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ABSTRACT

We presenta new approachbasedon DiscriminantAnal-
ysis to map a high dimensionalimage featurespaceonto
a subspacevhich hasthe following adwantages:1. each
dimensioncorrespondso a semantidikelihood,2. anef-
cientandsimplemulticlassclassi eris proposednd3. it is
low dimensional This mappingis learntfrom a givensetof
labeledimageswith a classgroundtruth.In the new space
a classi er is naturally derived which performsaswell as
alinear SVM. We will show that projectingimagesin this
new spaceprovidesadatabaserowsingtool whichis mean-
ingful to theuser Resultsarepresentedn aremotesensing
databasevith eightclassesmadeavailableonline. Theout-
putsemanticspaces alow dimensionafeaturespacevhich
opengperspectiesfor otherrecognitiontasks.

1. INTRODUCTION

Recognisingobjectsandtexturesbasedon their visual ap-

pearancés a challengingtaskbecausehe correspondence

betweenthe visual featuresof animageandits associated
meanings oftenambiguous.

In the context of remotesensingmageryhugeamounts
of dataare producedfor various purposesncluding mo-
saicing, terrain classi cation, or the detectionof changes,
anomaliesandmanmadestructures. We focuson the prob-
lem of recognitionof varioustypesof manmadeentitiesas
well asdifferenttypesof vegetation.This problempresents
variouschallengeslueto thehigh heterogeneitpothwithin
and acrossclasses. The within classheterogeneitys due
to the differenceof acquisitionprocessprientation,andin-
trinsic appearanceOn the otherhandsomeclassesaswe
will seecanbeverysimilar (suchasgrassand elds) while
someothersare of differentnature:the vegetationclasses
tendto relateto textureswhile the manmadeonesrelateto
objects.In this contet, choosinganadequatsetof features
to discriminatebetweertheseclassess dif cult. Indeedour
intuition would suggesthatdifferenttypesof featuresmay

Thiswork hasbeencarriedoutwith thesupportof theUK DataandIn-
formationFusionDefenceTechnologyCentreandthe EU MUSCLE Net-
work Of ExcellencgMultimediaUnderstandinghroughSemanticsCom-
putationandLearning).

be usefulin differentcasesfor example,structureor color
featuresto discriminatemanmadeversusvegetation,color
for grassversusriver, texture for grassversustrees. This
relatesto thefeatureselectionproblem.Basedon discrimi-
nantanalysisthe presenteanethodhandleghe problemof
nding the optimalweightingof the featurecomponents$o
discriminateeachclassagainstthe others.

Let us considera setof imagesmanually assignedo
C classeof interest. We introducea mapping,referredto
asSemanticDiscriminant Mapping (SDM), from theim-
agefeaturespacento a C-dimensionabkubspaceeferredto
asthe semanticspace. In the semanticspace,eachof the
C dimensiondliscriminatedetweena given classandthe
others.Along eachdimensiona one-clasgredictorfor the
correspondinglasswill bebuilt andthe combinatiorof the
predictorswill resultin a multi-classclassi er. The com-
ponentvalueson thosesemantiddimensiongyive a classi -
cationscoreandcanbe usedto displayanimagedatabase
contentwith the semantiairectionsof interest.

In section2 we give an overview of all theimagefea-
turesused.The SDM is presentedh section3. In section4
wewill introducethe multiclassclassi er whichoperatesn
the semanticspace.Resultsarepresentedn section5, and
conclusionsn section6.

2. COLOR, TEXTURE AND STRUCTURE
FEATURES

Sincethe natureof the imageswe wantto classifyis very
heterogeneousarioustypesof featureamustbeintegrated
to achieve a good recognitionrate. We thereforebuild a
big featurevectorto characterise¢he imagecontentwhich
consistsof the concatenatiomf differentcolor andtexture
features Sinceour methodcanuseary type of featurevec-
tor, we give only anoverview of thefeaturesnvolved. Our
textureandstructuredescriptorsarebasednthe Dual Tree
Complex Wavelet Transform(DTCWT) [1] computedon
four levels. They involve centralmomentshistogramsand
a new feature,the InterLevel Product(ILP) describedn

[2]. The entirefeaturevectordescriptionis comprisedas
follows with eachsubfeaturelimension:



color: meanHSV value (3), meanRGB value (3),
RGB-pixel variance(3), 6 6 6 uniformly quan-
tisedRGB color histogram(216),entrofy of theRGB
histogram(1)

texturee DTCWT magnitudemean,variance,skew,
kurtosis,anddirectionalstatisticy(36 for all 4 levels)

structue: 4-bin ILP magnitudehistogram(16 for all

4 levels),mean variance skew andkurtosisof the 4-

bin ILP magnitudehistogram(16 for all 4 levels), 4-

bin ILP histogranof genericstructuregedgesridges,
...) (16for all 4 levels)

The total dimensionof the featurevectoris p = 310
Thisoriginalfeaturespaceds denotedasF . Eachdimension
is normalisedsothatthe meanover the datasetis zeroand
the standardleviationis one.

3. SEMANTIC DISCRIMIN ANT MAPPING

Thefeaturespace= containsvarioussubfeaturesvhichwe

thoughtrelevant for our remotesensingrecognitionprob-
lem. In this contet, DiscriminantAnalysis[3] is a sim-

ple and powerful techniqueto projectdatainto a reduced
dimensionalspacein which the dataare optimally sepa-
ratedgiven a setof labeledimages. The implicit effect of

thetransformatioris to assignvariousweightsto eachfea-
turedimensiordependingntheirrelevanceto discriminate
eachclass.

However a matrix singularity problemcanarisein the
discriminantprojectionif the numberof sampless lower
than the featuredimensionand/orif somefeaturedimen-
sionshave nearzerovariancgtypically histogranbins). To
circumwent this dravback Swetsand Weng [4] proposed
projectionof the datawith Principal ComponentAnalysis
(PCA) beforediscriminantprojection. Although our dis-
criminant projection differs from theirs we usetheir idea
of performinga prior PCA projectioninto anintermediate
space,denotedasFpca. In this sectionwe give a brief
overview of PCA andFisherDiscriminantAnalysis(FDA)
transformationandthenpresenbur C-FDA transformation
to performmulticlassdiscriminantanalysis.TheSDMis in-
troducedascombinationof PCA andC-FDA transforms.

3.1. PCA and FDA transformations

Given a set of p-dimensionalfeaturevectorsfx;g in F,
Principal ComponentAnalysis nds a subspacd-pca of
dimensionp®  p whosebasisvectorscorrespondo the
maximumvariancedirectionsof X = [x1::x,]. If we call
Mp thep p°matrixof thelineartransformatiofrom F to
Fpca, thentheprojectionof x into thisnew spacds M |, x.
The columnsof transformatiormatrixMp = [e1:::€,] con-
sistof the eigervectorse; obtainedfrom the eigervaluede-
composition ;g = (X X', whereX X! is the covari-

ancematrixand ; theeigemwalueassociatedvith theeigen-
vectore . The ; aresortedin decreasin@rdersuchthate;
correspondshe direction of maximumvarianceof X and
&, to the oneof minimumvarjiance We chooseto keepthe
rst p°dimensionssuchthat' P, | 0:9999 P, .
We denotethe PCAtransformatiorasMp : F 7! Fpca.

Unlike PCA,which nds thedirectionsthatcapturemost
of thefeaturevariance FDA nds thedirectionw thatbest
separatehe featureq3]. In thetwo classcase we assume
thefeaturesx belongeitherto the classC or C°. An optimal
vectorw mustmaximisethefollowing criterionJ:

jw'Sgwj
jWESW W @)
whergj : j denoteghematrix determinantSg thebetween-

classscattemmatrix andSyy, the within-classscattematrix
de ned asfollows:

J(w) =

Se=(m mYm mdh )
Sw = Mean(x m)(x m)t+l\){lzecaor(x m9y(x m9* (3)

wherem = Mear{x] andm®= Mear{x] aretherespectie
x2C x2C0

meansof featuresin classesC andC% A solution of this
maximisationproblemis givenby:

w= S, (m md (4)
In this case,FDA builds a mappingfrom the featurespace
to al-dimensionasubspace.

3.2. The C-FDA transformation

We introducea new transformationgalled C-FDA, to per
form discriminantanalysisn themulticlasscaseandwhich,
unlike Multiple DiscriminantAnalysis (MDA)[3]%, deter
minesa new featurespacein which eachdimensioncorre-
sponddo aclassmembershifik elihood.C-FDA consistsn
performingan FDA C timesto discriminatebetweeneach
classG andthe otherclasses.For eachclassCGy, C des-
ignatesCy andC° designate$ qos ¢G§ With section3.1 no-
tations. Thusfor eachclassCy we getfrom formula (4) a
vectorwy de ning the directionof optimal separatiorbe-
tweenCy andthe otherclasses.In our approachsincethe
featuresare rst transformedvith PCA, C-FDA is applied
in Fpca of dimensionp®. Sothe C-FDA transformatioris
de nedbythep® C matrixMg = [wi::we]. Theoutput
spaceS is C-dimensionaland called the semantic space
The transformatiorof a vectory in Fpca is thenwritten
MtyinsS.

1AlthoughMDA dealswith multiclassjt is notsuitablefor our problem
sincethe dimensiongn the transformedspaceare not directly associated
with aclass.MDA nds alineartransformatiofromF toaC 1dimen-
sionalsubspacevhich optimally separatethe dataglobally.



For classi cationandbrowsing purposesve nd it cornve-
nientto normalisethetransformedraluesin S suchthat:

Mearjwiy] = +1 andMearw!iy]= 1 5
yzcdr{ aYl yzcdr{ aY] (%)

This is achieved by applying a linear transformation de-
notedas Ty, from S to itself which is straightforvard to
compute.Ty is calculatedbnthetrainingdata.

3.3. SemanticDiscriminant Mapping

Now wede ne theSemantidiscriminantMapping(SDM),
denotedass. It is the full linear transformatiorfrom the
originalfeaturespace= ontothesemanticspaces. It is the
compositionof the following transformationsPCA trans-
formation,the discriminanttransformatiorandthe normal-
isation. Its expressioris thefollowing:

stF7'S ©)
x 7' Tn(ME M x)

wheretheoriginalfeaturespacer is of dimensiorp andthe
outputsemanticspaces is of dimensionC.

4. C-CLASS CLASSIFIER IN SEMANTIC SPACE

The multiclassclassi er is built asa combinationof scalar
predictordan thesemanticspaceS. For eachdimensiord in
S, training dataare optimally separatedh the linear sense
dependingpnwhethetthey belongor notto classCy. Wede-
noteassq(x), thed™ componenof thetransformof x in S.
Givenformula(b), if sq(x) is bigthenx is verylikely to be-
longto G. Animagewill bepredictedn  if its featurex
satis essq(x) tq wherety is athreshold Wewantto nd
the optimal thresholdd tyg which minimisethe classi ca-
tionerror 4(t). Wede ne 4(t) asthesumof probabilities
of detectionof falsenegativesandfalsepositives:

alt) =P(sa(x) tix2Cy+ @
P(sa(x) < tjx 2 G)

To determine 4(t), training dataare sortedwith respecto

their sq(x) values. For eachx, the two probability terms

in 7 arecomputedandthe optimalthresholdty is setatthe
valueof sq(x) which minimises 4(sq(x)).

Themulticlassclassi erf is de ned by consideringhe

predictorwith the highestclassi cationscoremeasuredy

thequantitysq(x) tq. Foreachx in F,f isde nedby:
f(x) = agmaxsq(x) tq] (8)
d=1;::;C
5. RESULTS

In this sectionwe detailthe proceduredo build our database
for trainingandtesting.We will thenshaw theclassi cation
resultsandpresent browsingapplication.

5.1. Groundtruth databaseconstruction

Our 1040aerialimagedatabasgasconstructedrom seven
large aerialimagesfrom Window onthe UK?2. We extracted
1457564 64 pixel subimagesvhich were manuallyas-
signedto oneof thefollowing eightclassesbuilding, road,
river, eld, grassftree,boat,vehicle(see gure 1). In order
to have classesf the samesize, we kept 130 imagesper
classyielding 1040imagestotal. This imagesetwasthen
split into a training setand a testset, consistingof 65 im-

agesper class. So both training and testdatabaseontain
520images We have madethis databasevailableonline?.

Fig. 1. Eachcolumnillustratessamplegrom aclass.Fromleft to
right: building, road,river, eld, grasstree,boat,vehicle.

In thepresentedesults the SDM wasdeterminednthe
training images. Classi cation and browsing experiments
areconductednthetestdatabaseaftertransformatiorwith
the SDM.

5.2. Classi cation

The520imagedrom thetestdatabasavereclassi edin the
semanticspaceas describedn section4 (with p° = 154).
Theclassi cationperformancés illustratedin table1 with a
confusionmatrix ontheeightclassesSinceeachclasscon-
tains65 images,a diagonalvalue of 65 in the matrix indi-
catesaperfectclassi cationfor this class.Fromthis matrix
theaverageclassi cationaccurag acrossll eightclassess
89.4%for our method.In the confusionmatrix, we seethat
the confusionerrorsmadeby our classi er are consistent
with our perception. Indeed,the highesterrors(7 and 8)
occurin the discriminationbetweenperceptuallyambigu-
ousclassesgrassversuseld andvehicleversusbuilding.
Indeed eld imagesarevery similarto grassmagesexcept
they have a slightly perceptibledirectionaltexture. On the
other handbuildings and vehiclesboth relateto rectangu-
lar objectswith heterogeneousolorswhenusinglow-level
features Anotherencouragingbsenationis thatmanmade
classegbuilding, road, vehicle, boat) are rarely confused
with naturalclasseggrassyiver, tree, eld) whichis ade-
siredpropertyin remotesensinganalysis.

2http://iwwwbnsc.og
Shitp://www.eng.cam.ac.ukjf330/GTDB/



classlabels| bu. r. g. r. t f. wv. bo.
building 52 4 0 O 1 o0 4 4
road 3 57 0 0O 1 0 4 0
grass 0 0 55 2 1 7 0 0
river 0 0 1 64 O 0 0 0
tree 2 0O 0O O 63 0 O 0
eld 0 0O 4 0 0 61 O 0
vehicle 8 3 0 0 1 0 52 1
boat 1 1 0 1 0 0 1 =861

Table 1. Confusionmatrixfor SemantidiscriminantMap-
ping classi er. A valueof 65 on the diagonalcorresponds
to 100%correctclassi cation.

To compareour classi cation methodto a stateof the
art methodwe trainedand testeda multiclasslinear Sup-
port VectorMachine(SVM) on the sameimagesetsusing
libsvm toolbox¢. For thelinear SVM the averageaccurag
acrossclassewas89.2%. In the sameconditions,we also
trainedandtesteda non-linearSVM usinga gaussiarker
nel. The optimal hyperparametersf this classi er were
found by grid-search. The averageaccurag was 92.3%
acrosslassesNotethatourclassi erworksin thesemantic
spacewhile both SVMs weretestedin the original feature
space.Our classi er hasan equivalentperformanceo the
linear SVM (89.4%versus89.2%)but is outperformedoy
thegaussiarBVM (92.3%).Theperformanceain obtained
by the useof a non-linearkernelfor an SVM motivatesthe
futureintegrationof anon-linearkernelin our approach.

5.3. Browsing

Unlike low-level featuredimensionstheindividual dimen-
sionsof thesemanticspaces aremeaningfulto theuserand
are suitablefor databasérowsing and visualisation. De-
pendingon the userselectedaxes of visualisation,images
with the samesemanticaregroupedn the sameregion of
the browsing space.The applicationsof this browsingtool
could be to provide the overview of a databaser to shav
theuserthetop-ranledresultsof animagesearchengine.
Visualisationcan be performedin ary 1-, 2- or 3- di-
mensionakubspacef the C-dimensionakemanticspace.
We found the 2-dimensionatepresentatioto be the most
effective. In gure 2, we show the entirecontentof the 520
imagetestdatabasalongtwo of the eight axes: the road
axis (horizontal)andthe tree axis (vertical). The axesare
centeredat the thresholdvalues(t; oag ; tir ee). |IMmagescor-
respondingo treesare on the upperpart of the planeand
imagesof roadsontheright part. Imageswhich neithercor-
respondo treeor roadlie in the lower left part. Note that
thehighclassi cationperformancén thesemanticspacee-
portedin the previoussectionguaranteethe consisteng of

4libsvm toolbox: http://www.csie.ntu.edu.tw/&jlin/libsvm/

thevisualisation.Screenshotsf projectionsalongall axes
areavailableonline®.

A tree

(t road’ttree)l road

Fig. 2. The520testimagesaredisplayedin theroad treesub-
spaceof the semanticspace(seetext).

6. CONCLUSION AND PERSPECTIVES

We presentedhe SemanticDiscriminant Mapping which
mapsa featurespaceinto a low dimensionakubspacéthe
semanticspace). In this new featurespacea very simple
multiclassclassi er was proposedwith equialent perfor
manceo anSVM. Sinceeachimagecoordinateorresponds
to aclassmembershigikelihood,a large setof imagescan
bevisualisedn this spacdn ameaningfulway for theuser

Futhermoref we view this semanticspaceasanew low
dimensionafeaturespacein which dataareoptimally sep-
arated,it shouldbe suitablefor otherimageanalysisprob-
lemssuchasimageretrieval. We areinvestigatingthe inte-
grationof anon-linearkernelin our SDM.
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