
Deformable-model based Textured Object Segmentation

Xiaolei Huang1, Zhen Qian2, Rui Huang1, Dimitris Metaxas1,2

{xiaolei, ruihuang, dnm}@cs.rutgers.edu, zqian@eden.rutgers.edu

1 Division of Computer and Information Sciences, Rutgers University, NJ, USA

2 Department of Biomedical Engineering, Rutgers University, NJ, USA

Abstract. In this paper, we present a deformable-model based solution for seg-
menting objects with complex texture patterns of all scales. The external im-
age forces in traditional deformable models come primarily from edges or gra-
dient information and it becomes problematic when the object surfaces have
complex large-scale texture patterns that generate many local edges within a
same region. We introduce a new textured object segmentation algorithm that
has both the robustness of model-based approaches and the ability to deal with
non-uniform textures of both small and large scales. The main contributions in-
clude an information-theoretical approach for computing the natural scale of a
“texon” based on model-interior texture, a nonparametric texture statistics com-
parison technique and the determination of object belongingness through belief
propagation. Another important property of the proposed algorithm is in that the
texture statistics of an object of interest are learned online from evolving model
interiors, requiring no othera priori information. We demonstrate the potential
of this model-based framework for texture learning and segmentation using both
natural and medical images with various textures of all scales and patterns.



1. Introduction

Deformable models, which are curves or surfaces that move under the influence of
internal smoothness forces and external image forces, have been extensively studied
and widely used for robust object segmentation. In the literature, there are two major
classes of deformable models. One is the parametric deformable models [12, 25, 5] that
explicitly represent curves and surfaces in their parametric form; the other class is the
geometric deformable models [3, 14], which implicitly represent model shape as the
zero level set of a higher-dimensional scalar function, and evolve the model based on
front propagation using the theory of curve evolution. In the formulations for both types
of models, the external image forces traditionally come from edge or image gradient
information. However this makes the models unfit for finding boundaries of objects with
complex large-scale texture patterns due to the presence of large variations in image
gradient and many local edges inside the object.

There have been efforts to address this problem. Geodesic Active Regions [17] deal
with supervised texture segmentation in a frame partition framework using level-set
deformable model implementation. There are several assumptions in this supervised
method however, which include knowing beforehand the number of regions in an im-
age and the statistics for each region are learned off-line using a mixture-of-gaussian
approximation. These assumptions limit the applicability of the method to a large vari-
ety of natural images. Region Competition [27] performs texture segmentation by com-
bining region growing and active contours using multi-band input after applying a set
of texture filters. The method assumes multivariate Gaussian distributions on the filter-
response vector inputs. Another texture segmentation approach in a deformable model
framework [20] is based on deforming an improved active contour model [26] on a
likelihood map instead of heuristically constructed edge map. However, because of the
artificial neighborhood operations, the results from this approach suffer from blurring
on the likelihood map, which causes the object boundary detected to be “dilated” ver-
sions of the true boundary. The dilate zone could be small or large depending on their
neighborhood size parameter. Metamorphs [9] is recently proposed as a new class of
deformable models that integrate boundary information and nonparametric region sta-
tistics for segmentation. It mostly dealt with intensity images with noise and complex
intensity distributions however.

In this paper, we propose a new deformable-model based solution to accurate and
robust texture segmentation. The key novelty and contribution are in the analysis and
representation of model-interior texture statistics. The first step in analysis is to deter-
mine a best natural scale for the texons, which are the basic structural elements for the
texture of interest. If this scale is small, then a nonparametric kernel-based approxima-
tion of the model-interior intensity distribution is sufficient to capture the statistics; if
the scale is large which often means the texture consists of large-scale periodic patterns,
a small bank of Gabor filters is applied and the nonparametric statistics are evaluated on
the filter responses. We then compute the likelihood map of texture consistency over the
entire image domain by comparing local patch statistics with the model-interior statis-
tics. This type of analysis enables our method to automatically and adaptively deal with
both regions that are mostly homogeneous (intensity) and regions that consist of large-
scale patterns, while keeping a sharp edge on the likelihood map right on the texture



region boundary. The deformable model dynamics is derived from energy terms defined
on the computed likelihood map, and when the model evolves, the model-interior sta-
tistics are re-analyzed and the likelihood map is updated. This adaptive online-learning
process on one hand constraints the model to deformations that keep consistent model-
interior statistics, and on the other hand enables the model to converge to true object
boundary in the presence of not-perfectly uniform texture patterns.

1.1. Previous Work

Texture analysis and segmentation is an important problem in many areas of computer
vision, because images of natural scenes, medical images and images of many other
modalities are mainly composed of textured objects. Different texture segmentation
approaches have been presented in the literature and they typically follow two steps: a
modelling step to generate texture descriptors to describe texture appearance, and an op-
timization step to group pixels into regions of homogeneous texture appearance. In the
modelling phase, Markov Random Fields [15], banks of filters [21], wavelets [2], etc.
are some common techniques. In the classification/grouping phase, supervised methods
[17, 2] partition an image by maximizing likelihood given features or statistics learned
from a set of texture patterns givena priori, while un-supervised methods [15, 13] ap-
ply clustering techniques to group pixels into homogeneous segments in the descriptor
vector space.

Recently Graph Cuts [24] has been coupled with contour and texture analysis [13]
to achieve un-supervised segmentation on varieties of images, and one of its extension,
GrabCut [22], has shown promising results in interactive textured foreground extrac-
tion. Another work is Active Shape and Appearance Models [7, 6], which learns sta-
tistical models of object shape and appearance and use the prior models to segment
textured objects.

Compared to previous work, the deformable model based texture segmentation
method we propose integrates high-level model constraints with low-level processing
and classification. It has the advantage of not requiring off-line supervised learning,
yet it enjoys the benefits of having a likelihood map measuring texture consistency by
means of online adaptive learning of model-interior statistics. Another advantage is in
its elaborate information-theoretic texon scale analysis, which eliminates the classic
blurring effect around texture boundaries on computed likelihood maps.

The remainder of the paper is organized as follows. We present an overview of our
method in section 2. Then detailed algorithm in each step is described in section 3.
Experimental results are presented in section 4, and we conclude with discussions in
section 5.

2. Overview

The basic idea of our deformable-model based texture segmentation algorithm is de-
picted in Fig. 1, and the algorithm consists of the following steps:

1. Initialize a simple-shape deformable model centered around a seed point. In Fig.
1(a), the initial model is the larger circular model, and the seed point is marked by
an asterisk.
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Fig. 1. (a) the original cheetah image. Initial Model: outer large circle; Texon scale: inner small
circle, (b) likelihood map computed based on texon statistics, (c) updated likelihood map after
applying BP based MRF, (d) an intermediate model, (e) converged model.

2. Determine a “best” natural scale for the texture elements that are basic building
blocks of the model interior texture. We call such texture elements “texons”, fol-
lowing the naming convention in [10, 13, 28]. In Fig. 1(a), the determined texon
scale is indicated by the inner smaller circle.

3. Compute nonparametric statistics of the model-interior texons, either on intensity
or on Gabor filter responses depending on the texon scale, and compare it with
local-neighborhood statistics surrounding each pixel in the image. Thereafter a like-
lihood map is generated which measures the consistency of each local patch texture
with the model-interior texture. Fig. 1(b) shows an example of such computed like-
lihood map given the model in Fig. 1(a).

4. Use the Belief-Propagation implementation of Markov Random Fields to update
the likelihood map, taking into account contextual information from neighboring
texture patches. For the cheetah image, the updated likelihood map is shown in Fig.
1(c).

5. Evolve the deformable model, for a fixed number of iterations, toward object bound-
ary based on model dynamics derived from both texture energy terms defined on
the likelihood map and balloon-force energy terms defined on the model geometry.
In Fig. 1(d), an intermediate model is drawn on the image.

6. Repeat steps 3-5 until convergence (e.g. when model deformation between itera-
tions is sufficiently small). The converged model on the cheetah image is shown in
Fig. 1(e).



3. Methodology

In this section, we present the detailed algorithm in each step.

3.1. Implicit Model Representation

In our framework, we use the Euclidean distance transform to embed an evolving de-
formable model as the zero level set of a higher dimensional distance function [16, 18,
9]. In the 2D case, letΦ : Ω → R+ be a Lipschitz function that refers to the distance
transform for the model shapeM. The shape defines a partition of the domain: the
region that is enclosed byM, [RM], the background [Ω − RM], and on the model,
[∂RM]. Given these definitions the following implicit shape representation is consid-
ered:

ΦM(x) =





0, x ∈ ∂RM
+Ed(x,M) > 0, x ∈ RM
−Ed(x,M) < 0, x ∈ [Ω −RM]

(1)

whereEd(x,M) refers to the min Euclidean distance between the image pixel location
x = (x, y) and the modelM.

This implicit representation makes the model shape representation a distance map
“image”, which greatly facilitates the integration of boundary and region information.
It also offers topology freedom and parameterization independence during model evo-
lutions.

3.2. Texture Consistency Likelihood map given Model Interior

Given the current model shape, our first goal is to find a mathematical solution to deter-
mine a “best” local scale for the texture elements that are basic building blocks of the
model interior texture.

Best Local Scale for Model Interior Texons We approach this scale problem using
a detector based on comparing a texon interior intensity probability density function
(p.d.f.) with the whole model interior p.d.f., and we determine the scale of the texon
as the smallest scale that provides a texon p.d.f that is sufficiently close to the overall
model interior p.d.f.

Suppose the model is placed on imageI, and the image region bounded by current
modelΦM is RM, we use a nonparametric kernel-based method to approximate the
p.d.f. of the model interior intensity. Let us denote the random variable for intensity
values byi, i = 0, ..., 255, then the intensity p.d.f. of the model-interior region is defined
by:

P(i
∣∣ΦM) =

1
V (RM)

∫∫

RM

1√
2πσ

e
−(i−I(y))2

2σ2 dy (2)

whereV (RM) denotes the volume ofRM, y are pixels in the domainRM, andσ is a
constant specifying the width of a gaussian kernel.

Similarly, the intensity p.d.f. for a local texon can be defined as in Eq. 2, the only
difference being that the integration is over pixels inside the texon.
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Fig. 2. (a) Cheeta image. Outer large circle shows an initial model, inner small circle shows the
determined best scale for model-interior texons. (b) Overall model interior p.d.f. (c) Y axis: K-L
distance between texon p.d.f. and overall model-interior p.d.f.; X axis: changing scale (i.e. radius)
of the texon under evaluation. Each curve represents a texon centered at a different pixel inside
the model. (d) The best scale determined remains stable as we change the size of the initial model.

To measure the dissimilarity between two probability density functions, we adopt
an information-theoretic distance measure, the Kullback-Leibler (K-L) Divergence [1].
Since the K-L divergence is asymmetric, we instead use one of its symmetrized relative
– the Chernoff Information. The Chernoff Information betweenp1 andp2 is defined by:

C(p2‖p1) = max
0≤t≤1

− log µ(t)

whereµ(t) =
∫

[p1(i)]1−t[p2(i)]tdi. A special case of Chernoff ”distance” is the Bhat-
tachayya ”distance”, in whicht is chosen to be12 , i.e., the Bhattachayya ”distance”
betweenp1 andp2 is:

B(p2‖p1) = − log µ(
1
2
)

In order to facilitate notation, we write:

ρ(p2‖p1) = µ(
1
2
) =

∫
[p1(i)]

1
2 [p2(i)]

1
2 di (3)

Clearly, when the value forρ ranges from one to zero, the value forB goes from zero
to infinity.



The Chernoff Information is an important information-theoretic distance measure,
and it has been shown this measure is the exponential rates of optimal classifier perfor-
mance probabilities [4]. The use of this measure is also justified in our experiments in
which we observe a stable convergence in the distances between texon p.d.f and overall
model interior p.d.f as the test scale increases.

The steps in determining the scale of texons inside the current model are as follows.

1. Approximate the intensity p.d.f. of the overall model interior (Eq. 2). Denote this
p.d.f. aspm.
The p.d.f. for the cheetah example based on the initial model in Fig. 2(a) is dis-
played in Fig. 2(b).

2. Choose a best scalês for the model interior texons among all possible scales be-
tween1...S 1.
Let us denote a texon of scales centered at a pixelx by T (x, s), and its interior
intensity p.d.f. bypT (x,s). To determine the best scalês, we compute the Bhat-
tachayya distance betweenpm andpT (x,s), for all pixelsx inside the model and
for all scaless = 1...S. Fig. 2(c) visualizes the functional relationship between
such distances and the scale in a graph. In the graph, each curve represents the
“distance-scale” function for texons centered at a different pixel. From the graph,
we can see that, as the scale increases, the Bhattachayya distance decreases asymp-
totically at all pixels, and all curves finally converge at a small value. This behavior
proves the validity of the usage of this symmetrized K-L distance measure, and it
also exposes to us a way to determine the natural scale of the model interior texons
– the scale corresponding to the point of inflection on the Distance-Scale function
curves. Since we get a scale value for every pixel inside the model this way, we use
a robust estimator, the median estimator, to choose the best scaleŝ as the median
of the inflection-point scales chosen for all these pixels. On Fig. 2(a), we indicate
the best scale computed this way by the inner small circle.

Based on our experiments, this ”best” natural scale for model-interior texons de-
termined using the method above is invariant to the size of the initial model. Fig. 2(d)
shows the functional relation between the best scale chosen vs. initial size of the model
for the cheetah example. We can see from the curve that the best scale remains stable
as the size of the initial model changes. This behavior is also observed in many other
examples that we tested.

Compute Texture Likelihood map Once we have determined the scale for model-
interior texons, we can, for every pixel on the image, evaluate the likelihood of its
neighborhood texon being consistent with the object texture learned from the model
interior texture. We define this likelihood using theρ value in Eq. 3, since it increases as
the Bhattachayya distance between two distributions decreases. That is, the likelihood
of any pixelx on the imageI belonging to the object of interest is defined by:

L(T (x, ŝ)
∣∣ΦM) ∝ ρ(pT (x,ŝ)‖pm) (4)

1 Here we assume that the current model interior contains at least one texon, and the largest test
scaleS is smaller than the size of the model.
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Fig. 3. (1) Gabor filters in a small bank with constant frequency and shape, and varying orienta-
tion. (2) Responses of the cheetah image to Gabor filters in (1).

whereT (x, ŝ) represents the neighborhood texon centered atx and with scalês, pT (x,ŝ)

is the intensity p.d.f. of the texon intensity, andpm is the p.d.f. learned from interior
intensity of the model initialized inside the object.

One limitation of using the nonparametric intensity p.d.f. to approximate texon(or
model) interior texture statistics is that, the information on pixel order and spatial cor-
relation between pixels within a texon is lost. For instance, if we take a texon inside the
object, randomly re-permute all pixels within it to generate a new texon, then copy this
new texon to locations surrounding the object, then the computation in Eq. 4 would have
trouble differentiating these two kinds of texons, even though they appear different.

The importance of the texture pattern (i.e. pixel order) information depends on the
scaleŝ though, since this scale reveals to some extent the characteristics of the model-
interior texture. In our framework, we separate two cases according toŝ and treat them
differently when computing the likelihood map.

C1: In the first case, if̂s is very small (e.g. the radius of texons is less than 3 pixels
wide), the model-interior texture is mostly homogeneous with some level of noise,
hence it is not necessary to further consider the spatial correlation between pixels,
and Eq. 4 should be sufficient in this case.

C2: In the second case, if̂s is rather large, we predict that the model-interior texture
consists of periodic mosaics of large-scale patterns, and additional measures are
necessary to capture the statistics in these patterns as well. We approach this by ap-
plying a small number of Gabor filters [8] to the model interior, and learn statistics
with respect to the Gabor responses.
In our experiments, we chooseN(N = 4) Gabor filter bases (Fig. 3(1)). The fil-
ters have constant frequency and shape, but with varying orientations. The fre-
quency and Gaussian-envelop shape of the filters are computed based on the pre-
determined scale of model-interior texons. For each of theN Gabor filters in the
small filter bank, we get a response imageRn, n = 1, ..., N , as shown in Fig. 3(2).
Suppose the random variable for the response value from filtern isXn, we learn the
probability density function ofXn, using the same nonparametric kernel-based ap-



Fig. 4. The MRF Graphical Model.

proximation as in Eq. 2, for pixels inside the model. This way, we haveN p.d.f.s,
pMn , n = 1, ..., N , to describe the statistics of the model-interior response to the
different Gabor filters.
When computing the likelihood map for pixels of the entire image, we use a mech-
anism similar to that in Eq. 4, but we combine the probabilities derived from all
Gabor filter responses. That is, for every pixelx on the image, we take its lo-
cal neighborhood texonT (x, ŝ), and compute its interior response-value p.d.f.s
pT

n , n = 1, ..., N . Then the likelihood of this texon being consistent with the model-
interior texture pattern is measured by:

L(T (x, ŝ)
∣∣ΦM) ∝ P (T

∣∣pM1 , ..., pMN )

=
∏N

n=1 P (T
∣∣pMn )

∝ ∏N
n=1 ρ(pT

n‖pMn ) (5)

In the equation, we approximate the likelihood in terms of each Gabor filter re-
sponse using theρ value, and the relations can be easily derived given that the
responses from different Gabor-filter bases are conditionally independent of each
other.

After computing the likelihood at each pixel over the entire image domain, we de-
note the resulting likelihood mapL(T (x, ŝ)

∣∣ΦM) asLI .

Contextual Confirmation through belief propagation The likelihood mapLI quan-
tifies the probability of every local texon belonging to part of the texture region of
interest. However, all measurements are still local, and no context information between
neighboring texons is accounted for. Markov Random Field (MRF) models are often
used to capture dependencies between neighboring cliques (e.g. pixels, texons, etc.),
and can be applied on the likelihood map to reduce noise and improve neighborhood
consistency.

Given a typical graphical-model illustration for MRF, as shown in Fig. 4, the graph
has two kinds of nodes: hidden nodes (circles in Fig. 4, representing region labels) and
observable nodes (squares in Fig. 4, representing image pixels). Edges in the graph
depict relationships between the nodes.



Let n be the number of the hidden/observable states (i.e., the number of pixels in
the image). A configuration of the hidden layer is:

h = (h1, ..., hn), hi ∈ V, i = 1, ..., n (6)

whereV is a set of region labels, such asV = 0, 1, where the value0 indicates different
texture from the model interior, and the value1 indicates same texture as the model
interior.

Similarly, a configuration of the observable layer is:

o = (o1, ..., on), oi ∈ D, i = 1, ..., n (7)

where D is a set of pixel values, e.g., the original likelihood values in the mapLI . The
relationship between the hidden states and the observable states (also known as local
evidence) can be represented as the compatibility function:

φ(hi, oi) = P (oi|hi) (8)

Similarly, the relationship between the neighboring hidden states can be represented as
the second compatibility function:

ψ(hi, hj) = P (hi, hj) (9)

Now the inference problem can be viewed as a problem of estimating the MAP solution
of the MRF model:

hMAP = argmaxhP (h|o) (10)
where

P (h|o) ∝ P (o|h)P (h) ∝
∏

i

φ(hi, oi)
∏

(i,j)

ψ(xi, xj) (11)

The exact MAP inference in MRF models is computationally infeasible, and we use
an approximation technique based on the Belief Propagation (BP) algorithm, which is
an inference method proposed by [19] to efficiently estimate Bayesian beliefs in the
network by iteratively passing messages between neighbors. We assume the likelihood
values in each region follow a Gaussian distribution:

φ(hi, oi) =
1√

2πσ2
xi

exp
(− (oi − µxi)

2

2σ2
xi

)
(12)

and the compatibility function between neighboring hidden states is represented by:

ψ(oi, oj) =
1
Z

exp
(δ(oi − oj)

σ2

)
(13)

whereδ(x) = 1 if x = 0; δ(x) = 0 if x 6= 0, σ controls the degree of similarity between
neighboring hidden states, andZ is a normalization constant.

After this step of MRF contextual confirmation, the resulting new likelihood map is
denoted byLc

I . One example demonstrating the effect of this step can be seen in Fig.
1(c). In our experiments, we use the{0, 1} region labels as the hidden states, hence
by thresholding at0.5, we can differentiate regions that have similar texture with the
model-interior from other background regions.



3.3. Deformable Model Dynamics

In order to evolve the deformable model toward the boundary of the texture region of
interest, we derive the model dynamics in a variational framework by defining energy
terms leading to both external texture/image forces and internal balloon forces.

Free Form Deformations The deformations a model in our framework can undergo
are defined using a space warping technique, the Free Form Deformations (FFD) [23,
9]. The essence of FFD is to deform an object by manipulating a regular control lattice
F overlaid on its volumetric embedding space, hence it integrates naturally with the
implicit model shape representation (see section 1). In the Incremental FFD formulation
used in [9], the deformation parameters,q, are the deformations of the control points in
bothx andy directions:

q = {(δF x
m,n, δF y

m,n)}; (m,n) ∈ [1,M ]× [1, N ]

where the control lattice is of sizeM×N . The deformed position of a pixelx = (x, y),
given the deformation of the control lattice from an initial regular configurationF 0

to a new configurationF , is defined in terms of a tensor product of Cubic B-spline
polynomials:

D(q;x) = x + δD(q;x) =

3X

k=0

3X

l=0

Bk(u)Bl(v)(F 0
i+k,j+l + δFi+k,j+l) (14)

wherei = b x
X · (M − 1)c+ 1, j = b y

Y · (N − 1)c+ 1.
Since FFD imposes implicit smoothness constraints during model deformation, which

guaranteesC1 continuity at control points andC2 continuity everywhere else, we omit
model smoothness energy terms that are common in traditional parametric or level-set
based deformable models.

Data Terms for Texture/Image forces Given the likelihood mapLc
I computed based

on the current model-interior texture statistics, we are able to segment out foreground
regions that have similar texture with the model-interior (see section 3.2) by threshold-
ing at0.5 on Lc

I . Since there may be many disconnected foreground regions detected
this way, we choose only the one overlapping the current model as the current region
of interest (ROI). Suppose the binary mask of this ROI isIr, we encode its boundary
information by computing the Euclidean distance transform ofIr, which is denoted by
Φr. Then we define a data energy term to evolve the model toward the ROI boundary as
follows:

Edata =
1

V (RM)

∫∫

RM

(
ΦM(x)− Φr(D(q;x))

)2
dx

whereΦM is the implicit representation of the current model (Eq. 1),RM is the model
interior region,V (RM) refers to the volume of regionRM, andD(q;x) is the FFD
definition for the position of a sample pixelx after deformation (Eq. 14).



Energy Term for Balloon forces One additional energy term is defined on the model
geometry to explicitly grow the model along its normal direction, which can expedite
the model convergence process. It is also very important for accurate model conver-
gence when the shape of the texture region has salient protrusions or concavities. The
definition for the balloon-force energy term is as follows:

Eballoon =
1

V (∂RM)

∫∫

∂RM

(
ΦM(D(q;x))

)
dx

where∂RM refers to the model affinity, which in practice we take as a narrow band
around the modelM (i.e. zero level set of the model representationΦM). The reason
behind the form of this term is because of the definition forΦM, which has negative
values outside the model, zero value on the model, and positive values inside the model.

Model Evolution In our formulations above, both the data term and the balloon term
are differentiable with respect to the model deformation parametersq, hence a uni-
fied gradient-descent based parameter updating scheme can be derived. Let the overall
energy functional be:

E = Edata + kEballoon (15)
wherek is a constant balancing the contributions of the two terms. Then the following
evolution equation for each elementqi in the model deformation parametersq can be
derived:

∂E

∂qi
=

∂Edata

∂qi
+ k

∂Eballoon

∂qi
(16)

where

∂Edata

∂qi
=

1

V (RM)

ZZ

RM
2
�
ΦM(x)− Φr(D(q;x))

�·
�−∇Φr(D(q;x)) · ∂

∂qi
D(q;x)

�
dx

∂Eballoon

∂qi
=

1

V (∂RM)

ZZ

∂RM

�∇ΦM(D(q;x)) · ∂

∂qi
D(q;x)

�
dx

In the above formulas, the partial derivatives with respect to the deformation (FFD)
parameters, ∂

∂qi
D(q;x), can be easily derived from the model deformation formula

Eq. 14.
One important advantage of our framework is that, as the model evolves, the model

interior changes, hence the model-interior texture statistics get updated and the new
statistics are used for further model evolution. This online learning property enables
our deformable model framework to segment objects with non-uniform texture patterns
to some extent. In Fig. 5, we show the evolution in the likelihood map as the model
evolves from an initial circular model to an intermediate model.

Change of Topology: Merging of Multiple Models When multiple models are ini-
tialized in an image, each model evolves based on its own dynamics. During evolution,
the models may overlap with each ohter, so a collision detection step is needed to check
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Fig. 5. (a) Initial model. (b) Likelihood map (after MRF) based on initial model. (c) An interme-
diate model. (d) Likelihood map re-computed based on the intermediate model.

whether the interiors of more than one models overlap. If a collision is detected, the
models involved are tested based on their interior texture statistics, and they are merged
only if their statistics are sufficiently close.

Suppose a collision is detected between modelK and modelL. We first compare
their model-interior texon scales. If the scales are very different, we do not merge the
two models. If the scales are close, we further test their texture statistics. Let us de-
note their intensity p.d.f.s on the original imageI by pk andpl respectively. Then we
measure the Bhattachayya distanceB(pk‖pl) between the two distributions. Here we
need a definite threshold to determine whether the two distributions are sufficiently
close enough. As discussed in [11], the error probability2, Pe, of two distributions or
processes, is related to theρ(pk‖pl) value by the following formula:18ρ2 ≤ Pe ≤ 1

2 .
In our algorithm, by allowing a10% error probability (i.e.,Pe = 0.1), we can derive
the following threshold on theρ value:Tρ ≥

√
(8 ∗ 0.1) ≈ 0.9. That is, if theρ value

is less thanTρ, then the two distributions are the result of two different signals (tex-
tures) with a10% error probability; conversely, if theρ value is greater thanTρ, then
we consider the two distributions are sufficiently close. More strict tests can be done by
comparing Gabor filter response statistics.

If we decide the statistics of two models in collision are sufficiently close, we merge
the two models. Unlike parametric curve models that may require sophisticated colli-
sion detection mechanism, the collision detection in our method is simple since we use
the implicit level set representation for model shapes (see Eq. 1). Given the implicit
representations of the two old modelsΦM1(x) andΦM2(x), then the implicit repre-
sentation of the merged new model can be computed directly by:

ΦM(x) = max
(
ΦM1(x), ΦM2(x)

)

Thereafter this new model evolves in place of the two old models.
Fig. 6 shows an example where we initialize two models, they first evolve on their

own then they merge into one new model upon collision.

4. Experimental Results

We have run our algorithm on a variety of images with textures of different patterns and
scales. Figures 7-9 show typical segmentation results. In all the cases, we initialize sev-

2 This is the probability of mistakenly classifying two processes/distributions as the same when
they are in fact different.



(a) (b) (c) (d)

Fig. 6. (a) Two initial models. (b) Two models evolving on their own before merging. (c) The two
models are merged into one new model upon collision and the new model continues evolving. (d)
The final converged model.

(a) (b) (c)

(d) (e)

Fig. 7. (a) Original image with initial model. (b) Likelihood map based on Gabor response statis-
tics. (c) Likelihood map after BP. (d) The converged model. (e) Both cheetah boundaries detected
after initializing another model in the other high-likelihood area.

eral seed points inside the textured regions of interest, then a texture-consistency like-
lihood map is computed based on each model interior, the models evolve on their own
dynamics, and those models with similar texture statistics are allowed to merge upon
collision. The likelihood map for each model is re-computed after every5 iterations of
model evolution since the model interior statistics change as the model deforms. The
balance factork between the two energy terms in Eq. 15 is kept constant atk = 200,
which is a value that is tested once and works well in all our experiments. The imple-
mentation of our algorithm is mostly in Matlab, but the most computationally expensive
parts – the texon scale determination, likelihood map computation and BP based MRF
– are implemented in C and linked to Matlab by CMex. The running time on a 2 GHz
Pentium PC station for images of size210 × 280 pixels is under 3 minutes, with two
initial circular models of radius10.

Fig. 7 is an experiment run on an image containing two cheetahs. The likelihood
maps computed based on the initial model are shown, and the converged model finds



(a) (b) (c) (d)

Fig. 8. (a) Original images. (b) Likelihood maps based on model-interior texture statistics. (c)
Likelihood maps after BP. (d) The converged models at texture boundary.

(a) (b) (c) (d)

Fig. 9. (a) Original image and initial model for the tagged MR image. (b) segmentation result
for tagged MR image. (c) original image and initial model for the ultrasound breast image. (d)
segmented lesion in the breast image.

the boundary for one of the cheetahs. By initializing another model in another high-
likelihood area, we are able to get the boundary for the other cheetah (Fig. 7(e)).

In Fig. 8, we demonstrate our algorithm using two synthetic images. The image on
the top row has a small-scale homogeneous region in the center, and large-scale periodic
line patterns in the background. The line pattern is generated using a sinusoidal signal.
To test the robustness of the method to noise, we randomly added high level of gaussian
noise to the entire image. The segmentation result shows that our method can deal with
both small-scale and large-scale texture patterns, and has good differentiation power
even in the presence of high noise levels. On the bottom row, we show the performance
on a synthetic texture mosaic image. The image consists of five texture regions of sim-
ilar intensity distribution, and we demonstrate the likelihood map and segmentation of
one of the regions. We are able to segment the other four regions in the mosaic using
the same method.

In Fig. 9, we show two examples of applying our model-based method to segment
textured objects in medical images. On the left, we show segmentation of the right
ventricle in a tagged MRI image of the heart. The result is shown in Fig. 9(b). And on



the right is an ultrasound image of the breast. The goal is to segment the lesion on the
breast. The final result is in Fig. 9(d). These results demonstrate the potential of our
model-based method to deal with both large-scale tagging line patterns, and small-scale
ultrasound speckle patterns.

5. Discussion and Conclusions

We have proposed a robust model-based segmentation method for finding boundaries
of objects with complex textures of all scales and patterns. The novel ideas include an
information-theoretic texon scale analysis algorithm and the online updating and learn-
ing of model-interior texture statistics to guide the model to achieve efficient, robust
and accurate object segmentation.

Although we assume user-defined seed points to start the simple-shape initial mod-
els, our method can be directly applied to full-field image segmentation by starting
multiple initial models on a regular lattice covering the image. The topology freedom
of the models enables evolving models with similar statistics to merge, and finally the
image is partitioned into regions of homogeneous textures.
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