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Image Segmentation
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@ Assume regions have common statistical properties

Problem Statement




Simple Images with i.i.d. Pixel Intensities [6]
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When are results good?

Minimal spatial dependencies conditioned on the label
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Textured Image Segmentation
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@ lll-posed nature - Segment the stripes or th
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Problem Statement %

@ Must consider local neighborhoods instead of pixels
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A Motivating Example
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Modelling Goals
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Approach
Find the best scale to represent a texture at each pixel

@ Measure a notion of contrast, bias, and orientation at
that scale

@ Features should be not vary much within a constant
texture

@ Estimate spatial dependencies in features
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Feature Extraction
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Steerable Pyramids [8]
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Steering the Filters [8]
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Theorem

With bounded error, the output at any orientation can be
computed from a linear combination of the basis

i) = > by(0)yi(e)
$e{0.5.5.%F

b (6) = cos(9—¢)+2cos(3(0—q§))




Feature Extraction - Local Energy
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Observation

Filter outputs go positive and negative, and vary in between
modes. To get a location independent measure, consider
the local energy of the filter output.
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Feature Extraction
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Analyzing Angular Energy
In scale, s, we consider the following local angular energy:

i |Rs| Zyl

JER]




Local Angular Energy
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Feature Extraction

movies/energy-sweep.mp4




energy-sweep.mp4
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Media File (video/mp4)


Feature Extraction
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Feature Extraction

Feature Set

Scale  7); = argmax; maxg EY (6)  orenaton 0; = arg maxg E;" (6

Contrast E; = Eznl (91771) Residual € = El771 (0[ u 7-[-/2)
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Feature Extraction

Visualizing Features
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e Texture Modelling

@ Boundary Effects



Boundary Effects
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fexres Object boundaries affect features in two ways:
B © Filtered outputs are corrupted near boundaries

@ Local neighborhood, R;, in angular energy can span
boundaries
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Boundary Effects
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Boundary Effects
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@ Filtered outputs are corrupted near boundaries

@ Local neighborhood, R;, in angular energy can span
boundaries
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Corrupted Filter Outputs
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@ Similar to image boundary effects, zero padding
regions creates artifacts

Jason Chang

@ Conditioned on a segmentation, we reflect each region
across the object boundary and re-filter the image

Boundary Effects




Local Region in Angular Energy
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Intstead of using R;, we use R} = R; N R*
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Boundary Effects
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@ We call these steps the border refinement step

@ The refinement step is computationally expensive and
creates many more local extrema

@ We first segment an image without refinement (until
convergence) and then perform refinement.
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Boundary Effects
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e Texture Modelling

Spatial Smoothness

@ Spatial Smoothness



Intrinsic Feature Model
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Jason Chang @ Model feature as output of intrinsic feature (x) subject to
smooth, additive Markov random field

@ Intrinsic feature distributions are estimated
non-parametrically (using a kernel density estimate[7])




MRF Estimation
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¢ = arg max p(¢|9)
@ Using Bayes rule and differentiating:
k+1 ~(k
3 =r (g (2-4"))

> (0= 60) K (() - 6,4+ 6,)
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MRF Estimation
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@ Treat A, as lowpass filtered i.i.d. noise

2 211 T - h2 T
———

F

@ The lowpass filter operator, L, has unity DC gain. H
much be a highpass filter operator with unity DC gain.

@ Assuming h < o4, F1 has a DC gain close to zero



MRF Estimation
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Feature-Specific Considerations
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@ Orientation is periodic
@ Gain field (g) assumed to be smooth in log domain

@ Gain and bias fields coupled in bias feature

e Hard to estimate jointly
e Estimate g via £ and treat as point estimate in

w/g="b+u*



Intrinsic Feature Visualization
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effects to obtain the intrinsic features.

Spatial Smoothness
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e Applications
@ Segmentation



Image Segmentation
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@ Treat features as indepedent
@ Estimate distributions using kernel density estimate

Algorithm Overview

@ Segment an image without regard to object boundaries
@ Refine the segmentation considering boundary effects
© Estimate smooth fields conditioned on segmentation
© Repeat Steps 1-3 until convergence




An lllustrative Example
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Segmentation

Our features are invariant to smooth changes, but able to
distinguish abrupt changes. \




Image Segmentation Examples
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Image Segmentation Examples
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images. Consider the following examples.
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Estimating the Nonlinear Camera Response
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ey @ Cameras typically have a nonlinear intensity response

Jason Chang @ Linear imaging is desired for some common computer
vision tasks

Model Similarities

A simple camera model Our smooth MRF model
6] 4]

@ If there was no ~ correction (i

(i.e. v = 1), the models are
equivalent whenb=0and S = g.



Gamma Estimation
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Jason Chang @ Given a v, estimate g (v), b(v), R (v), image:

@ Reconstruct the image without a bias field

i=(R(O)-g()

@ Find the ~ that minimizes reconstruction error using
golden section search [5]

7" = argmin |} — x]
Y




Gamma Estimation Results
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Each scene was photographed using linear imaging (y = 1)

and post-processed with nine different v values. One set of
~ values is shown below.

Gamma Estimation




Gamma Estimation Results
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Image Our RMSE  RMSEof [2] Our || =9I, 17 —~ll, of [2]
Bookshelf 3.673 46.640 0.025 0.431
Glass Ceiling 4.771 37.468 0.040 0.302
Bricks & Wood 5.381 39.411 0.053 0.288
Wood Cabinet 7.753 45.579 0.076 0.448
Keyboard 8.938 40.228 0.075 0.327
Floor Squares 13.028 41.607 0.176 0.343
Chair 17.516 29.170 0.296 0.236
Gamma Estimation Railing 18.262 20.401 0.231 0.156

Mean 9.915 37.563 0.122 0.316
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Wood Cabinet 7.753 45.579 0.076 0.448
Keyboard 8.938 40.228 0.075 0.327
Floor Squares 13.028 41.607 0.176 0.343
Chair 17.516 29.170 0.296 0.236
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Mean 9.915 37.563 0.122 0.316
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Shading Reectane e Applications

@ Shading Reflectance



Shading and Reflectance Decomposition
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@I=RxS
@ Smooth MRF estimation of shading

@ No bias field = shading affects contrast and bias
o MRF estimation for a set of parameters

£ = ZFe_l (Q — W (g_i(k))>

0co

2
_ azehs,
29169 H927£91 hgz

Shading Reflectance DC Gal n (Fe_ 1 )



Shading and Reflectance Decomposition
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Algorithm Overview

@ Segment the image

© Estimate the ~ factor of the camera and obtain the
irradiance image

© Estimate the smooth shading image from the irradiance
image
ST © Estimate the shape from shading using [9]




Shading and Reflectance Results
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Shading Reflectance
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Shading and Reflectance Results
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Segmentation Regions Shading
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Shape Estimates

Shading Reflectance

movies/segmentation-shading.mp4




segmentation-shading.mp4

Avidemux
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segmentation-shading.mp4
Media File (video/mp4)


Contributions

Analysis of

arying. @ Developed a texture model that captures scale,

fexres orientation, contrast, and bias
@ Modelled smooth spatial changes in features

@ Achieved robust texture segmentation, estimation of an
unknown camera response, and shading/reflectance
decomposition

Possible Future Directions

@ Better boundary effect handling
@ Probabilistic feature measurements

@ Using the shading / shape estimation to improve
segmentaiton

@ Speed improvements

Jason Chang

Contributions
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Jason Chang @ Implicitly define the curve within a 3D surface
@ define a height at every pixel in the image

Contributions The Surface ¢ The Level Sets of ¢



Level Set Methods
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@ Variational calculus is used to perform gradient descent
on some energy functional

Contributions
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Kernel Density Estimate




Optimizing Mutual Information
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= argmax |Q| [H (E, 1, 0,m) — H (E, p, 0, n|L)] — Oé]{ds
c
= argmax — |Q|H (E, p, 6,n|L) — aj{ds
c

= argmpx = [90 3 " (0 H (B 0nlL = ) = f ds

lel
L
Contributions ~ arg max o ‘Q| Z ‘Q| |R£| Ing (E” His 0“ nlw di — féds

—argmax—Z/ log p: (E:) py, (1) P (6:) Pl (mi dl—a]{ds
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Level-set Gradient Descent of I (X; L)




Brodatz Classification [1]
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@ 100% correct classification on Brodatz textures
@ Able to segment Brodatz mosaics
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