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Interaction between disciplines

— Grand challenage-visual information -> performance
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Image information, priors, and task requirements
-S

pecific perceptual inference

Discounting the color of mutual illumination




Quantitative studies of human Visic

Relation to Psychology, Computer Science, Neuroscience

Computer vision




Role of computer grap

Inverse graphics as a metaphor for vision

— When does it provide insight?

— Where does it tail?




rimate visual architecture
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Visual neural architecture




Theories of visual-perception:
Coping with complexity

Levels of analysis

P

- — Quantitative theories of statistical inference




Our Grand Challenge

Theoretical cnallenge

natural |mages

Empirical challenge
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Ual processing
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— General purpose, global organization processes

— Surface grouping, smoothing, long boundaries

=_Cueintegration

— Cooperative computation of surface properties - shape, color &
indirect lighting

— Functional tasks
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— UDjeCL IeCOgion

— Object-object relations - spatial layout & cast shadows




Problems of ambiguity.
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Many 3D shapes can
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Scene causes of Image intensity change

Attached shadow T hin sur face edge
Highlight

Material

Cast shadow




Knowledge required for infere

Specify the visual task:




Bayesian framework for visual
INTErence

Scene variables of interest, S,
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P(S) prior probability of S,
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Image data

Adapted from a figure by Sinha & Adelson




hich scene descriptions are likely-to give rise to
the iImage data?




Likelihood selects subset of scene
descriptions consistent with image data

Adapted from a figure by Sinha & Adelson




2rior further narrows selection

Priors weight Mo
likelihood , probable
selections

Adapted from a figure by Sinha & Adelson




Task dependence for visual tasks

— Sample taxonomy: recognition, navigation, etc..




fask dependency.
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Task dependency: explicit and gel

variables

I=f(shape, material, articulation,viewpoint,relative position, illumination)

Object-centered « Observer-centered
(object recognition) (hand action)

INlumination
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Task specification can reduce ambiguity




Bayesian view of perception
What isvisual perception like?

Weiss and Adelson (1998) - Motion perception




Two exampl

Depth from cast shadows

Quantitative implementation of constraints in a Bayesian model




Depth from. cast shadows




Shadow motion

\/
V_ O

object Image motion




C
Q
—
.
@)
o
@)
S
ol

Above Below Above Below

Extended Point light
light source source




guare-over-checkerboard”
Summary. of results

Light from above is better than from below
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Size change

Stereo




Potential

light source
directions

Potential
object locations

Potential
shadow locations

Background



Knowledge required t

Task dependence

Robustness over generic variables




Problems of ambiguity

Vianv s SE -

Ao UL CA\J
1 1

to the same 2D image

18- SCE1e CauSEeS "I]-llYﬁ‘l-IllPYl{‘

|nten3|ty change




Examplesof local imageformation
constraints

. Zerolmage motion ! Zero nhjprf motion

. edge properties

fuzzy edge | surface crease
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“T” | accidental alignment
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Prior constraints

light source position is above

no light source motion
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decisions reduce amniguity

Possible light source
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Depth ambiguity:marginalizing
over light direction
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Lignt source direction: generil

over variations in generic variables




Discounting the Color of
Mutual IHumination

Anya Hurlbert, Newcastle University §
B, , - Minnesota
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white paper! pink paper
white paper: white paper

position




Aromatic “Mach

Card”

Step 2: llluminate

Step 3: View




Chromatic Mach

“‘Corner”percept
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Same retinal
stimulus appears
pinkish




The Phenomenal Result




Pseudoscope
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Chromatic Mach
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Chromatic Mach Card
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L = corner




[]

P(P,(i) | Cosr L) = kD exp

P.(i) :surface reflectance ofi™ card (i =1 to 23)
C,.s . Observed chromaof 'white" card
c (@,x,i,L) : predicted chroma ofi™ card

or illuminant direction?, positionx




How well do chroma matches
predict shape?

Model vs. psychophysics:

Gaussian approximation:




What Is the visi

em like?

Jal sys:

Complex information processing task is reflected in
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...nhot there yet

Treat human vision as processes of statistical inference which

Role of computer graphics?

Physically based rendering -> relation of simulated to real
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