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Videa paper
Videa fabric




Warpvisualizatiorgrid Note: aparametricframeworkis usedbut what
follows holdsin the variationalframework
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3D reconstruction
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The Deformable Surface Case
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Prior knowledge: (piecewise) smoothness
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Why Is Registration Difficult?

A Appearance varies due to
A Camera pose and internal setup
A Scene lighting
A Surface deformation
A Motion and optics blur
A Occlusions




External and SelDcclusions

Somepixelsdisappear Somepixelsdisappear Somepixelsdisappear
Smoothnespgreserved Smoothnespartly preserved Smoothnespreserved



External Occlusions
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SeltOcclusions
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An OptimizationProblem

We do sequentialregistration andconsidertwo imagesonly

TheRegionOf Interest(ROI)s a set of pixels in theemplate

Costfunction: measureghe quality of the fit
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Image datds not enougH
Hyperparametersweightdifferent terms



Statisticaland PhysicaPriors

Statistical The ActiveAppearanceModel (AAM)is an exampleof apre-trained model

id1 id 2 id 3

Exampleof training
iImageswith variability
In expression, pose
andidentity
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@ysicalThis simpléemplate is an exampleof an untrained model: only simple
empirical physicalconstraintsare involved
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Modeling Images

~ Most commonly, an image is a
rectangular array of pixels
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It is natural to see it as a function from N2 to N¢

| :N2T7 NC

c isthe number of channels, 1 for grey-level and 3 for color RGB images
l((uv))=(rgb with (uUV)2N?> and (r g b2 N3
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Interpolating Images

| :R?7 N°

Using interpolation, an image can be evaluated at non integer coordinates
1(x y)=(r gb with (xy)2R?> and (r g b2 N3

Interpolation schemes range from nearest neighbour to spline-based

Bilinear interpolation is typical in computer vision




LectureRoadmap

A Overviewandgeneralpoints

A Parameterizedvarps

A General points on estimation
A Featurebasedestimation

A Pixelbasedestimation

A Conclusions



A We useparameterizedvarpsandthus
W :R? x R* — R?



DrivingFeatures

Interpolation between [ driving features
u; <> uy with E=1,....1
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Sourcedrivingfeatures’l known Targetdrivingfeatures’l aeinknown

We write W as a function of point q and U’
q = W(q;U)

U = : e R™? bundles all the target driving features



<’_ ~ LBBWarps(Linear Basis Expansion

A An LBEvarpisnonlinearin the source pointoordinates! and
linearin its parameterset

A Most parameterizedvarpsare LBE
A Smoothnesganbe easilymeasured

A Property an LBEvarp canbe FeatureDriven

A Thecomplexityisrelatedto &



