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Abstract Data Results

With the great influx of supernova discoveries over the past * The data, in six filters; uvw2, uvm2, uvwl, u, b, and v, comes from the
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machine learning packages in Python. Using data from the * The photometric points were randomly assigned to training (396 points) . : : uvwl)
Swift Ultraviolet/Optical Telescope (UVOT), each photometric and testing (264 points) sets

point was assigned values corresponding to colors, absolute « Each feature, or characteristic, was assigned a number: . . . visible
magnitudes, and the relative times from the peak brightness in (b,v,u)
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) Type Ia supernovae (SNe Ia) are an important tool in observational cosmology 9 b-u 19 v determine which classifier would be the most appropriate for
. . and are characterized by a strong Si II absorption line and by an absence of a 10 eltime wvw? 20 B scientific use.
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. characteristics in the data, a telescope equipped with a spectrometer must be Photometric Classification Challenge (Kessler 2010) produced a Ia
' available. With the increased number of photometric observations of SNe, . precision of 0.79 and a Ia recall of 0.96.
: these spectroscopic follow-up observations become more difficult to keep up Clas S]ﬁers « Removing either the visible or UV filters reduced the success in the
with. Instead, there has been an effort to classify SNe using their light curves. classifiers in all of the metrics, except in the case of the removal of
' . . . . the UV filters, the Ia precision increased for all three classifiers
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Figure 3. An example output for the decision tree classifier with each leaf showing the feature,
Gini impurity, sample size, and dominant class.

Figure 2. An example of separating SN types using only three colors.
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