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Man
or
Machine?
Which detects cosmic rays with more accuracy?

Cosmic rays have been integral to our understanding of the
interstellar medium, physics, and the chemistry of the universe. From
their discovery in 1912 by V. F. Hess to the construction of the identification of D mesons in 1971, the study of cosmic rays has informed
our understanding of their high energy sources in the universe and
the existence of new elementary particles, among many other important discoveries (Blumer, et. al. 2009). We can use cosmic rays to
obtain more detailed information about the physics of the interstellar
medium than any other method can provide (Strong, et. al. 2007).
Thus, cosmic rays are an incredible resource for many disciplines, and
are more than worthy of further research. (Cox 2005, Nagano et. al
2000)
As sky surveys have developed technologically over time, the
massive amounts of data available create a need for large-scale classification of cosmic rays versus other types of astronomical objects, in
order to track down their locations of detection and sources. More so,
as our computational power increases, we have the ability to identify
cosmic rays in an image in real-time, which allows us to study events
that occur on a small enough timescale that they disappear by the
time new measurements are taken. (Mahabal et. al. 2019, Djorgovski
et. al. 2015). With this power, and the knowledge gained so far in the
machine learning space, it is worth the time to apply machine learning algorithms in order to identify the locations of cosmic rays in a
any given image from a sky survey.

K-means Algorithm Overview
K-means is an unsupervised machine learning
algorithm that splits data into distinct groups
based on the items with the most similarity. Intuitively, if you see a graph with multiple groups of
points , you would expect those to become clusters, as shown in the example graph to the left.
This is easy to visualize in 2D space. However, since I’m using 36 pixel
images, each one has 36 dimensions. In order to visualize the similarity between them on a 2D graph, you have to apply Principle Component Analysis. PCA can reduce data to as few dimensions as you want
by representing the data with vectors (called ‘components’) that represent the most important parts of the data. In this case, the first two
components of the image set represent more than 50% of the original
information, which gives us a pretty good glance at their similarity.
Here’s how similar the images are when represented by only their first
2 most important components:

K-means Performance
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K-means Cluster Centers

Given ~1000 6 x 6 pixel images of bright spots from
an image of space from the SAA database, k-means
(an unsupervised machine learning algorithm) can
predict the classification between cosmic rays and
non-cosmic rays with only 63% accuracy. So the
answer to “Man or Machine” is:

Definitely Man
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Above, you can see the cluster centers
that the k-means algorithm created.
To the left you can see the images
closest to and farthest from the cluster center within the cluster. Interestingly enough, the True Labels of each
of the images shown are “Not Cosmic
Ray,” which points to extremely bad
performance in the algorithm.

Would edge detection work?
No again!
Since humans classify cosmic rays based
on sharp edges in the image, I thought
edge detection might also do a good job.
To the right are three different methods of
edge detection.
I decided to go with laplacian because it
gives a gradient of edges, from soft to
sharp. I thought if I could extract images
with sharp edges, those would likely be
ones with cosmic rays.
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However, as you can see below, the values in the images after edge detection
are also so similar that it would be an even worse classification method than
k-means.
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Intuitively, you can see that cosmic rays and non-cosmic rays DO NOT
form obvious clusters. This probably means that k-means will have a
hard time splitting them into accurate groups-- and it ended up performing about as badly as you’d expect:
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