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Abstract

Image segmemation is one of the primary stepsin image analysis for
image labeling and retrieval. Recert Segmemation methods have showvn a
strong interest in graph basedalgorithm, and they have beenquite success-
ful in identifying signi cant regions and their boundaries. The cost func-
tions usedin these graph algorithms are usually basedon low-level pixel-
basedimage features such as position, intensity, and color. These methods
tend to produce over-segmeted results, especially for images of natural
sceneswvhoseregionscontain complex but coherert mixture of colors. This
thesis describesa multi-resolution segmemation algorithm which rst con-
structs a region pyramid that presenesthe 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 approad basedon integer linear programming. This way,
main image regionsare identi ed while over-segmetation is minimized.
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Summary

Image segmeiation is one of the primary stepsin image analysisfor image
labeling and retrieval. Recen Segmetation methods have shovn a strong inter-
estin graph basedalgorithm, and they have beenquite successfuin identifying
signi cant regionsand their boundaries. The cost functions usedin thesegraph
algorithms are usually basedon low-level pixel-basedimagefeaturessud as posi-
tion, intensity, and color. Thesemethodstend to produceover-segmeted results,
especially for imagesof natural scenesvhoseregionscortain complexbut coheren
mixture of colors.

This thesis describes a multi-resolution segmertation algorithm which rst
constructsa region pyramid that presenesthe 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,and propagateddown to
the lowestlevel by a greedymethod. Experimertal resultsshow that this approat

canidentify the main regionsin many imagesand minimize over-segmetation.
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Chapter 1

Intro duction

1.1 Motiv ation

Imagesegmeration is oneof the primary stepsin imageanalysissud asimage
labeling and object iderti cation. The resulting regionswill represen certain
semaittic cortents and may indicate the presenceof objects or object parts, which
can be veri ed later with an image analysisand recognition step.

Imagesegmeration is alsoan important tool for content-basedimageretrieval
(CBIR). Each extractedregionin the segmetation stepcortains adi erent region
cortent which could be a combination of color, texture, brightnessand spatial
information. Theseinformation provide a natural link betweenthe contents of the
guery imagesand those of the imagesin the database,which enablesan accurate
retrieval in responseto the user'squery. Recert CBIR system([8] could even allow
the userto accesghe segmeration result of the query image and specify which

aspects of the image are important to the query. Sud interactions have greatly



assistedin query re nement and improved the performanceof imageretrieval.

1.2 Research Goal

This thesisaddresseshe image segmertation problem in the cortext of semartic
labeling and imageretrieval. In theseapplication cortexts, it is desirableto par-
tition an imageinto semartically consisten regions. Especially in natural scene
images,ead region can cortain a complexbut coheren mixture of colors. There-
fore, we can assumethat a coheren color distribution providesa good indication
of semaric consistency

This thesis proposesa multi-resolution region preserving segmetation ap-
proad on color images. The resulting segmetation should have the following

properties:

1. Ead regionis a closedconnectedcomponert. This is essetial to ensurethe

spacial consistencyof ead region.

2. Ead regionis of a signi cant sizecomparedto the imagesize. Thus, only

main regionsare extracted.

3. Ead regionwill have a coheren distribution of colors. This is a desirable

property to bring about the semartic consistencyof ead region.

1.3 Overview of Prop osed Algorithm

The proposedalgorithm can be divided into three main steps(Figure. 1.1):



— =1 Graph-cut Segmentatig

Pyramid Construction Boundary Refinement

Figure 1.1: An overview of the segmenation algorithm.

1. Pyramid Construction: A regionpyramid is constructedto capturethe color
distributions of imageblocks at variousresolutions. In a corventional image
pyramid, ead imageblock contains information of only a singlemeancolor
or texture. In the regionpyramid introducedin this thesis,ead block in the
pyramid capturesthe color distributions of a regionin 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 levels of resolutions. That is, the number of imageblocks is reduced
at a lower resolution, but the color distributions are presenedin the image

blocks.

2. Graph-Cut Image Segmetation: Perform segmenation basedon graph-
cut algorithm at a higher level in the region pyramid, which has a lower

resolution, sothat the main regionsin the image can be identi ed.

3. Boundary Re nement: Re ne the regionboundariesobtained at step 2 top-
down to the nest level to obtain the nal segmetation result. This re-

nement processpresenesthe color distributions and the locations of the
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regionsobtained at step 2.

1.4 Thesis Overview

This sectionwill give an overview of the thesis: Chapter 2 will introduce some
badkground and related approades on image segmeiation. The proposedap-
proac is discussedin detail in Chapters 3, 4 and 5. Chapter 6 will demon-
strate someexperimertal results and illustrate the di erence between the pro-
posedmethod and someexisting methods. Chapter 7 will suggestsomefuture

work, summarizethe cortributions and concludethis thesis.



Chapter 2

Related W ork

Image segmetation is one of the most challenging problemsin computer vi-
sionand hasbeenstudied from a wide variety of perspectives. But, no su cien tly
rigorous and generalsolution to this problem is available. Tedniques proposed
include histogram thresholding, which is usedfor gray scaleimages;edgedetec-
tion, region growing and splitting, clustering, and generaloptimization aswell as
graph-basedoptimization approadeswhich could be applied to both gray scale

imagesand color images.

2.1 Traditional Approac hesfor Color Image Seg-

mentation

The generalsegmeration methods for color imagescan be grouped into four
main categories: Edge detection, region growing and splitting, clustering, and

non-graph-basedptimization methods.



Edge detection techniques|[7, 19, 20 rst perform ltering on the imageto
remove the noisein the image. Then, an edgedetection algorithm sud asLoG or
Solel lter is applied to generatean edgemap. But the edgemap just indicates
the possiblelocations of the region boundaries. Further processingis neededto
link the edgesnto closedboundariesand to remove unwanted line segmers. 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 homogeneiy criteria, sud asintensity consistencyand
color coherence. For region growing or merging techniques, input imagesare
divided into a set of primitiv e regions,then an iterativ e processis carried out to
repeatedly merge neighboring regionsthat are similar in featurestogether into
larger regions[1, 6, 11, 13]. Regionsplitting techniqueswork in the opposite way.
The entire image s initially consideredas one region. In the subsequen steps,
regionsare recursiwely split into more homogeneousegions.

The region-basedalgorithms are computationally more expensiwe than the
edgedetection techniques. But they can utilize se\eral image properties directly
and simultaneouslyto determinethe regionboundaries. Regionmerginghasbeen
the most popular approad in segmetation and is also usedas a part of more
comprehensie approades.

Clustering methods perform grouping of pixelsin 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



eadh pixel and group the histogramsinto a xed number of prototypical color-
distribution models using Bayesian Theory. Thesemethods typically require the
features(e.g., color) to be quartized into a small number of intervals or bins so
that the estimation of probability functions canbe done. Therefore,they are more
applicableto imageswith lesscomplexdistributions of colors.

Optimization techniquesde ne a global function that measureshe goodness
of the segmetation result and seekto optimize the result. Examplesof 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 capturesthe
spatial cortext of the scene. The commonly used statistical estimation princi-
pleslike maximum a posteriori (MAP) estimation, maximization of the marginal
probabilities (ICM) are usedto minimize the di erence betweenthe given prior
distribution of animagemodel and the segmeted image. However, thesemethods
require fairly accurateknowledgeof the prior true imagedistribution and most of

them are computationally expensiwe.

2.2 Graph-Theoretic Approac h

The graph-theoreticapproad is a newer optimization approad. The input image
isrepreseted asa graph, wherethe verticesof the graph are the pixelsin the input
image, and for ewvery pair of neighboring pixels, an edgeis formed betweenthe
correspnding pair of vertices. The costof ead edgeis a function of the similarity
betweenead adjacert pair of vertices. A partition of the verticesthat minimizes

7



certain cost function will form a natural segmetation on the image|[3, 30, 35].

Wu and Leahy [35 werethe rst to introducethe generalapproad to graph-cut
algorithms and their algorithm hasa polynomial time complexity. Their minimum
cut algorithm formulates the cost function asthe sum of the edgecostsalongthe
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 ead 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
requiresthe cost function to decreaserapidly with decreasingsimilarity to ease
the decisionof the threshold value[3Q. Shi and Malik [29] and Belongieet al. [3]
apply a normalized cost, instead of total cost, which is formulated as the sum of
ratio of boundary costover the total number of connectionsbetweenead partition
and the total area. Sud aratio will favour partitioning the imageinto regionsof
similar size[33).

Jermin and Ishikawa's method [14] nds globally optimal segmetation by
determining the minimum mean (i.e., normalized) cost cyclein a directed graph.
Wang and Siskind's minimum mean cut method [32] nds the minimum mean
costcyclein an undirected graph instead. They discoveredthat the useof mean
costin 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 heuristicsto

speedup the segmetration process.The above algorithms, except[3, 14, 29], use



pixel intensity asthe main feature. Thus, they are sensitive to salt-and-pepper
noiseand tend to over-segmehthe images[33.

The graph-theoreticapproah has madethe optimization approad achievable
in polynomial time [32 35. Among the techniques discussed,MMC does not
introduce explicit bias toward regionsizeor length. Therefore,it will be adopted
as part of our segmetation algorithm. Notice that MMC hasonly beenapplied
to grayscaleimagesand it usesonly low-level imageintensity in the segmetation
process. The regionsgeneratedfrom MMC tend to be too fragmerted for image
labeling. We adapt this algorithm for segmetation at a lower resolution level to

produce more sematically consisten regions.

2.3 Multi-Resolution  Approac h

Multi-resolution is a technique that constructsan image pyramid and appliesthe
segmetration processat di erent levels of the pyramid. The initial segmetation
is obtained at a coarserlevel, and a boundary re nement processis performed
top-down to the nest level to obtain the nal segmeiation.

The generaladvantage of the multi-resolution schemeis that it providesa way
to trade-o spatial resolution and robustnessagainst noise. Repeatedly blurring
and subsamplingthe imagedecreaseshe 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 segmetations.

Examplesof the multi-resolution approad include the hierarchical image seg-

9



mertation by Sdroeter [27], which performsa clustering of texture at the coarsest
level to determine the number of regionsin 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
approad for segmeting sharply focusedobject-of-interest from other foreground
or badkground objects [31]. It employs the averageintensity and wavelet coef-
cients in the high frequencybandsto distinguish betweenthe badkground and
the object of interest. The method of Salenbier [25] rst groupspixelsinto many
small regionsbasedon similarity estimation of somegenericfeaturessud ascolor
homogeneiy. Theseregionsare characterized by the mean color values within
the regions. Then theseinitial regionsare grouped in various combinations into
a hierardhical grouping. This hierarchical grouping can support di erent kinds of
segmetration applications which require di erent details in the segmetation re-
sults. The multiscale segmenation method introducedby Sharon[28] performed
an approximated normalized cut at a higher level of the image pyramid followed
by a boundary sharpening step. The JSEG [11]] algorithm rst quartizes the col-
orsin an imageinto se\eral clusters, and the color of ead pixel in the imageis
replacedby the correspnding cluster label. A criterion basedon the distribution
of the cluster labelsis usedto idertify the initial possibleboundariesand interiors
of regions. Then a region growing method is usedto segmehn the imagebasedon
the distribution of the cluster labels at di erent scale.

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

acterizeimage regionsby their mean or dominarnt colors and texture. Howewer,

10



singlemeanor dominart coloris not su cien t to characterizethe complexmixture
of colorspresett in the regionsof natural scenemages.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 regions more accurately than existing methods.
Moreover, the region characteristics are presened in the upper levels while the

region pyramid is constructed.

2.4 Classication Approac h

In the last year, a newkind of approad{the classi cation approad is introduced.
The ideabehind this approad is to train a classi er to classifygood segmetation

and poor segmetation results basedon visual cuessud as texture, brightness,
contour energyand curvilinear cortinuity. An exampleof this approad is Ren's
classi cation model [24] for segmetation which is implemerted for gray-scaleim-
ages.Good segmetation results are obtained from human labelled ground truth

introducedin [18]. Poor segmetation results are obtained by randomly match-
ing a human segmetration to a di erent image. The classi er linearly conbines
di erent featuresaccordingto the training data and give scoresto segmetations.
Then the classi er is applied to seart in the spaceof all segmetations to obtain

an optimal segmetration.
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Chapter 3

Pyramid Construction

A color histogramis a usefulrepresemation of color distribution. A simplecolor
histogram essetially courts the number of pixels of ead "color'. The strength
of a histogram represetation is that it can capture the color distribution instead
of a single color. In a complex color image, especially a natural sceneimage,
ead region contains a complex but coherem mixture of colors. Therefore, we
can expect that the color histogram represetation can capture the color region
information more accurately

The reasonfor adopting adaptive histogram instead of xed binning his-
togram is that adaptive histogramscanrepresen the distributions moree cien tly
than histogramswith xed binning [23]. Unlike xed histograms, adaptive his-
togramsadapt their binning sthemesaccordingto the color cortents of the images.
Therefore, di erent imageswill have di erent 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,

12



the useof adaptive histogram can reducethe overall memory requiremen of the

region pyramid.

3.1 Adaptiv e Color Histogram

An adaptive color histogramH = (n; C;H) is a 3-tuple consistingof a set C of n
binsc, i = 1:::n, and a setH of correspnding bin courts h; > 0. The set of
bins of H is alsodenotedas C(H). Adaptive histogramis producedby adaptive

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

3.2 Adaptiv e Binning

Adaptive binning is similar to k-meansclustering or its variants. But the cluster-
ing algorithm is appliedto the colorsin an imageinstead of the colorsin an entire
color space. Therefore,adaptive binning producesdi erent binnings for di erent
images.

Adaptiv e binning groupspixelsinto clustersaccordingto the distancemeasure
dvp betweenthe certroid Cy of clusterk and pixel p with color C,, which is de ned
asthe CIE94 color-di erence equation:

" #

2 2 2
4L °, 4C, . 4Hy
kL Su KeSe Kn S

1
2

(3.1)

where4 L , 4 ab, and 4 H are the di erences in light-ness, chroma, and hue
betweenCy and C,, S, = 1+ 0:045C,,, Sy = 1+ 0:01C,,, andk_ = k.= ky = 1
for referenceconditions. The variable is the geometricmeanbetweenthe chroma
valuesof Cy and C,. The CIE94 color-di erence equation is usedinstead of the

13



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(dy, > 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 ead pixel p, nd the nearestcluster k to pixel p.

(a) If no cluster is found or distance dy, > D, create a new cluster
with p;
(b) Else,if dyp < R, add p to cluster k.
2. For ead clusteri,
(a) If clusteri hasat leastN,, pixels, update certroid ¢ of clusteri.

(b) Else,remove clusteri.

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

the rest of the unclusteredpixels are grouped into their nearestclusters.

3.3 Operations on Adaptiv e Color Histograms

1. Dissimilarity measurebetweenhistograms
Sincedi erent adaptive histogramscancortain di erent binnings, we cannot

14



usethe traditional Euclidean distance measure. As illustrated in [16], the
Earth Mover's Distance (EMD) for comparing histograms with di erent
binnings is computationally expensive. Therefore,the weighted correlation
is introducedand usedinstead [16]. The details of weighted correlation are

explainedas following.

Bin Similarity

The similarity w(b;c) betweenbins b and c is given by a monotonic
function inverselyrelated to the distancekb ck betweenthem. Bin
similarity is symmetric w(b;c) = w(c;b) and bounded:0  w(c;; G)

1.

The bins aretakento be sphericaland w(b;c) is de ned in terms of the
volume of intersectionbetweenthem. In 3D, the volume of intersection
Vs( ) betweenequal-sizedspherical bins of radius R, separatedby a

distance R, canbe derived from elemenary solid geometryas

V, =V R3+ — °RS 2
s( ) 1 (3.2)

whereV = 4 R3=3 is the volume of a sphere. The bin similarity is

then de ned as

+ S if 0 2

Alw
&=

Vs( )
\%

8
2
W(Gig) = w( )= ==

0 otherwise
whereR is the distancebetweenbin certroids ¢; and ¢;. The equation
appraximates a Gaussianfunction of the form expf ~ 2R?= 2gwith an
appropriate
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Weighted Correlation

The weighted correlation betweenhistogramsG = (m;B;P) andH =

(n; C;Q), denotedasG H, is de ned as

xXn X
G H= w(h:G)pg (3.3)

i=1 j=1
wherew(h; ¢ ) is the bin similarity betweenbin by and bin ¢;. Weighed
correlation is non-negative, G H 0, and comnutative, G H =
H G, becausethe bin courts g and h; are non-negative and the
bin similarities w(h;¢) are non-negative and symmetric. The null
histogram O s totally uncorrelatedto any non-null histogramH: H
0=0

Histogram dissimilarity

The similarity s(G; H) betweenhistogramsG and H is de ned asthe
weighted correlation betweentheir normalizedformss(G;H) = G H.
The norm kHk of histogram H is de ned askHk = P H H, sothe
normalizedhistogram of a histogramH is de ned asH = H=kHk. The
dissimilarity d(G; H) betweenthemisde ned asd(G;H) = 1 s(G;H),

and is boundedbetweenO and 1.

2. Mean of Histograms

The meanof histogramsis a mean histogram which is obtained by merging
the normalizedhistograms[16]. Let histogramG = X > Y andH = X 0 Z
sud that X and X ° have the sameset of bin certroids and X, Y and Z
have disjoint setsof bin certroids. Then, the mergedhistogram G H =
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S S S_S . .
(X Y) (X° Z)=(X+X9 Y Z. Thatis, two histograms are
mergedby collecting all the bin certroids and adding the bin courts of the

bins with idertical certroids. So,the meanM of histogramsH; is

r_ _
M = Hi=H; H, ::: Hg: (3.4)

3.4 Pyramid Construction

3.4.1 Image Color Quantization

The colorsin input imageis rst clusteredto obtain a small number of color
clustersusing the adaptive binning algorithm (Section 3.2). Then a quartization
stepis performedon the imageby replacingthe color of ead pixel with the color
of its nearestcluster certroid. Sud a quartization processcan help to reducethe
complexity of the color distribution in the imageand extract a few represetativ e
colorswhich candi erentiate neighboring regionsin the image. It is shavn in [16]
that this adaptive color quartization method incurs only a very small error in the

colorsof the quartized image.

3.4.2 Pyramid Construction Algorithm

The region pyramid consistsof L levels of maps, ead cortaining a number of
squareblocks. The highestlevel of | = 1 cortains a map with a singleblock that
represems the ertire image. The lowest level of | = L cortains a map with eah
block correspnding to a pixel in the original input image. The map at level |
is derived from that at level | + 1 by conbining 3 3 lower-lewel blocks into one
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Yyl level |

level | +1

Figure 3.1: The region pyramid is constructed by combining 3 3 lower-lewel
blocks into one higher-level block, with an overlap of one row or one column

betweenneighboring blocks.

higher-lewel block, with an overlap of onerow or one column betweenneighboring
blocks in the lower-lewvel (Figure 3.1). Therefore,the image coordinates(x,;y;) at

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

(X1 Yie1) = X + 1,2y + 1) (3.5)

The advantage of this coordinate mapping approad is that the certer of a
higher-lewel block mapsexactly to the certer of a lower-lewel block. On the other
hand, the cornvertional method of combining 2 2 blocks into one block mapsthe
certer of a higher-lewel block to the intersectingboundariesof the 2 2 blocks.

Eadh block of the maps in the pyramid captures the distribution of colors
within the correspnding 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 accuratelythan existing methods that represen eat region by
its meanor dominart color.

Let S_ denoteeither the width and the height of the input image, whichewer
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is smaller. Then,

L = bog,(S+ 1)c (3.6)
S = S+« 1)=2c; S;=1: (3.7)
At the lowest level of | = L, ead block corresppndsto a pixel in the original

image. Therefore,the histogram of sud a block cortains only onenon-empty bin
that represes the color of the correspnding pixel. On the other hand, the map
at the highestlevel of | = 1 cortains only oneblock that correspndsto the ertire
image. Its histogram will needto have enoughcolor bins to capture the color
distribution of the ertire image accurately

The region pyramid construction processis as follows:

Repeat for ead block at (x;;y;) of ead level | = L  1;:::;1:

(a) Combine the histogramsof the blocks at level | + 1 into the histogram
of block (x,;y;) asfollows:
X . . . .
he(Xi;y1) = W(i; J)he(Xiea + 03 Yisea + ) (3.8)
10 1
wherehy is the bin count of bin k of the color histogram of block (x;;y;)
and w(i; j ) is a weighting factor usedto prevert over courting of the

bin cournts of overlapping blocks and to give a higher weigh to the
certre block (Table 3.1).

The summationis performedover the 9 blocks at level | + 1 that make
up the correspnding block (x;;y;) at levell. The location of the certer
of the nine blocks is related to the location (x;y;) by Eq. 3.5. If bin
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Table 3.1: Weights for conmbining 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;;y;), then it is an empty

bin and its valueis taken as 0.

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

alert to setting the bin courts of thesebins to 0. Remawing thesein-

signi cant bins reducethe sizeof the histogramsand, thus, the amourt

of memory required.

Figure 3.2 shavs an exmapleof the regionpyramid obtained. Instead of show-

ing the histogram of eat image block, the dominart color of the histogram for

ead block is shown.

3.5 Memory Requiremen t

In the current implemertation of the region pyramid, the number of bins B, of

the histogramsat level | is given asfollows (Figure 3.3):

B, = min B;2-** !

(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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(b) (€)

(d) (e) ()
Figure 3.2: The region map 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 region maps, eah

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

region pyramids using variable number of histogram bins.

tests reported in [16] found that B = 39, averagedover 100 colorful Corel images
of size384 256.

To analyzethe memory requiremert, let us assume for mathematical simplic-
ity, that the input is a squareimageof width S, = 2= 1 for someL. Then, the
width of the imageat level | isS, = 2 1, and the area(i.e., number of pixels) of
the input imageis S?  2%-. Let B, denotethe number of bins of the histogram
at level |. Thus, the total amourt of memory N usedby the region pyramid is

X
N = B/S?: (3.10)
=1

A corventional image pyramid usesonly one unit of memory spacefor eat
imagepixel. That is, B = 1 for all | and the amourt of memory Nq requiredis

Nq = X SZ 1‘22(L+1)
0~ | 3
i=1

gsf . (3.11)

Thus, a corventional image pyramid usesonly 1/3 times more memory than that

required for the input image.
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Now, let us examinethe memory requiremen of our region-preservingregion
pyramid. If xed-binning histogramsof, say, 100 bins, are usedto represen the
color distributions of all the blocks in the region pyramid, then N = 100N,. Re-
placing xed-binning histogramswith adaptive histogramscanreducethe number
of bins to, say 39, per histogram. This resultsin a total memory requiremen of
N = 39N,. Both methods require lots of memory comparedto a corvertional
image pyramid.

Obviously, the mapsat the lower levelsrequire far fewer bins than 39. Suppose

we usethe following memory scheme (V1)
Bj=2-* ! 1 (3.12)

to estimate the number of bins required for the histogramsat level |, then the

total memory requiremern N; becomes

X 2
N.= (2! 1)@ 172 é22<L+1):2N0: (3.13)

=1
Comparedto the casesf usinga xed number of bins, this method requiresonly
two times as many memory spaceas that of a corvertional image pyramid.

The memoryrequiremen canbe further reducedby usingthe following scheme
(V3):

B =21 (3.14)

In this case,the memoryrequiremen N3 is

X 1 3
Na= 2012 17 52070 = SNo: (3.15)
=1

Howewer, this schemeis not usedin our current implemertation becausethere
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1E+007

Figure 3.4: Memory requiremert N of pyramids of height L. NO: corvertional
image pyramid, V1, V2, V3: region pyramids with variable number of histogram

bins at di erent levels.

are too few bins in the low-level histogramsto accurately represem the color
distributions of the regions. Instead, the sthemegiven in Eg. 3.9 (V2) is used,
which is similar to Eq. 3.12exceptfor the saturation at B. Numericalcomputation
shaws that the total memory requiremen for this case,N,, is lessthan N; which

equals2N, (Figure 3.4).

3.5.1 Reduced Region Boundary Uncertain ty

Another reasonfor constructing a regionpyramid is that the regioninformation
at the higherlevel is morecompactand the regionboundary uncertainty is reduced
with the trade o of a lower resolution. This can be showvn in Figure 3.5.

Considerthat there is an edgebetweenead pair of neighbouring blocks, and
the costsof theseedgesare measuredby the similarity betweenthe neighbouring
blocks. Then the edgeswith smallercostsarelikely to be regionboundaries. From
Figure 3.5 we can seethat the percerage of possible boundary-edgesreduced
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Figure 3.5: The x-axis represeis the range of the edgecosts(similarity between
neighbouring blocks), the y-axis courts the number of edgeswith theirs costs
falling into the di erent rangesshown in the x-axis. The percernage 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, segmetation is performedat level | = 3
or 4. Theselevelscortain a su cien t number of blocks that correspnd well with
the main regionsin the image. Furthermore, they contain far fewer blocks than
the bottom-most level L. Thus, a comprehensie optimization algorithm can be
applied at theselevelsto obtain globally optimal segmetation.

The recen graph-theoreticapproad hasprovided uswith sud an optimization
stheme. As discussedin Chapter 2, among the existing graph-cut algorithms,
Minimum Mean Cut is an approad that does not introduce bias on boundary
length or regionsize. Therefore, part of our algorithm will be basedon Minimum

Mean Cut. Let usreviewthe Minimum Mean Cut algorithm below.
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4.1 Intro duction to Minim um Mean Cut

Here we will considerthe recet Minimum Mean Cut (MMC) algorithm intro-
ducedin [32]. As stated earlier, MMC can extract signi cant cortours without
introducing bias on boundary length or size. It is basedon minimizing the cost

function

c(A; Bjw(u;Vv))
o(A; Bj1)

C(A;B) = (4.1)

which nds the cut that groups the pixels in an image into groups A and B,
and minimizesthe averageedgecost along the boundary. The averageedgecost
along the boundary becomesa measuremen of a good segmeiation, and its op-
timal solution which takesall possibleboundariesasvariablesdeducesan optimal
partitioning of the pixelsin the image.

In our application, eat image block is regardedas a vertex of a graph G
(Figure 4.1). A graph edgeis connectedbetween neighboring vertices, and it
correspndsto the edgebetweenthe imageblocks. This processconstructsa grid
graphfrom an input image. The edgecostis assignedasthe similarity betweenthe
histogramsof blocksu andv whereu 2 A andv 2 B, which is computedaccording
to the histogram similarity discussedin Section 3.3. Therefore c(A; Bjw(u;V))
computesthe sumof the edgecostin betweengroupsA and B, andit is normalized

by c(A; Bj1), the boundary length, to obtain the meancost C(A; B).
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nl c—e—o n2

Figure 4.1: The construction of grid graph G from original image. (Blocks u and
v in the original image correspnd to vertex n1 and n2 in the graph. The graph
edgee connectsnl and n2, and it correspndsto 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 meansimple cycle constructsa dual graph
G = (V;E). Figure 4.2 gives an example of the dual graph construction. The

construction procedureadapted from [32] is given below:

1. For every grid (solid linesin Figure 4.2) in G, G cortains a correspnding
vertex located in the certer of this grid. These vertices are called basic
vertices and form a new grid system. In Figure 4.2, v; is one of the basic
vertices.
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~ . Auxiliary Vertex

BT

Figure 4.2: An example dual graph constructed from the original grid graph.
Given the original grid graph G (solid lines), a dual graph & (dotted lines) can

be constructed. Seemain text for the construction algorithm.

2. G contains a distinct vertex for all the border edges(e; 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 correspnding edgeé 2 E that

goesacrosse and with the samecostase. For examplein Figure 4.2, e, is

mapped to &.

4. Each border edgee 2 E is mapped to a correspnding edgeé 2 E, with the
samecost as well, and connectsa border vertex to the auxiliary vertex for
that border. For examplein Figure 4.2, e; is mapped to &,.

E partitions G into two connectedcomponerts and thereforecorrespndsto a cut
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in G with boundary c. When ¢ traversesan auxiliary vertex, ¢ 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 mean cost 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 usualtransformation of an
undirected graph to a directed graph by transforming eat undirected edgeto two
edgesof opposite direction doesnot work becausethe minimum mean cycle will
always fall on the cycle formed by the two edgestransformed from the minimum
costedge.

The problem can be soled as follows [32. The edgecost w of & can be
transformedby w°= w b, whereb lies betweenthe minimum and the maximum
edgecosts. Then, the negative simple cycle (a simple cycle with a negative total
cost) of G that correspnds to the smallestb is the negative simple cycle that

correspndsto the minimum mean simple cycle of G.

4.1.3 Reducing Negativ e Simple Cycle to Minim um-Cost
Perfect Matc hing

To determine whether the graph G has a negative simple cycle is equivalert

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

perfect matching.

negative-costperfect matching [32):

1. For ead vertex u in G, G° cortains two corresnding vertices, u; and us,

and one correspnding zero-costedge(us; uy).

2. For ead edge(u; V) in G, G°cortains two correspnding vertices,u, and v,
and v e correspnding edgeswith weights asfollow: w(uy; u,) = w(u,;uy) =

W(vi;Vy) = 3W(u;v) and w(uy;vy) = 0.

The problem of nding the negative-cost perfect matching could be solved in
polynomial time using the algorithm givenin [12].

The three graph transformations above hasshown that solvingfor MMC prob-
lem is equivalent to solving the correspnding 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 Interleaved 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 discussedn [32], the desiredcut boundary
that correspndsto imageedgesis ¢; [ ¢, with length |; + I,. Although c; hasa
larger meanvalue than ¢, and c,, MMC will producethe undesiredcut boundary
¢ [ cs whenw(cy)=; < w(c)=l, and I3 I, < I, wherew(q) is the cost of cut
boundary ¢.

The spuriouscut problem arisesbecauseMMC is a singledirection approad.
All edgesare consideredas candidatesof inter-region 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.
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4.2.2 Details of Interlea ved Segmentation

The main idea of our segmeration algorithm is to determine whether the
edge betweentwo neighboring blocks is an inter-region edgeor an intra-region
edge. The labeling of both typesof edgesproceedat the sametime. In corrast,
the Minimum Mean Cut (MMC) algorithms describted in [32, 33] focus only on
identifying inter-region edges.

Let e(b;ly) denotethe edgebetweentwo neighboring blocks bh and by, and
s(b; ) denotethe edgecostof e(hh; [ ), which is the similarity betweenthe adap-
tiv e color histogramsof the blocks. The similarity is measuredusing the weighted
correlation method givenin Section3.3. If we sort all the edgecostsin increasing
orders; S Sm, then the edgewith the smallestcosts; must correspnd
to an inter-region edgeand that with the largest cost s, must correspnd to an
intra-region edge. Sincethe similarity betweentwo blocks acrossa region bound-
ary is, in general,smallerthan that within aregion,there existsa fuzzy threshold

above which most edgesare intra-region edges. This threshold is determined
recursiwely during segmetation basedon MMC.

The segmetation algorithm is asfollows:

1. Setthe initial estimate of threshold ='s;,, k , wherek is a prede ned

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

2. Repeat

(a) Mark all the unmarked edgeswith costsabove asintra-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 idertify the minimum costcorntour c amongthe unmarked

edges.Mark the edgesin c asinter-region edges.

(c) Decremen by k .

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

found.

. Mark the remainingunmarked edgesasintra-region edgesand computethe

mean histogram of the blocks in ead region.

. Mergeneighboring regionswhosemeanhistogramshave the samedominart
color, i.e., the color with the largest bin court. The mean histogram for
ead regionis calculated using the operation discussedn Section3.3. Note

that this merging criterion is not dependert on any threshold.

Two similar regionsthat are connectedat the cornersare markedasdi erent
regions by the segmertation 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 diagonal directions.
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R2

Figure 4.5: Two similar regionsR1 and R2 connectedat the corner. They were
marked as di erent regionsby our algorithm becauseonly simple cyclesare con-

sideredwhen marking the inter-region edges.

Comparedto [32 33], our method has a lower chance of producing spurious
cuts becauseintra-region edgesare iderti ed before MMC is applied on the un-
marked edges. Moreover, the processof marking intra-region edgeshas reduced
the sear® spacefor the MMC operation, thus e ciency is improved. Figure 4.6
shows an example of the segmetation result obtained at level 3 of the region

pyramid.
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() (b)

Figure 4.6: Segmeiation result at lower-resolutionlevel. (a) Regionmap at level
3 shavn with the dominart colors of the histograms of the image blocks. (b)

Segmehn 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 accurate boundary from a coarselevel | to the nest level L. The proposed
algorithm is divided into two steps. The rst step is a global optimization ap-
proach which involves Dynamic Programming and Integer Linear Programming,
This step is performed from level | to level | + 1. The secondstep is a greedy

approad, which is performedfrom level | + 1 to level L.

5.1 Global Optimization Approac h

Ead inter-region edgeat level | canbe re ned or expandedinto a sequencef
connectededgeswe shall call this connectedsequencef edgesan edgesejuene,
that partitions a3 5 areaat level | + 1 into two parts (Figure 5.1). Sincethe edge
sequencaes locatedin a xed area,thereis a xed number of possibleexpansions
of alevel | edgeinto a level | + 1 edgesequence.The level | + 1 edgesequences

must satisfy connectivity constraints that are consistemn with the connectivity
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Figure 5.1: A regionboundary edgeat (a) level | is re ned into (b) a sequenceof
connectededgescalled an edgesequenceahat partitions a3 5 areaat level | + 1

into two parts.

of the level | edges. The detailed connectivity constraints will be discussedin
Section5.1.4.

Let ¢; denotethe cost of the jth edgesequenceof edgei (seeSection5.1.3
for details), and v; 2 f0;1g denotewhetherthe jth edgesequencas adopted for
edgei. Sinceonly one edgesequencecan be chosenfor eah edge, ; v; = 1.

Now, we can formulate the boundary re nement problem as a problem that
minimizesthe total costC:

XX
C= Vij Gj (5.1)
i
wherem is the number of edgesand n is the number of edgesequencegor eat

edge, subject to the constrain vj = 1 and the connectivity constrairts be-

j
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 boundary edges.So,the main regionsthat are segmeted at the top level are

presened. Therefore, our segmetation algorithm can identify the main regions
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in an image, the accurateboundariesof the regions,and minimize the amourt of

over-segmetation.

5.1.1 Optimization by DP and ILP

In practice, the ILP problem discussedn the previoussectionis too expensive
to solvedirectly. Therearetypically 100edgego consider. Each edgeis connected
to oneor moreedgesgiving an averageof 120junctions. On average,ead junction
can be expandedinto 500 combinations of edgesequencesSo, the ILP solver has
to ched through over 60,000constrairts.

A careful inspection on thesejunctions revealsthat 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 connectthree or four edges
(e.g., T and X in Figure 5.2). Sothe main idea hereis to uselLP to solwe the
connectivity constrairnts at complex junctions and minimize the boundary cost,
and use Dynamic Programming (DP) to solwe 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, useDP to nd the locally optimal

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

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

Therefore,for ead possibleedgesequencef TE, DP will return onelocally
optimal expansionof path TP. Eadh of these expansionsof TP has a cost
which equalsto the meancost of the expandededgesequencesf eah edge

in TP.

Similarly, DP can be appliedto path TQ asabove.

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 ead pair of possibleedge
sequence®f TF and XC, DP returns a locally optimal expansionof path

TX and a path cost.

Then the ILP problem can be reformulate as:

X Xxa
Vij G (5.2)

i=1 j=1

which is the sameas Equation 5.1, with p represeting the number of paths, and
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g represeming the number of possibleexpansiondor eat path. There are at most
n n possibleexpansionsfor the path in betweentwo complexjunctions and at
most n possibleexpansiondor a path that connectsa complexintersectionto the
image border. Where n is the number of edgesequencesf eah edge,and ¢; is
the cost of the j th expansionof path i. The new problem reducesthe number of
constrairts to be chedked by at least 35%. So, the optimization problem can be

solved more e cien tly.

5.1.2 Selection of Valid Edge Sequences

As obsened in Figure 5.1, ead inter-region edgeat level | can be expanded
into an edgesequencehat partitions a3 5 areaat level | + 1 into two parts. But
how to decidewhat is a valid edgesequenceSupposean inter-region edgeexists
betweentwo blocks at level | (Figure 5.3). For simplicity of explanation, let us
assumethat the two blocks have two di erent colorsr1 and r2. The 15 blocks at
level | + 1 coveredby the two blocks can eat be assignedeither the color r1 or
r2. Sothere is a total of 2° possibleassignmets. And the valid edgesequences
must correspnd to one of theseassignmets. The following criteria are set up to
identify the valid edgesequences.This analysisis basedon vertical edges,and

the sameidea appliesto horizortal edges.

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

Thereforethe number of possibleassignmets can be reducedby half.

2. All of the blocks that receiwe the samecolor must be cortiguous.
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Figure 5.3: The two blocks at level | ead covers a 3x3 areawith 1 overlapping

column.

3. Theresulting edgesequencemust have two end points, with onehigherthan

the other. This is to ensurethat the two end points of the edgesequence
will correspnd to the two end points of the vertical edgeat the level |

respectively.

. The color distribution of the 9 blocks on the left (Figure 5.3), should not be
equalto that of the 9 blocks on the right. Otherwise,the color distribution
of the two blocks at level | will be the same,and it is very unlikely that

there will be an edgein betweenthe two blocks.

. Ead color should appear in at least 1/5 of the blocks for an edgeto appear
within the 15 blocks, which meansthere shouldbe at least 3 blocks for eah
color. This is a reasonableheuristic assumptionfor an edgeto appear in

betweenthe regions

With the above criteria, 240edgesequencesare identi ed asvalid edgesequences

for vertical edgesand horizortal edgesrespectively. Selectededgesequencesre

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

increasingorder of their costs.

Only 1 out of 240 edgesequencewvill be adopted for ead edge. Our ob-

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

formed by theseedgesequencesA questioncan be raised here: Are all the 240

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

sequencedasedon their edgesequencecost (details given in Section5.1.3), we

can get the answer. A sharprise of the edgesequencecostis obsened from Fig-

ure 5.4, and the cost grows rather smaooth from around the 20th smallestvalue

onward. Obviously those sequencesvith 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 edgesequenceshall we

considerfor ead edge? Experimerts have beencarried out on a set of images,

and someof the results are shovn in Figure 5.5. The valuesshowvn in Figure 5.5

43



Cost

0.455 [
0.4545 F
0.454 |
0.4535 |
0.453 |
0.4525 |
0.452 F

0.4515 F

0.451

0.4505 L L L N SR | L L MR | L L MR | TIme(SeCOHdS)
10 100 1000 10000

Number of Edge Sequences
—v¥—10 —&—15 —e-20

Figure 5.5: Feasiblesolutionsobtained by ILP with 10,15, and 20 edgesequences.
Ead line correspndsto the feasiblesolutions obtained in successig ILP itera-

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

are the costsof feasiblesolutionsobtained using ILP at successig iterations. The
number of edgesequencesestedare 10, 15, and 20. We can seethat optimal solu-
tion obtained using 10, 15, and 20 segmets have the sameminimum costs. This
indicatesthat the optimal solution canbe found within the 10 edgesequencewvith
the lowest costs. Restricting to the best 10 edgesequenceseducesthe execution

time signi cantly asshown in Figure 5.5.

5.1.3 Cost Function of Edge Sequences
The costfunction for eat edgesequences addressedn detail in this section.

1. Total edgesequencecost normalized by the length for eat edgesequence:

1 X
C=- & (5.3)

n i=1
where g is the cost of edgei in the edgesequenceand 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

edgesequences$or edgesM and N, with the edgesequenceostssatisfying

45



the condition Cag < Ccp. Let usfurther assumethat AB is the only valid
edgesequencef edgeM , and AB and CD are both possibleedgesequences
of edgeN. Then both edgeM and edgeN will adopt edgesequenceAB, as
AB hasalower costthan CD. This leadsto acon ict that the expansionsof
two edgesproducesonly one edgesequenceThis happensbecausehat the

cost function doesnot incorporate spatial information betweenthe edges.

. Total costnormalizedby the edgesequencdength and block-parert assai-
ation:

C=— ¢ (5.4)

A is calledthe block-parert assaiation, and it hasa larger value if the level

| + 1 blocks are assignedto the most similar parert blocks at level I.

Given an edgesequencehat dividesa 3 5 areainto two parts P; and
P,, and the two regionsR; and R, that the two neighbouring paren blocks
belongsto, we cantell which regionthat ead block B; at level | belongsto
aswell. For examplein Figure 5.7, with the given edgesequenceCD, the
blocks in P; belongsto region Ry, and the blocks in P, belongsto region
R,. The block-parert assaiation A is de ned as:
" #
1 X X
A= — s(Bi; Ry) + s(Bi; Ry) (5.5)

Bi2P1 Bi2P;

where s(Bi; Rj) denotesthe similarity betweenthe histogram of block B;

and the histogram of the parert regionP; at level I, j = 1;2.

This cost function tries to minimize the averageedgecostin the edgese-
guence,and maximize the similarity betweenthe blocks and their parernts
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Figure 5.7: The assaiation between child blocks and parert regions. Given an
edgesequence&eD, blocksin part P; at level | + 1 belongsto regionR 4, and blocks

in part P, belongsto regionR,.

at the sametime. In practice, sincethe similarity betweenthe blocks and
their parerts liesin the range|[0,1], the cost computedin Equation 5.4 will
thereforefall in the range(0; +1 ), which hasno upper bound, and is, thus,
lesseasyto assesghe algorithm's performance. Recall that the di erence
d betweentwo color histogram equalsto 1 s where s is the similarity
(Section 3.3). Maximizing the similarity equalsminimizing the di erence.

Therefore, the cost function ann be rewritten as 3
1 X X X
g4 d(Bj;P1) + d(B;;Py)> (5.6)

ri=Py ri="P2

C=—
151 .,
Sinceboth g and d; are boundedwithin [0,1], sothe cost function is also

boundedwithin [0,1].

5.1.4 Connectivit y Constrain ts

This sectionwill addressthe connectivity constrairts mertioned in Section5.1.
For the edgesconnectedat a junction, their correspnding expandededge se-
guencesshould also be connected. All the valid conbinations of edgesequences
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Figure 5.8: Example of a conmbination formed by edgesequence®sf 2 edges.

at a junction are collectedin a set calledthe conmbination set S(v). To determine
the conbination set, we needto considerconbinations for the casesvhen 2, 3 or

4 edgesare incidert at a junction.

Com binations of Edge Sequences of 2-edge Joint

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 a5 5 areaasshowvn in Figure 5.8. The criteria for being a valid

combination can be stated as follow:

1. The edgesequencesf the two edgeswill split the 5 5 areainto 2 regions.

2. For eat level | + 1 edgein an edgesequencethe blocks on di erent sides

of the edgemust belongto di erent regions.

3. Each edgesequenceortains two end points, one of them must be connected
to the other edgesequenceand 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 b5area.
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For examplein Figure 5.8, the vertical edgeat level | (Figure 5.8(a)) is
expandedinto edgesequenceAB at level | + 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 possible casesof 3 edgesconnectedat a junction, and
Figure 5.9(a) showns one of them. The expansionof 3 connectededgesalso fall

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

1. The edgesequencesfthe three edgeswill breakthe 5 5 areainto 3 regions.

2. For eadth level | + 1 edgein an edgesequencethe blocks on di erent sides

of the edgemust belongto di erent regions.

3. One out of the two end points of eat edgesequencanust be connectedto
one of the other two edgesequencesand 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 edgesequencef the vertical
edgel is AB, which splits the upper 3 5 areainto 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

sequencesf edgesl and 2 have beenswitched. Therefore, this is an invalid

49



P1

(@)

,,,,,,,,,, E EG) _______
1 b 1 ! !
,,,,,,,,,,,, RL | | Rz
' R1| R2 b P R1] R2! RY R2
77777777777777777 A
. C L ‘ !
2{% RAN I B 2/;/R R1\4‘ c
”””” 4 ! FG) P O B F H
3 R3! ! Rd R3
_JB ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
,,,,,,,,,,,,,,, SRR e
(1) (2

Figure 5.10: Two situations for the combinations formed by 4 edgesequences.

combination. If the edgesequenceof edgel 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 exceptthat the edgesequencesplit the 5 5 areainto 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 altogether 2 sud possiblecaseghat the 4 edges
connectedat a junction partition the 4 blocks at level | into only 3 regions,and
Figure 5.10(2) shavs onethem. The criteria for valid combinations are modi ed

asfollow (Figure 5.10(2)):

1. The edgesequence®f 4-edgejunction splits the 5 5 areainto 3 regions.

2. For eath level | + 1 edgein an edgesequencethe blocks on di erent sides

of the edgemust belongto di erent regions.

3. Supposeedgesl, 2, 3, 4 areexpandedinto segmets EF, AB, CD, andGH.
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 edgesequencde F must lie on edgesequencesH,
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 b5area.

Figure 5.11 shows an example of the re ned region boundary when DP and

ILP are applied from level 2 to level 3.

5.2 Greedy Local Optimization Approac h

Greedy local optimization is usedto re ne region boundariesfrom level | + 1
to the nest level L. This processdoesnot directly work on the boundary edges.
Instead, it tries to decideto which level | + 1 region ead level | 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) Segmetation

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 larger and the regiongetsmore complexand captures
more color information. The histogram of the blocks in the region certer can
be quite di erent from those at the boundary area. Consideringthe full region
will losethe 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 | belongsto region R, then the local region histogram
R(x;y) is computedby mergingthe normalizedhistogramsof the blocks in region

R and located within ann  n window certered at (X; y):
] .
R(X;y) = H(; ) (5.7)
i 2N (x;y)

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

level |21 3|4|5|/6|7|8|9

size|5/5(/5|13/3(3[3]|3

around block (x;y), and the windows size n is given in Table 5.1 for di erent
levels.

The boundary re nement problem can then be formulated as minimizing the
following cost function:

X
C=  s(Bi;Ri) (5.8)

where B; is the histogram of level | + 1 block i, R; is the local region histogram
along the region boundary at level I, s(Bi; Rj) computesthe similarity between
the histogram of blocks B; at level | + 1 and the region histogram R; at level |.
The function seeksthe optimal region assignmen for ead block along the region
boundary.

For ead edgefound at level |, there are two parert regionsR; and R, located
on the two sidesof the edge. SoR; and R, are both possibleregion assignmets
for the 3 5 correspnding blocks at level | + 1 (Figure 5.3). The similarity
s(Bi;R;) and s(B; R,) canthen be computedfor all the 15 blocks. Therefore,by
going through all the edgesfound at level |, we can obtain all the possibleregion
assignmets and nd the optimal assignmen for ead block, which is in fact the
optimal solution to Equation 5.8.

To obtain a smoother boundary without a ecting the boundary location, we
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apply a Gaussian Iter to the blocks at the last two levels of the image pyramid
beforethe region assignmen process,with a window sizeof 7and = 2.

The connectivity constraint is not enforcedfor this regionassignmen process,
and someambiguousblocks exist at the boundary area. The resulting assignmenh
will causesomeof the regionsto be disconnected.A heuristic approad is recur-

sively applied to re ne the assignmets soasto presene the region connectivity.

1. For eadh regioni at level |, locate the block B; at level | + 1 that is most

similar to regioni at level | and mark ead B; asre ned.

2. Repeat

(a) For all the blocks that are the neighbors of a re ned block B;, and
have beenassignedto region i, mark them asre ned and apply this

re nement recursiely.

(b) Choosean un-re ned block U; and its re ned neighbor B; which has
the greatestsimilarity. Then assignU; to the regionthat B; belongsto.
Note that the similarity betweenall pairs of neighboring blocks have
already been computed before hand during the pyramid construction

process.

until all the blocks have beenre ned.

Note that most of the blocks are assignedcorrectly to their correspnding regions
and can be rapidly re ned at step 2(a). Therefore, the number of blocks that
needto 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 cient. Although this method
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(a) (b)
Figure 5.12: Final segmetation result using greedy re nement. (a) Re ned

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

IS not necessarilyoptimal, it is e cient and the results produced are accurate

enough. Figure 5.12shavsthe nal segmetation result obtained after the greedy

re nement.
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Chapter 6

Exp erimen tal Results

The proposedalgorithm has beenimplemerted in C. The minimum cost perfect
matching is basedon the blossom4implemertation [10], and the Integer Linear

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

6.1 Experimental Set Up

The experimerts were carried out on a bendimark dataset of 100 images[18§].
Eadh image is of size 321x481or 481x321. Five segmetation algorithm were

compared:

1. JSEG [1]]: a multi-scale method basedon region growing and merging.
The implementation of JSEG wasdownloadedfor the JSEG project website

http://vision.ece.ucsb.edu/segmemation/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 beenimplemerted for gray-scaleimages. Moreover running MMC
on 321x48limagestakes a long time. The implemertation of Ncut was

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

3. Blobworld [8]: An algorithm designedor imageretrieval systemsusingcolor
and texture features. The implemertation of BlobWorld was downloaded

from http://elib.cs.b erkeleyedu/src/blobworld/.

4. RP-ILP: Our region-preservingsegmetation algorithm using interleaved
MMC for segmetation at level 2, and DP, ILP and greedy algorithm for

boundary re nement.

5. RP-G: Our region-preservingsegmetation algorithm usinginterleaved MMC
for segmenation at level 2 and only greedyalgorithm for boundary re ne-

mert.

For RP-ILP and RP-G, the adaptive threshold k used for interleaved MMC
were set accordingto the guidelinesgivenin Table 4.1. For 27 of the images,RP-
ILP cannotgenerateany feasiblesolution within the 10lowest-costedgesequences.
This is becauseheseimagesare over-segmeted at level 3. Sofor the 27 images,
k has beenadjusted to higher valuesfor RP-ILP to generatefeasiblesolutions,
and Figure 6.5 shows the result of oneof theseimages. This shovsthat ILP hasa
strict requiremer on the segmetration result obtained at the higher level, while
the greedyalgorithm is more tolerant of the initial segmertation.

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

segmeination results for the other 88 imagesare included for comparison.
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6.2 Quantitativ e Evaluation

It is dicult to dene a good measureof the quality of segmetation results.
Therefore, image segmetation has for a long time beenewaluated only through
visual inspection. A recert bendimark introduced by Marin [18, 17] provides an
attempt for a quartitativ e assessmdnof segmetation result. The evaluation is
basedon a comparisonbetweenthe boundary mapsproducedby a the segmeta-
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 importance of the precisionrate and recall rate, and it
issetto 0:5in [18, 17]. A higher F-measurevalue indicatesthat the segmetation
result better approximates the ground-truth boundaries.

The bendimark program requiresthe segmetation 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 results were
not comparedusing the bendimark program, and were consideredonly for the
qualitativ e evaluation.

Figure 6.2 shaws a distribution of the F-measuresof the 100images,and Ta-
ble 6.1 shownsthe overall statistics of the F-measures.The F-measureis computed
for eady human segmetation by comparingit to the other segmenations of the
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Discarded regions
painted in gray colol

Figure 6.1: SampleBlobWorld segmen 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.
60



Image counts
25

20

15

10

0 F-Measure

0.1t00.17 0.241t00.31 0.38t0 0.45 0.52 to 0.59 0.66 t0 0.73
0.17t0 0.24 0.31t0 0.38 0.451t0 0.52 0.59 to 0.66 0.73t0 0.8

(€)
Image counts
30

BF--eeee----- -

20f----------------- -

15F----------pun N - - ------------

10F----------} D N B ----------

0 F-Measure

0.3t00.35 0.4t0 0.45 0.5t00.55 0.6t0 0.65 0.7t00.75
0.35t00.4 0.45t0 0.5 0.551t0 0.6 0.65t0 0.7 0.75t0 0.8

(d)

Figure 6.2: F-measurevaluesfor the test images(continued). (c) RP-ILP, (d),
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sameimage,and the maximum value is taken asthe F-measurefor human, which
is shavn in the last column of Table 6.1. The F-measurefor human provides
an upper bound for the machine segmetation algorithms. A higher value of the
upper bound alsoindicatesthe easieran image can be segmeted, and vice versa.
We can seethat the region-preservingmethods have a higher mean valuesthan
Ncut but lower than JSEG. Figure 6.3 shavs an example of the segmetation
result and the correspnding scores. The ground-truth boundary maps obtained
from human subjects, tend to have many weak boundaries,i.e., boundariesthat
appear in only somehuman-segmeted results. Theseweak boundariesusually
do not correspond to major regionboundaries. For two segmetation results with
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 shavs
that JSEG detected more weak boundariesthan RP-ILP and RP-G, and thus
obtained a higher F-measure.

The weak boundariesare not of concernfor imagelabeling and retrieval which
are only interestedin main regions. Therefore, we also comparedthe precision
of the segmetation 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
precisionthan 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 Pertium PC with 1.6GHz processorand 256MB memory,
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(d) (e) (f)
Figure 6.3: Testresult 1. (a) Input image. (b) human-segmeted 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.
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6.3 Qualitativ e Evaluation

This section demonstratessome segmetation results performed on the bend-
mark datasetfor qualitativ e evaluation. The resultsare shavn from Figure 6.4to
Figure 6.12. From the given exampleswe canseethat region-preservingapproad
producelessover-segmeted results comparedto JSEG and Ncut. BlobWorld can
alsoidertify the main regionsin the images.But, the regionboundariesextracted
tend to be lessaccurate.

There are also casesthat the segmetation results are not satisfactory Fig-
ure 6.16 shavs an example. We can seethat all madine segmeration results
are very di erent from the human segmetation. The reasonis that the main
regionsin the imageare not distinguishableusing only color information. We can
expect the result to beimprovedif other featuressud astexture or morphological
information are incorporated. This is suggestedby the BlobWorld result, which

is able to obtain somereasonableregionsbasedon consisten textures.
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(J1) (J2)
Figure 6.4: Testresult 2. () Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.4: Testresult 2 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(1 (H)

(B1) (B2)

(J1) (J2)

Figure 6.5: Testresult 3.(1) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.5: Testresult 3 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(B1) (B2)

(J1) (J2)

Figure 6.6: Testresult 4.(1) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(N1) (N2)

(P1) (P2)

(G1) (G2)

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

(B1) (B2)

(J1) (J2)

Figure 6.7: Testresult 5.(1) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(P1) (P2)

(G1) (G2)
Figure 6.7: Testresult 5 (continued). (P) RP-ILP. (G) RP-G. Ncut cannot gen-

erate result for this image.
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(J1) (J2)

Figure 6.8: Testresult 6.(1) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(G1) (G2)

Figure 6.8: Testresult 6 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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(J1) (J2)

Figure 6.9: Testresult 7.(1) Input image. (H) Human. (B) BlobWorld. (J) JSEG.
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(P1) (P2)

(G1) (G2)

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

(B1) (B2)

(J1) (J2)
Figure 6.10: Test result 8.(1) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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(G1) (G2)

Figure 6.10: Testresult 8 (cortinued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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) (H)

(B1) (B2)

(J1) (J2)
Figure 6.11: Test result 9.(1) 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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) (H)

(B1) (B2)

(J1) (J2)
Figure 6.12: Test result 10.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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Figure 6.12: Testresult 10 (continued). (P) RP-ILP. (G) RP-G.
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) (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)
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(G1) (G2)

Figure 6.13: Testresult 11 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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Figure 6.14: Test result 12.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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Figure 6.14: Testresult 12 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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Figure 6.15: Test result 13.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.

88



(N1) (N2)

(P1) (P2)

(G1) (G2)

Figure 6.15: Testresult 13 (continued). (N) Ncut. (P) RP-ILP. (G) RP-G.
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Figure 6.16: Test result 14.(I) Input image. (H) Human. (B) BlobWorld. (J)

JSEG.
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Figure 6.16: Testresult 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 segmetation algorithm proposedin this thesis has made use of color his-
togram and region cortinuity features. This approad will becomelimited for
imageswhoseregionsdi er in texture or other feature instead of color distribu-
tion. So, including texture information will help to idertify regionswith similar
colors but di erent textures, and thus enablethis algorithm to be applicable to
more images.

The graph-cut algorithm applied at the higher level tries to minimize the
meansimilarity betweenregionswithout directly maximizing the similarity within
regions. As the problem of looking for minimum ratio cycle can be solved in
polynomial time [14]. This problem assumesead edgehas two cost, and looks
for the cyclethat minimizesthe ratio betweenthe sum of the rst edgecostand

the sum of the secondedgecost. In this thesis,the rst edgecostis the similarity
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betweenthe color histogramsof neighbouring blocks, and the secondedgecostis
just the length of eat edge,i.e., the unit length 1. If the secondedgecost can
provide further intra-region informations, the thesis can be extendedto idertify
regionsof certain given features.

Currently, ILP is not propagateddown to lower level becauselLP problem s
NP-hard, and the problem sizegrows exponertially down the imagepyramid. As
a generallinear programming problem can be solved in polynomial time [15], if
we can approximate the current ILP approad to a generallinear programming

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

7.2 Contribution

The main cortribution of this thesisis the construction of regionpyramid that pre-
senescolor distribution information. With the use of adaptive color histograms,
the region pyramid requireslessthan twice the amourt of memoryin a conven-
tional imagepyramid that capturesonly meanor dominant color. It alsoenablesa
comprehensie segmeration to be performedat a lower resolutionlevel to capture
the main regionsin the image.

Segmetation is done by interleaving adaptive thresholding and Minimum
Mean Cut to provide a better cortrol over the segmenation result as compared
to graph cut algorithms alone. The segmetation doneat a lower-resolutionlevel,
instead of at the nest level aswhat graph cut algorithms usually do, has greatly
reducedover-segmetation. This is becausesegmetation at lower-resolutionlevel

is basedon color distribution variation betweenthe main regionswhereassegmen-
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tation at nest level is basedon color or texture variation of the pixels or small
groupsof pixels.

Another cortribution is the formulation of boundary re nement processby
combining two approades: (1) global optimization using Dynamic Programming
and Integer Linear Programmingat higherlevel 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 approad conbines
the strength of the global optimization and local optimization without incurring
much processingtime. It is much faster than global optimization suc as graph
cut appliedonthe nest level andit is moreaccuratethan usinggreedyalgorithms

alone.

7.3 Conclusion

This thesishaspreserted a multi-resolution region-preservingapproad for image
segmetration. Given an image, it constructs a pyramid of region maps at var-
ious resolutions. Each block of the map correspndsto a part of a region and
it capturesthe region characteristicsin an adaptive color histogram instead of a
single color. Segmeination 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. Experimertal results showv that
this approad can idertify the main regionsin many imagesand minimize over-
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segmenation. Comparedto se\eral existing algorithms, the regionboundary that
it iderti es are more likely to be the true boundaries. The algorithm runs quite
e cien tly and thus can be usedfor segmetation of a large number of imagesfor

semaittic labeling and imageretrieval.
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App endix A

Example of Valid Edge Seguences
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