
Lecture 16: Texture Analysis

CPSC 425: Computer Vision

( unless otherwise stated slides are taken or adopted from David Lowe, Bob Woodham, Jim Little, Fred Tung, and Leon Sigal )



Menu for Today (February 14, 2022)

Readings:

— Today’s Lecture:  Forsyth & Ponce (2nd ed.) 5.3, 6.1, 6.3
— Next Lecture:       Forsyth & Ponce (2nd ed.) 3.1-3.3

— Assignment 3: Texture Synthesis is out – Due Mar 1

— Quiz 3: Tuesday February 15  (quiz 3 new)
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— Texture



https://youtu.be/pgDE2DOICuchttps://youtu.be/pgDE2DOICuc



We will look at two main questions: 

1. How do we represent texture? 
→ Texture analysis

2.  How do we generate new examples of a texture? 
→ Texture synthesis
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Lecture 15: Re-cap of Texture



Infinite sample image

SAMPLE

p

— What is conditional probability distribution of p, given the neighbourhood 

window? 

— Directly search the input image for all such neighbourhoods to produce a    

histogram for p

— To synthesize p, pick one match at random
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Lecture 15: Re-cap of Texture Synthesis



Infinite sample image

SAMPLE

p

— Since the sample image is finite, an exact neighbourhood match might not be 

present

— Find the best match using SSD (sum of sua error, weighted by Gaussian to 

emphasize local structure, and take all samples within some distance from that 

match 
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Lecture 15: Re-cap of Texture Synthesis



9 Figure Credit: Hays and Efros 2007

Scene MatchesInput Output

Lecture 15: Re-cap of Texture Synthesis



Goal of Texture Synthesis
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Given a finite sample of some texture, the goal is to synthesize other 

samples from that same texture 

— The sample needs to be "large enough“ 
Credit: Bill Freeman
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Credit: Bill Freeman

Compare textures and decide if they’re made of the same “stuff” 

Goal of Texture Analysis



Definition of Texture (Re-Cap)

Recall that texture is easy to recognize but hard to define 

— A functional definition was presented last class 

We need representations that differ in ways that are easy to observe when two 

textures are significantly different. 

Recall that textures can often be thought of as patterns composed of repeated 

instances of one (or more) identifiable elements, called textons

— e.g. bricks in a wall, spots on a cheetah 
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Texture Segmentation

Question: Is texture a property of a point or a property of a region? 
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Texture Segmentation

Question: Is texture a property of a point or a property of a region? 

Answer: We need a region to have a texture. 
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Texture Segmentation

Question: Is texture a property of a point or a property of a region? 

Answer: We need a region to have a texture. 

There is a “chicken–and–egg” problem. Texture segmentation can be done by 

detecting boundaries between regions of the same (or similar) texture. Texture 

boundaries can be detected using standard edge detection techniques applied 

to the texture measures determined at each point 
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Features:

— Raw Intensity

— Orientation Energy

— Brightness Gradient

— Color Gradient 

— Texture gradient

Image Raw
Intensity

Orient
Energy

Bright
Grad

Color
Grad

Texture
Grad

Recall: Boundary Detection

Figure Credit: Martin et al. 2004



Texture Segmentation

Question: Is texture a property of a point or a property of a region? 

Answer: We need a region to have a texture. 

There is a “chicken–and–egg” problem. Texture segmentation can be done by 

detecting boundaries between regions of the same (or similar) texture. Texture 

boundaries can be detected using standard edge detection techniques applied 

to the texture measures determined at each point 

We compromise! Typically one uses a local window to estimate texture 

properties and assigns those texture properties as point properties of the 

window’s center row and column 
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Texture Representation

Question: How many degrees of freedom are there to texture? 

(Mathematical) Answer: Infinitely many 

(Perceptual Psychology) Answer: There are perceptual constraints. But, 

there is no clear notion of a “texture channel” like, for example, there is for an 

RGB colour channel 
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Texture Representation

Question: How many degrees of freedom are there to texture? 

(Mathematical) Answer: Infinitely many 

(Perceptual Psychology) Answer: There are perceptual constraints. But, 
there is no clear notion of a “texture channel” as, for example, there is for an 
RGB colour channel 
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Texture Representation

Observation: Textures are made up of generic sub-elements, repeated over a 

region with similar statistical properties 

Idea: Find the sub-elements with filters, then represent each point in the image 

with a summary of the pattern of sub-elements in the local region 
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Texture Representation
Observation: Textures are made up of generic sub-elements, repeated over a 
region with similar statistical properties 

Idea: Find the sub-elements with filters, then represent each point in the image 
with a summary of the pattern of sub-elements in the local region 

Question: What filters should we use?

Answer: Human vision suggests spots and oriented edge filters at a variety of 
different orientations and scales 
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Texture Representation

22
Figure Credit: Leung and Malik, 2001



Texture Representation
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Figure Credit: Leung and Malik, 2001

First derivative of Gaussian at 6 orientations and 3 scales



Texture Representation
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Figure Credit: Leung and Malik, 2001

Second derivative of Gaussian at 6 orientations 3 scales



Texture Representation
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Figure Credit: Leung and Malik, 2001

Laplacian of the Gaussian filters at different scales



Texture Representation

26
Figure Credit: Leung and Malik, 2001

Gaussian filters at different scales



Texture Representation
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Figure Credit: Leung and Malik, 2001



Spots and Bars (Fine Scale)
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Forsyth & Ponce (1st ed.) Figures 9.3–9.4 



Spots and Bars (Coarse Scale)
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Forsyth & Ponce (1st ed.) Figures 9.3 and 9.5 



Comparison of Results
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Forsyth & Ponce (1st ed.) Figures 9.4–9.5 
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Forsyth & Ponce (2nd ed.) Figure 4.17

Gaussian Pyramid 
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Laplacian Pyramid



Oriented Pyramids

Laplacian pyramid is orientation independent 

Idea: Apply an oriented filter at each layer

— represent image at a particular scale and orientation 

— Aside: We do not study details in this course 
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Oriented Pyramids
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Forsyth & Ponce (1st ed.) Figure 9.13



Oriented Pyramids
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Forsyth & Ponce (1st ed.) Figure 9.14

Oriented Filters



Texture Representation
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Figure Credit: Leung and Malik, 2001



Texture Representation
Observation: Textures are made up of generic sub-elements, repeated over a region with similar 
statistical properties 

Idea: Find the sub-elements with filters, then represent each point in the image with a summary of the 
pattern of sub-elements in the local region 

Question: What filters should we use?

Answer: Human vision suggests spots and oriented edge filters at a variety of different orientations 
and scales 

Question: How do we “summarize”? 

Answer: Compute the mean or maximum of each filter response over the region
— Other statistics can also be useful 
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Texture Representation
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Slide Credit: Trevor Darrell
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Texture Representation

Slide Credit: Trevor Darrell



A Short Exercise: Match the texture to the response 
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Slide Credit: James Hays
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Slide Credit: James Hays

A Short Exercise: Match the texture to the response 
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Texture Representation

Slide Credit: Trevor Darrell
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Slide Credit: Trevor Darrell

Texture Representation
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Texture Representation



Bag-of-Words Representation

Take a large corpus of text:

— Represent every letter by a 26 dimensional (unit) vector 

— Represent each word by an average of letter representations in it

— Cluster the words, to get a “dictionary”. Words that have very similar 
representations would get clustered together (e.g., smile and smiled)

— Now represent every document by histogram of “dictionary” atoms by 
associating every word to an atom that is closest in terms of distance in 26D 
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Bag-of-Words Representation

Take a large corpus of text:

— Represent every letter by a 26 dimensional (unit) vector 

— Represent each word by an average of letter representations in it

— Cluster the words, to get a “dictionary”. Words that have very similar 
representations would get clustered together (e.g., smile and smiled)

— Now represent every document by histogram of “dictionary” atoms by 
associating every word to an atom that is closest in terms of distance in 26D 

48
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Bag-of-Words Representation
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Bag-of-Words Representation

Take a large corpus of text:

— Represent every letter by a 26 dimensional (unit) vector 

— Represent each word by an average of letter representations in it

— Cluster the words, to get a “dictionary”. Words that have very similar 
representations would get clustered together (e.g., smile and smiled)

— Now represent every document by histogram of “dictionary” atoms by 
associating every word to an atom that is closest in terms of distance in 26D 
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corpus of text = collection of images
letter = pixel location
word = patch with pixel in the center
dictionary = textons



• Texture is characterized by the repetition of basic elements or textons

• For stochastic textures, it is the identity of the textons, not their spatial 
arrangement, that matters
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Julesz, 1981; Cula & Dana, 2001; Leung & Malik 2001; Mori, Belongie & Malik, 2001; 
Schmid 2001; Varma & Zisserman, 2002, 2003; Lazebnik, Schmid & Ponce, 2003

Texture representation and recognition



Texture representation and recognition
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Universal texton dictionary

histogram

Julesz, 1981; Cula & Dana, 2001; Leung & Malik 2001; Mori, Belongie & Malik, 2001; 
Schmid 2001; Varma & Zisserman, 2002, 2003; Lazebnik, Schmid & Ponce, 2003



Summary

Texture representation is hard
— difficult to define, to analyze
— texture synthesis appears more tractable 

Objective of texture synthesis is to generate new examples of a texture
— Efros and Leung: Draw samples directly from the texture to generate one 
pixel at a time. A “data-driven" approach. 

Approaches to texture embed assumptions related to human perception 
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