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Importance of Error Estimation

® ‘Guessworlk’ does not work!




Importance of Error Estimation

® ‘Guessworlk’ does not work!

® Key element for many applications
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Definition of Error

e Difference between computed and exac




Definition of Error

® Difference between computed and exact
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Error in Unbiased Methods

® Path Tracing [Kajiya 86]
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Error in Biased Methods

® Photon Density Estimation [Jensen 96][WValter 98]
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Error in Biased Methods

® Progressive Photon Mapping [Hachisuka et al. 08]
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Error in Biased Methods

® Error estimation in biased methods is challenging
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® Variance-based estimation for unbiased methods
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Error in Biased Methods

e Difference between computed and exac
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Error in Biased Methods

® Bias-Noise decomposition




Error in Biased Methods

® Bias-Noise decomposition
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Error Estimation in Monte Carlo Methods

e Can we estimate F/;?
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Error Estimation in Monte Carlo Methods
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Error Estimation in Monte Carlo Methods
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Error Estimation in Monte Carlo Methods

e Can we estimate bounds of F/;?

D Do

I}

mm




26

Error Estimation in Monte Carlo Methods
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Error Estimation in Monte Carlo Methods

® |Integration of a rectangular function
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Error Estimation in Monte Carlo Methods

® |Integration of a rectangular function
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Error Estimation in [Monte Carlo Methods

® |Integration of a rectanglar function
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Error Estimation in [Monte Carlo Methods
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Error Estimation in Monte Carlo Methods

® Integration of a rectangtilar function
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Error Estimation in Monte Carlo Methods
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Stochastic Error Bounds

® Bounds that are true with some probability

® WWell-known concept in computational statistics
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Stochastic Error Bound Derivation

; — L= FE;=B; + N;
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Stochastic Error Bound Derivation

® Subtract bias
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Stochastic Error Bound Derivation

® Noise follows the t-distribution
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Stochastic Error Bound Derivation

® Add back bias
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chastic Error Bound Derivation

® [ake the absolute value
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Stochastic Error Bound Derivation

L;— L= E;= B;+N;

User-defined
Stochastic error bound Pro ability
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Stochastic Error Bound Derivation
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Stochastic Error Bound Derivation
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Challenges

Variance
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Challenges

Variance
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® [3; (bias) is unknown
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Bias Estimation

e [3; (bias) is unknown

® Well-known approximation [Silverman 86
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Bias Estimation

e [3; (bias) is unknown

® Well-known approximation [Silverman 86]
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Radiance Derivative Estimation

® Kernel-based estimation of Laplacian

Kernel
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Radiance Derivative Estimation

® Kernel-based estimation of Laplacian

Laplacian of the kernel
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Radiance Derivative Estimation

® Kernel-based estimation of Laplacian

Laplacian of the kernel
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Radiance Derivative Estimation

® Kernel-based estimation of Laplacian

Laplacian of the kernel
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Radiance Derivative Estimation

® Kernel-based estimation of Laplacian
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Laplacian of the kernel
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Variance Estimation

® Variance estimation assumes i.i.d.

® not true in progressive photon mapping
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Variance Estimation

® J[wo key observations

® Photon tracing itself is independent

® Dependency is only in radius
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Variance Estimation

® TJwo key observations

® Photon tracing itself is independent

® Dependency is only in radius reduction
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Key Points

® Approximate stochastic error bounds
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Experiments Setup

® Progressive Photon Mapping [Hachisuka et al. 08]

® |5k photons per pass

® Three test scenes with full global illumination
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Calculated Probability of Bounds
P(|E;)| < Bp;) <1-—

50% 90%

PR W
i g el m"‘"“w‘\,m‘r#vw

A
U AT g g IR




58

1Zation

isual

Bounded Pixel V

Bounded/

90%

b

50%

1— 4=



Noise-Bias Ratio




60

Automatic Rendering Termination

Stochastic Bound Per Pixel (50%)

P(|E;| < Ey;) < 50%




Automatic Rendering Termination
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Automatic Rendering Termination
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Future Work

® Various applications of error estimates
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Future Work

® Various applications of error estimates
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® Error-d

LAY ) ey oty Wy
N M e B e 4 > P s, Fa X1 TR - 3
) P Rttt L ST AR oot 135, Uoaigba ol *L A AARL TN Wy oy S el 0 5
o Sl BTN 08 SRR St ki atp A e Dttt ety e AL s ke
5 e e B G ' : © A 2

iven adaptive sampling

R B S L AR TR A B N S S e A S O
AN T LA el L VT AT T O RS U, X i\l 8 O G AL R S S
R T S A e "‘-‘-4-" . ol il A > s, = ¥ R LA h 1

b3 Ralh SO b
W Ak s ] F5 5
* . et~ AR Sl




63

Future Work

® Various applications of error estimates
® Better stopping criterion

® FError-driven adaptive sampling
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Future Work

® Various applications of error estimates
® Better stopping criterion

® FError-driven adaptive sampling
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Future Work

® Various applications of error estimates

® Better stopping criterion

® FError-driven adaptive sampling
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Future Work

® Various applications of error estimates
® Better stopping criterion

® FError-driven adaptive sampling
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Conclusion

® Error estimation for photon density estimation
® General and non-heuristic (gives an error-bar)

® [Estimator applies to progressive photon mapping
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Conclusion

® Error estimation for photon density estimation
® General and non-heuristic (gives an error-bar)

® [Estimator applies to progressive photon mapping
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