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4 Institut für Astrophysik, Georg-August Universitat Göttingen, Friedrich-Hund-Platz 1, 37077 Göttingen, Germany
5 School of Physics and Astronomy, Queen Mary University of London, 327 Mile End Road, E1 4NS, London, United Kingdom

Accepted XX.XX.2014. Received XX.XX.2014; in original form XX.XX.2014

ABSTRACT

Variations related to stellar activity and correlated noise can prevent the detections of
low-amplitude signals in radial velocity data if not accounted for. This can be seen as
the greatest obstacle in detecting Earth-like planets orbiting nearby stars with Doppler
spectroscopy regardless of developments in instrumentation and rapidly accumulating
amounts of data. We use a statistical model that is not sensitive to aperiodic and/or
quasiperiodic variability of stellar origin. We demonstrate the performance of our
model by re-analysing the radial velocities of the moderately active star CoRoT-7
(log RHK = −4.61) with a transiting planet with a transiting planet whose Doppler
signal has proven rather difficult to detect. We find that the signal of the transiting
planet can be robustly detected together with signals of two other planet candidates.
Our results suggest that rotation periods of moderately active stars can be filtered out
of the radial velocity noise, which enables the detections of low-mass planets orbiting
such stars.
Key words: methods: statistical, numerical – techniques: radial velocities – stars:
individual: CoRoT-7
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INTRODUCTION

Activity-related noise caused by rotation, active features,
and irregularities of stellar surfaces (e.g. Santos et al. 2010;
Dumusque et al. 2011, 2012; Hatzes 2013; Tuomi et al.
2013b) provide currently the greatest challenges in improving the precision of radial velocity surveys to such an extent
that detections of Earth-like planets become possible. Despite being largely induced by rotation, the nature of stellar noise related to activity gives rise to aperiodic and/or
quasiperiodic variations that can mimic periodic Doppler
signals of Keplerian origin and thus prevent the detections
of low-amplitude planetary signals by littering the posterior densities (or periodograms) with spurious signals that
can be mistaken for genuine signals of planetary origin. In
order to increase the sensitivity of radial velocity surveys,
it is necessary to develop statistical models (e.g. for correlated noise: Baluev 2013; Tuomi et al. 2013b) accounting
for these irregular variations. Furthermore, it should only be
accepted that a weak planetary signal is detected if it is nec⋆
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essary in describing the radial velocity variations and that
these variations cannot be explained by stochastic variability that might be connected to measures of stellar activity
and/or intrinsic correlations in the data (e.g. Boisse et al.
2011; Pont et al. 2011).
CoRoT-7 is a moderately active G9 (Teff = 5250 ± 60;
[Fe/H] = 0.12 ± 0.06 dex; M⋆ = 0.91 ± 0.03 M⊕ ; log RHK =
−4.612) dwarf star (Queloz et al. 2009; Bruntt et al. 2010)
that has a planetary system orbiting it, including one
transiting planet corresponding to a valuable benchmark
planet for estimating the compositions and structures of
such super-Earths (Léger et al. 2009; Queloz et al. 2009).
However, determination of the mass of this planet based
on high-precision radial velocities has proved difficult (e.g.
Queloz et al. 2009; Hatzes et al. 2010; Boisse et al. 2011;
Hatzes et al. 2011; Pont et al. 2011) due to the difficulties
in detecting the signal in the precense of at least equally
significant variations related to stellar activity and rotation
(Queloz et al. 2009; Ferraz-Mello et al. 2011; Hatzes et al.
2011) and because modelling approaches based on different assumptions and approaches – pre-whitening or highpass filtering corresponding to the removal of periodici-
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ties estimated to correspond to activity-related phenomena
(Queloz et al. 2009; Ferraz-Mello et al. 2011) or modelling
starspot-induced radial velocity variations (Lanza et al.
2010; Pont et al. 2011) – have provided a wide range of estimates that are consistent at best but sometimes very diverse
(see the estimates listed in Hatzes et al. 2011).
In this work we obtain the HARPS spectra of
CoRoT-7 from the European Southern Observatory
archive, process them with the Template-Enhanced Radial velocity Re-analysis Application (HARPS-TERRA;
Anglada-Escudé & Butler 2012), and obtain velocity products together with activity indicators. We aim to filter
out the activity-related variations from the CoRoT-7 radial velocity data with our noise model. Spurious quasiperiodic signals related to the stellar rotation of roughly 23
d (Lanza et al. 2010) corresponding to the “dominant frequency in the power spectrum” according to Queloz et al.
(2009), have been affecting the obtained solutions to the radial velocities. Our goal is the detection of the signal of the
transiting planet without any prior knowledge of its orbital
period and, more generally, to be able to distinguish between
activity-related variability and genuine Doppler signals of
transiting planets.

2

STATISTICAL MODELLING

Stellar activity can contribute considerably to the variations in precision radial velocity data (e.g. Lagrange et al.
2010; Santos et al. 2010; Boisse et al. 2011; Dumusque et al.
2011). It is thus necessary to account for these variations
with the statistical model in order to detect low-amplitude
signals of planetary origin. Our key point is that activity variations are not strictly periodic and comprise quasiand/or aperiodic variability that is unlikely to be modelled
accurately by using Keplerian periodicities or sinusoids. This
is the case even when such variations appear as periodicities
in the commonly used Lomb-Scargle periodograms (Lomb
1976; Scargle 1982; Cumming 2004), although such an interpretation might be tempting in practice (e.g. Queloz et al.
2009; Dumusque et al. 2012; Hatzes 2013) in the context
of so-called “pre-whitening” that aims at removing periodogram powers related to activity and/or rotation by subtracting the corresponding sinusoids from the data. Since
such variations cannot be expected to be strictly sinusoidal,
this procedure gives rise to harmonics of the subtracted signals that need to be subtracted as well in order to decrease
the contribution of such features to the data. Such an approach cannot be considered very satisfactory in practice because such a subtraction of sinusoids that are not orthonormal in the case of unevenly sampled time series causes biases
to the genuine signals in the data (e.g. Pont et al. 2011),
but also, because it requires prior knowledge of the nature
of the signals seen in the periodograms, e.g. information
from transit observations, such that activity-related spurious
signals are subtracted but planetary signals are left intact
(Queloz et al. 2009; Ferraz-Mello et al. 2011). We note that
more sophisticated periodogram-based methods have been
proposed as well, including the generalised log-likelihood
periodograms (e.g. Anglada-Escudé & Tuomi 2012; Baluev
2013, and references therein) that evaluate the significances
of signals based on likelihood-ratio tests and can be applied

to arbitrary noise models, and the minimum mean squared
error technique for determining the optimal number of signals in a data set (Jenkins et al. 2014) that also provides
means for testing whether the signals are stationary in time.
Instead, we adopt the approach of Tuomi et al. (2013b)
and assume that a large fraction of activity-induced variability can in fact be filtered out from the velocities by accounting for intrinsic correlations in the data. In practice,
this means that the radial velocity noise is not white but
has a significant red-noise component even for stars that
are known to be rather inactive (Baluev 2013; Tuomi et al.
2013a,b; Feroz et al. 2014). However, such models for correlated noise might not be sufficient in explaining the variations in radial velocities of moderately active stars such as
CoRoT-7. Well-known measures of stellar activity, obtained
from the same spectra as the velocities themselves, can be
useful (e.g. Pont et al. 2011) to estimate how much the stellar activity contributes to the radial velocity variability. In
particular, we consider using the line bisector span (BIS)
that respond to spots and other surface inhomogeneities corotating on the stellar surface (Saar et al. 1998; Desort et al.
2007), line full-width at the half-maximum (FWHM), and
the S-index based on the CaII H&K lines as reasonable measures of activity (e.g. Boisse et al. 2011).
The above considerations suggest, as a first-order approximation, a model for the radial velocities that can be
written (see also Tuomi et al. 2013b) as
mi = γ + γ̇ti + fk (ti ) + ǫi +

p
X
j=1

φj exp

(

ti−j − ti
τ
+

q
X

)

ǫi

cj ξj,i ,

(1)

j=1

where the measurement mi made at time ti is modelled by
using the reference velocity γ; a linear trend quantified by
using the parameter γ̇ that is can be present in the radial
velocities of any given target due to the possible existence of
a long-period stellar and/or substellar companion; a whitenoise component ǫi that we assume to have a Gaussian density with a zero mean and a variance of σi2 + σJ2 , where σi
represents the estimated instrument noise and σJ is a free
parameter of the model; a correlated noise component that
we describe according to a pth order moving average (MA)
model with an exponential smoothing in the time-scale of τ
(Baluev 2013; Tuomi et al. 2013b); and linear correlations
with the activity indices ξj,i quantified by using the parameters cj .
Although it is possible that the linear correlations between velocities and activity indices described above are not
sufficient as the relationship between those two cannot be
expected to be linear (or in fact to follow any simple functional description), we adopt such a description as a firstorder approximation. While we do not expect this model
to be optimal, if velocity variations are indeed impacted by
activity this will be better than modelling the velocity variations without such a component. Moreover, the MA(p) term
might not be an optimal description of the correlated noise
either. For instance, Baluev (2013) and Feroz et al. (2014)
describe the noise such that they set all φj equal and take
the summation over all j = 1, ..., N , j 6= i. We do not consider this a realistical description. First, such a model cor-
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responds to a violation of causality as the measurements
made after the ith one contribute to its noise, although this
might be justifiable as simply a statistical description without such an interpretation. Second, the assumption that the
parameter φj is the same for all j = 1, ..., N might be too
restrictive. Furthermore, using such models requires inversions of N × N matrices, where N is the number of measurements, which becomes computationally heavy even for
moderately high N . We choose an MA(1) model that does
not increase the computational requirements and appears to
be a reasonably good noise model in practice (Tuomi 2014;
Tuomi et al. 2014) and because increasing the number of
MA components did not improve the model. Moreover, as
we measure activity-related information based on three activity indicators, namely BIS, FWHM, and S-indices, we set
p = 1 and q = 3 in Eq. (1).
The model described in Eq. 1 implies a likelihood
model for the measurements that can be calculated for
the ith measurement based on the obtained values ǫj ,
where j = i − 1, ..., i − p. We used the priors as discussed in (Tuomi & Anglada-Escudé 2013) such that the
eccentricity prior was defined as π(e) ∝ N (0, 0.12 ) and
the jitter prior as π(σJ ) ∝ N (0, σσ2 ), where µσ =
σσ2 = 2 ms−1 . See Tuomi & Anglada-Escudé (2013) and
Anglada-Escudé et al. (2013) for discussion and justification.

3

DRAM SAMPLINGS

We analyse the radial velocity data sets by applying
the delayed-rejection adaptive-Metropolis (DRAM) algorithm (Haario et al. 2006) that is a generalisation of the
adaptive-Metropolis algorithm (Haario et al. 2001) based on
the Metropolis-Hastings algorithm (Metropolis et al. 1953;
Hastings 1970).
The basics of the DRAM algorithm are as follows. We
first draw a proposal (θ1 ) from a proposal density q1 (θ0 , θ1 ).
This density is a function of the current state of the chain
θ0 (typically centered at it). The proposal is then accepted
with the probability
α1 (θ0 , θ1 ) = min

(

π(θ1 |m)q1 (θ1 , θ0 )
1,
π(θ0 |m)q1 (θ0 , θ1 )

)

where π(θ|m) is the posterior density given the data m.
If the proposal density is a symmetric one, as is the case
when applying a multivariate Gaussian density, the acceptance probability depends only on the posterior ratio of the
two vectors because q1 (θ0 , θ1 ) = q1 (θ1 , θ0 ). Assuming that
the new vector θ1 is rejected, another vector θ2 can then
be proposed by using another proposal density q2 (θ0 , θ1 , θ2 )
(Haario et al. 2006). In addition to the current state θ0 and
the newly proposed vector θ2 , this new proposal density can
depend on the rejected vector θ1 as well. The new proposal
is then accepted with probability
α2 (θ0 , θ1 , θ2 ) = min

(

1,

This process can be repeated for an arbitrary number of
rejected proposals in the above manner. The equation for the
general case, i.e. nth acceptance probability, can be found
in Haario et al. (2006).
Analyses of radial velocity time series in a search for
periodic signals are typically complicated because the period parameter (its logarithm in our analyses) has a highly
multimodal likelihood function and thus posterior density.
Therefore, it is necessary to perform the DRAM samplings
in such a way that the chains visit all the modes in the posterior regularly and that the highest maxima are identified
robustly in the samplings. For this reason, we choose the
proposal densities such that q1 is a multivariate Gaussian
density with a covariance matrix C1 . The second proposal
is then a multivariate Gaussian as well with a covariance
of C2 that is obtained by multiplying the row and the column corresponding to the period parameter of the signal
by a factor of δi = 0.3 such that the width of the proposal
density is decreased in the dimension of the period to enable the chains to find the narrow probability maxima in the
period space. We allowed three delayed-rejection steps before finally rejecting a proposed vector. Such a practice has
been proposed by Haario et al. (2006) albeit in a different
context.
When searching for periodic signals in the data, we used
tempered samplings such that a posterior raised to the power
of β ∈ (0, 1) was used instead of the original posterior. This
ensured, by decreasing the relative heights of the modes in
the posterior, that the corresponding Markov chains visited
all the relevant areas in the period space. This is important
because the posterior density is typically highly multimodal
in such examples of analyses of radial velocity data (e.g.
Tuomi 2014; Tuomi et al. 2014). DRAM samplings were not
used to obtain point and uncertainty estimates for the model
parameters but only for ensuring that there were no additional significant maxima in the period space. For parameter
estimation purposes, we set β = 1 to draw samples from the
original posterior density with the adaptive-Metropolis algorithm.

4
(2)

,

π(θ2 |m)q1 (θ2 , θ1 )q2 (θ2 , θ1 , θ0 )
π(θ0 |m)q1 (θ0 , θ1 )q2 (θ0 , θ1 , θ2 )
[1 − α1 (θ2 , θ1 )]
×
[1 − α1 (θ0 , θ1 )]

)

.

(3)

3

SEARCHING FOR SIGNALS IN HARPS
DATA OF COROT-7

The CoRoT-7 Doppler data have been obtained over two
rather distinct observing runs between 2454527 - 2454885 JD
and between 2455939 - 2455965 JD. We call these simply the
first (N = 95 after removing few measurements corresponding to FWHM outliers) and second observing run (N = 71),
respectively. These velocities are tabulated in the appendix.
Because there is a gap of almost three years between these
two observing runs, we believe that it cannot be expected
that the noise properties, including all possible correlations
as modelled according to Eq. (1), are equivalent in these runs
due to differences in stellar activity, e.g. the evolution of spot
patterns, and the designs of the observations in terms of e.g.
cadence and exposure time. Therefore, we assume that the
noise parameters of these two observing runs are independent of one another. Even if they are not strictly independent, we believe that treating them as free parameters for
each run, as one would for data from different instruments,
enables us to determine whether there are indeed differences

4

M. Tuomi et al.

that should be accounted for and to obtain a better statistical model than when making the much stronger assumption
that the noise properties were not evolving as a function
of time, which is unlikely to be the case (e.g. Queloz et al.
2009). Due to this choice, our model contains eight independent and two common parameters for the two observing
runs, which yields a baseline model with 18 parameters when
there are no Keplerian signals in the model.
We started the analyses of the HARPS velocity data by
performing tempered samplings of a one-Keplerian model.
These samplings enabled us to identify a signal at 3.7 d as
a unique probability maximum in the period space together
with local maxima corresponding to its double and a daily
alias at a period of 1.4 d (Fig. 1, right hand panel). Similar samplings, albeit with parameter β set to values closer
to unity, of a two-Keplerian model yielded a maximum at a
period of 9.0 d for the second signal (Fig. 1 middle panel)
together with local maxima at 0.86 d and 22 d. After this,
additional samplings revealed a unique third signal in the
data at a period of 0.86 d (Fig. 1, right hand panel) without considerable local maxima. This sequence of signal detections was consistent with the signal detection criteria of
Tuomi (2012) as the log-Bayesian evidences were increased
at these steps by 43.0, 13.2, and 19.0. These log-Bayesian evidences correspond to model probabilities that increase by
factors of 4.9 × 1018 , 5.5 × 105 , and 1.9 × 108 , respectively,
when assuming equal prior probabilities for each model. The
phase-folded signals are shown in Fig. 2. We did not detect
any additional signals in the data.
The observed rotation period of the star of 23 d that
has been detected in the radial velocities in earlier studies
(Queloz et al. 2009) did not correspond to the global maximum for any of the models used in our analyses. Although
it can be seen as a local maximum in the DRAM search for
the second most significant signal (Fig. 1, middle panel), it
did not correspond to a significant solution even when we
started additional samplings in its vicinity. Furthermore, we
did not observe significant signals at that period even after
accounting for the three candidate planets orbiting the star.
This indicates that the statistical model (Eq. 1) accounts for
the aperiodic and quasiperiodic variations corresponding to
the stellar activity sufficiently well and makes it unnecessary
to model the rotation period (and/or its harmonics) as additional signals in the data (Queloz et al. 2009; Boisse et al.
2011). We interpret this result as a suggestion that the noise
model is an adequate description of the activity-related variations and, more generally, that it might be possible to remove such variability from radial velocity data of at most
moderately active stars. This could therefore help in the
detection of low amplitude radial velocity variations corresponding to low-mass planets around such stars.
We did not find significant correlations between the radial velocities and BIS values or the S-indices. However, the
FWHM appears to be connected to the velocity variations
as we obtain cFWHM = 0.094 [0.016, 0.198] for the first observing run and cFWHM = 0.065 [-0.013, 0.192] for the second when using the maximum a posteriori (MAP) estimates
and the 99% credibility intervals. The former correlation is
significantly present in the data considering that the 99% interval does not overlap with zero but the latter is significant
in this sense with respect to only a 95% credibility interval.
The excess noise, as measured by obtaining estimates

for the parameters σJ , is likely different between the two
observing runs. We obtained estimates of 3.89 [3.07, 4.97]
ms−1 and 1.88 [1.42, 3.21] ms−1 for the first and second
observing runs, respectively. Similarly, the first observing
run contained significant intrinsic correlations because we
obtained φ1 = 0.88 [0.68, 1], whereas the same parameter
was consistent with zero for the second observing run. The
time-scale (τ ) of these intrinsic correlations was found to
be roughly 6 d (see also Baluev 2013; Tuomi et al. 2013b).
Not accounting for these differences might weight the first
observing run too much and the second one too little and
lead to biased results.
Finally, we obtained estimates for the proposed system
of three planets and show them in Table 1.
We note that according to our tests, samplings with the
DRAM algorithm proved more robust than the corresponding samplings with the adaptive-Metropolis algorithm. We
obtained the results by generating Markov chains with few
107 members with DRAM, whereas we could obtain consistent results with the adaptive-Metropolis algorithm with
roughly ten times longer chains. This is caused by the fact
that the DRAM algorithm enables the chains to visit narrow
high-probability regions in the parameter space more easily.
This is because the sampling algorithms that are capable of
exploring the posterior locally are more efficient in exploring
the period space of radial velocity signals in practice due to
a multimodality of the corresponding probability densities.

5

DISCUSSION

We have presented an analysis of the HARPS-TERRA velocities of CoRoT-7 that has been proposed to host a system
of two planetary companion, possibly three, out of which
the innermost one with an orbital period of roughly 0.85
days is transiting. According to our results, the three signals can be detected based on the HARPS-TERRA radial
velocities by performing DRAM searches for posterior maxima in the period space without any prior knowledge of the
period of the transiting planet (e.g. Queloz et al. 2009) that
has the weakest radial velocity signal. Furthermore, with
the statistical model accounting for both intrinsic correlations in the data and linear correlations with activity indices (Eq. 1), we did not observe the stellar rotation period
at 23 days (Queloz et al. 2009) as a global maximum with
models containing any number of Keplerian signals. This
suggests that for moderately active stars such as CoRoT-7
with log RHK = −4.612, such modelling of correlations automatically filters out activity-induced signals and variability related to the stellar rotation. We note that although
we used the BIS, FWHM, and S-index values as indicators
of stellar activity, other measures of such activity should
be considered as well (e.g. Barnes et al. 2014; Santos et al.
2014). Choosing the most informative indices and the exact
functional form for the correlations requires model comparisons with a handful of benchmark targets and is a subject of
future work together with the choice of the red noise model.
However, our simple approach appears to work well for the
CoRoT-7 data.
Modelling the activity-related variations based on observed photometric variability is another approach that has
been attempted (Lanza et al. 2010). However, apart from
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Figure 1. Estimated posterior densities of the three signals in the CoRoT-7 radial velocity data as functions of signal period based on
tempered DRAM samplings of the one, two, and three-Keplerian models. The maximum values of each sampling are denoted by red
arrows and the horizontal lines denote the 10% (dotted), 1% (dashed), and 0.1% (solid) thresholds with respect to the maxima. The
period space has been limited to an interval between 0.5 d and 100 d.

Figure 2. Top: phase-folded signals of the three candidate planets orbiting CoRoT-7. Red and blue points denote the first and second
HARPS observing run, respectively. The top panels denote all the data and the bottom panels show weighted means (red filled circles)
when the phases of the signals have been divided into 20 bins.

Table 1. Parameter estimates corresponding to the three-Keplerian solution to the HARPS-TERRA radial velocities of CoRoT-7 in
terms of MAP estimates and the 99% credibility intervals. The credibility intervals of semi-major axes and minimum masses have been
estimated by assuming an uncertainty in the stellar mass of 10%.
Parameter
P (d)
K (ms−1 )
e
ω (rad)
M0 (rad)
mp sin i (M⊕ )
a (AU)

CoRoT-7 ba

CoRoT-7 c

CoRoT-7 d

0.85487 [0.85479, 0.85496]
3.41 [1.86, 4.96]
0.14 [0, 0.23]
3.7 [0, 2π]
1.7 [0, 2π]
4.8 [2.4, 7.1]
0.0172 [0.0153, 0.0187]

3.7094 [3.7084, 3.7103]
5.30 [4.06, 6.42]
0.01 [0, 0.16]
5.8 [0, 2π]
2.5 [0, 2π]
11.8 [8.4, 15.9]
0.0458 [0.0409, 0.0498]

8.8999 [8.8938, 8.9081]
5.16 [3.32, 7.00]
0.07 [0, 0.23]
1.7 [0, 2π]
3.8 [0, 2π]
15.4 [9.4, 22.8]
0.0820 [0.0733, 0.0892]

a Transiting planet whose inclination is known to be 80.1◦ (Léger et al. 2009).
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photometric detections of transiting planets and stellar rotation periods, it is not clear how photometric data that is
more often than not obtained at different epochs than the
Doppler data, such as is the case with CoRoT-7 (Pont et al.
2011), can be connected to velocity variations in a useful
and trustworthy manner. For this reason, as suggested by
Pont et al. (2011), the information available in the activity
data obtained from the same spectra as the radial velocities
should be accounted for when modelling the relationship between stellar activity and radial velocities.
With an estimated mass of 4.8+2.3
−2.4 M⊕ , and adopting a
radius of 1.69±0.09 R⊕ (Léger et al. 2009), the average den−3
that does not
sity of this transiting planet is 5.6+4.2
−3.1 gcm
constrain the planetary composition very accurately. Most of
the uncertainty in this estimate arises from the uncertainty
in estimating the planetary mass better than by a factor of
roughly 50%. The above mass estimate appears to be consistent with all the earlier estimates due to its uncertainty
(see Hatzes et al. 2011) and underlines the importance of
improving the statistical models used to analyse Doppler
spectroscopy data in order to achieve greater sensitivity to
low-amplitude signals and better constraints for the planetary masses.
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Anglada-Escudé, G. & Butler, R. P. 2012, ApJS, 200, 15
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APPENDIX A: HARPS-TERRA RADIAL
VELOCITIES AND ACTIVITY INDICES

Filtering out activity-related variations
Table A1. HARPS-TERRA radial velocities and activity indices
Time
(JD)
2454527.5439
2454530.6043
2454550.5035
2454775.8191
2454776.7585
2454777.7617
2454778.7546
2454779.7507
2454780.7548
2454789.8299
2454790.8030
2454791.8110
2454792.8100
2454793.8277
2454794.8006
2454795.8090
2454796.8365
2454797.8034
2454798.8061
2454799.7770
2454799.8645
2454800.7591
2454800.8462
2454801.7530
2454801.8396
2454802.7484
2454802.8433
2454803.7526
2454803.8342
2454804.7555
2454804.8339
2454805.7775
2454805.8505
2454806.7647
2454806.8444
2454807.7281
2454807.8264
2454825.7368
2454826.7395
2454827.7262
2454828.7361
2454829.7354
2454830.7244
2454831.7103
2454831.7288
2454832.7252
2454833.7342
2454834.7539
2454847.5968
2454847.6939
2454847.7568
2454852.5986
2454853.5740
2454853.6981
2454853.7461
2454854.5803
2454854.6578
2454854.7417
2454855.6755
2454856.6528
2454857.6468
2454858.6635
2454859.6499

Velocity
(ms−1 )

Unc.
(ms−1 )

BIS
(ms−1 )

FWHM
(ms−1 )

S-index

-4.99
-10.22
9.15
5.82
5.06
1.04
-10.32
-1.98
2.33
4.31
10.30
14.95
7.85
4.09
7.42
0.43
-7.05
-5.06
11.32
11.94
11.32
6.71
2.59
-0.63
0.44
5.11
2.19
-2.47
-8.96
-4.30
0.09
7.79
20.54
22.53
22.47
11.59
12.17
4.76
6.04
14.49
28.97
18.68
3.46
4.41
-6.17
2.99
1.29
14.48
2.98
2.74
6.95
-0.58
11.56
14.54
10.68
20.57
18.36
16.39
14.10
6.08
22.99
21.94
15.22

1.54
1.54
2.01
1.92
2.38
1.67
1.48
1.71
2.16
1.59
1.75
1.66
1.66
1.61
1.82
2.17
1.20
1.41
2.36
1.71
1.83
1.87
1.39
1.48
1.37
1.65
1.37
1.59
1.68
2.19
2.03
1.96
2.21
1.56
1.62
1.80
1.55
1.22
1.14
1.26
1.19
1.61
1.88
7.95
1.61
3.03
1.75
1.44
1.39
1.43
1.35
1.70
1.26
1.36
1.33
1.38
1.51
1.90
1.15
1.14
1.06
1.64
1.71

-10.77
-8.95
-16.08
-2.20
-7.85
1.00
-8.62
-8.39
-6.81
-8.79
-17.08
-11.83
-15.37
-4.38
-6.20
-9.36
-11.89
-3.17
8.36
-3.08
-11.02
11.47
2.40
3.10
-2.41
-9.66
-6.45
-8.16
-20.38
-9.92
-15.24
-21.53
-20.96
-14.13
-14.31
-14.30
-16.46
-19.30
-21.99
-24.33
-22.56
-21.42
-6.63
-9.99
-11.17
-11.82
-8.47
-13.89
-8.49
-4.75
4.27
-10.95
-4.00
-8.31
-11.85
-15.43
-3.17
-12.22
-16.20
-18.14
-25.00
-24.23
-12.67

7065.46
7063.34
7072.77
7106.35
7118.73
7099.14
7100.19
7112.18
7099.48
7110.22
7111.44
7126.43
7137.91
7134.45
7137.91
7143.53
7128.05
7126.94
7124.53
7112.73
7083.73
7095.61
7111.80
7095.20
7099.11
7092.29
7090.82
7092.55
7090.10
7090.11
7096.25
7100.44
7099.34
7104.13
7105.15
7111.29
7111.45
7094.43
7101.59
7117.61
7142.23
7150.01
7149.14
7136.02
7128.55
7156.55
7133.01
7159.14
7068.19
7081.79
7089.08
7096.83
7100.32
7085.68
7111.19
7097.61
7096.64
7094.49
7134.77
7142.73
7149.07
7159.29
7164.50

0.313
0.292
0.348
0.360
0.341
0.354
0.348
0.328
0.349
0.338
0.332
0.360
0.351
0.354
0.343
0.355
0.370
0.346
0.330
0.345
0.340
0.332
0.373
0.342
0.334
0.337
0.336
0.330
0.329
0.337
0.323
0.322
0.333
0.321
0.341
0.342
0.336
0.339
0.331
0.341
0.318
0.349
0.342
0.384
0.381
0.385
0.342
0.363
0.356
0.367
0.349
0.342
0.348
0.368
0.380
0.370
0.358
0.362
0.349
0.351
0.364
0.365
0.354
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