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Properties of Error
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Blas In Fourier bomain
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Variance in the Fourier domain
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Variance in the Fourier domain

Subr and Kautz [2013]

This is a general form, both for homogenised as well as
non-nomogenised sampling patterns
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Variance in the Polar
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Variance for Isotropic Power
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Disk Function as Worst Case
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Jittered vs Poisson Disk
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What are the beneftits of this
analysis
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What are the beneftits of this
analysis

* [For offline rendering, analysis tells which samplers
would converge faster.
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What are the benefits of this
analysis
* [For offline rendering, analysis tells which samplers
would converge faster.
e [or real time rendering, blue noise samples are

more effective in reducing variance for a given
number of samples
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