


Abstract

During the last decade, the transit method has evolved to one of the most promising techniques in
the search for extrasolar planets and the quest to find other earth-like worlds. In theory, the transit
method is straight forward being based on the detection of an apparent dimming of the host star’s
light due to an orbiting planet traversing in front of the observer. However, in practice, the detection
of such light curve dips and their confident ascription to a planetary transit is heavily burdened by the
presence of different sources of noise, the most prominent of which is probably the so called intrinsic
stellar variability. Filtering out potential transit signals from background noise requires a well adjusted
high-pass filter. In order to optimize such a filter, i.e. to achieve best separation between signal and
noise, one typically requires access to benchmark datasets that exhibit the same light curve with
and without obstructing noise. Several methods for simulating stellar variability have been proposed
for the construction of such benchmark datasets. However, while such methods have been widely
used in testing transit method detection algorithms in the past, it is not very well known how such
simulations compare to real recorded light curves - a fact that might be contributed to the lack of large
databases of stellar light curves for comparisons at that time. With the increasing amount of light
curve data now available due to missions such as Kepler, I have here undertaken such a comparison
of synthetic and real light curves for one particular method that simulates stellar variability based on
scaled power spectra of the Sun’s flux variations. Conducting the respective comparison also in terms
of estimated power spectra of real and simulated light curves, I have revealed that the two datasets
exhibit substantial differences in average power, with the synthetic power spectra having generally a
lower power and also lacking certain distinct power peaks present in the real light curves. The results
of this study suggest that scaled power spectra of solar variability alone might be insufficient for light
curve simulations and that more work will be required to understand the origin and relevance of the
observed power peaks in order to improve on such light curve models.

Key words

Exoplanet detection, transit method, stellar variability, light curve simulation, power spectrum, power
spectral density estimate.

i



Acknowledgments

First of all, I would like to thank my supervisor Arvid Pohl. I am extremely grateful for the valuable
guidance and support extended to me during the writing of this thesis.

I also thank my parents and friends for the unceasing support and encouragement, without
which I would not have been able to undertake and complete this exciting venture.

Last but not least, I would also like to take this opportunity to express gratitude to all of
the Department faculty members and teachers in the physics program for their continuous help and
support during the entire duration of my studies at Linnaeus University.

ii



Contents

1 Introduction 1
1.1 The transit method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Stellar light curves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1 General composition of light curves . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2.1.1 Stellar variabilities, their physical origins and time scales . . . . . . . 3

1.2.2 The Kepler mission and Kepler light curves . . . . . . . . . . . . . . . . . . . . 5
1.2.2.1 The Kepler survey . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2.2.2 Kepler light curves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Why simulate light curves? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.4 Methods for simulating stellar variability . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.5 Open questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2 Aims of this thesis 10

3 Materials and methods 11
3.1 Simulating Kepler light curves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

3.1.1 The SIMLC tool for generating stellar variability . . . . . . . . . . . . . . . . . 11
3.1.2 Adding photon shot noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3.2 Catalogue of rotational values . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
3.3 Comparison of recorded and simulated light curves . . . . . . . . . . . . . . . . . . . . 14

3.3.1 Estimating the power spectral density of light curves . . . . . . . . . . . . . . . 15
3.3.2 Comparing the power spectral densities of two light curves . . . . . . . . . . . 16

3.3.2.1 Establishing boundary and transit frequency bands . . . . . . . . . . 18
3.3.2.2 Calculating the average power in a PSD frequency band . . . . . . . . 18

3.4 Experimental strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4 Results and discussions 21
4.1 Distribution of rotational periods and B-V values . . . . . . . . . . . . . . . . . . . . . 21
4.2 Added Gaussian photon noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
4.3 Examples of Kepler and simulated light curves . . . . . . . . . . . . . . . . . . . . . . 23
4.4 PSD comparison of recorded and simulated light curves . . . . . . . . . . . . . . . . . 24

5 Conclusions 32

iii



Introduction

1.1 The transit method

The search for exoplanets, i.e. planets orbiting stars outside the solar system, has during the last
decades evolved to a highly distinguished and rapidly growing field of astrophysics. A multitude of
approaches, reviewed for instance in [1][2][3][4][5][6][7], has been developed to detect these exoplanets
from various types of accessible and measurable physical properties. The most prominent of these
methods are the direct imaging method [8][9], the astrometry method [10], Doppler spectroscopy [11],
pulsar timing [12], gravitational microlensing [13] and the so called transit method [14][15][16]. All
these techniques rely on the analysis of light signals captured either directly from the planet in the
case of direct planetary imaging, or from the host star or a background light source in the case of
the astrometry method, Doppler spectroscopy, pulsar timing and transit method, or gravitational
microlensing, respectively. Among these methods, the transit method has early on been recognized
as one of the most promising approaches for the detection of earth-like planets and has accordingly
received some major attention during the last decades [4][6][17][16][18].
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Figure 1.1: General idea behind the transit method. Upper panel: Simplified
model for estimating the amount of light eclipsed by a transit. Star and planet are rep-
resented as disks with radii r∗ and rp = 0.4 · r∗, respectively. The planetary disk is then
assumed to travel in front of the stellar disk, along a line coinciding with the line of view
from the observer to the center of the star. During this process parts or the whole of the
planetary disk will become superimposed on the stellar disk, depending on the position
of the planet relative to the star. Lower panel: Depicting the percentage of stellar disk
area that is not eclipsed by the planetary disk as a function of the planet’s position. The
amount of stellar disc eclipsed by the planet has been calculated as the ordinary area of
intersection between the star’s and planet’s circles using the respective equations derived
in [19].

The basic idea behind the transit method is intriguingly simple, as it is solely based on the fact
that when an exoplanet passes its host star in front of an observer then it will block out some of the
star’s light to that observer. For such events occurring within the line of sight from earth, one typically
speaks about a planetary transit, hence the name of the technique. Alternatively, the technique is
also often referred to the photometric method as it relies on photometric measurements of a star’s
brightness [14]. Specifically, the principle behind the transit method is to record so called light curves
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of stars, i.e. measurements of the star’s brightness over time, and monitor these curves for any drops
in brightness that could reflect such a transit. To get a glimpse of how such a dip in the light curve
might look like, one approach would be to simplify planet and star as disks with radii Rp and R∗,
respectively, and assume a system with an inclination i = 90◦ of the planetary orbit relative to the
line of sight to the observer (compare figure 1.2 for an illustration of the inclination parameter i) and
the scenario in which the planetary disk is traversing along a straight line in front of the star’s disk
with constant brightness, compare figure 1.1 upper panel. The amount of light blocked and thus
the dip in the light curve can then be roughly estimated by calculating the proportion of the stellar
disk’s area that is superimposed by, i.e. intersects with, the planetary disk at different time points of
the planet’s traversing in front of the star, compare figure 1.1 lower panel.

From the shape and period of the dip in the light curve one can then approximate several major
physical properties of the star-planet system using either analytical or numerical solutions based on
the complexity of the assumed transit model [20][21][22][23][24]. These extractable parameters include
the orbital period P , the transit duration T , the stellar and planetary radii R∗ and RP , respectively,
the semi major axis a separating planet and star, the inclination i and the mass of the star M∗[21].
For an illustration of some of these parameters, compare figure 1.2.

Figure 1.2: Schematic illustrating the planet’s orbital geometry. The figure
depicts the inclination angle i of the planet’s orbital plane relative to an observer on earth
and also outlines the parameters for the semi major axis a, as well as the radii of star R∗
and planet Rp, respectively.

However, in contrast to the simplistic view conveyed in the above description, the actual treat-
ment of light curves is in fact much more complex, because they do not only contain the transit dips
themselves, but are usually also overlaid by various types of distorting systematic bias, noise and
artifacts, which will cause the light curves to appear much different from the illustration depicted in
figure 1.1. Thus, in order to achieve accurate and robust detection of exoplanets within such stellar
light curves, the transit method relies on a large body of preprocessing methods to filter out true plan-
etary signals from a background of distorting noise. Examples of the particular preprocessing steps
employed for this purpose can for instance be found in [25][26][27][28], which describe the particular
data analysis pipeline developed for light curves gathered by the Kepler mission [29][30][31].

In the following section, I will focus in more detail on the the different components and types
of noise found in a typical stellar light curve and I will introduce the Kepler mission as a source for
publicly available light curves.
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1.2 Stellar light curves

1.2.1 General composition of light curves

A simplified illustration of the shape of a light curve expected to represent a transit event was given
in section 1.1, figure 1.1. However, it was also mentioned that in a typical unprocessed stellar light
curve such transit dips are only one of the components that dictate the overall shape of the light curve,
because these signals are usually overlaid by a variety of different noise. Specifically, in a light curve
recorded by a ground-based or space photometer, these distortions may be roughly separated based
on their source of origin into (1) systematic instrumental errors, (2) environmental noise, (3) photon
shot noise and (4) flux fluctuations due to intrinsic stellar variability [27][32][33][34][35]:

Systematic instrumental errors: There are different types of instrumental bias that can affect
the flux measured by the photometer and Charge-Coupled Device (CCD), a large number of which will
depend on the design and technology used in the specific survey. In general, such systematics would
include flat field noise, i.e. pixel-to-pixel sensitivity variations of the CCD, dark current noise due
to electrons generated by thermal build up in the CCD, read out noise, focusing and tracking issues
of the photometer (pointing jitter), velocity deviations, mechanical vibrations as well as electrical
interference problems inside the photometer [27][33][34][36][37, pp 45-49][38].

Environmental noise: In contrast to the systematic errors intrinsic to the photometer and CCD,
there is additional noise due to environmental influences and the general setup of any monitoring
mission. Generally, such outside distortions would for instance result from temperature variations,
light scattered from earth or zodiacal light [33][34], and for ground based photometers there is even
noise due to fluctuations in airmass and other weather and atmosphere related trends [35].

Photon shot noise: Another type of noise originates from the variation inherent to photon flux.
Specifically, when measuring a source’s light intensity with a common CCD, one does in fact capture
photons, which naturally do not arrive in constant numbers but also exhibit intrinsic variability. This
type of photon noise, or also called (photon) shot noise follows a Poisson distribution, as the number
of photons and corresponding electrons in the CCD are discrete and the arrival of individual photons
is independent of each other [36].

Stellar variability: Finally, apart from flux distortions caused by extrinsic aperture or design setup
issues and photon noise, there is also intrinsic variability to the brightness of the stars themselves due
to stellar variability. A glimpse at some of the possible surface and brightness variabilities that might
interfere with the detection of transits can be gained from pictures of Venus’s transit in front of the
Sun as taken by NASA’s Solar Dynamics Observatory (SDO), compare figure 1.3. A more detailed
discussion of the different sources of stellar variability and their respective time scales is given in the
following section.

1.2.1.1 Stellar variabilities, their physical origins and time scales

There is a multitude of different phenomena that might cause brightness variabilities across a star’s
surface, including for example pulsations, surface granulation, star spots and faculae coupled to ro-
tational processes as well as other types of surface activity as for instance found in eruptive stars.
Such processes are typically associated with a range of different scales and time periods, thus creat-
ing a plethora of possible irradiance patterns in the stellar flux levels. The most prominent of these
phenomena are discussed in more detail below.

Granulation: Granulation is a topological surface phenomenon caused by thermal heat transport in
the convective zone of the star, i.e. the region stretching from the outermost layer of the star’s interior
to just below it’s surface, in which there exist drastic temperature changes with increasing radius.
These temperature changes lead to a turbulent convection of plasma, causing it to be expelled toward
the photosphere in fountain-like gushes, where it then cools and is pulled back towards the convective
zone by gravity [39]. The process becomes visible in the photosphere as granulation, i.e. cell-like
structures, referred to as “granules”, with the hot plasma rising in the center of the cell accounting
for bright spots and the cooler descending plasma on the outline of the granules accounting for darker
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Figure 1.3: Pictures of Venus’ transit. The figure shows two pictures of planet Venus
transiting in front of the Sun recorded at 171 Ångström (left) and 304 Ångström (right).
Venus is visible as a small black disk at the upper right or upper left edge of the solar
disk, respectively. Pictures were taken by NASA’s Solar Dynamics Observatory and used
with permission from NASA’s Goddard Space Flight Center Scientific Visualization Studio
webpage1.

borders [39]. Based on studies of the Sun, one can distinguish between three types of granulation
with different scales, namely granulation with a typical scale of 1 Mm and a life time of about 0.2 h,
meso-granulation, which originates at a lower radius than granulation and has therefore a larger scale,
with a typical range of about 4-8 Mm and a life time of about 3 h, and finally super-granulation which
has a scale of 20-40 Mm and a life time of 24 h [40][41].

Pulsation: Pulsation-based stellar variabilities are caused by brightness changes following oscilla-
tions of the star’s outer layer around its equilibrium state due to perturbations in the convection
processes occurring in the convective layer [42][43, pp. 201-224]. These oscillations can either be
radial, i.e. causing a spherically symmetrical contraction and expansion around the equilibrium state,
or non-radial, in which case oscillations are not spherically symmetrical, but involve instead parts of
the outer layer to expand while others contract [43, pp. 201-224]. The time scale of one of the most
prominent of such oscillations in the Sun is considered to be around 5 min [42].

Starspots/Faculae/Flares: Apart from granulation, which shows a more even distribution over
the star’s surface, there also exist more irregularly evolving bright and dark regions in the photosphere
and chromosphere of stars. Starspots for instance are local areas with magnetic fields strong enough to
greatly reduce the flow of hot plasma from the star’s convective zone to the surface, thereby creating
cooler and darker regions in the photosphere [44][45]. Starspots are always associated with and forming
the center of active regions, which are then surrounded by brighter spots, referred to as faculae [46,
pp. 74-77]. Faculae can also occur without the presence of star spots and can even extend to the
chromosphere, where they are referred to as plages [46, pp. 74-77]. Starspots and faculae have varying
time scales ranging from hours to weeks or month, with the faculae usually considered to exhibit
longer time spans [46, pp. 62-77]. In addition there are also shorter lived (minutes to hours) bright
spots associated with flares, which are assumed to be caused by the release of magnetic energy, which
leads to a heating and acceleration of particles [46, pp. 85-95].

1http://svs.gsfc.nasa.gov/cgi-bin/details.cgi?aid=10996
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Rotational variability: In addition to the irradiance caused by the birth and death of active regions
as discussed above, star spots and faculae can also contribute to stellar variability due to the rotation
of the star, which causes the spots to move in and out of the view of an observer from Earth.

Accretion/Eruption/Cataclysmic behavior: Other phenomena that can contribute to stellar
variability are for instance a star’s gain or loss of material through accretion from stellar clouds or
companions and explosive eruptions and ejection of material during flares, respectively. The former
scenario might in the case of the accretion of mass beyond the Chandrasekhar limit even lead to
cataclysmic reactions causing a supernova.

1.2.2 The Kepler mission and Kepler light curves

Having introduced some of the possible sources of noise that can distort light curves, this section will
illustrate some typical light curve shapes from the Kepler mission, which will also be introduced as
one example of a photometric project collecting light curves for exoplanet searches.

1.2.2.1 The Kepler survey

I omit any in depth description of the detailed instrumental design of the telescope and photometer
used by the Kepler mission, as these are of no relevance to the presented work. Such specifications
are outlined for instance in the reports published by Borucki et al. (2004) [47], Borucki et al. (2010)
[48] and Koch et al. (2010) [32].

With respect to the goal and the conceptual design of the mission, it has been stated that the
project was intended “to determine the frequency of Earth-sized planets in and near the habitable zone
of Sun-like stars”[48]. Toward this aim, the mission makes use of a setup capable of recording the
brightness of roughly 150000 main-sequence stars at the same time and producing useful measurements
for targets of visual magnitudes between 7 and 17 [48]. Furthermore, data recording can be performed
in short cadence (about one measurement per minute) on a maximum of 512 stars, or in long cadence
(about one measurement per 30 minutes) on a maximum of 170000 targets [48].

The mission was launched into space on March 6, 2009, has been active for roughly four years
and produced as of now a total of 996 confirmed exoplanets and 4183 planetary candidates2.

1.2.2.2 Kepler light curves

The Kepler mission’s monitoring is done in quarter year intervals and the raw data acquired by the
photometer after each quarter is then subjected to a pipeline that includes methods for data prepro-
cessing, planetary detection as well as characterization. The overall strategy behind this data analysis
pipeline is described for instance in [25]. Roughly, the light curves will be pretreated to remove distort-
ing noise and then scanned for periodic, transit-shaped dips above some signal-to-noise threshold and
such candidates will then undergo further validation to confirm their status as planets. Following data
processing, the light curves are made publicly available in the Mikulski Archive for Space Telescopes
(MAST)3 and the NASA Exoplanet Archive4 [49], including the classification result of the pipeline,
i.e. “unassigned”, “candidate”, “confirmed planet”, or “false positive”. Figure 1.4 shows example
light curves obtained for each of these four categories from the Kepler database.

Figure 1.4 also illustrates the effect of the noise discussed above, i.e. how diverse different light
curves can look and how much even the signal in a light curve with confirmed planetary transit can
differ from the optimal model depicted in the first section above. However, the source and impact
of various systematic instrumental biases and environmental distortions as the ones mentioned above
can often be determined beforehand based on the technological and survey designs and may therefore

2According to http://kepler.nasa.gov/ on 27. December 2014.
3http://archive.stsci.edu/
4http://exoplanetarchive.ipac.caltech.edu/
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Figure 1.4: Examples of raw Kepler light curves. The y-axis displays raw measured
flux and the x-axis represents time in days. The depicted light curves correspond to the
third quarter, i.e. third interval, of Kepler’s monitoring cycle. A: Example of a light curve
(Kepler ID: 001575873) that has as of yet been unassigned. B: Light curve (Kepler ID:
001431122) with a candidate planetary signal. C: Examples of a light curve with confirmed
planetary transit (Kepler ID: 010619192). D: Light curve (Kepler ID: 002305372) with a
false positive planetary transit, the signal instead coming from a binary star.

to some degree also be corrected already at the point of raw data generation from the instruments.
For the Kepler mission some efforts have been dedicated toward establishing a working strategy suited
for this type of data preprocessing, resulting in the so called Presearch Data Conditioning (PDC)
algorithm that is highly adapted to removing systematic instrumental distortions from Kepler light
curves [26][27][28]. The PDC algorithm is part of the regular data curation pipeline used to generate
the bulk of Kepler light curves [25], which are made publicly available, and hence one can obtain
Kepler light curves either in raw or PDC pre-corrected format, see figure 1.5 for the PDC corrected
version of the light curves shown above in figure 1.4.

Under optimal conditions, i.e. the removal of all distorting systematic instrumental and envi-
ronmental noise, PDC corrected light curves, as the ones shown in figure figure 1.5, can then be
expected to mainly contain stellar variability and photon shot noise together with any real transit
signal.

As of November 1st, 2014 there are a total of 18 quarters (Q0-Q17) of Kepler records available
through MAST and the NASA Exoplanet Archive. This collection of observational data spans short
monitoring intervals within the period May 11th, 2009 until May 8th, 2013.

1.3 Why simulate light curves?

As discussed above, light curves as those provided by the Kepler mission are usually available in a for-
mat, in which they have already been uniformly corrected for a large fraction of potential instrumental
errors. However, it was also illustrated that such pretreated light curves will usually still be dominated
by additional noise, mostly embodied by the effects of stellar variability. Specifically, as indicated by
[28] and as can be observed from figure 1.5, the PDC was not designed to remove this latter type of
flux distortion, and given that similar situations probably exist for first level data curation strategies
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Figure 1.5: Raw Kepler light curves from figure 1.4 after PDC correction. The
y-axis displays raw measured flux and the x-axis represents time in days. The represented
light curves correspond to the third quarter, i.e. third interval, of Kepler’s monitoring cy-
cle. A: Example of a light curve (Kepler ID: 001575873) that has as of yet been unassigned.
B: Light curve (Kepler ID: 001431122) with a candidate planetary signal. C: Examples
of a light curve with confirmed planetary transit (Kepler ID: 010619192). D: Light curve
(Kepler ID: 002305372) with a false positive planetary transit, the signal instead coming
from a binary star.

of other transit surveys as well, one can easily come to agree with the view that stellar variability is
probably the most dominant type of noise in stellar light curves and has to be overcome in order to
proceed with a reliable detection of planetary transit signals [34][50][51][52][53].

Accordingly, a variety of methods has been employed or specifically developed to remove this
type of residual distortion and filter out the transit signal in the light curve data [34][50][54][55][56],
encompassing techniques such as the Savitzky–Golay filter [57], boxcar filters [50][58], a Fourier trans-
form based whitening filter [59][60], fitting of harmonic functions [34], non-linear iterative filtering
[34][54][56] or the “Gauging” filter [34][61]. A simplifying assumption with respect to this problem ex-
pects that a large part of fluctuations caused by intrinsic stellar variations will have time scales larger
than the typical planetary transit, while the time scale for photon shot noise fluctuations is much
shorter. Thus, the detrending in this simplified context can be understood as running a high-pass
filter through the data that attempts to attenuate for the low-frequency distortions represented by the
stellar variability, while leaving the high frequency regimes that are bound to include the transit events
(and thus also the photon shot noise) untouched [59][58][60], although it is also possible to combine the
detrending for stellar variability with filters on lower time scales in order to remove the contribution
of both stellar and very high-frequency distortions and artifacts, compare [34][54][56][58].

One major hindrance in the development of such detrending methods, and also downstream
methods of for instance period finding, for real light curves is given in the fact that prior knowledge
about the actual contribution of stellar variability and planetary signals to the shape of the curve is
missing, making it very difficult to evaluate the accuracy of such methods. It is therefore a common
practice to construct synthetic light curves with simulated stellar variability, photon noise and plan-
etary signals, such that when testing detrending and downstream methods one can examine exactly
how well the method can reconstruct the true planetary signal [34][50][55].
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1.4 Methods for simulating stellar variability

In order to generate synthetic light curves for purposes of testing for instance detrending methods,
researchers have discussed a variety of different approaches, such as the use of white Gaussian noise
alone [62] or in combination with red noise [63], simulation of flux jumps, data incontinuities and more
general linear trends [64], as well as the injection of transit signals into real stellar light curves in order
to estimate data processing capabilities [65]. Additionally, some groups have also made direct use
of recorded solar irradiance data as the stellar variability component in their synthetic light curves
[50][60][58][59].

However, given the apparent variety in stellar properties, simply assuming every star to exhibit
solar like variability might only in a minority of cases lead to reasonable results. Hence, considering
this problem and the previously established focus on stellar irradiance as the main source of flux
variability that has to be dealt with in light curve detrending, there has been some effort to model
stellar variability more generally, rather that simply using solar irradiance itself. Nevertheless, seeing
that the main source of information for understanding stellar variability is provided to us by the Sun,
a prominent approach to simulating this variability also for other stars was based on generalizing
solar irradiance models [66][67][68][69], although the increasing amount of available photometric data
provided for example by the Kepler method has recently also given rise to approaches trying to model
stellar variability independently [70]. Three important tools for simulating stellar variability based on
solar irradiance models are the methods described by Lanza et al. (2003), Baudin (2006) and Aigrain
et al. (2004). The approaches start by modeling the flux variability observed in the Sun, in the case
of Lanza et al. (2003) by considering a geometrical, rotational stellar model that incorporates three
regions of active star spots / faculae and in the case of Baudin et al. (2006) and Aigrain et al. (2004)
by modeling the power spectrum of observed variability frequencies within the solar irradiances using
a number of components that reflect oscillations, active spots and various types of granulation on
the solar surface, some of which were previously discussed by [71][72]. All three models can then be
applied to produce light curves imitating solar activity and adaptations have been suggested in order
to extend the applicability also to other main sequence stars.

Sun-like irradiance and extrapolating simulations as discussed above have subsequently been
widely used to test transit detectability in the presence of stellar variability [50][54][60][58], one of the
most illustrative examples of which is represented by an extensive blind test study [34] performed in
order to validate data processing of the COnvection ROtation and planetary Transits (CoRoT) project
[73] data processing pipeline.

1.5 Open questions

As mentioned above, the models of stellar variability are often based on observations made from
the Sun, because the Sun still represents the greatest resource for understanding stellar variability,
while similar in depths information about the variability of other stars is only now emerging as a
result of increased availability of large scale photometric missions. While these new insides have also
spawned new possibilities of generating independent stellar variability models [70], researchers have
often relied and might still rely on solar irradiance based models in order to test the performance of
transit method tools. However, although the above approaches have tried to generalize the established
solar models and make them scalable to other stars with Sun-like properties [66][67][68][69], such an
undertaking is only achievable to some degree depending on the limited information about how the
physical phenomena underlying solar irradiance are translatable to other classes of stars and how they
correlate with associated stellar properties. Due to a current lack of such information, simulation
methods are often forced to assume certain scaling relations or simply substitute solar parameters, as
discussed further down in section section 3.1.1, whenever such relationships cannot be determined.
While synthetic light curves generated by such methods have been widely used, there still remains the
largely unanswered question of how such synthetic light curves generated for individual stars actually
compare to the corresponding true light curve of the star. Moutou et al. (2005) have compared light
curves generated by the two methods produced by [68] and [69] and found the amplitudes of variability
generated by the former method to be much smaller, an observation they contribute to the inability
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of the method to model flux variabilities of more active stars [34].
However, in order to further study how the light curves simulated for any star by these methods

compare directly to the true light of that star, one would have to perform a large scale study on a wide
variety of different stars. Such a task is severely hampered due to the fact that one would need access
not only to a large resource of recorded true light curves but also to the different stellar parameters
needed to establish the variability models for these stars. For instance, the method discussed by Aigrain
et al. (2004), can simulate stellar variability for a star by using information about its rotational period
and B − V color, but the Kepler Input Catalog (KIC)5 [74] does usually not contain any information
about stellar rotational periods and neither provides B − V color values directly.

Due to these limitations, extensive evaluations of simulated stellar light curve models appear to
be still lacking. Thus, before using such methods for stellar variability modeling it is still of interest
to compare the simulated light curves to the corresponding true light curves.

5http://archive.stsci.edu/kepler/kic.html
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Aims of this thesis

In this study, I will make use of a recently published dataset of rotational periods and B − V color
values estimated for over 12000 Kepler target stars [75]. Specifically, I will start by simulating light
curves for these target stars using the stellar variability model put forward by Aigrain et al. (2004) and
stellar parameters provided by Nielsen et al. (2013). Photon noise will be added to these light curves
based on corresponding noise estimations in the respective true light curves for these stars recorded
and made available by the Kepler mission. Finally, the simulated light curves will be compared to the
true light curves in terms of frequency and amplitude distributions, to determine how well the true
light curves are recapitulated by the synthetic light curves produced by the model of Agrain et al.
(2004).
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Materials and methods

In this chapter, I will introduce the SIMLC method for simulating stellar light curves [68], briefly
review the study by Nielsen et al. (2013) as a resource of stellar parameters from which light curves
can be generated and then discuss how simulated light curves and true recorded Kepler light curves
can be compared using so called power spectral density estimates. Finally, at the end of this chapter,
I will present the experimental strategy, which I will follow in this project to achieve the aims outlined
above.

3.1 Simulating Kepler light curves

3.1.1 The SIMLC tool for generating stellar variability

As mentioned above, the model put forward by Aigrain et al. (2004) is based on the analysis of the
power spectrum that characterizes the solar irradiance, compare figure 3.1.

Figure 3.1: Solar light curve and corresponding power spectral density used
by Aigrain et al. (2004). A: A stretch of the solar light curve between the years 1996
and 2001, recorded with the PMO6 radiometer by the VIRGO team [76]. Credit: Aigrain
et al., A&A, 414, 1139, 2004, reproduced with permission © ESO. B: The corresponding
power spectrum of the solar flux variability with the original power spectral density in light
gray, a smoothing fit in dark gray, individual components of a power law fit as dashed
black lines and the multicomponent fit as solid black. Credit: Aigrain et al., A&A, 414,
1139, 2004, reproduced with permission © ESO.

I will discuss the actual generation of power spectra and power spectral densities further down in
section section 3.3. Now, given such a power spectrum of solar irradiance, as shown in figure 3.1B,
Aigrain et al. (2004) then model the contained relationship between flux and frequency following
previous work by [71] as a sum of power laws, such that

P (f) ≈
n∑
i=1

Ai
1 + (fBi)Ci

,
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where Ai, Bi and Ci are the amplitude, time scale and the slope of the i’th power law respectively.
The individual power laws were considered to reflect different sources of variability and the best fitting
model was produced by a combination of three power laws with time scales roughly in the domain
of active regions and several different kinds of surface granulations, compare figure 3.1B. Once the
authors generated a model of the power spectrum, they were able to use the inverse Fourier transform
on this model in order to simulate new solar variability.

Specifically, given a function f(t) the forward Fourier transform is defined as

F (v) =

∞∫
−∞

f(t)e−i2πvtdt

and the inverse Fourier transform

F (t) =

∞∫
−∞

F (v)ei2πvtdt

where v and t are frequency and time, respectively, F (v) is referred to as the Fourier spectrum, 2πv
gives the phase and the modulus of the Fourier spectrum |F (v)| is called the magnitude spectrum [77].
Now, for a real function the squared modulus of the Fourier spectrum, i.e.

S(v) = |F (v)|2,

scaled by a constant factor, is often defined as the power spectrum (PS) or power spectral density
(PSD) of the respective signal (a more formal discussion of the PSD also in light of a finite, discrete
dataset will be given in section section 3.3). So essentially, when given a PS, one can return to the
time domain by supplying F (v) =

√
PS(v) and a set of phases to the inverse Fourier transform. Using

this relation, Aigrain et al. then simply generate a synthetic power spectrum from their power law
model using a sequence of frequencies and transform this data into flux over time through application of
the inverse Fourier transform on the artificial power spectrum supplying phases drawn from a uniform
distribution, since the power spectrum itself does not provide information about the phases. Of notice,
in the paper and algorithm published by Aigrain et al. (2004), it appears that the inverse Fourier
transform was applied directly on the model from the power law without taking the square root, which
is probably due to the fact that the power law components were already given as amplitudes rather
than powers.

Using this first approach provided by Aigrain et al. (2004), simulations of solar variability
are possible. In order to also be able to extend such calculations for other main stars, the group
has carried out an analysis of how the power law components scale with stellar properties such as
stellar age, color spectrum and rotational periods. Unfortunately, such analyses were however only
possible for the first component reflecting active solar spots, since insufficient data about the other
components existed for analysis. Specifically, Aigrain et al. focused on the approximation of A1 and
B1 from the stellar rotational period and B−V color index. In order to derive the value of A1 from the
stellar properties the authors enhanced on several previously documented relationships to establish a
connection between the rotational period (Prot), B−V color and chromospheric activity as measured
by the Ca II index, also denoted as 〈R′HK〉. The specific relations established by Aigrain et al. (2004)
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are:

A1 · 105 = 1.90
(
〈R′HK〉 · 105

)2
+ 3.04

(
〈R′HK〉 · 105

)
+ 2.20

− log
(

τc
Prot

)
= −1.325 · log

(
〈R′HK〉 · 105

)3
+ 0.283 · log

(
〈R′HK〉 · 105

)2 − 0.400 · log
(
〈R′HK〉 · 105

)
+ 0.324

log(τc) =

{
−5.323(1− (B − V ))3 + 0.025(1− (B − V ))2 − 0.166(1− (B − V )) + 1.361, 1− (B − V ) ≥ 0

−0.140(1− (B − V )) + 1.361, 1− (B − V ) < 0
,

where τc is referred to as the convective overturn time and τc
Prot

= R0 is referred to as the Rossby
number.

In the article Aigrain et al. suggest that the value of B1 in units of days might be chosen
equivalent to the stars rotational period, but should not exceed a value of 9.84 days, which is the
corresponding value observed for the sun. In the SIMLC program1, this limit is actually given as
min(Prot, 9.84) · 24 · 3600/106.

The other parameters C1, A2, B2, C2, A3, B3, and C3 were according to Aigrain et al. taken
directly from the solar fit and left unchanged. Checking the SIMLC program details, these parameters
are thus considered to take values C1 = 3.8, A2 = 10−6, B2 = 0.37, C2 = 1.8, A3 = 1.6 · 10−7, B3 =
5 · 10−4 and C3 = 2.0.

3.1.2 Adding photon shot noise

As mentioned above, photon shot noise is typically assumed to follow a Poisson distribution and can
thus be modeled by drawing random numbers from a corresponding Poisson distribution. However, a
Poisson distribution Pois(λ) for large numbers λ will also effectively approach a Gaussian distribution
with mean and variance equal to λ and one might hence simplify the photon noise as Gaussian noise
instead (compare also related assumptions in [60][79]). In fact, white Gaussian noise is often used as
the photon noise component in simulations of stellar light curves, compare for instance [50][63][60]. I
will here also make use of white Gaussian noise as photon noise in my simulation.

On the Kepler Science Center’s internal web pages about the instrument calibration and signal-
to-noise characteristics in corresponding measurements2, the variance in electron/photon counts is
stated for stars of different magnitude, showing clearly a broad range of variance that can be expected
and how it follows the stars magnitude. In simulations one finds mentions of added photon noise
with generic variances of around 100-1000 parts per million (ppm) based on the stellar magnitude
[50]. Here, instead of resorting to a generic variance, I will attempt to obtain a reasonable standard
variation of the Gaussian noise for each simulated light curve by measuring the variance in overlapping
sliding windows with a width of three time points for each corresponding Kepler light curve.

3.2 Catalogue of rotational values

As discussed above in section 3.1.1 the SIMLC method developed by Aigrain et al. (2004) allows
light curve simulation using as inputs stellar rotational periods and B − V color values. However, as
already pointed out before, the KIC does not include stellar rotational periods and B−V color values
for the majority of targets. Importantly, Nielsen et al. (2012) performed star spot simulations for a
large number of Kepler stars and found that determinations of the corresponding stellar rotational
periods were possible for a subset of stars [70]. A remedy to the above problem was then provided by

1downloaded as part of the COROTLUX program [78] from https://www-n.oca.eu/guillot/corotlux/; SIMLC should
also be provided on Suzanne Aigrain’s homepage http://www.astro.ex.ac.uk/people/suz/simlc.html

2http://keplergo.arc.nasa.gov/CalibrationSN.shtml
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a subsequent publication of the same group, in which the periodicity in the light curves of more than
12000 Kepler target stars was examined, producing estimates of rotational periods for these stars as
well as also providing corresponding B − V color values [75].

In order to produce the estimates of rotational periods, the authors started by searching for
stable periods within the light curves of more than 150000 Kepler target stars, using a number of
steps as listed below [75].

1. The group started by generating Lomb-Scargle periodograms [80][81] for each of the eight at
that time available quarters of the Kepler light curve, each within the interval of 1 to 100 days.

2. From the periodogram, the period of the peak with highest power was selected for further
analysis, if it fell in the interval of 1 to 30 days, considered to be the range caused by stellar
variability, and if the height of the peak was at least five times the peak height of white noise
within the periodogram.

3. To test the stability of the obtained period, the group next compared all the periods obtained
in step 2 for the different quarters of the same star, by calculating the median of these periods
and requiring the corresponding median absolute deviation (MAD) to be less than one day, in
order for the star to be included in the next step.

4. Finally, all stars that had at least six periods falling within 2 MAD of the median period were
considered stars with stable rotational periods.

5. The above procedure was performed on two different datasets, namely PDC MAP [28] and
msMAP [82] corrected light curves, respectively, and only stars that were labeled with stable
periods in both datasets made it into the final list.

6. For all those stars selected in step 5, the median period calculated for the PDC MAP corrected
data was recorded as the final rotational period for the star.

Additionally, the researchers in that paper also reviewed the relation between the B − V and
g−r color indices as well as the excess value E(B−V ) of the stellar spectrum, the latter two of which
are in fact provided for a majority of Kepler target stars in the KIC. The specific relation is given
from [83] as

B − V = 0.98(g − r) + 0.22,

the result of which then further has to be corrected for excess of red color using the value of
E(B − V ) [75][84]. Particularly, the excess of red color, the observation of which is also referred to as
interstellar reddening, is due to interstellar extinction, i.e. scattering and absorbtion of predominantly
shorter wavelengths by interstellar matter on the light’s travel from source to observer, causing the
observer to perceive the source as appearing redder than it actually is [85, pp. 131-143]. According to
[84] the correction that has to be applied in order to obtain the proper (B−V )0 values is simply:

(B − V )0 = (B − V )observed − E(B − V ),

where (B − V )0 is the true color value, while (B − V )observed is the observed (reddened) color.
In summary, the publication by Nielsen et al. (2013) has provided a dataset of stellar candidates

and properties that can be used in order to simulate stellar variability for over 12000 Kepler stars.

3.3 Comparison of recorded and simulated light curves

Since the synthetic light curves employed in this study have been simulated based on a model of the
power spectrum, i.e. in the context of solar irradiance in the frequency domain, it makes sense to also
evaluate their likeness with real light curves in terms of such power spectra. For this purpose I will
in the following first discuss in more detail what the power spectrum, or rather the power spectral
density, is and how we can estimate it from a given time series of stellar variability, and then continue
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by proposing some approaches of how one might compare the power spectral densities of two different
light curves.

3.3.1 Estimating the power spectral density of light curves

In section 3.1 I have already pointed out a relation between the squared modulus of the Fourier
spectrum and the power spectral density, sometimes simply referred to as power spectrum, although
one has to be careful about units here. More formally, the power spectral density of a stationary,
random process y(t) can be defined based on the Wiener–Khinchin theorem [86][87, p. 18], which
states that the PSD can be obtained as the Fourier transform of the autocorrelation function (ACF)
defined as

R(τ) = lim
T→∞

1

T

∫ T/2

−T/2
y(t)y(t+ τ)dt. (3.1)

Thus, for a continuous, stationary, random signal, the above theorem can be utilized to formally
define the PSD as [86][87, p. 18][88]

P (f) =

∫ ∞
−∞

R(τ)e−2πifτdτ. (3.2)

Importantly, the above definitions relate to the two-sided PSD, because for complex signals, half the
power in the spectrum will be accounted for by negative frequencies [88][89]. For a real process with
positive frequencies only, one might then obtain the one-sided PSD as 2 · P (f) [88][89].

If one instead is dealing with only a finite sample of N data points for a given signal, with the
respective discrete Fourier transform (DFT) denoted as Fm(f), then the PSD can be approximated
through the periodogram defined according to [86] as

P̃ (f) =
1

N∆t

∣∣∣∣∣∆t
N−1∑
n=0

yne
−i2πnf∆t

∣∣∣∣∣
2

=
1

N∆t
|Fm(f)|2 . (3.3)

The units of the PSD are u2
y/Hz, where uy are the units of the original signal y(t), since R(τ)

has units u2
y and dτ has units s = Hz−1, i.e. the PSD signifies a density of power per Hertz [90], thus

explaining its name. Furthermore, considering equation 3.1 and equation 3.2 one can conclude that
the PSD measures the average power of the signal, and in order to obtain an estimate of the average
power in a small frequency band F0 ≤ f ≤ F1 one simply has to integrate the PSD in the boundaries
from F0 to F1 [91, p. 807]. In summary, the power spectral density as defined above gives a measure
of how the power of the signal is distributed over the various contributing frequencies, and provides
thus a suitable basis for comparing data composed of certain periodic signals [89, pp. 496-608][92, pp-
4-11].

In reality one usually has only limited access to realizations of a given process y(t) in question,
which implies that the true PSD of the signal cannot be obtained but has to be estimated instead [92,
p. 12], an undertaking further complicated by the fact that the periodograms, as given in equation
3.3, often utilized for such estimations can be heavily burdened by variance [89][93]. Accordingly, a
lot of effort has been dedicated to the problem of estimating PSDs, producing a variety of different
methods, compare [86][89][92][93][94].

I will here use Welch’s method introduced by Peter D. Welch in 1967 [95], which strives to reduce
the inherent, undesirable variance of the periodogram at the cost of a lower frequency resolution of
the produced estimate. The method operates by splitting the input data into a number of potentially
overlapping segments, calculating modified periodograms for each of these segments and subsequently
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averaging these individual periodograms to obtain the final PSD estimate [95].
Specifically, consider a stationary, random process y(t) evenly sampled at T timepoints t =

0, 1, 2, ..., T − 1. First, this sample will be sectioned into K segments of length L time points, each
with a gap of G time points between the starting indices of each segment. Then each individual
segment k = 0, 1, 2, ...,K − 1 is defined by [95] as

yk(n) = y(n+ kG), n = 0, 1, 2, ..., L− 1.

Now, in the second step, one calculates the modified periodograms for each of these K segments,
which are given by [95] as

P̂k(fm) =
L

U

∣∣∣∣∣ 1L
L−1∑
n=0

yk(n)W (n)e−
2ikmn

L

∣∣∣∣∣
2

, m = 0, 1, 2, ...,
L

2
,

where W (n), n = 0, 1, 2, ..., L− 1, is a window function [96], fm = m
L and

U =
1

L

L−1∑
n=0

W 2(n)

is the power in the window function [93]. Then the final estimate of the PSD is obtained from the
average of the K modified periodograms as [95]

P̃ (fm) =
1

K

K−1∑
k=0

P̂k(fm).

An implementation of this method is available through the pwelch function in the MATLAB
Signal Processing Toolbox [97], and has been used for all PSD estimations in this project.

3.3.2 Comparing the power spectral densities of two light curves

In the section above I have introduced the PSD as a promising means for investigating the distribution
of power over the frequencies of a signal and how the PSD can be estimated for a sample of such a
signal, compare figure 3.2 for an example of such a PSD. Once the PSD has been obtained for
two different signals, there exist numerous documented methods for comparing certain characteristics
between them, including for instance the estimation of the average power of the entire PSD or smaller
frequency bands, the power and frequency of the peak with biggest power, the median power frequency
(MDF) and mean power frequency (MPF) [98, p. 197], or some parameters of a linear or nonlinear
curve fit to the PSD.

Importantly, as discussed above in section 3.1.1, the SIMLC methods generates synthetic
light curves from precomputed power spectra. Thus it would appear that one only had to estimate
the PSD of the Kepler light curve and compare it to the respective power spectrum simulated as
part of the SIMLC pipeline. However, the synthetic power spectrum is constructed using a sum of
power laws and the generation of light curves from this power spectrum is not exactly a reversal of
the steps discussed for the PSD approximation above, i.e. this power spectrum can be expected to
be slightly different than a PSD estimated from the corresponding synthetic light curve. Hence, in
order to ensure comparability between the synthetic and Kepler light curves, for which I only have
access to PSD estimates as described in section 3.3.1, it seems here reasonable to compute the PSD
approximation of the simulated light curves in the same way.
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Figure 3.2: Example of a power spectral density estimate. The figure shows the
normalized light curve for the star with Kepler ID 003342952 over all 18 quarters and
the corresponding PSD estimate calculated in MATLAB. A: Kepler light curve. B: PSD
estimate calculated using the MATLAB function pwelch with default parameters, i.e. the
light curve is optimally split into not more than 8 equally long segments with 50% overlap,
which are processed using a hamming window [99], and the sampling frequency supplied
as the reciprocal of the average sampling interval in seconds.

As discussed above, the purpose of this study pertains to the evaluation of the simulated light
curves with respect to their suitability as benchmark datasets when testing light curve detrending
methods as part of an exoplanet detection pipeline. Now, the largest contribution to stellar variability
is often considered to originate from active regions, star spots and faculae [68][70][100][101], which
have often times scales of days to month as discussed above. Planetary transits usually have life times
of minutes to hours, see discussion in next section for comparison. Hence one can use the simplified
assumption that stellar variabilities are on a longer time scale than transit signals in order to remove
the former without altering the latter, i.e. in a simple approach one might resorts to a so called
high-pass filter [60] or substract a smoothing fit to remove long-time trends. Using such an approach,
one will be able to remove a large proportion of stellar variability. However, granulation events as
discussed above will account for some remanent noise with time scales closer to the transit signal,
thus likely affecting the signal-to-noise ratio that determines the minimum size of a planet detectable
in the light curve [60][100]. As stated by [60], the filtering of such residual types of noise requires
more adapted detrending methods, if the transit signal is to be left unaltered. Based on the above
considerations, the portion of the PSD that lies on the boundary to and including the frequency band
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harboring the planetary signal should be expected to be most crucial in determining the performance
of a detrending method, because it affects the separability of planet signal and stellar variability.
Thus, a suitable simulated light curve for the testing of a detrending strategy should hence model the
true light curve most accurately in just those particular frequency bands, which I will here refer to as
boundary and transit frequency bands, respectively.

Accordingly, I will here evaluate the simulated light curves by comparing the average power
of their respective PSDs to the corresponding Kepler PSDs within these frequency bands. For this
purpose I will in the following two subsections first establish the two frequency bands of interest and
secondly describe how the average power of the PSDs can be calculated in these bands.

3.3.2.1 Establishing boundary and transit frequency bands

In order to determine the frequency band in the PSD that most likely will harbor the transit signal,
one might look at the distribution of transit durations among the planets, which have been discovered
and confirmed so far. However, databases such as the NASA Exoplanet Archive do usually not contain
any data on the transit duration of detected planets. Nevertheless, the database still exhibits enough
data such that the transit duration can be approximated on a number of planets. Specifically, there
exist a number of equations proposed for just this purpose [16][21][22][102]. According to Seager and
Mallén-Ornelas (2003), the transit duration can be estimated as

t =
P

π
sin−1

R∗
a

[
([Rp/R∗] + 1)2 − (cos(i)[a/R∗])

2

1− cos2(i)

]1/2
 , (3.4)

where P is the orbiting period of the planet, R∗ and Rp are the radii of star and planet, respectively,
a is the semi major axis, and i is the inclination of the plane of the planetary orbit with respect to the
line of sight from an observer. For an illustration of these parameters, compare section 1.1, figure
1.2.

As of as April 1st, 2015, there were a total of 1078 planets with complete datasets of P,R∗, Rp
and a available from the NASA Exoplanet Archive. While some of these cases also had measured values
for the inclination i, I instead decided to use a constant inclination of i = 90◦, as this choice maximized
the transit durations and allows an estimation of the lower limit of the corresponding frequency band.
The resulting distribution of frequency values obtained as reciprocals of the approximated transit
durations for these 1078 planets is shown in figure 3.3.

As can be seen from the histogram in figure 3.3, the majority of confirmed planetary transits
have durations corresponding to frequencies within the frequency band f ∈ [101, 102.4] µHz. Accord-
ingly, I chose to select this interval as the transit frequency band, the average power over which will
be used to compare PSDs of simulated and Kepler light curves. In addition, I consider the frequency
band f ∈ [100, 101) µHz as a boundary frequency band between transit signals and stellar variability,
also to be compared between the respective pairs of PSDs. The two frequency bands are visualized in
the context of a PSD in figure 3.4

3.3.2.2 Calculating the average power in a PSD frequency band

As already mentioned in section 3.3.1 in order to obtain an estimate of the average power in a small
frequency band F0 ≤ f ≤ F1 one simply has to integrate the PSD in the boundaries from F0 to F1 [91,
p. 807]. However, since the PSD approximation is usually not analytically integrable, such integrals
have instead to be approximated by numerical methods. I will here resort to the trapezoidal method,
which approximates an integral

∫ b
a f(x)dx over N subintervals [xn, xn+1], n = 0, 1, 2, ..., N − 1, with

equal spacing h = b−a
N between the individual points xn as [103, p. 370]
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Figure 3.3: Histogram of transit frequencies. The included frequencies have been
obtained as the reciprocal of the transit durations approximated by equation 3.4 for 1078
confirmed planets with complete datasets of P,R∗, Rp and a available from the NASA
Exoplanet Archive.
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Figure 3.4: Illustration of the transit and boundary frequency bands. The
figure shows the PSD estimate of the light curve for Kepler ID 003342952 spanning all 18
quarters as shown in figure 3.2 together with frequency intervals in µHz outlined by red
and blue colored boxes, representing transit and boundary frequency bands, respectively.

∫ b

a
f(x)dx ≈ h

2

N−1∑
0

[f(xn) + f(xn+1)]

= h

[
1

2
f(x0) + f(x1) + f(x2) + · · ·+ f(xN−1) +

1

2
f(xN )

]
.

For respective calculations of approximate integrals I will use the MATLAB function trapz.
Importantly, as pointed out above, the trapezoidal method assumes an equal spacing of the

points xn. The vector of frequencies in linear space that I obtain here from the PSD calculation
and that is used for the trapezoidal approximation of the integral has equal spacing. It is only due
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to visualization in logarithmic scale that the distance between data points appears smaller towards
higher frequencies in the PSD examples shown in figures 3.2 and 3.4.

3.4 Experimental strategy

Having introduced all the required resources and methodology above, I will here outline the individual
steps of the experimental strategy of this project.

1. The rotational periods and B − V color values provided by Nielsen et al. (2013) will be investi-
gated to identify Kepler target stars with properties that satisfy the input criteria of the SIMLC
method established by Aigrain et al. (2004) and for which there are light curves available for
download in either the MAST or the NASA Exoplanet archive.

2. For each star identified in step 1, the Kepler light curves of all quarters will be downloaded and
concatenated to yield a single light curve.

3. For each of the stars in step 1, artificial light curves will be generated using the SIMLC method,
using the same vector of measurement time points from the respective Kepler light curve from
step 2.

4. For each of the light curves generated in step 2 and step 3, power spectral densities will be
estimated.

5. The PSDs of Kepler and synthetic light curves will be compared with respect to the average
power in the two frequency bands established above.

Step 2 above has been performed in JAVA, step 3, including the execution of the SIMLC program
written in the Interactive Data Language (IDL) [104], was performed using the GNU data language
(GDL) [105]. All other computational analyses performed in this project were carried out in MATLAB
[106].
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Results and discussions

4.1 Distribution of rotational periods and B-V values

The publication by Nielsen et al. (2013) has provided rotational periods for a total of 12151 Kepler
objects of a broad range of corrected B − V values. However, the model provided by Aigrain et al.
(2004) has been proposed valid only for a range of 0.45 ≤ B − V ≤ 1.3. After extracting those stars
within the 12151 objects, for which a light curve was available in MAST, and from this first selection
filtering away the stars that did not match the specific B − V criteria, a final list of 9638 stars with
corresponding Kepler light curves was obtained, compare figure 4.1A.

Figure 4.1: Selection of stars for light curve simulation. A: Scatter plot comparing
the B−V color and rotational periods. The association between the B−V color values and
rotational periods is shown for 12146 out of the 12151 stars for which data was provided
by Nielsen et al. (2013) - five stars, each of which was reported with a B−V value around
9799, were removed as outliers before generating the scatter plot. The blue dashed lines
indicate the lower and upper limit of the interval of B − V values accepted as input to
the SIMLC method, compare section 3.1.1. Inside this interval fall a total of 9638 stars
indicated by red dots, while 2508 stars indicated by dark gray dots fall outside of this
B − V range. B: An example of a Hertzsprung–Russell (HR) diagram, illustrating the
relationship between the B−V color index, spectral classification and absolute magnitudes
of stars; reprinted from [107] with permission1.

As can be seen in figure 4.1A, the 9638 selected stars represent a large proportion of the stellar
classes illustrated in the HR diagram in figure 4.1B, but excluding the leftmost and rightmost sides
of the spectral classification range, which represent the stars with highest and lowest temperature,
respectively.

Importantly, the selected 9638 stars were not checked for their status as harboring confirmed
planets or being binary systems. Hence a small proportion of the respective light curves might contain

1Lincensed under the Creative Commons CC BY-SA 3.0 license: http : //creativecommons.org/licenses/by−sa/3.0/
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transit and eclipsing signals.

4.2 Added Gaussian photon noise

For all the 9638 stars with matching rotational periods and B − V color values, as discussed above,
simulated light curves were generated that matched the time intervals of the entire Kepler light
curve combining data from all quarters available as of November 1st, 2014. Additionally, there is
a plenitude of algorithms available for estimating the standard variation of Gaussian noise in a time
series. However, according to the calculations above, we assume here that the transit signal usually
has time scales of hours, while the photon noise will be observed between individual measurement
points at the 30 minutes cadence of the light curves. Accordingly, for each real Kepler light curve the
standard deviation in relative flux was recorded in overlapping sliding windows of width three time
points and the mean of these measurements was used as the standard variation for the Gaussian noise
to be added to the respective synthetic light curve. The distribution of standard variations estimated
and added to synthetic light curves in this way is depicted in figure 4.2.
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Figure 4.2: Histogram of estimated photon shot noise standard deviations.
Each recorded value represents the standard variation measured in one of the 9638 Kepler
light curves and represents the average over the standard variations measured in all three-
point sliding windows over that light curve.

Figure 4.3 shows one example of an original Kepler light curve together with bare simulated stellar
flux variability as well as simulated stellar variability overlaid with simulated Gaussian noise.
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Figure 4.3: Visual comparison of observed and generated photon noise. A
ten day median centered stretch from the first quarter of the Kepler light curve and the
respective synthetic light curve for Kepler ID 001162715, which is unassigned, i.e. without
any detected or expected transit or binary eclipsing signal. The top panel shows the
real light curve. The middle panel shows the respective simulated light curve with stellar
variability only, while the bottom panel displays the same simulated light curve with stellar
variability as well as added Gaussian noise with a standard variation corresponding to the
average of standard variations observed over all three-point sliding windows in the real
Kepler light curve.

4.3 Examples of Kepler and simulated light curves

Visual inspection of the Kepler light curves and corresponding synthetic light curves revealed a plen-
itude of shapes and magnitudes of stellar variability in both cases. A few examples of true and
simulated light curve pairs are shown in figure 4.4.

23



0.97

1

1.03
Kepler light curveA

200 400 600 800 1000 1200 1400

0.97

1

1.03
Synthetic light curve

time [days]

n
o

rm
al

iz
ed

 f
lu

x

0.97

1

1.03
Kepler light curveB

200 400 600 800 1000 1200 1400

0.97

1

1.03
Synthetic light curve

time [days]

n
o

rm
al

iz
ed

 f
lu

x

0.97

1

1.03
Kepler light curveC

200 400 600 800 1000 1200 1400

0.97

1

1.03
Synthetic light curve

time [days]

n
o

rm
al

iz
ed

 f
lu

x

Figure 4.4: Examples of Kepler and corresponding simulated light curves. Each
of the three examples shows the real Kepler light curve containing all 18 quarters in the
top panel and the simulated light curve with stellar variability and Gaussian noise in the
bottom panel. Kepler IDs 002283703 (A), 006362501 (B), 003963398 (C), all of which are
unassigned, i.e. without detected or expected transit or binary eclipsing signal.

4.4 PSD comparison of recorded and simulated light curves

I started by comparing the log10 values of average power in boundary and transit frequency bands be-
tween the PSDs of Kepler and synthetic light curves, respectively, compare figure 4.5. An inspection
of the entire distribution of power values within these frequency bands using box-and-whisker plots,
revealed that Kepler distributions exhibited a substantially larger range of values in the boundary
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regions as compared to the simulated light curves, compare figure 4.5A. In addition, the mean of
log10 power values in boundary and transit bands was found to be lower in the synthetic light curves,
-5.55 and -6.94, respectively, as compared to the Kepler light curves, -5.34 and -6.71, respectively,
compare figure 4.5A-B. The observed difference in mean values between the distribution of Kepler
and synthetic power values was significant at the α = 0.05 level according to a two-sided Welch T-test
[108], with a p-value of p ≈ 7.24 · 10−66 for the boundary frequency band and p ≈ 2.89 · 10−120 for the
transit frequency band.

Figure 4.5: Comparison of PSDs between recorded and simulated light curves.
Distributions of log10 average power values in the boundary (A) and transit frequency
band (B) are depicted as box-and-whisker-plots for the Kepler and synthetic PSDs, with
the median of power values represented by horizontal lines inside each box, lower and upper
box borders indicating 25th and 75th percentiles, respectively, regions between whiskers
including all non-outlier values, and dots representing outliers. The distribution of log10

ratios (Synthetic/Kepler) of pairwise power values between Kepler and synthetic PSDs
are shown as histograms for the boundary (C) and transit frequency band (D).

Additional evaluation of pairwise log10 Synthetic/Kepler ratios of average power in the boundary
and transit frequency bands revealed that the majority of Kepler PSDs exhibited a higher average
power than their respective synthetic counterparts in both frequency bands, compare figure 4.5C-
D. The mean of the log10 Synthetic/Kepler ratios was -0.21 and -0.23 for the boundary and transit
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frequency bands, which implies roughly a 1.63 and 1.71 fold increase of average power in linear scale,
respectively. In total 59% and 23% of the stars had an absolute log10 Synthetic/Kepler ratio greater
than 0.5 and 1 in the boundary frequency band, which correspond to a fold change of 3.16 and 10,
respectively. In the transit frequency domain, the percentage of stars with absolute ratios greater than
0.5 and 1 was 20% and 5%, respectively.

One observation that might explain these differences in average power between Kepler and sim-
ulated PSDs relates to the presence of distinct peaks in the PSD of Kepler light curves, which are
absent in the synthetic light curves. Visual inspection of pairwise PSDs showed that this trend held
for almost all light curves. For two examples of such peaks in the Kepler PSDs compare figure 4.6.
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Figure 4.6: Examples of peaks in PSDs of Kepler light curves. The figure shows
the PSD estimate of Kepler light curves spanning all 18 quarters on the top panel and the
PSD of the respective simulated light curve on the bottom panel. A: Kepler ID 002422382,
B: Kepler ID 002706738.
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As can be seen from the examples in figure 4.6, peaks in the PSD can be found both in the
boundary frequency band as well as in the transit frequency band. A quantitative evaluation of the
distribution of frequencies at which the maximum power peak in the Kepler PSDs can be found,
indicates that the largest fraction of Kepler light curves exhibit PSDs with their maximum power
values actually residing inside the boundary frequency band, compare figure 4.7, suggesting that
a lot of surrounding secondary peaks also leak into the transit frequency band, as has already been
presented in figure 4.6.

10
−1

10
0

10
1

10
2

0

500

1000

1500

2000

Maximum peak frequency (µHz)

C
ou

nt
s

Figure 4.7: Histogram of frequencies with maximum power in Kepler PSDs.
The figure shows the histogram over the frequencies harboring the maximum power in
each Kepler PSD.

Recalling the details about the construction of the sum of power laws by Aigrain et al. (2004)
used to simulate stellar variability, compare section 3.1.1, it is clear that this model is not capable
of taking these peaks into proper account let alone reconstruct them in the synthetic light curves.
Reconsidering the outcome of the average power comparisons presented above rises the question, if
a selection of Kepler light curves with less distinct peaks or peaks with lower power might result in
the generation of simulated light curve PSDs that closer resemble the original PSDs with respect to
average power in the boundary and transit frequency bands. Such a selection clearly implies a bias
towards Kepler light curves with PSDs shapes more like the one expected from the SIMLC method.
However, the comparison of such a biased set of light curves might answer the question whether the
observed PSD power differences are merely due to the presence of peaks in the Kepler light curves,
or if those differences between real and simulated light curves also persist in the absence of distinct
Kepler PSD peaks.
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Figure 4.8: Histogram of normalized peak heights in Kepler PSDs. Each value
in the histogram represents the power of the maximum peak in a Kepler PSD divided by
the average power in the frequency band f < 10−0.4 µHz of the same PSD.

One approach of selecting such a subset of Kepler light curves with lower PSD peak can be
based on the fact that the light curve model expects a maximum power, which is constant over the
lower frequency range of the PSD, consider figure 3.1B, and the observation that almost no Kepler
PSD exhibits a peak below a frequency of 10−0.4 µHz, compare figure 4.7. Hence one might calculate
a normalized maximum peak height for each Kepler PSD by scaling it to the average power in the
corresponding frequency band f < 10−0.4 µHz. A histogram over all these normalized peak heights is
shown in figure 4.8.

Choosing a cut-off log10 normalized peak height of 1.5, i.e. a peak height of 101.5 in linear scale,
a total of 875 Kepler light curves were found with values below this threshold. Inspection of the
location of these target stars in the B − V vs. Prot plot, compare figure 4.9, indicated that there
was no particular range of B − V and Prot values harboring these light curves with low power PSD
peaks.

The selected 875 stars were then used to repeat the previous comparison of average powers in
boundary and transit bands, the results of which are shown in figure 4.10. For the boundary region,
which contained the majority of maximum peaks in the Kepler PSDs (figure 4.7), the selection
of PSDs with low height peaks clearly reduced the difference in average power between Kepler and
simulated light curves, compare figures 4.10A and 4.10C, with mean log10 Kepler and synthetic
average powers of -5.63 and -5.66, respectively, and a mean log10 (Synthetic/Kepler) ratio of pairwise
average powers equal to -0.03. However, while the mean of the log10 (Synthetic/Kepler) ratios was
closer to zero, the entire distribution of log10 (Synthetic/Kepler) ratios appeared to be more spread as
compared to the comparison in figure 4.5C, although the percentage of absolute log10 ratios greater
than 0.5 and 1 was also slightly reduced to 52% and 18%, respectively. Additionally, there was no
visible improvement on the differences previously observed between Kepler and simulated PSDs in
the transit frequency band, compare figures 4.10B and 4.10D. Specifically, the respective mean
log10 Kepler and synthetic average powers where -6.74 and -7.00, respectively, and the mean log10

(Synthetic/Kepler) ratio of pairwise average powers was equal to -0.27 for the transit frequency band
in the selected 875 PSDs. For these selected PSDs, the percentage of absolute log10 ratios greater
than 0.5 and 1 in the transit frequency band was 24% and 6%, respectively.
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Figure 4.9: Selection of stars with low normalized PSD peak height. Scatter
plot comparing the B−V color and rotational periods. The association between the B−V
color values and rotational periods is shown for 12146 out of the 12151 stars for which
data was provided by Nielsen et al. (2013) - five stars, each of which was reported with
a B − V value around 9799, were removed as outliers before generating the scatter plot.
The blue dashed lines indicate the lower and upper limit of the interval of B − V values
accepted as input to the SIMLC method. Red dots indicate the 875 stars for which the
PSD had a peak with a normalized PSD height below 101.5, while the remaining 11271
stars are indicated by gray dots.

Apart from the observation that the PSDs of synthetic light curves seemed to generally have
lower power in the transit and boundary domain as compared to their real counterparts and also
lacked the characteristic peaks found in the Kepler PSDs, there was also the concern about limited
variability between simulated light curves generated from similar starting parameters. Specifically, as
discussed in section 3.1.1, the only two parameters altered in the generation of different synthetic
light curves are the B − V color index and the rotational period. Hence one might expect that light
curves simulated from similar values of such parameters might be quite similar, while the respective
Kepler light curves exhibit some greater natural variance, which cannot be captured by the given
light curve model. However, when investigating this assumption in terms of the distribution of power
values in the transit frequency band over three small sets of light curves generated with similar B−V
and Prot parameters, no generally visible decrease in the spread of power values of synthetic PSDs
compared to Kepler PSDs could be detected, compare figure 4.11.
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Figure 4.10: Comparison of PSDs between recorded and simulated light curves
after peak height filtering. A total of 875 PSDs have been selected, for which the Ke-
pler PSD had a normalized log10 peak height below 1.5. For these Kepler and synthetic
PSDs, distributions of log10 average power values in the boundary (A) and transit fre-
quency bands (B) are depicted as box-and-whisker-plots, with the median of power values
represented by horizontal lines inside each box, lower and upper box borders indicating
25th and 75th percentiles, respectively, regions between whiskers including all non-outlier
values, and dots representing outliers. The distribution of log10 ratios (Synthetic/Ke-
pler) of pairwise power values between the 875 Kepler and synthetic PSDs are shown as
histograms for the boundary (C) and transit frequency bands (D).
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Figure 4.11: Comparison of PSDs generated from similar starting parameters.
A: Scatter plot showing the association between B−V color values and rotational periods
for 12146 stars as gray dots. The blue dashed lines indicate the lower and upper limit
of the interval of B − V values accepted as input to the SIMLC method. Stars in three
regions with similar B − V color values and rotational periods are marked in green (125
Stars; 0.5 ≤ (B − V ) ≤ 0.6; 5 ≤ Prot ≤ 6), yellow (25 Stars; 1.1 ≤ (B − V ) ≤ 1.2;
11 ≤ Prot ≤ 12) and purple (71 Stars; 0.7 ≤ (B − V ) ≤ 0.8; 18 ≤ Prot ≤ 19). B-D: Each
of the three plots depicts the log10 average power values in the transit frequency band for
Kepler and synthetic PSDs of the corresponding group of stars selected in A.
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Conclusions

It appears that the simulated light curves generally have lower power, and by extension also lower
amplitude of stellar variabilities in the boundary and transit frequency bands, as compared to the
Kepler light curves.

Nevertheless, despite the differences in the average power in the Kepler and simulated PSDs
observed here, it should be pointed out that for a general detrending evaluation, one might not
actually be required to obtain a set of simulated light curves, each of which represents a perfect model
of the respective star’s true light curve. Instead it might be sufficient to generate a set of simulated
light curve encompassing a range of features, such as average power in boundary or transit frequency
bands, which would also be seen in true light curves. Seeing that there was an overlap between the
distribution of average power in Kepler and simulated light curves in both these frequency bands,
suggests that a set of simulated light curves might be chosen to represent at least a subset of the
possible true light curve power range.

However, the finding that the Kepler light curves exhibit quite distinct power peaks in the
estimated PSDs, which due to the specific simulation model are absent in the synthetic light curves,
indicates that, apart from lower average power in the simulated light curves, there are also other
feature difference that might affect usability of such synthetic light curves.

The majority of such peaks was found in the boundary frequency band, defined to be f ∈
[100, 101) µHz, and they offer one explanation for the observed difference in average PSD powers
between the true and simulated light curves. In fact, in the subset of 875 light curves with the
lowest normalized peak heights in the Kepler PSDs the difference in average power over this boundary
frequency band appeared at least in part diminished. However, this selection of light curves based on
peak height did not have any apparent effect on the observed average power difference between Kepler
and simulated light curves in the transit frequency band. Considering the presence of additional peaks
with lower heights in the PSD coupled with the assumption that the transit frequency band is probably
more important for the outcome of a detrending task, suggests that the selection based on maximum
peak height alone might not be sufficient to obtain a better agreement between true and simulated
light curves. In addition, considering the distinct over-representation of Kepler light curves exhibiting
high power peaks, such a selection would also imply a substantial restriction on the range of Kepler
stars suitable for light curve simulations.

As mentioned before, stable stellar rotations might provide one obvious explanation for the
presence of PSD peaks [70][75]. However, stellar rotation should then be expected to account for only
one unique peak, while the majority of PSDs here, as exemplified in figure 4.6, exhibit more than
just one peak. Clearly, more work will be required in the future to further investigate how these peaks
might affect current detrending techniques and in order to establish how they should be evaluated in
light curve models such as the one reviewed here.

In summary, one problem in comparing the Kepler and Synthetic PSDs was the lack of a criterion
or golden standard, which could be used to determine whether the synthetic light curves are sufficiently
similar or dissimilar to their respective Kepler counterpart as to call them adequate or inadequate as
benchmark datasets for detrending optimization. However, comparing the power in the boundary and
transit frequency bands revealed that the population of synthetic PSDs exhibited significantly lower
power than the set of Kepler light curves and that a large proportion of light curves had at least a
3-fold pair-wise difference in power between the synthetic and respective Kepler light curve. Due to the
reduced power of stellar variability, the synthetic light curves would likely be more easily detrended
and thus pose less encumbrance on transit detections. Hence, any detrending method tested and
optimized on such simulated light curves might underestimate the burden posed by stellar variability
and perform worse when later on confronted with light curves including real stellar variability. Coupled
to the observation that the synthetic light curves could not model the peaks found in the Kepler light
curves, these considerations suggest that the presented light curve model has severe problems in
simulating accurate and nature-like light curves. Further work will be required to determine how the
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presented differences might affect the outcome of a detrending optimization.
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[59] Defaÿ, C., M. Deleuil, and P. Barge. ”A Bayesian method for the detection of planetary transits.”
Astronomy & Astrophysics 365.2 (2001): 330-340.

[60] Carpano, S., S. Aigrain, and F. Favata. ”Detecting planetary transits in the presence of stellar
variability.” Astronomy and Astrophysics 401.2 (2003): 743-753.

[61] Guis, V., and P. Barge. ”An Image Processing Method to Detect Planetary Transits: The
“Gauging” Filter.” Publications of the Astronomical Society of the Pacific 117.828 (2005): 160-
172.

[62] Aigrain, S., and F. Favata. ”Bayesian detection of planetary transits: A modified version of the
Gregory-Loredo method for Bayesian periodic signal detection.” Astronomy and astrophysics
395.2 (2002): 625-636.

[63] Koppenhoefer, J., Afonso, C., Saglia, R. P., and Henning, T. ”Investigating the potential of the
Pan-Planets project using Monte Carlo simulations.” Astronomy and astrophysics 494.2 (2009):
707-717.

[64] Mislis, D., et al. ”An algorithm for correcting CoRoT raw light curves.” Astronomy & Astro-
physics 522 (2010).

36



[65] Mazeh, T., O. Tamuz, and S. Zucker. ”The Sys-Rem Detrending Algorithm: Implementation
and Testing.” Transiting Extrapolar Planets Workshop. Vol. 366 (2007).

[66] Lanza, A. F., A. S. Bonomo, and M. Rodonò. ”Comparing different approaches to model the
rotational modulation of the Sun as a star.” Astronomy & Astrophysics 464.2 (2007): 741-751.

[67] Baudin, F., Samadi, R., Appourchaux, T., and Michel, E. ”SIMU-LC: A Light-Curve Simulator
for CoRoT.” ESA Special Publication. Vol. 1306 (2006): 403.

[68] Aigrain, S., F. Favata, and G. Gilmore. ”Characterising stellar micro-variability for planetary
transit searches.” Astronomy and astrophysics 414.3 (2004): 1139-1152.

[69] Lanza, A. F., Rodono, M., Pagano, I., Barge, P., and Llebaria, A. ”Modelling the rotational
modulation of the Sun as a star.” Astronomy and astrophysics 403.3 (2003): 1135-1149.

[70] Nielsen, M. B., and C. Karoff. ”Starspot simulations for Kepler.” Astronomische Nachrichten
333.10 (2012): 1036-1039.

[71] Andersen, B. N., T. E. Leifsen, and T. Toutain. ”Solar noise simulations in irradiance.” Solar
Physics 152 (1994): 247-252.

[72] Anderson, Edwin R., Thomas L. Duvall Jr, and Stuart M. Jefferies. ”Modeling of solar oscillation
power spectra.” The Astrophysical Journal 364 (1990): 699-705.

[73] Baglin, A., Auvergne, M., Boisnard, L., Lam-Trong, T., Barge, P., Catala, C., ... and Weiss, W.
”CoRoT: a high precision photometer for stellar ecolution and exoplanet finding.” 36th COSPAR
Scientific Assembly. Vol. 36 (2006): 3749.

[74] Brown, T. M., Latham, D. W., Everett, M. E., and Esquerdo, G. A. ”Kepler input catalog:
photometric calibration and stellar classification.” The Astronomical Journal 142.4 (2011): 112.

[75] Nielsen, M. B., Gizon, L., Schunker, H., and Karoff, C. ”Rotation periods of 12 000 main-
sequence Kepler stars: Dependence on stellar spectral type and comparison with v sin i obser-
vations.” Astronomy & Astrophysics 557 (2013): L10.
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