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Abstract

Content-based imageretrieval (CBIR) makes use of image features, such
as color and texture, to index images with minimal human intervention.
Content-based image retrieval can be used to locate medical images in
large databases. This chapter introduces a content-based approach to
medical imageretrieval. Fundamentals of the key components of content-
based image retrieval systems areintroduced first to give an overview of
thisarea. A case study, which describesthe methodol ogy of a CBIR system
for retrieving digital mammogram database, is then presented. This
chapter isintended to disseminate the knowledge of the CBIR approach
to the applications of medical image management and to attract greater
interest from various research communitiesto rapidly advance research
inthisfield.

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



A Content-Based Approach to Medical Image Database Retrieval 259

| ntroduction

JohnDoe, aradiologistinauniversity hospital, takesX -raysand M RI scansfor
patientsproducing hundredsof digital imageseachday. Inorder tofacilitate
easy accessinthefuture, heregisterseachimageinamedical imagedatabase
based onthemodality, region, and orientation of theimage. Oneday Alice
Smith, asurgeon, comesto discussacasewith John Doeasshesuspectsthere
isatumor onthe patient’ sbrain accordingto thebrain MRI. However, she
cannot easily judgeif itisabenignor maligntumor fromtheMRI scan, and
wouldliketocomparewith previouscasestodecideif thispatient requiresa
dangerous operation. Understanding Alice’ s needs, John helpsAlicefind
similar-lookingtumorsfromthepreviousM RI images. Heusesthequery-by-
examplemodeof themedical imagedatabase, delineatesthetumor areainthe
MRI image, and then requeststhe databaseto return thebrain MRI images
most similar tothisone. Alicefindselevensimilarimagesandtheir accompa-
nying reportsafter reviewingthesearchresults. Alicecomparesthose cases
andverifiesthepattern of thetumor. Later on, shetellsher patientthatitisa
benigntumor and the operationisunnecessary unlessthetumor grows.

Thisscenariobriefly describesthecreation of medical images, categorization
of medical images, and acontent-based accessapproach. Althoughamature
content-based accesstechnol ogy hasnot appeared yet, thisfieldisdevel oping
actively. Inthelast decade, alargenumber of digital medical imageshavebeen
producedinhospitals. Large-scal eimage databases coll ect variousimages,
including X-ray, computed tomography (CT), magnetic resonanceimaging
(MRI), ultrasound (US), nuclear medical imaging, endoscopy, microscopy,
and scanninglaser ophtalmoscopy (SL O). Themostimportant aspect of image
databasemanagement ishow to effectively retrievethedesiredimagesusinga
description of image content. Thisapproach of searchingimagesisknownas
content-basedimageretrieval (CBIR), whichreferstotheretrieval of images
fromadatabaseusinginformationdirectly derived fromthecontent of images
themselves, rather than from accompanyingtext or annotation (El-Naga, Y ang,
Galatsanos, Nishikawa, & Wernick , 2004; Wei & Li,inpress).

Themain purposeof thischapter istodisseminatetheknowledgeof theCBIR
approachtotheapplicationsof medical imageretrieval andto attract greater
interest fromvariousresearchcommunitiestorapidly advanceresearchinthis
field. Therest of the chapter is organized as follows: The second section
addressesthe problems and challenges of medical imageretrieval and de-
scribespotential applicationsof medical CBIR. Thethird sectionreviewsthe
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existingmedical CBIR systems. Thefourth sectionprovidesgreater detailson
the key components of content-based imageretrieval systemsfor medical
imaging applications. Thefifth section presentsacasestudy, which describes
themethodol ogy of CBIR systemsfor digital mammograms. Thesixth section
discusses potential researchissuesin the future research agenda. Thelast
section concludesthischapter.

M edical | mage Database Retrieval

Thissectionwill discusstheproblemsof imageretrieval usingtheconventiona
text-based method and addresses the challenges of the CBIR approach.
Potential applicationsof the CBIR approachwill al so bediscussed.

Challenges in Medical Image Retrieval

Beforetheemergenceof content-basedretrieval, medical imageswereanno-
tated withtext, allowing theimagesto be accessed by text-based searching
(Feng, Siu, & Zhang, 2003). Throughtextual description, medical imagescan
be managed based on theclassification of imaging modalities, regions, and
orientation. Thishierarchical structureallowsusersto easily navigateand
browsethedatabase. Searchingismainly carried out through standard Boolean
queries.

However, withtheemergenceof massiveimagedatabases, thetraditional text-
based search suffersfromthefollowing limitations(Shahetal., 2004; Wei &
Li, 2005):

*  Manual annotationsrequiretoo muchtimeand areexpensivetoimple-
ment. Asthenumber of imagesinadatabasegrows, thedifficulty infinding
desiredimagesincreases. Muller, Michous, Bandon, and Geissbuhler
(20044a) reported that the University Hospital of Geneva produced
approximately 12,000 medical images per day. It is not feasible to
manually annotateall attributesof theimage content for thisnumber of
images.

*  Manua annotationsfail todeal withthediscrepancy of subjectivepercep-
tion. Thephrase, “animage saysmorethan athousand words,” implies
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that the textual description is not sufficient for depicting subjective
perception. Typically, amedical imageusually containsseveral objects,
whichconvey specificinformation. Neverthel ess, differentinterpretations
for apathol ogical areacan bemadeby different radiol ogists. To capture
all knowledge, concepts, thoughts, and feelingsfor the content of any
imagesisalmostimpossible.

»  Thecontentsof medical imagesaredifficult tobeconcretely describedin
words. For example, irregular organi c shapescannot easily beexpressed
intextual form, but peoplemay expect to searchfor imageswith similar
contentsbased onthe examplesthey provide.

Theseproblemslimit thefeasibility of text-based searchfor medical image
retrieval. Inan attempt to overcomethesedifficulties, content-basedretrieval
has been proposed to automatically access images with minimal human
intervention (Eakins, 2002; Fenget al., 2003). However, dueto the nature of
medical images, content-based retrieval for medical imagesisstill facedwith
chdlenges.

*  Lowresolutionand strong noisearetwo common characteristicsin most
medical images (Glatard, Montagnat, & Magnin, 2004). With these
characteristics, medical imagescannot be precisely segmented and ex-
tractedfor thevisual content of their features. Inaddition, medical images
obtained from different scanning devicesmay display different features,
though someapproachestoimagecorrectionandnormalization havebeen
proposed (Buhler, Just, Will, Kotzerke, & vandenHoff, 2004);

*  Medica imagesaredigitally representedinamultitudeof formatsbased on
their modality andthescanning deviceused (Wong & Hoo, 2002). Another
characteristicof medical imagesisthat many imagesarerepresentedingray
level rather than col or. Evenwiththechangeof intensity, monochromemay
fail toclearly display theactual circumstanceof lesionarea.

Medical Applications of Content-Based Image Retrieval

Content-based image retrieval has frequently been proposed for various
applications. Thissectionwill discussthreepotential applicationsof medical
CBIR.
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PACSHealth Database Management

Content-basedimageretrieval hasbeen proposed by themedical community for
inclusionintopicturearchivingand communicationsystems(PACYS) (L ehmann,
Wein, & Greenspan, 2003). Theideaof PACSistointegrateimaging modalities
andinterfaceswith hospital and departmental information systemsinorder to
managethestorageanddistributionof imagestoradiol ogists, physicians, special -
ists, clinics, andimaging centers(Huang, 2003). A crucia pointin PACSisto
provideanefficient searchfunctiontoaccessdesiredimages. Imagesearchinthe
digital imagingand communicationinmedicine(DICOM) protocol iscurrently
carried out accordingtothea phanumerical order of textual attributesof images.
However, theinformationwhichusersareinterestedinisthevisual content of
medical imagesrather thanthat resdingina phanumerica format (Lenmanneta.,
2003). Thecontent of imagesisapowerful and direct query which canbeusedto
searchfor otherimagescontai ning similar content. Hence, content-based access
approachesare expected to have agreat impact on PACS and health database
management. Inadditionto PACS, medical imaging databasesthat areuncon-
nected tothePA CScanal soobtain benefitsfrom CBIR technol ogy.

Computer-Aided Diagnosis

Computer-aided diagnosis has been proposed to support clinical decision
making. Oneclinical decision-making techniqueis case-based reasoning,
which searchesfor previous, al ready- sol ved problemssimilar tothecurrent
oneandtriesto apply thosesol utionstothecurrent problem (Hsu & Ho, 2004;
Schmidt, Montani, Bellazzi, Portinale, & Gierl, 2001). Thistechniquehasa
strong needto searchfor previousmedical imageswith similar pathol ogical
areas, scrutinizethehistoriesof these caseswhich arevaluablefor supporting
certaindiagnoses, and then reason thecurrent case (Changet al ., 2004).

Medical Research, Education, and Training

CBIR technology can benefit any work that requiresthefinding of imagesor
collectionsof imageswithsmilar contents. Inmedical research, researcherscanuse
CBIRtofindimageswithsmilar pathol ogica areasandinvestigatetheir association.
Inmedical education, lecturerscaneasily findimageswith particular pathol ogical
attributes, asthoseattributescanimply particul ar diseases. Inaddition, CBIR can
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be used to collect images for medical books, reports, papers, and CD-ROMs
based on the educational atlas of medical cells, wheretypica specimensare
collectedaccordingtothesimilarity of their features, andthemost typical onesare
selected fromeach groupto composeaset of practical calibrators.

Existing Medical CBIR Systems

Although content-basedimageretrieval hasfrequently been proposedfor use
inmedical imagemanagement, only afew content-basedretrieval systemshave
been developed specifically for medical images. These research-oriented
systems are usually constructed in research institutes and continue to be
improved, devel oped, and evaluated over time. Thissectionwill introduce
several major medical content-based retrieval systems.

ASSERT (Automatic Search and
Selection Engine with Retrieval Tools)

Developers: PurdueUniversity, IndianaUniversity, and University of Wis-
consinHospital, USA.

Image Database: High-Resol ution Computed Tomography (HRCT) of lung.

Selected References: Shyu, Brodley, Kak, Kosaka, Aisen, and Broderick
(1999), and Brodley, Kak, Dy, Shyu, Aisen, and Broderick, (1999).

Website: http://rvl2.ecn.purdue.edu/~cbirdev/WWW/CBIRmain.html

MainCharacteristics:

»  TheASSERT systemusesaphysician-in-the-loop approachtoretrieving
imagesof HRCT of thelung. Thisapproachrequiresuserstodelineatethe
pathol ogy-bearing regionsandidentify certainanatomical landmarksfor
eachimage;

»  Thissystemextracts255featuresof texture, shape, edges, andgray-scale
propertiesin pathology-bearingregions,

*  Amulti-dimensional hashtableisconstructedtoindex theHRCT images.
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Casl mage

Developer: University Hospital of Geneva, Switzerland.

ImageDatabase: A variety of imagesfromCT, MRI, andradiographs, to color
photos.

Selected References: Muller, Rosset, Vallee, and Geissbuhler (2004b), and
Rosset, Ratib, Geissbuhler, and Vallee (2002).

Website: http://www.casimage.com/

MainCharacteristics:

*  TheCaslmagesystem, whichhasbeenintegratedintoaPA CSenvironment,
contains ateaching and reference database, and the medGIFT retrieval
system, whichisadaptedfromtheopen-sourceGIFT (GNU ImageFinding
Tool) (Squire, Muller, Muller, Marchand-Maillet, & Pun, 2001);

ThemedGIFT retrieval system extractsglobal and regional color and
texturefeatures, including 166 colorsinthe HSV color space, and Gabor
filter responsesinfour directionseach at threedifferent scales;

. Combinationsof textual |abel sand visual featuresareused for medical
imageretrieval.

IRMA (Image Retrieval in Medical Applications)

Developer: AachenUniversity of Technology, Germany.
ImageDatabase: Variousimagingmodalities.

Selected References: Lehmann, Guld, Keysers, Desel aers, Schubert, Wein,
and Spitzer (2004a), and Lehmann, Guld, Thies, Plodowski, Keysers,
Ott, and Schubert (2004b).

Website: http://libraimib.rwth-aachen.de/irmal

MainCharacteristics:

*  ThelRMA systemisimplemented asaplatformfor content-basedimage
retrieval inmedical applications;
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*  Thissystem splitstheimageretrieval processinto seven consecutive
steps, including categori zation, registration, featureextraction, feature
selection, indexing, identification, andretrieval.

NHANES Il (The Second National Health
And Nutrition Examination Survey)

Developer: National Library of Medicine, USA.
Image Database: 17,000 cervical and lumbar spineX-ray images.

Selected References: Antani, Lee, Long, and Thoma(2004a), and Antani, Xu,
Long, and Thoma(2004b).

Website: http://archive.nlm.nih.gov/proj/dxpnet/nhanes/nhanes.php
MainCharacteristics:

»  ThissystemcontainstheActive Contour Segmentation (ACS) tool, which
allows the users to create a template by marking points around the
vertebra. If thesegmentation of atemplateisaccepted, the ACStool will
estimatethel ocation of thenext vertebra, placethetemplateontheimage,
andthensegmentit;

* Indatarepresentation, apolygon approximation processisappliedfor
eliminatinginsignificant shapefeaturesand reducing thenumber of data
points. Thedataobtai nedinthepol ygon approximation processrepresent
the shape of vertebra. Then, the approximated curve of vertebrais
convertedtotangent spacefor similarity measurement.

Content-Based Retrieval Systems

Content-based retrieval usesthecontentsof imagesto represent and accessthe
images(Wei & Li,2005). A typical content-basedretrieval systemisdivided

into off-line feature extraction and online image retrieval. A conceptual
framework for content-based imageretrieval isillustratedin Figure 1. I n of f-
linefeatureextraction, thecontentsof theimagesinthedatabaseareextracted
and described withamulti-dimensional featurevector, also called descriptor.
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Figure 1. A conceptual framework for content-based image retrieval
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The feature vectors of theimage constitute afeature dataset stored in the
database. Inonlineimageretrieval, theuser can submitaquery exampletothe
retrieval system in search of desired images. The system represents this
examplewithafeaturevector. Thedistances(i.e., similarities) betweenthe
feature vectors of the query example and those of the mediain the feature
dataset arethen computed and ranked. Retrieval isconducted by applyingan
indexing schemeto providean efficient way of searchingtheimagedatabase.
Finally, thesystemranksthesearchresultsandthenreturnstheresultsthat are
most similar tothequery examples. If theuser isnot satisfied withthesearch
results, theuser can providerel evancefeedback totheretrieval system, which
containsamechanismtolearntheuser’ sinformation needs. Thefollowing
sectionswill clearly introduce each component inthesystem.

Feature Extraction

Representation of imagesneedsto consider whichfeaturesaremost useful for
representing thecontentsof imagesand which approachescan effectively code
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theattributesof theimages. Featureextraction of theimageinthedatabaseis
typically conducted of f-lineso computation complexity isnot asignificantissue.
Thissectionwill introducetwo features— textureand color —whichareused
most oftento extract thefeaturesof animage.

Color

Colorisapowerful descriptor that ssimplifiesobjectidentification (Gonzalez &
Woods, 2002) and is one of the most frequently used visual features for
content-basedimageretrieval. To extract thecol or featuresfromthe content
of animage, aproper color spaceand an effectivecol or descriptor haveto be
determined.

Thepurposeof acolor spaceistofacilitatethe specification of colors. Each
color inthecolor spaceisasinglepoint representedinacoordinate system.
Several color spaces, suchasRGB, HSV, CIEL*a*b,and CIE L*u*v, have
been developed for different purposes. Although thereisno agreement on
which color spaceisthebest for CBIR, anappropriatecolor systemisrequired
toensureperceptual uniformity. Therefore, theRGB col or space, awidely used
systemfor representing color images, isnot suitablefor CBIR becauseitisa
perceptually non-uniformand device-dependent system (Gevers, 2001).

Themost frequently used techniqueisto convert col or representationsfromthe
RGB color spacetothe HSV, CIE L*u*v, or CIE L*a*b color spaceswith
perceptual uniformity (Li & Y uen, 2000). TheHSV color spaceisanintuitive
system, which describesaspecific color by itshue, saturation and brightness
value. This color system isvery useful in interactive color selection and
manipulation; TheCIEL*u*vand CIE L* a* b col or spacesareboth percep-
tually uniformsystems, which provideeasy useof similar metricsfor comparing
color (Haeghen, Naeyaert, Lemahieu, & Philips, 2000).

After selectingacolor space, an effectivecol or descriptor should bedevel oped
inorder torepresent the color of theglobal or regional areas. Several color
descriptorshavebeen devel oped fromvariousrepresentation schemes, suchas
color histograms (Quyang & Tan, 2002), color moments(Yuet al., 2002),
color edge(Gevers& Stokman, 2003), color texture (Guan & Wada, 2002),
and color correlograms (Moghaddam, Khajoie, & Rouhi, 2003). For ex-
ample, color histogram, which representsthedistribution of the number of
pixelsfor each quantized color bin, isan effectiverepresentation of thecolor
content of animage. Thecolor histogram can not only easily characterizethe
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global andregional distribution of colorsinanimage, but alsobeinvariantto
rotationabout theview axis.

For the retrieval of medical images, color allows images to reveal many
pathol ogical characteristics(Tamai, 1999). Color also playsanimportantrole
inmorphological diagnosis(Nishibori, Tsumura, & Miyake, 2004). Color
medical imagesareusually producedin different departmentsand by various
devices. For exampl e, color endoscopicimagesaretaken by acamerathatis
putintothehollow organsof thebody such asstomachsandlungs. A common
characteristicinsuchkind of imagesisthat most colorsaremadeof various
stains, though fine variations of natural colors are crucial for diagnosis.
Nishibori (2000) pointed out that problemsin color medical imagesinclude
inaccurate color reproduction, rough gradations of color, and insufficient
density of pixels. Therefore, effectiveuseof thevariouscol orinformationin
imagesincludesabsolutecolor values, ratiosof eachtristimuluscolor, differ-
encesin colorsagainst adjacent areas, and estimated illumination data. In
addition, many medical imagesarerepresentedingray level. For thiskind of
gray level images, CBIR canonly regard col or assecondary featuresbecause
gray levelsprovidelimited information about the content of animage. For
specific purposes, some gray level images have pseudo-color added to
enhance specific areasinstead of gray level presentation. Such processing
increasesdifficultiesinretrieval.

Texture

Texturein CBIR canbeusedfor at | east two purposes (Sebe & Lew, 2002).
First, animage can be considered to be amosaic that consists of different
textureregions. Theseregionscan beused asexamplesto searchandretrieve
similar areas. Second, texturecan beempl oyed for automatically annotatingthe
content of animage. For exampl e, thetextureof aninfected skinregioncanbe
used for annotating regionswiththesameinfection.

Textural representation approachescan beclassifiedinto statistical approaches
and structural approaches(Li, 1998). Statistical approachesanalyzetextural
characteristics according to the statistical distribution of imageintensity.
Approachesinthiscategory includegray level co-occurrencematrix, fractal
model, Tamurafeature, Wold decomposition, and soon (Fenget al ., 2003).
Structural approachescharacterizetextureby identifying aset of structural
primitivesand certain placement rules.
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If medical imagesarerepresented ingray level, texture becomesacrucial
feature, which providesindicationsabout scenic depth, thespatial distribution
of tonal variations, and surfaceorientation (Tourassi, 1999). For example,
abnormal symptomson femal e breastsinclude calcification, architectural
distortion, asymmetry, masses, and soforth. All of thosereveal specifictextural
patterns on the mammograms. However, selection of texture features for
specifying textural structure should take account of theinfluencefromthe
modulationtransfer functionontexture(Veenland, Grashuis, Weinans, Ding, &
Vrooman, 2002). Astheintensifying screensareused to enhancetheradio-
graphs, the blurring effect also changes texture features, that is, spatial
resolution, contrast, and sharpnessareal | reducedintheoutput. L ow resolution
and contrast resultindifficultiesin measuring the pattern of tissueand structure
of organs(Majumdar, Kothari, Augat, Newitt, Link, Lin, & Lang, 1998).

Dimension Reduction

Inan attempt to capture useful contentsof animageandtofacilitateeffective
guerying of animagedatabase, aCBI R system may extract alarge number of
featuresfromthecontent of animage. Featureset of highdimensionality causes
the* curseof dimension” probleminwhichthecomplexity and computational
cost of the query increase exponentially with the number of dimensions
(Egecioglu, Ferhatosmanoglu, & Ogras, 2004).

Toreducethe dimensionality of alarge feature set, the most widely-used
techniqueinimageretrieval isprincipa component anaysis(PCA). Thegoal of
principal component analysisisto specify asmuchvarianceaspossiblewiththe
smallest number of variables(Partridge& Calvo, 1998). Principal component
analysisinvolvestransformingtheoriginal dataintoanew coordinatesystem
withlow dimension, thuscreatinganew set of data. Thenew coordinatesystem
removestheredundant data, and the new set of datamay better represent the
essential information. However, thereisatrade-off between theefficiency
obtai ned through dimensi onreduction and thecompl etenessof theinformation
extracted. Asdataisrepresented | ower dimensions, thespeed of retrieval is
increased, but someimportant information may belostintheprocessof data
transformation. Intheresearch of medical CBIR, Sinhaand Kangarl oo (2002)
demonstratedthe PCA applicationtotheimageclassificationof 100axia brain
images.
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Similarity Measure

Selection of similarity metrics has adirect impact on the performance of
content-basedimageretrieval . Thekind of featurevectorssel ected determines
thekind of measurement that will beusedto comparetheir smilarity (Smeulders,
Worring, Santini, Gupta, & Jain, 2000). If the features extracted from the
images are presented as multi-dimensional points, the distances between
corresponding multi-dimensional pointscanbecal cul ated. Euclideandistance
isthemost common metric used to measurethe distance between two points
inmulti-dimensional space(Qian, Sural, Gu, & Pramanik, 2004). For other
kindsof featuressuch ascolor histogram, Euclidean distance may not bean
ideal similarity metric or may not be compatiblewith the human-perceived
similarity. Histogramintersection wasproposed by SwainandBallard (1991)
tofind known objectswithinimagesusing color histograms. A number of other
metrics, such as M ahal anobisDistance, Minkowski-Form Distance, Earth
Mover’s Distance, and Proportional Transportation Distance, have been
proposed for specific purposes. Antani, Long, Thoma, and L ee (2003) used
several approachesto codetheshapefeaturesfor different classesof spineX-
rays. Each class used a specific similarity metric to compare the distance
betweentwofeaturevectors.

Multi-Dimensional Indexing

Retrieval of animageisusually based not only ontheval ueof certainfeatures,
but also on the location of afeature vector in the multi-dimensional space
(Fonseca& Jorge, 2003). A retrieval query onadatabase of multimediawith
multi-dimensional featurevectorsusual ly requiresfast execution of search
operations. To support such search operations, an appropriate multi-dimen-
sional access method hasto be used for indexing the reduced but still high
dimensional featureset. Popul ar multi-dimensional indexing methodsinclude
theR-tree(Guttman, 1984) and the R* -tree (Beckmann, Kriegel, Schneider,
& Seeger, 1990).

TheR-tree, whichisatree-likedatastructure, ismainly usedfor indexing multi-
dimensional data. Each nodeof an R-treehasavariablenumber of entries. Each
entry withinanon-leaf node can havetwo piecesof data. Thegoal of the R-
treeistoorganizethespatial datainsuchaway that asearchwill visit asfew
gpatial objectsaspossible. Thedecisiononwhichnodestovisitismadebased
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ontheevaluationof spatial predicates. Hence, the R-treemust beableto hold
somesort of spatial dataonall nodes. TheR* -tree, animproved version of the
R-tree, appliesmorecomplex criteriafor thedistribution of minimal- bounding
rectanglesthrough the nodes of thetree, such as: The overlap between the
minimal - bounding rectanglesof theinner nodes shoul d be minimized; the
perimeter of adirectory rectanglesshould beminimized; and storageutilization
should bemaximized. Bothtechniquesperformwell inlow-dimensional fea-
tures-spacewithalimit of upto 20 dimensions. For high-dimensional features-
space, itisnecessary toreducethedimensionality using statistic multi-variate
analysi stechniquessuch astheaforementioned principal component analysis.

Withregardtomedical CBIRresearch, Shyuetal. (1999) successfully applied
multi-dimensional indexinginthe ASSERT system. Inthissystem, lobular
featuresets(LFS) onHRCT imagesaretranslatedintoanindex for archiving
andretrieval. A multi-dimensional hashtablefor theL FSclassesisconstructed
for the system. A decision tree algorithm isused to construct a minimum-
entropy partition of the feature space where the LFS classesreside. After
trandl ating adecisiontreetoahashtable, the system prunestheset of retrieved
L FSclassesand candidateimages.

Relevance Feedback

Relevancefeedback wasoriginally devel opedfor improvingtheeffectiveness
of informationretrieval systems. Themainideaof relevancefeedback isfor the
retrieval systemtounderstandtheuser’ sinformationneeds. For agivenquery,
theretrieval system returnsinitial results based on pre-defined similarity
metrics. Then, theuser isrequiredtoidentify thepositiveexamplesby labeling
thosethat arerelevant to the query. The system subsequently analyzesthe
user’ sfeedback usingalearning algorithmandreturnsrefinedresults.

A typical relevancefeedback mechani sm containsal earning component anda
dispensing component. Thelearning component usesthe feedback datato
estimatethetarget of theuser. Theapproachtakentolearnfeedback datais
key totherelevancefeedback mechanism. Inadditionto Rocchio’ s(1971) and
Rui and Huang’ s(2002) learning algorithms, recent work hasreported that
support vector machine (SVM) isauseful learning approach in relevance
feedback (Ferecatu, Crucianu, & Boujemaa, 2004a; Hoi, Chan, Huang, Lyu,
& King, 2004; Tao & Tang, 2004). Thedispensing component should provide
themost appropriateimagesafter obtai ning feedback fromtheuser. However,
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the dispensing component hastwo conflicting goal sduring each feedback
round. On the one hand, the dispensing component hasto provide as many
relevant imagesaspossible. Ontheother hand, the di spensing component,
based on theinformation needsof theuser, hastoinvestigatetheimages of
unknownrelevancetothetarget (Ferecatu, Crucianu, & Boujemaa, 2004b).
Asthedispensing component returnsmorerelevantimagestotheuser, it has
fewer imagesto minethe needsof the user at each round, and viceversa. A
sensiblestrategy al so playsanimportant roleinrelevancefeedback. Hence,
approachestolearning user feedbacksand dispensing strategiesfor returning
theresultsboth determinetheperformanceof rel evancefeedback mechanisms.

Medical imageshaveauniquecharacteristicinthat their contentsalways
reflect pathological attributes or symptoms for specific diseases. Image
classification is often used to group the similar features based on their
contents. Withthischaracteristic, relevancefeedback isexpectedtoassistin
mining thecommon featuresof relevant imagesand finding aspecificclass
wherethe query exampleshouldreside. Thoseimagesgroupedinthesame
classhavethe samesemanticsand arelikely to betarget images. ElI-Naga,
Y ang, Galatsanos, and Wernick (2003) proposed a relevance feedback
approach based onincremental learning for mammogramretrieval. They
adapted support vector machines (SVM) to develop an online learning
procedurefor similarity learning. Theapproach they proposed wasimple-
mented using clustered micro-calcificationsimages. They reported that the
approach significantly improvestheretrieval effectiveness. Inaddition, El-
Naga et al. (2004) also demonstrated a hierarchical two-stage learning
network, which consistsof acascadeof abinary classifier and aregression
module. Relevancefeedback isincorporated into thisframework to effec-
tively improveprecision based ononlineinteractionwith users.

Case Study

Thissectionwill proposeageneral CBIR framework anditsapplicationto
mammogramretrieval, and demonstrateitsmethod. Breast cancer continuesto
beaseriousdiseaseacrosstheworld. Mammography isareliable method for
detection of breast cancer. Therearean enormousnumber of mammograms
generated in hospitals. How to effectively retrieve a desired image from
mammogram databasesisachallenging problem. Thisstudy concentrateson
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textural analysisbased ongray level co-occurrence matricesfor the content-
based retrieval of mammograms. Theobjectivesof thisstudy areasfollows:

1. Toanalyzeandexaminethetextural featurespresentintheRROI (Region
of Interest) of abnormal breast tissueascomparedtothesameinformation
presentedinnormal tissue;

2.  Todeveloptheoptimal mammographicdescriptor generated fromgray
level co-occurrencematrices; and

3. Toevauatetheeffectivenessof the CBIR system using descriptorswith
differentunit pixel distances.

Themethod inthiswork containstwo major stages— image analysis and
imageretrieval. Theobjectiveof theimageanalysisstageisto examinethe
textural featuresof mammograms, andthentest thestati stical significanceof the
differencesbetweennormal and abnormal mammograms. Thesedi scriminating
featuresare selected to construct atextural descriptor of mammograms. The
descriptor constructedintheimageanalysisstageisembeddedintothe CBIR
system. Thefeaturedescriptor isextracted fromthequery imageinorder to
retrievethemammaogramsrelevant tothequery image. Theperformanceof the
CBIR system isthen evaluated. The detail ed steps and components of the
experiment aredescribedinthefollowing sections.

M ammogram Dataset

Mammogramswereobtai ned fromthedatabase of the M ammographiclmages
AnalysisSociety (MIAS) (Suckling, Parker, Dance, Astley, Hutt, Boggis,
Ricketts, Stamatakis, Cerneaz, Kok, Taylor, Betal, & Savage, 1994). Thesize
of eachimagewas 1024 x 1024 pixels. All of theimageshavebeen annotated
for class, severity andlocation of abnormality, character of backgroundtissue,
andradiusof circleenclosingtheabnormality. Abnormalitiesareclassifiedinto
calcificationsarchitectural distortions, asymmetries, circumscribed masses,
specul ated masses, and ill-defined masses. Sub-images of size 200 x 200
pixels were cropped as ROIs from each mammogram. 122 sample ROIs
(including 29imagesincalcificationclass, 19inarchitectural distortionclass,
15inasymmetry class, 25 in circumscribed masses class, 19 in specul ated
masses class, and 15 in other or ill-defined masses class) were selected
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Figure 2. Abnormal mammograms are classified into calcification,
architectural distortion, asymmetry, circumscribed masses, speculated
masses, and ill-defined masses

(b) Asymmetry (c) Caldfication

(d) Circums cribed Mass (e) lll-defined Mas s (f) S piculated

deliberately from abnormal tissues. Another 207 ROl swereobtai ned arbi-
trarily fromnormal tissues. These 329 ROIswereusedtoanayzetheir textural
featuresbased ongray level co-occurrencematrices.

Feature Analysis

Thepresenceof abreast |esion may causeadisturbanceinthehomogeneity of
tissues, andresultinarchitectura distortionsinthesurroundingparenchyma(Cheng
& Cui, 2004). Therefore, thetexturesof digital imagescontainalot of valuable
informationfor further researchandapplication. Thisstudy appliesgray level co-
occurrencematrices, adtati stical textural method, toanalyzethetextura featuresof
mammogramsand devel op descriptorsfor content-basedimageretrieval . Gray
level co-occurrencematriceswill beintroducedinthefollowing section.

Gray Level Co-occurrence Matrices

Gray level co-occurrencematrix (GL CM) isastati stical method for computing
theco-occurrenceprobability of textural features(Haralick, 1979). Givenan
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imagef(x,y) of sizeL xL_ withaset of N, gray levels, definethematrix p(i,
J,d, 6)as

P(, j, d, 6) = card{((x,, y,), X, ¥,)) € (L, xL) (L xL) |
(X, Y,) = (X, y,) + (dcosf, dsing),
fx,y) =11, y,) =1, 0< i, j <N} (1)

whered denotesthedistance between pixels(x,, y,) and (X, y,) intheimage,
O denotestheorientationaligning (x,, y,) and(x,,y,), andcard{ -} denotesthe
number of elementsintheset. Texturefeaturesthat can beextractedfromgray
level co-occurrencematrices(Haralick, Shanmugan, & Dinstein, 1973) are:

Angular Second Moment (ASM) = 221,{ P, i)} (2)

n=0

Contrast = 2™ {2; (. j)} (3)
i-j

[=n

(i) p(is ) — txtty
Correlation= Z 21, (4)

OO0y

Variance:ZEj,(i‘j)zp(i’j) (5)

1 .
InverseDifferenceMoment (ID_Mom) = 2. >, 2P0 ) (6)

i 1+(|_J)

2Ng

SumAverage(Sum_Aver) = 3.ip,., () (7)
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2Ng
SumVariance(Sum_Var) = Y, (i—Sum_Entro)°p,,, (i) (8)
i=2
2Ng
Sum Entropy (Sum_Entro) =-, P, (i)log{ p,,, (i)} (9)
i=2
Entropy = _Z,ZJ‘, p(i, j)log p(i, j) (10)
DifferentVariance(Diff _Vari)=varianceof Py (12)
g1 . .
Different Entropy (Diff_Entro)=- Y p,.,()log{p, , (1)} (12)

Mammogram Analysis Using GLCM

Inorder todevel op thetail ored descriptorsdescribed inthenext section, itis
necessary toanalyzethefeaturesof themammogram. Inthisstudy, 12 GLCMs
are constructed in order to compute each ROI inthe 0°, 45°, 90°, and 135°
directions, eachwithunit pixel distancesof 1, 3, and 5, respectively. Thell
featuresdescribed earlier arecomputedfor the 12 GLCMs, thusresultingina
total of 132 texturefeaturesfor each ROI.

Feature Selection for Image Retrieval

Atthestageof featureanalysis, 132 texturefeaturesare generated for each
ROI. Weobtain5,148texturefeature sampleimagesfrom 20 normal and 19
abnormal images. To sel ect themost di scriminant features, astatistical multi-
variatet-testisusedto assessthesignificanceof thedifferencebetweenthe
meansof two sampleset Aand B, which areindependent of each other inthe
obvioussense, thatis, theindividual measuresinset Aareinnoway relatedto
any of theindividual measuresin set B. Thevalueof thet-testisobtained as
follows(Serdobol skii, 2000):
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Da = Z(A _uua)z (13)
D, =Y (B -1, (14)
_ D,+D,
(. -1+ (n, 1) (15)
vV V
O = n—a+E (16)
Ha My
=" (17)

whereA and B, inequations(13) and (14) aretheith element of theset Aand
B, whileu, and u, arethemeansof theset Aand B, respectively. D_and D, in
theequations(13) and (14) arethe sum of squared deviatesof theset A and
B. Vinequation (15) istheestimated variance of the sourcepopulation. ain
equation (16) isthestandard deviation of thesampling distribution of sample-
mean differences. tin equation (17) isthevalue of thet-test. The degree of
freedom (d.f.) is(n,—1) + (n,—1).

I nour case study with 20 normal images(set A) and 19 abnormal images (set
B), thedegreeof freedom (d.f.) is37. AccordingtotheTableof Critical Values
of t (Rencher, 1998), thet value for 37 degrees of freedom (d.f.) is1.305.
Whenthevaluet obtainedinthisexperimentisgreater than 1.305, it meansthat
thereisasignificant meandifferencebetweennormal andabnormal mammograms
withregardtothegivenfeature.

Thedescriptor iscomposed of featureswith significant differencesinthet
statistic. Individual descriptorsweredevelopedfor threedistances(d=1, 3,
and5) inthegray level co-occurrence matrices.

Data Normalization

Thepurpose of normalizationinthisexperimentistoassignaweighttoall
featuresinorder to measuretheir similarity onthesamebasis. Thetechnique
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Figure 3. Process of normalization
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(a) Theoriginal distribution (b) Thetrimmed distribution  (c) The normalized distribution

used was to project each feature onto a unit sphere. However, a potential
problemexists—if afew elementsinafeaturespaceareextremely large, other
elementsmay bedominated by theselargeonesafter normalization.

To solvethis problem, the valuelocated at the point of the top 95% of the
distributionistakenasthenominal maximum. All featuresgreater thanthe
nominal minimuminthefeaturespacewereclippedtothenominal maximal
value, thatis, thetop5%of distributionaretrimmed. Thenall valuesaredivided
by themaximal values. Anexampleisgiventoillustratetheuseof thisapproach
tonormalization. Figure 3ashowstheoriginal distribution of featurevaluesin
afeaturevector. Theresultsof trimming thetop 5% and normalization are
illustratedin Figures3band 3c.

Similarity Measure

Thesimilarity measureof twoimages|_ and|, isthedistance betweentheir
descriptors f_and f_. In this work, L, norm was adopted to measure the
similarity betweenthequery imageandeach ROI. L, isdefined asfollows:

n

”dab ”2:| fa_ fb |2: Zl fa,i - fb,i |2, (18)

i=1

whered, isthesimilarity distancebetween descriptorsf andf,, f , andf,  are
theithelement of f_andf , respectively, andnisthenumber of elementsof the
descriptors. Thesmaller thedistanceis, themoresimilar thetwoimagesare. After
calculatingthedistance, our CBIR systemrankssimilarity indescending order
andthenreturnsthetopfiveimagesthat aremost similar tothequery image.
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Performance Evaluation

Relevancejudgmentisavital part of performanceevaluation. Therelevance
criteriadescribed in Table 1 were developed and used in this work. For
example, suppose the query image belongs to the calcification class, the
retrievedimagewouldscore0.5if it belongsto any of thefollowing abnormal
classes: ill-defined masses, circumscribed masses, specul ated masses, archi-
tectural distortion, and asymmetry.

Precisionandrecall arebasic measuresusedin eval uating theeffectivenessof
aninformationretrieval system. Precisionistheratio of thenumber of relevant
records retrieved to the total number of irrelevant and relevant records
retrieved (Baeza- Y ates, & Ribeiro-Neto, 1999). Itindicatesthe subject score
assigned to each of thetop fiveimagesin this experiment. Theformulais
expressedasfollows:

=i (29

whereS isthescoreassignedtotheithhit, Nisthenumber of top hitsretrieved.

Recall istheratioof thenumber of rel evant recordsretrieved tothetotal number
of relevant recordsinthedatabase (Baeza-Y ates& Ribeiro-Neto, 1999). Itis
definedasfollows;

Table 1. Criteria for measurement of performance evaluation of CBIR

Score Criteria
1.0 The retrieved image belongs to the class of query image.
05 The retrieved image belongs to one of the abnormal classes, but not the

class of query image.

0 The retrieved image does not belong to any abnormal class.
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_R
R=1 (20)

whereR isthenumber of retrievedrelevant hits, and T  isthetotal number of
relevantimagesinthedatabase.

Results of t-Test

Table 2 presents the results of thet statistic for d = 1 of gray level co-
occurrence matrices. From the results, it can be seen that the differences
betweenthemeanvaluesof ASM, Correlation, Sum_Var (sumvariance), and
Diff_Entro (differenceentropy) of thenormal and abnormal ROlsaresignifi-
cant (t>1.305). Asaresult, thesefour features are sel ected to construct the
descriptor. Table 3 shows that ASM is the only feature with significant
discriminating power for two groupsof ROIswhend= 3. Thedescriptor with
d=3containsonly ASM.

Table4 showsthat Sum_Var (sum-variance) istheonly featurewith significant
discriminating power for two groupsof ROIswhend=5. Thedescriptor with
d=5containsonly Sum_Var.

Table 2. Comparison of mean val ues obtained by co-occurrence matrices
with the distance of 1

Normal Abnormal
Feature Ua D, U D, t(37.df)
ASM 17721 0.6127 1.3890 0.5542 1.6042
Contrast 58209 2.2742 56187  3.7038 0.3755
Correlation -0.3392 0.0742 -0.6135 0.5345 1.6071
Variance 0.2413  0.0768 15446  1.9193 -4.2257
ID_Mom 2.9460 0.0671 3.0654 0.1442 -1.1812
Sum_Aver 21943  0.3391 26984  1.2137 -1.8444
Sum_Var 3.2636 2.2970 0.7699 1.3261 5.9097
Sum_Entro -6.7253  2.7305 -0.7922  0.1327 -15.6895
Entropy -4.0729 0.1476 -3.8611 0.3262 -1.3995
Diff_Vari 52007  2.3020 6.7532 14977 -3.5953
Diff_Entro -1.7865 0.0332 -1.9603 0.0141 3.5986
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Table 3. Comparison of mean val ues obtained by co-occurrence matrices
with the distance of 3

Normal Abnormal
Feature Ua D, U D, t(37.df)
ASM 1.2846 0.3212 1.0075 0.2905 1.6046
Contrast 13822  0.2398 1.6247  0.4604 -1.3191
Correlation 0.8311  0.0402 3.6871 15.2704 -3.3534
Variance 1.5943 3.4598 1.1012 0.9300 1.0584
ID_Mom 1.465 0.0518 15281 0.1695 -0.6123
Sum_Aver 1.6135 0.1835 19774 0.6539 -1.8161
Sum_Entro -4.9365 14720 -0.5789 0.0708 -15.7084
Entropy -2.6801 0.1052 -2.4949 0.4599 -1.1262
Diff_Vari 41858  1.2969 53510  0.8446 -3.5984
Diff_Entro -1.6118  0.0184 17424  0.0088 -91.7379

Table 4. Comparison of mean val ues obtained by co-occurrence matrices
with the distance of 5

Normal Abnormal
Feature Ua D, Ua D, t(37.df)
ASM 1.2466 0.3019 0.9784 0.2730 0.7924
Contrast 2.1675 0.8227 29725 2.0665 -1.5708
Correlation 0.8822  0.0387 4.6453 14.6955 -7.1316
Variance 14357 2.8461 1.0654 0.8467 1.0316
ID_Mom 1.2008 0.0497 1.227 0.1625 -0.0742
Sum_Aver 15855  0.1775 19376  0.6293 -0.8292
Sum_Var 2.3006 2.6245 0.5359 0.6438 45870
Sum_Entro -4.8432 14197 -0.5657  0.0677 -8.0337
Entropy -25128  0.1179 -2.3037  0.2179 -0.4203
Diff_Vari 4.1858 1.2969 5.3510 0.8446 -1.6684
Diff_Entro -1.6118  0.0184 -1.7424  0.0088 0.3150
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Results of Performance Evaluation

Precision can beusedto describetheaccuracy of theproposed CBIR system
infinding only relevantimagesonasearchfor query images. Table5 showsthat
precisionratesfor thethreedescriptors(d =1, 3, and 5) are 47%, 50%, and
51%, respectively. The descriptor with d = 5 obtained the highest valuein
precisionandthesmallest valuesin standard deviation. Thisindicatesthat the
performanceof thedescriptor (d=5) ismorestable. Onthewhol e, about hal f
of theresultsretrieved by these three descriptorsarerelevant to the query
images.

Recall measureshow well the CBIR systemfindsall relevantimagesinasearch
foraquery image. Table6indicatesthat thedescriptor withd =5 outperforms
theother two. However, therecall valuesarevery close. Thelargest difference
isonly 1.5%. Thethree descriptorscanretrieve, on average, about 18% of
relevant imagesinthedatabase. Intheory, asprecision goesup, recall goes
down. Therelationship explainswhy thethreerecall valuesarelow.

Theexperimental resultsal so show that thedescriptor withthelargest distance
(d=5) hasthebest performancein both precision andrecall. Thedescriptor
withd =3 outperformsthedescriptor withd = 1in both measures. Although
thelarger distancehasbetter performanceinthisexperiment, itisstill tooearly
tomakeany conclusions.

Table 5. Precision for the 3 descriptors

CALC CIRC SPIC MISC ARCH ASYM Mean Sd

d=1 42% 44% 54% 44% 46% 54% 47% 5.32%
d=3 57% 43% 54% 42% 54% 51% 50% 6.24%
d=5 48% 53% 54% 50% 50% 48% 51% 2.51%

Table 6. Recall for the 3 descriptors

CALC CIRC SPIC MISC ARCH ASYM Mean Sd
d=1 10.69% 12.80% 20.53% 18.67% 16.84% 26.00% 17.59% 5.51%
d=3 13.45% 11.60% 20.00% 20.00% 18.42% 25.33% 18.13% 4.97%
d=5 12.07% 15.20% 21.05% 24.00% 20.00% 22.00% 19.05% 4.51%

(Notes: CALC = calcification; CIRC = circumscribed masses, SPIC =
speculated masses; ARCH = architectural distortion; ASYM = asymmetry;
MISC = other or ill-defined masses.)
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Themain contribution of thiswork isto present asound CBIR methodology for
mammograms. Themethodology isdividedintoimageanalysisandimage
retrieval stages. Thepurposeof theimageanalysisisto collect samplesfrom
the database, obtain the image signature, and then apply it for the feature
extractionintheimageretrieval stage. A complete CBIR systembasedongray
level co-occurrencematriceswasimplemented. A techniquewasal so pro-
posedtoimprovetheeffectivenessof normalization. Threedescriptorswere
evaluated by query imagestoretrievethe ROIsfor the mammogram dataset
consisting of 122 images of six sub-classes from abnormal class, and 207
imagesfromnormal class. Thebest precisionrateof 51%andrecall rateof 19%
wereachievedwiththedescriptor usinggray level co-occurrencematriceswith
thepixel distanceof 5.

Resear ch | ssues

Content-basedretrieval for medical imagesisstill initsinfancy. Therearemany
challengingresearchissues. Thissectionidentifiesand addressessomeissues
inthefutureresearchagenda.

Bridging the Semantic Gap

Anidea medical CBIR systemfromauser perspectivewouldinvolvesemantic
retrieval,inwhichtheuser submitsaquery like“find M RIsof brainwithtumor”.
Thiskind of open-ended query isvery difficult for thecurrent CBIR systemsto
distinguishbrainMRI’ sfrom spineM RIseventhoughthetwotypesof images
arevisually different. Current medical CBIR systemsmainly rely onlow-level
featuresliketexture, color, and shape.

Systems Integration

Most medical retrieval systemsaredesignedfor oneparticular typeof medical
image, such as mammogram or MRIs of spine. Specific techniques and
modalitiesaredevel oped based onthecharacteristicsof thesehighly homoge-
neousimagesintheir databases. However, medical image databasesacross
different medical institutionshave been expected to connect through PACS.
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With PACS, auser may makearequest to search for medical imagesamong
different databases, whereimagesdisplay different characteristicssuch as
degreeof resol ution, degreeof noise, useof color, shapeof object, andtexture
of background. Inother words, PACScanbeseenasasingleretrieval system
withdistributedimagedatabases, which collect medical imageswithvarious
modalities. Therefore, systemscapabl eof findingimagesacrossheterogeneous
imagedatabasesaredesirable.

Human-Computer Interaction and Usability

Current research on medical CBIR concentrates on the effectiveness of the
system, rarely evolvingtherel ationship between CBIR and user interfacedesign.
However, innovativeretrieval systemsal onemay not obtai nuser acceptanceas
usersof medical CBIR systemsmay includeradiol ogists, surgeons, nurses, or
other userswithout specificknowledgeof thesesystems. Theuser’ sexperience,
or how the user experiencesthe system, isthe key to acceptance. Good user
interfacedesignisusually requiredfor theend user toeasily learnand usethe
system. Also, empirical usability testing permitsnaiveusersto provideinforma
tionabout theusability of individual systemfunctionsand components.

Performance Evaluation

TheNational Institute of Standardsand Technology (NIST) hasdevel oped
TREC (Text REtrieval Conference) asthe standard test-bed and eval uation
paradigmfor theinformationretrieval community (Smeaton, 2003). Theimage
retrieval community still awaitsthe construction and implementation of a
scientifically-valid evaluationframework and standard test bed. To construct
atest bedfor medical CBIR, imaging modalities, regions, and orientationsof
imagesshouldbetakenintoaccount. Duetothecomplexity of medical images,
how to construct acommontest bed for medical CBIR isaresearchissue.

Conclusion

Thegoal of medical image databasesisto provide an effective meansfor
organizing, searching, andindexinglargecollectionsof medical images. This
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requiresintelligent systemsthat havetheability torecognize, capture, and
understand thecompl ex content of medical images. Content-basedretrieval
isapromising approach to achievethesetasksand hasdevel oped anumber
of techniquesusedin medical images. Despiterecent devel opments, medical
content-based imageretrieval still hasalongway to goand moreeffortsare
expected to be devoted to thisarea. Ultimately, awell-organized image
database, accompanied by anintelligent retrieval mechanism, can support
clinical treatment, and provide a basis for better medical research and
education.

Refer ences

Antani, S.,Lee,D.J.,Long, L.R., & Thoma, G. R. (2004a). Evaluation of
shapesimilarity measurement methodsfor spineX-ray images. Journal
of Visual Communication and Image Representation, 15(3), 285-
302.

Antani,S,,Long,L.R.,Thoma, G.R.,& Lee, D.J.(2003). Evaluation of shape
indexing methodsfor content-based retrieval of X-ray images. InPro-
ceedingsof | S& T/SPIE 15th Annual Symposiumon Electronic Imag-
ing, Storage, and Retrieval for Media Databases (pp. 405-416).

Antani, S., Xu, X., Long, L. R., & Thoma, G. R. (2004b). Partial shape
matching for CBIR of spine X-ray images. In Proceedings of I1S& T/
SPIE Electronic Imaging — Storage and Retrieval Methods and
Applications for Multimedia 2004 (pp. 1-8).

Baeza-Y ates, R., & Ribeiro-Neto, B. (Eds.). (1999). Moder n information
retrieval. Boston: Addison-Wesley.

Beckmann, N., Kriegel, H.-P., Schneider, R., & Seeger, B. (1990). TheR*-
tree: Anefficient and robust accessmethod for pointsand rectangles. In
Proceedings of ACM SSIGMOD International Conference on Man-
agement of Data (pp. 322-331).

Brodley, C. E., K&k, A, Dy, J.,, Shyu, C. R., Aisen, A., & Broderick, L.
(1999). Content-basedretrieval frommedical imagedatabase: A synergy
of humaninteraction, machinelearning, and computer vision. In Proceed-
ings of the Sixteenth National Conference on Artificial Intelligence
(pp. 760-767).

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



286 Wei, Li, and Wilson

Buhler, P., Just, U., Will, E., Kotzerke, J., & van den Hoff, J. (2004). An
accuratemethod for correction of head movement in PET. IEEE Trans-
actions on Medical Imaging, 23(9), 1176-1185.

Chang, C.-L.,Cheng, B.-W., & Su, J.-L. (2004). Using case-based reasoning
to establish acontinuing careinformation system of dischargeplanning.
Expert Systems with Applications, 26(4), 601-613.

Cheng, H.D., & Cui, M. (2004). M asslesion detection with afuzzy neural
network. Pattern Recognition, 37(6), 1189-1200.

Eakins, J. P. (2002). Towardsinintelligentimageretrieval . Pattern Recogni-
tion, 35(1), 3-14.

Egecioglu, O., Ferhatosmanoglu, H., & Ogras, U. (2004). Dimensionality
reductionand similarity computation by inner-product approximations.
IEEE Transactions on Knowledge and Data Engineering, 16(6),
714-726.

El-Naga, 1., Yang, Y., Galatsanos, N. P., & Wernick, M. N. (2003).
Relevance feedback based on incremental |earning for mammogram
retrieval. In Proceedings of the International Conference of Image
Processing 2003 (pp. 729-732).

El-Naga, 1., Yang, Y., Galatsanos, N. P., Nishikawa, R. M., & Wernick, M.
N. (2004). A similarity learning approach to content-based imagere-
trieval: Application to digital mammography. |EEE Transactionson
Medical Imaging, 23(10), 1233-1244.

Feng,D., Siu,W.C., & Zhang, H. J. (Eds.). (2003). Multimediainfor mation
retrieval and management: Technological fundamentals and appli-
cations. Berlin: Springer.

Ferecatu, M., Crucianu, M., & Boujemaa, N. (2004a). Retrieval of difficult
imageclassesusing SV M-based rel evancefeedback. I n Proceedingsof
the 6th ACM SIGMM International Wor kshop on Multimedia Infor-
mation Retrieval (pp. 23-30).

Ferecatu, M., Crucianu, M., & Boujemaa, N. (2004b). Sample selection
strategiesfor relevance feedback in region-based imageretrieval. In
Pacific-Rim Conference on Multimedia 2004 (pp. 497-504).

Fonseca, M. J., & Jorge, J. A. (2003). Indexing high-dimensional datafor
content-basedretrieval inlargedatabase. I n Proceedingsof the Eighth
International Conference on Database Systems for Advanced Appli-
cations (pp. 267-274).

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



A Content-Based Approach to Medical Image Database Retrieval 287

Gevers, T., (2001). Color-basedretrieval. InM. S. Lew (Ed.), Principlesof
visual informationretrieval (pp. 11-49). London: Springer.

Gevers, T., & Stokman, H. (2003). Classifying color edgesin video into
shadow-geometry, highlight, or material transitions. IEEE Transactions
on Multimedia, 5(2), 237-243.

Glatard, T., Montagnat, J., & Magnin, |. E. (2004). Texture based medical
imageindexingandretrieval: Applicationtocardiacimaging. In Proceed-
ings of the ACM SIGMM International Workshop on Multimedia
Information Retrieval (pp. 135-142).

Gonzalez, R. C., & Woods, R. E. (2002). Digital image processing. Upper
SaddleRiver, NJ: PrenticeHall.

Guan, H. & Wada, S. (2002). Flexiblecolor textureretrieval method using
multi-resolution mosaicfor imageclassification. In Proceedingsof the
6th International Conference on Signal Processing: Vol. 1 (pp. 612-
615).

Guttman, A. (1984). R-trees: A dynamicindex structurefor spatial searching.
In Proceedings of ACM SIGMOD I nternational Conference on Man-
agement of Data (pp. 47-54).

Haeghen, Y.V., Naeyaert,J. M. A.D.,Lemahieu, |., & Philips, W. (2000).
Animaging system with calibrated color image acquisitionfor usein
dermatology. | EEE Transaction on Medical Imaging, 19(7), 722-730.

Haralick, R. M. (1979). Statistical and structural approachesto texture. In
Proceedings of the |IEEE, 67(5), 786-804.

Haralick, R. M., Shanmugan, K., & Dinstein, |. (1973). Textural featuresfor
imageclassification. |EEE Transactionson Systems, Man and Cyber -
netics, 3(6), 610-621.

Hoi, C.-H., Chan, C.-H., Huang, K., Lyu, M. R., & King, |. (2004). Biased
support vector machinefor relevance feedback inimageretrieval. In
Proceedings of International Joint Conference on Neural Networks
(pp. 3189-3194).

Hsu, C.-C., & Ho, C.-S. (2004). A new hybrid case-based architecturefor
medical diagnosis. Information Sciences, 166(1-4), 231-247.

Huang, H. K. (2003). PACS, imagemanagement, andimaginginformatics. In
D. Feng, W. C. Siu, & H. J. Zhang (Eds.), Multimedia information
retrieval and management: Technological fundamentals and appli-
cations (pp.347-365). New Y ork: Springer.

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



288 Wei, Li, and Wilson

Lehmann, T.M., Guld, M. O.,Keysers, D, Deselaers, T., Schubert, H., Wein
B.B., & Spitzer, K. (20044a). Similarity of medical imagescomputedfrom
global feature vectors for content-based retrieval. Lecture Notes in
Artificial Intelligence, 989-995.

Lehmann, T.M.,Guld, M. O., Thies, C., Plodowski, B.,Keysers, D., Ott, B.,
& Schubert, H. (2004b). IRMA — Content-based imageretrieval in
medical applications. In Proceedings of the 14th World Congresson
Medical Informatics (pp. 842-848).

Lehmann, T.M.,Wein, B.B., & Greenspan, H. (2003). | ntegration of content-
basedimageretrieval topicturearchivingand communicationsystems. In
Proceedings of Medical Informatics Europe.

Li, C.-T. (1998). Unsupervised textur e segmentation using multi-resol u-
tionMarkovrandomfields. Doctoral dissertation, University of Warwick,
Coventry, UK.

Li,C.H.,& Yuen, P.C.(2000). Regularized color clusteringinmedical image
database. |EEE Transactionon Medical Imaging, 19(11), 1150-1155.

Majumdar, S., Kothari, M., Augat, P., Newitt,D.C.,Link, T.M.,Lin,J.C,,
& Lang, T.(1998). High-resol ution magnetic resonanceimaging: Three-
dimensional trabecul ar bonearchitectureand biomechanical properties.
Bone, 22, 445-454.

Moghaddam,H. A.,Khgjoie, T.T., & Rouhi, A.H.(2003). A new algorithm
forimageindexingandretrieval usingwavel et correlogram. In Proceed-
ingsof thelnternational Conference on Image Processing 2003: Vol.
3 (pp. 497-500).

Muller,H.,Michous, N., Bandon, D., & Geissbuhler, A. (2004a). A review
of content-based imageretrieval systemsin medical applications—
Clinical benefitsand futuredirections. International Journal of Medical
Informatics, 73(1), 1-23.

Muller,H., Rosset, A. Vallee, J.-P., & Geissbuhler, A. (2004b). Comparing
featuressetsfor content-basedimageretrieval inamedical-casedata-
base. In Proceedings of 1S& T/SPIE Medical Imaging 2004: PACS
and Imaging Informatics (pp. 99-109).

Nishibori, M. (2000). Problemsand solutionsinmedical colorimaging. In
Proceedings of the Second Inter national Symposium on Multi-Spec-
tral Imaging and High Accurate Color Reproduction (pp. 9-17).

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



A Content-Based Approach to Medical Image Database Retrieval 289

Nishibori,M., Tsumura, N.,& Miyake, Y. (2004). Why multi-spectral imaging
in medicine?Jour nal of Imaging Scienceand Technology, 48(2), 125-
129.

Partridge, M., & Calvo, R. A. (1998). Fast dimensionality reduction and
simple PCA. Intelligent Data Analysis, 2(1-4), 203-214.

Qian, G.., Surdl, S., Gu, Y., & Pramanik, S. (2004). Similarity between
Euclidean and cosine angle distance for nearest neighbor queries. In
Proceedings of 2004 ACM Symposium on Applied Computing (pp.
1232-1237).

Ouyang,A.,& Tan,Y.P(2002). A novel multi-scal e spatial -col or descriptor
for content-based imageretrieval. In Proceedings of the 7th I nter na-
tional Conferenceon Control, Automation, Roboticsand Vision: Vol.
3 (pp. 1204-1209).

Rencher, A. C. (1998). Multi-variate statistical inference and applica-
tions. New Y ork: John Wiley & Sons.

Rocchio, J. J. (1971). Relevancefeedback ininformationretrieval . InG. Salton
(Ed.), The SMART retrieval system-experiments in automatic docu-
ment processing (pp.313-323). Englewood Cliffs, NJ: PrenticeHall.

Rosset, A., Ratib, O., Geissbuhler, A., & Vallee, J. P. (2002). I ntegration of
amultimediateaching and referencedatabasein aPA CSenvironment.
Radiographics, 22(6), 1567-1577.

Rui, Y., & Huang, T. (2002). L earning based relevance feedback inimage
retrieval.InA. C.Bovik, C. W. Chen, & D. Goldfof (Eds.), Advances
in image processing and understanding: A festschrift for Thomas S,
Huang (pp. 163-182). New Y ork: World Scientific Publishing.

Schmidt, R., Montani, S., Bellazzi, R., Portinale, L., & Gierl, L. (2001).
Cased-based reasoning for medical knowledge-based systems. Interna-
tional Journal of Medical Informatics, 64(2-3), 355-367.

Sebe,N., & Lew, M. S.(2002). Texturefeaturesfor content-basedretrieval.
InM. S.Lew (Ed.), Principlesof visual informationretrieval (pp.51-
85), London: Springer.

Serdobolskii, V. (2000). Multivariate statistical analysis: A high-dimen-
sional approach. London: Kluwer Academic Publishers.

Shyu, C., Brodley, C., Kak, A., Kosaka, A., Aisen, A., & Broderick, L.
(1999). ASSERT: A physician-in-the-loop content-basedimageretrieval

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.



290 Wei, Li, and Wilson

system for HRCT image databases. Computer Vision and Image
Understanding, 75(1/2), 111-132.

Shyu, C.-R., Pavlopoulou, C., Kak, A. C., Brodly, C. E., & Broderick, L.
(2002). Using human perceptual categoriesfor content-basedretrieval
from amedical image database. Computer Vision and lmage Under -
standing, 88(3), 119-151.

Smeaton, A.F., & Over, P. (2003). TRECVID: Benchmarkingtheeffective-
ness of information retrieval tasks on digital video. In International
Conference on Image and Video Retrieval, 18-27.

Smeulders,A.W.M.,Worring, M., Santini, S., Gupta, A., & Jain, R. (2000).
Content-based image retrieval at the end of the early years. IEEE
Transactionson Pattern Analysisand Machine Intelligence, 22(12),
1349-1380.

Sinha, U., & Kangarloo, H. (2002). Principal component analysisfor content-
based imageretrieval . RadioGraphics, 22, 1271-1289.

Squire, D.M.,Muller,W.,Muller,H., & Pun, T.(2000). Content-based query
of imagedatabases: inspirationsfromtext retrieval, Patter n Recognition
Letters, 21(13-14), 1193-1198.

Squire, D. M., Muller, H., Muller, W., Marchand-Maillet, S., & Pun, T.
(2001). Designand eval uation of acontent-basedimageretrieval system.
In S. M. Rahman (Ed.), Design and management of multimedia
information systems: Opportunities and challenges (pp. 125-151).
Hershey, PA: 1deaGroup Publishing.

Suckling, J., Parker, J., Dance, D. R., Astley, S., Hutt, I., Boggis, C.R. M.,
Ricketts, |, Stamatakis, E., Cerneaz, N.,Kok, S.-L ., Taylor, P., Betal,
D., & Savage, J. (1994). The mammographic image analysis soci ety
digital mammogram database. I n Proceedingsof the 2nd I nter national
Wor kshop on Digital Mammography, 375-378.

Swain,M.J,, & Ballard, D.H. (1991). Color Indexing. I nter national Journal
of Computer Vision, 7(1), 11-32.

Tamai, S. (1999). Thecolor of digital imaging in pathology and cytology.
Proceedings of the First Symposium of the “ Color” of Digital
Imaging in Medicine.

Tao, D., & Tang, X. (2004). Random sampling based SVM for relevance
feedback imageretrieval. In Thel EEE Computer Society Conference
on Computer Vision and Pattern Recognition 2004, 647-652.

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of ldea Group Inc. is prohibited.



A Content-Based Approach to Medical Image Database Retrieval 291

Tourassi, G. D. (1999). Journey toward computer-aided diagnosis: Rol e of
imagetextureanalysis. Radiol ogy, 317-320.

Veenland, J. F., Grashuis, J. L., Weinans, H., Ding, M., & Vrooman, H. A.
(2002). Suitability of texturefeaturesto assesschangesintrabecul ar bone
architecture. Pattern Recognition Letters, 23(4), 395-403.

Veltkamp, R. C., & Hagedoorn, M. (2002). State of theart in shapematching.
InM. S.Lew (Ed.), Principlesof visual informationretrieval (pp.87-
119), London: Springer.

Waei, C.-H, & Li, C.-T. (2005). Design of content-based multimedia
retrieval. InM. Pagani (Ed.), Encyclopedia of multimediatechnology
and networking. Hershey, PA: |deaGroup Reference.

Wong, S., & Hoo, K. S. (2002). Medical imagery. InV. Castelli, & L. D.
Bergman (Eds.), Image databases. Search and retrieval of digital
imagery (pp. 83-105). New Y ork: John Wiley & Sons, Inc.

Wong, S. T. C. (1998). CBIR in medicine: Still a long way to go. In
Proceedings of the IEEE Workshop on Content-Based Access of
Image and Video Libraries, 114.

Yu,H.,Li,M., Zhang, H.-J., & Feng, J. (2002). Col or texture momentsfor
content-based image retrieval. In Proceedings of the International
Conference on Image Processing 2002: Vol. 3 (pp. 929-932).

Copyright © 2006, Idea Group Inc. Copying or distributing in print or electronic forms without written
permission of Idea Group Inc. is prohibited.





