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The discovery of the binary black hole merger GW150914 in September of last year signaled the birth of a new observational field of gravitational-wave
astronomy. Work is now underway to improve the detectors and the analysis tools in anticipation of the second observing run (O2) scheduled to begin
later this year. BayesWave is a “burst” (short-duration transient signal) detection algorithm that uses Bayesian model selection to distinguish between
signals and instrument artifacts. Here we describe ongoing development activities to improve the algorithm based on lessons learned in O1.

Gravitational Waves & LIGO Developing and Testing Priors
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- Model S: Gravitational wave signal. -
- Model G: Short-duration instrument artifact, or “glitch.” 102 g
© Model N: Stationary Gaussian noise. '
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- Our aim is to develop priors for glitches in LIGO data between the signal- and glitch-models. Vertical lines show Bayes factors for black hole
- : : : mergers like GW150914. Shaded regions represent 90% probability contours. Using the
Im_pro)ve detection efticiency (our model will better understand O1 settings, GW150914-like signals are more significant in the BayesWave search.
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- Can be used to inform efforts to understand cause of glitches © Testing new priors on simulated burst signals is ongoing to see how
. changes influence the recovery of other signal morphologies
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Two examples of test signals. Left: Sine-Gaussian waveform similar to basis functions
- Model signals as linear combination of wavelets coherent across used by BayesWave. Right: Gaussian-enveloped, band-limited, white noise. ~ Red
LIGO network represents simulated signal, blue bands contain 90% probability for reconstructed
- waveforms.

> Number of wavelets used is determined using trans-dimensional

(reversible jump) MCMC
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