Chapter 6

textur e

.

Definition 3

6.1.1 T exture

Other Applicati ons

6.1 Sp ectra-lim ited diffusion and texture

This dissertation b egan with the thesis that geometry-lim ited diffusion is a reliable and accurate

means of characterizing structure in images. The geometry-limited diffusion framework grew out

of an attempt to mo dify isotropic scale space in order to reflect the lo cal homogeneity of image

structure. I have demonstrated the effectiveness of these principles in several different ways. While

Chaptors 2 and 3 presented the basic philosophy and mathematics, Chapt. 4 explained a metho d

for using the differential structure of images as a means of segmentation and feature extraction,

and it gave some examples of first- and second-order diffusion pro cesses . Chapter 5 examined a

particular case, zero-order diffusion, in much more detail in order to provide quantitative evidence

for the thesis. The purp ose of this chapter is to step back and reexamine how the general principles

could b e extended to apply to different descriptions of lo cal image structure . My assertion is that

interesting segmentations can b e formed on the basis of homogeneity of lo cal image structure , and

v ariable-conductance diffusion offers a means of combining information at different scales in order to

pro duce reliable measurements of this structure . This chapter explores two additional applications

of this general framework, alb eit in the early stages of their development.

The first application assumes an alternative representation of lo cal image structure. Lo cal image

structure is represente d as a set of F ourier descriptors rather than differential geometry of the

intensity surface. The result is a further generalization of geometry-limited diffusion which pro duces

a system of reaction-diffusion equations which are tuned to sp ecific frequencies. Some early results

show that technique is capable of distinguishing patches on the basis of texture.

The second application shows how the techniques of sup ervised pixel classification can b e used to

construct dissimilarity measurements. This approach assumes nothing ab out the feature space but in

the spirit of statistical pattern recognition assumes that pixels fall into classes that are describ ed by

multiv ariate probability distributions. This work is in its early stages, and there are no exp erimental

results.

The following definition is a relatively simple working definition of texture, which is not meant to

capture all of the richness and v ariety of textures as they are p erceived in the real world, but instead

helps to establish a set of basic principles.

A is a patch in an image that has a p erio dic or “nearly” p erio dic luminance

profile

An image with such a patch is shown in Fig. 6.1.

Ge ometry-Limite d Diffusion

Whitaker, , 1993

Figure 6.1: T extured patch on a textured background.

Several prop erties of such textures are worth noting. First, these patches are “extendable” in the

sense that the p erio dic pattern could b e rep eated in order to create larger patches with the “same”

texture. Second, the F ourier sp ectra of these textures have a great deal of structure when analyzed

on regularly sized patches. Figure 6.2 shows the extended patches of the textures of Fig. 6.1 and

the resp ective p ower sp ectra of those patches. Because of the p erio dic nature of these textures

there are relatively few frequencies that have high energy

. These p ower sp ectra suggest that there

is some efficient enco ding, based on the high-energy frequencies, that could b e used to distinguish

these textures. The difficulty is that textures are rarely analyzed in distinct rectilinear patches. The

problem of segmenting images on the basis of texture typically involves distinguishing textures along

irregular and often ambiguous b oundaries. The sp ectral analyses of images that contain even a very

few different textures with irregular b oundaries are quite complex and typically lack the obvious

structure of single texture sp ectra (e.g. see Fig. 6.3). The global nature of the F ourier transform

makes it inadequate for segmenting textures.

A great deal of work in b oth natural and artificial vision has fo cused on the imp ortance of filters

that are lo cal in b oth frequency and space. Gab or (1946) shows that filters with optimal bandwidth

in frequency and space are characterized in the spatial domain as sinusoids mo dulated by Gaussian

envelop es. Indeed, the presence of frequency “channels” in natural vision has b een argued on the

basis of psychophysical data (Graham 1981, Graham 1979) In artificial vision such filters have b e

used to classify textures (Lee, Mumford and Y uille 1992, Julesz and Caelli 1979, Coggins and Jain

1985). Coggins and Jain (1985) compute at each pixel in a digital image an array (feature vector)

of measurements from filters of v arious frequencies and orientations. They apply techniques of

statistical pattern recognition in order to classify pixels based on their proximity in the feature

space. The difficulty with this kind of “lo cal” sp ectral analysis is the inverse relationship b etween

the extent of filters in the space and frequency domains. Any attempt to make a precise measurement

of a particular frequency comp onent at a particular p osition an in image results in an uncertainty

ab out the exact lo cation of the structures that give rise to the measurement (W echsler 1990, 48-85).

The extreme case is the F ourier transform itself which is precise in frequency but global in space.

A similar set of difficulties is confronted in Chapters 3 and 4 when dealing with the problem of

segmenting images into patches on the basis of intensity levels or luminance (as opp osed to texture).

In the presence of noise and ambiguous region b oundaries, decisions ab out patch b oundaries can

113

Ge ometry-Limite d Diffusion

Whitaker, , 1993

T extured patches Power sp ectrum

Figure 6.2: T extures extended to a rectilinear grid show a great deal of regularity in their resp ective

p ower sp ectra.

114

D

→ × →

× →

Ge ometry-Limite d Diffusion

6.1.2 Blurring the en v elop es of functions g

⃗

F

ω

f x φ x, ω ψ x, ω ,

f ψ

f x ω φ

ψ x, ω

ψ x, ω f x φ x, ω

φ x, ω f x

ψ x, ω

.

Whitaker, , 1993

T extured patches Power sp ectrum

Figure 6.3: Irregular textured patches show the difficulty of using the F ourier transform as a means

of segmenting textured patches. The regularly spaced bright areas indicate the presence of energy ,

but do not offer any immediate way of separating the effects of the two different textures or retrieving

lo cal information.

b ecome difficult. F or this reason higher-order measurements of digital images are often combined

with low pass transforms in order to provide stable measurements. However, low-pass filters such

as the Gaussian can have adverse effects on the characterization of ob jects or patches whose shap es

dep end on high frequency information. Nonuniform or anisotropic diffusion has b een prop osed in

earlier chapters as an alternative to stationary filtering with Gaussian kernels.

Gaussian blurring (diffusion) and nonuniform diffusion are inadequate when trying to distinguish

patches on the basis of high frequency information, particularly when such patches are similar in

their low frequency characteristics. This is often the case with textures. In this section I develop

a typ e of blurring which acts as a band-pass filter and a diffusion pro cess which implements such

blurring in a lo cal, iterative fashion. I then intro duce a conductance term analogous to the v ariable

conductance term, ( ), which controls geometry-limited diffusion. This conductance term allows

characteristic wave forms to flow up to, but not across, textural b oundaries.

The difficulty with low-pass blurring is that it can undermine the p erio dic nature of textures and

thereby destroy the information that distinguishes different textural regions. As an alternative,

consider the representation of a luminance function (one dimension) as a p erio dic function, with a

characteristic frequency , multiplied by an envelop e that describ es the magnitude. In one dimension

( ) = ( ) ( ) (6.1)

where : I R I R is the luminance profile and : I R I R C is a p erio dic function, indep endent of

( ), that has a characteristic frequency . The function : I R I R C mo dulates the amplitude

and phase of the p erio dic function ( ) and describ es the lo cal presenc e of the characteristic

frequency

. Given a nonzero ( ) and a luminance profile ( ), solve for ( ):

( ) =

( )

( )

115 x

s

∫

( )

− −

−

2

2

2

+

2

2

2

2

2

∈

⊗

⊗ ⊗

× × →

− −

√

I

ıω x

ıω x ıω x ıω x

ıω x

ıω x

ıω x envelop e φ f ω

φ x, ω f x /ψ x, ω

φ x, ω f x

φ x, ω x

f x x I ψ x, ω

e φ x, ω ψ x, ω

f x

ω F x, ω , s

F x, ω , s ψ x, ω G s, x φ x, ω

e G s, x f x e G s, x e f x

Z x, ω , s G s, x e

G x, s

s

f x

F

φ x, ω

φ x, ω

∂ φ x, ω

∂ t

∂ φ x, ω

∂ x

ψ x, ω e

f x ω

∂ F x, ω , t

∂ t

∂ F x, ω , t

∂ x ıω

∂ f x

∂ x ω F x, ω , t ,

F x, ω , f x

G x, ω , s

π s e .

The function is the of for a frequency . If the characteristic wave form is defined for

a continuous range of frequencies, there is an envelop e ( ) = ( ) ( ) for each frequency .

The envelop e characterizes each p oint in the image over a range of characteristic frequencies.

Note several things ab out the envelop e of a function. First, it is generally complex v alued. The

pair of v alues for each frequency at every p oint enco des lo cal sp ectral information, b oth magnitude

and phase. Second, integrating ( ) over the entire domain pro duces a transform of ( ). If the

characteristic waveforms comprise a basis, then the integral

( )d

is a complete represe ntation of ( ) over the image space . Third, if ( ) is a sinusoid

, then the combination of blurring ( ) with Gaussian kernels and multiplying by ( ) is

precisely the same as a convolution of ( ) with a Gaussian band-pass filter centered at frequency

. Define a function ( )

( ) = ( )( ( ) ( ))

= ( ) ( ( ) ) = ( ( ) ) ( )) (6.2)

The resulting filter ( ) = ( ) has b oth real and imaginary parts which form a pair

of Gab or blobs (sine and cosine resp ectively). The magnitude of this kernel is a Gaussian ( ),

where the scale parameter defines the standard deviation of the Gaussian and the effective width of

the Gab or filter. F or larger v alues of s these filters are wider in space and narrower in the frequency

domain. The luminance function ( ) can b e describ ed by measurements made with Gab or blobs

over a range of scales and frequencies. Thus : I R I R I R C is a frequency-tuned scale space

as describ ed by Florack [6].

A degree of spatial coherence for the envelop e ( ) is achieved by applying some low-pass

filter. The more smo othing that is done to ( ) the narrower the bandwidth of the corresp onding

band pass filter. Consider Gaussian blurring as a pro cess describ ed by the heat equation,

( )

=

( )

(6.3)

and let the characteristic wave form b e a sinusoid, ( ) = . There is an equiv alent pro cess

which mo difies ( ) with resp ect to a characteristic frequency in order to pro duce a smo other

envelop e for that frequency:

( )

=

( )

2

( )

( ) (6.4)

where ( 0) = ( ). This is a diffusion equation with fundamental solutions of the form

( ) =

1

2

(6.5)

These are, once again, Gab or blobs. This pro cess describ es the “flow” of these Gab or blobs as they

spread out in space. As the pro cess evolves, it pro duces a progressively more narrow bandpass filter.

The steady state solution of this equation (given the appropriate b oundary conditions) is a sine and

cosine wave pair.

116