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Abstract

In thispaperweexploit someprevioustheoreticalresults
aboutdecisiontreepruningto derivea color sgmentation
algorithmwhich avoidssomeof the commondrawbads of
region meiging techniques.Thealgorithmhasbothstatisti-
cal andcomputationahdvantaesover knownapproaches.
It authorizeghe processingf512x512imagesin lessthan
a secondon corventionalPC computes. Experimentsare
reportedon thirty-five images of various origins, illustrat-
ing the quality of the sgmentation®btained.

1 Introduction

It is establishedsince the Gestalt movementin psy-
chology[14] thatperceptuabroupingplaysafundamental
role in humanperception.Eventhoughthis obsenationis
rootedin the early partof the XX** century the adaptation
and automationof the segmentation(and more generally
grouping)taskwith computerdhasremainedsofar a tanta-
lizing andcentralproblemfor imageprocessingThisis all
the more importantfor computersas groupingauthorizes
the reductionof the size of data,and, by the way, canre-
ducedramaticallythe spaceandtime complexitiesfor some
post-processintasks,in afield wheredataareeasilyavail-
ableandin hugequantities.

Roughly speaking,the problem can be presentedas the
transformatiorof the collectionof pixels of animageinto
a meaningfularrangementf regionsandobjects[8]. But,
how canweidentify objects? TheGestaltmovemenidenti-
fied somefactordeadingto theperceptiorof objects: sym-
metry, similarity, parallelism,etc. [4]. Thoughtheserules
are conceptuallysatisfyingto explain the phenomenorat
the humanlevel, their lack of detailsmakesit hardto see
themasdirectlyimplementablalgorithmg4], evenif some
of themcanbeextendedo rigorousalgorithms[15]. Sofar,
imagesggmentatiortechnique$avetackledthe problemby

studyingmathematicapropertieof theimageseen16], or
morerarely by a directemphasin algorithmicand com-
putationalissued3].

Therearefour large categoriesof approacheto imageseg-
mentation[16], one of which is of direct interestto us:
regiongrowing andmermgingtechniquesin this groupof al-
gorithms regionsaresetsof pixelswith homogeneougrop-
ertiesandthey areiteratively grown by combiningsmaller
regionsor pixels, pixelsbeingtakenaselementaryegions.
Region growing techniqueausuallywork with a statistical
testto decidethememing of regions[11, 16].

In the field of imagesegmentation(or moregenerally im-
ageprocessing)MachineLearning(ML) techniquesnight
appeartailor-made for high-level tasks, such as in [9].
One might wonder whetherapplying such techniquesor
their adaptationdo image processingoasedon low-level
cues(typically, image segmentation)might be well worth
the try, in a field where the approachesre already nu-
merous,of mary kinds (local filtering, balloons, snales,
MDL/Bayesian, region growing, etc. [16]), and where
heary mathematicabpproache$ave obtainedsignificant
results(seee.g. theresultsof [16]). We think someclues
coming from image processingindicate that ML-derived
techniqueanight be of interestalreadyfor low-level pro-
cessingtasks. First, vision is widely acceptedas an in-
ferenceproblem, i.e. the searchof what causedthe ob-
seneddata[4]. Secondasarguedby [12], low-level im-
agesegmentatiorshouldnotaim at producingacorrectseg-
mentation put rathera good approximationgiventhe post-
processingtageof theimage. Onemorereasoncangive
evidencefor the possibleinterestin usingML-relatedtech-
nigues. ML and Computational.earningTheory (COLT)
works suchas[7] have broughta numberof usefulresults,
or found a way to usea numberof results,in statisticsor
probability, which remove mary undesirabledistribution
assumption®n the data. The mostcommonlyusedtheo-
reticalfoundingmodelfor ML/COLT is the PAC modelof
Valiant[13], which removesary suchdistribution assump-



tions. In imageseymentationtherehave beena numberof
probabilisticapproacheto theproblem[1, 16] or [4] (Chp.
18). Most of themrely on heavy, penalizingdistribution as-
sumptionsonthedata(suchasnormality),andfinally some
recenfprominentwork in imagesegmentatiorhasmadeem-
phasison morecornventional,non-probabilistiapproaches,
suchasdiscriminantanalysis-typg12, 2].

Our aim in this paperis clearly not to proposea ML algo-
rithm to sggmentimages,but ratherto exploit someof the
commonpointsbetweernimagesegmentatioranddecision-
treepruning,andthenadapthetheoreticaML/COLT ideas
andtools of [7] to our setting,to derive a new seggmenta-
tion algorithm. This paperconsistghereforeof anoriginal
(andnovel) adaptatiorof previousML/COLT work to low-
level imageprocessinga ratherseldomresultin our con-
text. The next sectiongoesin depthin the commonpoints
betweendecision-tregpruningandimagesegmentation. It
is followedby a sectionpresentinga modelof imagegener
ation. Then,two sectionsdetail respectiely the statistical
andalgorithmiccontentsof our approach.The lastsection
discussesxperimentson numerousmages.

2 From pruningto merging

A decisiontreeis a classifiermakingrecursye partitions
of arepresentatiospace accordingto someclassesCon-
siderfig. 1, shaving a 2D representatiospacerestricted
to the integer couplesof the domain [0, z4] x [0,ys] for
somezy,ys > 0. Supposehatthereare g classegnot
shawvn). Thepointis thata probability distribution is given
to domainxclasses. Each couple (obsenation, class)is
calledan example andthe problemis to fit asbestaspos-
sible the domainof all examples,usingonly a potentially
small subsebf this domain,sampledaccordingto the dis-
tribution. Decisiontreesare very efficient waysto tackle
theproblemusinga very simpleformalism[7]. Thequality
of a decisiontreeis evaluatedby its error probability over
thewhole domain,alsocalledstructuralrisk, which we can
only estimateusingthe error frequeng over the examples
seen,also called empirical risk [7]. The classificationof
anobsenationis madeasfollows: eachinternalnode(and
theroot) of thetreeis labeledby a teston a variableof the
obsenations;eachleaf is labeledby a class(not shovn in
fig. 1). The classificationprocessstartsfrom the root of
the tree. If the obsenation satisfiesthe currenttest, then
it follows the right path, otherwiseit follows the left path,
until it reaches leaf,andtherefords giventhecorrespond-
ing class. In fig. 1, anobsenrationfor whichz = z» and
y = y» wouldfall in region A, asshovn by the dottedpath.
Themostpopulardecisiontreelearningalgorithms(CART,
C4.5[7]) proceedby growing a very large decisiontreeto
fit asbestaspossiblegheexamplesseenandthenpruningit
to get(hopefully)agoodfit of thewholedomain.Pruninga

Figure 1. A domain and its recur sive partition
by a decision-tree (see text for details).

treeconsistan removing iteratively aninternalnodeandits
subtreetherebyreplacingthe nodeby a classlabel. Prun-
ing the nodewhosetestis “z > z3” in imagel would boll
down to memgeregionsA, B andC.

If we considerthat the color valuesof pixelsin animage
arethe resultof a theoreticalvalue (the one of the region
they belongto), combinedwith a randomvariability fac-
tor (suchasnoise),thenthe taskof region memging canbe
looselyreformulatedasthe recognitionof the regionshav-
ing the sametheoreticalvaluesin anobsenedimage. This
problemis quite similar to decisiontree pruning (consider
thattheimagehasz,ys pixelsin fig. 1); moreimportantly
thetools usedin both problemscanbe the same:the con-
centrationof randomvariablesto give confidencebounds,
eitherfor thetheoreticalolor valuesof groupsof pixels,or
for the structuralrisksin decision-tregruning.

However, our taskappeardo be more difficult than prun-
ing, sincewe generatanuchmorepotentialconfigurations.
Considere.g. fig. 1: thetreehasonly 7 possibleprunings
(includingthe original tree), whereaghereare 42 possible
segmentation®f the domainwith the 6 initial regions.
Imageprocessindghaspotentiallytwo characteristicsvhich
maleit agoodcandidatdor theadaptatiorof particularML
techniques. First, the quality of the pruning strongly de-
pendson the available quantity of data,andsmall datasets
typically leadto uncontrollableover-pruning.In imageseg-
mentationthe materialis availablein hugequantities.Sec-
ond,imagesegmentations afield in which fastalgorithms
are obviously crucial with the advent of real-time (video)
imageprocessingput practiceshows that “f ast” is a field-
dependensubjectie notion: for example,[1] considera
“veryfast” algorithmextractinga few dozensof regionsin
a512x512imagein lessthan10 secondsbput on an high-
endUItraSFARC workstation;[12] give executiontimeson
100x 120 imagesof about2 minuteson corventionalma-
chines,and there are mary other examples. We shaw in
thatpaperthatusingour ML-derivedtoolscanbring highly



competitive (or better)results,in reducedimes.

3 Notations and models

The notation|.| standsfor cardinal. The obsened im-
age, I, contains|I| pixels, eachcontaining Red-Green-
Blue (RGB) values,eachof the threebelongingto the set
{1,2,...,9}. We have deliberatelychosennot to usecom-
plex formulationsof thecolors,suchasthe L x u x v+ space
[1]. I isanobsenationof aperfectscenel* we donotknow
of, in which pixelsareperfectlyrepresentethy a family of
distributions from which eachof theobseredcolor-levelis
sampled.In I*, the optimal (or true) regionsrepresenthe-
oreticalobjectssharinga commonhomogeneityproperty:

o all pixelsof agiventrueregion have identicalexpecta-
tionsfor eachRGB color-level,

o theexpectation®f adjacentegionsaredifferentfor at
leastoneRGB color level.

I is obtainedfrom I* by samplingeachtheoreticalpixel
for obsened RGB values.Fig. 2 presentan exampleof a
color-level for onepixel in I* andhow to generatehe cor-
respondingobsened color-level of the pixel in I. In each
pixel of I*, eachcolor-level is replacedby a setof ) in-
dependentandomvariables(r.v.) taking positive valueson
domainsboundedby g/@Q, suchthatary possiblesum of
outcomef theseq r.v. with non-zeroprobabilitybelongs
to{1,2,...,g}.

Thesamplingof eachpixel andits colorlevelsaresupposed
independenfrom eachother Our model of imagegener
ation doesnot unfortunatelyprevent us to dependon this
usualassumptior{alsowidely usedin ML/COLT). Our ex-
perimentsshall demonstratehat it doesnot seemto have
animpactontheresultsof the segmentationlt is important
to notethatthis is the only assumptiorwe make on I*. In
particular we do not make ary further assumptioron the
natureof eachdistribution (suchasnormality, homoscedas-
ticity), which canbethereforedifferentfrom oneanothetin
eachpixel of aregion, aslong asthe sumof their expecta-
tionsis constanfor eachcolorinsideatrueregion.
Ourgoalis thenstraightforvard: find obsenedregionsin I
approximatingasbestaspossiblethetrueregionsin I*.

@ is certainlythelessintuitive parameteof our model. We
have chosento introduceit for our modeland our analy-
sesto be asgeneralas possible(standardanalyseswould
fix @ = 1). Practicallyspeaking,) representshe major
adwantageo beatrade-of parameteradjustableo obtaina
compromiséetweerthepowerof themodelandthequality
of the obseredresults.Indeed,f @ is small(say Q = 1),
thenscarcelynothingcanbeestimatedeliably for smallre-
gionsin I, but our modelis the mostgeneralpossible.On
theotherhand,if @ istoolarge,thenourmodelbecomese-
stricted(Q) = g bringsbacka corventionalBinomial law),

but our estimationsarethe mostreliable. Betweentheuser
canchoosea corvenientvalueto keepa powerful enough
modelwhile ensuringreliableestimationn I.

4 Themerging test and its properties

Our mainresultis basedn the concentratiorof random
variables,a tool widely usedin ML/COLT literature[7].
Our modelnecessitatearecentresultdueto [10]:

Theorem 1 (Theindependenboundeddifferenceinequal-
ity, [10]) LetX = (X4, Xo, ..., X,,) be a family of inde-
pendent.v. with X, taking valuesin a set 4;, for each k.
Supposehat the real-valuedfunction f definedon [], Ax
satisfied f(x) — f(X)| < ¢ wheneervectosx andx’ dif-
fer only in the k-th coodinate Let i bethe expectedvalue
of ther.v. f(X). Thenfor anyt > 0,

2¢2

Pr(f(X)—pu>t) < e 2" (1)

In our casewe now provethatwith high probability, the
obsenedaverageR, of ary region R in I shallnotdeviate
toomuchfromits theoreticakxpectatiorE, (R) for asingle
color-level a. By theoreticalexpectationwe meanthe av-
erageof the sumover eachof its pixels of the expectations
of its ) distributionsfor colora in 7*.

Theorem 2 Let R bearegionin I. LetR; bethe setof
regionshaving! pixelsin I. Fix ana € {R, G,B}. V¢’ > 0,
the probability thatthere existsa regionin Rz suc that

- 1 2[R r|
|m—a®|29¢mmo% &) @

is nomorethand’.

(Proof omitted due to the lack of space). Of course,the
probability of occurrenceof the event for someof the R,
G, or B levels,is no morethan3d’. Whatis interestingin
theoren® is thatregion R is notrequiredto belongto atrue
region of I*. Indeed,if the region memging algorithmhas
memgedtogetheisubset®f trueregionsOy, Os, ..., Ok in R,
thentheboundof theorem? still holds. Theuseof theorem
2 will be straightforvard. The probability that thereexists
aregionin I (regardlesof its size)for which the average
of someof its RGB color deviatesfrom its expectationby
more than the right-hand-sideof inequality 2 is no more
than3|I|¢’, sincetheregion canhave sizel, 2, ..., or |I].

Then,if we fix
§ = 3|Id 3)

and

bR) = g\/ﬁm (106 5 +1081Riml) (@



apixelof O;

Figure 2. Generation of a single color -level for one pixel from I* to I.

thenwe know that,with high probability(> 1—4§), ary pos-
sibleregion R will have a boundedvariationof R, around
E(R), for all valuesa € {R, G, B}. Becauseof thetrian-
gle inequality we know thatary two regionsR andR' hav-
ing the sameexpectationdE, (R') = E,(R) = ¢,, Va €
{R, G, B}) shallobsere a quantity|R’, — R,| which will
bealsoconcentratedroundzero,upto radiusb(R) + b(R')
actually since|R', — R,| < |R'y — qu| + |Ra — qa] (tri-
angleinequality). If |R’, — R,| < b(R) + b(R') for all
a € {R, G, B}, thenwe cansupposehat R and R’ belong
to the sametrue regionin I*, andmemgethem. This gives
the meming predicateP (R, R') of our region meming al-
gorithm,returningwhetherR and R’ canbemergedor not:

true iff Vae {R,G,B},
P(Ra RI) = |ﬁa - I_%a,l S b(R) + b(RI)

fal se otherwise

We alsoneedto computethe value|R||. Becauseof the
factthatexactvaluesaredifficult to computewe have used
apracticalbound|R;| ~ ((I +2)™ir{9:1}) /(1 + 1) (proof
omitted)whichfollows ascloselyaspossiblethetruevalue,
beingsmallerfor the small valuesof I (thus,for smallre-
gions,wheretypically ! < g), andlargerfor thelargevalues
of [. Therisk in computinganupperboundor |R;| wasto
getatoo large upperboundtherebyleadingto a too large
risk of overmeiging (we shallseeit in thenext section).

5 Thealgorithm and its properties

Supposethat the image I containsr; rows and c;
columns. This representdV = 2rjer — r1 — ¢y couples
of adjacentpixels (in 4-conneity). NameS; asthe setof
thesecouples.Denotef (.) the functionwhich takesa cou-
ple of pixels (p, p'), andreturnsthe maximumof thethree
color differenceqR, G andB) in absolutevalue between
p andp’. Denoteasqui cksort (Sy,f) the outputof the
quicksortalgorithmfor setSy, in increasingorderof func-
tion f(.). For ary pixel p of I, we denoteas R(p) the cur
rentregionto which p belongsin I. Thealgorithmis called
PSI S, for Probabilistic Sortedl mageSegmentation.

Algorithm 1: PSI S( 1)
Input: animagerl
S7=qui cksort (Sr,f);
fori=0to N —1do
I*(pi, ) is thes®® coupleof S%*/
if R(p;) # R(p;) and P(R(p:), R(p;))=t rue then
L Uni on( R(p:).R(p})) ;

Onemightwonderwhy we have choserto orderthecou-
plesof pixelsin PSI S. Indeed sucharequirements a pri-
ori notclearfrom ourtheory andit bringsanO(|I|log|I|)
compleity (sometimesmaller [2]) insteadof the (almost)
linear complexity reachablewithout this stage. Thereare
basicallythreekind of errorsour algorithmcansuffer with
respectto the optimal sggmentation. First, undermeming
representshe casewhereoneor moreregionsobtainedare
strict subpartof trueregions. Secondpvermeigingrepre-
sentsthe casewheresomeregionsobtainedstrictly contain
morethanonetrueregion. Third, thereis the“hybrid” (and
mostprobable)casewhere someregions obtainedcontain
more thanone strict subpartof true regions. Orderingthe
pixelstestis awayto limit this third kind of error, sincewe
approximatehefollowing property:

(P) All meming testsinsidetrue regionsare madebefore
ary meiging testbetweertrueregions.

Obviously, (P) is unreachablén practice;however, from a
purely theoreticalpoint of view, (P) hasa key effect when
usedwith our statisticalmaterial: PSI S only suffers over-
merging with probability > 1 — ¢ (eq. 3). Indeed,we
know that for ary regions R, R' coming from the same
trueregionin I*, we haveVa € {R,G,B},|R/, — R,| <
|R's — qu| + |Ra — go| Wheregq, = E,(R') = E,(R). With
probability> 1—4§, wealsoknow (theoren? andeq. 3) that
|R', — R.| < b(R) + b(R') for ary regionsR, R' coming
from the sametrueregionin I*. Sincethisis our meging
test,and since (P) holds, it follows that the sgmentation
obtaineds anundersegmentatiorof 7*.
Therefore,theoreticallyspeaking,(P) allows to eliminate



Image PSI S

PSI S

Figure 3. Results obtained by PSI S and [1] on four images. Region are white with black borders.

undermemging andthe hybrid error casewith high proba-
bility; this motivatedusin fastapproximation®f it. In fact,
over-meimingcansomavhatbecontrolledin practicefor re-
gionswith sizelarge enough(typically > g) aslong asthe
boundfor |R;| isnottoolarge(seeEq. 4). Thisisthereason
for our choiceof theupperboundor |R,|.

6 Experimental results

Dueto thelack of spacewe reportexperimentsonly on
thirty-fiveimagesamongall onwhich PSI S wastestedfig-
ures3, 4 and5). While lookingattheresultsthereademay
keepin mind that:

thevaluesof theparametersf PSI S arethesame
for all images: 8’ = 1/(3|I]?) (theorem2) and
@ = 32. Furthermorethe imageswereusedas
they are,i.e. withoutary preprocessing.

Therefore, the results of PSI' S do not stem from ary
domain- or image-dependenpreprocessingr parameter
tuning. PSI S wasimplementedn C. Fig. 3 displayssome
resultsto be comparedwith [1, 16]. While PSI S obtained
recordtimes for processingheseimages,the resultsare
highly competitive with the otherapproachesConsiderthe
woman image.Herbustis bettersegmentedhan[1]. When
looking at[16]' s resultfor thisimage,our resultappeargo
be better: after over a hundrediterations,[16]’ s technique
of region competitiondoesnot manageo find theworman’s
eyes. [16] argue that that the eyes are too small and as-
similatedto noise. This is clearly not a mistale PSI S has
made. The hand imagealsodisplaysgoodresults,all the
betterif we considerthatthe modelof imagesegmentation
of PSI S doesnotexplicitly integratetextures.In fig. 4, the
left tabledemonstratethat PSI S obtainsagainniceresults

on texture segmentation(t enni s andr ock images),all
the moreinterestingif we compareghemto the approaches
of [5, 6], tailor-madefor texture segmentation. The right
imageshavs for someimagesa particularregion isolated
by PSI S. Remarkfrom| ena andsqui r r el thatPSI Sis
ableto isolateregionswith high variability (e.g.thegrass),
and obtainsresultseven betterthan [16] on the squi r -
rel image: their sggmentation,althoughtailor-madefor
textured images,obtainsa segmentationof the grasswith
mary holes, a populardravback of region-meging tech-
niques[16], seealsothe resultof [2] in fig. 5 (bottom
row, region #2) for the grass. Note alsothe nice sggmen-
tation of the truck comparedto [2] (fig. 5, bottom row,
region #4). The smallimagesin fig. 5 (a-x) displaythe
ability of PSI S to handlereasonablgradientddueto light-
ning and slantedsurfaces(imagesb, f,i,j, k, r, s, u,
w, X). This correctsanotherdravback of mary segmenta-
tion techniquesyelying on the assumptiorthat the image
is piecavise constan{?]. Notethatin imagex, PSI S ob-
tainsexactly two regions. The bowl region (x ,#2) approx-
imatesnicely thetrue object,in a betterway than[2], who
find significantlymoreregions,againwith mary holescom-
paredto PSI S. In imagew, which containsgradientsand
light effects,PSI S findsexactly threeregions,approximat-
ing almostperfectlythe threepartsof theimage:the back-
ground,the pot, andits lid. The gradientsandlight effects
of imagej aremuchmoredifficult to handle.In thatcase,
PSI S found four regions (all showvn), two of which (#2
and#3) aregoodapproximationf two partsof the object
(exterior/interior). More generally mary regionsfound by
PSI S in thesesmallimagesapproximateconceptuallydis-
tinct partsof the objects:see(a,#4), (b,#3), (c #4), (e ,#3),
(f #3),(n,#4),(s #3),(t ,#3),andmary others.



Image PSI S

Figure 4. Results obtained by PSI S and [5, 6] on various images. The “detail”

of interest in PSI S's results. PSI S’'s segmentations are grey-leveled averaged with white borders.

column is a region

Conventions for the results of [5, 6] are various but intuitive .
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Figure 5. Some images, and some of the most significant regions obtained by PSI S. The bottom row
shows the result of [2] on the st reet image. The conventions are the same for all region images
(everything that is not the region is white), except for region #1 on the street results, surrounded
by black due to the brightness of the road.



