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In order to detect and analyze physical events such as plasma
boundary crossings, the most common and well-known
method Is to manually walk through these time series to
identify such events and then create catalogs. This work Is
often biased and time-consuming. In this article, we illustrate
how deep learning techniques combined with a well-adapted _ .
scientific post-processing method can automatically detect parameters such as particle densities

rs bow shock passes using data from the Mars Express (electrons, protons, or heavy Ions). These

Ma
Qs,smn parameters are measured by the spacecratft,

The Interaction of the Mars magnetosphere
with the solar wind Is characterized by

thus producing extensive time series over the

Qne span of a mission.

In this paper, we investigate to automatically detect the Martian bow shock crossings
using the data of the Mars Express mission provided by CDPP-AMDA. Using a
Multilayer Perceptron Neural Network, we provide an automatic classifier to predict the
Martian bow shock crossings. A published catalog with around 11800 bow shock
crossings has been used for labeling the data [1]. The challenging task was to deal with
the unbalanced data, indeed, In our dataset, we have unequal distribution of classes:
shocks and no shocks. Classification of unbalanced data is a difficult task because
there are so few samples (shocks) to learn from. To tackle this problem is to penalize
the misclassification made by the minority class by setting a higher class weight and at
the same time reducing weight for the majority class.
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Classification of unbalanced data: deep learning
approach
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