Modern X-ray telescopes have detected hundreds of thousands of X-ray sources (e.g.
Evans et al. 2010). These Iinclude active galactic nuclel (AGN), supernova remnants (SNRs),
active stars, and compact neutron star and black hole binaries. Common methods to
distinguish these sources are modelling their X-ray spectra or using hardness ratios (HRsS)
to estimate the source properties.

Detailed X-ray spectroscopy of thousands of sources iIs tedious, and HRs could falil
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differentiate line- and continuum-dominated X-ray spectra will be accurate and efficient In Fiegelson et al.) (Right) AGN in Chandra Deep
classifying X-ray spectra. Here, we demonstrate the use of artificial neural networks Field South (CDFS, Credits: CXC/Luo et al.)
(ANNSs) to distinguish active stars in Orion nebula from AGN in Chandra Deep Field South.
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Stars show prominent SRl lines from Mg, observed COUP and CDFS spectra. Our algorithm performs best on sources
I, S & Fe. AGN have mainly continuum spectra. gl ith net counts greater than 300 and background contribution less than 5%.

(Left) ANN model architecture used. It outputs the
probability of source being star or AGN. (Right) The
weights of the trained ANN show that our model picks
out the prominent emission lines for classification.
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