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Abstract

Many color visionsystemsequire a first stepof classi-
fying pixelsin a givenimage into a discretesetof color
classesln this paperwe describea humanperception-
basedappmoad to pixel color sgmentationFuzzysets
are definedon the H, SandV component®f the HSV
color spaceandprovidea fuzzylogic modelthataimsto
follow the humanintuition of color classification. Ex-
perimentssugestthat the classificationperformedby
theproposedlgorithmintroducesanimprovementver
someotherbasiccolor classificationtechniques,espe-
cially in outdoornatural sceneswhich are consideed
mote challengingto color sggmentationmethods.The
knowledg-drivenmodelallows simplemodificationof
theclassificationbasedon the needwf a specificappli-
cation, and the efficiencyof the algorithm in termsof
computationalkcompleity malesthe proposedmethod
suitablefor applicationswhele efficiencyis a primary
issue
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1 Introduction

Many color vision systemgequirea first stepof classi-
fying pixelsin agivenimageinto a discretesetof color
classes.This early vision stepplaysanimportantrole
in computetvision applicationsaserrorin this process
will be propagatedurther [11]. However, while hu-
manscaneasily classifycolorsin the spectrunvisible
to the humaneye, machinedind this task more chal-
lenging. Although mary color sgmentationmethods
have beenproposed[8, 3, 4, 9, 10, 16, 18], no algo-
rithm hasbeenprovento provide an optimal solution,
andresearctefforts arebeingcontinued.
Basicapproachet this problemincludecolor space
thresholding, linear color thresholding and nearest
neighborclassification. The approachof color space
thresholdingis basedon partitioning the color space
into a fixed numberof rectangularblocks [3]. Al-
though having a clear advantagein termsof compu-
tationalcompleity, partitioningthe color spaceinto a

relatively smallnumberof rectangulasegmentausually
donot provide anoptimalsolutionto the problem.

A more accurateapproachis linear thresholding,
which partitionsthe color spacento sggmentswith lin-
earboundaries.Any given pixel is then classifiedac-
cordingto the sggmentsit lies in. This techniquepro-
vides better performance put the more comple par
titioning slows down the algorithmandintroducesthe
problemof choosingthe optimalcolor spacesegmenta-
tion, usuallysolved usingmachinelearningtechniques
suchasartificial neuralnetworks.

Anothercommonapproacltis nearesheighborclas-
sification. This methodperformsa searchin a setof
predefinectlassifiedcolor sampledn orderto find the
K closesteighborqusuallyin termsof Euclideandis-
tance)to ary given pixel. The pixel is then classified
accordingo themostpopularclassamongtheK neigh-
bors. Like color spacethresholdingnearesieighbor
classifications alsolimited by theclustershapesywhich
aredeterminedy thedistribution of the samplesn the
training set. In orderto provide good performance,
nearesteighborclassificationshould use a relatively
large numberof sampleswhich slows down the algo-
rithm andmay preventit from providing practicalreal-
time performancé4].

Severaldata-drvenmethodghatarebasednthehu-
manperceptiorof colorhave beenproposedsuchasre-
giongrowing sggmentatiorf16] andhumanperception-
basedexture analysig[8]. In this paper a knowledge-
driven approactthat follows the humanperceptionof
color sggmentatioris describedTheapproachs based
on fuzzy logic modelingof the HSV color spaceand
providesa fast, yet fairly accuratecolor sgmentation
usingnaturallanguageulesof humanintuition thatal-
low simplemodificationof theclassificatiorcriteria. In
Section? thefuzzylogic modelis describedandin Sec-
tion 3 experimentatesultsarediscussed.



2 Fuzzy logic modeling of colors

The proposednethodis basedon segmentationof the
HSV color spaceusing a fuzzy logic model that fol-
lows a humanintuition of color classification. While
somecommonapproachearebasedn samplingHSV
triplesusingfixed-sizebins[1], themethoddescribedn
this paperpredefineghe sggmentsusinga fuzzy logic
model,anddividesthe color spacdnto segmentshased
on linguistic terms. This approachis different than
somedata-drven approachesuchasnearesneighbor
classificationjn which the shape®f the sgmentsare
determinedby the distribution of the samplesin the
training-set,or basic approachesuchas color space
thresholdingthat definesthe segmentshapedasedon
thedatastructuresusedby thealgorithm.

2.1 Fuzzy sets

Fuzzy Logic is often used as an interface between
logic andhumanperception5, 20, 21]. The presented
methodis basedon fuzzy logic modelingof the HSV
color space,which is moreintuitive and closerto the
humanperceptionof color thanthe RGB space[12].
Sincein HSV color spacesachcoloris definedby three
valueg(H, SandV), thefuzzylogic modelhasthreean-
tecedenvariablesHue Satuation andValue) andone
consequentariable,whichis a color classID. Thedo-
main of the variablesHue, Satuation andValueis the
interval (0,240). Thedomainof theconsequentariable
is discreteanddependenthenumberof thepredefined
colorclasses.

In the model presentedn this paperthere are 10
fuzzy setsfor Hue, 5 fuzzy setsfor Satuation and 4
fuzzy setsfor Value. All membershigunctionsarein
theform of atriangular function[19].

Thefuzzy setsof the antecedentuzzy variableHue
aredefinedbasedon 10 basichuesdistributedover the
0 — 240spectrum.As describedn Fig. 1, the huesare
Red Dark Orangg, Light Orange, Yellow, Light Green
Dark Green Aqua Blue, Dark Purple Light Purple
The point of maximumof eachmembershigfunction
is determinedbasedon the visual color spectrumde-
scribedin [7], normalizedto the (0,240)internval. The
membershigunctionsaredescribedn Fig. 1.

Satumtion is definedusingthe five fuzzy setsGray,
AlmostGray, Medium AlmostClear, Clear, asshovn
in Fig. 2.

Value is defined using the four fuzzy sets Dark,
MediumDark, MediumBright and Bright asdescribed
in Fig. 3.

Membership
Gray AlmostGray Medium  Almost Clear Clear
1
0 ! ! I
40 120 120 241
Saturation

Figure2: Thefuzzy setsdefinedon Satuation.

Mlembership
Medium Medium
Diark. Doark. Eright Eright
1
1] | 1 I
0 120 180
it alue

Figure3: Thefuzzy setsdefinedon Value

2.2 Fuzzyrules

Thefuzzy rulesin this modelaredefinedbasedon hu-
manobsenations.For example therule “Dark Orange
A MediumA MediumDark — Dark Browr is de-
finedby manuallyclassifyingthecolor producedy the
HSV triple suchthatthe valuesof H, SandV arethe
pointsof maximumof the membershigunctionsasso-
ciatedwith the fuzzy setsDark Orange, Mediumand
MediumDark. Basedon the membershigunctionsde-
scribedin Fig. 1, 2 and 3, in this casethe valuesare
H =20, S = 120 andV = 120. The color produced
by this HSV triple would be classifiedoy mosthuman
obserersasDark Brown This correspondso the nat-
ural languagehumanperception-basedile “if the hue
is Dark Orangg, the saturationis Mediumandthevalue
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Figurel: Thefuzzy setsdefinedon Hue

is MediumDark thenthe coloris Dark BrowrT'.

The reasoningprocedureis basedon a zero-order
Takagi-Sugenanodel[14, 15], sothatthe consequent
part of eachfuzzy rule is a crisp discretevalue of the
set {Black, White Red Orange, Yellow, Dark Gray,
Light Gray, Pink, Light Brown, Dark Brown Aqua
Blue, Olive, Light Green Dark Green Purple}. The
setof fuzzyrulesincludesrulessuchas:

RedA GrayA Bright — white

RedA Almost Gray A Dark — black

RedA Almost Gray A Medium Dark — dark gray
RedA Almost Gray A Bright — pink

RedA MediumA Medium Dark — dark brown
RedA AlmostClearA Medium.Bright — red

Dark GreenA MediumA Bright — light_green
Dark GreenA Almost ClearA Dark— black

Dark Green A AlmostClear A MediumDark —
dark green

Sincethismodelhas10fuzzy setsfor Hue, 5 for Sat-
uration and 4 for Value, the total numberof rulesre-
quiredfor thismodelis 10x5x4=200.

2.3 Thecomputation process

The computationprocessclassifiesarny given HSV
triple to a known predefineccolor. In the fuzzification
stagethe Hue componentof the HSV triple is fuzzi-

fied using the hue fuzzy setsdescribedn Fig. 1, the
Satumtion components fuzzified usingthe satuation
fuzzy setsdescribedin Fig. 2 and the Value compo-
nentis fuzzified usingthe valuefuzzy setsdescribedn
Fig. 3. Rule evaluationis performedusingthe product
inferencingmethod.

Sincethe domainof the consequentariableis a set
of discretevalues,continuousdefuzzificationmethods
cannotbe used. One possibledefuzzificationmethod
in this caseis to simply selectthe consequenpart of
therule that hasthe maximalstrength.l.e., the output
valueis the consequenpart of the rule suchthat the
productof the membershipsf H, SandV to thefuzzy
setsof therule’s antecedenpartis maximalcomparing
to all otherrules. However, sincethe sameconsequent
partcanbe commonto morethanonefuzzy rule, con-
sideringonly the fuzzy rule with the maximalstrength
canleadto afalseconclusionsinceanotherconsequent
part may be supporteddy sereral rules,which are, to-
gether stronger For instance|f threefuzzy rules Ry,
R, andR3 have strengthf 0.2,0.21and0.23respec-
tively (while the strengthof all otherrulesis 0), it may
be reasonableo usethe consequenpart of R; asthe
outputvalue. However, if the consequenpartsof R,
and R, areidentical, choosingthe consequenpart of
R; and R, shouldbe considered. Therefore,the de-
fuzzificationis performedin threestages.In the first
stage,all fuzzy rulesare groupedby their consequent



parts. In the secondstage eachgroupof fuzzy rulesis
assignedwith a valuethatis the sumof the strengths
of its containedules. In the third stage the groupthat
hasthe maximal sum of strengthss selectedandthe
consequemnpartof its fuzzyrulesis assignedo thecon-
sequentuzzyvariable.

3 Experimental results

We choseto test the algorithm using outdoor natural
scenesywhicharesometimegonsiderednorechalleng-
ing to color sggmentationmethods[6]. Fig. 4 is an
exampleof a true-colorimageand its transformation
suchthat eachpixel is classifiedandassignedvith the
color that correspondgo the classification. The clas-
sificationmethodstestedare color spacethresholding,
nearesheighborusinguniformly distributed200 color
sampleandtheproposeduzzylogic-basednethodde-
scribedin Section2.

Althoughthe nearesneighborclassificationrandthe
fuzzy logic-basedclassificationuse the samenumber
of color sampleq200), the comparisorshaws thatthe
performanceof the nearestneighborcolor classifica-
tion is inferior to thatof theproposeduzzy logic-based
method.Color spacahresholdindost mostof thecolor
information. The advantageof the proposedtlassifica-
tion methodis thatthe sgmentsprovidedby thefuzzy
logic modelingare shapedbasedon the dependencies
betweenthe dimensionsof the color space,while the
shapef the sggmentsof color spacethresholdingare
basedon the datastructuresisedby thealgorithm,and
segmentscreatedby the nearestneighbormethodare
determinedby the distribution of the samplesin the
trainingset.

Fig. 5 shavs anothercomparisorof the threecolor
segmentationmethodsin a similar fashion usedin
Fig. 4. An eyeball comparisorof the imagessuggests
that the proposedfuzzy logic-basedmethodprovides
a more accuratecolor classificationthan color space
thresholdingandnearesheighborclassification.

Color sggmentationis often usedin the field of re-
mote sensingand GIS (Geographicinformation Sys-
tems)[13, 17]. Fig. 6 shavs a satelliteimageof New
York areaand the color classificationusing the three
methods. Comparingthe images,the proposeduzzy
logic-basedipproactprovidedthemostaccurateletec-
tion of water vegetationandurbanareas.For instance,
thecolorspacehresholdingnethodproducecanimage
in which the entireLong Islandareais coloredin gray,
while the nearesneighborclassificationdid not detect
GreatSouthBay andcoveredurbanareasn yellow in-
steadof gray.

Another important advantageof the proposedap-

proachis its low computationacompleity. Sincethe
total numberof rulesin the modelis constanttheclas-
sificationof eachpixel is performedin constantcom-
plexity. Practically a systemwith anIntel PentiumlV
processoat2.66 MHZ and512MB of RAM processes
the 150x 225imageof Fig. 4 in ~0.35seconds.

4 Conclusion

In this paper a fuzzy logic basedmethodof color sgg-

mentationwvasdescribedThe presenteépproachtaims
to modelthe humanperceptiorof colorsby usingfuzzy
logic. Dueto theuseof fuzzylogic, the clustersarenot
limited to rectangulaior linear sggments. Experimen-
tal resultssuggesthat the classificationperformedby

the presentedalgorithm provides betteraccurag than
someotherbasiccolor classificationtechniques. The

knowledge-drvenmodelallows simplemodificationof

the classificationbasedon the needsof a specificap-

plication, andthe efficiengy of the algorithmin terms
of computationaktompleity allows practicalusein a

varietyof real-life applications.
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Figure6: Colorsegmentatiorof New York areasatelliteimage(a) usingcolor spacahresholdingb), nearesheighbor
(c) andthe proposeduzzy logic-basednethod(d).



