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ABSTRACT

This paperealswith theuseof thevectorlevelingsfor cod-
ing color images. This classof morphologicalconnected
filters suppressedetailsbut preseresthe contoursof the
remainingobjects.If the colorimagesarefiltered by inde-
pendentlyleveling eachcolor componentnew colors may
be introduced.In orderto avoid this dravback, a total or-
der mustbe imposedon the color vectors. A comparatie
studyhasbeendrawn for variouslexicographicalordersin
the RGB andthe HLS color systems.Thesefilters canbe
especiallyusefulasa preprocessingtepfor improving the
compressiomf colorimages.

1. INTRODUCTION

The morphologicakconnectedilters have the nice property
to suppressletailsbut presere the contoursof the remain-
ing objects. Levelings are a subclassof symmetriccon-
nectedoperatorghathave originally beendefinedandstud-
ied for grey toneimages[7]. Several extensionsto vector
spaceshave beenproposed: pseudo-scalaand autarkical
levelings[2], separabléevelings[8] andnon-separabliev-
elings[12]. In this paper we dealwith theimplementation
of vectorlevelingsin completetotally orderedlatticesby
usinglexicographicabrderswhich aredefinedonthe RGB
color spaceandonanimproved HLS system(recentlypro-
posed[5]). After a comparatie study of the performance
of differentordersthesecolorfiltersareappliedto themor-
phologicalcodingof colorimages.

2. MATHEMATICAL MORPHOLOGY IN COLOR
COMPLETE TOTALLY ORDERED LATTICES

Mathematicamorphologyis anon-linearimageprocessing
approactwhichis basedntheapplicationof latticetheory
to spatialstructureg10]. In practice the definition of mor
phologicaloperatorsieedsatotally ordereccompletdattice
structure(z < y ory < « for every pairz andy; andevery
finite subsethasa supremumandan infimum) [11]: there
areno pair of pointsfor which the orderis uncertain. The
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applicationof mathematicamorphologyto colorimagess
difficult dueto the vectorialnatureof the color data. Many
researctworks have beencarriedout on the applicationof
mathematicamorphologyto colorimageg6, 3, 4, 9]. The
most commonlyadoptedapproachis basedon the use of
a lexicographicalorderwhich imposesa total orderon the
vectors.Letx = (1,22, -, 2,) andy = (y1,y2, -, Un)
betwo arbitraryvectors(x,y € Z™), anexampleof lexico-
graphicalorder maybe

ry <y or
x<ytf z1=y1 and x3 <Y or---
r1=y1 and 2=y - xp < Yn

In this casethe priority is givento thefirst componentthen
to the secondgtc. Obviously, it is possibleto defineother
ordersfor imposinga dominantrole to ary otherof thevec-
tor components. As previous works have shavn [9], the
dravbackof thesekindsof orderds thatmostof vectorpairs
aresortedby the choserfirst componentThereis asimple
wayin orderto makethelexicographicabrdermoreflexible
(reducingthe excessive dependencef thefirst component)
which involvesthe linear reductionof the dynamicmagin
of thefirst componentapplyingadivisionby aconstanand
roundingoff. Therefore,we canproposean «—modulus
lexicographicalorder

[z1/a] < [y1/a] or
X<ay {$1/a] [y1/oz] and o < Yo or .- -
[z1/a] = [y /a] and xz=y2 - T <yn

The choice of the value for « controlsthe degree of in-
fluenceof the first componentwith regard to the others
(above all the secondone). Theseorderscanbe appliedto
the color spaces.Let f(p) = (fz(p), fa(p), fB(p)) and
t(p) = (fu(p), fr(p), fs(p)) be the color valuesof the
pixel p from the colorimagef in the RGB andHLS color
spacesespectiely.

The use of a lexicographical order directly in the
RGB spacerequiresthat one of the color must be ar
bitrarily elevated to a dominantrole. To avoid this,
a first approachentails calculating the max and the
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min of the three RGB values for every pixel; i.e
M(£)(p) = max(fa(p), fa(p). f5(p)) and m(f)(p) =
min(fr(p), fa(p), f(p)). Thenfor every pair of pixels
p andq we canbuild alexicographicabrderwherethefirst
components givenby A, the secondoneis associatedo
m and,if M (p) = M(q) andm(p) = m(q) thenthechoice
of the RGB componentgloesnot have a significantinflu-
ence;e.g. the greencomponentanbe takeninto account
thenthe red andfinally the blue (M, m, fa, fr, fg). We
namedthis order M'm — RG B. Preliminarytestsshoved
thattheapplicationof morphologicabperatorbasednthe
Mm— RG B latticeyieldsstrangevisualeffects.In orderto
improve the visual effects,we proposean «—moduluslex-
icographicalorderwherethe first components givenby a
functionof ordering/,

I(p) = Blr1fr(p) + ’fsz(P) + ’fsz( )1+
(1 = B)[max(fr(p ) a(p), fB(p))—
min(fr(p), fa(p), fe(p))],0 < B < 1.

In the function I thereare a linear combinationof RGB
componentgi.e., a luminancevalue) and the max — min
of the componentdi.e., a saturationvalue), weightedby
3. After deeptests,we have found thatthe valuesx; =
0.3,ke = 0.6,k3 = 0.1 andf = 0.8 yield very goodvi-
sualeffects. Dueto thefact thatthe luminancegivesmuch
importanceto the greencomponentthe othercomponents
for orderingcanbe: thered, thenthe greenandfinally, the
blue (I, fr, fa, fs). A similarapproacthasbeenusedfor
the interpolationof colorimages[6]. The orderis called
I — RG B, andin Figurel areshavn two examplesof color
leveling with this order

The more homogenou#iLS 3D-polar coordinatecolor
representatiomay be usedto defineotherinterestinglex-
icographicalorders. For this space,we adoptedthe lat-
tices introducedin [3]. The hueis an angularcompo-
nent, thereforein orderto be ableto definea total order
we must choice a hue origin H, (typically associatedo
the dominantcolor), i. e. usingonly the hue,p < ¢ if
fu(p)+ Ho > fu(q) + Ho. Having this constraintye can
definetwo «—moduluslexicographicalorders:luminance-
basedLSH . u, (luminance,saturationand centredhue)
andsaturation-basefd L H . g, (saturationJuminanceand
centredhue). We have implementedalsoa lexicographical
orderwith the huecomponentn the first level however, as
pointedoutin [3], thehue-basedrderis veryunstable The
authorsproposeda solutionwhich is basedon a weighting
of the hue by the saturation,j.e. f;;(p) = fu(p) — Ho
it fu(p) — Ho > 0° or fi(p) = 360° + fu(p) —
HO if fu(p) — Hy < 0° and the following weighting,

1(0) = sup( 1 (p), 90(1 = Fs(p))),0 < fir(p) < 90 0r
i (0) = (7 (), 01+ (p)), 90 < Jis (1) < 180 or

) )

(

7 (p) = sup(fy; (p), 90(3 — fs(p))), 180 < fy;(p) < 270
or fr(p ) = nf(fH( ),9003 + fs(p))), 270 < fi(p) <

360. Now it is possibleto define the hue-basedrder
H*SL, with thehueweightedvalue f7; (p) asfirst compo-
nent(p < ¢ if fi;(p) > ff;(¢), thenthesaturatiorandthen
theluminance).Theapplicationof LS H , m, yieldsthebest
visual effectsand consequentlyt is the mostindicatedfor

coding.Theuseof thesaturatioraspriority for orderingcan
be interestingfor featureextraction, sggmentation etc.[5]

but the visual effectsareannoying. Theuseof the H*S L

resultsin incorvenientvisual artefactsmainly dueto the
factthatthe influenceof the choicefor a dominantcoloris
veryimportant. This lastlattice may beinterestingfor em-
phasisinga particularcolor or for removing color regions
but hardlyfor coding.

L/

Fig. 1. Exampleof colorlevelingsusingthe lexicographic
order!/ — RG B,=10 onLennaimage:(a) Referencémage,
f. (b) Marker (ASF of size5), m;. (c) Leveledimage,
A(f,m;). (d) Marker (ASF of size15), m,. (e) Leveled
image,A(f, ma).

3. ALGORITHMIC FRAMEWORK

Oncetheseordershave beendefined themorphologicabp-
eratorsaredefinedin the standardvay. The vectorerosion
of a colorimagef at pixel by the structuringelementB



of sizen is
enp(f)(2) = {f(y) : £(y) = inf[f(2)], 2 € n(B:)},

and the correspondingdilation 4,5 is obtainedby re-
placing the inf by a sup. An opening~,g iS an ero-
sion followed by a dilation, and a closing ¢,z is a di-
lation followed by an erosion. A leveling takesas argu-
mentstwo images,a referencefunction f and a marker
function m (generally the markeris a roughly simpli-
fied version of the referenceimage). The implementa-
tion of the leveling A(f,m) has been programmedby
meansf aniterative algorithmwith geodesidilationsand
geodesierosionuntil idempotencé?, 2],i.e. A(f,m)’ =
sup{inf[f, §'(m)], ¢/(m)}, until A(f,m)’ = A(f,m)"+..
In order to have auto-dual levelings the marker func-
tion must be auto-dual. We have usedtwo families of
auto-dualmarkers: the alternate sequentiaffilters (ASF),
ASF () = ¢nBYnB - 2BY289B7YE(f) andthe vec-
tor medianfilters (VMF), wherefor the VMF the output
correspondgo the color vectorthat minimisesthe sum of
distancesn the neighbourhoodl1]. The purposeof this
studyhasbeenthe comparisorof thefilters obtainedor the
five ordersabove presentedthereforewe have programmed
a generic“vector preserving”function for every morpho-
logical color operator(usingoptimalalgorithmsfor the ba-
sic erosion/dilation).In the correspondingperator anin-
putvariableallows to definethe max andmin of two color
pixelsaccordingto the lexicographicalorderused.In con-
clusion,for eachconsiderearderingwe needonly to build
two additionalmax / min functions.

4. EXPERIMENTAL RESULTS

Apartfrom thevisualeffects(asubjective evaluation)of the
differentlexicographicalordersdiscusseabore, an objec-
tive evaluationof the obtainedlevelings hasbeencarried
out. Five color imageshave selectedand for every im-
age, six levelings have beencomputedusing as markers:
three ASF’'s of sizen = 5, 10 and15 (B is an square)
andthreeV M F' of size7 x 7, 11 x 11 and11 x 11 ap-
plied two times. Moreover, this seriesof filters hasbeen
obtainedfor an exampleof eachof the presentedive lexi-
cographicabrderg(noticethatthel’ M/ ' markerspbtained
from the RGB componentsare alwaysthe same). For the
a—moduluslexicographicalorders,the value of &« = 10
hasshavn to achieve robust and nice levelings. The ori-
gin of the hue hasbeenimposedto H, = 0°. Thenfor
every pair of initial image/ leveledimage,two parameters
of quality have beencalculated:the Signal-to-NoseRatio
SN R andthe Percentageof Reductionin the Numberof
Flat ZonesF'Z R (connectedtomponentsf theimagewith
constantolorvalue).In Tablesl and2 areincludedtheav-
eragevalueson the six imagesfor SN R andF'Z R. Aswe

ASF, n=>5 Ql Qz 93 Q4 Q5
SNR(@@B) |21,9 221 224 17,4 17,8
FZR (%) | 37,1 375 380 40,0 394

ASF, n =10 Ql Qz 93 Q4 Q5
SNR(dB) | 18,3 18,7 19,1 155 143
FZR (%) 44,3 44,8 453 46,4 464

ASF, n =15 Ql Qz 93 Q4 Q5
SNR(dB) | 16,6 16,7 17,2 13,9 14,3
FZR (%) | 489 49,8 50,1 51,7 49,6

Table 1. Averagevaluesof SN R andF Z R usingASF' as
markersfor the levelingsandwhereQ; = Mm — RGB,
Q2 = I — RGBa=z10, 23 = LSHyz10,H,=0-, 4 =
SLHO(IlO;HDIOO andQ5 = H*SLHDIOD.

VMF,7x7 0 Qy Q3 Q4 Q5
SNR(dB) | 23,8 24,1 24,0 22,3 22,2
FZR(%) |336 341 310 269 311
VMF111><11 Ql QZ QS Q4 QS
SNR(dB) | 21,9 22,7 22,3 20,0 20,6
FZR(%) |399 40,3 37,6 342 335
VMF11x11(x2) | 4 Qs Q3 4 Q25
SNR(dB) |20,8 21,4 209 189 194
FZR (%) |44,9 453 432 385 37,8

Table 2. Idem.usingV’ M F' asmarkersor thelevelings.

canobsene,usingthe AS F’sthebestF Z R correspondo
thelatticesSLH and H*SL which arehowever the worst
latticeswith respecto SN R. A goodbalanceis givenby
thelattices/ — RG' B and LS H, with resultsalittle bit bet-
terfor LSH. In thecaseof VM F’s, owing to thefactthat
the mediansarecomputedn the RGB spacethe valuesof
SN R andF' Z R arealittle betterfor / — RG B althoughthe
valuesfor LS H areclearlyupperthanfor SLH or H*SL.

5. APPLICATION: IMPROVED COMPRESSION

The most widespreadimage compressionalgorithms as
JPEG(or MPEGfor videosequencesirebasedn atrans-
form coding scheme. It partitionsan image into blocks,
computeshediscretecosinetransform(DCT) of eachblock
andcodesachDCT componenaccordingo aquantization
schemeas a function of the magnitudeof the component.
The compressioris greatesfor constanor slowly varying
blockssincethesecanbedescribedy justafew DCT com-
ponentsThebestcolor levelingsmaybe usefulfor the pre-
processingpf imagesfor JPEGcompression.The ideais
to simplify the originalimageasmuchaspossiblewithout
losing meaningfulcontent. Olviously, the size of the re-
movedstructuress givenby the sizeof themarkerfunction
used.Figure2 depictsan exampleof this approactusinga



Fig. 2. Applicationto compressiorby JPEGon Carmen
image:(a) Initial image(rasterfile 196662bytes),(b) com-
pressedhitial imagewith quality 20% (647 7bytes),(c) lev-
eledimage,(d) compressetkveledimagewith quality 20%
(5742bytes).

levelingon LS H -1 Withal M I «11. Intheleveledim-
age,smalldetailshave beenremoved (seethe black pupils
of baby Carmenand the letterson the books) but, in the
compressecthitial imagethesedetailsbecomeadiffusedand
thereforetheir suppressiommay be usefulin orderto have
a clearimage. The mostinterestingis the sizereductionof
13% whenapplyingthe compressiomn the leveledimage.
For animagemore alundantin details,the sizereduction
canbereally significant;for instancethe sameeveling and
the samecompressiorguality appliedto the standardBa-
boonimageyield areductionof 30% andfor theleveling of
Lennaimagefrom Figure 1(e) the reductionis upperthan
35%.

6. CONCLUSION

We discussedhe useof lexicographicalordersin the RGB
andHLS color spacegor theimplementatiorof vectorlev-
elings. It canbe concludedhatthe mostinterestinglattice
for morphologicakimplificationandcodingof colorimages
is LS H,=10 (luminance saturationcentredhue)sincebe-
sidesnicevisual effects, it yieldsa goodperformancevith
regardto the SN R andthe enlagementof flat zones. We
shaved the performanceof vectoriallevelingsfor improv-
ing the JPEGcompressiomf colorimages.
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