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Abstract

Hue providesa usefulandintuitive cuethatis usedin a variety of com-
putervision applications.Hueis an attractve featureasit capturesntrinsic
informationaboutthe colourof objectsor surfacesn ascene Moreover, hue
is invariantto confoundingfactorssuchasillumination brightnessHowever
hueis not stableto all of thetypesof confoundingfactorsthatonemightrea-
sonablyencounterSpecifically the RGBscapturedn imagesaresometimes
raisedto the power gamma.This is donefor two reasonskFirst, to make the
imagessuitablefor display (sincemonitorshave anintrinsic non-linearity).
Second,applying a gammais the simplestway to changethe contrastin
images. It hasalsobeenobsenedthat digital cameraoften apply a scene
dependentiammatype function (which is unknown to theuser).

In this paperwe show thata simplephotometricratio in log RGB space
canceldothbrightnessandgamma.Furthermoresomesimplemanipulation
revealsthatthe brightness/gammanvariantcanusefully be interpretedasa
huein alog opponentcolour space. We carriedout indexing experiments
to evaluatethe usefulnesof the derived hue correlate. In situationswhere
gammais heldfixed,the new huesupportgecognitionequalto corventional
definitions. In situationswhere gammavariesthe new correlatesupports
betterindexing. The new hueis alsofoundto predictsomepsychophysical
dataquiteaccurately

1 Introduction

Accordingto the InternationalCommissionon lllumination (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 alsothe propertyof colourthat
peoplefind is easiesto use.

Computervision, in trying to mimic humans abilities, hasfound hueto be usefulin
variousapplications. Theseinclude [14] wherea colour sggmentationalgorithmbased
on hueonly is introduced. [12] presentsa hue basedapproacho suppresshe effects
of cloud shadaevs for remotesensingapplications.It hasbeenshavn that (assuminghe
light sourceof a scends white) huedoesnot changen the presencef specularitie§8].
Colourtransformationsike HSV andHLS thatcorvertimageRGB valuesto ahuebased
representatiofil 7] allow notonly for a moreintuitive descriptionof colour but canalso
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be usedin applicationssuchasobjectrecognition[19, 8] andfacetracking[16]. Colour
naming,the division of colour spaceinto regionsidentifiedby colour namesjs closely
linkedwith the concepbf hue,andhasbeensuccessfullyusedin imageretrieval [13] and
visualsunwillance[2].

Remarkably the humanvision systemcan ascribefairly constanthuesto surfaces
viewed in differentvisual contexts. Looking at the mathematicatlefinitionsof hueused
in computervision it is easyto shawv that CV hueis invariantto brightness. Shaded
surfacesor surfacesviewedunderdifferentpowersof illumination have the samentrinsic
hue.But we find thatotherconfoundingfactorsdo not cancelout.

A gammadifferentfrom 1 impliesthatthereexists a power functionrelationshipbe-
tweensceneintensitiesandpixel values[15]. Sodevice responseslenotedas(R, G, B)
will becomepixel RGBsdescribedas(RY,G7, BY). It is oftenwrongly assumedh com-
putervisionthaty = 1 or thaty might be turnedoff andthatthe default restingstateis
v = 1. Yet, our practicalexperiencehasshawn that this is rarely the case. Indeed,it
hasbeenfoundthatsomelow enddigital cameraspply agammathatdependsn scene
content6].

Nonunity gammais neededecause¢hecoloursthataredisplayedon a screerarenot
alinearfunctionof theRGBssentto themonitor. Ratherthereexistsapowerfunction(or
gammayelationshipbetweerthe incomingvoltageandthe displayedintensity A linear
imagedisplayedon screerwill look too darkandlack contrast.Thisis becausenidtones
getattenuatedy the gammafunctionin comparisorto darkandlight pixel values[15].
To compensatéor this,imagesareusuallystoredin a way thatreverseshe effect of the
monitor. This canbe achieved by applyinga gammafunction with the reciprocalvalue
of the monitorgammaasexponent.Usually this normalizationtakesplacedirectly atthe
stageof imageacquisition,i.e. in the device. It shouldalsobe notedthat, as different
monitorshave differentgammage.g.the "standardsfor PC andMacintoshare 2.2 and
1.8 respectiely) imageswith differenty valuesare a consequenceAnotherreasonfor
applyinga nonunity gammais to changethe contrastof animagee.g.asa preprocessing
stepprior to othertaskssuchassegmentation.

In this paperwe look at huein the context of changingbrightnessand contrast. As
commonhue descriptorsare invariantonly to brightnesswe are seekinga description
of huethatremainsconstantafter a changein brightnessand/orcontrast(eitherdevice
relatedor throughpost-processing)Given an RGB andpossiblebrightnessandgamma
dependenciese shov how somesimplemanipulationin log RGB spacecancancelboth
factors. Moreover, the manipulationmight usefully be interpretedas a hue correlate.
Specificallywe shaw thatif hueis definedasthe anglebetweenwo log opponentcolor
coordinategared-greerandayellow-bluecoordinatethenhueis brightnessandgamma
independent.This definition of hue naturallyfalls out of the algebrainvolvedin can-
celling brightnessandgamma.Yet, thealgebrdeadsto a definitionthatmeshesvell with
definitionsusedin coloursciencd4].

To testthe utility of thegammainvariancewe scanned datasebf 27 designimages
usingtwo differentgammasettings:y = 1 and~vy = 2.2. We shaw that corresponding
hueimagesasobtainedfrom the HSV colourmodeldo indeeddiffer dueto the different
gammasettings.However, imagesbasedon our newly definedhuespacdook very simi-
lar. To quantitatvely assestuestability, we performedcolourindexing [20] experiments.
Isit possibleusinghuecontentalone,to matchimagesacrosshetwo differentscanning
settingsVe foundthatthis wasthe casefor our new huecorrelatebut thatHSV andHLS
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failed (aswe might expect).

Of coursethis is a very simple experimentwhich is really only usefulto show that
the derivedinvariantis fairly stableto gammachanges.However, we wishedto look to
its generalapplicability evenin situationswherea varying gammais not a problem. In
a secondexperimentwe indexedinto a large setof (around4000)imagesandfoundthat
the huedescriptoralonesupportedgood performance Moreover, our nev huecorrelate
deliveredsimilar performanceo cornventionaldescriptors.

In afinal experimentwe wonderedwhetherour new huedescriptorhasrelevanceto
our own visual system.We foundthatthe derived correlatecanpredictthe constantue
linesderivedin psychophysicaéxperimentmoreaccuratelythanthe HSV colourspace.

Before proceedingwve point out to the readerthat brightnessand gammainvariance
will not renderhue appropriateto all imaging situations. If the colour of the light that
illuminatesthe scenechangessodothecoloursin thesceneasrecordedoy adevice such
asa digital camera[7]. In termsof huethis manifestsitself asa global shift of object
huestowardsthe colourof thelight source.Thisis truefor our new huedefinitionasit is
for HLS andHSV. Henceforthwe will assumehatthe colour of theilluminant hasbeen
discountedrom images.

Therestof the paperis organisedasfollows: Section2 briefly explainsthe process
of imageformation, definescorventionalhuebasedcolour spacesandshows thathuein
thesecolourmodelschangewith a changan contrast.Section3 introducesour log hue
space Sectiond describeshe experimentsve performedio demonstratéhe validity and
usefulnes®f the newly definedhue. Section5 concludeghe paper

2 Background

2.1 Image Formation

A lineardevice capturesolour, or R, G andB, accordingto:

(@) = @) (@) [ S NEWENIA ®

where is wavelength,p in is a 3-vectorof sensoresponse$RGB pixel values),S? is
thesurfacereﬂectancatIocat|ona; E thespectrapower distribution of theillumination,

and R is the 3-vector of sensitvity functionsof the device. Integrationis performed
over the visible spectrumw. Thelight reflectedat  is proportionalto S*(A)E(}), its
magnitudeis determinecby the dot producte® - n* wheree? is the unit vectorin the
directionof thelight sourceandn? is theunit vectorcorrespondingo the surfacenormal
atz. In thestrictestsenseEquation(1) only describesherespons®f Lambertian(matte)
reflectancesBut, in practiceit is a tolerablygood modelfor mostsurfaces(eventhose
thathave somehighlight component).

Equation(1) is the startingpoint for mostcolour basedalgorithmsusedin computer
vision. Yet, in practice(outsidethe domainof computervision) linear cameraresponse
is not the norm. Rather cameraresponsas the linear RGB responsegaisedto some~y
(gamma)power:

p(@) = (ap,, @) 2)
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wherethe scalara modelsthe interactionof surfaceand illumination normalsand the
intensity of the light source. To simplify notationstill further, let us denotethe linear
RGB responsegEquation(1)) with (R, G, B). Equation(2) canbethenwrittenas

p(z) = ((aR)?, (aG)?, (aB)7) (3)

Therearetwo reasondor non linear cameraresponsesFirst, colour monitorshave
a non linear transferfunction: PC monitorsapply a power of 2.2 to the signals(RGBSs)
driving thedisplay It followsthatin orderto achiese a true (physicallyaccuratexolour
signal,RGBsmustberaisedto thepowerof v = 1/2.2. Monitorstiedto Apple computers
applyapower of 1.8 prior to display Theimplicationof thisis thatcamerasalibratedo
PCsandApplesrequiredifferentgammasettings.

Thesecondeasorfor a non-unitygammais to changehe contrastof animage.Ap-
plying a gammalarger than 1 tendsto compresghe signalrangein the bright areaof
imagesbut to bring out detail in the darker regions. Corverselya gammaof lessthan1
bringsout detailin bright areasbut compressethe signalin darkerimageregions. To a
first approximationmostimagesfrom unknovn sourcege.g. imagesdownloadedfrom
the Internet)can be consideredo be linear after an appropriate(but unknovn) gamma
correction.Contrastadjustmentsrealsomadeasa simpleform of dynamicrangecom-
pressionmappingthelargerphysicalrange(16 to 20 bit) of intensitiesto the 8-bit range
of typical cameras)Experimentdave shovn thatsomecameraswill adjustcontrastn a
scenedependentvay without userintervention[6].

While appropriatebrightnessand gammaadjustmentsnight be made(to achieve a
linearimage)in acalibratedab environment thisis notin generapossible.lt is however
reasonabléo askwhethersomepropertyof colour(whichis definedby thethreenumbers
R, G andB) might beindependenof thetwo confoundingfactors(a, ).

2.2 Huebased colour models

The simplestsingle numberusedto definecolouris 'hue’. Hue correlatego the colour
namewe might useto classifya surface(red, green,pink etc). Hue might be calculated
usingary of the colourspacesHSV, 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 brighterthangrey. Saturation
measuresghe purity of colour: awhitish pink is moredesaturatethana saturatedaed (yet
boththesemayhave the samebrightnessandhue).

ThoughHSV, HLS andIHS differ in theway they definesaturatiorandintensity their
definitionof hueis thesame.Hueis definedas[17, 9]

1 0.5[(R—G) + (R— B)]
V(R-G)(R-G)+(R-B)(G-B)

(4)

H = cos

To increaseefficiency severalsimplerdefinitionsweredeveloped17]. However, they are
alsobasedn Equation(4) andgive numericalresultsthatdiffer only slightly.

We now wantto inspectwhat effect changesn brightnessandcontrastasmodelled
by Equation(3) have on hue asdefinedabove. For that we substitutethe RGBs from
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Equation(3) into Equation(4)

H =cos™! 0.5[((aR)” = (aG)?) + ((aR)” — (aB)")

]
V((@R)Y - (aG))((aR)" — (@G)") + ((aR)” — (aB)?)((aG)” — (OES)V)
We seeimmediatelythatit is possibleto cancelthe « termsleadingto
' 0.5[(R" — G7) + (R - BY)

H =cos™ )
VB =GR =G + (B - B)(G - BY)

(6)

Thatis, huedoesnotchangewith achangen brightnessThis waswhatwe mightexpect
giventheideathatHSV, HLS andIHS separateut brightness However, we seethatthe
~ exponentdoesnot cancel. Thus, hue dependson the imagegammaandwill change
when- is altered.

3 Brightnessand gamma invariant hue

For imagesfrom an unknawvn source(lik e thosefound on the web) the imagegamma
is alsoanunknownn. Furthermoret is quite possiblethattwo imagesof the samescene
will be capturedwith a differentgamma. This might be dueto eitherthe imagesbeing
capturedor differenttargetsystemge.g.thegammafor aPCis 2.2, for Macintoshl.8),
or applicationof a differentgammato enhancehe contrastof the image. This latter
enhancemennay be automaticallyappliedby the camera.As showvn in the lastsection,
while hueis independenof brightnesst depend®n gamma.
It turnsout thatit is quite straightforwardto derive a single scalarvaluefrom an R,

G andB measuremerthat cancelsboth brightnessand gamma. From observingequa-
tion (3) we seethatapplyinga log transformto RGBsremovesthe s from the exponent
andturnstheminto multiplicative scalars At the sametime the brightnessx becomesn
additive ratherthana multiplicative term:

(log((aR)"), log((aG)"), log((@B)")) =
(vlog(a) + vlog(R), ~log(a)+vlog(G), ~log(a)+ vlog(B)) (7)

Takingdifferencef colourchannelsallows usto remove the brightnesgerms

( ((vlog(a) + vlog(R)) — (vlog(a) + vlog(G)) )
(vlog(a) + vlog(R)) + (vlog(a) + vlog(G)) — 2(vlog(a) + vlog(B))

( vlog(R) — v1log(G) ) (8)
7vlog(R) + v1og(G) — 2v1og(B)
We notethatthewaywe definetheabove differenceslescribesoordinatesn anopponent
colourrepresentatiofil]. They aresimilarto theopponentolouraxesusedby thehuman
visualsystem11] andsohave perceptuatelevance.

Finally, ratiosof the opponentolourcoordinatesreformedto cancelgamma

vlog(R) — vlog(G) _ log(R) — log(G)
vlog(R) + vlog(G) — 2vlog(B)  log(R) + log(G) — 2log(B)

(9)
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Figurel: Exampleof a designimagescannedisingtwo differentgammasettings:y =
1.0 ontheleft, andy = 2.2 ontheright.

So,theabove singlescalaris independentf brightnessandgammaandmight bean
appropriatefunctionfor usein computervision. However, comparedo theideaof hue
(red,greenblueetc),this log-differenceratio doesnot seemsointuitive.

An alternatve to removing the gammaterm throughratiosis to calculatethe angle
of the vectorfrom Equation(8) with respectto the z-axis, i.e. we calculatethe inverse
tangentof theratioin Equation(9)

log(R) — log(G)
log(R) + log(G) — 2log(B)

In color science(e.g. in the CIELab space[4), hueis definedasan anglein ared-
greenandblue-yellov coordinatespace.Herewe have shavn thatthe simpleststratey
for removing brightnessandgammadependeng from RGB measurementsesultsin an
analogousuecorrelate Hueis thatpartof animagesignalwhichis invariantto changes
in brightnessandgamma.

H =tan™!

(10)

4 Experimental Results

To evaluateour new huedefinition, we createda smallimagedatabasef 27 colourful
designsgeachscannedn twice with differentgammasettingsof the scannerIn thefirst
casethedirectsensoresponseweresaved,i.e. nogammawasappliedresultingin linear
imagesas commonlyusedin computervision applications. The designswere scanned
for a secondtime usinga gammaof 2.2. An exampleimagepair is shovn in Figurel.
The differencesare obvious with the linearimageappearingnuchdarker andwith less
contrast. From Equation(6) we expectthe huesfrom correspondingegionsof the two
imagesto differ dueto a changein imagegamma. To illustrate this we corvertedthe
original RGB imagesinto the HSV colour spacefixed brightnesqvalue)andsaturation
over the whole image, and transformedthem back to RGB. The resultingimagesare
shawvn in Figure 2. The differencein imagecoloursis againquite evident. We then
performedhe sameprocedurdor our new log huespacej.e. corverttheimagesnto hue
basedrepresentatiorfjx saturationandbrightnessandcornvertthembackto RGB. The
resultfor theimagepair from Figurel is givenin Figure3. Clearly, asexpectedthetwo
imageslook muchcloserto eachotherthanis the casefor the HSV basedmages.Here
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Figure2: Hueimagesof thetwo imagesfrom Figurel basedonthe HSV model.

Figure3: Hueimagesof thetwo imagesfrom Figurel basednthenew log huemodel.

we have a visual confirmationof the brightnessand gammainvarianceof the new hue
correlate.

To betterquantify hue stability, we performedcolour indexing [20] experimentson
the above dataset.For this we divided the 54 imagesinto two halves,accordingto their
gammasettings.Onehalf wasassignednodelimagesj.e. thoseimageswe aresearching
through,andtheotherhalf queryimagesj.e.theimageshatareusedasinputfor asearch.
We transformedhll theimagesinto huebasedepresentationdoth the corventionalone
from Equation(4) andthelog basechuefrom Equation10. We take only theresultinghue
anglesandgeneratea 16-binhistogramby quantisinghe possiblehuerangeinto discrete
intervals. For eachqueryimagea matchingscoreto eachof the modelsis calculatedas
theintersectiorof thecorrespondingwo histograms(Histogramintersectiorestablishes
theoverlapof two histogramg20].) Theretrievedimagesarethensortedin orderof their
matchingscore.

Theresultsof this experimentarelistedin Table1. They aregivenin termsof aver
agematchpercentile the percentagef the correctimagesretrievedin 1st,2nd,and3rd
rank, andthe worstrankin which a correspondingmagewasretrieved. Averagematch
percentileis a standardmeasureusedin the colour indexing literature[20]. A match
percentileof e.g.99 informs usthatthe correctimagewasretrievedin the top 1% of all
modelimagesin thedatabaseFrom Table1 we seethatimagegammaindeedinfluences
thematchingperformancéasedn corventionalhuedefinition. Theachievedmatchper
centileis only about95, moreover the recognitionrate (i.e. the percentagef 1strank
retrievals)is only slightly over50 (only half of theimagesbeingcorrectlyidentified),and
theworstrankin which the correctimagewasretrievedis 8. For a smallimagedatabase
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| huemodel| MP | 1st | 2nd [ 3rd | worst |

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

Tablel: Resultsof the colourindexing experimenton animagedatabasef 27 colourful
designscannedvith two differentgammasetting.

suchasthe oneusedin theexperimentthisis clearly notgoodenough.In contrastjf we
turn our attentionto the resultsobtainedfrom thelog huedefinition, we seeimmediately
that herethe performancds very good. The averagematch percentileis 99.72which
correspondso all correctimagesretrievedin 1stplaceexceptfor two thatrank2nd.

The above experimentillustratesthat commonvaluesof gammaimpacton corven-
tional definitionsof hueto the extentthatindexing performanceleterioratesin a second
experimentwe wantedto evaluatethe generalutility of the new definition. Doesthe new
huecorrelatecapturentrinsically usefulinformation?Canit beusedasanalternateo hue
asdefinedin HSV (HLS or IHS)?Wetook alargeimagedatabaseomprisingd100image
triplets (this imagesetis similar to the onedescribedn [3]). Eachtriplet consistof one
originalimage takenfrom the CorelPhotostock,andtwo croppedversionswherel /3 of
theimagewasremovedeitherhorizontallyor vertically. Clippingtheleft andright sideof
imagessimulatesportraitimage. Clipping top andbottomsimulatespanoramiccapture.
We pointoutto readerghatthis clippingis exactlywhathappensn the APSphotographic
system(afull resolutionimageis alwayscapturedbut panoramicand portrait prints can
be madethroughclipping).

Again, we performedimageretrieval on this dataset. The original imagesmake up
the modelset,while the croppedimagesarethe queryimages.As above, we quantised
hueinto 16 and8 valuesandindexedonly onthese.Theresultsthatwe obtainedproved
to be excellent. The averagematch percentileover the whole dataset(i.e. 8200 query
images,4100modelimages)is 99.80for the 16 bin and99.22for the 8 bin histograms,
andis comparabldo the performanceachieved by indexing on corventionalHSV hue
(99.95and 99.73percentilerespectiely). This shavs that hueaswe have definedit in
Equation(10) providesa powerful cuefor objectrecognition. Not only that. Hue also
allows for a compactrepresentatiof colour content. The amountof compressiorthat
was achieved here- animagedescribedby 16 or 8 numbersonly - is similar to other
methodsntroducedn theliterature[3, 18].

Thoughour angulardefinitionof hueis similarin spirit to thoseusedin color science
(which aredesignedo modelperceptuatesponse)we wishedto examinethis relation-
shipin moredetail. In Figure4 we have plottedlines of constanhuein the colourspace
definedby the opponentog colour axesfrom Equation8. The datafor this plot is taken
from from [10] andwasderivedthroughpsychophysicaéxperiment.Thelinesthuscon-
nect points humanobsenersjudgedto have the samehue. We can seethat, with the
exceptionof onehuelocusin the blueregion, all the lines arefairly straightandhence
corresponavell with the humanvisualsystem.In fact,our newly derivedhuespaces in
betteragreementvith psychophysicatlatathanconventionalhuespacesThis is demon-
stratedn Figure5 wherethesamehuelinesasin Figure4 areplottedin thehue-saturation
planeof the HSV colourspaceHere,clearlythelinesappeamorecurved.
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Figure5: Linesof constantiueplottedin HSV hue-saturatioplane.

5 Conclusions

We have demonstratedhat hue,ascorventionallydefined,is not a stablecuewhenthe
gammaof imageschanges.To overcomethis we have derived a new definition of hue
thatis invariantto imagegammaandbrightness.Invariancels achiezedthrougha trans-
form to a 2-dimensionakolour log opponentcoordinatesystem. With respecto polar
coordinateshueis theangleof opponentolours.

Experimentsdemonstratehat this hue definition indeedoutperformsclassicalhue
spaceqHLS, HSV and IHS) when the image gammais not held fixed. Moreover, it
works aswell ascornventionaldefinitionswhengammadoesnot vary. Experimentsalso
demonstratehat the new hue correlateappeardo be more perceptuallyrelevant than
corventionalmeasuresisedin computervision.
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