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1.  Visual Cues1.  Visual Cues

2.  Classical Vision Algorithms2.  Classical Vision Algorithms

3.  State of the Art (video)3.  State of the Art (video)
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MotionMotion

Visual CuesVisual Cues

MotionMotion

ShadingShading

Visual CuesVisual Cues

Merle Norman Cosmetics, Los Angeles



3

Visual CuesVisual Cues

MotionMotion

ShadingShading

TextureTexture

The Visual Cliff, by William Vandivert, 1960

Visual CuesVisual Cues

MotionMotion

ShadingShading

TextureTexture

FocusFocus

From The Art of Photography, Canon
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Visual CuesVisual Cues

MotionMotion

ShadingShading

TextureTexture

FocusFocus

Others:Others:
•• HighlightsHighlights

•• ShadowsShadows

•• SilhouettesSilhouettes

•• Inter-reflectionsInter-reflections

•• SymmetrySymmetry

•• Light PolarizationLight Polarization

•• ......

Reconstruction AlgorithmsReconstruction Algorithms

Shape From XShape From X
•• Stereo (shape from parallax)Stereo (shape from parallax)

•• Structure from motionStructure from motion

•• Shape from shadingShape from shading

•• Photometric stereoPhotometric stereo

•• Shape from textureShape from texture

•• Shape from focus/defocusShape from focus/defocus

•• Shape from silhouettes, ...Shape from silhouettes, ...
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StereoStereo

The Stereo ProblemThe Stereo Problem
•• Reconstruct scene geometry from two or moreReconstruct scene geometry from two or more

calibrated calibrated imagesimages

scene point

focal point

image plane

StereoStereo

The Stereo ProblemThe Stereo Problem
•• Reconstruct scene geometry from two or moreReconstruct scene geometry from two or more

calibrated calibrated imagesimages

Basic Principle:  TriangulationBasic Principle:  Triangulation
•• Gives reconstruction as intersection of two raysGives reconstruction as intersection of two rays
•• Requires Requires point correspondencepoint correspondence
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Stereo CorrespondenceStereo Correspondence

Determine Pixel CorrespondenceDetermine Pixel Correspondence
•• Pairs of points that correspond to same scene pointPairs of points that correspond to same scene point

Epipolar Epipolar ConstraintConstraint
•• Reduces correspondence problem to 1D search alongReduces correspondence problem to 1D search along

conjugateconjugate  epipolarepipolar lines lines

epipolar plane
epipolar lineepipolar line

Stereo Matching AlgorithmsStereo Matching Algorithms

Match Pixels in ConjugateMatch Pixels in Conjugate Epipolar Epipolar Lines Lines
•• This is the tough partThis is the tough part

>> specularities specularities (non-(non-Lambertian Lambertian surfaces)surfaces)

>> ambiguity (low-contrast regions)ambiguity (low-contrast regions)

>> missing data (occlusions)missing data (occlusions)

>> intensity error (intensity error (quantizationquantization, sensor error), sensor error)

>> position error (camera calibration)position error (camera calibration)

•• Numerous approachesNumerous approaches
>> winner-take allwinner-take all

>> dynamic programming [dynamic programming [Ohta Ohta 85]85]

>> smoothness smoothness functionalsfunctionals

>> more images (more images (trinoculartrinocular, N-ocular) [, N-ocular) [OkutomiOkutomi 93] 93]
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Structure from MotionStructure from Motion

The SFM ProblemThe SFM Problem
•• Reconstruct scene Reconstruct scene geometrygeometry and camera  and camera motionmotion from from

two or more imagestwo or more images

AssumeAssume
•• Pixel correspondencePixel correspondence

>> via trackingvia tracking

•• Projection modelProjection model
>> classic methods are orthographicclassic methods are orthographic

Orthographic ProjectionOrthographic Projection
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point
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TrickTrick
•• Choose scene origin to be Choose scene origin to be centroid centroid of 3D pointsof 3D points

•• Choose image origins to be Choose image origins to be centroid centroid of 2D pointsof 2D points

•• Allows us to drop the camera translation:Allows us to drop the camera translation:
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Shape by Factorization Shape by Factorization [[TomasiTomasi &  & KanadeKanade, 92], 92]
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projection of n features in one image:
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projection of n features in f images

W measurement M motion S shape
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Factorization TechniqueFactorization Technique
•• WW is at most rank 3 (assuming no noise) is at most rank 3 (assuming no noise)

•• We can use We can use singular value decompositionsingular value decomposition to factor W: to factor W:

Shape by Factorization Shape by Factorization [[TomasiTomasi &  & KanadeKanade, 92], 92]
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•• S’S’ differs from  differs from SS by a linear transformation  by a linear transformation AA::

•• Solve for Solve for AA by enforcing constraints on  by enforcing constraints on MM
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Shape from ShadingShape from Shading

Classical ApproachClassical Approach
•• Reflected light depends only on Reflected light depends only on αααα

•• Surface:  Z = f(X,Y)Surface:  Z = f(X,Y)

•• Normal:Normal:

Shape from Shading [Horn, 1970]Shape from Shading [Horn, 1970]

ααααNN LL

[ ] 







−

∂
∂

∂
∂

=−= 1
y
f

x
f

1qpN

αcoskradiance =

This Means We AssumeThis Means We Assume
•• Orthographic projectionOrthographic projection

•• LambertianLambertian surface surface

•• Known light source at infinityKnown light source at infinity

•• No shadowsNo shadows

•• Uniform surface materialUniform surface material
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The Reflectance MapThe Reflectance Map

ImageImage
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Reflectance Map: RReflectance Map: R
(gradient space)(gradient space)[ ]
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The Reflectance MapThe Reflectance Map

Reflectance MapReflectance Map ImageImage
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Finding a Unique SolutionFinding a Unique Solution

Three ApproachesThree Approaches
•• Characteristic Strip Method [Horn, 77]Characteristic Strip Method [Horn, 77]

>> select a few points where normal is knownselect a few points where normal is known

>> grow solution by moving direction of grow solution by moving direction of ∇∇∇∇RR

•• VariationalVariational Method [ Method [Ikeuchi Ikeuchi & Horn, 81]& Horn, 81]
>> start with an initial guess of surface shapestart with an initial guess of surface shape

>> define energy functiondefine energy function

>> refine to minimize energy functionrefine to minimize energy function

•• Photometric Stereo [Photometric Stereo [Woodham Woodham 80]80]
>> use more imagesuse more images

Photometric StereoPhotometric Stereo

Two Images Under Different LightingTwo Images Under Different Lighting

Need Three Images for Unique SolutionNeed Three Images for Unique Solution
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Photometric Stereo:  Matrix FormulationPhotometric Stereo:  Matrix Formulation

Write Equations in Matrix FormWrite Equations in Matrix Form
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Advantage:Advantage:
•• Can solve for variable reflectance Can solve for variable reflectance kk

ResourcesResources

Computer Vision Home PageComputer Vision Home Page
•• http://www.http://www.cscs..cmucmu..eduedu//afsafs//cscs/project//project/cilcil/ftp/html/vision.html/ftp/html/vision.html

Computer Vision TextbooksComputer Vision Textbooks
•• D. H. Ballard and C. M. Brown, D. H. Ballard and C. M. Brown, Computer VisionComputer Vision, Prentice-Hall, 1982., Prentice-Hall, 1982.

•• O.O. Faugeras Faugeras, , Three-Dimensional Computer VisionThree-Dimensional Computer Vision, MIT Press, 1993., MIT Press, 1993.

•• B. K. P. Horn, B. K. P. Horn, Robot VisionRobot Vision, McGraw-Hill, 1986., McGraw-Hill, 1986.

•• R.R. Jain Jain, R., R. Kasturi Kasturi and B. G. and B. G. Schunck Schunck, , Machine VisionMachine Vision, McGraw-Hill, 1995., McGraw-Hill, 1995.

•• R.R. Klette Klette, K., K. Schluns Schluns and A. and A. Koschan Koschan, , Computer Vision: Three-Dimensional Data fromComputer Vision: Three-Dimensional Data from
ImagesImages, Springer-, Springer-VerlagVerlag, 1998., 1998.

•• V. S. V. S. NalwaNalwa, , A Guided Tour of Computer VisionA Guided Tour of Computer Vision, Addison-Wesley, 1993., Addison-Wesley, 1993.

•• M.M. Sonka Sonka, V., V. Hlavac Hlavac and R. Boyle,  and R. Boyle, Image Processing, Analysis, and Machine VisionImage Processing, Analysis, and Machine Vision,,
Brooks/Cole Publishing, 1999.Brooks/Cole Publishing, 1999.

•• E.E. Trucco Trucco and A. and A. Verri Verri, , Introductory Techniques for 3-D Computer VisionIntroductory Techniques for 3-D Computer Vision, Prentice-Hall,, Prentice-Hall,
1998.1998.

•• D.D. Marr Marr, , VisionVision, Freeman, 1982., Freeman, 1982.

•• J.J. Koenderink Koenderink, , Solid ShapeSolid Shape, MIT Press, 1990., MIT Press, 1990.
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StereoStereo
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pp. 137-154.pp. 137-154.

Shape from ShadingShape from Shading
•• B. Horn and M. Brooks, “Shape from Shading”, 1989, MIT Press.B. Horn and M. Brooks, “Shape from Shading”, 1989, MIT Press.
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