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ABSTRACT

We presenta new approachbasedon DiscriminantAnal-
ysis to map a high dimensionalimagefeaturespaceonto
a subspacewhich hasthe following advantages:1. each
dimensioncorrespondsto a semanticlikelihood,2. anef�-
cientandsimplemulticlassclassi�er is proposedand3. it is
low dimensional.Thismappingis learntfrom agivensetof
labeledimageswith a classgroundtruth.In the new space
a classi�er is naturallyderived which performsaswell as
a linearSVM. We will show thatprojectingimagesin this
new spaceprovidesadatabasebrowsingtoolwhichismean-
ingful to theuser. Resultsarepresentedonaremotesensing
databasewith eightclasses,madeavailableonline.Theout-
putsemanticspaceis alow dimensionalfeaturespacewhich
opensperspectivesfor otherrecognitiontasks.

1. INTRODUCTION

Recognisingobjectsandtexturesbasedon their visual ap-
pearanceis a challengingtaskbecausethecorrespondence
betweenthe visual featuresof an imageandits associated
meaningis oftenambiguous.

In thecontext of remotesensingimageryhugeamounts
of dataare producedfor variouspurposesincluding mo-
saicing,terrainclassi�cation, or the detectionof changes,
anomaliesandmanmadestructures.We focuson theprob-
lem of recognitionof varioustypesof manmadeentitiesas
well asdifferenttypesof vegetation.Thisproblempresents
variouschallengesdueto thehighheterogeneitybothwithin
andacrossclasses.The within classheterogeneityis due
to thedifferenceof acquisitionprocess,orientation,andin-
trinsic appearance.On theotherhandsomeclasses,aswe
will see,canbeverysimilar (suchasgrassand�elds) while
someothersareof differentnature: the vegetationclasses
tendto relateto textureswhile themanmadeonesrelateto
objects.In thiscontext, choosinganadequatesetof features
to discriminatebetweentheseclassesis dif�cult. Indeedour
intuition would suggestthatdifferenttypesof featuresmay
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beusefulin differentcases:for example,structureor color
featuresto discriminatemanmadeversusvegetation,color
for grassversusriver, texture for grassversustrees. This
relatesto thefeatureselectionproblem.Basedon discrimi-
nantanalysis,thepresentedmethodhandlestheproblemof
�nding theoptimalweightingof thefeaturecomponentsto
discriminateeachclassagainsttheothers.

Let us considera set of imagesmanuallyassignedto
C classesof interest.We introducea mapping,referredto
asSemanticDiscriminant Mapping (SDM), from theim-
agefeaturespaceinto aC-dimensionalsubspacereferredto
asthe semanticspace. In the semanticspace,eachof the
C dimensionsdiscriminatesbetweena given classandthe
others.Along eachdimensiona one-classpredictorfor the
correspondingclasswill bebuilt andthecombinationof the
predictorswill result in a multi-classclassi�er. The com-
ponentvalueson thosesemanticdimensionsgive a classi�-
cationscoreandcanbe usedto displayan imagedatabase
contentwith thesemanticdirectionsof interest.

In section2 we give an overview of all the imagefea-
turesused.TheSDM is presentedin section3. In section4
wewill introducethemulticlassclassi�er whichoperatesin
thesemanticspace.Resultsarepresentedin section5, and
conclusionsin section6.

2. COLOR, TEXTURE AND STRUCTURE
FEATURES

Sincethe natureof the imageswe want to classify is very
heterogeneous,varioustypesof featuresmustbeintegrated
to achieve a good recognitionrate. We thereforebuild a
big featurevectorto characterisethe imagecontentwhich
consistsof theconcatenationof differentcolor andtexture
features.Sinceour methodcanuseany typeof featurevec-
tor, we give only anoverview of thefeaturesinvolved. Our
textureandstructuredescriptorsarebasedon theDualTree
Complex Wavelet Transform(DTCWT) [1] computedon
four levels. They involve centralmoments,histogramsand
a new feature,the Inter-Level Product(ILP) describedin
[2]. The entire featurevectordescriptionis comprisedas
followswith eachsubfeaturedimension:



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

� texture: DTCWT magnitudemean,variance,skew,
kurtosis,anddirectionalstatistics(36 for all 4 levels)

� structure: 4-bin ILP magnitudehistogram(16 for all
4 levels),mean,variance,skew andkurtosisof the4-
bin ILP magnitudehistogram(16 for all 4 levels),4-
bin ILP histogramof genericstructures(edges,ridges,
...) (16 for all 4 levels)

The total dimensionof the featurevector is p = 310.
Thisoriginalfeaturespaceis denotedasF . Eachdimension
is normalisedsothatthemeanover thedatasetis zeroand
thestandarddeviation is one.

3. SEMANTIC DISCRIMIN ANT MAPPING

ThefeaturespaceF containsvarioussubfeatureswhichwe
thoughtrelevant for our remotesensingrecognitionprob-
lem. In this context, DiscriminantAnalysis [3] is a sim-
ple andpowerful techniqueto projectdatainto a reduced
dimensionalspacein which the data are optimally sepa-
ratedgiven a setof labeledimages.The implicit effect of
thetransformationis to assignvariousweightsto eachfea-
turedimensiondependingontheir relevanceto discriminate
eachclass.

However a matrix singularityproblemcanarisein the
discriminantprojectionif the numberof samplesis lower
than the featuredimensionand/orif somefeaturedimen-
sionshavenear-zerovariance(typically histogrambins).To
circumvent this drawback Swetsand Weng [4] proposed
projectionof the datawith PrincipalComponentAnalysis
(PCA) beforediscriminantprojection. Although our dis-
criminant projectiondiffers from theirs we usetheir idea
of performinga prior PCA projectioninto an intermediate
space,denotedas F P C A . In this sectionwe give a brief
overview of PCA andFisherDiscriminantAnalysis(FDA)
transformationsandthenpresentourC-FDA transformation
to performmulticlassdiscriminantanalysis.TheSDM is in-
troducedascombinationof PCAandC-FDA transforms.

3.1. PCA and FDA transformations

Given a set of p-dimensionalfeaturevectorsf x i g in F ,
PrincipalComponentAnalysis �nds a subspaceF P C A of
dimensionp0 � p whosebasisvectorscorrespondto the
maximumvariancedirectionsof X = [x1:::xp]. If we call
M P thep� p0matrixof thelineartransformationfrom F to
FP C A , thentheprojectionof x into thisnew spaceis M t

P x.
Thecolumnsof transformationmatrixM P = [e1:::ep] con-
sistof theeigenvectorsei obtainedfrom theeigenvaluede-
composition� i ei = (X X t )ei , whereX X t is the covari-

ancematrixand� i theeigenvalueassociatedwith theeigen-
vectorei . The� i aresortedin decreasingordersuchthate1

correspondsthe directionof maximumvarianceof X and
ep to theoneof minimumvariance.We chooseto keepthe

�rst p0 dimensionssuchthat
P p0

i =1 � i � 0:9999
P p

i =1 � i .
WedenotethePCAtransformationasM P : F 7! FP C A .

UnlikePCA,which�nds thedirectionsthatcapturemost
of thefeaturevariance,FDA �nds thedirectionw thatbest
separatethe features[3]. In the two classcase,we assume
thefeaturesx belongeitherto theclassCor C0. An optimal
vectorw mustmaximisethefollowing criterionJ :

J (w) =
j wt SB w j
j wt SW w j

(1)

wherej : j denotesthematrixdeterminant,SB thebetween-
classscattermatrix andSW thewithin-classscattermatrix
de�ned asfollows:

SB = (m � m0)(m � m0)t (2)

SW = Mean
x 2C

(x� m)(x� m) t + Mean
x 2C 0

(x� m0)(x� m0)t (3)

wherem = Mean
x 2C

[x] andm0 = Mean
x 2C 0

[x] aretherespective

meansof featuresin classesC andC0. A solutionof this
maximisationproblemis givenby:

w = S� 1
W (m � m0) (4)

In this case,FDA builds a mappingfrom the featurespace
to a1-dimensionalsubspace.

3.2. The C-FDA transformation

We introducea new transformation,calledC-FDA, to per-
form discriminantanalysisin themulticlasscaseandwhich,
unlike Multiple DiscriminantAnalysis (MDA)[3] 1, deter-
minesa new featurespacein which eachdimensioncorre-
spondsto aclassmembershiplikelihood.C-FDA consistsin
performingan FDA C timesto discriminatebetweeneach
classCd and the other classes.For eachclassCd, C des-
ignatesCd andC0 designates[ d06= dC0

d with section3.1 no-
tations. Thusfor eachclassCd we get from formula (4) a
vectorwd de�ning the directionof optimal separationbe-
tweenCd andtheotherclasses.In our approach,sincethe
featuresare�rst transformedwith PCA, C-FDA is applied
in FP C A of dimensionp0. SotheC-FDA transformationis
de�ned by thep0 � C matrix M F = [w1:::wC ]. Theoutput
spaceS is C-dimensionalandcalled the semanticspace.
The transformationof a vectory in F P C A is thenwritten
M t

F y in S.

1AlthoughMDA dealswith multiclass,it is notsuitablefor ourproblem
sincethe dimensionsin the transformedspacearenot directly associated
with aclass.MDA �nds a lineartransformationfrom F to aC � 1 dimen-
sionalsubspacewhichoptimally separatesthedataglobally.



For classi�cationandbrowsing purposeswe �nd it conve-
nientto normalisethetransformedvaluesin S suchthat:

Mean
y2Cd

[wt
dy] = +1 andMean

y =2Cd

[wt
dy] = � 1 (5)

This is achieved by applying a linear transformation,de-
notedas TN , from S to itself which is straightforward to
compute.TN is calculatedon thetrainingdata.

3.3. SemanticDiscriminant Mapping

Now wede�ne theSemanticDiscriminantMapping(SDM),
denotedass. It is the full linear transformationfrom the
original featurespaceF ontothesemanticspaceS. It is the
compositionof the following transformations:PCA trans-
formation,thediscriminanttransformationandthenormal-
isation.Its expressionis thefollowing:

s :F 7! S

x 7! TN (M t
F � M t

P � x)
(6)

wheretheoriginalfeaturespaceF is of dimensionp andthe
outputsemanticspaceS is of dimensionC.

4. C-CLASS CLASSIFIER IN SEMANTIC SPACE

Themulticlassclassi�er is built asa combinationof scalar
predictorsin thesemanticspaceS. For eachdimensiond in
S, trainingdataareoptimally separatedin the linearsense
dependingonwhetherthey belongor notto classCd. Wede-
noteassd(x), thedth componentof thetransformof x in S.
Givenformula(5), if sd(x) is big thenx is very likely to be-
long to Cd. An imagewill bepredictedin Cd if its featurex
satis�essd(x) � td wheretd is athreshold.Wewantto �nd
theoptimal thresholdsf tdg which minimisetheclassi�ca-
tion error� d(t). We de�ne � d(t) asthesumof probabilities
of detectionof falsenegativesandfalsepositives:

� d(t) = P(sd(x) � t j x =2 Cd)+

P(sd(x) < t j x 2 Cd)
(7)

To determine� d(t), trainingdataaresortedwith respectto
their sd(x) values. For eachx, the two probability terms
in 7 arecomputedandtheoptimal thresholdtd is setat the
valueof sd(x) whichminimises� d(sd(x)) .

Themulticlassclassi�er f is de�ned by consideringthe
predictorwith thehighestclassi�cationscoremeasuredby
thequantitysd(x) � td. For eachx in F , f is de�ned by:

f (x) = argmax
d=1 ;:::;C

[sd(x) � td] (8)

5. RESULTS

In thissectionwedetailtheprocedureto build ourdatabase
for trainingandtesting.Wewill thenshow theclassi�cation
resultsandpresentabrowsingapplication.

5.1. Groundtruth databaseconstruction

Our1040aerialimagedatabasewasconstructedfrom seven
largeaerialimagesfrom Window ontheUK2. Weextracted
1457564 � 64 pixel subimageswhich weremanuallyas-
signedto oneof thefollowing eightclasses:building, road,
river, �eld, grass,tree,boat,vehicle(see�gure 1). In order
to have classesof the samesize,we kept 130 imagesper
classyielding 1040imagestotal. This imagesetwasthen
split into a training setanda testset,consistingof 65 im-
agesper class. So both training andtestdatabasecontain
520images.Wehavemadethisdatabaseavailableonline3.

Fig. 1. Eachcolumnillustratessamplesfrom aclass.Fromleft to
right: building, road,river, �eld, grass,tree,boat,vehicle.

In thepresentedresults,theSDM wasdeterminedonthe
training images. Classi�cation andbrowsing experiments
areconductedonthetestdatabaseaftertransformationwith
theSDM.

5.2. Classi�cation

The520imagesfrom thetestdatabasewereclassi�edin the
semanticspaceasdescribedin section4 (with p0 = 154).
Theclassi�cationperformanceis illustratedin table1 with a
confusionmatrixon theeightclasses.Sinceeachclasscon-
tains65 images,a diagonalvalueof 65 in thematrix indi-
catesaperfectclassi�cationfor thisclass.Fromthismatrix
theaverageclassi�cationaccuracy acrossall eightclassesis
89.4%for our method.In theconfusionmatrix,we seethat
the confusionerrorsmadeby our classi�er are consistent
with our perception. Indeed,the highesterrors(7 and 8)
occur in the discriminationbetweenperceptuallyambigu-
ousclasses:grassversus�eld andvehicleversusbuilding.
Indeed�eld imagesarevery similar to grassimagesexcept
they have a slightly perceptibledirectionaltexture. On the
otherhandbuildings andvehiclesboth relateto rectangu-
lar objectswith heterogeneouscolorswhenusinglow-level
features.Anotherencouragingobservationis thatmanmade
classes(building, road, vehicle, boat) are rarely confused
with naturalclasses(grass,river, tree,�eld) which is a de-
siredpropertyin remotesensinganalysis.

2http://www.bnsc.org
3http://www.eng.cam.ac.uk/˜jf330/GTDB/



classlabels bu. r. g. r. t. f. v. bo.
building 52 4 0 0 1 0 4 4

road 3 57 0 0 1 0 4 0
grass 0 0 55 2 1 7 0 0
river 0 0 1 64 0 0 0 0
tree 2 0 0 0 63 0 0 0
�eld 0 0 4 0 0 61 0 0

vehicle 8 3 0 0 1 0 52 1
boat 1 1 0 1 0 0 1 61

Table1. Confusionmatrixfor SemanticDiscriminantMap-
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 toolbox4. For the linearSVM theaverageaccuracy
acrossclasseswas89.2%. In thesameconditions,we also
trainedandtesteda non-linearSVM usinga gaussianker-
nel. The optimal hyperparametersof this classi�er were
found by grid-search. The averageaccuracy was 92.3%
acrossclasses.Notethatourclassi�erworksin thesemantic
spacewhile both SVMs weretestedin the original feature
space.Our classi�er hasan equivalentperformanceto the
linear SVM (89.4%versus89.2%)but is outperformedby
thegaussianSVM (92.3%).Theperformancegainobtained
by theuseof a non-linearkernelfor anSVM motivatesthe
futureintegrationof anon-linearkernelin ourapproach.

5.3. Browsing

Unlike low-level featuredimensions,theindividual dimen-
sionsof thesemanticspaceS aremeaningfulto theuserand
are suitablefor databasebrowsing and visualisation. De-
pendingon the user-selectedaxesof visualisation,images
with thesamesemanticsaregroupedin thesameregion of
thebrowsingspace.Theapplicationsof this browsingtool
could be to provide the overview of a databaseor to show
theuserthetop-rankedresultsof animagesearchengine.

Visualisationcanbe performedin any 1-, 2- or 3- di-
mensionalsubspaceof the C-dimensionalsemanticspace.
We found the 2-dimensionalrepresentationto be the most
effective. In �gure 2, we show theentirecontentof the520
imagetestdatabasealong two of the eight axes: the road
axis (horizontal)andthe treeaxis (vertical). The axesare
centeredat the thresholdvalues(t r oad ; t tr ee). Imagescor-
respondingto treesareon the upperpart of the planeand
imagesof roadsontheright part. Imageswhichneithercor-
respondto treeor roadlie in the lower left part. Note that
thehighclassi�cationperformancein thesemanticspacere-
portedin theprevioussectionguaranteestheconsistency of

4libsvmtoolbox:http://www.csie.ntu.edu.tw/c̃jlin/libsvm/

thevisualisation.Screenshotsof projectionsalongall axes
areavailableonline5.

  road   tree(t      ,t     ) road

tree

Fig. 2. The520 testimagesaredisplayedin the road� treesub-
spaceof thesemanticspace(seetext).

6. CONCLUSION AND PERSPECTIVES

We presentedthe SemanticDiscriminantMapping which
mapsa featurespaceinto a low dimensionalsubspace(the
semanticspace). In this new featurespacea very simple
multiclassclassi�er was proposedwith equivalent perfor-
mancetoanSVM. Sinceeachimagecoordinatecorresponds
to a classmembershiplikelihood,a largesetof imagescan
bevisualisedin thisspacein ameaningfulway for theuser.

Futhermoreif weview thissemanticspaceasanew low
dimensionalfeaturespacein which dataareoptimally sep-
arated,it shouldbesuitablefor otherimageanalysisprob-
lemssuchasimageretrieval. We areinvestigatingtheinte-
grationof anon-linearkernelin ourSDM.
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