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ABSTRACT

In this paper, we proposeanautomaticmethodfor theob-
jective evaluationof segmentationresults. The methodis
basedon computingthe deviation of the segmentationre-
sults from a referencesegmentation.The discrepancy be-
tweentwo resultsis weightedbasedonspatialandtemporal
contextual information,by takinginto accounttheway hu-
mansperceive visual information. Themetric is usefulfor
applicationswherethefinal judgeof thequality is a human
observer or the resultsof segmentationareotherwisepro-
cessedin a human-like fashion. The proposedevaluation
hasbeenappliedboth to automaticallyprovide a ranking
amongdifferentsegmentationalgorithmsandto optimally
settheparametersof a givenalgorithm.

1. INTRODUCTION

Segmentationrepresentsthepreliminarystepof a wide va-
riety of applications,rangingfrom video coding to video
surveillance,andfrom virtual reality to video editing. Al-
thoughsegmentationtechniqueshave beenwidely studied
over thepastdecades,very little hasbeenproposedby way
of methodologyfor assessingsegmentationresults.Thisis a
consequenceof thedifficulty in universallydefininga good
segmentation.

Segmentationresultsdependon the task at handand
on the visual content. No single segmentationtechnique
is usefulfor all applications.Moreoverdifferenttechniques
arenot equallysuitedfor a particularapplication. An ef-
fective evaluationof segmentationis importantin selecting
the most appropriatetechniquefor a specificapplication,
andfurthermorefor optimally settingits parameters.How-
ever, exceptfor well constrainedsituations,thedesignof an
evaluationmetricis adifficult task,andthereis nostandard
methodfor objectiveevaluationof segmentationquality.

Commonpracticesfor evaluatingsegmentationresults
arebasedon humanintuition or judgment(subjective eval-
uation) and consistin ad hoc subjective assessmentby a
representative group of observers. A significantnumber
of observersis requiredto producestatisticallyrelevantre-
sults,thusmakingsubjective evaluationa time-consuming
andexpensiveprocess.

To avoid systematicsubjectiveevaluation,anautomatic
procedureis desired.Thisprocedureis referredto asobjec-
tive evaluation. Quality metricsfor objective evaluationof
segmentationmayjudgeeithersegmentationalgorithmsor
segmentationresults.Themetricsarereferredto asanalyt-
ical methodsor empiricalmethods,respectively. Analytical
methods evaluatesegmentationalgorithmsby considering
theirprinciples,theirrequirementsandtheircomplexity [1].
Theadvantageof thesemethodsis thatanevaluationis ob-
tainedwithout implementingthealgorithms.However, be-
causeof the lack of a generaltheoryfor imagesegmenta-
tion, andbecausesegmentationalgorithmsmaybecomplex
systemscomposedof severalcomponents,notall properties
(and thereforestrengths)of segmentationalgorithmsmay
beeasilyevaluated.Empirical methods, on theotherhand,
do not evaluatesegmentationalgorithmsdirectly, but indi-
rectly throughtheir results.To chooseasegmentationalgo-
rithm basedon empiricalevaluation,severalalgorithmsare
appliedon a setof testdatathatarerelevantto a givenap-
plication. Thealgorithmproducingthebestresultsis then
selectedfor usein thatapplication.

The paperis organizedasfollows. Empirical methods
arediscussedin Section2. Section3 introducesobjective
andperceptualelementscontributingto thequalityof aseg-
mentationresult. Evaluationresultsarepresentedin Sec-
tion 4. Finally, in Section5 we draw the conclusionsand
wecommenton futuredirections.

2. STATE OF THE ART

Empiricalmethodsevaluateasegmentationalgorithmbased
on thequalityof its results.Empiricalmethodsarereferred
to asdiscrepancy methods whenthesegmentationresultis
comparedto a referencesegmentation.This referenceseg-
mentationrepresentstheground truth, or theidealsegmen-
tation,andcanbegeneratedeithermanuallyor via areliable
procedure. The result of the evaluationis a disparity be-
tweenthereferencesegmentationandtheactualsegmenta-
tion result.Discrepancy methodsarebasedondirectlymea-
suringthedeviation betweentwo partitions.Thedeviation
is evaluatedthroughdiscrepancy parameters, which char-
acterizeeachmethod.Discrepancy parametersarebasedon
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the spatialandtemporaldeviations. Thesedeviationsmay
be appropriatelyweightedto take visually desirableprop-
ertiesof a segmentationmaskinto account. For example,
pixel errorsare separatedinto two groups,thosethat be-
long to the result but not to the reference(falsepositive)
andthosethat belongto the referencebut not to the result
(falsenegative) [2]. Furthermorethe temporalstability of
thesegmentationmaskshapemaybeconsidered.Thedis-
crepancy parametersmayalsobeformulatedasmisclassifi-
cationpenaltiesregardingshapeandmotionerrors[4]. The
discrepancy parameterspatialaccuracy is definedin [5] by
shapefidelity, geometricalsimilarity, edgecontentsimilar-
ity, andstatisticaldatasimilarity. Discrepancy parameters
arecombinedover the time interval, to assessthe quality
of theentirespatio-temporalsegmentation.Theparameters
areweightedsoasto combinethemin correctproportions
andtomatchevaluationresultsproducedbyhumanviewers.

In applicationswherethefinal judgeof quality is a hu-
manbeing,it is alsoimportantto considerthehumanvisual
systemto designaqualityevaluationprocedure,in addition
to theobjective discrepancy parameters.Traditionalevalu-
ationmethodsdo not considerthis aspectandjust consider
objective criteria,suchasdiscrepancy betweentwo results.
Onedistinctivefeatureof themethodin [5] is theevaluation
of objectrelevancefor judgingthequalityof segmentation.
Theoverall segmentationquality dependson theestimated
importanceof segmentedobjectsin thescene.

3. PROPOSED METHOD

Thediscrepancy evaluationis definedbasedontwo kindsof
errors,namelyobjective errorsandperceptualerrors. Ob-
jective errors quantifythedeviationof theresultsundertest
from thegroundtruth. Perceptual errors weightthesedevi-
ationsaccordingto humanperceptionandpossiblehuman
visualattractors.

3.1. Objective errors

A directcomparisonof theresultsof thechangedetectorun-
der testwith the referencesegmentationallows us to iden-
tify two typesof errors:falsepositivepixels,andfalseneg-
ativepixels.A false positive is a pixel erroneouslydetected
as belongingto the semanticpartition. Let us denoteby�������

thesetof pixelsdetectedaschangedat frame
�

, and
with

���	�����
thepixelsbelongingto thereferencesegmenta-

tion. The ensembleof falsepositive errors, 
�� ����� , canbe
expressedas 
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negative is a pixel erroneouslydetectedasnot belongingto
the semanticpartition. Falsenegatives, 
)( ����� , are pixels
appearingin the referencesegmentation
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theresultunderanalysis,
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UsingEq. 1 andEq. 2, we canderive a measureof theab-
solute spatial accuracy at frame

�
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correspondingto the amountof falsedetectionsfor each
time instant

�
. Thelarger 
 , thelower thespatialaccuracy.

Usingthedefinitionsof falsepositiveandfalsenegative
pixels we cannow introducesomefiguresof merit which
we will useto measurethe accuracy of the changedetec-
tion results.Thesignificanceof thesamevalueof 
 ����� de-
pendson thesizeof the imageat hand,andon theamount
of changedetected,that is,

�0�	� � � ���	����� �
. The larger the

imagesize,the lessimportantis 
 ����� . Similarly, the larger����� �1���*�2�������
, the lessimportantis 
 ����� . For this reason,

we introducea relativemeasureof thetotal amountof false
detection,referredto hereasrelative spatial accuracy. The
relative spatialaccuracy canbe computedby normalizing
the total amountof falsedetectionby thedimensionof the
frame 3 
4����� �5� % �
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%

is the set of all pixels in
the image,andby thenumberof elementsin thereference
mask,
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Thevalueof 
 6 ����� is proportionalto theamountof er-
rors. Thequality of the resultsis inversely proportionalto
theamountof deviationbetweenthetwo resultsathand.We
definethemeasureof spatialaccuracy, J ����� , asfollows:J ������
LKNM 
 6 �����O> (5)J �����'PRQ =S>0K0T

. The value J �����U
VK
indicatesperfectspa-

tial accuracy in frame
�

, that is, a perfectmatchbetween
segmentationresultsandreferencesegmentation.

3.2. Perceptual errors

The measureof spatialaccuracy proposedin Eq.(5) is an
objective discrepancy parameterthat quantifiesthe devia-
tion of the segmentationresultat handwithout taking hu-
manperceptioninto account. Consideringhumanpercep-
tion is fundamentalsincethe differentkinds of errorsare
not visually significantto the samedegree. To accommo-
datehumanperception,thedifferenterrorcontributionsare
weightedaccordingto their visual relevance. Visual rele-
vanceis definedbasedon spatialandtemporalcontextual
information.
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Fig. 1. Spatialcontext: weightsfor falsepositive andfalse
negativepixels

3.2.1. Spatial context

Thespatialcontext of anerrorpixel is characterizedby the
distancefrom the nearestcorrectlydetectedobject. These
propertiesarerelatedto thefocusof attention.An observer
looksat pointsthatattracttheattention.In additionto this,
a falsepositive contribute differently to the quality thana
falsenegative. Falsenegatives are more significant, and
the larger the distance,the moresignificantthe error. The
weights W � andand WN( increasewith distance(differently
for falsepositiveandfalsenegative),andarenormalizedby
themaximumdistancein theframe,thatis its diagonal,X .
Let

�	Y� bethedistanceof the Z th falsepositivepixel from the
contourof the referencemask,and

� [ ( the distanceof the\ th falsenegative. Thenthe weightingfactor for the false
positivepixel, W Y� , is definedasW Y� 
^] ��_a`2b ����Y� /�Kc�X >

(6)

andthatfor thefalsenegativepixel, W [ ( , asW [ ( 
 ] ( � [ (X (7)

The weightsfor falsenegative pixels increaselinearly and
they arelargerthanthosefor falsepositivepixelsatthesame
distancefrom the borderof the object. As we move away
from the border, in fact, missingpartsof objectsaremore
importantthan addedbackground. The weightsfor false
positive andfalsenegative pixelsaredepictedin Figure1.
By consideringthespatialcontext, themeasureof thespa-
tial accuracy, 
+d ����� , becomes
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Theweightedspatialaccuracy canbederivedusingEq.(5),
as J d ������
lKNM 
+d ����� I (9)

3.2.2. Temporal context

Observersgetusedto a certainquality andaresensitive to
differencesin quality over time. A givenerrormaybeper-
ceived differently, dependingon its temporal context. We
can identify two phenomenarelatedto the temporalcon-
text, namelythesurpriseeffect andthe fatigueeffect. The
surprise effect amplifiesthechangesin theobjectivespatial
accuracy. The fatigue effect is relatedto the fact that we
getusedto a certainquality thusjudging it acceptableif it
persistslongenough.

To take thesephenomenainto accountin the discrep-
ancy metric,we introduceweightsinverselyproportionalto
the temporaldurationof the appearanceof an error. We
combineEq.(5)andthevariationof spatialaccuracy in time,m DD ( J ����� m ,1 to constructaperceptual spatio-temporal quality
measure n ������
 J �����oqp K�/ ]1r ��2� J �����ts?> (10)

where] r PuQ =?>0K0T
. Thistakesinto accountnotonly thequal-

ity but alsothestabilityof theresults,by modelingsurprise
and fatigueeffects. Incorporatingthe spatialcontext into
Eq.(10),weobtainn d ������
 J d �����o p K�/ ]1r ��2� J d �����ts I (11)

thatrepresentstheperceptualqualitymeasurefor evaluating
theperformanceof segmentationalgorithms.

4. RESULTS

In this sectionthe proposedobjective evaluationmetric is
usedto compareand rank different segmentationresults.
Thevaluesof parametersfor theevaluationmetrichavebeen
set accordingto the qualitative criteria discussedin Sec-
tion 3.2andby comparisonwith informalexperimentswith
humanobservers: ] � 
wv

in Eq.(6), ] ( 
 o >+x
in Eq.(7),

and ] r 
y= I x in Eq.(10).Theobjective evaluationis given
with respectto thehand-segmentedsequenceHall Monitor,
providedby theEuropeanprojectCOST211.2 Thequality
metric is usedto (a) selectthe bestparametervaluesfor a
give segmentationalgorithm,and(b) rank a groupof seg-
mentationalgorithms. In particular, we considerhereseg-
mentationresultsobtainedby changedetectionalgorithms.
First we analyzethe influenceof the window size on the
changedetectionalgorithmdescribedin [7]. Then,wecom-
parechangedetectionresultsof themethodsproposedin [8]
(SM), [9] (EDGE)and [10] (CECD).Theobjective evalu-
ationbetweendifferentwindow sizesfor thesequenceHall
Monitor is shown in Figure2. Thedimensionsof thewin-

1Thelargerthis variation,thesmallerthetemporalcoherence.
2http://www.tele.ucl.ac.be/EXCHANGE/



0 50 100 150 200 250 300
0.9

0.91

0.92

0.93

0.94

0.95

0.96

0.97

0.98

0.99

1

frame number

pe
rc

ep
tu

al
 q

ua
lit

y

W110
W220
W330

Fig. 2. Objectivecomparisonfor perceptualspatio-temporal
qualitymetricsbetweendifferentwindow sizesin [7] for the
sequenceHall Monitor. Thesymbolsof thelegendreferto
thedimensionsof thewindow. W110: 9 pixels,W220: 25
pixels,W330:49pixels.
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Fig. 3. Objectivecomparisonfor perceptualspatio-temporal
quality metricsamongchangedetectiontechniquesfor the
sequenceHall Monitor. The symbolsof the legend re-
fer to the changedetectiontechnique:SM [8], EDGE [9],
CECD[10].

dowsundertestare z ,
o x

, and {�z pixels.Amongthediffer-
entwindow sizesunderanalysis,thechoicecorresponding
to a

x}|~x
window gives the best results. The objective

evaluationof theilluminationinvariantmethodsis shown in
Figure3. Thethreemethodsundertestarecomparedfirst in
caseof illumination variation. Themethodbasedon color
edges(CECD)providesbetterresultsthantheothertwo and
canbethereforebeselectedfor usein thechangedetection
applicationathand.

5. CONCLUSIONS

An objective metricevaluationof segmentationquality has
beenpresentedin this paper. The metric judgesthe spa-
tial accuracy and temporalcoherenceof a partition based
on direct comparisonof results. The deviation of the re-
sultsfrom a referencesegmentationis weightedaccording

to the visual importance.The visual importancehasbeen
determinedby consideringspatialandtemporalcontextual
information. Themetrichasbeenusedto comparechange
detectionresultsobtainedwith thestate-of-the-artmethods.
Theweightsof thequalitymetrichavebeensetaccordingto
qualitative criteriaandby comparisonwith informal exper-
imentswith humanobservers.Ourfutureresearchdirection
is to automaticallydeterminethemostappropriateweights,
at leastfor specificapplications.To this end, it would be
interestingto defineageneralformalismfor thesetupsoas
to comparesubjectiveandobjectiveresults.
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