Con ten ts

1 Intro duction 1

2 Background 5

3 Multi-scale diffusion 19

4 Geometry-limited diffusion 38

1.1 Segmentation and vision 1

1.2 The problem 2

1.3 Strategy 3

1.4 Thesis and contributions 3

1.5 Overview 4

2.1 Image segmentation 5

2.2 Discrete versus fuzzy 5

2.3 Example: edges 7

2.4 Image geometry 8

2.4.1 Lo cal shap e 8

2.4.2 Lo cal homogeneity as a segmentation strategy 9

2.4.3 Patch b oundaries and visual structures 10

2.5 Scale-space 11

2.5.1 Gaussian kernels 11

2.5.2 Diffusion 11

2.6 Example: Gaussian blurring 12

2.7 V ariable-conductance diffusion 13

2.7.1 Regularization 18

3.1 Scale within diffusion 19

3.2 Scale as a function of evolution 21

3.2.1 Grouping and sub jective b oundaries 22

3.3 Analysis 25

3.3.1 Space-stretching kernel 25

3.3.2 Conductance and edge enhancement 28

3.3.3 Instability 28

3.3.4 Two-dimensional analysis 31

3.4 Scale tradeoff 33

4.1 Multi-v alued diffusion 38

4.1.1 Multi-v alued images 38

4.1.2 Diffusion with multiple features 38

4.1.3 Diffusion in a feature space 40

4.2 Describing lo cal geometry 41

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5 Empirical analysis 69

6 Other Applications 112

4.3 Diffusion in the jet space 42

4.4 First-order geometry and creases 43

4.4.1 Creases 43

4.4.2 A shap e metric for creases 44

4.4.3 Results 45

4.4.4 The diffused Hessian 50

4.4.5 Combining information of zeroth and first-orders—corne rs 50

4.5 Inv ariance 52

4.5.1 Geometric inv ariance 52

4.5.2 Greyscale inv ariance and dimensionless metrics 60

4.6 Second-order diffusion 61

4.6.1 Normalized Hessian 61

4.6.2 Combining first- and second-order tensors 62

5.1 Intro duction 69

5.2 Philosophy 71

5.3 Metrics 72

5.3.1 F unction-based metrics 74

5.3.2 Structure-based metrics 76

5.3.3 The zero-order structure detector - edges 80

5.3.4 T ruth 81

5.4 The test images 82

5.5 Noise 82

5.6 Overview of results 85

5.7 Gaussian blurring 85

5.7.1 F unction-based metrics 86

5.7.2 Structure-based metrics 87

5.8 Anisotropic diffusion 90

5.8.1 Comparisons with isotropic scale: function-based metrics 90

5.8.2 The conductance parameter 91

5.8.3 Signal to noise 94

5.8.4 ROC Analysis: structure-based metrics 95

5.9 Multiscale diffusion 96

5.9.1 Effects of the scale trade-off 96

5.9.2 Comparisons with anisotropic and isotropic scale 96

5.10 Dep endence on the test image 98

5.10.1 Sub jective structure goal 101

5.11 Correlated noise 103

5.12 Boundary noise 108

5.13 Discussion 109

6.1 Sp ectra-limited diffusion and texture 112

6.1.1 T exture 112

6.1.2 Blurring the envelop es of functions 115

6.1.3 V ariable-conductance diffusion 117

6.1.4 Patchwise F ourier decomp osition 120

6.1.5 Multi-v alued diffusion 121

6.1.6 Dissimilarity 122

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7 Summary and Discussion 132

A Implementation 143

Bibliograph y 152

6.1.7 Results 122

6.2 A sup ervised clustering approach 125

6.2.1 Two-class problem 126

6.2.2 Normal distributions 128

6.2.3 Generalizing to more classes 128

6.2.4 Remarks 130

7.1 Summary of results 132

7.1.1 Anisotropic diffusion 133

7.1.2 Multiscale diffusion 134

7.1.3 Geometry-lim ited diffusion 135

7.2 Sp ectra-limited diffusion 137

7.3 Empirical analysis 137

7.4 Relation to previous work 138

7.5 New research directions 140

7.5.1 Energy-minim ization algorithms 141

7.5.2 Diffusion of lo cal image descriptions 142

A.1 Discrete deriv atives 143

A.1.1 Finite differences 143

A.1.2 Gaussian kernels 144

A.1.3 Mo dified Bessel functions 145

A.2 Anisotropic diffusion 146

A.3 Dissimilarity and multi-v alued diffusion 148

A.4 Noise 149

A.4.1 Gaussian white noise 149

A.4.2 Correlated Gaussian noise 149

A.4.3 Patch noise 150

A.4.4 Boundary noise 150

A.5 Highly parallel SIMD algorithm 150

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

†

List of T ables

subje ctively-define d

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5.1 The section numb ers of the v arious combinations of diffusion pro cesses, noise pro-

cesses, and test images where the indicates ROC analysis with

b oundaries 86

∇

1 2 3

rms

time evolution

List of Figures

. . . . . . . . . . . .

. . . . . . . . . . . . . . .

. . . . . .

F , F , F

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . .

. . . . . .

k f . . . . . . . . . . . . . . . . .

k . , . , .

. . . . . . . . . . . . .

s t t

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

α . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . .

1.1 A slice of MRI image of a head shows that segmentations which are “easy” for our

visual systems can b e difficult for computer algorithms. The white outline in (b)

identifies the cereb ellum. Despite the ease with which the (untrained) human identifies

this region as a distinct ob ject, there app ears to b e no simple, consistent rule for

deciding which pixels lie inside the ob ject and which lie outside. 2

2.1 The MRI head image has an asso ciated intensity surface. 6

2.2 The intensity surface is the graph of an image. A finite set of measurements at

every p oint in the image space represe nt the lo cal shap e of the intensity surface. The

cutaways illustrate that each place on the surface has a lo cal surface patch and a set

of descriptors which describ e that patch (to within some approximation). 8

2.3 A set of geometric features, , asso ciate each p oint in the image with a

p osition in a geometric feature space. Each p osition in the space represe nts a different

surface shap e, and the distance (not necessarily Euclidean) b etween p oints in this

space provides a metric for quantifying the differences in lo cal image structure. This

metric will provide a means of computing the lo cal inhomogeneity of image structure. 10

2.4 A noisy white figure (a) on black background shows the sensitivity of (b) the gradient

magnitude to small scale noise. Despite the difference of average intensity b etween

foreground and background in (a), the gradient magnitude in (b) shows little coherent

structure. The deriv ative measurements b ehave as high-pass filters which serve to

accentuate small-scale noise. 13

2.5 The noisy image of Fig. 2.4 with intensity (top) and gradient magnitude (b ottom)

conducted at scales 2.0 (left) and 4.0 (right). 14

2.6 F rom the top left: Canny edges computed at scales 1.0, 2.0, 4.0 and 8.0. 15

2.7 A disc with blurring (top) and noise (b ottom) b efore (right) and after (left) anisotropic

diffusion; 100 iterations with a v alue of 2.0 ( ) . 17

3.1 F rom the top left: A blurred disk with random noise (a) shows the susceptibility of

anisotropic conductance diffusion. Results for = (b) 0 5 (c) 1 0 and (d)2 0 show

that the large-scale structure is lost while the noise remains. 20

3.2 The scale parameter ( ) should b e some decreasing function of , the or

parameter. 21

3.3 The multiscale diffusion equation acting on the MRI head image. F rom the top left:

= 3 0 and the starting scales are (a) 1.0, (b) 2.0, (c) 4.0, and (d) 8.0. 23

3.4 The multiscale diffusion equation acting on the test images from Figs. 2.4 and 3.1 .

F rom the top left: (a) original, (b) pro cessed with starting scale 3.0, (c) original, (d)

pro cess with starting scale 2.0. 24

3.5 White dots on a black background form two larger groups or “ob jects.” 25

0

D

N I

x y

x

y

blob head

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . .

t k .

. . . . .

. . . . . . . . . . . . . . . . . . . .

β

. . . . . . . . . . . . . . . . . . . . . . . . . .

s t s . , . , . α . . . . . . . . . . . . . . . . . . . . . .

α >

σ . γ . s . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

θ ρ

F F

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

F

F

⃗

F

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

x y

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

x y

. . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . .

3.6 A multiscale diffusion pro cess with starting scale 8.0 allows the blurring to pro ceed

from the “inside out” forming two distinct ob jects. Images from top left show the

results after pro cessing time (a) 12.5, (b) 25 (c) 50 (d) 100, where the times are given

in units of pixels squared. 26

3.7 The lo cal “stretching” of space can cause a p oint to move away from the average of

its neighb ors—contrary to Gaussian blurring. 27

3.8 Results from the blurred disk show (a) the image after pro cessing and (b) the gradient

magnitude of the image. This image, which is pro cessed = 20 with = 1 0, shows

that the anisotropic diffusion can pro duce an unstable “staircasing” effect. 29

3.9 Sharp ening is distinguished from flattening by examining the manner in which the

first deriv ative changes in a lo cal neighb orho o d. 30

3.10 Because of the staircasing phenomenon there is a limited range of gradient v alues

that pro duce desirable results. The darkened area on the graph indicates the range

of edge v alues that will b ecome steep er without b ecoming less sharp. The left-hand

side of that area is the v alue , which is the threshold b etween those edges that are

enhanced and those that are blurred. 32

3.11 ( ) for v alues of = 2 0 4 0 8 0 and = 1 0. 33

3.12 The reduction of random noise in finite amount of time ( 0) establishes a rela-

tionship b etween the conductance parameter and scale. This relationship is shown

for = 4 0, = 4 0, = 2 0. 36

3.13 A field of white dots is shown to resemble blurred Gaussian white noise. T op: original

images. Bottom: images blurred at scale 10.0. 37

4.1 Multi-v alued diffusion is a system of diffusion pro cesses that are coupled through the

conductance function. 39

4.2 Every neighb orho o d in the image space maps onto a neighb orho o d in the feature

space. The “size” of the neighb orho o d in the feature space indicates dissimilarity

. 40

4.3 Geometry-lim ited diffusion in which features are geometric measurements made on a

single v alued image. 43

4.4 First-order feature space as represented in p olar co ordinates. Every p oint in this fea-

ture space has a lo cal co ordinate system that is aligned with the d and d directions. 44

4.5 F rom the top left to right: (a) A noisy blob is created by blurring a white on black

figure and then adding uniformly distributed random noise. Shown here are the initial

v alues of the first-order features (b) and (c) and (d) the dissimilarity measure

on these features. 46

4.6 F rom the top left to right: The result v alues of the first-order features (a) and (b)

after the geometry-limited diffusion pro cess and (c) the dissimilarity measure

on these features. 47

4.7 F rom the top left to right: (a) A slice of an MRI image of a head, (b)–(c) the first par-

tial deriv atives in the and directions, and the d) dissimilarity measure computed

in the initial data. 48

4.8 F rom the top left to right: (a)–(b) The first partial deriv atives in the and directions

after pro cessing at a scale of 3.0, (c) the dissimilarit y measure after pro cessing, and

(d) the curv ature measure from (4.7). 49

4.9 The trace (left) and norm (right) of the diffused Hessian for the (top) and

(b ottom) images. 51

4.10 The strategy for finding corners is to isolate the zeroth-order and first order patches

separately and then combine the results. 52 xy

z

z

O

O

O

M M

(2)

(1)

(

(

mean v ar blob

blob

shap e blo cks head

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

F . . . . . . . . . . . . . . . .

K

K . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

K . . . .

K . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

A

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

A

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

p .

τ . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . .

4.11 Clo ckwise from the upp er left: (a) A test image comp osed of white hexagon on a black

background with additive random noise (pixelwise, uniformly distributed, 50%). (b)

The gradient squared after zeroth-order diffusion. (c) The creases that result from

first-order diffusion. (d) The result of multiplying the edge and crease measures in

order to detect corners. 53

4.12 (a)–(b) The pair of intermediate features in 4.20 (when measured at finite scale) form

a vector which p oints in the direction of edges. Sharp changes in the orientation of

this vector o ccur near edges and at places that lie b etween edges, i.e. middles. (c)

A cross section the gradient magnitude of the ob ject shows that edges have influence

across the entire ob ject Ridges and v alleys form at edges and middles resp ectively

. 63

4.13 A image 63

4.14 F rom the top left to right: (a)–(b) F or the image (Fig. 4.13, the dissimilarity

asso ciated with the second-order pro cess b efore and after pro cessing at a scale of 2.0,

and (c)–(d) the feature b efore and after pro cessing. 64

4.15 F rom the top left to right: Measurements made on the diffused second-order features

include (a) the orientation (black and white pixels denote negative and p ositive

v alues resp ect ively), (b) the second order curv ature , and (c) the first-order cur-

v ature . 66

4.16 F rom the top left to right: First- and second-order features from the MRI head image

pro duce (a) the dissimilarity b efore pro cessing (b) the dissimilarity after pro cessing

at a scale of 3.5, (c) the orientation measure, , and (d) the curv ature 1). 67

4.17 F rom the top left to right: (a) A radiograph of a pair of hands, (b) the dissimilarity

after pro cessing at a scale of 3.5, (c) the orientation measure, , and (d) the curv ature

1). 68

5.1 Samples from a p opulation of noisy images are pro cessed separately so that accuracy

and sensitivity can b e measured based on the statistics from the resulting images. 72

5.2 The two categories of metrics: F unction-based metrics compare functions over the

image space p oint-by-p oint, and structure-base d metrics compare sets of structures . 73

5.3 The accumulator image is formed by 1) pro cessing sampled images, 2) constructing

a structure image (using a detector) for each sample image, and 3) summing the

structure images. 77

5.4 The graph of the exp ected numb er of true and false p ositives for a range of decision

strategies is an ROC curve. The area under the curve, , gives an overall measure

of quality

. 78

5.5 A fuzzy-structur e-se t goal (b) is constructed from the structure image (a) by using a

Gaussian (standard deviation 2.0 pixel units) which falls off as distance to the nearest

structure p oint. 80

5.6 The graph of the exp ected numb er of true and false p ositives for a range of decision

strategies is an ROC curve. The area under the curve, , gives an overall measure

of quality

. 81

5.7 The three test images are the (a) image, (b) image, and (c) image. 83

5.8 Example of the different kinds of noise that are used in the empirical analysis. F rom

the top left: (a) GWN with a standard deviation of 50% of the average contrast in

the image, (b) CGN with a standard deviation of 50% and scale of 2.0 (in pixel units),

(c) PN with a deviation of 25% and a patch size of = 2 0, and (d) b oundary noise

with a scale of 2.0 and an amplitude of 20.0. 84

5.9 The metrics and as a function of Gaussian scale show the tradeoff

b etween accuracy and reliability for 50% GWN. 86

0

0

0

0

0

0

0 he ad

he ad shap e

shap e

shap e

shap e head

shap e

head

M

M

M

M

M M

M G G

G

G

M

M G

G

M

G

G

M

M G G G

M G G G

M

G G

G G G

M G G G

G

G G z

t,k s

t,k

t,k

t,k

s

t,k

s ,k ,α

O iso

s aniso

k ,t s ,k ,α

O iso

s aniso

k ,t s ,k ,α

k ,t s ,k ,α

s ,k ,α t,k s

s ,k ,α t,k s

s ,k ,α

t,k s rms

mean

v ar

ROC

v ar mean

rms aniso iso

aniso

aniso

rms

rms aniso

iso

ROC

aniso

multi

rms 0

rms multi

ROC multi

rms

aniso multi

multi aniso iso

ROC multi aniso iso

multi

aniso iso

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

T F . .

T F

A . . . . . . .

T F

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . .

s t

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

t k

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

k

. . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . .

s α

. . . . . . . . . . . . . . . . . . . . . . . . . . .

. . .

. .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5.10 The metric as a function of Gaussian scale shows that there is an optimal scale

for minimizing the rms error which includes b oth the bias and the v ariance

. 87

5.11 The image with 100% GWN and five different levels of Gaussian blurring. The

standard deviations of the Gaussian kernels are (a) 0.45, (b) 0.70, (c) 1.25, (d) 2.5,

and (e) 5.0. The v alue 1.25 has the lowest rms error. The rms errors are indicated on

the line graph in (f ). 88

5.12 T rue-p ositive and false-p ositive edges as a function of scale for 50% GWN. 89

5.13 The ROC graphs plot versus for three different levels of noise. The integrals

b elow the curves are and the integrals ab ove the curves are . 89

5.14 The ROC graphs plot versus for three different tolerance levels in the presence

of 50% GWN. 90

5.15 The concept of comparing true and false p ositives with a goal or template do es not

capture global shap e prop erties (such as continuity). Left, a goal with a tolerance

takes the shap e of a circle; center, an offset circle shows a low numb er of true p ositives;

right, a set of discontinuous edges gives a comparable resp onse. 91

5.16 WIth 50% uncorrelated noise, graphs of the function-based metrics , ,

and versus or show that and have similar effects on accuracy and

reliability through scale or time. However, shows consistently b etter accuracy

for a given level of reliability

. 92

5.17 The p erformance of the anisotropic diffusion pro cess . Surface plots give the

v alues of metric as a function of and for three levels of noise; 25%, 50%,

and 100% GWN. 93

5.18 The optimal choices of parameters show that achieves a lower rms er-

ror than , but the relative magnitude of this adv antage adv antage diminishes at

greater levels of noise. 94

5.19 The ROC curves with 50% GWN for different v alues of show that the ROC analysis

is relatively insensitive to conductance. 95

5.20 The ROC curves for three different levels of GWN, show that anisotropic diffusion

compares favorably with Gaussian blurring. 97

5.21 F or the metric and the image, comparisons b etween Gaussian blurring

and anisotropic diffusion shows that shows a consistently b etter compromise

b etween to o many spurious edges and the right numb er (and placement) of true edges. 98

5.22 The p erformance of the multiscale diffusion pro cess . Surface plots give the

v alues of metrics as a function of and for three levels of noise; 25% (top),

50% (middle), and 100% (b ottom). 99

5.23 Comparisons of over a range of noise levels for , , and . 100

5.24 Comparisons of over a range of noise levels for , , and . 100

5.25 The function-based metric computed on the image indicates that the

p erformance adv antages that and showed in the image are lost in

the image. 101

5.26 Sub jective goals are defined for the and images by hand drawing b ound-

aries of selected ob jects. 102

5.27 The ROC curves for the image, with 100% GWN and sub jectively-define b ound-

aries indicate that and outp erform . 102

5.28 The ROC metric shows outp erforms b oth , esp ecially at high

levels of noise. 103

5.29 The ROC curves for the image, with 100% GWN, indicate outp erforms

b oth . 104

0 s ,k ,α t,k s

s

⃗ ω

M G G G

M G

M M

M

M

M

M

M

∇ ∇ shap e

shap e

blo cks

shap e

blo cks

ROC multi aniso iso

rms iso

mean v ar

rms

rms

0

rms

ROC

rms

1 2

1

2

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . .

p . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

s . . . . . . . . . . . . . . . . . . .

. . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . .

. . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . .

⃗ ω . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. . . . . . . . . . . .

P /P α . . . . . . . . . . . . . . . . . . . . . . . . . . .

⃗ w x . . . . . . . . . . . . . . . . . . .

. . . . . .

5.30 The ROC metric shows outp erforms b oth , at higher levels

of noise. 104

5.31 The metric as a function of isotropic scale for Gaussian blurring of the

image and three different degrees of correlated noise. 105

5.32 and as a function of isotropic scale for Gaussian blurring of the

image and correlated noise of = 3 0. 106

5.33 as a function of isotropic scale for the image in the presence of correlated

noise. 106

5.34 F or multiscale diffusion applied to the image, the metric as a function of

starting scale in the presence of correlated noise. 107

5.35 Comparisons of from Gaussian blurring and multiscale diffusion show the ad-

v antage of multiscale diffusion in the presence of correlated noise. 107

5.36 F or the image, comparisons of for Gaussian blurring and multiscale

diffusion show the adv antage of multiscale diffusion in the presence of correlated

(patchwise) noise. 107

5.37 Comparisons of from Gaussian blurring and multiscale diffusion show that

neither pro cess is “effective” in the presence of b oundary noise. 108

5.38 The ROC curves asso ciated with Gaussian blurring and multiscale diffusion show the

pro cesses are comparable in the presence of b oundary noise. 109

6.1 T extured patch on a textured background. 113

6.2 T extures extended to a rectilinear grid show a great deal of regularity in their resp ec-

tive p ower sp ectra. 114

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. 115

6.4 The op erator is equiv alent to an ordinary gradient that is shifted in the F ourier

domain by the vector 117

6.5 F rom top-left: A one-dimensional nonconducting b ox is constructed (a) and a single

pulse (b) spreads at the characteristic frequency (c) finally filling the b ox (d). 119

6.6 A patch with a nonconducting b oundary is used to show that systems of frequency-

sensitive v ariable-conductance diffusion equations are capable of computing a patch-

wise F ourier analysis. 120

6.7 F eatures represent samples from a rectilinear grid in the frequency domain. 123

6.8 A patch in an image is distinguished from the background by the orientation of the

strip es. 124

6.9 A patch in an image is distinguished from the background by the relative phase of

the strip es. 124

6.10 T extures are distinguished on the basis of orientation and size. 125

6.11 Lo cations in the image space are classified based on their p osition in the feature space. 126

6.12 Dissimilarity is computed in the direction of vectors that are p erp endicular to curves

of equiprop ortionality ( = ). 129

A.1 The conductance applies at a p oint centere d b etween two pixels, requiring a gradient

magnitude that is centered at the p oint + d . 147

A.2 The cut-and-stack virtualization for allo cating image pixels to pro cessors. 151

∑ δ

∂

⃗ def

List of Symb ols

∇

∅

∩

∪

→

⊆

⊂

⊇

⊃

⊗

D

M

F

N

P

G

“nabla”, the gradient op erator

’‘delta”, the Laplacian op erator

“null” symb ol, the empty set

“cap”, set intersection

“cup”, set union

I R the set of real numb ers

I I the set of integers

I D the distance transform in the image space

C the set of complex numb ers

“maps to”

subset

prop er subset

sup erse t

prop er sup erset

convolution

partial deriv ative

= defined as

used with other symb ols indicates a multi-v alued or vector-v alued quantity

“caligraphic D”, the dissimilarity measure

“caligraphic M”, a metric

“caligraphic F”, the F ourier transform

or the set of functions of p olynomial inv ariants

“caligraphic N”, a neighb orho o d

“caligraphic P”, the set of p olynomial inv ariants

“caligraphic G”, a low-level computer vision algorithm or pro cess

sum

/

∫

∈

∈

∀

∃

⇒

⇔

√

·

∞ integral

“element of ”

“not an element of ”

“for all”

“there exists”

“implies”

“implies and is implied by”

square ro ot

“dot”, the dot pro duct of two quantities

or a set of unsp ecified parameters in a function

infinity

Chapter 1

In tro duction

1.1 Segmen tation and vision

image se gmentation

after

image se gmentation

Dividing an image into meaningful parts—a pro cess called —serves a numb er

of purp oses. First, it offers a means of consolidating the v ast array of information that is typically

present in a visual field. It can help to distinguish areas of imp ortance from those of less imp ortance,

and it thereby provides a means of fo cusing attention. Second, segmentation gives a level of structure

for subsequent analysis that reflects not only basic spatial relationships but the deep er structure of

the image. Segmentations are also interesting for the b oundaries that they generate. F or instance,

dividing the image into pieces that corresp ond to pro jections of three-dimensional ob jects in a scene

provides contours of those ob jects. Those contours offer a great deal of insight into the shap es of

those three-dimensional ob jects.

In computer vision a numb er of very impressive algorithms rely on an underlying segmentation.

The analysis of shap e, for instance, often assumes that b oundaries of ob jects are known (Kimia and

Zucker 1992, Brechb ¨ uhler, Gerig and K ¨ ubler 1992, Blum and Nagel 1978, Zahn and Roskies 1972).

“Edges” are assumed in a v ariety of algorithms for stereopsis, pattern recognition, and shap e from

shading. In real life, however, images are rarely presented as sets of b oundaries and finding the

“right” b oundaries can b e difficult.

Segmentations are of great practical imp ortance. In medical imaging, segmentations are useful

in the interactive visualization of MRI and CT data (Y o o, Neumann, F uchs, Pizer, Cullip, Rhoades

and Whitaker 1992). Mo dels of anatomy can b e constructed from patient data once the organs

have b een accurately distinguished from one another and the surrounding tissue (Gerig, Martin,

Kikinis, Kubler, Shenton and Jolesz 1991, Kikinis, Cline, Altob elli, Halle, Lorensen and Jolesz 1992).

Image registration is p erformed based on key p oints, b oundaries, and p ossibly patches. Ob jective

measurements of the size or volume of anatomical structures can b e made once the appropriate

tissue has b een identified.

Segmentation plays a plays a pivotal role in natural vision as well. The human visual system can

group parts of an image together based on such basic attributes as luminance (Marr 1982), color,

texture (Beck 1972, Beck 1982), disparity

, and motion. While some mo dels of early vision place

segmentation as a higher level pro cess that is p erformed the detection of basic attributes, other

evidence suggests these levels are not so distinct (Grossb erg and Mingolla 1985). Ramachandran

(1992) explains:

My first p oint concerns the role of in p erception. According to David

Marr’s (1982) principle of mo dular design, certain elementary functions such as stereop-

sis, motion, color, etc. are mediated relatively early in visual pro cessing by sp ecialized

mo dules, whereas segmentation of the visual scene into separate ob jects is assumed to b e

1.2 The problem

Ge ometry-Limite d Diffusion

Whitaker, , 1993

Figure 1.1: A slice of MRI image of a head shows that segmentations which are “easy” for our visual

systems can b e difficult for computer algorithms. The white outline in (b) identifies the cereb e llum.

Despite the ease with which the (untrained) human identifies this region as a distinct ob ject, there

app ears to b e no simple, consistent rule for deciding which pixels lie inside the ob ject and which lie

outside.

a more complex pro cess that can actually use the output of these early vision mo dules.

Since the mo dules p erform their functions prior to image segmentation, the argument

go es, one can success fully mo del them and study them exp erimentally without worrying

ab out segmentation. Contrary to this view our evidence suggests that image segmenta-

tion can influence a numb er of early visual pro cesses such as stereopsis, structure from

motion, motion corresp ondence , and shap e-from-shading. The implication is that early

vision mo dules are not autonomous—they interact significantly with each other and with

segmentation.

The design of strategies or algorithms for segmenting images is extremely difficult. The challenge is

two-fold. First, a large numb er of visual tasks are ob jectively difficult. This is b ecause images are

noisy and unpredictable, and b ecause digital images contain a great deal of information, much of

which irrelev ant. Second, the human visual system, which often serves as b enchmark for artificial

vision, is very effective and not well understo o d.

The example in Fig. 1.1a shows a sagittal slice of an MRI image that was measured from a

human head. Figure 1.1b shows a white curve that was drawn by hand in order to enclose a

particular structure within the head image. This structure happ ens to b e the cereb e llum, but one

needs to know nothing ab out anatom y in order to realize that this is a distinct piece of the image.

What algorithm could reach such a conclusion? The intensity v alues asso ciated with brightness in

this picture range from ab out 350 to 900 within the cereb ellum and from 200 to 500 in the area

surrounding it. The same organ is easily identifiable across any numb er of such images from different

patients of different shap es and sizes. How do es one decide in each case that a pixel with v alue of

350 lies inside the organ, while another pixel with a v alue of 500 lies outside?

Among the v arious images that challenge computer vision, the MRI image of Fig. 1.1 is probably

one of the easier ones. The contrast is high, and there is little noise. A useful general purp ose

2

1.3 Strategy

1.4 Thesis and con tributions physic al ob-

servables ap ertur e sc ale

anisotr opic

ge ometry-limite d diffusion the ge ometry-

limite d diffusion fr amework that is describ e d in Chapts. 3 and 4 offers a r eliable and ac cur ate me ans

of se gmenting images and char acterizing visual structur es. This metho d addr esses many of the

chal lenges of image se gmentation and structur e dete ction and pr omises to b e a p owerful to ol in

artificial vision.

ac cur ate

fr amework segmentation algorithm would have to face problems that are significantly more difficult than this

one.

This dissertation prop oses a segmentation strategy which relies on the lo cal homogeneity of image

structure. Segments are regions that exhibit lo cal homogeneity (little v ariation) in image structure,

while the b oundaries of segments are places of lo cal inhomogeneity (great v ariation). Visual fea-

tures or structures are places of inhomogeneity

, and thus the problems of structure extraction and

segmentation are linked; visual structures are the b oundaries of segments.

Image structure is quantified via a set of measurements. Image measurements are

and therefore have an asso ciated or . This scale takes the form of a lo cal

neighb orho o d op erator that p erforms a lo cal averaging at every p oint in the image. The notion

of scale intro duces a free parameter into all image measurements; all measurable image structure s

necessarily have an asso ciated scale (or scales).

This dissertation explores an averaging pro cess which is sensitive to structures that

are present in the image. This is a nonlinear diffusion pro cess which incorp orates a v ariable-

conductance term. The structures that shap e this pro cess have an asso ciated scale, and this scale

changes as the pro cess evolves. The result is a pro cess that combines information at a range of scales

and helps to reduce small scale noise while retaining accurate information ab out the shap e of large

image segments.

The generalization of these principles to incorp orate multi-v alued, geometric descriptions of im-

ages provides a great deal of flexibility in defining the “structures” that control the diffusion pro-

cess. “Patches” or segments are characterized by higher-order geometry

, and the b oundaries of these

patches provide a means of detecting geometric structures which have visual imp ortance.

This dissertation presents a framework for constructing pro cesses or algorithms which aid in image

segmentation. I call this class of pro cesses . My thesis is that

The task of making measurements is not simply a matter of geometric precision. Later

chapters will show that the one of the primary challenges facing low level computer vision algorithms

is noise, or irrelev ant luminance fluctuations. Metho ds for making accurate measurements of image

structure must b e not only geometrically correct and pro cise but also statistically reliable; they must

b e insensitive to noise. The thesis asserts that the diffusion pro cesses describ ed in this dissertation

exhibit this reliability

. The thesis also asserts the usefulness of a , as opp osed to a sp ecific

technique or algorithm. In order for the framework to b e useful, it must provide a strategy

, or set

of rules, for constructing go o d algorithms. The framework that I prop ose, geometry-lim ited diffu-

sion, derives from a principled, coherent strategy and, when applied to sp ecific examples, pro duces

algorithms which p erform well.

This work makes several contributions to the fields of image pro cessing and computer vision.

First, I prop ose a segmentation strategy that is based on the lo cal homogeneity of image struc-

ture, and I suggest that interesting visual structures can b e describ ed as places that exhibit lo cal

inhomogeneity in geometric structure . Thus, structures can b e detected by segmenting images and

3

1.5 Ov erview dissimilarity

anisotr opic diffusion characterizing the b oundaries of those segments. Different typ es of visual structure s are detected by

using different representations of lo cal image structure . Second, I mo dify the v ariable-conductance

diffusion pro cesses prop osed by previous authors to include a notion of scale. The result is a multi-

scale diffusion pro cess that is mathematically well p osed and app ears to provide more reliable results.

Third, I generalize these diffusion equations so that they can apply to multi-v alued images, and I

develop the notion of , a generalized gradient magnitude op erator, which controls the

conductance in this multi-v alued setting. F ourth, I show how this framework applies to geometric

descriptions, in particular sets of image deriv atives. I develop several examples and show how a

first-order diffusion pro cess can b e used to detect ridges and v alleys while a second-order diffusion

pro cess can pro duce middles as well as edges of ob jects. Fifth, I develop an exp erimental metho d

for ev aluating low-level computer vision algorithms that relies on Monte Carlo simulations. I use

this metho d to analyze the b ehavior of several different diffusion pro cesse s. I quantify (among other

things) the relative adv antage of the anisotropic and multiscale diffusion pro cess over Gaussian blur-

ring. Finally

, I show that these diffusion pro cesses can b e tuned to capture frequency information

and that systems of frequency-tuned diffusion equations can b e used to segment images on the basis

of texture.

This dissertation offers several typ es of analysis in supp ort of the thesis. First, it intro duces the con-

cepts of image geometry and scale and then presents as a natural extension of

isotropic scale space. It offers a single basic strategy for segmentation that relies on the homogeneity

of lo cal image structure, and it develops geometry-lim ited diffusion from that strategy

. Chapter 2

gives the background to this work, which includes image geometry

, scale space, and anisotropic dif-

fusion. Chapter 3 presents a form of anisotropic diffusion that incorp orates information at multiple

scales. This multiscale pro cess pro duces more reliable results in the presence of correlated and un-

correlated noise.A numb er of examples are shown and discussed, and a mathematical analysis is used

to describ e the b ehavior of this pro cess. Chapter 4 describ es a generalization of anisotropic diffusion

to multi-v alued images. This framework combined with finite representations of lo cal image struc-

ture results in geometry-limited diffusion. Examples for first and second-order shap e representations

are discussed, and a pro of of the geometric inv ariance of this system is given. Chapter 5 gives a

systematic empirical analysis which provides further insight into the b ehavior and limitations of this

approach and shows that the geometry-limited diffusion compares favorably with Gaussian blurring.

Chapter 6 demonstrates the flexibility of the general framework by showing how it can apply to

other diverse segmentation approaches including texture and sup ervised classification. Some details

concerning the implementation of this metho d are discussed in the App endix.

4 n

m

^ ^

1 2

1 2

′ ′ ′

′ ′

Chapter 2

Bac kground

Definition 1

⊂

⊂ →

⊂

∪ ∪

−

S

S → ∪

S → ⊂

2.1 Image segmen tation

2.2 Discrete v ersus fuzzy f I

L f I L L

I

x y L

L

L

I

S , S , . . . I

S S S . . . S I S

S I S

I V B

V B

I P P , m intensity

luminanc e intensity surfac e

An is a p artitioning of the image sp ac e into a finite numb er of

noninterse cting c ontiguous op en subsets , such that the closur e of the union of these

subsets is the entir e image sp ac e. That is, and , wher e is the closur e of

. The c omplement of this union, , is the set of asso ciate d with that se gmentation.

fuzzy

de gr e e

An image is a smo oth mapping from the image domain I

R to some subset of the set of

real numb ers, I

R, so that : , where the range is called the or sometimes

. The graph of this function is the . By this definition images are assumed

to b e “greylevel” like those obtained from a black and white camera or from a single channel of a

color camera. (Generalizations to multi-v alued images are discussed in Sect. 4.1.)

F or the purp oses of this work, a digital image is a discrete sampling of such a continuous function.

Digital images are assumed to have finite resolution in the domain . Figure 2.1 shows a shaded

three-dimensional rendering of the intensity surface asso ciated with the head image of Fig. 1.1. This

surface has a sp ecial prop erty; it is the graph of a function. There are three axes, , , and , but

the intensity axis is distinct and assumed to b e incommensurate with the spatial axes. There is

an “up” asso ciated with this surface, and the “height” at a particular p oint on this surface is its

distance from the plane defined by = 0.

Lo osely defined, an image segmentation divides the image into parts or pieces. The exact sp ec-

ification of these pieces might dep end on the particular application or task. As a formal definition

that will serve the purp oses of this discussion, I prop ose the following:

image segmentation

= =

b oundaries

Definition 1 describ es a “discrete” segmentation; it identifies each p oint in the image according to

its mem b ership in a particular patch or segment. A discrete segmentation is essentially a mapping

from the image space to one a set of discrete v alues which identify the segments, : ,

where is a set with finite mem b ers that consist of one lab el for each segment, and is a sp ecial

lab el which indicates a b oundary .

Alternatively one could consider segmentations. Segments would no longer b e conventional

sets but fuzzy sets (F oster 1992, F erraro and F oster 1992) which are characterized by graded mem-

b ership functions. There are numb er of p ossibilities for describing such a segmentation. One is

: , where [0 1] is of memb ership and is the numb er of individual segments.

The relative merits of these two approaches warrant discussion. While easily defined in the

Ge ometry-Limite d Diffusion

A majority of algorithms fail to r e c o gnize the inher ent unc ertainty asso ciate d

with structur es in images.

Whitaker, , 1993

Figure 2.1: The MRI head image has an asso ciated intensity surface.

abstract sense, fuzzy segmentations p ose some practical difficulties. First, one of the motiv ations

for segmenting images was to consolidate information, but the fuzzy segmentation as describ ed here

promises to do just the opp osite. At each pixel there is an entire array of v alues, and the length of this

array is prop ortional to the numb er of individual segments in a image— p otentially a large amount

data. Second, it is not yet clear from the literature what to do with these fuzzy segmentations. F or

instance, the total volume of a segment migh t b e computed by integrating its asso ciated mem b ership

function. But what do es it mean to integrate fractional mem b ership functions of a concrete physical

ob ject—like a car? What is the geometry of a fuzzy curve? Pizer and others (Pizer, Coggins

and Burb eck 1991, Pizer, Burb eck, Coggins, F ritsch and Morse 1992, Pizer, Burb eck and Morse

1992, Morse 1992) have formulated a theory of shap e that incorp orates greylevel functions, but the

practical implications of this work are under study .

The concept of discrete segmentation also has some serious shortcomings. While there are a

numb er algorithms that rely on discrete segments or the precise lo cations of b oundaries, it is not

clear that b oundaries warrant such precision. W e shall see in later sections that vision, by its nature

as a physical pro cess, requires that all measurements entail a finite ap erture. Such measurements

should always include tolerances, but tolerances are rarely computed and are almost never included

in subsequent analyses.

A reasonable test of the legitimacy of any segmentation strategy is its usefulness in solving visual

problems. In this light the following questions are relev ant. What are the tolerances asso ciated with

b oundaries or segments? How useful are tolerances in solving visual problems? Are decisions made

on the basis of fuzzy segmentations “b etter” than those that result from discrete segmentations?

This discussion is a terse outline of what promises to b e a deep and ongoing debate in the field of

computer vision. I do not attempt to resolve the issue of discrete versus fuzzy segmentations in this

dissertation. The metho ds presented here app ear to b e useful for b oth discrete and fuzzy segmen-

tations. Most of the results and discussion in the dissertation assume the a discrete segmentation is

the goal. However, the concept of tolerances in computing b oundaries is addressed more extensively

in the empirical analysis of Chapt. 5.

6

− −

1

2

1

2

1

2

∇

|∇ |

|∇ |

− −

•

• x y

x y

n m

n m n n m m

2 2

2 2

+1 1

2

+1 1

2

( ) ( )

(

( ) ( )

)

(

( ) ( )

)

2.3 Example: edges

f

f x, y

f

∂

∂ x

,

∂

∂ y f

∂ f

∂ x

∂ f

∂ y f f ,

x y x y

f

∂ f

∂ x

∂ f

∂ y f f .

x , y

f x , y f x , y f x , y f x, y f x, y

.

Given the task of dividing a discretely sampled image into a finite numb er of meaningful regions,

there is a wide range of p ossible strategies. One reasonable approach is to group nearby pixels on

the basis of similarity in intensity v alues. In medical imaging, for instance, different tissue typ es can

sometimes b e characterized by their resp onse to sp ecific imaging pro cesses . In “real world” images

like those that might b e obtained from a video camera or pro jected onto a retina, luminance can

indicate the normal direction (in the three dimensional scene) of a smo oth surface relative to a light

source as well as the physical prop erties of reflecting surfaces. The b oundaries asso ciated with this

typ e of segmentation are often called “edges,” and much of the computer vision literature fo cuses

on these visual structures .

In this approach b oundaries b etween regions can b e identified as areas where the luminance

at each pixel is different from that of pixels nearby

. One measure of this difference is the gradient

vector. F or a two dimensional continuous image ( ) the gradient vector is

= = = ( ) (2.1)

where I use the lowered indices and to denote deriv atives with resp ect to the and co ordinates,

resp ectively

. The gradient magnitude is

= + = ( + ) (2.2)

In a digital image that is sampled on rectilinear grid, the deriv atives are typically approximated

by finite differences of nearest neighb or pixels. The gradient magnitude asso ciated with a pixel at a

p oint is

( ) =

( ) ( )

2

+

( ) ( )

2

(2.3)

The gradient is a vector, and it p oints in the direction of maxim um increase in intensity; it

p oints in the “uphill” direction. The magnitude of this vector is the rate of change of intensity

asso ciated with a small movement in the direction of maximal change. Using the gradient, there are

a numb er of options for identifying divisions or b oundaries b etween regions. Perhaps the simplest

is to threshold the gradient magnitude. Pixels that coincide with gradients higher than a sp ecified

threshold serve as b oundaries to separate other regions.

This segmentation approach suffers from two basic problems:

A numb er of interesting image segmentations are not easily describ ed in terms of differences

in luminance. The human visual system, for example, is capable of distinguishing patches that

have the same overall luminance but differ in some other prop erties such as texture or depth

(Ramachandran 1992, Beck 1966, Beck 1982).

The gradient magnitude is not a reliable metric when measured in the presence of unwanted,

small scale, luminance fluctuations. The gradient, as well as all other differential measurements

made on images, is sensitive to noise.

Both of these problems are examined in the sections that follow. The first problem is addressed by

including the higher-order geometric structure of the intensity surface. This leads to a wide range of

p ossibilities for segmentation and a general framework for constructing image segmentations. The

7