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Abstract

Hueprovidesa usefulandintuitive cuethat is usedin a varietyof com-
putervision applications.Hue is anattractive featureasit capturesintrinsic
informationaboutthecolourof objectsor surfacesin ascene.Moreover, hue
is invariantto confoundingfactorssuchasillumination brightness.However
hueis notstableto all of thetypesof confoundingfactorsthatonemight rea-
sonablyencounter. Specifically, theRGBscapturedin imagesaresometimes
raisedto thepower gamma.This is donefor two reasons.First, to make the
imagessuitablefor display(sincemonitorshave an intrinsic non-linearity).
Second,applying a gammais the simplestway to changethe contrastin
images. It hasalsobeenobserved that digital camerasoften apply a scene
dependentgammatypefunction(which is unknown to theuser).

In this paperwe show thata simplephotometricratio in log RGB space
cancelsbothbrightnessandgamma.Furthermore,somesimplemanipulation
revealsthat the brightness/gammainvariantcanusefullybe interpretedasa
hue in a log opponentcolour space. We carriedout indexing experiments
to evaluatethe usefulnessof the derived huecorrelate. In situationswhere
gammais heldfixed,thenew huesupportsrecognitionequalto conventional
definitions. In situationswheregammavariesthe new correlatesupports
betterindexing. Thenew hueis alsofoundto predictsomepsychophysical
dataquiteaccurately.

1 Introduction

According to the InternationalCommissionon Illumination (CIE), hue is the attribute
of a visual sensation according to which an area appears to be similar to one of the
perceived colours, red, yellow, green and blue, or a combination of two of them [5]. In
morepracticalterms,hueis the ’name’ of a colour. It is alsothepropertyof colour that
peoplefind is easiestto use.

Computervision, in trying to mimic human’s abilities,hasfoundhueto beusefulin
variousapplications.Theseinclude [14] wherea colour segmentationalgorithmbased
on hueonly is introduced. [12] presentsa huebasedapproachto suppressthe effects
of cloudshadows for remotesensingapplications.It hasbeenshown that (assumingthe
light sourceof a sceneis white) huedoesnot changein thepresenceof specularities[8].
ColourtransformationslikeHSV andHLS thatconvertimageRGBvaluesto ahuebased
representation[17] allow not only for a moreintuitive descriptionof colourbut canalso
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beusedin applicationssuchasobjectrecognition[19, 8] andfacetracking[16]. Colour
naming,the division of colour spaceinto regionsidentifiedby colour names,is closely
linkedwith theconceptof hue,andhasbeensuccessfullyusedin imageretrieval [13] and
visualsurveillance[2].

Remarkably, the humanvision systemcan ascribefairly constanthuesto surfaces
viewedin differentvisualcontexts. Looking at themathematicaldefinitionsof hueused
in computervision it is easyto show that CV hue is invariant to brightness. Shaded
surfacesor surfacesviewedunderdifferentpowersof illuminationhavethesameintrinsic
hue.But we find thatotherconfoundingfactorsdo not cancelout.

A gammadifferentfrom 1 impliesthat thereexistsa power functionrelationshipbe-
tweensceneintensitiesandpixel values[15]. Sodevice responsesdenotedas �������	��

�
will becomepixel RGBsdescribedas ��������������
���� . It is oftenwronglyassumedin com-
putervision that ����� or that � might be turnedoff andthat thedefault restingstateis����� . Yet, our practicalexperiencehasshown that this is rarely the case. Indeed,it
hasbeenfoundthatsomelow enddigital camerasapplya gammathatdependson scene
content[6].

Nonunity gammais neededbecausethecoloursthataredisplayedonascreenarenot
alinearfunctionof theRGBssentto themonitor. Rather, thereexistsapowerfunction(or
gamma)relationshipbetweentheincomingvoltageandthedisplayedintensity. A linear
imagedisplayedon screenwill look too darkandlackcontrast.This is becausemidtones
getattenuatedby thegammafunction in comparisonto darkandlight pixel values[15].
To compensatefor this, imagesareusuallystoredin a way thatreversestheeffect of the
monitor. This canbe achievedby applyinga gammafunction with the reciprocalvalue
of themonitorgammaasexponent.Usuallythis normalizationtakesplacedirectly at the
stageof imageacquisition,i.e. in the device. It shouldalsobe notedthat, asdifferent
monitorshave differentgammas(e.g.the ”standards”for PCandMacintoshare2.2 and
1.8 respectively) imageswith different � valuesarea consequence.Anotherreasonfor
applyinganonunity gammais to changethecontrastof animagee.g.asapreprocessing
stepprior to othertaskssuchassegmentation.

In this paperwe look at huein the context of changingbrightnessandcontrast.As
commonhuedescriptorsare invariantonly to brightness,we areseekinga description
of huethat remainsconstantafter a changein brightnessand/orcontrast(eitherdevice
relatedor throughpost-processing).GivenanRGB andpossiblebrightnessandgamma
dependenciesweshow how somesimplemanipulationin log RGBspacecancancelboth
factors. Moreover, the manipulationmight usefully be interpretedas a hue correlate.
Specificallywe show that if hueis definedastheanglebetweentwo log opponentcolor
coordinates(a red-greenandayellow-bluecoordinate)thenhueis brightnessandgamma
independent.This definition of hue naturally falls out of the algebrainvolved in can-
cellingbrightnessandgamma.Yet,thealgebraleadsto adefinitionthatmesheswell with
definitionsusedin colourscience[4].

To testtheutility of thegammainvariancewe scanneda datasetof 27 designimages
usingtwo differentgammasettings: ����� and �����! "� . We show that corresponding
hueimagesasobtainedfrom theHSV colourmodeldo indeeddiffer dueto thedifferent
gammasettings.However, imagesbasedon our newly definedhuespacelook very simi-
lar. To quantitativelyassesshuestability, weperformedcolourindexing [20] experiments.
Is it possible,usinghuecontentalone,to matchimagesacrossthetwo differentscanning
settings?Wefoundthatthiswasthecasefor ournew huecorrelatebut thatHSV andHLS
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failed(aswemight expect).
Of coursethis is a very simpleexperimentwhich is really only useful to show that

the derivedinvariantis fairly stableto gammachanges.However, we wishedto look to
its generalapplicability even in situationswherea varying gammais not a problem. In
a secondexperimentwe indexedinto a largesetof (around4000)imagesandfoundthat
thehuedescriptoralonesupportedgoodperformance.Moreover, our new huecorrelate
deliveredsimilar performanceto conventionaldescriptors.

In a final experimentwe wonderedwhetherour new huedescriptorhasrelevanceto
our own visualsystem.We foundthat thederivedcorrelatecanpredicttheconstanthue
linesderivedin psychophysicalexperimentmoreaccuratelythantheHSV colourspace.

Beforeproceedingwe point out to the readerthat brightnessandgammainvariance
will not renderhueappropriateto all imagingsituations. If the colour of the light that
illuminatesthescenechanges,sodothecoloursin thesceneasrecordedby adevicesuch
asa digital camera[7]. In termsof huethis manifestsitself asa global shift of object
huestowardsthecolourof thelight source.This is truefor our new huedefinitionasit is
for HLS andHSV. Henceforthwe will assumethat thecolourof theilluminant hasbeen
discountedfrom images.

The restof the paperis organisedasfollows: Section2 briefly explainsthe process
of imageformation,definesconventionalhuebasedcolourspacesandshows thathuein
thesecolourmodelschangeswith a changein contrast.Section3 introducesour log hue
space.Section4 describestheexperimentswe performedto demonstratethevalidity and
usefulnessof thenewly definedhue.Section5 concludesthepaper.

2 Background

2.1 Image Formation

A lineardevicecapturescolour, or R, G andB, accordingto:# $&%(' �*)+�,�.- �*)+�0/21 ��)��43!5768��)9�;:<�>=?��:��@� �A:<�>B�: (1)

where : is wavelength,# $(%(' is a 3-vectorof sensorresponses(RGB pixel values),6DC is
thesurfacereflectanceat location ) , = thespectralpowerdistributionof theillumination,
and � is the 3-vector of sensitivity functionsof the device. Integration is performed
over the visible spectrumE . The light reflectedat ) is proportionalto 6DC4�A:<�>=?��:�� , its
magnitudeis determinedby the dot product - C?/�1 C where - C is the unit vector in the
directionof thelight source,and 1 C is theunit vectorcorrespondingto thesurfacenormal
at ) . In thestrictestsenseEquation(1) only describestheresponseof Lambertian(matte)
reflectances.But, in practiceit is a tolerablygoodmodelfor mostsurfaces(eventhose
thathavesomehighlight component).

Equation(1) is thestartingpoint for mostcolourbasedalgorithmsusedin computer
vision. Yet, in practice(outsidethedomainof computervision) linearcameraresponse
is not the norm. Rather, cameraresponseis the linear RGB responseraisedto some �
(gamma)power: # �*)��F�G��H # $&%I' �*)+�>� � (2)
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wherethe scalar H modelsthe interactionof surfaceand illumination normalsand the
intensityof the light source. To simplify notationstill further, let us denotethe linear
RGBresponses(Equation(1)) with �����J�	�0

� . Equation(2) canbethenwrittenas# ��)��,�K�>��HJ�L� � �M��HN�O� � �F��HJ
�� � � (3)

Therearetwo reasonsfor non linear cameraresponses.First, colour monitorshave
a non linear transferfunction: PC monitorsapply a power of 2.2 to the signals(RGBs)
driving thedisplay. It follows that in orderto achieve a true(physicallyaccurate)colour
signal,RGBsmustberaisedto thepowerof �P�G�RQS�! "� . Monitorstiedto Applecomputers
applyapowerof 1.8prior to display. Theimplicationof this is thatcamerascalibratedto
PCsandApplesrequiredifferentgammasettings.

Thesecondreasonfor a non-unitygammais to changethecontrastof animage.Ap-
plying a gammalarger than1 tendsto compressthe signal rangein the bright areaof
imagesbut to bring out detail in thedarker regions. Converselya gammaof lessthan1
bringsout detail in bright areasbut compressesthesignalin darker imageregions. To a
first approximationmostimagesfrom unknown sources(e.g. imagesdownloadedfrom
the Internet)canbe consideredto be linear after an appropriate(but unknown) gamma
correction.Contrastadjustmentsarealsomadeasa simpleform of dynamicrangecom-
pression(mappingthelargerphysicalrange(16 to 20 bit) of intensitiesto the8-bit range
of typical cameras).Experimentshave shown thatsomecameraswill adjustcontrastin a
scenedependentwaywithout userintervention[6].

While appropriatebrightnessandgammaadjustmentsmight be made(to achieve a
linearimage)in acalibratedlabenvironment,this is not in generalpossible.It is however
reasonableto askwhethersomepropertyof colour(whichis definedby thethreenumbers
R, G andB) might beindependentof thetwo confoundingfactors ��HF�@�T� .
2.2 Hue based colour models

The simplestsinglenumberusedto definecolour is ’hue’. Hue correlatesto the colour
namewe might useto classifya surface(red,green,pink etc). Huemight becalculated
usingany of the colourspaces:HSV, HLS andIHS [17]. Indeed,all areusedin image
processingand computervision. Based,on perceptualstudiesof how we seecolour,
eachof thesespacescodesRGB by three’perceptual’correlates:hue, saturationand
brightness.Brightnesscorrelatesto magnitude:white is brighter thangrey. Saturation
measuresthepurity of colour:awhitishpink is moredesaturatedthanasaturatedred(yet
boththesemayhave thesamebrightnessandhue).

ThoughHSV, HLS andIHS differ in thewaythey definesaturationandintensity, their
definitionof hueis thesame.Hueis definedas[17, 9]U �WVYX[ZY\^] _  "`baI���.cd�O�9ef���Wcg
��ihj ���Wcg�O�2���fcg�O�Jek���Wcd

�2����cg
�� (4)

To increaseefficiency severalsimplerdefinitionsweredeveloped[17]. However, they are
alsobasedon Equation(4) andgivenumericalresultsthatdiffer only slightly.

We now want to inspectwhateffect changesin brightnessandcontrast,asmodelled
by Equation(3) have on hueasdefinedabove. For that we substitutethe RGBsfrom
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Equation(3) into Equation(4)U �.V2X[Z \^] _  "`baI�>��HJ�L�l��cm��HJ�O�@�!�Jek����HN���@��c���HN

�@�n�lhj �>��HJ�L� � cm��HJ�O� � �2�>��HJ�L� � c���HN�O� � �Tek����HN�L� � c���HN

� � �Y�>��HJ�O� � c���HN

� � �
(5)

We seeimmediatelythatit is possibleto cancelthe H termsleadingtoU �.V2X[Z \^] _  "`baI��� � cd� � �Tef��� � cd
 � �ihj ��� � cd� � �2��� � cd� � �Jek��� � cg
 � �2��� � cd
 � � (6)

Thatis, huedoesnotchangewith achangein brightness.Thiswaswhatwemightexpect
giventheideathatHSV, HLS andIHS separateout brightness.However, we seethatthe� exponentdoesnot cancel. Thus,huedependson the imagegammaandwill change
when � is altered.

3 Brightness and gamma invariant hue

For imagesfrom an unknown source(like thosefound on the web) the imagegamma
is alsoanunknown. Furthermoreit is quitepossiblethat two imagesof thesamescene
will be capturedwith a differentgamma.This might be dueto eitherthe imagesbeing
capturedfor differenttargetsystems(e.g.thegammafor a PCis 2.2, for Macintosh1.8),
or applicationof a different gammato enhancethe contrastof the image. This latter
enhancementmaybeautomaticallyappliedby thecamera.As shown in the lastsection,
while hueis independentof brightnessit dependson gamma.

It turnsout that it is quitestraightforward to derive a singlescalarvaluefrom an R,
G andB measurementthat cancelsboth brightnessandgamma.From observingEqua-
tion (3) we seethatapplyinga log transformto RGBsremovesthe � s from theexponent
andturnstheminto multiplicativescalars.At thesametime thebrightnessH becomesan
additiveratherthana multiplicativeterm:

��o(X[p�����HN��� � �Y� oIXSp��>��HN�O�l�b�Y� oIXSp<����HN

� � ���,��*��oIXSp���H0�Jeq�ro(X[p<�����Y�s�7o(X[p<��H0�9eq��oIXSp����O�t�u�roIXSp���H0�Jeq�ro(X[p���

��� (7)

Takingdifferencesof colourchannelsallowsusto removethebrightnesstermsv �>�*��oIXSp+��H0�9eq�ro(X[p����L�>�0c��w�roIXSp+��H0�9eq�roIXSp+���O�>��w��oIXSp���H0�Jeq�roIXSp<���L�>�9eW�w�7o(X[p<��H0�Jeq�roIXSp+���O���0cd�4�w�roIXSp+��H0�9eq��oIXSp���

���yx �v �ro(X[p����L�Ncz�7o(X[p<���O��7o(X[p<���L�9eq�roIXSp����O�Dcq�R��o(X[p<��
�� x (8)

Wenotethatthewaywedefinetheabovedifferencesdescribescoordinatesin anopponent
colourrepresentation[1]. They aresimilar to theopponentcolouraxesusedby thehuman
visualsystem[11] andsohaveperceptualrelevance.

Finally, ratiosof theopponentcolourcoordinatesareformedto cancelgamma�ro(X[p<�����Dcz�7o(X[p<���O��roIXSp+���L�Teq��oIXSp����O�0cq�R�roIXSp+��
�� � oIXSp<���L�0c{oIXSp����O�oIXSp����L�9e�o(X[p<���O�0cd�Do(X[p<��
�� (9)
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Figure1: Exampleof a designimagescannedusingtwo differentgammasettings: ����S _ on theleft, and �|�f�! "� on theright.

So,theabove singlescalaris independentof brightnessandgammaandmight bean
appropriatefunction for usein computervision. However, comparedto the ideaof hue
(red,green,blueetc),this log-differenceratiodoesnot seemsointuitive.

An alternative to removing the gammaterm throughratios is to calculatethe angle
of the vectorfrom Equation(8) with respectto the ) -axis, i.e. we calculatethe inverse
tangentof theratio in Equation(9)U ��}�~��T\^] o(X[p<�����Dc{oIXSp����O�oIXSp����L�9e�o(X[p<���O��cd�Do(X[p4��
�� (10)

In color science(e.g. in the CIELab space[4]), hue is definedasan anglein a red-
greenandblue-yellow coordinatespace.Herewe have shown that thesimpleststrategy
for removing brightnessandgammadependency from RGB measurementsresultsin an
analogoushuecorrelate.Hueis thatpartof animagesignalwhich is invariantto changes
in brightnessandgamma.

4 Experimental Results

To evaluateour new huedefinition, we createda small imagedatabaseof 27 colourful
designs,eachscannedin twice with differentgammasettingsof thescanner. In thefirst
casethedirectsensorresponsesweresaved,i.e.nogammawasappliedresultingin linear
imagesascommonlyusedin computervision applications.The designswerescanned
for a secondtime usinga gammaof 2.2. An exampleimagepair is shown in Figure1.
The differencesareobviouswith the linear imageappearingmuchdarker andwith less
contrast.From Equation(6) we expectthe huesfrom correspondingregionsof the two
imagesto differ due to a changein imagegamma. To illustrate this we convertedthe
original RGB imagesinto theHSV colourspace,fixedbrightness(value)andsaturation
over the whole image,and transformedthem back to RGB. The resulting imagesare
shown in Figure 2. The differencein imagecolours is againquite evident. We then
performedthesameprocedurefor ournew log huespace,i.e. convert theimagesinto hue
basedrepresentation,fix saturationandbrightness,andconvert thembackto RGB. The
resultfor theimagepair from Figure1 is givenin Figure3. Clearly, asexpected,thetwo
imageslook muchcloserto eachotherthanis thecasefor theHSV basedimages.Here
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Figure2: Hueimagesof thetwo imagesfrom Figure1 basedon theHSV model.

Figure3: Hueimagesof thetwo imagesfrom Figure1 basedon thenew log huemodel.

we have a visual confirmationof the brightnessandgammainvarianceof the new hue
correlate.

To betterquantify huestability, we performedcolour indexing [20] experimentson
theabove dataset.For this we dividedthe54 imagesinto two halves,accordingto their
gammasettings.Onehalf wasassignedmodelimages,i.e. thoseimageswearesearching
through,andtheotherhalf queryimages,i.e. theimagesthatareusedasinputfor asearch.
We transformedall theimagesinto huebasedrepresentations,boththeconventionalone
from Equation(4) andthelog basedhuefrom Equation10. Wetakeonly theresultinghue
anglesandgeneratea16-binhistogramby quantisingthepossiblehuerangeinto discrete
intervals. For eachqueryimagea matchingscoreto eachof themodelsis calculatedas
theintersectionof thecorrespondingtwo histograms.(Histogramintersectionestablishes
theoverlapof two histograms[20].) Theretrievedimagesarethensortedin orderof their
matchingscore.

Theresultsof this experimentarelisted in Table1. They aregivenin termsof aver-
agematchpercentile,thepercentageof thecorrectimagesretrievedin 1st,2nd,and3rd
rank,andtheworst rank in which a correspondingimagewasretrieved. Averagematch
percentileis a standardmeasureusedin the colour indexing literature[20]. A match
percentileof e.g.99 informsus that thecorrectimagewasretrievedin thetop 1% of all
modelimagesin thedatabase.FromTable1 we seethatimagegammaindeedinfluences
thematchingperformancebasedonconventionalhuedefinition.Theachievedmatchper-
centile is only about95, moreover the recognitionrate (i.e. the percentageof 1st rank
retrievals)is only slightly over50(only half of theimagesbeingcorrectlyidentified),and
theworstrankin which thecorrectimagewasretrievedis 8. For a small imagedatabase
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huemodel MP 1st 2nd 3rd worst

HSV hue 94.59 51.85 14.81 3.70 8
log hue 99.72 92.59 7.41 0.00 2

Table1: Resultsof thecolourindexing experimenton animagedatabaseof 27 colourful
designscannedwith two differentgammasetting.

suchastheoneusedin theexperiment,this is clearlynot goodenough.In contrast,if we
turn our attentionto theresultsobtainedfrom thelog huedefinition,we seeimmediately
that herethe performanceis very good. The averagematchpercentileis 99.72which
correspondsto all correctimagesretrievedin 1stplaceexceptfor two thatrank2nd.

The above experimentillustratesthat commonvaluesof gammaimpacton conven-
tionaldefinitionsof hueto theextentthatindexing performancedeteriorates.In a second
experimentwe wantedto evaluatethegeneralutility of thenew definition. Doesthenew
huecorrelatecaptureintrinsicallyusefulinformation?Canit beusedasanalternateto hue
asdefinedin HSV (HLS or IHS)?Wetookalargeimagedatabasecomprising4100image
triplets(this imagesetis similar to theonedescribedin [3]). Eachtriplet consistsof one
original image,takenfrom theCorelPhotostock,andtwo croppedversionswhere �RQ�� of
theimagewasremovedeitherhorizontallyor vertically. Clippingtheleft andright sideof
imagessimulatesportrait image.Clipping top andbottomsimulatespanoramiccapture.
Wepointout to readersthatthisclippingis exactlywhathappensin theAPSphotographic
system(a full resolutionimageis alwayscapturedbut panoramicandportraitprintscan
bemadethroughclipping).

Again, we performedimageretrieval on this dataset.The original imagesmake up
the modelset,while the croppedimagesarethe queryimages.As above, we quantised
hueinto 16 and8 valuesandindexedonly on these.Theresultsthatwe obtainedproved
to be excellent. The averagematchpercentileover the whole dataset(i.e. 8200query
images,4100modelimages)is 99.80for the16 bin and99.22for the8 bin histograms,
and is comparableto the performanceachieved by indexing on conventionalHSV hue
(99.95and99.73percentilerespectively). This shows that hueaswe have definedit in
Equation(10) providesa powerful cuefor objectrecognition. Not only that. Hue also
allows for a compactrepresentationof colourcontent.Theamountof compressionthat
wasachieved here- an imagedescribedby 16 or 8 numbersonly - is similar to other
methodsintroducedin theliterature[3, 18].

Thoughour angulardefinitionof hueis similar in spirit to thoseusedin colorscience
(which aredesignedto modelperceptualresponse),we wishedto examinethis relation-
shipin moredetail. In Figure4 we have plottedlinesof constanthuein thecolourspace
definedby theopponentlog colouraxesfrom Equation8. Thedatafor this plot is taken
from from [10] andwasderivedthroughpsychophysicalexperiment.Thelinesthuscon-
nect points humanobservers judgedto have the samehue. We can seethat, with the
exceptionof onehuelocusin the blue region, all the lines arefairly straightandhence
correspondwell with thehumanvisualsystem.In fact,our newly derivedhuespaceis in
betteragreementwith psychophysicaldatathanconventionalhuespaces.This is demon-
stratedin Figure5 wherethesamehuelinesasin Figure4 areplottedin thehue-saturation
planeof theHSV colourspace.Here,clearlythelinesappearmorecurved.
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Figure4: Linesof constanthueplottedin thenew log huespace.
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Figure5: Linesof constanthueplottedin HSV hue-saturationplane.

5 Conclusions

We have demonstratedthathue,asconventionallydefined,is not a stablecuewhenthe
gammaof imageschanges.To overcomethis we have derived a new definition of hue
that is invariantto imagegammaandbrightness.Invarianceis achievedthrougha trans-
form to a 2-dimensionalcolour log opponentcoordinatesystem. With respectto polar
coordinates,hueis theangleof opponentcolours.

Experimentsdemonstratethat this hue definition indeedoutperformsclassicalhue
spaces(HLS, HSV and IHS) when the imagegammais not held fixed. Moreover, it
worksaswell asconventionaldefinitionswhengammadoesnot vary. Experimentsalso
demonstratethat the new hue correlateappearsto be more perceptuallyrelevant than
conventionalmeasuresusedin computervision.
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