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Abstract

Automatedsatelliteimage analysissystemshave traditionally beendesignedo accuratelyanalyze
small land covers, typically coveredby a single satelliteimage. It is often highly desirableto have a
real-time systemwhich can analyzeland cover spanninglarge regions. In this paper we approachthe
problemof large-scalesatelliteimagemining from a content-basedetrieval and semanticcateyorization
perspectie. A two-stagearchitecturefor automaticretrieval of satelliteimagepatchess proposedThe
semanticcategoriesof query patchesare determinedand patchesfrom that cateyory are ranked based
on animagesimilarity measure Semanticcategyorizationis doneby a learningapproachinvolving the
two-dimensionaimulti-resolutionhiddenMarkov model (2-D MHMM). Patchesthat do not belongto
ary trained category are handledusing a supportvector machine(SVM) basedclassi er. Oneissueis
the image variationsdue to changingsun elevation angles,which posesa hindranceto robust image
mining. We tackle this problemusing histogramtransformationsExperimentsyield promisingresults
in modeling semanticcateyories within satellite imagesusing 2-D MHMM, producingaccurateand
convenientbrowsing. We also shav that prior semanticcategorizationimprovesretrieval performance.

A systemprototypehashbeencreatedfor demonstratiorpurposes.

. INTRODUCTION

Since 1972, when the rst remote sensingsatellite was launched,there have beensigni -

canttechnologicaladvancesin optical sensingsystemsWhile remotesensingdata acquisition
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technologyhasreachednewn heights,automatedanalysisof the collecteddatahasnot evolved
at the samepaceto meetthe currentrequirementsEvery day, thereis a massve amountof
remotelysensedlatabeing collectedand sentby terrestrialsatellites.Prohibitive costsinvolved
in the manualanalysisof theselarge volumeshave madeit imperatve to develop automated
imageanalysisandmining tools. An automatedreal-time,contentbasedsatelliteimageretrieval
systemcapableof handlinglarge volumescancomein handyfor information mining.

In this paper we proposea systemto aid in large-scalemining of remotelysensedmages.In
essenceg content-baseitinageretrieval (CBIR) systemdesignedspeci cally for satelliteimagery
is proposed.We representcollections of satellite imagesby a databaseof non-overlapping
x ed-sizerectangularegions, henceforthreferredto as patdhes The proposedsysteminvolves
supervisedearningof land cover cateyoriesof interest,and using the cateyory information to
aid querying and browsing in a CBIR frameawork. It is shovn through experimentsthat (1)
two-dimensionalmulti-resolution hidden Markov models (2-D MHMM) are an effective way
to jointly modelthe spectraland spatial structureof differentland cover cateyoriesin satellite
imagery andhencearevaluabletools for automatidearningfrom this type of imagery (2) CBIR
is a practicalapproachor real-timebrowsing and analysisof remotelysensedmagery and(3)
performing cateyorization prior to applying image retrieval techniquessigni cantly increases
speedand precisionof retrieval from large collectionsof satelliteimagery The novelty and
key contributions include the proposaland implementationof a e xible systemarchitecture
that allows for easymodi cations, an intuitive userinterfaceto aid in practical analysis,and
the demonstratiorthat prior cateyorization leadsto a better remotely sensedimage retrieval
performanceNo attemptis madeto comparethe cateyorizationprocessn our architecturewith
existing classi cation approaches.

For a generaloverview, considerthe interface shovn in Fig. 1. With the aim of mining the
imagedatabasdor crop elds of a certainkind, animageanalystcanusean examplepatchand
our systemto retrieve all patcheswhich resemblethe particularpattern.A generatie classi er
screengheretrieval resultsto ensurethat patchegetrieved arefrom the samesemanticcategory
asthequery in this casecrop elds. In othercaseslandcover of a certaintypewithin a particular
geographicregion may be of interest. The proposedsystemis designedto aid in the retrieval
of suchpatchesn real-timefor further analysis.Other applicationsof our systemcould be as

follows. If ananalystspecializingin residentialareaswishesto scrutinizeall imagescontaining
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Fig. 1. Screenshobf the systeminterface.A crop patchquery (top-left) is usedto retrieve othervisually similar crop regions
within the databasePrior cateyorizationof patcheshelp producehigh precisionresults.

signi cant portionsof residentialland cover, manually browsing throughall available imagery
is typically impracticalwhen large volumesare involved. Instead,our proposedsystemcan be
employedto quickly andautomatically nd suchimages.The analystcanthenproceedwith the
investigationon the selectedset of relevantimages,possiblya fraction of the original volume.
The paperis arrangedas follows. We surwey work closely relatedto oursin Sec.ll. In
Sec.lll, thesalientcharacteristicef theremotelysensediatausedin our experimentsandsystem
prototypearediscussedin Sec.lV, we elaborateon the proposedsystemarchitecturejncluding
theuserinterfacefor browsingandretrieval. In Sec.V, thelearningbasedcategyorizationmethods
andthe CBIR basedimagemining techniqueis discussedAlso discussecereare methodsfor
imagenormalizationfor handlingsunelevation varianceand otheratmospherieffects. We then

discussthe experimentalsetupand the obtainedresultsin Sec.VIl. We concludein Sec.VIII.



II. RELATED WORK

Thusfar, therehave beennumerousattemptsat automatedclassi cation of remotely sensed
imagery In this section,we review researctthatis mostcloselyrelatedto our work.

Oneof the earliestattemptsat remotelysensedmageclassi cation have beenby Haralick et
al. [14]. In the morerecentyears,mary differenttechniqueiave beenproposedsomeof which
includetexture analysig[24], [20], Markov random elds [31], geneticalgorithms[32], fuzzy set
theory[12], [38], [34], Bayesianclassi ers[28], [10], decisiontrees[19] and neural networks
[4], [2]. Generalizedorthogonalsubspaceprojection has beenfound to improve classi cation
performanceon LandsatTM imagesin [27]. The useof multi-sourceaswell as multi-temporal
imageryfor a datafusionapproacho LandsatTM imageclassi cationhasbeenexploredin [5].
Since the growth in popularity of SupportVector Machines(SVM) as a supervisedearning
techniquejts usein the classi cationof Landsatandothertypesof imageryhave beenexplored,
for example,in [15], [25]. Someothershave approachedemotely sensedmage classi cation
as an applicationof CBIR, for examples,[24], [29], [11]. Contentbasedimage retrieval for
high resolution( ) aerial photographsusing Gabor lters has beenimplementedin [26],
[23]. Evaluationof remotely sensedmage mining systemshasbeenexplored [9]. Assessment
of Landsatimage classi cation performancehas beendiscussedn [8]. Furthermore,n [30],
classi cation evaluation methodshave beenreviewed, and the statistic has beenfound
mostsuitedfor comparingclassi ers. Clearly, therehasbeenextensive work on satelliteimage
classi cation, by the remote-sensingommunityas well asthe imageanalysiscommunity

In a recentsurwey [37] on satelliteimageclassi cation resultspublishedin the Photagram-
metric Engineeringand RemoteSensingJournal, it hasbeenreportedthat over the last fteen
yearsthe classi cation accuraciehave not had signi cant increase.The paperreportsa mean
overall pixel-wise classi cation accurag acrossall theseexperimentalresultsat with
a standarddeviation of . However, thereare a numberof parametershat have changed
over the yearsor acrossdifferentexperimentalsettingswith respectto the remote-sensedata,
which make it dif cult to generalizeeasily Someof the parametershat vary includethe spatial
and spectralinformation in the imagery the sensortype, the geographiclocation and terrain
conditionsof the data sets,and the ground-truthlabels of the regions on the mapsbasedon

which the accuraciesre calculateddueto their subjectve and often ambiguousature).Owing



to adwancesin data collection technology the quality of available image data has improved
aswell, with reduceddistortionsusing techniquessuch as orthorecti cation. Nonethelessthis
reportis indicative of the possibleexistenceof an upperboundon the classi cation accurag
achiezablein this type of imagery given the currenttechnology Hence,the focus of our work
is to build a corvenient CBIR-basedtool for mining semanticallyrelevant imagesfrom large

collections,insteadof attemptingto improve upon classi cation accurag.

[I1. REMOTELY SENSED IMAGE DATA

Before elaboratingon the systemdesign,we discussherethe salientfeaturesof the dataused
in our experimentsand prototype.Prior knowledgeaboutthe datahelpsemploy an appropriate
featureextraction processanddesignphilosophy It alsohelpsforeseedif culties that may arise
dueto theintrinsic natureof data,suchthatthe approachcanbe suitably gearedtoward solving

them.

(d) (e) ®

Fig. 2. Bandsin the satelliteimagerycapturedby the ETM+ device on Landsat7. (a) Band 1 (Blue). (b) Band2 (Green).(c)
Band 3 (Red).(d) Band4 (NIR). (e) Band5 (SWIR 1). (f) Band 7 (SWIR 2). (Courtesy:GLCF).

The Landsatsatelliteshave beenorbiting the Earth for over 30 years,and the datathat they

collecthasbeenusedto studythe land cover, ervironmentalresourcesand man-madestructures



on the Earth's surface.The EnhancedlrhematicMapperPlus (ETM+) instrumenton the Landsat
7 is a multi-spectralremote sensingdevice which captures bands.Eachbandis sensitve to
differentwavelengthrangesof solarenegy. Bands1, 2 and 3 of the ETM+ instrumentrecord
re ected light in the visible range, and are known as blue band, greenband, and red band
respectrely. The ETM+ sensoralso recordsenegy beyond the visible spectrum.Band 4 is
known as near infrared (NIR), and bands5 and 7 are known as short wavelengthinfrared
(SWIR). All thesebandsare recordedat a spatialresolutionof meters.A plot of these
bandson a sampleland cover canbe seenin Fig. 2.

Eachwavelengthband has the potentialto capturedifferent featuresof the earths terrain.
While band 1 (blue) typically illuminates objects under clear water better than other colors,
plantsdo not shav up brightly in this band.On the otherhand,band2 (green)re ects vegetation
brightly andhencecanbe usedto determinethe healthof vegetation.Band?2 alsogivesexcellent
contrastbetweenclear and turbid water Band 3 (red) re ects well from deadfoliage and also
highlightsurbanfeaturesBand4 (NIR) canpotentially help differentiatebetweernvarioustypes
of vegetation.While band 5 (SWIR 1) is useful in distinguishingbetweenvarious types of
vegetation,it haslimited cloud penetration.This in turn helpsdifferentiatebetweensnov and
clouds.Band 7 (SWIR 2) is usefulin detectingmoisturein soil and vegetation[33]. Clearly,
the spectraldimensionshave a lot of information contentthat can be utilized for classi cation.

The spatialpatternsin local neighborhoodgan further help improve upon classi cation.
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Fig. 3. Tri-bandLandsat7 ETM+ imageformats.(a) True color format. (b) NIR format. (¢) SWIR format. (Courtesy:GLCF)

In typical color imageretrieval, tri-band images(usually the spectrum)are usedfor
classi cation and indexing. In this work, three bandsare selectedfrom the possible6 bands

available in LandsatETM+ imagery This choice was basedon a combinationof two factors,



(1) calculationof the Optimal Index Factor (OIF) [18] over the setof all possiblesubsetof 3
bands,and(2) consultationwith an experiencedsatelliteimageanalystworking in a government
researcHhab, who providedintuitions aboutthe choiceof spectrabands basedon the land cover
cateyoriesused.

A true color format ( ) consistsof bandsl, 2, and 3 representingheir corresponding
color bands.As shown in Fig. 3 (a), it producegealisticrepresentationsf the land cover. The
problemsthough,arethatimagesproducedareof low contrastandthatbandl (blue)is usually
noisy dueto its high dispersionin the atmosphereln the SWIRformat, blue color is displayed
by band2 (green),greencolor by band4 (NIR) andred color by band5 (SWIR) (SeeFig. 3 (b)).
While this formatis usefulin analyzingvegetationpatterns,it is very sensitve to cloud cover.
A widely usedformat is the NIR format, in which blue color is displayedby band?2 (green),
greenby band3 (red) andred by band4 (NIR) (SeeFig. 3 (c)). With this format, vegetation
appeardright red and urbanareasappeargreenishblue.

To further provide insight into the choiceof spectralbands,we computedthe OIF for all 20
combinationsof 3 bandsout of the 6 bands(1,2,3,4,5and7) over a representatie subsetof the
imageryused,consistingof all land cover categyoriesof interest(speci ed later). The OIF for a

setof 3 bandsis computedas

(1)

where arethe standarddeviationsof the 3 bands,and arethethreecorrelationcoefcients
formed out of the 3 bands,taken two at a time. The measuretendsto be larger when the
information contentfor a set of 3 bandsis higher Becausethe training samplesconsistsof
distinct setsfor eachland cover category in question,computingOIF over themensureghatthe
measurehelpsrank discriminatve power mainly over the categoriesof interest.The OIF values
for all 20 triplets are shavn in Tablel. We nd that the top threeranked formatsare ,

, and , in thatorder Band4 appearsn all of the top 10 combinationsn the OIF
table. Intuitively, band 3 (red) helps highlight urbanfeatures,and band 3 (green)helpsre ect
crop elds better distinguishingthem from other land cover classesas discussedoreviously.
Thus,basedon both intuitions aswell asthe OIF table,we nd the (NIR format)to be
mostsuitable,beingthe third mostdiscriminative combinationaccordingto OIF, andhenceuse

themfor all our experiments.



TABLE |

OPTIMUM INDEX FACTOR (OIF) FOR THE LANDSAT ETM+ BANDS OVER REGIONS OF INTEREST.

Rank | Combination| OIF
1 3,4,5 41.1730
2 1,4,5 40.4513
3 2,3,4 39.2354
4 3,47 37.9621
5 1,3,4 37.7571
6 1,4,7 37.7465
7 2,4,5 34.7594
8 4,5, 7 33.4958
9 2,4,7 33.3145
10 1,2,4 30.3658
11 3,57 19.6789
12 1,5,7 18.8772
13 1,35 18.5256
14 2,57 18.3707
15 2,3,5 18.2690
16 1,2,5 16.7659
17 2,3, 7 14.0359
18 1,3,7 13.8118
19 1,2,7 12.4120
20 1,2,3 10.6813

Publicly availablé' Landsat-7ETM+ images[33] are used,which have a spatialresolutionof

. Four land cover categyoriesof interestareconsiderednamelyurban, residential crop and
mountainregions,althoughour architecturesupportsseamlesadditionof moreclasseshrougha
modulartraining processThe choiceof theseparticularland cover cateyories,which correspond

roughlywith someof the Level | categoriesin the USGSclassi cation[1], weredueto a speci c
applicationthat was keptin mind at the inceptionof the project. Note that the speci ¢ formats

andresolutionsusedin our experimentsdo not restrictthe useof our approacHor otherformats.

1Sourceof datafor experiments: http:/glcf.umiacs.umd.edu/data/landsat /.



In particulay our 2D-MHMM andIRM basedmodelingandretrieval processesarenot restricted
by three bandimagery and hencethe whole setupcan be easily modi ed to supporta higher

numberof spectralbands.Our architectures designedo allow for suchadditionsto the system
without much effort.

V. ARCHITECTURE OF THE PROPOSED RETRIEVAL SYSTEM
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Fig. 4. SystemarchitectureLeft side: The databaséuilding processRight side: Real-timeuserinteraction.

The genericframavork of the proposedsystemcan be divided into two parts. The off-line
processingpart consistsof initial data acquisition, normalization,ground-truthlabeling, and
modelbuilding, while the on-line part consistsof querying,brownsing andretrieval. A schematic
diagramof thearchitecturas givenin Fig. 4, which followsin thelinesof alearning-base@€BIR
systemon more genericimagedata.Below we discusseachof thesecomponentsandfollow it
up with a sectionon implementatiordetails and issueswhich cover the practicalproblemsand
issueswe facedwhile implementingthis architectureand how we tackledthem.

A. Off-line Indexing of Images

Although we have introducedspeci cs on the datawe experimentedon, in this sectionwe
elaborateon the detailsin a fairly generalmanner Considera setof  satelliteimages
of an arbitrary type (e.g.,Landsat, ASTER, SRTM). A subsetof the available spectra



10

(here,bands2, 3, and 4) for the given type of imagery (here, Landsat7 ETM+) is usedto
createcompositeimages.A raw NIR imagetypically haslow brightnessand contrast.In order
to improve the visual clarity of theimageandto reducethe differencesn imagecontrastslueto
sun elevation angle,we attemptnormalizationof the imagesby two differentmethodsnamely
a standarddigital-number(DN) to at-surficere ectancecornversionprocedurecommonlyused
in the remotesensingcommunity anda genericnormalizationprocedurepractisedn the image
processingcommunity Theseproceduresare elaborateduponin Sec.V-A.

The normalized imagesare divided into equal sized non-overlapping rectangularpatches

of size , padding the right and bottom with zeros appropriately to get a total of
patches . Traditionally, satelliteimage classi cation has beendone at the pixel
level [31], [4]. For a typical Landsatimage at resolution,classboundariesare at pixel

level. Evenatthis level theremay sometimede classambiguity dueto which someauthorshave
proposeduzzyclassi cation[12], [38], [3] asopposedo hard classi cation.Eventhoughpixel-
level classi cation may give an overall segmentedview of the land cover, formulatinga CBIR
framewnvork becomeschallenging.While a systemwaorking at the patchlevel may have inferior
land cover classi cation accuraciesthereare distinct advantagesf doing so. They include, (1)
formulatingthe problemin animageretrieval framevork becomesorvenient,(2) within a patch
category suchasurbanregionsor forests,it helpsto nd regionswith comparabledensity and
(3) tracking salientfeaturessuchas speci ¢ patternsof deforestatioror terracefarming within
crop elds using patch level classi cation followed by heuristic searchtechniquesHowever,
classi cation of patchesinsteadof pixels canlead to greaterambiguity becauseground-truth
inter-classboundariesare at the pixel-level, or at an even ner level, especiallyfor someof the
USGSLevel ll, 1ll, andIV cateyories[1].

Fig. 5. Examplesof ambiguouspatchesLeft: Urbanand Residential Right: Residentialand Crop.
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Image patchsizesof, say , and pixels (asusedin our experiments)cover
roughly and on the groundrespectiely. While thesearetoo large an area
to represenprecisegroundsegmentationthe focusis on corvenientvisualizationof imagedata.
However, a stratay is still requiredto resole the ambiguity that this approachnherentlyleads
to. As shown in Fig. 5, somepatcheshave large coverageof differentcategories.In our system,
fuzzinessis not incorporatedlnstead,we considera patch  to belongto a categgory  if
hasroughly over coverageof type  (dominantcateyory). Patcheswhich do not belongto
ary of the categories , or thosethatdo not have a dominantcateyory, aregivenclass
label (category unknawvn). Dividing the imageinto rectangularmpatchesmakes it convenient
for training as well as browsing. Moreover, for semanticclassi cation, a more global view of
an areais helpful. For example,a few treesin a city may occupy a pixel in the image. This
pixel is still ideally classi ed aspart of an urbanarearatherthana forest. Thus,the granularity
of patchednvolvesa trade-of betweenglobal view and ambiguity Zoomingand panningform
part of the interfaceto allow usersthe e xibility in resultvisualization.

For eachpatch , information aboutthe relative coordinatesof its top left cornerand its
parentimage are storedas metadataSupposethat thereis someway to manually identify
semanticallynon-overlappingclasse®or cateyories relevantto a speci c application.
Notethatthis neednot be anexhaustve setof classi cations.We aim to build a supervisegatch
classi er to help automatethe cateyorization process.This is neededsinceit is impracticalto
manuallylabel the large numberof patchesrepresentinghe remotely sensedmage collection.
For this purpose,a small number of patchesof eachsemanticcateory are chosento
training 2-D MHMMs, generatre modelsusedfor the classi cation. Detailson 2-D MHMMs
arepresentedn Sec.V-B. Herewe give a brief overview. For eachsemanticcategory, a separate
2-D MHMM is trainedusing visual featuresof the corresponding training patchesyesulting
in  differentmodels.Now, for eachimagepatch in the databasethe likelihood
of the patchbelongingto class is computedusingthe trainedmodels.Sincethe systemdeals
with a non-e<chaustve setof cateyories,thosepatchesthat do not belongto ary of the trained
classesare requiredto be labeledasclass , asmentionedbefore.lt makeslittle senseto train
another2-D MHMM for them, since there may not exist ary spatial or textural motif among
them. Instead,anothersupervisedclassi cation is performedusing SupportVector Machines

(SVMs). Two setsof randomlychosentraining patchesaretaken,  with manualclasslabels
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(unknown category), and  with ary of the labels (known category). The  2-D
MHMM likelihood estimationsfor eachof the samplesof the two classesare usedas feature
vectorsfor training an SVM. A biasedSVM classi er is usedfor this purpose,suchthat
is predictedwith high accurag at the costof being predictedwith moderateaccurag. The
reasondor doing sowill bediscussedn Sec.V-C. If anunknonvn patch , whose2-D MHMM
likelihood estimationvector ,isclassiedas by this biasedSVM, it is labeledas

. Otherwise,its classlabel is assignedoy the rule

(2)
In summary the overall classi cation processs as follows:
For a given patch , its likelihood for eachtrainedmodelis computed.
The trainedSVM is usedto classifythe vector as or
If the resultis then else

The classlabel is storedas metadatafor . This set of taskscan be performedentirely
off-line over the collection of satelliteimageryin orderto generatea large annotateddatabase
of patchesWe remindthe readerghat the metadateor eachpatchconsistsof anidenti er for
its parentimage, its locationrelative to the top-left cornerof the parent,andthe predictedclass

label assignedo it.

B. On-line QueryProcessing

Assumethat thereis an ef cient indexing stratgy for handlingthe databaseof patchesand
associateanetadataThe simplestway to representhe queryis asfollows. Givena querypatch
theuserseekdo nd patcheswithin the samesemanticcateyory, sortedby their visual similarity.
Ratherthan searchingthroughthe entire databaseit sufces for the systemto searchthrough
only those patchesthat belong to the samecateyory as the query This helpsin improving
both accurag and retrieval speed.The underlying assumptionhere is that class predictions
are acceptableAs shall be seenin Sec.VIl, catgorizationusing 2-D MHMM and SVM s
fairly accurateOne problemis that patchesmay not always be homogeneous,e., a patchmay
containa mixture of different, possiblyunknonvn cateyories.Our experimentsrevealedthat the
improvementin quality of mining dueto categorizationis moreevidentin theseambiguousases.

This is especiallyevident for patchegpartially coveredby known and unknovn cateyories.
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Fig. 6. Demonstratingetrieval improvementwith semanticcategorization. Left: Ambiguousurbanquery Center: Unwanted

retrieval result (without categorization).Right: Desirableretrieval (with cateyorization).

Considerthe examplein Fig. 6. The left patchcontainsurbanareaandwater the middle one
waterandforest,andtheright oneurbanareaandforest.Supposeairbanareasarea known/trained
class,while wateris not. If theleft patchis queriedin our systemwithout prior categorization,the
middle patchrankshigherin visual resemblanc¢hanthe right patch. This happendecausdg1)
wateris presenin the rst two patchesandabsenin thethird, and(2) the shape®f the coastlines
in the rst two patchesaresimilar. This problemis avoidedby usingprior cateyorization,which
eliminatesthe middle patchfrom consideratiorfor ranking.In somesensethe actionperforms
semanticltering to improve mining quality.

The userhastwo differentmeansof formulatinga query:

Within-database query: In the casethat an existing patchis usedas query its semantic
catgory is alreadystoredandhenceknown. Patchesn the databasevhosesemanticateyories
arenot areeliminatedfrom consideration.

External query: In the caseof an external query the patchis re-sizedor trimmedto t
the standarddimensions and adjustedfor spectralencoding,if needed.The semantic
catgory  of this patchis predictedusingthe 2-D MHMM likelihoodsand the biasedSVM.
Again, all but the patchedabeled are eliminatedfrom consideration.

The remaining patchesare now ranked accordingto their visual similarity with the query
Visualsimilarity is computedusingthe IntegratedRegion Matching (IRM) measurewhichis fast
androbust, and canhandlelarge imagevolumes[35]. Thetop matchedpatches
are then displayedfor perusal.The choice of is contingentupon the speci c application.
Experimentationon choosing and how precisionof retrieval varieswith it are discussedn

Sec.VIl. Notethatfor the purposeof retrieval, querypatchesdeterminecas  (uncatgorized)
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are also searchedrom amongonly the patchedabeled in the database.

C. ImplementatiorDetails and Issues

Herewe provide moreinsightinto the practicalaspectf implementationandthe problems
associatedvith it. The systemarchitectures particularly designedkeepingin mind scalability
concernsthatis, the ability to handlelarge land cover, imagerywith mary spectraldimensions,
andwidely varying patchsizes.For this purposeall implementatiorhasbeencarriedout usinga
combinationof the C programminglanguageandthe freely available MySQL databasesystem.
The scalability of the imageretrieval component]RM, stemsfrom the factthatthe module rst
builds a x ed width feature set out of all the imagesin the databaseThis consistsof color
featurestexture featuresandscale/rotationinvariantshapefeaturesThis is storedin a MySQL
databaseassociatedvith eachimage patch,alongwith their location and parentimagedetails.
The useof MySQL allows randomaccessn the setof featuresover all the les, andit helps
index as mary imagesas the databasesystemallows, which is very large in caseof MySQL.
The index setis rekuilt at regular time intervals, dependingupon the frequeng of database
updates.Thus the most time-consumingportion of IRM basedretrieval is performedonly as
an intermittentbackgroundprocessThe real-timeimageranking processnvolvescomputations
with databaseolumnsthemseles,andhenceis primarily performedasdatabasactions,making
it fastand avoiding the necessityfor the imagesto be readin repeatedly

The 2D-MHMM and SVM training processesare time consuming,but can be performed
entirely as static processeswhich is what is done in our system.Theseare performedon
relatively small but representatie setsof images,andhenceare x ed costs,makingthe training
processndependendf the size of the databaseTestingwith both2D-MHMM aswell as SVM
are rapid, and hencescalewell to large databasesYet, it is not necessaryto perform these
in real-time, since the classi cation due to them do not changeunlessthe training processis
re-done.Therefore,once the training of thesemodelsare completed,all imagespatchesare
categyorized once. This cateyory label is storedin the MySQL databasealong with the IRM
featuresand meta-datajndexed by the image. This way, the processof prior cateyorization
followed by retrieval is achieved simply by a databaseltering operationprior the IRM distance
computationZoomingandpanningin the userinterfacehasbeenspeededip by the useof Haar

wavelet transforms,as explainedin Sec.VI.
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Issuearisewhenanexternalpatchis givenasquery In this casethe featureextractionprogram
needgo be executedon the patch,followed by the 2D-MHMM basedcateyorization,and nally
the SVM basedcateyorization.Thesestepscantogethertake approximately3 secondgperimage.
Sincetheseprogramsare executedonly once,this is the maximumwait time for the userfor
external queries,which can be typically tolerable.Secondly even for the off-line processes,
when there are over a hundredthousandimages,the 2D-MHMM categyorization can take a
signi cant amountof time. We note that with the imagesdivided into patches cateyorization
can be entirely parallelized,with no dependencieacrosspatchesIn our case,the imagesare
categorizedusing clustercomputers Eachset of patchesassociatedvith one Landsatimageis
assignedo a separateodein the cluster This way, we completedthe cateyorizationof all 12
Landsatimagesin one-twelfththetime. We notethat cateyorizationis essentiallya staticprocess
if the patchdatabasés not beingregularly updated Hencethis processanbe run once,without
the needfor it to run asa backgroundprocessat regular intervals. Finally, we note that when
an externalimagequeryis provided which is signi cantly smallerin sizethanthoseusedin the
existing databasethe requiredre-sizing has negative effects on the featureextraction process.
In particular visual featuresget distortedwhen scaledto a larger size,andlose detail. With the
featuresextractedon this scaledversion,the retrieval resultsare not always favorable. This is

the reasonexternal query patchesof very similar or samesize are preferred.

V. CATEGORIZATION AND RETRIEVAL

We now proceedo elaborateon the speci ¢ techniquesusedin our system.Theseincludethe
imagenormalizationprocessthe 2-D MHMM basedcategorizationprocesspiasedSVM based
categyorization,andthe IRM distancefor computationof visual relevance.Note that scalability
is one of the key advantageof our generatre modelingandimageretrieval approachThe 2D-
MHMM basedcateyorizationhasbeenappliedto a 600 image categyory problemin [22]. The
IRM basedimageretrieval system[35] hasbeenappliedto over 1 million imagesfor real-time
retrieval. The use of multi-spectralimageryinvolving higher dimensionsalso doesnot posea
restrictionto eitherthe generatre modelingor retrieval componentsHenceour systemhasthe
potentialfor handlinga large numberof land cover categories,a very large numberof Landsat
imagesandhigherdimensionakpectrabandsthanwhathave beenusedhere,without ary major

scalability issues.
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A. Normalization

The needfor imagenormalizationarisesfrom the inherentsensingvariationsdue to the sun
elevation angle and other atmosphericeffects. As the Landsat7 revolves aroundthe Earth, it
passegver a particularregion at sametime of the day, eachday. Eachcolumnin the Universal
TranserseMercator(UTM) grid is known asa path Imageswithin eachUTM zonearecaptured
separately Imagesof zonesthat lie on the samepath are fairly consistentbecausethe sun
elevation angle doesnot vary much during the time satellite tracesone path. However, asthe
satellitetraversesalongdifferentpaths the sunelevation anglekeepschanging With this change,
the amountof incidentlight on the earths surface changesand hencethe re ectancechanges

with it. As a result,the imageslying on differentpathsappearconsiderablydifferent.

Fig. 7. Satelliteimagesfrom different UTM pathswithin the US. Left: Rav NIR imagefrom EastCoast(path ) Right:
Rav NIR imagefrom WestCoast(path ). (Courtesy:GLCF)

Fig. 7 shovs raw NIR imagesfrom two different paths. The differencein color between
the two imagesis apparentlt is expectedthat the color featuresextractedfrom patchesof the
samesemanticcategyory but from the two differentpathswill be considerablydifferent. Without
normalization,most resultsfor sucha query patchwill be dravn from the samepath as that
of the query This phenomenons likely to be disadwantageousgiven the typical applications
of satelliteimage mining. It is further notedthat the NIR imagesin their raw form have low
brightnessand contrast.

To compensatdor poor contrastof the NIR imagesand lighting variations acrossUTM
pathsdueto sunelevation andotheratmospherieffects,we explore two differentnormalization
proceduresTheseinclude a standarddigital number(DN) to at-satellitere ectanceconversion

procedurecommonlyusedin the remotesensingcommunity and a generichistogramnormal-
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Fig. 8. Left: EnhancedWest Coastimages.Center: EnhancedEast Coastimages.Right: Normalized West Coastimages
(ReferencePath  EastCoast).(Courtesy:GLCF)

ization procedurepractisedin the imageprocessingcommunity

The Landsat7 imagerydataconsistsof digital numbers(DN) representingntensity at each
pixel over eachspectraband.To compensatéor the effectsmentionedaborve, headeinformation
aboutthe particular Landsatimagescan be utilized. One suchcompensatiormethodis DN to
at-satellitere ectancecorversion[16]. For eachbandof the multi-spectralimagery the DN can

be cornvertedto re ectancevalues usingthe following equation:

3)
where
where is the at-satelliteradiancefor the pixel, , and are the sun elevation,
gain and bias for the particular spectrum/imagebtainedfrom its header is the solar

irradianceobtainedfrom [33], and is the normalizedSun-Earthdistanceover the year By this
conversionit hasbeenshavn thatthe variationsdueto elevation and othereffects over different

Landsat7 imagesreduce.We apply this corversionto all bandsof the training and test data,
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andthenobsere its effect on retrieval over a subsetof the testdata.

The secondapproachis simple and more ad-hoc,and follows a procedurethat is common
in the image analysiscommunity Prior to dividing an imageinto rectangulampatches, of
the histogramfor eachband (leaving out on eachside)is linearly stretchedover the entire
availableintensityrange,i.e., . We notethat althoughthis improvescontrastof the NIR
images,it potentiallyincreasegshe differencebetweenimagesoriginating from different paths.
To compensatéor this, histogramcentralizationis performedbeforethe linear stretching.More
speci cally, using all imagesfrom a chosenpath , themeans , ,and of red, green,
and blue spectralbandsrespectiely are computed.Then, for eachimagein the databaseits
histogramofthe , ,and bandsareshiftedto becenterecht , ,and correspondingly
After the shifting operation,linear stretchingas discussedabove is applied. The results of
normalizationon sampleimagesare shovn in Fig. 8. We apply this normalization rst on a
subsetof the testimages.

Having appliedboth normalizationtechniquesseparatelyon a setof two Landsatimages(on
eachtaken from the East Coastand West Coast),retrieval is performedover the entire pooled
set of test patchesin both cases.t is obsered that the averageprecisionand recall over all
cataeyories shoved better performancewith the ad-hoc normalizationthan with the standard
DN to at-satellitere ectancecorversion.While this may be dueto the speci c visual features
extractedin our system,we are unavare of an accurateexplanationfor this. Nonethelessgdue
to the improved performancewe use the ad-hocnormalizationprocedurefor the rest of our
experiments Adaptinga morestandarchormalizationprocedureanto our systemis partof future

work.

B. CatgyorizationUsing 2-D MHMMs

The 2-D multiresolution hidden Markov model (2-D MHMM) has beenusedfor generic
imagecategorization.This sectionpresentsa brief overvien of the modelandits applicationto
cateyorization.For a more detaileddiscussionon 2-D MHMMSs, pleasereferto [21].

Under2-D MHMM, eachimageis characterizedby severallayers,i.e., resolutionsof feature
vectors. The feature vectorswithin a resolutionresideon a 2-D grid. The nodesin the grid
correspondo local areasin the imageat that resolution.A nodecanbe a pixel or a block of

pixels. The featurevector extractedat a nodesummarizesocal characteristicarounda pixel or
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Fig. 9. A conceptualdiagramof the 2-D MHMM basedmodeling process.Arrows indicate the intra-scaleand inter-scale
dependencieamongvisual features.

within ablock. The 2-D MHMM speci esthedistribution of all the featurevectorsacrossall the
resolutionsby a spatialstochastiqorocessBoth inter-scaleandintra-scalestatisticaldependence
amongthe featurevectorsare taken into accountin this model. Thesedependencieare critical
for judging the semanticcontentof satelliteimage patchesbecausdexture or spatialstructure
in thesepatchescan be capturedat a larger scalethanat a block or pixel level. The inter and
intra-scaledependenciesf the featurevectorsare capturedby assuminghiddenlayersof states
at all the resolutions.The featurevectors,which are actually obsered, are assumedo follow
Gaussiardistributions conditionedon given statesat the correspondingesolutionand position.
The statisticaldependencamongstatesacrossscalesis modeledby a Markov chain, and that
within eachscaleis modeledby a Markov mesh.

For the experiments,a three-leel pyramidal structurein the model was used.A schematic
diagramfor this processcanbe found in Fig. 9. The numberof statesat lowestresolutionis
andthe numberof statesfor eachof the two higherresolutionsis . For featureextraction,4x4
blocks are taken and the visual featuresare characterizedy a six dimensionalfeaturevector
This vector consistsof three momentsof the wavelet coefcients in the high frequeng bands
(representingexture) and the three averagecolor componentsn the LUV space As discussed
earlier insteadof taking bands,nearIR, red and greenbandsare taken from the satellite
imagespectra.This is motivatedby the fact that traditionally thesebandshave beenvisualized
on screenfor manualclassi cation asif they are bands.It is thusreasonabldo corvert

thesebandsto in the sameway as we would corvert from . For more detailson
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the featureextraction processreadersare referredto [35]. The likelihoodfor animagegivena
trained2-D MHMM is computedas explainedin [21]. The computedscoresfor animageover

all trainedmodelsarethenusedin the SVM classi cationandthe eventualcategory prediction.

C. Sepaating Known (C2) and Unknown(C1) ClassedJsing SVM

Thetrainingof the2-D MHMMs is performedon a non-ehaustve setof categories
Generatinga training set covering all possibleland-corer cateyories is time-consumingand
expensve, if at all possible.Henceit is preferableto limit the scopeto only thoseclasseghat

are of interest.As a result,amongthe imagepatcheghereexist mary that representcateyories

outsideof . Also, thereare patcheghatarea blendof multiple cateyories,with none
dominating.In both casesthesepatchesshouldideally be labeled . As mentioned,all
patchedabeled are consideredpart of

Using the maximuml ik elihood approachwe can always assigna cateyory label between
and to every patch,evenif it is actually part of (unknawn). This is not desirable,and
asexplainedin Sec.IV-A, neithercanwe train another2-D MHMM to model patchesin
A naive approachto solving this problemis basedon the following assumptionGiven a patch
which doesnot resembleary trained category, the likelihood estimationfrom all the models
tendto below. Therefore|f all likelihoodscoresarebelov a certainthresholdthe patchcanbe
assignectlass (). However, not surprisingly it is foundthatfor a givenpatch,thelikelihood
estimatesare not independentf eachother This may be dueto the factthatthe 2-D MHMMs
are trainedon sampleghat have somedegreeof visual resemblancecrosscatejories.

To solve this problem,we employ a formal classi cation approachLet the setof likelihood
estimatedor agivenpatch beits featurevector . In theexperiments, classes
wereconsideredWe canplot the4-D featurevectorsof patchesnanuallylabeledas  or

. Theplots,takentwo dimensionsatatime, areshavn in Fig. 10. Clearly, a non-linearmethod
canbettermodelthe classseparatiorthanthresholdingor otherlinearmethodsClassi cationwas

attemptedusing QuadraticDiscriminantAnalysis (QDA) andLogistic Regression.The accurag

rate with Logistic Regressionturnedout to be the bestat approximately with accurag
of classifyingonly at about . Classi cation using SVM was then performedon the
datausingthe LibSVM software packagd6], usingthe RBF Kernel . The

resultswerefurtherimproved, at overall accurag and accurag at classifying
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Fig. 10. Plot of the 4-D likelihood featurevectorsL for C1 (black/circles)and C2 (red/crosses)The six unorderedpairs of

dimensionsare shawn.

When a patchis classi ed as it is removed from further consideratiorfor retrieval. To
be on the safeside, we would rather preferto have some  patchesto be classiedas
thanhave somevalid patchegnistalenly classiedas  andeliminatedfrom consideration.
Therefore,the goal is to be achieve higheraccurag in detecting . This increaseghe search
spaceo someextentwhile eliminatinga signi cant chunkof unwantedpatchesHencewe desire
to have a biasedclassi er. Oneway to introduceweightsinto the SVM learningprocesss to
samplethe training classesaccordingly The biasis introducedby sampling and  in the
approximateratio for training the SVM, resultingin atotal of about samplegqwith
repetition).In this manney we achieve high accurag of classifying () while for the
scoreis moderate( ). Hencelessthan of the patcheswithin cateyories
will be mistalenly eliminatedfrom considerationlt is presumedhatthis is not a problemsince
patchesof one catgyory in a satelliteimageare usually spreadover a large region. It is highly

unlikely that all patchesn oneregion will be eliminated.
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D. Retrieval usingIRM

The Integrated Region Matching (IRM) measure[35] usedin the SIMPLIcity systemis
employed for image patchmining. IRM is a scalableand robust region-basedmage similarity
measurelRM attemptsto integratevisual featuresof eachsegmentedregion in the imagesto
provide robustregion-basedmagematching,with low dependencen reliablesegmentationThe
schemeallows multiple regions of one imageto be matchedwith several regions of the other
image.The overall similarity measurds computedasa weightedsum of the similarity between
region pairs,with weightsdeterminedby the signi cance of regions.

Eachimageis segmentedusing -meansclustering[17] on the color componentectors,and
for eachgeneratedsegmentis representedy a nine dimensionalfeature vector summarizing
color andwaveletbasedexture properties.The featurevectorsusedincludethe samesix texture
andcolor featuresusedin 2-D MHMM, andthreeadditionalfeaturescharacterizinghe shapeof
the sggment. The matchingis performedby a soft similarity measurean the following manner
For two images and , supposehey areseggmentedinto  and regionsrespectrely. The

IRM distancebetweenimages and is thengivenby

subjectto and
(4)
where is the distancebetweenthe featurevectorscharacterizingegion of image and

region of image , and is the signi cance scorefor that region pair. More speci cally,

denotingthe region pairsas and  respectiely, the valuesof are computedasfollows:
)
where is the color andtexture distancegiven by
- (6)
with , ,and beingthe meanL, U, andV color component®f theregion, , and

beingthe square-root®f the second-ordemomentsof wavelet coefcients in the HL, LH, and

HH bandsrespectiely. The shapedistance is the shapedistancegiven by

- (7)



23

where is the normalizedinertia [13], invariantto scalingandrotation,de ned by

(8)
where denoteghesizein pixelsof theregion , denotesmeanof ,and denoteghe
ordernormalizedinertia of spheresThe function in Eq. 5 is usedto make the color-texture
distancecoherentwith the shapedistancein the overall computation,with the following

form beingfoundto be empirically appropriate as detailedin [35]:

(9)

The signi cant credits determinehow importanta role eachpair of regions playsin the
calculation,constrainecoy and , which arethe signi cance of regions and  within
and respecitrely. To calculatesigni cance credit betweena pair of sggments the mostsimilar
highestpriority (MSHP) principle [35] is usedfor assignmenbf region signi cance.

In region-basedmagesimilarity measuressegmentationquality typically playsa major role
in the similarity scoresln the caseof IRM, however, thereis a high degreeof robustnesso poor
segmentation Dif culty in sggmentationcanbe particularly acutein the caseof noisy remotely
sensedmages,and hencerobustnessto unsatiséctory segmentationis important. The use of
the IRM distancefor ranking patchedy visual similarity helpsgeneratehigh precisionretrieval
in our system,as obsened in our experiments.Another possiblereasonfor the demonstrated
succesof IRM in the remotesensingdomainis the importancegiven to texture and localized

shapefeaturesin the similarity computation.

V1. USER INTERFACE

A screenshobof the user interface can be found in Fig. 11. Readersare encouragedo
experiencethe demonstratiorat the aforementionedocation. Initially, a randomset of patches
from amongthe databaseollection are shovn. The usercanthen chooseto mine the imagery
in threedifferentways:

(1) The usercanclick on a patchto retrieve other visually similar patches Along with the
retrievedpatchesheuseralsohasaccesso their metadataT his procesf browsingcancontinue

asa chainof clicks to arrive at the requiredsetof patchesand/orparentimagesof interest.
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Fig. 11. Interfacewith two possibleoptionsto querythe patchdatabase(a) by explicit speci cation, or (b) by clicking on a

retrieved patch.

Fig. 12. Interfacefor zoomingand panning,shaving urban(blue), residential(yellow), andthe retrieved (green)patch. Left:

Original resolution.Right: Zoomedout at . (Courtesy:GLCF)

(2) The userhasthe option of clicking the randombutton to display a new set of random
patchesretrieved from the databaseThis is one way to explore the databaseunderstandhe
distribution of land cover within the databaseand get an overview of the variationswithin the

imagescaptured.
(3) If the userwishesto entera query patchnot in the databasethis can be done as our

systemsupportsexternal queries.
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To add to the corveniencein browsing, six levels of zoomingis supportedby our system.
A user can enterthe zooming mode by clicking on the location coordinatesspeci ed below
a retrieved patch. This is an effective way to explore geographicregionsin the proximity of
patchesof interest.In otherwords,the zoomingcapability allows usersget a more global view
of regions of interest.Panningis implicitly supportedby the interface as well, by clicking on
ary portion of the imageto move gazeto that region at the next level of zoom. A screenshot
of the zooming/panningnterface can be viewed in Fig. 12. The bestway to experiencethis
interfaceis throughusageof our prototype.

Zooming and panningoperationsare optimizedfor real-timeresponseén the following man-
ner Haar wavelet transformsare usedto achieve zooming, since they presere localization
of data[36]. Thesetransformsdecomposehe imagesinto sumsand differencesof neighbor
hood pixels. On a given query the systemonly needsto retrieve the quantizedcoefcients of
the queriedregion for reconstructionSince the processingfor cateyorizationand zoomingis
doneonly onceduring setup,and only localized parametersre required,the responsdime is
considerablylow. Using the metadataassociatedvith the patchessuchas precisegeographic
locationsor semanticcateayories (either manually provided or automatically predicted),more
advancedquerying capabilitiescan be incorporated.For example, useful extensionscould be
the capability to formulate queriessuchas “Find the closesturbanareanearthis location” or
“Find a water sourcenearesto this residentialarea”. When accurateorthorecti ed imageryare
available, interface extensionsto supportsuchcomplex queryingwithin our frameavork should

be fairly straightforvard.

VIl. EXPERIMENTAL RESULTS

For all our experiments, LandsafZ7 ETM+ multi-spectraimageswith resolution
are used.Six imagesfrom the EastCoat (path ), and six othersfrom the West Coast(path
46) of the US areused.Sincethereis considerabldaifferencein the sensedlatafrom eachpath,
normalizationis employed to homogenizethe quality, as explained previously. The selection
of imagesin this manneris aimed at demonstratinghe effectivenessof our systemgiven the
varying sun elevation challenge.Our systemsupportsfour semanticcateyories (i.e., ),
namely mountain crop eld, urban area and residentialarea As describedin Sec.lll, the

NIR bandsare chosenfor image representationThe pixel dimensionsof eachimage are
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, with geographiadimensionsbeing approximately

Ground-truthcateyorizationis not availablereadilyfor patchesThisis requiredfor trainingand
testingthe 2-D MHMM basedcateyorizationprocessaswell asfor measuringhe precisionof
retrieval usingthe IRM measureln orderto build a manualcateyorizationof the patchesnto the
speci ed classesanexpertworking on satelliteimageanalysisn agovernmentesearchab gave
two arbitrarily chosersubjectsa tutorial on how to distinguishbetweerthe semanticcateyories.
The satelliteimagesaredivided into squarepatchesThe subjectsthenindependentlyfabel each
testpatchaseitherof , Or in casethey belongedto neitherof the classesr hadno
dominantcoverage keepingin mind the coveragepolicy (Sec.lV). The nal categorylabels
aredeterminedby taking the overlapof the setsasit is, andin caseof disagreementsandomly
choosingone of the two. With the high-quality of the ETM+ images,it is not hardto visually
identify the four categories used. The overlap betweenthesetwo setsfrom the independent
subjectsis approximately . In the absenceof a “gold standard”,this senes as a “silver
standard”.

The choice of what patchsize to divide the imagesinto is critical. A patchshouldbe large
enoughto encapsulateéhe visual featuresof a semanticcategyory. At the sametime it should
be small enoughto include only one semanticcateyory in most cases.Insteadof arbitrarily
selectinga patchsize, we explore the effectivenessof  different patchsizes,eachcovering a
differentlevel of granularity in our system.In particular we explore using patchsizes :

: , and . For training, we initially experimentwith using samples
sizesfrom aslow as 28, to as high as 90 per catagyory, by testingthe built modelson a small
validationsetof imagepatchesWe obsere acleartrend,thatbeyond  trainingpatches,
the classi cation accurag is not shaving noticeableimprovement,despitesigni cant increase
in computationalcost. At 50 training samplesitself, the categorizationresultsare satishctory
Hence samplesof eachof the four cateyories,and for eachof the 4 patchsizes,are
usedfor training the 2-D MHMMs to yield models and in eachcase.A biased
SVM is trainedusingthe proceduredescribedn Sec.V-C andusedin thelikelihood-basedlass
predictionprocessin orderto testthe effectivenesf cateyorizationover eachtrainingsize,and
to eventuallychoosean appropriatepatchsizefor the system, testpatchesn eachcaseare
classi ed using the built models,andthe resultscomparedwith the generatedsilver standard”.

The confusionmatricesfor the classesaswell asfor theclass ( ), for eachof the 4 patch
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sizes,are shavn in Table Il. Note that the accurag of classifying patchesre ects on the
modelaccurag of both 2-D MHMMs andthe biasedSVM. A measureof accurag often used
in the remote-sensingommunityto evaluatemulti-classclassi cation performancas Cohens

Kappa Coefcient [7], approximatedoy [8], de ned as

where is the numberof classes, denotesthe confusionmatrix obtainedfor this -class
classi cation problem, is the total numberof testsamples, indicatesobsenrationin row

column is the total of row and is the total of column . More speci cally,
and (10)

which denotethe row sumsand columnsumsof the confusionmatrix respectrely. We usethis
measureo selecta patchsizethat maximizes , i.e., produceghe bestclassi cation for the
cateyoriesin questionat the correspondindevel of granularity

Whentakingonly classes to , the coefcients are , , ,and
respectrely for patchsizes , , , and respectrely. Whenincluding
class ( ) aswell into considerationthe corresponding valuesare , ,

, and . While theseresultsare overall very encouragingandthe differencesacross
patchsizesarenot signi cant, the size tendsto producethe bestcateyorizationamong
themby this measureMoreover, this patchsizewas preferredby the analystwe consultedwith,
for visualizationpurposesHencefor building the systemprototype,and for the remainderof
our experiments patchsizesof areused.

Sampleresults obtainedwhen querying our systemusing an urban patch (Fig. 13) and a
mountainpatch (Fig. 14) are shovn. To analyzethe improvementin speedof retrieval due to
prior categyorizationwith 2-D MHMMs, gueriesweremadefor patchedrom eachcategory,
and the retrieval times were noted.In the rst run, 2-D MHMM categyorizationwas not used.
Thus, for eachquery patch, the entire databasewvas searchedo nd similar patches.In the
secondrun, 2-D MHMM cateyorization was usedto limit the searchto only those patches
within the samepredictedclass.Tablelll shavs the averagetime per queryfor patchesof each
categyory for the two runs. As expected,the averagetime of retrieval for eachcateory is fairly
similar becausethe size of the databasedo be searchedor eachpatchis the same.Table Ill
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TABLE Il

CLASSIFICATION RESULTS (CONFUSION MATRIX) USING 2-D MHMM WITH 4 DIFFERENT PATCH SIZES.

H Mountain‘ Crop ‘ Urban‘ Residential‘ OthersH Accuragy ‘

Mountain (1)
Crop (2)
Urban (3)

Residential(4)
Others(0)

H Mountain‘ Crop ‘ Urban‘ Residential‘ OthersH Accuray ‘

Mountain (1)
Crop (2)
Urban(3)

Residential(4)
Others(0)

H Mountain‘ Crop ‘ Urban‘ Residential‘ OthersH Accuragy ‘

Mountain (1)
Crop (2)
Urban (3)

Residential(4)
Others(0)

H Mountain‘ Crop ‘ Urban‘ Residential‘ OthersH Accuragy ‘

Mountain (1)
Crop (2)
Urban(3)

Residential(4)
Others(0)

shows the averagetimes per query acrosscateyoriesarefairly consistenfor the rst run. There
is considerablamprovementin retrieval speedfor eachcateyory in the secondrun dueto the
reducedsearchspaceinducedby catejorization.The speeddifferenceamongcateyoriesfor the
secondrun is no longer consistentsince the numberof patchesvariesacrosscategories. |t is

importantto notethat the largestnumberof patchesbelongto the  cateyory (uncatgorized).
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Fig. 13. Orderedretrieval resultson an Urban query patch.Patch labelsconsistof (1) Parentimage, (2) Local Coordinates
and, (3) IRM distance.

This shaws the signi cance of cateyorizationof patchesnto uncategorized( ) andcategorized
() usingSVM. Without this, the numberof patchedo be searchedf eachqueryof class
would increasebecauseatchesof would get distributed amongthe trainedcateyories.

As mentionedn SectionV-A, normalizationis requiredfor effective queryingacrosdifferent
paths To establishthe needfor normalizationand effectivenessf the schemeused,we perform
the following experiments.In the rst trial, imagesare usedwithout any normalization.The
retrieved patchescan be groupedas (1) thosethat belongto the very sameimageasthe query
patch,(2) thosethat belongto imagesfrom the samepath,and (3) thosethat belongto images
from a differentpath.A totalof  queriesarerun for eachcateyory. The averagepercentagef
thesegroupsamongthetop  ranked patchedor eachquery areshowvn in TablelV. It canbe
obsenred that for eachcategory, morethan of the resultsbelongto the sameparentimage
asthe query Also notethat morethan of the resultsfor the querybelongto the samepath

asthe query Thus,without normalization the resultstendto show signi cant bias.In the second
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Fig. 14. Orderedretrieval resultson a Mountainquery patch.Patchlabelsconsistof (1) Parentimage,(2) Local Coordinates,
and(3) IRM distance.

trial, the normalizationproceduredescribeckarlieris usedon theimagesbeforeretrieval, andthe
experimentrepeatedThe new resultsarereportedin TableV. We note signi cant improvement
in the retrieval, with a clearreductionin biastoward the queryimageandpath. Exploring more
robust normalizationprocedurego counterthe biasfurther, is a possiblefuture direction.

In orderto assesgheimpactof prior catgyorizationusing2-D MHMMs andSVM in improving
retrieval effectiveness,we perform the following experiment.Of the  patchesdisplayedin
responsdo eachquery one measureto determineretrieval effectivenessis the percentageof
relevant patchesin them,i.e., the precision It is measuredas follows. For eachcateyory, we
usethe systemto retrieve from to  patchesper query (in intervals of ) and measuredhe
percentageof patchesretrieved that have the samemanualcategory label as the query patch.
This is repeated timesfor eachcategory andthe averageprecisionis plotted over variation of

, asshown in Fig. 15. The mostvital obsenation madeis that semanticcategorizationusing

2-D MHMM resultsin roughly to improvementin retrieval relevance.For specic
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TABLE Il

COMPARISON OF RETRIEVAL TIMESWITH AND WITHOUT PRIOR 2-D MHMM CLASSIFICATION

Search Entire databasg Semanticallyrelevant patches|| No. of patches

Mountain (1)
Crop (2)
Urban (3)
Residential(4)
Others(0)

TABLE IV

AVERAGE DISTRIBUTION OF PATCH RETRIEVAL WITHOUT NORMALIZATION

Sameimage | Samepath | Differentpath

Mountain (1)
Crop (2)
Urban (3)

Residential(4)

TABLE V

AVERAGE DISTRIBUTION OF PATCH RETRIEVAL AFTER NORMALIZATION

Sameimage | Samepath | Differentpath

Mountain (1)
Crop (2)
Urban (3)

Residential(4)

requirementstheseplots may be usedto choosesuitablevaluesof . We have thusestablished
the effectivenessof prior cateyorizationusing2-D MHMMs asatool for satelliteimagemining,
both in termsof retrieval precisionaswell asin termsof retrieval speed.

It is worth noting that, patchesin untrainedcategjories can also be effectively retrieved as
shavn in Fig. 16, albeitwith lessprecision.Theretrieval for untrainedcateyoriesis alsoef cient

becausdhe systemsearchedor similar patchesonly amongthe patchedabeled  ratherthan
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Fig. 15. Averageprecisionof IRM basedretrieval for eachcateory, with andwithout 2-D MHMM categorization.

the entire databaseof patchesWe nally commenton the 2-D MHMM training times. About
20 minutesare requiredto train each2-D MHMM on a 1.7 GHz Intel Xeon machine,taking
approximately80 minutesto build the requiredmodelsfor the system.However, this process
can be run off-line, andis non-recurring.The subsequenindexing processis doneonly once
for eachimageaddedto the databaseThe systemperformsretrieval in real-timeusingthe fast
androbustIRM measure.

VIlI. DISCUSSION AND FUTURE WORK

The proposedsystemusesa convenientlearningbasedapproachfor large-scalebrowsing and
retrieval of satelliteimagepatcheslt hasbeenshavn that automaticsemanticcateyorizationof
patchesusing 2-D MHMM prior to retrieval improves performancen termsof speedas well
as precisionof retrieval. Prior cateyorizationreducesthe searchspaceto fewer, more relevant
patchestherebyreducingsearchtime. Searchinghroughonly the semanticallyrelevant patches
leadsto improvementin the quality of retrieval. SVM has beeneffectively usedto deal with

patchesthat have not beentrainedfor. Performingclassi cation at patchlevel insteadof pixel
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Fig. 16. Demonstratinghe effectivenessof our systemon untrainedcateories.Shavn hereare orderedretrieval resultson a

coastlinequery patch(coastline- untrained).

level in satellite imageshelpsin building a corvenient interface for browsing. Adding newv
satelliteimagesto the systemis fairly straightforvard and doesnot require re-training of the
existing models.To adda new cateyory of interest,a nev 2-D MHMM modelis requiredto be
trainedonly for thatcategory, while the existing modelscanbere-usedThe SVM classi er must,
however, beretrainedwith sampledrom all classesTwo differentnormalizatiorapproachebave
beenattemptedandfor this speci ¢ case,histogramtransformationshave beenfound effective
for giving the systemrobustnesgo sun elevation and other atmosphericvariations.Thereare,
however, still someissueswhich have not beentackledand form part of our ongoingresearch.
Squarepatchesareusedin the proposedsystemdueto the conveniencein computation put
the usersmay desiremore e xible shapedor querying.It will be interestingto seehow
accuray of retrieval varieswith the size of the patches.
Theimpactof usingstandarchormalizationproceduresuchasDN to at-satellitere ectance

in placeof histogramtransformationson our particularsystem,thoughexperimentedwith,
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hasnot beenexplored extensvely, and henceremainsfuture work.

Only four low level land cover cateyories have beenconsideredin this work. Although
classi cation over a small numberof cateories have often beenexperimentedwith and
found to be useful for applications,for example[15], [5], [38], extendingour systemto
supportmore categorieswill be bene cial. If we wish to adaptthe systemfor more ner
catgyories, a higher resolutionimagery suchas IKONOS. Insteadof the rough cateyories
usedin this work, aninterestingfuture directionfor usis to explore usinghigherresolution
imageryandmorepreciseandcover catgories.We notethatthesecanbe attemptedvithout
makingary major changego the proposedarchitecture.

An importantissuerelatedto the cateyoriesusedin theexperimentsvasthe presence/absence
of noisein the form of snov andcloud covers.While developingthe system we facedthis
problem, especiallywhen training on the “‘mountain' patcheswhich were a mix of snow-
cappedmountains,and low-altitude hills. To resole this, we took adwantageof the fact
that 2D-MHMM basedmodelshave beenfound capableof learningsigni cantly diverse
imagecateyories [22]. We hand-piclked a mix of all obsered variantswithin a land cover
catgyory into thetraining set.As noted,this approachedeemedo work, sincethe accurag
for the mountaincateyory wasashigh as94.5%.This reinforcesthe belief that2D-MHMM
is capableof learningfairly diverseland cover cateyories.As for cloud covers,the Landsat
imagesthat our experimentswere conductedon did not have signi cant areasof cloud
cover. However, this may often be the case,andthis canunderminethe performanceof the
system.This problem can potentially be tackled by either building multiple 2D-MHMM
basedmodelsfor eachcategory with and without cloud cover, or by using multi-temporal
image stacksfor more improved cateyorization and retrieval. The use of multi-temporal
imagery for improved classi cation and retrieval of patcheshasnot beenexplore in this
work, but is believed to have potentialfor suchimprovement.It may be possibleto train
differentmodelsof the sameland cover cateyoriesover different periodsof time. Pooling
of all suchpatchesnto one databaseand performingretrieval may be one straightforvard

approachto accountingfor annualweatherchangeqsnaw, clouds)in the retrieval process.
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