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Abstract
The NASA Kepler mission is delivering groundbreaking results, with an increasing number of Earth-sized
and moon-sized objects been discovered. A high photometric precision can be reached only through a thorough removal of the stellar activity and the instrumental systematics. We have explored the possibility of
using non-parametric methods to analyse the Simple
Aperture Photometry data observed by the Kepler mission. We focused on a sample of stellar light curves
with different effective temperatures and flux modulations, and we found that Gaussian Processes-based
techniques can very effectively correct the instrumental systematics along with the long-term stellar activity. Our method can disentangle astrophysical features
(events), such as planetary transits, flares or general
sudden variations in the intensity, from the star signal
and it is very efficient as it requires only a few training iterations of the Gaussian Process model. The results obtained show the potential of our method to isolate the main events in the light curves for both Kepler
long cadence and short cadence data. We tested our
approach on the star KIC 2571238 (Kepler-19), finding that the transit depth of its planetary companion
is consistent at 1-σ with the one published in the literature. Furthermore we will present initial results of
a Gaussian processes application for the study of the
intrinsic variability of the star.

1. Introduction
The NASA Kepler mission ([2],[3]) has revolutionised
the exoplanet- field, providing very accurate observations of thousands of stars. Since its launch in March
2009, a total of 131 planets and more than 2700 planetary candidates have been detected. Those planetary candidates span a vast range of sizes, temperatures, transit periods and host-star types. With its unprecedented photometric precision Kepler is capable
of groundbreaking discoveries like the detection of the

moon-sized planet Kepler-37b ([1]) or the recent finding of the two super-Earth sized planets in the habitable zone around Kepler-62 ([4]). Such discoveries
suggested that small worlds are common, and, most
importantly, are observable today if the host star is
bright enough and if we reach the correct photometric
precision. To detect even the smallest flux variations,
the data reduction techniques adopted are critical. In
particular, instrument systematics and stochastic errors
need meticulous corrections. Intense work in this regard has been done by the Kepler team: the Presearch
Data Conditioning (PDC) module of the Kepler data
analysis pipeline ([11], [10], [6]) is very efficient at extracting transit signals. However it was not optimised
to analyse the low-frequency stellar signal (Murphy
2012) and some instrument systematics may still appear in the residuals after the correction. Alternative
ways to solve these hurdles have been suggested ([8],
[13]) but these approaches either apply parametric corrections - which potentially may distort the signal and
inject supplementary noise - or use a limited model
class (e.g. linear) that may not catch the real underlying trend. The problem can be mitigated by adopting
a non-parametric approach.
Non-parametric techniques have been used in a variety of astronomical contexts (e.g. [14], [5]). In
the exoplanet field in particular, these methods have
been adopted by e.g. [15], [9], [7], [16], [17], [18].
Among these the Gaussian Process method for regression ([12]), is used widely in the machine learning
field.
Here we adopted a technique which uses Gaussian
Processes to analyse the Kepler raw stellar light curves
to extract the temporal events intrinsic to the stellar
system, such as planetary transit or flares.

2. Conclusions
By applying Gaussian Processes-based techniques to a
sample of Kepler stellar light curves, we disentangled
temporal events, such as flares, planetary transits and
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sudden intensity variations, from the long-term stellar
modulation. The detrended residuals are sampled both
in long cadence and short cadence mode, i.e. with an
integration time of 29.4 min and 58.9 s respectively.
The last ones are particularly useful to confirm multiplanet systems via precise transit timing variation evaluations.
Our method is innovative as it allows us to model all
the instrumental systematics and the stellar signal in a
completely non-parametric way, without distorting the
signal or injecting noise as may happen with a simple
least square fit. We tested our technique on a known
star, Kepler-19, by fitting a transit model light curve
to the residuals with a Markov Chain Monte Carlo approach. The measured depth value is consistent with
the one published in the discovery paper, validating the
functionality of our method.
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Figure 2: Zoom-in of the transit of Kepler-19b (Quarter 6) with the application of the Gaussian Processes
model, retrieved for the long cadence observations
(red dots), to the short cadence data (blue circles).
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Figure 1: Gaussian Processes model prediction (top)
and residuals (bottom) on the long-cadence data of
Kepler-19 (Quarter 6). The data are plotted in red,
while the model and the 1,2,3 σ confidence limits are
represented by the blue dotted line and green lines respectively.
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