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ABSTRACT

We presenta new evaluationmethodologyanda featureextractionschemefor segmentationalgorithmsin the context
of photo-interpretation.The novelty of the proposedmethodologyis that subjective evaluationmarksare involved in
thedeterminationof the featuresubspace.In fact,our aim is to determinefeaturesin alignmentwith theperceptionof
photo-interpreters,alternatively calledpsychovisual features.The proposedmethodologywasappliedto the detection
of building targetsin aerial images. More speci�cally we consideredthe delineationof polygonalbuildings in semi-
urbanareason IKONOSimages(1 meterresolution).We determinedfrom the images,concurrently, variousobjective
performancemeasuresandcollectedvotesof a jury of evaluators. The methodologyto �nd the concordancebetween
objective featuresandsubjectivemarkswasthecanonicalanalysisof tables.

1 INTRODUCTION

A plethoraof imagesegmentationalgorithmshave been
advancedin thelastdecades,andtheirvarietyis still onthe
increase.Thereis thereforeaurgentneedfor techniquesto
assessobjectively themeritsandperformanceadvantages
of thesealgorithmsin the context of variousvision tasks.
A seminalwork in this directionis themethoddeveloped
by Zhang(Zhang,1996),which is basedon the accuracy
of featuremeasurementsof thesegmentedobjects.

In thetaxonomyof methodsfor theevaluationof segmen-
tationalgorithmsseveralapproachescanbedistinguished.
Oneclassof a priori methods(Ji andHaralick, 1999)try
to predict the algorithmic performancevis-�a-vis generic
inputs, before any implementation. Another classof a
posteriori methodsneedthe actual output of algorithm,
anduse,in the absenceof ground-truthreference,'good-
nessof segmentation'measures(HuangandDom,1995).
Thesemeasuresare basedon the characterizationof the
outcome,suchas, the consistency of featureswithin the
segments,smoothnessalongthecontoursor high contrast
acrossthe boundaries.However the mostcommoneval-
uation methodin the literaturerelies on the discrepancy
measuresasin (KanungoandHaralick,1995),thatis, the
differencesbetweenanidealsegmentationmap,calledthe
”ground-truth”andtheactualsegmentationoutcome.The
typical differencecriteria are missedobject pixels, false
alarmpixelslocalizationerrors,mismatchof edges,shape
discrepancy etc.

It is morerelevant to evaluatethe usefulnessof an image
segmentationalgorithm in the context of a speci�c task
ratherthantry to addressthegeneralsegmentationperfor-
manceissue. A casein point is the photo-interpretation
of aerialimageswherewe want to assesshow muchspe-
ci�c algorithmsand/orfeaturesaid in the completionof
vision tasks. In suchvision tasksastargetdetection,bat-
tle damageassessment,delineationof buildingsandman-
madeobjects,thesegmentationmaprepresentsaninterme-
diatelevel intelligenceto the humanoperators.It is then
necessarythat the delineationof the objectsand the fea-
turesemphasizedbe in concordancewith the expectation

of the photo-interpreters,hencesatisfy humanvision re-
quirements.

In thiswork welimit our taskto theextractionof buildings
in aerialimages.We �rst exploretherelevantfeaturesthat
characterizebuildings in aerial images,with the ultimate
goal of identifying the “psycho-visual” features,which
arelargelycorrelatedwith thephoto-interpreters'attention
mechanisms.In other words we introducea perceptual
dimensionwhenwe evaluatetheperformanceof segmen-
tationalgorithmsin termsof ”what thephoto-interpreters
preferandjudgeasrelevant”.

Theorganizationof thepaperis asfollows. In Section2 we
explain the framework of applicationand the motivation
for asegmentationevaluationmethodology, wherehumans
arein the loop. The proposedmethodologyis detailedin
Section3. Resultsof theselectedfeaturesandtheirvalida-
tion againstthefeedbackreceivedfrom photo-interpreters
aredetailedin Section5. Finally Section6 draws thecon-
clusions.

2 PROBLEM STATEMENT

Interpretationand annotationof aerial imagesis an im-
portanttaskin variousmilitary andnon-militarycontexts.
We intend to establishthe quali�cations of a segmenta-
tion algorithmjudgedto beaneffective tool by thephoto-
interpreters. Since the algorithmsare quali�ed accord-
ing to theirgoodness-of-segmentationfeatureswehavere-
ceived feedbackfrom photo-interpretersin termsof their
subjectivequality judgements.

We aim to assesssegmentationalgorithmsbasedon the
understandingof the reasoningof photo-experts,thatwill
mimic thehumanjudgmenton thequality of anextracted
object.In otherwordsthesimilarity of thetwo objects,the
ground-truthobject in the sceneand the actualextracted
object,will bebasedon humansimilarity assessment.For
instance,humanjudgementis more sensitive to a false
sharpprotuberancefrom an object, albeit small in pixel
count,thanto thatobject'sdilation,sothatthesimpletotal



of misclassi�edpixels may not be after all a goodqual-
ity measure.We expectthatthedifferencescoreattributed
by the evaluationalgorithmmustwell re�ect the subjec-
tively perceived differences. Obviously a simple pixel-
to-pixel comparisonof theexperimentalandground-truth
segmentationmapsmayprovevery inadequate,sincethey
aredevoid of operator's perception,betweenthe ground-
truthandtheactualobject.

2.1 The Tverskian approach

A measurewhich takessubjective assessmentof similar-
ity into accountis the “featurecontrastmodel” �rst pro-
posedby Tversky (SantiniandJain,1999). In the Tver-
skian approach,objectsare characterizedby a set of bi-
nary attributes,and (dis)similarity is measuredin the at-
tributespace,relying on thenotionof psycho-visualsimi-
larity. Tversky considersseparatelytheeffect of matching
featuresbetweenobjectsas well as the aspectsin which
they differ. They arerepresentedby binaryvaluesso that
stimuli of theperceiver arecharacterizedby thepresence
or absenceof thesefeatures.

However it is cumbersometo representsuch numerical
(non-categorical)values.Furthermorein computervision
onecannotusuallyobtainbinary featuresdueto noisein
measurements.This haslead Santini et al. (Santini and
Jain,1999)to introducetheuseof fuzzy predicatesin the
contrastmodel.Sothesimilarity betweentwo fuzzysets
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et � correspondingto measurementsmadeon two images
(for example
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: measurementson theground-truthand �
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where
�




is themembershipfunctionof the ,.-0/ predicate,
and1 is thenumberof predicatesmeasuredon images.

2.2 The proposedapproach

In an effort to establishsegmentationfeaturesrelevant to
the human judgementwe use the methodof canonical
analysisof tablesbetweentwo featurespaces.One fea-
turespaceconsistsof objective featuresof thesegmented
”building” object;theotherfeaturespaceconsistsof sub-
jective featureson the sameobject,expressedcategorical
quality pointsgiven by people. We transformonespace
toward the otherto renderthemas”parallel” aspossible.
Thedegreeof parallelismachievedis ameasureof therele-
vanceof featuresetcombinationsto thehumanjudgement.
Presentlyour approachis not basedon fuzzy membership
functionsasin (SantiniandJain,1999)but onpredictabil-
ity of onesetof variables(subjectivevotes)by theanother
set of variables(objective features). Thus the similarity
measureis a linearcombinationof featurevalues.

We deal with IKONOS images(1 meter resolution)of
semi-urbanareasandthetaskto delineatepolygonalbuild-
ings.Two categoriesof objective featuresareconsidered:
featuresspeci�c to thegeometryof buildings,calledintrin-
sic features,andfeaturesrelatedto theappearancemodels,
thatis thegray-level contextual information,calledextrin-
sic features. In the �rst set, we focus on form and size
(a rectangularand/orbig blob is more signi�cant than a
small and/ornon-rectangularone),parallelismof the op-
positesides,numberof corners,regularity of edges,(e.g.,
a closedandsmoothcontouris moresigni�cant). In the
secondsetwe payattentionto theshadow effectsnearthe
edges,gray-level uniformity insideandcontrastwith im-
mediatesurroundingetc..

3 FEATURES OF BUILDINGS IN AERIAL IM-
AGES

The setof intrinsic andextrinsic segmentedbuilding fea-
tureswe considerarelistedbelow. In whatfollows 2 will
denoteasegmentedgenericbuilding region.

3.0.1 The intrinsic features Thesefeaturesare mea-
suredvis-�a-vistheground-truthdata:

1. Theelongationindex, 354

�

2�� (CosterandChermant,
1985),of asegmentedregion ( 2 ) is de�ned as:
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where
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2�� is thegeodesicdiameterof 2 and4
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is its area.Note that for a disk its valueis minimum
andequalto 1. The elongationindex canbe instru-
mental in distinguishing,for example, a “U form”
from a rectanglehaving thesameperimeterandarea.
A casein point wouldbea multi-wingedbuilding.
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where 1

�

2?� is the perimeterof the boundaryof 2 .
Recallthat @

�

2��<	BA for a disk,andgoesto zerofor
veryelongatedformsor regionswith severelyjagged
edges.

3. The boundingbox CDC

�

2?� (Costerand Chermant,
1985) is constructedalong the inertial directionsof
the extractedregion. Two featureshave beenex-
tractedindicatingthe degreeof rectangularityof the
region. The �rst oneis theexcessdifferenceandthe
secondone is the excessratio, respectively, of the
building pixelsandof its bounding-boxpixels:
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4. Objectsymmetry:Man-madeobjects,like buildings,
have usuallystrongsymmetryproperty. We adapta
measureintroducedin (Colliot et al., 2002)by com-
puting the symmetryscorefor differentpositionsof
thesymmetryaxis(

�

) passingthroughthecentroid:
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where
���
�

denotesthecardinalityof a set,and
� � �

2?�

is the mirror re�ection of the set 2 with respectto
the

�

axis. The measurecountsthe numberof pix-
els thathave a symmetriccounterpartwith respectto
the

�

axis.Onesearchesfor theoptimumorientation
of theaxis,which correspondsto thepositionwhere
the maximumnumberof pixels have their matching
counterpartsacrossthe
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2?�+� axis. For a rect-
angletwo maximaarefoundlocatedat �
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with amplitude4

� and 4
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. Thenwederive two mea-
sures:
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where #

��$

denotestheground-truthvalues,and
"

is
thepositivepartof thefunction.

5. Histogramdifferences: We expectthehistogramof a
correctlysegmentedobjectto follow verycloselythat
of its ground-truthobjecthistogram.Low resolution
histograms,% , with only 16 graylevels,werecalcu-
latedsincethedataavailablefrom smallobjectsmay
be very limited. The discrepancy betweenthe gray-
level histogramsis estimatedby usingthe &

;

and
:

;

metrics(Erdemet al., 2001),normalizedto therange
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where F 	 A�G denotesthe numberof bins in the
histogram, the scaling parameters

G

� and
G

;

are
used to normalize the data when the total num-
ber of elementsin the two histogramsaredifferent,
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3.0.2 The extrinsic features The extrinsic featureset
deals with appearanceof the object, and not with its
ground-truthedgeometriccharacteristics.They penalizeor
rewardthegenericgoodnessof thesegmentedregion.

1. Theuniformity andcontrastof thesegment:We intu-
itively expectthat a segmentedobjectbe “more uni-
form” ascomparedto the”its surroundings”.We ob-
tain the surroundingregion T2 as the dilation of the
object's boundingbox, shown in �gure 1 (pixels in
white). The notionsof ”object uniformity” and of
”objectcontrast”arequanti�ed asfollows
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where
�

X and
V

;

X are the meanandvarianceof the
object.

Figure1: A segmentedform (rectanglein black) and its
surround(in white)obtainedby dilating its boundingbox.

2. Contourregularity: Wede�ne thisnotionasthemean
absolutecurvatureas in (Chasseryand Montanvert,
1991):
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where1 is theperimeterof theboundaryand
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is the
fourth ordercurvature(see�gure 2) of the ,.-0/ edge
pixel.
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3. Object contrast: Well segmentedobjectsmust have
distinct gray levels with respectto the background.
In the de�nition of contrast,given in (Erdemet al.,
2001)onecomputesthemeangrey level over blocks
'just inside' ( T

=

/

X ) and'just outside'( T

=

/

W

X ) for
C

points
regularly spacedalong the boundary. Theseblocks,
typically 3x3 or 5x5, 'just inside' and 'just outside'
are drawn on the two sidesof the

C

normalsto the
boundary.
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where] is thenumberof normals.

4 METHODOLOGY

In order to selectfeaturesof buildings in aerial images
that areboth statisticallydiscriminating,andat the same
time judgedrelevant by photo-interpreters,we �rst build
a ground-truthedsegmentedimagedatabase.Thenwe ob-
tain the subjective scoresby having evaluatorsto vote on
their quality. Theevaluatorsview thedisplayedsegmenta-
tion outcomefrom algorithmssideby sidewith their orig-
inals.Concurrentlyweextractfrom thesegmentedimages
andtheirground-truthsobjectiveperformancescoresbased
on featuredifferencesas in Section

�

. Finally we carry
outacanonicalanalysisof subjectiveandobjectivequality
scoresin orderto obtainthe bestpossiblematchbetween
thesetwo tablesandthusdeterminetherelevant”psycho-
visualfeatures”.Thedetailsof theproposedmethodology
aredescribedin thefollowing paragraphs.

4.1 Construction of the SegmentedImageDatabase

We have selectedfour characteristicsegmentationalgo-
rithms.Thesebelongto thesegmentationparadigmsbased
on imagediscontinuity, imagesimilarity andfeature-space
clustering. Several varietiesof eachalgorithm were ob-
tainedby adjustingtheir parameters.We used1) a split-
and-mergealgorithmby Suk(SukandChung,1983)(three
parametersto be set) ; 2) the Canny-Dericheedgedetec-
tor followed by hysteresisthresholdingandedgeclosing
(four parametersinvolved) ; 3) a feature-spacealgorithm
thatuseswatershedsof theimagehistogram,smoothedby
a multi-fractalmeasure(Kam,2000)(four thresholds); 4)
an imagesimilarity algorithm,theseededregion-growing
algorithm(Gagalowicz andMonga,1985)(oneparameter
involved).

As imagematerial,we have chosenninesub-imagesfrom
anIKONOSimage(1 meterresolution)of theareaof Al-
giers. The scenesarerich with polygonalbuildings. For
eachimagewe have establishedthegroundtruth by man-
ual tracingwith a photo-interpretertool. Using different
settingsof theparametersof theabovesegmentationalgo-
rithms we obtainedin total 160 segmentationoutcomes.
Seven of nine imageshave beensegmented,each,with
20 variationsof thesegmentationalgorithmswhile two of
themwith only 10 versions. This gave us a total of 160
(= 20*7 + 10*2) segmentedscenesto bevotedon(Letour-
nel,2000). In thesequelwe will referto thesegmentation
resultobtainedwith a givenalgorithmanda givenparam-
etersettingsimplyas”segmentation”.

4.2 Subjectivesegmentationmeasures

A groupof subjectsevaluatedthesetof segmentedimages
andgave their assessmentmarks. The markswerein the
[-2, 2] range,going from the lowestquality mark of '-2'
as “unacceptable”to '+2' meaning“near perfect”. The
subjectscould view side by side the segmentedtest im-
ageandits “perfect” ground-truthsegmentedversion.An
instanceof the test imageis shown in �gure 3 (edgesare

Figure3: A segmentedimageto bemarked(edgesarepre-
sentedin white).

Figure4: Ground-truthsegmentationusedasreferenceto
marksegmentationon �gure 3 (edgesarein white).

in white) and its referenceimagein �gure 4. To avoid
any fatigueeffectson the voterswe decidedto partition
thesegmentationdatabaseof 160 imagesinto 4 groupsof
40 images. Eachvoter wasrandomlyassignedto oneof
these4 groups.Wemadesurethatgroupsareformedof an
fair distributionof “good” and“bad” segmentations.

4.3 Elaboration of the featuresspace

Wehave�rst usedtheprincipalcomponentanalysis(PCA)
onthesubjectivefeatures,with thegoalof ascertainingthe
coherenceamongthe evaluators. Secondlywe have ap-
plied PCA to theobjective featuresto understandif there
wouldbeamoreappropriatesubspacedescribingthem.Fi-
nally westudiedthetwo sets(objectiveandsubjectivefea-
tures)jointly usingCanonicalAnalysis (CA). Recall that
the aim of this particular statistical tool (CA) (Saporta,
1990) is to put into evidenceany linear relationshipthat
mayexist betweentwo setsof quantitative measurements
on thesameevents.

More formally when ] eventsaredescribedby two setsof
variables(respectively, of dimension1 and � ), onesearches
for a linearcombinationof variablesof set1 ( \ ) anda lin-
earcombinationof variablesof set2 ( @ ) thatarethemost
correlatedwith eachother. In our context thesetwo sets
are obviously the set of objective featuresmeasured( \ )
andthesetof marksgivenby evaluators( @ ). The ] obser-
vationsconsistof the40segmentationsin eachgroup,each
takingplacein �

^

. NoticethattheCA is runseparatelyfor
eachoneof thefour groups.Let'sdenoteby ���

�

�D�L�

�

��� the
objective featuremeasurements,wherep = 12 andcom-
ponent�	� is the ,.-0/ feature. All this datais organizedin



a ] x1 matrix
�

. Similarly let ���

�

�L�D�

�

��� denotethe sub-
jectivefeatures,representingthemarksof the � evaluators,
where � 	 A

(

, whenwe also take the photo-interpreters
votesinto account.All thesubjective datais organizedin
a ] x � matrix � .

To comparethetwo sets,we calculatelinearcombinations
of themeasurementsin set1 andset2 :
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wheretheprojectionvectors(
�

and� ) areto bedetermined
by maximizingthesquaredcanonicalcorrelationbetween
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and 	 undertheconstraintthat
�

and 	 areunit normvec-
tors.
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associ-
atedwith the sameeigenvalue. Whenthe �rst coupleof
canonicalfeatures(

�

� ,	

� ) hasbeenfound,weproceedthen
to the following couple(
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;
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;

) so that their correlationis
thenext largestin order, while at thesametime
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and
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;(respectively 	

� and	
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) havezerocross-correlation,andso
on for

���

, 	

�

. . .Fromageometricalpointof view, on�nds
that

�

*

�

� is thecosineof thesmallestanglebetweenspaces,
respectively generatedby the columnsof

�

and � . The
canonicalanalysisproblemcanbe comparedto theprob-
lem of multiple regression(for moredetailssee(Saporta,
1990)).

To choose# featuresamongthe 1 calculated,we usedthe
redundancy criterionproposedby Thorndike (Tinsley and
Brown, 2000). Let's call asintrasetloadingsthe correla-
tions of the observed variablesin set \ with its canoni-
cal featuresandasintersetloadingsthecorrelationsof the
observedvariablesin set \ on the canonicalcomponents
of set @ . Drawing on principal componentthinking, we
canset an analogybetweenthe eigenvaluesof PCA and
the sum of squaredintrasetloadingsof the variableson
a canonicalcomponent.The latter is the amountof vari-
anceof thesetthat is accountedfor by thecanonicalvari-
ate of that set. This quantity, divided by the numberof
variables,producesthe proportionof variancein the set
that is accountedfor by thecomponent,denoted����� , for
the

C�� �

componentof set @ . Let's recall at this moment
that the squaredcanonicalcorrelation( *

;

/ ) is the propor-
tion of a canonicalcomponent'svarianceaccountedfor by
thepairedcomponentin theotherset. Thereforethepro-
portionof variancein set \ accountedfor by the

C!� �

com-
ponentof set @ is :
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5 RESULTS

5.1 PCA of the subjective features

We formeda heterogeneousjury of 32 evaluatorsdiffer-
ing in their expertiseand familiarity with images. Some
of themwerenot from imageprocessing�eld (like secre-
taries. . . ), othersaredoctoralstudents,technicians,pro-
fessors,yet otherswere infraredor radarimagesdomain

experts. In addition each of 4 photo-interpretershave
marked2 groupsof images.In the �nal analysiseachim-
agehasendedup receiving 10 marks.They weresummed
up in 4 matrices(correspondingto thefour groupsde�ned
in Section4.1) of

>6(

x # elements.An element$

/




corre-
spondsto themarkgivenby the

C

-0/ evaluator(
C

	 A

�

�L�L�

�

# )
to the ,.-0/ image( , 	 A

�

�L�L�

�+>6(

).

Sincenot every imagewasmarkedby everyevaluator, the
PCA on the subjective featureshad to be carriedout in
groups. We have observed that the �rst PCA axis carries
about80 % of the inertia for all groups. It represents,in
fact,thebaselineof consensusof theevaluators.Weshould
notethatthedatafrom thephoto-interpretershasnot taken
placein thiscomputation,but theirmarkvectorshavebeen
subsequentlyprojectedon theprincipalaxesfor validation
andarealsohighly correlatedwith the �rst axis. Thesec-
ondcomponentcanbeinterpretedasportrayingthediffer-
entialbehavior of theevaluators,that is their tendency for
severeor tolerantvoting (a “severe” evaluatorgivesmuch
easilyanegativemark). In �gure 5 weshow thecoordinate
axes & A

�

&

�

of the�rst two largesteigenvectorsof group1,
andthe projectionof the group's mark vectors. All three
groups1,3,4havesimilarprojections,whereasthegroup2
behavior differsontheverticalaxis.Oneexplanationcould
bethatthisgroup2 hasarelatively largerproportionof in-
experiencedevaluators.Indeedthesecondcomponentaxis
for thisgroupseemsonlydifferentiatinginexperiencedand
experiencedevaluators.Let's notethat the principal axes
donothavenecessarilythesameinterpretationfrom group
to group.

-1 -0.5 0 0.5 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

u1

Cercle de corrélation

u2

v 1
v 2
v 3
v 4
v 5
v 6
v 7
v 8
v 9
v10

Figure5: Projectionof mark vectorsof the 8 evaluators
(v1 to v8) andthe 2 experts(v9 andv10) for group1 on
theprincipalPCAaxes.

5.2 Canonical analysisof the objectiveand subjective
features

As in theprecedingPCAcaseof subjectivescores,we im-
plementthe canonicalanalysisper group. Our goal is to
�nd thesubsetof featureswhichis themostcorrelatedwith
thebaselineof consensusof theevaluatorsfoundwith the
PCA.

As we do not know a priori the cardinality # of the the
subset,we carryout anexhaustivecanonicalanalysis.For
eachvalue #('

'

A

�

1 ( , we try all possiblecombinationsof #

featureschosenamong1 , andweruntheCA onthissubset



and @ , andwe determinethe canonicalfeature 	

/ which
maximizes � � � (and thusrepresentsthe baselineof con-
sensus)andtheredundancy

G1� *!"

� . We keepthesubsetof
featureswhich maximizes

G1� * "

� , amongall the possible
combinations(theprocesstakeslessthan15 minuteson a
333MHz processor).We show for eachgroupon table1

# Features
G1� * "

�

G1 5 3 � , @ , @ Y , �

�

� ,
* @

;

0.59
G2 7 3 � ,

E

,
G

,
* U

� , @ Y , �

�

� ,
*A+a-

0.37
G3 10 3�� ,

E

,
G

,
* U

� ,
* U

;

, @ Y ,
*

� , �

�

� ,
*,+ -

,
*A@

;

0.68

G4 8 3 � , @ ,
E

,
G

, @ Y ,
*

� ,
*,+ -

,
*A@

;

0.64

Table1: Featuresubsetswhichmaximizeredundancy.

the featuresubsetthatmaximizesthe redundancy andthe
valueof the redundancy criterion. Groups3 and4 have
the highestscores,so one can claim that the subjective
and objective featuresare substantiallyrelatedalong the
�rst canonicaldimension.But thisextentof agreementbe-
tweennumericalfeaturesandevaluatorscannotbereached
for group2, whichshowsquitea low redundancy score.

Whenwe comparethebehavior of themeanof themarks
(recall that thePCA hasrevealeda 1-dimensionalevalua-
tor space)and that of the canonicalfeatures,we observe
thatsomesegmentationscausegreatdiscrepancy. In sim-
plerwordsfor theseimagesthenoteof theevaluatorscan-
not be predictedbasedon the chosenfeatureset. Thus
we developeda procedureto eliminatesegmentationsthat
causecon�icting votesamongtheevaluatorsandkeptonly
the consensusimages,that is thoseimagesthat received
the samerelative rankingfrom all the evaluators.CA re-
sultswith the prunedconsensussetareshown in table2.
This secondtablerevealsa greatimprovementboth in the

# Features
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,
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;

, @ Y ,et
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� 0.73
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*��
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;

0.79

G4 7 3 � ,
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� ,
*

U

;
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Y ,

*

� ,
*A+

-

et
*,@

;

0.80

Table 2: Featuresubsetswhich maximize redundancy
(learningon imagesof consensus).

consistency betweentheselectedfeaturesacrossgroupsas
well asin theredundancy marks.While groups1, 3 and4
show this improvement,group2 remainsstill a poor pre-
dictor of evaluatormarksfrom thefeatures.Hencewe re-
movedthis groupfrom therestof theexperiment.

Thuswe getthreepsychovisualfeaturesubsetswhichpre-
dict thevoteof theevaluatorsreasonablywell. Onemethod
to collapsethesethreesetsto one“best” setwould be to
usecross-validationacrossgroups. For examplewe use
thefeaturesetof group1 anduseit on predictingthedata
of theothertwo groups,i.e.,groups3 and4, andcalculate
the redundancies

G1�
*

�

3��

�

@

�)E �+G �
*,U

;

�

@ Y

�
*

�

� on these
groups. We repeatthis calculationsimilarly for the other

two featuresets.Thenwetaketheaverageof theredundan-
ciesof eachfeatureseton the threesegmentationgroups,
andchoosethelargestone.

6 CONCLUSION

We have presentedthe framework for a new featureex-
tractionmethodfor a task-orientedsegmentationthatcom-
binesboth the statisticalpropertiesof imagefeaturesand
segmentationquality assessmentsof a jury. The method-
ology hasbeenappliedto the taskof segmentationbuild-
ingsin medium-resolutionimages.Thisstudywasthe�rst
stepfor theextractionof psychovisualimagefeatures.The
work will continueto build membershipfunctionsof fea-
turesin a Tverskiancontext.
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