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Monte Carlo Rendering

Å¢ƻŘŀȅΨǎindustrystandard

ÅGeneral andunbiased

ÅCovers varietyof naturalphenomena

ÅRequiresextensive sampling
ÅPixel (2D integral)
ÅCameralens(2D integral)
ÅTime (1D integral)
ÅGlobal illumination(2D integral per bounce)
ÅΧ andmoreΧ
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Noise
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Filtering
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Noisy Reference

Uniform filter
(small)

Uniform filter
(large)

Adaptive 
filtering



Adaptive Reconstruction

ÅFilter bank
ÅSet of filters with different properties

ÅSelect best filter on a per-pixel level
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Filter bank



Problem statement

Howto choosethe best filter
from the set for a pixel?
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Previouswork
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Li et al. 2012Overbeck et al. 2009 Rousselleet al. 2011/2012/2013

Kalantariet al. 2013 Moon et al. 2014



Limitationsof previouswork

ÅFilter selectionbasedon noisyimage

ÅOftentailored for specificfilters

ÅSwitchingfilters maycauseseams
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Localselection



Ourmethod
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Insights

Our method is based on three key insights:

1. Filter selectionisoften morecrucial than sampling rate

2. Filter error is locallysmooth for most imageregions

3. Oftenmultiple filters areclose-to-optimal choices
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1. Filter selectionisoften morecrucialthan samplingrate

11

Filter bankof 4 Gaussianand
4 Joint Bilateral filters

32 spp
SURE

12.3MSE-3

32 spp
Best choice

1.6MSE-3     (x 7.7)

16 spp
Best choice

2.3MSE-3     (x 5.3)

Recentlyemployed
by [Li2012] and
[Rousselle2013]



1. Filter selectionisoften morecrucialthan samplingrate
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Scene SURE
32 spp

Bestchoice
32spp

Best choice
16 spp

Conference 12.327 1.605 (x 7.7) 2.344 (x 5.3)

Sibenik 0.758 0.157 (x 4.8) 0.258 (x 2.9)

Toasters 0.187 0.096 (x 1.9) 0.156 (x 1.2)

San Miguel 16.880 6.419 (x 2.6) 9.831 (x 1.7)

Meansquared error (MSE) * 10-3ςSame filter bank



Insights
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2. Error smoothness ςGaussian filters
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Gaussian ̀=7 Gaussian ̀=11 Gaussian ̀=13



2. Error smoothness ςGuided Image Filtering[He2010]
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Guided radius=4 Guided radius=8 Guided radius=16
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3. Oftenmultiple filters areclose-to-optimal choices
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Reference Filter A Filter B Filter C



3. Oftenmultiple filters areclose-to-optimal choices
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Optimal selectionvia groundtruth

ÅMSE down to 8.0%from noisy image

Regularizedselection

ÅMSE down to 8.4%from noisy image

ÅVariationsin selectionarepenalized

Regularizedselection

ÅMSE down to 9.1%from noisy image

ÅVariationsin selectionarepenalized



Whatdo we learnfrom the insights?

ÅFilter selectioniscrucial

ÅFilter error ispiece-wisesmooth

ÅNon-optimal filter selectiondoesnot imply large error

19



OurMethod

20

Filter bank
generation

1

Sparse
referencepixels

2

Denseerror
interpolation

4

Filter 
compositing

5

Sparseerror
computation

3



1. Filter bankgeneration
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16 spp

Sample 
Budget

Filter bank

Filter 1 Filter 2 Filter nΧ

Χ Χ Χ

32 spp16 spp


