Page1 CS348B Lecture 5Pat HanrahanImage CapturePhysical cameras create an image by integrating over an active area of a sensorExamples:nVidicon: phosphorsnCCD arraynRetina: photoreceptors

R= E(x,y)P(x,y)dxdy A∫

CS348B Lecture 5Pat HanrahanImage GenerationPhysical displays create an image by using a finite sizedsource of lightExamples:nPrinting: halftone dotsn

Cathode ray tube: phosphors n DAC�s: sample and holdDACCRT

Page 2

CS348B Lecture 5Pat HanrahanFourier AnalysisThe Fourier transform projects a function onto sines and cosinesF(w) is the spectrum of the functionThe spectrum quantifies the relative contributions of

different frequencies

F(ω) = f(x)e− iωx dx − ∞∞∫ f(x) = F(ω)eiωx dω − ∞∞∫

CS348B Lecture 5Pat HanrahanFiltering

Page 3

CS348B Lecture 5Pat HanrahanConvolution TheoremTheorem: Multiplication in the frequency (space) domain is equivalent to convolution in the space (freq) domain.Where: For example: nMultiply by filter and sum n Moving average

F × G ⇔ f ⊗ g

f ⊗ g = f(y)g(x− y)dy ∫

CS348B Lecture 5Pat Hanrahan Sampling: Spatial Domain

Page 4

CS348B Lecture 5Pat HanrahanSampling: Frequency Domain

CS348B Lecture 5Pat HanrahanReconstruction: Spatial Domain

Page 5

CS348B Lecture 5Pat HanrahanReconstruction: Frequency Domain

CS348B Lecture 5Pat HanrahanSampling and Reconstruction

Page 6

CS348B Lecture 5Pat HanrahanSampling TheoremThis result if known as the Sampling Theorem and is due to Claude Shannon who first discovered it in 1949A signal can be reconstructed from its samples without loss of information, if the original signal

has no frequencies above 1/2 the sampling

frequency

For a given bandlimited function, the rate at which it

must be sampled is called the Nyquist Frequency

CS348B Lecture 5Pat HanrahanUndersampling: Pre-Aliasing

Page 7

CS348B Lecture 5Pat HanrahanPoor reconstruction: Post-Aliasing

CS348B Lecture 5Pat HanrahanAliasing and AntialiasingIf the scene contains frequenciesgreater than the Nyquist Frequency, then we have a aliasing problemResults of aliasing:nJaggiesn

Moire n

Flickering small objects n Sparkling highlights n Temporal strobing

Preventing aliasing or antialiasing:

1. Prefilter the signal

2. Increase sampling rate

First computer graphics commandment: Thou shalt not

make pictures with computational artifacts

Page 8

CS348B Lecture 5Pat HanrahanPrefilteringRecall that physical cameras integrates over an sensor areaTypically

: area average or convolve with a box filter before samplingIdeally

: convolve with a sinc function to bandlimit the function at the Nyquist sampling rate.Practically:nConstant colored polygonal fragments doable n

Complex environments not doable

CS348B Lecture 5Pat HanrahanSupersamplingIncreasing the sampling rate reduces, but does not eliminate, aliasingSimplest form: Compute sample mean; area averageMore generally: resample at pixel frequency =>weighted average

Page 9

CS348B Lecture 5Pat HanrahanNon-uniform SamplingIn scanline, constant spaced samplesIn ray tracing, may sample anywhere

CS348B Lecture 5Pat HanrahanSpectral ConsequencesUniform: The spectrum of a uniform array of samplesis a uniform array of spikesNon-uniform: The spectrum non-uniform array of samples, has a �DC� spike and �noise�Thus, the sampled spectrum will have a copy of fAnd, noisy f�s -> Aliases are randomized

Page 10

CS348B Lecture 5Pat HanrahanBlue NoiseProperties:nHigh frequencies may be removed during resamplingnLess objectionable perceptual artifactHistory n Yelliot (1982) observed in Monkey retinas n Cook (1984) applied to computer graphics n

Poisson Disk ideal

White NoiseBlue Noise

CS348B Lecture 5Pat HanrahanJittered SamplingDivide pixel into a uniform gridnRandomly perturb sample point in the gridn�Decorrelate� from pixel to pixelVariation: n N-Rooks or N-Queens sampling

Page 11

CS348B Lecture 5Pat HanrahanStatistical SamplingEstimate pixel value by sample average:The Central Limit Theorem

states that the set of average values are normally distributed as N increasesThe variance of this distribution is:

f = 1N f(xi,yi) i=1N∑ σ 2 ≈ s2 = 1N − 1 (f(xi,yi)− f)2 i=1N∑

CS348B Lecture 5Pat Hanrahan

Variance ReductionStratified sampling like jittered sampling Strata may individually have less variation

σ f

2 = σ i

2

N 2 i=1

N

∑_≤ σ 2

N For example: An edge through a pixel σ f

2 = σ i

2

N 2

≈ N

∑_≤ σ 2

N 1.5 Page 12

CS348B Lecture 5Pat HanrahanSequential SamplingSince averages are normally distributed,Likelihood of lying outside the variance may be estimated using student t distributionSample until probability is smallThis is a form of adaptive samplingEssentially the procedures used by pollsters

CS348B Lecture 5Pat HanrahanAdaptive SamplingWhitted Kajiya

Mitchell

Page 13

CS348B Lecture 5Pat HanrahanFour Views of Sampling1. Signal processingnAliasing and AntialiasingnFrequency viewpoint2. Statistical view n Variance; central limit theorem n Monte Carlo 3. Discrepancy n Asymptotic efficiency n Quasi Monte Carlo

4. Numerical n Quadrature/Integration rules