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1. Introduction

Hundreds of terabytes of astronomical data from
hundreds of millions of sources across the
electromagnetic spectrum have been collected in
sky surveys, such as the Sloan Digital Sky Survey
(SDSS), over the last decade alone. These surveys
provide information on the interactions, evolutions
and properties of the objects surveyed.

An un-biased model of galaxy spectra that is not
influenced by pre-existing physical models can be
created purely from the SDSS data.

2. Objective

The objective of this project is to produce a data-
driven model that can reconstruct spectra
accurately by accounting for heteroskedastic noise,
expanding on the work of Portillo et al. (2020) [1].
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Figure 1: An overview of the five step process utilising
principal component analysis (PCA) to build a model.
Bayesian PCA includes a prior distribution and considers the
noise on the values, improving on standard PCA [2] .

e e e e 0]

Figure 2 : (Left) An image of the 2.5 m telescope used for
the SDSS [3]. (Right) The SDSS map of the Universe [4].
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Figure 3: A reconstructed spectrum and the original data

(plate: 1733, MJD: 53047, fiber: 439). Bayesian PCA
reconstructs better than standard and iterative PCA at the
beginning and the end of the spectrum, where the error in
the data is greater.

4000

0.08 —— Standard PCA 0.08 —— Standard PCA 0.08 —— Standard PCA
0.07 Iterative PCA 0.07 K (3727A) Iterative PCA 0.07 Iterative PCA
—— Bayesian PCA —— Bayesian PCA —— Bayesian PCA
0.06 0.06 _ 0.06
0.05 llo 1 (37274) 0.05 H (39694) 0.05 G (43054)
X X X
S o.04 S o0.04 S o.04
L 0.03 L 0.03 L 0.03 /\/\//W
0.02 0.02 W//_A\//_WW\/\/\/\/\ o W
oox| 0.01 M 0.01
0.00 0.00 . 0.00 .
3700 3720 3740 3760 3780 3800 3900 3925 3950 3975 4000 4025 4050 4075 4100 4200 4225 4250 4275 4300 4325 4350 4375 4400
0.08 —— standard PCA 0.08 —— Standard PCA 0.08 —— Standard PCA
0.07{|HB (4305A4) Iterative PCA 0.07 Iterative PCA 0.07 Iterative PCA
—— Bayesian PCA —— Bayesian PCA —— Bayesian PCA
0.06 0.06 0.06
0.05 0.05 0.05 Ha (5895A)
X X X \
2 0.04 2 0.04 :W:;’z_—::g 0.04 ;
L 503 L 503 L 503
O 111 (49604) | N 11 (65854)
0.02 0.02 0.02
Mg (51764) Na (58954) S 11 (6718A)
0.01 0.01 0.01
.. O 111 (50084) i i S 1l (6732A)

4800 4900 5000 5100 5200 5300 5800 5825 5850 5875 5900 5925 5950 5975 6000 6100 6200 6300 6400 6500 6600 6700 6800

Wavelength (A) Wavelength (A) Wavelength (A)

Figure 4: Absorption and emission lines from a mean
spectrum reconstruction of a normal galaxy, with reference
\_ wavelengths (dashed lines) [5].
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Figure 5: Difference between X? values for Bayesian PCA
and those for standard PCA. Most spectra show a negative
difference, implying that Bayesian PCA gives a better quality
of reconstruction than standard PCA.

5. Conclusion

Bayesian PCA is more effective than standard and
iterative PCA for galaxy spectra that exhibit
heteroskedastic noise.

The quality of reconstruction is especially better
for Bayesian PCA at the beginning and the end of
the spectra, where the original data contains pixels
with missing or negative flux.

Since Bayesian PCA is better suited to accounting
for spectra noise, it can be used to create more
accurate models for different galaxy types to
analyse their features.

As our model uses spectroscopic data, photometric
data can be added to create a more detailed model

__of galaxies.
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