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Abstract

Textural FeaturesFor Content-Based ImageDatabaseRetrieval

by Selim Aksoy

Chairpersonof Supervisory Committee

ProfessorRobert M. Haralick

Department of Electrical Engineering

Image databaseretrieval has received signi¯cant attention in recent years. This

thesisdescribesa systemto retrieve all databaseimageshaving somesectionsimilar

to the query image. We develop e±cient features for image representation and ef-

fective metrics that usetheserepresentations to establishsimilarit y betweenimages.

The ¯rst set of featureswe useare the line-angle-ratio statistics constituted by 2-D

texture histogramsof the anglesbetweenintersecting/near-intersecting lines and the

ratios of meangray levels inside and outside the regionsspannedby thoseangles.A

line selectionalgorithm using hypothesis testing is developed to eliminate insignif-

icant lines. The secondset of features used are the variancesof gray level spatial

dependenciescomputed from co-occurrencematrices at di®erent distancesand ori-

entations. Statistical feature selectionmethods are usedto selectthe parametersof

the feature extraction algorithms. We also combine thesemacro and micro texture

featuresto make useof their di®erent advantages.

We de¯ne two classes,the relevance classand the irrelevance class,and design

an automatic groundtruth construction protocol to associate each image pair with

one of the classes. To rank-order the databaseimagesaccording to their similari-



ties to the query image,a likelihood ratio and the k-nearestneighbor rule are used.

To evaluate the performance,classi¯cation e®ectivenessand retrieval performance

experiments are doneon a large databasewith many di®erent kinds of complex im-

ages. More than 450,000image pair classi¯cations using a Gaussianclassi¯er and

a nearestneighbor classi¯er showed that approximately 80% of the relevance class

groundtruth pairs were assignedto the relevanceclasscorrectly. To compensatefor

the e®ectsof the mislabeling probabilities of the groundtruth construction protocol,

we develop a statistical framework that estimatesthe correct classi¯cation results.

Hence,someof the assignments which we count as incorrect are not in fact incorrect.

In the retrieval performancetests, which usemore than 300,000queries,we observed

that combined featuresetsand the likelihood ratio distancemeasureoutperformedall

the other feature and distancemeasurecombinations we use. The results show that

low-level textural featurescan help in grouping imagesinto semantically meaningful

categories,and multi-scale texture representation providesa signi¯cant improvement

in both classi¯cation e®ectivenessand retrieval performance.
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Chapter 1

INTR ODUCTION

Imagedatabasesarebecomingincreasinglypopular dueto largeamount of images

that are generatedby various applications and the advancesin computation power,

storage devices like CD-ROM, scanning, networking, image compression,desktop

publishing and the World Wide Web. Becauseof this popularity, image database

research has becomea very hot area. The advancesin this area contribute to an

increasein the number, size, use, and availabilit y of on-line image databasesand

new tools are required to help userscreate,manage,and retrieve imagesfrom these

databases.The value of thesesystemscan greatly increaseif they can provide the

abilit y of searching directly on non-textual data, \content" of the image, instead of

searching only on the associatedtextual information. Main purposeof a content-based

image databaseretrieval system is to e®ectively and e±ciently use the information

stored in the database.

1.1 Image Databases

In a typical content-based imagedatabaseretrieval application, the user has an im-

ageand/or just a subject he or she is interested in and wants to ¯nd imagesfrom

the databasethat are similar to the example image and/or related to the subject.

For example, a fashion designerneedsimagesof fabrics with a particular mixture

of colors, a museumcataloger looks for artifacts of a particular shape and textured

pattern and a movie producer needsa video clip of a red car moving from right to



2

left with the camerazooming. Other application areascan be architectural and en-

gineeringdesign,interior design,remotesensingand management of earth resources,

geographicinformation systems,scienti¯c databasemanagement, weatherforecasting,

retailing, trademark and copyright databasemanagement, law enforcement, criminal

investigation, picture archiving and communication systems[24].

Conventional databaseretrieval methodswill not besu±cient to retrieve this kind

of data becausethey dependon ¯le IDs, keywords,or text associatedwith the images.

They do not allow queriesbaseddirectly on the visual properties of the images,they

dependon the particular vocabulary used,and they do not provide queriesfor images

\similar" to a given image. In conventional databases,retrieval is basedon an exact

match of the attribute valuesso they do not have the abilit y to rank-order results

by the degreeof similarit y with the query image. There is an old saying \A picture

is worth a thousand words." [47]. Unfortunately, it is impossibleto represent the

content of an imagein a few words. For example,an imageannotated as containing

\w oman" and \children" cannot be retrieved by a query searching for the keyword

\p eople".

Establishing \similarit y" betweentwo imagesis a very hard and abstract concept.

At ¯rst glance,content-based retrieval seemsas if it should be very simple because

humansare sogood at it. Also, sincewe have an almost perfect text-search technol-

ogy, it will be very easyto retrieve imagesif we can assignsemantic descriptionsto

them. Unfortunately, assigningsemantic descriptionsis an unsolved problem in im-

ageunderstanding. In the literature, approachesto content-basedretrieval havetaken

two directions [24]. In the ¯rst, image contents are modeled as a set of attributes

extracted manually and managedwithin a conventional databasemanagement sys-

tem. Queriesare speci¯ed using theseattributes. This attribute-based retrieval is

advancedprimarily by databaseresearchers.

The secondapproach is to apply a feature-extractionand/or object-recognitional-

gorithm to automate the feature-extractionand object-recognitiontasksthat needto
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be donewhenthe imageis insertedinto the database.This approach is advancedpri-

marily by imageunderstandingand computer vision researchers. The main goal is to

combine ideasfrom areassuch asknowledge-basedsystems,cognitive science,model-

ing, computergraphics,imageprocessing,pattern recognition,database-management

systemsand information retrieval. Ideally, object recognition should be automatic,

but this is generallydi±cult. The alternative manual identi¯cation is almost infeasi-

ble and also inhibits the query-by-content idea.

After imagesare added to the databaseand featuresare extracted, queriescan

be formed to allow usersretrieve images. Researchers have used di®erent distance

measuresto computethe similarit y betweentwo images.The idea is to ¯nd an image

which has the most similar featuresto the featuresextracted from the query image.

This similarit y betweentwo featuresis computed by measuringthe closenessof the

two using distancemetrics.

Queriesfor a content-basedimagedatabaseretrieval systemcan be basedon dif-

ferent features and can be from di®erent classeslike color, texture, sketch, shape,

volume, spatial constraints, browsing (interactive), objective attributes, subjective

attributes, motion, text, and domain concepts[24]. Color querieslet usersretrieve

imagescontaining speci¯c colorsas input by the user. The usercan specify percent-

agesand locations of colors in the image. Texture queriesallow retrieving images

containing a speci¯c texture. Retrieval by sketch lets usersoutline an image and

then retrieves a similar image from the database. The spatial constraints category

dealswith a classof queriesbasedon spatial and topological relationshipsamongthe

objects in an image. Theserelationships may span a broad spectrum ranging from

directional relationships to adjacency, overlap, and containment involving a pair of

objects or multiple objects. Retrieval by browsing(interactive retrieval) is performed

when usersare not exactly clear about their retrieval needsor are unfamiliar with

the structure and typesof information available in the imagedatabase.All of these

queriescan be formed either using someprede¯ned options or using another image,
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which is alsocalled query-by-example.

Thesequeriesshouldbe integratedwith a graphicaluserinterfacefor easieraccess.

Ideally, a natural languageunderstandingtool will be the most userfriendly interface.

For example,it is easierto expressa query such as\Show me imagesof snow-covered

mountains" in natural languagethan it is to sketch an image of a mountain and

sprinkle it with snow texture.

In practice, therearealsoother issueslikeindexingproblemsin very largedatabases

[9, 10, 11] and user interaction [44, 48]. Barros et al. [9] investigated the e®ectof

triangle-inequality usingsinglekeysand pairs of keysin reducingthe number of com-

parisonsto search the database.Berman and Shapiro [10] usedpolynomial combina-

tions of prede¯ned distancemeasuresto createnew distancemeasuresand extended

the triangle-inequality to compute lower bounds for these new measuresto prune

the database. In [11] they investigated the performanceof di®erent key selection

algorithms like random selection, selectionaccording to density variance, selection

accordingto separation,a greedythresholding algorithm and clustering. Minka and

Picard [44] usedmachine learningin termsof selforganizingfeaturemapsto automat-

ically selectand combine available featuresbasedon positive and negative examples

from the user. Picard and Pentland [48]addressedthe needfor having a human in an

interactive loop with the systemand designingsystemsthat can infer which features

are the most relevant for a search guided by user'sexamples.

In this thesiswewill concentrate on featureextraction methods,speci¯cally textu-

ral features,for imagerepresentation, and on decisionmethods to establishsimilarit y

betweentheserepresentations. In the following sectionwe discusssomeof the previ-

ouswork doneon texture analysisand its usein content-basedimageretrieval.
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1.2 Literature Ov erview

1.2.1 Textural Features

Texture hasbeenoneof the most important characteristicswhich have beenusedto

classifyand recognizeobjects and scenes.It can be characterizedby textural primi-

tiv esasunit elements and neighborhoods in which the organizationand relationships

betweenthe propertiesof theseprimitiv esarede¯ned. Numerousmethods, that were

designedfor a particular application, have beenproposedin the literature. However,

there seemsto be no generalmethod or a formal approach which is useful in a broad

rangeof images.

Haralick and Shapiro [28] de¯ned texture as the uniformit y, density, coarseness,

roughness,regularity, intensity and directionality of discretetonal featuresand their

spatial relationships. Although no generally applicable de¯nition of texture exists,

somecommonelements in the de¯nitions found in the literature areprimitiv esand/or

properties that are de¯ned in a neighborhood and the statistical and/or structural

relationshipsbetweentheseprimitiv esand/or properties that are measuredat a scale

of interest.

In his texture survey, Haralick [26] characterizedtexture as a conceptof two di-

mensions,the tonal primitiv e properties and the spatial relationshipsbetweenthem.

He pointed out that tone and texture are not independent concepts,but in some

imagestone is the dominating one and in others texture dominates. Then, he gave

a review of two kinds of approaches to characterize and measuretexture: statisti-

cal approacheslike autocorrelation functions, optical transforms, digital transforms,

textural edgeness,structuring elements, spatial gray level run lengthsand autoregres-

sive models, and structural approachesthat usethe idea that textures are made up

of primitiv esappearing in a near-regularrepetitiv e arrangement.

Rosenfeldand Troy [50] alsode¯ned texture asa repetitiv e arrangement of a unit

pattern over a given areaand tried to measurecoarsenessof texture using amount of
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edgeper unit area, gray level dependencies,autocorrelation, and number of relative

extrema per unit area.

Rosenfeld[49] reviewed someof the texture measuresin the literature; autocor-

relation, power spectrum, second-ordergray level statistics, ¯rst-order local feature

statistics (featureslike edgesand straight lines) and texture segmentation using local

features.

Laws [36] ¯ltered the image using 5 £ 5 kernels and then applied a non-linear

moving-window averaging operation to compute the texture energy in a neighbor-

hood. These5 £ 5 kernelsare constructed using outer products of ¯v e 1-D kernels,

which hecalledlevel, edge,spot, waveand ripple, each of length 5. He usedthesetex-

ture energyvalueswith a linear discriminator to classifypixels into di®erent texture

classes.

Mao and Jain [43] modeledtexture in terms of the parametersof a simultaneous

autoregressive model (SAR) ¯t. First, a rotation invariant SAR model is introduced

by taking the gray level samplesat a circular grid. Then, a multiresolution SAR model

(MR-SAR) is developed to overcomethe problemsin choosingthe neighborhood size

in which the pixel gray levelsare regardedas independent, and selectingthe window

size in which texture is regardedas being homogeneousand the parametersof the

SAR model are estimated. MR-SAR performedbetter than singleresolution SAR in

both texture classi¯cation and texture segmentation.

A more recent texture survey was done by Tuceryan and Jain [57], where they

reviewed the basicconceptsand various methods for texture processing.They sum-

marized the applications of texture as texture classi¯cation (recognition of image

regions), texture segmentation (¯nding texture boundaries), texture synthesis (gen-

eration of imagesfor special purposes)and shape from texture (recognition of shape

from the distortion in texture elements). They argued that texture perception and

analysisare motivated from two viewpoints; psychophysics,which motivated the use

of ¯rst-order and second-orderstatistics and also multiresolution analysis,and ma-
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chine vision applications,which include industrial inspection, medicalimageanalysis,

document processingand remotesensing.They classi¯edthe texture modelsinto sta-

tistical methods (co-occurrencematrices, autocorrelation features,etc.), geometrical

methods (Voronoi tessellationfeatures,structural methods, etc.), model-basedmeth-

ods (random ¯eld methods, fractals, etc.) and signal processingmethods (spatial

domain ¯lters, Fourier domain ¯ltering, Gabor and wavelet models,etc.).

1.2.2 Texture in Image DatabaseRetrieval

Many researchers usedtexture in ¯nding similarities betweenimagesin a database.

In the IBM's QBIC Project, Niblack et al. [22] usedfeatureslike color, texture and

shape that are computed for each object in an imageas well as for each image. For

texture, they used featuresbasedon coarseness,contrast, and directionality which

wereproposedby Tamura et al. [55]. In [7], they developed semi-automatictools to

aid manual outlining of the objects during databasepopulation.

In the MIT Photobook Project, Pentland et al. [47] emphasizedthe fact that

featuresusedin a databaseretrieval systemshould provide a perceptually complete

representation, that allows reconstructionof the images,in order them to be seman-

tically meaningful. They usedthe Karhunen-Loeve transform to selecteigenvectors

to represent variations from the prototypical appearanceas appearance-speci¯c de-

scriptions in the AppearancePhotobook; modeled the connectionsin a shape using

sti®nessmatricesproducedby the ¯nite element method asshape descriptionsin the

Shape Photobook; and used 2-D Wold-baseddecompositions that are described in

[39] to measureperiodicity, directionality and randomnessas texture descriptionsin

the Texture Photobook.

In the Los Alamos National Lab.'s CANDID Project, Kelly et al. [34] usedLaws'

texture energy maps to extract textural features from pulmonary CT imagesand

introduced a global signature basedon a sum of weighted Gaussiansto model the

texture. They also usedtheseGaussiandistributions to visualize which pixels con-
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tribute moreto the similarit y score.In [35] they applied thesemethods to LANDSAT

TM data.

Barros et al. [8] tried to retrieve multi-spectral satellite imagesby ¯rst clustering

image pixels, according to their spectral values, using a modi¯ed k-meanscluster-

ing procedure, then using the spectral distribution information as featuresfor each

connectedregion.

Jacobset al. [29] usedHaar wavelet decompositions and a distancemeasurethat

compareshow many wavelet coe±cients that two imageshave in commonfor image

retrieval. They used only a few signi¯cant wavelet coe±cients and also quantized

them to improve the speedof the system.

Manjunath and Ma [42] usedGabor ¯lter-based multiresolution representations

to extract texture information. They used meansand standard deviations of Ga-

bor transform coe±cients, computedat di®erent scalesand orientations, as features.

Gabor ¯lters performedbetter than the pyramid-structured wavelet transform, tree-

structured wavelet transform and the multiresolution simultaneous autoregressive

model (MR-SAR) in the tests performedon the Brodatz database.

In [39], Liu and Picard treated imagesas 2-D homogeneousrandom ¯elds and

used the Wold theory to decompose them into three mutually orthogonal compo-

nents. These components correspond to the perceptually important \p eriodicity",

\directionalit y" and \randomness"properties. They comparedthe featuresthat they

compute from the 2-D Wold model to other models,namely the shift-invariant prin-

cipal component analysis,the multiresolution simultaneousautoregressive model, the

tree-structured wavelet transform and Tamura et al.'s [55] features that were used

in [22]. The Wold-basedfeaturesperformed better than others in terms of average

recall for a Brodatz texture dataset.

Li et al. [37] used21di®erent spatial featureslikegray level di®erences(mean,con-

trast, angular secondmoments, directional derivatives,etc.), co-occurrencematrices,

moments, autocorrelation functions, fractals and Robert's gradient on the Brodatz
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image set and on remote sensingimages. The spatial features they extracted out-

performed sometransform-basedfeatures like the discrete cosinetransform, Gabor

¯lters, quadrature mirror ¯lters and uniform subbandcoding.

Carson et al. [13] developed a region-basedquery system called \Blob world"

by ¯rst grouping pixels into regionsbasedon color and texture using expectation-

maximization and minimum description length principles, then by describing these

regions using color, texture, location and shape properties. Texture features they

usedare anisotropy, orientation and contrast computed for each region.

Smith [54] developed a system that usescolor, texture and spatial location in-

formation for image retrieval. For texture, he used the quantized energiesof the

quadrature mirror ¯lter wavelet ¯lter bank outputs at di®erent resolutions as fea-

tures. He showed that thesefeaturesare gray level shift invariant becausethe ¯lters

have zero mean and they are size invariant becausethe featuresare normalized by

the sizeof the resolutions. In the classi¯cation tests doneusing the Brodatz dataset,

thesefeaturesperformedbetter than the DCT-basedfeatures.

Ma and Manjunath [41] described a systemcalled \Netra" that also usescolor,

texture, shapeandspatial location information. They developedan \edge°ow model"

that identi¯es the direction of changesin the feature values to segment the image

into non-overlapping segments and computed the color, texture, shape and location

information for each region. For texture, they usedGabor ¯lters which areorientation

and scaletunable edgedetectors.

Vailaya and Jain [58] comparedthe e®ectivenessof di®erent featureslike color his-

togram, color coherencevector, discretecosinetransform coe±cients, edgedirection

histogram and edgedirection coherencevector in classifyingimagesinto two classes:

city and landscape, using a weighted nearestneighbor classi¯er. Edge-basedfeatures

performed better than the others. They suggestedbuilding a hierarchical classi¯er

that usesmultiple two-classclassi¯ersfor imagegrouping.

The approachesreviewed above and the onesthat will be reviewed in Chapters2
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and 3 are only a few examplesfrom the extensive texture and content-basedretrieval

literature. The textural featuresin theseapproachescan be grouped into categories

like micro texture-based[50, 36, 22, 34, 35, 37, 13, 58], random ¯eld modeling-based

[43, 47, 39] and signal processingand transform-based[49, 8, 29, 42, 37, 41, 58].

1.3 Problem De¯nition

The image retrieval scenarioaddressedhere begins with a query expressedby an

image. The user inputs an image or a section of an image and desiresto retrieve

imagesfrom the databasethat have somesection that is similar to the user input

image. An object/pro cessdiagram, where rectanglesrepresent objects and ellipses

represent processes,of the systemthat will be described here is given in Figure 1.1.

Selectingfeaturesthat aresuitable for an application is oneof the most important

parts in solving the problem. Shape descriptors,color featuresand texture measures

are all able to represent someinformation about an image, but the way in which

they are used determine the concept \similarit y" between two images. The main

problemis ¯rst to ¯nd e±cient featuresfor imagerepresentation, then to ¯nd e®ective

measuresthat usetheserepresentations, individually or asa combination, to establish

similarit y betweentwo images. The featuresand the similarit y measuresshould be

e±cient enough to match similar imagesand also should be able to discriminate

dissimilar ones.

The goalof this thesisis to develop textural featuresfor imagerepresentation and

statistical measuresfor similarit y computation. We will evaluate the performanceof

the proposedalgorithms in terms of the e®ectivenessto classifyimagepairs assimilar

or dissimilar, aswell as the capability to retrieve perceptually similar imagesasbest

matcheswhile eliminating irrelevant ones. The groundtruth for the experiments are

generatedboth by automatic methods and by human annotation.
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Figure 1.1: Object/pro cessdiagram for the databaseretrieval system.
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1.4 Con tributions and Thesis Organization

In this thesis,we

² develop an easy-to-computetexture histogram method that usesthe spatial

relationships between lines as well as the properties of their surroundings as

textural features,

² develop a line selectionalgorithm that performs hypothesistests to eliminate

lines that are not signi¯cant enough,

² integrate macroand micro textural featureextraction methods for a multi-scale

texture analysis,

² perform featureselectionbasedon statistical methods in order to avoid heuristic

selectionof the parameters,

² describe a classi¯er that associates imagepairs as relevant or irrelevant,

² designan automatic groundtruth construction protocol both to train the clas-

si¯er and to evaluate the e®ectivenessof the features,

² develop a statistical framework to compansatethe e®ectof \learning from an

imperfect teacher" in the automatic groundtruth construction protocol,

² present experiments and performanceevaluation on a largedatabaseof complex

imagesincluding aerial images,remotesensingimages,natural scenes,etc., not

only a small set of constrainedimages.

The rest of the thesisis organizedasfollows. In the next chapter we introducethe

¯rst feature extraction algorithm, line-angle-ratiostatistics, which is a macro texture

measurethat usesspatial relationshipsbetweenlinesaswell asthe propertiesof their



13

surroundingsand is motivated by the fact that line content of an imagecan be used

to represent texture. Chapter 3 describes the secondfeature extraction algorithm,

variancesof gray level spatial dependencies,which in turn is a micro texture measure

that usessecond-order(co-occurrence)statistics of gray levels of pixels at particular

spatial relationshipsand is motivated by the fact that gray level spatial dependencies

are proved to carry a signi¯cant amount of texture information and are consistent

with human visual perception. Chapter 4 addressesthe problem of combining these

featuresin order to make useof their di®erent advantages. A third featureextraction

algorithm is alsointroducedin this chapter in order to capturethe texture information

that cannot be described by the ¯rst two methods. A multi-scale analysisis crucial

for a compactrepresentation, especially for largedatabasescontaining di®erent types

of complex images.

In Chapter 5, we discusshow we select the parametersfor the algorithms, that

best re°ect the underlying texture in the images. First an automatic groundtruth

construction protocol is described and is followed by a statistical decisionrule that

usesa Gaussianclassi¯er. A statistical framework to estimate the true classi¯cation

resultsusing the mislabeling probabilities of the automatic groundtruth construction

protocol is also described in this chapter. Chapter 6 describesthe decisionmethods

usedfor rank-ordering the databaseimagesaccordingto their similarit y to the query

image. In Chapter 7, ¯rst we describe the databasepopulation, then we present

the results of the feature selectionalgorithms described in Chapter 5, and ¯nally we

demonstratethe e®ectivenessof our featuresin both imageclassi¯cation and image

retrieval. Example queriesare presented and analysisof error pictures is also made

in this chapter. Finally, Chapter 8 concludesby ¯rst giving a summary and then

discussingsome future research directions. Details of the de¯nitions used in the

derivations in Chapter 2 can be found in the Appendices.
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LINE-ANGLE-RA TIO STATISTICS

In Section 1.3 we de¯ned the problem as ¯nding e±cient textural representa-

tions for images.Experiments on various typesof imagesshowed us that one of the

strongest spatial features of an image is its line segments and the anglesbetween

intersecting line segments [62]. Edgeand line information has beenextensively used

sincevery early approachesto texture. Rosenfeld[50, 49] discussedthat line content

of an imagecan be usedto represent texture in the image. Therefore,an imagecan

be roughly represented by the lines extracted from it.

In this chapter, we describe how we extract texture information using lines ex-

tracted from an imageas textural primitiv esas well as using the properties of their

surroundingsto assignsignaturesto imagesfor content-basedretrieval. In doing so,

¯rst we discussthe pre-processingsteps, then we present the details of feature ex-

traction. In this work we assumethat imagesin the databasehave someline content.

2.1 Pre-pro cessing

Sinceour goal is to ¯nd a sectionin the databasewhich is relevant to the input query,

before retrieval, each image in the databaseis divided into overlapping sub-images.

The protocol for databasepopulation will be described in detail in Chapter 7. Each

sub-imageis then processedo²ine by Canny's edgedetector [12], Etemadi's edge

linker [21], line selectionoperator and line grouping operator to detect line pairs to

associate with each sub-imagein each imagea set of feature records.Goal of the line

selectionoperator is to perform hypothesistests to eliminate lines that do not have
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signi¯cant di®erencebetween the gray level distributions on both sidesand goal of

the line grouping operator is to ¯nd intersecting and/or near-intersecting line pairs.

In the following sectionswe describe the line selectionand line grouping operators in

more detail.

2.1.1 Line Selection

Edgedetection followed by line detection operatorsoften result in many falsealarms.

It is especially hard to selectproper parametersfor theseoperators if one doesnot

havegroundtruth information astraining data. After line detection,weusehypothesis

testing to eliminate linesthat do not havesigni¯cant di®erencebetweenthe gray level

distributions in the regionson their right and left.

Yakimovsky [61] useda similar approach to ¯nd edgesfor object boundary detec-

tion. He useda maximum-likelihood test to decideon whether two setsof mutually

exclusive neighborhoods of a pixel, which are assumedto have normally distributed

gray levels, have the samedistributions or not. If the hypothesisthat two neighbor-

hoods have the samedistributions can be rejected, the pixel is labeled as an edge

pixel.

The algorithm we develop for line selectioncan be described as follows. Let the

set of N gray levels x1; x2; : : : ; xN are samplesfrom the region to the right of a line

and the set of M gray levelsy1; y2; : : : ; yM are samplesfrom the region to the left of

that line. To select thesesamples,¯rst, De¯nition 3 in Appendix A is usedto ¯nd

pixels that are within 6 pixel neighborhood of the line and then, De¯nition 5 is used

to determinewhich onesare on the left and which onesare on the right. We assume

that the samplesin both setsare drawn from normal distributions

x1; x2; : : : ; xN » N (¹ x ; ¾2
x ) (2.1)

and

y1; y2; : : : ; yM » N (¹ y; ¾2
y): (2.2)
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We want to test whether thesetwo setsof valuescomefrom the samedistribution or

not.

Let's de¯ne ¹x and ¹y, which areaveragesof xn ; n = 1; : : : ; N and ym ; m = 1; : : : ; M

respectively, as

¹x =
1
N

NX

n=1

xn (2.3)

and

¹y =
1

M

MX

m=1

ym : (2.4)

Then, we have

¹x » N

Ã

¹ x ;
¾2

x

N

!

(2.5)

and

¹y » N

Ã

¹ y;
¾2

y

M

!

: (2.6)

Then the random variable z

z = ¹x ¡ ¹y (2.7)

hasa distribution

N (¹ z; ¾2
z) = N

Ã

¹ x ¡ ¹ y;
¾2

x

N
+

¾2
y

M

!

: (2.8)

For the hypothesistesting, let's de¯ne the null hypothesisas

H0 : ¹ x = ¹ y = ¹ and ¾x = ¾y = ¾ (2.9)

which meansgray levelsxn ; n = 1; : : : ; N and ym ; m = 1; : : : ; M comefrom the same

distribution, and the alternative hypothesisas

H1 : H0 not true (2.10)
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which meanstwo sets of gray levels come from di®erent distributions. We do not

know the parameters¹ and ¾but it is not important becausethey cancelout in the

derivations.

To form the test statistic, we de¯ne two random variablesA and B as

A =
µ z ¡ ¹ z

¾z

¶ 2

(2.11)

and

B =
1

N ¡ 1

NX

n=1

µ x ¡ ¹x
¾x

¶ 2

+
1

M ¡ 1

MX

m=1

Ã
y ¡ ¹y

¾y

! 2

: (2.12)

Under the null hypothesis,the randomvariablesin equations(2.11)and (2.12)become

A =
z2

( 1
N + 1

M )¾2
(2.13)

and

B =
1

(N ¡ 1)¾2

NX

n=1

(x ¡ ¹x)2 +
1

(M ¡ 1)¾2

MX

m=1

(y ¡ ¹y)2: (2.14)

We have

A » Â2
1 (2.15)

and

B » Â2
N + M ¡ 2: (2.16)

Then, we form the test statistic F as

F =
A=1

B=(N + M ¡ 2)

=
(¹x ¡ ¹y)2

1
N ¡ 1

P N
n=1 (x ¡ ¹x)2 + 1

M ¡ 1

P M
m=1 (y ¡ ¹y)2

N + M ¡ 2
1
N + 1

M

(2.17)

which follows the distribution F1;N + M ¡ 2 [14].

Given a threshold ®, if P(F j1; N + M ¡ 2) < ®, the alternative hypothesis is

accepted;otherwise,the null hypothesisis accepted.If the null hypothesisH 0 is true,

the line is rejected, if the alternate hypothesisH1 is true, the line is acceptedas a

signi¯cant onebecausethe distributions on either sidesof it aresigni¯cantly di®erent.
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2.1.2 Line Grouping

After hypothesistesting, remainingarethe linesthat aresigni¯cant enoughaccording

to our test statistic. Now, we want to ¯nd intersecting and near-intersecting ones

amongthem.

Given two lines L 1 and L2 with end points (P1; P2) =

0

B
@

2

6
4

r1

c1

3

7
5 ;

2

6
4

r2

c2

3

7
5

1

C
A and

(P3; P4) =

0

B
@

2

6
4

r3

c3

3

7
5 ;

2

6
4

r4

c4

3

7
5

1

C
A respectively, equationsof them can be written as

L1 : P = P1 + ¸ 1(P2 ¡ P1); (2.18)

L2 : P = P3 + ¸ 2(P4 ¡ P3) (2.19)

using De¯nition 1 in Appendix A. The following conditions should be satis¯ed for

intersection:

r1 + ¸ 1(r2 ¡ r1) = r3 + ¸ 2(r4 ¡ r3); (2.20)

c1 + ¸ 1(c2 ¡ c1) = c3 + ¸ 2(c4 ¡ c3): (2.21)

If (r4 ¡ r3)(c2 ¡ c1) = (r2 ¡ r1)(c4 ¡ c3), lines L 1 and L2 are parallel. If also

(r2 ¡ r1)(c3 ¡ c1) = (r3 ¡ r1)(c2 ¡ c1), end points P1, P2, P3, P4 are colinear. If neither

of thesecasesare true, ¸ 1 and ¸ 2 can be derived from equations(2.20) and (2.21) as

¸ 2 =
(r2 ¡ r1)(c3 ¡ c1) ¡ (r3 ¡ r1)(c2 ¡ c1)
(r4 ¡ r3)(c2 ¡ c1) ¡ (r2 ¡ r1)(c4 ¡ c3)

(2.22)

and

¸ 1 =
r3 ¡ r1

r2 ¡ r1
+ ¸ 2

r4 ¡ r3

r2 ¡ r1
if r1 6= r2

or

=
c3 ¡ c1

c2 ¡ c1
+ ¸ 2

c4 ¡ c3

c2 ¡ c1
if c1 6= c2:

(2.23)

Let's de¯ne Tol as the tolerance, in number of pixels, for the end points of the

lines to intersect. We needto de¯ne this toleranceto allow near-intersection instead
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of exact end point intersection. To determine the tolerancesfor ¸ 1 and ¸ 2, two new

tolerances¿1 and ¿2 can be de¯ned as

¿1 =
Tol

jjP2P1jj

=
Tol

q
(r2 ¡ r1)2 + (c2 ¡ c1)2

(2.24)

and

¿2 =
Tol

jjP4P3jj

=
Tol

q
(r4 ¡ r3)2 + (c4 ¡ c3)2

:
(2.25)

If ¿1 · ¸ 1 · 1 ¡ ¿1 and ¿2 · ¸ 2 · 1 ¡ ¿2, two lines crosseach other, if (¿1 · ¸ 1 ·

1¡ ¿1 and (j¸ 2j < ¿2 or j¸ 2 ¡ 1j < ¿2)) or (¿2 · ¸ 2 · 1¡ ¿2 and (j¸ 1j < ¿1 or j¸ 1 ¡

1j < ¿1)), two lines have a T-lik e intersection,and if (j¸ 1j < ¿1 or j¸ 1 ¡ 1j < ¿1) and

(j¸ 2j < ¿2 or j¸ 2 ¡ 1j < ¿2), two lines intersect at the end points within the given

tolerance. Then, the intersection point

2

6
4

r

c

3

7
5 can be found by substituting ¸ 1 into

the equation (2.18) as
2

6
4

r

c

3

7
5 =

2

6
4

r1

c1

3

7
5 + ¸ 1

2

6
4

r2 ¡ r1

c2 ¡ c1

3

7
5 : (2.26)

Examplesof, what wecall, crossinglines,T-lik e intersectionsand linesintersecting

at endpoints aregiven in Figure 2.1. Examplesfor the pre-processingstepsaregiven

in Figure 2.2.

2.2 Computation of Features

The featuresfor each pair of intersectingand near-intersecting line segments consist

of the angle between two lines and the ratio of mean gray level inside the region

spannedby that angleto the meangray level outside that region.
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(a) Crossing lines. (b) T-lik e intersections. (c) Intersection at

end points.

Figure 2.1: Line grouping examples.

The feature extraction processis done as follows. After the line segments are

extracted from a sub-image,they are grouped into pairs that have intersection/near-

intersection inside that sub-image. Then, for each pair, the angle betweenthe lines

and the corresponding mean gray level ratio are computed. Details of the feature

extraction processare given in the following sections.

2.2.1 Angle Computation

The angle betweentwo lines is given by De¯nition 2 in Appendix A. This formula

results in anglevaluesthat are in the range[0±; 180±]. Angles that are lessthan 10±

or greater than 170± are ignoredbecausetheseline pairs usually are broken segments

of longer lines. A proper approach to avoid broken lines can be to usea line-¯tting

and noisecleaningalgorithm asa pre-processingstep. An examplefor noisecleaning

on lines can be found in [62] whereZhou ¯rst assumeda line perturbation model and

then used least-squaresline-¯tting to connect the broken lines. We do not useany

line-¯tting step in order not to decreasethe speedof the feature extraction process.
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(a) Grayscaleimage. (b) Gradient image.

(c) Extracted lines after line detection op-

erator.

(d) Accepted lines after line selectionoper-

ator.

Figure 2.2: Line selectionand grouping pre-processingsteps.
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(e) Rejected lines after line selectionoper-

ator.

(f ) Resulting lines after line grouping op-

erator.

Figure 2.2: Line selectionand grouping pre-processingsteps(cont.).

2.2.2 Ratio Computation

The secondfeature computed for each pair of intersecting/near-intersecting lines is

the ratio of the meangray level inside the region spannedby them to the meangray

level outside that region. The regionsusedto compute the meansare found by the

convention below:

² in region is de¯ned as the pixels that fall into the region boundedby segments

with length that is 80 percent of the length of the bounding lines

² out region is de¯ned as the pixels that fall in the region bounded by any one

of the line segments and the shifted version of that line segment by a de¯ned

amount.
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Details of this region convention are explained in Appendix B. An example is

given in Figure 2.3. The light shadedregionsand dark shadedregionsshow the in

and out regionsrespectively. The meansarecomputedfor the regionsthat arewithin

the sub-imageborders.

(a) Pairs of intersecting lines. (b) Regionsused for mean calcula-

tion.

Figure 2.3: Examplesof regionconvention for meanratio calculation. Light and dark

shadedregionsshow the in and out regionsrespectively.

Sincethe possiblerange of ratio valuesis in¯nite, we restrict them to the range

[0; 1). To makea ratio valuefall into this range,wetakethe reciprocal of it if the inner

region is brighter than the outer region. The resulting ratios cannot be 1 because

we guarantee to have lines that are signi¯cant enoughby hypothesistesting during

the line extraction process.To restrict the range,onemight considersaturating ratio

valuesat a value L which is greater than 1. We observed that this solution doesnot

work well becauseratio valuesarenot equally probablesincethey arecollectedin the

range[0; 1) if the inner region is brighter, and spreadedout in the range(1; L] if the

outer region is brighter.
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2.3 Texture Histogram

The features that are extracted from the image form a two-dimensionalspaceof

angles and the corresponding ratios. This two-dimensional feature spaceis then

partitioned into a ¯xed set of Q cells. The signature vector, that we will call as

feature vector in the rest of the thesis, for each sub-imageis then the Q-dimensional

vector which has for its q'th component the number of angle-ratio pairs that fall

into that q'th cell. As can be seenin Figure 2.4(a), these features do not have a

uniform distribution. Therefore,to form this partition of Q cells,the standard vector

quantization algorithm [38] is usedas the training algorithm. Then, a feature vector

can be formed by counting the number of angle-ratio pairs that are assignedto each

cell accordingto the Euclideandistance. This forms the texture histogram.

2.4 Feature Selection

One can selectQ, the number of quantization cells,either heuristically or usingsome

formal methods. In Chapter 5, we will ¯rst review someprevious work on feature

selection,then describe the statistical methods we use. In order to reducethe search

spacefor Q, we consideronly 15, 10 and 25 as the possiblenumber of quantization

cells. In Section7.2.1,we will present the results of the tests and selectthe value we

usein the rest of the experiments.

To give an idea how the line-angle-ratio feature spacelooks like, distribution of

the training samplesusedin the experiments are shown in Figure 2.4(a). Centroids

of the resulting partitions using 15, 20 and 25 quantization cellsare given in Figures

2.4(b), 2.4(c) and 2.4(d) respectively.
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(a) Distribution of the training sam-

ples.
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(b) Resulting partitions for 15 quan-

tization cells.
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(c) Resulting partitions for 20 quan-

tization cells.
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(d) Resulting partitions for 25 quan-

tization cells.

Figure 2.4: Line-Angle-Ratio featurespacedistribution and centroids of the resulting

partitions with di®erent number of quantization cells.
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2.5 Summary

The pre-processingand feature extraction steps for the line-angle-ratio statistics

method are summarizedin the object/pro cessdiagram in Figure 2.5. Given a sub-

image,the featuresare computedusing the following steps:

² Perform edgedetection.

² Perform edgelinking.

² Perform line selectionto eliminate insigni¯cant lines.

² Perform line grouping to ¯nd intersecting/near-intersecting lines.

² Compute anglesbetweenpairs of intersecting/near-intersecting lines.

² Compute ratios of meangray levels inside and outside the regionsspannedby

theselines.

² Compute the texture histogramsby counting the angle-ratiopairs that fall into

each partition in the two-dimesionalfeature space.
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Line Detection

Compute Angles Compute Mean Ratios

Line Image

Significant Lines
Image of

List of Ratios

Texture Histogram

Feature Vector

Line Grouping

Line Selection

Edge Image

Grayscale Image

Edge Detection

Image of Intersecting/

Near-intersecting Lines

List of Angles

Feature Extraction

Pre-processing

Figure 2.5: Object/pro cessdiagram for the pre-processingand feature extraction

stepsof the Line-Angle-Ratio Statistics method.



Chapter 3

VARIANCES OF GRA Y LEVEL SPATIAL

DEPENDENCIES

Structural approacheshave beenoneof the major research directions for texture

analysis. They use the idea that texture is composedof primitiv es with di®erent

properties appearing in particular spatial arrangements. On the other hand, statisti-

cal approachestry to model texture usingstatistical distributions either in the spatial

domain or in a transform domain. One way to combine thesetwo approaches is to

de¯ne texture as being speci¯ed by the statistical distribution of the properties of

di®erent textural primitiv esoccurring at di®erent spatial relationships.

A pixel, with its gray level as its property, is the simplest primitiv e that can be

de¯ned in a digital image. Consequently, distribution of pixel gray levels can be de-

scribed by ¯rst-order statistics like mean,standard variation, skewnessand kurtosis

or second-orderstatistics like the probability of two pixels having particular gray lev-

elsoccurring at particular spatial relationships. This information canbe summarized

in two-dimensionalco-occurrencematrices computed for di®erent distancesand ori-

entations. Coarsetextures are onesfor which the distribution changesslightly with

distance,whereasfor ¯ne textures the distribution changesrapidly with distance.

In the following sections,¯rst we review someof the previousapproachesto gray

level spatial dependencies,then this is followed by a formal de¯nition for gray level

co-occurrence,next we describe the pre-processingalgorithm, and ¯nally we discuss

the featureswe compute from theseco-occurrencematrices.
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3.1 Literature Ov erview and Motiv ation

The initial work on texture discrimination using gray level spatial dependencieswas

donein early seventies. In someearly comparative studies,researchershave observed

that gray level spatial dependency matrices were very successfulin disriminating

imageswith relatively homogeneoustextures. Although there are a few counter ex-

amples[32], an important amount of human texture discrimination is also shown to

be dependent on second-orderstatistics.

Julesz[32] was the ¯rst to conduct experiments to determine the e®ectsof high-

order spatial dependencieson the visual perceptionof synthetic textures. He showed

that, although with few exceptions, textures with di®erent ¯rst- and second-order

probability distributions can be easily discriminated but di®erencesin the third- or

higher-orderstatistics are irrelevant [33].

Oneof the early approachesthat usespatial relationshipsof gray levels in texture

discrimination is [25], whereHaralick usedfeatureslike the angular secondmoment,

angular secondmoment di®erence,angular secondmoment inversedi®erence,and

correlation, computed from the co-occurrencematrices for automatic sceneidenti¯-

cation of remote sensingimagesand achieved 70%accuracy.

In [27], Haralick et al. again usedfeaturescomputedfrom the co-occurrencema-

trices to classifysandstonephotomicrographs,panchromatic aerial photographs,and

ERTS multispectral satellite images. The features they computed are angular sec-

ond moment, contrast, correlation, sum of squares,inversedi®erencemoment, sum

average, sum variance, sum entropy, entropy, correlation and maximal correlation

coe±cient, which relate to speci¯c textural characteristicsof an imagesuch ashomo-

geneity, contrast and the presenceof organizedstructure. They obtained accuracies

between 80-90%for di®erent datasets they did tests on. Although they used only

someof the featuresthey de¯ned and did not use the sameclassi¯cation algorithm

for di®erent datasetsin their tests, it can be concludedthat featuresthey compute
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from co-occurrencematrices performed well in distinguishing betweendi®erent tex-

ture classesin many kinds of imagedata.

Weszka et al. [59] made a comparative study of four texture classi¯cation algo-

rithms; Fourier power spectrum, co-occurrencematrices, gray level di®erencestatis-

tics and gray level run length statistics, to classifyaerial photographicterrain samples

and alsoLANDSAT images.They obtained resultssimilar to Haralick's [27] and con-

cluded that features computed from co-occurrencematrices perform as well as or

better than other algorithms.

Another comparative study was done by Connersand Harlow [16]. They used

Markov-generatedimagesto evaluate the performancesof di®erent texture analysis

algorithms for automatic texture discrimination and concludedthat the spatial gray

level dependenciesmethod performedbetter than the gray level run length method,

power spectrum method and gray level di®erencemethod. In [18], they usedtheoreti-

cal comparisonmethodologiesto evaluate the performancesof thesealgorithms. They

againusedMarkov-generatedimagesand concludedthat spatial gray level dependen-

ciesmethod performedbetter than the other three. Thesetheoretical conclusionsare

consistent with the experimental results of Weszka et al. [59]. Speci¯cally for the

spatial gray level dependenciesmethod, they concludedthat usingmultiple distances

improve performancebut the commonly used measuresof inertia, energy, entropy,

correlation and local homogeneity do not capture all of the important texture infor-

mation contained in the spatial gray level dependencymatrices.

A more recent study that comparesfour textural featureswas done by Ohanian

and Dubes[46]. They evaluated the performanceof Markov Random Field features,

Gabor ¯lter features, co-occurrencefeatures and fractal features in terms of their

abilit y to classifysingle-textureimages.The criteria usedfor performancewasbased

on the probability of misclassi¯cation using a k-nearestneighbor decisionrule with

the leave-one-outmethod. Whitney's [60] forward selectionalgorithm was usedfor

feature selection. Experiments conductedon synthetic imagesgeneratedby fractal
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methods and GaussianMarkov RandomFields and natural imagesof di®erent types

of leather and painted surfacesshowed that co-occurrencefeaturesagain performed

the best, followed by the fractal features,for this dataset with 32£ 32 samplesfrom

each type of images.

From theseexperiments, it can be concludedthat spatial gray level dependency

matricescarry a signi¯cant amount of texture information in imageswith somehomo-

geneouslytextured regionsand perform better than many other texture extraction

algorithms, that were listed above, in the micro-texture level. This seemsto be a

good choicefor our application of ¯nding imageshaving similar sections.

3.2 Gra y Lev el Co-o ccurrence

Co-occurrence,in generalform [20, 26],canbespeci¯ed in a matrix of relativefrequen-

ciesP(i; j ; d;µ) with which two neighboring texture elements separatedby distance

d at orientation µ occur in the image,one with property i and the other with prop-

erty j . In gray level co-occurrence,as a special case,texture elements are pixels and

properties are gray levels. For example, for a 0± angular relationship, P(i; j ; d;0±)

averagesthe probability of a left-right transition of gray level i to gray level j at a

distanced.

In the derivations below, origin of the image is de¯ned as the upper-left corner

pixel. Let L r = f 0; 1; : : : ; N r ¡ 1g and L c = f 0; 1; : : : ; Nc ¡ 1g be the spatial domains

of row and column dimensions,and G = f 0; 1; : : : ; Ng ¡ 1g be the domain of gray

levels. The image I can be represented as a function which assignsa gray level to

each pixel in the domain of the image; I : L r £ L c ! G. Then, for the orientations



32

shown in Figure 3.1, gray level co-occurrencematrices can be de¯ned as

P(i; j ; d;0±) = # f ((r; c); (r 0; c0)) 2 (L r £ L c) £ (L r £ L c)j

r 0¡ r = 0; jc0¡ cj = d; I (r; c) = i; I (r 0; c0) = j g

P(i; j ; d;45±) = # f ((r; c); (r 0; c0)) 2 (L r £ L c) £ (L r £ L c)j

(r 0¡ r = d;c0¡ c = d) or (r 0¡ r = ¡ d;c0¡ c = ¡ d);

I (r; c) = i; I (r 0; c0) = j g

P(i; j ; d;90±) = # f ((r; c); (r 0; c0)) 2 (L r £ L c) £ (L r £ L c)j

jr 0¡ r j = d;c0¡ c = 0; I (r; c) = i; I (r 0; c0) = j g

P(i; j ; d;135±) = # f ((r; c); (r 0; c0)) 2 (L r £ L c) £ (L r £ L c)j

(r 0¡ r = d;c0¡ c = ¡ d) or (r 0¡ r = ¡ d;c0¡ c = d);

I (r; c) = i; I (r 0; c0) = j g:

(3.1)

90
0

135
0

45
0

0
0

234

5

6 7 8

1

c
(0,0)

r

Figure 3.1: Spatial arrangements of pixels.

Resulting matricesaresymmetric. The distancemetric usedin equation(3.1) can

be explicitly de¯ned as

½((r; c); (r 0; c0)) = maxfj r ¡ r 0j; jc ¡ c0jg: (3.2)

Figure 3.2 shows an example for co-occurrencematrix computation from [27] for a

4 £ 4 imagewith gray levels between0 and 3.

These matrices can be normalized by dividing each entry in a matrix by the

number of neighboring pixels used in computing that matrix. Given distance d,
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Figure 3.2: Examplesfor co-occurrencematrix computation from Haralick [27].
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this number is 2N r (Nc ¡ d) for 0± orientation, 2(N r ¡ d)(Nc ¡ d) for 45± and 135±

orientations, and 2(N r ¡ d)Nc for 90± orientation.

Weszka et al. [59] discussedthat if a texture is coarseand the distance d used

to compute the co-occurrencematrix is small comparedto the sizesof the texture

elements, pairs of pixels at separationd shouldusually have similar gray levels. This

meansthat high valuesin the matrix P(i; j ; d;µ) shouldbeconcentrated on or nearits

main diagonal. Conversely, for a ¯ne texture, if d is comparableto the texture element

size,then the gray levels of points separatedby d should often be quite di®erent, so

that values in P(i; j ; d;µ) should be spreadout relatively uniformly. Similarly, if a

texture is directional, i.e. coarserin onedirection than another, the degreeof spread

of the valuesabout the main diagonal in P(i; j ; d;µ) shouldvary with the orientation

µ. Thus texture directionality can be analyzedby comparingspreadmeasuresof the

P(i; j ; d;µ) for various orientations.

Example co-occurrencematrices are given in Figures 3.3 and 3.4. In Figure 3.3,

the grayscaleimagehassmall amount of local spatial variations so the co-occurrence

valuesare concentrated near the main diagonals. On the other hand, in Figure 3.4,

gray levels have larger amount of local spatial variations so co-occurrencematrices

are more sparse.

3.3 Pre-pro cessing

Before computing co-occurrencematrices, a common approach is to apply Equal

Probability Quantization asa pre-processingstep [27, 49, 59, 16, 56, 17, 19, 63]. The

idea is to overcomethe e®ectsof monotonic transformations of the true imagegray

levels causedby the variations in lighting, lens, ¯lm, developer and digitizers. Equal

probability quantization guaranteesthat imageswhich aremonotonictransformations

of each other producethe sameresults (pleaserefer to [27] for a proof).

Connersand Harlow [17] examined the e®ectsof distortions causedby the dif-
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(a) Grayscaleimage.

µnd 1 2 3 4 5

0±

45±

90±

135±

(b) Co-occurrencematrices for di®erent (d;µ).

Figure 3.3: Co-occurrencematricesfor an imagewith a small amount of local spatial

variations.
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(a) Grayscaleimage.

µnd 1 2 3 4 5

0±

45±

90±

135±

(b) Co-occurrencematrices for di®erent (d;µ).

Figure 3.4: Co-occurrencematrices for an imagewith a large amount of local spatial

variations.
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ferencesin exposuretime, development temperature, development time and scanner

settingson radiographic imagesand showed that equalprobability quantization nor-

malizesthe imagecontrast, providesa near-optimalway to reducethe number of gray

levels in an imagewhile retaining an accuraterepresentation, and makesspatial gray

level dependencymatrices invariant to the distortions mentioned above.

We use the algorithm in [27] which iterativ ely tries to quantize the remaining

unquantized gray levels into the remaining number of levels. The algorithm can be

summarizedas follows:

² Let x be a non-negative random variable with a cumulative probability distri-

bution function Fx .

² Let Gx , the K {level equal probability quantization function for x, be de¯ned

asGx = k if and only if gk¡ 1 · x < gk , wheregk¡ 1 and gk are the end points of

the k'th quantization level and k = 1; : : : ; K .

² Iterate to ¯nd the quantization levels gk 's as follows:

{ Let g0 = 0.

{ Assumegk¡ 1 is de¯ned.

{ Then gk is the smallestnumber such that
¯
¯
¯
¯
¯
1 ¡ Fx (gk¡ 1)
K ¡ (k ¡ 1)

¡ (Fx (gk) ¡ Fx (gk¡ 1))

¯
¯
¯
¯
¯
·

¯
¯
¯
¯
¯
1 ¡ Fx (gk¡ 1)
K ¡ (k ¡ 1)

¡ (Fx (g) ¡ Fx (gk¡ 1))

¯
¯
¯
¯
¯
; 8g: (3.3)

Examples are given in Figures 3.5 and 3.6. Although the original image and

its monotonically transformed imagesin Figure 3.5 have signi¯cantly di®erent co-

occurrencematrices, equal probability quantized versionsof them result in approx-

imately the sameco-occurrencedistributions of gray levels in Figure 3.6. This fact
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will make the features,thereforethe similarit y computation, invariant to distortions

resulting in monotonic gray level transformations.

In the experiments that will be described in Chapter 7, we use 64 quantization

levelsbecauseit performedthe bestamong16,32and 64levelsin termsof \total cost"

that will bede¯ned in Chapter 5. In the literature, usually small number of levelswere

usedbecausethe imagesunderconsiderationusuallycontained homogeneoustextures,

but our images,that will be presented in Section7.1, are much more complex than

those imagesand small number of levels causesigni¯cant information loss.

3.4 Textural Features

In order to use the information contained in the gray level co-occurrencematrices,

Haralick et al. [27] de¯ned 14 statistical measureswhich measuretextural character-

istics like homogeneity, contrast, organizedstructure, complexity, and nature of gray

level transitions. Sincemany distancesand orientations result in a very largenumber

of values,computation of co-occurrencematrices and extraction of textural features

from them becomeinfeasible for an image retrieval application which requires fast

computation of features. We decidedto useonly the variance

v(d;µ) =
Ng ¡ 1X

i =0

Ng ¡ 1X

j =0

(i ¡ j )2P(i; j ; d;µ) (3.4)

which is a di®erencemoment of P and measuresthe contrast in the image. Rosenfeld

and Troy [50] called this feature the moment of inertia. It will have a large value

for imageswhich have a large amount of local spatial variation in gray levels and a

smaller value for imageswith spatially uniform gray level distributions.

Connersand Harlow [19] used a tiling model for texture which is composedof

parallelogramunit patterns as primitiv esand usedthe inertia feature for periodicity

detection. They showed that the local minima of the inertia feature computed at

di®erent distancesat a given orientation are candidatepoints for periodicity at that
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Figure 3.5: Example imagesmotivating the Equal Probability Quantization Algo-

rithm. First column shows the original grayscale image, secondcolumn shows an

image that is made brighter and third column shows an image that is made darker

by monotonic transforms on gray levels. Corresponding gray level histograms, cu-

mulative histogramsand co-occurrencematricesare plotted in the second,third and

fourth rows respectively.
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Figure 3.6: Results of the Equal Probability Quantization Algorithm performed on

the imagesin Figure 3.5 using 64 levels. First column shows the quantized version

of the original grayscale image, secondcolumn shows the quantized version of the

brightened imageand third column shows the quantized versionof the darkenedim-

age. Corresponding gray level histograms,cumulative histogramsand co-occurrence

matricesare plotted in the second,third and fourth rows respectively. Note that the

co-occurrencematrices are almost the samefor all three images.
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orientation becausean ideal co-occurrencematrix shouldbe a diagonalmatrix which

results in zerovariancefor that distanceand orientation. Other useful properties of

the inertia measurewas listed as de¯ning the shape, size and orientation of paral-

lelogram shaped tiles to represent periodic textures, embodying all the information

contained in power spectrum, and being insensitive to the arbitrary selectionof unit

patterns.

Gotlieb and Kreyszig[23] usedheuristic selectionmethodsto selectthe bestsubset

of featuresthat can be computed from co-occurrencematrices. The heuristics they

used are basedon the idea that, when multiple texture labels are assignedto im-

agesin decreasingorder of assignment probabilities, the correct texture label should

be ranked at the top most of the times. They performed tests using small and ho-

mogeneoustexture imagesand found that the variance feature performed the best,

followed by the inversedi®erencemoment and the entropy features.

3.5 Feature Selection

Here a problem arises as deciding on which distancesto use to compute the co-

occurrencematrices. Researcherstried to developmethodsto selectthe co-occurrence

matrices that re°ect the greatest amount of texture information from a set of can-

didate matrices obtained by using di®erent spatial relationships. In [56], Tou and

Chang usedan eigenvector-basedapproach and Karhunen-Loeve expansionto elim-

inate dependent features. Zucker and Terzopoulos [63] interpreted intensity pairs in

an imageassamplesobtained from a two-dimensionalrandom processand de¯ned a

chi-squaretest to determinewhether their observed frequenciesof occurrencesappear

to have beendrawn from a distribution wheretwo intensitiesare independent of each

other.

We use the methods that will be described in Chapter 5 to select the distances

that perform the best amongdistancesof 1 to 20 pixels, accordingto our statistical



42

measures.Resultsof thesetests are presented in Section7.2.2.

3.6 Summary

The pre-processingand feature extraction stepsfor the variancesof gray level spatial

dependenciesmethod are summarizedin the object/pro cessdiagram in Figure 3.7.

Given a sub-image,the featuresare computedusing the following steps:

² Perform equalprobability quantization.

² Compute gray level spatial dependency matrices for di®erent distancesand

orientations.

² Compute variancesof thesematrices to form the feature vector.

Portions of this work was published in [4].
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Figure 3.7: Object/pro cessdiagram for the pre-processingand feature extraction

stepsof the Variancesof Gray Level Spatial Dependenciesmethod.



Chapter 4

MUL TI-SCALE TEXTURE ANAL YSIS

In Chapters2 and 3 wedescribedhow weassigna featurevector to each of the sub-

imagesin the databaseusing line-angle-ratio statistics and co-occurrencevariances.

In this chapter we will addressthe problem of combining thesefeaturesin order to

make useof their di®erent advantages. A third feature extraction algorithm will also

be introduced in order to capture the texture information that cannot be described

by the ¯rst two set of features.

4.1 Motiv ation

Line-angle-ratio featuresthat weredescribed in Chapter 2 capture the global spatial

organization in an image by using relative orientations of lines extracted from it,

therefore they can be regardedas a macro-texture measure. Unfortunately, these

featuresare not e®ective if the imagedoesnot have any line content. On the other

hand, co-occurrencevariancesthat weredescribed in Chapter 3 capture local spatial

variations of gray levels in the image. Therefore, these featuresare e®ective if the

image is dominated by a ¯ne, coarse,directional, or repetitiv e texture and can be

regardedas a micro-texture measure.

Another important di®erenceis that line-angle-ratio featuresare invariant to ro-

tation becausethey use relative orientations. On the contrary, co-occurrencevari-

ancesare not rotation invariant becausethey are angularly dependent. We can argue

whether we want rotation invariancein a content-basedretrieval systemor not. One

can say that a rotated image is not the sameas the original image. For example,
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peoplestanding up and peoplelying down canbe regardedastwo di®erent situations

so these imagescan be perceived as quite di®erent. Thus, rotation invariance may

not be desirable.On the other hand, in a military target databasewe do not want to

missa tank when it is in a di®erent orientation in an imagein our databasethan its

orientation in the query image. This dilemma is alsopresent in object-basedqueries.

In this work, we usethe co-occurrencefeature vector described in Chapter 3 which is

rotation variant. If one wants rotation invariancefor thesefeaturestoo, the feature

vector can be modi¯ed asdiscussedin [27]. This modi¯cation procedureinvolvesus-

ing mean,rangeand deviation of featuresfor each distanceover the four orientations

as new features.

4.2 Orthogonal Di®erencing Kernels

When a large databasecontains di®erent types of complex images, a multi-scale

analysisis crucial for a generaland compact representation. The sub-imagesin our

databaseare of size256£ 256. We assumethat textures at a scalebetweenmicro

and macro scalescorrespond to blob-like structures with sizesaround 16£ 16.

If an imagecontains blob-like16£ 16structures, this information canbeextracted

using di®erencingkernels. We de¯ne two 1-D di®erencingkernelsas

g1 = [ 1 1 ¡ 1 ¡ 1 ] ; g2 = [ ¡ 1 1 1 ¡ 1 ]: (4.1)

Thesekernelsare orthogonal to each other and can be used to construct four 2-D
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orthogonal kernels

k1 = g0
1g1 =

2
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k3 = g0
1g2 =
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:(4.3)

To detect 16 £ 16 blobs using these 2-D kernels, ¯rst the image I is smoothed

and sampledat 8 £ 8 non-overlapping blocks. The resulting imageis 32£ 32. Then,

this image is ¯ltered and sampledat 4 £ 4 non-overlapping blocks using the kernels

k1, k2, k3 and k4. We call the resulting 8 £ 8 imagesI 1, I 2, I 3 and I 4 respectively.

The algorithm is summarizedin Figure 4.1 asstagescomposedof sequential ¯ltering

operations. Finally, we compute the sum of absolutevaluesas a single feature f for

the imageI as

f =
4X

i =1

X

( r ;c ) 2
f 0::: 7g£f 0::: 7g

jI i (r; c)j: (4.4)

4.3 Com bined Features

In this work, we append the line-angle-ratio features, co-occurrencefeatures and

di®erencingkernel featuresto obtain a single combined feature vector for each sub-

image. Weighted combinations or evenpolynomial combinations [10] canalsobeused.

In the rest of the thesiswe will denotethe sizeof a feature vector by Q, whether it is

computedfrom line-angle-ratiostatistics, co-occurrencevariances,di®erencingkernels

or it is the combined feature vector.
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Figure 4.1: Orthogonal di®erencingkernels. From left to right, the ¯rst stageshows

smoothing by 8£ 8 non-overlappingblocks. The secondstageshows ¯ltering by 4£ 4

non-overlapping blocks using the kernels k1, k2, k3 and k4. Final stage shows the

resulting 8 £ 8 images.
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In the following sectionwe describe how the individual featurescanbe normalized

to equalizetheir e®ectsin the combined feature vector.

4.4 Feature Normalization

Not all featureshave the samerange. In order to approximately equalizetheir ranges

and make them have approximately the samee®ectin the computation of similarit y,

we have to normalize them. Given a Q-dimensionalfeature vector f = [f 1f 2 ¢¢¢f Q],

a set of lower bounds l = [l1l2 ¢¢¢lQ] and a set of upper boundsu = [u1u2 ¢¢¢uQ] for

the components of f , we can obtain a normalizedfeature vector f 0 as

f 0
q =

f q ¡ lq
uq ¡ lq

; q = 1; : : : ; Q: (4.5)

This procedure results in features all being in the range [0; 1]. During database

update, if any new feature f q is out of the range [lq; uq], the bounds for that q'th

feature are updated as

l0
q = f q if f q < lq

u0
q = f q if f q > uq

(4.6)

where l0
q and u0

q are the new bounds. We usethis method to normalize the features

usedin the experiments in Chapter 7.

Another normalization procedure is to treat each component f q as a random

variableand transform it to anotherrandomvariablewith zeromeanandunit variance

as

f 0
q =

f q ¡ ¹ q

¾q
; q = 1; : : : ; Q (4.7)

where¹ q and ¾q are the samplemeanand the samplevarianceof the q'th component.

A third normalization procedureis to usethe fact that f 0
q = Ff q (f q), whereFf q (¢)

is the cumulative distribution function of f q, makesf 0
q a random variable uniformly

distributed in the interval (0,1) (equal probability quantization).



49

4.5 Summary

In this chapter, we described how we combine the line-angle-ratio featuresof Chap-

ter 2 and the co-occurrencefeatures of Chapter 3 to make use of their di®erent

advantages. A third feature extraction algorithm wasalsodescribed in order to cap-

ture the texture information that cannot be described by the ¯rst two features. A

normalization schemewasusedto equalizethe e®ectsof di®erent featuresin the com-

bined feature vector that was constructed by appending individual feature vectors.

Portions of this work was published in [5].



Chapter 5

FEA TURE SELECTION

In a content-based retrieval system, features that are used to represent images

should have closevaluesfor similar imagesand signi¯cantly di®erent valuesfor dis-

similar ones. In Chapter 1 we reviewed someof the featuresthat have beenusedin

content-based retrieval applications. Thesecomplex algorithms often require many

parametersto be adjusted. Most of the times this feature selectionprocessis done

heuristically.

In this chapter westart with discussingsomeof the previousapproachesto feature

selection.This is followed by the description of a statistical framework to obtain the

mostusefulsubsetof featuresamonga largersetof possibleonesthat canbeextracted

using the algorithms described in Chapters2, 3 and 4. Experiments performedusing

thesefeatureextraction algorithms will be presented in Chapter 7. The ultimate goal

of this work is to achive the best successrate while avoiding expensive and redundant

computation.

5.1 Literature Ov erview and Motiv ation

In computer vision and pattern classi¯cation, researchers mostly concentrated on

designingoptimal classi¯cation proceduresafter feature extraction [15]. They have

assumedthat the selectionof featuresis completely pre-determinedby the designer.

One of the main reasonswhy a smaller but more e®ective subsetof features is not

sought is that formulating a statistical feature selectionproblem is often impossible

becausethe probability distributions of the featuresmay not be known or an opti-
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mization problem involving \goodness" of featuresas an objective function is hard

to formulate. It is also possiblethat the available feature set is already small and

reducing the dimensionis not practical at all.

In many complexfeature extraction algorithms, there are many parametersthat,

when varied, result in a large number of possiblefeature measurements. Thesehigh

dimensional feature spacesmay causea problem of having lesssigni¯cant or even

redundant featuresthat contribute very little in the decisionprocess.

Early workson statistical pattern recognitionincludemany examplesof algorithms

for feature selection. Researchers tried to form a new set of features from a set of

available oneseither by selectinga subsetor by combining them into new features.

To solve the problem of selectingthe \b est" subsetof features,Chien [15] proposed

a sequential selectionalgorithm that successively selectsone of the ¯nite number of

pre-determinedfeature setsin each iteration accordingto the previousclassi¯cation

results. He proved that this procedureconvergesto the best performing subsetas

a limit but the successof his algorithm dependson the selectionof initial subsets.

To reducethe number of subsetsevaluated, Whitney [60] useda suboptimum search

procedurethat ¯rst selectsthe best single measurement, then selectsthe best pair

that includes the best single measurement that was already selected,and continues

by adding a single measurement that appears to be the best when combined with

the previously selectedsubsetof measurements. Another approach is Narendra and

Fukunaga's [45] branch and bound algorithm. They described an algorithm that

selectsthe best subset of a feature set with guaranteed global optimalit y of any

criterion that satis¯es monotonicity, without extensive search. They also discussed

suboptimal variants of the algorithm that are easierto compute by compromising

optimalit y. Jain and Dubes [30] de¯ned the goal as to generatea set of weakly

correlated primitiv e featureswhich discriminate well amongthe pattern classesand

described a two phasealgorithm that ¯rst createssubsetsof potential features by

clustering and then reduceseach subset into a single primitiv e feature by cluster
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compression.

Only a few researchers presented feature selectionalgorithms in their papers on

databaseretrieval. Among the ones reviewed in Chapter 1, Manjunath and Ma

[42] usedtotal di®erenceenergywithin the spectral coverageto selectamongmany

possibleGabor ¯lters and Carson et al. [13] used the minimum description length

principle to selectthe number of Gaussiansthat best model the feature space.Other

works that presented somekind of feature selectionare [47, 29, 39].

In our work, in order to ¯nd statistical measuresof how well someof the features

perform better than others, we use a two-classpattern classi¯cation approach. In

doing so,we de¯ne two classes,namely the relevanceclassA and the irrelevanceclass

B, in order to classify imagepairs as similar or dissimilar. Given a pair of images,if

theseimagesare similar, they should be assignedto the relevanceclass,if not, they

should be assignedto the irrelevanceclass.

In the following sections,¯rst we describe a protocol to automatically construct

groundtruth imagepairs and then we discussthe decisionrule and an experimental

procedurefor classi¯cation.

5.2 Automatic Groundtruth Construction

The protocol for constructing the groundtruth to determine the parametersof the

relevanceand irrelevanceclassesinvolvesmaking up two di®erent setsof sub-images

for each image i , i = 1; : : : ; I, in the database. The ¯rst set of sub-imagesbegins

in row 0 column 0 and partitions each image i into M i K £ K sub-images. These

sub-imagesare partitioned such that they overlap by half the area. We ignore the

partial sub-imageson the last group of columnsand last group of rows which cannot

make up the K £ K sub-images.This set of sub-imageswill be referredas the main

databasein the rest of the thesis.

The secondsetof sub-imagesareshifted versionsof the onesin the main database.
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They begin in row K/4 and column K/4 and partition the image i into Ni K £ K

sub-images. We again ignore the partial sub-imageson the last group of columns

and last group of rows which cannot make K £ K sub-images. This secondset of

sub-imageswill be referredas the test databasein the rest of the thesis.

To construct the groundtruth to determine the parameters,we record the rela-

tionships of the shifted sub-imagesin the test databasewith the sub-imagesin the

main databasethat werecomputedfrom the sameimage. The featurevector for each

sub-imagein the test databaseis strongly related to four feature vectorsin the main

databasein which the sub-imageoverlap is 9/16 of the sub-imagearea. From these

relationships,we establisha strongly related sub-imagesset Rs(n) for each sub-image

n wheren = 1; : : : ; Ni .

We assumethat, in an image,two sub-imagesthat do not overlap are usually not

relevant. From this assumption, we randomly select four sub-imagesthat have no

overlap with the sub-imagen. Thesefour sub-imagesform the other sub-imagesset

Ro(n).

Thesegroundtruth sub-imagepairs constitute the relevanceclassA i ,

A i = f (n; m)j m 2 Rs(n) ; n = 1; : : : ; Ni g; (5.1)

and the irrelevanceclassBi ,

Bi = f (n; m)j m 2 Ro(n) ; n = 1; : : : ; Ni g (5.2)

for each imagei . Then, the overall relevanceclassbecomes

A = A 1 [ A 2 [ ¢¢¢[ A I (5.3)

and the overall irrelevanceclassbecomes

B = B1 [ B2 [ ¢¢¢[ BI : (5.4)

An examplefor the overlapping concept is given in Figure 5.1 where the shaded

region shows the 9/16 overlapping. For K = 128,sub-imageswith upper-left corners



54

at (0,0), (0,64), (64,0), (64,64) and (192,256)are examplesfrom the main database.

The sub-imagewith upper-left corner at (32,32) is a sub-imagein the test database.

For this sub-image,Rs will consist of the sub-imagesat (0,0), (0,64), (64,0), and

(64,64) becausethey overlap by the required amount. On the other hand, Ro will

consist of four randomly selectedsub-images,one being the sub-imageat (192,256)

for example,which are not in Rs and have no overlap with the test sub-image.The

pairs formed by the test sub-imageand the onesin Rs and Ro form the groundtruth

for the relevanceclassA and the irrelevanceclassB respectively. Note that for any

sub-imagewhich is not one of the sub-imagesshifted by (K/4,K/4), there is a sub-

image in the main databasewhich has an overlap of more than half the areaso this

9/16 overlap is the worst case. Sameconceptsare also illustrated on an image in

Figure 5.2.

sub-image

at (64,64)

sub-image

at (192,256)

sub-image

at (64,0)

sub-image

at (0,0)

test sub-image

at (32,32)

sub-image at (0,64)

c

r

Figure 5.1: The shadedregion shows the 9/16 overlapping betweentwo sub-images.

For K = 128, sub-imageswith upper-left cornersat (0,0), (0,64), (64,0) and (64,64)

form the setof stronglyrelated sub-images, Rs, for the test sub-imageat (32,32). Other

sub-imagesset consistsof four randomly selectedsub-imageswhich may include the

oneat (192,256).

In order to estimate the distribution of the relevanceclass,we ¯rst compute the
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sub-image
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at (0,0)
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sub-image

at (64,64)

overlap
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sub-image

at (64,320)

sub-image at (0,64)
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Figure 5.2: Overlappingsub-imagesare illustrated on an image. Sub-imagesat (0,0),

(0,64), (64,0) and (64,64) form the set of strongly related sub-imagesfor the test sub-

image at (32,32). The 9/16 overlap between the onesat (0,0) and (32,32) is also

illustrated.
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di®erencesd,

d = x(n) ¡ y(m) ; (n; m) 2 A ; x(n) ; y(m) 2 R Q (5.5)

whereQ is the number of features,and x (n) and y(m) are the feature vectorsof sub-

imagesn and m respectively. Sincecomponents of x (n) and y(m) are in the range[0,1],

components of d will be in the range[-1,1]. Then, we computethe samplemean,¹ A ,

and the samplecovariance,§ A , of thesedi®erences.We assumethat the di®erences

for the relevance class have a normal distribution with mean ¹ A , and covariance

matrix § A ,

f (dj¹ A ; § A ) =
1

(2¼)Q=2j§ A j1=2
e¡ (d¡ ¹ A )0§ ¡ 1

A (d¡ ¹ A )=2: (5.6)

Similarly, we compute the di®erencesd,

d = x(n) ¡ y(m) ; (n; m) 2 B; x(n) ; y(m) 2 R Q; (5.7)

then the samplemean,¹ B, and the samplecovariancematrix, § B, for the irrelevance

class.Then, the density for this classbecomes

f (dj¹ B; § B) =
1

(2¼)Q=2j§ B j1=2
e¡ (d¡ ¹ B )0§ ¡ 1

B (d¡ ¹ B )=2: (5.8)

The automatic groundtruth constructionprotocol is summarizedin the object/pro cess

diagram in Figure 5.3.

5.3 Classi¯cation Tests

In the previous section we constructed groundtruth image pairs for the relevance

and irrelevance classes. Since we know which non-shifted sub-imagesand shifted

sub-imagesoverlap, we also know which sub-imagepairs should be assignedto the

relevanceclassA and which to the irrelevanceclassB. So, to test the classi¯cation

e®ectivenessof the features,we check whether each pair that shouldbe classi¯edinto

classA or B is classi¯ed into classA or B correctly.
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Starting From (K/4,K/4)

Translate KxK Frame

Starting From (0,0)

Translate KxK Frame

Compute Features

Feature Vectors

Find Overlapping

Sub-image Pairs

Grayscale Image

Sub-images List
Non-shifted

Compute Features

Feature Vectors

Sub-images List
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Sub-image Pairs

Find Non-overlapping

Estimate Parameters Estimate Parameters

Irrelevance Class B
Groundtruth For

Relevance Class A

Groundtruth For

B
m SB,mA SA,

Figure 5.3: Object/pro cessdiagram for the automatic groundtruth construction pro-

tocol.
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As the classi¯er, the Bayesiandecisionrule is used. In the following sections,we

describe ¯rst the decisionrule and then the experimental set-up. In the derivations

below we assumethe di®erencesof featuresin the Q-dimensionalfeature vectorsare

independent and prior probabilities for both of the classesare equal.

5.3.1 Decision Rule

Given a groundtruth sub-imagepair (n,m) as in equations(5.1) or (5.2) and their

Q-dimensionalfeature vectorsx (n) and y(m) respectively, ¯rst the di®erence

d = x(n) ¡ y(m) ; x(n) ; y(m) 2 R Q (5.9)

is computed. The probability that thesesub-imagesare relevant is

P(Aj d) = P(djA )P(A)=P(d) (5.10)

and that they are irrelevant is

P(Bjd) = P(djB)P(B)=P(d): (5.11)

The sub-imagepair is assignedto the relevanceclassif P(Aj d) > P(Bjd), and to

the irrelevanceclassotherwise. This can be written as a ratio

P(Aj d)
P(Bjd)

> 1: (5.12)

Sincewe assumetwo classesare equally likely, (5.12) becomesthe likelihood ratio

P(djA )
P(djB)

=
P(dj¹ A ; § A )
P(dj¹ B; § B)

=
1

(2¼)Q =2 j§ A j1=2 e¡ (d¡ ¹ A )0§ ¡ 1
A (d¡ ¹ A )=2

1
(2¼)Q =2 j§ B j1=2 e¡ (d¡ ¹ B )0§ ¡ 1

B (d¡ ¹ B )=2

> 1:

(5.13)

After taking the natural logarithm of (5.13) as

ln
1

j§ A j1=2
¡ (d ¡ ¹ A )0§ ¡ 1

A (d ¡ ¹ A )=2 ¡ ln
1

j§ B j1=2
+ (d ¡ ¹ B)0§ ¡ 1

B (d ¡ ¹ B)=2 > 0;

(5.14)
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we obtain

(d ¡ ¹ A )0§ ¡ 1
A (d ¡ ¹ A )=2 < (d ¡ ¹ B)0§ ¡ 1

B (d ¡ ¹ B)=2 + ln
j§ B j1=2

j§ A j1=2

(5.15)

Sincewe assumedthat the featuresare independent, the covariancematrices § A

and § B contain only the variances

§ A =

0

B
B
B
B
B
B
B
B
@

¾2
A 1

0 ¢¢¢ 0

0 ¾2
A 2

¢¢¢ 0
...

. . .
...

0 ¢¢¢ ¢¢¢ ¾2
A Q

1

C
C
C
C
C
C
C
C
A

; § B =

0

B
B
B
B
B
B
B
B
@

¾2
B1

0 ¢¢¢ 0

0 ¾2
B2

¢¢¢ 0
...

. . .
...

0 ¢¢¢ ¢¢¢ ¾2
BQ

1

C
C
C
C
C
C
C
C
A

:

(5.16)

Then, (5.15) can be simpli¯ed as

QX

q=1

Ã
dq ¡ ¹ A q

¾A q

! 2

<
QX

q=1

Ã
dq ¡ ¹ Bq

¾Bq

! 2

+ 2
QX

q=1

ln
¾Bq

¾A q

: (5.17)

As a result, if the di®erenced of the feature vectors of two sub-imagessatisfy the

inequality in (5.17), this sub-imagepair is assignedto the relevanceclass,otherwise

it is assignedto the irrelevanceclass.

To determine relative e®ectivenessof di®erent features,a subsetU of Q features

can be usedfor classi¯cation. Then, the decisionrule becomes

X

q2 U

Ã
dq ¡ ¹ A q

¾A q

! 2

<
X

q2 U

Ã
dq ¡ ¹ Bq

¾Bq

! 2

+ 2
X

q2 U

ln
¾Bq

¾A q

: (5.18)

5.3.2 Experimental Set-up

To check the e®ectivenessof the features, groundtruth sub-imagepairs that were

constructedin Section5.2 are classi¯ed into the relevanceor irrelevanceclassesusing

the decisionrule in (5.18). Suitable measuresfor the classi¯cation results are misde-

tection, false alarm, total cost and total success.In content-based retrieval we are

more concernedwith misdetectionbecausewe want to retrieve all the imagessimilar

to the query image. But false alarm rate is also important becausethe purposeof
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querying a databaseis to retrieve similar imagesonly, not all of them. In our tests

total cost is de¯ned as 3 misdetectionand 2 falsealarm and is usedas the criterion

for \goodness",i.e. if a subsetof featureshasa small total cost comparedto others,

it is called \good".

If the dimensionof the feature spaceis large, it is computationally too expensive

to do classi¯cation tests using all possiblesubsetsof these features. In our work,

¯rst, we do tests using only oneof the featuresat a time. Although combinations of

featurescarry more information than individual features,thesetests will help us see

which featuresare signi¯cantly better or worsethan others.

The secondtest is done as follows. First, the total cost using all Q features is

computed. The feature with the worst total cost, comparedto the cost using all Q,

is discardedand the total cost using the remaining Q-1 featuresis computed. Then,

the worst feature among the remaining Q-1 featuresis discardedand the total cost

using Q-2 featuresis computed. This procedurecontinuesuntil one feature is left.

A third test is done by starting with the total cost for each individual feature.

First, the best oneis selected.Given the best one,pairs of featuresare formed using

oneof the remaining featuresand this best feature. Total cost is computed for each

pair and the one having the smallest cost is selected. Given the best two features,

next, triplets of featuresare formed using one of the remaining featuresand these

two best features. Total cost is computed for each triplet and the one having the

smallestcost is selected.This procedurecontinuesuntil all or a preselectednumber

of featuresare used[60].

Thesetests do not guarantee the optimal subsetof featuresbut allow us to select

a suboptimal subsetwithout doing an exhaustive search. Results of thesetests for

each of the feature extraction algorithms will be presented after databasepopulation

in Chapter 7.
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5.4 Validation of Lab els in Automatically Constructed Groundtruth

In Section 5.2, we described an automatic groundtruth construction protocol that

assignslabels to sub-imagepairs accordingto the assumptionsthat overlapping sub-

imagesare relevant and non-overlapping onesare irrelevant. However, we cannot

expect that these assumptionswill always hold, especially when the imagesin the

databaseare very complex. Since the relevance and irrelevance class parameters

as well as the successand error rates in the classi¯cation tests depend heavily on

the selectionof thesegroundtruth sub-imagepairs, evaluation of the results require

compensationof the e®ectof \learning from an imperfect teacher" [3, 52, 40].

A statistical framework to validate the labelsthat are assignedto sub-imagepairs

by the automatic groundtruth constructionprotocol in Section5.2and to estimatethe

true resultsof the Gaussianclassi¯er in Section5.3.1canbede¯ned asfollows. Let the

relevanceclassbeA and the irrelevanceclassbeB. Let the true label for a pair of sub-

imagesbeT . Let the label that is assignedby the automatic groundtruth construction

protocol be L and the label that is assignedby the Gaussianclassi¯er be C. In

the previous section, successand error rates were computed using the probabilities

P(L = A; C = A), P(L = A; C = B), P(L = B; C = A) and P(L = B; C = B) as

shown in Table5.1, in other words, labelsassignedby the classi¯er werecomparedto

the labelsof the automatically constructedgroundtruths. We want to know the true

successand error rates so we want to estimate the probabilities P(T = A; C = A),

P(T = A; C = B), P(T = B; C = A) and P(T = B; C = B), in other words, we

want to compareclassi¯er labels to the true labels.

Let's considerP(T = A; C = A), which is the probability that actually relevant

(T = A) pairs of sub-imagesbeing assignedto the relevanceclassby the Gaussian

classi¯er (C = A). This can be written as

P(T = A; C = A) = P(T = A; L = A; C = A) + P(T = A; L = B; C = A):

(5.19)
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Table 5.1: Confusionmatrix for the classi¯cation tests using the Gaussianclassi¯er.

Assignedto A Assignedto B

G.truth A P(L = A; C = A) P(L = A; C = B)

G.truth B P(L = B; C = A) P(L = B; C = B)

But P(T = A; L = A; C = A) is equivalent to

P(T = A; L = A; C = A) = P(T = A; C = Aj L = A)P(L = A):

(5.20)

We assumethat P(T = Aj L = A) and P(C = Aj L = A) are independent because

former is e®ectedby the mislabeling of the automatic groundtruth construction pro-

tocol while latter is e®ectedby the errors in the classi¯er. Then,

P(T = A; L = A; C = A) = P(T = Aj L = A)P(C = Aj L = A)P(L = A)

=
P(T = A; L = A)

P(L = A)
P(L = A; C = A)

P(L = A)
P(L = A)

=
P(T = A; L = A)P(L = A; C = A)

P(L = A)
: (5.21)

After making similar derivations for P(T = A; L = B; C = A), we obtain

P(T = A; C = A) =
P(T = A; L = A)P(L = A; C = A)

P(L = A)
+

P(T = A; L = B)P(L = B; C = A)
P(L = B)

:
(5.22)

Similarly,

P(T = A; C = B) =
P(T = A; L = A)P(L = A; C = B)

P(L = A)
+

P(T = A; L = B)P(L = B; C = B)
P(L = B)

;
(5.23)

P(T = B; C = A) =
P(T = B; L = A)P(L = A; C = A)

P(L = A)
+

P(T = B; L = B)P(L = B; C = A)
P(L = B)

;
(5.24)
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P(T = B; C = B) =
P(T = B; L = A)P(L = A; C = B)

P(L = A)
+

P(T = B; L = B)P(L = B; C = B)
P(L = B)

:
(5.25)

The probabilities P(L = A; C = A), P(L = A; C = B), P(L = B; C = A) and

P(L = B; C = B) can be observed from the classi¯cation experiments as shown in

Table 5.1. Similarly P(L = A) and P(L = B) can be observed as

P(L = A) = P(L = A; C = A) + P(L = A; C = B) (5.26)

P(L = B) = P(L = B; C = A) + P(L = B; C = B): (5.27)

To determine the probabilities P(T = A; L = A), P(T = A; L = B), P(T = B; L =

A) and P(T = B; L = B) which correspond to the mislabeling and correct labeling

probabilities of the automatic groundtruth construction protocol, we can manually

samplesomeof the sub-imagepairs and estimatetheseprobabilities usingfrequencies

of the corresponding cases. As a result, P(T = A; C = A), P(T = A; C = B),

P(T = B; C = A) and P(T = B; C = B) give an estimate of the true classi¯cation

results,which correspond to the comparisonof the labelsassignedby the classi¯er to

the true labels.

5.5 Summary

In this chapter, we addressedthe problem of selectingthe featuresthat perform the

bestaccordingto the criteria that \good" featuresshouldresult in small classi¯cation

errors. First, we de¯ned two classes,the relevance classand the irrelevance class.

Then, we described a protocol that translates a frame throught every image and

constructsgroundtruth sub-imagepairs using the assumptionsthat overlapping sub-

imagesare relevant and non-overlapping onesare irrelevant. We de¯ned a Gaussian

classi¯er that assignsa pair of imagesto the relevanceclassif they are similar and

to the irrelevance class if they are not. The classi¯cation error was de¯ned as 3
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misdetectionsand 2 false alarms for this two-classclassi¯cation problem. Finally,

we discusseda statistical framework that estimatesthe correct classi¯cation results

from the decisionsmade by the classi¯er and the mislabeling probabilities of the

automatic groundtruth construction protocol. This is often referred to as \learning

from an imperfect teacher" in the pattern recognition literature.



Chapter 6

DECISION METHODS

After computing the feature vectorsfor all imagesin the database,given a query

image,we have to decidewhich imagesin the databaseare relevant to it and we have

to retrieve the most relevant onesas the results of the query. A similarit y measure

for content-basedretrieval shouldbe e±cient enoughto match similar imagesaswell

as being able to discriminate dissimilar ones.

Herewe want to note a problem that may arisewhen we are given the unnormal-

ized feature vector f = [f 1f 2 ¢¢¢f Q] of a query image. Given the lower and upper

bounds[lq; uq], each component f q of the query feature vector is normalizedas

f 0
q =

8
>>>>>>><

>>>>>>>:

0 if f q < lq

1 if f q > uq

f q ¡ lq
uq ¡ lq

otherwise:

(6.1)

In our experiments we use two di®erent types of decisionmethods; a likelihood

ratio which is a Gaussianclassi¯er, and a nearestneighbor classi¯er. In the following

sections,¯rst we give a brief review of the decisionmethods used in the database

retrieval literature, then we discussthe decisionmethods that we use.

6.1 Literature Ov erview

Nearest neighbor rule has been the most widely used decisionmethod in content-

basedretrieval literature. The main reasonfor this is the non-parametric nature

of this method. We do not need to make any assumptionsabout the probability
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distribution of the features,which is especially hard when the feature spaceis high-

dimensional.

In the nearestneighbor rule, the Euclidean distancewas usually usedas the dis-

tance measure.Among the imageretrieval systemsthat werereviewed in Chapter 1,

[37] usedthe Euclideandistanceand [22, 47, 13] useda weighted Euclideandistance.

[34] usedthe di®erencebetweentwo setsof sumsof weighted Gaussians,[8, 42] used

sum of absolutedistancesnormalizedusing standard deviations, [29] comparedhow

many wavelet coe±cients that two imageshave in commonand [54] useddi®erent dis-

tancemeasureslike the L 1 norm, Euclideandistance,quadratic distancesand binary

set intersections.

6.2 Lik eliho od Ratio - Gaussian Classi¯er

In Section5.3wedevelopeda Gaussianclassi¯erwhich tries to classifya pair of images

into the relevanceand irrelevanceclassesaccordingto a likelihood ratio. Supposefor

the moment that the user query is a K £ K image. First, its feature vector x is

determined. Then, the search goes through all the feature vectors y(m) in the main

databasewherem = 1; : : : ; (
P I

i =1 M i ), M i being the number of sub-imagesin the i 'th

imageand I being the total number of images.For each feature vector pair (x, y(m))

wherex; y(m) 2 R Q, the di®erenced(m) = x ¡ y(m) is computed.

The likelihood ratio to classifyimagepairs to relevanceor irrelevanceclasseswas

given in (5.13). In order to rank the sub-imagesin the databaseaccording to the

likelihood ratio, we use(5.14) as

r (d) = (d ¡ ¹ A )0§ ¡ 1
A (d ¡ ¹ A ) ¡ (d ¡ ¹ B)0§ ¡ 1

B (d ¡ ¹ B) (6.2)

after eliminating the constant terms. Note that herewe do not make the assumption

that featuredi®erencesare independent and usethe covariancesinsteadof usingonly

the variances.To ¯nd the sub-imagesthat are relevant to the input query, r (d(m)) in

(6.2) is computedfor all sub-imagesin the databaseand they are ranked in ascending
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order using thesevalues. This ranking is equivalent to ranking in descendingorder

using the likelihood ratios in (5.13) but is more e±cient to compute. At the end, the

top k sub-imagesareretrievedasthe most relevant ones,wherek beinga user-selected

parameter.

6.3 Nearest Neigh bor Rule With Mo di¯ed Distance

6.3.1 Nearest Neighbor Rule

In the nearestneighbor decisionrule, each sub-imagem in the databaseis assumed

to be represented by its featurevector y(m) in the Q-dimensionalfeaturespace.Given

the feature vector x for the input query, we want to ¯nd the y's which are the closest

neighbors of x accordingto a distancemeasure.Then, the k-nearestneighbors of x

will be retrieved as the most relevant ones.

The problem of ¯nding the k-nearest neighbors can be formulated as follows.

Given the set Y = f y(m) jy(m) 2 R Q; m = 1; : : : ; Mg and feature vector x 2 R Q, ¯nd

the set of sub-imagesP µ f 1; : : : ; Mg such that # P = k and

½(x; y(p)) · ½(x; y(r )) ; 8p 2 P; r 2 f 1; : : : ; MgnP (6.3)

whereM =
P I

i =1 M i , M i beingthe number of sub-imagesin the i 'th imageand I being

the total number of images.Then, imageswith id.'s in the set P are retrieved as the

results of the query.

For the distancemetric ½, we usethe Minkowsky L 1 norm

½(x; y) =
QX

q=1

jxq ¡ yqj; (6.4)

the Euclideandistance(Minkowsky L 2 norm)

½(x; y) = kx ¡ yk

=

vu
u
u
t

QX

q=1

(xq ¡ yq)
2

(6.5)
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or the in¯nit y norm

½(x; y) = max
q=1 ;::: ;Q

jxq ¡ yqj (6.6)

wherex; y 2 R Q and xq and yq are the q'th components of the feature vectorsx and

y respectively.

6.3.2 Weighted Features

Although ranges of the features are normalized using the procedure discussedin

Section 4.4, we may also want to weight the features for similarit y computation.

Given two feature vectorsx and y, the weighted L 1 norm can be de¯ned as

½0(x; y; w) =
QX

q=1

j (xq ¡ yq) wqj; (6.7)

the weighted Euclideandistancecan be de¯ned as

½0(x; y; w) = k(x ¡ y)0wk

=

vu
u
u
t

QX

q=1

[(xq ¡ yq) wq]
2

(6.8)

and the weighted in¯nit y norm can be de¯ned as

½0(x; y; w) = max
q=1 ;::: ;Q

j (xq ¡ yq) wqj (6.9)

wherex; y; w 2 R Q.

One possible weighting method is to allow the user to adjust the weights for

di®erent features. Most of the time the user is not fully aware of the e®ective ranges

and also meaningsof the featuresso an alternative is to useweights automatically

trained from the imagesin the database. In pattern classi¯cation, a feature can be

calleda \good" feature if its within-classvarianceis small and between-classvariance

is large. In Section5.3 a maximum likelihood classi¯er is designedfor the relevance

and the irrelevanceclasses.Variancesthat weretrained for theseclassescanbeusedas
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weights to take into account the \goodness"of the featuresin similarit y computation.

Particularly, if we assumemeansof the classesare zero 1, (5.17) can be rewritten as

QX

q=1

Ã
dq

¾A q

! 2

<
QX

q=1

Ã
dq

¾Bq

! 2

+ constant (6.10)

and then as

QX

q=1

2

4dq

Ã
1

¾2
A q

¡
1

¾2
Bq

! 1=2
3

5

2

< constant : (6.11)

Then the weights wq in equations(6.8) and (6.9) can be chosenas

wq =

Ã
1

¾2
A q

¡
1

¾2
Bq

! 1=2

: (6.12)

We should be careful with the term inside the paranthesis in equation (6.12)

becauseit canbenegative if ¾A q is greaterthan ¾Bq . But note that with classeshaving

the samemeans,a feature with a within-classvariancegreater than its between-class

variancewill be of no useso it will not be usedat all.

Another way of choosing the weights is to formulate the weight selectionprocess

as a regressionproblem. Given N groundtruth sub-imagepairs with their feature

vectors(x(1) ; y(1) ); : : : ; (x(N ) ; y(N )) and their labels c(1) ; : : : ; c(N ) where

c(i ) =

8
>><

>>:

+1 if pair i is from the relevanceclass

¡ 1 if pair i is from the irrelevanceclass;
(6.13)

¯rst, the di®erencesd(1) ; : : : ; d(N ) are computedas

d(i ) = x(i ) ¡ y(i ) ; x(i ) ; y(i ) ; d(i ) 2 RQ; i = 1; : : : ; N: (6.14)

We can then compute the Q-dimensionalweight vector W as

³
d(1) ¢¢¢ d(N )

´ 0

| {z }
W =

³
c(1) ¢¢¢ c(N )

´ 0

| {z }
; (6.15)

D (N £ Q) W (Q£ 1) = C(N £ 1): (6.16)

1 The zeromeanassumption is very reasonablebecausethe di®erencesare in the range [¡ 1; 1] and

are almost symmetric around 0.
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The solution for this regressionproblem is

W = (D 0D)¡ 1D 0C: (6.17)

6.3.3 Modi¯ed Distance Measures

Note that establishingsimilarit y usingthesedistancesrequiretwo imagesto besimilar

with respect to all components (features) in their feature vectors. If we consider

similarit y as two imagesbeing similar with respect to at least t features, we can

de¯ne the following modi¯ed distancemeasures.

Let U µ f 1; : : : ; Qg is a set of featuressuch that #U = t and

jxu ¡ yu j · jxv ¡ yv j ; 8u 2 U; v 2 f 1; : : : ; QgnU (6.18)

where t 2 f 1; : : : ; Qg, x; y 2 RQ and xu and yu are the u'th components of x and y

respectively. Then, the modi¯ed distancemeasuresare de¯ned as

½00(x; y) =
X

u2 U

jxu ¡ yu j (6.19)

for the L 1 norm,

½00(x; y) =
s X

u2 U

(xu ¡ yu)2 (6.20)

for the Euclideandistanceand

½00(x; y) = max
u2 U

jxu ¡ yu j (6.21)

for the in¯nit y norm. Thesedistancescan be modi¯ed to be usedwith the weighted

distancesin a similar way.

6.4 Summary

The decisionmaking processis summarizedin the object/pro cessdiagram in Fig-

ure 6.1. Giventhe featurevector of the query image,featurevectorsof the sub-images
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in the database,and a distancemeasure,sub-imagesin the databaseare ranked in

ascendingorder of their distancesto the query image. Then, the databaseimages

which contain the sub-imagesthat bestmatch to the query imageare retrievedasthe

resultsof the query. Resultsof the experiments using the decisionmethods described

in this chapter are presented in the next chapter.
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Compute Features

Query Image

Feature Vector

Database Images

Feature Vectors

Compute Distances

to Each Database Image

Distance of the Query Image

According to Distance

Sort Images

as the Most Relevant Ones

Retrieve First k

as the Most Irrelevant Ones

Retrieve Last k

Results of the Query

Database Images

in Descending Order of Similarity

Figure 6.1: Object/pro cessdiagram for the decisionmaking process.



Chapter 7

EXPERIMENTS AND RESUL TS

Testing content-based retrieval systemsand comparing their performancesis an

open question. In most of the content-based retrieval literature, researchers pre-

sented example queries to visually evaluate the performanceof their systems. In

order to compare two content-based retrieval systems,we need experiments based

on groundtruth data. There are measureslike precision, recall, misdetection rate

and falsealarm rate that werealready proposedin information retrieval and pattern

recognition literature to evaluate the results of such experiments. After computing

thesemeasuresfor each content-based retrieval system,we will be able to compare

them basedon how well they perform on this groundtruth data.

In this work, two datasets,an Aerial ImageDataset and the COREL Photo Stock

Library, are usedas databases.The featuresusedinclude the line-angle-ratiostatis-

tics asdescribed in Chapter 2, the co-occurrencevariancesasdescribed in Chapter 3

and their combinations asdescribed in Chapter 4 (The featuresthat weredeveloped

in Section 4.2 are not usedhere.). The rest of the chapter is organizedas follows.

First, the databasepopulation including sub-image-level and image-level groundtruth

construction is described. Then, results of the feature selectiontests are presented.

After ¯nalizing the parameters,experimental proceduresfor \classi¯cation e®ective-

ness"and \retriev al performance"aregiven. Next, experimental resultsaccompanied

with examplequeriesare discussed.The chapter concludeswith the analysisof error

pictures.
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7.1 Database Population

7.1.1 Aerial Image Database

To populate the ¯rst databasewe usedthe Fort Hood Data [2], supplied for the RA-

DIUS Project by the Digital Mapping Laboratory at the CarnegieMellon University.

Theseaerial imagesconsist of visible light imagesof the Fort Hood area at Texas.

We usedthe imagesfhn711, fhn713, fhn715, fhn717 and fhn719, and divided them

into a total of 1,000512£ 512 images.

The secondsourcefor this databaseis the RemoteSensingimagecollection from

the LANDSAT and DefenseMeteorological Satellite Program (DMSP) Satellites.

These include imagesof USA (800£ 720), Chernobyl (512£ 512), and North Pole

(608£ 896), making a total of 90 images. Samplesfrom the Aerial Image Database

are shown in Figure 7.3.

After the databasewas constructed, we carried out the approach described in

Section 5.2 which involved translating a K £ K frame throughout every image and

extracted the desiredfeaturesfor all sub-images.As described in that section, ¯rst

sub-imagedatabase(main database) contains a unique sub-imagei.d., bounding box,

and the feature vector for each sub-imagem = 1; : : : ; M i and i = 1; : : : ; I where

M i is the number of non-shifted sub-imagesin image i and I is the total number of

imagesin the database. The secondsub-imagedatabase(test database) contains a

unique sub-imagei.d., bounding box, overlapping sub-imagesset Rs(n), randomly

selectednon-overlapping sub-imagesset Ro(n), and the feature vector for each sub-

image n = 1; : : : ; Ni and i = 1; : : : ; I where Ni is the number of shifted sub-images

in image i and I is again the total number of imagesin the database. Schemasfor

the main databaseand the test databaseare given in Figures7.1 and 7.2 respectively.

Sub-imagesizeK is selectedto be256. M i and Ni vary accordingto the corresponding

imagesizes.Feature vector sizeQ will be determinedin Section7.2.

Final sub-imagedatabasesconsist of 10,410256£ 256 sub-imagesfor the main
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key bounding box feature vector

imagename i.d. ulr ulc nr nc f 1 ¢¢¢ ¢¢¢ f Q

image1 1 0 0 K K ² ¢¢¢ ¢¢¢ ²
...

...
...

image1 M1 ² ² K K ² ¢¢¢ ¢¢¢ ²
...

...
...

...
...

...

imageI 1 0 0 K K ² ¢¢¢ ¢¢¢ ²
...

...
...

imageI M I ² ² K K ² ¢¢¢ ¢¢¢ ²

Figure 7.1: Schemafor the main database. (ulr,ulc) is the upper-left row and column

locations,nr and nc are the height (number of rows) and width (number of columns)

of the sub-imagebounding box respectively. f i is the i 'th component of the Q-

dimensionalfeature vector.
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key bounding box Rs(key) Ro(key) feature vector

imagename i.d. ulr ulc nr nc s1 ¢¢¢ s4 o1 ¢¢¢ o4 f 1 ¢¢¢ ¢¢¢ f Q

image1 1 K/4 K/4 K K s1 ¢¢¢ s4 o1 ¢¢¢ o4 ² ¢¢¢ ¢¢¢ ²
...

...
...

...
...

image1 N1 ² ² K K s1 ¢¢¢ s4 o1 ¢¢¢ o4 ² ¢¢¢ ¢¢¢ ²
...

...
...

...
...

...
...

...
...

...

imageI 1 K/4 K/4 K K s1 ¢¢¢ s4 o1 ¢¢¢ o4 ² ¢¢¢ ¢¢¢ ²
...

...
...

...
...

imageI NI ² ² K K s1 ¢¢¢ s4 o1 ¢¢¢ o4 ² ¢¢¢ ¢¢¢ ²

Figure 7.2: Schema for the test database. In addition to the attributes in the main

database, this databasealsocontains the overlappingand non-overlappingsub-images

setsfor each sub-imageentry.

databaseand 4,780256£ 256 sub-imagesfor the test database. There are 4 relevant

and 4 irrelevant main databasesub-imagesfor each of the test databasesub-images,

which makea total of 38,240groundtruth sub-imagepairs. Wealsomanually grouped

the imagesinto 10 groups; parking lots, large buildings, small buildings, residential

areas1, residential areas2, roads, landscapes, LANDSAT USA, DMSP North Pole

and LANDSAT Chernobyl. The rows in Figure 7.3 show sampleimagesfrom each

group.

7.1.2 COREL Database

To populate the seconddatabase,we usedthe categoriesSunsetsand Sunrises,Air

Shows,Bears,Elephants, Tigers, Patterns, Arabian Horses,Flowers,Flowers2,Amer-

ican Gardens,Cheetahs,Bald Eagles,Textures,Autumn, Land of the Pyramids, Po-

lar Bears, Ice and Icebergs, Horses,Mountains of America, Fruits and Vegetables,
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Figure 7.3: Sampleimagesfrom the Aerial Image Database. The rows show sample

imagesfrom the groundtruth groups parking lots, large buildings, small buildings,

residential areas1 and residential areas2 in top-down order.
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Figure 7.3: Sampleimagesfrom the Aerial Image Database(cont.). The rows show

sample images from the groundtruth groups roads, landscapes, LANDSAT USA,

North Pole and Chernobyl in top-down order.
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Tulips, Fields, Deserts, Death Valley, Fireworks, Coasts, Doors of San Francisco,

Owls, Roses,Food, and Candy Backgrounds in the COREL Photo Stock Library 1

[1]. Each categoryconsistsof 100imageswith sizes256£ 384or 384£ 256. Sincewe

do not usecolor information, only grayscaleversionsof the imagesare included.

Sinceimagesizesarealreadysmall comparedto the sub-imagesizes,wholeimages

are used as entries to the database. Becauseof this, only the main database is

constructed for this dataset. Image-level groundtruth for the COREL Databaseis

already available in the COREL Library, as each CD is a category containing 100

images.Carsonet al. [13] discardedsomeof the imagesfrom each categorybecause

they are visually inconsistent with the rest of the category. We useall of the images,

which constitute a databaseof 3,100imagesin 31 categoriesin our experiments but

we arguetheir visual consistenciesin Section7.6. The rows in Figure 7.4show sample

imagesfrom someof the categories.

As a result, the Aerial ImageDatabasecontains 10,410256£ 256sub-imagesand

the COREL Databasecontains 3,100256£ 384 or 384£ 256 images. Experimental

proceduresand their results are presented in the following sections.

7.2 Feature Selection

In the feature selectionexperiments only the Aerial Image Databaseis used. The

following sectionsdiscussthe parameter selectionfor line-angle-ratio statistics and

co-occurrencevariances. Experiments for each parameter combination usedconsist

of classifyingapproximately 38,000sub-imagepairs into the relevanceor irrelevance

classes.

7.2.1 Line-Angle-Ratio Statistics

The goal of the feature selectiontests for line-angle-ratio statistics is to select the

quantizer that performs the best, accordingto the criteria developed in Section5.3,
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Figure 7.4: Sampleimagesfrom the COREL Database.The rowsshow sampleimages

from the groundtruth groupscandies,doors, sunsets,air shows, ¯reworks, rosesand

bearsin top-down order.
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Figure 7.4: Sampleimagesfrom the COREL Database(cont.). The rowsshow sample

imagesfrom the groundtruth groupsbald eagles,owls, fruits and veggies,pyramids,

coasts,¯elds and mountains in top-down order.
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amonga set of quantizers with 15, 20 and 25 quantization cells.

Distribution of the training line-angle-ratio samplesusedfor the quantizer were

given in Figure 2.4(a). Centroids of the resulting partitions using 15, 20 and 25

quantization cellsweregiven in Figures2.4(b), 2.4(c) and 2.4(d) respectively. During

training, 6,844intersecting/near-intersectingline pairs that wereextractedfrom 1,000

randomly selected256£ 256sub-imageswereusedto train the quantizers. Another set

of 8,383intersecting/near-intersectingline pairs wereextracted to test the quantizers

and were quantized into 15 cells with a meansquareerror of 0.005668,into 20 cells

with a mean squareerror of 0.004031and into 25 cells with a mean squareerror of

0.003377.

Results of the feature selection tests are given in Figure 7.5. Three types of

experiments described in Section5.3 were performedon the Aerial ImageDatabase.

In all of the casesthe falsealarm rate washigher than the misdetectionrate. Sincethe

main concernis to selectamong15, 20 and 25 quantization cells,only the total costs

using all of the featureswere considered. The quantizer with 15 quantization cells

resultedin a total cost of 30.20%whereasquantizers with 20 and 25 cellshad 30.05%

and 30.22%total costsrespectively. As a result, we decidedto usethe quantizer with

20cells,which resultsin a 20-dimensionalfeaturevector in the rest of the experiments

that useline-angle-ratiostatistics.

7.2.2 Co-occurrence Variances

The goal of the feature selectiontests for co-occurrencevariancesis to selectthe set

of distances,amongdistancesof 1 to 20pixels, that perform the bestaccordingto the

classi¯cation criteria. Each distanceconsideredhereis a combination of four features

which correspond to variancescomputedat 0, 45, 90 and 135degreeorientations for

that distance.

Resultsof the featureselectiontestsaregiven in Figure 7.6. In all of the casesthe

false alarm rate was higher than the misdetection rate. Type 3 tests which involve
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(a) Type 1 with 15 cells
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(b) Type 2 with 15 cells
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(c) Type 3 with 15 cells
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(d) Type 1 with 20 cells
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(e) Type 2 with 20 cells
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(f ) Type 3 with 20 cells
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(g) Type 1 with 25 cells
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(h) Type 2 with 25 cells
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(i) Type 3 with 25 cells

Figure 7.5: Feature selectiontests for Line-Angle-Ratio Statistics using the Aerial

ImageDatabase.Type 1 tests are doneusing only onefeature at a time, type 2 tests

are doneusing all features¯rst and discarding the worst featuresoneby one, type 3

tests are done using the best feature ¯rst and adding the next best featuresone by

one. The criterion for \goodness"is the total cost which is plotted in red.
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using the best feature ¯rst and adding the next best featuresoneby oneconvergedto

an overall total cost faster than the type 2 tests which involve using all features¯rst

and discardingthe worst featuresoneby one. In other words,building up featuresets

decreasedthe total cost faster than shrinking down the set of all features. Another

observation was that after using approximately 2 or 3 distances,total cost did not

decreasemuch, so we decidedto try all possiblecombinations of 2 and 3 distances.

In type 4 and type 5 tests, whereall possiblecombinations of 2 and 3 distancesare

usedrespectively, the minimum total costof 29.36%wasobtainedusingthe distances

1 and 20 together.

When we consider Remote SensingDataset and Ft. Hood Dataset separately,

smaller distancesresulted in smaller total costs for Remote Sensingimages,while

smaller total costs were obtained using large distancesfor Ft. Hood images. This

is consistent with the results of Weszka et al. [59] who stated that co-occurrence

matrices computed for small distancesperformed better for a LANDSAT dataset.

We believe that the reasonfor this is the strong micro-scaletexture information in

RemoteSensingimagesin contrast to larger structures in the Ft. Hood images.

As a result, we decided to use the distances1 and 20, which result in an 8-

dimensionalfeature vector in the rest of the experiments that useco-occurrencevari-

ances. Although thesefeature selectiontests do not guarantee an optimal solution,

they resulted in a suboptimal one in 1,560classi¯cation tests without using exhaus-

tiv e search which would then require 220 ¡ 1 classi¯cation tests. After selectingthe

parameters,performanceof the systemis evaluated using two typesof experiments,

namely the classi¯cation e®ectivenessand the retrieval performance,as described in

the following sections.
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(d) Type 4 tests
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Figure 7.6: Featureselectiontestsfor Co-occurrenceVariancesusingthe Aerial Image

Database. Type 1 tests are done using only one feature at a time, type 2 tests are

doneusingall features¯rst and discardingthe worst featuresoneby one,type 3 tests

are done using the best feature ¯rst and adding the next best featuresone by one,

type 4 tests are done using all possiblecombinations of 2 features, type 5 tests are

done using all possiblecombinations of 3 features. The criterion for \goodness" is

the total cost which is plotted in red.
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7.3 Classi¯cation E®ectiv eness

7.3.1 Experimental Set-up

To test the classi¯cation e®ectivenessof the features,we usea Gaussianclassi¯er and

a nearestneighbor classi¯er. The classi¯cation algorithm for the Gaussianclassi¯er

was de¯ned in (5.15) and was described in Section 5.3. Here we do not assume

that the featuresare independent. Sincewe know which non-shifted sub-imagesand

shifted sub-imagesoverlap, we also know which sub-imagepairs should be assigned

to the relevanceclassA and which to the irrelevanceclassB.

To train the nearest neighbor classi¯er to classify sub-imagepairs, we use the

following procedure. Given groundtruth sub-imagepairs (n,m) with feature vectors

x and y respectively, ¯rst, their distances½(x; y) arecomputedusingthe L 1 norm, the

Euclidean distanceand the in¯nit y norm that were described in Section6.3. Then,

from the histogramsof ½for pairs from the relevanceclassA groundtruth and the

irrelevanceclassB groundtruth, a threshold µ is selectedto distinguish betweentwo

classes.The best threshold is de¯ned as the onethat minimizes the total cost which

wasde¯ned as3 misdetectionsand 2 falsealarmsin Section5.3. In the testing phase,

given a sub-imagepair (n; m) with feature vectorsx and y, the classi¯er decidesas

assign(n; m) to

8
>><

>>:

classA if ½(x; y) < µ

classB if ½(x; y) ¸ µ:
(7.1)

As a result, to test our approach, we check whether each sub-imagepair that

should be classi¯ed into classA or B is classi¯ed into classA or B correctly. This

accounts to checking pairs as many as eight times the total number of shifted sub-

images,which makesapproximately 38,000pairs in each of the experiments for each

featureand for each classi¯er. Weevaluate the resultsby comparingmisdetectionand

falsealarm rates and the total coststhat are computedfrom the confusionmatrices.

In theseexperiments only the Aerial Image Databaseis used. Results are given in
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the next section.

7.3.2 Results

Likelihood Ratio { GaussianClassi¯er:

As can be seenin Tables 7.1 { 7.3, approximately 80% of the relevance class A

groundtruth pairs wereassignedto classA correctly. Line-angle-ratio featureshad a

total cost of 30.44%,co-occurrencefeatureshad a total cost of 27.20%and combined

featureshad a total cost of 23.50%. Co-occurrencefeaturesperformed better than

line-angle-ratio features,while combined featuresweremuch better than both.

Nearest Neighbor Classi¯er:

Distributions of distancesfor both the relevanceand the irrelevanceclassgroundtruth

sub-imagepairs are given in Figures 7.7 { 7.9. Results of the classi¯cation tests

using the thresholdsthat minimize the corresponding total costsare given in Tables

7.4 { 7.12. Approximately 85% of the relevance class A groundtruth pairs were

assignedto classA correctly. Among the featuresused,line-angle-ratio featuresand

co-occurrencefeaturesperformedalmost equally, while combined featureswerebetter

than both. In the caseof distancemeasures,the L 1 norm performedslightly better

than the Euclidean distance and the in¯nit y norm was the worst of all. Also the

in¯nit y norm seemsto be dominated by the worst performing features. We believe

that this problem can be solved using the modi¯ed distance measuresproposedin

Section 6.3.3. Further research is required on this issue. Note that results of the

nearestneighbor classi¯er are worsethan thoseof the Gaussianclassi¯er becausethe

latter also considersthe variancesof the two classesand is e®ectedless from the

overlap betweenthe classdistributions.

We can say that most of the relevanceclassA groundtruth pairs were assigned

to classA correctly but the irrelevanceclassB groundtruth pairs seemto be split
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Table 7.1: Classi¯cation e®ectivenesstest for line-angle-ratio statistics using the

Gaussianclassi¯er (total cost is 30.44%).

AssignedA AssignedB Success(%)

G.truth A 14,513 4,254 77.33

G.truth B 7,873 10,828 57.90

Overall 22,386 15,082 67.63

Table7.2: Classi¯cation e®ectivenesstest for co-occurrencevariancesusingthe Gaus-

sian classi¯er (total cost is 27.20%).

AssignedA AssignedB Success(%)

G.truth A 16,229 2,868 84.98

G.truth B 8,678 10,403 54.52

Overall 24,907 13,271 69.76

Table 7.3: Classi¯cation e®ectivenesstest for combined featuresusing the Gaussian

classi¯er (total cost is 23.50%).

AssignedA AssignedB Success(%)

G.truth A 15,904 3,197 83.26

G.truth B 6,422 12,665 66.35

Overall 22,326 15,862 74.81
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Figure 7.7: Distance histograms for line-angle-ratio statistics. Distances for the

groundtruth pairs in the relevanceclassand the irrelevanceclassare shown in blue

and red respectively. The decision thresholds are selectedto be 1.5419for the L 1

norm, 0.5320for the Euclideandistanceand 0.305for the in¯nit y norm.
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Figure 7.8: Distance histograms for co-occurrence variances. Distances for the

groundtruth pairs in the relevanceclassand the irrelevanceclassare shown in blue

and red respectively. The decision thresholds are selectedto be 0.2417for the L 1

norm, 0.1085for the Euclideandistanceand 0.0665for the in¯nit y norm.
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Table7.4: Classi¯cation e®ectivenesstest

for line-angle-ratiostatistics using the L 1

norm (total cost is 29.33%).
Assign A Assign B Success(%)

G.truth A 16,333 2,787 85.42

G.truth B 9,819 9,258 48.53

Overall 26,152 12,045 66.98

Table7.5: Classi¯cation e®ectivenesstest

for line-angle-ratiostatistics usingthe Eu-

clidean distance(total cost is 29.65%).

Assign A Assign B Success(%)

G.truth A 16,492 2,628 86.26

G.truth B 10,209 8,868 46.49

Overall 26,701 11,496 66.37

Table7.6: Classi¯cation e®ectivenesstest

for line-angle-ratiostatistics using the in-

¯nit y norm (total cost is 33.13%).

Assign A Assign B Success(%)

G.truth A 15,364 3,756 80.36

G.truth B 10,178 8,899 46.65

Overall 25,542 12,655 63.50

Table7.7: Classi¯cation e®ectivenesstest

for co-occurrencevariancesusing the L 1

norm (total cost is 30.33%).

Assign A Assign B Success(%)

G.truth A 15,919 3,201 83.26

G.truth B 9,694 9,423 49.29

Overall 25,613 12,624 66.27

Table7.8: Classi¯cation e®ectivenesstest

for co-occurrencevariancesusing the Eu-

clidean distance(total cost is 29.58%).

Assign A Assign B Success(%)

G.truth A 16,584 2,536 86.74

G.truth B 10,333 8,784 45.95

Overall 26,917 11,320 66.34

Table7.9: Classi¯cation e®ectivenesstest

for co-occurrencevariancesusing the in-

¯nit y norm (total cost is 29.28%).

Assign A Assign B Success(%)

G.truth A 16,640 2,480 87.03

G.truth B 10,275 8,842 46.25

Overall 26,915 11,322 66.64
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Figure 7.9: Distancehistogramsfor combined features.Distancesfor the groundtruth

pairs in the relevanceclassand the irrelevanceclassare shown in blue and red re-

spectively. The decisionthresholdsare selectedto be 1.7053for the L 1 norm, 0.5151

for the Euclideandistanceand 0.305for the in¯nit y norm.

Table 7.10: Classi¯cation e®ectiveness

test for combined features using the L 1

norm (total cost is 26.69%).
Assign A Assign B Success(%)

G.truth A 16,295 2,825 85.22

G.truth B 8,519 10,601 55.44

Overall 24,814 13,426 70.33

Table 7.11: Classi¯cation e®ectiveness

test for combined featuresusing the Eu-

clidean distance(total cost is 28.55%).

Assign A Assign B Success(%)

G.truth A 15,825 3,295 82.77

G.truth B 8,704 10,416 54.48

Overall 24,529 13,711 68.62

Table 7.12: Classi¯cation e®ectiveness

test for combined features using the in-

¯nit y norm (total cost is 33.05%).

Assign A Assign B Success(%)

G.truth A 15,355 3,765 80.31

G.truth B 10,149 8,971 46.92

Overall 25,504 12,736 63.61
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betweenbeing assignedto A or B. The causeof this problem can be explained as

follows. Although the assumption that overlapping sub-imagesare relevant almost

always holds, we cannot always guarantee that non-overlapping sub-imagesare ir-

relevant. Obvious examplesare imageswhich are dominated by a single texture, or

havean almost constant gray value,or have the sameobject pattern at morethan one

location. This is not uncommonamongthe compleximagesin our database.Illustra-

tion of this fact can be found in [6], wherewe manually eliminated someimageswith

largeregionsof constant gray valuesfrom the Fort Hood Datasetand obtaineda 42%

decreasein the false alarm rate with a misdetection rate remaining approximately

the same.Hence,someof the assignments which we count asincorrect are not in fact

incorrect. This strengthensour claim that the low classi¯cation results are mainly

due to the mislabeling problemsof the automatic groundtruth construction protocol.

Further research is required to empirically determine the mislabeling probabilities

and to estimate the true classi¯cation results as described in Section5.4.

7.4 Retriev al Performance

7.4.1 Experimental Set-up

To evaluate the retrieval performanceof the featuresand the decisionmethods, we

use two types of tests; pair retrieval tests and precision{recall tests. In the pair

retrieval tests the databaseis queriedwith each of the sub-imagesin the groundtruth

sub-imagepairs. Given a query sub-image,¯rst, imagesin the main database are

retrieved in ascendingorder of their distances,that were described in Chapter 6, to

the query. Then, if the image that the query sub-imagebelongsto is retrieved as

oneof the k best matches,it is considereda success.Averagerank for thesecorrect

imagesis also computed for each value of k. When the query is a non-shifted sub-

image in the main database, this is consideredas the best caseanalysis. On the

other hand, if a shifted sub-imagein the test database is usedas the query, this is
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consideredas the worst casebecausethe shifted sub-imagesoverlap a sub-imagein

the main databaseby only half the area while all other possiblesub-imageshave a

corresponding sub-imagewhich they overlap by more than this amount.

Two traditional measuresfor retrieval performancein the information retrieval

literature are precisionand recall. Precisionis de¯ned as the percentage of retrieved

imagesthat are actually relevant
µ

retrieved and relevant
total # of retrieved

¶
and recall is de¯ned as the

percentageof relevant imagesthat areretrieved
µ

retrieved and relevant
total # of relevant

¶
[51]. Givena

query, high precisionimplies that very little irrelevant imageshavebeenretrievedand

high recall implies that much of what is relevant in the databasehave beenretrieved.

Lack of precisioncan be comparedto a type 2 error (false alarm) and de¯ciency in

recall for a givensearch is comparableto type1 error (misdetection). For performance

evaluation, one can plot precisionand recall as a function of the number of images

retrieved as well as the precisionversusrecall curvesfor di®erent numbersof images

retrieved.

To evaluate the overall retrieval performance(precision and recall), we use the

image-level groundtruth constructed for both the Aerial Image Databaseand the

COREL Database. First, the databaseis queried with each of the imagesin each

of the groundtruth groupsshown in Figures 7.3 and 7.4, then averageprecisionand

recall percentagesare computedfor each group aswell as for the entire database.To

rank-order the databaseimages,decisionmethods described in Chapter 6 are used.

Speci¯cally for the results presented below, likelihood ratio, L 1 norm, Euclideandis-

tanceand in¯nit y norm wereusedfor the Aerial ImageDatabase,L 1 norm, Euclidean

distanceand in¯nit y norm wereusedfor the COREL Database.
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7.4.2 Results

Pair Retrieval Performance:

Results of the pair retrieval performancetests are given in Figures 7.10{7.12. In

theseexperiments, the best caseanalysisconsistsof 10,410queriesto a databaseof

10,410sub-imagesfor each feature and for each distance measure. The worst case

analysisconsistsof 4,780queriesfor the samedatabase. In the best caseanalysis,

all featuresperformed perfectly. On the other hand, in the worst caseanalysis,co-

occurrencefeatureshad a higher successrate and a smaller averagerank than those

of the line-angle-ratio features,while combined featuresoutperformed both. When

the distancemeasuresare concerned,the resultsweresimilar to the nearestneighbor

classi¯cation results in Section7.3.2. The likelihood ratio outperformed the rest by

retrieving the correct image as one of the 60 best matches100 percent of the time

with an averagerank of 4 amonga total of 10,410images. Among the rest, the L 1

norm performedbetter than the Euclideandistance,while the in¯nit y norm was the

worst. The problem that the in¯nit y norm having a tendencyof being dominated by

the worst performing featuresis alsopresent here.

Precision and Recall: Aerial Image Database

Resultsof the precision{recalltestsfor the Aerial ImageDatabasearegivenin Figures

7.13{ 7.18. Theseexperiments consistof 10,410queriesto a databaseof 10,410sub-

imagesfrom 1,090 imagesfor each feature and for each distance measure. For the

Ft. Hood Dataset, whereall Ft. Hood imagesare consideredas a singlegroup here,

all featuresand all distancemeasuresperformedalmost perfectly. The recall curves

seemto be low but indeed they are very closeto the ideal casebecausethere are

1,000imagesin the Ft. Hood Dataset. We do not have completegroundtruth for the

Ft. Hood Dataset now so no results for individual groups shown in ¯rst 7 rows of

Figure 7.3 are presented. The results given here show that the featuressuccessfully
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Figure 7.10: Pair retrieval performancetests for line-angle-ratiostatistics. Both the

best caseand the worst caseof the successrate and the averagerank are plotted asa

function of the number of imagesretrieved using likelihood ratio, L 1 norm, Euclidean

distanceand in¯nit y norm.
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Figure 7.11: Pair retrieval performancetests for co-occurrencevariances. Both the

best caseand the worst caseof the successrate and the averagerank are plotted asa

function of the number of imagesretrieved using likelihood ratio, L 1 norm, Euclidean

distanceand in¯nit y norm.
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Figure 7.12: Pair retrieval performancetests for combined features. Both the best

caseand the worst caseof the successrate and the averagerank are plotted as a

function of the number of imagesretrieved using likelihood ratio, L 1 norm, Euclidean

distanceand in¯nit y norm.
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distinguishedthe Ft. Hood imagesfrom the RemoteSensingimages.

For the Remote SensingDataset, which includes1,410of the 10,410sub-images

in the Aerial ImageDatabase,co-occurrencefeaturesand combined featuresoutper-

formed line-angle-ratio features. This is due to the signi¯cant micro-scaletexture

characteristics of these images. As the distance measuresare concerned,the likeli-

hood ratio was again the best performing distance. The L 1 norm performedat least

asgood asand sometimesbetter than the Euclideandistance. The in¯nit y norm was

again the worst performing one.

Precision and Recall: COREL Database

Results of the precision{recall tests for the COREL Databaseare given in Figures

7.19{ 7.24. Theseexperiments consistof 3,100queriesto a databaseof 3,100images

for each featureand for each distancemeasure.Similar to the Aerial ImageDatabase,

di®erent featuresperformeddi®erently for di®erent groundtruth groups. For groups

like \do ors" wherethere is signi¯cant line information, line-angle-ratio featuresper-

formed much better than co-occurrencefeatures. On the contrary, for groups like

\owls" and \¯rew orks" where a micro-texture is dominant, co-occurrencefeatures

outperformed line-angle-ratio features. Combined features again combined the ad-

vantagesof individual featuresand performedsigni¯cantly better than the individual

caseswith the exceptionof the in¯nit y norm that was dominated by the worst per-

forming feature for the groups\owls" and \roses". The rest of the distancemeasures

performed equally well when individual features are used. The Euclidean distance

and the L 1 norm performedbetter than the in¯nit y norm for combined featurescase

due to the reasonsmentioned above.

As can be seenfrom the precision curves, most of the ¯rst 10 imagesretrieved

belong to the samegroup as the query image. After approximately 10 images,pre-

cision decreasesmore rapidly. This is mainly due to the visual inconsistenciesin the

groundtruth groups. More discussionon this issuewill be madein Section7.6.
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(a) Fort Hood Dataset

0 50 100 150
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

P
re

ci
si

on

Group 2

Like.Ratio
L1 norm   
Euclidean 
Inf. norm 

(b) LANDSAT USA
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(c) DMSP North Pole
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(d) LANDSAT Chernobyl

Figure 7.13: Precision performancetests for the Aerial Image Databaseusing line-

angle-ratio featuresand di®erent distancemeasures.
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(a) Fort Hood Dataset
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(c) DMSP North Pole
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(d) LANDSAT Chernobyl

Figure 7.14: Recallperformancetests for the Aerial ImageDatabaseusing line-angle-

ratio featuresand di®erent distancemeasures.
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(a) Fort Hood Dataset

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

P
re

ci
si

on

Group 2

Like.Ratio
L1 norm   
Euclidean 
Inf. norm 

(b) LANDSAT USA
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(c) DMSP North Pole
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(d) LANDSAT Chernobyl

Figure 7.15: Precision performancetests for the Aerial Image Databaseusing co-

occurrencefeaturesand di®erent distancemeasures.



102

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 1

Like.Ratio
L1 norm   
Euclidean 
Inf. norm 

(a) Fort Hood Dataset
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(b) LANDSAT USA
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(c) DMSP North Pole
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(d) LANDSAT Chernobyl

Figure 7.16: Recall performance tests for the Aerial Image Database using co-

occurrencefeaturesand di®erent distancemeasures.
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(a) Fort Hood Dataset
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(b) LANDSAT USA
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(c) DMSP North Pole
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(d) LANDSAT Chernobyl

Figure 7.17: Precisionperformancetests for the Aerial Image Databaseusing com-

bined featuresand di®erent distancemeasures.
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(a) Fort Hood Dataset
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(b) LANDSAT USA
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(c) DMSP North Pole

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 4

Like.Ratio
L1 norm   
Euclidean 
Inf. norm 

(d) LANDSAT Chernobyl

Figure 7.18: Recall performancetests for the Aerial ImageDatabaseusing combined

featuresand di®erent distancemeasures.
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(a) Candies
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(b) Doors
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(c) Sunsets
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(d) Air Shows
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(e) Fireworks
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(f ) Roses
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(g) Bears
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(h) Bald Eagles
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(i) Owls

Figure 7.19: Precisionperformancetests for the COREL Databaseusing line-angle-

ratio featuresand di®erent distancemeasures.
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(d) Air Shows
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(f ) Roses
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(g) Bears
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(h) Bald Eagles
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(i) Owls

Figure 7.20: Recallperformancetests for the COREL Databaseusing line-angle-ratio

featuresand di®erent distancemeasures.
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(d) Air Shows
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(f ) Roses

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

P
re

ci
si

on

Group 23

L1 norm   
Euclidean 
Inf. norm 
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(h) Bald Eagles
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(i) Owls

Figure 7.21: Precision performance tests for the COREL Database using co-

occurrencefeaturesand di®erent distancemeasures.



108

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 3

L1 norm   
Euclidean 
Inf. norm 

(a) Candies

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 5

L1 norm   
Euclidean 
Inf. norm 

(b) Doors

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 6

L1 norm   
Euclidean 
Inf. norm 

(c) Sunsets

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 8

L1 norm   
Euclidean 
Inf. norm 

(d) Air Shows

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 14

L1 norm   
Euclidean 
Inf. norm 
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(g) Bears

0 20 40 60 80 100 120 140 160 180 200
0

10

20

30

40

50

60

70

80

90

100

Number of images retrieved

R
ec

al
l

Group 28

L1 norm   
Euclidean 
Inf. norm 
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(i) Owls

Figure 7.22: Recall performancetests for the COREL Databaseusing co-occurrence

featuresand di®erent distancemeasures.
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(i) Owls

Figure 7.23: Precision performancetests for the COREL Databaseusing combined

featuresand di®erent distancemeasures.
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Figure 7.24: Recall performancetests for the COREL Databaseusing combined fea-

tures and di®erent distancemeasures.
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7.5 Example Queries

\Similarit y" is a very abstract concept. Sometimesthe useris not exactly sureabout

what kind of similarit y he/sheis looking for. Becauseof this, our systemalsoretrieves

the most irrelevant imagesto help the userunderstandhow the systemdecideswhat

is relevant and what is not. By looking at these irrelevant imagesand comparing

them with the relevant ones, the user can re¯ne his/her query in a more e®ective

way. A possibleextensionto this idea is to allow querieslike \retriev e imagessimilar

to imageA and dissimilar to imageB".

Someexamplequeriesfrom the Aerial ImageDatabaseare given in Figures7.25{

7.32 and example queries from the COREL Database are given in Figures 7.33{

7.40. The user interface was written in MATLAB and works both as a parameter

adjustment tool for the feature extraction and databaseretrieval code written in

C under UNIX, and also as a display tool for both the query image and the re-

trieved images. Di®erent feature extraction methods; \line-angle-ratio statistics",

\co-occurrencevariances" and \combined features" can be selected. Available de-

cision methods are \lik elihood ratio", \ L 1 norm", \Euclidean distance", \in¯nit y

norm", \mo di¯ed L 1 norm", \mo di¯ed Euclidean distance" and \mo di¯ed in¯nit y

norm". There are alsoselectionsfor the number of e®ective featuresin the modi¯ed

distancemeasuresand the number of imagesto beretrievedasthe resultsof the query.

In the display, the upper left imageis the query image. Among the retrieved images,

¯rst three rows show the most relevant imagesin descendingorder of similarit y and

the last row shows the most irrelevant imagesin descendingorder of dissimilarity.

The sub-imagethat best matchesthe query imageis alsomarked with a white square

in each imageretrieved.

The rotation invariancecharacteristicsof the line-angle-ratio featurescan be ob-

served in Figure 7.28,while the angular dependencyof the co-occurrencefeaturesis

visible in Figure 7.25. Note that the individual query results look much better than
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the precisionand recall results of the previoussectionthat wereaveragedover all of

the imagesin each group. The reasonsfor this are the di±culties encountered during

assigningcomplexaerial imagesinto singlecategories,as well as the inconsistencies,

in terms of texture similarit y, found in the groundtruth groupings in the COREL

Library. These imageswere grouped in terms of domain similarit y. For example,

the groundtruth thinks an imageof \a man with a parachute" and \an airplane" are

similar becausethey are in the \air shows" group. Similarly, \b eans" and \¯sh" are

consideredsimilar becausethey both belongto the \fo od" group. The most feasible

way of retrieving imagesusing domain information is to integrate keyword matches

to the content-basedfeature similarities. The error pictures are discussedin the next

section.

7.6 Analysis of Error Pictures

As noted in the previous section,we believe that most of the errors in the retrieval

performancemeasurements are causedby the problems in groupings for the Aerial

and COREL databases.From the examplequeriesand the sampleimagesin Figure

7.3for the Aerial ImageDatabase,wecanseethat it is very hard to assignmost of the

imagesin the databaseto speci¯c groups. For example,the image in Figure 7.41(a)

contains both \houses" and \landscape" so it can be visually assignedto both of the

groups. Therefore, if we assignit to the group \residential", it will be consideredas

an error picture for queriesfrom the \landscape" group. Other examplesare given

in Figures7.41(b) and 7.41(c).

Similarly in the COREL Database, the groupings that are already available as

categoriesin the COREL Library are not exactly consistent with the groupingsthat

can be madevisually accordingto texture similarit y. For example,queriesusing two

imagesthat are in the \fo od" group are given in Figure 7.42. Although the retrieved

images\lo ok" quite \similar" to the query images,only the ¯rst two of them belong
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Figure 7.25: Query using co-occurrence

variancesand Euclideandistance.

Figure 7.26: Query using co-occurrence

variancesand in¯nit y norm.

Figure 7.27: Query using co-occurrence

variancesand Euclideandistance.

Figure 7.28: Query using line-angle-ratio

statistics and likelihood ratio.
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Figure 7.29: Query using combined fea-

tures and likelihood ratio.

Figure 7.30: Query using combined fea-

tures and likelihood ratio.

Figure 7.31: Query using combined fea-

tures and Euclideandistance.

Figure 7.32: Query using combined fea-

tures and L 1 norm.



115

Figure 7.33: Query using line-angle-ratio

statistics and Euclideandistance.

Figure 7.34: Query using line-angle-ratio

statistics and L 1 norm.

Figure 7.35: Query using co-occurrence

variancesand Euclideandistance.

Figure 7.36: Query using co-occurrence

variancesand L 1 norm.
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Figure 7.37: Query using combined fea-

tures and L 1 norm.

Figure 7.38: Query using combined fea-

tures and L 1 norm.

Figure 7.39: Query using combined fea-

tures and Euclideandistance.

Figure 7.40: Query using combined fea-

tures and L 1 norm.
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to the samegroup as the query imageso the rest are classi¯ed as error pictures and

make precisiondecreasedrastically in the performanceevaluation tests.

We also want to note that, speci¯cally for imageslike the onesin the COREL

Database,color seemsto be an important cue in distinguishing imagesbut perfor-

mancewill againbe e®ectedby the inconsistenciesif we usethesegroupings. Another

important observation is that someimagesthat arequite irrelevant to the query image

are retrieved simply becausethey are closeto the query image in the feature space.

Further research is required to investigatethe distributions of the feature vectors in

the high dimensionalfeature space[31]. Also, new distancemeasuresthat resemble

the human measureof similarit y more closelyneedto be found. We will addressthis

problem further in Section8.2.

(a) Residential area and

landscape.

(b) Buildings and land-

scape.

(c) Parking lots, buildings

and roads.

Figure 7.41: ExampleFt. Hood imagesthat canbe assignedto morethan onegroup.

Theseare probably the main reasonswhy researchers preferred to present only

examplequeriesinsteadof evaluating the performanceusingobjectivenumericalmea-

sures. Only someof them presented experiments using complex and unconstrained

images.Among the systemsthat we reviewed in Chapter 1, [13] presented precision

results for a COREL dataset, [8] presented precision{recall as a function of a pa-
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(a) Query using a bean image. (b) Query using a ¯sh image.

Figure 7.42: Queriesusing two imagesthat are in the \fo od" group in the COREL

Database.Although the retrieved images\lo ok similar" to the query image,most of

them are counted as error pictures becausethey are not in the samegroup as the

query image.
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rameter for a LANDSAT dataset, tests in [37] include precision{recallmeasurements

on a small satellite image set as well as a Brodatz texture set, [29] evaluated the

performancein terms of the rank of the correct imagewhen the databaseis queried

by the scannedor user sketched version of that image, on the other hand, [41] pre-

sented only examplequeriesfrom a COREL dataset, [47] presented examplesfrom a

Brodatz dataset, [22] presented examplesfrom a photo clip collection, examplesin

[34] are from a small medicaldatasetand [35] include examplesfrom a small LAND-

SAT dataset. A common databasethat includes di®erent kinds of images,that is

objectively groundtruthed, and that is publicly available needsto be constructed to

evaluate and comparedi®erent content-basedretrieval systems.



Chapter 8

CONCLUSIONS AND FUTURE W ORK

8.1 Conclusions

In this thesiswe discusseda systemthat allows a userto input an imageor a section

of an imageand retrievesall imagesfrom a databasehaving somesectionsimilar to

the user input image. We de¯ned the problem as developing e±cient features for

image representation and ¯nding e®ective measuresthat use these representations,

individually or asa combination, to establishsimilarit y betweenimages.The features

and the similarit y metrics shouldbe e±cient enoughto match similar imagesand also

should be able to discriminate dissimilar ones.

The ¯rst set of featureswere computed from the line-angle-ratio statistics which

was a texture histogram method that usedthe spatial relationshipsbetweenlines as

well as the properties of their surroundingsas features. Spatial relationships were

represented by the anglesbetweenintersecting/near-intersecting lines and the prop-

erties of their surroundings were represented by the ratio of the mean gray levels

inside and outside the regionsspannedby thoseangles.We alsodeveloped a line se-

lection algorithm using hypothesistesting to eliminate lines that werenot signi¯cant

enough.

The secondset of featureswere the variancesof gray level spatial dependencies

and were computed from the co-occurrencematrices which have beendemonstrated

to be an important texture measurein the micro-texture level by de¯ning texture

as speci¯ed by the statistical distribution of the spatial relationships of gray level

properties. Equal probability quantization was usedas a pre-processingstep before
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computing the co-occurrencematrices.

We also combined these features to make use of their di®erent advantages. A

multi-scale texture analysis is crucial for a compact representation, especially for

large databasescontaining di®erent typesof complex images.

Statistical feature selectionmethods were used to select the parametersof the

feature extraction algorithms, in order to avoid heuristic selectionsand redundant

features. We de¯ned two classes,the relevanceclassand the irrelevanceclass,and

designedan automatic groundtruth construction protocol that translated a frame

throughout every imageand groupedsub-imagepairs asrelevant or irrelevant accord-

ing to the assumptionthat overlapping sub-imagesare relevant and non-overlapping

onesare irrelevant. The criteria for \goodness"of the featureswasbasedon the total

classi¯cation error that wascomputedusinga Gaussianclassi¯er that associated sub-

imagepairs with either the relevanceor the irrelevanceclasses.Usingfeatureselection

methods that both shrink down and build up featuresets,we constructedsuboptimal

subsetsof features that had small classi¯cation errors. As a result, the line-angle-

ratio feature spacewaspartitioned into 20 cells,and the co-occurrencematriceswere

computed for 1 and 20 pixel distancesand 0, 45, 90, 135degreeorientations.

Given the featuresfor the query imageand the imagesin the database,we used

two approachesto rank-order the databaseimagesaccordingto their similarities to

the query image. First approach useda likelihood ratio that measuredthe relevancy

of two imagessothat imagepairs which had a high likelihood ratio wereclassi¯edas

relevant and the oneswhich had a lower likelihood ratio wereclassi¯edas irrelevant.

The secondapproach usedthe k-nearestneighbor rule and the L 1 norm, Euclidean

distance and the in¯nit y norm as the distance measuresto ¯nd and retrieve the

images that were the closest to the query image in the high dimensional feature

space. We also modi¯ed thesedistancemeasuresto allow two imagesto be similar

with respect to at least someof the features instead of all of them. The distances

can include weights for each feature. The weights wereselectedusingthe within-class
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and between-classvariancesof the individual features. The sameproblem was also

de¯ned asa regressionproblem and the groundtruth sub-imagepairs wereagainused

to adjust the weights.

To evaluate the performance,we usedtwo typesof experiments, namely the clas-

si¯cation e®ectivenessand the retrieval performance.The classi¯cation e®ectiveness

tests usedboth a Gaussianclassi¯er and a nearestneighbor classi¯er. We checked

whether each groundtruth sub-imagepair that shouldbe classi¯ed into the relevance

or irrelevanceclasseswereclassi¯edinto the relevanceor irrelevanceclassescorrectly.

The evaluation criteria wasthe \total cost" which wasde¯ned as3 misdetectionsand

2 falsealarms. More than 450,000sub-imagepair classi¯cationsshowed that approx-

imately 80% of the relevanceclassgroundtruth pairs were assignedto the relevance

classcorrectly. Usingcombined featureswasproved to be very e®ective by decreasing

the total cost from 30% to 24%. The in¯nit y norm seemedto be dominated by the

worst performing features.Webelieve that this problemcanbesolvedusingthe mod-

i¯ed distancemeasures.Results for the nearestneighbor classi¯er were worse than

thoseof the Gaussianclassi¯er becausethe latter alsoconsideredthe variancesof the

two classesand wase®ectedlessfrom the overlap betweenthe classdistributions. We

observed that although the assumption that overlapping sub-imageswere relevant

almost always held, we could not always guarantee that non-overlapping sub-images

were irrelevant. To compansatethe e®ectsof \learning from an imperfect teacher",

we developed a statistical framework that estimated the correct classi¯cation results

from the assignments madeby the classi¯er and the mislabeling probabilities of the

automatic groundtruth construction protocol. Hence,someof the assignments which

we counted asincorrect werenot in fact incorrect. Thus the approximate 80%correct

relevant pair rate was a lower bound.

In the pair retrieval tests, ¯rst the databasewas queried with each of the sub-

imagesin the groundtruth sub-imagepairs, then the successrate and the averagerank

were computed, where successwas de¯ned as retrieving the correct image among a
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prede¯ned number of best matches. In more than 180,000queriesto a databaseof

10,410sub-images,combined features were again the most successful. The likeli-

hood ratio distancemeasurewe de¯ned was more successfulthan the other distance

measures.

In the precision{recall tests, from approximately 125,000queries to the Aerial

ImageDatabasewhich consistsof 10,410sub-images,we observed that the line-angle-

ratio featuresperformedbetter for the imagesfrom the Ft. Hood Dataset, whereas

the co-occurrencefeaturesperformedbetter for the imagesfrom the RemoteSensing

Dataset. From approximately 28,000queriesto the COREL databasewhich consists

of 3,100images,we again observed that the line-angle-ratio featureswere more suc-

cessfulfor the imageswith a dominant line information and the co-occurrencefeatures

performedbetter when the micro-texture characteristicsweredominant. Combining

thesetwo feature setsalways outperformedthe results for individual features.

The major problem we had in theseexperiments was in both the sub-image-level

and the image-level groundtruths. As noted before,a widely accepteddatabaseneeds

to be generatedto evaluate and comparedi®erent content-basedretrieval systems.

We believe that our textural featuresand decisionmethods played a signi¯cant

role in capturing similarities betweenimagesand retrieving the onesthat are similar

to the query image. We successfullyshowed that low-level textural featurescan help

in grouping imagesinto semantically meaningful categories. All of the experiments

done on a large databasewith many di®erent kinds of complex imagesshowed that

combined features outperformed individual features, which leads to the conclusion

that a signi¯cant improvement in both classi¯cation e®ectivenessand retrieval per-

formancewasobtainedusinga multi-scale texture representation. Also the likelihood

ratio measurewe developed increasedthe retrieval e±ciency comparedto the com-

monly usedmethods like Euclidean distance and L 1 norm. To further improve the

performance,somefuture research directions are suggestedin the next section.
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8.2 Future W ork

In order to further improve the performanceand to overcomethe incapabilities of

our features in representing someof the imagesthat do not contain signi¯cant line

information and that cannot be distinguishedat the micro{texture level, we will try

to add, with appropriate weightings, new featuresthat capture texture information

at other scales.Color is alsoanother important cue for visual similarit y. Integrating

color featureswith the textural featuresdeveloped here will de¯nitely improve the

performancefor the COREL Database.Note that we usedneither the weighted dis-

tance measuresnor the modi¯ed distancemeasuresin the experiments. The weights

are still have to be estimated. The number of features to be used in the modi¯ed

distancemeasurescan be selectedby ¯rst running the nearestneighbor classi¯cation

tests for di®erent numbers of featuresand then choosing the best performing subset

size. An alternative is to try all possiblenumbersof featuresbut this is computation-

ally too expensive. Also the mislabeling probabilities of the automatic groundtruth

construction protocol still needto be estimated in order to be able to usethe frame-

work developed to estimate the correct classi¯cation results. Finally, the features

developed hereshould be comparedto other techniquesto observe the actual degree

of improvement made.

One ¯nal observation is that sometimesimagesthat are quite irrelevant to the

query imagearealsoretrievedsimply becausethey arecloseto the query imagein the

featurespace.Further research is requiredto ¯nd featuresand distancemeasuresthat

resemble the human visual systemmore closely. One decisionmethod that is worth

trying is to use a graph-theoretic approach. Let's assumewe query the database

and get back the best N matches. Then, for each of these N matches we can do

a query and get back the best N matches again. Now we have a minimum of N

and a maximum of N 2 retrieved images. Let's de¯ne S as the set of imagesthat

are retrieved as the results of thesequeries. Then, we can construct a graph with
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the imagesin S as the nodes. We can draw arcs betweenthe N query imagesand

their corresponding N matches. Thesewill be the edgesof the graph. We de¯ne this

as the set R where R µ S £ S. Theseedgescan also have the distancesbetween

imagesasweights. We want to ¯nd the connectedclustersof this graph becausethey

correspond to similar images. The problem now becomes¯nding the maximal P,

where P µ S such that P £ P µ R. This is also called the maximal clique of this

graph. To increasethe speed, we can use the algorithm developed by Shapiro and

Haralick [53] that ¯nds \near-cliques" by usingdenseregionsinsteadof the maximally

connectedonesin the graph. The clusters of interest are the onesthat include the

original query image. If two clusterscontain the samenumber of nodes(images),we

can compute the sum of the weights of the edgesin each of the clusters and select

the one that has the minimum total distance. This method increasesthe chanceof

retrieving similar imagesby not only ensuringthat the retrieved imagesare closeto

the query image,but alsoadding another constraint that they shouldbe closeto each

other in the feature space.
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Appendix A

LINE AND ANGLE PRELIMINARIES

In this appendix we present somede¯nitions that are usedin the derivations in

Chapter 2, Line-Angle-Ratio Statistics.

De¯nition 1 Parametric line equation

Given two n-dimensionalend points of a line segment, P1 and P2, the equationof

it can be written as

P = P1 + ¸ (P2 ¡ P1) (A.1)

where

¸ =
jjPP1jj
jjP2P1jj

; (A.2)

a real constant between0 and 1.

In 2-D, P =

2

6
4

r

c

3

7
5 , so for a line segment with end points

2

6
4

r1

c1

3

7
5 and

2

6
4

r2

c2

3

7
5 ,

equation (A.1) becomes
2

6
4

r

c

3

7
5 =

2

6
4

r1

c1

3

7
5 + ¸

2

6
4

r2 ¡ r1

c2 ¡ c1

3

7
5 : (A.3)

De¯nition 2 Angle between two lines

The angle µ betweentwo directed lines
¡ ¡ !
P1P2 and

¡ ¡ !
P1P3 as in Figure A.1 is given

by

µ =
180
¼

arccos

Ã
(P2 ¡ P1) ¢(P3 ¡ P1)
kP2 ¡ P1kkP3 ¡ P1k

!

: (A.4)

Resulting µ is always in the range[0±; 180±].
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P

P

P
0

3

1

Pr

P2

q

A

Figure A.1: Lines and points in 2-D space.

De¯nition 3 Distance between a point and a line

Given the line P1P2 with equationas in (A.1) and a point P0 as illustrated in 2-D

in Figure A.1, ¸ 0 that minimizesthe distancebetweenthe point and the line is given

by

¸ 0 =
(P0 ¡ P1)0(P2 ¡ P1)

kP2 ¡ P1k2
: (A.5)

Then, Pr , which is the point on the line that is closestto P0, can be found as

Pr = P1 + ¸ 0(P2 ¡ P1): (A.6)

Finally, the smallestdistancecan be computedas

d = kPr ¡ P0k: (A.7)

De¯nition 4 Area of a triangle

Given three verticesP1, P2, P3 of a triangle in 2-D spaceasin Figure A.1, its area

can be computedas

A =
1
2

[P1r P2c ¡ P1cP2r + P1cP3r ¡ P1r P3c + P2r P3c ¡ P2cP3r ]: (A.8)

Note that this is a signedarea. If the vertices P1, P2, P3 form a counterclockwise

circuit, the area is positive, if they form a clockwise circuit, the area is negative.
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De¯nition 5 Location of a point with respect to a line

To determine which side of a directed line
¡ ¡ !
P1P2 a point P0 lies, ¯rst the area of

the triangle P0P1P2 is computed using equation (A.8). If this area is positive, the

point P0 lies on the left of the line
¡ ¡ !
P1P2, otherwiseit lies on the right.



Appendix B

REGION CONVENTION FOR MEAN COMPUT ATION

In this appendix we describe the procedureto ¯nd the regionsde¯ned as in and

out regionsin Section2.2.2. Given endpoints of two linesL 1 and L2 asin Figure B.1,

we want to ¯nd the regionsto calculate meangray levels. After computing the unit

vector n̂1 =

2

6
4

n1r

n1c

3

7
5 alongL 1 and the unit vector n̂2 =

2

6
4

n2r

n2c

3

7
5 alongL 2, we can ¯nd

their intersection point P =

2

6
4

Pr

Pc

3

7
5 using the approach described in Section 2.1.2.

To ¯nd the regionboundaries,¯rst we ¯nd the anglebisector line L 3 betweenL 1 and

L2. Equation of L 3 is

L3 = P + ¸ 3n̂3 (B.1)

wheren̂3 is the unit vector alongL 3 and ¸ 3 is a real constant. Note that this equation

is slightly di®erent than the one in equation (A.1) becausein (B.1) n̂3 is the unit

vector. To ¯nd the unit vector n̂3 we usethe constraints

n̂3 ¢n̂1 = n̂3 ¢n̂2 (B.2)

and

kn̂3k = 1: (B.3)

Theseresult to

n3r n1r + n3cn1c = n3r n2r + n3cn2c (B.4)
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and

n2
3r + n2

3c = 1: (B.5)

Then, we can derive n3c as

n3c = §

vu
u
t (n2r ¡ n1r )2

(n2c ¡ n1c)2 + (n2r ¡ n1r )2
(B.6)

and n3r as

n3r = ¡ n3c
n2c ¡ n1c

n2r ¡ n1r
: (B.7)

To selectn3c with the correct sign we check the angle betweenlines L 1 and L3 and

select

2

6
4

n3r

n3c

3

7
5 which makesthis anglelessthan 90 degreesbecausethe anglebetween

L1 and L2 is always lessthan 180degrees.

L 1

L 2

L3

L 5

L 4

A'
B'

P'

A
B

P

Figure B.1: Regionsfor meancalculation.

Then, we can ¯nd the point P0, which lies on the line L 3 and is at a distanceof

¸ 0 pixels to the point P, as

P0 = P + ¸ 0n̂3 (B.8)
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where¸ 0 is a given negative constant. Now, we know the equationsof the lines L 4

L4 = P0+ ¸ 4n̂1 (B.9)

and L5

L5 = P0+ ¸ 5n̂2: (B.10)

We can ¯nd locations of the points A0 and B 0 as

A0 = P0+ kAP kn̂1 (B.11)

and

B 0 = P0+ kBPkn̂2 (B.12)

where points A and B are located away from P at a distance of 80 percent of the

lengths of lines L 1 and L2 respectively.

Given the points A, A0, B , B 0, P and P0, we can ¯nd whether a point X =

2

6
4

r

c

3

7
5

lies insideor outsidethe regionspannedby the linesL 1 and L2. We call the in region

asthe oneboundedby the linesAP , PB, BA, and the out regionasthe onebounded

by the lines AA 0, A0P0, P0B 0, B 0B, BP, PA.


