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is Texture?

Why

Regular Patterns

* Shape from texture

e Estimate surface orientation

ZJ}A\@MJJ.A;E

icl:....d\o

S

&
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Random Patterns
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Texture-related tasks

* Shape from texture
* Estimate surface orientation or shape from image texture

» Segmentation/classification from texture cues
* Analyze, represent texture
* Group image regions with consistent texture

* Synthesis
* Generate new texture patches/images given some examples
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Texture representation gl Jiisd
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Texture representation gl Jiisd
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Texture representation gl Jsiad
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Dimension 2 (mean d/dy val
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Dimension 1 (mean d/dx value)

Slide credit: Kristen
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Texture representation gl Jyia
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Texture representation gl Jii

original image

Slide credit: Kristen
Grauman

derivative filter
responses, squared

visualization of the
assignment to texture
“types”
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Texture representation gl Jiia
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Dimension 2

Slide credit: Kristen
Srauman

Dimension 1

D(a,b) = +/(a1—b)? + (a2 —b2)?
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Texture representation gl Jiiad

Dimension 2

Dimension 1

Distance reveals how dissimilar texture from

window a is from texture in window b.
(< @ saalll L;A C“‘“"‘M oA (e ol Ciladll ALl A pra—

ot
paalal) C_\.uuj\ }_
Slide credit: Kristen b Lﬁ = ;{r; -
Gragman

https://manara.edu.sy/



Texture representation (window Scale) gl Jiias

* We're assuming we know the relevant window size for which we collect these
statistics.
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Filter Bank

&2 53 Orientations

* Our previous example
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Filter Bank: Multivariate Gaussian
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Image from http://www.te

Slide credit: Kristen
Grauman
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You try: Can you match the texture to the
response?

Filters

Mean abs responses
cllatud] dalhaal) Aol Jaw gia
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Example uses of texture in vision: analysis Jaail

Classifying materials, ”stuf ” A\j—d\ a1’

Foil

Novel image to
be classified

Velvet

Strawr

Labelled images comprise training data

Figure by Varma & Zisserman
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Example uses of texture in vision: analysis Jaail

Texture features for image
retrieval
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Y. Rubner, C. Tomasi, and L. J. Guibas. The earth mover's distance as a metric for image retrieval. International Journal of Computer Vision, 40(2):99-121, November 2000,
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Example uses of Jdxill
| texture in vision: analysis

Natural

= Outdoor

Characterizing scene

categories by texture
doaall Cladl A e 2aliiall Caa g

mountain

street

bathroom

bedroom &

kitchen

L. W. Renninger and J. Malik. When is scene
identification just texture recognition? Vision
Research 44 (2004) 2301-2311

livingroom s



Example uses of Jaail
texture in vision: analysis

Segmenting aeria
Imagery by textures
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Texture synthesis

* Goal: create new samples of a given texture
a Cq.m.\ Cya A C.JLA.\ c\.a.u\ °

* Many applications: virtual environments, hole-filling, texturing surfaces
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Texture synthesis: The Challenge
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Markov Chains

* Markov Chain
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Texture synthesis: Markov Chain

e Can apply 2D version of text First-order MRF
synthesis? donbe ) o gu x oSl o Allaia) iy o
=Ll Dl Al e o g 8 A

Texture corpus
(sample)
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Output
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Markov Random
Fiels

P(X|A,B,C,D) |D2|Xx|B




Texture synthesis: MRF for image

We want to insert pixel intensities based on existing nearby pixel values.
Al B glaal) cOusll e Taldis) Jusall dgale ) 4 puud) dad (prads

e

Place we want to
insert next

Sample of the fexture -
(“corpus”)

Distribution of a value of a pixel is conditioned on its neighbors alone.
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Synthesizing One oixe Texture synthesis: MRF for image

Slide from Alyosha Efros, ICCV 1999? me=ss=azansaums

input image synthesized image

P(x|neighborhood of pixels around x)
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Texture synthesis: MRF for image

Neighborhood Window ! ) sall 334G LAl

Slide from Alyosha Efros, ICCV 1999



Texture synthesis: MRF for image

Varying Window Size 338Ul ana yias
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Texture synthesis: MRF for image

_ white bread brick wall
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Texture synthesis: MRF for image

Filling Holes Jtx




Texture synthesis: MRF for image

Extrapolation Ui

Slide from A'R;osa Efros, ICV 1999



2. Image Quilting
Jyal) gl

Texture synthesis

: MRF for image

Synthesizing a block

sampling

| %
non-parametric |

Fhsrs setsmmy
Input image

« Observation: neighbour pixels are highly correlated Taa dayl yia 5 slatiall LS

Ildea: unit of synthesis = block JwsS: (el s & gly S 5 U 5 il
LSl Gl 98y glaiall OlS gLl dntlais) Gy 8 pall oda ST A8 3 S8l u8h @

daa ) sall aal g ) S @l gl LS, JS S i Y ¢l 43yl 24 @
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block

Input texture

B1 B2

Random placement
s bl ) gdie a6 of blocks

Texture synthesis: MRF for

image
Image Quilting
el s
B1 B2
B1 | | B2

Neighboring blocks

constrained by overlap
20455 5y glatall s oL boundary cut

Minimal error
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Texture synthesis: MRF for image

44|
Image Quilting




Define Neighborhood
Bl lad Caal JMA cpa i gadl aaas
e guall Jusdl) J 9o radius U s
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Thresholding
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Binary Pattern Formation
delud) @ jlie Sy LSyl Tl

binary pattern contains
at most one bitwise
transition from O to 1 or
1to 07

Pixel is considered
“Non-uniform” texture

Histogram Calculation

Pixel is considered
“uniform” texture




Thresholding
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