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Properties of Error
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1ds” + Variance

 Homogenization allows representation of error only
IN terms of variance

 \We can take any sampling pattern and homogenize
't to make the Monte Carlo estimator unbiased.
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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 using
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Variance in the Polar
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Variance for Isotropic Power
Spectra
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Variance for Isotropic Power
Spectra

Varlin] =M™ [ [ Pytom) (Ps(om)) dndp

For Isotropic power spectra:
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Variance for Isotropic Power
Spectra

Varlin] =M™ [ [ Pytom) (Ps(om)) dndp
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Experimental Verification
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Disk Function as Worst Case
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Disk Function as Worst Case
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Ambient Occlusion Examples
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CCVT vs. Poisson Disk

96 Secondary Rays

= 4.24 x 10e-4

/9

MS

—: 6.95 x 10e-4

eeeeeeeeeeeeeeeeeeeeee :

SIGGRAPH2016 7 ,3
-



Convergence rates
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Jittered vs Poisson Disk

Variance
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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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