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ABSTRACT

Context. Precise radial velocities (RVs) are commonly derived through cross-correlation or template-matching methods, both of which
rely on a reference spectrum that can introduce biases when the data are variable, contaminated, or sparsely sampled. Line-by-line meth-
ods offer an alternative way to compute RVs but generally still rely on template creation, and therefore share its inherent limitations.
Aims. We introduce TILARA, a template-independent, line-by-line RV extraction code designed to derive line-by-line RVs and oper-
ate effectively even when spectral template construction is not recommended. While originally motivated by future Paranal solar
ESPRESSO Telescope (PoET) disk-resolved solar observations, TILARA has been built with the flexibility to work with different stel-
lar spectral types and instruments.

Methods. A curated list of individual absorption lines is used as a reference to automatically measure line centers with via Gaussian
fitting with ARES. Then, using the reference lines list, and the lines measured with ARES on the spectra of the target star, TILARA
computes the RVs and applies configurable outlier rejection through sigma-clipping or down-weighting methods.

Results. We tested different configurations of the code, RV uncertainty estimation methods, and line selection criteria. The code was
applied to 520 ESPRESSO observations of the Sun-like star HD 102365 to evaluate its performance. TILARA was then tested against
other RV extraction methods. Both in its sigma-clipping and its down-weighting mode, TILARA provided resulting RV time series with
similar standard deviation and error bars as the ones derived using existing methods that follow different approaches.

Conclusions. Our results demonstrate that TILARA can deliver precise, template-free RV measurements and effectively reduce the
impact of spectral outliers. Its flexibility makes it well suited for both current ultraprecise spectrographs and future applications to
spatially resolved solar observations. Additionally, the ability to easily modify the line list allows TILARA to be adapted to explore how
various spectral features or physical phenomena affect RV measurements.

Key words. line: identification — techniques: radial velocities — techniques: spectroscopic — Sun: activity — stars: activity —

stars: individual: HD 102365

1. Introduction

High-resolution Doppler spectroscopy remains a cornerstone in
exoplanet detection, particularly when combined with transit
photometry (Mayor et al. 2014; Santos 2020; Faria et al. 2022), as
together they provide key information on a planet’s mass, radius,
and density. Instruments such as ESPRESSO, capable of reach-
ing radial velocity (RV) precisions of 10 cms™' — comparable
to the signal induced by an Earth-like planet orbiting a Sun-like
star (Cegla 2019) — represent major technological advances in the
field (Pepe et al. 2021).

Despite this progress, stellar noise, originating from mag-
netic activity, granulation, oscillations, and other processes,
remains a significant obstacle (Schrijver & Zwaan 2008; Lovis
et al. 2011; Santos et al. 2014; Borgniet et al. 2015; Gilbertson
et al. 2020; Camacho et al. 2022; Burt et al. 2025). A major
breakthrough expected in the near future is the first set of
observations from the Paranal solar ESPRESSO Telescope

* Corresponding author.
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(PoET; Santos et al. 2025), an instrument capable of performing
disk-resolved observations of the Sun. This capability will be
key for understanding and disentangling stellar variability from
planetary signals on a RV dimension.

Several methods are currently used to compute RVs. One
common approach is the cross-correlation function (CCF)
(Baranne et al. 1996; Griffin et al. 2000; Pepe et al. 2002).
Another common method is template matching, which can either
provide a single RV measurement for the full spectrum (or
for full spectral orders) (e.g., Anglada-Escudé & Butler 2012;
Zechmeister et al. 2018; Silva et al. 2022) or be used to mea-
sure the RVs of individual spectral lines (e.g., Dumusque 2018;
Cretignier et al. 2020; Al Moulla et al. 2022; Artigau et al.
2022). Line-by-line RV measurements have been shown to be
outlier-resistant and useful to probe stellar variability that affects
certain subsets of spectral lines. However, since most commonly
employed line-by-line methods use template matching to obtain
the RVs, they are by design restricted by the associated limita-
tions. Template matching can struggle when template creation is
not feasible, for instance:
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Fig. 1. Flowchart of TILARA steps. Dark gray bubbles indicate computational steps and light gray bubbles show intermediate inputs and outputs.
The first two steps correspond to the work done with 1inesearcher and ARES before using TILARA, while the last two steps correspond to the

work done by TILARA.

— When there are not enough observations to build a suffi-
ciently high signal-to-noise ratio (S/N) template, making the
measured RVs noisier and requiring the use of a template
from a similar star observed with the same instrument.

— When the template is built from observations taken over a
short time span, which can lead to systematic trends in the
measured RVs associated with interpolation errors and/or
telluric contamination (Doshi et al. 2025; Silva et al. 2025).

— When studying high spatial-resolution surface phenomena,
such as those that will be observed with the upcoming PoET
telescope, the temporal variability of the spectra is too sig-
nificant for a stable reference template to exist, breaking the
fundamental assumption of template-matching, and there-
fore of current line-by-line methods, which require a fixed
spectral shape to measure Doppler shifts.

Furthermore, as long as spectral synthesis is unable to reproduce
stellar spectra to the accuracy required to measure centimeter-
per-second velocity variations, templates are necessarily built
from observations. This means that the templates themselves
can currently never be entirely free from shifts and asymmetries
introduced by stellar variability.

To overcome these limitations, a broad class of template-
independent RV estimators has been developed that does not
rely on a fixed reference spectrum. These methods can oper-
ate at a global spectrum level (Zucker & Mazeh 2006), or on
a line-by-line basis. Operating at the level of individual spectral
features, these methods give rise to so-called line-by-line (LBL)
RV techniques. These include forward-modeling and data-driven
methods that analyze spectral chunks or line-shape variabil-
ity to disentangle stellar activity from Doppler shifts, such as
those developed within the EXPRES Stellar Signals Project (e.g.,
Zhao et al. 2022). Other studies directly fit individual spectral
features: Liebing et al. (2021) model line-core shifts to probe
convective blueshift, Lafarga et al. (2023) perform Gaussian fits
to thousands of lines to identify subsets with reduced activity
sensitivity, and Gomes da Silva et al. (2025) adopt parametric
line-profile fitting in the near-infrared.

Despite their promise, these template-independent line-by-
line approaches still face significant limitations. No method has
yet demonstrated a consistent reduction of RV scatter to sub-
meter-per-second precision across different stars, and results
often vary substantially between techniques (Zhao et al. 2022).
Several approaches are primarily sensitive to line-shape variabil-
ity and remain unable to disentangle pure translational Doppler
shifts, such as those induced by stellar oscillations. Others are
strongly constrained by instrumental resolution, S/N, and stellar
properties, and can reach intrinsic noise floors set by gran-
ulation variability (Liebing et al. 2021). In addition, activity
sensitivity at the line level is not universal across stars, limiting
the applicability of fixed “clean” line lists and often resulting
in RV uncertainties larger than those obtained with traditional
methods.
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Building on these previous works, and to help mitigate
the limitations of the line-by-line method while keeping all its
strengths, we introduce TILARA (Template-Independent Line-by-
line Algorithm for Radial velocity Analysis), which works in
combination with ARES (Sousa et al. 2007, 2015) to obtain line-
by-line RV measurements based on Gaussian fitting. By avoiding
reliance on a preconstructed template, TILARA addresses the
limitations of both template matching and existing line-by-line
methods, enabling robust RV extraction when a stable reference
spectrum cannot be defined. In this context, template indepen-
dence refers to the extraction process itself: unlike traditional
methods that shift a flux profile to minimize residuals, TILARA
treats each absorption feature as an independent entity. While
a list of reference wavelengths is required to identify the fea-
tures of interest, the algorithm is agnostic to the source of this
list — be it empirical observations or synthetic catalogs — and
does not rely on the flux shape of a reference template during
the RV calculation. An additional advantage of TILARA is that
it measures true individual spectral lines: while other line-by-
line codes define “lines” as segments between consecutive local
maxima, ARES can fit multiple Gaussian components within
blended spectral features when they are separable in the observed
spectrum, allowing TILARA to study individual absorption com-
ponents. This also gives the user full control over which subsets
of lines are used, enabling tailored RV extractions based on line
depth, formation height, activity sensitivity, or any other physical
criterion.

This paper is organized as follows. In Sect. 2, we present
the TILARA code, describing its main modules and the method-
ology adopted for the extraction of line-by-line RVs. Sect. 3
details the application of TILARA to ESPRESSO observations
of the Sun-like star HD 102365, including a comparison with
other state-of-the-art RV extraction pipelines. In Sect. 4, we sum-
marize the main results and discuss the advantages and future
prospects of the TILARA approach, particularly in the context of
upcoming disk-resolved solar observations. Additional technical
details, tests, and complementary analyses are provided in the
appendices.

2. The TILARA code

TILARA is designed to extract precise RV measurements from
spectroscopic observations. The combination of TILARA and
ARES workflow operates through four main steps (Fig. 1):

1. Selection of reference lines: 1inesearcher! and ARES? are
used to build the reference line list (.1ines) from reference
spectrum (in this paper, solar spectra).

2. ARES: ARES takes the reference line list together with the
observations of the target star (in this paper the ESPRESSO

I https://github.com/sousasag/linesearcher
2 https://github.com/sousasag/ARES
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Data Reduction Software (DRS) files (Pepe et al. 2021)%) to
determine the center of the spectral lines — for the subsequent
RV calculations — and measure their parameters across all
observations.

3. RV calculation: computes line-by-line RVs and their associ-
ated error for each timestamp.

4. RV weighting: derives epoch-wise RVs by calculating a
weighted mean of the individual line-by-line RVs.

2.1. Step 1: Selection of reference lines

The first step of the process is to obtain a curated line list that
provides the wavelengths that are later used to compute the RVs.
In this paper we obtained it from a reference spectrum built from
five solar observations (see lower in Section 2.1) but the line
list can also be user-provided. While in this paper we use the
proposed method — combining linesearcher and ARES - to
generate the reference line list, users may provide their own list
obtained by other means, as long as the input for ARES in Step 2
is a file with two columns: wavelength in the first and line depth
in the second.

ARES* measures the central wavelengths of the absorption
lines used in TILARA to compute the RVs. For this, ARES requires
one-dimensional (S1D) spectra and the input of a preliminary
list of spectral lines suitable for the target star. The first stage
of the workflow therefore consists of building this line list,
which we achieved by combining linesearcher and ARES
(see Appendices A and B for additional details on the codes
performance).

Linesearcher — a code that finds the line positions in a
spectrum — is first used to identify candidate spectral features and
provide initial estimates of their central wavelengths and depths.
In linesearcher, all spectra are locally normalized prior to line
fitting, such that the continuum level is close to unity, and line
depths are therefore defined relative to a normalized flux scale.
These lines are then reanalyzed with ARES, a code that fits Gaus-
sian profiles to individual features and outputs their equivalent
widths (EW5s), full width at half maximum (FWHM), depths, and
associated error (Sousa et al. 2007). In its updated version, ARES
also performs automatic RV correction and improved continuum
normalization, increasing the robustness of the measurements
(Sousa et al. 2015).

The result of this step is a cleaned and homogenized list
of absorption lines that in this paper are consistently detected
across the solar spectra and that serve as the reference set for the
line-by-line RV extraction. The full details of the preprocessing,
parameter choices, and selection filters applied to the line list are
provided in Appendices A and B.

Since TILARA was originally intended to work with future
PoET observations of the Sun, the code includes a list of ref-
erence lines derived from five solar ESPRESSO UHR spectra
reflected from Vesta from Adibekyan et al. (2020) (hereafter
“solar lines”). The solar observations were first corrected for tel-
luric contamination using Molecfit (Smette et al. 2015; Smette
2020). Molecfit generates a synthetic telluric transmission
spectrum by fitting molecular absorption lines using a line-by-
line radiative transfer model, taking into account the atmospheric
conditions at the time of the observation and the instrumental
line spread function. In this work, version 1.5.9 of Molecfit

3 The ESPRESSO DRS is the pipeline that converts raw instrument
FITS frames into calibrated data products.

4 The ARES output was adapted for TILARA to provide higher numerical
precision in the output parameters.
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Fig. 2. Example of the telluric correction done with Molecfit applied
to the solar ESPRESSO spectra. The dark violet spectrum shows the
original observation, while the lilac spectrum displays the same obser-
vation after the removal of telluric H,O, O3, and O, features. Top panel:
full spectral range. Bottom panel: zoomed-in wavelength range between
5871 and 5886 A.

was applied to the ESPRESSO spectra to remove H,0, O3, and
O, features as seen in Fig. 2, and the resulting transmission
model was used to correct the observed spectra prior to the
ARES analysis. The observations were subsequently corrected for
the barycentric Earth radial velocity (BERV) and for the mea-
sured stellar RVs, ensuring that the spectra were expressed in the
Earth’s rest frame. We then ran 1inesearcher on the corrected
spectra to obtain an initial approximation of the line positions.

In the linesearcher step, we tested different parameter
combinations for the key variables described in Appendix A,
while keeping the wavelength range fixed to cover the entire
spectrum. We ultimately adopted the following settings for all
observations:

lambdai=3700 A; lambdaf=7900 A; smoothder=8;
rejt=0.998; lineresol=0.07,

where the 1ambdai and 1ambdaf parameters determine the stud-
ied wavelength range, the smoothder parameter is a smooth-
ing factor, rejt is a continuum normalization parameter,
and lineresol determines the minimum allowed separation
between two detected lines. With these parameters, the num-
ber of detected lines per observation ranged between 7395 and
7824. This variation is primarily driven by differences in S/N and
local continuum placement between observations, which affect
the detectability of shallow or blended features close to the detec-
tion threshold. Since linesearcher is intentionally applied in
a permissive way at this stage, marginal features may be detected
in higher-S/N spectra but missed in noisier ones, or treated dif-
ferently depending on local blending conditions. This step is
therefore designed to favor completeness over stability, ensuring

5 While the rejt can be computed in different ways (see Appendix C),
fixing it is sufficient in this case for our purposes, as we are primarily
interested in determining the line centers. The line strength (e.g., EW),
which is more sensitive to the choice of rejt, is not critical for this
analysis.
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that no potentially useful lines are missed. The subsequent ARES
refinement and consistency requirements (later in this section)
then remove unstable or poorly defined features, resulting in a
much more homogeneous and robust final line list.

This preliminary list is then provided to ARES, along with the
solar observations themselves, to produce a refined solar line list.
For the subsequent ARES step, we again tested various parame-
ter combinations based on the recommendations of Sousa et al.
(2007) and Sousa et al. (2015), and ended up adopting

lambdai:377®A; 1ambda5E:79®®A;
smoothder=14; space=5A; rejt=0.995;
lineresol=0.07; miniline=1; rvmask="0,0’.

In this work, the value for the parameter space — which
defines the wavelength window around the line center for the fit-
ting process — was kept fixed for all lines. Although the Doppler
width of spectral lines increases toward longer wavelengths, this
fixed interval is sufficiently wide to capture the full profile of
lines across the entire ESPRESSO range. In the blue part of the
spectrum, where line density is high, this window is particu-
larly important as it provides ARES with enough local context
to more accurately resolve blended features and determine the
local continuum level. In this regard, we note that ARES does
not guarantees that all fit features correspond to single physi-
cal lines. The method is fully data-driven and relies solely on
the observed spectra. As a result, the final line list may include
unresolved blends or composite features, which are treated as
effective Doppler tracers and later mitigated statistically with
TILARA based on their RV stability.

On another note, the parameter rvmask defines how ARES
aligns the reference line list with the observed spectrum. In
this context, a “mask” refers to a user-defined set of spectral
features used to estimate the global Doppler shift of the obser-
vation. There are two primary options for this alignment: a fixed
value for the RV to shift the wavelengths, or an alignment mask
containing a few strong, well-defined lines®. In this case, the
rvmask was set to 0, since the spectra were previously corrected
for the BERV and the stellar RV. Additionally, we adopted a
slightly lower rejt and a bigger smoothder values in ARES
to be more conservative, ensuring that only well-defined and
reliably measured lines were retained.

With these settings, ARES measured between 5839 and 6205
lines per observation. The reduction of roughly 1500 lines com-
pared to the linesearcher step reflects the fact that some
linesearcher detections were not fit by ARES, often because
the continuum placement defined by the rejt parameter caused
weak features to be interpreted as noise rather than genuine lines.
While 1inesearcher was applied more liberally to avoid miss-
ing any potential lines, ARES was used to select only robust,
reliably detected features.

Once the ARES’ results were obtained, we performed an
additional refinement step to select a high-confidence set of
solar lines. We first selected the lines present in at least three
out of the five observations, allowing a tolerance of 0.03 A in
the central wavelength to account for the measurement error.
This accounted for 5077 lines in total. Then, we computed the
line-by-line RVs with the classical Doppler formula using the

6 Details and recommendations regarding this parameter can be found
in Sousa et al. (2015).

7 ARES does not make use of external line databases (e.g. VALD) and
does not enforce any physical identification of spectral lines. Its role is
to identify and fit absorption features present in the data, using Gaussian
components whose number and parameters are determined by the local
spectral morphology.
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line positions obtained with linesearcher as the reference
wavelengths. We also calculated several statistical descriptors of
the line properties across the five solar observations; namely, the
mean, standard deviation (o), variance, median, median absolute
deviation (MAD) — which is less sensitive to outliers — relative
dispersion of the mean, relative dispersion of the median, and the
onumap- These quantities were evaluated for the EW, EW error,
FWHM, depth, and RV of each line.

Following robust statistics principles, we adopted the
O NuAD, defined as

onMaD = 1.4826 x MAD,

as an estimator of the standard deviation, which is less sensitive
to outliers than the classical variance®. For the RV statistics, the
onMmap Value provides a direct measure of the line-to-line stabil-
ity across the solar observations. For the depth, EW, and FWHM
parameters, we opted to use the relative metric oxmap/median =
(1.4826 x MAD)/median, which expresses the dispersion nor-
malized by the median value, quantifying their variability in a

scale-independent way.

Based on these diagnostics, we applied the following selec-

tion thresholds:

— Depth between 0 and 1°,

- Deptho'NMAD/mcdian <0.1,

— RV, <03kms™!,

— RVyyup < 0.3 kms™!,

- EWO’NMAD/median <03 mA’

— FWHM o min < 0.3 A
After applying these constraints, a total of 4454 lines were
retained. Some of these parameters are strongly correlated, and
therefore certain thresholds may dominate the selection more
than others.

The selection criteria were determined empirically from the
inspection of the corresponding distributions (Fig. 3) rather than
through formal statistical optimization. Thresholds were set to
exclude the extreme tails while retaining the majority of reli-
able measurements, thereby minimizing the influence of poorly
determined lines without imposing overly restrictive cuts. The
resulting distributions, shown in Fig. 3 with the adopted thresh-
olds indicated by vertical dashed lines, demonstrate that the
retained lines form a tightly clustered and statistically stable
sample suitable for line-by-line RV extraction.

2.2. Step 2: Line characterization with ARES

Once a list of reference lines had been identified with
linesearcher and refined with ARES (in the demonstration in
this paper, using the solar spectra), the next step was to input
them together with the spectral observations of the target star
into ARES to characterize their absorption lines. After running
ARES on all observations of the star to be studied, we kept
only the lines detected in every spectrum. We cross-matched the
reference—wavelength column across all ARES output files and
selected the intersection of lines common to all epochs. This
ensured that the final line list used for the RV computation was
consistent across the full time series.

ARES internally operates on a local spectral chunk defined
by the space parameter, performs a local normalization, and
identifies absorption features using derivative-based criteria

8 For a Gaussian distribution without outliers, oxmap = 0.

9 A small number of fit components exhibit nonphysical depth values
(<0 or >1), which are associated with rare multi-Gaussian fits in noisy
regions and do not affect the RV measurements.
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before fitting Gaussian profiles (for further details refer to Sousa
et al. 2007, 2015). These observation-dependent windows are not
used by TILARA.

In our workflow, we retained the reference wavelengths and
the observed line centers as the main inputs for the Doppler
shift analysis described in Sect. 2.3. Further technical details
on the input parameters and output of ARES are provided in
Appendix B.

2.3. Step 3: RV and RV error calculation

The RV measurement of each line, /, was computed using the
classical Doppler formula:

/lobs,l - /lref,[

RV] = c, (1)

/lref,l
where A.r is the reference wavelength from the reference line list
(common to all observations) constructed in Section 2.1 from the
homogenized set of absorption lines consistently detected across
the solar spectra, Ay is the observed wavelength of the line for
a given epoch as measured by ARES, and c is the speed of light.
Different approaches to computing the RV error are found in
the literature. In this work, we tested four different commonly
used methods (see Appendix D for details) and, after a compari-
son, adopted the formalism of Bouchy et al. (2001). This method
uses the wavelength, flux, and flux error from the observations,
together with the wavelength of the line center from ARES, to
derive the RV error for each line. The RV uncertainty of a single
line is given by

1
ORvl = —F/—,
Y
7 i

2

where

dF|™ ¢

T = ‘d/l ;o ©
Here, o, is the velocity uncertainty at each sampled spectral
point, i, within the line, % is the local derivative of the flux with
respect to wavelength, A; is the wavelength at point i, and o, is
the flux uncertainty at that point provided by the ESPRESSO
data reduction pipeline and stored in the corresponding error
array of the extracted spectra. Equation 3 was evaluated using
the extracted (non-normalized) S1D flux values, since the flux in
the S1D files is not continuum-normalized.

To define the wavelength interval comprised by each line, we
used the first and second derivatives of the flux with respect to
wavelength, similarly to Cretignier et al. (2020). The algorithm
searches from the line center outward:

— For the left edge, it steps backward from the center of the
line until it finds the closest point where the first derivative
is positive (rising slope) and the second derivative is negative
(downward curvature), marking the start of the line.

— For the right edge, it steps forward from the center of the
line until it finds the closest point where the first derivative
is negative (falling slope) and the second derivative remains
negative, marking the end of the line.

These gradient-based criteria adapt the measurement window
to the actual line profile, ensuring that the calculation captures
the full absorption feature without including excessive contin-
uum or neighboring lines as seen in Fig. 4. We emphasize that
the derivative-based criteria described here were used only to
define the wavelength interval over which the RV uncertainty
was computed, after the line center had already been identified
via Gaussian fitting with ARES. They were not used to define the
spectral lines themselves or to determine the RV.
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Fig. 4. Top: part of the spectrum of one observation, with the refer-
ence line centers (from the solar line list) marked as dashed lines and
the adopted line windows shown in purple. The observed line centers
are slightly shifted relative to the solar reference due to differences
in convective blueshift and gravitational redshift between the Sun and
HD 102365. Middle: first derivative of the flux (dF/dA), used to locate
the extrema that define the window limits. Bottom: second derivative
(d?F/d2?), used to confirm the line minima (d?F/dA? < 0). The master
spectrum includes 2738 lines.

This procedure cannot be applied independently to each indi-
vidual spectrum due to variations in S/N across the dataset. For
the same spectral line in different observations with different
S/N, the code would select a slightly different number of points
to compute o,; within the wavelength interval comprised by
each line, which would also vary between observations as a con-
sequence of these S/N differences. To overcome this issue, we
constructed a master spectrum by taking the median flux across
all observations. The wavelength interval comprised by each

. . -1 . .
line and the gradient, |Z—§|i , were then determined from this
master spectrum. These values were subsequently used in Equa-
tion (3), ensuring that both the wavelength interval comprised

by each line and the gradient (|Z—§|;1) remained fixed across all
observations. Finally, to account for S/N differences between the
individual observations and the master spectrum (from which
the gradient was now obtained; 'fl—i l._jmm from now on), we
scaled the gradient with the median ratio between the mas-
ter spectrum’s flux and the current observation’s. The modified
Equation (3) becomes the following expression:

dF|™!

= ﬁ O—F,'- (4)

O—V,i

. quster Cc
-median| ——— | - —

i,master obs /11'
Here, median (FF"—;”) denotes a single global scaling factor
computed over the full spectral range, and not a wavelength-
dependent quantity. This global scaling does not explicitly cor-
rect for chromatic flux variations across the spectrum (e.g., due
to airmass-dependent effects), but o r; remains proportional to
the local S/N of the observed spectrum. Future versions of the
pipeline could incorporate wavelength-dependent flux scaling
to better account for chromatic effects. This master spectrum
ensures that the windows of the spectral lines, and the gradients
inside these are well calculated regardless of the S/N level that
the different observations might have.
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2.4. Step 4: Weighted RV time series

When working with line-by-line RV measurements, some lines
can be affected by photon noise, spectral blending, telluric
contamination, and/or instrumental artifacts. Such lines may pro-
duce RV outliers that can bias the final results if they are treated
equally to well-behaved lines.

It should be noted that the RV precision of an individual
spectral line is generally not sufficient to identify low-amplitude
stellar activity (at the m/s level) as a statistical outlier within
a single epoch. However, lines that are systematically sensitive
to such effects will manifest a higher global standard deviation
over the course of an observing campaign. Such lines produce
RV outliers or noisy contributions that can bias the final results
if they are treated equally to well-behaved lines. To address
this, TILARA implements two different independent approaches:
iterative sigma-clipping and down-weighting.

2.4.1. Sigma-clipping

Sigma-clipping was applied in TILARA to the distribution of
line-by-line RVs within each individual observation, prior to
computing the final RV time series. The procedure consisted
of two steps. First, TILARA applied sigma-clipping to the RV
error to remove lines whose error estimates were inconsistent
with the RV error overall distribution. Then, from the remaining
lines, the code performed a second sigma-clipping on the stan-
dard deviation of the RVs for each line across all observations,
removing lines that show an anomalously large intrinsic vari-
ability. This two-stage filtering ensures that only reliable spectral
lines contribute to the final weighted RV for each observation.

In TILARA, both the sigma threshold and the number of iter-
ations are configurable by the user. This allows the procedure to
be tuned according to the noise characteristics of the dataset.

Once the sigma-clipping step was complete, the final RV
for an observation was computed as a weighted mean of the
remaining line-by-line RVs:

RV,
2
7 Trvi

T ®)

2
Trvi

R Vweighted =

1

where RV; and opgy; are the RV and RV error for line I,
respectively. The corresponding weighted uncertainty is given
by

O RV,weighted = — F——- (6)

This inverse-variance weighting ensures that measurements
with smaller error contribute more to the final RV, while noisier
measurements are naturally down-weighted.

2.4.2. Down-weighting with a Lorentzian fit

The down-weighting strategy implemented in TILARA is con-
ceptually inspired by the probabilistic approach of Artigau et al.
(2022), which models the distribution of residual RVs obtained
from template-matching to identify and down-weight potential
outlier spectral features. However, an important distinction arises
from the fact that in our case, the RVs of individual absorption
lines are obtained from ARES by fitting Gaussian profiles. This
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Fig. 5. Summary of the down-weighting proce-
dures tested for TILARA (for a detailed descrip-

I I tion see Appendix E). Top left panel: distri-

bution of the RV values (mean-subtracted and
o-normalized) per observation with the best-fit
Gaussian (blue) and Lorentzian (red) models.
Top right panel: distribution of the RV standard
deviation per line with truncated Gaussian and
truncated Lorentzian fits. Bottom left panel: resid-
ual RV time series obtained by subtracting the
RVs derived using a Lorentzian fit from those
derived using a Gaussian fit. Bottom right panel:
residual RV time series obtained by subtracting
the RVs derived using a truncated Lorentzian fit
from those derived using a truncated Gaussian
fit. The vertical black line marks 27 June 2019,
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has a direct consequence for the statistical behavior of the line-
by-line RVs. Therefore, unlike template-matching approaches,
TILARA does not assume that each line’s RV time series is cen-
tered around zero. Each line is allowed to have its own intrinsic
constant RV offset, reflecting physical line-dependent effects.
When RVs are computed through a typical template matching
algorithm, the template itself defines the rest-frame wavelength
scale. As a result, the distribution of RVs per line is naturally
centered around zero by construction, and deviations primar-
ily reflect temporal variability. The down-weighting scheme of
Artigau et al. (2022) therefore operates on line-by-line RV
residuals, assuming a symmetric distribution around zero.

In contrast, when fitting Gaussians to individual absorption
lines, each line is compared to a reference wavelength (in this
paper the wavelengths derived using ARES on the solar spec-
trum). Small errors in these reference wavelengths, unresolved
blends, profile asymmetries, and instrumental or stellar veloc-
ity offsets — due to differences in the physical properties of
the target star and the reference star used to define the initial
line-list — introduce line-dependent constant shifts that persist
across all epochs. Therefore, the line-by-line RV calculated with
lines extracted with ARES are not centered at zero and cannot be
directly modeled using the same formalism as in Artigau et al.
(2022), as is seen in the top left panel of Fig. 5. We tested several
alternatives to re-center the RV distributions at the measurement
level, but these approaches were found to be noise-sensitive and
did not provide a stable basis for identifying unreliable spectral
lines (for a more detailed description of the different tests, see
Appendix E).

Instead, we find that a more robust diagnostic of line qual-
ity is the temporal stability of each line’s RV. For each line, ¢,

BJD — 2,400,000 [d]

59500 60000 indicating the transition from ESPRESSOIS8 to

ESPRESSOI19.

we computed the standard deviation of its median-centered RVs
across all observations:
op = std(RV (7). @)

We tested subtracting the median RV of each line as an alter-
native normalization. However, injection—recovery tests showed
that this approach partially absorbs coherent RV signals, includ-
ing planetary signatures.

The empirical distribution of the standard deviations exhibits
a pronounced peak and a heavy tail corresponding to lines
strongly affected by stellar activity, blends with other stellar lines
or telluric residuals, or possible instrumental systematics (see the
top right panel of Fig. 5).

To model this distribution, we opted to fit a truncated
Lorentzian function:

A

L(x) = ®)

)27 'x E [.xO, 00)7

where x is the normalized dispersion, A the amplitude, and y the
half-width at half-maximum. The location xy, was fixed to the
minimum observed dispersion, corresponding to the most stable
lines.

Each spectral line was then assigned a weight,
pe = L(op), )
to penalize lines that exhibit large RV standard deviations across
observations. This can be seen in the truncated Lorentzian fit,
represented in red in the top right panel of Fig. 5, where the
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histogram (gray) shows the empirical spread of temporal RV
variability across lines, after median-centering each line. The
red curve represents the best-fit truncated Lorentzian model,
where the center is fixed to the minimum observed dispersion.
Lines near the peak correspond to the most stable Doppler
tracers, while those in the heavy tail display larger variability
and are consequently down-weighted in the final RV computa-
tion. Then, the weights, p,, were normalized such that ), p, =
NMiines- The final epoch-wise RV was computed as a weighted
inverse-variance mean:

PRV,
5]
7 Trvi
b

2
7 kv

RVweighled = (10)

with an associated uncertainty of
1
A

7 Yrvi

Y

O RV,weighted =

This approach retains the contribution of all lines, while natu-
rally down-weighting those whose RVs exhibit inconsistent tem-
poral behavior, improving robustness relative to hard rejection
schemes and reducing the impact of blended or activity-sensitive
lines on the final RV time series. The Lorentzian fit to the dis-
tribution of the RV standard deviation per line is used as an
empirical and robust way to characterize the observed population
of stable and unstable lines. We do not assume that this distribu-
tion is intrinsically Lorentzian, or that the same shape should
apply to other datasets. This approach provides a smooth down-
weighting of lines with large temporal RV scatter and avoids an
overly aggressive weighting.

3. HD 102365: Application

As was previously mentioned, the code was originally developed
for the study of disk-resolved solar observations to be carried out
with the soon to come PoET. Thus, although it can in principle be
applied to any stellar spectral type, for demonstration purposes
in this paper we used the list of solar spectral lines described in
Sect. 2.1, and we tested the code on a Sun-like star to illustrate
its performance.

We tested the performance of TILARA on 520 HR
ESPRESSO observations'” of the bright (V=4.89; Figueira
et al. 2025) Sun-like star HD 102365. The star’s spectral type
has been discussed as being G5 (Tinney et al. 2011), G8
(Hojjatpanah et al. 2019), and more recently G6V by Figueira
et al. (2025). HD 102365 is a low-activity star, with reported
values of logR},, = —4.99 (Tinney et al. 2011) and logR},, =
—4.88 + 0.01 (Hojjatpanah et al. 2019), and it presents with a
rotational period of 40 days Noyes et al. (1984).

HD 102365 was selected as a test case primarily because
it is a bright, RV-quiet, slowly rotating G-type star with a
well-characterized spectrum and a long time series of pub-
licly available high-resolution ESPRESSO observations. These
properties make it a convenient and realistic benchmark for val-
idating the TILARA methodology, in particular for performing
injection—recovery tests and comparing line-by-line RVs with
standard CCF-based measurements. We note that TILARA was

10 No explicit telluric correction (beyond the O, correction applied by
the ESPRESSO DRS) was applied to the target spectra in this work.
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originally developed in the context of forthcoming solar observa-
tions with PoET, and Sun-as-a-star data would indeed represent
an ideal validation case. However, high-quality Sun-as-a-star
spectra obtained with instrumental setups directly comparable
to ESPRESSO are currently limited, and POET observations are
not yet available. HD 102365 therefore serves as a close proxy for
demonstrating the performance of the method on a Sun-like tar-
get under realistic observational conditions. The reference line
list used in this work was constructed from a high-S/N solar
spectrum rather than from HD 102365 itself. This choice was
made to ensure a stable, high-quality reference that is minimally
affected by stellar variability and to avoid imprinting star-specific
RV signals or line-profile variations into the reference. While the
spectral classification of HD 102365 varies slightly in the litera-
ture (ranging from different G subtypes), this difference does not
affect the methodological demonstration presented here. Build-
ing fully star-specific reference line lists is a natural next step
for future applications of TILARA and might be explored in
subsequent work.

In this work, we specifically used the S1D FITS files, which
are one-dimensional spectra produced by rebinning and merging
the extracted S2D echelle orders onto a uniform wavelength grid
in the Solar System barycentric frame. While this resampling
process conserves flux, it introduces correlations between adja-
cent pixels that should be accounted for in detailed quantitative
analyses (see the ESPRESSO DRS pipeline manual'').

The reference line list used (described in Section 2.1) was
constructed from ESPRESSO UHR observations. This choice
was motivated by the original context in which TILARA was
developed, namely future disk-resolved solar observations with
PoET, which will operate with ESPRESSO in UHR mode, and
by the availability of high-quality solar spectra in this configura-
tion. The HD 102365 observations analyzed here were obtained
in HR mode. The difference in spectral resolution between HR
and UHR does not represent a limitation for the applicability
of TILARA. For Sun-like stars, the widths of absorption lines
are dominated by intrinsic stellar broadening mechanisms such
as rotation, macroturbulence, and convective motions, such that
the HR-UHR resolution difference has a negligible impact on
the identification of individual spectral lines (Adibekyan et al.
2020). Since TILARA relies on reference line centers rather than
detailed line profiles, UHR observations are not a requirement
for RV extraction. The use of UHR data therefore represents a
conservative choice for constructing a high-quality reference line
list, rather than a necessity imposed by the method.

Even though it was proposed that this star hosts a Neptune-
mass planet (Tinney et al. 2011), the work from Figueira et al.
(2025), as well as ours (see Section 3.3), shows that the planet is
not found with ESPRESSO data (in our analysis, at least without
the modeling of stellar activity). The observations have a median
S/N of 267 and span from 5 January 2019 to 26 March 2023,
providing a long-term dataset ideal for testing the stability and
performance of our code. Regarding the temporal span of the
dataset, on 27 June 2019 the ESPRESSO spectrograph under-
went a physical intervention that led to different instrumental
profiles before (ESPRESSO 18) and after (ESPRESSO 19), pro-
ducing a jump in the data that is later seen in Figs. 6 and 7. This
intervention required us to treat the data as two different datasets
when doing the final comparisons.

Our evaluation focused on three key aspects: (i) the impact
of different values for the rejt parameter in ARES, which
is fully explained in Appendix C, (ii) the effect of various

I ESPRESSO DRS Pipeline Manual v1.0.0
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methods of computing the RV error (detailed in Appendix D),
and (iii) the performance of different outlier rejection strategies
for the individual lines (detailed in Appendix E). Once these
tests were performed, and the best approaches for both ARES
and TILARA were implemented, we computed the RV time series
for HD 102365. Then we compared our results with the ones
from other RV extraction codes, and we tested the robustness
of TILARA by doing injection-recovery simulations of planetary
signals.

3.1. RV time series with TILARA and other codes

Once the reference solar line list was established (see Sect. 2.1),
we used ARES to measure the central wavelengths of the absorp-
tion lines in the HD 102365 spectra. These values were then used
to compute the line-by-line RVs and their associated error, fol-
lowing the procedure described in Sect. 2.3. It is to be remarked
that, in this step, the parameter rvmask of ARES was set to the

tograms are kept fixed, enabling a direct visual
comparison between the two figures.

(=]
=
(=]

Counts

systemic velocity of the star, ~17.3 km s~!, to ensure proper

alignment of the reference line list with the observed spectra.

Since TILARA can compute the final RV time series using
two different approaches, we tested both methods indepen-
dently for the example presented in this paper, star HD 102365.
These approaches are described in the sigma-clipping and down-
weighting sections (Sects. 2.4.1 and 2.4.2, respectively).

To place our results in context, we also compared them
with other extraction algorithms; namely, two other line-by-line
implementations — the LBL!'? code from Artigau et al. (2022)
and the ARVEP code from Al Moulla (2025) — the template-
matching code s-BART'™ from Silva et al. (2022), and the CCF
RVs computed by the official ESPRESSO pipeline.

The LBL, ARVE, and s-BART pipelines all rely on template
matching but differ in their implementation. LBL and ARVE are

12 https://1bl.exoplanets.ca
3 https://github.com/almoulla/arve
4 https://github.com/iastro-pt/sBART
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Table 1. Standard deviation and average RV errors for HD 102365 obtained with different RV extraction methods.

Unbinned Binned by night

Method ESPRESSO 18 ESPRESSO 19 ESPRESSO 18 ESPRESSO 19

Std. dev. Avg.err. Std.dev. Avg.err. Std.dev. Avg.err. Std.dev. Avg. err.

ms™)  @ms?)  (ms  @ms?H  ms) (@ms!H  (ms!) (msh
TILARA (with sigma-clip) 1.44 0.18 2.20 0.18 1.01 0.07 1.90 0.06
TILARA (with down-weight) 1.20 0.13 2.10 0.12 0.94 0.05 1.87 0.04
CCF (DRS) 1.09 0.16 1.95 0.15 0.89 0.06 1.75 0.05
ARVE (1) 1.23 0.16 2.04 0.16 1.05 0.06 1.83 0.06
LBL (2) 1.26 0.53 2.06 0.52 1.03 0.20 1.83 0.18
s-BART (3) 1.16 0.13 1.96 0.13 0.98 0.05 1.77 0.05

Notes. Standard deviation (Std. dev.) and average RV error bar (Avg. err.) obtained for HD 102365 using different RV extraction methods. Results
are shown separately for ESPRESSO 18 and ESPRESSO 19 observations, for both unbinned and nightly binned data. All values are given in meters
per second. (1) Al Moulla (2025); (2) Artigau et al. (2022); (3) Silva et al. (2022).

Table 2. Standard deviation of the RV residuals between TILARA configurations and comparison pipelines.

Method comparison

Standard deviation (ms™!)
ESPRESSO 18 ESPRESSO 19

TILARA (with sigma-clip) — CCF 0.33 0.59
TILARA (with down-weight) — CCF 0.33 0.55
TILARA (with sigma-clip) — ARVE (1) 0.38 0.56
TILARA (with down-weight) — ARVE (1) 0.53 0.53
TILARA (with sigma-clip) — LBL (2) 0.62 0.65
TILARA (with down-weight) — LBL (2) 0.68 0.69
TILARA (with sigma-clip) — s-BART (3) 0.33 0.57
TILARA (with down-weight) — s-BART (3) 0.44 0.56

Notes. Standard deviation of the RV residuals between the two TILARA

configurations — down-weighting (TDW) and sigma-clipping (TSC) —

and four comparison pipelines. Values were computed separately for ESPRESSO 18 and ESPRESSO 19 observations and are given in meters per
second. (1) Al Moulla (2025); (2) Artigau et al. (2022); (3) Silva et al. (2022).

line-by-line methods, whereas s-BART applies a global template-
matching approach. Each code adopts its own strategy for outlier
rejection or down-weighting of individual measurements.

To assess the effect of the two outlier-rejection strategies
implemented in TILARA, we computed the RV time series using
both the sigma-clipping and down-weighting approaches and
compared the resulting measurements. In the down-weighting
case, the contribution of each line is scaled according to a
truncated Lorentzian distribution fit to the normalized standard
deviation of the line-by-line RVs, as described in Sect. 2.4.2. The
fit distribution is shown in the Truncated Lorentzian fit, repre-
sented in red in the top right panel of Fig. 5, where the peak
corresponds to the most stable lines and the extended tail iden-
tifies lines that are progressively down-weighted in the final RV
estimate.

A direct comparison between the two TILARA configura-
tions is shown in Fig. 6. Both methods recover the same overall
RV behavior across the ESPRESSO 18 and ESPRESSO 19
datasets, with the sigma-clipping achieving a standard deviation
of 1.01 ms~! for ESPRESSO 18 and 1.90 ms~! for ESPRESSO
19, while the down-weighted series reach a standard deviation
of 0.94 ms~! ESPRESSO 18 and 1.87 ms~! for ESPRESSO
19. The down-weighting mode displays slightly reduced scat-
ter, as is confirmed by the narrower histogram in Fig. 6 and the
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overall values depicted in Table 1. The residual panel high-
lights that the differences between the two approaches are small
and mostly random, indicating that both methods are internally
consistent and do not introduce significant systematic offsets.

The performance of TILARA was further evaluated against
the four, previously explained independent pipelines in Fig. 7.
The residuals were computed with respect to the two TILARA
solutions, allowing a direct visual assessment of their relative
precision. All pipelines remain consistent at the ~ms~' level,
but the scatter of the residuals is, in general, smaller when ref-
erenced to the down-weighted TILARA RVs. The LBL results
show the broadest distributions, consistent with their larger for-
mal error. The results in Table 1 confirm that both TILARA
configurations reach a level of RV precision comparable to the
other state-of-the-art pipelines, for both ESPRESSO 18 and
ESPRESSO 19 and in both the unbinned and nightly binned
cases.

Regarding the residuals between methods (see Table 2),
the smallest standard deviation was obtained for the residuals
between both TILARA methods and the CCF in ESPRESSO
18, with o = 0.33 m,s”!. While the two TILARA variants
show a similar overall scatter to the reference methods, the
down-weighted solution systematically yields the lowest stan-
dard deviation and the smallest formal error, demonstrating that
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Table 3. Injected and recovered parameters for two synthetic planetary signals in the HD 102365 RV data.

Planet 1: K = 10.00 (ms™'), P = 100.00 (d)

Planet 2: K = 2.00(ms™"), P = 100.00 [d]

Sigma-clipping

Down-weight

Sigma-clipping Down-weight

Recovered K (ms™!) 10.127¢1! 10.12%0-10 2.46*)% 2.23%04)
0.06 0.06 0.39 0.19
Recovered P (d) 100.12 753 100.147 7 99.86 7555 100.617 14
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Fig. 8. Phase-folded RV curves recovered for the injected synthetic planets with a period of 100.00 days and eccentricity e = 0.00, after applying
the down-weighting method. The left panel shows the recovered RV curve for the injected signal with K = 10.00ms™!, and the right panel the one
for K = 2.00ms~!. In both cases, the solid line represents the best-fit Keplerian model obtained with KIMA, successfully retrieving the injected

signal using the RVs derived with TILARA.

it maintains competitive precision while providing tighter error
bars than the alternative pipelines.

3.2. Testing the robustness of TILARA through
injection-recovery simulations

The injection and recovery of synthetic planetary signals is a
standard approach to assess both the detectability of planets in a
given RV dataset and the reliability of the RV-retrieval pipeline.
Even in cases in which no planets are detected, planetary signals
may still be present but remain undetected due to stellar activity,
instrumental noise, or irregular time sampling. By adding arti-
ficial Keplerian signals with known parameters directly into the
observed spectra and attempting to recover them with the same
analysis framework used for real detections, we can quantify the
sensitivity of the dataset and evaluate the performance of our
methodology.

In our implementation, the injection was performed by shift-
ing the wavelength of each original spectrum according to the
Doppler signal that a planet with certain orbital parameters
would induce. This approach ensures that the synthetic signal
is introduced in a physically consistent way, directly mimicking
the effect that an actual planetary companion would have on the
stellar spectrum.

As a first test, we injected a synthetic planet with a period of
P = 100.00 days, a semi-amplitude of K = 10.00ms!, and an
eccentricity of e = 0.00 directly into the spectra. The modified
spectra were then processed with TILARA following the same
steps applied to the original data. The resulting RVs were ana-
lyzed with KIMA' (Faria et al. 2018), with the ESPRESSO 18 and

5 https://github.com/kima-org/kima

ESPRESSO 19 observations being treated as independent instru-
ments because of the previously mentioned different instrumen-
tal profiles that they exhibit. KIMA is a package for the detection
and characterization of exoplanets from RV data, fitting sums of
Keplerian signals using diffusive nested sampling, allowing the
number of planets to be a free parameter, and modeling stellar
activity with Gaussian processes. In this work, we gathered the
RVs and their associated errors from each observation, ran KIMA
with a single-planet model, and used the resulting posterior sam-
ples to infer the planet’s amplitude, period, and phase. We also
generated diagnostic plots including the data, phase-folded RV
curves, posterior distributions, and parameter corner plots.

To perform a more restrictive test, we repeated the experi-
ment using the same period and eccentricity, but reducing the
semi-amplitude to K = 2.00ms~!. In both cases, the injected
signal was successfully recovered using both the sigma-clipped
and the down-weighted RVs, as is summarized in Table 3.
Figure 8 shows the phase-folded RV curves recovered with KIMA
for the two injected amplitudes after being treated with the
down-weight method.

3.3. RV periodogram of HD 102365

Previous studies reported the presence of the Neptune-mass
planet HD 102365 b (Tinney et al. 2011). To accurately interpret
the results obtained with TILARA, we computed a periodogram
from our RV data of HD 102365 to assess the existence of this
planet.

We computed a generalized Lomb-Scargle periodograms
(Zechmeister & Kiirster 2009) for both the CCF-derived RVs and
the RVs extracted with TILARA. As was mentioned in Sect. 3, the
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Fig. 9. Generalized Lomb-Scargle peri-
odograms of HD 102365 RVs. The orange
curve corresponds to CCF-derived RVs, the
4 blue curve shows RVs obtained with TILARA
using down-weighting, and the red curve
shows RVs obtained with TILARA using sigma-
clipping. Horizontal dashed lines indicate
the 1% FAP for each dataset (overlapping for
B the three methods). The vertical dashed line
and shaded region mark the expected orbital
period of HD 102365 b (122.1 + 0.3 days).

Period [d]

time series spans from 5 January 2019 to 26 March 2023, with
a median S/N of 267, providing sufficient coverage to probe the
orbital period of the previously reported Neptune-mass planet,
HD 102365 b.

The periodograms were calculated on a dense frequency
grid, accounting for the measurement error. The resulting power
spectra are shown in Fig. 9. Horizontal dashed lines indicate the
1% false alarm probability (FAP) levels for each dataset. The
expected orbital period of HD 102365 b (122.1 days) is marked
with a vertical dashed line and a shaded +0.3 day region.

Neither the TILARA-derived nor the CCF-derived peri-
odogram show a significant signal at the expected 122.1-day
period above the 1% FAP, pointing to a non-detection of
HD 102365 b in this dataset, which indicates that no signif-
icant periodic signal is detected at this period in the present
dataset. However, the absence of a significant peak in the peri-
odogram alone is not sufficient to rule out the presence of a
planetary signal. Moreover, the work of Figueira et al. (2025)
shows that the ESPRESSO data on their own do not provide
conclusive evidence to support the existence of planets around
HD 102365. Since the TILARA RVs are consistent with the CCF
and template-matching RVs analyzed in Figueira et al. (2025),
they are expected to lead to the same conclusions when subjected
to a similarly detailed analysis. Our analysis, together with the
work done in Figueira et al. (2025), is therefore consistent with
the interpretation that, within the precision limits of ESPRESSO,
the signal previously attributed to HD 102365 b is dubious.

The periodogram of the TILARA RVs shows that the peaks
are more significant compared to the CCF RVs. This behavior is
expected, as the line-by-line approach preserves line-dependent
RV signals that may be attenuated when averaging over many
lines in the CCF method. These more prominent signals may be
associated with stellar activity, wavelength-dependent effects, or
other systematics, and should not be interpreted without further
analysis.

4. Summary and conclusions

We have presented TILARA, a template-independent, line-by-line
RV extraction code designed to work in conjunction with ARES.
The code is motivated by the upcoming PoET instrument (Santos
et al. 2025), which will enable disk-resolved solar observations,
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P
103 No significant peak is observed at the planet’s
period in either dataset.

offering unprecedented opportunities to study small-scale phe-
nomena such as granulation, supergranulation, and sunspots in
the context of RV measurements.

A key motivation behind TILARA is the need to measure
true line-by-line RVs, rather than velocities associated with
broad spectral segments defined between consecutive maxima,
as is done in many existing line-by-line approaches. Because
ARES can resolve blended features, TILARA derives velocities
from physically distinct absorption lines, enabling a direct link
between RVs and the physical properties of each line (e.g., for-
mation height, excitation potential, and magnetic sensitivity).
This opens the door to identifying which lines are more or
less affected by stellar activity, a critical step toward activity-
mitigated RV extraction.

TILARA incorporates (but is not limited to) a carefully
constructed line list refined from ESPRESSO solar observa-
tions, and implements flexible tools for error estimation, outlier
removal, and line weighting. Its modular design allows it to be
adapted to different spectral types and observational datasets.
The code follows the Bouchy et al. (2001) method for RV error
calculations, and supports both classical sigma-clipping and
down-weighting to mitigate the impact of spectral outliers.

Applying TILARA to a 4-year ESPRESSO dataset of the
solar-type star HD 102365 demonstrated that the TILARA
approach can achieve a comparable RV scatter to the stan-
dard CCF method and other state-of-the-art pipelines, while
obtaining slightly lower average error bars (see Table 1). These
results confirm that precise and robust RV measurements can
be obtained without relying on spectral templates, an impor-
tant advantage when such templates are difficult or impossible
to construct. TILARA combines the template-free advantage of
the CCF extraction technique with the outlier-resistant advantage
of the line-by-line extraction technique.

Given its flexibility, TILARA could in theory be applied to a
range of stellar targets and observational programs. In particular,
its ability to down-weight or remove problematic lines without
discarding entire spectra should make it suitable for stars with
complex or variable activity signals that we intend to explore in
upcoming studies.

Future work will focus on integrating TILARA with PoET’s
disk-resolved datasets to investigate how localized stellar
surface features contribute to the RV variability of individual
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lines. This approach is particularly critical for high-spatial-
resolution observations of phenomena such as granulation and
supergranulation. In these cases, the stellar spectrum varies so
significantly across the solar disk and over short timescales that
a stable, representative reference template — the fundamental
requirement for cross-correlation and the other methods used for
comparison in this work — cannot be reliably constructed. Unlike
these traditional methods, which assume a fixed spectral shape to
measure Doppler shifts, TILARA operates independently of a flux
template. This allows for the robust extraction of line-specific RV
variations even in the presence of rapidly evolving surface phe-
nomena, providing a pathway to disentangle stellar activity from
planetary signals by studying the physical behavior of individual
spectral features.

While TILARA demonstrates high precision for Sun-like
stars, several considerations must be addressed when extending
its application to other stellar types or datasets. Currently, the
algorithm is optimized for quiet, slowly rotating G-type stars
with well-defined, narrow absorption lines. For cooler stars,
such as M-dwarfs, the high density of spectral lines leads to
significant blending, which poses a challenge for the Gaussian
decomposition performed by ARES. In such regimes, the use of
alternative line models, restricted wavelength ranges, or a higher
spectral resolution may be required to maintain RV accuracy.

Furthermore, the construction of the reference line list is
a critical step that is not yet universal. The stability of a list
depends heavily on the star’s spectral type, metallicity, age, and
rotation rate. Consequently, we recommend using star-specific
line lists rather than transferring lists across different stellar pop-
ulations. Regarding the data requirements, while a small number
of high-S/N spectra may be sufficient to establish a reference
for quiet stars, targets with significant intrinsic variability or
unknown planetary signals may necessitate larger datasets and
iterative refinement to ensure that the reference line centers are
not biased by transient phenomena.

It is also important to contextualize TILARA’s role rel-
ative to state-of-the-art template-matching methods. When a
high-quality, stable stellar template can be constructed, template-
matching generally extracts more RV information and achieves
lower residuals than Gaussian-based approaches. TILARA is
not designed to replace these methods in those specific cases.
Instead, it provides a complementary, line-by-line framework
that preserves the individual information of each spectral feature.
This flexibility is essential for studying activity-related phenom-
ena — such as the correlation between RV variations and line
formation depths — which are inherently difficult to isolate using
global template-matching techniques that deliver a single, inte-
grated RV value. Overall, this work highlights the potential of
the TILARA approach as a powerful complement to traditional
CCF-based and template-matching RV extraction methods, par-
ticularly in the era of ultrahigh precision spectroscopy.

Data availability

The TILARA code, along with the solar line list and documenta-
tion, is publicly available on GitHub at https://github.com/
Carmensnm/TILARA. Users are encouraged to adapt the modular
framework for different instruments and stellar targets.
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Appendix A: Technical details of 1inesearcher

Before running linesearcher, the S1D FITS files were pre-
processed by interpolating the spectrum onto a regular wave-
length grid with a constant step of 0.005 A. While modern
ESPRESSO SID files are stored in FITS tables that allow
for slightly varying dispersion across the wavelength range, a
uniform sampling is required in this step to ensure it is com-
patible with the necessary input in ARES. This interpolation
step matches the nominal numerical resolution of the instrument
while providing the regular grid necessary for the code to oper-
ate consistently across the entire spectral range. This uniform
sampling is required to ensure accurate line detection.

The key parameters controlling the detection process in
linesearcher are:

— lambdai & lambdaf: define initial and final wavelength
values of the spectral interval over which the search is
carried out.

— smoothder: a smoothing factor applied when computing
numerical derivatives, helping to suppress noise and improve
the detection of absorption features.

— rejt: a continuum normalization parameter. During nor-
malization, a second-order polynomial is iteratively fit to the
spectrum, with only points above a threshold (set by rejt)
retained for the fit. This value could be adapted to the S/N of
the spectrum.

— lineresol: the minimum allowed separation between two
detected lines. If two features are found closer than this limit,
they are treated as a single blended line.

The output of 1inesearcher is a text file with two columns:
the first column lists the estimated central wavelengths of the
detected lines, and the second gives the corresponding depths.

This preliminary list is then used as input for ARES, which
refines the line positions by fitting Gaussians to each candi-
date feature. ARES automatically measures EWs and their errors,
line depths, and FWHM (Sousa et al. 2007). For each candidate
line, the program selects a local spectral window, determines the
continuum level, and computes the best Gaussian fit.

Appendix B: Technical details of ARES

ARES requires as input a S1D spectrum, a list of approximate line
centers to initialize the fits, and a set of user-defined parameters
that control the fitting process.

Most of the input parameters are shared with
linesearcher, but ARES also includes additional options
that are critical for refining the line fits:

— space: the wavelength interval (in A) around each line
considered for the Gaussian fit.

— miniline: the minimum line depth required for the line to
be considered and fit.

— rvmask: the velocity shift (in kms™") applied to the line
mask to align it with the observed spectrum.

The standard output of ARES is a text file with the extension
.ares, containing nine columns with detailed information for
each line:

1. Wavelength of the line.

2. Number of components fit to the line.
3. Depth of the line.

4. FWHM of the line.

5. EW of the line.
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6. Uncertainty of the EW.

7. Depth of the fit Gaussian.

8. Width (standard deviation) of the fit Gaussian.
9. Central wavelength of the fit Gaussian.

Here, the wavelength of the line refers to the reference wave-
length determined in Step 1 from the homogenized line list and
it is used as input forARES to define the initial line position and
fitting window. In contrast, the “central wavelength of the fit
Gaussian” corresponds to the line center returned byARES after
fitting a Gaussian profile to the observed absorption feature.

All measured parameters — namely the line center, EW,
depth, and FWHM - are derived from the best-fit Gaussian pro-
file. ARES identifies and resolves blended features by searching
for multiple local minima within the wavelength interval defined
by the space parameter; when more than one feature is detected,
a simultaneous multi-Gaussian fit is performed. The primary
limitation for ARES arises in cases of extreme blending, where
multiple fit components are centered at nearly the same wave-
length'®. In such situations, although the total EW is generally
robust, individual parameters such as the FWHM or depth may
not accurately reflect the physical properties of a single spectral
line. Nevertheless, the line-by-line nature of TILARA enables the
identification and exclusion of these problematic features from
the final radial-velocity computation based on fit quality criteria
or physical consistency checks.

This information forms the basis for the line-by-line RV
calculations described in Sect. 2.3.

Appendix C: Rejt selection

As mentioned in Appendix A, the rejt is a continuum normal-
ization parameter that defines the threshold above which points
are retained during the polynomial fitting of the spectrum. ARES
performs a simple local continuum normalization as described
in Section 3.1 of Sousa et al. (2007), and since no global spectral
normalization is applied, no spectral lines are excluded during
this process; as expected, the choice of normalization affects the
measured line depths and therefore the optimal selection of the
rejt parameter is crucial.

The objective of this Section was to test different methods to
select the optimal value of the rejt parameter.

Before obtaining the final ARES results of the list of refer-
ence lines and performing the statistical analysis mentioned in
the previous subsection, we tested five different approaches for
determining the optimal values of the rejt parameter in ARES,
as well as to study the impact of the different options. The first
three approaches used fixed values based on the mean S/N of the
observations (S/N =~ 260), as follows:

1. Mean S/N value (= 260).
2. Half the mean S/N (~ 130).
3. One-quarter of the mean S/N (= 65).

Sousa et al. (2015) also describe two alternative strategies:

4. Estimate rejt from line-free regions of the spectrum. For
our case, we adopted the wavelength intervals recommended
by Sousa et al. (2007): 5764-5766 A, 6047-6052 A, and
6068-6076 A.

5. Make the rejt wavelength-dependent. This was imple-
mented by measuring the S/N at the central wavelength of

16 'We refer the reader to the originalARES papers (Sousa et al. 2007,
2015) for the exhaustive details of the blend-detection algorithm.
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each order in each observation. Since ESPRESSO spectra
consist of 85 echelle orders, we obtained 85 wavelength—S/N
pairs per observation.

For the same observation, we applied the 5 different rejt
options, and obtained:

For an S/N =~ 260, 4310 lines.

— For an S/N =~ 130, 4250 lines.

For an S/N ~ 65, 4207 lines.

For an S/N chosen by ranges, 4395 lines.

For an S/N varying with wavelength, 4290 lines.

Interestingly, the variable method based on line-free regions of
the spectrum yielded more lines than the rest of the methods.
Also, the comparison of the three methods where the S/N was
fixed, showed that higher S/N values generally resulted in a
greater number of detected lines. The large number of line counts
at higher S/N values are consistent with the fact for a given spec-
trum, fixing the rejt to larger values would make the continuum
placement higher as well, allowing more features to be inter-
preted as lines. For the rest of the paper, we adopted the fixed
value corresponding to S/N = 260, meaning that we keep 4310
lines. For comparison purposes, the CCF mask used in the official
ESPRESSO pipeline uses 5484 lines.

Appendix D: RV error methods

Given the variety of methods available in the literature to com-
pute RV errors, we explored four different approaches in this
work.

Methods 1 and 2 take into account the idea that the precision
of the RV will depend on the shape of the line as well as on the
S/N. This precision is based on: the depth of the line, the S/N
in the continuum and the width of the line. If we assume that
the spectral lines will have a Gaussian shape, the error of the RV
determined from a spectral line can be approximated as:

VFWHM
C-S/N

where FWHM is the full width at half maximum per line, C is
the contrast with the continuum (the depth divided by the con-
tinuum) and the S/N is the signal to noise ratio in the continuum,
as depicted in Lovis & Fischer (2010). This makes sense with the
fact that the narrower and the deeper the line is, the smaller the
error will be.

Both Method 1 and Method 2 rely on this same expression
for ogy; the only difference lies in how the S/N in the continuum
is estimated. Method 1 calculates the S/N using interpolation.
For this we used the values we calculated for the S/N when com-
puting the rejt, and then we interpolated them to the nearby
wavelengths. Method 2 approximates the S/N on the continuum
using a simple formula to compute it based on the depth and the
S/N in the center of the line:

ORV ~ (D.1)

S /Nline
S /N continuum = ———=——» D.2
[Neon 1 — Depth ©-2)
where
F
S [Niine = Forror (D.3)

Here, S/Nj,. represents the S/N at the line center, computed
as the ratio between the measured flux (F) and its associated
uncertainty F,,.,, extracted from the observations.

Method 3 follows a completely different approach. It derives
the Doppler formula, using the error of the center of the line
produced by ARES, and since the reference wavelengths are taken
as absolute (and using their errors would only produce a small
offset), the formula for the error is

P!

obs
ORy =C- —. (D4)
/lrest

Lastly, Method 4 is explained in Sect. 2.3.

To select the best RV error calculation method, we computed
the RVs of the example detailed in Sect. 3, avoiding doing any
sigma-clipping or down-weighting. We computed the average
error bar of the RVs for the four different methods. The results
obtained for the HD 102365 ESPRESSO 18 observations are
summarized in Table D.1. Based on these values, we decided
to discard Methods 2 and 3 since they seem to be underestimat-
ing the contribution of the errors. Lastly, we favored Method 4
(based on the Bouchy et al. (2001) formalism) over Method 1
due to the approximate nature of Method 1.

It is worth noting that for the purpose of these tests, the
four error estimation methods were evaluated without apply-
ing the outlier rejection or down-weighting schemes described
in Section 2.4. This approach was chosen to isolate the raw
performance of each estimator and to ensure that the selected
Bouchy et al. (2001) formalism provides the most statistically
robust representation of the photon noise across the entire line
list. Applying these filters prematurely would have masked the
underlying behavior of the estimators by artificially removing
the noisier lines that these formalisms are specifically designed
to characterize.

Table D.1: Average RV error bars for the ESPRESSO 18
HD 102365 (unbinned) results.

Method Average Error [m s7]
Method 1 0.17
Method 2 0.02
Method 3 0.01
Method 4 0.13
CCF 0.16
SBART (Silva et al. 2022) 0.13
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Appendix E: Testing alternative down-weighting
schemes

Before adopting the final probabilistic down-weighting scheme
described in Sect. 2.4.2, we tested several alternative functional
forms to model the empirical distribution of line-to-line RV
variability using the observations described in Sect. 3. We first
reproduced the method of Artigau et al. (2022), fitting a Gaus-
sian profile to the standardized RV values (mean-subtracted and
o-normalized). However, the Gaussian systematically underesti-
mated the contribution of the heavy tails, indicating that it does
not adequately represent the observed distribution (blue curve,
top-left panel of Fig. 5). A Lorentzian profile, which naturally
features broader wings, provided a visibly better match to the
data (red curve, same panel).

In a second test, instead of using the RV values (mean-
subtracted and o-normalized), we repeated the fitting procedure
using the standard deviation of the RVs per line. In this case, we
adopted truncated versions of both the Gaussian and Lorentzian
functions, since the distributions start at zero and therefore have
only one tail, forcing the fit to begin at the minimum of the distri-
bution. The Gaussian again underestimated the tail contribution
(top-right panel of Fig. 5), whereas the truncated Lorentzian
reproduced both the core and the wings more faithfully.

For each fit (Gaussian vs. Lorentzian, and RV values — mean-
subtracted and o-normalized — vs. RV standard deviation), we
recomputed the final RV time series and compared the result-
ing residuals for ESPRESSO 18 and ESPRESSO 19 (see bottom
panels of Fig. 5). We also computed the standard deviation of the
time series obtained with both the Gaussian and the Lorentzian
fit. When the down-weighting is based on the RV values (mean-
subtracted and o-normalized), both functions perform similarly,
although the Lorentzian yields slightly lower scatter:

— Gaussian: 1.51ms~! for ESPRESSO 18 and 2.4l ms™' for
ESPRESSO 19.

— Lorentzian: 1.44 ms™! for ESPRESSO 18 and 2.27 ms™! for
ESPRESSO 19.

The difference becomes more pronounced when the weight-
ing is based on the RV standard deviation per line. In this
case, the Lorentzian consistently provides the lowest residual
dispersion:

— Gaussian: 1.47ms™! for ESPRESSO 18 and 2.17 ms™! for
ESPRESSO 19.

— Lorentzian: 1.20ms~! for ESPRESSO 18 and 2.10 ms™! for
ESPRESSO 19.

Given its ability to better describe the heavy-tailed behav-
ior of the empirical distributions and its consistently lower RV
scatter, we adopted the truncated Lorentzian over the RV stan-
dard deviation per line as the default down-weighting function
in TILARA.
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