuisance param-
eter for the background level. As shown in the previous
paragraph, a linear density gradient in the stream has a
negligible impact on the detection efficiency; a compa-
rable gradient in the background, expected to be even
smaller at the high Galactic latitudes studied here, is
therefore not anticipated to change our conclusions. Fu-
ture work could relax this by sampling a more realis-
tic Galactic background, for instance using the Besangon
model (Robin et al. 2003).

Gap model and subhalo-to-gap mapping— Firstly, the gap
is modeled with a simple box-car profile (Sec. 3.2), which
does not capture the full diversity of perturbations ex-
pected from subhalo-stream interactions (Erkal & Be-
lokurov 2015a). To go beyond this approximation, we
repeated the analysis with a Gaussian gap profile which
increases the minimum detectable gap depth by ~ 5%
(compared to the ~ 3% statistical errors, see Sec. 7.1),
confirming the weak sensitivity to the gap morphology.
Secondly, subhalo encounters are expected to redistribute
stars across the stream in ¢o and to produce projection
effects along the line of sight, neither of which is cap-
tured by the one-dimensional density framework adopted
here. Finally, the subhalo study further relies on an
analytical mapping between subhalo properties and gap
observables (Erkal et al. 2016). While physically moti-
vated, the latter remains an approximation compared to
full dynamical modeling: it neither includes an explicit
subhalo mass function, focusing on detectability rather
than abundance, nor accounts for the possible tidal mass-
dependent disruption of the subhalos (Stref & Lavalle
2017; Kelley et al. 2019; Webb & Bovy 2020; Porras-
Bedmar et al. 2026).

8.4. FEaxtensions and future work

Possible improvements and extensions— We quantified the
impact of realistic morphology-based star-galaxy classifi-
cation implemented in the LSST Science Pipelines. The
significant loss of sensitivity induced by galaxy contam-
ination highlights the importance of improving classifi-
cation algorithms for stellar stream analyses. In this
context, recent explorations into improved star-galaxy
classification methods for LSST (e.g., Duan et al. 2026;
Gatto et al. 2026) have the potential to improve the per-
formance of our realistic configurations.

The simple magnitude cut used to mitigate the impact
of survey depth variations is not fully optimized and does

not aim to maximize the signal-to-noise ratio. More opti-
mal mitigation approaches may alleviate part of this loss.
In particular, methods that exploit the full set of sur-
vey property maps to correct for spatial inhomogeneities
provide a promising alternative to hard magnitude cuts
(Boone et al. 2026), potentially preserving a larger frac-
tion of the available signal while controlling systematics.

The efficiency maps derived in this work, £(A4,w) (i.e.,
Fig. 10 and 11), provide a direct way to connect intrinsic
density fluctuations to observable signatures. They can
be interpreted as a transfer function that maps a popu-
lation of gaps, characterized by their depth and width,
to the fraction that would be detectable in a LSST-like
survey. In practice, these maps can be used to forward-
model the observable gap distribution from a given the-
oretical prediction, by weighting each gap by its corre-
sponding detection efficiency. As a result, they can trans-
late directly to streams with properties similar to those
considered here (see Sec. 3), in particular in terms of
distance and stellar mass (or, equivalently, number of
observed stars) given in Sec. 5.1. Since the sensitivity
scales primarily with the number of stars, the efficiency
maps are most reliable when used within this regime.
For streams with significantly different properties, a ded-
icated survey forward modeling is required.

Towards realistic forecasts with dynamical simulations— All
the above limitations can be addressed in future work
by combining this framework with fully computation-
ally efficient dynamical stream simulations (e.g., Nibauer
et al. 2024), more realistic background models, and spe-
cific DM scenarios. The methodology developed here is
designed to accommodate such extensions, providing a
flexible interface between theoretical predictions and ob-
servational constraints.

Beyond these modeling limitations, the analysis strat-
egy itself could also evolve depending on the scientific
objective. In particular, the present framework is opti-
mized for the detection of individual gap-like features in
the linear density profile. Alternative summary statistics
or metrics may become more appropriate for future anal-
yses targeting the cumulative imprint of multiple pertur-
bations, stacked stream populations, or joint constraints
combining density and kinematic observables (e.g., Erkal
& Belokurov 2015b; Nguyen et al. 2025; Nibauer et al.
2025).

We stress that for more general applications, the most
robust approach is to incorporate survey effects directly
at the catalog level. This can be achieved by injecting dy-
namical stream simulations into a realistic survey frame-
work, and applying the full sequence of observational ef-
fects: photometric uncertainties, detection and classifica-
tion efficiencies, background contamination, and mitiga-
tion strategies such as magnitude cuts. The StreamObs
package developed in this work is designed to perform
this task (Sec. 4), providing a consistent way to trans-
form intrinsic simulations into LSST-like observations.

9. CONCLUSION

In this work, we developed a forward-modeling frame-
work to quantify the impact of LSST observational ef-
fects on the detection of density fluctuations in stel-
lar streams and on the corresponding sensitivity to DM
subhalo encounters. Implemented within the public



LSST Systematics on Stellar Streams 21

StreamObs package, this framework provides a consis-
tent way to propagate intrinsic stream models into real-
istic LSST-like observations, including photometric un-
certainties, selection effects, survey depth variations, and
background contamination.

We find that observational effects have a major impact
on stream gap detectability. For a representative stream
with properties similar to AAU, background contamina-
tion is the dominant limitation, degrading the sensitivity
to density fluctuations by a factor of ~ 4 compared to an
idealized background-free case. Survey systematics, in-
cluding depth variations and imperfect star-galaxy classi-
fication, further amplify this loss in sensitivity by ~ 23%.
Together, these effects degrade the minimum detectable
subhalo mass by a factor of up to ~ 16 after 4 years
of LSST observations, with star-galaxy misclassification
as the dominant systematic (factor of ~ 2.5), leading
to a lightest detectable subhalo of ~ 1 x 10" M. This
shows that forecasts based solely on dynamical stream
simulations—with stars selected down to the nominal
survey depth—are too optimistic. For a similar survey
model, our sensitivity estimates remain consistent with
previous forecasts (Sec. 8.2), confirming that this frame-
work reproduces existing results while explicitly quanti-
fying the additional impact of realistic survey effects.

We demonstrated that mitigation strategies are neces-
sary to suppress survey-induced inhomogeneities. They
are also required to achieve a sensitivity gain when mov-
ing from 1l-year to 4 years of LSST observations. The
simplest mitigation strategy is to apply magnitude cuts,
which trade statistical power for control of survey sys-
tematics. As a step towards performing a more realis-
tic analysis, we explore the use of such cuts on simula-
tions. Namely, these cuts correspond to restricting stel-
lar stream analyses to objects with ¢ < 24.2mag (r <
24.6 mag) for 1 year of observations and g < 25.3mag
(r < 25.6 mag) for 4 years of observations. Such cuts pro-
vide a more realistic approximation than simply select-
ing stars down to the nominal 50 survey depth, although
they do not capture other observational limitations such
as background contamination or imperfect star-galaxy
classification.

Better mitigation strategies will be needed to fully
benefit from the unprecedented depth of LSST. Re-
cently, Boone et al. (2026) proposed a technique to
use synthetic-source injection to correct for survey non-
uniformity, though such a procedure comes with signifi-
cant computational cost. On the other hand, survey uni-
formity will improve naturally with the later LSST data
releases (e.g., Awan et al. 2016; Leistedt et al. 2026).
Additional progress is also expected from improved star-
galaxy classification, which currently limits the usable
depth of the survey at faint magnitudes. Future syner-
gies with higher-spatial-resolution surveys (e.g., Euclid
and Roman) and/or complementary multi-band observa-
tions, could significantly improve the classification per-
formances and recover part of the currently inaccessi-
ble LSST statistical power (Han et al. 2023). Finally,
the sensitivity of LSST stellar stream observations to
DM subhalos could also be enhanced by combining den-
sity fluctuation measurements with additional observ-
ables such as proper motions and stream track pertur-
bations (e.g., Erkal & Belokurov 2015b; Nguyen et al.

2025); exploiting such astrometric information is left to
future analyses, as it goes beyond the photometric frame-
work developed here.

In this study, we include the effects of survey depth
non-uniformity, star-galaxy misclassification, and back-
ground contamination to generate realistic mock obser-
vations of stellar streams with LSST. We considered the
impact of these survey systematics on a simple observ-
able, namely the detectability of gaps in the density of
stellar streams. Our results show that background con-
tamination and survey systematics strongly affect both
gap detectability and subhalo mass sensitivity, implying
that forecasts neglecting these effects can lead to overly
optimistic conclusions. Our analysis framework could be
improved to include more complex metrics, such as mea-
surements of the two-dimensional density power spec-
trum which captures the ensemble of DM subhalo pertur-
bations. Furthermore, our mock data generation frame-
work can be applied to dynamical streams generated in a
Milky-Way-like potential (e.g., Shipp et al. 2023; Pearson
et al. 2024; Arora et al. 2026). Finally, the framework
presented here could be naturally extended to combine
additional observational modalities that will be available
from photometric, astrometric, and spectroscopic sur-
veys in the coming decade. To conclude, we emphasize
that it is essential to realistically model observational ef-
fects to rigorously assess the sensitivity of future stellar
stream observations to DM subhalo properties.

Software: HEALPix (Gorski et al. 2005)%, healpy”,
iMinuit (Dembinski et al. 2024), numpy (Harris et al.
2020), pandas (Wes McKinney 2010; pandas develop-
ment team 2025), RubinSim, Scipy (Virtanen et al.
2020), skyproj'’, ugali (Bechtol et al. 2015).
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where N; is the observed number of objects and N;™ is
the expected number of objects predicted by the model
in bin 4.

Impact of likelihood choice on efficiency maps— We com-

pare in Fig. Al the impact of moving the analysis from
P(k) to the Poisson likelihood; Egs. (16) and (A1) re-
spectively. For readability, we show the most realis-
tic configuration only. The 50% efliciency iso-contours
are broadly consistent with one another. We have also
checked (not shown) that the main conclusions derived
from the power-spectrum likelihood also hold for a stan-
dard real-space analysis.

This validates the Fourier-space framework developed
in this work, which shows performances similar to that
of the traditional Poisson likelihood analysis. The differ-
ences observed can arise from the approximation made
in the Fourier-space likelihood, which neglects correla-
tions between modes. In addition, the two approaches
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Fic. Al.— Same as Fig. 11. It shows the gap sensitivity detection in various scenarios, in the presence of background contamination,
calculated from the analysis in Fourier (solid blue line) and real (dashed orange line) space, for the most realistic survey configuration only

(inhomogeneous survey, background and S/G contamination).

probe the data differently: the real-space Poisson like-
lihood is mainly driven by the significance of localized
individual gaps, whereas the Fourier analysis is sensitive
to the overall fluctuation power across multiple scales, in-
cluding fluctuations induced by survey systematics. As a
result, the Poisson approach can be more sensitive when
a single prominent gap dominates the signal, while the
Fourier analysis provides a more global characterization
of the stream fluctuations.

Impact of likelihood choice on gap depth sensitivity— We
show in the left panel of Fig. A2, for the two likelihood
choices, the minimal detectable gap relative depth (from
E(Amin, N w=5") = 0.5) as a function of the stream
surface brightness. Both likelihood analyses exhibit sim-
ilar trends. The use of the Poisson likelihood slightly
decreases the minimal detectable gap depth for the real-
istic and ideal surveys.

The right panel summarizes our results, in terms of
gap depth sensitivity loss. When the Poisson likelihood
is used, these numbers are slightly larger (crosses com-
pared to disks). We therefore adopt the power spectrum
analysis results throughout the main text, as they pro-
vide a more conservative estimate of the sensitivity loss.

B. DEPTH BASED MAGNITUDE CUTS

Figure B1 illustrates the distribution of the adaptive
magnitude cuts described in Sec. 4.3.2. In both survey
releases, the cuts are brighter in the g band than in the
r band, reflecting the shallower depth of the survey in
g. The adopted cuts also remain brighter than the me-
dian 50 magnitude limits, and are typically slightly more
restrictive than the corresponding 100 depths (obtained
by shifting 50 magnitude limits by —0.75 mag). The dis-
tributions shift toward fainter magnitudes between Y1
and Y4, consistent with the increased survey depth after
additional years of observations.

C. SUBHALO MASS TO GAP PROPERTIES

The mapping between subhalo properties and gap ob-
servables (amplitude A and width w) is computed using
the analytical framework of Erkal et al. (2016). For com-
pleteness, we reproduce below the relevant formulae. We
also give the sampling strategy used to calculate the con-
ditional probability P(A,w | Mgyp), used in Sec. 7.4.

After an interaction time ¢, the gap depth is given by

47703 26Muun, -
,YQ U3 b2 + ,rg ’

A=1- <1 + (C1)
where b is the impact parameter, v the velocity perpen-
dicular to the stream, v = (vﬁ +v2)1/2 the total relative
velocity, rs = v/ Mgsup /108 Mg x 1.62kpe the scale radius
of the impacting subhalos (modeled as Plummer spheres)
of mass My, and 42 = 2 for a locally flat rotation
curve of the Milky-Way potential. The gap width evolves
through two regimes separated by the caustic time
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Sampling of gap properties— For a given subhalo mass, a
distribution of gap properties (A, w) is obtained by sam-
pling the interaction parameters. To probe the expected
impact for our baseline stellar stream AAU we use the
observed midpoint of the stream to define the 6D phase-
space position of AAU (Li et al. 2021; Mateu 2023). Fol-
lowing Erkal et al. (2016), we make the simplifying as-
sumption that the stream is on a circular orbit finding the
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Fiac. A2.— Similar to Fig. 12, with results obtained using the Poisson likelihood (A1) overplotted. Left shows the minimal detectable
relative amplitude, obtained from the efficiency condition £(A™? w = 5deg) = 0.5, as a function of stream stellar mass (top axis) and
surface brightness (bottom axis) after 4 years of observation. For readability, we only show the result for the realistic (green lines) and ideal
(orange lines) survey configurations, for both the P(k) (solid lines) and Poisson (dashed lines) likelihoods. Right panel presents the ratio

Ami“/A.‘SiI;l, highlighting the degradation induced by different survey systematics. Markers indicate the reference case with Nfrue = 4 x 10*
stars, while error bars and arrows reflect the dependence on surface brightness.
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Fic. B1l.— Distribution of the adaptive magnitude cuts used to mitigate survey depth variations, estimated from the local magnitude

limits around injected uniform AAU-like streams without background contamination. Results are shown for the g and r bands after 1 year
(left) and 4 years (right) of LSST observations. The vertical dashed lines indicate the median 50 magnitude limits in each band.

Galactocentric radius is the time averaged radius of AAU
equal to rg = 28.5 kpc. Then the stream velocity is just
the tangential velocity of the stream v, = 174kms—!.
Finally, the stream age, ts = 5 Gyr, is the dynamical age
needed to generate the stream in Li et al. (2021).

The impact time is drawn uniformly between 0 and
the dynamical age of the stream ¢s. The velocity compo-
nents are sampled following Erkal et al. (2016), assum-
ing a subhalo velocity dispersion o4, = 180kms—!. The
impact parameter is fixed to b = 0, providing a conserva-
tive estimate of detectability by maximizing the induced
perturbation. The impulse approximation is enforced by
requiring (Erkal & Belokurov 2015a)

v\/m

Can To

<1. (C5)

The sampling is restricted to the range of gap sizes
explored in the efficiency analysis. In practice, con-
figurations with w > 11° are negligible and are ex-
cluded. This procedure defines the conditional distri-
bution P(A,w | Mgu,), which describes the range of gap
properties produced by a subhalo of mass Mg,y. It does
not encode the abundance of subhalos, but only the map-
ping between mass and observable signatures.

This paper was built using the Open Journal of As-
trophysics IMTEX template. The OJA is a journal which
provides fast and easy peer review for new papers in the
astro-ph section of the arXiv, making the reviewing pro-
cess simpler for authors and referees alike. Learn more
at http://astro.theoj.org.
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