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ABSTRACT

We presenta new evaluationmethodologyand a featureextraction schemefor segmentationalgorithmsin the context

of photo-interpretation.The novelty of the proposedmethodologyis that subjectve evaluationmarksare involved in

the determinatiorof the featuresubspaceln fact, our aim is to determinefeaturesn alignmentwith the perceptionof

photo-interpretersalternatvely called psychwisual features. The proposedmethodologywas appliedto the detection
of building targetsin aerialimages. More specificallywe consideredhe delineationof polygonalbuildings in semi-
urbanareason IKONOSimages(1 meterresolution). We determinedrom the images,concurrently variousobjective

performanceneasuresnd collectedvotesof a jury of evaluators. The methodologyto find the concordancéetween
objective featuresandsubjectve markswasthe canonicalanalysisof tables.

1 INTRODUCTION

A plethoraof image sgmentationalgorithmshave been
adwancedn thelastdecadesandtheirvarietyis still onthe
increaseThereis thereforeaurgentneedfor techniqueso
asses®bjectively the meritsand performanceadvantages
of thesealgorithmsin the contet of variousvision tasks.
A seminalwork in this directionis the methoddeveloped
by Zhang(zZhang,1996), which is basedon the accurag
of featuremeasurementsf the segmentedobjects.

In thetaxonomyof methoddor the evaluationof segmen-
tationalgorithmsseveralapproachesanbe distinguished.
Oneclassof a priori methods(Ji andHaralick, 1999) try

to predict the algorithmic performancevis-a-vis generic
inputs, before ary implementation. Another classof a

posteriori methodsneedthe actual output of algorithm,

anduse,in the absencef ground-truthreference,good-

nessof sggmentation'measures(HuangandDom, 1995).

Thesemeasuresre basedon the characterizatiorof the

outcome,suchas, the consisteng of featureswithin the

segments smoothnesalongthe contoursor high contrast
acrossthe boundaries.However the mostcommoneval-

uation methodin the literature relies on the discrepang

measureasin (KanungoandHaralick,1995),thatis, the

differencesdetweernanideal segmentatiormap,calledthe

"ground-truth” andthe actualsegmentationroutcome.The

typical differencecriteria are missedobject pixels, false
alarmpixelslocalizationerrors,mismatchof edgesshape
discrepang etc.

It is morerelevantto evaluatethe usefulnes®f animage
segmentationalgorithmin the context of a specifictask
ratherthantry to addresshe generakggmentatiorperfor
manceissue. A casein point is the photo-interpretation
of aerialimageswherewe wantto asses$ion muchspe-
cific algorithmsand/orfeaturesaid in the completionof
vision tasks. In suchvision tasksastarget detection bat-
tle damageassessmentielineationof buildings andman-
madeobjectstheseggmentatiormaprepresentaninterme-
diatelevel intelligenceto the humanoperators.lIt is then
necessaryhat the delineationof the objectsandthe fea-
turesemphasizede in concordancevith the expectation

of the photo-interpretershencesatisfy humanvision re-
quirements.

In thiswork welimit ourtaskto theextractionof buildings
in aerialimages.We first exploretherelevantfeatureshat
characterizébuildings in aerialimages,with the ultimate
goal of identifying the “psycho-visual” features,which
arelargely correlatedwvith the photo-interpretersattention
mechanisms. In other words we introducea perceptual
dimensionwhenwe evaluatethe performancenf sggmen-
tation algorithmsin termsof "what the photo-interpreters
preferandjudgeasrelevant”.

Theorganizatiorof thepapeiis asfollows. In Section2 we
explain the framawork of applicationand the motivation
for asggmentatiorevaluationmethodologywherehumans
arein theloop. The proposedmethodologyis detailedin
Section3. Resultof theselectedeaturesandtheir valida-
tion againstthe feedbackrecevedfrom photo-interpreters
aredetailedin Section5. Finally Section6 draws the con-
clusions.

2 PROBLEM STATEMENT

Interpretationand annotationof aerial imagesis an im-

portanttaskin variousmilitary andnon-military contexts.

We intend to establishthe qualificationsof a sggmenta-
tion algorithmjudgedto be aneffective tool by the photo-
interpreters. Since the algorithmsare qualified accord-
ing to their goodness-of-gamentatiorfeaturesve havere-

ceived feedbackfrom photo-interpreterén termsof their
subjectve quality judgements.

We aim to assessegmentationalgorithmsbasedon the
understandin@f the reasoningof photo-eperts,thatwill

mimic the humanjudgmenton the quality of an extracted
object.In otherwordsthesimilarity of thetwo objectsthe
ground-truthobjectin the sceneand the actualextracted
object,will bebasedon humansimilarity assessmentor
instance,humanjudgementis more sensitve to a false
sharpprotuberancdrom an object, albeit small in pixel
count,thanto thatobjects dilation, sothatthe simpletotal



of misclassifiedpixels may not be after all a good qual-
ity measureWe expectthatthe differencescoreattributed
by the evaluationalgorithm mustwell reflectthe subjec-
tively perceved differences. Obviously a simple pixel-

to-pixel comparisorof the experimentaland ground-truth
segmentatiormapsmay prove very inadequatesincethey

are devoid of operators perception betweenthe ground-
truth andthe actualobject.

2.1 The Tverskian approach

A measurenhich takes subjectve assessmertf similar
ity into accountis the “feature contrastmodel” first pro-
posedby Tversky (SantiniandJain, 1999). In the Tver
skian approach objectsare characterizedy a setof bi-
nary attributes,and (dis)similarity is measuredn the at-
tribute spacerelying on the notion of psycho-visuakimi-
larity. Tversky considersseparatelyhe effect of matching
featuresbetweenobjectsas well asthe aspectdn which
they differ. They arerepresentedby binary valuesso that
stimuli of the percever are characterizedy the presence
or absencef thesefeatures.

However it is cumbersomeo representsuch numerical
(non-catgorical) values. Furthermoreén computetvision

one cannotusually obtain binary featuresdueto noisein

measurementsThis haslead Santini et al. (Santiniand
Jain,1999)to introducethe useof fuzzy predicatesn the
contrasimodel. Sothesimilarity betweertwo fuzzy sets®

et ¥ correspondingo measurementiadeon two images
(for example® : measuremenisn theground-truthand ¥

onthesegymentatiorresult)is expresseds:

S@9) = Y min{(®), m(¥)

—a Z max{p;(®) — pi(¥),0}

-B Z max{p;(¥) — pi(®),0} (1)

wherey; is the membershigunctionof theith predicate,
andp is thenumberof predicatesneasureen images.

2.2 The proposedapproach

In an effort to establishsegmentationfeaturesrelevantto
the humanjudgementwe use the method of canonical
analysisof tablesbetweentwo featurespaces. One fea-
ture spaceconsistsof objectie featuresof the segmented
"building” object;the otherfeaturespaceconsistsof sub-
jective featureson the sameobject, expresseccategorical
quality points given by people. We transformone space
toward the otherto renderthemas”parallel” aspossible.
Thedegreeof parallelismachievedis ameasuref therele-
vanceof featuresetcombinationgo thehumanjudgement.
Presentlyour approachs not basedon fuzzy membership
functionsasin (SantiniandJain,1999)but on predictabil-
ity of onesetof variablegsubjectve votes)by theanother
setof variables(objectie features). Thus the similarity
measuraés alinearcombinationof featurevalues.

We deal with IKONOS images(1 meter resolution) of

semi-urbarareasandthetaskto delineatepolygonalbuild-

ings. Two cateyoriesof objective featuresareconsidered

featuresspecificto thegeometryof buildings,calledintrin-

sicfeaturesandfeaturegelatedto theappearancemodels,
thatis the gray-level contextual information,calledextrin-

sic features. In the first set, we focus on form and size
(a rectangularand/orbig blob is more significantthana
small and/ornon-rectangulaone), parallelismof the op-
positesides,numberof cornersregularity of edges(e.g.,
a closedand smoothcontouris more significant). In the
secondsetwe pay attentionto the shadev effectsnearthe
edges gray-level uniformity inside and contrastwith im-

mediatesurroundinggtc..

3 FEATURES OF BUILDINGS IN AERIAL
AGES

IM-

The setof intrinsic and extrinsic segmentedbuilding fea-
tureswe considerarelistedbelow. In whatfollows Z will
denotea sgmentedyenericbuilding region.

3.0.1 The intrinsic features Thesefeaturesare mea-
suredvis-a-visthe ground-truthdata:

1. Theelongationindex, I A(Z) (CosterandChermant,
1985),0f asggmentedegion (Z2) is definedas:

_ wLi(2)

whereL,(Z) isthegeodesidiameteiof Z andA(Z)

is its area. Note thatfor a disk its valueis minimum
andequalto 1. The elongationindex canbe instru-
mentalin distinguishing,for example,a “U form”

from arectanglehaving the sameperimeterandarea.
A casein pointwould be a multi-wingedbuilding.

2. Thecompactnes€'(Z) definedby :
_ AmA(Z)
p*(2)
wherep(Z) is the perimeterof the boundaryof Z.
RecallthatC'(Z) = 1 for adisk, andgoesto zerofor

very elongatedormsor regionswith severelyjagged
edges.

C(2) 3)

3. The boundingbox BB(Z) (Costerand Chermant,
1985)is constructedalong the inertial directionsof
the extractedregion. Two featureshave been ex-
tractedindicating the degreeof rectangularityof the
region. Thefirst oneis the excessdifferenceandthe
secondone is the excessratio, respectiely, of the
building pixelsandof its bounding-boxpixels:

D(z) = A(BB(Z)) - A(2) (4)
A(Z)

R2) = IBB2) ®)



4. Objectsymmetry:Man-madeobjects like buildings, 1. Theuniformity andcontrastof the sgment:We intu-

have usually strongsymmetryproperty We adapta itively expectthat a segmentedobjectbe “more uni-
measurantroducedin (Colliot et al., 2002) by com- form” as comparedto "its surroundings”. We ob-
puting the symmetryscorefor differentpositionsof tain the surroundingregion Z asthe dilation of the
thesymmetryaxis (IT) passinghroughthe centroid: object’s boundingbox, shavn in figure 1 (pixelsin
white). The notions of "object uniformity” and of
0< 8(Z en(2)) = |Z Nen(2)] <1 (6 "object contrast"arequantifiedasfollows
|ZUen(Z)]| o2
dy = Z (11)
where|.| denoteghe cardinalityof a set,ander(Z) 9z
is the mirror reflectionof the set Z with respectto d, = lpz — pgl (12)
the II axis. The measurecountsthe numberof pix- T T og04

elsthathave a symmetriccounterpartvith respecto
theII axis. Onesearchesor the optimumorientation
of the axis, which correspondso the positionwhere
the maximumnumberof pixels have their matching
counterpartsaacrossthe II axis. For a rectangletwo
maximaarefoundlocatedat #; andf, andwith am-
plitude A; andA,. Thenwe derive two measures

whereuz ando? arethe meanand varianceof the
object.

1 2
ms; = 5 E (]. - |Aref,z' - A’ll) *

exp(—a * |0res,i — 05]) (7)

12 Figure1: A segmentedform (rectanglein black) andits
ms2 =g El (1= [Ares, il) * surround(in white) obtainedby dilating its boundingbox.
(1 — a*sin®(Bresi — 6;))* (8)

2. Contourregularity: We definethis notionasthemean
whereref denoteshe ground-truthvalues,and = is absolutecurvatureasin (Chasseryand Montarvert,
thepositive partof the function. 1991): N

1
5. Histogramdifferences We expectthehistogramof a Ci= EZ el (13)
correctlysegmentedbjectto follow very closelythat ) ) =1 )
of its ground-truthobjecthistogram.Low resolution wherep is theperimetenof theboundanyandc, ; isthe
histograms 2, with only 16 gray levels, werecalcu- fc_)urth order curvature(seefigure 2) of the ith edge
latedsincethe dataavailablefrom small objectsmay pixel.
be very limited. The discrepang betweenthe gray-
level histogramss estimatedoy usingthe x? and L, . Ao
metrics(Erdemetal., 2001),normalizedo therange \/se< Cay
[0,1]: : "
+2 Py ) P'”; .
Eb [RlHl((j))fRzI({g)(j)]z o i . I
_ Lvj=1 T Hi()+H2G
dy2(Hy, Hy) = Nor. + Na, 9)
b . : Figure2: Curvature(c, ;) of point P; definedasthe angle
' [R1H1(j) — RaH>(5)]? i i
dps(Hy, Hy) = \/21—1[ () — B Ho(9)] (10) formedby theline (P;_4 P;) and(P; P;y4) (Pi—s, P; and
NSu, + NSu, P, 4 belongto the boundary).

whereb = 16 denotesthe numberof bins in the
histogram, the scaling parametersk; and R, are 3. Opjectcontrast: Well segmentedobjectsmust have

used to normalize the data when the total num- distinctgraylevelswith respecto thebackgroundIn

ber of elementls;n the two hlstogramwrgdlffgrent, thedefinitionof contrastgivenin (Erdemetal., 2001)

Nu, = Y, Hi(j), NSu, = X0, HE (), one computesthe meangrey level over blocks 'just

R, = /ﬁﬁz andR; = 1/R,. inside’ (N7) and'just outside’(N'},) for j pointsreg-
1

ularly spacedalongthe boundary Theseblocks,typ-
ically 3x3 or 5x5, ’just inside’ and’just outside’are
drawn onthetwo sidesof the j normalto the bound-

3.0.2 The extrinsic features The extrinsic featureset ary.

deals with appearanceof the object, and not with its n |Nj B le
ground-truthedyeometriccharacteristicsThey penalizeor d.=1-— 1 Z z Z (14)
rewardthe genericgoodnes®f the sgmentedegion. n 255



wheren is the numberof normals.

4 METHODOLOGY

In orderto selectfeaturesof buildings in aerial images
that are both statisticallydiscriminating,and at the same
time judgedrelevant by photo-interpretersye first build
a ground-truthedsegmentedmagedatabaseThenwe ob-
tain the subjectize scoresby having evaluatorsto vote on
their quality. The evaluatorsview the displayedsegmenta-
tion outcomefrom algorithmssideby sidewith their orig-
inals. Concurrentlywe extractfrom the sgmentedmages
andtheirground-truth®bjective performancecoresased
on featuredifferencesasin Section3. Finally we carry
outacanonicabnalysisof subjectve andobjective quality
scoresin orderto obtainthe bestpossiblematchbetween
thesetwo tablesandthusdeterminethe relevant’psycho-
visualfeatures”. The detailsof the proposednethodology
aredescribedn thefollowing paragraphs.

4.1 Construction of the Segmentedmage Database

We have selectedfour characteristicsegmentationalgo-
rithms. Thesebelongto the sggmentatiorparadigmdased
onimagediscontinuity imagesimilarity andfeature-space
clustering. Several varietiesof eachalgorithm were ob-
tainedby adjustingtheir parameters We used1) a split-
and-megealgorithmby Suk(SukandChung,1983)(three
parametergo be set); 2) the Canry-Dericheedgedetec-
tor followed by hysteresighresholdingand edgeclosing
(four parametersnvolved); 3) a feature-spacealgorithm
thatuseswatershedsf theimagehistogram smoothedy
amulti-fractal measurgKam, 2000) (four thresholds) 4)
animagesimilarity algorithm,the seededegion-graving
algorithm(Gagalavicz andMonga,1985) (oneparameter
involved).

As imagematerial,we have chosemine sub-imagedrom
anIKONOSimage(1 meterresolution)of the areaof Al-
giers. The scenesarerich with polygonalbuildings. For
eachimagewe have establishedhe groundtruth by man-
ual tracingwith a photo-interpretetool. Using different
settingsof the parametersf the above segmentatioralgo-
rithms we obtainedin total 160 segmentationoutcomes.
Seven of nine imageshave beensegmented,each, with
20 variationsof the sggmentatioralgorithmswhile two of
themwith only 10 versions. This gave us a total of 160
(= 20*7 + 10*2) sggmentedsceneto bevotedon (Letour
nel, 2000). In the sequelve will referto the sggmentation
resultobtainedwith a givenalgorithmanda givenparam-
etersettingsimply as”segmentation”.

4.2 Subjective segmentationmeasures

A groupof subjectsvaluatedhe setof sgmentedmages
and gave their assessmenharks. The markswerein the
[-2, 2] range,going from the lowestquality mark of '-2’
as “unacceptableto '+2’ meaning“near perfect”. The
subjectscould view side by side the sggmentedtestim-
ageandits “perfect” ground-truthsegmentedversion. An
instanceof the testimageis shawn in figure 3 (edgesare

Figure3: A sgmentedmageto be marked(edgesarepre-
sentedn white).

Figure4: Ground-truthsggmentationusedasreferenceo
markseggmentatioron figure 3 (edgesarein white).

in white) andits referencemagein figure4. To avoid
ary fatigue effects on the voterswe decidedto partition
the sggmentationdatabasef 160 imagesinto 4 groupsof
40 images. Eachvoter wasrandomlyassignedo one of
these4 groups.We madesurethatgroupsareformedof a
fair distribution of “good” and“bad” sggmentations.

4.3 Elaboration of the featuresspace

We havefirst usedthe principalcomponenanalysigPCA)
onthesubjectie featureswith thegoalof ascertaininghe
coherenceamongthe evaluators. Secondlywe have ap-
plied PCA to the objective featuresto understandf there
wouldbeamoreappropriatesubspaceéescribinghem.Fi-
nally we studiedthetwo sets(objective andsubjectie fea-
tures)jointly using CanonicalAnalysis (CA). Recallthat
the aim of this particular statisticaltool (CA) (Saporta,
1990)is to putinto evidenceary linear relationshipthat
may exist betweentwo setsof quantitatve measurements
onthesameevents.

More formally whenn eventsaredescribedy two setsof
variableqrespectiely, of dimensiorp andg), onesearches
for alinearcombinationof variablesof setl (P) andalin-
earcombinationof variablesof set2 (C) thatarethe most
correlatedwith eachother In our context thesetwo sets
are obviously the setof objective featuresmeasured P)
andthe setof marksgivenby evaluatorgC). Then obser
vationsconsistof the40 segmentation$n eachgroup,each
takingplacein R™. Noticethatthe CA is runseparatelyor
eachoneof thefour groups.Let'sdenoteby x1, ..., xP the
objective featuremeasurementsyherep = 12 and com-
ponentx! is theith feature. All this datais organizedin



anxp matrix X. Similarly let y!, ...,y denotethe sub-
jectivefeaturesrepresentinghe marksof theq evaluators,
whereq = 10, whenwe alsotake the photo-interpreters
votesinto account.All the subjectve datais organizedn
anxg matrixY".

To comparethetwo setswe calculatdinearcombinations
of themeasuremenis setl andset2 :

(¢ =Xa= a1x1+...+apxp
n =Yb= b1y1+...+bqu

(15)
(16)

wheretheprojectionvectorg(a andb) areto bedetermined
by maximizingthe squaredcanonicalcorrelationbetween
& andn undertheconstrainthat¢ andy areunit normvec-
tors. £ andn arecalledcanonicalfeatules If the matrices
X'X andY'Y areinvertible,onefindsthatb is theeigen-
vector of the matrix M = (YV'Y)"'Y'X(X'X)"1X'Y
relatedto the biggesteigervalue, 3. Similarly, a is the
eigervectorof N = (X'X)"1X'Y(Y'Y)~1Y'X associ-
atedwith the sameeigervalue. Whenthe first couple of
canonicafeatureg¢; ;) hasbeenfound,we proceedhen
to the following couple(&2,m2) sothattheir correlationis
the next largestin order, while atthe sametime &; andé.
(respectielyn; andn,) have zerocross-correlatiorandso
onfor &, ns ... Fromageometricapointof view, onfinds
that(/,) isthecosineof thesmallestnglebetweerspaces,
respectiely generatedy the columnsof X andY. The
canonicalanalysisproblemcanbe comparedo the prob-
lem of multiple regression(for more detailssee(Saporta,
1990)).

To chooser featuresamongthe p calculatedwe usedthe
redundany criterion proposeddy Thorndike (Tinsley and
Brown, 2000). Let’s call asintrasetloadingsthe correla-
tions of the obsened variablesin set P with its canoni-
cal featuresandasintersetloadingsthe correlationsof the
obsenred variablesin set P on the canonicalcomponents
of setC. Drawing on principal componenthinking, we
cansetan analogybetweenthe eigervaluesof PCA and
the sum of squaredintrasetloadingsof the variableson
a canonicalcomponent.The latter is the amountof vari-
anceof the setthatis accountedor by the canonicalvari-
ate of that set. This quantity divided by the numberof
variables,producesthe proportionof variancein the set
thatis accountedor by the componentdenoted;, for
the j** componenbf setC. Let's recall at this moment
thatthe squared:anonicalcorrelation(B]?) is the propor
tion of acanonicacomponent varianceaccountedor by
the pairedcomponenin the otherset. Thereforethe pro-
portionof variancein setP accountedor by the j** com-
ponentof setC is : Redp, = Vp,; * 5.

5 RESULTS
5.1 PCA of the subjective features

We formed a heterogeneougiry of 32 evaluatorsdiffer-
ing in their expertiseand familiarity with images. Some
of themwerenot from imageprocessindield (like secre-
taries...), othersare doctoralstudentstechnicians pro-
fessorsyet otherswereinfrared or radarimagesdomain

experts. In addition eachof 4 photo-interpreterdhave
marked 2 groupsof images.In thefinal analysiseachim-
agehasendedup receving 10 marks. They weresummed
upin 4 matriceg(correspondingo thefour groupsdefined
in Section4.1) of 40x8 elements. An elementy! corre-
sponddo themarkgivenby thejth evaluator(j = 1, ..., 8)
to theith image(i = 1, ...,40).

Sincenot everyimagewasmarked by every evaluator the
PCA on the subjectve featureshad to be carriedout in
groups. We have obsenred that the first PCA axis carries
about80 % of the inertiafor all groups. It representsin
fact,thebaselineof consensusf theevaluators We should
notethatthe datafrom the photo-interpreterhasnot taken
placein this computationput their markvectorshave been
subsequentlprojectedon the principal axesfor validation
andarealsohighly correlatedwith thefirst axis. The sec-
ondcomponentanbeinterpretedasportrayingthe differ-
entialbehavior of the evaluatorsthatis their tendeng for
severeor tolerantvoting (a “severe” evaluatorgivesmuch
easilyanegativemark). In figure5 we shav thecoordinate
axesul,u?2 of thefirst two largesteigervectorsof group1,
andthe projectionof the group’s mark vectors. All three
groupsl, 3,4 have similar projectionswhereaghegroup2
behaior differsontheverticalaxis. Oneexplanationcould
bethatthis group2 hasarelatively largerproportionof in-
experiencedvaluators.Indeedthe seconccomponentixis
for thisgroupseem®nly differentiatingnexperiencednd
experiencedevaluators. Let's notethat the principal axes
donothave necessarilyhe sameinterpretatiorfrom group
to group.

Figure5: Projectionof mark vectorsof the 8 evaluators

(v1 to v8) andthe 2 experts(v9 andv10) for group 1 on
theprincipal PCA axes.

5.2 Canonicalanalysisof the objective and subjective
features

As in the preceding?CA caseof subjectve scoreswe im-
plementthe canonicalanalysisper group. Our goalis to
find thesubsebf featuresvhichis themostcorrelatedwvith
the baselineof consensusf the evaluatorsfound with the
PCA.

As we do notknow a priori the cardinalityr of the subset,
we carry out an exhaustve canonicalanalysis. For each
valuer € [1,p], wetry all possiblecombinationsf r fea-
tureschosenamongp, andwe run the CA on this subset



andC, andwe determinethe canonicalfeaturen; which
maximizesV¢, (andthusrepresentshe baselineof con-
sensusandtheredundang Redp,. We keepthe subsebf
featureswhich maximizesRedp,, amongall the possible
combinationgthe procesgakeslessthan15 minuteson a
333 MHz processor).We shaw for eachgroupon table1

r Features Redp,

Gl| 5 | 1Ia,C,Cy4,ms,drs 0.59

G2 | 7 | Ia,D,R,du1, Cy, mgy, dy2 0.37

G3| 10| Ia, D, R, du1, du2, C4, dc, ms1, | 0.68
dy2, dpa

G4 | 8 | Ia,C,D,R,Cy,dc, dy2,dp2 0.64

Tablel: Featuresubsetsvhich maximizeredundanyg.

the featuresubsethat maximizesthe redundang andthe
value of the redundanyg criterion. Groups3 and4 have
the highestscores,so one can claim that the subjectve
and objective featuresare substantiallyrelatedalong the
first canonicaldimension But this extentof agreemenbe-
tweennumericafeaturesandevaluatorscannotbereached
for group2, which shavs quitealow redundang score.

Whenwe comparethe behaior of the meanof the marks
(recallthatthe PCA hasrevealeda 1-dimensionakvalua-
tor space)andthat of the canonicalfeatureswe obsene
that someseggmentationsausegreatdiscrepang. In sim-
pler wordsfor theseimagesthe noteof the evaluatorscan-
not be predictedbasedon the chosenfeatureset. Thus
we developeda proceduredo eliminatesegmentationghat
causeconflictingvotesamongtheevaluatorsandkeptonly
the consensusmages,that is thoseimagesthat receved
the samerelative rankingfrom all the evaluators. CA re-
sultswith the prunedconsensusetareshavn in table 2.
This secondablerevealsa greatimprovementbothin the

r Features Redp,

Gl| 7 | Ia,C,D,R,dys, Cy,etd, 0.73

G2 | 6 | Ia,du1, Cy,tms, dy2 €ldpy 0.40

G3 10 Ia, C y D, R, dul, duz, 04, mgo, 079
dXZ etdL2

G4 | 7 | Ia,du1, du2, C4, d., dy> €tdr2 0.80

Table 2: Featuresubsetswhich maximize redundang
(learningonimagesof consensus).

consisteng betweerthe selectedeaturesacrosgyroupsas
well asin theredundang marks. While groupsl, 3 and4
shaw this improvement,group 2 remainsstill a poor pre-
dictor of evaluatormarksfrom the features.Hencewe re-
movedthis groupfrom therestof the experiment.

Thuswe getthreepsychwisualfeaturesubsetsvhich pre-
dictthevoteof theevaluatorgeasonablyvell. Onemethod
to collapsethesethreesetsto one“best” setwould be to

usecross-alidation acrossgroups. For examplewe use
thefeaturesetof group1 anduseit on predictingthe data
of the othertwo groups,i.e., groups3 and4, andcalculate
the redundanciesked(Ia,C, D, R,d,2,Cy,d.) on these
groups. We repeatthis calculationsimilarly for the other

two featuresets.Thenwe take theaverageof theredundan-
ciesof eachfeatureseton the threesegmentationgroups,
andchoosehelargestone.

6 CONCLUSION

We have presentedhe framawork for a new featureex-

tractionmethodfor atask-orientegegmentatiorthatcom-
binesboth the statisticalpropertiesof imagefeaturesand
segmentationquality assessmentsf a jury. The method-
ology hasbeenappliedto the taskof segmentationbuild-

ingsin medium-resolutiommages.This studywasthefirst

stepfor theextractionof psychwisualimagefeaturesThe
work will continueto build membershigunctionsof fea-
turesin a Tverskiancontext.
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