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Abstract

Many spacecraft have probed planetary environments
in order to understand their dynamics and evolution.
The datasets returned from instruments on these
spacecraft have been used by researchers to classify
“events” and “boundaries” within the planetary
environments as variations of one or more physical
parameters. This has typically been a time-
consuming task, leading in particular to empirical
models that however often do not reflect the large
dynamics observed.

In this paper we report the use of machine learning
techniques, widely used to great affect in other fields
(e.g. image recognition, sound analysis etc.), to
automatically detect plasma regions or boundaries at
Mars (e.g. the bow shock or magnetosheath). We also
investigate the variability in the Martian bow shock
position with different drivers, in particular regarding
the influence of the Martian crustal magnetic fields.

1. Martian
context

Over the last two decades, the Martian environment
has been investigated by a number of spacecraft
including the Mars Express (MEX) and Mars
Atmosphere and Volatile EvolutioN (MAVEN)
missions that are still orbiting around Mars.
Consequently, a vast database is available, allowing
for a detailed analysis of the Martian induced
magnetosphere’s structure and its dynamics.

The bow shock occurring in front of the planet is of
particular interest. A number of publications have
attempted to describe its dynamics as driven from the
combined influence of the solar wind dynamic
pressure, solar extreme ultraviolet (EUV) fluxes, and
the Martian crustal magnetic fields (Edberg et al.,
2008 ; Hall et al., 2016 ; Fang et al., 2018). However,
the problem of how the crustal fields influence the
shape and location of the bow shock is still not fully
resolved.

2. Machine
learning

With an ever increasing amount of data, space
physics has begun entering the big data era as with
other public and private sector fields. Consequently,
it is becoming increasingly difficult for researchers to
analyse all the data available, so that machine
learning techniques are promising tools in this
context. We investigate the viability of these novel
techniques in automatically recognising boundaries
and regions within the Martian plasma environment,
and in assessing the influence the solar wind, EUV
and crustal fields on the boundaries. This approach
will minimise the inherent biases of empirical
modelling approaches, and create catalogues of
events for the community,

3. Results

Several machine learning algorithms are used to
investigate the capability to detect plasma regions
and boundaries, such as random forest or neural
networks.
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Fig 1 : (from top to bottom) MEX electron spectrograms,
MEX/IMA ion spectrograms, distance to Mars, boundary/region
classification by several algorithms (decision tree, random forest,
neural network ; in black) compared with the manually defined
classes (red) O=ionosphere, 1=MPB, 2=magnetosheath,
3=shock, 4=solar wind



The machine learning models were trained with
datasets manually identified, or automatically
identified from MEX plasma datasets by bespoke
algorithms such as the large bow shock list by Hall et
al. (2016). The results in Figure 1 show the
possibility to correctly detect a number of
boundaries/regions, with greater difficulties found in
identifying the boundaries that correspond to rapid
transitions. Neural networks are more promising, and
other approaches are under study to improve the
detection capabilities.
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Fig 2 : correlation factor between the terminator distance of the
shock (from MEX) and photoelectron boundary (from MAVEN)
variability and the max/mean crustal field value in an angular
range around the detection location.

To understand the complex influences of the crustal
magnetic fields on the Martian plasma system, an
analysis is also performed based on multi-spacecraft
observations of the bow shock (MEX observations
from Hall et al. (2016), MAVEN from Fang et al.
(2017)), and of the photoelectron boundary (MAVEN
observations from Garnier et al. (2017)). The
influence is shown to be global, particularly with the
boundaries located further from the planet. A
magnetic perturbation propagation model will be
discussed, and machine learning techniques will be
used to investigate the complex influence of the
various parameters from the measurements.
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