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ABSTRACT

In this paper we proposean automaticmethodfor the ob-
jective evaluationof sggmentationresults. The methodis
basedon computingthe deviation of the segmentationre-
sultsfrom a referencesegmentation. The discrepang be-
tweentwo resultsis weightedbasedn spatialandtemporal
contetual information, by taking into accounthe way hu-
mansperceve visualinformation. The metricis usefulfor
applicationsvherethefinal judgeof the quality is ahuman
obsener or the resultsof sggmentationare otherwisepro-
cessedn a human-like fashion. The proposedevaluation
hasbeenappliedboth to automaticallyprovide a ranking
amongdifferentseggmentationalgorithmsandto optimally
setthe parametersf a givenalgorithm.

1. INTRODUCTION

Seggmentatiorrepresentshe preliminarystepof a wide va-
riety of applicationsrangingfrom video codingto video
suneillance,andfrom virtual reality to video editing. Al-
thoughseggmentationtechniqueshave beenwidely studied
overthepastdecadesyery little hasbeenproposedy way
of methodologyor assessingggmentationresults.Thisis a
consequencef thedifficulty in universallydefininga good
segmentation.

Segymentationresultsdependon the task at hand and
on the visual content. No single sgmentationtechnique
is usefulfor all applications Moreover differenttechniques
are not equally suitedfor a particularapplication. An ef-
fective evaluationof sggmentatioris importantin selecting
the most appropriatetechniquefor a specificapplication,
andfurthermorefor optimally settingits parametersHow-
ever, exceptfor well constrainedituationsthe designof an
evaluationmetricis adifficult task,andthereis no standard
methodfor objective evaluationof segmentatiorguality.

Commonpracticesfor evaluatingsegmentationresults
arebasedon humanintuition or judgment(subjective eval -
uation) and consistin ad hoc subjectve assessmertty a
representatie group of obseners. A significantnumber
of obsenrersis requiredto producestatisticallyrelevantre-
sults, thus making subjectve evaluationa time-consuming
andexpensve process.

To avoid systematisubjectve evaluation,anautomatic
procedurds desired.This proceduraes referredto asobjec-
tive evaluation. Quality metricsfor objective evaluationof
segmentationmay judge eithersegmentatioralgorithmsor
segmentatiorresults. The metricsarereferredto asanalyt-
ical methodsor empiricalmethodsrespectiely. Analytical
methods evaluatesegmentationalgorithmsby considering
their principles theirrequirementandtheir compleity [1].
The adwantageof thesemethodsds thatan evaluationis ob-
tainedwithoutimplementingthe algorithms. However, be-
causeof the lack of a generaltheoryfor imagesegmenta-
tion, andbecaussegmentatioralgorithmsmaybecomple
systemxomposedaf severalcomponentsnotall properties
(andthereforestrengths)of segmentationalgorithmsmay
be easilyevaluated.Empirical methods, on the otherhand,
do not evaluatesggmentationalgorithmsdirectly, but indi-
rectly throughtheirresults.To choosea segmentatioralgo-
rithm basedon empiricalevaluation,seseralalgorithmsare
appliedon a setof testdatathatarerelevantto a givenap-
plication. The algorithmproducingthe bestresultsis then
selectedor usein thatapplication.

The paperis organizedasfollows. Empirical methods
arediscussedn Section2. Section3 introducesobjective
andperceptuaklementsontritutingto the quality of asey-
mentationresult. Evaluationresultsare presentedn Sec-
tion 4. Finally, in Section5 we draw the conclusionsand
we commenbn futuredirections.

2. STATE OF THE ART

Empiricalmethodsvaluatea sggmentatioralgorithmbased
onthequality of its results.Empiricalmethodsarereferred
to asdiscrepancy methods whenthe sggmentatiorresultis
comparedo areferencesggmentation.This referencesegy-
mentationrepresentshe ground truth, or theideal segmen-
tation,andcanbegenerate@ithermanuallyor via areliable
procedure. The result of the evaluationis a disparity be-
tweenthe referencesegmentatiorandthe actualsggmenta-
tion result.Discrepang methodsarebasedn directly mea-
suringthe deviation betweenwo partitions. The deviation
is evaluatedthroughdiscrepancy parameters, which char
acterizeeachmethod.Discrepanyg parameterarebasedn
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the spatialandtemporaldeviations. Thesedeviationsmay
be appropriatelyweightedto take visually desirableprop-
ertiesof a sggmentationmaskinto account. For example,
pixel errorsare separatednto two groups,thosethat be-
long to the resultbut not to the reference(false positive)
andthosethat belongto the referencebut not to the result
(falsenegative) [2]. Furthermorethe temporalstability of
the sggmentatiormaskshapemay be considered The dis-
crepang parametermayalsobeformulatedasmisclassifi-
cationpenaltiegegardingshapeandmotionerrors[4]. The
discrepang parametespatialaccuray is definedin [5] by
shapefidelity, geometricakimilarity, edgecontentsimilar
ity, and statisticaldatasimilarity. Discrepang parameters
are combinedover the time interval, to assesghe quality
of theentirespatio-temporateggmentation.The parameters
areweightedso asto combinethemin correctproportions
andto matchevaluationresultgproducedy humarnviewers.
In applicationsvherethe final judgeof quality is a hu-
manbeing,it is alsoimportantto considethehumanvisual
systemto designa quality evaluationprocedurein addition
to the objectve discrepang parametersTraditionalevalu-
ation methodsdo not considetrthis aspectandjust consider
objective criteria, suchasdiscrepang betweertwo results.
Onedistinctive featureof themethodn [5] is theevaluation
of objectrelevancefor judgingthe quality of segmentation.
The overall sggmentatiomguality depend®n the estimated
importanceof sgmentedbjectsin thescene.

3. PROPOSED METHOD

Thediscrepang evaluationis definedbasedn two kindsof

errors,namelyobjective errorsand perceptuakrrors. Ob-

jective errors quantifythe deviation of theresultsundertest
from the groundtruth. Perceptual errors weightthesedevi-

ationsaccordingto humanperceptionand possiblehuman
visualattractors.

3.1. Objectiveerrors

A directcomparisorof theresultsof thechangeletectoun-

dertestwith the referencesegmentatiorallows usto iden-

tify two typesof errors:falsepositive pixels,andfalseneg-

ative pixels. A false positive is a pixel erroneouslydetected
as belongingto the semanticpartition. Let us denoteby

C(n) thesetof pixels detectechschangedat framen, and

with C..(n) the pixelsbelongingto thereferencesggmenta-
tion. The ensembleof falsepositive errors,e,(n), canbe

expresseds

ep(n) = card(C(n) N Cr(n)) (1)

wherethe function card(-) representshe cardinality of a
set,andC, (n) isthecomplemenof C,.(n), thatis, C,.(n) =
I'\ C.(n), where\ is the setdifferenceoperator A false

negative is a pixel erroneouslydetectedasnot belongingto
the semanticpartition. Falsenegatives, e, (n), are pixels
appearingn the referencesggmentationC’.(n), but notin
theresultunderanalysisC'(n). They canbeexpresseds

en(n) = card(C(n) N Cr(n)) 2

Using Eqg. 1 andEg. 2, we canderive a measuref the ab-
solute spatial accuracy atframen

€(n) = ep(n) + €n(n) @)

correspondingo the amountof false detectionsfor each
time instantn. Thelargere, thelowerthespatialaccurag.

Usingthe definitionsof falsepositive andfalsenegative
pixels we cannow introducesomefiguresof merit which
we will useto measurehe accurag of the changedetec-
tion results. The significanceof the samevalueof ¢(n) de-
pendson the size of theimageat hand,andon the amount
of changedetectedthatis, card(C,(n)). The largerthe
imagesize,thelessimportantis ¢(n). Similarly, thelarger
card(C,(n)), the lessimportantis e(n). For this reason,
we introducea relative measuref the total amountof false
detectionyeferredto hereasrelative spatial accuracy. The
relative spatialaccurayg canbe computedby normalizing
the total amountof falsedetectionby the dimensionof the
frame N = card(I), wherelI is the setof all pixelsin
theimage,andby the numberof elementsn the reference
mask,card(Cr(n)):

€(n) = { %e(n) 1

N xcard (C’T (n))

if card(Cr(n)) =0,
otherwise

e(n)
(4)

Thevalueof €'(n) is proportionalto the amountof er
rors. The quality of the resultsis inversely proportionalto
theamountf deviationbetweerthetwo resultsathand.We
definethemeasuref spatialaccurag, v(n), asfollows:

v(n) =1—¢€(n), (5)

v(n) € [0,1]. Thevaluev(n) = 1 indicatesperfectspa-
tial accurag in framen, thatis, a perfectmatchbetween
seggmentatiorresultsandreferenceseggmentation.

3.2. Perceptual errors

The measureof spatialaccurag proposedn Eq.(5)is an

objective discrepang parametethat quantifiesthe devia-

tion of the segmentationresultat handwithout taking hu-

man perceptioninto account. Consideringhumanpercep-
tion is fundamentakincethe differentkinds of errorsare
not visually significantto the samedegree. To accommo-
datehumanperceptionthe differenterrorcontributionsare
weightedaccordingto their visual relevance. Visualrele-
vanceis definedbasedon spatialand temporalcontectual

information.



Fig. 1. Spatialcontext: weightsfor falsepositive andfalse
negative pixels

3.2.1. Spatial context

The spatialcontet of anerrorpixel is characterizedy the
distancefrom the nearestorrectly detectedbject. These
propertiesarerelatedto thefocusof attention.An obsener
looks at pointsthatattractthe attention.In additionto this,

a false positive contrikute differently to the quality thana
false negative. False negatives are more significant, and
the larger the distance the more significantthe error. The
weightsw,, andandw,, increasewith distance(differently
for falsepositive andfalsenegative),andarenormalizedby

the maximumdistancen the frame,thatis its diagonal,D.

Letd!, bethedistanceof thei™ falsepositive pixel from the
contourof the referencemask,andd’, the distanceof the
4 falsenegative. Thenthe weightingfactorfor the false
positive pixel, w?, is definedas

_aplog(dl +1)

wh = 2R (6)
andthatfor thefalsenegative pixel, w?,, as
i and’,
w), = &2 (7)

The weightsfor falsenegative pixelsincreasdinearly and
they arelargerthanthosefor falsepositive pixelsatthesame
distancefrom the borderof the object. As we maove away
from the border in fact, missingpartsof objectsare more
importantthan addedbackground. The weightsfor false
positive andfalseneggative pixels aredepictedin Figurel.

By consideringhe spatialcontet, the measuref the spa-
tial accurag, €,,(n), becomes

ep(n) en(n)
€w(n) = Z wf, + Z w . (8)
i=1 j=1

Theweightedspatialaccurag canbe derivedusingEq.(5),
as

Up(n) =1—€y(n). 9)

3.2.2. Temporal context

Obsenrersgetusedto a certainquality andare sensitve to
differencesn quality overtime. A givenerrormay be per
ceived differently, dependingon its temporal context. We
canidentify two phenomenaelatedto the temporalcon-
text, namelythe surpriseeffect andthe fatigueeffect. The
surprise effect amplifiesthechangesn the objective spatial
accurag. The fatigue effect is relatedto the fact that we
getusedto a certainquality thusjudgingit acceptabléf it
persistdong enough.

To take thesephenomenanto accountin the discrep-
ang/ metric,we introduceweightsinverselyproportionako
the temporaldurationof the appearancef an error We
combineEq.(5)andthevariationof spatialaccurag in time,
| £ v(n)|,* to construct perceptual spatio-temporal quality
measure

="l ralom], a0
whereqa, € [0, 1]. Thistakesinto accounnotonly thequal-
ity but alsothe stability of theresults by modelingsurprise
and fatigueeffects. Incorporatingthe spatialcontext into
Eq.(10),we obtain

_ vy(n) d
Culn) = 222 1+ ai—mm]. @Y
thatrepresenttheperceptuatjuality measurdor evaluating
the performancef sggmentatioralgorithms.

4. RESULTS

In this sectionthe proposedobjective evaluationmetric is
usedto compareand rank different segmentationresults.
Thevaluesof parameterfor theevaluationmetrichavebeen
setaccordingto the qualitative criteria discussedn Sec-
tion 3.2andby comparisorwith informal experimentswith
humanobserers: a;, = 3 in Eq.(6),a, = 2,5 in Eq.(7),
anda; = 0.5 in EQ.(10). The objective evaluationis given
with respecto thehand-sgmentedsequencélall Monitor,
providedby the EuropearprojectCOST2112 The quality
metricis usedto (a) selectthe bestparametewaluesfor a
give sggmentationalgorithm,and (b) rank a group of sey-
mentationalgorithms. In particular we considerheresey-
mentationresultsobtainedby changedetectionalgorithms.
First we analyzethe influenceof the window size on the
changadetectioralgorithmdescribedn [7]. Then,wecom-
parechangedetectiorresultsof themethodgproposedn [8]
(SM), [9] (EDGE)and [10] (CECD).The objectve evalu-
ation betweerdifferentwindow sizesfor the sequencéiall
Monitor is shaowvn in Figure2. The dimensionsf the win-

1Thelargerthis variation,the smallerthetemporalcoherence.
2http://wwwtele.ucl.ac.be/EXCHANGE/
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Fig. 2. Objectvecomparisorfor perceptuaspatio-temporal
qualitymetricsbetweerdifferentwindow sizesin [7] for the
sequencédall Monitor. The symbolsof thelegendreferto
the dimensionsf thewindow. W110: 9 pixels, W220: 25
pixels,W330: 49 pixels.
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Fig. 3. Objectvecomparisorior perceptuaspatio-temporal
guality metricsamongchangedetectiontechniquedor the
sequenceHall Monitor. The symbolsof the legendre-
fer to the changedetectiontechnique:SM [8], EDGE[9],
CECDI[10].

dows undertestare9, 25, and49 pixels. Amongthe differ-
entwindow sizesunderanalysisthe choicecorresponding
to a5 x 5 window givesthe bestresults. The objectve
evaluationof theilluminationinvariantmethodss shavnin
Figure3. Thethreemethodsindertestarecomparedirstin
caseof illumination variation. The methodbasedon color
edgegCECD)providesbetterresultsthantheothertwo and
canbethereforebe selectedor usein the changedetection
applicationat hand.

5. CONCLUSIONS

An objective metric evaluationof sggmentatiomguality has
beenpresentedn this paper The metric judgesthe spa-
tial accurag andtemporalcoherencenf a partition based
on direct comparisorof results. The deviation of the re-
sultsfrom a referencesggmentationis weightedaccording

to the visual importance. The visual importancehasbeen
determinedby consideringspatialandtemporalcontetual
information. The metrichasbeenusedto comparechange
detectiorresultsobtainedwith the state-of-the-annethods.
Theweightsof thequality metrichave beensetaccordingo
qualitative criteriaandby comparisorwith informal exper
imentswith humanobseners.Ourfutureresearchdirection
is to automaticallydeterminehe mostappropriataveights,
at leastfor specificapplications. To this end, it would be
interestingo defineageneraformalismfor thesetup soas
to comparesubjectve andobjective results.
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