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Abstract

Textural FeaturesFor Content-Based Image DatabaseRetrieval
by Selim Aksoy

Chairpersonof Supervisory Committee
ProfessorRobert M. Haralick

Departmert of Electrical Engineering

Image databaseretrieval has receiwed signi cant attention in recen years. This
thesisdescrikesa systemto retrieve all databaseimageshaving somesectionsimilar
to the query image. We dewelop excient featuresfor image represemation and ef-
fective metrics that usetheserepresetations to establishsimilarity betweenimages.
The rst set of featureswe useare the line-angle-ratio statistics constituted by 2-D
texture histogramsof the anglesbetweenintersecting/near-intersectinglines and the
ratios of meangray levelsinside and outside the regionsspannedby thoseangles. A
line selectionalgorithm using hypothesistesting is deweloped to eliminate insignif-
icant lines. The secondset of features used are the variancesof gray level spatial
dependenciescomputed from co-accurrencematrices at di®eren distancesand ori-
entations. Statistical feature selectionmethods are usedto selectthe parametersof
the feature extraction algorithms. We also conbine these macro and micro texture
featuresto make useof their di®eren advantages.

We de ne two classesthe relevance classand the irrelevance class,and design
an automatic groundtruth construction protocol to assaiate ead image pair with

one of the classes. To rank-order the databaseimagesaccordingto their similari-



ties to the query image, a likelihood ratio and the k-nearestneighbor rule are used.
To ewaluate the performance, classi cation e®ectienessand retrieval performance
experimerts are doneon a large databasewith many di®eren kinds of complexim-
ages. More than 450,000image pair classi cations using a Gaussianclassi er and
a nearestneighbor classi er shaved 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 dewelop a statistical framework that estimatesthe correct classi cation results.
Hence,someof the assignmeis which we court asincorrect are not in fact incorrect.
In the retrieval performancetests, which usemore than 300,000queries,we obsened
that conbined feature setsand the likelihood ratio distancemeasureoutperformedall
the other feature and distance measurecombinations we use. The results shav that
low-level textural featurescan help in grouping imagesinto semartically meaningful
categories,and multi-scale texture represetation providesa signi cant improvement

in both classi cation e®ectienessand retrieval performance.
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Chapter 1

INTR ODUCTION

Imagedatabasesare becomingincreasinglypopular dueto largeamourt of images
that are generatedby various applications and the advancesin computation power,
storage deviceslike CD-ROM, scanning, networking, image compression,desktop
publishing and the World Wide Web. Becauseof this popularity, image database
researt has becomea very hot area. The advancesin this area cortribute to an
increasein the number, size, use, and availability of on-line image databasesand
new tools are required to help userscreate, manage,and retrieve imagesfrom these
databases. The value of these systemscan greatly increaseif they can provide the
ability of searding directly on non-textual data, \content" of the image, instead of
searding only onthe assaiatedtextual information. Main purposeof a content-based
image databaseretrieval systemis to e®ectiely and exciently usethe information

storedin the database.

1.1 Image Databases

In a typical cortent-basedimage databaseretrieval application, the userhasan im-
age and/or just a subject he or sheis interestedin and wants to nd imagesfrom
the databasethat are similar to the exampleimage and/or related to the subject.
For example, a fashion designerneedsimagesof fabrics with a particular mixture
of colors, a museumcatalogerlooks for artifacts of a particular shape and textured

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



left with the camerazooming. Other application areascan be architectural and en-
gineeringdesign,interior design,remote sensingand managemen of earth resources,
geographidnformation systemsscieri ¢ databasemanagemet weatherforecasting,
retailing, trademark and copyright databasemanagement law enforcemenfy criminal

investigation, picture archiving and communication systems[24].

Convertional databaseretrieval methodswill not be suzcient to retrieve this kind
of data becausdhey dependon Te IDs, keywords, or text ass@iated with the images.
They do not allow queriesbaseddirectly on the visual properties of the images,they
depend on the particular vocabulary used,and they do not provide queriesfor images
\similar" to a givenimage. In corvertional databasesyretrieval is basedon an exact
match of the attribute valuesso they do not have the ability to rank-order results
by the degreeof similarity with the query image. There is an old saying \A picture
is worth a thousand words." [47]. Unfortunately, it is impossibleto represen the
content of an imagein a few words. For example,an image annotated as cortaining
\woman" and \children" cannot be retrieved by a query searting for the keyword
\p eople™.

Establishing\similarit y" betweentwo imagesis a very hard and abstract concept.
At rst glance,cortent-basedretrieval seemsasif it should be very simple because
humansare sogood at it. Also, sincewe have an almost perfect text-seard technol-
ogy, it will be very easyto retrieve imagesif we can assignsemanic descriptionsto
them. Unfortunately, assigningsemaric descriptionsis an unsolved problemin im-
ageunderstanding. In the literature, approadesto content-basedretrieval have taken
two directions [24]. In the rst, image cortents are modeled as a set of attributes
extracted manually and managedwithin a corventional databasemanagemen sys-
tem. Queriesare speci ed using these attributes. This attribute-based retrieval is
advancedprimarily by databaseresearters.

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

gorithm to automate the feature-extractionand object-recognitiontasksthat needto



be donewhenthe imageis insertedinto the database.This approad is advancedpri-
marily by imageunderstandingand computer vision researbers. The main goalis to
combine ideasfrom areassut asknowledge-basedystems,cognitive science model-
ing, computer graphics,imageprocessingpattern recognition, database-managemen
systemsand information retrieval. ldeally, object recognition should be automatic,
but this is generallyditcult. The alternative manual identi cation is almost infeasi-
ble and alsoinhibits the query-by-corntent idea.

After imagesare addedto the databaseand featuresare extracted, queriescan
be formed to allow usersretrieve images. Researbers have used di®eren distance
measurego computethe similarity betweentwo images.The ideaisto nd animage
which hasthe most similar featuresto the featuresextracted from the query image.
This similarity betweentwo featuresis computed by measuringthe closenes®f the
two using distance metrics.

Queriesfor a cortent-basedimage databaseretrieval systemcan be basedon dif-
ferent featuresand can be from di®eren classedike color, texture, sketch, shape,
volume, spatial constrairts, browsing (interactive), objective attributes, subjective
attributes, motion, text, and domain concepts[24]. Color querieslet usersretrieve
imagescortaining speci ¢ colorsasinput by the user. The usercan specify percen-
agesand locations of colorsin the image. Texture queriesallow retrieving images
cortaining a speci ¢ texture. Retrieval by sketch lets usersoutline an image and
then retrieves a similar image from the database. The spatial constrains category
dealswith a classof queriesbasedon spatial and topologicalrelationshipsamongthe
objects in an image. Theserelationshipsmay span a broad spectrum ranging from
directional relationshipsto adjacency overlap, and cortainment 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 image database. All of these

gueriescan be formed either using someprede ned options or using another image,



which is also called query-hy-example.

Thesequeriesshouldbe integrated with a graphical userinterfacefor easieraccess.
Ideally, a natural languageunderstandingtool will be the mostuserfriendly interface.
For example,it is easierto expressa query sud as\Show me imagesof snov-covered
mountains” in natural languagethan it is to sketch an image of a mountain and
sprinkle it with snow texture.

In practice, there arealsoother issuedikeindexing problemsin very largedatabases
[9, 10, 11] and user interaction [44, 48]. Barros et al. [9] investigatedthe e®ectof
triangle-inequality using singlekeysand pairs of keysin reducingthe number of com-
parisonsto seard the database.Berman and Shapiro[10] usedpolynomial conbina-
tions of prede ned distance measurego create new distance measuresand extended
the triangle-inequality to compute lower bounds for these new measuresto prune
the database. In [1]] they investigated the performanceof di®eren key selection
algorithms like random selection, selectionaccordingto density variance, selection
accordingto separation,a greedythresholding algorithm and clustering. Minka and
Picard [44] usedmadine learningin terms of selforganizingfeature mapsto automat-
ically selectand combine available featuresbasedon positive and negative examples
from the user. Picard and Pertland [48]addressedhe needfor having a humanin an
interactive loop with the systemand designingsystemsthat caninfer which features
are the most relevant for a seart guided by user'sexamples.

In this thesiswe will concertrate on feature extraction methods, speci cally textu-
ral features,for imagerepresemation, and on decisionmethodsto establishsimilarity
betweentheserepresemations. In the following sectionwe discusssomeof the previ-

ouswork doneon texture analysisand its usein cortent-basedimageretrieval.



1.2 Literature Overview

1.2.1 Textural Features

Texture hasbeenone of the most important characteristicswhich have beenusedto
classify and recognizeobjects and scenes.lt can be characterizedby textural primi-
tivesasunit elemens and neighborhoods in which the organizationand relationships
betweenthe properties of theseprimitiv esare de ned. Numerousmethods, that were
designedfor a particular application, have beenproposedin the literature. Howewer,
there seemgo be no generalmethod or a formal approad which is usefulin a broad
range of images.

Haralick and Shapiro [28] de ned texture as the uniformity, density, coarseness,
roughnessyegularity, intensity and directionality of discretetonal featuresand their
spatial relationships. Although no generally applicable de nition of texture exists,
somecommonelemerts in the de nitions foundin the literature are primitiv esand/or
properties that are de ned in a neighborhood and the statistical and/or structural
relationshipsbetweentheseprimitiv esand/or propertiesthat are measuredat a scale
of interest.

In his texture survey, Haralick [26] characterizedtexture asa 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 approadesto characterizeand measuretexture: statisti-
cal approateslike autocorrelation functions, optical transforms, digital transforms,
textural edgenessstructuring elemerns, spatial gray level run lengthsand autoregres-
sive models, and structural approadesthat usethe idea that textures are made up
of primitiv esappearingin a near-regularrepetitive arrangemen.

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

pattern over a given areaand tried to measurecoarsenessf texture usingamourt of



edgeper unit area, gray level dependenciesautocorrelation, and number of relative
extrema per unit area.

Rosenfeld[49 reviewed someof the texture measuresn the literature; autocor-
relation, power spectrum, second-ordergray level statistics, rst-order local feature
statistics (featureslike edgesand straight lines) and texture segmetation usinglocal
features.

Laws [36] Ttered the image using 5 £ 5 kernelsand then applied a non-linear
moving-window averaging operation to compute the texture energyin a neighbor-
hood. These5£ 5 kernelsare constructed using outer products of ve 1-D kernels,
which he calledlevel, edge,spot, wave and ripple, eat of length 5. He usedthesetex-
ture energyvalueswith a linear discriminator to classify pixels into di®eren texture
classes.

Mao and Jain [43] modeledtexture in terms of the parametersof a simultaneous
autoregressie model (SAR) t. First, arotation invariant SAR model is introduced
by taking the gray level samplesat a circular grid. Then, a multiresolution SAR model
(MR-SAR) is deweloped to overcomethe problemsin choosingthe neighborhood size
in which the pixel gray levels are regardedasindependen, and selectingthe window
sizein 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 segmetation.

A more recer texture survey was done by Tuceryan and Jain [57], where they
reviewed the basic conceptsand various methods for texture processing.They sum-
marized the applications of texture as texture classi cation (recognition of image
regions), texture segmetation (nding texture boundaries),texture synthesis (gen-
eration of imagesfor special purposes)and shape from texture (recognition of shape
from the distortion in texture elemens). They arguedthat texture perceptionand
analysisare motivated from two viewpoints; psydophysics, which motivated the use

of rst-order and second-orderstatistics and also multiresolution analysis,and ma-



chine vision applications, which include industrial inspection, medicalimageanalysis,
documert processingand remote sensing.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 Tters, Fourier domain Ttering, Gabor and wavelet models, etc.).

1.2.2 Texture in Image Datalase Retrieval

Many researbers 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 eat object in an image aswell asfor eat image. For
texture, they usedfeaturesbasedon coarsenesscontrast, and directionality which
were proposedby Tamura et al. [55. In [7], they deweloped semi-automatictools to
aid manual outlining of the objects during databasepopulation.

In the MIT Photobook Project, Pertland et al. [47] emphasizedthe fact that
featuresusedin a databaseretrieval systemshould provide a perceptually complete
represemation, that allows reconstruction of the images,in order them to be seman-
tically meaningful. They usedthe Karhunen-Loewe transform to selecteigervectors
to represen variations from the prototypical appearanceas appearance-sgci ¢ de-
scriptions in the AppearancePhotobook; modeledthe connectionsin a shape using
sti®nesgmnatrices producedby the nite elemen method asshape descriptionsin the
Shape Photobook; and used 2-D Wold-baseddecompositions that are descriked 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 mapsto extract textural featuresfrom pulmonary CT imagesand
introduced a global signature basedon a sum of weighted Gaussiansto model the

texture. They also usedthese Gaussiandistributions to visualize which pixels con-



tribute moreto the similarity score.In [35] they appliedthesemethodsto LANDSAT
TM data.

Barros et al. [8] tried to retrieve multi-spectral satellite imagesby rst clustering
image pixels, accordingto their spectral values, using a modi ed k-meanscluster-
ing procedure, then using the spectral distribution information as featuresfor eah
connectedregion.

Jacobset al. [29] usedHaar wavelet decompositions and a distance measurethat
compareshow many wavelet coexcients that two imageshave in commonfor image
retrieval. They usedonly a few signi cant wavelet coexcients and also quartized
them to improve the speedof the system.

Manjunath and Ma [42] used Gabor [ter-based multiresolution represemations
to extract texture information. They used meansand standard deviations of Ga-
bor transform coexcients, computedat di®eren scalesand orierntations, asfeatures.
Gabor Tters performedbetter than the pyramid-structured wavelet transform, tree-
structured wavelet transform and the multiresolution simultaneous autoregressie
model (MR-SAR) in the tests performedon the Brodatz database.

In [39, Liu and Picard treated imagesas 2-D homogeneousandom elds and
usedthe Wold theory to decompsethem into three mutually orthogonal compo-
nents. These componerts correspnd 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 componert analysis,the multiresolution simultaneousautoregressie model, the
tree-structured wavelet transform and Tamura et al.'s [55 featuresthat were used
in [22]. The Wold-basedfeatures performed better than others in terms of average
recall for a Brodatz texture dataset.

Li etal. [37] used21di®eren spatial featureslike gray level di®erencegmean,con-
trast, angular secondmomerts, directional derivatives,etc.), co-accurrencematrices,

momerts, autocorrelation functions, fractals and Robert's gradiert on the Brodatz



image set and on remote sensingimages. The spatial featuresthey extracted out-
performed sometransform-basedfeatureslike the discrete cosinetransform, Gabor
“Tters, quadrature mirror Tters and uniform subbandcoding.

Carson et al. [13 dewloped 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 describingthese
regions using color, texture, location and shape properties. Texture featuresthey
usedare anisotropy, orientation and cortrast computed for eat region.

Smith [54] deweloped a systemthat usescolor, texture and spatial location in-
formation for image retrieval. For texture, he usedthe quartized energiesof the
quadrature mirror Tter wavelet Tter bank outputs at di®eren 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 done using the Brodatz dataset,
thesefeaturesperformedbetter than the DCT-basedfeatures.

Ma and Manjunath [41] described a system called \Netra" that also usescolor,
texture, shape and spatial location information. They dewelopedan\edge °ow model"
that identi es the direction of changesin the feature valuesto segmehn the image
into non-overlapping segmets and computed the color, texture, shape and location
information for eat region. For texture, they usedGabor Tters which are orientation
and scaletunable edgedetectors.

Vailaya and Jain [58] comparedthe e®ectienesf di®eren featureslike color his-
togram, color coherencevector, discrete cosinetransform coezcients, edgedirection
histogram and edgedirection coherencevector in classifyingimagesinto two classes:
city and landscape, using a weighted nearestneighoor classi er. Edge-basedeatures
performed better than the others. They suggestedbuilding a hierarchical classi er
that usesmultiple two-classclassi ersfor image grouping.

The approatesreviewed above and the onesthat will be reviewed in Chapters?2
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and 3 are only a few examplesfrom the extensiwe texture and content-basedretrieval
literature. The textural featuresin theseapproadescan 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, 5§|.

1.3 Problem De nition

The image retrieval scenarioaddressedhere beginswith a query expressedby an
image. The user inputs an image or a section of an image and desiresto retrieve
imagesfrom the databasethat have somesectionthat is similar to the userinput
image. An object/pro cessdiagram, where rectanglesrepresen objects and ellipses
represen processesof the systemthat will be described hereis given in Figure 1.1.

Selectingfeaturesthat are suitable for an application is one of the mostimportant
parts in solving the problem. Shape descriptors, color featuresand texture measures
are all able to represeh someinformation about an image, but the way in which
they are used determine the concept\similarit y" betweentwo images. The main
problemis rst to nd excient featuresfor imagerepresemation, thento nd e®ectie
measureshat usetheserepresetations, individually or asa combination, to establish
similarity betweentwo images. The featuresand the similarity measuresshould be
excient enoughto match similar imagesand also should be able to discriminate
dissimilar ones.

The goal of this thesisis to deweloptextural featuresfor imagerepresemation and
statistical measuredor similarity computation. We will evaluate the performanceof
the proposedalgorithms in terms of the e®ectienesgo classifyimagepairs assimilar
or dissimilar, aswell asthe capability to retrieve perceptually similar imagesas best
matcheswhile eliminating irrelevant ones. The groundtruth for the experimerts 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 Contributions and Thesis Organization
In this thesis,we

2 dewelop an easy-to-computetexture histogram method that usesthe spatial
relationships between lines as well as the properties of their surroundingsas

textural features,

2 dewelop a line selectionalgorithm that performs hypothesistests to eliminate

linesthat are not signi cant enough,

2 integrate macroand micro textural feature extraction methods for a multi-scale

texture analysis,

2 perform feature selectionbasedon statistical methodsin orderto avoid heuristic

selectionof the parameters,

2 descrite a classi er that ass@iatesimage pairs asrelevant or irrelevant,

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

si er and to ewaluate the e®ectienessf the features,

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

imperfectteacher” in the automatic groundtruth construction protocol,

2 presett experimerts and performanceevaluation on a large databaseof complex
imagesincluding aerial images,remote sensingimages,natural scenesegtc., 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 macrotexture

measurethat usesspatial relationshipsbetweenlines aswell asthe properties of their
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surroundingsand is motivated by the fact that line content of an image can be used
to represen texture. Chapter 3 descrikesthe secondfeature extraction algorithm,
variancesof gray level spatial dependencieswhich 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 amourt of texture information and are consisten
with human visual perception. Chapter 4 addresseghe problem of conbining these
featuresin orderto make useof their di®erert advantages. A third feature extraction
algorithm is alsointroducedin this chapter in orderto capturethe texture information
that cannot be described by the rst two methods. A multi-scale analysisis crucial
for a compactrepresemation, especially for large databasescortaining di®eren types
of compleximages.

In Chapter 5, we discusshow we selectthe 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
results using the mislabeling probabilities of the automatic groundtruth construction
protocol is also descriked in this chapter. Chapter 6 descrikesthe decisionmethods
usedfor rank-ordering the databaseimagesaccordingto their similarity to the query
image. In Chapter 7, rst we descrite the databasepopulation, then we preser
the results of the feature selectionalgorithms descrited in Chapter 5, and nally we
demonstratethe e®ectienessof our featuresin both image classi cation and image
retrieval. Example queriesare preserted and analysisof error pictures is also made
in this chapter. Finally, Chapter 8 concludesby rst giving a summary and then
discussingsome future researt directions. Details of the de nitions usedin the

derivations in Chapter 2 can be found in the Appendices.



Chapter 2

LINE-ANGLE-RA TIO STATISTICS

In Section 1.3 we de ned the problem as nding ezcient textural represema-
tions for images. Experimerts on various types of imagesshowved us that one of the
strongest spatial features of an image is its line segmets and the anglesbetween
intersectingline segmets [62]. Edge and line information has beenextensiwely used
sincevery early approadesto texture. Rosenfeld[50, 49| discussedhat line cortent
of an image can be usedto represem texture in the image. Therefore,an image can
be roughly represered by the lines extracted from it.

In this chapter, we descrike how we extract texture information using lines ex-
tracted from an image as 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 presen the details of feature ex-

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

2.1 Pre-pro cessing

Sinceour goalisto nd a sectionin the databasewhich is relevant to the input query,
beforeretrieval, ead imagein the databaseis divided into overlapping sub-images.
The protocol for databasepopulation will be descriked in detail in Chapter 7. Each
sub-imageis then processedozine by Canry's edgedetector [12], Etemadi's edge
linker [21], line selectionoperator and line grouping operator to detect line pairs to
asseiate with ead sub-imagein ead 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®erencebetweenthe gray level distributions on both sidesand goal of
the line grouping operator is to nd intersecting and/or near-irtersectingline pairs.
In the following sectionswe descrike the line selectionand line grouping operatorsin

more detail.

2.1.1 Line Sele&tion

Edgedetection followed by line detection operators often result in many falsealarms.
It is especially hard to selectproper parametersfor these operators if one doesnot
have groundtruth information astraining data. After line detection, we usehypothesis
testing to eliminate linesthat do not have signi cant di®erenceébetweenthe gray level
distributions in the regionson their right and left.

Yakimovsky [61] useda similar approad 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 dewelop for line selectioncan be descriked as follows. Let the
setof N gray levelsxq;X5;::: ; Xy are samplesfrom the regionto the right of a line
and the setof M gray levelsys;y,;:::;ym are samplesfrom the regionto the left of
that line. To selectthesesamples, 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
XiiX2; 00X » N(0 %) (2.1)
and

yuyaiiiiiym > N( %) (2.2)
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We want to test whether thesetwo setsof valuescomefrom the samedistribution or
not.
Let's de ne X and ¥, which areaverageofx,;n = 1;::: ;N andy,;m= 1;::: ;M

respectively, as

X L X (2.3)
= X .
N n=1 "
and
-1 X : 2.4
y = M - Ym: (2.4)
Then, we have
A !
¥
X » N 1X:W£ (2.5)
and
A !
%
N 1,2 2.6
y » y: M ( )
Then the random variable z
z=X%i V (2.7)
has a distribution
A 1
B Y
N(z;%) =N 'y 1y;W£+Mﬁ ; (2.8)
For the hypothesistesting, let's de ne the null hypothesisas
which meansgray levelsx,;n = 1;::: ;N andy,;m = 1;::: ;M comefrom the same

distribution, and the alternative hypothesisas

H1: Hp not true (2.10)
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which meanstwo sets of gray levels comefrom di®eren distributions. We do not
know the parameters® and %but it is not important becausethey cancelout in the
derivations.

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

uZi 121]2
A= 2.11
7 (2.11)
and <
1 Ry kT2 ow Byt
B = : + : : (2.12)
Ni 1. % Mil. %
Underthe null hypothesis,the randomvariablesin equations(2.11)and (2.12) become
ZZ
Az —— 2.13
G+ % @29
and
CJR S P RS S P (2.14)
T (NG 0%, ™ o, Y '
We have
A » A? (2.15)
and
B » A12\|+Mi 5 (2.16)
Then, we form the test statistic F as
F= A=1
B=N+Mj 2
(2.17)

xi 9* _ N + 2
W1 e (X 02 g (i 92§

which follows the distribution Fin+m; 2 [14].

M j
&

Given a threshold ®, if P(Fj1;N + M | 2) < ®, the alternative hypothesisis
accepted;otherwise,the null hypothesisis accepted.If the null hypothesisHy is true,

the line is rejected, if the alternate hypothesisH; is true, the line is acceptedas a

signi cant onebecausehe distributions on either sidesof it are signi cantly di®erer.
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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. 02 32 31

r r
Given two lines L; and L, with end points (Py;P;) = %32 ! %2 ? %2 and

C C
02 32 31 . 2

r r
(P3; Py) = %02 s %ﬁ ‘ £X respectively, equationsof them can be written as
C3 Cy

l—l . P = Pl + . 1(P2 i Pl)’ (218)
|_2 . P = P3 + 2(P4 i P3) (219)

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

intersection:

ro+,1(r2i ry)=rs+,2(raj rs); (2.20)

G+ ,1(¢i C)=cC+ ,2Ci G): (2.21)

If (raj r3)(cxi c) = (raj ruy(csj ¢), linesL,; and L, are parallel. If also
(r2i ro)(csj ¢1) = (rsj ru)(cxi ¢), endpoints Py, P,, P3, P4 arecolinear. If neither
of thesecasesare true, , ; and , , can be derived from equations(2.20) and (2.21) as

_ (rzi ri)(csi c)i (rsi ro)(ci &)
27 (rai ra)(Cai c)i (f2i r)(Cai Co)

(2.22)

and

r3i r Fgj r
_3I1+ 41 13

: S 27T ifry6r;
o I i n

or (2.23)

_GCGiji ¢ Csi C3

= tL2
Qi G Qi G

if ¢ 6 C:

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

linesto intersect. We needto de ne this toleranceto allow near-intersectioninstead
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of exact end point intersection. To determine the tolerancesfor | ; and , ,, two new

tolerances¢; and ¢, canbe de ned as

b= Tol
i J:PZP”J Tol (2.24)
o (r2i r)?+ (i €)?
and
~_ Tal
“ 7 jiPaPy

i Tol | (2.25)

= g :
(rai ra)?+ (csi G3)?

If¢a- ,1- 1j éaandé- .2+ 1i ¢2, two linescrossead other, if (¢4 - 1 -
li a and (j,2)< ¢ or j,2i < ¢))or(é- .2+ Li &2 and (j, 1 < é or j, 1i
1j < ¢1)), two lines have a T-lik e intersection,and if (j, 1j < ¢2 or j,1i 1 < ¢1) and

(.20 < é2 or j,2i 1 < ¢), two lines intergectat the end points within the given

r
tolerance. Then, the intersection point 8 & can be found by substituting , ; into
c

the equation (2.18) as
2 3 2 3

2 3
glz-§"z, 9z, (2.26)

C C i G

Examplesof, what we call, crossinglines, T-lik eintersectionsand linesintersecting
at end points are givenin Figure 2.1. Examplesfor the pre-processingstepsare given

in Figure 2.2.

2.2 Computation of Features

The featuresfor ead pair of intersecting and near-irtersectingline segmets 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) Crossinglines. (b) T-lik e intersections (© Intersection at

end points.

Figure 2.1: Line grouping examples.

The feature extraction processis done as follows. After the line segmets are
extracted from a sub-image they are grouped into pairs that have intersection/near-
intersection inside that sub-image. Then, for ead pair, the angle betweenthe lines
and the corresppnding 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
resultsin anglevaluesthat are in the range [0*; 180]. Anglesthat are lessthan 10
or greaterthan 170 are ignored becausetheseline pairs usually are broken segmets
of longer lines. A proper approad to avoid broken lines can be to usea line- tting

and noisecleaningalgorithm asa pre-processingstep. An examplefor noisecleaning
on linescanbe found in [62] whereZhou rst assumeda line perturbation model and
then usedleast-squaredine- tting to connectthe broken lines. We do not use any

line- tting stepin order not to decreasdhe speedof the feature extraction process.
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(c) Extracted lines after line detection op- (d) Acceptedlines after line selectionoper-

erator. ator.

Figure 2.2: Line selectionand grouping pre-processingsteps.




22

N

‘\ _ \7\,,.\\7\ \-‘i _
I 7\ \\/”\% / I 7/\*
=2l =
T \ A=)
~ ’\ —r T
/ | ==y [ ’

i \’./—_\l——“\/ F’l‘ ‘7
M= == =
w __‘ ‘ ii‘\\ - ‘ ‘Fj
T — [

( R ':’;' i‘ | — C{ ‘

1 = —
N ‘ — j;=;
— | \i ”

(e) Rejectedlines after line selectionoper-

ator.

(f) Resulting lines after line grouping op-

erator.

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

2.2.2 Ratio Computation

The secondfeature computed for ead 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

cornvertion below:

2 in regionis de ned asthe pixels that fall into the region boundedby segmets

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

2 out region is de ned as the pixels that fall in the region boundedby any one

of the line segmets and the shifted version of that line segmen by a de ned

amourt.
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Details of this region corvertion are explainedin Appendix B. An exampleis
given in Figure 2.3. The light shadedregionsand dark shadedregionsshow the in
and out regionsrespectively. The meansare computedfor the regionsthat are within

the sub-imageborders.

e
AN

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

tion.

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

shadedregionsshaw the in and out regionsrespectively.

Sincethe possiblerange of ratio valuesis in nite, we restrict them to the range
[0; 1). Tomakearatio valuefall into this range,we takethe reciprocal of it if the inner
region is brighter than the outer region. The resulting ratios cannot be 1 because
we guarartee 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 greaterthan 1. We obsened that this solution doesnot
work well becauseatio valuesare not equally probablesincethey are collectedin the
range|[0; 1) if the inner regionis brighter, and spreadedout in the range(1;L] if the

outer regionis brighter.
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2.3 Texture Histogram

The features that are extracted from the image form a two-dimensional space of
anglesand the correspnding ratios. This two-dimensionalfeature 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 ead sub-imageis then the Q-dimensional
vector which has for its gth componert 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
quartization algorithm [38] is usedasthe training algorithm. Then, a feature vector
can be formed by courting the number of angle-ratio pairs that are assignedtio eadh

cell accordingto the Euclideandistance. This forms the texture histogram.

2.4 Feature Selection

One canselectQ, the number of quartization cells, either heuristically or usingsome
formal methods. In Chapter 5, we will rst review someprevious work on feature
selection,then descrile the statistical methods we use. In order to reducethe sear®
spacefor Q, we consideronly 15, 10 and 25 as the possiblenumber of quartization
cells. In Section7.2.1,we will presen the results of the tests and selectthe value we
usein the rest of the experimerts.

To give an idea how the line-angle-ratio feature spacelooks like, distribution of
the training samplesusedin the experimerts are shawvn in Figure 2.4(a). Certroids
of the resulting partitions using 15, 20 and 25 quartization cellsare given in Figures

2.4(b), 2.4(c) and 2.4(d) respectively.
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Figure 2.4: Line-Angle-Ratio feature spacedistribution and certroids of the resulting

partitions with di®eren 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 computed using the following steps:

2 Perform edgedetection.

2 Perform edgelinking.

2 Perform line selectionto eliminate insigni cant lines.

2 Perform line groupingto nd intersecting/near-intersectinglines.

2 Compute anglesbetweenpairs of intersecting/near-intersectinglines.

2 Compute ratios of meangray levelsinside and outside the regionsspannedby

theselines.

2 Compute the texture histogramsby courting the angle-ratio pairs that fall into

ead partition in the two-dimesionalfeature space.
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Figure 2.5: Object/pro cessdiagram for the pre-processingand feature extraction

stepsof the Line-Angle-Ratio Statistics method.



Chapter 3

VARIANCES OF GRAY LEVEL SPATIAL
DEPENDENCIES

Structural approadeshave beenone of the major researt directions for texture
analysis. They use the idea that texture is composed of primitives with di®erer
properties appearingin particular spatial arrangemens. On the other hand, statisti-
cal approadestry to model texture using statistical distributions either in the spatial
domain or in a transform domain. One way to combine thesetwo approadiesis to
de ne texture as being speci ed by the statistical distribution of the properties of
di®eren textural primitiv esoccurring at di®eren spatial relationships.

A pixel, with its gray level asits property, is the simplest primitiv e that can be
de ned in a digital image. Consequetly, distribution of pixel gray levels can be de-
scribed by rst-order statistics like mean, standard variation, skewnessand kurtosis
or second-ordesstatistics like the probability of two pixels having particular gray lev-
elsoccurring at particular spatial relationships. This information canbe summarized
in two-dimensionalco-accurrencematrices computed for di®eren distancesand ori-
ertations. 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 previousapproahesto gray
level spatial dependenciesthen this is followed by a formal de nition for gray level
co-accurrence,next we descrike the pre-processingalgorithm, and nally we discuss

the featureswe compute from theseco-accurrencematrices.
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3.1 Literature Overview and Motiv ation

The initial work on texture discrimination using gray level spatial dependenciesvas
donein early sewerties. In someearly comparative studies,researbershave obsened
that gray level spatial dependency matrices were very successfulin disriminating
imageswith relatively homogeneougextures. Although there are a few courter ex-
amples[32], an important amourt of human texture discrimination is also shavn to
be dependen on second-orderstatistics.

Julesz[32] wasthe rst to conduct experimerts to determine the e®ectsof high-
order spatial dependencieson the visual perceptionof syrthetic textures. He shaved
that, although with few exceptions,textures with di®eren rst- and second-order
probability distributions can be easily discriminated but di®erencesn the third- or
higher-order statistics are irrelevant [33)].

One of the early approadesthat usespatial relationshipsof gray levelsin texture
discrimination is [25], where Haralick usedfeatureslike the angular secondmomert,
angular secondmomert di®erence,angular secondmomert inverse di®erence,and
correlation, computed from the co-cccurrencematrices for automatic sceneidenti -
cation of remote sensingimagesand achieved 70% accuracy

In [27], Haralick et al. again usedfeaturescomputedfrom the co-cccurrencema-
trices to classifysandstonephotomicrographs,panchromatic aerial photographs,and
ERTS multispectral satellite images. The featuresthey computed are angular sec-
ond momen, cortrast, correlation, sum of squares,inversedi®erencemomert, sum
average, sum variance, sum enropy, enropy, correlation and maximal correlation
coexcient, which relate to speci c textural characteristicsof animagesud ashomo-
geneil, cortrast and the presenceof organizedstructure. They obtained accuracies
between 80-90%for di®eren datasetsthey did tests on. Although they usedonly
someof the featuresthey de ned and did not usethe sameclassi cation algorithm

for di®eren datasetsin their tests, it can be concludedthat featuresthey compute
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from co-accurrencematrices performedwell in distinguishing betweendi®eren tex-
ture classesn many kinds of image data.

Weszla et al. [59 made a comparative study of four texture classi cation algo-
rithms; Fourier power spectrum, co-accurrencematrices, gray level di®erencestatis-
tics and gray level run length statistics, to classifyaerial photographicterrain samples
and alsoLANDSAT images. They obtained results similar to Haralick's [27] and con-
cluded that features computed from co-accurrence matrices 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®eren texture analysis
algorithms for automatic texture discrimination and concludedthat the spatial gray
level dependenciesnethod performedbetter than the gray level run length method,
power spectrum method and gray level di®erencenethod. In [18], they usedtheoreti-
cal comparisonmethodologiesto evaluate the performanceof thesealgorithms. They
againusedMarkov-generatedimagesand concludedthat spatial gray level dependen-
ciesmethod performedbetter than the other three. Thesetheoretical conclusionsare
consisteh with the experimertal results of Weszla et al. [59. Speci cally for the
spatial gray level dependenciesnethod, they concludedthat using multiple distances
improve performancebut the commonly used measuresof inertia, energy ernropy,
correlation and local homogeneiy do not capture all of the important texture infor-
mation cortained in the spatial gray level dependencymatrices.

A more recen study that comparesfour textural featureswas done by Ohanian
and Dubes[46]. They ewaluated the performanceof Markov Random Field features,
Gabor Tter features, co-acccurrencefeatures and fractal featuresin terms of their
ability to classifysingle-textureimages. The criteria usedfor performancewas based
on the probability of misclassi cation using a k-nearestneighbor decisionrule with
the leave-one-outmethod. Whitney's [6Q] forward selectionalgorithm was usedfor

feature selection. Experimerts conductedon synthetic imagesgeneratedby fractal



31

methods and GaussianMarkov Random Fields and natural imagesof di®erer types
of leather and painted surfacesshowved that co-cccurrencefeaturesagain performed
the best, followed by the fractal features,for this datasetwith 32£ 32 samplesfrom
ead type of images.

From theseexperimerts, it can be concludedthat spatial gray level dependency
matricescarry a signi cant amourt 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 Gray Level Co-occurrence

Co-occurrence,in generalform [20, 26],canbe speci ed in amatrix of relative frequen-
ciesP(i; j;d; ) with which two neighboring texture elemens separatedby distance
d at orientation p occur in the image,onewith property i and the other with prop-
erty j. In gray level co-occurrence,as a special case,texture elemerts 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 | at a
distanced.

In the derivations below, origin of the imageis de ned as the upper-left corner
pixel. Let L, = f0;1;:::;N,j 1gandL.=f0;1;:::;N¢j 1g bethe spatial domains
of row and column dimensions,and G = f0;1;::: ;Ng i 1g be the domain of gray
levels. The imagel can be represeted as a function which assignsa gray level to

ead pixel in the domain of the image;l : L, £ L,! G. Then, for the orientations
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shawn in Figure 3.1, gray level co-accurrencematrices can be de ned as

P(i;];d;0% = #((r;0;(r%c)) 2 (L £ Lo) £ (Lr £ Lo)j
r% r=0jc%i g=d;I(r;0)=i;1r%D=jg
P(i;j;d;457) = #f((r;0);(r%c)) 2 (L £ Lo) £ (L, £ Lo)j
(r% r=d; c=d)yor(r% r=jd;% c=id;
1(r;0) =i 1(r%c) = jg
P(i;];d;907 = #f((r;0);(r%c)) 2 (L £ Lo) £ (L £ Lo)j (3.1)
jirPi rji=d;ci c=01(r; 0 =i;1(r%ch =jg
P(i;j;d;135) = #f((r;0); (r5¢)) 2 (Li £ Lo) £ (Lt £ Lo)j
(r% r=4d; c=idyor(r® r=idc c=d);

I(r;0)=i;1(r%c) = jo

(0,0)

1350 900 450
Figure 3.1: Spatial arrangemetts of pixels.

Resulting matricesare symmetric. The distancemetric usedin equation(3.1) can

be explicitly de ned as
(r;0); (r%¢%) = maxfjr i r9;jci cjo: (3.2)

Figure 3.2 shows an examplefor co-accurrencematrix computation from [27] for a
4 £ 4 imagewith gray levels betweenO and 3.
These matrices can be normalized by dividing eadh ertry in a matrix by the

number of neighboring pixels used in computing that matrix. Given distance d,
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(a)
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Figure 3.2: Examplesfor co-accurrencematrix computation from Haralick [27].
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this number is 2N, (N, j d) for 0* orientation, 2(N, j d)(N.i d) for 45 and 135
orientations, and 2(N, j d)N. for 90* orientation.

Weszla et al. [59 discussedthat if a texture is coarseand the distanced used
to compute the co-accurrencematrix is small comparedto the sizesof the texture
elemerns, pairs of pixels at separationd should usually have similar gray levels. This
meansthat high valuesin the matrix P (i; j ; d; ) shouldbe concettrated on or nearits
main diagonal. Conversely for a ne texture, if d is comparableto the texture eleme
size,then the gray levels of points separatedby d should often be quite di®eren, so
that valuesin P(i; j;d; M) 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 diagonalin P(i; j ; d; ) shouldvary with the orientation
K Thus texture directionality can be analyzedby comparing spreadmeasuresof the
P(i; j;d;u) for various orientations.

Example co-accurrencematrices are given in Figures 3.3 and 3.4. In Figure 3.3,
the grayscaleimagehassmall amourt of local spatial variations sothe co-cccurrence
valuesare concenrated near the main diagonals. On the other hand, in Figure 3.4,
gray levels have larger amount of local spatial variations so co-cccurrencematrices

are more sparse.

3.3 Pre-pro cessing

Before computing co-accurrence matrices, a common approad is to apply Equal
Probability Quartization asa pre-processingstep[27, 49, 59, 16, 56,17,19, 63]. The
ideais to overcomethe e®ectsof monotonic transformations of the true image gray
levels causedby the variations in lighting, lens, Tm, deweloper and digitizers. Equal
probability quartization guararteesthat imageswhich are monotonictransformations
of eath other producethe sameresults (pleaserefer to [27] for a proof).

Connersand Harlow [17] examinedthe e®ectsof distortions causedby the dif-
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(a) Grayscaleimage.
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(b) Co-occurrencematrices for di®erert (d; ).

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

variations.
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(b) Co-occurrencematrices for di®erert (d; ).

Figure 3.4: Co-occurrencematricesfor an imagewith a large amourt of local spatial

variations.
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ferencedn exposuretime, dewelopmen temperature, developmern time and scanner
settings on radiographicimagesand showved that equal probability quartization nor-
malizesthe imagecortrast, providesa near-optimalway to reducethe number of gray
levelsin an imagewhile retaining an accuraterepresemation, and makesspatial gray
level dependencymatricesinvariant to the distortions mertioned above.

We use the algorithm in [27] which iteratively tries to quartize the remaining
unquartized gray levelsinto 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 F.

2 Let Gy, the K{level equal probability quartization function for x, be de ned
asGy = kif andonly if g; 1 - X < g, whereg; 1 and g¢ are the end points of

the k'th quartization levelandk = 1;::: ;K.
2 |terate to nd the quartization levels g¢'s asfollows:

{ Letgy= 0.
{ Assumeg; ; is de ned.

{ Then g is the smallestnumber sud that

“1i Fx(oki1) .
K (ki 1)

(Fx(_gk) i Fx (o 1))E

S (@1 Fee ) 8 g

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®eren co-
occurrencematrices, equal probability quartized versionsof them result in approx-

imately the sameco-accurrencedistributions of gray levelsin Figure 3.6. This fact
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will make the features,thereforethe similarity computation, invariant to distortions
resulting in monotonic gray level transformations.

In the experimerts that will be descriked in Chapter 7, we use 64 quartization
levelsbecauset performedthe bestamong16,32and 64 levelsin terms of \total cost"
that will bede nedin Chapter5. In the literature, usually small number of levelswere
usedbecausdhe imagesunder considerationusually contained homogeneousextures,
but our images,that will be preserted in Section7.1, are much more complexthan

thoseimagesand small number of levels causesigni cant information loss.

3.4 Textural Features

In order to usethe information contained in the gray level co-accurrencematrices,
Haralick et al. [27] de ned 14 statistical measuresvhich measuretextural character-
istics like homogenely, cortrast, organizedstructure, complexity, and nature of gray
level transitions. Sincemany distancesand orientations result in a very large number
of values,computation of co-accurrencematrices and extraction of textural features
from them becomeinfeasible for an image retrieval application which requiresfast
computation of features. We decidedto useonly the variance
i 1Ngi 1
v(d; ) = (ii j)?P(ijdiw (3.4)
i=0 j=0
which is a di®erencanomert of P and measuredhe cortrast in the image. Rosenfeld
and Troy [5Q] called this feature the momert of inertia. It will have a large value
for imageswhich have a large amourt of local spatial variation in gray levelsand a
smaller value for imageswith spatially uniform gray level distributions.
Connersand Harlow [19] useda tiling model for texture which is composed of
parallelogramunit patterns as primitiv esand usedthe inertia feature for periodicity
detection. They showved that the local minima of the inertia feature computed at

di®eren distancesat a given orientation are candidate points for periodicity at that
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Figure 3.5: Example imagesmotivating the Equal Probability Quartization Algo-
rithm. First column shows the original grayscaleimage, secondcolumn shavs an
image that is made brighter and third column shavs an image that is made darker
by monotonic transforms on gray levels. Correspnding gray level histograms, cu-
mulativ e histogramsand co-cccurrencematrices are plotted in the second third and

fourth rows respectively.
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Figure 3.6: Results of the Equal Probability Quartization Algorithm performedon
the imagesin Figure 3.5 using 64 levels. First column shaws the quartized version
of the original grayscaleimage, secondcolumn shaws the quartized version of the
brightenedimage and third column shows the quartized versionof the darkenedim-
age. Corresponding gray level histograms, cumulative histogramsand co-accurrence
matrices are plotted in the second,third and fourth rows respectively. Note that the

co-caccurrencematrices are almost the samefor all three images.
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orientation becausean ideal co-accurrencematrix should be a diagonalmatrix which
resultsin 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 represem periodic textures, embodying all the information
cortained 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-cccurrencematrices. The heuristics they
used are basedon the idea that, when multiple texture labels are assignedto im-
agesin decreasingorder of assignmeh probabilities, the correct texture label should
be ranked at the top most of the times. They performedtests using small and ho-
mogeneoudexture imagesand found that the variance feature performedthe best,

followed by the inversedi®erencanomert and the entropy features.

3.5 Feature Selection

Here a problem arises as deciding on which distancesto useto compute the co-
occurrencematrices. Researberstried to developmethodsto selectthe co-cccurrence
matrices that re°ect the greatestamourt of texture information from a set of can-
didate matrices obtained by using di®eren spatial relationships. In [56], Tou and
Chang usedan eigervector-basedapproad and Karhunen-Loeve expansionto elim-
inate dependen features. Zucker and Terzopulos [63 interpreted intensity pairs in
an image as samplesobtained from a two-dimensionalrandom processand de ned a
chi-squaretest to determinewhethertheir obsened frequenciesof occurrencesappear
to have beendrawn from a distribution wheretwo intensitiesare independen of eath
other.

We use the methods that will be descriked in Chapter 5 to selectthe distances

that perform the best amongdistancesof 1 to 20 pixels, accordingto our statistical
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measures.Results of thesetests are preserted 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 computed using the following steps:
2 Perform equal probability quartization.

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

orientations.
2 Compute variancesof thesematricesto form the feature vector.

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

stepsof the Variancesof Gray Level Spatial Dependenciesnethod.



Chapter 4

MUL TI-SCALE TEXTURE ANAL YSIS

In Chapters2 and 3 we descriked how we assigna feature vector to ead of the sub-
imagesin the databaseusing line-angle-ratio statistics and co-accurrencevariances.
In this chapter we will addressthe problem of conbining thesefeaturesin order to
make useof their di®eren advantages. A third feature extraction algorithm will also
be introducedin order to capture the texture information that cannot be descriked

by the rst two set of features.

4.1 Motiv ation

Line-angle-ratio featuresthat were described 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®ectie if the image doesnot have any line content. On the other
hand, co-accurrencevariancesthat were described in Chapter 3 capture local spatial
variations of gray levels in the image. Therefore, these features are e®ectie if the
image is dominated by a ne, coarse,directional, or repetitive texture and can be
regardedas a micro-texture measure.

Another important di®erences that line-angle-ratio featuresare invariant to ro-
tation becausethey userelative orientations. On the cortrary, co-accurrencevari-
ancesare not rotation invariant becausehey are angularly dependen. We canargue
whether we want rotation invariancein a content-basedretrieval systemor not. One

can sg that a rotated image is not the sameas the original image. For example,
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peoplestanding up and peoplelying down can be regardedastwo di®eren situations
so theseimagescan be perceived as quite di®eren. Thus, rotation invariance may
not be desirable. On the other hand, in a military target databasewe do not want to
missa tank whenit is in a di®eren orientation in an imagein our databasethan its
orientation in the query image. This dilemma s also presen in object-basedqueries.
In this work, we usethe co-accurrencefeature vector descriked in Chapter 3 which is
rotation variant. If onewants rotation invariancefor thesefeaturestoo, the feature
vector canbe modi ed asdiscussedn [27]. This modi cation procedureinvolvesus-
ing mean, rangeand deviation of featuresfor ead distanceover the four orientations

as new features.

4.2 Orthogonal Di®erencing Kernels

When a large database cortains di®eren types of complex images, a multi-scale
analysisis crucial for a generaland compact represemation. The sub-imagesn our
databaseare of size 256£ 256. We assumethat textures at a scalebetween micro
and macro scalescorrespnd to blob-like structures with sizesaround 16£ 16.

If animagecortains blob-like 16£ 16 structures, this information canbe extracted

using di®erencingkernels. We de ne two 1-D di®erencingkernelsas
a=[11i1i1]; @®=[j111 1] (4.1)

These kernels are orthogonal to ead other and can be usedto construct four 2-D



46

orthogonal kernels

2 3 2 3

1 151 ;1 il i1 1 1

0 1 15151 0 1 11 ;1
ki = gih = , ko= g0 = (4.2)

il i1 1 1 1 11 i1

il i1 1 1 il i1 1 1

2 3 2

i1 1 1 ;1 11 i1 1

0 i1 1 11 0 il 1 1 ;1
Ks= 0; = ; Ka= Q0 = (4.3)

111 1 il 1 1 i1

111 1 11 i1 1

To detect 16 £ 16 blobs using these 2-D kernels, rst the imagel is smoothed
and sampledat 8 £ 8 non-overlapping blocks. The resulting imageis 32£ 32. Then,
this imageis Ttered and sampledat 4 £ 4 non-overlapping blocks using the kernels
ki, ko, ks and ks. We call the resulting 8 £ 8 imagesl 4, |, 13 and 14 respectively.
The algorithm is summarizedin Figure 4.1 as stagescomposedof sequetial Ttering
operations. Finally, we compute the sum of absolutevaluesas a singlefeature f for

the imagel as

x4 X ) .
f = jli(r; 0)j: (4.4)
i=1 (ric)2
f0:: 7gEf 0:: 79

4.3 Combined Features

In this work, we append the line-angle-ratio features, co-occurrencefeatures and
di®erencingkernel featuresto obtain a single conbined feature vector for ead sub-
image. Weighted combinations or even polynomial combinations [10] canalsobe used.
In the rest of the thesiswe will denotethe sizeof a feature vector by Q, whetherit is
computedfrom line-angle-ratiostatistics, co-cccurrencevariances 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 stageshaws
smaoothing by 8£ 8 non-overlapping blocks. The secondstageshows ltering by 4£ 4
non-overlapping blocks using the kernelsky, k,, k3 and k4. Final stage shaws the

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

to equalizetheir e®ectsn the conbined feature vector.

4.4 Feature Normalization

Not all featureshave the samerange. In order to appraximately equalizetheir ranges
and make them have appraximately the samee®ectin the computation of similarity,
we have to normalizethem. Given a Q-dimensionalfeature vector f = [f 1f, ¢¢¢f o],
a set of lower bounds| = [I1, ¢¢¢lo] and a set of upper boundsu = [u;u, ¢¢¢ug] for

the componerts of f , we can obtain a normalizedfeature vector f ° as

—

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

0_
fq=

This procedure results in features all being in the range [0; 1]. During database
update, if any new feature f is out of the range [l4; ug], the bounds for that g'th

feature are updated as

9= f, if fq< Iy

0
Z (4.6)
Ug=fq if fg> uq
WherelgJ and ug are the new bounds. We usethis method to normalize the features
usedin the experimerts in Chapter 7.

Another normalization procedureis to treat eat componert f, as a random
variable andtransform it to anotherrandomvariablewith zeromeanand unit variance

as

o_ fqi 'q
fq: ;o g=1::1;Q 4.7)

where! ; and %, are the samplemeanand the samplevarianceof the gth componert.
A third normalization procedureis to usethe fact that f(g’: Fi,(fg), whereF; (9
is the cumulative distribution function of f4, makesf J a random variable uniformly

distributed in the interval (0,1) (equal probability quartization).
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4.5 Summary

In this chapter, we described how we conbine the line-angle-ratio featuresof Chap-
ter 2 and the co-accurrencefeatures of Chapter 3 to make use of their di®erert
advantages. A third feature extraction algorithm was also described in order to cap-
ture the texture information that cannot be described by the rst two features. A
normalization sihemewasusedto equalizethe e®ectf di®eren featuresin the com-
bined feature vector that was constructed by appending individual feature vectors.

Portions of this work was publishedin [5].



Chapter 5

FEATURE SELECTION

In a cortent-based retrieval system, featuresthat are usedto represen images
should have closevaluesfor similar imagesand signi cantly di®eren valuesfor dis-
similar ones. In Chapter 1 we reviewed someof the featuresthat have beenusedin
content-based retrieval applications. These complex algorithms often require many
parametersto be adjusted. Most of the times this feature selectionprocessis done
heuristically.

In this chapter we start with discussingsomeof the previousapproatesto feature
selection. This is followed by the description of a statistical framework to obtain the
most usefulsubsetof featuresamonga larger set of possibleonesthat canbe extracted
using the algorithms descrited in Chapters2, 3 and 4. Experimerts performedusing
thesefeature extraction algorithms will be presened in Chapter 7. The ultimate goal
of this work is to achive the bestsuccessate while avoiding expensive and redundart

computation.

5.1 Literature Overview and Motiv ation

In computer vision and pattern classi cation, researbiers mostly conceitrated 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®ectie subsetof featuresis not
sough 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
reducingthe dimensionis not practical at all.

In many complexfeature extraction algorithms, there are many parametersthat,
whenvaried, result in a large number of possiblefeature measuremets. Thesehigh
dimensional feature spacesmay causea problem of having lesssigni cant or even
redundart featuresthat cortribute very little in the decisionprocess.

Early works on statistical pattern recognitioninclude many examplesof algorithms
for feature selection. Researbers tried to form a new set of featuresfrom a set of
available oneseither by selectinga subsetor by combining them into new features.
To solwe the problem of selectingthe \b est" subsetof features, Chien [15 proposed
a sequetial selectionalgorithm that successiely selectsone of the nite number of
pre-determinedfeature setsin ead iteration accordingto the previousclassi cation
results. He proved that this procedure convergesto the best performing subsetas
a limit but the succesf his algorithm dependson the selectionof initial subsets.
To reducethe number of subsetsevaluated, Whitney [60] useda suboptimum sear®
procedurethat rst selectsthe best single measuremet) then selectsthe best pair
that includesthe best single measuremen that was already selected,and cortinues
by adding a single measuremenh that appearsto be the best when conbined with
the previously selectedsubsetof measuremets. Another approad is Narendra and
Fukunaga's [45] branch and bound algorithm. They descriked an algorithm that
selectsthe best subset of a feature set with guararteed global optimality of any
criterion that satis es monotonicity, without extensive searti. They also discussed
suboptimal variants of the algorithm that are easierto compute by compromising
optimality. 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 reducesead subsetinto a single primitiv e feature by cluster
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compression.

Only a few researters presenied feature selectionalgorithms in their paperson
databaseretrieval. Among the onesreviewed in Chapter 1, Manjunath and Ma
[42] usedtotal di®erenceenergywithin the spectral coverageto selectamongmany
possibleGabor Tters and Carsonet al. [13 usedthe minimum description length
principle to selectthe number of Gaussianghat best model the feature space.Other
works that preserted somekind of feature selectionare [47, 29, 39].

In our work, in orderto nd statistical measuresof how well someof the features
perform better than others, we use a two-classpattern classi cation approad. In
doing so,we de ne two classesnamelythe relevanceclassA and the irrelevanceclass
B, in order to classifyimage pairs 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 descrite a protocol to automatically construct
groundtruth image pairs 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 irrelevanceclassesnvolves making up two di®eren setsof sub-images
for eadh imagei, i = 1;:::;l, in the database. The rst set of sub-imagesbegins
in row 0 column O and partitions ead imagei into M; K £ K sub-images. These
sub-imagesare partitioned sud 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 referredasthe main

datatasein the rest of the thesis.

The secondsetof sub-imagesare shifted versionsof the onesin the main database.
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They begin in row K/4 and column K/4 and partition the imagei into N; 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 referredasthe test datalasein 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 feature vector for eah
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-imageset Rs(n) for ead sub-image
n wheren = 1;::: ;N;.

We assumethat, in an image,two sub-imageghat do not overlap are usually not
relevant. From this assumption, we randomly selectfour sub-imagesthat have no
overlap with the sub-imagen. Thesefour sub-imagesform the other sub-imagesset
Ro(N).

Thesegroundtruth sub-imagepairs constitute the relevanceclassA;,
Ai=f(n;m)im2 Rs(n); n=1;:::;Nig; (5.1)
and the irrelevanceclassB;,
Bi = f(n;m)im 2 Ro(n); n=1;:::;Nig (5.2)
for ead imagei. Then, the overall relevanceclassbecomes
A=A [ Ay[ ¢ A, (5.3)
and the overall irrelevanceclassbecomes
B=B;[ By[ ¢¢¢[ B: (5.4)

An examplefor the overlapping conceptis given in Figure 5.1 wherethe shaded

region shavs the 9/16 overlapping. For K = 128, sub-imageswith upper-left corners
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at (0,0), (0,64), (64,0), (64,64) and (192,256)are examplesfrom the main database.
The sub-imagewith upper-left cornerat (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 amourt. On the other hand, R, 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 R, 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-
imagein the main databasewhich hasan 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 (0,64)

sub-image
at (00 = | : c
| | sub-image
test sub-image — 1///T/ at (64,64)
at (32,32) N R
i 1
. |
sub-image ! 14 sub-image
at (64,0) !
I

| 1 1 / at (192,256)
I | I
,,,,,, S S

Figure 5.1: The shadedregion shavs 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-imagesRs, 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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\\\

9/16
overlap

test sub-image
at (32,32)

sub-image at (0,64)
sub-image

at (0,0) c

sub-image
at (64,320)

sub-image
at (64,0)

sub-image
at (64,64)

Figure 5.2: Overlapping sub-imagesare illustrated on an image. Sub-imagesat (0,0),
(0,64), (64,0) and (64,64) form the set of strongly related sub-imagedor the test sub-
image at (32,32). The 9/16 overlap betweenthe onesat (0,0) and (32,32) is also

illustrated.
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di®erenced,
d=xM™; y™: (n;m)2 A; xM;yM 2 RQ (5.5)

where Q is the number of features,and x(" and y(™ are the feature vectors of sub-
imagesn and m respectively. Sincecomponerts of x(™ and y(™ arein the range[0,1],
componerts of d will be in the range[-1,1]. Then, we computethe samplemean,? 4,
and the samplecovariance, 8 5, of thesedi®erencesWe assumethat the di®erences
for the relevance class have a normal distribution with mean? o, and covariance

matrix 8a,

i1, = 1 j (di *a)%L"(di*a)=2.
HATA3A) = (21/9Q=2j§Aj1=ze( PSaTl fa)=2 (5.6)

Similarly, we compute the di®erenceg,

d=x®™ ;i y™; (n;m) 2 B; x™;y™ 2 RY; (5.7)

then the samplemean,?! g, and the samplecovariancematrix, 8g, for the irrelevance

class. Then, the density for this classbecomes

i1 — 1 i (di1p)%Lt(di 1p)=2.
F(d6i86) = oz ® " 0" T (5.8)

The automatic groundtruth construction protocolis summarizedin the object/pro cess

diagramin 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®ectivenesof the features,we chek whether eat pair that shouldbe classi edinto

classA or B is classi edinto classA or B correctly.
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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
descrike rst the decisionrule and then the experimertal set-up. In the derivations
belov we assumethe di®erence®f featuresin the Q-dimensionalfeature vectorsare

independert and prior probabilities for both of the classesare equal.

5.3.1 Decision Rule
Given a groundtruth sub-imagepair (n,m) asin equations(5.1) or (5.2) and their
Q-dimensionalfeature vectorsx(™ and y(™ respectively, rst the di®erence
d=xM; ym: xM.ym > RQ (5.9)

is computed. The probability that thesesub-imagesare relevant is

P(Ajd) = 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 assignedo the relevanceclassif P (Ajd) > P(Bjd), and to
the irrelevanceclassotherwise. This can be written asa ratio
P(Aj.d) > 1
P (Bjd)
Sincewe assumetwo classesare equally likely, (5.12) becomeghe likelihood ratio

P(dA) _ P(di*i8a)
P(dB)  P(di*ei8s)

(5.12)

1 i (dj t )0§i l(d' 1p)=2
_ mpE e (5.13)
(di 2g)%851(di tp)=2

1 ,
@39 15512©
> 1
After taking the natural logarithm of (5.13) as
1

. 1 .
g i (@ T)BET P20 et + (@ )BT )R> 0
(5.14)
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we obtain

j§Bj1:2
j§AJ‘1=2

(di *a)Bh'di *a)=2< (di *e)BL'(di *p)=2+In
(5.15)
Sincewe assumedthat the featuresare independen, the covariance matrices § 5

and 8 cortain only the variances

0 1 0 1
%ﬁl 0O ¢c¢ O ?/él 0O ¢¢c O
0 %, ¢¢ O 0 %, ¢¢ O
Sa=k L. g 8e=g L
' (5.16)
0 ¢ec c¢ee %iQ 0 ¢¢c ¢e¢ 3/§Q
Then, (5.15) can be simpli ed as
A ) A Ly
>@ dql 1Aq < >Q dql qu + 2)@ In 3/ﬁ (5 17)
— 3/4\ - 3713 = %\ - .
o=1 q =1 q =1 q

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 assignedo the irrelevanceclass.

To determinerelative e®ectienessof di®eren features,a subsetU of Q features

can be usedfor classi cation. Then, the decisionrule becomes

A 1, A 1,

5.18
I, %o, (5.18)

g2U g2U

5.3.2 Experimental Set-up

To chek the e®ectienessof the features, groundtruth sub-imagepairs that were
constructedin Section5.2 are classi edinto the relevanceor irrelevanceclassesising
the decisionrule in (5.18). Suitable measuredor the classi cation results are misde-
tection, false alarm, total cost and total success.In conent-based retrieval we are
more concernedwith misdetectionbecausewne want to retrieve all the imagessimilar

to the query image. But false alarm rate is also important becausethe purpose of
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guerying a databaseis to retrieve similar imagesonly, not all of them. In our tests
total costis 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 expensiwe
to do classi cation tests using all possible subsetsof these features. In our work,
“rst, we do tests using only one of the featuresat a time. Although conbinations 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 featuresis
computed. The feature with the worst total cost, comparedto the cost using all Q,
is discardedand the total costusing the remaining Q-1 featuresis computed. Then,
the worst feature amongthe remaining Q-1 featuresis discardedand the total cost
using Q-2 featuresis computed. This procedurecorntinuesuntil onefeature s left.

A third test is done by starting with the total costfor ead individual feature.
First, the bestoneis selected.Given the best one, pairs of featuresare formed using
one of the remaining featuresand this best feature. Total costis computedfor eah
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 features and these
two best features. Total cost is computed for ead triplet and the one having the
smallestcostis selected. This procedurecortinuesuntil all or a preselectednumber
of featuresare used|[60].

Thesetests do not guarartee the optimal subsetof featuresbut allow usto select
a suboptimal subsetwithout doing an exhaustive seart). Results of thesetests for
ead of the feature extraction algorithms will be presenied after databasepopulation

in Chapter 7.



61

5.4 Validation of Labels in Automatically = Constructed Groundtruth

In Section 5.2, we descrilked an automatic groundtruth construction protocol that
assigndabelsto sub-imagepairs accordingto the assumptionsthat overlapping sub-
imagesare relevant and non-overlapping onesare irrelevant. Howewer, 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 these groundtruth sub-imagepairs, evaluation of the results require
compensationof the e®ectof \learning from an imperfectteacher" [3, 52, 40].

A statistical framework to validate the labelsthat are assignedo sub-imagepairs
by the automatic groundtruth construction protocolin Section5.2andto estimatethe
true resultsof the Gaussianclassi erin Section5.3.1canbede ned asfollows. Let the
relevanceclassbe A andthe irrelevanceclassbe B. Let the true label for a pair of sub-
imagesbeT. Let the labelthat is assignediy 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)andP(L=B;C=B)as
shavn in Table5.1, in other words, labels assignedby the classi er were comparedto
the labels of the automatically constructed groundtruths. We want to know the true
successand error rates sowe 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 labelsto 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.ruth A | P(L=A:C=A) |P(L=A;C=B)
G.ruth B | P(L = B;C = A) | P(L = B;C = B)

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

P(T = AL

A:C=A)= P(T=A;C=AjL = A)P(L = A):
(5.20)

We assumethat P(T = AjL = A) and P(C = AjL = A) areindependert because

former is e®ectedoy the mislabeling of the automatic groundtruth construction pro-
tocol while latter is e®ectedby the errorsin the classi er. Then,
P(T=A;L=A;C=A)=P(T=AjL=A)P(C=AjL=A)P(L=A)
_P(T=A;L=A)P(L=A;C=A)
P(L=A) P(L=A)
_PM=AL=APL=AC=A), (5.21)
P(L=A) '
After making similar derivations for P(T = A;L = B;C = A), we obtain
P(T=A;L=A)P(L=A;C=A) N
P(L=A)

P(L=A)

P(T=A;C=A)=

P(T =A;L=B)P(L=B;C=A). (5.22)
P(L = B) :
Similarly,
P(T = A;C= B) — P(T = A:L ;(ﬁ)zp('l\_): A:C = B) .
P(T = A;L = B)P(L = B;C = B)_ (5.23)
P(L = B) )
P(T=B;L=A)P(L=A;C=A)
P(T=B;C=A)-= P .
D (5.24)

P(T = B;L = B)P(L = B;C = A).
P(L = B) !
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P(T = B;C = B) =P(T = B:L ;(,IA\—)E(lA_): A:C = B) .
P(T =B;L=B)P(L=B;C-= B) (5.25)

The probabilites P(L = A;C = A), P(L = A;C =B), P(L =B;C = A) and
P(L = B;C = B) can be obsened from the classi cation experimerts as shown in
Table 5.1. Similarly P(L = A) and P(L = B) canbe obsened 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 determinethe probabilities P(T = A;L = A), P(T = A;L = B), P(T = B;L =
A) and P(T = B;L = B) which correspnd to the mislabeling and correct labeling
probabilities of the automatic groundtruth construction protocol, we can manually
samplesomeof the sub-imagepairs and estimatetheseprobabilities using frequencies
of the correspnding 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 correspnd to the comparisonof the labels assignedby the classi erto

the true labels.

5.5 Summary

In this chapter, we addressedhe problem of selectingthe featuresthat perform the
bestaccordingto the criteria that \good" featuresshouldresultin small classi cation
errors. First, we de ned two classesthe 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 classif 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 referredto as\learning

from an imperfectteadcher" 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 similarity measure
for content-basedretrieval should be excient enoughto match similar imagesas well
as being able to discriminate dissimilar ones.

Herewe warnt to note a problemthat may arisewhenwe are given the unnormal-
ized feature vector f = [f,f, ¢¢¢f 5] of a query image. Given the lower and upper

bounds|ly; ug], eatr componert f of the query feature vector is normalized as
8

%o if fq< I

fo= .1 iffq> ug (6.1)

% fqi lg

: otherwise
Ugi |q

o

In our experimerts we usetwo di®eren 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 usedin the database

retrieval literature, then we discussthe decisionmethods that we use.

6.1 Literature Overview

Nearest neighbor rule has beenthe most widely used decisionmethod in cortent-
basedretrieval literature. The main reasonfor this is the non-parametric nature

of this method. We do not needto 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 absolute distancesnormalized using standard deviations, [29 comparedhow
many wavelet coexcients that two imageshave in commonand [54] useddi®eren dis-
tance measuredike the L* norm, Euclideandistance,quadratic distancesand binary

setintersections.

6.2 Lik eliho od Ratio - Gaussian Classi er

In Section5.3we dewelopeda Gaussianclassi erwhich tries to classifya pair ofimages
into the relevanceand irrelevanceclassesaccordingto a likelihood ratio. Supposefor
the momert that the user query is a K £ K image. First, its feature vector x is
determined. Then, the seart goesthrough all the feature vectorsy™ in the main
databasewherem = 1;::: ;(P I_1 M), M; beingthe number of sub-imagesn the i'th
imageand | being the total number of images. For ead feature vector pair (x, y(™)
wherex; y(™m 2 R, the di®erenced™ = x j y(™ is computed.

The likelihood ratio to classifyimage pairs to relevanceor irrelevanceclassesvas
givenin (5.13). In order to rank the sub-imagesin the databaseaccordingto the

likelihood ratio, we use(5.14) as
r(d)=(dj *a)%BA'di *a)i (di Le)BL'di e) (6.2)

after eliminating the constart terms. Note that herewe do not make the assumption
that feature di®erencesreindependert and usethe covariancesinstead of using only
the variances.To nd the sub-imageshat are relevant to the input query, r(d™) in

(6.2) is computedfor all sub-imagesn the databaseand they arerankedin ascending
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order using thesevalues. This ranking is equivalert to ranking in descendingorder
usingthe likelihood ratios in (5.13) but is more excient to compute. At the end, the
top k sub-imagesareretrieved asthe mostrelevant ones,wherek beinga user-selected

parameter.

6.3 Nearest Neigh bor Rule With Mo died Distance

6.3.1 Nearest Neighlor Rule

In the nearestneighbor decisionrule, ead sub-imagem in the databaseis assumed
to be represeted by its feature vector y(™ in the Q-dimensionalfeature space.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 distance measure. Then, the k-nearestneighbors of x
will be retrieved asthe most relevant ones.

The problem of nding the k-nearestneighbors can be formulated as follows.
Giventhe setY = fyMjy(M 2 RQ:m = 1;::: ;Mg and feature vector x 2 R?, "nd
the set of sub-imagesP pu f1;::: ;Mg sud that #P = k and

vx; y®) . %x;y"y; 8p2P;r2f1:::;MgnP (6.3)

whereM = i I_1 Mi, M; beingthe number of sub-imagesn the i'th imageand | being
the total number of images. Then, imageswith id.'s in the setP are retrieved asthe
results of the query.
For the distance metric %2 we usethe Minkowsky L* norm
X .
X Y) = Xqi Yol (6.4)

g=1

the Euclidean distance (Mink owsky L2 norm)
YA y) = kx i yk

! (6.5)
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or the in nit y norm

AXY) = Max jXqi Yo (6.6)

wherex;y 2 R? and x4 and y, are the gth componerts of the feature vectorsx and

y respectively.

6.3.2 Weightad Features

Although ranges of the features are normalized using the procedure discussedin
Section 4.4, we may also want to weight the features for similarity computation.
Given two feature vectorsx andy, the weighted L* norm can be de ned as
X .
YAx, y;w) = q=1J(><qi Ya) Wai; (6.7)

the weighted Euclidean distance can be de ned as

X y;w) = k(x i y) Wk
\A
Vi) , (6.8)
=t [(Xqi Yo) W]
g=1
and the weighted in nit y norm can be de ned as
Gy w) = max j(Xqi Vo) Wal (6.9)

wherex;y;w 2 R,

One possible weighting method is to allow the user to adjust the weighs for
di®eren features. Most of the time the useris not fully aware of the e®ectie ranges
and also meaningsof the featuresso an alternative is to useweighs automatically
trained from the imagesin the database. In pattern classi cation, a feature can be
calleda\good" featureif its within-classvarianceis small and between-clasyariance
is large. In Section5.3 a maximum likelihood classi er is designedfor the relevance

andthe irrelevanceclassesVariancesthat weretrained for theseclassesanbeusedas
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weights to take into accour the \go odness"of the featuresin similarity computation.

Particularly, if we assumemeansof the classesare zero?, (5.17) can be rewritten as

A ! A !
R 7 d, 2R ’ 2
5 < 5~ + constart (6.10)
q:]_ /Aq q:]_ /Eq
and then as
2 A I 1592

ag L1
— i =
=1 ) 3/iq :%éq

Then the weights w, in equations(6.8) and (6.9) can be chosenas

'i=

S < constar: (6.11)

A
11
=2
K %,

We should be careful with the term inside the paranthesis in equation (6.12)

Wy = (6.12)

becauset canbe negativeif %, is greaterthan ¥g,. But notethat with classesiaving
the samemeans,a feature with a within-class variancegreaterthan its between-class
variancewill be of no usesoit will not be usedat all.

Another way of choosingthe weighs is to formulate the weigh selectionprocess

as a regressionproblem. Given N groundtruth sub-imagepairs with their feature

vectors (x;y®): 2o (x(N): y(N)) and their labelsc®;::: ; cN) where
8
341 f pair i is from the relevanceclass
e = 5 (6.13)
~i 1 |if pairi is from the irrelevanceclass
“rst, the di®erencesli®;::: ;dN) are computedas
d® = xO; yO . xO:y0-g) 2 RR: j = 1;::: :N: (6.14)

We can then compute the Q-dimensionalweight vector W as

3 - 3 -
d eeed™ ° W = @ eeec™ (6.15)
— e} — )

DNEQ  \yQED =  Cc(NED, (6.16)

1 The zeromean assumptionis very reasonablebecausethe di®erencesare in the range[j 1;1] and

are almost symmetric around 0.
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The solution for this regressionproblem is

W = (DD)I ID%: (6.17)

6.3.3 Modi ed Distance Measures

Note that establishingsimilarity usingthesedistancesrequiretwo imagesto be similar
with respect to all componerts (features) in their feature vectors. If we consider
similarity as two imagesbeing similar with respect to at least t features, we can
de ne the following modi ed distancemeasures.

Let Up f1;:::;Qgis a setof featuressud that #U = t and
Xui Yo JXvi Wis 8u2U;v2flii;QgnU (6.18)

wheret 2 f1;:::;Qg, x;y 2 R? and x, and y, arethe u'th componerts of x and y

respectively. Then, the modi ed distancemeasuresare de ned as

X
B y) = iXui Yl (6.19)
u2U
for the L1 norm,
S ﬁ
8x;y) = Xui Yu) (6.20)

u2U

for the Euclideandistanceand
X Y) = maxjxui Y] (6.21)

for the in nit y norm. Thesedistancescan be modi ed to be usedwith the weighed

distancesin a similar way.

6.4 Summary

The decision making processis summarizedin the object/pro cessdiagram in Fig-

ure 6.1. Giventhe featurevector of the queryimage,feature vectorsof the sub-images
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in the database,and a distance measure,sub-imagesin the databaseare ranked in
ascendingorder of their distancesto the query image. Then, the databaseimages
which contain the sub-imageghat bestmatch to the queryimageare retrieved asthe
results of the query. Resultsof the experimerts usingthe decisionmethods described

in this chapter are presered in the next chapter.
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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 corntent-based retrieval literature, researbers pre-
serted example queriesto visually evaluate the performanceof their systems. In
order to comparetwo cortent-based retrieval systems,we need experimerts based
on groundtruth data. There are measureslike precision, recall, misdetection rate
and falsealarm rate that were already proposedin information retrieval and pattern
recognition literature to ewaluate the results of sud experimerts. After computing
thesemeasuresfor ead 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 Image Datasetand the COREL Photo Stock
Library, are usedas databases.The featuresusedinclude the line-angle-ratio statis-
tics asdescribed in Chapter 2, the co-cccurrencevariancesas descrited in Chapter 3
and their combinations asdescribed in Chapter 4 (The featuresthat were deweloped
in Section 4.2 are not usedhere.). The rest of the chapter is organizedas follows.
First, the databasepopulation including sub-image-leel and image-leel groundtruth
construction is described. Then, results of the feature selectiontests are presened.
After nalizing the parameters,experimertal proceduresfor \classi cation e®ectie-
ness"and \retriev al performance"are given. Next, experimertal resultsaccompanied
with examplequeriesare discussed.The chapter concludeswith the analysisof error

pictures.
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7.1 Database Population

7.1.1 Aerial Image Datalase

To populate the rst databasewe usedthe Fort Hood Data [2], suppliedfor the RA-
DIUS Project by the Digital Mapping Laboratory at the CarnegieMellon University.
These aerial imagesconsist of visible light imagesof the Fort Hood area at Texas.
We usedthe imagesfthn711, thn713, fhn715, fhn717 and fhn719, and divided them
into a total of 1,000512£ 512images.

The secondsourcefor this databaseis the Remote Sensingimage collection from
the LANDSAT and DefenseMeteorological Satellite Program (DMSP) Satellites.
Theseinclude 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 approad descrilked in
Section 5.2 which involved translating a K £ K frame throughout ewvery image and
extracted the desiredfeaturesfor all sub-images.As described in that section, rst
sub-imagedatabase(main datalasg cortains a unique sub-imagei.d., bounding box,
and the feature vector for ead sub-imagem = 1;:::;M; andi = 1;::: ;1 where
M; is the number of non-shifted sub-imagesin imagei and | is the total number of
imagesin the database. The secondsub-imagedatabase(test datalasg cortains a
unique sub-imagei.d., bounding box, overlapping sub-imagesset Rgs(n), randomly
selectednon-overlapping sub-imagesset R,(n), and the feature vector for ead sub-
imagen = 1;:::;Nj andi = 1;::: ;1 whereN; is the number of shifted sub-images
in imagei and | is again the total number of imagesin the database. Sthemasfor
the main datataseand the test datalaseare givenin Figures7.1and 7.2 respectively.
Sub-imagesizeK is selectedo be 256. M; and N; vary accordingto the correspnding
image sizes. Feature vector sizeQ will be determinedin Section7.2.

Final sub-imagedatabasesconsistof 10,410256£ 256 sub-imagesfor the main



key bounding box feature vector
imagename id. {ulr ulc nr nc|f; ¢ ¢¢¢ fq
image; 1 0 0 K K |2 ¢ ¢e¢ 2
image; M; | 2 2 K K |2 ¢ ¢¢¢ 2
image 1 0 0 K K |2 ¢c¢ ¢e¢ 2
imageg M, | 2 2 K K |2 ¢ ¢¢¢ 2

75

Figure 7.1: Schemafor the main datakase (ulr,ulc) is the upper-left row and column

locations, nr and nc are the height (humber of rows) and width (number of columns)

of the sub-imagebounding box respectively. f; is the i'th componert 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|s; ¢t¢s, | 0 ¢CCos | fq CCCCCCTq

image; 1 |[KI4 K4 K K |[s1€Css |05 CCCoq | 2 CCCCCC 2

image; Ni | 2 2 K K |s; ¢Css | 0 ¢CCCos | 2 ¢CCCCE 2

image 1 K4 K4 K K |[s1¢Css |05 CCCoq | 2 CCCCEC 2

image N 2 2 K K |s; ¢Css | 0 ¢CCos | 2 ¢CCCCE 2

Figure 7.2: Schemafor the test datalase In addition to the attributes in the main
datalase this databasealsocorntains the overlapping and non-overlapping sub-images

setsfor ead sub-imageentry.

datalaseand 4,780256£ 256 sub-imagesfor the test datatase There are 4 relevant
and 4 irrelevant main datalase sub-imagesfor ead of the test datalase sub-images,
which make a total of 38,240groundtruth sub-imagepairs. We alsomanually grouped
the imagesinto 10 groups; parking lots, large buildings, small buildings, resideriial
areasl, residernial areas2, roads, landscapes, LANDSAT USA, DMSP North Pole
and LANDSAT Chernolyl. The rows in Figure 7.3 shov sampleimagesfrom ead

group.

7.1.2 COREL Datalase

To populate the seconddatabase,we usedthe categoriesSunsetsand Sunrises,Air
Shows, Bears,Elepharts, 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,



77

Figure 7.3: Sampleimagesfrom the Aerial Image Database. The rows shov sample
imagesfrom the groundtruth groups parking lots, large buildings, small buildings,

residertial areasl and residertial areas2 in top-down order.
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Figure 7.3: Sampleimagesfrom the Aerial Image Database(cont.). The rows shov
sample images from the groundtruth groups roads, landscapes, LANDSAT USA,

North Pole and Chernolyl in top-down order.
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Tulips, Fields, Deserts, Death Valley, Fireworks, Coasts, Doors of San Francisco,
Owls, Roses,Food, and Candy Badkgroundsin the COREL Photo Stock Library 1
[1]. Each categoryconsistsof 100imageswith sizes256£ 384 or 384£ 256. Sincewe
do not usecolor information, only grayscaleversionsof the imagesare included.

Sinceimagesizesare already small comparedto the sub-imagesizes,wholeimages
are used as ertries to the database. Becauseof this, only the main datalase is
constructed for this dataset. Image-leel groundtruth for the COREL Databaseis
already available in the COREL Library, aseat CD is a category cortaining 100
images. Carsonet al. [13] discardedsomeof the imagesfrom ead categorybecause
they are visually inconsistert with the rest of the category We useall of the images,
which constitute a databaseof 3,100imagesin 31 categoriesin our experimerts but
we arguetheir visual consistenciesn Section7.6. The rowsin Figure 7.4shov sample
imagesfrom someof the categories.

As aresult, the Aerial Image Databasecorntains 10,410256£ 256 sub-imagesand
the COREL Databasecortains 3,100256£ 384 or 384£ 256 images. Experimertal

proceduresand their results are preserted in the following sections.

7.2 Feature Selection

In the feature selectionexperimerts only the Aerial Image Databaseis used. The
following sectionsdiscussthe parameter selectionfor line-angle-ratio statistics and
co-accurrencevariances. Experimerts for ead parameter combination used consist
of classifyingappraximately 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 selectthe

quartizer that performsthe best, accordingto the criteria deweloped in Section5.3,
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Figure 7.4: Sampleimagesfrom the COREL Database. The rows shov 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(cort.). The rowsshov 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 quartizers with 15, 20 and 25 quartization cells.

Distribution of the training line-angle-ratio samplesusedfor the quartizer were
given in Figure 2.4(a). Certroids of the resulting partitions using 15, 20 and 25
guartization cellsweregivenin Figures2.4(b), 2.4(c) and 2.4(d) respectively. During
training, 6,844intersecting/near-intersectingline pairsthat wereextracted from 1,000
randomly selected256E 256sub-imagesvereusedto train the quantizers. Another set
of 8,383intersecting/near-intersectingline pairs were extracted to test the quartizers
and were quartized into 15 cellswith a mean squareerror of 0.005668,nto 20 cells
with a meansquareerror of 0.004031and into 25 cellswith a mean squareerror of
0.003377.

Results of the feature selection tests are given in Figure 7.5. Three types of
experimerts described in Section5.3 were performedon the Aerial Image Database.
In all of the caseghe falsealarm rate washigherthan the misdetectionrate. Sincethe
main concernis to selectamongl15, 20 and 25 quartization cells,only the total costs
using all of the featureswere considered. The quartizer with 15 quartization cells
resultedin atotal costof 30.20%whereasquartizers with 20 and 25 cellshad 30.05%
and 30.22%total costsrespectively. As a result, we decidedto usethe quartizer with
20 cells,which resultsin a 20-dimensionafeature vector in the rest of the experimens

that useline-angle-ratio statistics.

7.2.2 Co-occurrenee Variances

The goal of the feature selectiontests for co-accurrencevariancesis to selectthe set
of distances,amongdistancesof 1 to 20 pixels, that perform the bestaccordingto the
classi cation criteria. Each distanceconsiderechereis a conmbination of four features
which correspnd to variancescomputedat 0, 45, 90 and 135 degreeorientations for
that distance.

Resultsof the feature selectiontests are givenin Figure 7.6. In all of the caseghe

false alarm rate was higher than the misdetectionrate. Type 3 tests which involve
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Figure 7.5: Feature selectiontests for Line-Angle-Ratio Statistics using the Aerial
Image Database. Type 1 tests are doneusing only onefeature at a time, type 2 tests
are doneusing all features rst and discardingthe worst featuresone by 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 costwhich is plotted in red.
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usingthe bestfeature rst and adding the next bestfeaturesoneby onecornvergedto
an overall total cost fasterthan the type 2 tests which involve using all features rst
and discardingthe worst featuresoneby one. In other words, building up feature sets
decreasedhe total cost faster than shrinking down the set of all features. Another
obsenation 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 possibleconbinations of 2 and 3 distancesare
usedrespectively, the minimum total costof 29.36%was obtained usingthe distances
1 and 20 together.

When we consider Remote SensingDataset and Ft. Hood Dataset separately
smaller distancesresulted in smaller total costsfor Remote Sensingimages, while
smaller total costswere obtained using large distancesfor Ft. Hood images. This
is consisten with the results of Weszla et al. [59 who stated that co-cccurrence
matrices computed for small distancesperformed better for a LANDSAT dataset.
We beliewe that the reasonfor this is the strong micro-scaletexture information in
Remote Sensingimagesin cortrast to larger structuresin the Ft. Hood images.

As a result, we decidedto use the distances1 and 20, which result in an 8-
dimensionalfeature vector in the rest of the experimerts that useco-accurrencevari-
ances. Although thesefeature selectiontests do not guarartee an optimal solution,
they resultedin a suboptimal onein 1,560classi cation tests without using exhaus-
tive seart which would then require 22° j 1 classi cation tests. After selectingthe
parameters,performanceof the systemis evaluated using two types of experimerts,
namely the classi cation e®ectienessand the retrieval performance,as descriked in

the following sections.
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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 costwhich 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®ectienesf the features,we usea Gaussianclassi erand
a nearestneighbor classi er. The classi cation algorithm for the Gaussianclassi er
was de ned in (5.15) and was descriked in Section 5.3. Here we do not assume
that the featuresare independen. 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 nearestneighbor classi er to classify sub-imagepairs, we use the
following procedure. Given groundtruth sub-imagepairs (n,m) with feature vectors
x andy respectively, rst, their distances¥x; y) are computedusingthe L* norm, the
Euclidean distance and the in nit y norm that were described in Section6.3. Then,
from the histograms of %for pairs from the relevanceclassA groundtruth and the
irrelevanceclassB groundtruth, a threshold i is selectedto distinguish betweentwo
classes.The bestthreshold is de ned asthe onethat minimizesthe total costwhich
wasde ned as 3 misdetectionsand 2 falsealarmsin Section5.3. In the testing phase,

given a sub-imagepair (n; m) with feature vectorsx andy, the classi er decidesas

8

2 classA if Yx:y) <
assign(n; m) to )< u (7.2)

“classB if 4x;y), W
As a result, to test our approad, we chek whether eaty sub-imagepair that
should be classi ed into classA or B is classi ed into classA or B correctly. This
accours to cheding pairs as many as eight times the total number of shifted sub-
images,which makesappraximately 38,000pairs in ead of the experimerts for eah
featureand for ead classi er. We evaluate the resultsby comparingmisdetectionand
falsealarm rates and the total coststhat are computedfrom the confusionmatrices.

In these experimerts 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 were assignedo classA correctly. Line-angle-ratiofeatureshad a
total costof 30.44%,co-accurrencefeatureshad a total costof 27.20%and combined
featureshad a total cost of 23.50%. Co-occurrencefeatures performed better than

line-angle-ratio features,while combined featureswere much better than both.

Nearest Neighlor 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 correspnding total costsare givenin Tables
7.4 { 7.12. Approximately 85% of the relevance class A groundtruth pairs were
assignedo classA correctly. Among the featuresused,line-angle-ratio featuresand
co-accurrencefeaturesperformedalmost equally, while combined featureswerebetter
than both. In the caseof distance measuresthe L' 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 researt is required on this issue. Note that results of the
nearestneighoor classi er are worsethan those of the Gaussianclassi er becausehe
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 irrelevance classB groundtruth pairs seemto be split
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Table 7.1: Classi cation e®ectienesstest for line-angle-ratio statistics using the

Gaussianclassi er (total costis 30.44%).

AssignedA | AssignedB || Succesg%)
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

Table 7.2: Classi cation e®ectivenesgest for co-accurrencevariancesusingthe Gaus-

sian classi er (total costis 27.20%).

AssignedA | AssignedB || Succesq%)
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®ectienesstest for combined featuresusing the Gaussian

classi er (total costis 23.50%).

AssignedA | AssignedB || Succesq%)
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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(@ L* norm (b) Euclidean distance (c) In"nit y norm

Figure 7.7: Distance histograms for line-angle-ratio statistics. Distancesfor the
groundtruth pairs in the relevanceclassand the irrelevance classare shovn in blue
and red respectively. The decisionthresholds are selectedto be 1.5419for the L?

norm, 0.5320for the Euclidean distanceand 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 showvn in blue
and red respectively. The decisionthresholds are selectedto be 0.2417for the L*

norm, 0.1085for the Euclideandistanceand 0.0665for the in nit y norm.
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Table 7.4: Classi cation e®ectienesgest Table 7.7: Classi cation e®ectivnesgest

for line-angle-ratio statistics usingthe L* for co-occurrencevariancesusing the L*

norm (total costis 29.33%). norm (total costis 30.33%).
‘ H Assign A ‘ Assign B H Success(%) ‘
Giuth A || 16,333 2,787 85.42 | | Assign A | Assign B || Success(%) |
Gtruth B 9,819 9,258 4853 Gtruth A | 15919 3,201 83.26
Overall 26,152 12,045 66.98 G.truth B 9,694 9,423 49.29
Overall 25,613 12,624 66.27

Table 7.5: Classi cation e®ectienesgest o ,

Table 7.8: Classi cation e®ectienesdest
for line-angle-ratiostatistics usingthe Eu- _ _

for co-accurrencevariancesusing the Eu-
clidean distance (total costis 29.65%). ) ) _

clidean distance (total costis 29.58%).

‘ H Assign A ‘ Assign B H Success(6) ‘ ‘ H Assign A ‘ Assign B H Success(%) ‘

G.truth A 16,492 2,628 86.26

G.truth A 16,584 2,536 86.74
G.truth B 10,209 8,868 46.49

G.truth B 10,333 8,784 45.95
Overall 26,701 11,496 66.37

Overall 26,917 11,320 66.34

Table 7.6: Classi cation e®ectienessest Taple 7.9: Classi cation e®ectienesdest

for line-angle-ratiostatistics usingthe in-  for co-occurrencevariancesusing the in-

nit y norm (total costis 33.13%). Thit y norm (total costis 29.28%)).

‘ H Assign A ‘ Assign B H Success(%) ‘ ‘ H Assign A ‘ Assign B H Success(%) ‘
G.truth A 15,364 3,756 80.36 G.truth A 16,640 2,480 87.03
G.truth B 10,178 8,899 46.65 G.truth B 10,275 8,842 46.25

Overall 25,542 12,655 63.50 Overall 26,915 11,322 66.64
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Figure 7.9: Distancehistogramsfor combined features. Distancesfor the groundtruth

pairs in the relevance classand the irrelevance classare shavn in blue and red re-

spectively. The decisionthresholdsare selectedto be 1.7053for the L! norm, 0.5151

for the Euclideandistanceand 0.305for the in nit y norm.

Table 7.10: Classi cation e®ectieness Table 7.12: Classi cation e®ectieness

test for conmbined features using the L! test for combined features using the in-

norm (total costis 26.69%).
‘ H Assign A ‘ Assign B H Success(%) ‘

“nit y norm (total costis 33.05%).

G.truth A 16,295 2,825 85.22 ‘

H Assign A ‘ Assign B H Success(%) ‘

G.truth B 8,519 10,601 55.44 G.truth A 15,355 3,765 80.31
Overall 24,814 13,426 70.33 G.truth B 10,149 8,971 46.92
Overall 25,504 12,736 63.61

Table 7.11: Classi cation e®ectieness
test for combined featuresusing the Eu-

clidean distance (total costis 28.55%).

‘ H Assign A ‘ Assigh B H 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
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between being assignedto A or B. The causeof this problem can be explained as
follows. Although the assumptionthat overlapping sub-imagesare relevant almost
always holds, we cannot always guarartee that non-overlapping sub-imagesare ir-
relevant. Obvious examplesare imageswhich are dominated by a single texture, or
have an almost constart gray value, or have the sameobject pattern at morethan one
location. This is not uncommonamongthe compleximagesin our database.lllustra-
tion of this fact can be found in [6], wherewe manually eliminated someimageswith
large regionsof constart gray valuesfrom the Fort Hood Datasetand obtained a 42%
decreasen the false alarm rate with a misdetection rate remaining approximately
the same. Hence,someof the assignmets which we court asincorrect are not in fact
incorrect. This strengthensour claim that the low classi cation results are mainly
dueto the mislabeling problemsof the automatic groundtruth construction protocol.
Further researt 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 teststhe databaseis queriedwith ead of the sub-imagesn the groundtruth
sub-imagepairs. Given a query sub-image, rst, imagesin the main datalase 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
one of the k best matches,it is considereda successAveragerank for thesecorrect
imagesis also computed for eat value of k. When the query is a non-shifted sub-
image in the main datatase this is consideredas the best caseanalysis. On the

other hand, if a shifted sub-imagein the test datalaseis usedas the query, this is
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consideredas the worst casebecausethe shifted sub-imagesoverlap a sub-imagein
the main datalaseby only half the areawhile all other possiblesub-imageshave a
correspnding sub-imagewhich they overlap by more than this amourt.

Two traditional measuresfor retrieval performancein the information retrieval

literature are precisionand recall. Precisionis de ned aﬁ% the percenage of retrieved

M
i retrieved and relevant i w
imagesthat are actually relevant total # of r(atrleved and recall is de ned asthe

1
i i retrieved and relevant i
percernage of relevant imagesthat areretrieved total # of relevart [5]]. Givena

query, high precisionimpliesthat very little irrelevant imageshave beenretrieved and

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

recallfor a givenseard is comparableto type 1 error (misdetection). For performance
evaluation, one can plot precisionand recall as a function of the number of images
retrieved as well asthe precisionversusrecall curvesfor di®ere numbers of images
retrieved.

To ewaluate the overall retrieval performance(precision and recall), we use the
image-leel groundtruth constructed for both the Aerial Image Database and the
COREL Database. First, the databaseis queried with ead of the imagesin eadh
of the groundtruth groupsshown in Figures 7.3 and 7.4, then averageprecisionand
recall percernagesare computedfor ead group aswell asfor the ertire database.To
rank-order the databaseimages,decisionmethods descrited in Chapter 6 are used.
Speci cally for the results presenied below, likelihood ratio, L* norm, Euclidean dis-
tanceand in nit y norm were usedfor the Aerial ImageDatabase,L! norm, Euclidean

distanceand in nit y norm were usedfor 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
theseexperimerts, the best caseanalysisconsistsof 10,410queriesto a databaseof
10,410sub-imagesfor eat feature and for ead distance measure. The worst case
analysis consistsof 4,780 queriesfor the samedatabase. In the best caseanalysis,
all featuresperformed perfectly. On the other hand, in the worst caseanalysis, co-
occurrencefeatureshad a higher succesgsate and a smaller averagerank than those
of the line-angle-ratio features, while conbined features outperformed both. When
the distancemeasuresare concerned the results were similar to the nearestneighbor
classi cation results in Section7.3.2. The likelihood ratio outperformedthe rest by
retrieving the correct image as one of the 60 best matches 100 percen of the time
with an averagerank of 4 amonga total of 10,410images. Among the rest, the L*
norm performedbetter than the Euclideandistance,while the in nit y norm wasthe
worst. The problemthat the in nit y norm having a tendencyof being dominated by

the worst performing featuresis also presen here.

Precision and Recall: Aerial Image Datalase

Resultsof the precision{recalltestsfor the Aerial ImageDatabaseare givenin Figures
7.13{ 7.18. Theseexperimerts consistof 10,410queriesto a databaseof 10,410sub-
imagesfrom 1,090imagesfor ead feature and for eat distance measure. For the
Ft. Hood Dataset, whereall Ft. Hood imagesare consideredas a single group here,
all featuresand all distance measuresperformed almost perfectly. The recall curves
seemto be low but indeedthey 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 groupsshown in rst 7 rows of

Figure 7.3 are preserted. The results given here shaw that the featuressuccessfully
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Figure 7.10: Pair retrieval performancetests for line-angle-ratio statistics. Both the
best caseand the worst caseof the successate and the averagerank are plotted asa
function of the number of imagesretrieved using likelihood ratio, L* norm, Euclidean

distanceand in nit y norm.
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Figure 7.11: Pair retrieval performancetests for co-cccurrencevariances. Both the
best caseand the worst caseof the successate and the averagerank are plotted asa
function of the number of imagesretrieved using likelihood ratio, L* norm, Euclidean

distanceand in nit y norm.



Best case
100
90| B
80| B
701 B
60 B
2
I
8 50 B
S
@
a0t B
30 B
20 B
#—*  Like.Ratio
ol #——* Llnom ||
#——*  Euclidean
Inf. norm
0 1 1 1 1 1 1 1 T T
20 40 60 80 100 120 140 160 180 200
Number of images retrieved
Best case
40 T
¥——*  LikeRatio
*—k L1 norm
35 #——*  Euclidean ||
Inf. norm
30
25
x
£
8
&20
g
2
15
10+
s
o " " 7 ? i ¥ t i 1 )
20 40 60 80 100 120 140 160 180 200

Number of images retrieved

(c) Best caseaveragerank

97

Worst case

30 B
20 B

ek Like.Ratio

—F L1 norm
10F #——*  Euclidean ||

Inf. norm
20 40 60 80 100 120 140 160 180 200

Number of images retrieved
(b) Worst casesuccesgate
Worst case
40 T

#——  Like.Ratio

|| +— Llnom

#——+  Euclidean
Inf. norm

Average rank
N
8

; ; ; ; ; ; ; ; ;
20 40 60 80 100 120 140 160 180 200
Number of images retrieved

(d) Worst caseaveragerank
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98

distinguishedthe Ft. Hood imagesfrom the Remote Sensingimages.

For the Remote SensingDataset, which includes 1,4100f the 10,410sub-images
in the Aerial Image Database,co-accurrencefeaturesand combined featuresoutper-
formed line-angle-ratio features. This is due to the signi cant micro-scaletexture
characteristics of theseimages. As the distance measuresare concerned,the likeli-
hood ratio was again the best performing distance. The L' norm performedat least
asgood asand sometimesbetter than the Euclideandistance. The in nit y norm was

again the worst performing one.

Precision and Recall: COREL Datalase

Results of the precision{recall tests for the COREL Databaseare given in Figures
7.19{ 7.24. Theseexperimerts consistof 3,100queriesto a databaseof 3,100images
for ead feature and for eat distancemeasure.Similar to the Aerial Image Database,
di®eren featuresperformeddi®erertly for di®erem groundtruth groups. For groups
like \do ors" wherethere is signi cant line information, line-angle-ratio featuresper-
formed much better than co-cccurrencefeatures. On the contrary, for groups like
\owls" and \ rew orks" where a micro-texture is dominart, co-accurrencefeatures
outperformed line-angle-ratio features. Combined features again conbined 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 featuresare used. The Euclidean distance
and the L norm performedbetter than the in"nit y norm for combined featurescase
due to the reasonsmertioned above.

As can be seenfrom the precision curves, most of the rst 10 imagesretrieved
belongto the samegroup asthe query image. After approximately 10 images,pre-
cision decreasesnore rapidly. This is mainly due to the visual inconsistenciesn the

groundtruth groups. More discussionon this issuewill be madein Section7.6.
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Figure 7.15: Precision performancetests for the Aerial Image Database using co-

occurrencefeaturesand di®eren distancemeasures.
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Figure 7.16: Recall performance tests for the Aerial Image Database using co-

occurrencefeaturesand di®eren distancemeasures.
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Figure 7.17: Precision performancetests for the Aerial Image Databaseusing com-

bined featuresand di®eren distance measures.
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Figure 7.18: Recall performancetests for the Aerial Image Databaseusing conbined

featuresand di®eren distance measures.
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Figure 7.19: Precision performancetests for the COREL Databaseusing line-angle-
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Figure 7.21: Precision performance tests for the COREL Database using co-

occurrencefeaturesand di®eren distancemeasures.
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Figure 7.22: Recall performancetests for the COREL Databaseusing co-cccurrence

featuresand di®eren distance measures.
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Figure 7.23: Precision performancetests for the COREL Databaseusing conmbined

featuresand di®eren distance measures.
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7.5 Example Queries

\Similarit y" is a very abstract concept. Sometimesthe useris not exactly sureabout
what kind of similarity he/sheis looking for. Becauseof this, our systemalsoretrieves
the mostirrelevant imagesto help the userunderstandhow the systemdecideswhat
is relevant and what is not. By looking at theseirrelevant imagesand comparing
them with the relevant ones,the user can re ne his/her query in a more e®ectie
way. A possibleextensionto this ideais to allow querieslike \retriev e imagessimilar
to image A and dissimilar to image B".

Someexamplequeriesfrom the Aerial Image Databaseare givenin 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
adjustmert 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®eren feature extraction methods; \line-angle-ratio statistics",
\co-occurrencevariances" and \combined features" can be selected. Available de-
cision methods are \lik elihood ratio”, \L! norm", \Euclidean distance", \in nit y
norm", \modi'ed L! norm", \modied Euclidean distance" and \modied innity
norm". There are also selectionsfor the number of e®ectie featuresin the modi ed
distancemeasuresand the number of imagesto be retrieved asthe resultsof the query.
In the display, the upper left imageis the query image. Among the retrieved images,
‘rst three rows shov the most relevant imagesin descendingorder of similarity and
the last row shaws the most irrelevant imagesin descendingorder of dissimilarity.
The sub-imagethat best matchesthe query imageis alsomarked with a white square
in ead imageretrieved.

The rotation invariance characteristics of the line-angle-ratio featurescan be ob-
sened in Figure 7.28,while the angular dependencyof the co-accurrencefeaturesis

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 previous sectionthat were averagedover all of
the imagesin eat group. The reasondor this are the ditculties encourtered during
assigningcomplexaerial imagesinto single categories,aswell asthe inconsistencies,
in terms of texture similarity, found in the groundtruth groupingsin the COREL
Library. Theseimageswere grouped in terms of domain similarity. 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 discussedn the next

section.

7.6 Analysis of Error Pictures

As noted in the previous section, we believe that most of the errorsin the retrieval
performancemeasuremets are causedby the problemsin groupingsfor the Aerial
and COREL databases.From the examplequeriesand the sampleimagesin Figure
7.3for the Aerial ImageDatabase we canseethat it is very hard to assignmost of the
imagesin the databaseto speci ¢ groups. For example,the imagein Figure 7.41(a)
corntains both \houses" and \landscape" soit can be visually assignedo 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 groupingsthat are already available as
categoriesin the COREL Library are not exactly consisten with the groupingsthat
can be madevisually accordingto texture similarity. For example,queriesusing two
imagesthat arein the \fo od" group are givenin 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-accurrence Figure 7.27: Query using co-cccurrence

variancesand Euclidean distance. variancesand Euclidean distance.
'Relevant Images: [Relevant Images:|
| image1328, d=00152  image!33d, c=00185  imagei323, d=0.0220  image!330, d=00233 image287, d=-5.0067  imageSl3, d=-12887  image724, d=-0.8940  imageds, d=-07&33

IIIII:HM\

Figure 7.26: Query using co-accurrence Figure 7.28: Query using line-angle-ratio

variancesand in nit y norm. statistics and likelihood ratio.
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s (imagesas, d-2R0062 | imsgeM2, 0232005 | imsgell, 270656 | | imageSos, d-204560 D iMages03, G039 | | imegeS30, GO607 | | image3ss, G0363 | | imege3R, 903681 |
| Loadimage | | loadimage |
[ I
_ limagedss, d-2B0833 | | imegeR4B, G-O0SES1 | | image7Se, wR009563 | imageSol, d<31.0805 _ iMmageRz1, Q03685 | | imegedSr, 909600 | | image2ed, G0S7OS | | imegeldr, 903728 |
" Decision Method: ~ Irrelevant Images: | DecisionMethod: | Irrelevant Imagesi
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Figure 7.29: Query using conmbined fea- Figure 7.31: Query using conmbined fea-

tures and likelihood ratio. tures and Euclidean distance.
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Figure 7.30: Query using conmbined fea- Figure 7.32: Query using conmbined fea-

tures and likelihood ratio. tures and L! norm.
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'Relevant Images:| [Relevant Images:
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Figure 7.33: Query using line-angle-ratio Figure 7.35: Query using co-cccurrence

statistics and Euclidean distance. variancesand Euclidean distance.
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Figure 7.34: Query using line-angle-ratio Figure 7.36: Query using co-cccurrence

statistics and L norm. variancesand L1 norm.
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'Relevant Images:| [Relevant Images:
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Figure 7.37: Query using conmbined fea- Figure 7.39: Query using conmbined fea-

tures and L! norm. tures and Euclidean distance.
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to the samegroup asthe query imagesothe rest are classi ed as error pictures and
make precisiondecreasealrastically 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®ectedy the inconsistenciesf we usethesegroupings. Another
important obsenation is that someimagesthat arequite irrelevant to the queryimage
are retrieved simply becausethey are closeto the query imagein the feature space.
Further researt is required to investigatethe distributions of the feature vectorsin
the high dimensionalfeature space[31]. Also, new distance measureghat resentle
the human measureof similarity more closelyneedto be found. We will addressthis

problem further in Section8.2.

(@) Residertial area and (b) Buildings and land- (c) Parking lots, buildings

landscape. scape. and roads.

Figure 7.41: Example Ft. Hood imagesthat canbe assignedo morethan onegroup.

These are probably the main reasonswhy researbers preferredto presen only
examplequeriesinsteadof evaluating the performanceusingobjective numericalmea-
sures. Only someof them preserted experimerts using complex and unconstrained
images. Among the systemsthat we reviewed in Chapter 1, [13] presertied precision

results for a COREL dataset, [8] preserted precision{recall as a function of a pa-
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(a) Query using a beanimage. (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 courted as error pictures becausethey are not in the samegroup as the

query image.
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rameter for a LANDSAT dataset, testsin [37] include precision{recallmeasuremets
on a small satellite image set as well as a Brodatz texture set, [29] evaluated the
performancein terms of the rank of the correctimagewhen the databaseis queried
by the scannedor user sketched version of that image, on the other hand, [41] pre-
serted only examplequeriesfrom a COREL dataset, [47] presened examplesfrom a
Brodatz dataset, [22] preseried examplesfrom a photo clip collection, examplesin
[34] are from a small medical datasetand [35 include examplesfrom a small LAND-
SAT dataset. A common databasethat includes di®eren kinds of images,that is
objectively groundtruthed, and that is publicly available needsto be constructedto

evaluate and comparedi®eren cortent-basedretrieval systems.



Chapter 8

CONCLUSIONS AND FUTURE WORK

8.1 Conclusions

In this thesiswe discusseda systemthat allows a userto input animageor a section
of an image and retrievesall imagesfrom a databasehaving somesectionsimilar to
the user input image. We de ned the problem as deweloping excient features for
image represeation and nding e®ectie measuresthat use these represermations,
individually or asa conbination, to establishsimilarity betweenimages. The features
and the similarity metrics shouldbe excient 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 surroundings as features. Spatial relationships were
represerted by the anglesbetweenintersecting/near-intersecting lines and the prop-
erties of their surroundings were represeted by the ratio of the mean gray levels
inside and outside the regionsspannedby those angles. We alsodeweloped 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-cccurrencematrices 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 quartization was usedas a pre-processingstep before
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computing the co-cccurrencematrices.

We also conbined these featuresto make use of their di®erern advantages. A
multi-scale texture analysisis crucial for a compact represetation, espgecially for
large databasescontaining di®eren typesof compleximages.

Statistical feature selection methods were usedto selectthe parametersof the
feature extraction algorithms, in order to avoid heuristic selectionsand redundart
features. We de ned two classesthe relevanceclassand the irrelevance class,and
designedan automatic groundtruth construction protocol that translated a frame
throughout every imageand grouped sub-imagepairs asrelevant or irrelevant accord-
ing to the assumptionthat overlapping sub-imagesare relevant and non-overlapping
onesareirrelevant. The criteria for \goodness"of the featureswasbasedon the total
classi cation error that wascomputedusinga Gaussianclassi erthat asseiated sub-
imagepairswith either the relevanceor the irrelevanceclasses.Using feature selection
methodsthat both shrink down and build up feature sets,we constructedsuboptimal
subsetsof featuresthat had small classi cation errors. As a result, the line-angle-
ratio feature spacewas partitioned into 20 cells,and the co-accurrencematriceswere
computedfor 1 and 20 pixel distancesand 0, 45, 90, 135 degreeorientations.

Given the featuresfor the query image and the imagesin the database,we used
two approadiesto rank-order the databaseimagesaccordingto their similarities to
the query image. First approad useda likelihood ratio that measuredthe relevancy
of two imagessothat imagepairs which had a high likelihood ratio were classi edas
relevant and the oneswhich had a lower likelihood ratio were classi ed asirrelevart.
The secondapproad usedthe k-nearestneighbor rule and the L norm, Euclidean
distance and the in nit y norm as the distance measuresto nd and retrieve the
imagesthat were the closestto the query image in the high dimensional feature
space. We also modi ed thesedistance measureso allow two imagesto be similar
with respect to at least someof the featuresinstead of all of them. The distances

caninclude weights for eat feature. The weights were selectedusing the within-class



122

and between-classvariancesof the individual features. The sameproblem was also
de ned asaregressiorproblem and the groundtruth sub-imagepairs wereagain used
to adjust the weights.

To ewvaluate the performance,we usedtwo typesof experimerts, namely the clas-
si cation e®ectienessand the retrieval performance. The classi cation e®ectieness
tests usedboth a Gaussianclassi er and a nearestneighbor classi er. We chedked
whether each groundtruth sub-imagepair that should be classi edinto the relevance
or irrelevanceclassesvereclassi edinto the relevanceor irrelevanceclassesorrectly.
The ewaluation criteria wasthe \total cost" which wasde ned as 3 misdetectionsand
2 falsealarms. More than 450,000sub-imagepair classi cationsshoved that approx-
imately 80% of the relevanceclassgroundtruth pairs were assignedto the relevance
classcorrectly. Using combined featureswasprovedto be very e®ectie by decreasing
the total costfrom 30%to 24%. The in nit y norm seemedo be dominated by the
worst performing features. We beliewve that this problem canbe solved usingthe mod-

i ed distance measures.Results for the nearestneighbor classi er were worse than
thoseof the Gaussianclassi er becausehe latter alsoconsideredthe variancesof the
two classesand was e®ectedessfrom the overlap betweenthe classdistributions. We
obsened that although the assumptionthat overlapping sub-imageswere relevant
almost always held, we could not always guarartee that non-overlapping sub-images
were irrelevant. To compansatethe e®ectsof \learning from an imperfect teacher”,
we deweloped a statistical framework that estimatedthe correct classi cation results
from the assignmeis made by the classi er and the mislabeling probabilities of the
automatic groundtruth construction protocol. Hence,someof the assignmets which
we courted asincorrect werenot in fact incorrect. Thusthe approximate 80%correct
relevant pair rate wasa lower bound.

In the pair retrieval tests, rst the databasewas queried with ead of the sub-
imagesin the groundtruth sub-imagepairs, then the successate and the averagerank

were computed, where successvas de ned as retrieving the correct image amonga
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prede ned number of best matches. In more than 180,000queriesto a databaseof
10,410sub-images,conbined features were again the most successful. The likeli-
hood ratio distance measurewe de ned was more successfuthan the other distance
measures.

In the precision{recall tests, from appraximately 125,000queriesto the Aerial
Image Databasewhich consistsof 10,410sub-imageswe obsenedthat the line-angle-
ratio featuresperformed better for the imagesfrom the Ft. Hood Dataset, whereas
the co-accurrencefeaturesperformedbetter for the imagesfrom the Remote Sensing
Dataset. From appraximately 28,000queriesto the COREL databasewhich consists
of 3,100images,we again obsened that the line-angle-ratio featureswere more suc-
cessfulfor the imageswith adominart line information and the co-cccurrencefeatures
performedbetter when the micro-texture characteristicswere dominart. Combining
thesetwo feature setsalways outperformedthe results for individual features.

The major problem we had in theseexperimerts wasin both the sub-image-leel
and the image-le\el groundtruths. As noted before,a widely accepteddatabaseneeds
to be generatedto evaluate and comparedi®eren content-basedretrieval systems.

We beliewe that our textural featuresand decisionmethods played a signi cant
role in capturing similarities betweenimagesand retrieving the onesthat are similar
to the query image. We successfullyshaved that low-level textural featurescan help
in grouping imagesinto sematically meaningful categories. All of the experimerts
done on a large databasewith many di®eren kinds of compleximagesshowned that
conbined features outperformed individual features, which leadsto the conclusion
that a signi cant improvemer in both classi cation e®ectienessand retrieval per-
formancewasobtained using a multi-scale texture represemation. Also the likelihood
ratio measurewe deweloped increasedthe retrieval exciency comparedto the com-
monly used methods like Euclidean distanceand L* norm. To further improve the

performance,somefuture researt directions are suggestedn the next section.
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8.2 Future Work

In order to further improve the performanceand to overcomethe incapabilities of
our featuresin represeting someof the imagesthat do not cortain 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 cuefor visual similarity. Integrating
color featureswith the textural featuresdeweloped here will de nitely improve the
performancefor the COREL Database. Note that we usedneither the weighted dis-
tance measuresor the modi ed distancemeasuresn the experimerts. The weights
are still have to be estimated. The number of featuresto be usedin the modi ed
distancemeasurescan be selectedby rst running the nearestneighbor classi cation
tests for di®erem numbers of featuresand then choosingthe best performing subset
size. An alternativeis to try all possiblenumbersof featuresbut this is computation-
ally too expensiwe. Also the mislabeling probabilities of the automatic groundtruth
construction protocol still needto be estimatedin order to be able to usethe frame-
work deweloped to estimate the correct classi cation results. Finally, the features
deweloped here should be comparedto other techniquesto obsene the actual degree
of improvemert made.

One nal obsenation is that sometimesimagesthat are quite irrelevant to the
queryimageare alsoretrieved simply becausdhey are closeto the queryimagein the
feature space.Further researt is requiredto nd featuresand distancemeasureghat
resenble the human visual systemmore closely One decisionmethod that is worth
trying is to use a graph-theoretic approad. Let's assumewe query the database
and get badk the best N matches. Then, for eat of these N matcheswe can do
a query and get badk the best N matchesagain. Now we have a minimum of N
and a maximum of N2 retrieved images. Let's de'ne S as the set of imagesthat

are retrieved as the results of these queries. Then, we can construct a graph with
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the imagesin S asthe nodes. We can draw arcs betweenthe N query imagesand
their correspnding N matches. Thesewill be the edgesof the graph. We de ne this
asthe setR whereR u S £ S. Theseedgescan also have the distancesbetween
imagesasweights. We want to nd the connectedclustersof this graph becausehey
correspnd to similar images. The problem now becomes nding the maximal P,
whereP p S sud that P £ P u R. This is also called the maximal clique of this
graph. To increasethe speed, we can usethe algorithm deweloped 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 clusterscorntain the samenumber of nodes(images),we
can compute the sum of the weights of the edgesin ead of the clusters and select
the onethat hasthe minimum total distance. This method increaseshe chance of
retrieving similar imagesby not only ensuringthat the retrieved imagesare closeto
the query image,but alsoadding another constrairt that they shouldbe closeto eath

other in the feature space.
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Appendix A

LINE AND ANGLE PRELIMINARIES

In this appendix we presert somede nitions that are usedin the derivations in

Chapter 2, Line-Angle-Ratio Statistics.
De nition 1 Parametric line equation

Giventwo n-dimensionalend points of a line segmek P; and P,, the equation of

it can be written as

P=P.+ (P2i Py (A1)
where
JiPPij
= = —; A.2
T JJP2Py) (A2
a real constart betweegn0 and 1. 2 3 2 3

r r r
In 2-D, P = 9 g so for a line segmenh with end points § 'Land§ ? E
C C1 Co

equation (A.1) becomes
3 2 3

2 3 2
§1E=8" L, g7 1L, (A3)

c G Qi &

De nition 2 Angle between two lines

— I .. '
The angle p betweentwo directed lines P,P, and P, P; asin Figure A.1 is given

by

A !
180 (P2i P ¢(Psi Py)
= ——arcco .
5 %% P, i PikkPs | Pik

Resulting p is always in the range [0*; 18C].

(A.4)
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Figure A.1: Lines and points in 2-D space.

De nition 3 Distance between a point and a line

Giventhe line PP, with equationasin (A.1) and a point Py asillustrated in 2-D
in Figure A.1, , o that minimizesthe distancebetweenthe point and the line is given
by

_ (Poi P)P2i Py).
>0 kPyi Pk2

Then, P;, which is the point on the line that is closestto Py, can be found as

(A.5)

Pr=Pi+ ,o(P2i Pi): (A.6)
Finally, the smallestdistance can be computed as
d= kP, | Pok: (A.7)
De nition 4 Area of a triangle

Giventhree verticesP4, P,, P3 of atriangle in 2-D spaceasin Figure A.1, its area

can be computedas
1
A= E[Plr I32c i PlcPZr + I:)1c|:)3r i Plr P3c + P2r P3c i P20P3r]: (A-8)

Note that this is a signedarea. If the vertices P,, P,, Pz form a courterclockwise

circuit, the areais positive, if they form a clockwise circuit, the areais negative.
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De nition 5 Location of a point with respct to a line

. I _
To determine which side of a directed line PP, a point Py lies, rst the areaof
the triangle PoP,P, is computed using equation (A.8). If this areais positive, the

P |
point Pq lies on the left of the line PP,, otherwiseit lies on the right.
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REGION CONVENTION FOR MEAN COMPUT ATION

In this appendix we descrike the procedureto nd the regionsde ned asin and
out regionsin Section2.2.2. Givenend points of two linesL; and L, asin Figure B.1,

we want to nd the regionsto calculate meangray levgls. After computing the unit

rllr . r]2r —
vector iy = 9 % alongL, and the unit vector n, = 2 &z; alongL,, wecan nd

Ny N2
c 5 3 c

P
their intersection point P = 8 "¢ using the approad described in Section2.1.2.
C

To nd the regionboundaries, rst we nd the anglebisectorline L ; betweenL ; and

L,. Equation of L3 is

wherenfs is the unit vectoralonglL; and, 3 is a real constart. Note that this equation
is slightly di®eren than the onein equation (A.1) becausein (B.1) A3 is the unit

vector. To nd the unit vector A; we usethe constrairts
Az CA; = Ag A, (B.2)
and
knzk = 1: (B.3)
Theseresult to

N3r N1 + N3cNic = N3 Nor + N3acNpe (B.4)
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and
ns +n3. = 1 (B.5)
Then, we can derive ny. as
Y
_F (n2r i Npr)?
M= 8" i Na)Z+ (N 1 N2 (8.6)
( 2c | 10) ( 2r | lr)
and ng as
Noci Nic
Ngr = j Nge———— B.7
R (B.7)

To selgctnzgwith the correct sign we ched the angle betweenlinesL; and L3 and

n

select] ' & which makesthis anglelessthan 90 degreedecausehe anglebetween
N3ac

L, and L, is always lessthan 180degrees.

Figure B.1: Regionsfor mean calculation.

Then, we can nd the point P which lies on the line L5 and is at a distance of

, Opixels to the point P, as

P= P+ %, (B.8)
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where , %is a given negative constart. Now, we know the equationsof the lines L,
Ly= P% 4N (B.9)
andLs
Ls = PO+  5A,: (B.10)
We can nd locations of the points A°and B®as
A= PO+ KAP kN, (B.11)
and
B°= P%+ kBPkn, (B.12)

where points A and B are located away from P at a distance of 80 percen of the

lengths of linesL; and L, respectively. 5 3

_ r
Given the points A, A% B, B® P and P% we can nd whethera point X = 3 £
c

liesinside or outside the region spannedby the linesL; and L,. We call the in region
asthe oneboundedby the linesAP, PB, BA, and the out regionasthe onebounded

by the lines AA° AP° PBC BB, BP, PA.



