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Abstract

Variational Image Segmentation and Curve Evolution on Natural Images

by

Baris Sumengen

The primary goal of this thesis is to develop robust image segmentation meth-

ods based on variational techniques. Image segmentation is one of the funda-

mental problems in image processing and computer vision. Segmentation is also

one of the first steps in many image analysis tasks. Image understanding systems

such as face or object recognition often assume that the objects of interests are

well segmented. Different visual cues, such as color, texture, and motion, help

in achieving segmentation. Segmentation is also goal dependent, subjective, and

hence ill-posed in a general set up. However, it is desirable to consider generic

criteria that can be applied to a large variety of images and can be adapted for

specific applications. This thesis work focuses on developing such segmentation

methods that work on natural images.

The first part of the dissertation proposes new designs for edge-based varia-

tional segmentation methods. Starting with the Edgeflow technique, which has

been shown to be highly successful on natural images, two edge-based variational

methods, a curve evolution method and an anisotropic diffusion method, are pro-

posed. To verify the effectiveness of these new techniques, extensive tests are

conducted on the Berkeley segmentation data set and associated ground truth.
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The results show that our methods outperform the current state of the art. These

methods are further extended to multi-scale image segmentation.

Second part of the dissertation explores region-based variational segmenta-

tion. We propose a new class of variational segmentation cost functions. Our cost

functions are based on pair-wise dissimilarities between individual pixels and have

been successfully applied to natural images by graph partitioning techniques. We

minimize these cost functions within a variational framework. We refer to our

work as graph partitioning active contours (GPAC). Such cost functions have

been widely used within the graph partitioning framework but their minimiza-

tion usually requires certain simplifications, which introduce inaccuracies to the

final segmentation. By minimizing pair-wise similarity based cost functions using

GPAC, we are able to achieve better segmentation results. Efficient implemen-

tations of GPAC are proposed. Finally we show an application in which we use

GPAC for pruning categories in large image databases.
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Chapter 1

Introduction

The primary goal of this thesis is to develop robust image segmentation methods

based on variational techniques. Image segmentation is one of the fundamental

problems in image processing and computer vision. Segmentation is also one

of the first steps in many image analysis tasks. Image understanding systems

such as face or object recognition often assume that the objects of interests are

well segmented. Different visual cues, such as color, texture and motion, help

in achieving segmentation. Segmentation is also goal dependent, subjective, and

hence ill-posed in a general set up. However, it is desirable to consider generic

criteria that can be applied to a large variety of images and can be adapted for

specific applications. This thesis work focuses on developing such segmentation

methods that work on natural images. Given an image, the goal is then to find a

partitioning of the image such that the pixels within the interior of the regions are

similar to each other and are dissimilar across the region boundaries. While this

is not a very technical definition of segmentation, it offers an intuitive explanation
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of the problem and we hope to make this precise as we consider specific notions

of similarity in the following discussions.

Existing methods for image segmentation can be broadly classified as region-

based or edge-based. An example for an edge-based technique would be a method

that defines the regions in a way such that the boundaries pass through the

strongest edges. An example for a region-based technique would be a method

that partitions the image into regions such that given the number of regions, the

sum of the variances within the regions is minimized.

It has been argued that, region features and edge features contain independent

information that can help image segmentation. There are many techniques that

create a segmentation by utilizing both edge and region based features or con-

straints. On the other hand, these formulations may be very difficult to solve and

may require additional constraints or assumptions to further simplify the prob-

lem. A more common approach is to feed the output of a region-based system to

an edge-based system or vice versa. One main problem with combining edge and

region based segmentation is that it is difficult to measure the contribution of the

edge and region based components to the final segmentation. This becomes an

issue when the algorithm needs to be optimized or improved upon later on.

There are low level cues that are used for both edge-based and region-based

segmentation methods. A measure or a technique for calculating continuous edge

strengths/probabilities (such as image gradient or Earth mover’s distance [3] be-

tween pixel neighborhoods [4]) is needed for edge-based segmentation techniques.

For region-based methods, either a similarity measure for grouping pixels or a
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region model or a set of models that these methods follow is required.

In the last decade, variational methods for image segmentation has been ex-

tensively studied. Variational methods offer a strong mathematical basis for de-

veloping image processing algorithms. From the mathematical design point of

view, variational techniques can be divided into three groups:

• Diffusion-based techniques.

• Curve evolution techniques.

• Techniques that are based on region models.

Diffusion-based techniques are based on diffusing information from a pixel in the

image to its neighbors. This usually results in a smoothing of the image. Curve

evolution techniques attempt to evolve a closed contour over the image domain.

The evolution of the curves is guided by some attraction forces that might be

generated from edge or region cues. There are a few techniques that try to unite

these two methods by considering the level sets of the image as closed curves

and formulate the diffusion problem as the curve evolution of these level sets.

On the other hand, techniques that are based on region models approach the

segmentation problem from a generative point of view. The image surface is

intended to be regenerated by a combination of edges (lines) and smooth patches

from which the segmentation is driven. Depending on the image features that the

variational formulation utilizes, each of these techniques can also be classified as

either edge-based or region-based.

In this thesis, we investigate the behavior of variational methods on natural
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images and address their shortcomings by introducing new techniques. One of

the main problems with current variational techniques is their limited applica-

tion and evaluation on natural images that are usually rich in texture. This is

especially true for edge-based methods due to the difficulty of capturing correct

edges in complex images. As an example; anisotropic (edge preserving) diffusion

can smooth and eliminate noise or clutter in the image while sharpening certain

strong edges, but it hasn’t been empirically investigated if anisotropic diffusion

also eliminates some real object boundaries that might be crucial for high level

tasks such as object detection. Similar issues apply to edge-based curve evolution

techniques. Edge-based curve evolution techniques are extensively used in medical

image analysis. One of the shortcoming of edge-based curve evolution is boundary

leaking through weak edges and these type of images usually contain objects with

clear boundaries. On the other hand, curve evolution on natural images is more

likely to leak through missing or weak edges.

1.1 Edge-driven Variational Techniques

In the early 80’s, Witkin [5] wrote the first paper on the Gaussian scale space.

The Gaussian scale space is generated by continuously filtering the image by Gaus-

sians with increasing variance. This causes the image to be increasingly smoothed.

The behavior of the edges or the zero crossings after applying a Laplacian has been

investigated by many researchers during the 80’s. The main observation was that

continuous smoothing eliminates noise and weak edges, but at the same time, the

remaining edges are being shifted from their original locations. This results in
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poor localization of the edges, which is not desirable. This Gaussian scale space

representation can be equivalently formulated as a 2D heat diffusion of the image

where the time parameter corresponds to the variance of the Gaussians. Perona

and Malik [6] extended this formulation to nonlinear heat diffusion where the

diffusion is stopped or slowed down at the high gradient locations of the image.

This formulation has a better edge localization since the edges are not allowed to

diffuse. Later on it has been shown that this formulation is not well-posed and

might cause undesirable results such as sharpening the noise if signal to noise ratio

is low [7]. One way to fix this is by using Gaussian smoothing before taking the

gradient of the image.

One important observation about Perona-Malik formulation is that the diffu-

sion can be decomposed into two orthogonal components, one along the gradient

direction and one orthogonal to the gradient. The flow in the direction of the gra-

dient is similar to shock filtering and can be used to sharpen edges whose strength

is above a certain threshold. Shock filtering was introduced by Osher and Rudin

[8] for deblurring the image. The other term orthogonal to the gradient is used for

smoothing along the edges and can be used as an edge preserving smoothing term.

The problem with Perona-Malik flow and other anisotropic diffusion formulations

is that both diffusion and sharpening are controlled by a single edge strength func-

tion. First of all, it is difficult to control the level of smoothing versus sharpening

with a single parameter. Saint-Marc et al. [9] observed in their implementation

of anisotropic diffusion that while edges are sharpened quickly, it takes a long

time for smoothing. Secondly, this formulation introduces second or higher order
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derivatives of the image to the sharpening term and it is well known that high

order derivatives of the image increase the noise sensitivity. In this context, our

proposed methods use only first order image derivatives in the sharpening terms

in our diffusion equations. Further, we do not use gradient-based edge strength

function as the initial condition. Instead, our anisotropic formulation is based

on the Edgeflow vector field [1]. This Edgeflow based segmentation has been

successfully applied to a large class of natural images.

Similar ideas also apply to the edge-based curve evolution. The partial deriv-

ative equations for the smoothing term that is tangential to the level lines of the

image can be used to keep the curve smooth during the evolution. Similarly, the

same partial differential equations for the edge sharpening term can be used to

stop the curve evolution at the edges.

1.2 Region-driven Variational Techniques

Region-based techniques are based on defining a model for the image or defin-

ing an energy functional that is minimized by a partitioning of the image. The

most influential of these models is proposed by Mumford and Shah [10]. Mumford-

Shah functional models the image as a piecewise smooth function where these

smooth regions are separated by discontinuities (jumps in image intensities). The

objective then is to minimize the length of the discontinuity while maximizing the

smoothness of the piecewise functions that are approximating the original image

as best as possible. To simplify this formulation, it is common that the approxi-

mating functions are taken as piecewise constant. Inspired from this framework,
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Chan et al. [11] defined a region-based curve evolution framework where inte-

rior and exterior of a curve are modeled by constant functions (comes out as the

average feature values of these regions). Similar frameworks are also defined for

piecewise smooth functions [12, 13]. So far our discussion has been about func-

tionals that are trying to model the interiors of the regions, thus increasing the

intra-region similarity. Yezzi et al. [14] defined a segmentation cost function and

associated curve evolution that is based on maximizing inter-region dissimilarity.

In their work, the curve is evolved in a direction such that the separation of the

means of the interior and exterior of the curve is maximized.

Natural images are quite complex and can not always can be well modeled by

these cost functions. Even if they can be modeled, finding a solution that min-

imizes the original Mumford-Shah functional is computationally expensive and

could become very difficult. Another very popular image model is using pairwise

similarities of pixels in an image. This approach models a region by the pairwise

similarities within the region. Intra region similarity is high when the sum of

the pairwise similarities within the region is high, and inter-region dissimilarity is

maximized when the pairwise similarities across the boundary is low. This type

of cost functions haven’t been attempted by the variational techniques previously.

On the other hand, graph partitioning methods have used such pairwise similar-

ities extensively and successfully. The advantage of such cost functions is that

there is no need to make assumptions about the characteristics of the regions.

Many different models can be realized by defining the similarity and dissimilarity

measures between pixels. These measures can even be based on domain knowl-
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edge. The downside is their computational complexity. Finding a minimizer for

these cost functions can be computationally intensive and usually require simplifi-

cations driven by computational needs. For example, spectral graph partitioning

methods define the similarity only within the neighborhood of a pixel, e.g. 20 pixel

radius, and similarity to other pixels are set to zero. such approximations often

lead to incorrect results such as over-segmentation of large homogenous areas.

We believe that pairwise similarity based cost functions are superior to the

previous variational region models and offer better flexibility. This can be con-

firmed by the fact that majority of the recent segmentation work that has shown

promising results on natural images are based on pairwise similarities. We intro-

duce our Graph Partitioning Active Contours that uses a cost function defined

on pairwise dissimilarities between pixels. We then solve this cost function using

variational and curve evolution techniques. Contrary to graph partitioning meth-

ods, we are not limiting the similarities to a neighborhood of the pixels. This way

we are able to better approximate the correct solution. We refer to this framework

as the Maximum Cut framework. Another important contribution is that we pro-

pose novel, fast and accurate implementation techniques for the minimization of

pairwise similarity based cost functions. Unlike graph partitioning methods, our

framework is not specific or limited to a single cost function. Most cost functions

that are based on pairwise similarities can utilize our framework with minimal

changes.

8



Introduction Chapter 1

1.3 Main Contributions

The overall contribution of this thesis is the introduction of new techniques

for applying variational segmentation to natural images.

• Curve evolution and anisotropic diffusion using Edgeflow vector

field

Edgeflow technique [1] has been shown to work successfully on natural im-

ages. On the other hand, to generate a segmentation from edge detec-

tion, Edgeflow needs to utilize a heuristic edge linking stage. Variational

techniques such as curve evolution and anisotropic diffusion produce closed

boundaries without any extra steps. Based on these observations we pro-

pose a new curve evolution and a new anisotropic diffusion that are based

on Edgeflow vector field. We demonstrate by evaluations on Berkeley seg-

mentation data set that our methods outperform the state of the art for

segmenting natural images.

• Multi-scale Edgeflow vector field for edge detection, curve evolu-

tion, anisotropic diffusion and image segmentation

A good localization of the edges is very important for the quality of image

segmentation. This requires detecting the edges at a small spatial scale.

However, at small scales most of the clutter and noise are also detected as

edges. Usually when scale is increased, these spurious edges quickly dis-

appear. Unfortunately, increasing the scale also shifts the real edges thus

resulting poor localization. To solve these issues, we propose a multi scale
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extension of the Edgeflow method. The original Edgeflow method is defined

only for a single scale parameter. When the scale is increased, the Edgeflow

method suffers from pour localization while small scales introduce unwanted

detail. Our multi-scale approach offers excellent localization of the edges

while eliminating the clutter. Consistency among vector fields generated at

multiple scales are analyzed and edges that exist at both coarse and fine

scales are favored. These edges are then localized at the finer scales. The

second advantage of this multi-scale approach is that the reach (coverage

area) of our vector field is much larger than Edgeflow vector field that is

generated at a small scale. For the tasks of curve evolution and anisotropic

diffusion, the reach of the vector field is as important as good localization

of the edges. For example, in the case of curve evolution if the reach of the

vector field is larger, curves can be pulled to the boundaries from greater

distances and can be forced to stay at the boundary much more easily.

• Graph partitioning active contours: variational solution to pair-

wise similarity based cost functions

One of the problems in region-based variational methods is that the region

models and segmentation cost functions, despite being theoretically very

nice, have not been widely and successfully applied to natural images. On

the other hand, pairwise similarity based cost functions have become in-

creasingly popular in the last few years and have been applied to a wide

variety of natural images successfully. In this thesis we provide solutions to

such complex cost functions within the variational framework. The varia-
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tional solutions of such functions also makes certain global cost functions and

their solutions possible, which are not practical within the spectral graph

partitioning framework.

• Empirical evaluation of variational segmentation methods

One the shortcomings of variational segmentation methods is that they are

not widely applied to natural images. We are not aware of any extensive

evaluation of various anisotropic diffusion and curve evolution techniques

for the segmentation of natural images. Most evaluation of variational tech-

niques has been done on synthetic images with added noise or on certain

medical images. Typically, results of edge detection or image smoothing

are presented, making an objective evaluation difficult. As we demonstrate,

the usual assumptions do not easily generalize to natural images. To ad-

dress these issues, we propose a new evaluation methodology for variational

segmentation. We empirically evaluate both edge-based curve evolution and

various anisotropic diffusion techniques by conducting extensive tests within

this framework.

• Application: Category pruning in image databases

A practical application of image segmentation to unsupervised pruning of

categories in an image database is presented. A category in an image data-

base is defined as a set of images that are all associated with a concept. A

category for example can be a directory on a user’s computer that is full of

images. Another example is a Google image search for a keyword that will

return a set of images that has this keyword associated with them. It is also
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possible to populate an image database and categorize the images at the

same time. We collected more than 600,000 images from internet automat-

ically and categorized using an existing categorization of urls. Automated

categorization is usually not perfect as some post processing and pruning

needed to increase the quality of these categories. Despite being a difficult

problem, this is essential for content based image retrieval and browsing of

images. To achieve this goal, we first apply a foreground/background seg-

mentation to all images in a category. Based on this segmentation boundary,

each image is associated a signed distance function that characterizes the

spatial relation between the foreground and the background. Averaging in-

dividual signed distance maps, a distance map for the category is defined.

Utilizing this signature distance map of the category, the images are re-

segmented. We show that we are able to both increase the quality of the

segmentations and increase the precision of a category with minimal effect

to the recall.

1.4 Overview of the Dissertation

An overview of the rest of this dissertation is as follows. Chapter 2 provides

a survey of approaches that have been proposed for image segmentation. Edge

detection, curve evolution, variational segmentation, and recent successful image

segmentation techniques are discussed. In Chapter 3, we set up an evaluation

framework for variational image segmentation schemes. We focus on two of the

main problems, namely edge-based curve evolution and anisotropic diffusion. The

12
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objective of this evaluation is twofold: first, we would like to measure the rela-

tive performance of various methods, secondly and more importantly, we analyze

the performance behavior of these techniques when a certain parameter such as

the smoothing scale, sharpening level or gradient threshold is slowly changed.

Based on the insight we gather, we propose curve evolution and anisotropic diffu-

sion techniques that incorporate the successful Edgeflow vector field. Chapter 4

presents a multi-scale approach for extending Edgeflow such that the localization

of the edges are preserved while the unwanted clutter is removed. Results on nat-

ural images using color is also presented. Chapter 5 describes a region-based curve

evolution method named Graph Partitioning Active Contours. Unlike previous

methods, which attempt to model the image regions with piecewise constant or

Gaussian models, a new four dimensional energy functional that is based on a

similarity metric between pixels is introduced and its steepest descent minimiza-

tion is shown. Chapter 6 describes an application to a large web-based image

database in which images are automatically categorized into semantic categories.

Segmentation is used to identify and eliminate outliers in these categories, thus in-

creasing the precision of the category with little effect to recall. Finally, Chapter 7

concludes with future directions.
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Chapter 2

Previous Work on Image

Segmentation

Image segmentation has a rich history in image processing research. Many dif-

ferent techniques that work on various image features such as brightness, color,

and texture, have been proposed. One aspect that makes image segmentation

ill-posed and difficult is its domain and application dependence. For natural im-

ages, a combination of gray scale, color and texture is shown to work well. For

aerial or remote sensed imagery, texture features show a good performance. For

other domains, such as medical images, or images of man made objects, gray scale

intensities are mostly sufficient. In this chapter we will review some of the well

known image segmentation methods, with emphasis on variational techniques.
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2.1 Edge Detection

Early work on segmentation can be traced back to edge detection research

in the 1970s. The resultant edges are typically disconnected and hence do not

usually lead to proper image segmentation. Ad hoc techniques are often used for

tracing and connecting the edges. Research on edge detection dates back to early

image processing in the 1970s. Early methods are based on accurately estimating

the gradient maxima of an image. Marr and Hildreth [15] used zero crossings of

the Laplacian of the Gaussian (LOG) filtered output as the edges. Later on in

the 80’s this technique raised more interest for the multi-scale analysis of images.

Even though closed contours are detected, due to the use of the second derivative,

LOG is not robust in the presence of noise in images. Canny [16] showed that

LOG has poor signal to noise ratio and poor localization. He derived an optimal

linear edge detection filter for detection of step edges corrupted by white noise.

Optimality is defined in terms of good localization of edges, high detection rate,

and single detection. The resulting filter is very similar to the first derivative of a

Gaussian and this is the commonly used form of this edge detector. Canny’s edge

detector is still widely used and almost every edge detection paper compares the

results to the Canny’s. The main idea in all these techniques is to create a scalar

function, which defines the edge strength (and orientation in some cases) at each

pixel (edgeness of a pixel). Edges are then found by non-maxima suppression and

(hysteresis) thresholding of the edge function.

Another noteworthy mention is Haralick’s method [17] of locally fitting a linear

combination of discrete bases of Chebychev polynomials and calculating the first
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and second directional derivatives to locate edges. Canny shows [16, Chapter 7]

that the optimal detector for Haralick’s work that is attained for up to third order

polynomials is very similar to the first derivative of Gaussian and Canny’s optimal

detector.

Canny’s work was based on designing an optimal linear filter for step edges.

Since then, many attempts has been made to create non-linear filters that perform

better than linear filtering. One such approach is using quadrature pairs of even

and odd symmetric filters [18, 19]. Perona and Malik [19] show that using second

derivative of Gaussian oriented at several directions as even symmetric filters, and

their Hilbert transforms as odd symmetric filters, one can detect a combination of

lines and step edges. Thi is in contrast with detecting only the step edges using

Canny’s detector, and at the same time the filters do not output a response for

areas with constant gradient (such as those caused by illumination).

Another nonlinear edge detector is the SUSAN approach [20]. In this work,

the center point of a circular area is compared to the other pixels in the circle for

matches. The value of total matches is minimized at an edge point and further

minimized at a corner point. The advantage of this approach is the lack of deriv-

ative operations, which helps reduce the noise sensitivity. Another interesting

nonlinear detector is the Nitzberg edge detector [21]. This detector is based on

calculating the 2 × 2 matrix N(x, σ) = Gσ ∗ (∇I · ∇IT ). The eigenvalues of this

matrix give the maximum and minimum rate of change. This type of detectors

have been widely used for corner detection [22]. Nitzberg’s edge detector is able to

achieve good texture discrimination. More recently, nonlinear edge detectors that
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are based on histogram or distribution distances are proposed [23, 24] and mostly

shown to work well on color and texture features. In a circular neighborhood, half

of the circle is compared to the other half for changes in feature distributions. The

common distance measures are earth mover’s distance [3] or χ2 distance. Other

non-linear edge detectors include many anisotropic diffusion techniques that are

discussed in Section 2.2.3.

Many papers are devoted to the evaluation of edge detector performance. An

interesting work from Bowyer et al. [25] used receiver-operating-characteristic

(ROC) curves to evaluate the relative performance of 8 linear and non-linear edge

detectors including Canny’s. ROC curves plot percent of false positive edges

vs. percent of unmatched ground truth edges. The nonlinear detectors that

are evaluated include the SUSAN edge detector and the edge detector based on

robust anisotropic filtering from Black et al. [26]. The results show that Canny

edge detector performs better than any other edge detector with Heitger edge

detector [27] coming very close. See references within this work for older papers

on edge detector evaluation. Another work in this area is done by Konishi et al.

[28]. This work compares linear and nonlinear operators used in Nitzberg edge

detector, Canny edge detector and LOG edge detector in terms of their usefulness

for the edge detection task. The findings show that the nonlinear operator used

in Nitzberg edge detector performs better for the task of edge detection than

the optimal linear operator (derivative of Gaussian) used in Canny’s, and both

detectors perform significantly better than LOG.

In a recent work, Martin et al. [24] created a comprehensive segmentation
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ground truth data set [29] and made it available on their web site. The difference

of this ground truth data compared to the data sets used in previous evaluation

papers is that the images are selected as diverse natural images. A large number

of these images are segmented for ground truth, and each image is segmented at

least by five different people who are unfamiliar with segmentation research. The

authors compared an edge detector that is based on χ2 distance of distributions

within half disks of a circular neighborhoods to Canny’s and Nitzberg edge de-

tectors. Improvements are shown in gray scale but more drastic improvements

originated from the use of texture and gray scale together, and more improve-

ments are achieved by utilizing a combination of gray scale, color and texture

features.

2.2 Variational Image Segmentation and Active

Contour Methods

Variational segmentation methods are based on minimizing segmentation cost

functions using gradient descent. The segmentation functional might not be given

explicitly. In that case, the descent equations are designed using geometric consid-

erations and characteristics of the flow. The three influential papers on variational

segmentation are 1) Mumford and Shah’s proposal [10] of the well known segmen-

tation functional that is based on modeling the image with piecewise smooth

functions; 2) Snakes approach proposed by [30], which attempts to evolve a curve

and fit it to the nearby edges; and 3) Anisotropic diffusion from Perona and Malik
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[6] that modifies the classical Gaussian scale space approach so that the edges are

preserved while homogenous areas are smoothed. An interesting work from Shah

[31] attempts to unify these three methods. In this work, level sets of the image

are considered as curves that are evolving driven by forces from a segmentation

cost function, which in turn causes anisotropic diffusion of the image.

Active contours and curve evolution methods usually define an initial contour

and deform it towards the object boundary. The problem is formulated using

partial differential equations (PDE). The previous research follows two different

paths in terms of representation and implementation of active contours, namely

parametric active contours and geometric active contours. Parametric active con-

tours use a parametric representation of the curves, and geometric active contours

utilize level set methods [32, 33] for its implementation. The advantage of geo-

metric active contours is that using level set methods, sharp corners and splitting

or merging of the curves during evolution are automatically taken care of whereas

parametric methods have difficulty handling these situations. Recently some con-

nections between these two methods have been established [34, 35]. While being

popular in the early 90’s, parametric active contours are being replaced with geo-

metric active contours. The primary reason is that the level set methods naturally

handle topology changes in the curve whereas there are implementation difficulties

for such cases using parametric active contours. Our discussion in this chapter

will be more on the geometric active contours. Our implementation for the meth-

ods proposed in this thesis is also based on the level set methods. A summary

and comparison of both geometric and parametric active contours can be found
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in [35].

Kass et al. proposed snakes [30], the first curve evolution method, which is

designed to fit an elastic curve to the nearby high gradient pixels given an initial-

ization of this curve. At about the same time, Osher and Sethian introduced level

set methods [32], which enabled efficient and robust implementation of geometric

curve evolution. Geodesic active contours, equivalent of snakes approach for level

set method, was proposed in [34, 36]. Compared to non-maxima suppression and

thresholding based methods, curve evolution based methods create boundaries

with small or no gaps between edges. The downside of this is that if part of the

boundary has weak edges, the curve might leak through this opening and this will

lead to large errors in boundary detection.

2.2.1 Edge-based Geometric Active Contour Methods

Edge-based active contours aim to identify an object in an image by utilizing

the local discontinuities of the image. The idea is to try to fit a closed curve to an

edge function generated from the original image. This initial curve is evolved in

the direction that minimizes a segmentation cost function. Most of these methods

require the curve to be initialized close to the real object boundary. Let C(φ) :

[0, 1] → R2 be a parametrization of a 2-D closed curve. A fairly general geometric

curve evolution can be written as:

∂C

∂t
= (T + βκ) ~N + (~S · ~N) ~N (2.1)

where κ is the curvature of the curve, ~N is the inwards normal vector to the curve,

β is a constant, T is a function defined on the image grid and ~S is an underlying
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velocity field whose direction and strength depend on the time and position but

not on the curve front itself. This equation will evolve the curve in the normal

direction. The first term is a speed parameter that expands or shrinks the curve,

second term is the curvature flow (geometric heat flow) that makes sure that the

curve stays smooth at all times and avoids noisy perturbations, and the third term

guides the curve according to an independent velocity field.

In their independent and parallel works, Caselles et al. [37] and Malladi et

al. [38] are among the first to use level set methods to segment objects from an

image. They initialize a small curve inside one of the object regions and let the

curve evolve until it reaches the object boundary. The evolution of the curve is

controlled by the local gradient. This can be formulated by modifying (2.1) as:

∂C

∂t
= g(F + εκ) ~N (2.2)

where F , ε are constants, and g = 1/(1 + |∇Î|) . Î is the Gaussian smoothed

image. If F is positive, the curve expands and if F is negative the curve shrinks.

This is a pure geometric approach and the edge function, g, is the only connection

to the image. The problem with this setup is that if the curve propagates beyond

the desired boundary, there is no mechanism to attract the curve back to the

desired boundary.

Caselles et al. [34] introduced geodesic active contours, which is an improve-

ment over the previous active contour methods. Starting with the snakes problem

defined by Kass et al. [30], they reformulated the energy functional as a mini-
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mization of curve length weighted by the edge function g:

Min
C

∫ 1

0

g(C)|C ′(φ)|dφ (2.3)

where g(C) corresponds to g evaluated on the curve C. Minimizing this function

via steepest-decent method is equivalent to evolving the initial curve according

to:

∂C

∂t
= gκ ~N − (∇g · ~N) ~N (2.4)

This approach works similar to the snakes method, but handles topology changes

more easily. It requires the initial curve to be close to the boundaries as in the

case of snakes because the energy function is minimized locally. Otherwise the

convergence of the curve to the object boundary will be too slow, or it might con-

verge to other region boundaries, or more likely get stuck in a homogenous area of

the image where there are no edges, hence ∇g is 0. In most curve evolution meth-

ods, to solve the slow convergence problem and problems with curve initialization

a heuristic constant force term called balloon force [39] is added. This constant

speed term is similar to the one from pure geometric methods 2.2. The geodesic

active contour equation becomes:

∂C

∂t
= g(F + κ) ~N − (∇g · ~N) ~N (2.5)

Note the extra term −(∇g · ~N) ~N in the curve evolution equation compared to

(2.2). −∇g defines a vector field on the pixels of the image. The corresponding

vectors point towards the closest edge locations. This method is more stable

compared to the pure geometric approach.
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2.2.2 Region-based Geometric Active Contour Methods

Region-based ACM attempt to partition the image into two regions: fore-

ground and background. They start with an initial closed contour and modify the

curve according to the statistics of the interior and exterior of this contour. The

curve evolution converges when both these regions become homogenous. One of

the advantages of region-based methods is that they utilize the integrity of image

features over the whole region as opposed to the local features used in edge-based

methods.

Developments in region-based active contours [40] are more recent than their

edge-based counterparts. Region-based active contours are less dependent on

the initial location of the contour since they don’t rely much on the local image

features. Also not needing to use the gradient of the image simplifies both the

variational formulation and its solution. Region-based methods are also easier to

extend to vector valued images such as color and texture images.

Let C be a 2-D closed curve, I be a function defined on the image domain

(an open set) R, Ri and Ro be the interior and the exterior of C, mi and mo be

the corresponding means, Ai and Ao the areas of Ri and Ro respectively, Ii be

I(Ri) defined on Ri and Io be I(Ro) defined on Ro. Yezzi, et al. [14] define their

optimization criteria as maximizing the separation of the mean values: (mi−mo)
2.

This leads to a curve evolution equation

∂C

∂t
= (mo −mi)

(
I −mi

Ai

+
I −mo

Ao

)
~N + γκ ~N (2.6)

where ~N is the normal vector to C, κ is the curvature and γ is a constant weighting

factor. The second term is added to keep the curve smooth at all times.
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Chan, et al. [11] on the other hand used a limiting version of Mumford-Shah

functional [10], where the image is modeled as a piecewise constant function. The

general Mumford-Shah functional given below models the image as a piecewise

smooth function.

E(u,K) = α

∫

R\K
|∇u(x)|2 dx

+β

∫

R\K
(u− I)2dx + γ · length(K)

(2.7)

where I is the original image, u is the piecewise smooth version of the image, K is

the set of discontinuities. The first term forces u to be smooth outside the edges,

the second term forces u to approximate I, and the third term forces that the

discontinuity set K has minimal length.

Let the discontinuity set K in (2.7) represent a curve C, then minimizing (2.7)

is equivalent to finding u that smoothly approximates Ii and Io. As a limiting

case, Chan, et al. [11] uses a modified version of Mumford-Shah functional, where

α →∞. This forces u to be a piecewise constant function. By solving the general

Mumford-Shah problem instead of the limiting case and using the curve evolution

setup, where the image consists of a foreground and a background, Tsai et al. [12]

found the following curve evolution equation

∂C

∂t
=

α

2
(∇ui|2 − |∇uo|2 |) ~N

+β
(
(I − ui)

2 − (I − uo)
2) ~N + γκ ~N

(2.8)

where ui and uo are values of u on the domains Ri and Ro respectively. This

requires calculating the smooth estimates ui and uo of Ii and Io at each iteration.

This is computationally intensive compared to the method from [11], where Ii and

Io are modeled as constants.
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There have been also attempts at combining region-based and edge-based ac-

tive contours to achieve an hybrid algorithm. Paragios et al. [41] combined geo-

desic active contours, which is an edge-based method, with the region statistics

that are extracted from the image in an off-line fashion. In their work, using mini-

mum description length (MDL) principle, number of regions and statistics for each

region are estimated from the image histogram. These statistics are then used in

curve evolution step. Using the estimated statistics of each region, independent

curves are propagated to extract the boundaries of each region. An example of a

curve evolution equation that is tuned to a specific region with estimated statistics

is
∂C

∂t
= α [G(p(I), σR)−G(pk(I), σR)]︸ ︷︷ ︸

Region - based force

~N

+ (1− α)
[
G(pB, σB) · κ +∇G(pB, σB) · ~N

]

︸ ︷︷ ︸
Edge - based force

~N
(2.9)

where G is the gaussian, p is the probability of a pixel belonging to the region of

interest, pk is the probably of a pixel belonging to a region other than the wanted

region, pB is the probability of a pixel being a boundary point.

2.2.3 Anisotropic Diffusion

In the 80’s many researchers worked on analyzing the scale space representa-

tion introduced by Witkin [5] and the behavior of edges when scale is changed.

This included applying the image Gaussian filtering at increasing scales and find-

ing and tracking edges across scales. This Gaussian scale space can be formulated
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as the evolution of the image under two dimensional heat diffusion

It = ∇2I

where time is analogous to the scale in Gaussian smoothing and initial condition

is taken as the image itself. This PDE is equivalent to the flow equation that is

the gradient descent of E(I) =
∫∫ |∇I| dxdy.

Perona and Malik [6] modified this flow equation so that image is diffused

selectively as opposed to isotropic heat diffusion where information is diffused

from a pixel to all its neighbors with equal speed. The modified PDE is:

It = div(g(‖∇I‖)∇I) (2.10)

Here, g is a stopping function such that g → 1 when ‖∇I‖ → 0 and g → 0 with

increasing ‖∇I‖. The selection of g can play an important role on the behavior

of anisotropic diffusion. Perona and Malik proposed two different choices for g:

g(‖∇I‖) =
1

1 + (‖∇I‖/K)2)
(2.11)

and

g(‖∇I‖) = e−(‖∇I‖/K)2 (2.12)

K works like a threshold such that strong edges are enhanced and weak edges are

smoothed out.

One problem with anisotropic diffusion is the sensitivity to noise. While it

works extremely well on simpler images, on natural images or on noisy images

it tends to enhance and sharpen noise (especially if signal to noise ratio is low)

leading to single pixel sized noise regions at the end segmentation.
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Another critique for this anisotropic diffusion is the ill-posedness of the process,

meaning two similar images can converge to two completely different results. A

discussion about well-posedness of Perona-malik flow can be found in [42, Chapter

3]. A proposal for well-posedness is given by Catte et al. [7], which suggests for the

calculation of g, smoothing the image at a fixed scale before taking the gradient

(separate from time parameter). Whitaker et al. [43] proposed reducing this scale

parameter as t increases.

Saint-Marc et al. [9] introduced an efficient implementation of anisotropic

diffusion using recursive filtering. Using Di Zenzo’s result [44] for the definition of

gradient on vector valued images, Perona-Malik flow was later on applied to color

by Sapiro et al. [45] and Gabor texture features by Rubner et al. [46].

A new anisotropic (selective) diffusion scheme, named mean curvature flow, is

proposed by Alvarez et al.[47]. This method is based on evolving the level sets of

an image with the speed of mean curvature weighted by the stopping term g:

It = g(‖∇Gσ ∗ I‖)‖∇I‖div

( ∇I

‖∇I‖
)

= gκ‖∇I‖ (2.13)

where κ is the curvature of the level sets.

Osher and Rudin introduced shock filtering [8] for deblurring images. The

objective is to sharpen the edges by creating a flow towards the edges at both

sides of the edges. The flow equation is given by,

It = −‖∇I‖F (L(I)) (2.14)

where L(I) is taken as the second directional derivative [17] and F is chosen such

that sF (s) ≥ 0 for any s.
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It has been shown and analyzed by Alvarez et al. [48] and Yu-Li et al. [49]

that Perona-Malik flow can be decomposed into two components, one tangent to

the level sets of the image (similar to mean curvature flow), and one perpendic-

ular to the level sets (similar to shock filtering). A better way would be creating

a flow with again two components, one tangent and one perpendicular, and cus-

tom designing each of these components such that they fit the problem at hand

(Sharpening the edges while smoothing the homogenous areas). One such flow is

self-snakes [50, 51]. This flow is an extension of geodesic active contours such that

each level set of the image is evolved with this curve evolution. The resultant flow

equations are:

It = g(‖∇Gσ ∗ I‖)‖∇I‖div

( ∇I

‖∇I‖
)

+∇g · ∇I (2.15)

2.2.4 Implementation Issues: Level Set Methods

In this section we will investigate the challenges associated with the implemen-

tation of certain variational problems. Curve evolution is one of these challenging

problems and until recently the implementation has been quite tricky and heuris-

tic. If a diffusion framework is based on considering the image level sets as evolving

curves, similar issues apply to it. This section is self contained for the implemen-

tation of level set methods. For the theory and derivation of these equations, refer

to [33].

Within image segmentation, curve evolution problem has been initially pro-

posed using a parametric representation of the curve. This framework is difficult

to implement and was not able to handle topology changes without explicit topol-
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ogy tracking. By topology changes we mean splitting a curve into two curves or

merging two curves during evolution. These splitting and merging of curves are

very common in curve evolution. Initial snakes approach used high order rigidity

terms which kept the curve from splitting. Evolving interfaces is a very general

problem and is not specific to image processing applications. Another difficulty

with curve evolution is the possibility of forming singularities and sharp corners.

These are called shocks. Due to the hyperbolic nature of the equations, for an

evolution with constant speed in the normal direction of the curve these singular-

ities occur frequently and rapidly. Numerical implementations such as standard

central difference approximations are not able to estimate and approximate these

situations, build ripples on the curve, and become unstable. To address these

problems, Osher and Sethian introduced Level Set Methods [32] in 1988. Later

on this technique is also applied to image segmentation by Caselles et al. [37] and

Malladi et al. [38].

The idea behind level set methods is: instead of evolving a curve in a two

dimensional plane, which requires parametrization of the curve, evolve a 2D func-

tion (surface) in 3D. This is a much easier problem. The zero level set of this

function C = {(x, y) : U(x, y) = 0} smartly arranged to correspond to the curve

that we are interested in evolving. Then, evolving U(x, y, t) automatically gives

the evolution of C. The evolution of C can be tracked by following the evolu-

tion of the zero level set of U . For example, the equivalent level set equation

for Ct = f(x, y) ~N can be derived as follows. Suppose L(t) is the evolving zero

level set of U , meaning U(L(t), t) = 0. Taking the derivative with respect to
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t and applying chain rule gives ∇U · Lt + Ut = 0. Taking Ct = Lt, we reach

Ut = f(x, y)‖U‖. We used the relation ∇U/‖U‖ = − ~N .

Now, consider a curve evolution equation that is driven by 1) a curvature-

based speed term; 2) a constant speed term, where the speed can be a function of

the location (x, y). An example is the edge stopping function g(x, y); 3) a term

that is based on an advection vector field. This is a very generic curve evolution

and can be adapted for use in most segmentation applications. The level set PDE

for this curve evolution is:

∂U

∂t
= ακ|∇U |+ βF (x, y)|∇U | − γ~S · ~∇U (2.16)

where α, β, γ are constants. F is a constant speed term, and ~S is an external

velocity field. Now consider the implementation of this PDE within an N × M

grid (probably the image domain) which contains the curve. First we need to

create the function U(x, y) from the curve C. A popular approach is to use the

signed distance function. In this case, the value of U at point (x, y) is selected as

the minimum distance of (x, y) from C. The sign is selected as positive if (x, y) is

outside the curve and selected as negative if the point is inside the curve. After

generating U , the evolution is implemented as follows:

Un+1
i,j = Un

i,j +4t(αT1 − βT2 − γT3)

where i, j are the grid locations and n corresponds to the discretization of time.

Let ~S = (u, v). The individual terms are calculated as:

T1 = Kn
i,j[(D

0x
i,j)

2 + D0y
i,j)

2]1/2

30



Previous Work on Image Segmentation Chapter 2

where

Kn
i,j =

D0xx
i,j (D0y

i,j)
2 − 2D0y

i,jD
0x
i,jD

0xy
i,j + D0yy

i,j (D0x
i,j)

2

((D0x
i,j)

2 + (D0y
i,j)

2)3/2

(Note that when Kn
i,j is inserted, T1 can be further simplified.) This implementa-

tion uses central difference approximations, which can be calculated using:

D0x
i,j = (Ui+1,j − Ui−1,j)/2

D0y
i,j = (Ui,j+1 − Ui,j−1)/2

D0xx
i,j = Ui+1,j − 2Ui,j + Ui−1,j

D0yy
i,j = Ui,j+1 − 2Ui,j + Ui,j−1

D0xy
i,j = (Ui+1,j+1 − Ui+1,j−1 − Ui−1,j+1 + Ui−1,j−1)/4

When calculating T1, it is a good idea to check if (D0x
i,j)

2 + (D0y
i,j)

2 is less than a

very small number such as 10−10 and set T1 to zero if this is so.

T2 = max(Fi,j, 0)∇+ + min(Fi,j, 0)∇−

where

∇+ = [max(D−x
i,j , 0)2 + min(D+x

i,j , 0)2 + max(D−y
i,j , 0)2 + min(D+y

i,j , 0)2]1/2

∇− = [max(D+x
i,j , 0)2 + min(D−x

i,j , 0)2 + max(D+y
i,j , 0)2 + min(D−y

i,j , 0)2]1/2

D+x
i,j = Ui+1,j − Ui,j

D−x
i,j = Ui,j − Ui−1,j

D+y
i,j = Ui,j+1 − Ui,j

D−y
i,j = Ui,j − Ui,j−1
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and

T3 = max(un
i,j, 0)D−x

i,j + min(un
i,j, 0)D+x

i,j + max(vn
i,j, 0)D−y

i,j + min(vn
i,j, 0)D+y

i,j

At the boundaries of the domain, Neumann boundary conditions are used, which

means the grid needs to be extended by 1 in all sides and the value at the boundary

is repeated. This extra boundary of width 1 needs to be updated accordingly

after each iteration. The size of the time step is calculated following the Courant-

Friedrich-Lvy (CFL) condition 4t ≤ 1/max(αT1 − βT2 − γT3). The maximum is

taken over all grid points. The curve should not move more than one grid point.

Evaluating U at all grid points is an overkill for curve evolution. A better

approach is the narrow band level set methods, which selects the domain as a

narrow band around the curve. A band size of 2 to 6 pixels (we assumed ∆x = 1)

at both sides of the curve is reasonable. A land mine area of size 1 or 2 is also

needed outside the narrow band to check if the curve left the narrow band. If the

curve reaches the land mine area, the narrow band need to be re-initialized. The

narrow band and the land mine area together build the grid where U is evaluated.

As in the general case, the boundary conditions need to be satisfied by repeating

the value at the edges after each iteration. Besides the computational advantage

of evaluating U on a smaller grid, when narrow band method is used, the time

step is dynamically calculated using the narrow band as opposed to full grid and

this potentially speeds up the curve evolution.

One price we pay with the narrow band method is the cost of constant reini-

tialization of the narrow band using signed distance function. It might be a good

idea to use Fast Marching Methods [33, Chapter 8] for calculating the signed dis-
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tance function. More recently, using Additive Operator Splitting (AOS) scheme,

potentially faster implementations of narrow band methods are also proposed [52].

2.3 Image Segmentation using Vector Fields

Flow-field based segmentation methods are also proposed within the last decade.

Two of the better performing ones are the Edgeflow [1] and the Tabb and Ahuja’s

method [53]. Especially Edgeflow segmentation has been shown to work well on

thousands of real life images by utilizing color and Gabor texture features. Both

vector fields are generated directly from the image and they have similar charac-

teristics. Edgeflow vector field is generated as follows: an estimate for the best

direction to the closest boundary at a specified spatial scale is selected as direction

of the vectors. Then the directional gradient of the smoothed image is used as

the vector magnitudes. In Tabb and Ahuja’s method, for each pixel, the pixel’s

feature difference to other pixels in its local neighborhood is calculated and a

vectorial sum to these pixels weighted by the feature difference gives the vector

field.

There are also several other vector fields that are utilized in curve evolution.

These vector fields are generated from the edges in the image. We mentioned −∇g

in the context of geodesic active contours. This vector field is generated from the

image gradients. Cohen and Cohen [54] first apply a Canny edge detector [55]

to the image to generate an edge indicator function. From these edges, a scalar

potential function is computed using a distance map. The negative gradient of this

function is used as the vector field. Gradient vector flow [56] creates its vector field

33



Previous Work on Image Segmentation Chapter 2

(a) (b)

Figure 2.1: Demonstration of Edgeflow vector field. a) An image of blood cells.
White rectangle marks the zoom area. b) Edgeflow vectors corresponding to
the zoom area on the blood cells image.

by minimizing an energy functional on an edge function. The vectors resemble

−∇g around the edges. At the homogenous areas away from the edges, the vectors

are interpolated from the edges through the solution of a Laplace equation. Both

Cohen’s vector field and the gradient vector flow cover the full image, meaning

from any point on the image, an edge pixel can be reached by following the vector

directions. All these methods are computed from a predefined edge function, so

they cannot bring more information about the image that is not contained in this

edge function.

2.3.1 Edgeflow Image Segmentation

The defining characteristic of Edgeflow is that the direction of the vectors point

towards the closest edges at a predefined spatial scale. An example of Edgeflow

vector field is shown in Fig. 2.1. Assume that s = 4σ is the spatial scale at which

we are looking for edges. Let Îσ the smoothed image with a Gaussian of variance
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(a) (b)

Figure 2.2: a) Difference of offset Gaussians. The distance of the centers is
decided by the scale parameter. This function is the weighting factor used in
calculating the Error. b) The center area is compared to the half rings 1 and
2 at all angles to find the direction of Edgeflow vectors.

σ2. At pixel p(x, y) and orientation θ, the prediction error is defined as:

Error(σ, θ) =
∣∣∣Îσ(x + 4σ cos θ, y + 4σ sin θ)− Îσ(x, y)

∣∣∣ (2.17)

This can be seen as a weighted averaged difference between the neighborhoods

of two pixels and the weighting function is shown in Fig. 2.2(a). Instead of

finding the direction with the largest error value, we define an edge certainty in

the direction θ using relative errors in the opposite directions θ and θ + π:

P (σ, θ) =
Error(σ, θ)

Error(σ, θ) + Error(σ, θ + π)
(2.18)

Fig. 2.3 demonstrates how using relative certainty is different from the direction

of highest change. In this figure the numbers correspond to gray scale intensities.

Using these certainties at each direction, the probable edge direction at a point

p(x, y) is estimated by analyzing the total certainties over half circles:

arg max
θ

θ+π/2∫

θ−π/2

P (σ, θ′)dθ′ (2.19)
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45

50

130

100

120

Figure 2.3: The direction with the highest difference in gray scale is not the
direction with highest certainty. The direction from gray level 50 to 100 is
the direction with highest certainty. The numbers in this figure corresponds to
gray scale intensities.

If written in open form, this equation can be interpreted as a comparing the

weighted difference of a center area of a disk to the half rings split at a certain

angle (Figure 2.2(b)). The weightings over this circle would approximately look

like a Laplacian of a Gaussian.

Now, let E(σ, θ) be the magnitude of filtering the image with the derivative of

a Gaussian at the orientation θ. Based on this estimated direction, Edgeflow field

is calculated as the vector sum:

~S(σ) =

θ+π/2∫

θ−π/2

[ E(σ, θ′) cos(θ′) E(σ, θ′) sin(θ′) ]T dθ′ (2.20)

After this vector field is generated, the vectors are propagated towards the

edges. The propagation ends and edges are defined when two flows from opposing

directions meet. For both x and y components of the Edgeflow vector field, the

transitions from positive to negative (in x and in y directions respectively) are

marked as the edges. The boundaries are found by linking the edges. Segmenta-

tion is further pruned through region merging.
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2.4 Graph Partitioning Methods (GPM)

Let us assume G = (V,E) is a representation of an undirected graph, where V

are the vertices and E are the edges between these vertices. V can correspond to

pixels in an image or small regions (set of connected pixels). Image segmentation

problem is then commonly formulated as the best bi-partitioning (or finding the

best graph cut, cut(A,B)) of this graph based on a segmentation criterion. The

segmentation criterion is either formulated as minimizing total pairwise similari-

ties across a graph cut [57, 58, 2] or minimizing a certain cost (e.g. edge energies)

along a cycle (a closed path, which also bi-partitions the graph) [59]. A graph

partitioning method is usually represented by a pairwise similarity metric and a

cost function defined on graph cuts.

Minimum cuts [60] define a very basic cost function:

cut(A,B) =
∑

u∈A,v∈B

w(u, v) (2.21)

where w(u, v) is the similarity metric. In [60], a similarity metric is defined as a

decreasing function of edge strength between two neighboring pixels.

One problem with minimum cuts (also noted by its authors) is that it favors

segmenting small but isolated regions since the cost is less if the boundary is

shorter. One suggestion to prevent this is to have constraints on the size of the

regions. Normalized cuts framework [57] offers a more elegant solution to this

problem by introducing a way of normalization. The cost function for normalized

cuts is:

Ncut(A,B) =
cut(A,B)

assoc(A, V )
+

cut(A,B)

assoc(B, V )
(2.22)
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where assoc(A, V ) =
∑

u∈A,v∈V w(u, v) is the total similarity from nodes in A

to all the nodes in the graph. assoc(B, V ) is similarly defined. The similarity

function used is:

w(u, v) = exp

(−‖F (u)− F (v)‖
σI

)




exp
(
−dist(u,v)2

σX

)

0

if dist(u, v) < r

otherwise,

(2.23)

where F is some sort of a feature vector (intensity, color, texture) and dist(u, v)

is the Euclidean distance between nodes u and v. Another interesting property of

normalized cut is its relation to normalized association.

Ncut(A,B) = 2−
(

assoc(A,A)

assoc(A, V )
+

assoc(B,B)

assoc(B, V )

)

= 2−Nassoc(A,B)

(2.24)

which means that minimizing normalized similarity across the cut is equivalent to

maximizing normalized similarity within the regions.

Another cost function that propose normalization to the minimum cut problem

is average cuts [58]. In average cuts, the normalization is done over the size of the

regions respectively:

Acut(A,B) =
cut(A,B)

|A| +
cut(A,B)

|B| (2.25)

A comparative analysis of minimum cut (with minimum size restrictions), nor-

malized cut and average cut has been published recently [61]. The empirical

comparison is done for the application of perceptual grouping of constant cur-

vature segments. The results show no statistical advantage of one method over

another. The results for all three methods are equally satisfactory, but a gen-

eral fluctuation of performance depending on the image classes has been observed
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(aerial and indoor images show reduced performance). It is still possible that for

the application of image segmentation, one method might perform better than

the others.

Ratio cuts define two similarity metrics and two cost functions. The resulting

cost function is then defined as the ratio of these two cost functions:

Rcut(A,B) =
cut1(A,B)

cut2(A,B)
(2.26)

cut2(A,B) is usually selected as the length of the boundary between A and B,

which means the total cost is normalized over the boundary size.

2.5 Other Methods

Another method that has been quiet popular within the last ten years is water-

shed segmentation [62-75], which uses morphological region growing to partition

an image. Given a gradient information g(x, y) about an image, the boundaries

are found as the watershed lines if g(x, y) is considered as a mountain landscape

and if it is flooded at certain markers. Main advantage for watershed methods

has been the simplicity and the computational efficiency. On the other hand, se-

lecting the marker locations and the number of markers presents a challenge. If

the markers are chosen as the local minima of g(x, y) then an over-segmentation

is inevitable. Region merging or multi-scale methods are usually utilized to create

a better segmentation. In some ways, the region growing aspect of watersheds

resembles the curve evolution process. Unfortunately watershed growing is not

as flexible as curve evolution since growing in watersheds is only one dimen-
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sional, outwards. Another problem with watersheds is the difficulty to enforce

constraints such as boundary smoothness. Most segmentation results that are

shown to demonstrate watershed segmentation (especially after region merging)

include very noisy boundaries. Recently Nguyen et al. in [73] offered a solution

for this kind of problems by introducing constraints using energy minimization

techniques. On the other hand this introduces extra computational complexity.

While being actively studied, unfortunately convincing demonstration of segmen-

tation results on natural images has not been achieved by watershed segmentation

methods.

There has been also large amounts of work on texture segmentation in the last

ten years [76-93]. Almost in all these works, segmentation results are demonstrated

only on homogenous Brodatz-like textures [94]. Effectiveness of these methods on

natural images has not been investigated.

Looking at the last five years of research in image segmentation, majority of

the segmentation results that show convincing result on natural images have been

based on graph partitioning methods that we discussed in Section 2.4, or methods

that are extensions of these methods. Other than graph partitioning methods,

one of the more interesting work is proposed by Tu et al. [95, 96]. This segmenta-

tion is based on a global optimization scheme called Data-Driven Markov Chain

Monte Carlo (DDMCMC), which is formulated within the Bayesian framework.

Many of the common segmentation criteria and processes such as edge detection,

region growing, and split and merge, as well as models for regions and boundary

has been used together to drive a generative process for best approximating the
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image from the existing data and models. Promising results on natural images are

presented. Another data-driven segmentation technique is presented by Ren and

Malik [97]. In this work, ground truth segmentations from Berkeley segmentation

data set [29] are used as inputs to a learning system and classifier. By combining

and merging regions from an over-segmentation of the image, final segmentation

boundaries are found. Reasonable results on wide range of natural images has been

demonstrated. While the work of Tu et al. approaches the segmentation problem

from a generative perspective, the work of Ren et. al. tackles this problem from

a discriminative perspective.
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Chapter 3

Curve Evolution and Anisotropic

Diffusion on Natural Images

In this chapter we develop optimization and evaluation frameworks for variational

segmentation methods. While there is an extensive literature on image segmen-

tation, including performance evaluation of several standard edge detection tech-

niques, variational methods are relatively recent and are not evaluated on natural

images. Much of the initial development of variational methods theory assumed

simple image cases and it is not clear or obvious if those analysis hold good for nat-

ural images containing significant texture and clutter. In this context, we design,

analyze and evaluate curve evolution and anisotropic diffusion schemes for image

segmentation using a large collection of natural images. The work presented here

is important for the understanding of the behavior of variational techniques, both

their shortcomings and advantages, while dealing with real image data.

This chapter consists of two parts. In the first part we analyze curve evolution
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techniques, namely geodesic active contours, gradient vector flow and Edgeflow-

driven curve evolution. We first describe a curve evolution framework that is based

on Edgeflow vector field (Section 2.3.1). In this framework, the object boundaries

are detected through evolutions of closed curves that are driven by an Edgeflow

vector field. The motivation for using Edgeflow is that Edgeflow is experimentally

shown to work reasonably well on thousands of natural images that are rich in

color and texture whereas previous curve evolution methods target a limited class

of images. We will use a modified version of Edgeflow as discussed in Section 3.1.

Another novelty of this curve evolution is the integration of edge vector fields and

the geometric curve evolution techniques. After demonstrating specific advantages

of edgeflow on synthetic images, we evaluate several state of the art curve evolution

techniques on natural images. We first optimize each curve evolution on a training

set of images. On this data set of 20 images, the important parameters of each

algorithm are tuned for best performance. Finally, these techniques are tested

and their performance evaluated on 100 natural images. In these tests, Edgeflow-

based curve evolution performs better than the state of the art edge based curve

evolution techniques: geodesic active contours and gradient vector flow.

The second part of the chapter investigates anisotropic diffusion. The orig-

inal Perona-Malik flow [6], self-snakes [50], and Edgeflow-driven anisotropic dif-

fusion that we propose are compared. Each algorithm is optimized and their

performances again are evaluated on natural images. Edgeflow-based anisotropic

diffusion significantly outperforms both Perona-Malik flow and self-snakes.
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3.1 Edgeflow-driven Curve Evolution

Edgeflow, as discussed in Section 2.3.1, describes a method for designing an

edge vector field. An Edgeflow vector at point p(x, y) is designed such that it esti-

mates the direction towards the nearest boundary (See Fig. 3.3). Unlike standard

edge detectors such as Canny’s [55], the strength and direction do not represent

the edge strength or orientation at p(x, y)–the vectors show more similarity to

the second directional derivatives but are not based on the second derivative of

the image. For example, due to the symmetry at the middle of a ramp edge, a

point right on this edge will have zero length Edgeflow vector. On the other hand,

classical methods such as Canny’s find the edge strength (edgeness) and possible

edge orientation at each pixel of the image thus creating two scalar functions, edge

strength and orientation.

When designing the Edgeflow vector field, we make a modification to the orig-

inal Edgeflow vector field such that the vector magnitudes in (2.20) are calculated

using relative directional differences as opposed to directional derivatives. The

original Edgeflow design calculated the direction and magnitude of the vectors

independently using two unrelated techniques. We found this unnecessary and in

our case, both direction and magnitude are calculated using relative directional

differences. The equation (2.20) is changed to:

~S(σ) =

θ+π/2∫

θ−π/2

[ Error(σ, θ′) cos(θ′) Error(σ, θ′) sin(θ′) ]T dθ′ (3.1)

Curve evolution and associated techniques are first used in other fields such as

fluid dynamics before they found their applications in image processing. In [33],
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a general curve evolution is controlled by three separate forces:

∂C

∂t
= ακ ~N + βF (x, y) ~N + γ(~S · ~N) ~N (3.2)

where κ ~N is a curvature-based force, F (x, y) ~N is a constant expansion/shrinking

force, and (~S · ~N) ~N is a force based on an underlying vector field whose direction

and strength are independent of the evolving curve. α, β, and γ are constants

and C is a curve. The curve is evolved in the normal direction by a combination

of these forces. In our case we have the vector field and the curvature can be

calculated. A simple curve evolution can be defined as

∂C

∂t
= (~Sσ · ~N) ~N + εκ ~N (3.3)

where ~Sσ is the Edgeflow vector field, ε is a constant weighting factor and κ is

the curvature of the curve. The main purpose of the curvature term is to keep

the curve smooth and to prevent the curve from splitting into many 1 or 2 pixel

sized regions when passing through a noisy area. There are several problems we

would face with this formulation. First of all, the curvature term smooths the

curve and this would prevent the curve from capturing high curvature parts of

the boundaries precisely. Second problem is that on a large flat area of the image,

the vectors are of zero length. If the curve is initialized in a homogenous area,

it will collapse under the influence of the curvature term and disappear. We will

address these problems by reducing the effect of the curvature near the edges and

we will add an expansion term to help the curve reach the object boundary. Fig.

3.1 illustrates how a curve can get stuck outside the reach of the vector field. For

this kind of cases, (3.3) needs to be updated as we discussed.
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C

Figure 3.1: Illustration of the case where the curve is stuck in the background
outside the reach of the vector field. The vector field is not able to pull the
curve towards the edges.

Before addressing these problems, let us derive a scalar edge function from the

Edgeflow vector field. As a natural choice, we define the edge strength function as

the inverse gradient of the conservative component of the Edgeflow vector field.

Using Helmholtz decomposition we can write Edgeflow as a sum of a conservative

and a solenoidal vector field:

~S = ~Scon + ~Ssol = −∇V + ~∇× ~A (3.4)

where ~Scon is the conservative component and Ssol is the solenoidal component of

~S, the Edgeflow vector field. Taking the divergence of both sides:

~∇ · ~S = −∆V + ~∇ · (~∇× ~A)︸ ︷︷ ︸
0

(3.5)

where ∆ is the Laplacian. Since the second term is zero, we only need to solve a
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Poisson equation [98] to find the edge function:

~∇ · ~S = −∆V (3.6)

To verify this solution, let us define the edge function g = −V from a different

aspect as a minimizer of the energy functional

min
V

E =
1

2

∫

U

‖~S −∇V ‖2 (3.7)

where U ⊂ R2 is a bounded and open set on which the image is defined. It

can be seen that E is a function of ∇V . This problem can be solved by using

the first variation of E. Let us define the Lagrangian L = 1/2‖~S − ∇V ‖2. The

Euler-Lagrange equation associated with (3.7) is then:

∂
(

∂L
∂Vx

)

∂x
+

∂
(

∂L
∂Vy

)

∂y
= 0 (3.8)

where Vx = ∂V/∂x and Vy = ∂V/∂y. Derivation of this equation is given in the

Appendix A. Note that L(Vx, Vy) = 1/2(Vx − Sx)2 + 1/2(Vy − Sy)2 where Sx and

Sy are the components of ~S. Straight evaluation of (3.8) results the same Poisson

PDE (3.6), whose solution gives us the edge function V . This shows that the

potential function V associated with the conservative component of Edgeflow is

also the best we can achieve in the least squares (3.7) sense. See also [99] for a

similar energy minimization approach where the inverse gradient is utilized for

finding the level lines from color gradients.

Assume m is the mean and σ2 is the variance of V . For contrast enhancement,

values above m + σ and values below m − 6σ are clipped. After scaling to the

interval [0, 1], V has values around zero along the edges and values close to 1 on
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flat areas of the image. If we multiply the curvature term with V , this will reduce

the smoothing effect of the curvature at the edge locations. This addresses one of

the problems with the initial curve evolution we proposed. To address the other

problem about evolving the curve in homogenous areas, we add a new term to the

curve evolution, a constant force weighted by V . This term expands the curve in

homogenous areas but its effects are reduced when the curve is close to the edges.

After these additions, the curve evolution becomes:

∂C

∂t
= (~S · ~N) ~N + V κ ~N + f(V )F ~N

= (~Ssol · ~N) ~N − (~∇V · ~N) ~N + V κ ~N + f(V )F ~N

(3.9)

where F is a positive (negative) constant for expansion (shrinkage). We initially

choose f(V ) = V , but we will visit this selection later on in Section 3.3. These

additions follow the ideas that are first proposed by Caselles et al. [37] and Malladi

et al. [38]. Equation (3.9) can be implemented using level set methods [32, 33].

The equivalent level set equation for (3.9) is:

∂U

∂t
= −~S · ~∇U + V κ‖U‖+ f(V )F‖U‖ (3.10)

3.2 Comparison of Edgeflow with Geodesic Ac-

tive Contours

Geodesic active contours introduced in [34, 36] have become the defacto stan-

dard in edge-based curve evolution. In this section we compare Edgeflow-based

curve evolution (3.9) with the geodesic active contours (GAC) and point out the
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strengths of our method. GAC is a good method to compare because it is widely

used and can be considered as the state of the art for edge-based curve evolution

even though several variations of this method have been proposed recently. The

GAC formulation is given by:

∂C

∂t
= g(F + κ) ~N − (∇g · ~N) ~N (3.11)

where g = 1/(1 + |∇Îσ|) and Îσ is the Gaussian smoothed image. This definition

of g introduces a nonlinear scaling that is aimed to enhance the weak edges. This

evolution is derived, excluding the constant expansion term, as the local mini-

mization of the total curve length weighted by g. Starting with an initial curve, a

local minimum is searched so that the curve goes through the high values of the

edge strength function. We will discuss the problems with this local minimization

later in this section.

By comparison to GAC, first we show how Edgeflow vector field looks like and

how the solenoidal component of Edgeflow is important for capturing concavities

and high curvature sections of a boundary. Then we discuss the robustness of

our method under noisy conditions. We demonstrate this on images at increasing

noise levels.

Fig. 3.2 compares segmentation of a simple binary image using our method and

geodesic active contours. The constant expansion term is multiplied with -1 so that

the curve shrinks instead of expanding. The results demonstrate the importance

of the solenoidal component of Edgeflow in extracting a precise boundary of the

concavities. The spatial scale used in this example is σ = 2.5 and the image is

of size 100 × 100. Fig. 3.2(d) shows that weighted curve length minimization
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has difficulty in handling concavities in the boundary 1. When the curve reaches

a small opening in the boundary, locally this is a minimum since going further

increases the weighted curve length. On the other hand, going inside this opening

results in a more optimal solution in the end.

Fig. 3.3 shows and compares the vector fields Edgeflow, ~Scon = ∇V , ~Ssol,

and −∇g. For visualization purposes, ∇‖∇Î‖ is displayed instead. Due to the

nonlinear scaling, −∇g is not easy to visualize. On the other hand, the char-

acteristics of these vector fields are similar. The vector fields are shown only in

the neighborhood of the concavity. The main observation is that the solenoidal

component of Edgeflow creates a force towards the inside of the opening. This

additional information contained in Edgeflow is what is missing in geodesic active

contours2.

Another important characteristic for curve evolution is its noise sensitivity. For

this purpose, we create ten images by adding noise to a binary image as shown

in Fig. 3.4. These images, R1 to R10, are generated using the graphics software

Paint Shop Pro’s Add Noise dialog. Random noise at 100% setting is applied to

the original image (Fig. 3.4(a)) iteratively ten times. Then, both our method

and the geodesic active contours are applied to these noise-added images. The

initialization of curve evolution is as shown in Fig. 3.2(a). For each image, the

1By increasing the weighting of the constant shrinkage term, the curve can be forced to evolve
into the concavity. Note that the shrinkage term does not originate from energy minimization.
But in our experiments GAC strongly favors not going into the concavity and we need to find
specific weightings to achieve this. Later on we will see that when noise is added, playing with
the weightings of the shrinkage term will not help. On the other hand, Edgeflow naturally
evolves into the concavity pretty much for any selection of weightings.

2Advantages of using a flow consisting of a solenoidal component is also shown in [56]. This
will be discussed more in Section 3.5.2.
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(a) (b)

(c) (d)

Figure 3.2: a) Initialization of the curve evolution. b) Segmentation result
using Edgeflow. c) Segmentation using only the conservative component of
Edgeflow. d) Geodesic active contour segmentation

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

Figure 3.3: a) Binary image and the zoom rectangle, b) Edgeflow ~S, c) conserv-
ative component of Edgeflow Scon = ∇V , d) solenoidal Component of Edgeflow
Ssol = ~S −∇V , e) ∇‖∇Î‖, similar to what is used in geodesic active contours.
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weighting for the constant shrinkage term is manually adjusted for best results.

We observe that GAC segmentation is able to segment the object in images R1

to R6, and the result for R6 is shown in Fig. 3.5(a). In R7 to R10 the curve

collapses onto itself and disappears either because the boundary leaks at several

edges or GAC completely misses the object. Edgeflow-based curve evolution on

the other hand is able to capture the object with good precision for images R1

to R8. The segmentation for R8 is displayed in Fig. 3.5(c). Even on R10, our

method is able to capture some parts of the object. This experiment demonstrates

that our method is more immune to noise at both during the curve evolution and

at the convergence to the object boundaries. In this experiment, we tried to create

equal setting for both curve evolution techniques. σ = 2.5 pixels is chosen for the

Gaussian smoothing. An interesting observation is that if nonlinear scaling is not

used and the edge function is selected as g = −‖∇Î‖ and linearly scaled to the

interval [0, 1], the results are very similar to the ones where nonlinear scaling is

utilized.

3.3 Improving Curve Evolution Stability using

Divergence of Edgeflow

One of the main problems in edge-based curve evolution methods is boundary

leaking due to the constant expansion term. To address this issue in our curve

evolution framework, we suggest creating a binary mask around the edges. The

purpose of this mask is to suppress the constant expansion term within the vicinity
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(a) (b) R1 (c) R2 (d) R3 (e) R4 (f) R5

(g) R6 (h) R7 (i) R8 (j) R9 (k) R10

Figure 3.4: a) Original binary image. b-k) Images with random noise added
increasingly.

of the boundaries. We define an indicator function

χ(x, y) =





ξ

1

if div(~S) 6 0

if div(~S) > 0
(3.12)

where ξ is a constant between zero and one. Note that this function only depends

on the conservative component of ~S since ~∇ · ~S = ∆V . χ is visualized in Fig.

3.6(d) for ξ = 0. As can be seen, this function takes the value 0 around the edges.

For utilizing χ, we change f(V ) as f(V ) = χV . Since the solenoidal component of

Edgeflow has no effect in the calculation of χ, this scheme can be directly adapted

by geodesic active contours. Fig. 3.6(b) shows the indicator function for geodesic

active contours. Since divergence of −∇g corresponds to the third derivative of

the image, it is very sensitive to noise. In this case, suppressing the expansion

term around the edges would mean suppressing it also around noise. In the case

of GAC this would cause more harm than good by slowing convergence or causing
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(a) R6 (Geodesic ac-

tive contours)

(b) R6 (Canny)

(c) R8 (Edgeflow) (d) R8 (Canny)

(e) R10 (Edgeflow) (f) R10 (Canny)

Figure 3.5: a) R6 segmented using geodesic active contours. b) Canny edge
detection on R6. c) R8 segmented using Edgeflow-based curve evolution. d)
Canny edge detection on R8. e) R10 segmented using Edgeflow-based curve
evolution. f) Canny edge detection on R10.
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(a) (b) (c)

(d) (e) (f)

Figure 3.6: a) Blood vessel image; b) Divergence indicator function of −∆g
(white corresponds to low values, black to high values); c) Divergence indi-
cator function of ∇‖∇Î‖ (without nonlinear scaling); d) Divergence indicator
function of ∇ · ~S = ∆V ; e) Divergence of ∇ · ~S = ∆V ; f) Edges detected using
the original Edgeflow method (without vector propagation) [1].

curves to stop at false boundaries.

As is apparent from Fig. 3.6(d), χ can also be utilized to assist identifying

best locations to instantiate the curves. For example, the boundaries of the black

connected components in Fig. 3.6(d) or their convex decompositions are good

candidates to instantiate curves close to the final object boundaries.
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(a)

(b)

Figure 3.7: a) An edge profile, b) ∇V

3.4 Berkeley Segmentation Ground Truth

In this section, we will optimize and compare three edge-based curve evolution

techniques on natural images. The techniques we evaluate are: geodesic active

contours (GAC) [34], gradient vector flow (GVF) [56], and Edgeflow-driven curve

evolution (EF).

The experiments for the evaluation are conducted on a data set that is pro-

vided by UC, Berkeley Computer Vision Group [29] and can be downloaded from

http://www.cs.berkeley.edu/projects/vision/grouping/segbench/. Images are in

JPEG format and the segmentation ground truth as well as accompanying source

code for many useful tasks such as matching a segmentation result to a ground

truth are included. The data set is divided into two sets: training and test sets.

The suggested training set consists of 200 images and the test set consists of 100

images. The idea is to optimize all the parameters of your algorithm on the train-

ing set and then the evaluation is done on the test set. Ideally a more thorough

evaluation such as cross validation is desired, but unfortunately the computational

needs for this is extensive and not practical even on the high-end computers we
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have currently. Actually we reduce the training set to 20 images by random sam-

pling for computational reasons. The selected training images are given in Fig.

3.8. Visually, the images in our set seem to be diverse. The original images

are of size 481x321. For our experiments, we resize these images to 192x128 for

computational reasons.

The ground truth associated with the images consists of at least 5 or more

manual segmentations for each image. Each of these manual segmentations are

assumed to be correct and a result from an automated segmentation is matched

to each of these manual segmentations separately. Matching a segmentation to a

ground truth requires a definition for edge localization. Let D be the length of

the diagonal of an image. To count as a match, the maximum distance of an edge

to a ground truth edge should be less than 0.75
100

D. Bi-partite graph matching is

used to prevent more than two edges to match the same ground truth edge. More

details can be found in [24].

We conduct our experiments in this chapter using gray scale values of the

images. The main reason for this decision is simplicity. Moreover, the curve

evolution methods we evaluate are mainly proposed and demonstrated for gray

scale intensities (except that original Edgeflow method’s main target was texture

features).

Why compare with color ground truth

The Berkeley segmentation data set provides two sets of ground truths. The

first data set is created by displaying the original color images to human subjects
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(a) 181091 (b) 55075 (c) 113009 (d) 61086 (e) 65074 (f) 66075

(g) 170054 (h) 164074 (i) 118020

(j) 145014 (k) 207056 (l) 247085

(m) 249087 (n) 35091 (o) 41025 (p) 45077

(q) 65019 (r) 97017 (s) 76002 (t) 80099

Figure 3.8: Training set of images and their IDs in Berkeley segmentation data set.
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and having them to generate the ground truth segmentations manually. The sec-

ond data set is created as follows: First, the quality of color images are reduced

by converting them to gray scale. These gray scale images are then shown to the

subjects and corresponding ground truth segmentations are generated (another

ground truth is created by showing inverted gray scale images but this is not

of interest to us). Based on the availability of these two data sets, an important

question about which ground truth data set we should choose to use remains. The

creators of the segmentation data set suggests using gray scale ground truth for

evaluating methods that are based on gray scale intensities (or texture) and color

ground truth for methods that utilize color information. Their work on evaluating

edge detection methods [24] also follows this methodology. Unfortunately perfor-

mance measures calculated on two separate data sets cannot be compared. With-

out proper normalization, such comparisons do not have any statistical meaning.

On the other hand, normalizing these performance results is close to impossible

considering the complexity of the process and countless unknowns that are associ-

ated with the human visual system and our knowledge about the semantics of the

objects in the real world. Besides, these two sets of ground truth are generated

by different people. This makes it more difficult to compare a method that is

evaluated on gray scale ground truth versus a method that is evaluated on color

ground truth. Even if both ground truth is created using same type images (both

color or both gray scale), the fact that the ground truth are created by different

people makes it hard to draw any useful comparisons across data sets. Perfor-

mance comparisons can only be meaningful if experiments are conducted under
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the same external conditions.

Considering that the natural images are acquired in color, the meaning of gray

scale intensities can be thought of as one of the following: 1) Conversion of color

images to gray scale can be seen as 3 to 1 lossy compression or dimensionality

reduction from three dimensions to one. 2) We can consider brightness as an image

feature that the segmentation methods might like to use. Neither of these cases

warrant that we utilize a ground truth that is generated from brightness features

alone. If an algorithm favors using dimensionality reduction, it should be clear

that some information is lost and this will be reflected in the final performance–

gains in terms of computational efficiency is possible but we are not measuring

this. If brightness is an image feature (and certainly it is), then should we really

create separate sets of ground truth for each image feature? (e.g. for evaluating

an algorithm that analyzes R, G, and B components of a color image separately

and combines these results to generate a segmentation, should we create separate

ground truth for R, G, and B images and combine them at the end?)

For people who are not familiar with the ground truth data from the Berkeley

segmentation data set (BSDS), the contents of this segmentation ground truth

might not be clear. Previous ground truth data sets [25] are created mostly to

simulate the computer’s view of the images and semantics about the objects are

avoided (or not as much used). On the other hand, BSDS ground truth is created

by people unfamiliar with the segmentation research and semantics of the objects

are heavily utilized (Very obvious edges and boundaries are consistently avoided

if they do not contain any semantic meaning with respect to the objects). One
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might wonder why there are so many differences between the color ground truth

and gray scale ground truth since both of them correspond more or less the same

scene. Our subjective comparison of the ground truth show that there are two

main reasons for this:

• When color images are converted to gray scale, some regions emerge, which

are not easy (or impossible in some cases) to be recognized as to what

they correspond to. Whenever the subjects cannot figure out what the re-

gion might correspond, they marked it as a segment. On the other hand,

the same region might correspond to some illumination effect, for exam-

ple, shadows. Using color images, these regions are usually not labeled as

separate segments.

• Some boundaries that are very visible become very low contrast when con-

verted to gray scale. This causes confusion since certain low levels of contrast

(especially if the neighborhood has higher contrast) is not easyly parsed by

the human visual system. On the other hand, this might not be a problem

for a computer algorithm.

The conclusion we reach based on our observations is that there are two sets of

very useful ground truth data that comes with BSDS and each can be used to

evaluate any segmentation method. On the other hand we would like to note that

one of them is clearly of higher quality. For this reason we choose to use the better

ground truth data (ground truth from color images) in our experiments.
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3.5 Evaluation Framework

We can formulate a generic edge-based curve evolution with the following PDE:

∂C

∂t
= αF1 + βF2 + F3 (3.13)

where F1 is the term for constant expansion weighted by an edge function, F2

is the curvature-based force, and F3 is the vector field based force. There are

three parameters that directly affect the curve evolution, α, β and the scale σ at

which the edge function and the vector field are generated (usually σ corresponds

to the variance of the Gaussian smoothing). See [100] for a discussion about the

effects of changing α and β on the segmentation results (the curve evolution in

[100] does not contain F3). β, the weighting factor for the curvature-based term

adjusts the smoothness of the curve during its evolution. If β is selected too high,

the curve will be inflexible and would favor staying in straight or circular shape.

If β is too small, then the curve become noisy and unstable, and potentially may

split into many small curves. On the other hand, if β is adjusted to a reasonable

value, variations in β will not have a significant effect on the final segmentation.

Reasonable value for beta is decided by considering the following conditions: 1)

the curve’s shape is not enforced by the curvature term, 2) the curve can take

any shape depending on the edges in the image, and 3) the curve stays smooth

during the evolution. Based on these observations, we fine tune β manually on

each curve evolution technique to a reasonable value. Visually, we try to keep the

effect of the curvature same for each method we are testing.

The training phase requires finding the optimum values of α and σ for each of
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the curve evolution techniques. We suggest and utilize some form of combinatorial

optimization for the optimization of these two parameters. The scale σ is directly

linked with the edge detection and edge localization quality. Another important

feature of σ is that the reach of the vector field becomes larger with increasing σ.

The reach of the vector field has an effect on carrying the curve to the edges and

preventing boundary leaks. On the other hand, α is a very important parameter

in terms of helping the curve reach the desired boundary. A key behavior of

the curve evolution is that the constant expansion term (weighted by the edge

function) most of the time competes with the vector field to decide if the curve

converges to a boundary or not. If the strength of the vector field is larger than

or equal to the strength of the expansion term (along the whole boundary), the

curve stays at the boundary3. If α is selected too high, the curve will not stop at

the edges, and if α is too low, the curve might not reach the boundary.

Given a scale σ, we first generate the edge function and the vector field. Then,

a useful range of values for α is identified. The range of values for α should start

from a low value which is not high enough to carry the curve to the boundaries

(e.g. 0) to a high value for which the curve does not stop at any edge point. This

interval for α depends on the curve evolution technique, but it does not change

from one scale to another in our experiments. Once we decide on the interval for

α, this interval is sampled at equally spaced points. For each of these values of α,

the curve evolution and the associated segmentation are generated.

A measure of goodness of segmentation is needed to compute the optimal

3This is a simplification of the process. Certainly curvature-based force and the alignment
of the curve’s normal vector and the vector field play important roles on the convergence.
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value of alpha. In [24], a way to match a segmentation to the ground truth and

calculating precision and recall for the match is proposed. First, morphological

thinning is applied to the binary segmentation map. Then the thinned edges

are matched to the ground truth. Based on this match, precision P–number of

correct matches divided by total number of edges detected and recall R–number

of correct matches divided by total number of edges in the ground truth, are

calculated. Ideally a high value for both precision and recall is desired, but in

practice one value of α would give higher recall, while another value of α might

result in a better precision. To define a single goodness measure from precision

and recall, the F-measure has been used [101]:

F =
P ·R

γP + (1− γ)R
(3.14)

where γ defines the tradeoff between precision and recall. In [24], γ is selected

as 0.5 (precision and recall are considered equally important). A better way

of deciding on the optimum γ for image segmentation task would be through

subjective experimentation where for a range of γ, human subjects are shown

several segmentations with equal F-measures and asked if the segmentations are

equally good. However, we are not aware of any such subjective tests reported in

the literature. For simplicity and for compatibility with the other work on this

data set, we also set γ to 0.5 in our experiments. For better resolution, successive

samples of α, αn and αn+1 are interpolated and P and R are estimated by linear

interpolation using the P and R values at αn and αn+1. Finally, the value of α

with the highest F-measure is selected as the optimum for this scale. This process

is repeated for a range of scales, starting with σ = 0.25 pixels going up to σ = 3.75
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pixels. The optimum value for α and the corresponding F-measure are found for

each of these scales and the scale with the highest F-measure is selected as the

optimum scale.

Another question regarding F-measure is that how much of a difference in

F-measure corresponds to a visible improvement and how much of a difference

is statistically insignificant. There is no clear answer to this. Subjectively, an

improvement of 0.01 is visibly better. We report our experimental results up to

the third decimal digit.

Curve evolution methods are not proposed and are generally not intended for

a full segmentation of an image. A single curve is not enough for capturing all

boundaries in an image. For this purpose, we propose the following methodology

for generating an image segmentation using multiple curves. First, four multi-part

curves, each with four sub-parts, are initialized on the image in a grid fashion (Fig.

3.9 (a) and (b)). The main feature of a multi-part curve is that the sub-parts of a

multi-part curve would merge if they touch each other. While multi-part curves

behave like multiple curves without extra computational complexity, they can not

capture the T-junctions. In addition to these 4 curves, 5 more single-part curves

are also instantiated (See Fig. 3.9 (c) ) making it a total of 9 curves. We need to

note that each extra curve adds to the computational complexity and therefore

it is unpractical to use a large number of curves. This creates a tradeoff between

the high edge detection rate and computational complexity. We have found that

the proposed setup works quiet well.

To decide if a curve has converged or not, we need to define a convergence
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(a) (b) (c)

Figure 3.9: Curve instantiation setup. a) A multi-part curve, b) 4 multi-part
curves each with 4 sub-parts, c) 9 curves total: 4 multi-part curves and 5
single-part curves.

criterion. Our convergence criterion is closely linked with our implementation of

the curve evolution. In this work, curve evolution is implemented using narrow

band level set methods (Section 2.2.4). We take the narrow band size as six pixels.

If the curve stays within this narrow band for 60 iterations, we conclude that the

curve has converged. As a failsafe, after 8000 iterations the curve is stopped

regardless.

It is to be noted that our primary goal is not to do a comparison of curve

evolution versus other segmentation techniques. Our curve evolution setup in-

cluding the number of curves instantiated and their locations we chose might be

suboptimal. On the other hand, our objective is to analyze various edge-based

curve evolution techniques under the same conditions.

3.5.1 Training Geodesic Active Contours (GAC)

By the design of GAC, the range of edge stopping function g is nonlinearly

scaled between 0 and 1. By visual inspection, we set β (weighting factor for the
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Figure 3.10: Performance of Geodesic Active Contours on the training set.

curvature-based term) to 0.3, and the range of α is chosen from 0.1 to 1 with

increments of 0.1. The scales that we experiment are σ = 0.25, 0.5, 0.75, 1, 1.25,

1.75, 2.25, 2.75, 3.25, 3.75.

Fig. 3.10 shows the performance of GAC with the change of scale. The

performance peaks at σ = 0.75 (F = 0.559). Fig. 3.11 shows the performance

behavior with respect to α at σ = 0.75 for the training set. The optimum is

at α = 0.3. For giving a clearer picture about the evaluation process, specific

performance results on individual images are given in Table 3.1. We don’t show

these individual results for other methods since they don’t have a direct effect on

the final performances.
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Image ID Optimum α Recall Precision F-measure
113009 0.3 0.514059 0.822785 0.632774
118020 0.3 0.50296 0.686286 0.580493
145014 0.3 0.514466 0.656368 0.576818
164074 0.2 0.381296 0.279054 0.32226
170054 0.3 0.618361 0.597936 0.607977
181091 0.4 0.587639 0.693153 0.636049
207056 0.3 0.613432 0.586792 0.599816
247085 0.3 0.432552 0.553138 0.485469
249087 0.4 0.54278 0.47112 0.504418
35091 0.3 0.389957 0.549455 0.456166
41025 0.4 0.663312 0.575142 0.616088
45077 0.3 0.372615 0.49919 0.426714
55075 0.3 0.518105 0.785278 0.624308
61086 0.5 0.551292 0.497112 0.522802
65019 0.5 0.686889 0.891313 0.775862
65074 0.4 0.605895 0.817382 0.695926
66075 0.4 0.471123 0.785714 0.589047
76002 0.4 0.637881 0.715946 0.674663
80099 0.27 0.326446 0.277921 0.300235
97017 0.3 0.552249 0.652571 0.598233

Table 3.1: Optimum values for each image at σ = 0.75 using GAC
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Figure 3.11: Performance with the change of α for σ = 0.75 (GAC)

3.5.2 Training Gradient Vector Flow (GVF)

Gradient Vector Flow (GVF), which is proposed by Xu and Prince [56], defines

a method of generating a vector field such that the vector field flows towards the

edges that are contained in the image. Given an edge strength function f(x, y) of

the image (for example f(x, y) = ‖∇I‖), this vector field ~G = [u(x, y) v(x, y)] is

realized as the minimization of the following energy functional:

E =

∫∫
µ(u2

x + u2
y + v2

x + v2
y) + |∇f |2|~G−∇f |2dxdy (3.15)

This can be interpreted such that the flow is equal to ∇f where |∇f | is large

enough and in homogenous areas where |∇f | is small, the flow is smoothly inter-

polated from ∇f . While the reach (effective area) of ∇f is only around the edges,
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GVF extends the reach of the vector field to a larger area. The components of

GVF are calculated by solving the following equations:

µ∆u− (u− fx)(f
2
x + f 2

y ) = 0 (3.16)

µ∆v − (v − fy)(f
2
x + f 2

y ) = 0 (3.17)

GVF is initially proposed to be used as an external force field within the para-

metric curve evolution (snakes) framework. Later on use of GVF within geometric

curve evolution framework is also proposed by Xu et al. [35] and Paragios et al.

[102]. Variations of GVF as well as the idea of normalizing the vector field to unit

length vectors is proposed and used in [103, 102].

Matlab source code for calculating GVF has been provided at the web site

of its authors Xu and Prince (http://iacl.ece.jhu.edu/projects/gvf/). Our imple-

mentation directly follows this source code. The decisions for parameter settings

are done based on the suggestions of the authors in their paper [56] and in their

source code. µ is set to 0.1 and the number of iterations is set to
√

NM where N

is the width and M is the height of the image.

The curve evolution setup for GVF is exactly same as the one for GAC ex-

cept that the edge stopping function and the vector field are different. The edge

strength function is selected as f = ‖∇I‖ and f is linearly scaled to the interval

[0, 1]. Edge stopping function is calculated as g = −f + 1. β is visually set to

0.003, and the range of α is from 0 to 0.1 with increments of 0.01. The scales used

are σ = 0.5, 0.75, 1, 1.25, 1.75, and 2.25.

Fig. 3.12 shows the performance of GVF with respect to σ. Performance

peaks at σ = 1.25 for α = 0.02 (F = 0.506). While we expected the opposite,
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Figure 3.12: Performance of GVF on the training set.

unfortunately the performance of GVF is much lower than GAC on the training

set (0.51 vs 0.56). The vector field for GVF works well as expected when there are

clear step edges in the image. On more complex images (which have weak edges

along the boundary and clutter) and for small scales (for which ∇f might be thin

along the edges), GVF is not able to interpolate the vector field as well. In some

cases weak edges are eliminated from the vector field after diffusion process. As

previously discussed, if a large enough part of the boundary is not captured by

the vector field, the whole boundary is usually missed by the curve evolution.
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3.5.3 Training Edgeflow (EF)

Considering that the design of EF is not fixed like GAC or GVF, while we

optimize EF, we also test different design decisions using the training set. The first

decision we need to make is about the scaling and the dynamic range of the edge

function V and the vector field ~S. One option is to scale them independently, and

the other option is to scale them together by the same factor.We will investigate

both options. First we conduct the experiments for independent scaling. Values

of V and magnitudes of ~S are both linearly scaled to the interval [0, 1]. Then both

of them are divided by their means for normalization. For this setup we select β

as 0.3 and the range of α is set as 0.1 to 1 with increments of 0.1.

Fig. 3.13 shows the performance of EF on the training set. The graph peaks

at σ = 0.5 and α = 0.2 (F = 0.561). The performance is about the same as GAC.

In Section 3.3, we introduced the use of the divergence of Edgeflow for improv-

ing the performance of our curve evolution. To verify our claims, we conducted

experiments for ξ = 0.5 and 0.75. The results can be seen in Fig. 3.14. The results

does not show significant improvements, only a slight improvement for ξ = 0.75

(F = 0.562 at σ = 0.75).

An interesting observation about these results is that despite showing slightly

better performance than GAC, when compared to GAC, EF’s performance falls

much more rapidly with respect to scale increase. The problem originates from

the use of Gaussian offset at 4σ. This large Gaussian offset introduces poor

localization in EF with increasing scale. Based on this observation, we redesigned

a new Edgeflow vector field using a Gaussian offset of σ. We call this vector field
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Figure 3.13: Performance of EF on the training set.

and the associated curve evolution as EF2. Fig. 3.15 plots the performance of EF2.

It shows that EF2 has a better performance (F = 0.564) and the performance is

stable across a wide range of scales. Comparison of EF2 versus EF along with

GVF and GAC is given in Fig. 3.16.

We now repeat the experiments for EF and EF2 by scaling the edge function V

and the Edgeflow vector field in a dependent way. We first calculate V by solving

the Poisson equation (3.6). Let m = Min(V ) and M = Max(V ). We subtract m

from V to make the minimum 0. After that both V and x and y components of ~S

are divided by M −m. Then we multiply ~S by 20 so that α and β parameters can

be kept same as in other experiments. We call the corresponding curve evolutions

EF′ and EF2′. As shown in Figures 3.17 and 3.18, dependent scaling improves
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Figure 3.14: Performance comparison for ξ = 0.5, 0.75, 1
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Figure 3.15: Performance of EF2 on the training set.

the performance (F = 0.566 for EF′ and F = 0.573 for EF2′). Fig. 3.19 shows

the results for EF′, EF2′, GAC and GVF.

3.5.4 Test results

We apply curve evolution techniques we trained so far to the test set of 100

images associated with the Berkeley segmentation data set. For edgeflow, we test

both EF′ and EF2′. A summary of the optimum values that are calculated form

the training set, the performance on the training set, and the performance on the

test set are provided in Table 3.2. GVF perform much worse than other techniques

as expected based on the training phase. The results show that both EF′ and EF2′

show about 0.02 improvement with respect to GAC. More importantly, while GAC
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Figure 3.16: Performance comparison of EF, EF2, GAC and GVF on the training set.

76



Curve Evolution and Anisotropic Diffusion on Natural Images Chapter 3

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8
0.44

0.46

0.48

0.5

0.52

0.54

0.56

0.58

0.6

Scale

F
−

m
ea

su
re

EF’
EF

(a)

Figure 3.17: Performance comparison of EF and EF′.
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Figure 3.18: Performance comparison of EF2 and EF2′.
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Figure 3.19: Performance comparison of EF′, EF2′, GAC and GVF on the
training set.
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Technique σ α β F (on training set) F (on the test set)
GAC 0.75 0.3 0.3 0.559 0.511
GVF 1.25 0.02 0.003 0.506 0.474
EF′ 0.75 0.3 0.3 0.566 0.525
EF2′ 1.5 0.3 0.3 0.573 0.526

Table 3.2: Summary of the optimum values for curve evolution

has a peak performance at a specific scale, EF2′ has been shown to be less sensitive

to scale changes and performs quite well over a large range of scales.

Fig. 3.20 shows select segmentation results for each of the curve evolution

technique on the test images. From these results it can be seen that GAC is more

aggressive in capturing a large number of boundaries, which sometimes causes

over-segmentation. The reason for this behavior is related to the nonlinear scaling

of the edge function that is aimed to enhance weak edges. Visual evaluation has

been the standard way of evaluating segmentation in the past. On the other hand,

these results show that visually evaluating the segmentation quality is not easy

and systematic evaluation techniques are necessary.

3.6 Anisotropic Diffusion

Anisotropic diffusion is another important variational segmentation method.

The main idea in anisotropic diffusion is to smooth the homogenous areas of the

image while enhancing the edges, thus creating a piecewise constant image from

which the segmentation boundaries can be easily obtained. Anisotropic diffusion

was first proposed by Perona and Malik [6]. Previous work on anisotropic diffusion
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Figure 3.20: Curve evolution results on the test set. First column: GAC,
second column: GVF, third column: EF′ and forth column: EF2′
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is discussed in Section 2.2.3. Perona-Malik flow can be formulated as:

It = div(g∇I) (3.18)

with I0 being the original image. g is the edge stopping function, which allows

edges below certain strength to be smoothed and stronger edges to be sharpened.

Another interesting work on anisotropic diffusion is self-snakes proposed by

Sapiro [50]. This work uses same partial differential equations as geodesic active

contours (except the constant expansion term) but instead of evolving a curve, all

level sets of the image are evolved together as if they each are curves. Self-snakes

is formulated as a linear combination of a smoothing term and a sharpening term.

The smoothing occurs in the tangential direction of the level sets of the image, and

sharpening is applied in the perpendicular direction. The PDEs can be written

as:

It = αgdiv

( ∇I

‖∇I‖
)
‖∇I‖+ β∇g · ∇I (3.19)

where α and β are constant weighting factors. In this equation, g is defined

as in the case of geodesic active contours and the curvature of the level sets is

κ = div
(

∇I
‖∇I‖

)
. The first term is the smoothing term and smooths the level sets of

the image proportional to their curvature. The second term is used for sharpening

or deblurring. Perona-Malik flow can also be decomposed into a combination of

smoothing and sharpening terms. See Section 2.2.3 for more details.
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3.7 Edgeflow-driven Anisotropic Diffusion

In this section we propose an anisotropic diffusion framework that utilizes

Edgeflow vector field for sharpening and the associated edge function V for se-

lective smoothing. Similar to the edgeflow-driven curve evolution framework, we

define our anisotropic diffusion framework as:

It = αV κ‖∇I‖+ β~S · ∇I (3.20)

Our objective is to compare Edgeflow-driven anisotropic diffusion framework to

Perona-Malik flow and self-snakes. First of all it is easy to see the similarities

between self-snakes and (3.20). Both of them are based on combining smoothing

and sharpening terms and γ = β
α

defines the tradeoff between sharpening and

smoothing. Basically, increasing γ increases the number of regions and detail in

the final segmentation.

Two extreme cases for both self-snakes and Edgeflow-driven diffusion are 1)

α = 0 with β > 0, and 2) β = 0 with α > 0. If β is set to zero in self-snakes, then

the boundary will be smoothed by a curvature based flow. This is demonstrated

in the first two rows of Fig. 3.21. Most boundaries are completely displaced and

lost. This is the expected behavior of mean curvature smoothing. On the other

hand, if alpha is set to zero, we do not expect the sharpening term to displace

the boundary. Contrary to our expectations, applying self-snakes even with α

set to zero (σ = 1.5), displaces the boundary and smooths it as shown in Fig

3.21, third and fourth rows (maybe more correctly, only smooth boundaries are

preserved and sharpened). Edgeflow-driven flow does not have the same behavior
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(Fig. 3.22). In these examples, g in self-snakes and ~S and V in Edgeflow-driven

flow are updated after each iteration. The results show that self-snakes displace

the edges. This effect of displacement is more severe with increasing scale.

3.8 Evaluation of Anisotropic Diffusion

We evaluate and compare three anisotropic diffusion techniques namely, Perona-

Malik Flow (PM), self-snakes (SS), and Edgeflow-driven flow (EFD or EF2D de-

pending on the Gaussian offset). EFD and EF2D use same Edgeflow vector fields

as EF′ and EF2′ as defined in Section 3.5.3. The evaluation framework in principle

follows the framework introduced in Section 3.4. The training and test sets are the

same. Only difference is that instead of reducing the size to 192× 128, we resize

the images to 240 × 160 for anisotropic diffusion. We need to run each of these

diffusion techniques until their convergence. Instead of using a heuristic method

to check convergence, we decided to let each diffusion to run 5000 iterations, which

is almost always enough for these diffusion techniques to converge.

3.8.1 Training Perona-Malik Flow (PM)

Matlab source code for PM has been provided by its authors in [42, Chapter

3]. This code uses exponential nonlinearity for the edge stopping function:

g(‖∇I‖) = e−(‖∇I‖/K)2 (3.21)

Since this is the implementation favored by its authors, we will directly follow

this code in our experiments. For completeness we reproduce the source code in
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(a) 0 iterations (b) 500 iterations (c) 2000 iterations (d) 4000 iterations

(e) 0 iterations (f) 500 iterations (g) 2000 iterations (h) 4000 iterations

(i) 0 iterations (j) 500 iterations (k) 2000 iterations (l) 4000 iterations

(m) 0 iterations (n) 500 iterations (o) 2000 iterations (p) 4000 iterations

Figure 3.21: Self-snakes image diffusion. First two rows correspond to the
diffusion and edge function g for the case when β is set to zero. Third and
forth rows correspond to the diffusion when α is set to zero.
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(a) 0 iterations (b) 500 iterations (c) 2000 iterations (d) 4000 iterations

(e) 0 iterations (f) 500 iterations (g) 2000 iterations (h) 4000 iterations

Figure 3.22: Edgeflow-driven image diffusion for α = 0. First row shows the
diffusion process and the corresponding edge functions V are given in the second
row.

Algorithm 3.1.

The parameter K works like a threshold for edge strength. For small K, more

edges are preserved and for large K only strong edges are preserved. In our ex-

periments we set K from 1 to 10 with increments of 1 and estimate the optimum

value for K using precision, recall and F-measure as described in the curve evo-

lution section. The range of K is chosen such that for K = 1, unreasonably large

number of pixels of the image are labeled as the edges and for K = 10 most of

the edges of the image are missed. There is no scale to adjust in PM so K is the

only parameter to tune.

Perona-Malik flow was originally demonstrated for edge detection. On the

other hand, when anisotropic diffusion converges, we can actually obtain a proper

segmentation for which the contours are closed. To generate the segmentation
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Algorithm 3.1 Source code for Perona-Malik flow with exponential nonlinearity.

Reproduced from [42, Chapter 3].

function [outimage] = anisodiff(inimage,iterations,K)

lambda=0.25; outimage = inimage; [m,n] = size(inimage);

rowC = [1:m]; rowN = [1 1:m-1]; rowS = [2:m m];

colC = [1:n]; colE = [1 1:n-1]; colW = [2:n m];

for i=1:iterations,

deltaN = outimage(rowN,colC) - outimage(rowC,colC);

deltaE = outimage(rowC,colE) - outimage(rowC,colC);

fluxN = deltaN .* exp( - (1/K) * abs(deltaN) );

fluxE = deltaE .* exp( - (1/K) * abs(deltaE) );

outimage = outimage + lambda *

(fluxN - fluxN(rowS,colC) + fluxE - fluxE(rowC,colW));

end;

boundary from the diffused images, we propose the following:

• First let the anisotropic diffusion run for 5000 iterations. At the end, this

diffusion results in a piecewise homogenous image Id(x, y).

• To extract the boundaries from Id, calculate the gradient magnitudes f(x, y) =

‖∇Id‖. To identify boundary and non-boundary points, f needs to be

thresholded. If the histogram of f is visualized, it can be seen that there

are two peaks, one around 0, which corresponds to non-boundary points,

and the second group is around c, where c > K. This group corresponds to

boundary points. The ideal threshold turns out to be the point right after

the end of the first lump. Anything smaller causes large chunks of homoge-

nous areas to be labeled as edges and any higher threshold causes legitimate

edge points to be missed. This threshold we described is equal to K. This
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is expected since Perona-Malik flow sharpens edges stronger than K while

smoothing out other edges.

• Threshold f at K. This results in a binary segmentation B1(x, y), but at

this point the boundaries are not as thin as we want them. In our evaluation

framework, edge localization is very important.

• Apply standard non-maxima suppression to f using the gradient orientations

and then threshold it at K. This results in another binary image B2(x, y).

The boundaries are thinned as we wanted but they are not always closed

anymore.

• From B1, find and label connected non-boundary regions. Let us call these

regions Ri where i = 1 to N . We would like to grow these regions until the

boundaries are thinned and are 8-connected.

• Identify the set of boundary points b1 from B1 and b2 from B2. For each

Ri, identify the points that are on the boundary of Ri. Grow each of Ri

outwards iteratively. The rules for region growing are as follows.

– First grow the regions only towards the boundary points that are in the

set b3 = b1 \ b2. It is ideal for the final boundaries to include the non-

maxima suppressed edges, b2, as much as possible. Identify combined

set of points that are on the boundary of all Ri and that are an element

of b3 and that are not 4-neighbors of more than one region. Sort these

points based on their gradient strength f(x, y). Grow regions starting
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with the point that has the smallest f value. For each pixel, check to

see if it still neighbors with only one region. If not, don’t grow the

region to this pixel. After the first iteration of region growing, find the

new boundary points of Ri and continue growing until convergence.

– Repeat the region growing step described in the previous step but take

b3 = b1.

• After the convergence of the last step, we obtain a proper segmentation

with thinned boundaries as desired. This process can be easily and very

efficiently implemented.

A flowchart for this algorithm is presented in Fig. 3.23.

Experiments on the training set of 20 images show that the optimum value

of K is 3.67 with a performance of 0.551. The general observation from these

experiments is that PM’s biggest problem is the poor handling of noise and clutter.

Since there is no explicit smoothing, much of the noise is labeled as 1 pixel sized

segments, while some legitimate boundaries are eliminated.

3.8.2 Training Self-Snakes (SS)

As we discussed in Section 3.7, SS has a problem with displaced and smoothed

boundaries. For scales larger than σ = 1, the boundaries are completely out of

sync with the image. Based on this perspective, we only evaluate SS at scales

σ = 0.25,0.50,0.75,1. The scale corresponds to the Gaussian smoothing used in

calculating g. At each scale, we vary γ to find the optimal point. For values of

88



Curve Evolution and Anisotropic Diffusion on Natural Images Chapter 3

Image
Anisotropic

Diffusion

Diffused

Image I
d

Gradient

f(x,y)

Threshold

Non-maxima
Suppression

Threshold

B
1

B
2

b
1

R
i

b
2

Region
Growing

Final
Boundaries

Figure 3.23: Flowchart of the algorithm for capturing thin boundaries from
piecewise homogenous diffused image, generated by anisotropic diffusion.
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Figure 3.24: Performance of self-snakes on the training set.

γ = 0.5,1,3,5,7,10,15 precision, recall and the F-measure are calculated and the

optimum value for γ is found by linearly interpolating in between these values.

During the experiments we check to see if our initial sampling of γ introduces any

ambiguity and if so we extend our experiments for a denser sampling of γ.

The segmentation boundaries are generated same as PM. The threshold is set

to 1. The performance with increasing scale is plotted in Fig. 3.24. As expected,

the performance drops quickly with increasing scale. The optimum scale is 0.25

with the performance of F = 0.505 for γ = 0.97.
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3.8.3 Training Edgeflow

We investigated various design decisions regarding Edgeflow in Section 3.4

when we evaluated curve evolution. We found that EF′ and EF2′ gave the best

performance. We define EFD and EF2D for anisotropic diffusion based on the

same vector field ~S and edge function V as in EF′ and EF2′.

During the diffusion process, ideally, Edgeflow vector field and the edge func-

tion V are regenerated after each iteration. Unfortunately this introduces extra

computational burden. Instead we choose to calculate Edgeflow only once at the

beginning and reuse it. In our experiments, not updating Edgeflow iteratively did

not cause performance degradation. After applying (3.20) to an image, a piece-

wise homogenous image, Id is obtained. To further enhance the edges, we also

apply PM with K=1 to Id right before we generate the boundaries. Since K is

chosen very low, all the regions captured by (3.20) are preserved.

Fig. 3.25 shows the relative performance of EFD versus EF2D for varying

scales. EF2D performs better and peaks at σ = 1 for γ = 1.0 (F = 0.612). EFD’s

peak performance is at σ = 0.5 for γ = 1.15 (F = 0.599).

3.8.4 Test results

A summary of performance results on the test set of 100 images is given in

Table 3.3. EFD and EF2D clearly outperform both SS and PM. These results are

also much better than the results we obtained using curve evolution.

Fig 3.26 shows segmentation results for PM, SS, EFD and EF2D on four test

images. Figures 3.27 and 3.28 present more segmentation results for EF2D on the

91



Curve Evolution and Anisotropic Diffusion on Natural Images Chapter 3

0 0.5 1 1.5 2 2.5 3 3.5
0.48

0.5

0.52

0.54

0.56

0.58

0.6

0.62

Scale

F
−

m
ea

su
re

EFD
EF2D

(a)

Figure 3.25: Performance comparison of EFD versus EF2D on the training set.

Technique σ F-measure on training set F-measure on the test set
PM NA 0.551 0.513
SS 0.25 0.505 0.476

EFD 0.5 0.599 0.569
EF2D 1 0.612 0.565

Table 3.3: Summary of the optimum values for anisotropic diffusion
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test set.

3.9 Conclusion and Discussion

In this chapter we designed and evaluated two types of variational segmen-

tation methods, namely curve evolution and anisotropic diffusion. For the gen-

eral segmentation setup, our anisotropic diffusion shows much better performance

compared with the curve evolution framework. While it can be used for complete

segmentation of an image, curve evolution is best suited for extracting a single

boundary at a specific part of the image. Manual and interactive segmentations

especially can benefit by using curve evolution. Even for semi-automated segmen-

tation, our findings in this chapter hold. The optimum parameters we discovered

for curve evolution can be used when semi-automated detection of natural image

boundaries are desired.

We proposed new curve evolution and anisotropic diffusion techniques both

based on the Edgeflow vector field. Our evaluations show that by utilizing Edgeflow-

based variational methods, we are able to outperform state of the art and well

known variational techniques on natural images.

The evaluations are done using gray scale intensities. It is clear that utiliz-

ing color and texture cues should improve the performance. We leave this as

future work, but we expect that Edgeflow-based methods would outperform other

variational method considering that Edgeflow’s original target has been texture

features and texture-rich images.

We have compared our curve evolution technique to gradient vector flow (GVF)
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Figure 3.26: Anisotropic diffusion results on the test set. First column: PM,
second column: SS, third column: EFD and forth column: EF2D
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Figure 3.27: EF2D results on the test set.
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Figure 3.28: EF2D results on the test set.
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and geodesic active contours (GAC). While GAC showed respectable performance,

GVF was very disappointing on natural images.

For our experiments regarding anisotropic diffusion, self-snakes, which is an

extension of GAC for anisotropic diffusion, did not perform well. Compared to

the original anisotropic diffusion, our Edgeflow-based technique performed signif-

icantly better both on the training and the test sets. Edgeflow-driven anisotropic

diffusion is probably the most promising variational method among the ones we

tested in this chapter. Perona-Malik flow (PM) captured certain boundaries very

accurately while missing some other obvious ones. Also because of the high noise

sensitivity of PM, some of the noise areas are labeled as regions.

We utilized certain simplifications mostly driven by computational concerns.

The images are resized to 192×128 for curve evolution and 240×160 for anisotropic

diffusion. Our curve instantiation framework, manual tuning of the curvature-

based term and convergence criteria, might be suboptimal. On the other hand,

we evaluated all techniques under the same conditions without bias.

There are obviously some open questions with our evaluation framework. We

have taken recall and precision of the edges as equally important. The main rea-

son for this decision was consistency with previous work on Berkeley segmentation

data set. In reality, the relative importance of recall and precision are very ap-

plication specific. For the case of general segmentation, it is our opinion that

recall is more important than precision. It is easier to merge regions through

post-processing but if a boundary is missed initially, it is very difficult to recover

it later on. Also in our experiments, all edges are weighted as equally important.
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In reality this is not strictly true. For example, for the task of object recognition,

some boundaries might be critical while some others can be safely ignored. More-

over, some types of edges such as corners and junctions contain more semantic

information about the objects and should have been weighted more.

Another limitation with our framework is the size of the training set. It is

possible to estimate the optimum parameters more accurately if the training set

is larger. In one sense, we are trying to model natural images, which would require

at least thousands, maybe much more, images in the training set. Unfortunately

with our current computational resources, it is not practicle at this point. On the

other hand, the training set was diverse and the parameters we estimated would

be useful for practical applications.

One of the main advantages our work is that we estimated specific parame-

ters that can be easily utilized in practical segmentation applications. On the

other hand, other previous work on Berkeley segmentation data set (mostly edge

detection evaluation) do not fix all the parameters using training set. For exam-

ple, in [24], all other parameters except edge detection threshold are estimated

from the training set. The threshold (which is one of the key parameters) is

then re-optimized on the test set and the performances are provided accordingly.

This type of evaluation introduces bias towards the data set and is suspect to

overlearning. Moreover, the authors demonstrated edge detection results for indi-

vidual images by optimizing the threshold on each image separately. Since a fixed

threshold is not estimated for the algorithm, this kind of setup can not be gen-

eralized to practical applications where the test images do not come with ground
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truth. On the contrary, we have optimized and fixed every single parameter of

each technique using the training set.
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Chapter 4

Multi-scale Boundary Detection

and Color Image Segmentation

Most edge detection algorithms specify a spatial scale at which the edges are

detected. Typically, edge detectors utilize local operators and the effective area of

these local operators define this spatial scale. The spatial scale usually corresponds

to the level of smoothing of the image, for example, the variance of the Gaussian

smoothing. At small scales corresponding to finer image details, edge detectors

find intensity jumps in small neighborhoods. At the small scale, some of these

edge responses originate from noise or clutter within the image and these edges

are clearly not desirable. More interesting edges are the ones that also exist at

larger scales corresponding to coarser image details. When the scale is increased,

most noise and clutter is eliminated in the detected edges, but as a side effect the

edges at large scales are not as well localized as the edges at smaller scales. For

example, it has been shown [5] that smoothing the image with Gaussian filters
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(a) (b) (c) (d)

Figure 4.1: Demonstration of good localization of multi-scale edge detection.
Results show that multi-scale edge detection favors edges that exist at both fine
and coarse scales and edges are localized at the finer scale. a) Original image.
b) Edge strengths at spatial scale σ = 1 pixel. Some clutter in the background
is recognized as edges. c) Multi-scale edge detection using scales from σ = 1 to
σ = 4. d) Edge strengths at scale σ = 4. Edges are not well localized.

of increasing variances causes the edges to move from their actual locations. To

achieve good localization and good detection of edges, a multi-scale approach is

needed. Fig. 4.1 shows an example of how multi-scale edge detection, using the

methods developed in this chapter, can precisely localize edges while removing

the unwanted noise and clutter. As can be seen, the multi-scale edge detection

result in Fig. 4.1(c) is cleaner than the one in 4.1(b) and localizes edges better

than the result shown in 4.1(d).

Edge detection and analysis of edges at multiple scales has a rich history since

the early days of edge detection [104, 15, 55]. Both fine to coarse [15] and coarse

to fine [105] approaches for combining edges from a range of scales have been

investigated. Most of these works are based on first finding an edge representation
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at each scale and then combining them using certain heuristics. For fine to coarse

methods, usually the smallest scale that results in a good edge detection is selected

at each local neighborhood of the image. Along these lines, Canny [55] proposed

a fine to coarse method called feature synthesis. First, edges are detected at small

scales. Then filtering responses at larger scales are synthesized from the fine scale

edges. These synthesized outputs are compared to the real coarse scale responses.

Additional edges are marked only if the large scale operator output is significantly

greater than the synthesized response.

A general trend in many of the multi-scale methods is combining single scale

edge detector outputs at multiple scales and generating a synthesis of these edges.

On the other hand, it is desirable that the multi-scale information is integrated

to the edge detection at an earlier stage and the edge detection operation auto-

matically results in multi-scale edges.

More recent multi-scale edge detection techniques are based on estimating op-

timum scales for local neighborhoods within the image [106-108, 53]. Lindeberg

[106] analyzes the scale space representation of edge strengths ξ(x, y, t), where t

correspond to a continuous scale, from a differential geometric point of view. The

optimum scale at a point is chosen as the scale at which ξ has a maximum in the

t direction. A more interesting approach comes from Tabb and Ahuja [53]. This

technique is based on designing a vector field for edge detection and image seg-

mentation. The edges are marked as the location where the vectors diverge from

each other in opposite directions. The idea of designing a vector field for edge

detection is very similar to the Edgeflow technique [1]. Tabb and Ahuja create
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these vectors by analyzing a neighborhood around each pixel. Within a neighbor-

hood around a pixel p(x, y), vectorial intensity difference ‖I(p) − I(p′)‖(−−−→p− p′)

to its neighboring pixels p′ are calculated and summed to generate the vector at

p(x, y). For a multi-scale representation, the optimum neighborhood size changes

from pixel to pixel and needs to be estimated. The technique accepts a parameter

that specifies a desired homogeneity level within regions. Using this homogeneity

parameter, the neighborhood size and the spatial scale are estimated at each pixel

adaptively.

Another approach to multi-scale edge detection and segmentation is anisotropic

diffusion [6], which is discussed in detail in Sections 2.2.3 and 3.6. Anisotropic

diffusion is based on preventing smoothing around the edge locations. This is

equivalent of applying Gaussian smoothing with a spatially adaptive variance. A

pixel within an homogenous region is smoothed with a Gaussian of large variance

whereas a pixel close to an edge is smoothed at a smaller scale.

An important question still remains. Should the image be analyzed from fine

scale to coarse scale or vice versa? In general, this should not matter for a well

designed computerized system. Experiments [109] show that neurons in the visual

cortex of Old World monkeys1 are tuned from coarse scales to fine scales. It can

be easily argued that at first sight we analyze a scene at a coarse scale and over

time we start seeing the finer details. Similarly for a computer vision system, it is

desirable that the edges exist at both coarse and fine scales, and the localization

of these edges are decided at the finest scale. Note that a boundary at coarse

1Old World monkeys are a family of monkeys including baboons and macaques.

103



Multi-scale Boundary Detection and Color Image Segmentation Chapter 4

scale might consist of several boundaries at the fine scale when the detail level is

increased.

In the next section we will design and propose a multi-scale edge detection

method. Our technique is motivated from a geometrical point of view. Unlike

previous work in this area, it is not necessary to estimate a scale locally. The

objective is to detect edges that exist at both coarse and fine scales, and localize

them at the finest scale.

4.1 Multi-scale Edgeflow vector field and edge

detection

Wei and Manjunath introduced a methodology [1] for creating the Edgeflow

vector field at a user defined spatial scale. This vector field is then used for edge

detection and image segmentation. Image segmentation is generated in a ad hoc

way from the edges by edge linking. We are more interested in the vector field

design and edge detection parts of this work. As discussed in 2.3.1, Edgeflow

vector field is designed in a way such that the vector flow is towards the boundary

at either side of the boundary. For detecting the edges, first a way of vector

propagation is applied to the vector field to enhance the edge locations. Edges

are then labeled as the locations where vector field reverses its direction. To

detect edge locations, x and y components of the vector field are checked for sign

changes (along the x and y directions) and the pixel that changes from positive

to negative is labeled as the edge pixel. The edge strength equals the absolute
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difference of the magnitudes at the transition. Our primary purpose in this section

is to define a multi-scale vector field that is based on the Edgeflow technique. We

will then utilize this multi-scale vector field for multi-scale edge detection. In

Section 4.2, the same vector field will also be used for image segmentation within

our anisotropic diffusion framework.

First let us summarize the changes we made to the vector field generation and

edge detection procedures that are proposed by the original Edgeflow technique.

• As discussed in the Section 3.1, we choose the magnitudes of Edgeflow vec-

tors in a different way than originally proposed in [1]. While the original

Edgeflow method [1] uses the gradient of the smoothed image for computing

the vector magnitudes, we utilize relative directional differences.

• We do not apply the vector propagation stage proposed in [1]. In our exper-

iments, vector propagation stage, while eliminating some clutter from the

image, did not change the final edge detection result significantly. Based

on our preliminary tests on the Berkeley segmentation data set, edge de-

tection performance for gray scale images seems to stay the same before

and after vector propagation. Moreover, we need a dense vector field for

our anisotropic diffusion scheme that we will discuss in Section 4.2. For this

purpose, we directly look for direction reversals within the initial vector field

to detect the edges.

• Based on our experiments in Chapter 3, we have found that if the Gaussian

offset in the calculation of Edgeflow vector field is reduced to σ instead of
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4σ, segmentation performance stays stable across a large range of scales.

For an offset of 4σ, the performance quickly drops with increasing scale.

This behavior is not suitable for a multi-scale implementation. Therefore

we change the value of Gaussian offset to σ in our experiments. The original

Edgeflow method [1] is designed with texture edge detection in mind. In our

experiments, interestingly using a Gaussian offset of 4σ as suggested by the

original Edgeflow method results superior texture discrimination compared

to an offset of σ. The reason for this behavior is that texture is a feature

defined in neighborhoods and gray scale or color are point features. For a

point feature, using a Gaussian offset of σ shows more robust behavior since

the operator in this case resembles the derivative of a Gaussian. On the

other hand, using a Gaussian offset of 4σ means measuring the weighted

difference of two non-overlapping neighborhoods (See Fig. 2.2(a)). This

explains why gradient type operators have little success with texture edge

detection.

Our main goals in designing the multi-scale edge detector are:

• Localize edges at the finer scales.

• Suppress edges that disappear quickly when scale is increased. These are

mostly spurious edges that are detected at the fine scale because of noise

and clutter in the image but do not form salient image structures.

• Favor edges or edge neighborhoods2 that exist at both fine and coarse scales.

2For larger scales, edges are displaced from their original locations. For this reason, it makes
more sense to discuss edge neighborhoods when larger scales are considered.
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In generating our vector field, we will explicitly use a fine to coarse strategy.

On the other hand, our multi-scale framework also conducts coarse to fine edge

detection implicitly. Take s1 as the finest (starting) scale and s2 as the coarsest

(ending) scale. We are interested in analyzing an image between scales s1 and s2

for finding the edges. The units for scales are in pixels. All images used in this

chapter are of size 240 × 160. The interval [s1, s2] is sampled with increments of

∆s. In [105], Bergholm uses ∆s = 0.5 such that dislocation of edges for successive

scales is less than a pixel. Similarly, we will also set ∆s to 0.5. The algorithm for

generating the multi-scale Edgeflow vector field is given in Algorithm 4.1.

As can be seen, the vector field that is generated at scale s1 is selectively up-

dated using the vector fields from larger scales. The vector field update procedure

can be interpreted as follows:

At a small scale, the vector field only exists on a thin line along the edges.

Therefore, within the homogenous areas the vectors are of zero length. With

increasing scale the reach–coverage area–of the vector field also gets thicker. First

of all, we want to preserve the edges detected at the fine scale, which implies that

we preserve strong vectors from the fine scale. We also would like to fill the empty

areas with vectors from larger scales. The main reason for this is that some edges

that do not exist at fine scales, the so called shadow, shading or blur edges, will

be captured at the larger scales. For these reasons, we check if ‖~S(x, y)‖ < M
C

,

and if so, fill this pixel with a vector from a larger scale.

Note also that the proposed method favors edges that exist at multiple scales

and suppress edges that only exist at finer scales. The strength of the edges are

107



Multi-scale Boundary Detection and Color Image Segmentation Chapter 4

Algorithm 4.1 Algorithm for generating a multi-scale Edgeflow vector field.

Let I(x, y) be the image.

Let C be a positive constant (e.g. 15).

Let A be a positive constant corresponding to an angle (e.g. π/4).

Let s1 be the smallest and s2 be the largest spatial scale at which we are

interested in analyzing the image for edges.

Let ∆s = 0.5 pixel be the sampling interval for the scale.

From I, calculate the initial Edgeflow vector field ~S at scale s = s1.

while s < s2 do

Set s = s + ∆s.

Calculate Edgeflow vector field ~T at scale s.

M = Max(‖~S‖)
for all Pixel (x, y) in I do

if ‖~S(x, y)‖ < M
C

then

~S(x, y) = ~T (x, y)

else if The angle between ~S(x, y) and ~T (x, y) is less than A then

~S(x, y) = ~S(x, y) + ~T (x, y)

else

~S(x, y) is kept the same.

end if

end for

end while

The final ~S gives the multi-scale Edgeflow vector field.
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represented by the strength of the vectors at the edge location where the vector

field changes its direction. If the vector directions match at multiple scales, this

means that the edges exist at multiple scales. Based on this observation, we check

the vector directions from larger and finer scales and if they match, we sum the

vectors up to strengthen the edge.

Another possibility is that the edge is shifted from its original location at the

larger scale. In that case, the vector at the pixel that is in between the original

(small scale) edge and the shifted (large scale) edge will change its direction by

180 degrees. As we discussed before, we favor the edge localization at the finer

scale. Therefore the new vector from the larger scale is ignored and the vector

from the finer scale is preserved.

Figures 4.2 and 4.3 show the results of multi-scale edge detection with s1 = 1,

s2 = 4, ∆s = 0.5, C = 15, and A = π/4. Multi-scale edge detection results are

compared to edge detection results at σ = 1 and σ = 4. These results show that

the results corresponding to σ = 1 localizes edges very well but detect clutter and

noise as edges. The results corresponding to σ = 4 include cleaner results but the

edges are not well localized. On the other hand, by combining results from scales

1 to 4, we are able achieve edge detection results that both localize edges precisely

(as in σ = 1) and create a cleaner edge detection (as in σ = 4).

The main advantage of our method is that there is no need to estimate local

scales at each pixel. The vector field is designed to contain cues from multiple

scales and the scale selection is implicit within the multi-scale vector field. Our

approach is able to localize edges with no extra and external effort such as tracking
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Figure 4.2: Demonstration of multi-scale edge detection. First column shows
the original images. Second column shows the edge strengths at spatial scale
σ = 1 pixel. Third column shows multi-scale edge detection results using scales
from σ = 1 to σ = 4. Fourth column shows edge strengths at scale σ = 4 pixels.
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Figure 4.3: Demonstration of multi-scale edge detection. First column shows
the original images. Second column shows the edge strengths at spatial scale
σ = 1 pixel. Third column shows multi-scale edge detection results using scales
from σ = 1 to σ = 4. Fourth column shows edge strengths at scale σ = 4 pixels.
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edges or analyzing the displacement of corners, junctions etc., in scale space. Edge

detection results show that the edges are localized as desired and salient structures

existing at both fine and coarse scales are captured. In the next section we show

a multi-scale segmentation method using the vector field designed in this section.

4.2 Multi-scale Image Segmentation

In Section 4.1, we designed a multi-scale Edgeflow vector field and utilized

this vector field for multi-scale edge detection. Another interesting application of

this vector field is multi-scale image segmentation. In Chapter 3, we introduced a

new variational segmentation method that is based on anisotropic diffusion. This

anisotropic diffusion scheme utilizes a vector field to find the boundaries. Simply

replacing this vector field with the multi-scale Edgeflow vector field, we are able

to achieve a multi-scale image segmentation.

The multi-scale segmentation is achieved as follows. From the multi-scale

vector field, we first generate an edge stopping function V by solving a poisson

equation:

~∇ · ~S = −∆V (4.1)

where ~S is the Edgeflow vector field. Using the vector field and edge stopping

function, segmentation is defined as the convergence of the following anisotropic

diffusion:

It = αV κ‖∇I‖+ β~S · ∇I (4.2)

Fig. 4.4 demonstrates the behavior of the multi-scale segmentation compared
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to segmentations at the fine and coarse scales. The results show that using a

multi-scale approach we are able to capture salient structures from a range of

scales. It is to be noted that region merging using fine scale segmentation will

not usually give the similar results as our multi-scale segmentation. For example,

in Figures 4.4 (b-d), there are certain boundaries and structures that emerge

as the scale increases and these boundaries are not captured or do not exist at

the smaller scales. Figures 4.4 (e-h) demonstrate the excellent edge localization

property of our multi-scale algorithm. Fig. 4.5 shows another example of a multi-

scale segmentation and shows the better localization of the edges around the head

area using multi-scale approach compared to segmentation at scale σ = 6.

Figures 4.6 and 4.7 compare segmentations at the fine scale σ = 1.5 to the

multi-scale segmentations generated using s1 = 1.5, s2 = 6, C = 30 and A = π/4.

These results again show the advantages of our method. The unnecessary detail

that is captured at the fine scale is eliminated by the multi-scale segmentation

without dislocating the edges. On the other hand, some of the legitimate bound-

aries are also eliminated by the multi-scale approach. These examples are intended

to show the general behavior and properties of the multi-scale segmentation com-

pared to single-scale segmentation. The results indicate that multi-scale segmen-

tation is a promising new direction. However, much work remains in optimizing

the multi-scale parameters. In contrast, the results presented in the previous chap-

ter were optimized for the single scale method using the Berkeley segmentation

data set. Optimizations and evaluations of the multi-scale segmentation is left as

future work at this point.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4.4: a) Original image. b) Segmentation result at spatial scale σ = 1.5.
c) Segmentation result at spatial scale σ = 6. d) Multi-scale segmentations
using scales σ = 1.5 to σ = 6. e) Detail around the head area. f) Detail for
segmentation at σ = 1.5 g) Detail for segmentation at σ = 6 h) Detail for
segmentation using scales 1.5 to 6.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.5: a) Original image. b) Segmentation result at spatial scale σ = 1.5.
c) Segmentation result at spatial scale σ = 6. d) Multi-scale segmentations
using scales σ = 1.5 to σ = 6. e) Detail around head area for σ = 6. f) Detail
for multi-scale segmentation.
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(a) (b)

(c) (d)

(e) (f)

Figure 4.6: First column shows the segmentation results at spatial scale σ = 1.5.
Second column shows the corresponding multi-scale segmentations using scales
σ = 1.5 to σ = 6.
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(a) (b)

Figure 4.7: a) Segmentation at spatial scale σ = 1.5. b) Multi-scale segmenta-
tion using scales σ = 1.5 to σ = 6.

4.3 Color Image Segmentation

Our experiments in Chapter 3 and in this chapter so far are based on brightness

features of the image. We perceive and understand natural images in full color

and therefore our results so far (based on gray scale intensities) have been approx-

imations of the true potential of our methods. In this section we demonstrate that

full color information will make it possible to capture certain boundaries that are

difficult to identify with just using the brightness component.

Almost all color images are stored or at least displayed on screen in RGB color

space, which assigns three dimensional color features to each pixel. The nicety of

using gray scale intensities is that the perceptual similarity can be directly mea-

sured by the absolute difference of gray scale intensities. However, the Euclidean

distance between two colors might not reflect their perceptual similarity or dissim-
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ilarity. Some of the earlier methods considered each color component as separate

intensity images and processed them individually while combining the results at

the end. This approach is highly suboptimal and might lead to undesirable re-

sults. To reflect the perceptual color similarity of humans, several color spaces

have been proposed in the literature. Among the ones we tested, CIE-L*a*b*

color space [110], which is designed based on psychophysical experiments, is the

most promising (we call this color space Lab from this point on). We also see

a trend that most recent work on color edge detection and segmentation utilize

Lab color space. The characteristics of Lab are explained in [4] as follows. For

small distances, the perceptual similarity is related to the Euclidean distance of

the color features. On the other hand, for large distances only thing we can say is

that the two colors are dissimilar but the level of dissimilarity is not apparent from

the Euclidean distance between these colors. Our implementation of color space

conversion from RGB to Lab is based on the C code written by Yossi Rubner and

Mark Ruzon, which is available at http://robotics.stanford.edu/ ruzon/compass/.

A common approach [45] to extending anisotropic diffusion techniques to color

images is to derive the vector field, edge function, and the color gradients using

all three color components, and then to apply diffusion to each color component

separately. In our method, these three diffusions are coupled through the Edgeflow

vector field and the edge function. For this purpose we need definitions of Edgeflow

vector field and the gradient on vector valued images since color features can be

thought as three dimensional vectors at each pixel.

A derivation of gradient for vector-valued images is given by Di Zenzo [44].
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Let ~I : R2 → RN be a vector-valued image. Define a 2× 2 matrix M as:

M =




~Ix · ~Ix
~Ix · ~Iy

~Ix · ~Iy
~Iy · ~Iy


 (4.3)

where ~Ix and ~Iy are the derivatives of ~I with respect to x and y. Let ~v be a unit

vector at direction θ. The directional derivative of ~I = [I1 . . . IN ]T at the direction

~v is given as:

(∇θ
~I(x, y))2 = ~vT M~v (4.4)

Then the gradient, highest rate of change, magnitude and direction are given by

the square root of larger eigenvalue of M and the corresponding eigenvector. In

our algorithm, the gradient is used for finding boundaries after diffusion converges.

To be able to conduct the anisotropic diffusion process on color images we

also need a definition of Edgeflow for vector-valued images. Wei and Manjunath

[1] extended Edgeflow to color and texture images by finding the prediction error

for each feature component and combining them by summation. On the other

hand, this approach is not well founded. We suggest a different approach by using

the definition of the directional derivatives for vector-valued images (4.4). By

rearranging terms, (4.4) can be rewritten as:

∇θ
~I(x, y) =

∥∥∥∥
[

~Ix
~Iy

]
~v

∥∥∥∥
2

=

∥∥∥∥∥∥∥∥∥∥




∇θI
1

:

∇θI
N




∥∥∥∥∥∥∥∥∥∥
2

(4.5)

Similarly, by using the result from (4.5) the prediction error for a vector-valued
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image at the direction θ can be calculated as:

Error(σ, θ) =

∥∥∥∥∥∥∥∥∥∥




ErrorθI
1

:

ErrorθI
N




∥∥∥∥∥∥∥∥∥∥
2

(4.6)

This result shows that the prediction error for a vector-valued image is the L2

norm of a vector created by the prediction errors of individual feature components.

Original Edgeflow method has extended error calculation to vector-valued images

in a similar way but using L1 norm instead of L2 norm, which turns out to be

an approximation of (4.6). On the other hand, using L2 norm we achieve a more

accurate extension of Edgeflow vector field to vector-valued images.

Figures 4.8 and 4.9 show a comparison of segmentations corresponding to gray

scale and color features. The parameters for gray scale segmentations are chosen

as the optimum values that are estimated in Chapter 3 (σ = 1 and γ = 1.0). Color

segmentations also use the same parameters. In each of these examples, gray scale

segmentation is not able to segment the object of interest properly whereas color

segmentation is successful most of the time. For example, the following are missed

by the gray scale segmentation and correctly identified by the color segmentation:

the back of the kangaroo in Fig. 4.8(a), various parts of the zebras in Fig. 4.8(d),

the pot in Fig. 4.8 (g), upper left side of the building in Fig. 4.8(j), the roof and

the mountain line in Fig. 4.9(a), the tail of the alligator in Fig. 4.9(d), the green

snake in Fig. 4.9(g), the back of the tiger in Fig. 4.9(j), wings and the tail of the

airplane in Fig. 4.9(m).
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 4.8: First column shows the segmentation results using gray scale fea-
tures at spatial scale σ = 1. Second column shows the corresponding color
segmentations. Third column shows the color anisotropic diffusion result.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

Figure 4.9: First column shows the segmentation results using gray scale fea-
tures at spatial scale σ = 1. Second column shows the corresponding color
segmentations. Third column shows the color anisotropic diffusion results after
convergence.
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4.4 Conclusions

In this chapter, we have shown that using multi-scale techniques and color

information, edge detection and segmentation quality on natural images can be

improved significantly. We proposed a novel multi-scale edge detection and vector

field design scheme. Our approach eliminated the need for scale selection and edge

tracking, which has been the main focus of the previous work in this area. Our

objective is to find and favor edges that exist at a wide range of scales and localize

these edges at finer scales. This work is then extended to multi-scale segmentation

using our anisotropic diffusion scheme, which is introduced in Chapter 3.

Natural images are seen and perceived in color. On the other hand we have

been analyzing segmentation based on the brightness features mainly for the rea-

sons of simplicity. In this chapter we also investigated the effects and advantages

of using the full color information within our variational framework. The results

show that in many cases brightness is not enough to capture important bound-

aries, especially from object recognition perspective. The use of color information

significantly enhances the detection of salient object boundaries.
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Chapter 5

Graph Partitioning Active

Contours (GPAC)

The (geometric) active contour methods (ACM) [34, 11, 41, 12, 14] and graph

partitioning methods (GPM) [60, 57, 58, 2, 111, 59] have become increasingly

popular in the last decade. A key advantage is that both these methods result

in closed object boundaries. Closed boundaries are desirable both for human

perception and machine recognition [112-114].

ACM can be used to integrate both curve (line) processes [115] and regions

(points) [11] concurrently while staying a closed contour in the process. The

evolution of the curves can be controlled by segmentation cost functions, external

force fields and geometric forces such as curvature flow and constant expansion

forces (e.g., balloons, see [39]). Based on the driving force behind curve evolution,

ACM is divided into two groups, edge-based and region-based ACM. Edge-based

ACM attempt to fit an initial curve to its surrounding edges as best as possible.
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Usually the results are highly dependent on where the curve is initialized. On

the other hand, region-based ACM use regional features of the interior and the

exterior of the curve and has been shown to be not as dependent on the initial

contour as their edge-based counterparts [116, Chapter 4],[117]. Local minima

can be easily avoided by initializing a multi-part curve covering the whole image

domain in a grid fashion. Previous work on region-based ACM segmented the

images by modeling them as piecewise constant [11], piecewise smooth functions

[12], by maximizing separation of the mean or variance of neighboring regions

[14], or by clustering the histogram first to estimate region statistics offline and

then tuning the ACM to these statistics [41]. Most of these methods are based

on statistics of unknown regions and make a priori assumptions about the image

characteristics.

Most segmentation techniques can be characterized as edge-based or region-

based. Elegant methods for integrating edge and region information exist [10]

but these are difficult to solve analytically and are computationally expensive. In

this chapter we present a region-based ACM framework that utilizes cost func-

tions using pairwise similarities. This kind of pairwise similarity metrics are most

commonly utilized by region-based GPM in their segmentation cost functions.

In this chapter, we will show ways of minimizing pairwise similarity based cost

functions within the curve evolution framework. We will identify the related

problems and propose corresponding solutions. We will also show connections

and comparisons to various GPM. For example, the analogous energy functional

of the minimum cut criteria of GPM can be written in continuous domain as:
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E =
∫

Ri(C)

∫
Ro(C)

w(p1, p2)dp1dp2, where Ri and Ro are the interior and the exte-

rior of a closed curve, and w(p1, p2) is a similarity measure. We will also discuss

several different ways of integrating the edge information.

Variational methods has defined various cost functions for the task of image

segmentation in the past. A popular tool for the (local) minimization of some

of these cost functions is the curve evolution framework. These variational cost

functions can be roughly categorized as contour modeling, region modeling or a

combination of these. An example for a contour modeling cost function is the one

proposed by Caselles et al. [34] for the geodesic active contour framework. The

cost is defined along a curve and minimized by evolving the curve in the normal

direction.

Min
C

E =

∮
g(C)ds (5.1)

where g = 1/(1 + |∇Î|) and Î is the Gaussian smoothed image. A well known

example for the region modeling cost function is the Mumford-Shah functional

[10]. A simplified version of this functional, which models the image with piecewise

constant functions, has been minimized within the curve evolution framework by

Chan et al. [11]:

Min
C

E =

∫∫

Ri

(I − c1)
2 +

∫∫

Ro

(I − c2)
2 (5.2)

where Ri corresponds to the interior and Ro corresponds to the exterior of the

curve C.

In this chapter, we introduce a new class of variational cost functions that are

based on pairwise similarities or dissimilarities between points. The most basic
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version of such cost function is:

Min
C

E =

∫∫

Ri

∫∫

Ro

w(p1, p2)dp1dp2 (5.3)

where w(p1, p2) is a metric for the similarity between the points p1 and p2. We

will use the notation w(p1, p2) for representing both similarity and dissimilarity

measures within this chapter and the meaning should be clear from the context. If

w is a dissimilarity measure then (5.3) is maximized. The objective of minimizing

(5.3) is to minimize the similarity between the regions Ri and Ro. We will show

later in Section 5.3 that (5.3) also maximizes the similarity within the regions Ri

and Ro.

Main contributions include:

• Introduction of new class of variational cost functions that are based on

pairwise similarities. Since such cost functions are popular for GPM, we are

able to combine and integrate many novel ideas from both variational and

graph partitioning methods to create better techniques (Sections 5.2, 5.3,

and 5.4).

• Steepest descent minimization of various pairwise similarity based cost func-

tions within the curve evolution framework. Due to the complexity of the

cost functions we introduce in this chapter, minimization of such cost func-

tions has not been attempted within a variational framework (Sections 5.2).

• Minimization frameworks for pairwise similarity based cost functions turn

out to be computationally very expensive. Due to the excessive memory

and CPU requirements, naive implementations are not practical even on
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high end workstations. We introduce novel numerical methods for efficient

implementation of the curve evolution techniques that are derived for the

minimization of pairwise similarity based cost functions (Section 5.7).

• Novel strategies for integrating edge information (Section 5.5), multi-region

segmentation (Section 5.6), extensions to multi-scale segmentation (Section

5.6), interactive segmentation (Section 5.9), and a framework to balance

precision vs. computational complexity (Section 5.6).

5.1 Comparison of ACM and GPM

The cost functions we introduce in this chapter have been commonly used

within the graph partitioning framework. One of the common techniques for min-

imizing the cost functions in GPM is by finding the appropriate clusters (regions)

of graph nodes (e.g. pixels). Others include finding cycles (closed contours) on

which a certain cost function is minimized [59]. A popular technique for clustering

graph nodes is using the graph spectrum as proposed by normalized cuts [57] and

average cut [58] methods.

There are several advantages of ACM compared to spectral GPM.

• The energy functional is minimized in the continuous domain. This makes

efficient use of the rich theory developed in the continuous domain possible.

• Edge information can be directly integrated either into the energy functional

or into the curve evolution.
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• The evolution of curves creates an iterative process. During the evolution,

various conditions can be checked or integrated such that the curve’s evolu-

tion is adjusted accordingly. This introduces added flexibility to our frame-

work.

• Multiple curves can be coupled and can interact with each other during

evolution.

On the other hand, the advantage of spectral GPM has been the use of powerful

cost functions that are based on a pairwise similarity metric that has been shown

to be successful in segmenting complex natural images. The performance and

characteristics of these cost functions are rigorously analyzed both analytically

using statistical models and empirically on different classes of images [61] (see [61]

for more references on this topic). For region-based ACM, we are not aware of

similar results. Most of the techniques are only demonstrated by their performance

on a limited number of images. Another positive for GPM is that GPM search

for an approximate global minimizer as opposed to the steepest descent method

used in ACM. Several GPM methods [118, 59], which are edge-based, compared

their methods to edge-based ACM and pointed out the advantages of their global

minimization properties.

In this chapter we propose a region-based ACM. While edge-based ACM are

highly dependent on the initial location of the curve and find a local minimum

close to the initial location of the curve, region-based ACM behave quiet differently

from their edge-based counterparts. Even though a local minimization method

is used, region-based ACM utilize region features calculated on the whole image
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as opposed to edge-based ACM, where an edge function is generated by local

filtering. Various instantiations of the curve give similar results at convergence.

This can be thought of as local minimization of a cost function that is defined

using global features. On the other hand, GPM such as normalized cuts [57]

utilize (approximations of the) global minimization techniques on a cost function

that is defined using local features (pairwise similarities are restricted to local

neighborhoods).

ACM methods use theoretically well established numerical methods, such as

level set methods [32, 33], for their implementation. Issues such as discretization

of continuous solutions or edges on image boundary are automatically taken care

of. Solutions of cost functions in the continuous domain are also proposed by

GPM methods [59] but the issues related to discretization needs to be taken care

of separately as the GPM numerical algorithms are usually developed for the

discrete domain.

5.2 Curve Evolution based on Minimum Cut Cri-

terion

We will now show a curve evolution solution to the minimum cut problem,

which originates from the problem of graph partitioning (Section 2.4). Minimum

cut criteria can be written as an energy functional in continuous domain. In this

case, the problem is formulated as the partitioning of an image with a curve, as

opposed to a graph cut. One possible difference compared to graph partitioning
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approach is that the partitions of ACM are not necessarily connected components

(a curve can split into multiple curves), which is sometimes enforced as a constraint

in GPM.

Consider the following cost function that is utilized by minimum cut technique,

which is a graph partitioning method.

cut(A,B) =
∑

u∈A,v∈B

w(u, v) (5.4)

The equivalent energy functional of (5.4) that we would like to minimize is then

written as:

E =

∫∫

Ri(C(t))

∫∫

Ro(C(t))

w(p1, p2)dp1dp2 (5.5)

where C is a curve, t is the time parameter of the evolution of C and Ri and Ro

are the interior and the exterior of this curve. We solve this minimization problem

using steepest descent method where we instantiate a curve and evolve this curve

towards the minimum.

Theorem 5.1 Let ~N be the outward normal to the curve C. The curve evolution

equation that corresponds to the steepest descent minimization of (5.5) is:

∂C

∂t
=

(∫∫

Ri(C)

w(c, p)dp−
∫∫

Ro(C)

w(c, p)dp

)
~N (5.6)

Proof:

To find the steepest descent equations, we need to calculate the first variation

of (5.5). Before attempting this, first we calculate the first variation of a functional

M =
∫∫

Ri(C)
G(X, t)dX, where X is a point in 2-D. We will then use this to
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minimize (5.5). Let us write M as:

M(t′(t), τ(t)) =

∫∫

Ri( ~C(t′))
G(X, τ)dX (5.7)

where τ(t) = t, t′(t) = t, C = C(t, p) is a closed curve and p ∈ [0, 1] is a

parametrization of this curve. The first variation of (5.7) with respect to t is:

∂M

∂t
=

∂M

∂t′
∂t′

∂t
+

∂M

∂τ

∂τ

∂t
(5.8)

We first calculate the second term, then we will calculate the first term.

∂M

∂τ
=

∂

∂τ

∫∫

Ri( ~C(t))

G(X, τ)dX

=

∫∫

Ri(~C(t))

∂

∂τ
G(X, τ)dX

(5.9)

Before calculating the first variation of M with respect to t′, we write M as a

boundary integral using the divergence theorem. To do this, we define a vector ~S

as:

~S =




1
2

x∫
0

G(λ, y)dλ

1
2

y∫
0

G(x, λ)dλ


 (5.10)

As it can be seen, divergence of ~S is equal to G: ∇ · ~S = G. Using the divergence

theorem, we can write M as:

M =

∫∫

Ri( ~C(t′))
∇ · ~S dX

=

∮

C

〈
~S, ~N

〉
ds

(5.11)

where ~N is the outwards normal vector of the curve and 〈, 〉 denotes the scalar

product. Derivation of the first variation of (5.11) with respect to t′ has been
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given by Zhu et al. [40, Appendix], Tsai [116, Appendix A] and Vasilevskiy et

al. [119] independently. For completeness purposes, we also include our version

of the solution to this problem in Appendix B. The first variation of (5.11) with

respect to t′ is then:

∂M

∂t′
=

∮
~C(t′)

〈
~Ct′ , G ~N

〉
ds (5.12)

where Ct corresponds to the derivative of C with respect to t. Combining (5.8),

(5.12), and (5.9), we find that

∂M

∂t
=

∮

C(t)

〈
Ct, G ~N

〉
ds +

∫∫

Ri(C)

∂

∂t
G(X, t)dX (5.13)

Now, going back to the problem of calculating the first variation of (5.5), we

utilize the result from (5.13) to solve this problem. If we select G(X, t) =
∫∫

Ro(C)
w(X, Y )dY within (5.7), then (5.5) becomes equivalent to (5.7). Using

(5.13), we can write the first variation of (5.5) as:

∂E

∂t
=

∮

C

〈
Ct,

[∫∫

Ro(C)

w(c, p2)dp2

]
~N

〉
ds

+

∫∫

Ri(C)

∂

∂t

[∫∫

Ro(C)

w(p1, p2)dp2

]
dp1

=

∮

C

〈
Ct,

[∫∫

Ro(C)

w(c, p2)dp2

]
~N

〉
ds

+

∫∫

Ri(C)

−
∮

C

〈
Ct, w(p1, c) ~N

〉
ds dp1

=

∮

C

〈
Ct,

[∫∫

Ro(C)

w(c, p)dp−
∫∫

Ri(C)

w(c, p)dp

]
~N

〉
ds

(5.14)

where c is a point on the curve C. In these calculations, we used the fact that

w(p1, p2) is a symmetric function and is not a function of t. Thus the first variation

of G can be calculated as ∂G/∂t = − ∮
C(t)

〈
Ct, w ~N

〉
. When integrating on Ro,
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the normal vector is in the opposite direction, hence the minus sign. From (5.14)

we can see that E decreases fastest when:

∂C

∂t
=

(∫∫

Ri(C)

w(c, p)dp−
∫∫

Ro(C)

w(c, p)dp

)
~N (5.15)

This concludes the proof.

This result mainly means that each point c on the curve C is compared to the

interior and the exterior of the curve. The result in (5.15) can be visualized as

the competition of the background and the foreground. Note that the theory for

this result and related GPM and ACM research assume that the image consists

of a foreground and a background. We will discuss extensions to multi-region

segmentation later in Section 5.6.

5.3 Maximum Cut and Region Stability

As discussed in Section 2.4, one problem with the minimum cut criterion is

that it favors cutting small partitions. This is so, because for small partitions, the

total sum across the cut is small. Our minimum cut framework that is introduced

in 5.2 also inherits this problem. We will address this problem in this section.

Before addressing the problem of favoring small partitions, we discuss another

flaw of the original formulation.

Another problem with the minimum cut framework is illustrated in Fig. 5.1(a).

Fig. 5.1(a) shows a black object against a white background. Let the similarity

measure be w(p1, p2) = exp( |I(p1)−I(p2)|
σI

) where I corresponds to pixel intensities.

Fig. 5.1 shows results for two different instantiation of the curves. In Fig. 5.1(a),
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a more balanced curve is initialized, where the interior of the curve mostly consists

of the foreground object and the exterior consists of the background. The curve

evolution finds the correct result easily.

In Fig. 5.1(c), instantiation of a smaller curve within the foreground shows

one of the problems in using (5.15). The similarity of each point on the curve to

both the interior and exterior of the curve is summed and compared according

to (5.15). In this example, there are more black points outside the curve than

there are inside. So, the total similarity to Ro is higher, making ∂C
∂t

a negative

number. This causes the curve to shrink and disappear (Fig. 5.1(d)), which is

not the ideal result. The reason for this behavior is mainly the choice of the

similarity measure. In this example we chose the similarity measure as originally

proposed in [60, 57]. On the other hand, choosing the similarity measure as

w(p1, p2) = −|I(p1)− I(p2)| would help fix this problem1. Unfortunately, defining

the highest possible similarity between pixels as 0 is counter-intuitive.

Let us define a dissimilarity measure instead of a similarity measure. Consider

w(p1, p2) = |I(p1)− I(p2)| (5.16)

as a dissimilarity measure, where similar pixels have 0 dissimilarity whereas a jump

in intensity values cause a high dissimilarity. Based on this definition, we also

change the segmentation criterion from minimizing the graph cut to maximizing

the cut in (5.5), which corresponds to maximizing the dissimilarity across the

cut. We call this framework as maximum cut. Maximum cut fixes both of the

1This type of similarity function is proposed in [2, Section 5.2] for ratio cut in a different
context.
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(a) (b)

(c) (d)

Figure 5.1: a) A large balanced curve initialized. b) Foreground object captured
correctly. c) Small curve initialized within the foreground. d) Initial curve
shrinks and disappears
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shortcomings observed with the minimum cut. The integral in (5.5) is maximized

when there are as many connections as possible, which encourages larger partitions

as opposed to the minimum cut’s behavior of favoring small isolated regions. We

also observe that any size or location for the curve instantiation converges to the

ideal result in Fig. 5.1. Since the cost function is maximized as opposed to being

minimized, the new evolution equation is the negative of (5.15).

∂C

∂t
=

(∫∫

Ro(C)

w(c, p)dp−
∫∫

Ri(C)

w(c, p)dp

)
~N (5.17)

Similar to maximum cut framework, one of the objectives of normalized cut

[57] (see Section 2.4) is to fix the behavior of favoring small regions in minimum

cut. Even though cost function for maximum cut is different from the cost function

used in normalized cuts, there is some parallelism between them. To clarify this

consider the following intra-region dissimilarity:

E2 =

∫∫

Ri

∫∫

Ri

w(p1, p2)dp1dp2 +

∫∫

Ro

∫∫

Ro

w(p1, p2)dp1dp2 (5.18)

where w(p1, p2) is a dissimilarity measure. The objective is to minimize the intra-

region dissimilarity. If we solve the curve evolution equations for minimizing E2,

we observe that they are exactly the same as (5.17). This is not surprising since

E2 =
∫∫

R

∫∫
R

w(p1, p2)dp1dp2 − 2E = C − 2E, where R = Ri ∪ Ro, and C is a

constant. We can conclude that using a dissimilarity measure encourages simi-

larity within the partitions while discouraging inter-region similarity. A parallel

argument is made for normalized cuts based on the region associations, see (2.24).

In Fig. 5.2, we corrupt the binary image with Gaussian noise and apply the

maximum cut segmentation. As can be seen, for two different curve instantiations,
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several one pixel wide noisy regions are captured. Note that the white points in

5.2(b) and (d) correspond to the curve and all boundaries together correspond

to a single curve over which the cost function is optimized. GPM usually get

around this problem by enforcing region connectivity, decreasing similarity with

spatial distance and size constraints in its cost functions [2]. ACM solves this

problem by adding a curvature flow component, which is a geometric component

that smooths the curve at each iteration. Curvature flow can also formulated as

a length minimizing flow, which means that it disfavors splitting of the curve to

small one pixel wide boundaries. The new evolution equation can be written as:

∂C

∂t
=

(∫∫

Ro(C)

w(c, p)dp−
∫∫

Ri(C)

w(c, p)dp

)
~N − γκ ~N (5.19)

where γ is a constant and κ is the curvature of the evolving curve.

Fig. 5.3 demonstrates curve evolution for four different types of initializations

of the curves. All four of these evolutions are conducted using (5.19). This exam-

ple illustrates that (a) maximum cut is independent of the curve instantiation, and

(b) that curvature-based flow increases robustness of the curve evolution under

noisy conditions.

Normalized Maximum Cut

One of the advantages of using geometric ACM is that we can introduce geo-

metric properties or constraints into the curve evolution equation without chang-

ing or re-solving the energy minimization problem. Since curve evolution is an

iterative process, we can add normalization for the integrals in (5.19) by dividing

them with their corresponding areas. We call this setup as normalized maximum
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(a) (b)

(c) (d)

Figure 5.2: Demonstration of how noise can effect the curve evolution. a)
Single curve initialized overlapping both the foreground and the background.
b) Corresponding curve evolution result (all white points correspond to the
curve). c) A multipart curve initialized in a grid fashion. d) Corresponding
curve evolution result (all white points correspond to the curve). The curve
evolution on a noisy image splits the curve into many small pieces.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 5.3: Three figures on each row, where each row corresponds to maxi-
mum cut evolution under 4 different type of curve instantiations. First column
corresponds to various initializations of the curve. Second column shows a
state of the curve during the evolution. Third column shows the segmentation
result at convergence. This example demonstrates the stability of maximum
cut framework with respect to curve instantiation and noise.
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(a) (b)

Figure 5.4: Segmentation of an image corrupted by Gaussian noise and applied
an illumination effect. a) Original image. b) Corresponding curve evolution
result using normalized maximum cut segmentation.

cut. The evolution equations become:

∂C

∂t
=

(
1

Ao

∫∫

Ro(C)

w(c, p)dp− 1

Ai

∫∫

Ri(C)

w(c, p)dp

)
~N − γκ ~N (5.20)

This shows the flexibility of active contour framework compared to GPM. Fig.

5.4 shows normalized maximum cut segmentation on an image that is corrupted

by Gaussian noise and applied an illumination effect to the top left corner.

Fig. 5.5 shows both maximum cut and normalized maximum cut segmentation

results on a flower image using color information. This is not an easy image

for edge-based methods since there are many edges within the foreground and

significant clutter in the background. A Gaussian smoothing operator would also

cause blurring of the edges of the foreground due to the spread out structure of

the foreground. Results for both maximum cut and normalized maximum cut

are able to segment the foreground from the background successfully. In general

we observed that normalized maximum cut gives slightly better results. Main

reason for this is that maximum cut favors equal size regions. For images where

the foreground is larger or smaller than the background, it is more efficient to use
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normalized maximum cut. In our experiments, one multi-part curve with 144 sub-

parts is initialized uniformly over the image. We will use this type of initialization

for the rest of the chapter. Note that if two sub-parts of the curve touch each

other, their boundaries will merge. Level set methods (See Section 2.2.4), which

is the numerical method used in all the implementations in this chapter, is able to

handle merging and splitting of the curves naturally and also automatically keep

track of what is the interior and what is the exterior of the curve.

5.4 Curve Evolution for Other Pairwise Similar-

ity Based Cost Functions

One of the advantages of our variational framework is that the theory devel-

oped so far (including the implementation issues that are discussed in 5.7) can

be easily adapted and applied to other cost functions that are based on pairwise

(dis)similarities. To demonstrate this aspect of our framework, we now derive

curve evolution equations for various GPM-based cost functions that address sev-

eral different problems. References to GPM such as average cut and normalized

cut are used to indicate the cost functions associated with these methods, but

not to refer to the GPM-based solutions of these problems. This section shows

that the proposed curve evolution framework that we introduced in this chapter

is general and not specific to a certain cost function.
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(a) (b)

(c) (d) (e)

(f) (g) (h)

Figure 5.5: a) Original image (266x200), b) initial curve consisting of 144
sub-parts, c) maximum cut segmentation and corresponding, d) foreground, e)
background, f) normalized maximum cut segmentation and corresponding, g)
foreground, h) background.
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5.4.1 Curve Evolution based on Boundary-normalized Cut

Boundary-normalized cut that we will introduce here is a way of normalizing

the cost function by the boundary length between Ri and Ro. Recall that the

maximum cut criteria favors having a large number of connections across the cut,

which corresponds to a longer boundary length. So, it might be of interest to

investigate a boundary-normalized cost function. Boundary-length normalization

is also used by several GPM [59, 2]. We can write the corresponding cost function

as:

E =

∫∫
Ri(C)

∫∫
Ro(C)

w(p1, p2)dp1dp2∫ 1

0
|Cq(q)|dq

(5.21)

Let K =
∫∫

Ri(C)

∫∫
Ro(C)

w(p1, p2)dp1dp2 and L =
∫ 1

0
|Cq(q)|dq. The first variation

of E = K/L can be calculated as E ′ = (K ′L −KL′)/L2. We already calculated

K ′ in Section 5.2. The solution of L′ is previously studied [120] and it can be

shown that ∂L/∂t =
∮

C

〈
Ct, κ ~N

〉
ds. Based on these calculations, the evolution

equation that maximizes (5.21) can be written as:

∂C

∂t
=

1

L

(∫∫

Ro(C)

w(c, p)dp−
∫∫

Ri(C)

w(c, p)dp

)
~N − K

L2
κ ~N (5.22)

The boundary length L is available during each reinitialization of the narrow band

used in Level Set methods (See Sections 5.10 and 2.2.4 for more information).

Calculating K can be expensive on the full image grid, but this value can be

approximated on a low resolution grid for computational efficiency.

This result seems to be conceptually similar to the idea of introducing a

curvature-based component as done in (5.19). On the other hand, the effects

of the terms such as L and K
L2 are not clear. In the previous section, boundary-
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based constraint is introduced as an additional term in the cost function, whereas

in (5.21) the cost function is normalized by the curve length. We can also write a

version of (5.22) that is normalized by area:

∂C

∂t
=

1

L

(
1

Ao

∫∫

Ro(C)

w(c, p)dp− 1

Ai

∫∫

Ri(C)

w(c, p)dp

)
~N − K

L2
κ ~N (5.23)

5.4.2 Curve Evolution based on Average Cut Criterion

In this section we find the descent equation for the average cut cost function:

Acut(A,B) =
cut(A,B)

|A| +
cut(A,B)

|B| (5.24)

This cost function can be written in continuous domain as:

E =
K∫

Ri
dX

+
K∫

Ro
dX

=
K

Ai

+
K

Ao

(5.25)

where K is defined in previous section and X is a point in 2-D. Note that the

integrations in the denominator can also be done over a function f(X), which

might contain modeling information about the objects in the image.

Following a similar calculation as in Section 5.4.1, we can see that E ′ = (K ′Ai−
KA′

i)/A
2
i + (K ′Ao − KA′

o)/A
2
o. We calculated K ′ in Section 5.2. A′

i and A′
o

can also be calculated as special cases of (5.13) where G(X) = 1. This gives

∂Ai/∂t =
∮

C

〈
Ct, ~N

〉
ds. For Ao the normal vector is in the opposite direction,

which introduces a minus sign. The combined flow equation can then be written

as:

∂C

∂t
=

[(
1

Ao

+
1

Ai

)
H +

(
1

A2
o

− 1

A2
i

)
K

]
~N (5.26)

where H(c) =
∫∫

Ro(C)
w(c, p)dp− ∫∫

Ri(C)
w(c, p)dp
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5.4.3 Curve Evolution based on Normalized Cut Criterion

One of the popular ways to normalize the cost of a graph cut is the normalized

cut framework. The graph theory version of this cost function is given in (2.22).

The continuous domain equivalent for this cost functions can be written as:

E =
K

Bi

+
K

Bo

(5.27)

where Bi =
∫∫

Ri(C)

∫∫
R

w(p1, p2)dp1dp2 and R corresponds to the full image do-

main. Bo is defined similarly. Calculation of the curve evolution equation is

straight forward:

∂C

∂t
=

[(
1

Bo

+
1

Bi

)
H(c) +

(
1

B2
o

− 1

B2
i

)
K · Z(c)

]
~N (5.28)

where Z(c) =
∫∫

R
w(c, p)dp.

In this section, we have derived curve evolution equations for various pairwise

similarity based cost functions, each of which could be useful for different kinds of

applications. A possible future direction is an in depth comparison of these curve

evolutions that would help us understand the importance of the various terms

that have emerged, namely L, L/K2, K, Z, Bi and Bo.

5.5 Strategies for Integration of Edge Informa-

tion

So far, we have discussed region-based strategies for segmentation. It is often

desirable to integrate the edge information to extract more precise boundaries.
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(a) (b) (c)

Figure 5.6: a) Original image, b) Segmentation result without edge integration,
c)Segmentation result with edge integration.

ACM most commonly utilize an edge function g = 1/(1 + |∇Îσ|), where Îσ is

the Gaussian smoothed image. This edge function is generated from the image

through filtering and derivative operators. Another possibility is to create an

edge function from a vector field that is derived from the image (Section 3.1).

The general characteristic of an edge function is that it is a decreasing function

of the edge strength.

One way of integrating edge information is to multiply the curve evolution

equations with g. This methodology is used by edge-based ACM. The evolution

equation of maximum cut segmentation (5.19) can be written as:

∂C

∂t
= g

(∫∫

Ro(C)

w(c, p)dp−
∫∫

Ri(C)

w(c, p)dp

)
~N − γgκ ~N (5.29)

The effect of multiplying with g is that the evolution of the curve will slow down

or stop when the curve is aligned with an edge. Fig. 5.6 shows an example of how

integrating edge information helps with localization of the boundaries.

Another way to integrate edges is by modifying the cost function for the

boundary-normalized cut introduced in (5.21). Instead of just normalizing by
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the boundary length, we can also normalize by the boundary length weighted by

the edge function (a similar normalization is also proposed in [59]).

E =

∫∫
Ri(C)

∫∫
Ro(C)

w(p1, p2)dp1dp2∫ 1

0
g(C)|Cq(q)|dq

(5.30)

Lets define L2 =
∫ 1

0
g(C)|Cq(q)|dq. The solution of this cost function is similar

to the solution of (5.21). The only difference is that L is replaced by L2 and the

first variation of L is replaced by L′2. First variation of L2 has been derived in

[34, Appendix B] and is equal to ∂L2/∂t =
∮

C

〈
Ct, (∇g ~N − gκ) ~N

〉
ds. Based on

these calculations, the corresponding evolution equation can be written as:

∂C

∂t
=

1

L2

(∫∫

Ro(C)

w(c, p)dp−
∫∫

Ri(C)

w(c, p)dp

)
~N

−K

L2
2

(gκ−∇g ~N) ~N

(5.31)

A third way of using edge information is by utilizing it when defining the

similarities between pixels, w(i, j). This approach can be applied to our framework

with ease considering that the curve evolution is independent of the (dis)similarity

measure. In [121] it has been proposed that, if there are strong edges along a

line connecting two pixels (intervening contour), these pixels probably belong to

different regions and should be labeled as dissimilar. So, edge information can be

integrated by reducing the pairwise similarity of such pixels.

5.6 Multi-region Segmentation

One widely used approach for extending the bi-partitioning presented so far is

to continue applying bi-partitioning to each region recursively. Both region-based

148



Graph Partitioning Active Contours (GPAC) Chapter 5

ACM [14, 12] and most GPM utilize this simple strategy. All methods proposed

in this chapter can use recursive bi-partitioning strategy without any change to

the underlying algorithms.

Another multi-region segmentation approach for GPM is to use k-means clus-

tering on the normalized Laplacian matrix of the graph [57]. One problem with

this approach is that the number of regions, k, needs to be known beforehand.

In [122], k is initially selected very high to generate an over-segmentation of the

image. This over-segmentation is then used for coarsening the graph. These new

regions are considered as nodes in a new graph and a recursive bi-partitioning is

applied to this simpler graph to achieve segmentation.

For ACM, it is more natural to use several independent but coupled curves,

all evolving simultaneously and interacting with each other during this evolution

(the multi-part curve we previously used in this paper is considered as one curve).

Level set methods evolve a 2-D curve by embedding it into a 2-D function u(x, y)

as its zero level set. We implement this by defining u on a several pixel wide

narrow band around the curve (narrow band level set methods). In this case, u is

negative on one side of the curve and positive on the other side. This implicitly

defines two regions, interior and exterior of the curve. Triple junctions are not easy

to define and implement in this framework. Even though powerful, this makes it

difficult to implement multi region cost functions using level set methods.

Recent work of Vese and Chan [13] offers a solution to this problem by us-

ing m = log2n level set functions to define n regions. Background and different

combinations of overlaps of these level set functions are considered as separate
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regions. Another method for multi-region segmentation using level set methods

is geodesic active regions [41]. Geodesic active regions assume that a priori infor-

mation (probability distributions) about the regions in the image is given. Based

on this information, multiple curves, each tuned to different region statistics, are

evolved and discouraged from overlapping by slowing them down if they get close

to each other. Other approaches include region competition [40], where random

seeds are initialized and evolved2. No overlaps are allowed. After convergence,

regions are merged if this action reduces an energy functional.

In this section, we propose a different way of handling multi-region segmenta-

tion. We do not assume any a priori knowledge about the region–this information

is automatically discovered by the dissimilarity measure. We do allow overlaps.

For transition areas between two dominant regions, it might not be clear which

region they belong to. In this situation, it might be better to assign this transition

area to both regions by allowing overlaps (After convergence, the boundaries of

these regions can be post-processed to find a proper partitioning of the image).

Our multi-region approach is based on merging and splitting of regions directly

within the curve evolution framework.

The original cost function we defined in (5.5) assumes that there are only

two regions in the image. This cost function can be easily extended to handle

multiple regions. Let {Ci : i = 1 : N} be a set of non overlapping curves and

{Ri : i = 1 : N} be the regions contained in Ci. Let R0 be the background. The

2Region competition does not use level set methods for its implementation.
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multi-region cost function can be written as:

E =
∑

i, j = 0 : N

i, j neighbors

∫∫

Ri

∫∫

Rj

w(p1, p2)dp1dp2 (5.32)

Now we consider the initial case where several curves are instantiated on the back-

ground. Initially, the only boundaries are between R0 (background) and the Ri’s.

The cost function becomes the linear combination of
∫∫

Ri

∫∫
R0

w(p1, p2)dp1dp2.

The corresponding descent equation can be also written as the combination of

individual descent equations given in (5.15). At the beginning, all curves are

evolving against the background. The interaction between the curves is through

the changes to the background by the evolution of each curve. Obviously, this cost

function does not hold when two curves touch each other or overlap. Despite this

fact, in this situation we continue evolving the curves against the background and

ignore the spatial relations between the curves. We let the curves overlap freely.

If two curves are significantly overlapping each other, there is a high chance that

both of them are targeting regions with similar properties and merging them

would be appropriate. If a curve overlaps 30% or more area of another curve, the

following condition for region merging is checked for curves Ci and Cj:

∥∥∥∥∥
1

A′
i

∫∫

R′i

F (p)dp− 1

A′
j

∫∫

R′j

F (p)dp

∥∥∥∥∥ < cmerge (5.33)

where R′
i = Ri − Ri ∩ Rj, R′

j = Rj − Ri ∩ Rj, A′
i and A′

j are corresponding

areas. cmerge is a constant threshold and F is an image feature (gray scale, color,

or texture depending on the features used in the dissimilarity measure). Curves
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are merged by removing these two curves and adding a new curve that surrounds

Ri ∪ Rj. After all curves converge, we check each region for homogeneity using

the following criterion:

1

A2
i

∫∫

Ri

∫∫

Ri

w(p1, p2)dp1dp2 > csplit (5.34)

where csplit is a constant threshold. If this criterion is above a certain threshold

for a region, we apply bi-partitioning to this region by initializing a curve within

this region.

Algorithm 5.1 Multi-region segmentation algorithm

1. Initialize several curves on the image region automatically.

2. Evolve these curves against the background.

3. If a curve overlaps 30% area of another curve, these two curves are merged

based on the criterion given in (5.33).

4. After all curves converge, the interior of each curve is checked for homogeneity

using (5.34). Regions that exceed a certain threshold are split into two by

initializing a curve within them and applying a bi-partitioning.

One other advantage of using multiple coupled curves is that this allows us

to easily parallelize the computations. Each curve can be evolved in a separate

thread where they are synchronized at each iteration or every N iterations.

5.7 Efficient Implementation

As previously mentioned, the integral calculations in (5.17) is usually the bot-

tleneck in terms of computational complexity of the curve evolution. It will be

152



Graph Partitioning Active Contours (GPAC) Chapter 5

much more costly if we also try to calculate the dissimilarities at each iteration.

On the other hand, curve evolution itself can be implemented efficiently and accu-

rately using narrow band level set methods. Since calculating the dissimilarities

at each iteration is impractical, we need to calculate the dissimilarity of each pixel

to another pixel before the curve evolution starts. Suppose the image is of size

N ×M , then we need to calculate and keep in memory about N2M2/2 dissimi-

larities. This is equivalent of generating a symmetric dissimilarity matrix W with

NM rows and columns, where an element at ith row and jth column is w(pi, pj).

Even for small images, this will become hard to fit into memory and require too

many computations. We will address these issues in this section and propose an

efficient way of calculating dissimilarities and implementing the curve evolution

given in (5.17).

For an efficient implementation of our framework, we create a dissimilarity

matrix W ′ of size NM×nm, where n ¿ N and m ¿ M . W ′ is an approximation

of W and we will demonstrate that segmentation precision is not lost by this

approximation. We divide the image into n ×m equal size tiles Tij and average

the image features F (x, y) within each tile.

F ′
ij =

1

Aij

∫

Tij

F (x, y)dxdy (5.35)

The elements of W ′ are calculated as ‖F (x, y)−F ′
ij‖, where the coordinate (x, y)

falls into the tile Tij.

Using W ′, (5.17) can be implemented efficiently. For each point c on the curve

(actually for all points in the narrow band), the summation is done over all the

tiles whose center falls inside and outside the curve. In doing this, we exclude the
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tile containing c from the calculations. Assume Tk, k = 1 : nm are the tiles, Pk is

the center coordinate of Tk. The difference of integrals in (5.17) can be simplified

to
∑

k,Pk∈Ro
W ′(c, k)−∑

k,Pk∈Ri
W ′(c, k). Using this tile-based framework, integral

calculations do not dominate the computational complexity anymore and the cost

of curve evolution implementation also becomes important. This gives us an

opportunity to speed up our segmentation by replacing our narrow band level set

(See Section 2.2.4) implementation with a more efficiently-coded version or by

utilizing new types of level set methods as they become available [52].

Figures 5.9 and 5.10 visually show that the precision of the segmentation is not

affected by the approximation of W with W ′. In all the figures in this chapter, n

and m are selected around 15 regardless of the image size. We choose the tiles as

squares, where the dimensions of the tiles are sx = sy = bWidth/15c+ 1. Then,

n =

⌊
Width− 1

sx

⌋
+ 1

m =

⌊
Height− 1

sy

⌋
+ 1

(5.36)

It might seem surprising that even with quantizing one dimension of W , still

a precise segmentation can be reached. This can be explained by observing the

curve evolution equation (5.17). The energy functional given in (5.5) is symmetric

for the dimensions of W . Changing W to W T will not affect the result. On the

other hand, the curve evolution in (5.17) does not have the same symmetry. A

single point c is compared to the rest of the points of the image. Coarsening

the location of c would have a significant effect on the end result since even a

neighbor of c might have a totally different feature value. On the other hand,

approximating the summation over all the rest of the points is more robust to
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errors. This allows us to reduce the resolution of one dimension of W without

significantly affecting the end segmentation.

Consider a tile Tj of size N2 located within the background Ro. Let T s
j be the

pixels inside this tile and c a point on the curve. Based on our simple dissimilarity

measure, the normalized dissimilarity of c to Tj is 1
N2

∑
s ‖I(c)−I(T s

j )‖ at the full

resolution. Using W ′, an approximation of the same dissimilarity can be written

as:

‖I(c)− 1

N2

∑
s

I(T s
j )‖ =

1

N2

∥∥∥∥∥
∑

s

I(c)− I(T s
j )

∥∥∥∥∥
As it can be seen, if all I(T s

j ) are smaller or larger than I(c), both dissimilarities–

at full resolution and after approximation–are equal. For most of the tiles, image

features do not vary much within a tile (ignoring outlier points) if the tile is located

inside an object. This is not the case for tiles overlapping an object boundary and

this might introduce some inaccuracies into the dissimilarity calculation. Also

note that, usually false movements of the curve are automatically corrected in

the following iterations if c reaches an incorrect region as a result of these errors.

Even though we do not pursue in this chapter, size and geometry of the tiles can

be selected more adaptively by analyzing the image features. For example, tiles

can be analyzed for homogeneity by clustering the histogram of the pixels within

the tiles3 , or an edge detector output can be utilized to find inhomogeneous tiles

and maybe split them. Finally, a simple over-segmentation of the image can be

used as the tiles so that image features are homogenous within each tile.

3Expectation-Maximization (EM) algorithm can be used to find a mixture of Gaussians if the
dimensionality of F is not high. If the dimensionality is high, each dimension can be analyzed
separately.

155



Graph Partitioning Active Contours (GPAC) Chapter 5

5.8 Multi-scale Strategies

For some applications such as content-based image retrieval, the precision of

the segmentation is not very important as long as the main regions are roughly

identified. Especially if a very large database of images is needed to be segmented,

some accuracy might be sacrificed for speed. In the previous section, we proposed

reducing resolution of one dimension of W to increase segmentation speed without

sacrificing accuracy. It is also possible to reduce the resolution of the other dimen-

sion of W . Unfortunately, this will introduce a staircase effect on the boundary.

This effect can be compensated by the use of edge information as proposed in

equations (5.29) and (5.31) and for the case of small tiles such as 2× 2 or 4× 4,

curvature-based force can easily correct this. Another possibility is to use an over-

segmented set of regions as tiles to avoid the staircase effect. So, reducing the size

of W ′ further reduces the complexity of the integral calculations even more. In

addition to this, this approximation also has positive effects on the curve evolu-

tion itself. We observed that the time step ∆t of the iterations can be increased

several times without causing instability (this is an heuristic observation and we

don’t have an analytic proof for this claim). Using averages over tiles might seem

to be equivalent of reducing the size of the image. This is not true because curve

evolution is conducted on the full image and curvature and the edge information

(if utilized) are not the same for different sizes of the image.

The speed of the curve evolution is also proportional to the number of iterations

required until convergence is reached. If we were able to instantiate the curve

close the the final boundary, segmentation can be achieved very quickly in several
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iterations. In this regard, the imprecise segmentation we discussed in the previous

paragraph can be adapted such that the tile size is slowly reduced as the curve

evolves. This will lead the curve first to an approximation of the end segmentation

where we switch to the full resolution to extract the precise boundary. This can

be thought of as a multi-resolution approach.

Another approach to rapidly evolving the curve towards the final boundary

is by using a multi-scale approach. This approach is feasible if edge information

is not utilized. First, several low resolution versions of the image are created.

We start segmentation at the lowest resolution. After convergence, we scale the

resultant curve to the next resolution and continue similarly until segmentation

converges at the full resolution. For low resolutions, curvature doesn’t need to

be used. We do not want to discourage very small regions at the low resolution

images. These are not necessarily noise but probably larger and important regions

at the full resolution. We also reduce the strictness of the convergence criteria

(convergence criteria is discussed in Section 5.10). The result at the low resolution

is only the initialization condition for the next resolution, so a full convergence is

not required at the intermediate resolutions.

5.9 Interactive Image Segmentation

We now propose an extension to GPAC so that user interaction can be utilized

to segment objects of interest in an image. The interaction is based on the user

drawing a rectangle mostly covering the object. Cox, et al. [118] proposed an edge-

based graph partitioning method for interactive segmentation. In their method
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the user is asked to draw a bounding box. Then an optimum boundary is searched

within this bounding box such that the boundary goes through the strong image

edges. This method requires the bounding box to fully contain the object of

interest. Our proposed method also requires the user to draw a rectangle around

the object of its interest, but it is not required that this rectangle fully contains

the object. This application might be useful for very large images such as aerial

images, where the objects of interest (lakes, harbors, airports) are relatively small.

Let Rrect be the user drawn rectangle. We initialize a multi-part curve as

usual, but only within Rrect. Ri is defined as the interior of the curves and

Ro = Rrect − Ri. So, we are restricting Ro to within the user drawn rectangle.

Ri on the other hand is not restricted to Rrect and allows evolving the curve past

the rectangle boundary. On the other hand, we don’t want the curve to evolve

too much outside the boundary because the assumption is that most of the object

is contained within the rectangle. So we multiply the curve evolution given in

(5.20) by f(c) = exp(−dist(c,Rrect)
σ

), where dist(c, Rrect) is the distance of point c

from Rrect and f(c) = 0 if c is located within the rectangle. The curve evolution

in this case becomes:

∂C

∂t
= f(c)

(
1

Ao

∫∫

Ro(C)

w(c, p)dp− 1

Ai

∫∫

Ri(C)

w(c, p)dp

)
~N

−γκ ~N

(5.37)

Fig. 5.7 demonstrates that users can easily segment an object of their interest

from the image.
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(a) (b) (c)

Figure 5.7: a) Original image and the user drawn rectangle, b) Segmentation
result without user interaction, c)Segmentation result using the user drawn
rectangle.

5.10 Experimental Results

In this section we present experimental results regarding the theory devel-

oped in the previous sections. Unless otherwise stated normalized maximum cut

framework given in (5.20) and color features are used in the experiments for the

segmentation of the images. The reason for choosing color features is that it is

easier to visualize and evaluate color segmentation than texture segmentation. We

will also demonstrate how utilizing Gabor texture features improves the results

compared to using color features alone. For efficiency purposes, the distances

between feature vectors are calculated using L1 distance metric.

Our implementation of Level Set Methods uses the narrow band approach,

which is explained in Section 2.2.4 and [33, Chapter 7]. The evolving curve C is

embedded into a 2-D function u(x, y), such that C = {(x, y)|u(x, y) = 0}. This

function u is generated and evolved only on a narrow band around the curve

instead of the full image domain for efficiency purposes. We select the size of

the narrow band as 2 pixels wide and the size of the land mine area (See Section
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2.2.4) as 1 pixels wide at both sides of the curve. When the curve reaches the

land mine area, narrow band is regenerated from the current curve and the values

of u are recalculated on the new narrow band. Even though the specific choice of

u mostly does not effect the curve evolution, a popular choice for u is the signed

distance function, where each point in the narrow band is assigned a value based

on their signed distance from the curve (negative if inside the curve, positive

otherwise). Since we are using a very narrow narrow band, we use a different and

simpler strategy for the reinitialization of u. We start with the curve and grow the

narrow band layer by layer by using the 4-neighbors. First layer consists of the

4-neighbors of the curve points. The second layer is the 4-neighbors of the first

layer, etc. Moving from one layer to the next, we increment (decrement) the value

of u by 1. The convergence criterion for the curve evolution is also connected to

the narrow band approach. Convergence is achieved if the narrow band is not

reinitialized for n iterations. This means that the curve moved only within the

narrow band during these iterations. In our experiments, n is chosen between 30

and 50.

Fig. 5.8 shows segmentation of a gray scale intensity image of an arterial tree.

Segmentation of this image of size 183×163 takes less than 5 seconds on a Pentium

4 2.0 GHertz computer using our unoptimized code written in C#.

Fig. 5.9 and 5.10 show foreground/background segmentation on variety of im-

ages4. Image resolutions are reduced to 300× 200 from their original sizes before

segmentation. As can be seen from the figures, regions are precisely segmented

4Images on figures 5.10, 5.12, 5.14 and 5.15 and are taken from Berkeley Segmentation
Dataset (BSD) training images.
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(a) (b) (c)

(d) (e) (f)

Figure 5.8: Segmentation of an arterial tree image. a) Original image. b) Curve
initialization. c) Curve is evolving. d) Segmented background. e) Segmented
foreground. f) Segmentation boundary.
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despite the fact that we are using the fast scheme from Section 5.7. In these

experiments and in the following ones, all parameters are fixed and images are

segmented automatically without any manual intervention. Even though this kind

of bi-partitioning shouldn’t be thought as a full segmentation, it has many applica-

tions in various fields ranging from content-based image retrieval to segmentation

of biological or medical images.

Color features by themselves might not be able to segment natural images

properly. These type of images are usually rich in texture and using texture fea-

tures will improve segmentation results. Fig. 5.11 shows a comparison of segmen-

tation results using only color features, only texture features and a combination

of color and texture features on a bear image. Color features by themselves are

not able to extract the boundaries due to the color changes within the head area.

On the other hand, the texture of the fur helps finding the precise boundary if

texture features are utilized. To calculate the texture features, we filter the im-

age by Gabor filters [123] tuned to certain scales and orientations. In Fig. 5.11,

features are calculated at 3 scales and 6 orientations. In Fig. 5.11(d), color and

texture features are combined for the segmentation. We do this by creating a

feature vector [α~T (1 − α)~C]T , where ~T is the texture feature vector normalized

by the average of all the texture feature values and ~C is the color feature vector

normalized similarly. α is the weighting between color and texture features, which

is selected as 0.7 in Fig. 5.11(d).

In Fig. 5.12, we demonstrate multi-region segmentation using 4 curves on

an image of a woman. After automatic merging, interior of the three remaining
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 5.9: Foreground/Background segmentation. First column shows the
original images. Second and third columns correspond to foreground and back-
ground.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 5.10: Foreground/Background segmentation. First column shows the
original images. Second and third columns correspond to foreground and back-
ground.
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(a) (b) (c) (d)

Figure 5.11: Demonstration of improvements using texture feature vectors. a)
Original image. b) Color segmentation. c) Texture segmentation using Gabor
texture features at 3 scales and 6 orientations. d) Segmentation using texture
and color features. Texture features weighted 70% and color features 30%.

curves are given in Fig. 5.12 d-f. As can be seen, the curves are allowed to overlap.

Figures 5.13 and 5.14 show additional results using our novel multi-region seg-

mentation scheme that are based on evolving several coupled curves and allowing

them to overlap and merge during evolutions. Each segmentation started with 9

curves and at the end due to merging during curve evolution number of curves

is reduced to 2 to 5. Details of this segmentation scheme is given in Section 5.6

and Algorithm 5.1. None of the multi-region segmentation examples we show in

this chapter use the splitting step, which is done after the curve evolution fin-

ishes. This is because we want these segmentations to reflect the performance of

the coupled curve evolution process directly. It might be observed that there are

some undersegmented regions, which can be split further through bi-partitioning.

Fig. 5.15 shows a comparison of the foreground/background segmentation

against the multi-region segmentation. It can be seen that if the image has more

than two main regions, using multi-region segmentation gives a better partitioning

of the image, which is to be expected.
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(a) (b) (c)

(d) (e) (f)

Figure 5.12: Multi-region segmentation using coupled curve evolution a) Origi-
nal image. b) Segmentation boundaries. c) Background region. d-f) foreground
regions each corresponding to the interior of the curve.
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(a) (b) (c) (d)

Figure 5.13: Segmentation results for the multi-region approach using coupled
curve evolutions. 9 curves are initialized for each image.

5.11 Discussions

Our proposed method, GPAC, is based on pairwise dissimilarities between

pixels. The method is quite flexible since the dissimilarity metric can be adapted

to the application at hand or to the domain knowledge. This is in contrast with

other variational methods where analysis is done at the region level. Usually a

region is assumed to be a piecewise constant or smooth area that is corrupted by

small gaussian noise. Consider the Fig. 5.16, where the image consists of two

regions with same means but different variances. Region-based ACM, such as [14]

and [11] assume piecewise constant regions. These methods, without changes to

their basic cost functions, would have difficulty segmenting this image. GPAC on

the other hand easily segments this image.

In Fig. 5.17 (reproduced from [2]), segmentation result for ratio cut is shown.

The result is achieved after 4 bi-partitioning steps. On the same image, our nor-

malized maximum cut framework achieves the same result with one bi-partitioning

step. It is debatable if it is better to enforce connected components or not. The

answer depends on the application. Curve evolution framework offers more flex-
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(m) (n) (o) (p)

Figure 5.14: Segmentation results for the multi-region approach using coupled
curve evolutions. 9 curves are initialized for each image.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 5.15: Comparison of background/foreground segmentation vs. multi-
-region segmentation using couple curve evolutions. First column shows the
original images. Second and third columns correspond to foreground and back-
ground. Forth column shows the multi-region segmentation boundary.
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(a) (b)

Figure 5.16: Segmentation of an image with same mean but different variations
in its two regions a) Initial curve. b) Segmentation result.

(a) (b)

Figure 5.17: Reproduced from ratio cut paper [2]. a) Original image. b) Ratio
cut segmentation after 4 bi-partitioning steps.

ibility by allowing multiple components as one region. If connected components

are desired, segmentation results can be post-processed and only the component

with the largest area can be selected as the partitioning.

5.12 Conclusion

In this chapter, we presented a generic region-based segmentation method

for color and texture images. This method is based on defining a dissimilarity

metric at the pixel level and finding the optimum partitioning of the image that
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maximizes the dissimilarities across the boundary. We have shown connections

to GPM and derived curve evolution equations for various complex region-based

segmentation cost functions. These segmentation cost functions include minimum

and maximum cut frameworks and area and boundary normalized versions of

these.

Region-based methods do have the tendency to fail in extracting precise bound-

aries. Integrating edges to the region-based framework addresses this problem. We

proposed different strategies for integrating edges both from ACM and GPM point

of views.

The initial theory of graph partitioning active contours is developed for bi-

partitioning the image into foreground and background regions. One popular

way of extending this to multi-region segmentation is by applying bi-partitioning

recursively for each sub regions. This strategy works with our method very well.

We also propose a novel method for multi-region segmentation based on evolving

several coupled curves simultaneously.

Unfortunately, naive calculations of dissimilarities and region integrals in (5.20)

bring unreasonable computational complexity and memory requirements. To ad-

dress this issue, we proposed a fast method for implementing the curve evolution.

This method is based on reducing the resolution of one dimension of the dissim-

ilarity matrix W . Despite the fast implementation, we observe that precision of

the segmentation is not lost. We then propose even faster implementations if some

precision can be sacrificed. A multi-scale segmentation is also proposed where the

precision of the segmentation is gradually increased.
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An extension to interactive segmentation is also demonstrated. In this case,

the user is asked to draw a rectangle covering most of the object he/she is inter-

ested in. Then, curve evolution starts within this rectangle. The curve is allowed

to evolve past the boundary but the background is evaluated only within the

rectangle.

We have shown promising experimental results for both bi-partitioning and

multi-region segmentation. The results support the theory we developed in this

paper.

One of the objectives of this chapter was to bring together ACM and GPM.

Both of these techniques has shown promising and novel characteristics. We in-

vestigated and developed connections between these techniques. Hopefully this

work will stimulate more research in this direction.
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Chapter 6

Search and Category Pruning in

Image Databases using

Segmentation

With the increasing use of digital cameras, growth of the Internet and high im-

portance of periodic acquisition of aerial and satellite images, image databases are

becoming more and more important every year. The world wide web (www) itself

probably contains a majority of the images in existence and these images can be

assigned text captions and keywords, which makes creating image databases from

web images an interesting and challenging task. Most of the image databases are

or can be divided into semantic subgroups, which we call categories. One example

for a category is a directory of photographs in a home user’s computer. Another

example of a category is the group of images in an internet image database that
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has the keyword “car” associated to them. Unfortunately most image databases

are not generated with the semantic categorization in mind.

In this chapter, we show an efficient way to spider and simultaneously cate-

gorize web images for content based retrieval. On this database of over 600,000

images, we achieve good retrieval results by exploiting the category structure. To

create this image database, we start with an existing category structure of web

sites (Open Directory project - http://www.dmoz.org). We then spider images

from each of these web sites and assign the images to the category from which the

corresponding web site comes from. For example, the “Cars” category consists

of images spidered from car related web sites. About 60-80% of images in this

category are images of cars. In addition, there are also other pictures that are

not of cars on such pages, e.g., picture of the owner of a car dealership. This is a

common problem with automatically generated categories. To increase the overall

effectiveness of retrievals, further pruning is needed. Pruning will improve both

browsing and content-based retrieval quality of these databases. The main objec-

tive of the pruning is increasing the precision of the category while preserving the

recall. By using our graph partitioning active contour segmentation method to

separate background from foreground, we demonstrate that good image segmen-

tation helps in this pruning step and improves the overall retrieval performance.

Image segmentation has been used in image databases as a tool to limit extrac-

tion of image features to the segments of interest. These segment-based feature

vectors are then used for image or region search in a content-based image retrieval

system [124, 125] and for browsing image databases [126]. In this chapter we pro-
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pose a new way of utilizing segmentation for image databases. The objective of

our work is to improve the quality of both image segmentation and image database

retrieval simultaneously.

6.1 Category-based Database Design and Image

Retrieval

Indexing diverse collections of multimedia data remains a challenging prob-

lem. Even though significant progress has been made toward developing effective

content-descriptors, as evidenced by the current MPEG-7 standard, it is still diffi-

cult to bridge the gap between low-level image analysis and image understanding

at the semantic level. This gap limits access solutions since users usually interact

at the semantic level.

The images found on the World Wide Web (WWW) are a prime example

of a multimedia collection that is difficult to index. Low-level features, such as

color and texture, can be extracted and used for similarity searches. The results

might be visually relevant but it is unreasonable to expect them to be concep-

tually relevant. For this reason the content-based searches must be constrained

to semantically relevant sets of images. Due to the size of the data set, manual

classification is not feasible.

This work investigates how existing semantic structure can be exploited by

a multimedia access system even if this structure is not perfect. Our approach

recognizes that the WWW is not just a large collection of images with loosely

175



Search and Category Pruning in Image Databases using Segmentation Chapter 6

associated text but there is existent structure which can be exploited. The work

also demonstrates how relevance feedback can refine query intent using a simple

and intuitive interface.

The objective is then to index a large number of images from the WWW for

efficient and accurate access given the following constraints:

• Image discovery and indexing should be automatic.

• Image search should be semantically constrained.

• The search interface should be simple and intuitive.

The proposed Categorical Image Search (CIS) system accomplishes this by:

• Using an existing directory for image discovery.

• Using the directory to constrain content-based searches.

• Using relevance feedback to learn query intent.

6.1.1 Image Ingestion

Images are collected by spidering web sites listed in the DMOZ Open Direc-

tory Project (http://www.dmoz.org). The DMOZ project’s goal is to “produce

the most comprehensive directory of the web, by relying on a vast army of vol-

unteer editors.” A total of 2,633,071 sites in 369,307 categories are managed by

36,786 editors at the time when this work is prepared. We developed a custom

web-spider that locates images at sites parsed from a snapshot of the directory.

Irrelevant images, such as icons and banners, are filtered-out. Different types of
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text associated with the images are stored in a relational database. This includes

category names, image names, image ALT tags and HTML text. Thumbnail ver-

sions of the images are created for display purposes. Finally, texture and color

content descriptors are extracted.

Texture descriptors are extracted by applying a set of Gabor-wavelet filters

tuned to combinations of three scales and four orientations [123]. The feature

vector components are the means and standard-deviations of the outputs of the

12 filters. The results in a 24-dimension texture feature vector. The similarity

between images in the texture feature space is computed using the L1 norm.

Color descriptors are derived from the color distribution histogram computed

in the CIE L*u*v* color space. The three color dimensions are quantized to four

levels resulting in a 64-dimension color feature vector. The similarity between

images in the color feature space is computed using the Euclidean distance.

6.1.2 Database Organization and Image Search

The text in the relational database is compiled to create an extensive keyword

list. This list is the basis of an inverted-index of the categories based on keyword

frequency. The other major component of the database is the collection of image

features. Each image is represented by the 88 numbers from the texture and color

feature vectors. The image features are organized by category. Fig. 6.1 shows

the structure of the database. Each keyword can index any number of categories

but only the top 10 are retrieved during a lookup. A category can be indexed by

multiple keywords.
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Index 

Categories 
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Figure 6.1: Database structure.

Image searches consists of two steps. First, a text-based search identifies the

categories. Then, a constrained content-based search with relevance feedback is

performed among the images from these categories.

Text Search

Image searches are initiated with keywords. The keywords determine which

categories to confine the content-based search to. The inverted index is used to

retrieve the image feature clusters corresponding to these categories. Constraining

the content-based search improves the semantic relevance of the results and allows

the search to be performed in real time.

Constrained Content-based Search

The content-based search uses a query-by-example paradigm. The user first

selects one or more images from a set chosen randomly from the candidate cat-

egories. This selection is used to perform a similarity search in the combined

feature spaces. If the user is not satisfied with the results, he/she can add or

remove images and perform additional similarity searches. A relevance feedback

178



Search and Category Pruning in Image Databases using Segmentation Chapter 6

loop is used to iteratively refine the query vector and search space.

Relevance Feedback

Relevance feedback is used to compute the query vector, compute the relative

feature weightings, and prune the search space. This part of the search only uses

the image descriptors. The keywords from the first stage of the search are no

longer used and the categories only serve to constrain the search.

Query Specification:

If the user selects a single image then its 64-dimension color and 24-dimension

texture feature vectors are concatenated to produce the 88-dimension query vector

used in the content-based search. If multiple images are chosen then their feature

vectors must be combined to produce a single 88-dimension query vector. If it is

assumed that the user selects a visually similar set of images then a straightforward

solution is to use the average of the vectors. In the CIS system, the 88-dimension

query vector is computed to be the average of the individual vectors in the case

where multiple images are chosen.

Relative Feature Weightings:

The distribution of the user-selected images is used to determine the relative

feature weightings; i.e., which feature, color or texture, is more important to the

user for a particular search. Intuitively, the feature space in which the images are

more “tightly clustered” should be weighed more. For a set R of example images:

dtexture =
1

|R|
∑
i,j∈R

dtexture (i, j)
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and

dcolor =
1

|R|
∑
i,j∈R

dcolor (i, j)

The feature weightings are then:

wtexture =
1

dtexture + ε

and

wcolor =
1

dcolor + ε

where ε is a small value to prevent one of the features from becoming too sig-

nificant. The final distance measure used to rank-order the N nearest neighbors

is:

d (·, ·) = wtexturedtexture (·, ·) + wcolordcolor (·, ·)

This application of relevance feedback is similar to that presented in [127].

If the user selects only one image then there is not enough knowledge to

determine which feature, color or texture, is more significant. In this case, two

similarity searches are performed: an N/2 nearest neighbor search using texture

descriptors and an N/2 nearest neighbor using color descriptors.

Restricting Categories:

After several iterations of the relevance feedback loop, the search space is further

reduced to just those categories from which the user is selecting images. This

improves the relevance of the results.
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6.1.3 Examples of Search and Retrieval

An implementation of the CIS system indexes over 600,000 images from 38,604

sites in 1,623 categories. It is available online in the Demos section at the web

site http://vision.ece.ucsb.edu.

Figures 6.2, 6.3, and 6.4 show the different steps of a search initiated using the

keyword “hat”. In this case, the inverted index is used to constrain the content-

based search to approximately 9,000 images in 10 categories such as Shopping::

Clothing:: Hats, Shopping:: Clothing:: Sportswear, and Shopping:: Clothing::

Costumes. From this point on, the search only uses the image-derived feature

descriptors. Fig. 6.2 shows 12 images displayed at random from the constrained

set. The user selects the top right image and initiates a constrained content-based

search. As discussed above, the relative feature weightings cannot be determined

if only a single image is selected so two nearest neighbor searches are performed.

The top row of Fig. 6.3 shows the query image and the 5 most similar images with

respect to the color descriptor. The bottom row shows the query image and the

5 most similar images with respect to the texture descriptor. The user adds the

bottom right image and initiates another content-based search. The two selected

images are used to determine the query vector and the relative feature weightings,

as discussed above. The final results are shown in Fig 6.4. If necessary, the user can

continue to add or remove images and perform additional content-based searches.

This example shows that the CIS system retrieves visually and conceptually

relevant images within a few iterations. The integration of the semantic classifi-

cation provided by the categories and the visual similarity retrieval capabilities of

181



Search and Category Pruning in Image Databases using Segmentation Chapter 6

the image descriptors makes this possible. Neither one of these techniques alone

provides relevant results. Fig. 6.2 shows that fewer than half the images chosen

at random from the constrained set are related to the concept “hat”. This is be-

cause the semantic classification provided by the categories is not perfect. Fig. 6.5

shows the results of an unconstrained content-based search using the same query

vector and feature weightings as the search in Fig. 6.4. As expected, the concept

of a “hat” is lost when the content-based search is over the entire database of

600,000 images.

Even though the nearest neighbor searches are only performed on a sub-

set of the database, they are still computationally expensive due to the high-

dimensionality of the image feature space. Conventional indexing methods, such

as the R-tree and its variants, cannot be used because the similarity metric is not

fixed. A novel algorithm has been developed to address this problem [128]. The

method exploits the correlations between consecutive nearest neighbor searches to

filter out candidate matches. This greatly reduces the number of I/O accesses in

the database. The method has been shown to be effective for the 600,000 images

indexed by the CIS system.

In the next section, we investigate the idea of pruning the categories and

removing the outliers using image segmentation.

6.2 Category Pruning

In developing a pruning strategy using segmentation, we make the following

assumptions:
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Figure 6.2: Random images from categories identified using the keyword “hat”.
The top right image is selected for a constrained content-based search.

Figure 6.3: Results of a constrained content-based search using the image se-
lected in Fig. 6.2. Top row shows query image and 5 most similar images with
respect to the color descriptor. Bottom row shows query image and 5 most
similar images with respect to the texture descriptor. The bottom right image
is added to the query.
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Figure 6.4: Results of constrained content-based search using the two images
selected in Fig. 6.3. Relevance feedback is used to compute the query vector
and relative feature weightings.

Figure 6.5: Results of an unconstrained content-based search using the same
query vector and feature weightings as the search in Fig. 6.4.
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• We do not have any domain specific knowledge, or object models about the

category.

• The category is automatically generated, but has some consistency such that

large number (more than 50%) of the images in this category fit to a certain

unknown semantic concept.

• Images can vary in terms of image features or shape of the objects even if

they follow the category concept.

• Images can vary in their sizes. In our case, the images are between 128×128

and 512× 512.

We propose a solution to this problem by discovering a loose spatial relationship

between the background and foreground of the images. The labels background

and foreground have no importance in our method but are used for consistent as-

sociation of regions among category images. We first segment all images into fore-

ground and background regions using graph partitioning active contours (GPAC)

(see Chapter 5). Using these segmentations, a signed distance map is calculated

for each image based on the segmentation boundary. Then, these distance maps

are averaged to find a distance map for the whole category. A continuous fore-

ground/background spatial relationship within the category is captured by this

average distance map. After that, the images are re-segmented, but this time the

segmentation cost function also incorporates the spatial relationships discovered

from the previous iteration. We show that this step improves both the segmenta-

tion of certain images and the distance map itself.
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The pruning of the category is achieved by comparing the individual distance

maps to the average distance map. We show the distribution of this comparison

and interpret the results by showing specific examples. In addition, precision

recall curves are drawn for visualization of how well our method works.

6.2.1 Segmentation Framework

We use segmentation as two-region (background and foreground) partitioning

of an image as discussed in Chapter 5. We will show in Section 6.2.2 situations

where multi-region (3 or 4 regions) segmentation might be necessary. Our segmen-

tation approach, graph partitioning active contours (GPAC), is based on grouping

similar points as foreground and background while increasing the dissimilarity be-

tween these regions. One important characteristic of GPAC is its flexibility in

defining the segmentation cost function. By controlling the similarity measure,

we can change and adapt the segmentation behavior to the problem at hand. We

calculate the dissimilarities as:

w(pi, pj) = ‖~F (pi)− ~F (pj)‖+ α‖pi − pj‖ (6.1)

where ~F (pi) is some low level image feature at point pi (we use color) and the sec-

ond term measures the spatial distance between two points. A spatial constraint

is added to the original dissimilarity metric (5.16) used in Chapter 5. Based on

this dissimilarity metric, the segmentation functional that we maximize is given

by:

E =

∫∫

Ri(C)

∫∫

Ro(C)

w(p1, p2)dp1dp2 (6.2)
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Figure 6.6: Initialization of the curve evolution for image segmentation.

where C is a closed curve on the image domain, Ri is the interior and Ro is the ex-

terior of C. Conceptually this means finding the curve (partitioning of the image)

for which the dissimilarity between its interior (foreground) and exterior (back-

ground) is maximized. This problem is solved by starting with an initial curve

and maximizing (6.2) using steepest descent. After adding geometric constraints

such as area normalization and boundary length minimization, the corresponding

curve evolution equation becomes:

∂C

∂t
=

(
1

|Ro|
∫∫

Ro(C)

w(c, p)dp− 1

|Ri|
∫∫

Ri(C)

w(c, p)dp

)
~N − γκ ~N (6.3)

This result can be visualized as the competition of foreground and background to

push the curve towards the optimum boundary. Main advantage of GPAC is that

its cost function is based on region features and therefore GPAC is not dependent

on the initialization of the curves. Fig. 6.6 shows the curve initialization used in

this paper. We initialize one multi-part curve with 16 (4 × 4) sub-parts, so that

the curve can cover most of the image area.
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6.2.2 Pruning a Category

The pruning strategy is based on first segmenting the images in a category.

The signed distance of the pixels from the segmentation boundary is used as a

measure for spatial relations within the images. By averaging image level spatial

relations, we discover category-wide spatial relations and propose a measure for

calculating the association of images to their corresponding categories.

The images in the categories are of various sizes between 128 × 128 and

512 × 512. Before segmenting these images, we resize them proportionally such

that the smaller dimension of the image is mapped to 64. This small size is se-

lected for computational reasons so that large number of images can be segmented

quickly. After segmenting and extracting the boundaries, we generate a signed

distance map. This map is calculated as the distance of each pixel to the segmen-

tation boundary. The value is positive if the pixel belongs to the foreground and

negative if the pixel belongs to the background. Before calculating this map, we

need to decide which region is background and which region is the foreground.

This is important for consistency among the images. So, we calculate the aver-

age distance from the image boundaries (not segmentation boundary) for each

region. We define the foreground as the region with higher distance from the

image boundaries. After calculating the signed distance map, we linearly scale

the values between 0 to 255. Then using standard image resizing algorithms the

distance maps are resized to the size N × N . We select N = 100 in our experi-

ments. The distance maps of images are averaged pixel-wise to create the average

distance map of the category. We use this average map as the representation of
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the category.

After calculating the average map, we re-segment all images by using a new

dissimilarity measure that incorporates spatial relations discovered in the previous

step.

w(pi, pj) = ‖~F (pi)− ~F (pj)‖+ α‖pi − pj‖+ β‖m(pi)−m(pj)‖ (6.4)

where m is the average distance map. The constant β is selected such that seg-

mentation is not completely biased to this new term. After a second iteration of

the segmentations, a new average distance map is generated. We now select this

new distance map as the representation of the category’s spatial relations.

To make decisions for eliminating images from the category, we need to check

if an image follows the concept of the category or not. To create a measure of how

well an image fits to a category, we calculate the distance between the individual

distance maps and the average distance map. Distances are calculated using:

‖mavg −mi‖ =
√∑

(mavg(p)−mi(p))2/N2

After calculating the distances, a cutoff point dcut needs to be estimated, such

that images with higher distance values are discarded from this category. One way

is to analyze the shape of the histogram and make decisions. Simple decisions such

as eliminating the tail of the histogram improves the quality of the category but

this type of ad hoc decisions might be suboptimal. A better approach would be

using a learning framework [129] to discover a methodology for deciding on dcut.

This requires generating ground truth for large number of categories.
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6.2.3 Experimental Results

The category we experiment with is Sports: Winter Sports: Skiing: Guides:

North America: United States. The main theme for the images in this category

(79%–110 out of 139) is that a skier is either posing for a photograph or skiing or

snowboarding downhill when the picture is taken. These images vary significantly

in terms of foreground and background color, environment and pose. The rest of

the images consist of scenic views of snowy mountains, maps, picture of jackets and

backpacks, and a set of unrelated images. Fig 6.7 shows examples of characteristic

images and Fig. 6.8 shows examples of uncharacteristic images for the category.

First, images are resized such that the smaller dimension of the image is

mapped to 64. After that, all images are segmented using graph partitioning

active contours. Segmentation results for some images are shown in the second

column of Fig. 6.7 and Fig. 6.8. After extracting the boundaries, the signed

distance maps are generated. Distance maps for some images are shown in the

third column of Fig. 6.7 and Fig. 6.8. The average distance map for the category

is shown in Fig. 6.9. As can be seen, the average distance map follows this cate-

gory’s spatial relations such that the foreground objects are in the middle part of

the images in an upright position.

Using the average map, images in this category are re-segmented as discussed

in Section 6.2.2. Several examples are shown in Fig. 6.10. New foregrounds

in the third column show that the segmentation process has incorporated the

spatial relations discovered from the category. The observation regarding the new

average distance map is that this average distance map is not much different than
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6.7: First column shows the original image. Foreground is shown in
second column. Third column show the signed distance map.
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(a) (b) (c)

(d) (e) (f)

Figure 6.8: First column shows the original image. Foreground is shown in
second column. Third column show the signed distance map.
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(a)

Figure 6.9: Average distance map.

the previous one. The reason for this is that high percentage of the images follow

the category characteristics (average distance map) and segmentations for these

images did not change. This and our experiments also show that more iterations

of segmentations are not necessary.

After the second iterations of the segmentations, distances of individual dis-

tance maps to the average distance map are calculated. In Fig. 6.11, the first row

shows 4 images with the smallest distances and second row shows the images with

the largest distance values. Fig. 6.12 (a) shows the histogram of distance values

for this category. It can be seen from the figure that there are three peaks that

are separated at 0.55 and 0.7. After the third peak there are outliers starting from

0.78 and up. It is also possible to use expectation maximization (EM) algorithm

to fit two or three Gaussians to this data. We observe that the images within the

first peak are following the category theme very well. Within the second peak,
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(a) (b) (c)

(d) (e) (f)

Figure 6.10: First column shows the original image. Initial foreground is shown
in second column. Foreground after using spatial relations is shown in third
column.
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it is a combination of good and bad images for the category. Fig. 6.13 shows

examples of images that fall into the second and third peak. Images in Fig. 6.13

(a-d) show that the pose of the skiers are not vertical unlike most other images.

Adding some level of rotation invariance to our method might be helpful for these

images. Fig. 6.13 (e-f) show two skiers using the lift. The problem with this

image is that the skiers are not located in the middle part of the image while

most category images have skiers in the middle parts. To handle this kind of

images, our method needs to incorporate shift invariance. Last example is in Fig.

6.13 (g-h). In this example, the background consists of two different regions, the

snow and the darker background corresponding to the trees. Two region segmen-

tation is not able to handle this situation and part of the background is labeled

as foreground. A 3 region or 4 region segmentation (can be achieved by recursive

bi-partitioning) would be helpful when handling more complex images.

Now suppose we decide on a cutoff point dcut for the distances, such that

images with higher distance values are discarded from this category. Fig. 6.12(b)

shows the precision-recall1 graph for cutoff points starting with 0.25 and with

increments of 0.01 up to 1.3. At 1.3, nothing is discarded, so we have 100% recall

and 79% precision. We see from the graph that cutoff point 0.71 (red circle in the

graph) is optimal with 96% recall and 87% precision. At this point, 5 out of 110

good images (4.5%) and 13 out of 29 bad images (45%) are discarded. We see

that the precision of the category improves by 8% from 79% to 87%.

1After discarding images with distances bigger than a cutoff point, precision measures the
percentage of good images within the remaining images in the category, and recall measures the
percentage of the good images that are still left in the category.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 6.11: a-d) Images with smallest distances. e-h) Images with the largest
distances.
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Figure 6.12: a) Histogram of the distances. b) Precision-Recall curve. c)
Precision vs. cutoff point. d) Recall vs. cutoff point.
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 6.13: Images that could be misclassified.

6.2.4 Discussion

We have proposed a simple method for category pruning and discovering spa-

tial relations in image databases. The signed distance maps created from each

image can be thought of a new feature for the image. Well known image features

such as color and texture can also be used together with the distance map when

capturing a concept for a category. It is possible that in some categories there

is no coherence within images in terms of color whereas the spatial relations are

consistent. For other categories the opposite may be true. Because of the vari-

ety of images in different categories, more complex analysis of images might be

necessary. Moreover, rotation invariant, scale invariant and shift invariant spatial

relations or a weighted combination of these might improve pruning results for
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certain categories.

To further complicate the issue at hand, a category does not necessarily follow a

single concept and it is likely that there are multiple groups of images in categories.

Future could be to investigate a unified method that utilizes different spatial

relationships and image features within a statistical learning framework to make

better decisions. Other potential research directions include integration of domain

knowledge (object models or shapes) into segmentation and category pruning.
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Chapter 7

Future Work and Conclusion

This thesis introduced robust segmentation methods based on variational tech-

niques. Our main goal was to design generic methods that work on natural images

with little or no parameter tuning. Natural images that are rich in texture and

color are among the more difficult class of images to work with, and are perhaps

the most important class of images from an image understanding point of view.

Using variational methods, we investigated edge-based and region-based seg-

mentation problems. Starting with the successful Edgeflow technique, we designed

curve evolution and anisotropic diffusion techniques for image segmentation. By

integrating Edgeflow technique with the variational framework, we are able to de-

sign methods that are effective on natural images and also have a sound theoretical

basis.

In the second part of the thesis we investigated region-based segmentation

problem again within the variational framework. Graph partitioning methods use

pairwise similarity based cost functions and have been shown to work well on nat-
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ural image segmentation. Starting with a similar pairwise similarity based cost

function, we introduced the maximum cut criteria and graph partitioning active

contours for the minimization of the corresponding cost function. Our contribu-

tions are two-fold: 1) We introduced a new type of cost function for the variational

segmentation. 2) Graph partitioning methods make certain simplifications to the

cost function for practical purposes and this introduces inaccuracies to the seg-

mentation results. On the other hand, using curve evolution techniques, we are

able to find the segmentation result more effectively and efficiently.

We conclude this thesis by discussing two future directions. First, we analyze

the difficulties, challenges, and opportunities associated with texture edge detec-

tion. Texture edge detection has been considered a very difficult problem due

to its complexity. In Section 7.1, we will discuss this problem within the Edge-

flow framework. Another important future direction is associated with the image

categories generated in Chapter 6. We were able to group conceptually similar

images together into categories by exploiting the semantic information contained

in web sites. By analyzing and mining these categories for knowledge discovery,

we might be able to fine tune and further improve image segmentation. We will

discuss these issues in Section 7.2.

7.1 Texture Edges

In Chapters 3 and 4 we discussed edge-based segmentation techniques, curve

evolution and anisotropic diffusion, with an emphasis on brightness and color

edges. On the other hand, texture is an important image feature that needs to be
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considered when finding the edges and object boundaries in natural images. Tex-

ture edge detection is not as well understood as brightness or color edge detection.

The main reason for this is that texture is not easy to visualize or quantify. An

image where each pixel corresponds to a 30 dimensional feature vector does not

make much sense to an human observer.

Region-based methods have had better success with texture image segmenta-

tion. These methods, usually based on clustering the image into several regions,

show reasonably good results on some images but number of regions needs to be

estimated beforehand and good edge localization is not achieved in most cases.

In chapter 5, we also show an example of region-based segmentation where Gabor

texture features are utilized and improved the results.

One important finding in Chapter 3 was the effect of the Gaussian offset (in

the calculation of Edgeflow vector field) on the final segmentation results. While

original Edgeflow method [1] proposes the use of 4σ as the offset, we have shown

that for gray scale and color features, using an offset of σ results in a more ro-

bust behavior. This was surprising at first. When designing the original Edgeflow

vector field, Ma and Manjunath’s focus was primarily on texture discrimination

instead of color or gray scale features. When we conduct experiments on Ga-

bor texture features, we observed that Gaussian offset of 4σ is a superior choice

for texture edge detection when compared to σ. The reason for this behavior is

that gray scale and color are point features and texture is a neighborhood fea-

ture. For example, a texture feature vector at a single pixel does not provide

much information about which texture this pixel belongs to. For a small offset,
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(a) (b) (c)

Figure 7.1: a) Cheetah image. b) Edge function generated from Edgeflow vector
field with a Gaussian offset of 4σ using texture features. c) Edge function
generated from Edgeflow vector field with a Gaussian offset of σ using texture
features.

difference of offset Gaussians (DOOG) operator resembles derivative of Gaussian

operator, which has been shown to be effective [55] for gray scale edge detec-

tion. On the other hand, at an offset of 4σ, DOOG operator can be thought of

as weighted comparison of two non-overlapping adjacent neighborhoods (see Fig.

2.2). This provides an insight to why gradient-based methods had little success

while Edgeflow and other neighborhood comparison methods have shown good

texture discrimination on natural images. Fig. 7.1 shows a comparison of the

edge functions that are generated from Edgeflow vector fields using Gaussian off-

sets of 4σ and σ respectively and Gabor texture features [123]. If an offset of σ

is used, both edges between textures and edges within the textures are detected,

which is not desired.

The original Edgeflow method compares the neighborhoods by comparing their

(weighted) averages (means). As demonstrated in [123], a combination of mean

and standard deviation of the texture features of image neighborhoods is a good

measure for texture discrimination. We suggest that both mean and standard

203



Future Work and Conclusion Chapter 7

deviation is used when Edgeflow vector field for texture features is generated.

Edgeflow framework is not limited to comparing texture features by their

means or standard deviations. Various texture dissimilarity measures ranging

from histogram comparisons to information theory based dissimilarity measures

can be utilized. A comparison of various dissimilarity measures for texture is given

in [130]. With minor changes, Edgeflow framework can be adapted to use any of

these dissimilarity measures. This also opens an opportunity for a performance

comparison of various dissimilarities within Edgeflow framework.

7.2 Knowledge Discovery from Image Categories

and Segmentation

The low level image processing methods we introduced within this thesis are

not able to capture high level information about the scene or objects in the image.

The Berkeley segmentation ground truth that we extensively utilized in Chapter 3

is one of the first efforts to “learn” some of the high level semantics and integrate

these into the segmentation framework. Unfortunately, creating ground truth

segmentations is very labor intensive and ground truth segmentations for about

thousand images (only several hundred of them are publicly available) took more

than 8 months to generate [131]. The difficulty of generating ground truth and

small size of the Berkeley segmentation data set introduce limitations on the extent

to which we can improve the segmentation process.

On the other hand, in Chapter 6, we have shown a way to semantically or-
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ganize millions of images in an automated fashion. Visual inspection shows that

these categories contain high percentage of conceptually relevant images. This

automated process also introduces inaccuracies and in Chapter 6 we investigated

ways to exclude the outliers from categories.

Future directions include learning from these groupings of images to improve

image segmentation and pruning the categories further based on the segmentation.

Most optimizations on Berkeley segmentation data set required finding single op-

timum values for each parameter, such as edge detection threshold, smoothing

scale, etc. On the other hand, ideally these parameters should be adaptive to the

image or to the type of the image. For example in Fig. 5.11, when segmenting the

bear image, we needed to decide on the relative weightings of color and texture

features. Finding a globally optimum weighting might not make much sense in

practical applications. The relative weightings of color and texture are clearly im-

age dependent. While for texture rich images, such as images of various animals,

texture features need to be weighted more, for other types of images weighting

color highly might be a better choice. Using a large image database, we might

be able to find separate segmentation rules for each category. Then, given an

image to be segmented, we can find its fuzzy membership to several categories

and segment the image accordingly.

7.3 Conclusion

In this thesis we demonstrated that variational segmentation techniques can

be successfully applied to natural images. We designed new techniques for both
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edge-based and region-based variational image segmentation. We have provided

quantitative results comparing our proposed new methods with current state of

the art algorithms. Based on these experiments, we shown that our methods

significantly outperform the state of the art.
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Appendix A

Euler-Lagrange of a Functional

In this section, we compute the Euler-Lagrange [98, Chapter 8] of (3.7), which
leads to the edge function we use in our curve evolution. To calculate the first
variation of E, suppose V̂ is a solution of (3.7). Let K be any smooth function
on U and K = 0 on the boundary ∂U . If we evaluate E at V = V̂ + τK, then
E(τ) = E(∇V̂ + τ∇K) =

∫
U

L(∇V̂ + τ∇K) has a minimum at τ = 0, which
means E ′(0) = 0. The first variation is:

E ′(τ) =

∫

U

∂L(∇V̂ + τ∇K)

∂V̂x

Kx +
∂L(∇V̂ + τ∇K)

∂V̂y

Ky

Setting τ = 0 and integrating by parts (K = 0 at ∂U) we obtain:

E ′(0) =

∫

U

[
−∂

(
∂L

∂V̂x

)
/∂x− ∂

(
∂L

∂V̂y

)
/∂y

]
K = 0

This equation holds for all functions K, so V̂ is also a solution of (3.8), which is
the Euler-Lagrange of (3.7).
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Appendix B

First Variation of a Functional

In this section we calculate the first variation for the following functional with
respect to t:

M =

∮

C

〈
~S, ~N

〉
ds (B.1)

where ∇ · ~S = G as defined in Section 5.2. Let ~S = [S1 S2]T . M is then equal to:

M =

∫ 1

0

〈[
S1

S2

]
, ‖~Cp‖ ~N

〉
dp (B.2)

where p is a parametrization of the closed curve ~C. Remember that ~Ct = [xt yt]
T ,

~Cp = [xp yp]
T and ‖~Cp‖ ~N = [−yp xp]

T . The first variation can be written as:

∂M

∂t
=

∫ 1

0

〈[ ∇S1 · ~Ct

∇S2 · ~Ct

]
,

[ −yp

xp

]〉
dp

+

∫ 1

0

〈[
S1

S2

]
,

[ −ypt

xpt

]〉
dp

Integrating by parts:

∂M

∂t
=

∫ 1

0

〈[ ∇S1 · ~Ct

∇S2 · ~Ct

]
,

[ −yp

xp

]〉
dp

−
∫ 1

0

〈[
S1

p

S2
p

]
,

[ −yt

xt

]〉
dp
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We rewrite the scalar product within the second integral:

∂M

∂t
=

∫ 1

0

〈[ ∇S1 · ~Ct

∇S2 · ~Ct

]
,

[ −yp

xp

]〉
dp

−
∫ 1

0

〈[ ∇S2 · ~Cp

−∇S1 · ~Cp

]
, ~Ct

〉
dp

After opening the scalar products and rearranging terms:

∂M

∂t
=

∫ 1

0

〈[ −ypS
1
x +©©©xpS

2
x −©©©xpS

2
x − ypS

2
y

−
½

½½ypS
1
y + xpS

2
y + xpS

1
x +

½
½½ypS

1
y

]
, ~Ct

〉
dp

This is equal to:

∂M

∂t
=

∫ 1

0

〈
(S1

x + S2
y)

[ −yp

xp

]
, ~Ct

〉
dp

=

∫ 1

0

〈
(∇ · ~S)‖~Cp‖ ~N, ~Ct

〉
dp

=

∮

C

〈
G ~N, ~Ct

〉
ds
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