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Abstract

Automatedsatelliteimageanalysissystemshave traditionally beendesignedto accuratelyanalyze

small land covers, typically coveredby a single satellite image.It is often highly desirableto have a

real-timesystemwhich can analyzeland cover spanninglarge regions.In this paper, we approachthe

problemof large-scalesatelliteimagemining from a content-basedretrieval andsemanticcategorization

perspective. A two-stagearchitecturefor automaticretrieval of satelliteimagepatchesis proposed.The

semanticcategoriesof query patchesare determinedand patchesfrom that category are ranked based

on an imagesimilarity measure.Semanticcategorizationis doneby a learningapproachinvolving the

two-dimensionalmulti-resolutionhiddenMarkov model (2-D MHMM). Patchesthat do not belongto

any trainedcategory are handledusinga supportvectormachine(SVM) basedclassi�er. One issueis

the imagevariationsdue to changingsun elevation angles,which posesa hindranceto robust image

mining. We tackle this problemusing histogramtransformations.Experimentsyield promisingresults

in modeling semanticcategories within satellite imagesusing 2-D MHMM, producingaccurateand

convenientbrowsing. We also show that prior semanticcategorizationimprovesretrieval performance.

A systemprototypehasbeencreatedfor demonstrationpurposes.

I . INTRODUCTION

Since 1972, when the �rst remotesensingsatellite was launched,there have beensigni�-

cant technologicaladvancesin optical sensingsystems.While remotesensingdataacquisition
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technologyhasreachednew heights,automatedanalysisof the collecteddatahasnot evolved

at the samepaceto meet the current requirements.Every day, there is a massive amountof

remotelysenseddatabeingcollectedandsentby terrestrialsatellites.Prohibitive costsinvolved

in the manualanalysisof theselarge volumeshave madeit imperative to develop automated

imageanalysisandmining tools.An automated,real-time,contentbasedsatelliteimageretrieval

systemcapableof handlinglarge volumescancomein handyfor informationmining.

In this paper, we proposea systemto aid in large-scalemining of remotelysensedimages.In

essence,acontent-basedimageretrieval (CBIR) systemdesignedspeci�cally for satelliteimagery

is proposed.We representcollections of satellite imagesby a databaseof non-overlapping

�x ed-sizerectangularregions,henceforthreferredto aspatches. The proposedsysteminvolves

supervisedlearningof land cover categoriesof interest,and using the category information to

aid querying and browsing in a CBIR framework. It is shown through experimentsthat (1)

two-dimensionalmulti-resolutionhidden Markov models(2-D MHMM) are an effective way

to jointly model the spectraland spatialstructureof different land cover categoriesin satellite

imagery, andhencearevaluabletoolsfor automaticlearningfrom this typeof imagery, (2) CBIR

is a practicalapproachfor real-timebrowsing andanalysisof remotelysensedimagery, and(3)

performing categorization prior to applying image retrieval techniquessigni�cantly increases

speedand precisionof retrieval from large collectionsof satellite imagery. The novelty and

key contributions include the proposaland implementationof a �e xible systemarchitecture

that allows for easymodi�cations, an intuitive user interface to aid in practical analysis,and

the demonstrationthat prior categorization leads to a better remotely sensedimage retrieval

performance.No attemptis madeto comparethe categorizationprocessin our architecturewith

existing classi�cation approaches.

For a generaloverview, considerthe interfaceshown in Fig. 1. With the aim of mining the

imagedatabasefor crop �elds of a certainkind, an imageanalystcanusean examplepatchand

our systemto retrieve all patcheswhich resemblethe particularpattern.A generative classi�er

screensthe retrieval resultsto ensurethatpatchesretrievedarefrom thesamesemanticcategory

asthequery, in this casecrop�elds. In othercases,landcoverof a certaintypewithin aparticular

geographicregion may be of interest.The proposedsystemis designedto aid in the retrieval

of suchpatchesin real-timefor further analysis.Other applicationsof our systemcould be as

follows. If an analystspecializingin residentialareaswishesto scrutinizeall imagescontaining
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Fig. 1. Screenshotof the systeminterface.A crop patchquery(top-left) is usedto retrieve othervisually similar crop regions

within the database.Prior categorizationof patcheshelp producehigh precisionresults.

signi�cant portionsof residentialland cover, manuallybrowsing throughall available imagery

is typically impracticalwhen large volumesare involved. Instead,our proposedsystemcan be

employed to quickly andautomatically�nd suchimages.The analystcanthenproceedwith the

investigationon the selectedsetof relevant images,possiblya fraction of the original volume.

The paper is arrangedas follows. We survey work closely related to ours in Sec. II. In

Sec.III, thesalientcharacteristicsof theremotelysenseddatausedin ourexperimentsandsystem

prototypearediscussed.In Sec.IV, we elaborateon theproposedsystemarchitecture,including

theuserinterfacefor browsingandretrieval. In Sec.V, thelearningbasedcategorizationmethods

andthe CBIR basedimagemining techniqueis discussed.Also discussedherearemethodsfor

imagenormalizationfor handlingsunelevationvarianceandotheratmosphericeffects.We then

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



4

I I . RELATED WORK

Thus far, therehave beennumerousattemptsat automatedclassi�cation of remotelysensed

imagery. In this section,we review researchthat is mostclosely relatedto our work.

Oneof the earliestattemptsat remotelysensedimageclassi�cationhave beenby Haralick et

al. [14]. In themorerecentyears,many differenttechniqueshave beenproposed,someof which

includetextureanalysis[24], [20], Markov random�elds [31], geneticalgorithms[32], fuzzy set

theory [12], [38], [34], Bayesianclassi�ers [28], [10], decisiontrees[19] and neuralnetworks

[4], [2]. Generalizedorthogonalsubspaceprojectionhas beenfound to improve classi�cation

performanceon LandsatTM imagesin [27]. The useof multi-sourceaswell asmulti-temporal

imageryfor a datafusionapproachto LandsatTM imageclassi�cationhasbeenexploredin [5].

Since the growth in popularity of SupportVector Machines(SVM) as a supervisedlearning

technique,its usein theclassi�cationof Landsatandothertypesof imageryhave beenexplored,

for example,in [15], [25]. Someothershave approachedremotelysensedimageclassi�cation

as an applicationof CBIR, for examples,[24], [29], [11]. Contentbasedimage retrieval for

high resolution (
���

) aerial photographsusing Gabor �lters has been implementedin [26],

[23]. Evaluationof remotelysensedimagemining systemshasbeenexplored [9]. Assessment

of Landsatimage classi�cation performancehas beendiscussedin [8]. Furthermore,in [30],

classi�cation evaluation methodshave beenreviewed, and the �����	� statistic has been found

mostsuitedfor comparingclassi�ers.Clearly, therehasbeenextensive work on satelliteimage

classi�cation,by the remote-sensingcommunityaswell as the imageanalysiscommunity.

In a recentsurvey [37] on satellite imageclassi�cation resultspublishedin the Photogram-

metric Engineeringand RemoteSensingJournal, it hasbeenreportedthat over the last �fteen

yearsthe classi�cation accuracieshave not had signi�cant increase.The paperreportsa mean

overall pixel-wise classi�cation accuracy acrossall theseexperimentalresultsat 
���


�����

with

a standarddeviation of
���




�����

. However, thereare a numberof parametersthat have changed

over the yearsor acrossdifferentexperimentalsettingswith respectto the remote-senseddata,

which make it dif�cult to generalizeeasily. Someof the parametersthat 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 theaccuraciesarecalculated(dueto their subjective andoftenambiguousnature).Owing
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to advancesin data collection technology, the quality of available image data has improved

as well, with reduceddistortionsusing techniquessuchas orthorecti�cation. Nonetheless,this

report is indicative of the possibleexistenceof an upperboundon the classi�cation accuracy

achievable in this type of imagery, given the currenttechnology. Hence,the focusof our work

is to build a convenientCBIR-basedtool for mining semanticallyrelevant imagesfrom large

collections,insteadof attemptingto improve uponclassi�cation accuracy.

I I I . REMOTELY SENSED IMAGE DATA

Beforeelaboratingon the systemdesign,we discussherethe salientfeaturesof the dataused

in our experimentsandprototype.Prior knowledgeaboutthe datahelpsemploy an appropriate

featureextractionprocessanddesignphilosophy. It alsohelpsforeseedif�culties that may arise

dueto the intrinsic natureof data,suchthat the approachcanbe suitablygearedtoward solving

them.

(a) (b) (c)

(d) (e) (f)

Fig. 2. Bandsin the satelliteimagerycapturedby the ETM+ device on Landsat7. (a) Band1 (Blue). (b) Band2 (Green).(c)

Band3 (Red).(d) Band4 (NIR). (e) Band5 (SWIR 1). (f) Band7 (SWIR 2). (Courtesy:GLCF).

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

collecthasbeenusedto studythe landcover, environmentalresources,andman-madestructures



6

on theEarth's surface.TheEnhancedThematicMapperPlus(ETM+) instrumenton theLandsat

7 is a multi-spectralremotesensingdevice which captures� bands.Eachbandis sensitive to

different wavelengthrangesof solar energy. 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

respectively. The ETM+ sensoralso recordsenergy 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.

Each wavelengthband has the potential to capturedifferent featuresof the earth's terrain.

While band 1 (blue) typically illuminates objectsunder clear water better than other colors,

plantsdo not show up brightly in this band.On theotherhand,band2 (green)re�ects vegetation

brightly andhencecanbeusedto determinethehealthof vegetation.Band2 alsogivesexcellent

contrastbetweenclear and turbid water. Band 3 (red) re�ects well from deadfoliage and also

highlightsurbanfeatures.Band4 (NIR) canpotentiallyhelp differentiatebetweenvarioustypes

of vegetation.While band 5 (SWIR 1) is useful in distinguishingbetweenvarious types of

vegetation,it has limited cloud penetration.This in turn helpsdifferentiatebetweensnow and

clouds.Band 7 (SWIR 2) is useful in detectingmoisturein soil and vegetation[33]. Clearly,

the spectraldimensionshave a lot of informationcontentthat canbe utilized for classi�cation.

The spatialpatternsin local neighborhoodscanfurther help improve uponclassi�cation.

(a) (b) (c)

Fig. 3. Tri-bandLandsat7 ETM+ imageformats.(a) True color format. (b) NIR format. (c) SWIR format. (Courtesy:GLCF)

In typical color image retrieval, 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 choicewas basedon a combinationof two factors,
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(1) calculationof the Optimal Index Factor (OIF) [18] over the set of all possiblesubsetof 3

bands,and(2) consultationwith anexperiencedsatelliteimageanalystworking in a government

researchlab, who providedintuitionsaboutthechoiceof spectralbands,basedon the landcover

categoriesused.

A true color format ( ����� ) consistsof bands1, 2, and 3 representingtheir corresponding

color bands.As shown in Fig. 3 (a), it producesrealistic representationsof the land cover. The

problems,though,arethat imagesproducedareof low contrast,andthatband1 (blue) is usually

noisy due to its high dispersionin the atmosphere.In the SWIRformat, blue color is displayed

by band2 (green),greencolor by band4 (NIR) andredcolor by band5 (SWIR) (SeeFig. 3 (b)).

While this format is useful in analyzingvegetationpatterns,it is very sensitive to cloud cover.

A widely usedformat is the NIR format, in which blue color is displayedby band2 (green),

greenby band3 (red) and red by band4 (NIR) (SeeFig. 3 (c)). With this format, vegetation

appearsbright red andurbanareasappeargreenishblue.

To further provide insight into the choiceof spectralbands,we computedthe OIF for all 20

combinationsof 3 bandsout of the 6 bands(1,2,3,4,5,and7) over a representative subsetof the

imageryused,consistingof all land cover categoriesof interest(speci�ed later). The OIF for a

setof 3 bandsis computedas
��� �"! #%$ &('*)�+

&

#
$

,

'*).- /

,

-

(1)

where +

& arethe standarddeviationsof the 3 bands,and /

, arethe threecorrelationcoef�cients

formed out of the 3 bands,taken two at a time. The measuretends to be larger when the

information content for a set of 3 bandsis higher. Becausethe training samplesconsistsof

distinct setsfor eachlandcover category in question,computingOIF over themensuresthat the

measurehelpsrank discriminative power mainly over the categoriesof interest.The OIF values

for all 20 triplets are shown in Table I. We �nd that the top threeranked formatsare 021�35463

��7

,

0

�

35463

�87

, and 09�:3(1�354

7

, in that order. Band4 appearsin all of the top 10 combinationsin the OIF

table. Intuitively, band3 (red) helpshighlight urbanfeatures,and band3 (green)helpsre�ect

crop �elds better, distinguishingthem from other land cover classes,as discussedpreviously.

Thus,basedon both intuitions aswell asthe OIF table,we �nd the 09�:3(1�3;4

7

(NIR format) to be

mostsuitable,beingthe third mostdiscriminative combinationaccordingto OIF, andhenceuse

themfor all our experiments.
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TABLE I

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, 4 7 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, 5, 7 19.6789

12 1, 5, 7 18.8772

13 1, 3, 5 18.5256

14 2, 5, 7 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 available1 Landsat-7ETM+ images[33] areused,which have a spatialresolutionof

����


�<�

. Four landcover categoriesof interestareconsidered,namelyurban, residential, crop and

mountainregions,althoughour architecturesupportsseamlessadditionof moreclassesthrougha

modulartrainingprocess.Thechoiceof theseparticularlandcover categories,which correspond

roughlywith someof theLevel I categoriesin theUSGSclassi�cation[1], weredueto a speci�c

applicationthat waskept in mind at the inceptionof the project.Note that the speci�c formats

andresolutionsusedin our experimentsdo not restricttheuseof our approachfor otherformats.

1Sourceof datafor experiments: http://glcf.umiacs.umd.edu/data/landsat / .
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In particular, our 2D-MHMM andIRM basedmodelingandretrieval processesarenot restricted

by threebandimagery, and hencethe whole setupcan be easily modi�ed to supporta higher

numberof spectralbands.Our architectureis designedto allow for suchadditionsto thesystem

without mucheffort.

IV. ARCHITECTURE OF THE PROPOSED RETRIEVAL SYSTEM
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Fig. 4. Systemarchitecture.Left side: The databasebuilding process.Right side: Real-timeuserinteraction.

The genericframework of the proposedsystemcan be divided into two parts.The off-line

processingpart consistsof initial data acquisition,normalization,ground-truthlabeling, and

modelbuilding, while theon-line part consistsof querying,browsing andretrieval. A schematic

diagramof thearchitectureis givenin Fig. 4, which follows in thelinesof a learning-basedCBIR

systemon moregenericimagedata.Below we discusseachof thesecomponents,andfollow it

up with a sectionon implementationdetailsand issueswhich cover the practicalproblemsand

issueswe facedwhile implementingthis architecture,andhow 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
��@

35A

!

�

3�
B
B
C3�? of an arbitrary type (e.g.,Landsat,ASTER, SRTM). A subsetof the availablespectra
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(here,bands2, 3, and 4) for the given type of imagery (here,Landsat7 ETM+) is usedto

createcompositeimages.A raw NIR imagetypically haslow brightnessandcontrast.In order

to improve thevisualclarity of the imageandto reducethedifferencesin imagecontrastsdueto

sunelevation angle,we attemptnormalizationof the imagesby two differentmethods,namely

a standarddigital-number(DN) to at-surfacere�ectanceconversionprocedurecommonlyused

in the remotesensingcommunity, anda genericnormalizationprocedurepractisedin the image

processingcommunity. Theseproceduresareelaboratedupon in Sec.V-A.

The normalized imagesare divided into equal sized non-overlapping rectangularpatches

of size DFEHGJIKE , padding the right and bottom with zeros appropriately, to get a total of
L

patchesM(N

)

3�
B
B
C3ONKPRQ . Traditionally, satellite imageclassi�cation hasbeendoneat the pixel

level [31], [4]. For a typical Landsatimageat ����


�<�

resolution,classboundariesare at pixel

level. Evenat this level theremaysometimesbeclassambiguity, dueto which someauthorshave

proposedfuzzyclassi�cation[12], [38], [3] asopposedto hard classi�cation.Eventhoughpixel-

level classi�cation may give an overall segmentedview of the land cover, formulatinga CBIR

framework becomeschallenging.While a systemworking at the patchlevel may have inferior

land cover classi�cationaccuracies,therearedistinct advantagesof doing so.They include,(1)

formulatingtheproblemin animageretrieval framework becomesconvenient,(2) within a patch

category suchasurbanregionsor forests,it helpsto �nd regionswith comparabledensity, and

(3) trackingsalientfeaturessuchasspeci�c patternsof deforestationor terracefarmingwithin

crop �elds using patch level classi�cation followed by heuristic searchtechniques.However,

classi�cation of patchesinsteadof pixels can lead to greaterambiguity, becauseground-truth

inter-classboundariesareat the pixel-level, or at an even �ner level, especiallyfor someof the

USGSLevel II, III, andIV categories[1].

Fig. 5. Examplesof ambiguouspatches.Left: UrbanandResidential.Right: ResidentialandCrop.
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Imagepatchsizesof, say, ��4FGS��4 , and
�

���TG

�

��� pixels (asusedin our experiments)cover

roughly 1�
U�

�

�

�WV

and
�

46
X
<4��

�WV

on the groundrespectively. While thesearetoo large an area

to representprecisegroundsegmentation,thefocusis on convenientvisualizationof imagedata.

However, a strategy is still requiredto resolve the ambiguitythat this approachinherentlyleads

to. As shown in Fig. 5, somepatcheshave large coverageof differentcategories.In our system,

fuzzinessis not incorporated.Instead,we considera patch N

& to belongto a category Y

& if N

&

hasroughly over
�<Z��

coverageof type Y

& (dominantcategory). Patcheswhich do not belongto

any of thecategories M<Y

)

3�
B
B
C3�Y\[RQ , or thosethatdo not have a dominantcategory, aregivenclass

label
Z

(category unknown). Dividing the image into rectangularpatchesmakes 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 patchesinvolvesa trade-off betweenglobal view andambiguity. Zoomingandpanningform

part of the interfaceto allow usersthe �e xibility in resultvisualization.

For eachpatch N

@

, information about the relative coordinatesof its top left corner and its

parentimageare storedas metadata.Supposethat there is someway to manually identify �

semanticallynon-overlappingclassesor categories M<Y

)

3�
C
B
B3�Y\[]Q relevantto a speci�c application.

Notethat this neednot beanexhaustivesetof classi�cations.We aim to build a supervisedpatch

classi�er to help automatethe categorizationprocess.This is neededsince it is impractical to

manuallylabel the large numberof patchesrepresentingthe remotelysensedimagecollection.

For this purpose,a small number ^ of patchesof eachsemanticcategory Y

& are chosento

training 2-D MHMMs, generative modelsusedfor the classi�cation. Details on 2-D MHMMs

arepresentedin Sec.V-B. Herewe give a brief overview. For eachsemanticcategory, a separate

2-D MHMM is trainedusingvisual featuresof the correspondinĝ training patches,resulting

in � differentmodels.Now, for eachimagepatch M(N

)

3�
C
B
B3ON_P`Q in the database,the likelihood a

&

of the patchbelongingto class b is computedusingthe trainedmodels.Sincethe systemdeals

with a non-exhaustive set of categories,thosepatchesthat do not belongto any of the trained

classesare requiredto be labeledasclass
Z

, asmentionedbefore.It makes little senseto train

another2-D MHMM for them, since theremay not exist any spatialor textural motif among

them. Instead,anothersupervisedclassi�cation is performedusing SupportVector Machines

(SVMs). Two setsof randomlychosentraining patchesare taken, c

�

with manualclasslabels



12

Z

(unknown category), and cd� with any of the labels M

�

3�
B
C
B3(�eQ (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,such that cd�

is predictedwith high accuracy at the costof c

�

beingpredictedwith moderateaccuracy. The

reasonsfor doingsowill bediscussedin Sec.V-C. If anunknown patchN

& , whose2-D MHMM

likelihoodestimationvector 09a

)

3�
B
C
B3(af[

7

, is classi�ed as c

�

by this biasedSVM, it is labeledas
g

&

!

Z

. Otherwise,its classlabel is assignedby the rule

g

&

!ih�jlknmohqp

@

09a

@

7


 (2)

In summary, the overall classi�cation processis as follows:

r For a given patch N

& , its likelihood a

@

3

�ts

A

s

� for eachtrainedmodel is computed.

r The trainedSVM is usedto classify the vector 09a

)

3u
C
B
C35af[

7

as c

�

or cd� .
r If the result is c

�

then g

&

!

Z

else g

&

!Hh�j;kvmwh�px@

09a

@

7

.

The class label g

& is storedas metadatafor N

& . This set of taskscan be performedentirely

off-line over the collection of satelliteimageryin order to generatea large annotateddatabase

of patches.We remind the readersthat the metadatafor eachpatchconsistsof an identi�er for

its parentimage,its locationrelative to the top-left cornerof the parent,andthe predictedclass

label M

Z

3

�

3�
B
C
B3(�eQ assignedto it.

B. On-line QueryProcessing

Assumethat thereis an ef�cient indexing strategy for handlingthe databaseof patchesand

associatedmetadata.The simplestway to representthe queryis asfollows. Givena querypatch

theuserseeksto �nd patcheswithin thesamesemanticcategory, sortedby their visualsimilarity.

Ratherthan searchingthroughthe entire database,it suf�ces for the systemto searchthrough

only those patchesthat belong to the samecategory as the query. This helps in improving

both accuracy and retrieval speed.The underlying assumptionhere is that class predictions

are acceptable.As shall be seenin Sec.VII, categorization using 2-D MHMM and SVM is

fairly accurate.Oneproblemis that patchesmay not alwaysbe homogeneous,i.e., a patchmay

containa mixture of different,possiblyunknown categories.Our experimentsrevealedthat the

improvementin qualityof miningdueto categorizationis moreevidentin theseambiguouscases.

This is especiallyevident for patchespartially coveredby known andunknown categories.
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Fig. 6. Demonstratingretrieval improvementwith semanticcategorization. Left: Ambiguousurbanquery. Center:Unwanted

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

Considerthe examplein Fig. 6. The left patchcontainsurbanareaandwater, the middle one

waterandforest,andtheright oneurbanareaandforest.Supposeurbanareasareaknown/trained

class,while wateris not. If theleft patchis queriedin oursystemwithout prior categorization,the

middle patchrankshigher in visual resemblancethanthe right patch.This happensbecause(1)

wateris presentin the�rst two patchesandabsentin thethird, and(2) theshapesof thecoastlines

in the �rst two patchesaresimilar. This problemis avoidedby usingprior categorization,which

eliminatesthe middle patchfrom considerationfor ranking.In somesense,the actionperforms

semantic�ltering to improve mining quality.

The userhastwo differentmeansof formulatinga query:

Within-database query: In the casethat an existing patch is usedas query, its semantic

category g

& is alreadystoredandhenceknown. Patchesin thedatabasewhosesemanticcategories

arenot g

& areeliminatedfrom consideration.

External query: In the caseof an external query, the patch is re-sizedor trimmed to �t

the standarddimensionsDoEyGzI_E and adjustedfor spectralencoding,if needed.The semantic

category g

& of this patchis predictedusing the 2-D MHMM likelihoodsand the biasedSVM.

Again, all but the patcheslabeled g

& areeliminatedfrom consideration.

The remainingpatchesare now ranked accordingto their visual similarity with the query.

Visualsimilarity is computedusingtheIntegratedRegion Matching(IRM) measure,which is fast

androbust,andcanhandlelarge imagevolumes[35]. The top { matchedpatchesM(N}|	~(3�
B
B
C3ON�|€•\Q

are then displayedfor perusal.The choice of { is contingentupon the speci�c application.

Experimentationon choosing { and how precisionof retrieval varieswith it are discussedin

Sec.VII. Note that for thepurposeof retrieval, querypatchesdeterminedas c

�

(uncategorized)
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arealsosearchedfrom amongonly the patcheslabeled c

�

in the database.

C. ImplementationDetails and Issues

Herewe provide moreinsight into the practicalaspectsof implementation,andthe problems

associatedwith it. The systemarchitectureis particularly designedkeepingin mind scalability

concerns,that is, the ability to handlelarge land cover, imagerywith many spectraldimensions,

andwidely varyingpatchsizes.For this purpose,all implementationhasbeencarriedout usinga

combinationof the C programminglanguageandthe freely availableMySQL databasesystem.

The scalabilityof the imageretrieval component,IRM, stemsfrom the fact that themodule�rst

builds a �x ed width feature set out of all the imagesin the database.This consistsof color

features,texture features,andscale/rotationinvariantshapefeatures.This is storedin a MySQL

database,associatedwith eachimagepatch,alongwith their locationandparentimagedetails.

The useof MySQL allows randomaccesson the set of featuresover all the �les, and it helps

index as many imagesas the databasesystemallows, which is very large in caseof MySQL.

The index set is rebuilt at regular time intervals, dependingupon the frequency of database

updates.Thus the most time-consumingportion of IRM basedretrieval is performedonly as

an intermittentbackgroundprocess.The real-timeimagerankingprocessinvolvescomputations

with databasecolumnsthemselves,andhenceis primarily performedasdatabaseactions,making

it fastandavoiding the necessityfor the imagesto be readin repeatedly.

The 2D-MHMM and SVM training processesare time consuming,but can be performed

entirely as static processes,which is what is done in our system.Theseare performedon

relatively small but representative setsof images,andhenceare�x ed costs,makingthe training

processindependentof the sizeof the database.Testingwith both 2D-MHMM aswell asSVM

are rapid, and hencescalewell to large databases.Yet, 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

categorized once. This category label is stored in the MySQL databasealong with the IRM

featuresand meta-data,indexed by the image. This way, the processof prior categorization

followedby retrieval is achievedsimply by a database�ltering operationprior the IRM distance

computation.Zoomingandpanningin theuserinterfacehasbeenspeededup by theuseof Haar

wavelet transforms,asexplainedin Sec.VI.
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Issuearisewhenanexternalpatchis givenasquery. In thiscase,thefeatureextractionprogram

needsto beexecutedon thepatch,followedby the2D-MHMM basedcategorization,and�nally

theSVM basedcategorization.Thesestepscantogethertake approximately3 secondsperimage.

Sincetheseprogramsare executedonly once,this is the maximumwait time for the user for

external queries,which can be typically tolerable.Secondly, even for the off-line processes,

when there are over a hundredthousandimages,the 2D-MHMM categorization can take a

signi�cant amountof time. We note that with the imagesdivided into patches,categorization

can be entirely parallelized,with no dependenciesacrosspatches.In our case,the imagesare

categorizedusingclustercomputers.Eachset of patchesassociatedwith oneLandsatimageis

assignedto a separatenodein the cluster. This way, we completedthe categorizationof all 12

Landsatimagesin one-twelfththetime. We notethatcategorizationis essentiallya staticprocess

if thepatchdatabaseis not beingregularly updated.Hencethis processcanberun once,without

the needfor it to run as a backgroundprocessat regular intervals. Finally, we note that when

an externalimagequeryis providedwhich is signi�cantly smallerin sizethanthoseusedin the

existing database,the requiredre-sizinghasnegative effects on the featureextraction process.

In particular, visual featuresget distortedwhenscaledto a larger size,andlosedetail.With the

featuresextractedon this scaledversion,the retrieval resultsare not always favorable.This is

the reasonexternalquerypatchesof very similar or samesizearepreferred.

V. CATEGORIZATION AND RETRIEVAL

We now proceedto elaborateon thespeci�c techniquesusedin our system.Theseincludethe

imagenormalizationprocess,the 2-D MHMM basedcategorizationprocess,biasedSVM based

categorization,and the IRM distancefor computationof visual relevance.Note that scalability

is oneof the key advantagesof our generative modelingandimageretrieval approach.The 2D-

MHMM basedcategorizationhasbeenappliedto a 600 imagecategory problemin [22]. The

IRM basedimageretrieval system[35] hasbeenappliedto over 1 million imagesfor real-time

retrieval. The useof multi-spectralimagery involving higher dimensionsalso doesnot posea

restrictionto either the generative modelingor retrieval components.Henceour systemhasthe

potentialfor handlinga large numberof land cover categories,a very large numberof Landsat

images,andhigherdimensionalspectralbandsthanwhathave beenusedhere,without any major

scalability issues.
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A. Normalization

The needfor imagenormalizationarisesfrom the inherentsensingvariationsdue to the sun

elevation angleand other atmosphericeffects. As the Landsat7 revolves aroundthe Earth, it

passesover a particularregion at sametime of the day, eachday. Eachcolumnin the Universal

TransverseMercator(UTM) grid is known asa path. Imageswithin eachUTM zonearecaptured

separately. Imagesof zonesthat lie on the samepath are fairly consistentbecausethe sun

elevation angledoesnot vary much during the time satellite tracesone path. However, as the

satellitetraversesalongdifferentpaths,thesunelevationanglekeepschanging.With this change,

the amountof incident light on the earth's surfacechangesand hencethe re�ectancechanges

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

Fig. 7. Satellite imagesfrom different UTM pathswithin the US. Left: Raw NIR imagefrom EastCoast(path •O‚ ) Right:

Raw NIR imagefrom WestCoast(path ‚5ƒ ). (Courtesy:GLCF)

Fig. 7 shows raw NIR imagesfrom two different paths.The differencein color between

the two imagesis apparent.It is expectedthat the color featuresextractedfrom patchesof the

samesemanticcategory but from the two differentpathswill be considerablydifferent.Without

normalization,most resultsfor sucha query patch will be drawn from the samepath as that

of the query. This phenomenonis likely to be disadvantageous,given the typical applications

of satellite imagemining. It is further noted that the NIR imagesin their raw form have low

brightnessandcontrast.

To compensatefor poor contrastof the NIR imagesand lighting variations acrossUTM

pathsdueto sunelevationandotheratmosphericeffects,we explore two differentnormalization

procedures.Theseincludea standarddigital number(DN) to at-satellitere�ectanceconversion

procedurecommonlyusedin the remotesensingcommunity, and a generichistogramnormal-
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Fig. 8. Left: EnhancedWest Coast images.Center: EnhancedEast Coast images.Right: NormalizedWest Coast images

(ReferencePath „ EastCoast).(Courtesy:GLCF)

ization procedurepractisedin the imageprocessingcommunity.

The Landsat7 imagerydataconsistsof digital numbers(DN) representingintensity at each

pixel overeachspectralband.To compensatefor theeffectsmentionedabove,headerinformation

aboutthe particularLandsatimagescan be utilized. One suchcompensationmethodis DN to

at-satellitere�ectanceconversion[16]. For eachbandof the multi-spectralimagery, the DN can

be convertedto re�ectancevalues … using the following equation:

…

! †

Gˆ‡‰GSŠ

V

‹

YnŒ

L

G

+

A9•Ž02•

7


 (3)

where

‡

!

��•�A9•‘GS’

L

GS�dA€•

+

where ‡ is the at-satelliteradiancefor the pixel, • , ��•�A9• , and �dA€•

+ are the sun elevation,

gain and bias for the particularspectrum/imageobtainedfrom its header,
‹

YnŒ

L

is the solar

irradianceobtainedfrom [33], and Š is the normalizedSun-Earthdistanceover the year. By this

conversionit hasbeenshown that the variationsdueto elevationandothereffectsover different

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

The secondapproachis simple and more ad-hoc,and follows a procedurethat is common

in the imageanalysiscommunity. Prior to dividing an imageinto rectangularpatches,
�

�

�

of

the histogramfor eachband(leaving out �

�

on eachside) is linearly stretchedover the entire

availableintensityrange,i.e., 0

ZŽ“

�

�8�87

. We notethatalthoughthis improvescontrastof theNIR

images,it potentially increasesthe differencebetweenimagesoriginating from differentpaths.

To compensatefor this, histogramcentralizationis performedbeforethe linear stretching.More

speci�cally, using all imagesfrom a chosenpath ”

�

, the means•}| , •K– , and •˜— of red, green,

and blue spectralbandsrespectively are computed.Then, for eachimage in the database,its

histogramsof the � , � , and � bandsareshiftedto becenteredat •}| , •_– , and •˜— correspondingly.

After the shifting operation,linear stretchingas discussedabove is applied. The results of

normalizationon sampleimagesare shown in Fig. 8. We apply this normalization�rst on a

subsetof the test images.

Having appliedboth normalizationtechniquesseparatelyon a setof two Landsatimages(on

eachtaken from the EastCoastand West Coast),retrieval is performedover the entire pooled

set of test patchesin both cases.It is observed that the averageprecisionand recall over all

categories showed better performancewith the ad-hoc normalizationthan with the standard

DN to at-satellitere�ectanceconversion.While this may be due to the speci�c visual features

extractedin our system,we are unaware of an accurateexplanationfor this. Nonetheless,due

to the improved performance,we use the ad-hocnormalizationprocedurefor the rest of our

experiments.Adaptinga morestandardnormalizationprocedureinto our systemis partof future

work.

B. CategorizationUsing 2-D MHMMs

The 2-D multiresolution hidden Markov model (2-D MHMM) has been used for generic

imagecategorization.This sectionpresentsa brief overview of the modeland its applicationto

categorization.For a moredetaileddiscussionon 2-D MHMMs, pleaserefer to [21].

Under2-D MHMM, eachimageis characterizedby several layers,i.e., resolutions,of feature

vectors.The featurevectorswithin a resolutionresideon a 2-D grid. The nodesin the grid

correspondto local areasin the imageat that resolution.A nodecan be a pixel or a block of

pixels.The featurevectorextractedat a nodesummarizeslocal characteristicsarounda pixel or
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Fig. 9. A conceptualdiagramof the 2-D MHMM basedmodeling process.Arrows indicate the intra-scaleand inter-scale

dependenciesamongvisual features.

within a block.The2-D MHMM speci�esthedistribution of all thefeaturevectorsacrossall the

resolutionsby a spatialstochasticprocess.Both inter-scaleandintra-scalestatisticaldependence

amongthe featurevectorsare taken into accountin this model.Thesedependenciesarecritical

for judging the semanticcontentof satellite imagepatchesbecausetexture or spatialstructure

in thesepatchescanbe capturedat a larger scalethanat a block or pixel level. The inter- and

intra-scaledependenciesof the featurevectorsarecapturedby assuminghiddenlayersof states

at all the resolutions.The featurevectors,which are actually observed, are assumedto follow

Gaussiandistributionsconditionedon given statesat the correspondingresolutionandposition.

The statisticaldependenceamongstatesacrossscalesis modeledby a Markov chain,and that

within eachscaleis modeledby a Markov mesh.

For the experiments,a three-level pyramidal structurein the model was used.A schematic

diagramfor this processcanbe found in Fig. 9. The numberof statesat lowest resolutionis 1

andthe numberof statesfor eachof the two higherresolutionsis 4 . For featureextraction,4x4

blocks are taken and the visual featuresare characterizedby a six dimensionalfeaturevector.

This vector consistsof threemomentsof the wavelet coef�cients in the high frequency bands

(representingtexture) and the threeaveragecolor componentsin the LUV space.As discussed

earlier, insteadof taking ����� bands,near-IR, red andgreenbandsaretaken from the satellite

imagespectra.This is motivatedby the fact that traditionally thesebandshave beenvisualized

on screenfor manualclassi�cation as if they are ����� bands.It is thus reasonableto convert

thesebandsto ‡™Œ›š in the sameway as we would convert from ����� . For more detailson
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the featureextractionprocess,readersarereferredto [35]. The likelihoodfor an imagegiven a

trained2-D MHMM is computedasexplainedin [21]. The computedscoresfor an imageover

all trainedmodelsarethenusedin the SVM classi�cationandthe eventualcategory prediction.

C. Separating Known(C2) and Unknown(C1) ClassesUsing SVM

Thetrainingof the2-D MHMMs is performedonanon-exhaustivesetof categories M<Y

)

3�
B
C
B3�Y\[RQ .

Generatinga training set covering all possibleland-cover categories is time-consumingand

expensive, if at all possible.Henceit is preferableto limit the scopeto only thoseclassesthat

areof interest.As a result,amongthe imagepatchesthereexist many that representcategories

outsideof M<Y

)

3�
C
B
B3�Y\[]Q . Also, therearepatchesthatarea blendof multiple categories,with none

dominating.In both cases,thesepatchesshould ideally be labeled
Z

09c

��7

. As mentioned,all

patcheslabeled M

�

3�
B
C
B3(�eQ areconsideredpart of c�� .

Using the maximumlikelihood approach,we can always assigna category label between
�

and � to every patch,even if it is actually part of c

�

(unknown). This is not desirable,and

as explainedin Sec.IV-A, neithercan we train another2-D MHMM to model patchesin c

�

.

A naive approachto solving this problemis basedon the following assumption.Given a patch

which doesnot resembleany trained category, the likelihood estimationfrom all the models

tendto be low. Therefore,if all likelihoodscoresarebelow a certainthreshold,thepatchcanbe

assignedclass
Z

( c

�

). However, not surprisingly, it is foundthat for a givenpatch,the likelihood

estimatesarenot independentof eachother. This may be dueto the fact that the 2-D MHMMs

are trainedon samplesthat have somedegreeof visual resemblanceacrosscategories.

To solve this problem,we employ a formal classi�cation approach.Let the set of likelihood

estimatesfor a givenpatchN

& beits featurevector ‡

&

!

Mqa

)

3u
C
B
C35af[]Q . In theexperiments,4 classes

wereconsidered.We canplot the4-D featurevectorsof �:3

Z�Z8Z

patchesmanuallylabeledas c

�

or

c�� . Theplots,takentwo dimensionsata time,areshown in Fig. 10.Clearly, a non-linearmethod

canbettermodeltheclassseparationthanthresholdingor otherlinearmethods.Classi�cationwas

attemptedusingQuadraticDiscriminantAnalysis(QDA) andLogistic Regression.The accuracy

rate with Logistic Regressionturnedout to be the bestat approximately
���
U�

�

with accuracy

of classifyingonly c�� at about ��4�
X1

�

. Classi�cation using SVM was then performedon the

datausingthe LibSVM softwarepackage[6], usingthe RBF Kernel œ•09ž

@

3�ž

,

7

!HŸ< 

$(¡ ¢O£

 

¢¥¤¦¡ §

. The

resultswerefurther improved,at ���:
U1

�

overall accuracy and ��
:


�8�

accuracy at classifying cd� .
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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

dimensionsareshown.

When a patch is classi�ed as c

�

it is removed from further considerationfor retrieval. To

be on the safeside, we would ratherprefer to have some c

�

patchesto be classi�ed as cd� ,

thanhave somevalid cd� patchesmistakenly classi�ed as c

�

andeliminatedfrom consideration.

Therefore,the goal is to be achieve higheraccuracy in detectingc�� . This increasesthe search

spaceto someextentwhile eliminatinga signi�cant chunkof unwantedpatches.Hencewe desire

to have a biasedclassi�er. One way to introduceweightsinto the SVM learningprocessis to

samplethe training classesaccordingly. The bias is introducedby sampling c

�

and c�� in the

approximateratio
�

1T¨ �

�

for training theSVM, resultingin a total of about
�

3

Z�Z8Z

samples(with

repetition).In this manner, we achieve high accuracy of classifying c�� (
�

�

�

) while for c

�

the

scoreis moderate(
�


:
X�

�

). Henceless than 4

�

of the patcheswithin categories M<Y

)

3u
C
B
C3(Y\[]Q

will be mistakenly eliminatedfrom consideration.It is presumedthat this is not a problemsince

patchesof onecategory in a satelliteimageareusually spreadover a large region. It is highly

unlikely that all patchesin oneregion will be eliminated.
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D. Retrieval using IRM

The Integrated Region Matching (IRM) measure[35] used in the SIMPLIcity system is

employed for imagepatchmining. IRM is a scalableand robust region-basedimagesimilarity

measure.IRM attemptsto integratevisual featuresof eachsegmentedregion in the imagesto

provide robustregion-basedimagematching,with low dependenceon reliablesegmentation.The

schemeallows multiple regions of one imageto be matchedwith several regions of the other

image.The overall similarity measureis computedasa weightedsumof the similarity between

region pairs,with weightsdeterminedby the signi�cance of regions.

Eachimageis segmentedusing b -meansclustering[17] on the color componentvectors,and

for eachgeneratedsegment is representedby a nine dimensionalfeaturevector summarizing

color andwaveletbasedtextureproperties.Thefeaturevectorsusedincludethesamesix texture

andcolor featuresusedin 2-D MHMM, andthreeadditionalfeaturescharacterizingtheshapeof

the segment.The matchingis performedby a soft similarity measurein the following manner.

For two imagesA

) and A

V , supposethey aresegmentedinto b

) and b

V regionsrespectively. The

IRM distancebetweenimagesA

) and A

V is thengiven by
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where Š

ª

¬

« is the distancebetweenthe featurevectorscharacterizingregion a of image A

) and

region
�

of image A

V , and +

@

¬

, is the signi�cance scorefor that region pair. More speci�cally,

denotingthe region pairsas /

ª

and /

« respectively, the valuesof Š

ª

¬

« arecomputedasfollows:
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where Š��l0
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is the color and texture distancegiven by
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with ž

) , ž

V , and ž

$

being the meanL, U, andV color componentsof the region, ž�´ , žqµ and ž

³

beingthe square-rootsof the second-ordermomentsof wavelet coef�cients in the HL, LH, and

HH bandsrespectively. The shapedistanceŠ
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is the shapedistancegiven by
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where ‡]0

/

3;¹

7

is the normalizedinertia [13], invariant to scalingandrotation,de�ned by
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where - /˜- denotesthe sizein pixelsof the region / ,
¾

½ denotesmeanof ½ , and ‡

@

denotesthe A

�Ä�

ordernormalizedinertia of spheres.The function
±

0

°Å7

in Eq. 5 is usedto make the color-texture

distancecoherentwith the shapedistancein the overall Š

ª

¬

« computation,with the following

form being found to be empirically appropriate,asdetailedin [35]:
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The signi�cant credits +

ª

¬

« determinehow important a role eachpair of regions plays in the

calculation,constrainedby N

ª

and N

®

« , which are the signi�cance of regions a and
�

within A

)

and A

V respectively. To calculatesigni�cancecredit betweena pair of segments,themostsimilar

highestpriority (MSHP) principle [35] is usedfor assignmentof region signi�cance.

In region-basedimagesimilarity measures,segmentationquality typically playsa major role

in thesimilarity scores.In thecaseof IRM, however, thereis a high degreeof robustnessto poor

segmentation.Dif �culty in segmentationcanbe particularlyacutein the caseof noisy remotely

sensedimages,and hencerobustnessto unsatisfactory segmentationis important.The use of

the IRM distancefor rankingpatchesby visual similarity helpsgeneratehigh precisionretrieval

in our system,as observed in our experiments.Another possiblereasonfor the demonstrated

successof IRM in the remotesensingdomainis the importancegiven to texture and localized

shapefeaturesin the similarity computation.

VI. USER INTERFACE

A screenshotof the user interface can be found in Fig. 11. Readersare encouragedto

experiencethe demonstrationat the aforementionedlocation. Initially, a randomset of patches

from amongthe databasecollectionare shown. The usercan thenchooseto mine the imagery

in threedifferentways:

(1) The usercan click on a patchto retrieve other visually similar patches.Along with the

retrievedpatchestheuseralsohasaccessto theirmetadata.Thisprocessof browsingcancontinue

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

retrieved patch.

Fig. 12. Interfacefor zoomingandpanning,showing urban(blue), residential(yellow), and the retrieved (green)patch.Left:

Original Ï²Ð¦Ñ Ò²Ó resolution.Right: Zoomedout at ƒ;Ô²Ó . (Courtesy:GLCF)

(2) The userhas the option of clicking the randombutton to display a new set of random

patchesretrieved from the database.This is one way to explore the database,understandthe

distribution of land cover within the database,andget an overview of the variationswithin the

imagescaptured.

(3) If the user wishesto enter a query patch not in the database,this can be done as our

systemsupportsexternalqueries.
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To add to the conveniencein browsing, six levels of zoomingis supportedby our system.

A user can enter the zooming mode by clicking on the location coordinatesspeci�ed below

a retrieved patch.This is an effective way to explore geographicregions in the proximity of

patchesof interest.In otherwords,the zoomingcapabilityallows usersget a moreglobal view

of regions of interest.Panning is implicitly supportedby the interfaceas well, by clicking on

any portion of the imageto move gazeto that region at the next level of zoom.A screenshot

of the zooming/panninginterface can be viewed in Fig. 12. The best way to experiencethis

interfaceis throughusageof our prototype.

Zoomingandpanningoperationsareoptimizedfor real-timeresponsein the following man-

ner. Haar wavelet transformsare used to achieve zooming, since they preserve localization

of data [36]. Thesetransformsdecomposethe imagesinto sumsand differencesof neighbor-

hood pixels. On a given query, the systemonly needsto retrieve the quantizedcoef�cients of

the queriedregion for reconstruction.Since the processingfor categorizationand zooming is

doneonly onceduring setup,and only localizedparametersare required,the responsetime is

considerablylow. Using the metadataassociatedwith the patches,suchas precisegeographic

locationsor semanticcategories (either manually provided or automaticallypredicted),more

advancedquerying capabilitiescan be incorporated.For example,useful extensionscould be

the capability to formulatequeriessuchas “Find the closesturbanareanear this location” or

“Find a watersourcenearestto this residentialarea”.Whenaccurateorthorecti�ed imageryare

available, interfaceextensionsto supportsuchcomplex queryingwithin our framework should

be fairly straightforward.

VII . EXPERIMENTAL RESULTS

For all ourexperiments,?
!

�

� Landsat7 ETM+ multi-spectralimageswith ����


�<�

resolution

are used.Six imagesfrom the EastCoat (path
�

4 ), and six othersfrom the West Coast(path

46) of theUS areused.Sincethereis considerabledifferencein thesenseddatafrom eachpath,

normalizationis employed to homogenizethe quality, as explained previously. The selection

of imagesin this manneris aimedat demonstratingthe effectivenessof our systemgiven the

varying sun elevation challenge.Our systemsupportsfour semanticcategories (i.e., �

!

4 ),

namely mountain, crop �eld , urban area, and residentialarea. As describedin Sec. III, the

NIR bandsare chosenfor image representation.The pixel dimensionsof each image
�q@

are
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�

Z8Z�Z

GS�8�

Z8Z

, with geographicdimensionsbeingapproximately
�

�

Z

�

�

G

���

�w�

�

.

Ground-truthcategorizationis notavailablereadilyfor patches.This is requiredfor trainingand

testingthe 2-D MHMM basedcategorizationprocess,aswell asfor measuringthe precisionof

retrieval usingtheIRM measure.In orderto build a manualcategorizationof thepatchesinto the

speci�edclasses,anexpertworking on satelliteimageanalysisin a governmentresearchlab gave

two arbitrarily chosensubjectsa tutorial on how to distinguishbetweenthe 4 semanticcategories.

The satelliteimagesaredivided into squarepatches.The subjectsthenindependentlylabel each

testpatchaseitherof M

�

3��:351�354�Q , or
Z

in casethey belongedto neitherof the classesor hadno

dominantcoverage,keepingin mind the
��Z��

coveragepolicy (Sec.IV). The�nal category labels

aredeterminedby taking theoverlapof the setsasit is, andin caseof disagreements,randomly

choosingoneof the two. With the high-qualityof the ETM+ images,it is not hard to visually

identify the four categories used.The overlap betweenthesetwo sets from the independent

subjectsis approximately
�

�

�

. In the absenceof a “gold standard”,this serves as a “silver

standard”.

The choiceof what patchsize to divide the imagesinto is critical. A patchshouldbe large

enoughto encapsulatethe visual featuresof a semanticcategory. At the sametime it should

be small enoughto include only one semanticcategory in most cases.Insteadof arbitrarily

selectinga patchsize,we explore the effectivenessof 4 different patchsizes,eachcovering a

differentlevel of granularity, in our system.In particular, we explore usingpatchsizes
�

��G

�

� ,

1��ˆGÍ18� , ��4zGÍ��4 , and
�

���ˆG

�

�<� . For training, we initially experimentwith using samples

sizesfrom as low as 28, to as high as 90 per category, by testingthe built modelson a small

validationsetof ��4ŽG]��4 imagepatches.We observeacleartrend,thatbeyond
��Z

trainingpatches,

the classi�cation accuracy is not showing noticeableimprovement,despitesigni�cant increase

in computationalcost.At 50 training samplesitself, the categorizationresultsare satisfactory.

Hence ^

!

��Z

samplesof eachof the four categories,and for eachof the 4 patchsizes,are

usedfor training the 2-D MHMMs to yield models ?

)

3�?

V

3(?

$

and ?y´ in eachcase.A biased

SVM is trainedusingtheproceduredescribedin Sec.V-C andusedin the likelihood-basedclass

predictionprocess.In orderto testtheeffectivenessof categorizationover eachtrainingsize,and

to eventuallychoosean appropriatepatchsizefor thesystem,484��

�

testpatchesin eachcaseare

classi�ed usingthe built models,andthe resultscomparedwith the generated”silver standard”.

The confusionmatricesfor the 4 classesaswell asfor the class
Z

( c

�

), for eachof the 4 patch
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sizes,are shown in Table II. Note that the accuracy of classifying c

�

patchesre�ects on the

modelaccuracy of both 2-D MHMMs andthe biasedSVM. A measureof accuracy often used

in the remote-sensingcommunityto evaluatemulti-classclassi�cation performanceis Cohen's

KappaCoef�cient [7], approximatedby �Õ���²� [8], de�ned as

�o���	�

!

L

#

[

@

'*)

�

@Ö@

“

#

[

@

'*)

02�

@Ö×

GØ�

@X× ×

7

L

V

“

#

[

@

'*)

09�

@ ×

GS�

@ × ×

7

where � is the numberof classes,� denotesthe confusionmatrix obtainedfor this � -class

classi�cation problem,
L

is the total numberof test samples,�

@

, indicatesobservation in row

A column Ù , �

@Ö×

is the total of row A and �

@X× ×

is the total of column A . More speci�cally,

�

@
×

!

P

©

,

'*)

�

@

¬

, and �

@
× ×

!

P

©

,

'*)

�

,

¬

@

3 (10)

which denotethe row sumsandcolumnsumsof the confusionmatrix respectively. We usethis

measureto selecta patchsizethat maximizes�Õ���²� , i.e., producesthe bestclassi�cation for the

categoriesin questionat the correspondinglevel of granularity.

Whentakingonly classes
�

to 4 , the �w���²� coef�cients are
���




Z8���

, �

�




Z

�

�

,
�8Z


U1

�

, and ��
:
U�

���

respectively for patchsizes
�

���™G

�

�<� , �<4ÚGt��4 , 1��nGt1�� , and
�

�nG

�

� respectively. Whenincluding

class
Z

( c

�

) as well into consideration,the corresponding�W���	� valuesare �81�


�

�

�

, �

�


X1<4

�

,

�

Z




���8�

, and 
���


���

. While theseresultsareoverall very encouraging,andthedifferencesacross

patchsizesarenot signi�cant, thesize
�

���`G

�

�<� tendsto producethebestcategorizationamong

themby this measure.Moreover, this patchsizewaspreferredby theanalystwe consultedwith,

for visualizationpurposes.Hencefor building the systemprototype,and for the remainderof

our experiments,patchsizesof
�

���ÛG

�

�<� areused.

Sampleresultsobtainedwhen querying our systemusing an urban patch (Fig. 13) and a

mountainpatch(Fig. 14) are shown. To analyzethe improvementin speedof retrieval due to

prior categorizationwith 2-D MHMMs,
��Z8Z

queriesweremadefor patchesfrom eachcategory,

and the retrieval times were noted.In the �rst run, 2-D MHMM categorizationwas not used.

Thus, for eachquery patch, the entire databasewas searchedto �nd similar patches.In the

secondrun, 2-D MHMM categorization was used to limit the searchto only those patches

within the samepredictedclass.TableIII shows the averagetime per queryfor patchesof each

category for the two runs.As expected,the averagetime of retrieval for eachcategory is fairly

similar becausethe size of the databaseto be searchedfor eachpatch is the same.Table III
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TABLE II

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

Ü¦Ý�ÞÚß·Ü�Ý�Þ

Mountain Crop Urban Residential Others Accuracy

Mountain (1) •l•áà;Ô Ð •l• ƒ ‚5Ò â²‚ÃÑ Ò;ã

Crop (2) Ô â;Ð²‚ •áÏ ‚;‚ •€ƒ;Ô Ðl‚¦Ñ Ï;Ò;ã

Urban(3) ‚ ‚ Ï(•áÐ ä²â Ï;Ï ä(•;Ñ Ò;Òlã

Residential(4) Ï�• ‚ Ï²â à;Ð�• Ï²‚ Ð;Ï�Ñ à5Òlã

Others(0) Ò²‚ ‚5ä àlà ÏlÒ •l•;•€ƒ ÐlÐ¦Ñ âl‚5ã

åÃæRß`å¦æ

Mountain Crop Urban Residential Others Accuracy

Mountain (1) •l•áàl‚ Ô Ô Ô ƒlƒ âl‚¦Ñç•	ä;ã

Crop (2) Ô •áÔ�•;• à Ò�• •€à5Ò Ð;Ï;ã

Urban(3) Ô ƒ Ï²àl‚ ƒlà Ï²‚ ƒlƒ¦Ñ ƒ5älã

Residential(4) •	Ò â àlà à5ä²Ð Ï²‚ Ðlà¦Ñ Ô¦•áã

Others(0) ƒ;à Òlä ƒ •áÒ •l•áà²‚ Ð;ä�Ñ Òlà;ã

è�ÝÚß`èuÝ

Mountain Crop Urban Residential Others Accuracy

Mountain (1) •l•;•	ä Ò Ô Ï ä²ƒ â;à�Ñ Ô;Ð5ã

Crop (2) ‚ â;â²‚ •€Ô à;â •áÒlà Ð5Ï(Ñ Ð;à5ã

Urban(3) Ô •áÒ ÏlÏ²‚ Òlä à¦• ƒlÐ¦Ñ Ò;ã

Residential(4) •áà •áÏ àlƒ à5ä²Ô ÏlÐ ÐlÔ¦Ñ ƒ¦•áã

Others(0) ä²‚ ä²ƒ Ï²ƒ •€à •€Ô;Ðlƒ Ð;Ò�Ñç•áÐ;ã

Ü¦åÚß·Ü�å

Mountain Crop Urban Residential Others Accuracy

Mountain (1) •l•	Ï;Ï ‚ •l• •áà Ò²Ô âlà¦Ñ Ò;ã

Crop (2) Ô •áÔlÔ;à â ‚5ƒ •O‚(Ï Ð;à�Ñ ÒlÐ5ã

Urban(3) Ò Ï²à •€â5ä ä	‚ ÏlÐ ƒlÔ¦Ñ Ï²‚5ã

Residential(4) â •€à ‚5Ï à5älÏ Ïlà Ð�•;Ñ Ô5Òlã

Others(0) â¦• âlâ •€â •áÏ •€Ô5Ò	‚ Ð;Ï�Ñ ƒ5älã

shows the averagetimesper queryacrosscategoriesarefairly consistentfor the �rst run. There

is considerableimprovementin retrieval speedfor eachcategory in the secondrun due to the

reducedsearchspaceinducedby categorization.The speeddifferenceamongcategoriesfor the

secondrun is no longer consistent,since the numberof patchesvariesacrosscategories.It is

importantto notethat the largestnumberof patchesbelongto the c

�

category (uncategorized).



29

Fig. 13. Orderedretrieval resultson an Urban query patch.Patch labelsconsistof (1) Parent image,(2) Local Coordinates

and,(3) IRM distance.

This shows thesigni�canceof categorizationof patchesinto uncategorized( c

�

) andcategorized

( c�� ) usingSVM. Without this, the numberof patchesto be searchedof eachqueryof class c��

would increasebecausepatchesof c

�

would get distributedamongthe trainedcategories.

As mentionedin SectionV-A, normalizationis requiredfor effective queryingacrossdifferent

paths. To establishtheneedfor normalizationandeffectivenessof theschemeused,we perform

the following experiments.In the �rst trial, imagesare usedwithout any normalization.The

retrieved patchescanbe groupedas (1) thosethat belongto the very sameimageas the query

patch,(2) thosethat belongto imagesfrom the samepath,and(3) thosethat belongto images

from a differentpath.A total of
�<Z

queriesarerun for eachcategory. Theaveragepercentageof

thesegroupsamongthe top
��Z

ranked patchesfor eachquery, areshown in TableIV. It canbe

observed that for eachcategory, more than 
<�

�

of the resultsbelongto the sameparentimage

asthe query. Also notethat morethan
�8Z��

of the resultsfor the querybelongto the samepath

asthequery. Thus,without normalization,theresultstendto show signi�cant bias.In thesecond
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Fig. 14. Orderedretrieval resultson a Mountainquerypatch.Patchlabelsconsistof (1) Parentimage,(2) Local Coordinates,

and(3) IRM distance.

trial, thenormalizationproceduredescribedearlieris usedon theimagesbeforeretrieval, andthe

experimentrepeated.The new resultsarereportedin TableV. We notesigni�cant improvement

in the retrieval, with a clearreductionin biastoward the queryimageandpath.Exploring more

robust normalizationproceduresto counterthe bias further, is a possiblefuture direction.

In orderto assesstheimpactof prior categorizationusing2-D MHMMs andSVM in improving

retrieval effectiveness,we perform the following experiment.Of the { patchesdisplayedin

responseto eachquery, one measureto determineretrieval effectivenessis the percentageof

relevant patchesin them, i.e., the precision. It is measuredas follows. For eachcategory, we

usethe systemto retrieve from
�

to 1

Z

patchesper query (in intervals of
�

) andmeasuredthe

percentageof patchesretrieved that have the samemanualcategory label as the query patch.

This is repeated
�

timesfor eachcategory andthe averageprecisionis plottedover variationof

{ , as shown in Fig. 15. The most vital observation madeis that semanticcategorizationusing

2-D MHMM results in roughly �

�

to
��Z��

improvement in retrieval relevance.For speci�c
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TABLE III

COMPARISON OF RETRIEVAL TIMES WITH AND WITHOUT PRIOR 2-D MHMM CLASSIFICATION

Search Entire database Semanticallyrelevant patches No. of patches

Mountain (1) é�êXë²ìuíÃî é�ê éÃï¦ðÃî í�ìÃðÃñ

Crop (2) é�êXë;òÃï¦î é�ê é�ì<ë;î ë²ì�óÃó�ï

Urban(3) é�êXë;ò¦ôÃî éqê éqë;î ëlðÃñ�ë

Residential(4) é�êXë²ìuðÃî é�ê é�ë5î ï(ìÃð¦ì

Others(0) é�êXë;ò¦ðÃî é�ê éuó�ôÃî ï�ëlôuò(ì

TABLE IV

AVERAGE DISTRIBUTION OF PATCH RETRIEVAL WITHOUT NORMALIZATION

õ÷öuøúùlû�ü5ý;þqÿ��•ý��¥û����

Sameimage Samepath Differentpath

Mountain (1) íÃé�� í�ì�� ô��

Crop (2) ë;é¦é�� ëlé¦é�� é��

Urban(3) ó�ð�� í�ë	� í��

Residential(4) ðuï
� í¦ô�� ì��

TABLE V

AVERAGE DISTRIBUTION OF PATCH RETRIEVAL AFTER NORMALIZATION

õ÷öuøúùlû�ü5ý;þqÿ��•ý��¥û����

Sameimage Samepath Differentpath

Mountain (1) ôuï
� ð�ì�� ëlô��

Crop (2) ó�ð�� ð¦í�� ë¦ë	�

Urban(3) òÃï
� ó(ñ�� ïÃó
�

Residential(4) òuó�� ó�ë�� ï�í��

requirements,theseplots may be usedto choosesuitablevaluesof { . We have thusestablished

theeffectivenessof prior categorizationusing2-D MHMMs asa tool for satelliteimagemining,

both in termsof retrieval precisionaswell as in termsof retrieval speed.

It is worth noting that, patchesin untrainedcategories can also be effectively retrieved as

shown in Fig. 16, albeitwith lessprecision.Theretrieval for untrainedcategoriesis alsoef�cient

becausethe systemsearchesfor similar patchesonly amongthe patcheslabeled c

�

ratherthan
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Fig. 15. Averageprecisionof IRM basedretrieval for eachcategory, with andwithout 2-D MHMM categorization.

the entire databaseof patches.We �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, and is non-recurring.The subsequentindexing processis doneonly once

for eachimageaddedto the database.The systemperformsretrieval in real-timeusingthe fast

androbust IRM measure.

VII I . DISCUSSION AND FUTURE WORK

The proposedsystemusesa convenientlearningbasedapproachfor large-scalebrowsing and

retrieval of satelliteimagepatches.It hasbeenshown that automaticsemanticcategorizationof

patchesusing 2-D MHMM prior to retrieval improves performancein termsof speedas well

as precisionof retrieval. Prior categorizationreducesthe searchspaceto fewer, more relevant

patches,therebyreducingsearchtime. Searchingthroughonly the semanticallyrelevantpatches

leadsto improvementin the quality of retrieval. SVM hasbeeneffectively usedto deal with

patchesthat have not beentrainedfor. Performingclassi�cation at patchlevel insteadof pixel
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Fig. 16. Demonstratingthe effectivenessof our systemon untrainedcategories.Shown hereareorderedretrieval resultson a

coastlinequerypatch(coastline- untrained).

level in satellite imageshelps in building a convenient interface for browsing. Adding new

satellite imagesto the systemis fairly straightforward and doesnot require re-trainingof the

existing models.To adda new category of interest,a new 2-D MHMM model is requiredto be

trainedonly for thatcategory, while theexistingmodelscanbere-used.TheSVM classi�er must,

however, beretrainedwith samplesfrom all classes.Two differentnormalizationapproacheshave

beenattempted,andfor this speci�c case,histogramtransformationshave beenfound effective

for giving the systemrobustnessto sun elevation and other atmosphericvariations.Thereare,

however, still someissueswhich have not beentackledandform part of our ongoingresearch.

r Squarepatchesareusedin theproposedsystemdueto theconveniencein computation,but

the usersmay desiremore �e xible shapesfor querying.It will be interestingto seehow

accuracy of retrieval varieswith the sizeof the patches.

r Theimpactof usingstandardnormalizationproceduressuchasDN to at-satellitere�ectance

in placeof histogramtransformationson our particularsystem,thoughexperimentedwith,
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hasnot beenexploredextensively, andhenceremainsfuture work.
r Only four low level land cover categories have beenconsideredin this work. Although

classi�cation over a small numberof categories 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

categories,a higher resolutionimagerysuchas IKONOS. Insteadof the rough categories

usedin this work, an interestingfuturedirectionfor us is to exploreusinghigherresolution

imageryandmorepreciselandcovercategories.Wenotethatthesecanbeattemptedwithout

makingany major changesto the proposedarchitecture.
r An importantissuerelatedto thecategoriesusedin theexperimentswasthepresence/absence

of noisein the form of snow andcloud covers.While developingthe system,we facedthis

problem,especiallywhen training on the `mountain' patches,which were a mix of snow-

cappedmountains,and low-altitude hills. To resolve this, we took advantageof the fact

that 2D-MHMM basedmodelshave beenfound capableof learningsigni�cantly diverse

imagecategories [22]. We hand-picked a mix of all observed variantswithin a land cover

category into thetrainingset.As noted,this approachedseemedto work, sincetheaccuracy

for themountaincategory wasashigh as94.5%.This reinforcesthebelief that2D-MHMM

is capableof learningfairly diverseland cover categories.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 andwithout cloud cover, or by usingmulti-temporal

image stacksfor more improved categorization 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 potential for suchimprovement.It may be possibleto train

differentmodelsof the sameland cover categoriesover differentperiodsof time. Pooling

of all suchpatchesinto onedatabaseandperformingretrieval may be onestraightforward

approachto accountingfor annualweatherchanges(snow, clouds)in the retrieval process.
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