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Texture?

“perceived” as homogeneous pattern

Use for identify objects (clouds, fabrics, forest,
human settlement, cancer, etc.)

Still unresolved?
Rotation, scale, pose invariance
Segmentation & extraction of texture regions
Texture in noise

How to join the texture research field?

1. Propose a new feature and distance

2. Test by classifying Brodatz textures
3. Show better results




112 Brodatz Texture Classes

P. Brodatz, Textures: a
Photographic Aloum for
Artists and Designers,

Dover, New York, 1965




Overview of methods

Statistical Modeling — local models
Non-parametric
1-st order
Gray-level co-occurrence
Parametric (possible for synthesis)
Simultaneous Auto-regressive Model
Markov Random Field
Wold

Gross Shape — large-scale statistics
Fourier

Gabor and Wavelet
Tamura Features

Others



1St order statistics
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1st-order statistics

Possible statistics

Problems:

Does not model
spatial relationship

Not discriminatory
enough

*Entropy (uniformity) =-N"»n looz
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Co-occurrence Matrix [Haralick 73]

Gray-level co-occurrence matrix (GLCM)

A set of matrices parametrized by vector
differences bet’n co-occurences of pixel pairs

P(dx,dy)(i’ ) = Numberof

In Image

pixel level | I
pixel level |




Example of GLCM

P10 Of a 4-level image

Coarser when values spread out
9




What GLCM looks like?




Invariance

»)

(dy.dy)

N

Normalized GLCM

Symmetric GLCM ~ 3Ra.q)t2FR.q,-q,)

I 1 1 1 1
Isotropic Ry o)+ 4R a.-a) TERa,-a) T TR a0
Also use polar coordinates and drop the angle

Still a lot of matrices




Features of GLCM




2-D Random Processes

Neighborhood
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Two types:
1. Linear: Auto-Regressive Process

| (V) = pl Neighborh(md(v)ap X (p) +noise

2. General: Markov Random Field

P[I (v)|imagd = P[I (v) | Neighborhod(v)]




Simultaneous Auto-Regressive (SAR)
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| (V) pl Neighborh(md(v)ap * (p) noise
Need to estimate a,
Maximum likelihood or maximum a-posterier

Invariance

Rotational Invariance : average coefficients around a
circle

At different scale: multi-resolution simultaneous a uto-
regressive (MRSAR)

Wavelet then SAR




Markov Random Field

Parametrized by cligue potentials:
Hammersley-Clifford Theorem:

P[I (v) |imagd = P[I (v) | Neighborhod(v)]

PImage= p] O*.(p)

1
Z 4 cliquesnbe CliquesNbd = { {1}, {2}, {3}, {4}, {5}, {6},
1 {1,2}, {1,4}, {1,5},{2,3}, {2.4}, {2,5},
—exp In7,(p) {2,6}, {3,5}, {3,6}, {4,5},{5,6}, {1,2,4},
d CliquesNbd {1,4,5}, {1,2,5}, {2,4,5}, {2,5,6}, {2,3,5},
{2,3,6}, {3,5,6}, {1,2,4,5},{2,3,5,6}

1
—exX -V
- P .(P)

d CliquesNbd

Potential V .(p) are the parameters




MRF has a lot of parameters

Still can use ML or MAP
Simple potential function

- g If all pixelsin carethesame

V.(c) = .

¢ q otherwise
Wold-Based Representation : decomposed a random
field into harmonic (repetitiveness), evanescent

(directionality) and random (complexity) orthogonal
processes




Fourier Features

No localization — large scale object feature may be
mistaken as textures




Gabor Filter Banks

BasicGabor: g(x, y) =
2ps .S,

Gabor “Wavelets™ g (x,y)=a "g(x', V')
X'=a "(xcosg + ysing)
y'=a "(- xsing + ycosq)
wherea > 1,
orientattcng=n /forn=0]1,...,K- 1
scalem=0]1,...,S- 1




Texture Descriptor

Design Gabor wavelets
with minimum overlap

Project the image onto
each Gabor wavelets

Use mean and stddev for
each band as descriptor

[Manjunath et al]




Tamura Texture

Coarseness
the scale that maximize the neighborhood

difference I E IR E B

Contrast : kurtosis

Directionality : sharpness of peaks in
orientation histogram




