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Core collapse supernovae (CCSN) are highly anticipated sources of
gravitational waves (GW) during the fourth observation run (O4). CCSN
signals are weak and unmodeled and the rate of occurrence in our galaxy is 2
per century.Thus, detection of GW from CCSN is a challenging problem.
CCSN waveform simulations are used to test the detection pipeline in the
event a CCSN is detected during O4. CCSN GW signals are often
indistinguishable from the noise sources present in GW data. Machine
Learning (ML) techniques are useful in addressing this problem. We have
used a Convolutional Neural Network (CNN) to train two CCSN signals from
Powell and Miller [1, 2], 3D simulations using a 39 solar mass progenitor and
an 18 solar mass progenitor, which are injected into data from the third

observation run (O3). We also trained our CNN with background triggers Coanvolution + Rels
@03. Our network is currently able to correctly classify CCSN signeW
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G18 waveform

The s18 waveform is a 3D, general
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4. CNN is found to be an effective discriminator for CCSN waveforms.
5. More CCSN waveforms to be tested in the HLV and HLVK networks j
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