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Abstract

Image segmentation is one of the primary steps in image analysis for
image labeling and retrieval. Recent Segmentation methods have shown a
strong interest in graph basedalgorithm, and they have beenquite success-
ful in identifying signi�cant regions and their boundaries. The cost func-
tions used in these graph algorithms are usually basedon low-level pixel-
basedimage featuressuch as position, intensity, and color. Thesemethods
tend to produce over-segmented results, especially for images of natural
sceneswhoseregionscontain complex but coherent mixture of colors. This
thesis describesa multi-resolution segmentation algorithm which �rst con-
structs a region pyramid that preserves the color distributions of regions,
and then applies a graph cut algorithm at the top level of the pyramid to
identify main regionsin the image,and �nally re�nes the region boundaries
with a top-down approach basedon integer linear programming. This way,
main image regionsare identi�ed while over-segmentation is minimized.
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Summary

Image segmentation is one of the primary stepsin image analysisfor image

labeling and retrieval. Recent Segmentation methods have shown a strong inter-

est in graph basedalgorithm, and they have beenquite successfulin identifying

signi�cant regionsand their boundaries. The cost functions usedin thesegraph

algorithms are usually basedon low-level pixel-basedimagefeaturessuch asposi-

tion, intensity, and color. Thesemethods tend to produceover-segmented results,

especially for imagesof natural sceneswhoseregionscontain complexbut coherent

mixture of colors.

This thesis describes a multi-resolution segmentation algorithm which �rst

constructsa region pyramid that preservesthe color distributions of regions,and

then applies a graph cut algorithm at a coarselevel of the pyramid to identify

main regionsin the image. The coarseregion boundariesfound are re�ned using

Dynamic Programmingand IntegerLinear Programming,andpropagateddown to

the lowest level by a greedymethod. Experimental resultsshow that this approach

can identify the main regionsin many imagesand minimize over-segmentation.
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Chapter 1

In tro duction

1.1 Motiv ation

Imagesegmentation is oneof the primary stepsin imageanalysissuch asimage

labeling and object identi�cation. The resulting regions will represent certain

semantic contents and may indicate the presenceof objects or object parts, which

can be veri�ed later with an imageanalysisand recognition step.

Imagesegmentation is alsoan important tool for content-basedimageretrieval

(CBIR). Each extractedregionin the segmentation stepcontains a di�eren t region

content which could be a combination of color, texture, brightness and spatial

information. Theseinformation provide a natural link betweenthe contents of the

query imagesand thoseof the imagesin the database,which enablesan accurate

retrieval in responseto the user'squery. Recent CBIR system[8] could even allow

the user to accessthe segmentation result of the query imageand specify which

aspects of the image are important to the query. Such interactions have greatly
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assistedin query re�nement and improved the performanceof imageretrieval.

1.2 Research Goal

This thesisaddressesthe imagesegmentation problem in the context of semantic

labeling and imageretrieval. In theseapplication contexts, it is desirableto par-

tition an image into semantically consistent regions. Especially in natural scene

images,each regioncan contain a complexbut coherent mixture of colors. There-

fore, we can assumethat a coherent color distribution providesa good indication

of semantic consistency.

This thesis proposesa multi-resolution region preserving segmentation ap-

proach on color images. The resulting segmentation should have the following

properties:

1. Each regionis a closedconnectedcomponent. This is essential to ensurethe

spacialconsistencyof each region.

2. Each region is of a signi�cant sizecomparedto the imagesize. Thus, only

main regionsare extracted.

3. Each region will have a coherent distribution of colors. This is a desirable

property to bring about the semantic consistencyof each region.

1.3 Overview of Prop osed Algorithm

The proposedalgorithm can be divided into three main steps(Figure. 1.1):
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Pyramid Construction      Boundary Refinement

Graph-cut Segmentation

Figure 1.1: An overview of the segmentation algorithm.

1. Pyramid Construction: A regionpyramid is constructedto capture the color

distributions of imageblocks at variousresolutions. In a conventional image

pyramid, each imageblock contains information of only a singlemeancolor

or texture. In the regionpyramid introducedin this thesis,each block in the

pyramid captures the color distributions of a region in the original image.

Thus, we call the constructed pyramid a region pyramid. This step aims

at preservingthe information of color distributions of the image blocks at

various levelsof resolutions. That is, the number of imageblocks is reduced

at a lower resolution, but the color distributions are preserved in the image

blocks.

2. Graph-Cut Image Segmentation: Perform segmentation based on graph-

cut algorithm at a higher level in the region pyramid, which has a lower

resolution, so that the main regionsin the imagecan be identi�ed.

3. Boundary Re�nement: Re�ne the regionboundariesobtained at step 2 top-

down to the �nest level to obtain the �nal segmentation result. This re-

�nement processpreserves the color distributions and the locations of the

3



regionsobtained at step 2.

1.4 Thesis Overview

This section will give an overview of the thesis: Chapter 2 will introduce some

background and related approaches on image segmentation. The proposedap-

proach is discussedin detail in Chapters 3, 4 and 5. Chapter 6 will demon-

strate someexperimental results and illustrate the di�erence between the pro-

posedmethod and someexisting methods. Chapter 7 will suggestsomefuture

work, summarizethe contributions and concludethis thesis.
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Chapter 2

Related Work

Image segmentation is one of the most challenging problems in computer vi-

sionand hasbeenstudied from a wide variety of perspectives. But, no su�cien tly

rigorous and generalsolution to this problem is available. Techniquesproposed

include histogram thresholding, which is usedfor gray scaleimages;edgedetec-

tion, region growing and splitting, clustering, and generaloptimization aswell as

graph-basedoptimization approacheswhich could be applied to both gray scale

imagesand color images.

2.1 Traditional Approac hes for Color Image Seg-

mentation

The generalsegmentation methods for color imagescan be grouped into four

main categories: Edge detection, region growing and splitting, clustering, and

non-graph-basedoptimization methods.
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Edge detection techniques [7, 19, 20] �rst perform �ltering on the image to

remove the noisein the image. Then, an edgedetection algorithm such asLoG or

Sobel �lter is applied to generatean edgemap. But the edgemap just indicates

the possiblelocations of the region boundaries. Further processingis neededto

link the edgesinto closedboundariesand to remove unwanted line segments. The

linking processcould be carried out given a model, which is usually not available

for real images.

Region growing and splitting aims to detect connectedsets of pixels, that

satisfy certain prede�ned homogeneity criteria, such as intensity consistencyand

color coherence. For region growing or merging techniques, input images are

divided into a set of primitiv e regions,then an iterativ e processis carried out to

repeatedly merge neighboring regions that are similar in features together into

larger regions[1, 6, 11, 13]. Regionsplitting techniqueswork in the opposite way.

The entire image is initially consideredas one region. In the subsequent steps,

regionsare recursively split into more homogeneousregions.

The region-basedalgorithms are computationally more expensive than the

edgedetection techniques. But they can utilize several imageproperties directly

and simultaneouslyto determinethe regionboundaries.Regionmerginghasbeen

the most popular approach in segmentation and is also used as a part of more

comprehensive approaches.

Clustering methods perform grouping of pixels in the feature space,e.g.,color

space[9, 26]. The current histogram grouping algorithms have also taken into

account local spatial features [21, 22]. They compute local color histograms of
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each pixel and group the histograms into a �xed number of prototypical color-

distribution models using BayesianTheory. Thesemethods typically require the

features(e.g., color) to be quantized into a small number of intervals or bins so

that the estimation of probability functions canbedone. Therefore,they aremore

applicable to imageswith lesscomplexdistributions of colors.

Optimization techniquesde�ne a global function that measuresthe goodness

of the segmentation result and seekto optimize the result. Examples of these

techniques include Bayesian and Markov random �elds methods [2, 5, 34, 36].

In Markov random �eld methods, the image is assumedto be a realization of

a Markov or Gibbs random �eld function with a distribution that captures the

spatial context of the scene. The commonly used statistical estimation princi-

ples like maximum a posteriori (MAP) estimation, maximization of the marginal

probabilities (ICM) are usedto minimize the di�erence betweenthe given prior

distribution of an imagemodel and the segmented image. However, thesemethods

require fairly accurateknowledgeof the prior true imagedistribution and most of

them are computationally expensive.

2.2 Graph-Theoretic Approac h

The graph-theoreticapproach is a newer optimization approach. The input image

is represented asa graph,wherethe verticesof the grapharethe pixels in the input

image, and for every pair of neighboring pixels, an edgeis formed between the

corresponding pair of vertices. The costof each edgeis a function of the similarit y

betweeneach adjacent pair of vertices. A partition of the verticesthat minimizes
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certain cost function will form a natural segmentation on the image[3, 30, 35].

Wu andLeahy [35] werethe �rst to introducethe generalapproach to graph-cut

algorithms and their algorithm hasa polynomial time complexity. Their minimum

cut algorithm formulates the cost function as the sum of the edgecostsalong the

region boundary and aims to minimize this cost. Therefore, it is biasedtoward

small regions which have shorter boundariesand, thus, smaller costs. Veksler

[30] applied nestedcut to �nd minimum-costcyclesaround each pixel, if the cost

of a cycle found is smaller than a threshold, the regions enclosedin the cycle

will be grouped into those regionsenclosedby a larger-costcycle. This method

requires the cost function to decreaserapidly with decreasingsimilarit y to ease

the decisionof the threshold value[30]. Shi and Malik [29] and Belongieet al. [3]

apply a normalizedcost, instead of total cost, which is formulated as the sum of

ratio of boundarycostover the total number of connectionsbetweeneach partition

and the total area. Such a ratio will favour partitioning the imageinto regionsof

similar size[33].

Jermin and Ishikawa's method [14] �nds globally optimal segmentation by

determining the minimum mean(i.e., normalized) cost cycle in a directed graph.

Wang and Siskind's minimum mean cut method [32] �nds the minimum mean

cost cycle in an undirected graph instead. They discovered that the useof mean

cost in the graph algorithm leadsto spuriouscuts [32] (seedetailed discussionin

Chapter 4), which are globally optimal but not perceptually satisfactory. Their

method is improved in [33] by incorporating region information and heuristics to

speedup the segmentation process.The above algorithms, except [3, 14, 29], use
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pixel intensity as the main feature. Thus, they are sensitive to salt-and-pepper

noiseand tend to over-segment the images[33].

The graph-theoreticapproach hasmadethe optimization approach achievable

in polynomial time [32, 35]. Among the techniques discussed,MMC does not

introduceexplicit bias toward region sizeor length. Therefore,it will be adopted

as part of our segmentation algorithm. Notice that MMC has only beenapplied

to grayscaleimagesand it usesonly low-level imageintensity in the segmentation

process.The regionsgeneratedfrom MMC tend to be too fragmented for image

labeling. We adapt this algorithm for segmentation at a lower resolution level to

producemore semantically consistent regions.

2.3 Multi-Resolution Approac h

Multi-resolution is a technique that constructsan imagepyramid and appliesthe

segmentation processat di�eren t levels of the pyramid. The initial segmentation

is obtained at a coarserlevel, and a boundary re�nement processis performed

top-down to the �nest level to obtain the �nal segmentation.

The generaladvantageof the multi-resolution schemeis that it providesa way

to trade-o� spatial resolution and robustnessagainst noise. Repeatedly blurring

and subsamplingthe imagedecreasesthe noiseand improvesthe regionboundary

certainty, but at the expenseof spatial resolution. Moreover, color variation in

lower resolution imagestend to be more obvious betweenregions. Therefore, it

becomespossibleto avoid inappropriate segmentations.

Examplesof the multi-resolution approach include the hierarchical imageseg-
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mentation by Schroeter [27], which performsa clusteringof texture at the coarsest

level to determine the number of regions in the image. This is followed by an

orientation-adaptive boundary re�nement process. But this algorithm has only

beenapplied to grayscaleimages. JamesWang has proposeda multi-resolution

approach for segmenting sharply focusedobject-of-interest from other foreground

or background objects [31]. It employs the averageintensity and wavelet coef-

�cien ts in the high frequencybands to distinguish betweenthe background and

the object of interest. The method of Salembier [25] �rst groupspixels into many

small regionsbasedon similarit y estimation of somegenericfeaturessuch ascolor

homogeneity. These regions are characterized by the mean color values within

the regions. Then theseinitial regionsare grouped in various combinations into

a hierarchical grouping. This hierarchical grouping can support di�eren t kinds of

segmentation applications which require di�eren t details in the segmentation re-

sults. The multiscale segmentation method introducedby Sharon[28] performed

an approximated normalizedcut at a higher level of the imagepyramid followed

by a boundary sharpening step. The JSEG [11] algorithm �rst quantizes the col-

ors in an image into several clusters, and the color of each pixel in the image is

replacedby the corresponding cluster label. A criterion basedon the distribution

of the cluster labelsis usedto identify the initial possibleboundariesand interiors

of regions.Then a region growing method is usedto segment the imagebasedon

the distribution of the cluster labels at di�eren t scale.

Existing multi-resolution imagesegmentation methods [4, 5, 11, 28, 31] char-

acterize image regionsby their mean or dominant colors and texture. However,
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singlemeanor dominant color is not su�cien t to characterizethe complexmixture

of colorspresent in the regionsof natural sceneimages.And texture featurestend

to be ambiguousand not discriminative enough.Our method, on the other hand,

characterizesregions by their color histograms, thus capturing the information

of the color distribution of the regionsmore accurately than existing methods.

Moreover, the region characteristics are preserved in the upper levels while the

region pyramid is constructed.

2.4 Classi�cation Approac h

In the last year, a newkind of approach{the classi�cation approach is introduced.

The ideabehind this approach is to train a classi�er to classifygood segmentation

and poor segmentation results basedon visual cuessuch as texture, brightness,

contour energyand curvilinear continuity. An exampleof this approach is Ren's

classi�cation model [24] for segmentation which is implemented for gray-scaleim-

ages.Good segmentation results are obtained from human labelled ground truth

introduced in [18]. Poor segmentation results are obtained by randomly match-

ing a human segmentation to a di�eren t image. The classi�er linearly combines

di�eren t featuresaccordingto the training data and give scoresto segmentations.

Then the classi�er is applied to search in the spaceof all segmentations to obtain

an optimal segmentation.

11



Chapter 3

Pyramid Construction

A colorhistogramis a usefulrepresentation of colordistribution. A simplecolor

histogram essentially counts the number of pixels of each `color'. The strength

of a histogram representation is that it can capture the color distribution instead

of a single color. In a complex color image, especially a natural sceneimage,

each region contains a complex but coherent mixture of colors. Therefore, we

can expect that the color histogram representation can capture the color region

information more accurately.

The reasonfor adopting adaptive histogram instead of �xed binning his-

togram is that adaptivehistogramscanrepresent the distributions moree�cien tly

than histogramswith �xed binning [23]. Unlike �xed histograms, adaptive his-

togramsadapt their binning schemesaccordingto the color contents of the images.

Therefore,di�eren t imageswill have di�eren t clustersof colors. They have been

shown to yield the bestoverall performancein terms of good accuracy, small num-

ber of bins, and no empty bin comparedto �xed-binning histograms[16]. Thus,
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the useof adaptive histogram can reducethe overall memory requirement of the

region pyramid.

3.1 Adaptiv e Color Histogram

An adaptive color histogram H = (n; C; H ) is a 3-tuple consistingof a set C of n

bins ci , i = 1: : : n, and a set H of corresponding bin counts hi > 0. The set of

bins of H is also denotedas C(H ). Adaptive histogram is producedby adaptive

binning, which determinesthe number of bins n and the bin counts.

3.2 Adaptiv e Binning

Adaptive binning is similar to k-meansclustering or its variants. But the cluster-

ing algorithm is applied to the colorsin an imageinsteadof the colorsin an entire

color space.Therefore,adaptive binning producesdi�eren t binnings for di�eren t

images.

Adaptive binning groupspixels into clustersaccordingto the distancemeasure

dkp betweenthe centroid Ck of cluster k and pixel p with color Cp, which is de�ned

as the CIE94 color-di�erence equation:

dkp =

" �
4 L �

kL SL

� 2

+
�

4 C �
ab

kcSc

� 2

+
�

4 H �
ab

kH SH

� 2
# 1

2

(3.1)

where 4 L � , 4 ab� , and 4 H � are the di�erences in light-ness, chroma, and hue

betweenCk and Cp, SL = 1+ 0:045C
�
ab, SH = 1+ 0:015C

�
ab, and kL = kc = kH = 1

for referenceconditions. The variable is the geometricmeanbetweenthe chroma

valuesof Ck and Cp. The CIE94 color-di�erence equation is usedinstead of the
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simple Euclideandistancein CIELAB spacebecauseCIE94 is more perceptually

uniform than Euclidean [16].

Adaptive binning groupsa pixel p into its nearestcluster if it is near enough

(dkp < R). On the other hand, if the pixel p is far enough(dkp > D) from its

nearestneighbor, then a new cluster is created. Otherwise, it is left unclustered

and will be consideredagain in the next iteration. The clustering processcould

be summarizedas follows [16]:

Repeat

1. For each pixel p, �nd the nearestcluster k to pixel p.

(a) If no cluster is found or distance dkp > D, create a new cluster

with p;

(b) Else, if dkp < R, add p to cluster k.

2. For each cluster i ,

(a) If cluster i hasat least Nm pixels, update centroid ci of cluster i .

(b) Else, remove cluster i .

In the implementation in [?], this processrepeats for 10 iterations, after that,

the rest of the unclusteredpixels are grouped into their nearestclusters.

3.3 Op erations on Adaptiv e Color Histograms

1. Dissimilarity measurebetweenhistograms

Sincedi�eren t adaptivehistogramscancontain di�eren t binnings,wecannot
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use the traditional Euclidean distance measure. As illustrated in [16], the

Earth Mover's Distance (EMD) for comparing histograms with di�eren t

binnings is computationally expensive. Therefore, the weighted correlation

is introducedand usedinstead [16]. The details of weighted correlation are

explainedas following.

� Bin Similarity

The similarit y w(b;c) between bins b and c is given by a monotonic

function inversely related to the distancekb� ck betweenthem. Bin

similarit y is symmetric w(b;c) = w(c;b) and bounded: 0 � w(ci ; cj ) �

1.

The bins are taken to be sphericaland w(b;c) is de�ned in terms of the

volumeof intersectionbetweenthem. In 3D, the volumeof intersection

Vs(� ) between equal-sizedspherical bins of radius R, separatedby a

distance� R, can be derived from elementary solid geometryas

Vs(� ) = V � � � R3 +
�
12

� 3R3 (3.2)

where V = 4� R3=3 is the volume of a sphere. The bin similarit y is

then de�ned as

w(ci ; cj ) = w(� ) =
Vs(� )

V
=

8
>><

>>:

1 � 3
4 � + 1

16� 3 if 0 � � � 2

0 otherwise

whereR is the distancebetweenbin centroids ci and cj . The equation

approximatesa Gaussianfunction of the form expf� � 2R2=� 2g with an

appropriate � .
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� Weighted Correlation

The weighted correlation betweenhistogramsG = (m; B; P) and H =

(n; C; Q), denotedas G � H , is de�ned as

G � H =
mX

i =1

nX

j =1

w(bi ; cj )pi qj (3.3)

wherew(bi ; cj ) is the bin similarit y betweenbin bi and bin cj . Weighted

correlation is non-negative, G � H � 0, and commutativ e, G � H =

H � G, becausethe bin counts gi and hj are non-negative and the

bin similarities w(bi ; cj ) are non-negative and symmetric. The null

histogram O is totally uncorrelatedto any non-null histogram H : H �

O = 0

� Histogram dissimilarity

The similarit y s(G; H ) betweenhistogramsG and H is de�ned as the

weighted correlation betweentheir normalizedforms s(G; H ) = G � H .

The norm kH k of histogram H is de�ned as kH k =
p

H � H , so the

normalizedhistogramof a histogramH is de�ned asH = H=kH k. The

dissimilarity d(G; H ) betweenthem is de�ned asd(G; H ) = 1� s(G; H ),

and is boundedbetween0 and 1.

2. Mean of Histograms

The meanof histogramsis a meanhistogram which is obtained by merging

the normalizedhistograms[16]. Let histogramG = X
S

Y and H = X 0
S

Z

such that X and X 0 have the sameset of bin centroids and X , Y and Z

have disjoint setsof bin centroids. Then, the mergedhistogram G � H =
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(X
S

Y) � (X 0
S

Z) = (X + X 0)
S

Y
S

Z . That is, two histograms are

mergedby collecting all the bin centroids and adding the bin counts of the

bins with identical centroids. So, the meanM of histogramsH i is

M =
n]

i =1

H i = H 1 � H 2 � : : : � H n : (3.4)

3.4 Pyramid Construction

3.4.1 Image Color Quan tization

The colors in input image is �rst clusteredto obtain a small number of color

clustersusing the adaptive binning algorithm (Section3.2). Then a quantization

step is performedon the imageby replacingthe color of each pixel with the color

of its nearestcluster centroid. Such a quantization processcan help to reducethe

complexity of the color distribution in the imageand extract a few representativ e

colorswhich candi�eren tiate neighboring regionsin the image. It is shown in [16]

that this adaptive color quantization method incurs only a very small error in the

colorsof the quantized image.

3.4.2 Pyramid Construction Algorithm

The region pyramid consistsof L levelsof maps,each containing a number of

squareblocks. The highest level of l = 1 contains a map with a singleblock that

represents the entire image. The lowest level of l = L contains a map with each

block corresponding to a pixel in the original input image. The map at level l

is derived from that at level l + 1 by combining 3� 3 lower-level blocks into one
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level l 1+

level l

Figure 3.1: The region pyramid is constructed by combining 3� 3 lower-level

blocks into one higher-level block, with an overlap of one row or one column

betweenneighboring blocks.

higher-level block, with an overlap of onerow or onecolumn betweenneighboring

blocks in the lower-level (Figure 3.1). Therefore,the imagecoordinates(x l ; yl ) at

level l is mapped to the coordinatesat level l + 1 by the equations

(x l+1 ; yl+1 ) = (2 x l + 1; 2yl + 1) : (3.5)

The advantage of this coordinate mapping approach is that the center of a

higher-level block mapsexactly to the center of a lower-level block. On the other

hand, the conventional method of combining 2� 2 blocks into oneblock mapsthe

center of a higher-level block to the intersectingboundariesof the 2� 2 blocks.

Each block of the maps in the pyramid captures the distribution of colors

within the corresponding region in the original image instead of a single mean

color or dominant color of the region. Therefore,our method can capture region

information more accurately than existing methods that represent each regionby

its meanor dominant color.

Let SL denoteeither the width and the height of the input image,whichever
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is smaller. Then,

L = blog2(S + 1)c (3.6)

Sl = b(Sl+1 � 1)=2c; S1 = 1: (3.7)

At the lowest level of l = L, each block corresponds to a pixel in the original

image. Therefore,the histogram of such a block contains only onenon-empty bin

that represents the color of the corresponding pixel. On the other hand, the map

at the highest level of l = 1 contains only oneblock that correspondsto the entire

image. Its histogram will need to have enoughcolor bins to capture the color

distribution of the entire imageaccurately.

The region pyramid construction processis as follows:

Repeat for each block at (x l ; yl ) of each level l = L � 1; : : : ; 1:

(a) Combine the histogramsof the blocks at level l + 1 into the histogram

of block (x l ; yl ) as follows:

hk(x l ; yl ) =
X

� 1� i;j � 1

w(i; j )hk(x l+1 + i; yl+1 + j ) (3.8)

wherehk is the bin count of bin k of the color histogramof block (x l ; yl )

and w(i; j ) is a weighting factor usedto prevent over counting of the

bin counts of overlapping blocks and to give a higher weight to the

centre block (Table 3.1).

The summation is performedover the 9 blocks at level l + 1 that make

up the corresponding block (x l ; yl ) at level l . The location of the center

of the nine blocks is related to the location (x l ; yl ) by Eq. 3.5. If bin
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Table 3.1: Weights for combining histograms.

0.25 0.5 0.25

0.5 2 0.5

0.25 0.5 0.25

k doesnot exist in the histogram of block (x l ; yl ), then it is an empty

bin and its value is taken as 0.

(b) Remove empty bins and bins with very small bin counts. This is equiv-

alent to setting the bin counts of thesebins to 0. Removing thesein-

signi�cant bins reducethe sizeof the histogramsand, thus, the amount

of memory required.

Figure 3.2 shows an exmapleof the regionpyramid obtained. Insteadof show-

ing the histogram of each image block, the dominant color of the histogram for

each block is shown.

3.5 Memory Requiremen t

In the current implementation of the region pyramid, the number of bins B l of

the histogramsat level l is given as follows (Figure 3.3):

B l = min
�
B ; 2L +1 � l � 1

�
(3.9)

where B is the number of bins of the adaptive histogram for the entire input

image derived using the adaptive clustering method given in section 3.2. The
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(a) (b) (c)

(d) (e) (f )

Figure 3.2: The regionmap of the Pyramid. (a) Level 8. (b) Level 7. (c) Level 6.

(d) Level 5. (e) Level 4. (f ) Level3. In this visualization of the regionmaps,each

block is painted with the dominant color in its color histogram.
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Figure 3.3: Number of bins of the histogramsat level l (for L = 10). V1, V2, V3:

region pyramids using variable number of histogram bins.

tests reported in [16] found that B = 39, averagedover 100colorful Corel images

of size384� 256.

To analyzethe memory requirement, let us assume,for mathematical simplic-

it y, that the input is a squareimageof width SL = 2L � 1 for someL. Then, the

width of the imageat level l is Sl = 2l � 1, and the area(i.e., number of pixels) of

the input imageis S2
L � 22L . Let B l denotethe number of bins of the histogram

at level l . Thus, the total amount of memory N usedby the region pyramid is

N =
LX

l=1

B lS2
l : (3.10)

A conventional image pyramid usesonly one unit of memory spacefor each

imagepixel. That is, B l = 1 for all l and the amount of memory N0 required is

N0 =
LX

i =1

S2
l �

1
3

22(L +1) �
4
3

S2
L : (3.11)

Thus, a conventional imagepyramid usesonly 1/3 times more memory than that

required for the input image.
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Now, let us examinethe memory requirement of our region-preservingregion

pyramid. If �xed-binning histogramsof, say, 100 bins, are usedto represent the

color distributions of all the blocks in the region pyramid, then N = 100N0. Re-

placing �xed-binning histogramswith adaptivehistogramscanreducethe number

of bins to, say 39, per histogram. This results in a total memory requirement of

N = 39N0. Both methods require lots of memory comparedto a conventional

imagepyramid.

Obviously, the mapsat the lower levelsrequirefar fewer bins than 39. Suppose

we usethe following memory scheme(V1)

B l = 2L +1 � l � 1 (3.12)

to estimate the number of bins required for the histograms at level l , then the

total memory requirement N1 becomes

N1 =
LX

l=1

(2L +1 � l � 1)(2l � 1)2 �
2
3

22(L +1) = 2N0 : (3.13)

Comparedto the casesof using a �xed number of bins, this method requiresonly

two times as many memory spaceas that of a conventional imagepyramid.

The memoryrequirement canbefurther reducedby usingthe following scheme

(V3):

B l = 2L � 1 : (3.14)

In this case,the memory requirement N3 is

N3 =
LX

l=1

2L � l (2l � 1)2 �
1
2

22(L +1) =
3
2

N0 : (3.15)

However, this schemeis not used in our current implementation becausethere
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Figure 3.4: Memory requirement N of pyramids of height L. N0: conventional

imagepyramid, V1, V2, V3: region pyramids with variable number of histogram

bins at di�eren t levels.

are too few bins in the low-level histograms to accurately represent the color

distributions of the regions. Instead, the schemegiven in Eq. 3.9 (V2) is used,

which is similar to Eq. 3.12exceptfor the saturation at B . Numericalcomputation

shows that the total memory requirement for this case,N2, is lessthan N1 which

equals2N0 (Figure 3.4).

3.5.1 Reduced Region Boundary Uncertain ty

Another reasonfor constructinga regionpyramid is that the regioninformation

at the higher level is morecompactand the regionboundaryuncertainty is reduced

with the trade o� of a lower resolution. This can be shown in Figure 3.5.

Considerthat there is an edgebetweeneach pair of neighbouring blocks, and

the costsof theseedgesare measuredby the similarit y betweenthe neighbouring

blocks. Then the edgeswith smallercostsare likely to beregionboundaries.From

Figure 3.5 we can seethat the percentage of possibleboundary-edgesreduced
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Figure 3.5: The x-axis represents the rangeof the edgecosts(similarit y between

neighbouring blocks), the y-axis counts the number of edgeswith theirs costs

falling into the di�eren t rangesshown in the x-axis. The percentage of possible

boundary-edgesdropped from (a) level 8 to (b) level 3.

signi�cantly from level 8 (Figure 3.5(a)) to level 3 (Figure 3.5(b)), which means

the region boundary uncertainty hasbeenreducedsigni�cantly at level 3.
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Chapter 4

Segmentation with Minim um

Mean Cut

After constructing the regionpyramid, segmentation is performedat level l = 3

or 4. Theselevelscontain a su�cien t number of blocks that correspond well with

the main regionsin the image. Furthermore, they contain far fewer blocks than

the bottom-most level L. Thus, a comprehensive optimization algorithm can be

applied at theselevels to obtain globally optimal segmentation.

The recent graph-theoreticapproach hasprovided uswith such an optimization

scheme. As discussedin Chapter 2, among the existing graph-cut algorithms,

Minimum Mean Cut is an approach that does not introduce bias on boundary

length or regionsize. Therefore,part of our algorithm will be basedon Minimum

Mean Cut. Let us review the Minimum Mean Cut algorithm below.
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4.1 In tro duction to Minim um Mean Cut

Herewe will considerthe recent Minimum Mean Cut (MMC) algorithm intro-

duced in [32]. As stated earlier, MMC can extract signi�cant contours without

introducing bias on boundary length or size. It is basedon minimizing the cost

function

C(A; B) =
c(A; B jw(u; v))

c(A; B j1)
(4.1)

which �nds the cut that groups the pixels in an image into groups A and B,

and minimizes the averageedgecost along the boundary. The averageedgecost

along the boundary becomesa measurement of a good segmentation, and its op-

timal solution which takesall possibleboundariesasvariablesdeducesan optimal

partitioning of the pixels in the image.

In our application, each image block is regarded as a vertex of a graph G

(Figure 4.1). A graph edge is connectedbetween neighboring vertices, and it

correspondsto the edgebetweenthe imageblocks. This processconstructsa grid

graph from an input image. The edgecost is assignedasthe similarit y betweenthe

histogramsof blocks u and v whereu 2 A and v 2 B, which is computedaccording

to the histogram similarit y discussedin Section 3.3. Therefore c(A; B jw(u; v))

computesthe sumof the edgecostin betweengroupsA andB, and it is normalized

by c(A; B j1), the boundary length, to obtain the meancost C(A; B).
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e
n1 n2

vu

Figure 4.1: The construction of grid graph G from original image. (Blocks u and

v in the original imagecorrespond to vertex n1 and n2 in the graph. The graph

edgee connectsn1 and n2, and it corresponds to the edgebetweenblocks u and

v.)

4.1.1 Reducing Minim um Mean Cut to Minim um Mean

Simple Cycle

The problem of �nding a Minimum Mean Cut (MMC) can be reducedto the

problem of �nding a minimum meansimple cycle (MMSC) with the assumption

that the grid graph G = (V; E) is a connected-planargraph [32]. The reduction

from Minimum Mean Cut to minimum meansimplecycleconstructsa dual graph

Ĝ = (V̂ ; Ê ). Figure 4.2 gives an exampleof the dual graph construction. The

construction procedureadapted from [32] is given below:

1. For every grid (solid lines in Figure 4.2) in G, Ĝ contains a corresponding

vertex located in the center of this grid. These vertices are called basic

vertices and form a new grid system. In Figure 4.2, v1 is one of the basic

vertices.

28



ê1
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ê2
Auxiliary Vertex

v1

Figure 4.2: An example dual graph constructed from the original grid graph.

Given the original grid graph G (solid lines), a dual graph Ĝ (dotted lines) can

be constructed. Seemain text for the construction algorithm.

2. Ĝ contains a distinct vertex for all the border edges(e1 and the other 7

solid edgesthat surroundsG in Figure 4.2) of G. Theseverticesare called

auxiliary vertices.

3. Each non-border edgee 2 E is mapped to a corresponding edgeê 2 Ê that

goesacrosse and with the samecost as e. For examplein Figure 4.2, e2 is

mapped to ê2.

4. Each border edgee 2 E is mapped to a corresponding edgeê 2 Ê , with the

samecost as well, and connectsa border vertex to the auxiliary vertex for

that border. For examplein Figure 4.2, e1 is mapped to ê1.

For any simplecycleĉ = ê1; : : : ; êl in Ĝ, removing the edgesc = e1; : : : ; el from

E partitions G into two connectedcomponents and thereforecorrespondsto a cut
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in G with boundary c. When ĉ traversesan auxiliary vertex, c will becomean

open boundary; otherwise,c is a closedboundary.

4.1.2 Reducing Minim um Mean Simple Cycle to Negativ e

Simple Cycle

The minimum meancost cycle problem in directed graph has beenaddressed

by Karp in 1978which is solved by dynamic programming. We needto solve the

minimum meancostcyclein an undirectedgraph. The usual transformation of an

undirectedgraph to a directedgraph by transforming each undirectededgeto two

edgesof opposite direction doesnot work becausethe minimum meancycle will

always fall on the cycle formed by the two edgestransformed from the minimum

cost edge.

The problem can be solved as follows [32]. The edge cost w of Ĝ can be

transformedby w0 = w � b, whereb lies betweenthe minimum and the maximum

edgecosts. Then, the negative simple cycle (a simple cycle with a negative total

cost) of Ĝ that corresponds to the smallest b is the negative simple cycle that

corresponds to the minimum meansimple cycle of Ĝ.

4.1.3 Reducing Negativ e Simple Cycle to Minim um-Cost

Perfect Matc hing

To determine whether the graph Ĝ has a negative simple cycle is equivalent

to determining whether the graph G0 constructed as follows (Figure 4.3) has a
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Figure 4.3: Graph constructed to reducenegative simple cycle to minimum-cost

perfect matching.

negative-costperfect matching [32]:

1. For each vertex u in Ĝ, G0 contains two corresponding vertices,u1 and u2,

and onecorresponding zero-costedge(u1; u2).

2. For each edge(u; v) in Ĝ, G0 contains two corresponding vertices,uv and vu,

and �v ecorrespondingedgeswith weights asfollow: w(u1; uv) = w(u2; uv) =

w(v1; vu) = 1
2w(u; v) and w(uv; vu) = 0.

The problem of �nding the negative-cost perfect matching could be solved in

polynomial time using the algorithm given in [12].

The three graph transformationsabove hasshown that solving for MMC prob-

lem is equivalent to solving the corresponding Minimum-Cost Perfect Matching

problem, and thereforeit can alsobe solved in polynomial time.
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Figure 4.4: The spuriouscut problem.

4.2 In terlea ved Segmentation Algorithm

4.2.1 Shortcomings of MMC

In practice, MMC tends to produce many small regionswhich is undesirable

for image labeling process. Furthermore, MMC has the spurious cut problem,

which is illustrated in Figure 4.4. As discussedin [32], the desiredcut boundary

that corresponds to imageedgesis c1 [ c2 with length l1 + l2. Although c3 has a

larger meanvalue than c1 and c2, MMC will producethe undesiredcut boundary

c1 [ c3 when w(c1)=l1 < w(c2)=l2 and l3 � l2 < l1, wherew(ci ) is the cost of cut

boundary ci .

The spuriouscut problem arisesbecauseMMC is a singledirection approach.

All edgesare consideredas candidatesof inter-r egion edges(i.e., parts of region

boundaries), without making use of the fact that many of the edgesshould be

consideredas candidatesof intr a-region edgeswithin regions.

32



4.2.2 Details of In terlea ved Segmentation

The main idea of our segmentation algorithm is to determine whether the

edgebetween two neighboring blocks is an inter-region edgeor an intra-region

edge.The labeling of both typesof edgesproceedat the sametime. In contrast,

the Minimum Mean Cut (MMC) algorithms described in [32, 33] focus only on

identifying inter-region edges.

Let e(bi ; bj ) denote the edgebetween two neighboring blocks bi and bj , and

s(bi ; bj ) denotethe edgecost of e(bi ; bj ), which is the similarit y betweenthe adap-

tiv e color histogramsof the blocks. The similarit y is measuredusing the weighted

correlation method given in Section3.3. If we sort all the edgecostsin increasing

order s1 � s2 � � � � � sm , then the edgewith the smallestcosts1 must correspond

to an inter-region edgeand that with the largest cost sm must correspond to an

intra-region edge.Sincethe similarit y betweentwo blocks acrossa region bound-

ary is, in general,smaller than that within a region, there existsa fuzzy threshold

� above which most edgesare intra-region edges. This threshold is determined

recursively during segmentation basedon MMC.

The segmentation algorithm is as follows:

1. Set the initial estimate of threshold � = sm � k� , where k is a prede�ned

value given in Table 4.1, and � is the standard deviation of the edgecosts

s1; : : : ; sm .

2. Repeat

(a) Mark all the unmarked edgeswith costsabove � as intra-region edges.
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Table 4.1: k value adjusted accordingto the � value.

� < 0.14 [0.14,0.19) [0.19,0.25) � 0.25

k 0.02 0.04 0.08 0.1

(b) UseMMC to identify the minimum costcontour c amongthe unmarked

edges.Mark the edgesin c as inter-region edges.

(c) Decrement � by k� .

until the costs of all unmarked edgesare below � or no more contour is

found.

3. Mark the remainingunmarked edgesasintra-region edges,and computethe

meanhistogram of the blocks in each region.

4. Mergeneighboring regionswhosemeanhistogramshave the samedominant

color, i.e., the color with the largest bin count. The mean histogram for

each region is calculatedusing the operation discussedin Section3.3. Note

that this mergingcriterion is not dependent on any threshold.

Two similar regionsthat areconnectedat the cornersaremarkedasdi�eren t

regions by the segmentation algorithm (Figure 4.5) becauseonly simple

cyclesare consideredwhen inter-region edgesare marked. The regionsto

be consideredin this merging processwill include the neighbors located at

horizontal, vertical, and diagonaldirections.
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R1

R2

Figure 4.5: Two similar regionsR1 and R2 connectedat the corner. They were

marked as di�eren t regionsby our algorithm becauseonly simple cyclesare con-

sideredwhen marking the inter-region edges.

Comparedto [32, 33], our method has a lower chanceof producing spurious

cuts becauseintra-region edgesare identi�ed beforeMMC is applied on the un-

marked edges.Moreover, the processof marking intra-region edgeshas reduced

the search spacefor the MMC operation, thus e�ciency is improved. Figure 4.6

shows an example of the segmentation result obtained at level 3 of the region

pyramid.
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(a) (b)

Figure 4.6: Segmentation result at lower-resolutionlevel. (a) Regionmap at level

3 shown with the dominant colors of the histograms of the image blocks. (b)

Segment result at level 3 overlayed onto the input image.
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Chapter 5

Boundary re�nemen t

The boundary re�nement processis a top down processthat gradually locate

the accurateboundary from a coarselevel l to the �nest level L. The proposed

algorithm is divided into two steps. The �rst step is a global optimization ap-

proach which involvesDynamic Programming and Integer Linear Programming,

This step is performed from level l to level l + 1. The secondstep is a greedy

approach, which is performedfrom level l + 1 to level L.

5.1 Global Optimization Approac h

Each inter-region edgeat level l can be re�ned or expandedinto a sequenceof

connectededges,we shall call this connectedsequenceof edgesan edgesequence,

that partitions a 3� 5 areaat level l + 1 into two parts (Figure 5.1). Sincethe edge

sequenceis located in a �xed area,there is a �xed number of possibleexpansions

of a level l edgeinto a level l + 1 edgesequence.The level l + 1 edgesequences

must satisfy connectivity constraints that are consistent with the connectivity
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(a)

(b)

Figure 5.1: A region boundary edgeat (a) level l is re�ned into (b) a sequenceof

connectededgescalled an edgesequencethat partitions a 3� 5 areaat level l + 1

into two parts.

of the level l edges. The detailed connectivity constraints will be discussedin

Section5.1.4.

Let cij denote the cost of the j th edgesequenceof edgei (seeSection 5.1.3

for details), and vij 2 f 0; 1g denotewhether the j th edgesequenceis adopted for

edgei . Sinceonly oneedgesequencecan be chosenfor each edge,
P

j vij = 1.

Now, we can formulate the boundary re�nement problem as a problem that

minimizes the total cost C:

C =
mX

i

nX

j

vij cij (5.1)

wherem is the number of edgesand n is the number of edgesequencesfor each

edge,subject to the constraint
P

j vij = 1 and the connectivity constraints be-

tweenthe edges.This problem can, in general,be solved by Integer Linear Pro-

gramming (ILP).

Note that the boundary re�nement processa�ects only the detailed locations

of the boundaryedges.So,the main regionsthat aresegmented at the top level are

preserved. Therefore, our segmentation algorithm can identify the main regions
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in an image,the accurateboundariesof the regions,and minimize the amount of

over-segmentation.

5.1.1 Optimization by DP and ILP

In practice, the ILP problem discussedin the previoussectionis too expensive

to solvedirectly. Therearetypically 100edgesto consider.Each edgeis connected

to oneor moreedges,giving an averageof 120junctions. On average,each junction

can be expandedinto 500combinations of edgesequences.So, the ILP solver has

to check through over 60,000constraints.

A careful inspection on these junctions reveals that more than 80% of them

are simple junctions (e.g., E and G in Figure 5.2) that connectonly two edges.

Lessthan 20% of them are complex junctions that connect three or four edges

(e.g., T and X in Figure 5.2). So the main idea here is to use ILP to solve the

connectivity constraints at complex junctions and minimize the boundary cost,

and useDynamic Programming (DP) to solve for the locally optimal expansions

for the edgepaths betweencomplexjunctions, or the paths that connectcomplex

junctions (Figure 5.2) with the image border. The details of how DP works is

described as follows:

� Consider a complex junction, e.g., T, and an edgeincident at a complex

junction, e.g.,TE. TE can be expandedinto n possibleedgesequences.

� Given a possibleedgesequenceof TE, use DP to �nd the locally optimal

expansionof the path TP starting from the given edgesequenceof TE.
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Figure 5.2: An examplesegmentation result. (T: 3-edgejunction, X: 4-edgejunc-

tion, A: 2-edgejunction, M: point on imageborder.

� Therefore,for each possibleedgesequenceof TE, DP will return onelocally

optimal expansionof path TP. Each of theseexpansionsof TP has a cost

which equalsto the meancost of the expandededgesequencesof each edge

in TP.

� Similarly, DP can be applied to path TQ as above.

� For path TX, both T and X are complexjunctions. In this case,DP �nds a

locally optimal expansionof the path TX given a possibleedgesequenceof

TF and a possibleedgesequenceof XC. So, for each pair of possibleedge

sequencesof TF and XC, DP returns a locally optimal expansionof path

TX and a path cost.

Then the ILP problem can be reformulate as:

pX

i =1

qX

j =1

vij cij (5.2)

which is the sameasEquation 5.1, with p representing the number of paths, and
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q representing the number of possibleexpansionsfor each path. There areat most

n � n possibleexpansionsfor the path in betweentwo complex junctions and at

most n possibleexpansionsfor a path that connectsa complexintersectionto the

imageborder. Where n is the number of edgesequencesof each edge,and cij is

the cost of the j th expansionof path i . The new problem reducesthe number of

constraints to be checked by at least 35%. So, the optimization problem can be

solved more e�cien tly.

5.1.2 Selection of Valid Edge Sequences

As observed in Figure 5.1, each inter-region edgeat level l can be expanded

into an edgesequencethat partitions a 3� 5 areaat level l + 1 into two parts. But

how to decidewhat is a valid edgesequence?Supposean inter-region edgeexists

between two blocks at level l (Figure 5.3). For simplicity of explanation, let us

assumethat the two blocks have two di�eren t colorsr1 and r2. The 15 blocks at

level l + 1 covered by the two blocks can each be assignedeither the color r1 or

r2. So there is a total of 215 possibleassignments. And the valid edgesequences

must correspond to oneof theseassignments. The following criteria are set up to

identify the valid edgesequences.This analysis is basedon vertical edges,and

the sameidea appliesto horizontal edges.

1. Flipping the color of all the blocks does not change the edge sequence.

Thereforethe number of possibleassignments can be reducedby half.

2. All of the blocks that receive the samecolor must be contiguous.
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r1 r2 Level l

Level l+1

Figure 5.3: The two blocks at level l each covers a 3x3 area with 1 overlapping

column.

3. The resulting edgesequencesmust havetwo endpoints, with onehigher than

the other. This is to ensurethat the two end points of the edgesequence

will correspond to the two end points of the vertical edgeat the level l

respectively.

4. The color distribution of the 9 blocks on the left (Figure 5.3), shouldnot be

equal to that of the 9 blocks on the right. Otherwise, the color distribution

of the two blocks at level l will be the same,and it is very unlikely that

there will be an edgein betweenthe two blocks.

5. Each color shouldappear in at least 1/5 of the blocks for an edgeto appear

within the 15 blocks, which meansthere shouldbe at least 3 blocks for each

color. This is a reasonableheuristic assumption for an edgeto appear in

betweenthe regions

With the above criteria, 240edgesequencesare identi�ed asvalid edgesequences

for vertical edgesand horizontal edgesrespectively. Selectededgesequencesare

shown in Appendix A.
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Figure 5.4: Trend of the edgesequencecost. The edgesequencesare sorted in

increasingorder of their costs.

Only 1 out of 240 edgesequenceswill be adopted for each edge. Our ob-

jective is to obtain the optimal combinations out of all the valid combinations

formed by theseedgesequences.A question can be raised here: Are all the 240

edgesequencesequally important? Are they all necessary?After sorting the edge

sequencesbasedon their edgesequencecost (details given in Section 5.1.3), we

can get the answer. A sharp rise of the edgesequencecost is observed from Fig-

ure 5.4, and the cost grows rather smooth from around the 20th smallest value

onward. Obviously thosesequenceswith very large costsare not necessaryto be

considered,and we can set a threshold to reducethe number of edgesequences

to consider. But what is the threshold and how many edgesequencesshall we

considerfor each edge? Experiments have been carried out on a set of images,

and someof the results are shown in Figure 5.5. The valuesshown in Figure 5.5
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Figure 5.5: Feasiblesolutionsobtainedby ILP with 10,15,and 20edgesequences.

Each line corresponds to the feasiblesolutions obtained in successive ILP itera-

tions.
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Figure 5.6: Expansionof edgesM and N into segments AB and CD

are the costsof feasiblesolutionsobtained using ILP at successive iterations. The

number of edgesequencestestedare10, 15, and 20. We canseethat optimal solu-

tion obtained using 10, 15, and 20 segments have the sameminimum costs. This

indicatesthat the optimal solution canbefound within the 10edgesequenceswith

the lowest costs. Restricting to the best 10 edgesequencesreducesthe execution

time signi�cantly as shown in Figure 5.5.

5.1.3 Cost Function of Edge Sequences

The cost function for each edgesequenceis addressedin detail in this section.

1. Total edgesequencecost normalizedby the length for each edgesequence:

C =
1
n

nX

i =1

ei (5.3)

whereei is the cost of edgei in the edgesequence,and n is the number of

edgesin the edgesequence.This is the simplest and most straightforward

cost function. But, there is a problem with this cost function. Let us take

a look at the situation in Figure 5.6. SupposeAB and CD are the actual

edgesequencesfor edgesM and N , with the edgesequencecostssatisfying
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the condition CAB < CCD . Let us further assumethat AB is the only valid

edgesequenceof edgeM , and AB and CD areboth possibleedgesequences

of edgeN . Then both edgeM and edgeN will adopt edgesequenceAB , as

AB hasa lower cost than CD. This leadsto a con
ict that the expansionsof

two edgesproducesonly oneedgesequence.This happensbecausethat the

cost function doesnot incorporate spatial information betweenthe edges.

2. Total cost normalizedby the edgesequencelength and block-parent associ-

ation:

C =
1

nA

nX

i =1

ei (5.4)

A is called the block-parent association, and it hasa larger value if the level

l + 1 blocks are assignedto the most similar parent blocks at level l .

Given an edgesequencethat divides a 3 � 5 area into two parts P1 and

P2, and the two regionsR1 and R2 that the two neighbouring parent blocks

belongsto, we can tell which region that each block B i at level l belongsto

as well. For examplein Figure 5.7, with the given edgesequenceCD, the

blocks in P1 belongsto region R1, and the blocks in P2 belongsto region

R2. The block-parent association A is de�ned as:

A =
1
15

"
X

B i 2 P1

s(B i ; R1) +
X

B i 2 P2

s(B i ; R2)

#

(5.5)

where s(B i ; Rj ) denotesthe similarit y between the histogram of block B i

and the histogram of the parent region Pj at level l , j = 1; 2.

This cost function tries to minimize the averageedgecost in the edgese-

quence,and maximize the similarit y betweenthe blocks and their parents
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Figure 5.7: The association betweenchild blocks and parent regions. Given an

edgesequenceCD, blocks in part P1 at level l + 1 belongsto regionR1, and blocks

in part P2 belongsto region R2.

at the sametime. In practice, sincethe similarit y betweenthe blocks and

their parents lies in the range[0,1], the cost computed in Equation 5.4 will

thereforefall in the range(0; + 1 ), which hasno upper bound, and is, thus,

lesseasyto assessthe algorithm's performance. Recall that the di�erence

d between two color histogram equals to 1 � s where s is the similarit y

(Section 3.3). Maximizing the similarit y equalsminimizing the di�erence.

Therefore,the cost function can be rewritten as

C =
1

15n

nX

i =1

ei

2

4
X

r j = P1

d(B j ; P1) +
X

r j = P2

d(B j ; P2)

3

5 (5.6)

Sinceboth ei and dj are boundedwithin [0,1], so the cost function is also

boundedwithin [0,1].

5.1.4 Connectivit y Constrain ts

This sectionwill addressthe connectivity constraints mentioned in Section5.1.

For the edgesconnectedat a junction, their corresponding expandededgese-

quencesshould also be connected. All the valid combinations of edgesequences
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Figure 5.8: Example of a combination formed by edgesequencesof 2 edges.

at a junction are collectedin a set called the combination set S(v). To determine

the combination set, we needto considercombinations for the caseswhen 2, 3 or

4 edgesare incident at a junction.

Com binations of Edge Sequences of 2-edge Join t

There are altogether 6 possiblecasesof 2 edgesconnectedat a joint, and Fig-

ure 5.8(a) shows one of them. For any two connectededges,their edgesequence

will fall into a 5 � 5 area as shown in Figure 5.8. The criteria for being a valid

combination can be stated as follow:

1. The edgesequencesof the two edgeswill split the 5 � 5 areainto 2 regions.

2. For each level l + 1 edgein an edgesequence,the blocks on di�eren t sides

of the edgemust belongto di�eren t regions.

3. Each edgesequencecontains two endpoints, oneof them must be connected

to the other edgesequence,and the other one should touch the border of

the 5 � 5 area. There must be two end points that touch the border of the

5 � 5 area.
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For example in Figure 5.8, the vertical edgeat level l (Figure 5.8(a)) is

expandedinto edgesequenceAB at level l + 1 in Figure 5.8(b), and the

horizontal edgeis expandedinto edgesequenceCD. The bottom end point

for edgesequenceAB , i.e., point B, lies on edgesequenceCD, and the left

end point for edgesequenceCD, i.e., point C, lies on edgesequenceAB .

Com bination of Edge Sequences of 3-edge Junction

There are altogether 4 possiblecasesof 3 edgesconnectedat a junction, and

Figure 5.9(a) shows one of them. The expansionof 3 connectededgesalso fall

within the 5 � 5 area,and the criteria are as follow:

1. The edgesequencesof the three edgeswill breakthe 5� 5 areainto 3 regions.

2. For each level l + 1 edgein an edgesequence,the blocks on di�eren t sides

of the edgemust belongto di�eren t regions.

3. One out of the two end points of each edgesequencemust be connectedto

one of the other two edgesequences,and the other end point should touch

the border of the 5 � 5 area. In total, there must be three end points that

touch the border of the 5 � 5 area.

4. Look at the examplein Figure 5.9. Supposethe edgesequenceof the vertical

edge1 is AB , which splits the upper 3 � 5 area into two parts P1 and P2,

and the edgesequenceof the horizontal edge2 is CD. Then, its left end

point C falls inside part P2. In this case,the relative positions of the edge

sequencesof edges1 and 2 have beenswitched. Therefore,this is an invalid
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Figure 5.9: Example of a combination formed by edgesequencesof 3 edges.
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Figure 5.10: Two situations for the combinations formed by 4 edgesequences.

combination. If the edgesequenceof edge1 is CD, and the edgesequence

of edge2 is AB , then it will becomea valid combination.

Com bination of Edge Sequences of 4-edge Junction

This caseis a bit more complex, as two situations need to be considered

(Figure 5.10). There are four regionsin the �rst case,and there are only three

regionsin the secondcase.

For the �rst case(Figure 5.10), the criteria are sameas those of the 3-edge

junctions except that the edgesequencessplit the 5 � 5 area into 4 regions,and

there must be four end points that touch the border of the 5 � 5 area.
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For the secondcase,there are altogether2 such possiblecasesthat the 4 edges

connectedat a junction partition the 4 blocks at level l into only 3 regions,and

Figure 5.10(2) shows one them. The criteria for valid combinations are modi�ed

as follow (Figure 5.10(2)):

1. The edgesequencesof 4-edgejunction splits the 5 � 5 area into 3 regions.

2. For each level l + 1 edgein an edgesequence,the blocks on di�eren t sides

of the edgemust belongto di�eren t regions.

3. Supposeedges1, 2, 3, 4 areexpandedinto segments EF , AB , CD, and GH .

Then, the right end point for edgesequenceAB must lie on edgesequence

CD, and the top end point of edgesequenceCD must lie on edgesequence

AB , the left end point of edgesequenceEF must lie on edgesequenceGH ,

and the bottom end point of edgesequenceGH must lie on edgesequence

EF . In total, there must be four end points that touch the border of the

5 � 5 area.

Figure 5.11 shows an exampleof the re�ned region boundary when DP and

ILP are applied from level 2 to level 3.

5.2 Greedy Lo cal Optimization Approac h

Greedy local optimization is usedto re�ne region boundariesfrom level l + 1

to the �nest level L. This processdoesnot directly work on the boundary edges.

Instead, it tries to decideto which level l + 1 region each level l block belongs,

and this indirectly determinesthe boundary locations.
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(a) (b)

Figure 5.11: Example of boundariesre�ned with DP and ILP. (a) Segmentation

result at level 3. (b) Re�ned boundariesat Level 4 using DP and ILP.

The regionsconsideredhere are local regionsalong the boundary areas. At

lower levels,the regionsizeis largerand the regiongetsmorecomplexandcaptures

more color information. The histogram of the blocks in the region center can

be quite di�eren t from those at the boundary area. Consideringthe full region

will lose the local information along the boundary area. Therefore, local region

histograms along the region boundary are used. Suppose block (x; y) located

besidea boundary at level l belongsto region R, then the local region histogram

R(x; y) is computedby mergingthe normalizedhistogramsof the blocks in region

R and located within an n � n window centered at (x; y):

R(x; y) =
]

i;j 2 N (x;y )

H (i; j ) (5.7)

whereH (i; j ) is the histogram of block (i; j ), N (x; y) is the n � n neighborhood
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Table 5.1: The window sizefor computing local region histogram at each level.

level 2 3 4 5 6 7 8 9

size 5 5 5 3 3 3 3 3

around block (x; y), and the windows size n is given in Table 5.1 for di�eren t

levels.

The boundary re�nement problem can then be formulated as minimizing the

following cost function:

C =
X

i

s(B i ; Ri ) (5.8)

whereB i is the histogram of level l + 1 block i , Ri is the local region histogram

along the region boundary at level l , s(B i ; Ri ) computesthe similarit y between

the histogram of blocks B i at level l + 1 and the region histogram Ri at level l .

The function seeksthe optimal region assignment for each block along the region

boundary.

For each edgefound at level l , there are two parent regionsR1 and R2 located

on the two sidesof the edge.So R1 and R2 are both possibleregion assignments

for the 3 � 5 corresponding blocks at level l + 1 (Figure 5.3). The similarit y

s(B i ; R1) and s(B i ; R2) can then be computedfor all the 15 blocks. Therefore,by

going through all the edgesfound at level l , we can obtain all the possibleregion

assignments and �nd the optimal assignment for each block, which is in fact the

optimal solution to Equation 5.8.

To obtain a smoother boundary without a�ecting the boundary location, we

53



apply a Gaussian�lter to the blocks at the last two levels of the imagepyramid

beforethe region assignment process,with a window sizeof 7 and � = 2.

The connectivity constraint is not enforcedfor this regionassignment process,

and someambiguousblocks exist at the boundary area. The resulting assignment

will causesomeof the regionsto be disconnected.A heuristic approach is recur-

sively applied to re�ne the assignments so as to preserve the region connectivity.

1. For each region i at level l , locate the block B i at level l + 1 that is most

similar to region i at level l and mark each B i as re�ned.

2. Repeat

(a) For all the blocks that are the neighbors of a re�ned block B i , and

have been assignedto region i , mark them as re�ned and apply this

re�nement recursively.

(b) Choosean un-re�ned block Ui and its re�ned neighbor B i which has

the greatestsimilarit y. Then assignUi to the regionthat B i belongsto.

Note that the similarit y betweenall pairs of neighboring blocks have

already beencomputed beforehand during the pyramid construction

process.

until all the blocks have beenre�ned.

Note that most of the blocks are assignedcorrectly to their corresponding regions

and can be rapidly re�ned at step 2(a). Therefore, the number of blocks that

need to be re�ned at step 2(b) is much fewer than the total number of bound-

ary blocks. So, this re�nement processis quite e�cien t. Although this method
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(a) (b)

Figure 5.12: Final segmentation result using greedy re�nement. (a) Re�ned

boundary obtained at level 3. (b) Final segmentation result.

is not necessarilyoptimal, it is e�cien t and the results produced are accurate

enough.Figure 5.12shows the �nal segmentation result obtained after the greedy

re�nement.
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Chapter 6

Exp erimen tal Results

The proposedalgorithm has beenimplemented in C. The minimum cost perfect

matching is basedon the blossom4implementation [10], and the Integer Linear

Programming part is solved using the ILOG OPLStudio solver (www.ilog.com).

6.1 Exp erimen tal Set Up

The experiments were carried out on a benchmark dataset of 100 images[18].

Each image is of size 321x481or 481x321. Five segmentation algorithm were

compared:

1. JSEG [11]: a multi-scale method based on region growing and merging.

The implementation of JSEG wasdownloadedfor the JSEG project website

http://vision.ece.ucsb.edu/segmentation/jseg/.

2. Ncut [29]: a graph-theoretic method using normalized cut. Ncut is used

for comparisoninstead of MMC becausethe MMC algorithm given in [32]
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has only beenimplemented for gray-scaleimages.Moreover running MMC

on 321x481imagestakes a long time. The implementation of Ncut was

downloadedfrom ftp://ftp.ecn.purdue.edu/qobi/.

3. Blobworld [8]: An algorithm designedfor imageretrieval systemsusingcolor

and texture features. The implementation of BlobWorld was downloaded

from http://elib.cs.b erkeley.edu/src/blobworld/.

4. RP-ILP: Our region-preservingsegmentation algorithm using interleaved

MMC for segmentation at level 2, and DP, ILP and greedy algorithm for

boundary re�nement.

5. RP-G: Our region-preservingsegmentation algorithm usinginterleavedMMC

for segmentation at level 2 and only greedyalgorithm for boundary re�ne-

ment.

For RP-ILP and RP-G, the adaptive threshold k used for interleaved MMC

wereset accordingto the guidelinesgiven in Table 4.1. For 27 of the images,RP-

ILP cannotgenerateany feasiblesolution within the 10lowest-costedgesequences.

This is becausetheseimagesare over-segmented at level 3. So for the 27 images,

k has been adjusted to higher values for RP-ILP to generatefeasiblesolutions,

and Figure 6.5 shows the result of oneof theseimages.This shows that ILP hasa

strict requirement on the segmentation result obtained at the higher level, while

the greedyalgorithm is more tolerant of the initial segmentation.

For Ncut, it could not produce any result for 12 of the images,so only the

segmentation results for the other 88 imagesare included for comparison.
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6.2 Quan titativ e Evaluation

It is di�cult to de�ne a good measureof the quality of segmentation results.

Therefore, image segmentation has for a long time beenevaluated only through

visual inspection. A recent benchmark introducedby Marin [18, 17] provides an

attempt for a quantitativ e assessment of segmentation result. The evaluation is

basedon a comparisonbetweenthe boundary mapsproducedby a the segmenta-

tion algorithm and the ground-truth boundary mapsprovided by human subjects.

An F-measureis computed as the harmonic mean of precisionrate P and recall

rate R:

F = PR=(� R + (1 � � )P) (6.1)

whereprecisionis the probability that a detectedboundary pixel is a true bound-

ary pixel, and recall is the probability that a true boundary pixel is detected. � is

usedto adjust betweenthe importanceof the precisionrate and recall rate, and it

is set to 0:5 in [18, 17]. A higher F-measurevalue indicatesthat the segmentation

result better approximates the ground-truth boundaries.

The benchmark program requiresthe segmentation result to be in a boundary

map format. BlobWorld's output consistsof a lot of discardedregions(Figure 6.1)

which is hard to convert to a boundary map. Therefore,BlobWorld's resultswere

not comparedusing the benchmark program, and were consideredonly for the

qualitativ e evaluation.

Figure 6.2 shows a distribution of the F-measuresof the 100 images,and Ta-

ble 6.1shows the overall statistics of the F-measures.The F-measureis computed

for each human segmentation by comparing it to the other segmentations of the
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painted in gray color

Discarded regions

Figure 6.1: SampleBlobWorld segment result with discardedregions.

Table 6.1: Statistics on F-Measure.

F-measure JSEG Ncut RP-ILP RP-G Human

Mean 0.5847 0.5049 0.5253 0.5435 0.7841

Std Dev 0.1118 0.0981 0.1128 0.0924 0.1021

Min 0.3180 0.2054 0.1834 0.3292 0.5017

Max 0.7963 0.7452 0.7436 0.7752 0.9577
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Figure 6.2: F-measurevaluesfor the test images.(a) JSEG, (b) Ncut.
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Figure 6.2: F-measurevalues for the test images(continued). (c) RP-ILP, (d),

RP-G.
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sameimage,and the maximum value is taken asthe F-measurefor human, which

is shown in the last column of Table 6.1. The F-measurefor human provides

an upper bound for the machine segmentation algorithms. A higher value of the

upper bound alsoindicatesthe easieran imagecan be segmented, and vice versa.

We can seethat the region-preservingmethods have a higher mean valuesthan

Ncut but lower than JSEG. Figure 6.3 shows an example of the segmentation

result and the corresponding scores.The ground-truth boundary mapsobtained

from human subjects, tend to have many weak boundaries,i.e., boundariesthat

appear in only somehuman-segmented results. Theseweak boundariesusually

do not correspond to major regionboundaries.For two segmentation resultswith

the sameprecision, the one with more weak boundarieswill have a higher recall

rate, and thus a higher F-measure. This can be seenin Figure 6.3 which shows

that JSEG detected more weak boundaries than RP-ILP and RP-G, and thus

obtained a higher F-measure.

The weakboundariesarenot of concernfor imagelabeling and retrieval which

are only interested in main regions. Therefore, we also comparedthe precision

of the segmentation results. Table 6.2 shows the statistics on the precision of

the algorithms. From Table 6.2, we can seethat RP-ILP and RP-G have better

precision than Ncut and JSEG, which meansthe boundariesdetected are more

likely to be true region boundaries.

The averageprocessingtime of algorithms are shown in Figure 6.3. The time

was taken on a Pentium PC with 1.6GHzprocessorand 256MB memory.
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(a) (b) (c)

(d) (e) (f )

Figure 6.3: Test result 1. (a) Input image. (b) human-segmented result. Dark

boundaries are strong boundaries and light boundaries are weak boundaries.

F=0.811, P=0.912. (c) JSEG Result: F=0.707, P=0.712. (d) Ncut Result:

F=0.453, P=0.461. (e) RP-ILP Result: F=0.691, P=0.822. (f ) RP+G Result:

F=0.634, P=0.753.
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Table 6.2: Statistics on the PrecisionMeasure.

PrecisionRate JSEG Ncut RP-ILP RP-G Human

Mean 0.5584 0.4812 0.6208 0.5995 0.8922

Std Dev 0.1455 0.1314 0.141 0.1453 0.0807

Min 0.2235 0.1360 0.3099 0.2582 0.5860

Max 0.8589 0.7870 0.9843 0.9868 0.9982

Table 6.3: Averageprocessingtime of algorithms measuredin secondson images

of size321x481.

BlobWorld JSEG Ncut RP-ILP RP-G

3000 15 2400 350 50
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6.3 Qualitativ e Evaluation

This section demonstratessomesegmentation results performed on the bench-

mark dataset for qualitativ e evaluation. The resultsare shown from Figure 6.4 to

Figure 6.12. From the givenexamples,wecanseethat region-preservingapproach

producelessover-segmented resultscomparedto JSEG and Ncut. BlobWorld can

alsoidentify the main regionsin the images.But, the regionboundariesextracted

tend to be lessaccurate.

There are also casesthat the segmentation results are not satisfactory. Fig-

ure 6.16 shows an example. We can seethat all machine segmentation results

are very di�eren t from the human segmentation. The reasonis that the main

regionsin the imageare not distinguishableusingonly color information. We can

expect the result to be improved if other featuressuch astexture or morphological

information are incorporated. This is suggestedby the BlobWorld result, which

is able to obtain somereasonableregionsbasedon consistent textures.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.4: Test result 2. (I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.4: Test result 2 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.5: Test result 3.(I) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.5: Test result 3 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.6: Test result 4.(I) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.6: Test result 4 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.7: Test result 5.(I) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(P1) (P2)

(G1) (G2)

Figure 6.7: Test result 5 (continued). (P) RP-ILP. (G) RP-G. Ncut cannot gen-

erate result for this image.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.8: Test result 6.(I) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.8: Test result 6 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.9: Test result 7.(I) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.9: Test result 7 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.10: Test result 8.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.10: Test result 8 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.11: Test result 9.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(P1) (P2)

(G1) (G2)

Figure 6.11: Test result 9 (continued). (P) RP-ILP. (G) RP-G. Ncut cannot

generateresult for this image.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.12: Test result 10.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.12: Test result 10 (continued). (P) RP-ILP. (G) RP-G.

83



(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.13: Test result 11.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.13: Test result 11 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.14: Test result 12.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.14: Test result 12 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.15: Test result 13.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.15: Test result 13 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(I) (H)

(B1) (B2)

(J1) (J2)

Figure 6.16: Test result 14.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.16: Test result 14 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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Chapter 7

Conclusion and Future Work

7.1 Future Work

The segmentation algorithm proposedin this thesis has made use of color his-

togram and region continuity features. This approach will becomelimited for

imageswhoseregionsdi�er in texture or other feature instead of color distribu-

tion. So, including texture information will help to identify regionswith similar

colors but di�eren t textures, and thus enablethis algorithm to be applicable to

more images.

The graph-cut algorithm applied at the higher level tries to minimize the

meansimilarit y betweenregionswithout directly maximizing the similarit y within

regions. As the problem of looking for minimum ratio cycle, can be solved in

polynomial time [14]. This problem assumeseach edgehas two cost, and looks

for the cycle that minimizes the ratio betweenthe sum of the �rst edgecost and

the sum of the secondedgecost. In this thesis,the �rst edgecost is the similarit y
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betweenthe color histogramsof neighbouring blocks, and the secondedgecost is

just the length of each edge,i.e., the unit length 1. If the secondedgecost can

provide further intra-region informations, the thesis can be extendedto identify

regionsof certain given features.

Currently, ILP is not propagateddown to lower level becauseILP problem is

NP-hard, and the problem sizegrows exponentially down the imagepyramid. As

a general linear programming problem can be solved in polynomial time [15], if

we can approximate the current ILP approach to a general linear programming

problem, then the problem can be solved more e�cien tly.

7.2 Con tribution

The main contribution of this thesisis the constructionof regionpyramid that pre-

servescolor distribution information. With the useof adaptive color histograms,

the region pyramid requireslessthan twice the amount of memory in a conven-

tional imagepyramid that capturesonly meanor dominant color. It alsoenablesa

comprehensivesegmentation to beperformedat a lower resolutionlevel to capture

the main regionsin the image.

Segmentation is done by interleaving adaptive thresholding and Minimum

Mean Cut to provide a better control over the segmentation result as compared

to graph cut algorithms alone. The segmentation doneat a lower-resolutionlevel,

insteadof at the �nest level aswhat graph cut algorithms usually do, hasgreatly

reducedover-segmentation. This is becausesegmentation at lower-resolutionlevel

is basedon color distribution variation betweenthe main regionswhereassegmen-

93



tation at �nest level is basedon color or texture variation of the pixels or small

groupsof pixels.

Another contribution is the formulation of boundary re�nement processby

combining two approaches: (1) global optimization using Dynamic Programming

and IntegerLinear Programmingat higher level and (2) greedylocal optimization

at lower levels. The global optimization �nds the globally optimal re�nement

of boundariesat higher level with lower resolution. Greedy local optimization

re�nes the boundariese�cien tly down to the �nest level. This approach combines

the strength of the global optimization and local optimization without incurring

much processingtime. It is much faster than global optimization such as graph

cut appliedon the �nest level and it is moreaccuratethan usinggreedyalgorithms

alone.

7.3 Conclusion

This thesishaspresented a multi-resolution region-preservingapproach for image

segmentation. Given an image, it constructs a pyramid of region maps at var-

ious resolutions. Each block of the map corresponds to a part of a region and

it capturesthe region characteristics in an adaptive color histogram instead of a

single color. Segmentation is performed at the top level using adaptive thresh-

olding and Minimum Mean Cut. The coarseregion boundariesfound are re�ned

using Dynamic Programming and Integer Linear Programming, and propagated

down to the lowest level by a greedy method. Experimental results show that

this approach can identify the main regionsin many imagesand minimize over-

94



segmentation. Comparedto several existing algorithms, the regionboundary that

it identi�es are more likely to be the true boundaries. The algorithm runs quite

e�cien tly and thus can be usedfor segmentation of a large number of imagesfor

semantic labeling and imageretrieval.
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App endix A

Example of Valid Edge Sequences
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