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OUTLINE

• Overview of exoplanets

• Current limitations

• Our contribution using machine learning

• Bonus track: the advent of JWST
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Earth 
1 AU 

P = 365,25 d 
1 Mt = 5,9e24 kg  
1 Rt = 6371 km

Jupiter 
5 AU 

P ~ 12 yr 
1 Mj = 1.9e27 kg  ~ 318 Mt 
1 Rj = 69 911 km ~ 11 Rt

Neptune 
30 AU 

P ~ 165 yr 
1 Mn ~ 17 Mt 
1 Rn ~ 3,8 Rt

Mercury 
0,39 AU 
P = 88 d 

Mm ~ Mt/18 
Rm ~ Rt/2.6

Sun 
1 Ms = 1.988e30 kg  ~ 1000 Mj 

1 Rs = 695 700 km ~ 10 Rj
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G.Hüdepohl (atacamaphoto.com)/ESO

Some questions

What kind of planets are possible? 

How common are planetary systems? 

How common is the Solar System? And Earth? 

What are planets made of? 

What are there atmospheres like? 

What can we learn about their formation and 
evolution by studying the architecture of systems? 

How do formation and evolution depend on stellar 
parameters? 

… 

Are we alone?
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known exoplanets
according to NASA Exoplanet Archive (on April 25 2021)

5539

8

https://exoplanetarchive.ipac.caltech.edu/


10 m/s

1 m/s

10 cm/s



DIVERSE INTERNAL STRUCTURE



G. Hébrard et al.: The retrograde orbit of the HAT-P-6b exoplanet

Fig. 2. χ2 formal isocontours for our modeling of the Rossiter-
McLaughlin effect as a function of λ and V sin is (see Sect. 3), using
the formula from Ohta et al. (2005) and the system parameters from
N08. The diamond shows the best values.

coefficient ε = 0.57±0.10 in the 5300−6300 Å wavelength range
from a model atmosphere (Kurucz 1979).

The remaining two parameters of the Ohta et al. model
are the sky-projected stellar rotational velocity V sin is and the
sky-projected spin-orbit angle λ. We determined these free pa-
rameters through a grid search, and derived formal confidence
intervals from the χ2 isocontours plotted in Fig. 2 (Hébrard
et al. 2002). The resulting values are V sin is = 7.5 ± 1.2 km s−1

and λ = 166.◦0± 6.◦1. We separately propagated the effects of the
uncertainties of the above fixed parameters on V sin is and λ, and
found a ±1.1 km s−1 effect on V sin is, dominated by the uncer-
tainties on a/R∗, i, and γSOPHIE, and a ±8.◦5 effect on λ, mainly
from the γSOPHIE uncertainty. The other fixed parameters con-
tribute negligibly to the λ and V sin is uncertainties. Quadratic
addition of the two sources of uncertainties produces our final
results: V sin is = 7.5 ± 1.6 km s−1 and λ = 166◦ ± 10◦.

The resulting V sin is agrees with the V sin is = 8.0 ±
1.0 km s−1, which we derive from the width of the CCF of HAT-
P-6 (Boisse et al. 2010), as well as with V sin is = 8.2±1.0 km s−1

which N08 similarly derived from line broadening. The good
agreement is somewhat surprising, since rotation broadens the
lines of HAT-P-6 by significantly more than the SOPHIE reso-
lution. As discussed by e.g. Hirano et al. (2010a) and Simpson
et al. (2010), naive modeling of the RM anomaly could produce
biased V sin is measurements under such circumstances.

Figure 1 plots the full dataset and the final fitted model.
The SOPHIE and HIRES velocities have dispersions around this
model of 19.5 m s−1 and 9.0 m s−1, respectively. These are sim-
ilar to the dispersions of the radial velocities measured outside
transit around the Keplerian model, 20.8 m s−1 and 9.6 m s−1 (see
above). Our RM model is thus a good description of the mea-
surements with a reduced χ2 of unity.

4. Discussion

The orbit of HAT-P-6b is retrograde with respect to the spin of
its host star (Fig. 3), but the true, unprojected angle ψ between
the two angular momenta remains uncertain. We have only mea-
sured the sky-projected spin-orbit angle, λ = 166◦ ± 10◦, related
to ψ by cosψ = sin is cos λ sin io + cos is cos io (e.g. Fabrycky &
Winn 2009, whose notations and definitions we adopted: io is the
inclination of the planetary orbit and is that of the stellar spin).
The angle io is precisely known from the planetary transits but is
remains unknown. There is no reasons to assume the star is seen

Fig. 3. Schematic view of the HAT-P-6 system from the Earth. The dot-
ted and dashed-dotted lines represent the orbital angular momentum and
the sky projection of the stellar spin axis. The red and blue hues on the
star surface indicate the Doppler shift from stellar rotation. The sky-
projected obliquity λ and its uncertainty are displayed in gray and green.

edge-on (is $ io $ 90◦), especially here where λ ! 0 demon-
strates some misaligment. Comparisons of the measured V sin is
to estimate the stellar rotation period Prot and radius R∗ can in
principle constrain is, but here with ambiguous results.

On one hand, the measured R′HK implies a short stellar ro-
tation period, Prot $ 3.5 days (Mamajek & Hillenbrand 2008).
From R∗ = 1.46 ± 0.06 R& and V sin is = 8.0 ± 1.0 km s−1, we
obtain Prot/ sin is = 9.2±1.5 days. Reconciling the two numbers
requires an almost pole-on star, with is $ 20◦ or 160◦1, imply-
ing ψ $ 110◦. Schlaufman (2010), on the other hand, predicts
Vrot = 9.1 km s−1 from the age and mass of HAT-P-6. This is sim-
ilar to the measured V sin is, so would instead imply a more edge-
on star, with is $ 60◦ or 120◦2, and ψ $ 145◦. Neither approach
is expected to be accurate. Here they give inconsistent estimates
for Prot and therefore for is and ψ. Asteroseismology (Gizon &
Solanki 2003), polarization of magnetic dipoles (López Ariste
et al. 2010), or accurate photometry may hopefully provide reli-
able is and Prot measurements. In the meantime, the value of ψ
remains unknown, except for its being above 90◦.

HAT-P-6b is the seventh planet identified as having a retro-
grade orbit, after WASP-2b, 8b, 15b and 17b (Triaud et al. 2010;
Queloz et al. 2010; Bayliss et al. 2010) and HAT-P-7b and 14b
(Winn et al. 2009c, 2010a; Narita et al. 2009). Three plan-
ets also seem to have nearly polar orbits: CoRoT-1b (Pont
et al. 2010), WASP-1b (Simpson et al. 2010), and HAT-P-11b
(Winn et al. 2010b; Hirano 2010b). The last of them is also likely
retrograde. In addition, HAT-P-11b is the only Neptune-mass
planet with an obliquity measurement, with all other planetary
systems with RM measurements being jovian mass planets.

The processes that produce tilted systems remain debated
(see Sect. 1). Whether a single mechanism explains all close-in
planets or whether different processes produce aligned and mis-
aligned systems is unknown. Even whether the planetary orbits
acquired obliquity or the stellar spin instead acquired tilt is un-
certain. The mechanisms, in any case, cannot require conditions
that are too narrowly specified, since tilted systems are common.

Schlaufman (2010) and Winn et al. (2010c) hypothesized
that misaligned planets tend to orbit hot stars. The 6570 ± 80 K

1 The is $ 200◦ and 340◦ formal solutions can be excluded, since we
know that the orbit is retrograde (|λ| > π − io).
2 Here again, the retrograde orbit excludes is $ 240◦ and 300◦.
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Hébrard, Ehrenreich, Bouchy, et al. (2011)
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Exoplanet Detection
Methods

Microlensing

decreasing
planet mass

Timing

15 planets
(12 systems,
2 multiple)

535 planets
(403 systems,
93 multiple)

2 planets
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RADIAL VELOCITY METHOD

Credit: ESO

K? ⇡
✓
2⇡G

P

◆1/3 1p
1� e2

m2 sin i

m2/3
1

15



RADIAL VELOCITY METHOD

Credit: ESO

K? ⇡
✓
2⇡G

P

◆1/3 1p
1� e2

m2 sin i

m2/3
1

15



RADIAL VELOCITY METHOD

Credit: ESO

Planet Period RV Amplitude
(G2 star)

RV Amplitude
(M5 star)

Jupiter 3 d 140 m/s 580 m/s
Jupiter 11.9 yr 12 m/s 50 m/s

Neptune 3 d 7.6 m/s 30 m/s
Earth 3 d 44 cm/s 1.8 m/s
Earth 1 yr 9 cm/s 40 cm/s 
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RADIAL VELOCITY TIME SERIES
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THE GLS PERIODOGRAM
The classical approach to detecting signals in RV time series

Generalised Lomb Scargle (GLS): Sort of Fourier Transform for unevenly 
sampled data.

p(!) =
�2
0 � �2

!

�2
0

Lomb (1976) 
Scargle (1982) 
Baluev (2008, 2013) 
Zehcmeister & Kürster (2009) 
Delisle, Ségransan & Hara (2020)

17



THE GLS PERIODOGRAM
The classical approach to detecting signals in RV time series

Generalised Lomb Scargle (GLS): Sort of Fourier Transform for unevenly 
sampled data.

p(!) =
�2
0 � �2

!

�2
0

A sin(!t) +B cos(!t) + C

!2 for the 
weighted mean!2 for a linear 

sinusoidal model 

Lomb (1976) 
Scargle (1982) 
Baluev (2008, 2013) 
Zehcmeister & Kürster (2009) 
Delisle, Ségransan & Hara (2020)

17



THE GLS PERIODOGRAM
The classical approach to detecting signals in RV time series

Generalised Lomb Scargle (GLS): Sort of Fourier Transform for unevenly 
sampled data.

p(!) =
�2
0 � �2

!

�2
0

A sin(!t) +B cos(!t) + C

!2 for the 
weighted mean!2 for a linear 

sinusoidal model 

Lomb (1976) 
Scargle (1982) 
Baluev (2008, 2013) 
Zehcmeister & Kürster (2009) 
Delisle, Ségransan & Hara (2020)

17



The classical approach to detecting signals in RV time series

Statistical significance evaluated via Null Hypothesis Significance Testing

Lomb (1976) 
Scargle (1982) 
Baluev (2008, 2013) 
Zehcmeister & Kürster (2009) 
Delisle, Ségransan & Hara (2020)

α

T

p(T | H0)

Tobs

α = p(T > Tobs| H0), p-value

H0: hipótesis nula
T: estadístico (variable aleatoria)
T = f(d1, d2, …, dn)

THE GLS PERIODOGRAM
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The classical approach to detecting signals in RV time series

Statistical significance evaluated via Null Hypothesis Significance Testing

Lomb (1976) 
Scargle (1982) 
Baluev (2008, 2013) 
Zehcmeister & Kürster (2009) 
Delisle, Ségransan & Hara (2020)

α

T

p(T | H0)

Tobs

α = p(T > Tobs| H0), p-value

H0: hipótesis nula
T: estadístico (variable aleatoria)
T = f(d1, d2, …, dn)

The most commonly used statistics is the power of the largest 
peak in the periodogram.

THE GLS PERIODOGRAM
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The classical approach to detecting signals in RV time series

If significant, remove largest peak, which is 
now considered a real (planet) frequency 
and continue with the residuals. 
 
Stop when no significant peak is present.

remove

THE GLS PERIODOGRAM
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PLANET OCCURRENCE RATES

the data, rises toward small planets with a = -1.82 and has a
break near the edge of the parameter space. Given the low
numbers of observed planet candidates in the smallest planet
bins, the full posterior allowed behavior (1σ orange region ; 3σ
blue region) cannot distinguish between a rising or falling
PLDF for Rp 1 1.5 ÅR . Figure 9 shows the equivalent
information, but along the Porb dimension after marginalizing
over 0.75⩽ Rp ⩽ 2.5 ÅR and dPorb=31.25 days.

Formally, in our baseline analysis of the GK dwarf sample,
the double power law in the Rp model is unwarranted relative to
a single power law according to the Bayesian information
criterion (BIC) methodology for model comparison. However,
we choose to provide the final results in terms of the double
power law model for the following reasons: (a) the additional
flexibility of the double power law model provides a better fit
to the smallest Rp parameter space of most interest, whereas the
single power law model systematically overestimates (by ∼0.5
σ in a comparable data/model comparison to that shown in

Figure 6) the occurrence rates in the smallest Rp bins. (b) The
more complicated model ensures the ability to adapt to
variations in the PLDF in the sensitivity analysis of Section 6.2.
(c) Previous work on Kepler planet occurrence rates indicated a
break in the planet population for 12.0 Rp  2.8 ÅR (Fressin
et al. 2013; Petigura et al. 2013a, 2013b; Silburt et al. 2015).
(d) Finally, extending this work to a larger parameter space and
for alternative target selection samples, such as the KeplerM
dwarf sample where a sharp break at Rp ∼ 2.5 ÅR is observed
(Dressing & Charbonneau 2013; Burke et al. 2015), the double
power law in Rp is strongly (BIC >10) warranted.
Symptomatic of the weak evidence for a broken power law

model over the ⩽0.75 Rp ⩽ 2.5 ÅR range, Rbrk is not
constrained within the prior Rp limits of the parameter space.
When Rbrk is near the lower and upper Rp limits, a1 and a2 also
become poorly constrained, respectively. To provide a more
meaningful constraint on the average power law behavior for
Rp in the double power law PLDF model, we introduce aavg,
which we set to a a=avg 1 if ⩾R Rbrk mid and a a=avg 2
otherwise, where Rmid is the midpoint between the upper and
lower limits of Rp. We find a = - o1.54 0.5avg and
b = - o0.68 0.17 for our baseline result. We use aavg as a
summary statistic for the model parameters only to enable a
simpler comparison of our results to independent analyses of
planet occurrence rates and to approximate the behavior for the
power law Rp dependence if we had used the simpler single
power law model. The results for a single power law model in
both Rp and Porb are equivalent to the results for the double
power law model ( = oF 0.83 0.130 , a = - o1.56 0.3, and
b = - o0.68 0.17).

In Table 5, we provide the parameters of the PLDF that
maximizes the likelihood for the data in our baseline analysis as
well as the median and percentile posterior values for F0, β,
and aavg. Additional statistics for the full five parameter PLDF
can be estimated from the 10,000 posterior MCMC samples in
Table 4.

6.2. Sensitivity Analysis

Planet occurrence rate calculations are only as accurate as the
inputs. The baseline results of Section 6 represent our current
best set of data that are uniformly applicable to the

Figure 7. Same as Figure 6, but marginalized over 0.75 < Rp < 2.5 ÅR and bins
of dPorb = 31.25 days.

Figure 8. Shows the underlying planet occurrence rate model. Marginalized
over 50 < Porb < 300 days and bins of dRp=0.25 ÅR planet occurrence rates
for the model parameters that maximize the likelihood (white dash line).
Posterior distribution for the underlying planet occurrence rate for the median
(blue solid line), 1σ region (orange region), and 3σ region (blue region). An
approximate PLDF based upon results from Petigura et al. (2013a) for
comparison (dash dot line).

Figure 9. Same as Figure 8, but marginalized over 0.75 < Rp < 2.5 ÅR and bins
of dPorb=31.25 days.

10

The Astrophysical Journal, 809:8 (19pp), 2015 August 10 Burke et al.

From the Kepler mission (radius)

(Burke et al. 2015)

From the HARPS survey (mass)

0.77 planets per star [0.49 - 1.3]
See also Youdin (2011), Howard et al.
(2012b), Farr et al. (2014), among 
others
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The Astrophysical Journal, 809:8 (19pp), 2015 August 10 Burke et al.

From the Kepler mission (radius)

(Burke et al. 2015)

From the HARPS survey (mass)

0.77 planets per star [0.49 - 1.3]

Low-mass planets are common

See also Youdin (2011), Howard et al.
(2012b), Farr et al. (2014), among 
others
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Figure 14. from Searching the Entirety of Kepler Data. II. Occurrence Rate Estimates for FGK Stars
null 2020 AJ 159 248 doi:10.3847/1538-3881/ab88b0
http://dx.doi.org/10.3847/1538-3881/ab88b0
© 2020. The American Astronomical Society. All rights reserved.

ETA EARTH, THE HOLY GRAIL

Kunimoto & Matthews (2020)
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THE MANY FACES OF STELLAR ACTIVITY

A&A 528, A4 (2011)
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Fig. 1. RV modulations due to one spot as a function of time (expressed
in rotational period unit). At t = 0, the dark spot of 1% of the visible
stellar surface is in front of the line of sight. The shape of the signal
changes with the inclination i of the star and the latitude lat of the spot,
labelled in the top left of each panel.

Keplerian fit used to search for planets in RV data is affected
by spots and we test an approach to subtract RV jitter based
on harmonic decompositions of the star rotation. For this, we
use simulations of spectroscopic measurements of rotating spot-
ted stars and validate our approach on active stars monitored by
high-precision spectrographs: HD 189733 (Boisse et al. 2009),
GJ 674 (Bonfils et al. 2007), CoRoT-7 (Queloz et al. 2009), and
ιHor (Vauclair et al. 2008).

2. Simulations of activity-induced radial velocity

2.1. SOAP tool: dark spot simulations

SOAP (Boisse et al., in prep.) is a program that calculates the
photometric, RV, and line shape modulations induced by one (or
more) cool spots on a rotating stellar surface. SOAP computes
the rotational broadening of a spectral line by sampling the stel-
lar disk on a grid. For each grid cell, a Gaussian function rep-
resents the typical line of the emergent spectrum. The Gaussian
is Doppler-shifted according to the projected rotational velocity
(v sin i) and weighted by a linear limb-darkening law. The stel-
lar spectrum output by the program is the sum of all contribu-
tions from all grid cells. The spot is considered as a dark surface
without any emission of light, so we cannot compute different
temperatures for the spot. For a given spot (defined by its lati-
tude, longitude, and size), SOAP computes which grid cells are
obscured and removes their contribution to the integrated stellar
spectrum.

For the simulation, we choose a G0V star with a radius of
1.1 R! and a v sin i = 5.7 km s−1, a linear coefficient of the limb
darkening of 0.6, and a spectrograph resolution of 110 000 in or-
der to be in the same conditions of the ι Hor data presented in
Sect. 3.4. We fixed arbitrarily a dark spot size of 1% of the vis-
ible stellar surface. The stellar spectrum output by SOAP is an
averaged spectral line, equivalent to the cross-correlation func-
tion (CCF) computed to measure RV with real data. We fit the
simulated CCF with a Gaussian that sets the parameters of the
CCF (RV, contrast, FWHM, and bisector span). The photometric
flux is also computed.

2.2. RV variations due to a dark spot

Figure 1 shows the RV modulations due to a spot as a function of
time for different inclinations i of the star with the line of sight
and different spot latitudes lat. These two parameters clearly
modify the pattern of the RV modulation. If the spot remains vis-
ible during all the stellar rotation (lat ! i), the shape is close to
a sinusoidal function (Fig. 1, right). If the spot is hidden during
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Fig. 2. Lomb-Scargle periodograms of the three RV modulations
showed in Fig. 1. The fundamental frequency, Prot, and its first har-
monics are detected.

the rotation of the star (Fig. 1, left), the RV variation resembles
a Rossiter-McLaughlin (RM) effect (Rossiter 1924; McLaughlin
1924).

Figure 2 shows the Lomb-Scargle periodograms of the three
cases showed in Fig. 1. Main peaks are clearly detected at the
rotational period of the star Prot, as well as the two first har-
monics Prot/2 and Prot/3. We note that the energy in each peak
varies with the shape of the RV modulation. Multiples of the
rotational period are never found. Low-amplitude signal is de-
tected at Prot/4 but only when the star is seen equator-on and the
spot is close to the equator. In that case, the RV change departs
strongly from a sinusoidal shape and the periodogram exhibits
a stronger amplitude excess at Prot/2 rather than at the stellar
rotational period.

A third of the active regions, where spots grow and decay,
appear at the same location as a previous active region and their
lifetime can be several rotation timescales (e.g. Howard 1996).
Hence, the phase of the RV jitter is preserved when the spot
movement is only linked to the stellar rotation. In Fig. 3, we
simulated the RV modulation taking into account the evolution
of a spot, i.e. when the spot size and/or temperature changes
with time. The Lomb-Scargle periodogram has identical peaks
at Prot and its two first harmonics. Finally, the periods detected
in the periodogram are the same for the following configurations:
1) a star with different inclinations; 2) spots at different latitudes;
3) spot size varying with time; and 4) several spots on the stellar
surface (cf. Sect. 2.6).

2.3. CCF parameter variation due to a dark spot

The bisector span (BIS) is a measurement of the asymmetry of
the CCF, which corresponds more or less to the average line of
the spectrum. An anti-correlation between the RV and the BIS is
a signature of activity-induced RV variations. The slope of the
anti-correlation depends on the spot size, the v sin i of the star
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Fig. 1. RV modulations due to one spot as a function of time (expressed
in rotational period unit). At t = 0, the dark spot of 1% of the visible
stellar surface is in front of the line of sight. The shape of the signal
changes with the inclination i of the star and the latitude lat of the spot,
labelled in the top left of each panel.

Keplerian fit used to search for planets in RV data is affected
by spots and we test an approach to subtract RV jitter based
on harmonic decompositions of the star rotation. For this, we
use simulations of spectroscopic measurements of rotating spot-
ted stars and validate our approach on active stars monitored by
high-precision spectrographs: HD 189733 (Boisse et al. 2009),
GJ 674 (Bonfils et al. 2007), CoRoT-7 (Queloz et al. 2009), and
ιHor (Vauclair et al. 2008).

2. Simulations of activity-induced radial velocity

2.1. SOAP tool: dark spot simulations

SOAP (Boisse et al., in prep.) is a program that calculates the
photometric, RV, and line shape modulations induced by one (or
more) cool spots on a rotating stellar surface. SOAP computes
the rotational broadening of a spectral line by sampling the stel-
lar disk on a grid. For each grid cell, a Gaussian function rep-
resents the typical line of the emergent spectrum. The Gaussian
is Doppler-shifted according to the projected rotational velocity
(v sin i) and weighted by a linear limb-darkening law. The stel-
lar spectrum output by the program is the sum of all contribu-
tions from all grid cells. The spot is considered as a dark surface
without any emission of light, so we cannot compute different
temperatures for the spot. For a given spot (defined by its lati-
tude, longitude, and size), SOAP computes which grid cells are
obscured and removes their contribution to the integrated stellar
spectrum.

For the simulation, we choose a G0V star with a radius of
1.1 R! and a v sin i = 5.7 km s−1, a linear coefficient of the limb
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simulated CCF with a Gaussian that sets the parameters of the
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flux is also computed.
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time for different inclinations i of the star with the line of sight
and different spot latitudes lat. These two parameters clearly
modify the pattern of the RV modulation. If the spot remains vis-
ible during all the stellar rotation (lat ! i), the shape is close to
a sinusoidal function (Fig. 1, right). If the spot is hidden during
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showed in Fig. 1. The fundamental frequency, Prot, and its first har-
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lifetime can be several rotation timescales (e.g. Howard 1996).
Hence, the phase of the RV jitter is preserved when the spot
movement is only linked to the stellar rotation. In Fig. 3, we
simulated the RV modulation taking into account the evolution
of a spot, i.e. when the spot size and/or temperature changes
with time. The Lomb-Scargle periodogram has identical peaks
at Prot and its two first harmonics. Finally, the periods detected
in the periodogram are the same for the following configurations:
1) a star with different inclinations; 2) spots at different latitudes;
3) spot size varying with time; and 4) several spots on the stellar
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2.3. CCF parameter variation due to a dark spot

The bisector span (BIS) is a measurement of the asymmetry of
the CCF, which corresponds more or less to the average line of
the spectrum. An anti-correlation between the RV and the BIS is
a signature of activity-induced RV variations. The slope of the
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FALSE DETECTIONS

RV variations can be induced either by an orbiting companion,
rotational modulation due to starspots, or nonradial pulsations.
In the case of a companion, all spectral lines move simultaneously

without affecting the line profile. In the case of rotational modulation
and nonradial pulsations, the integral line shapes will vary and cause
changes in the measured effective RV. To verify the nature of the
observed RV variations, it is therefore mandatory to analyse the
stellar activity indicators.

The 3.56-day RV variation appears to be regular during both
observing periods. The phase-folded RV curve reveals very clearly
the nearly sinusoidal variation. We find that this period is neither
correlated with photometric variations nor with any stellar activity
indicators. The bisector analysis of the line profile asymmetries con-
firms that there is no significant correlation between the 3.56-day
period and the stellar activity (Fig. 4). The most probable explanation
of the 3.56-day RV variation is therefore the presence of a companion
orbiting TW Hya. We calculated an orbital solution using a keplerian
fit to the RV variation (Table 1) and derived a minimum companion
mass of (1.2 6 0.4)MJupiter. Assuming that the companion orbits the
star in the plane of the disk (i 5 7u6 1u) and also taking into account
all other uncertainties, we computed a true companion mass of
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Figure 2 | Radial velocity variation of TW Hya. a, The RVs were obtained
during two observing runs with 12 consecutive nights (between 28 February
and 12 March 2007) and 20 consecutive nights (24 April to 13 May 2007).
With typically three spectra per night, we sampled possible variability
periods from about 1 to 12 days. For the RV calculations we used a cross-
correlation technique, in which about 1,300 spectral lines were cross-
correlated with a numerical template. The error bars are standard errors of
the mean RV value. The typical accuracy of the individual RV is about
40 m s21, which is mostly due to the rapid rotation and activity of TW Hya.
For comparison, the typical accuracy achieved with FEROS for quiet and
slow rotating solar-type stars is about 5 m s21. The solid line shows a
keplerian fit with a period of 3.56 days. The scatter of the data points around
this curve (residuals) is probably due to stellar activity. b, The phase-folded
(with P 5 3.56 days) RV curve (blue line) of the planet around TW Hya. This
periodic variation is stable within the observation time window. The
amplitude of RV variation is 196 6 61 m s21. The black lines represent the
uncertainty of 661 m s21 below and above the blue curve.
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Figure 3 | Sine-fitting periodogram of RV variation. A period analysis was
performed using both a sine-fitting routine minimizing x2 (ref. 29), and the
Lomb–Scargle periodogram (Supplementary Fig. 1). The window function is
displayed in the inset and has only a single peak at P 5 1 day. For the sine-
fitting we used the bootstrap randomization method30 to determine FAPs—
that is, the probability that a value of x2 as small as (or smaller than) the
optimum value found for the data was obtained purely by chance. We found
three significant x2 minima at distinct periods. The first and most
pronounced x2 minimum at P 5 3.56 days has a FAP 5 10214. Further x2

minima are seen at 0.78 and 1.39 days, both with FAP 5 1025. We calculated
the residual RVs by subtracting the 3.56-day periodicity. In the sine-fitting
periodogram of the residual RVs, the 0.78 and 1.39-day periods are no longer
seen in the periodogram. Thus, they are aliases.

Table 1 | Orbital parameters for TW Hya b

Primary mass (0.7 6 0.1)MSun

Orbital period (3.56 6 0.02) days
Offset RV (12,420.7 6 4.1) m s21

RV semi–amplitude (196 6 61) m s21

Inclination angle (7 6 1)u
Eccentricity 0.04 6 0.03
Periastron longitude (105 6 27)u
Reduced x2 3.32
Minimum companion mass (1.2 6 0.4)MJupiter

True companion mass (9.8 6 3.3)MJupiter

Orbital semi–major axis (0.041 6 0.002) AU

NATURE | Vol 451 | 3 January 2008 LETTERS

39
Nature   ©2007 Publishing Group

Setiawan et al. (2008)

TW Hya has only 8-10 Myr of age.

RV consistent over 3 months

Huélamo et al. (2008)

Variations inconsistent through 
different bandpasses

A long-lived active region 
producing coherent RV effect over 

months.
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MIXTURE MODELS TO 
ACCOUNT FOR OUTLIERS

Observatorio La Silla, Chile

CAPÍTULO 5. MODELADO DE SEÑALES EN PRESENCIA DE OUTLIERS

agrear figura con datos originales de hd40307

Para la generación de outliers probamos distintos modelos, siempre explorando el

uso de una distribución de mixtura de dos componentes. La cantidad de componen-

tes fue elegida con el propósito de simplificar el análisis. En la sección 5.1 exploramos

la inyección de outliers a una señal por medio de una mixtura de gaussianas; en la

sección 5.2 introducimos la posibilidad de que los outliers estén correlacionados en

el tiempo, modelandolos con una mixtura de multinormales; en la sección 5.3 mo-

dificamos el proceso de muestreo de la distribución de mixtura de multinormales, al

usar variables latentes provenientes de una distribución de Bernoulli correlacionada.

5.1. Mixtura de gaussianas

El primer modelo de una distribución no gaussiana a estudiar fue el de una mixtura

de Gaussianas de dos componentes dada por

p(x) = (1� ↵)N(0, �) + ↵N(0, r�), (5.2)

donde � es un valor fijo, determinado a partir de la desviación estandar media

de las mediciones de HARPS HD40307. La razón r entre las desviaciones de cada

componente y el coeficiente de mixtura ↵ son las variables del análisis.

En la figura 5.1 vemos series temporales generadas con este modelo, con ↵ 2
{0,01, 0,05, 0,2} y r 2 {2, 3, 4}. Como construimos la distribución de manera jerárqui-

ca es decir, conociendo la variable latente, pudimos etiquetar a qué componente de

la mixtura pertenećıa cada punto. En particular, elegimos los valores de ↵ de forma

tal que encontremos pocos puntos de una sola componente (vemos pocos puntos

rojos), y considerarla la componente outlier. La razón r además, está asociada con

la desviación de dicha componente.

toda esta parte de chamuyo no se como ponerla la verda

Para evaluar cómo afecta al periodograma la presencia de datos provenientes de

una segunda distribución, o bien cómo una distribución distinta a la gaussiana modi-

fica al estimador, construimos 100 series temporales para cada conjunto de paráme-

tros {r,↵}. Armamos el periodograma de Lomb-Scargle para cada serie temporal y

extrajimos la potencia máxima promedio en cada punto del espacio de parámetros.

En la figura 5.2, en la cual podemos ver cómo la presencia de una segunda compo-

nente afecta la potencia del pico principal (mayor ↵ aumenta el número efectivo de

16
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la mixtura pertenećıa cada punto. En particular, elegimos los valores de ↵ de forma

tal que encontremos pocos puntos de una sola componente (vemos pocos puntos

rojos), y considerarla la componente outlier. La razón r además, está asociada con
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α

T

p(T | H0)

Tobs

α = p(T > Tobs| H0), p-value

H0: hipótesis nula
T: estadístico (variable aleatoria)
T = f(d1, d2, …, dn)

OUR BASELINE MODEL
The classical approach to detecting signals in RV time series

Analytical distributions depend strongly on 
hypotheses that are rarely satisfied.

Simulations (bootstraping) under the null are 
performed to alleviate this. This is 
computationally expensive.

Theoretical issues with p-values in general  
—> Bayesian statistics.
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DATA
RV surveys do not provide LARGE amounts of data. —> We resort to simulations to produce an 
appropriate training set.

Realistic noise

•White (photon) noise.

•Pulsations, oscillations.

•Rotational modulation.
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Circular planets

•Period ~  U[10 d, 100 d]
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DATA
RV surveys do not provide LARGE amounts of data. —> We resort to simulations to produce an 
appropriate training set.

Realistic noise

•White (photon) noise.

•Pulsations, oscillations.

•Rotational modulation.

Circular planets

•Period ~  U[10 d, 100 d]

•Amplitudes ~ log-flat[0.1 m/s, 10 m/s]

•Nplanets in {0, 1, 2, 3, 4}

Parameters for noise 
simulations taken from real RV 
survey:  
 
* HARPS high precision 
programme  
(PI: Mayor —> Udry —> Díaz) 
 
(ask me about noise simulations if 
you’re interested!)

Time sampling 
 
Pseudo-uniform  (for historical 
reasons; not very realistic…)
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RV surveys do not provide LARGE amounts of data. —> We resort to simulations to produce an 
appropriate training set.

DATA

planet?

yes; t=1

no; t=0
At each step:
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RV surveys do not provide LARGE amounts of data. —> We resort to simulations to produce an 
appropriate training set.

DATA

Training set:  13700 periodograms (3425 stars) 
Unbalanced: around 40% of positive cases.

Test sets (2):   
2500 stars (1e4 GLS) + 5000 stars (2e4 GLS)
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(x_max, y_max)

Conv1D
Filtros=32, Kernel=2

Maxpool = 2

TC 32

TC 32

Dropout = 0.2

Sigmoide

TC 2

Conv1D
Filtros=32, Kernel=6

Maxpool = 2

Conv1D
Filtros=32, Kernel=8

Maxpool = 2

Architecture

Training

OUR ML MODEL
• implemented in  
Tensorflow / Keras 

• reLU activation functions

• binary crossentropy loss function.
• Adam optimiser 
• batch size = 16

Name….
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ExoplANNet outperforms traditional method (FAP)
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Dependence with data input parameters
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Is ExoplANNet avoiding problems close to the rotational period?

A&A 528, A4 (2011)
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Fig. 1. RV modulations due to one spot as a function of time (expressed
in rotational period unit). At t = 0, the dark spot of 1% of the visible
stellar surface is in front of the line of sight. The shape of the signal
changes with the inclination i of the star and the latitude lat of the spot,
labelled in the top left of each panel.

Keplerian fit used to search for planets in RV data is affected
by spots and we test an approach to subtract RV jitter based
on harmonic decompositions of the star rotation. For this, we
use simulations of spectroscopic measurements of rotating spot-
ted stars and validate our approach on active stars monitored by
high-precision spectrographs: HD 189733 (Boisse et al. 2009),
GJ 674 (Bonfils et al. 2007), CoRoT-7 (Queloz et al. 2009), and
ιHor (Vauclair et al. 2008).

2. Simulations of activity-induced radial velocity

2.1. SOAP tool: dark spot simulations

SOAP (Boisse et al., in prep.) is a program that calculates the
photometric, RV, and line shape modulations induced by one (or
more) cool spots on a rotating stellar surface. SOAP computes
the rotational broadening of a spectral line by sampling the stel-
lar disk on a grid. For each grid cell, a Gaussian function rep-
resents the typical line of the emergent spectrum. The Gaussian
is Doppler-shifted according to the projected rotational velocity
(v sin i) and weighted by a linear limb-darkening law. The stel-
lar spectrum output by the program is the sum of all contribu-
tions from all grid cells. The spot is considered as a dark surface
without any emission of light, so we cannot compute different
temperatures for the spot. For a given spot (defined by its lati-
tude, longitude, and size), SOAP computes which grid cells are
obscured and removes their contribution to the integrated stellar
spectrum.

For the simulation, we choose a G0V star with a radius of
1.1 R! and a v sin i = 5.7 km s−1, a linear coefficient of the limb
darkening of 0.6, and a spectrograph resolution of 110 000 in or-
der to be in the same conditions of the ι Hor data presented in
Sect. 3.4. We fixed arbitrarily a dark spot size of 1% of the vis-
ible stellar surface. The stellar spectrum output by SOAP is an
averaged spectral line, equivalent to the cross-correlation func-
tion (CCF) computed to measure RV with real data. We fit the
simulated CCF with a Gaussian that sets the parameters of the
CCF (RV, contrast, FWHM, and bisector span). The photometric
flux is also computed.

2.2. RV variations due to a dark spot

Figure 1 shows the RV modulations due to a spot as a function of
time for different inclinations i of the star with the line of sight
and different spot latitudes lat. These two parameters clearly
modify the pattern of the RV modulation. If the spot remains vis-
ible during all the stellar rotation (lat ! i), the shape is close to
a sinusoidal function (Fig. 1, right). If the spot is hidden during
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Fig. 2. Lomb-Scargle periodograms of the three RV modulations
showed in Fig. 1. The fundamental frequency, Prot, and its first har-
monics are detected.

the rotation of the star (Fig. 1, left), the RV variation resembles
a Rossiter-McLaughlin (RM) effect (Rossiter 1924; McLaughlin
1924).

Figure 2 shows the Lomb-Scargle periodograms of the three
cases showed in Fig. 1. Main peaks are clearly detected at the
rotational period of the star Prot, as well as the two first har-
monics Prot/2 and Prot/3. We note that the energy in each peak
varies with the shape of the RV modulation. Multiples of the
rotational period are never found. Low-amplitude signal is de-
tected at Prot/4 but only when the star is seen equator-on and the
spot is close to the equator. In that case, the RV change departs
strongly from a sinusoidal shape and the periodogram exhibits
a stronger amplitude excess at Prot/2 rather than at the stellar
rotational period.

A third of the active regions, where spots grow and decay,
appear at the same location as a previous active region and their
lifetime can be several rotation timescales (e.g. Howard 1996).
Hence, the phase of the RV jitter is preserved when the spot
movement is only linked to the stellar rotation. In Fig. 3, we
simulated the RV modulation taking into account the evolution
of a spot, i.e. when the spot size and/or temperature changes
with time. The Lomb-Scargle periodogram has identical peaks
at Prot and its two first harmonics. Finally, the periods detected
in the periodogram are the same for the following configurations:
1) a star with different inclinations; 2) spots at different latitudes;
3) spot size varying with time; and 4) several spots on the stellar
surface (cf. Sect. 2.6).

2.3. CCF parameter variation due to a dark spot

The bisector span (BIS) is a measurement of the asymmetry of
the CCF, which corresponds more or less to the average line of
the spectrum. An anti-correlation between the RV and the BIS is
a signature of activity-induced RV variations. The slope of the
anti-correlation depends on the spot size, the v sin i of the star
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Rotational modulation 
(10 - 50 d)
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CHEOPS

Webb

ELTs

PLATO

GAIA DRs

Atmospheres of Neptunes / SuperEarths (?) 
(around M dwarfs)

Atmospheres of Earths 
(around M dwarfs)

Biomarkers? 
(around M dwarfs)

NGRST
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SUMMARY

• The last 25 years brought a wealth of information about planets outside the Solar 
system.

• Many questions remain open. Chief among them, is the occurrence of planets like 
Earth.

• Our exoplanet team at UNSAM uses data science and machine learning techniques 
to solve some of the outstanding questions in exoplanet science, by improving 
instrument performance, operation efficiency and / or detection power.
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