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ABSTRACT

Shape-Tailored Features and their Application to Texture

Segmentation

Naeemullah Khan

Texture Segmentation is one of the most challenging areas of computer vision.

One reason for this difficulty is the huge variety and variability of textures occurring

in real world, making it very difficult to quantitatively study textures. One of the key

tools used for texture segmentation is local invariant descriptors. Textures consists

of textons ,the basic building block of textures, that may vary by small nuisances like

illumination variation, deformations, and noise. Local invariant descriptors are ro-

bust to these nuisances making them beneficial for texture segmentation . However,

grouping dense descriptors directly for segmentation presents a problem: existing

descriptors aggregate data from neighborhoods that may contain different textured

regions, making descriptors from these neighborhoods difficult to group, leading to

significant errors in segmentation. This work addresses this issue by proposing dense

local descriptors, called Shape-Tailored Features, which are tailored to an arbitrarily

shaped region, aggregating data only within the region of interest. Since the seg-

mentation, i.e., the regions, are not known a-priori, we propose a joint problem for

Shape-Tailored Features and the regions. We present a framework based on vari-

ational methods. Extensive experiments on a new large texture dataset, which we

introduce, show that the joint approach with Shape-Tailored Features leads to bet-
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ter segmentations over the non-joint non Shape-Tailored approach, and the method

out-performs existing state-of-the-art
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Chapter 1

Introduction

Most surfaces in real world have some sort of texture making textures an important

characteristic of an object’s appearance in images, therefore it is important for vision

scientists to understand the properties of textures. Texture analysis in computer

vision can broadly be classified into four areas (i) Texture Calssification, (ii) Texture

Segmentation (iii) Texture Synthesis and (iv) (Role of textures in) Human visual

perception. The first logical question to ask is, What is a texture? and, How do

we define it? These are particularly challenging questions due to the large variety of

textures in real world and there is no one right answer for these question. Textures are

defined in different ways depending on their application in different areas of research.

Coggins [1] compiled a list of definitions put forward by different scientists. Some of

the definitions for texture are given below,

� ”A region in an image has a constant texture if a set of local statistics or

other local properties of the picture function are constant, slowly varying or

approximately periodic.”[2]

� ”We think of texture as an organized area phenomena. When it is decomposable,

it has two basic dimensions on which it maybe described. The first dimension

is for describing some primitive out of which the image texture is composed,

and the second dimension is for the description of the spatial dependence of
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interaction between the primitives of the image texture.”[3]

� ”We consider texture to be a stochastic, possibly periodic, two-dimensional

image field”[4]

� ”The notion of texture appears to depend upon three ingredients:(i) some local

’order’ is repeated over a region which is large in comparison to the order’s

size, (ii) the order consists in the nonrandom arrangement of elementary parts,

and (iii) the parts are roughly uniform entities having approximately the same

dimensions everywhere within the textured region”[5]

Texture are important in our perception of the world around us. It is one of the

first cues in human vision which allows human to preattentively segment objects in

a scene. Continuous changes in properties of texture helps in the perception of 3-D

shapes [6]. Texture properties are useful in finding shape information from surfaces,

this problem is generally know in computer vision literature as ”shape from X”. An

example of shape from texture is the perception of orientation of a surface by variation

of the texture property of the surface.

In this work we will try to tackle the problem of texture segmentation, i.e. break-

ing an image down in to regions of similar looking textures, which is important in

computer vision (e.g., for defining a mid-level representation) [7, 8, 9], computer

graphics (e.g., as a base step for texture synthesis) [10, 11], and in understanding

human visual perception [12].

Texture Classification and Segmentation have applications in medical imaging

e.g. Texture features are used in classification of pulmonary diseases [13], textures

are used to diagnose leukemic malignancy in samples of stained blood cells [14].In [15]

Landerweed et al applied texture analysis to the study and differentiation of different

type of white blood cells. Chan et al. performed edge enhancement in chest Xrays

using fractal texture features [16]. Pujol and Radeva [17] used texture segmentation
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in intravascular ultrasound images to segment the lumen (blood) and the plaque

(tissue). Wu et al [18] used texture features to classify ultrasonic liver images into

normal, hepatoma and cirrhosis categories.

Texture classification and segmentation also has application in aerial image anal-

ysis, document processing and surface quality inspection. Texture analysis can po-

tentially be used to recognize surface and object. In [19] Dubuisson-Jolly and Gupta

applied color and texture fusion to aerial image segmentation. Their algorithm uses

maximum likelihood classification combined with a certainty based fusion criterion.

A detailed discussion of applications of texture classification and segmentation can

be found in [20].

Texture analysis is a particularly difficult task because of the high level of com-

plexity in texture images. A local invariant descriptor for texture segmentation should

be invariant to the ”intrinsic” stochastic variability of textures and the ”extrinsic”

variability caused by photometric and geometric nuisances. Several attempts have

been made at analysis of texture images resulting in a variety of methods for texture

analysis. In [20] Texture analysis has been broadly classified into four areas:

� Statistical Methods deals with the statistic of gray level in a texture image.

Pioneering work in statistical method was carried out by Julesz, who used image

statistics (first order and second order) to analyze textures. First order statistics

is the gray level of a randomly chosen pixel in an image. Second order statistics

are the pixel values of a randomly chosen pair of pixels in an image.

� Geometric Methods are characterized by the geometric properties of ”texture

elements” or primitives in a texture image. The first step of such methods is to

find the ”texture elements” in an image, the second step is to find the placement

rule for the primitives.
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� Model Based Methods are based on constructing an image model that can

be used to analyze and synthesize texture images. Texture is quantified with

the parameters of the model. The most commonly used model base approach

uses Markov random fields to construct texture images.

� Signal Processing Methods are the most widely used approach for texture

analysis. Texture is defined on the basis of response of certain filters to a texture

image. The most commonly used filters are Gabor filters which find the oriented

gradients in a texture image at different orientations and frequencies. Gabor

filter closely match the response of center surround isotropic retinal ganglion

cells.

Textures typically consist of repeated sub-regions, called textons by Julesz [12], that

have roughly spatially stationary statistics invariant to certain photometric and ge-

ometric nuisances. Grouping invariant statistics of textons would lead to a texture

segmentation. Local invariant descriptors (e.g., [21, 22, 23, 24]), which have had

wide-spread use in matching-related tasks in computer vision, are image statistics

computed in a neighborhood of a pixel that are invariant to minor local illumination

variation, noise, and geometric transformations of the image domain while retaining

distinctiveness, and thus they would provide invariant statistics of textons for tex-

ture segmentation. However, directly grouping dense descriptors for segmentation

presents a predicament, namely, existing local features aggregate data in a neighbor-

hood about a pixel that could contain data from different textured regions, leading

to ambiguity in grouping features, and this results in errors in the segmentation (see

Fig. 1.1). One could attempt to construct local features that aggregate data only

from within regions of the segmentation, however, the segmentation is not known

a-priori (the goal of constructing features is to obtain the segmentation!).
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Non Shape-Tailored (Traditional) Features Shape-Tailored Features (ours)

small textons large textons small textons large textons

Figure 1.1: Descriptors Not Tailored to Shape Lead to an Inaccurate Seg-
mentation. Features that aggregate image data that have no knowledge of the
boundaries of different texture regions lead to erroneous segmentation, and the prob-
lem is exacerbated as the texton size increases. [Left]: Segmentation using features
that are not aware of boundaries. [Right]: Segmentation by Shape-Tailored Features
solved as joint problem.
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1.1 Objectives and Contributions

In this work, we answer two questions: 1. assuming that the textured region is known,

how does one compute local invariant descriptors (aggregations of oriented gradients

at various scales/neighborhoods) so that data is aggregated only within the region

(shape)? and 2. since the textured region is unknown, how does one determine the

region? We introduce Shape-Tailored Features to answer the first question. Shape-

Tailored Features are solutions of PDEs defined on arbitrarily shaped regions. They

are constructed using PDEs since PDEs generalize scale-space to arbitrarily shaped

regions, and PDEs provide a convenient framework, whereby the shape-tailored neigh-

borhoods in which to aggregate data are implicitly defined, and never need to be com-

puted explicitly. Question two is answered with a joint problem for Shape-Tailored

Features and the region. Defining features with PDEs allows one to derive an evolu-

tion equation for the estimated region and features (implicitly evolving the neighbor-

hoods). See Fig. 1.2. The contributions of this thesis folds in the following streams:

• We introduce Shape-Tailored dense local features that are local descriptors tai-

lored to an arbitrary shaped region. Eliminating the problems generated by aggre-

gating data across the texture boundaries irrespective of the size of the neighborhood

chosen for the local descriptor.

• We compute the shape variation for Shape-Tailored features. The change in

the value of the local descriptor with a slight perturbation of the boundary of the

region. Notice that the Shape-Tailored Features are the function of the boundary

of the region because data is aggregated only on the region. A perturbation of the

boundary of the region will results in change in the descriptor.

• We construct and optimize a joint energy for texture segmentation and Shape-

Tailored Features. Shape-Tailored Features solve the problem (of traditional local

descriptors) created because of aggregating data across the texture boundaries. But

the problem of finding the right region to aggregate data from still remains. To
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Existing Features: Desired: neighborhoods
not tailored neighborhoods tarilored to unknown texture

iteration=0 iteration=100 converged

Figure 1.2: How Does One Compute Features for an Unknown Textured
Region? [Top Block, left image]: Existing local features aggregate data from neigh-
borhoods with no knowledge of texture boundaries. [Top Block, right image]: De-
sired features should aggregate data from neighborhoods not crossing texture bound-
aries. [Bottom Block]: our approach starts with an initial estimate of textured region
(green), computes features by aggregating data from neighborhoods tailored to the
region, updates the region estimate, recomputes the features, until the features are
only computed within the textured region.

address this we solve the problem of region and descriptor in a joint manner.

•We introduce a large dataset (250 images with ground truth) for two-class texture

segmentation of real-world textures. The database contain images from a variety of

scenes ranging from naturally occurring textures to man-made textures. We provide

the groundtruth of boundaries and region for all images. We evaluate the performance

of our approach and compare it with other methods on this dataset.

1.2 Related Work

Early approaches [25, 26, 27, 28, 29, 30, 31] for texture segmentation partition the

image into regions that have intensity distributions that are maximally separated

with respect to some statistical distance on distributions. In these works, formulated

using active contours [32], the distribution is a global feature of the region, and
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these distributions are solved jointly with the segmentation. One drawback of this

approach is that intensity distributions lose spatial relations between pixels, which

are important in characterizing textures. Spatial correlations between neighboring

pixels are considered in [33] by creating, for each pixel, a vector that also contains

the pixel intensities in the four neighbors, and distributions of these vectors are used

in segmentation, which improves results. In [34], larger than 4-pixel, but small,

neighborhoods are obtained from a super-pixelization, various statistics are used to

characterize these super-pixels, and distributions of these vectors in super-pixels are

separated to form a segmentation. Super-pixels may cross texture boundaries, which

our method addresses.

A texture is a region that contains sub-regions, called textons, with some statistic

that is spatially stationary. Julesz [12] showed that differences among statistics of

textons are important in texture perception. Accordingly, there have been methods

that aggregate statistics from larger neighborhoods of every pixel (e.g., [35]), ideally

as large as the textons. Gabor filters at various scales and orientations have been

used widely in texture analysis (e.g., [8]), and the response of these filters (or others

[36]) have been used as a feature in texture segmentation (e.g., [37, 38]) and as an

edge-detector [39]. One aspect in using Gabor filters or other forms of aggregating

local image data to construct features is choosing the right scale, i.e., the size of the

neighborhood, as the segmentation is scale dependent. This issue has been considered

in [40, 41, 42], where scale selection is performed by noting the entropy profile of inten-

sity distributions of increasingly sized neighborhoods. The entropy tends to increase

with neighborhood size while the neighborhood size is less than the texton size, and

when the neighborhood size surpasses the texton size, redundant data is aggregated

and the entropy peaks off until reaching another textured region. This idea is used

to compute the scale of texture in [40, 41, 42], which aids segmentation. An aspect

that remains an issue in texture segmentation that uses features of neighborhoods
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is that, even if the correct scale is chosen, the filter response or neighborhood near

texture boundaries crosses into different textured regions, causing ambiguity in the

segmentation (see Fig. 1.1). In [43], filter responses near boundaries are removed in

top-down correction step, however, the method only deals with filter responses that

are a few pixels in length. Our method deals with arbitrary large scales and with the

problem of statistics from different regions by jointly solving for the features, tailored

specifically to regions, and the segmentation.
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Chapter 2

Shape-Tailored Features and Their

Variation

In this section, we define Shape-Tailored Features as solutions to PDEs on regions.

We then compute their variation with respect to shape perturbations, which will

be needed in the next section when the features are used to define an energy for

segmentation R ⊂ R2.

2.1 Constructing Shape-Tailored Local Features

Let R ⊂ R2 be an arbitrary shaped region with non-zero area and smooth boundary

∂R. We assume image data defined on R, i.e., I : R→ R. We wish to compute local

features for each x ∈ R; the feature describes I in a neighborhood of x inside R; I will

also be defined on Ω⊂ R2, the domain of an image, but Shape-Tailored Features are

defined with data only on R. Note that if R is a rectangle, then such local descriptors

are well-known (e.g., DAISY [23]) and standard to compute, however, we wish to

use these ideas to develop local descriptors for arbitrary shapes. To do this, we note

that common descriptors (e.g., DAISY, Scale-Invariant Feature Transform (SIFT))

characterize oriented gradients of the image at various scales. Oriented gradients are

defined in an arbitrary shape R as they are in a rectangular domain. The notion of
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scale of an image can be defined in a generic fashion regardless of the shape of R.

Indeed, scale-space defined with PDE [44] allows one to define the scale of image data

on arbitrarily shaped regions. For example, the heat equation generalizes Gaussian

filtering to arbitrary shapes. These considerations lead us to the following definition

of Shape-Tailored Features as solutions to PDEs:

Definition 1 (Shape-Tailored Features). Let R ⊂ R2 be a bounded region with non-

zero area and smooth boundary ∂R. Let I : R → R. A Shape-Tailored Feature,

u : R → Rn (where n ≥ 1), consists of components uα,θ : R → R for finite scales α

and orientations θ, i.e., u = (uα,θ)α,θ, which are defined as:


uα,θ(x)− α∆uα,θ(x) = Iθ(x) x ∈ R

∇uα,θ(x) ·N = 0 x ∈ ∂R
, (2.1)

where ∆ denotes the Laplacian, ∇ denotes the gradient, and N is the unit out-

ward normal to R. Note that Iθ denotes oriented gradients defined as Iθ(x) :=∫ θ+∆θ

θ
|∇I(x) · eθ′ | dθ′ where eθ indicates a unit direction vector in the direction of

θ, | · | is absolute value, and ∆θ > 0 is the angle bin size.

Remark 2.1.1. The PDE (2.1), for each θ, form a scale space with scale parameter

α. The PDE is arrived at as the minimizer of

E(uα,θ) =

∫
R

(Iθ(x)− uα,θ(x))2 dx+ α

∫
R

|∇uα,θ(x)|2 dx.

Thus, uα,θ is a smoothing of Iθ and α controls the amount of smoothing.

Remark 2.1.2. The most common scale-space, the Gaussian scale-space is the so-

lution of the heat equation, and we have avoided this choice of scale-space. Using

the heat equation to define uα,θ would be more similar to DAISY (and SIFT) except

being tailored to arbitrary shapes R. Although the heat equation can be used and our
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techniques are easily adapted to the heat equation, the use of (2.1) allows for faster

numerical schemes, in particular conjugate gradient, to be employed when used in seg-

mentation (see Section 3.1). Further, (2.1) has similar properties as the heat equation

as a scale-space.

Remark 2.1.3. Those familiar with the Mumford-Shah problem [45] will note that

it uses the solution of (2.1) with Iθ replaced by the image I for a chosen scale α. In-

deed, Mumford-Shah performs segmentation by thresholding I based on the smoothed

versions of the image (computed from the inside region R and outside R). In con-

trast, we use the solution of (2.1) for multiple scales and orientations to define dense

feature vectors for the region R and the outside region, and separate these features

to form a segmentation (see Section 3.1). We will see that this approach requires

new mathematical tools and is necessary to deal with textures, which Mumford-Shah

precludes.

Remark 2.1.4. The feature u is motivated by its covariance / robustness properties.

Indeed, the feature is covariant to planar rotations and translations. This follows from

the covariance of the Laplacian. Further, the feature is robust to small transformations

of the set R. Indeed, if w : R → R is a diffeomorphism such that ‖Dw‖ (D is the

Jacobian) is not too large then uR and uw(R) are close. This can be seen since locally

w is a translation, and the solution of the PDE can be approximated by taking local

averages, which is robust to small translations. This robustness is useful for textures

since textons (especially in textures in nature) within regions vary by small domain

diffeomorphisms.

Remark 2.1.5. Using the Green’s Function Kα, to be introduced in Section 3.1,

uα,θ(x) =
∫
R
Kα(x, y)Iθ(y) dy, where Kα(x, .) is a weight function that defines a neigh-

borhood around x in which to aggregate data, relating to the schematic in Fig. 1.2.

The advantage of solving the PDE (2.1) is that Kα i.e., the neighborhood, does not

need to be computed explicitly.
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Non Shape-Tailored (Traditional) Features
image α = 20, θ = 0 α = 20, θ = π/2 α = 200, θ=0 α = 200, θ = π/2

Shape-Tailored Features
region mask α = 20, θ = 0 α = 20, θ = π/2 α = 200, θ=0 α = 200, θ = π/2

Figure 2.1: Shape-Tailored versus non Shape-Tailored Features. [Top Left]:
Image, [Bottom Left]: region R (white), and outside Rc (black). [Top Right Block]:
non Shape-Tailored Features have no knowledge of the shape, R, and thus aggregate
data across the boundary ∂R (red), causing ambiguity that is more pronounced as
the scale increases. [Bottom Right Block]: Shape-Tailored Features (of R and Rc)
aggregate data only within their respective regions, eliminating ambiguity near ∂R.
The Shape-Tailored Feature of R, uα,θ : R → R, and of Rc, vα,θ : Rc → R, are
displayed in a single image.

Figure 2.1 visualizes Shape-Tailored Features for a region R and the region Rc =

Ω\R outside R. Notice that Shape-Tailored Features aggregate data only within

regions and thus do not cause ambiguity near the boundary, whereas the non Shape-

Tailored Features aggregate the data on the entire domain resulting in ambiguity.

2.2 Variation of Shape-Tailored Local Features

We now compute the variation of the feature uR as the boundary ∂R is perturbed. The

gradient with respect to the boundary can then be computed. This gradient is needed

in the next section when features are incorporated in an energy for segmentation.

Since u has components uα,θ, we compute the variation of uα,θ. For simplicity of

notation, we suppress α, θ and simply write u. We denote by h, a vector field defined

on ∂R, which is a perturbation of ∂R, and thus, h : S1 → R2 where S1 is the unit
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interval. We denote by uh(x) := du(x) · h, which is the variation of u at x with

respect to perturbation of the boundary by h. We assume that I is defined in an

infinitesimal fattening of R so that the PDE (2.1) is well-defined in the region defined

by a perturbation of ∂R. We first show that uh satisfies a PDE:

Lemma 2.2.1 (PDE for Feature Variation). Let u satisfy the PDE (2.1), h be a

perturbation of ∂R, and uh denote the variation of u with respect to the perturbation

h. Then 
uh(x)− α∆uh(x) = 0 x ∈ R

∇uh(x) ·N = us(x)(hs ·N)−NTHu(x) · h x ∈ ∂R
(2.2)

where s is the arc-length parameter of ∂R, hs denotes the derivative with respect to

arc-length, and Hu(x) denotes the Hessian matrix.

Proof. The PDE for uh is obtained by computing the variation with respect to h of

both conditions of the PDE (2.1). The variation of the first equation in (2.1) leads

to the first equation in (2.2).

du(x) · h− α∆ du(x) · h = 0. (2.3)

Next we compute the variation of the boundary condition:

d[∇u(c(p)) ·N ] · h = NTHu(c(p)) · h+∇u(c(p)) ·Nh = 0. (2.4)

Let c be a parameterization of ∂R with parameter p, and cp indicate the derivative

w.r.t the parameter. The variation of N = JT = Jcp/|cp| (J is a 90◦ rotation matrix)

is

Nh = J
d

dε

cp + εhp
|cp + εhp|

∣∣∣∣
ε=0

= J
hp|cp| − cp·hp

|cp| cp

|cp|2

= J(hs − (hs · T )T ) = −(hs ·N)T.

(2.5)
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Substituting (2.5) into (2.4) leads to the boundary condition in (2.2).

∇uh(x) ·N = us(x)(hs ·N)−NTHu(x) · h x ∈ ∂R (2.6)

From the solution of the PDE (2.2), one can compute the gradient of u with

respect to c = ∂R, which we denote by ∇cu. To do this, we express the solution of

(2.2) using the Green’s function defined on R. Although the Green’s function is not

computable analytically for arbitrary shapes R, we will see in the next section that

when the feature is used in an energy and optimized, the analytic expression for the

Green’s function will not be needed, and we use the Green’s function for convenient

symbolic manipulation.

Definition 2 (Green’s Function K for (2.2)). The Green’s function, K : R×R→ R,

for the problem (2.2) (and (2.1)) satisfies


K(x, y)− α∆xK(x, y) = δ(x− y) x, y ∈ R

∇xK(x, y) ·N = 0 x ∈ ∂R, y ∈ R
(2.7)

where ∆ (∇) is the Laplacian (gradient) with respect to x, and δ is the Delta function.

We note an important property of the Green’s function that will be useful in the

next Lemma and in the next section, and follows from direct computation:

Lemma 2.2.2 (Region and Boundary Integrals of K). If f : R → R, g : ∂R → R

and

û(x) =

∫
R

K(x, y)f(y) dy −
∫
∂R

K(x, y)g(y) ds(y) (2.8)
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where K is the Green’s function that satisfies (2.7), then û satisfies


û(x)− α∆û(x) = f(x) x ∈ R

∇û(x) ·N = g(x) x ∈ ∂R
. (2.9)

The gradient ∇cu(x) can now be computed using the Lemma as:

Proposition 2.2.3 (Feature Gradient). The gradient with respect to c = ∂R of u(x),

which satisfies the PDE (2.1), is given by

∇cu(x) =

[
∇yK(x, ·) · ∇u+

1

α
K(x, ·)(u− Iθ)

]
N (2.10)

where N is the outward normal, ∇y denotes the gradient wrt the second argument of

K, and note that ∇cu(x) is defined at each point of c.

Proof. By the property (2.8), we may express the solution of (2.2) as

uh(x) = −
∫
∂R

K(x, y)
[
us(y)hs ·N −NTHu(x) · h

]
ds(y)

=

∫
∂R

[
∂s(KusN) +KNTHu

]
· h ds,

where ∂s denotes derivative with respect to arc-length. Therefore, ∇cu(x) is the

bracketed expression above, which we now simplify. We note that Ns = κT , and by

differentiating the boundary condition ∇u(c(s)) ·N = 0 in s, we find that NTHu(x) ·

T = −usκ where κ is the signed curvature of c. Using the former two properties, we

have

∇cu(x) = ∂s(Kus)N +KusκT +K(NTHu ·N)N +K(NTHu · T )T

=
[
∂s(Kus) +K(NTHu ·N)

]
N. (2.11)

Now note that uss = ∂s(∇u · T ) = T THu · T + ∇u · κN = T THu · T using that
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∇u ·N = 0. This implies that ∆u = uss +NTHu ·N . Using (2.11), we have that

∇cu(x) =
[
∂s(Kus) +K(NTHu ·N)

]
N

=
[
Ksus +K(uss +NTHu ·N)

]
N

=
[
Ksus +K(∂s(∇u · T ) +NTHu ·N)

]
N

=
[
Ksus +K(T THu · T +∇u · κN +NTHu ·N)

]
N

= [Ksus +K∆u]N

(2.12)

Using ∇u ·N = 0 on ∂R and u−α∆u = Iθ into (2.13) gives the expression (2.10).

∇cu(x) = [Ksus +K∆u]N. (2.13)
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Chapter 3

Texture Segmentation With

Shape-Tailored Features

In this section, we use Shape-Tailored Features to design an energy for texture seg-

mentation from images. Since the regions of the segmentation are unknown a-priori,

Shape-Tailored Features and the regions are solved jointly.

3.1 Region-Based Energy and its Gradient

The energy that we introduce aims to divide the image into two regions each with

similar Shape-Tailored Features (i.e., similar textons), and is a generalization of the

Chan-Vese [46] energy (piecewise constant Mumford-Shah [45]). The method can be

generalized to any number of regions using standard techniques [47], but this paper

focuses on the two-region case to illustrate the idea of Shape-Tailored Features.

Let I : Ω → R be an image, R ⊂ Ω, and Rc = Ω\R. We denote by u : R → Rn

(resp., v : Rc → Rn) the Shape-Tailored Feature of I in region R (resp., Rc). Note

that u and v are computed at the same scales and orientations. We define the energy:

Er(R) =

∫
R

|u(x)− ai|2 dx+

∫
Rc

|v(x)− ao|2 dx+ β

∫
∂R

ds (3.1)
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where ai = {ai,α,θ}α,θ, ao = {ao,α,θ}α,θ ∈ Rn are constants, β > 0 is the weight on

the arc-length regularizer. The constants ai, ao are obtained by optimizing Er in the

constants, and are the means of the features over all pixels in their respective regions.

This energy does not fit a form where popular convex methods (e.g., [48]) or

graph-cuts are applicable. Although the problem appears to be a simple Chan-Vese

problem, recall that u and v depend on R, which precludes convex methods and

graph cuts. Therefore, we apply gradient descent, and thus, we compute the gradient

of Er:

Proposition 3.1.1 (Gradient of Region-Based Energy). The gradient of Er with

respect to the boundary c = ∂R is

∇cEr =

(∑
α,θ

fα,θ + βκ

)
N

where N is the outward normal to c, and fα,θ are defined as

fα,θ = (uα,θ − ai,α,θ)2 − (vα,θ − ao,α,θ)2 +
2

α
[ûα,θ(uα,θ − Iθ)− v̂α,θ(vα,θ − Iθ)] +

2 (∇uα,θ · ∇ûα,θ −∇vα,θ · ∇v̂α,θ) (3.2)

where ∇ above denote spatial gradients, and ûα,θ : R→ R, v̂α,θ : Rc → R satisfies:


ûα,θ − α∆ûα,θ = uα,θ − ai,α,θ x ∈ R

v̂α,θ − α∆v̂α,θ = vα,θ − ao,α,θ x ∈ Rc

∇ûα,θ ·N = ∇v̂α,θ ·N = 0 x ∈ ∂R

. (3.3)

Note that fα,θ is a function of each point of c.
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θ = 0 θ = π/4 θ = π/2 θ = 3π/4 scale

α = 20

α = 30

α = 40

α = 50

α = 60

Figure 3.1: Shape-Tailored Features. Shape-Tailored Features for R and Rc are
shown for different scales and orientations, the boundary between two regions is shown
in red.
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Proof. We note that the first term of Er is a sum of terms of the form

e(R) =

∫
R

(u(x)− a)2 dx, (3.4)

and therefore we compute the gradient of e. Note that we may use the Chain Rule,

computing the gradient of e assuming u does not depend on R and adding the gradient

of e supposing that R in the integral remains fixed. The first gradient is a standard

computation (see for example [25]), and thus,

∇e(R) = (u− a)2N + 2

∫
R

(u(x)− a)∇cu(x) dx

= (u− a)2N + 2

∫
R

(u(x)− a)

[
∇yK(x, ·) · ∇u+

1

α
K(u− Iθ)

]
dxN

= (u− a)2N + 2∇y

(∫
R

K(x, ·)(u(x)− a) dx

)
· ∇uN

+
2

α

(∫
R

K(x, ·)(u(x)− a) dx

)
(u− Iθ)N

= (u− a)2N + 2(∇û · ∇u)N +
2

α
û(u− Iθ)N

where the integral in parenthesis has been expressed as the solution of the first PDE in

(3.3) by using Lemma 2.2.2. The last expression yields the terms of fα,θ that involve

uα,θ in (3.2). A similar computation yields the terms that involve v in fα,θ.

We can now write down the gradient of E:

∇cEr =

(∑
α,θ

fα,θ + βκ

)
N

fα,θ = (uα,θ − ai,α,θ)2 − (vα,θ − ao,α,θ)2

+
2

α
[ûα,θ(uα,θ − Iθ)− v̂α,θ(vα,θ − Iθ)]

+ 2 (∇uα,θ · ∇ûα,θ −∇vα,θ · ∇v̂α,θ)

(3.5)

where N is the outward normal.
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non Shape-Tailored Feature Segmentation Evolution

Shape-Tailored Feature Segmentation Evolution (Minimization of Er)

iteration=0 iteration=200 iteration=400 iteration=600 converged

Figure 3.2: Shape-Tailored vs. Non Shape-Tailored Feature Segmentation
Evolution. [Top]: Non Shape-Tailored (traditional) local features segmented with
Chan-Vese. Steps in the evolution are shown. Since traditional features aggregate
image data across textures, features near texture boundaries are ambiguous, causing
errors. [Bottom]: Shape-Tailored Features (same α, θ) are computed jointly with the
segmentation, and since data is aggregated within regions, accurate texture bound-
aries are captured.

The expression for ∇cE is convenient as it does not involve the Green’s function

K instead it involves the solution of additional PDEs for ûα,θ, v̂α,θ. The last two

expressions in (3.2) arise from the shape variation of the feature, and are not seen in

literature.

Figure 3.2 shows the gradient descent of Er to segment a sample texture. To

illustrate the motivation for segmentation with Shape-Tailored Features, we show

comparison to non-Shape Tailored Features (choosing the full image domain Ω to

compute features, solving (2.1), once and using the standard Chan-Vese algorithm to

segment the features).



35

3.2 Numerical Implementation and Computational

Cost

Our implementation of the gradient descent of Er (3.1) uses level set methods [49].

Discretization follows the standard schemes of level sets common in literature (see

appendix B). Let Ψ be the level set function, F be the normal component of ∇cEr,

∆t > 0 be the step size, and t the iteration number. The following steps are iterated

until convergence of Ψ:

1. Ψt = Ψt−1 −∆tF |∇Ψt|, and Rt = {Ψt < 0}, Rc
t = Ω\Rt.

2. Update for all α, θ, uα,θ : Rt → R, vα,θ : Rc
t → R by solving (2.1) using conjugate

gradient with initialization (uα,θ,t−1, vα,θ,t−1) : Ω→ R (zero for t = 0).

3. Update for all α, θ, ûα,θ : Rt → R, v̂α,θ : Rc
t → R by solving (3.3) using conjugate

gradient with initialization (ûα,θ,t−1, v̂α,θ,t−1) : Ω→ R (zero for t = 0).

initialization compute descriptor update region
(only 1 component shown)

itr=0 itr=100 itr=250 converged

Figure 3.3: Numerical Implementation. Row1: Steps of numerical implemen-
tation, step 1: initialization of region with box tessellation, step 2: computation of
descriptor on R and Rc both descriptor are shown with boundary in red, step 3: region
update, 2 and 3 are repeated until convergence. Row 2: Segmentation evolution
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Note that the conjugate gradient algorithm can be used to solve for the features,

and the “hat” features. After the first iteration, the update of these quantities is fast

since the solution changes only slightly between t− 1 and t, and as noted above, we

use the previous feature as an initialization for the feature in the next iteration of the

level set.

Updates for components of the features and “hat” features for each Step 2 and

3 can be done in parallel. Further speed-ups can be done as the features satisfy

linear equations, for which there exist an abundance of fast techniques (e.g., multi-

grid). Using ubiquitous parallel processing (an 8 core processor), our implementation

using conjugate gradient takes 18 seconds to segment a 256× 256 image (with a box

tessellation initialization), using n = 20 dimensional features, which are used in all

experiments.
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Chapter 4

Scale-Selection and Robustness to

Scale

Most local descriptors for texture segmentation aggregate data from some neighbor-

hood around a pixel. An important issue for such descriptor to tackle is: what is

the right choice of neighborhood/Scale? The ”right” neighborhood for a texture is

not know a-piori and vary from texture to texture. If we chose a small neighborhood

size we will not be able to capture the stochastic variability of the texture on the

other hand if the size of neighborhood is large we would suffer from the problem of

aggregating data from neighboring region (particulary near the boundaries of texture

regions). In this section we discuss how our descriptor tackles this problem.

For our descriptor the scales α control the locality of image data in the computa-

tion of uα,θ(x). Small α implies that data is mostly aggregated in a small neighborhood

about x in R, and larger α implies larger neighborhoods are used. In principle, one

would choose the maximum α so that the resulting neighborhood is about the size of

the texton. Estimating the size of the texton a-priori is non-trivial [40]. Fortunately,

we now demonstrate that Shape-Tailored Features, which aggregate data within re-

gions, are robust to the choice of maximum scale. Indeed, any neighborhood size

larger than the texton size gives an equally accurate segmentation.

To demonstrate these points, we conduct an experiment of 100 images constructed
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from texture images from KTH-TIPS dataset and Google. We merge images to create

images with two textured regions. We fix θ = 0, π/4, . . . , π , and choose α = α0 +

(10, 20, 30, 40) where α0 is varied. We compare the final segmentation results of Shape-

Tailored Features to non Shape-Tailored Features (all the same α, θ except that non-

STF are computed on Ω once and Chan-Vese is run on these features). The typical

results for a single image is shown in the left of Fig. 4.1. non-STF with α0 small gives

the least accurate results, as α0 increases, the results improve until the “right-scale”

is chosen, and then the results degrade as α0 increases. This behavior is expected

since large neighborhoods greatly mix statistics from both textured regions. Shape-

Tailored Features (STF) retains the highest accuracy over all scales, and degrades

little with increasing scale. The average profiles over the 100 images are shown in the

right of Fig. 4.1.

Thus, one may choose an arbitrarily large maximum scale, α. The best strategy is

to choose as many scales below this scale in defining the features. In practice, due to

computational issues, a reasonable number of scales must be chosen. So long as the

maximum scale is not too small, Shape-Tailored Features give accurate segmentations.

Notice that this superior performance for the choice of scale is a results of aggre-

gating data only on the regions. Since the design of our descriptor takes care of not

aggregating data across the boundaries of textured region. The performance of our

descriptor does not deteriorate with increasing scale. Traditional local descriptor do

not have this property.
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Shape−Tailored Features

Non Shape−Tailored Features

Profile for Left Image Average Profile on Dataset

Figure 4.1: Robustness of Shape-Tailored Features to the Choice of Scale.
[Left Block]: sample image with two textured regions that is segmented using low,
optimum and large scales for non Shape-Tailored and Shape-Tailored Features. [Mid-
dle]: the accuracy of segmentation (measured with F-measure) as the scale of the
descriptor is increased for the image on the left. [Right]: the accuracy of the seg-
mentation averaged over 100 images. (Larger F-measure indicates a more accurate
segmentation).
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Chapter 5

Experiments

In this section, we test our method on the two-class texture segmentation problem,

i.e., dividing the image into the two most distinctive textures.

Dataset: Berkeley Segmentation Dataset (BSD) [39] is a popular segmentation

dataset which contains non-textured and fewer textured images, and many times both

are mixed in images. We isolate the texture segmentation problem so that we can

assess the performance of our algorithm on textures, and thus we constructed a large

dataset. The dataset consists of images obtained from Flickr and images taken by us

of outdoor and indoor scenes that have two textures (or two dominant textures). A

variety of real textures (man-made textures and textures in nature) have been chosen

with common nuisances (e.g., small deformations of the domain, some illumination

variation). The size of the dataset is 250 images. We have hand segmented these

images to facilitate quantitative comparison. Figure 5.1 shows some sample images

from Our dataset
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Figure 5.1: Kaust Dataset: Some images from Kaust Dataset, notice the huge
intrinsic stochastic variability of texture, and extrinsic variability of parameters such
as illumination etc.

Methods Compared: We compare our method (STF ) to common approaches

for segmentation. In particular, we compare to Chan-Vese (CV) [46] segmentation

using global convex methods [48] (Chan-Vese [48]), an advanced texture segmentation

approach based on local histograms optimized for neighborhood size (Hist [35]), tex-

ture segmentation based on the entropy profile (Entropy [40]), segmentation of SIFT
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descriptors (SIFT-CV ), the hierarchical segmentation approach (gPb [39]), and non-

Shape Tailored Features (non STF ) - the features are computed on the whole image

and a Chan-Vese segmentation is run. Note that gPb is for general purpose segmen-

tation, and is relevant for texture segmentation since it is built on several components

(e.g., Gabor filtering, and local histograms) that capture texture boundaries, and the

method is state-of-the-art. We use code provided by the authors of gPb. For all the

methods, a few test images were used to obtain the best regularity parameter, and

that same parameter was used for the rest of the datasets. However, for gPb the

Precision-Recall (PR) framework is used to obtain the best threshold on the edge-

map (with respect to ground truth), and this represents the best possible results the

algorithm is capable of achieving. For our algorithm, the scales α = 5+(10, 20, 30, 40)

and θ = 0, π/4, . . . , π, are kept fixed on the whole dataset, as is the regularity pa-

rameter β = 0.75. All algorithms that require an initialization (all except gPb) are

initialized with a regular tessellation of small boxes. For all algorithms except gPb,

only grayscale data is used; gPb is given color data as that is part of the technique.

Discussion of Qualitative Results: Figure 5.2 shows sample visualization of

results (12 out of about 250 images) for the most promising of the methods tested,

and ground truth is displayed. Refer to Appendix A for more visualizations. Shape-

Tailored Features consistently performs well, clearly performing better than or at least

as good as other methods. One can see that the boundaries are more accurate for STF

than non-STF, and in many cases, the smoothing of data across textured regions also

leads to more severe errors beyond overshooting the boundaries. The other region-

based methods many times cannot capture the intrinsic texture differences on the

dataset, in many cases capturing brightness rather than texture differences. The

edge-based segmentation approach of gPb works well detecting brightness edges, but

in many cases fails to detect texture boundaries. gPb depends on a threshold which

is optimized with respect to ground truth (in terms of boundary metrics that we
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discuss next). Although gPb may be tuned for a particular image to capture relevant

edges, many times the segmentation is an over-segmentation, and the threshold is not

repeatable for other images.

Discussion of Quantitative Results:Table 5.1 shows quantitative evaluation of

the algorithms tested on synthetic texture images generated with know groundtruth

using images from KTH TIPS database and texture images from Google. We evaluate

the algorithms using the evaluation protocol developed in [39]. The algorithms are

evaluated both in terms of boundary and region accuracy. The boundary metric is

reported in terms of F-measure of the algorithm’s result compared with ground truth

boundaries, while the segmentation is evaluated with three different metrics (ground

truth covering, the rand index, variation of information). For all metrics (except

variation of information), a higher value indicates better fit to ground truth, however,

a lower variation of information is a better fit to ground truth. ODS and OIS are the

best values of results of the algorithm tuned with respect to a threshold on the entire

dataset (ODS) and each image individually (OIS), and the difference applies only to

gPb. Other algorithms (and ours) have the regularity parameter chosen based on

testing a few images, and those parameters are fixed for the entire dataset, thus ODS

and OIS are the same for these algorithms. Our method out-performs all methods on

all metrics. Table 5.2 shows quantitative evaluation of the algorithms tested on our

entire real images dataset. As expected, STF out-performs non-STF on the boundary

metrics by a large factor, while also out-performing it on region metrics. The second-

best method is gPb, which we out-perform by statistically significant factors. It is

interesting to note that although STF is a segmentation approach, its precise modeling

of textured regions implies that it is able to capture boundaries accurately, more so

than gPb, even though gPb is designed to explicitly detect edges (texture and others).
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image groundtruth CV [46] Hist [35] Entropy [40] gPb [39] non STF STF (ours)

Figure 5.2: Sample Results on the Texture Segmentation Dataset. Segmenta-
tion boundaries are displayed for various methods. (See Appendix for more samples).
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Contour Region metrics
GT-cov. Rand. Index Var. Info.

ODS OIS ODS OIS ODS OIS ODS OIS

STF (ours) 0.84 0.84 0.97 0.97 0.97 0.97 0.21 0.21
not-STF 0.35 0.35 0.92 0.92 0.92 0.92 0.46 0.46
gPb [39] 0.78 0.83 0.92 0.97 0.93 0.97 0.25 0.14
SIFT-CV 0.11 0.11 0.65 0.65 0.68 0.68 1.30 1.30
Entropy [40] 0.05 0.05 0.81 0.81 0.82 0.82 0.82 0.82
Histogram-5 [35] 0.53 0.53 0.78 0.78 0.82 0.82 0.91 0.91
Histogram-10 [35] 0.44 0.44 0.77 0.77 0.82 0.82 0.93 0.93
Chan-Vese [46] 0.60 0.60 0.87 0.87 0.88 0.88 0.52 0.52

Table 5.1: Summary of Results on the Synthetic Texture Dataset. Algorithms
are evaluated using with contour and region metrics (see text for details). Higher F-
measure for the contour metric, ground truth covering (GT-cov), and rand index
indicate better fit to the ground truth, and lower variation of information (Var. Info)
indicates a better fit to ground truth. Bold red indicate best results and bold black
indicates second-best results.

Contour Region metrics
F-meas. GT-cov. Rand. Index Var. Info.

ODS OIS ODS OIS ODS OIS ODS OIS

STF (ours) 0.60 0.60 0.92 0.92 0.93 0.93 0.42 0.42
non STF 0.26 0.26 0.84 0.84 0.85 0.85 0.77 0.77
gPb [39] 0.48 0.56 0.77 0.88 0.82 0.90 0.71 0.44
SIFT-CV 0.05 0.05 0.58 0.58 0.63 0.63 1.58 1.58
Entropy [40] 0.09 0.09 0.72 0.72 0.74 0.74 1.13 1.13
Histogram-5 [35] 0.18 0.18 0.59 0.59 0.66 0.66 1.60 1.60
Histogram-10 [35] 0.18 0.18 0.58 0.58 0.66 0.66 1.63 1.63
Chan-Vese [46] 0.18 0.18 0.69 0.69 0.72 0.72 1.23 1.23

Table 5.2: Summary of Results on the Texture Segmentation Dataset. Algo-
rithms are evaluated using contour and region metrics (see text for details). Higher
F-measure for the contour metric, ground truth covering (GT-cov), and rand index
indicate better fit to the ground truth, and lower variation of information (Var. Info)
indicates a better fit to ground truth. Bold red indicate best results and bold black
indicates second-best results.
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Failure Cases: Our method performs well, but many challenges lie in texture

segmentation: illumination variation, shading and shadows. Some failures are in

Fig. 5.3.

Figure 5.3: Failure Cases: Some images that presented difficulties for our algorithm.
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Chapter 6

Concluding Remarks

We have introduced Shape-Tailored Features, dense local invariant features of image

data that are naturally tailored to arbitrarily shaped regions. These features have

been shown to be important in the problem of texture segmentation, unlike existing

local descriptors, which aggregate data from neighborhoods that cross texture bound-

aries, creating ambiguity for segmentation algorithms. Since the region for which to

compute Shape-Tailored Features is unknown, a joint problem for the regions and

features was solved, which update for region and descriptor iteratively until the cor-

rect segmentation and descriptor is obtained. Experiments on a challenging texture

dataset that we introduced show that the joint approach with Shape-Tailored Features

is more accurate than traditional non Shape-Tailored features and popular texture

segmentation methods. Although our method has outperformed other approaches,

texture segmentation remains a challenge. One issue that remains a difficulty is il-

lumination variation, even small illumination variation induce large changes in ours

and existing descriptors, leading to significant errors in the segmentation. Future

work includes adapting the technique to more than two regions, and using more

invariance (e.g., scale, more deformation, illumination) in the design of other shape-

tailored features. The basic framework of Shape-Tailored descriptors can also be used

to design higher order region based descriptors similar to wavelet based descriptors

e.g. scattering descriptor [24]. Shape-Tailored Features can potentially be used for
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tracking of textured objective using an edge based energy. The basic framework of

Shape-Tailored Features can also be used in matching applications.
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APPENDICES

A Appendix A More Results

image GT CV [46] Hist [35] Entropy[40] SIFT gPb [39] non STF STF

Figure A.1: Sample Results on the Texture Segmentation Dataset. Segmen-
tation boundaries are displayed for various methods.
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image GT CV [46] Hist [35] Entropy[40] SIFT gPb [39] non STF STF

Figure A.2: Sample Results on the Texture Segmentation Dataset. Segmen-
tation boundaries are displayed for various methods.
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image GT CV [46] Hist [35] Entropy[40] SIFT gPb [39] non STF STF

Figure A.3: Sample Results on the Texture Segmentation Dataset. Segmen-
tation boundaries are displayed for various methods.
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B Appendix B Level Set Method

For our algorithm we use level set method [49] to evolve our curve. In level set

method we evolve an implicit representation of the curve, which is the zero level

set. The level set function maps image plane at time t to the space of real numbers,

Ψ : R+ × R2 → R. The zero level set of Ψ will correspond to our curve c and time t

Ψ(t, c(t, p)) = 0 ∀p ∈ [0, 1] (B.1)

and the curve evolves according to

∂

∂t
c(p, t) = F (p, t) (B.2)

where F is the force for evolving the curve. Using the above 2 equations we find

the evolution of the level set with time.

Ψt(t, x) = −∇Ψ(t, x).F (p, t) (B.3)

where x is on the curve for some value of p. Similarly it can be shown that the

level set evolution for curvature flow is

Ψt(t, x) = |∇Ψ(t, x)|div
( ∇Ψ(t, x)

|∇Ψ(t, x)|

)
(B.4)

Notice that F (the deformation field of the curve) is defined on the zero level set. Once

we evolve the zero level set, the level set defined on the image will no longer resemble
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a distance function. The solution to tackle this problem is either to reinitialize the

distance function or to use some smoothing of the level set. We use the smoothing

method define by Sussman et al in [50].

a ≡ D−x =
Ψi,j −Ψi−1,j

h

b ≡ D+
x =

Ψi+1,j −Ψi,j

h

c ≡ D−y =
Ψi,j −Ψi,j−1

h

d ≡ D+
y =

Ψi,j+1 −Ψi,j

h

(B.5)

where i, j represent the discrete index of position in x and y dimension respectively,

and h is the step size

G(Ψ)i,j =



√
max[(a+)2, (b−)2] +max[(c+)2, (d−)2]− 1 Ψi,j > 0√
max[(a−)2, (b+)2] +max[(c−)2, (d+)2]− 1 Ψi,j < 0

0 otherwise

(B.6)

The level set is smoothed with

ΨN+1
i,j = ΨN

i,j −∆tsgn(Ψ0
i,j)G(ΨN

i,j) (B.7)

where sgn() is the 2D signum function. To summarize the algorithm:

1. initialize the level set function from the curve.

2. update the zero level set with the level set evolution equation (B.3)

3. smooth the level set function (B.7)

Step 2 and 3 are repeated with each iteration of level set evolution.
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