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ABSTRACT
In thispaperweproposeanextensionof grayscalehistogram
equalizationfor color images.For aestheticreasons,previ-
ouslyproposedcolor histogramequalizationtechniquesdo
not generateuniform color histograms. Our methodwill
always generatean almost uniform color histogramthus
makingan optimal useof the color space.This is partic-
ularly interestingfor pseudo-colorscienti�c visualization.
The methodis basedon deforminga meshin color space
to �t the existing histogramandthenmapit to a uniform
histogram.It is a naturalextensionof grayscalehistogram
equalizationandit canbeappliedto spatialandcolorspace
of any dimension.

1. INTRODUCTION

Contrastenhancementis a centralproblemof many image
processingapplicationsandGrayscaleHistogramEqualiza-
tion (GHE) is oneof thesimplestandmosteffectiveprimi-
tivesfor thatpurpose.

Given a grayscaleimage � , its histogram���	��

� is de-
�ned astherelative frequency of appearanceof intensity 
 .
In GHE (see[1, 2]), the intensity 
���������� of every pixel �

is transformedto �����������������

�

��

� where ���

�

�� !�"�

is thecumulativehistogramassociatedwith ��� . Theresult-
ing image � is equalized,by de�nition, its histogram�$#

is uniform which is equivalentto sayingthat all grayscale
valuesarerepresentedby thesamenumberof pixels. This
oftenresultsin spectacularsubjectivecontrastenhancement
(�g. 3(a)and3(b)). Histogramspeci�cation,anextension
of this technique,allows for any (not necessarilyconstant)
user-suppliedhistogram.

ExtendingGHE to color imagesis not straightforward
andvariousmethodshavebeenproposedto addressthisim-
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 alongthebrightnesscomponentof theim-
age[4, 5]. All thesetechniquesonly usemarginal color
histogramsandthereforedonot take into accountthecorre-
lationbetweenthedifferentbands.In [6] amoreinteresting
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approachis proposedthattriesto extendthecumulativehis-
togramto higherdimension.

If all thesetechniquesincreasethe subjective contrast
of color images,they all fail to producea truly uniform
color histogram. The main reasonmight be that contrar-
ily to thegrayscalecase,imposinga uniform histogramfor
a color imageresultsin theperceptionof severecolor dis-
tortion. This perceptioncanbe explained(see[7]) by the
differencebetweenscotopicvision (monochromaticused
mainly in varyinglow light conditions)andphotopicvision
(color usedin standardlighting conditions). However, for
many scienti�c and technicalapplications,aestheticcon-
siderationsare not prevalent. When visualizing pseudo-
color images(multispectralsatellitepicturesfor example),
all availablecolorsshouldbeused.

2. IDEA

Givena vector-valuedimage �'�)( �+*-,/.0.1.0,2�4365 , its histogram
�"�7��

*+,/.0.1.0,8
93:�<;>=

3@?

= is de�ned as the relative fre-
quency of occurrenceof color ( 
2*+,/.0.1.1,

9375 . Wewantto create
a transformAB;C=

3<?

=

3 suchthat the image �D��EC,8FG�H�

AI�J�K��EC,
FL�8� is equalizedi.e. �M#���

*

,/.0.1.1,


3

� is constant.
Fromnow on,to simplify notationswewill considerthe

caseNO�QP . The imageswill be representedusingredand
green.Our resultsremainapplicableto any higherdimen-
sionalcolorand/orspatialspace.

We canseeA asa deformationof the color space=�R .
Thereforea gooddescriptionfor A is theway it mapsone
meshto anothermesh.For example,imaginethatweknow
ameshST� whichis mappedto aregularuniformmeshS

#

(�g. 1). It is thenpossibleto constructa piecewise linear
approximationACUWV of A by consideringthatall triangular
half-cellsof vertices��� , XY� and Z+� will be linearly mapped
to thecorrespondingtriangleof vertices�

#
�[AI�����/� , X

#
�

AI�JX
�

� and Z+#\��AI��Z
�

� . Usingthebarycentriccoordinates,
]

�
�_^K�

�a`cb
X

�a`cd
Z

� andwecande�ne A
UeV by:

A
UeV

�

]

�
�D�[^L��#

`fb
X/#

`cd
Z+# (1)

Considera pixel ��EC,8FG� of the image. Its color is the
vector ]

�g�_����Eh,
FL� . As Sc� is ameshof thecolorspace,] �

is within acertaincell ij� . By de�nition of ST� and S
# , all

points ]

� of i$� aremappedto points ]

#
�kAI�

]

�Y� of a cell
i

#
�QAI��i$�/� of S

# through A . But as � is anequalized



Fig. 1. ThetransformationT canberepresentedby a mesh

image,and S
# is uniform, it follows that all cells of S

#

containexactly thesamenumberof points. Thereforethis
mustalsohold for SO� .

Theonly remainingdif�culty is thereforeto �nd a suit-
ablemesh.Startingfrom a uniform ����� mesh,we can
convergeto a solution(�g. 2) by iteratively expandingall
cells i

� thatdonotcontainenoughpoints( 3��e3��

�	��


N
�����

�

) andcontractingcellsthatalreadycontaintoomany points
( 3

�
3

�

�
��


N
�����

�

). This is doneby moving the vertices
�

� , X
� , Z

� of eachcell i
� towardsthecentroid����� or away

from it. This leadsto thefollowing differentialequation:
�

�
�

���

� �

N
� N
�

�

R




N
���Y�4���
�




�����+� (2)

whereN
� , N

� arethedimensionsof theimageandN
�

�

is thenumberof pixelsof theimagewhosecolorsarewithin
cell i�� . At the steadystateN

�
�$�

3��e3��

�
� is constant,all

cellscontainthesamenumberof points.

Fig. 2. Meshdeformingto �t histogramon �gure 4(d)

3. ALGORITHM

Outlineof thealgorithm:
� determinethecolor histogram��� of theoriginal im-

age� .
� deforma mesh ST� on the color spaceto �t the his-

togram�"� . (equation2)

� useSc� to de�ne apiecewiselineardeformationAhUWV

of thecolorspace.All cellsof SO� arelinearlymapped
tocorrespondingcellsof theuniformmeshS # . (equa-
tion 1)

� computetheequalizedimage �\�_A UeV ���:� .

4. RELATION WITH GRAYSCALE HISTOGRAM
EQUALIZA TION

This formalism may seemextremely far from the simple
“usethecumulative histogramapproach”of GHE.We will
now show thatit is in facta verynaturalextension.

Image3(b) is the resultof a GHE on image3(a). To
computetheoutputof ouralgorithm,we determinethehis-
togramof theoriginal imageandthengenerateameshsuch
thateachcell (hereeachinterval) containsthesamenumber
of pixels (�g. 3(c)). Colorsof theoriginal imagearethen
piecewise linearly mappedto the sameposition in a cor-
respondinguniform mesh. Thereforeby construction,the
histogramis equalized(�g. 3(d)).

Clearlythelimits of thecellsof thisoptimalmeshhave
to be ��� �

*

�"!$#%��� with !<�

�

.1.1. � where ��� is the cu-
mulative histogram.Therefore,asshown on �gure 3(e)the
proposedequalizationis a piecewise linear approximation
of thegrayscalehistogramequalization(GHE)method.

5. EXAMPLES

In this sectionwe will comparetheresultof traditionalin-
dependentbandGHE andthe proposedcolor equalization
on 2 pseudo-colorimages. We will seethat the proposed
transformequalizesalmost1 perfectly the color histogram
andthusmakesanoptimaluseof all availablecolors.

Figure4(e)is theoriginalred-greenimageof theheadof
a mothasobservedwith anEnvironmentalScanningElec-
tron Microscope. As we can seeon the histogram(�g.
4(d) – for every color ��Z-,'&L� the probability of occurrence
is mappedto thediameterof adisc),theredandgreencom-
ponentsof thispseudo-colorimagearestronglycorrelated2.
Moreover, themarginalhistograms�)( and �+* arealready
almostuniform. ThereforeindependentbandGHE hasal-
mostno effect (�g. 4(c)) andthe resultinghistogram(�g.
4(a))is clearlynotequalized.

Onthecontrary, theproposedcolorhistogramequaliza-
tion producesa muchmorecolorful image(�g. 4(h)) and
its histogram(�g. 4(f)) is almost1 perfectlyuniform.

It is extremelyinstructive to considerthe2 meshesas-
sociatedwith these2 transforms(�g. 4(b) and4(g)). Note
thateventhoughindependentbandGHEdoesnotexplicitly
usesuchanobject,asa transformit canberepresentedby a

1rigorously, asin thecaseof GHE,thediscretenatureof digital images
doesnotnecessarilyallow for aperfectlyconstanthistogram.For example
thetotalnumberof pixelsmightnot bedivisible by thenumberof colors.

2This is not theoriginalESEMimage.It wasprocessedby theauthors
for thepurposeof thedemonstration.



(a) Original im-
age

(b) Grayscale-
equalizedimage

(c) Histogramof original image image
andcorrespondingmesh

(d) Histogramof grayscale-equalized im-
ageanduniformmesh

(e)Cumulativehistogram(light gray)and
proposedtransform(black)

Fig. 3. Relationbetweenproposedtransformandgrayscale
histogramequalization

meshasdiscussedpreviously. As it operatesindependently
oneachbandit shouldnotsurpriseusthatit is describedby
a separablemesh. In fact, if ���

(

and ���

� arethe red and
greenmarginalcumulativehistograms,verticallinesarede-
�ned by ���

(

�

*

�"! # ��� andhorizontallinesby ���

*

�

*

�"! # ���

asdiscussedin 4. As the marginal histogramsarealmost
uniform, thecumulative marginal histograms(andtheir in-
verses)arecloseto theidentity function F � E andthere-
sultingmeshis almostuniform.

On thecontrary, themeshof theproposedequalization
is freefromtheseparabilityconstraintandmakesanoptimal
useof thecolorspaceby �tting exactly thehistogramof the
input image.

Whenappliedto a full RGB image(�g. 4(j)) the pro-
posedalgorithm(�g. 4(k)) clearlymakesanoptimaluseof
all availablecolorswhich leadsto amuchmorevivid result
thanindependentbandGHE(�g. 4(i)).

6. CONCLUSION

In this paperwe proposedan extensionof grayscalehis-
togramequalizationto color images. This methodcanbe
appliedto spatialandcolor spacesof any dimension.Con-
trarily to previous color histogramequalizationmethods,
theresultingcolorhistogramde�nedasafunction =

3 ?

=

is constantwhich meansthatall colorsarebeingusedwith
thesamefrequency in theimage.

As in grayscalehistogramequalizationthis canbe ex-
tendedto histogramspeci�cation.Giventwo images� and

i , if A � and A
� aretheequalizingtransformsthen A

�

*

���

A � �J�6� will bea new versionof � with the samehistogram
as i .
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(a)Histogramof band-
equalizedimage

(b) Equivalent mesh
of independentband
grayscale histogram
equalization

(c) Independentband-equalizedim-
age

(d) Histogramof orig-
inal image

(e)OriginalRG image

(f) Histogramof color-
equalizedimage

(g) Mesh of proposed
transform

(h) Color-equalizedimage

(i) Independentbandgrayscalehistogram
equalization

(j) OriginalRGBimage (k) Color-equalizedimage

Fig. 4. Examples.Thesearecolor images.


