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Abstract

Manycolor visionsystemsrequire a first stepof classi-
fyingpixelsin a givenimage into a discretesetof color
classes.In this paperwedescribea humanperception-
basedapproach to pixelcolor segmentation.Fuzzysets
are definedon the H, S and V componentsof the HSV
color spaceandprovidea fuzzylogic modelthataimsto
follow the humanintuition of color classification.Ex-
perimentssuggestthat the classificationperformedby
theproposedalgorithmintroducesanimprovementover
someotherbasiccolor classificationtechniques,espe-
cially in outdoornatural scenes,which are considered
more challengingto color segmentationmethods.The
knowledge-drivenmodelallowssimplemodificationof
theclassificationbasedontheneedsof a specificappli-
cation, and the efficiencyof the algorithm in termsof
computationalcomplexity makesthe proposedmethod
suitablefor applicationswhere efficiencyis a primary
issue.
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1 Introduction

Many color visionsystemsrequirea first stepof classi-
fying pixelsin agivenimageinto adiscretesetof color
classes.This early vision stepplaysan importantrole
in computervisionapplications,aserrorin this process
will be propagatedfurther [11]. However, while hu-
manscaneasilyclassifycolorsin thespectrumvisible
to the humaneye, machinesfind this taskmore chal-
lenging. Although many color segmentationmethods
have beenproposed[8, 3, 4, 9, 10, 16, 18], no algo-
rithm hasbeenproven to provide an optimal solution,
andresearcheffortsarebeingcontinued.

Basicapproachesto thisproblemincludecolorspace
thresholding, linear color thresholding and nearest
neighborclassification. The approachof color space
thresholdingis basedon partitioning the color space
into a fixed numberof rectangularblocks [3]. Al-
thoughhaving a clear advantagein termsof compu-
tationalcomplexity, partitioningthe color spaceinto a

relativelysmallnumberof rectangularsegmentsusually
donotprovideanoptimalsolutionto theproblem.

A more accurateapproachis linear thresholding,
whichpartitionsthecolorspaceinto segmentswith lin-
earboundaries.Any given pixel is thenclassifiedac-
cordingto the segmentsit lies in. This techniquepro-
vides betterperformance,but the more complex par-
titioning slows down the algorithmandintroducesthe
problemof choosingtheoptimalcolorspacesegmenta-
tion, usuallysolvedusingmachinelearningtechniques
suchasartificial neuralnetworks.

Anothercommonapproachis nearestneighborclas-
sification. This methodperformsa searchin a set of
predefinedclassifiedcolor samplesin orderto find the
K closestneighbors(usuallyin termsof Euclideandis-
tance)to any given pixel. The pixel is thenclassified
accordingto themostpopularclassamongtheK neigh-
bors. Like color spacethresholding,nearestneighbor
classificationisalsolimitedby theclustershapes,which
aredeterminedby thedistributionof thesamplesin the
training set. In order to provide good performance,
nearestneighborclassificationshouldusea relatively
largenumberof samples,which slows down the algo-
rithm andmaypreventit from providing practicalreal-
timeperformance[4].

Severaldata-drivenmethodsthatarebasedonthehu-
manperceptionof colorhavebeenproposed,suchasre-
giongrowing segmentation[16] andhumanperception-
basedtextureanalysis[8]. In this paper, a knowledge-
driven approachthat follows the humanperceptionof
colorsegmentationis described.Theapproachis based
on fuzzy logic modelingof the HSV color space,and
providesa fast,yet fairly accurate,color segmentation
usingnaturallanguagerulesof humanintuition thatal-
low simplemodificationof theclassificationcriteria.In
Section2 thefuzzylogic modelis describedandin Sec-
tion 3 experimentalresultsarediscussed.



2 Fuzzy logic modeling of colors

The proposedmethodis basedon segmentationof the
HSV color spaceusing a fuzzy logic model that fol-
lows a humanintuition of color classification. While
somecommonapproachesarebasedon samplingHSV
triplesusingfixed-sizebins[1], themethoddescribedin
this paperpredefinesthe segmentsusinga fuzzy logic
model,anddividesthecolor spaceinto segmentsbased
on linguistic terms. This approachis different than
somedata-drivenapproachessuchasnearestneighbor
classification,in which the shapesof the segmentsare
determinedby the distribution of the samplesin the
training-set,or basicapproachessuchas color space
thresholding,thatdefinesthesegmentshapesbasedon
thedatastructuresusedby thealgorithm.

2.1 Fuzzy sets

Fuzzy Logic is often used as an interface between
logic andhumanperception[5, 20, 21]. Thepresented
methodis basedon fuzzy logic modelingof the HSV
color space,which is more intuitive and closerto the
humanperceptionof color than the RGB space[12].
Sincein HSV colorspaceeachcolor is definedby three
values(H, SandV), thefuzzylogic modelhasthreean-
tecedentvariables(Hue, SaturationandValue) andone
consequentvariable,which is a color classID. Thedo-
mainof thevariablesHue, Saturation andValue is the
interval (0,240).Thedomainof theconsequentvariable
is discrete,anddependsonthenumberof thepredefined
colorclasses.

In the model presentedin this paperthere are 10
fuzzy setsfor Hue, 5 fuzzy setsfor Saturation and 4
fuzzy setsfor Value. All membershipfunctionsarein
theform of a triangular function[19].

The fuzzy setsof theantecedentfuzzy variableHue
aredefinedbasedon 10 basichuesdistributedover the
0 – 240spectrum.As describedin Fig. 1, thehuesare
Red, Dark Orange, Light Orange, Yellow, Light Green,
Dark Green, Aqua, Blue, Dark Purple, Light Purple.
The point of maximumof eachmembershipfunction
is determinedbasedon the visual color spectrumde-
scribedin [7], normalizedto the (0,240)interval. The
membershipfunctionsaredescribedin Fig. 1.

Saturation is definedusingthefive fuzzy setsGray,
AlmostGray, Medium, AlmostClear, Clear, asshown
in Fig. 2.

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

Figure2: ThefuzzysetsdefinedonSaturation.

Figure3: ThefuzzysetsdefinedonValue.

2.2 Fuzzy rules

Thefuzzy rulesin this modelaredefinedbasedon hu-
manobservations.For example,therule “Dark Orange�

Medium
�

MediumDark � ��� Dark Brown” is de-
finedby manuallyclassifyingthecolorproducedby the
HSV triple suchthat the valuesof H, S andV arethe
pointsof maximumof themembershipfunctionsasso-
ciatedwith the fuzzy setsDark Orange, Mediumand
MediumDark. Basedon themembershipfunctionsde-
scribedin Fig. 1, 2 and 3, in this casethe valuesare���	��


, � �����

and � �����


. Thecolor produced
by this HSV triple would beclassifiedby mosthuman
observersasDark Brown. This correspondsto thenat-
ural languagehumanperception-basedrule “if thehue
is Dark Orange, thesaturationis Mediumandthevalue



Figure1: ThefuzzysetsdefinedonHue.

is MediumDark thenthecolor is Dark Brown”.
The reasoningprocedureis basedon a zero-order

Takagi-Sugenomodel[14, 15], so that the consequent
part of eachfuzzy rule is a crisp discretevalueof 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 fuzzy rulesincludesrulessuchas:

Red
�

Gray
�

Bright � ��� white
Red

�
Almost Gray

�
Dark � ��� black

Red
�

Almost Gray
�

Medium Dark � ��� dark gray
Red

�
Almost Gray

�
Bright � ��� pink

Red
�

Medium
�

Medium Dark � ��� dark brown
Red

�
Almost Clear

�
Medium Bright � ��� red

Dark Green
�

Medium
�

Bright � ��� light green
Dark Green

�
Almost Clear

�
Dark � ��� black

Dark Green
�

Almost Clear
�

Medium Dark � ���
dark green

Sincethismodelhas10fuzzysetsfor Hue, 5 for Sat-
uration and4 for Value, the total numberof rules re-
quiredfor thismodelis 10 � 5 � 4=200.

2.3 The computation process

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

fied using the hue fuzzy setsdescribedin Fig. 1, the
Saturation componentis fuzzifiedusingthesaturation
fuzzy setsdescribedin Fig. 2 and the Value compo-
nentis fuzzifiedusingthevaluefuzzysetsdescribedin
Fig. 3. Ruleevaluationis performedusingtheproduct
inferencingmethod.

Sincethedomainof theconsequentvariableis a set
of discretevalues,continuousdefuzzificationmethods
cannotbe used. Onepossibledefuzzificationmethod
in this caseis to simply selectthe consequentpart of
the rule that hasthe maximalstrength.I.e., the output
value is the consequentpart of the rule suchthat the
productof themembershipsof H, SandV to thefuzzy
setsof therule’santecedentpart is maximalcomparing
to all otherrules. However, sincethesameconsequent
partcanbecommonto morethanonefuzzy rule, con-
sideringonly the fuzzy rule with themaximalstrength
canleadto a falseconclusionsinceanotherconsequent
part maybe supportedby several rules,which are,to-
gether, stronger. For instance,if threefuzzy rules ��� ,
��� and ��� have strengthsof 0.2,0.21and0.23respec-
tively (while thestrengthof all otherrulesis 0), it may
be reasonableto usethe consequentpart of ��� asthe
outputvalue. However, if the consequentpartsof ���
and ��� are identical,choosingthe consequentpart of
��� and ��� shouldbe considered.Therefore,the de-
fuzzification is performedin threestages. In the first
stage,all fuzzy rulesaregroupedby their consequent



parts.In thesecondstage,eachgroupof fuzzy rulesis
assignedwith a value that is the sumof the strengths
of its containedrules. In thethird stage,thegroupthat
hasthe maximalsumof strengthsis selected,andthe
consequentpartof its fuzzyrulesis assignedto thecon-
sequentfuzzyvariable.

3 Experimental results

We choseto test the algorithm using outdoornatural
scenes,whicharesometimesconsideredmorechalleng-
ing to color segmentationmethods[6]. Fig. 4 is an
exampleof a true-color imageand its transformation
suchthateachpixel is classifiedandassignedwith the
color that correspondsto the classification. The clas-
sificationmethodstestedarecolor spacethresholding,
nearestneighborusinguniformly distributed200color
samplesandtheproposedfuzzylogic-basedmethodde-
scribedin Section2.

Althoughthe nearestneighborclassificationandthe
fuzzy logic-basedclassificationusethe samenumber
of color samples(200), the comparisonshows that the
performanceof the nearestneighborcolor classifica-
tion is inferior to thatof theproposedfuzzy logic-based
method.Colorspacethresholdinglostmostof thecolor
information. Theadvantageof theproposedclassifica-
tion methodis thatthesegmentsprovidedby thefuzzy
logic modelingareshapedbasedon the dependencies
betweenthe dimensionsof the color space,while the
shapesof thesegmentsof color spacethresholdingare
basedon thedatastructuresusedby thealgorithm,and
segmentscreatedby the nearestneighbormethodare
determinedby the distribution of the samplesin the
trainingset.

Fig. 5 shows anothercomparisonof the threecolor
segmentationmethodsin a similar fashion used in
Fig. 4. An eyeball comparisonof the imagessuggests
that the proposedfuzzy logic-basedmethodprovides
a more accuratecolor classificationthan color space
thresholdingandnearestneighborclassification.

Color segmentationis often usedin the field of re-
mote sensingand GIS (GeographicInformation Sys-
tems)[13, 17]. Fig. 6 shows a satelliteimageof New
York areaand the color classificationusing the three
methods. Comparingthe images,the proposedfuzzy
logic-basedapproachprovidedthemostaccuratedetec-
tion of water, vegetationandurbanareas.For instance,
thecolorspacethresholdingmethodproducedanimage
in which theentireLong Islandareais coloredin gray,
while thenearestneighborclassificationdid not detect
GreatSouthBay andcoveredurbanareasin yellow in-
steadof gray.

Another important advantageof the proposedap-

proachis its low computationalcomplexity. Sincethe
total numberof rulesin themodelis constant,theclas-
sificationof eachpixel is performedin constantcom-
plexity. Practically, a systemwith an Intel PentiumIV
processorat2.66MHZ and512MB of RAM processes
the150� 225imageof Fig. 4 in � 0.35seconds.

4 Conclusion

In this paper, a fuzzy logic basedmethodof color seg-
mentationwasdescribed.Thepresentedapproachaims
to modelthehumanperceptionof colorsby usingfuzzy
logic. Dueto theuseof fuzzy logic, theclustersarenot
limited to rectangularor linear segments.Experimen-
tal resultssuggestthat the classificationperformedby
the presentedalgorithmprovidesbetteraccuracy than
someotherbasiccolor classificationtechniques.The
knowledge-drivenmodelallowssimplemodificationof
the classificationbasedon the needsof a specificap-
plication, andthe efficiency of the algorithmin terms
of computationalcomplexity allows practicalusein a
varietyof real-lifeapplications.
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Figure6: Colorsegmentationof New York areasatelliteimage(a)usingcolorspacethresholding(b),nearestneighbor
(c) andtheproposedfuzzy logic-basedmethod(d).


