COLOR HISTOGRAM EQUALIZA TION THROUGH MESH DEFORMATION
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ABSTRACT
In thispapemwe proposeanextensionof grayscaldistogram
equalizatiorfor colorimages.For aesthetiadeasonsprevi-
ously proposedtcolor histogramequalizationtechniquesio
not generateuniform color histograms. Our methodwill
always generatean almost uniform color histogramthus
making an optimal useof the color space. This is partic-
ularly interestingfor pseudo-coloscienti ¢ visualization.
The methodis basedon deforminga meshin color space
to t the existing histogramandthenmapit to a uniform
histogram. It is a naturalextensionof grayscaléhistogram
equalizatiorandit canbeappliedto spatialandcolor space
of any dimension.

1. INTRODUCTION

Contrastenhancemeris a centralproblemof mary image
processin@pplicationsaandGrayscaleHistogramEqualiza-
tion (GHE) is oneof the simplestandmosteffective primi-
tivesfor thatpurpose.

Given a grayscaldmagel , its histogramH, (i) is de-
ned astherelative frequeng of appearancef intensityi.
In GHE (see[1, 2]), theintensityi = I (p) of every pigel p
is transformedoj = J(p) = HE (i) whereH® = H,
is thecumulative histogramassociateavith H, . Theresult-
ing imageJ is equalized by de nition, its histogramH ;
is uniform which is equivalentto sayingthat all grayscale
valuesarerepresentethy the samenumberof pixels. This
oftenresultsin spectaculasubjectve contrasenhancement
(g. 3(a)and3(b)). Histogramspeci cation,an extension
of this technique allows for ary (not necessarilyconstant)
usersuppliedhistogram.

ExtendingGHE to color imagesis not straightforward
andvariousmethodshave beenproposedo addresshisim-
portantproblem.

The most simple extensionis to apply GHE indepen-
dently to the differentbandsof the color image. Another
ideais to spreadthe histogramalongits principal compo-
nentaxes[3] or alongthe brightnesscomponenbf theim-
age[4, 5. All thesetechniquesonly use maminal color
histogramsandthereforedo nottake into accounthecorre-
lation betweerthedifferentbands.In [6] amoreinteresting
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approachs proposedhattriesto extendthecumulatve his-
togramto higherdimension.

If all thesetechniquesncreasethe subjectve contrast
of color images,they all fail to producea truly uniform
color histogram. The main reasonmight be that contrar
ily to thegrayscalecase jmposinga uniform histogranfor
a color imageresultsin the perceptionof severecolor dis-
tortion. This perceptioncanbe explained(see[7]) by the
differencebetweenscotopicvision (monochromaticused
mainly in varyinglow light conditions)andphotopicvision
(color usedin standardighting conditions). However, for
mary scienti ¢ andtechnicalapplicationsaestheticonsid-
erationsare not prevalent. Whenvisualizingpseudo-color
images(multispectralsatellitepicturesfor example),using
all availablecolorscanbebene cial.

2. IDEA

Givenavectorvaluedimagel = [l;:::;1,], its histogram
Hy(i1;:500) ¢ R™ ! R is de ned as the relative fre-
queng of occurrencef color[iy; ::;;in]. Wewantto create
atransformT : R" | R" suchthattheimageJ(x;y) =

T(1(x;y)) isequalized.e. H; (i1;::5;in) is constant.

Fromnow on, to simplify notationsve will considetthe
casen = 2. Theimageswill berepresentedisingredand
green. Our resultsremainapplicableto ary higherdimen-
sionalcolor and/orspatialspace.

We canseeT asa deformationof the color spaceR?.
Thereforea gooddescriptionfor T is theway it mapsone
meshto anothemesh.For example,imaginethatwe know
ameshM, whichis mappedo aregularuniformmeshM ;
(9. 1). It is thenpossibleto constructa piecavise linear
approximationTey of T by consideringhatall triangular
half-cellsof verticesp,, g andr, will belinearly mapped
to the correspondindriangleof verticesp; = T(pi), ¢ =
T(q) andr; = T(r;). Usingthebarycentriccoordinates,
¢ =pi+ g+ r andwecande ne Tpy by:

Tew(@)=pa+t G+ 1y (1)
Considera pixel (x;y) of the image. Its color is the
vectorc, = 1(x;y). AsM, is ameshof thecolorspaceg

is within acertaincell K| . By de nition of M, andM ;, all
pointsc, of K| aremappedo pointsc; = T(c;) of acell
Kj; = T(K,) of M; throughT. ButasJ is anequalized
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Fig. 1. ThetransformationT canberepresentetly amesh

image,andM ; is uniform, it follows thatall cellsof M ;
containexactly the samenumberof points. Thereforethis
mustalsoholdfor M .

Theonly remainingdif culty isthereforeto nd asuit-
ablemesh. Startingfrom auniformN N mesh,we can
corvergeto a solution(g. 2) by iteratively expandingall
cellsK, thatdonotcontainenoughpoints(™z-  ng, >
0) andcontractingcellsthatalreadycontaintoo mary points
(2= ng, < 0). Thisis doneby moving the vertices
pi,q,r ofeachcellK, towardsthecentroidok, oraway
fromit. Thisleadsto thefollowing differentialequation:

@ Nx Ny

6: N 2 Nk, (P Ok, ) 2)

whereny , ny arethedimension®f theimageandng,

is thenumberof pixelsof theimagewhosecolorsarewithin

cellK,. At thesteadystatenx, = 2X5* is constantall
cellscontainthe samenumberof points.
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Fig. 2. Meshdeformingto t histogramon gure 4(d)

3. ALGORITHM

Outline of thealgorithm:

determinghecolor histogramH, of the originalim-
agel .

deforma meshM, onthe color spaceto t the his-
togramH, . (equation2)

useM, tode ne apiecaviselineardeformationTp v
of thecolorspaceAll cellsof M, arelinearlymapped
to correspondingellsof theuniformmeshM ;. (equa-
tion 1)

computetheequalizedmaged = Tpw ().

4. RELATION WITH GRAYSCALE HISTOGRAM
EQUALIZA TION

This formalism may seemextremely far from the simple
“use the cumulative histogramapproachof GHE. We will
now show thatit is in factavery naturalextension.

Image 3(b) is the resultof a GHE on image3(a). To
computethe outputof our algorithm,we determinehe his-
togramof theoriginalimageandthengeneratea meshsuch
thateachcell (hereeachinterval) containghe samenumber
of pixels(g. 3(c)). Colorsof the original imagearethen
piecavise linearly mappedto the samepositionin a cor-
respondinguniform mesh. Thereforeby constructionthe
histogramis equalized g. 3(d)).

Clearlythelimits of the cells of this optimalmeshhave
tobeHS *(k=N) with k = 0::N whereH € is the cu-
mulative histogram.Therefore asshavn on gure 3(e)the
proposedequalizationis a piecavise linear approximation
of thegrayscaléhistogramequalizatiof GHE) method.

5. EXAMPLES

In this sectionwe will comparethe resultof traditionalin-
dependenband GHE andthe proposedcolor equalization
on 2 pseudo-coloimages. We will seethat the proposed
transformequalizesalmost perfectly the color histogram
andthusmakesanoptimaluseof all availablecolors.

Figure4(e)is theoriginalred-greerimageof theheadof
a mothasobsenedwith an EnvironmentalScanningelec-
tron Microscope. As we can seeon the histogram( g.
4(d) — for every color (r; g) the probability of occurrence
is mappedo thediametenf adisc),theredandgreencom-
ponentsof this pseudo-coloimagearestronglycorrelated.
Moreover, themaminal histogramdd g andH ¢ arealready
almostuniform. ThereforeindependenbandGHE hasal-
mostno effect (g. 4(c)) andthe resultinghistogram( g.
4(a))is clearlynotequalized.

Onthecontrary the proposectolor histogramequaliza-
tion producesa much more colorful image(g. 4(h)) and
its histogram( g. 4(f)) is almost perfectlyuniform.

It is extremelyinstructive to considerthe 2 meshesas-
sociatedwith these2 transformg( g. 4(b) and4(g)). Note
thateventhoughindependenbandGHE doesnotexplicitly
usesuchanobject,asatransformit canberepresentetly a

Irigorously asin the caseof GHE, thediscretenatureof digital images
doesnotnecessarilyllow for aperfectlyconstanhistogram.For example
thetotal numberof pixels might not bedivisible by the numberof colors.

2Thisis notthe original ESEMimage.It wasprocessedy theauthors
for the purposeof thedemonstration.
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Fig. 3. Relationbetweerproposedransformandgrayscale
histogramequalization

meshasdiscussedgreviously. As it operatesndependently
on eachbandit shouldnot surpriseusthatit is describedy
a separablemesh. In fact,if HZ andH§ arethered and
greenmaminal cumulative histogramsyerticallinesarede-
ned byHS *(k=N) andhorizontallinesby HS *(k=N)
asdiscussedn 4. As the maminal histogramsare almost
uniform, the cumulative mamginal histogramgandtheir in-
verses)re closeto theidentity functiony = x andthere-
sultingmeshis almostuniform.

On the contrary the meshof the proposecdequalization
is freefrom theseparabilityconstrainendmakesanoptimal
useof thecolorspaceby tting exactly the histogramof the
inputimage.

Whenappliedto a full RGB image(g. 4(j)) the pro-
posedalgorithm( g. 4(k)) clearly makesanoptimal useof
all availablecolorswhich leadsto amuchmorevivid result
thanindependenbandGHE ( g. 4(i)).

6. CONCLUSION

In this paperwe proposedan extensionof grayscalehis-
togramequalizationto color images. This methodcanbe
appliedto spatialandcolor spaceof any dimension.Con-
trarily to previous color histogramequalizationmethods,
theresultingcolor histogramde ned asafunctionR" ! R
is constantvhich meanghatall colorsarebeingusedwith
thesamefrequengy in theimage.

As in grayscalehistogramequalizationthis canbe ex-
tendedto histogramspeci cation. Giventwo imagesl and
K,if T) andTk aretheequalizingtransformshenT !

T, (') will beanew versionof | with the samehistogram
asK.
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Fig. 4. ExamplesThesearecolorimages.



