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Abstract
In the current era of time-domain astronomy, it is increasingly important to have rigorous, data driven models for classifying transients, including supernovae. 
We present the first application of Principal Component Analysis to the photospheric spectra of stripped-envelope core-collapse supernovae. We use one of 
the largest compiled optical datasets of stripped-envelope supernovae, containing 160 SNe and 1551 spectra. We find that the first 5 principal components 
capture 79% of the variance of our spectral sample, which contains the main families of stripped supernovae: Ib, IIb, Ic and broad-lined Ic. We develop a 
quantitative, data-driven classification method using a support vector machine, and explore stripped-envelope supernovae classification as a function of phase 
relative to V-band maximum light. Our classification method naturally identifies “transition” supernovae and supernovae with contested labels, which we 
discuss in detail. We find that 10-15 days after peak brightness is the optimal time to differentiate between the different sub classes of Stripped SNe - much 
later than the customary time at peak maximum that has been adopted in the SN field just by convention. This is great news for ZTF and LSST since it means 
that the scarce spectroscopic resources for these surveys can be scheduled days in advance to take spectral data for the purpose of classification.

Motivation & Goals

Fig. 1: (Left) Representative sample of each type of SN

classification. SNe are generally typed based on the presence

of certain elements in the optical range. (Right) Schematic

drawing of the corresponding pre-explosion progenitor stars.

Layers are not drawn to scale.

• Quantitatively identify outlier supernovae.
• Quantitatively characterize “transition” supernovae.
• Capture continuity of envelope stripping with new classification 

method.
• Make new classification method easily physically interpretable.
• Find the optimal time to classify stripped-envelope supernovae 

(SESNe) given scarce spectroscopic resources.

PCA Decomposition

Fig. 3: Cumulative fraction of variance of the

entire SESNe dataset captured by nPC

eigenspectra. The first 5 eigenspectra capture

7 9 % o f t h e s a m p l e ’ s v a r i a n c e .

Fig. 2: Reconstruction of the spectrum of SN type

IIb SN2011ei (Milisavljevic et al. 2013) at phase 13

days relative to V-band maximum. An increasing

number of eigenspectra (nPC) is used to

reconstruct the original spectrum from top to

bottom. As nPC increases, more features are

captured, but 5 eigenspectra already capture the H

and He features (indicated by shaded regions).

Interpreting Eigenspectra

PCA Methodology

• Features – Relative fluxes in each 
wavelength bin.

• PCA – Identifies a new basis of 
eigenspectra that are each a linear 
combination of the original features.
• Eigenspectra are ordered according 

to how much of the sample’s 
variance each principal component 
captures.

• Compare the first 5 eigenspectra to the mean spectra of each of the 
SESNe classes (Iib, Ib, Ic-bl, Ic) presented in Liu et al. (2016) and 
Modjaz et al. (2016).

• PC1: captures the strong HeI5876 absorption feature.
• PC3: captures both HeI5876 and Hydrogen features.
• PC4: captures strong Hydrogen features.
• Ic-bl: none of the first 5 eigenspectra capture the broad features of 

the mean Ic-bl spectra.
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Fig. 4: Comparison of the first 5 eigenspectra at phase 𝟏𝟓 ± 𝟓
days, constructed using data of all SESNe types, with the mean

spectra (Liu et al. 2016; Modjaz et al. 2016) for type IIb (upper left),

Ib (upper right), Ic-bl (lower left), and Ic (lower right).

Optimal Classification
• 1σ Ellispses for the SESNe types are more separated at later times, 

instead of close to V-band peak.
• Classification is continuous and can quantitatively characterize 

“transition” SNe.
• We can quantitatively identify outliers.

Fig. 5: Each panel 

shows the SESNe

classification regions 

and linear decision 

boundaries 

determined by a 

linear SVM, with 

multiple cross 

validation runs 
shown. 1σ ellipses are 
shown for each SESN 
class.  Outliers of more 

than 2σ are marked 

with stars. 

Classification is 

better done at later 

times.
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