Denoising simulated Roman grism images for faint,
high-redshift quasars with U-Net model
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Findings and Evaluation

Denoising with U-Net
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slittess multi-object spectroscopy
* Designed to maximize (1,1) efficiency

* |n grism images, photon noise (from zodiacal + thermal
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* Noiseless Roman grism images simulated with Figure 5. Example denoising process of simulated source with z=9.5 and J = 25 “~ 10 1.2 1.4 1.6 1.8
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process used to train the denoising model. Figure 8. Top: Optimally extracted spectra from input, noised, and denoised
z=9.5, |=25.0 texp—8640 grism images. Bottom: Optimally extracted spectra from the subtracted image

between the input and the denoised images. P
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025 * Trained U-Net that can recover spectral features in input
noiseless data from noised image >1 magnitude deeper

« Future work: recovery of faint post-Lyman break features in
2D trace; addition of correct response function in spectra.
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