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ABSTRACT

Recentlywe haveappliedLook Up Table(LUT) Methodfor
inversehalftoning. We alsoproposedree-structuré.UT in-
versehalftoningin orderto reducememoryrequirementsf
the LUT method. In this paperwe introduceLUT based
halftoningmethod.Pixelsfrom a causaieighborhoodind
thecontonevalueof thecurrentpixel will beincludedin the
LUT. TheLUT halftoningwill requireno arithmeticopera-
tionsotherthanmemoryaccesskor ary halftoningmethod,
a samplesetof imagesand halftonesof theseimageswill
beused.Wewill thenintroducetree-structuré UT (TLUT)
halftoning. Eventhoughthis methodis morecomplex than
LUT halftoningit producesetterhalftonesandit requires
much lessstoragethan LUT halftoning. We will demon-
stratehow error diffusion characteristicsan be achieved
with this method.Afterwards,our algorithmwill betrained
on halftonesobtainedby Direct Binary Search(DBS) im-
ages. The compleity of tree-structureUT halftoningis
higherthanerror diffusion algorithm but muchlower than
DBSalgorithm.Also, thehalftonequalityof TLUT halfton-
ingincrease# thesizeof TLUT getsbigger Thus,halftone
imagequalitybetweererrordiffusionandDBSwill beachi—
eveddependingn the sizeof tree-structuren TLUT algo-
rithm.

1. INTRODUCTION

The aim of halftoning is the rendition of gray-scaleimageson

bilevel devices. The mostcommonalgorithmsfor halftoningare

orderedditheranderrordiffusion. In ordereddithera continuous-
toneimageis thresholdedvith a spatiallyperiodicscreerwhereas
in error diffusion halftoning, the error is ‘dif fused’ to the unpro-

cessedeighborpoints[]].

The compleities of the algorithmsand the resultingimage
quality aredifferent. Ordereddither requiresonly pointwisecom-
parisonsandit is a parallelmethod. But the resultinghalftones
suffer from periodicpatternswhereaserror diffusedhalftonesdo
not suffer from periodicity and offer blue noisecharacteristid1]
which is foundto be desirable. The main dravbackis thaterror
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Table 1. LUT templateusedin halftoning.
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diffusionis inherentlyserial,andit requirescomputatiorfor diffu-
sion process.The blue noisemaskis anotherway to gethalftone
quality similar to error diffusion [2]. The disadwantageof blue
noisemasksis that the resultinghalftonesdo not have enhance-
mentlike theerrordiffusioninherentlyhas.

Recentlywe have developeda Look Up Table(LUT) Method
for inversehalftoning[3], [4] andtree-structur&UT inversehalfton-
ing [5]. In this paperwe will introducethe LUT basedhalfton-
ing methodandtree-structuredUT halftoningmethod.The LUT
halftoningwill requireno arithmeticoperationsotherthanmem-
ory access.For ary halftoning method,a sampleset of images
and halftonesof theseimageswill be usedto constructthe LUT.
We will demonstratehow error diffusion characteristicxan be
achiezedwith this method.

Therearemorecomputatiorintensve halftoningmethoddike
DirectBinary SearcDBS) [6] which give thebesthalftonequal-
ity. WhenTLUT is trainedon DBS likeimagesthe halftonequal-
ity will bein betweerthe errordiffusion quality andDBS quality.
Moreover, the TLUT halftonequality will getbetterwhenthesize
of TLUT increases.

2. LUT HALFTONING

We will processixels oneby onein someorder namely raster
scan. In orderto decidethe halftonevalue at a chosencell (or
pixel location),we will usethehalftonevaluesalreadydecidedn a
carefullyselectedemplateor neighborhooaf thechosercell and
the contonevalue of the choserpixel. The templatedesignphase
is merelya procesof decidingwhich neighboringcellsshouldbe
involved in the prediction. We shawv a sampletemplatein Table
1. Theletter“0” denotesthe cell whosehalftonevalueis being
decidedand othernumbersdenotethe cellsin the template. The
templateselectioralgorithmwill bedescribedaterin this section.

Let us assumethat thereare N pixels (excluding the pixel
being predicted)in the neighborhoodandthey are orderedin a
specificway. Let us also call the halftone valuesof pixels as
po,p1,-..pN—1 andthe contonevalue of the pixel beingpredicted
asc. Notethatthereare2™ 28 differentpatternssincep; € {0,1}



fori =0,1,..., N —1andc € {0,2® —1}. Sincethehalftoneim-

ageis a bilevel image,our LUT, T, shouldreturna valuefor each
patterrfT(pgpl...pN,lc) € {0, 1}

Design of LUT: In the designof LUT, we needtraining images
and correspondindnalftoneimages. Thus, we selecta setof im-

agesand halftonetheseimageswith ary halftoningalgorithm of

our choice. We will first obtainthe expectedhalftonevalue for

eachpattern.Thenthishalftonevaluewill beassignedo thecorre-
spondingLUT positionfor thatpattern.Let usdenotethe number
of occurrence®f pattern(popi...pn—1c) in the samplehalftone
imagesasKp,p; ...on _1c @ndcorrespondingpalftonevaluesas

hoopr-.on—1ei fOr =101, ..., Kpopy .. py_se — 1.

If Kpopi..oy—1c > 0, the LUT halftonevalue for the pattern
(pop1...pn—1¢) Will betheclosestquantizatiorpointto the mean
of thecorrespondindpalftonevaluesis, i.e.,

_ 1 ifmpopy.pn_se = 0.5
T(popr--.pn-1c) = {0 if Mpepy.pose < 0.5

where

Kpopy...pny_1c—1 h )
Ei:o POP1---PN—=1C>?

KPOPl---PN—lc

Nonexistent pattern estimation: If Kpqp,..pn_.c = 0, thenthe
pattern(pop:...pn—1¢) doesnot exist. In this casethe halftone
value shouldbe estimatedn a differentway. Threemethodsare
proposedn [3] for LUT inversehalftoning. Oneof these called
the bestlinear estimator modified for LUT halftoning works as
follows: Let us numberall the patternswhich exist in the sample
halftoneimagesas (pi,opi,1...pi,n-1¢;) fori = 0,1,.... M — 1

where M is the numberof existing patterns.Let A(%,j) = pi,;

andb(i) = T(pi,opi,l...pi,]\r_lci) fore =0,1,...M —1,j =

0,1,...,N — 1. Also A(3,N) = ¢; fori = 0,1,..,M — 1.

The bestlinear estimatorwill be the leastsquaressolutionto an
overdeterminedystemof equationsAx = b, whichis

x=(ATA)'ATb.
wherex = [zoz1...xy—12n5]". Thenfor eachnoneistentpattern
(pop1..-pN—1c), we obtainthe halftonevalueasfollows:

Mypopy...on—1¢ =

0, if y<05
T(pop1..-pN-1€) = { 1 ,; Z> 0.5

wherey = [pop1...pN—1c]x.

Template Selection: We have shavn how to designthe LUT for
a given template. The next questionis how we can choosethe
besttemplatefor LUT halftoning. We have proposeda methodfor
templateselectionin LUT inversehalftoningin [4]. Herewe will

modify thatalgorithmfor LUT halftoning.

Assumethatthenumberof pixelsto be usedin thetemplateis
fixed. Ouraimwill beto choosethe besttemplateof size N. We
will simplify thetemplateselectiorproblemby restrictingthe pix-
elsto bein afixedcausaheighborhoodWe will defineour neigh-
borhoodasN={(3,j)[i€ {—-L/2, ...,0},j€{-L/2,...,L/2}}
U {(0, )i € {—L/2,...,—1}}. Letuscall the pixel whosehalf—
tonevalueis beingestimatedasthe currentpixel.

Herewe give arecursve algorithmto choosehetemplate Let
usdenotea templatehaving a pixelsas7,. Assumethatwe have
P imageswhich have sizeszi x y1, €2 X y2, ...,xp X yp inOUr
trainingset. Wewill have bothcontinuougoneimagesD; (n1, n2)

Fig. 1. Goldhill halftonedwith FSerrordiffusion.

andhalftoneimages ;(n1,n2) for =1,2,..., P in ourtraining
setwhere(n, n2) denoteghe pixel locationin theimages.
Now let usdefinethe errorin the LUT halftoneimagescom-
paredto LUT imagesfor agiventemplate7 asfollows!:
P
) = ( u(,5) -

I=1 i=1 j=1

L (0,5)°

where is obtainedusingLUT halftoningwith template7. We
cansummarizeour size M templateselectioralgorithmin 2 steps:
Step0.a =0.7, = .

Stepl. Define(p, ) asfollows:

a min
(

(p7 )= (Z,])EN

Includethepixel (p, )inthetemplate:7, = 7.-1 {(p, )}
Step2. If T , doesnothave M elementgoto stepl. Otherwise
stop.

LUT example: We have chosenN = 15 and constructedour
templateusingalgorithmgivenin the previous section.Thetrain-
ing setincludedseveralerrordiffusedhalftoneimageqseebelaw).
This templateis shavn in Table 1. In thetable,theletter“0” de-
notesthecell whosehalftonevalueis beingdecidedand“k"th cell
(> 0) denoteghatthecell is addedto thetemplatein th step.

Note thatwe need2V¥ 28 = 22§ (1MBytes)to storethe
LUT. We have trainedour LUT with imageswith the following
images:Lena, peppersgrey ramp, boat, airplaneand Zeldaand
two moresmoothimages.The halftonesof theseémagedor train-
ing are obtainedwith error diffusion. Afterwardswe halftoned
goldhill with the designed_UT. Notice that goldhill wasnot in

INotethat,abettererrormeasuravouldbethe MSE of the HV S filtered
errorbetweerthe halftones However this topic is left for furtherresearch.



Fig. 2. Goldhill halftonedwith LUT halftoning.

the training set. Theresultis shavn in Fig. 2. For comparison
we shav Goldhill halftonedwith error diffusionin Fig. 1. Ex-

ceptin regionsof very low grey levelsthe LUT halftoningmethod
givesthe sameimagequality aserror diffusior?. Noticethat, the
storagerequiremenibf LUT halftoningis alsohigh. In the next

sectionwe will introduceTLUT halftoningin orderto overcome
theseproblems.

3. TREE-STRUCTURE LUT HALFTONING

As illustratedabove, LUT halftoninghassomedefectsin regions
of very low andvery high grey levels. It canbe easily seenthat
the halftonepattern = QL hasapproximatelyl x 1 period-
icity, andLUT halftoningwith templateshavn in Table 1 cannot
capturethis periodicity Differentcellsshouldbe addedo capture
differenthalftonepatterns.However, the templatesize cannotbe
increasedarbitrarily becauseof storageproblems. This problem
canbe solved by addingcells adaptiely to the template.We will
shav thatadaptve cellscanbestoredefficiently in atreestructure.

Tree structure: Let us denotethe size of the initial template
usedasa (this is typically small,e.g.,a = 11). We will define
2¢ & pinary treescorrespondingo the different patternsin the
template.Eachtreenodeis eithersplit furtheror it is aleaf. Tree
nodesare split so that the halftonevaluesof LUT obtainedwith
initial templatecanberefined.If anodeis split, thenthelocation
of additionalpixel,(i, 7), is storedin thenodeandtwo morenodes
areattachedo this nodeasits children. If atreenodeis atreeleaf,
thena halftonevalueis storedin the node.

In Fig 3wehaveillustratedagenericreestructure.Theupper
treenodesarethetreeroots. The black shadechodesarethetree
leavesandthey storea halftonevalue. Unshadedreenodeshave
two childrenandalsothey storethelocationof theadditionalpixel
asshavn.

2Theimagescanbefoundat[7] for betterviewing.

(-3!0) (2,1) _ L ] o @ """

@-1)

Fig. 3. Generictreestructuresusedin halftoning.

In orderto storethetree,we needto recordthe treestructure,
additional pixel locations,and halftonevaluesstoredin the tree
leaves. Let us assumehatwe have 2° ® treesandb treeleaves.
Thenit canbeshovn thatwe needb bitsto storethehalftonevalues
in the treeleaves, (2b — 2° ®) bits to storethe treestructureand
(b—2% ®) memoryunitsto storethelocationsof additionalpixels.
Onememoryunit usuallycorrespondso 1 or 2 bytes.

TLUT halftoning algorithm: In TLUT halftoning,we try to find

atreeleaf for eachpixel in the halftoneimage. After finding the

treeleaf, the halftonevaluestoredin the treeleafwill beassigned
asthe halftonevalue of the pixel. To find the correspondindree

leaffor eachhalftonepixel locationwe will dothefollowing:

1. Firstlook atthepatterninsidetheinitial template7™ of size
a. Eachdifferentpatternwill correspondo oneof the bi-
narytrees.Therootof thecorrespondingreeis declaredas
thecurrentnode.

2. Eachnodeis eithersplit into two nodesor it is a leaf. If a
nodeis aleaf, thenthe halftonevalueis storedin the node.
This valueis assignedsthe halftonevalueat the pixel.

3. If anodeis split into two, thenthe location (7, j) of the
additionalpixel is storedin thenode.Getthehalftonevalue
of the pixel whichiis (i, ) away from the currentpixel. If
this valueis 0(1), thenleft(right) nodeis assignedas the
currentnode.Thengoto step2.

Designing the tree structure: First, theinitial templateT of size
a shouldbe found. The pixelsin 7 arechosenfrom a neighbor
hood Nz of the currentpixel. This templatecanbe found using
the algorithmoutlinedin Sec. 2. Then,eachpatternin this tem-
platewill correspondo one of the binary trees. Thesewill also
correspondo theinitial 2° ® treeleaves. Startingfrom this tree
structure we will addnew treeleavesincrementally Thisis done
until we get sufiicient numberof tree leaves or we are satisfied
with the halftonequality. In this procesghe costfunctionwill be
the MSE of a specifictreestructure. By this, we meanthe mean
squarecerrorbetweerthe LUT halftonedimageswith the specific
treestructureandthe halftoneimagesin thetraining set. Finding
the MSE of a treerequiresthe halftonevaluesin the treeleaves.
Givenary tree,thereis an optimal way to assignhalftonevalues
to its leavesusingthe majority rule. Herewe give analgorithmto
addthe‘best’ treeleafto atreestructure.

1. For eachleaf andfor eachpixel p in Nz do the follow-
ing: Assumethattheleaf is splitinto two nodeswith the
additionalpixel p. Calculatethe MSE of this treestructure
M )



Fig. 4. Goldhill halftonedwith TLUT halftoning.

2. Findtheleaf
is minimum.

3. Updatethe tree structureby splitting the treeleaf  with
theadditionalpixel p .

Assigning halftone values to tree leaves: We have to find the
halftonevaluesfor eachtree leaf given a tree structureand addi-
tional pixel locations. Afterwards, thesehalftonevalueswill be
assignedashalftonevaluesin the TLUT halftoningalgorithm.We
will usetrainingimagesin this processij.e., halftoneimagesand
correspondingontoneimages. First we find the tree leaves for
eachpixel in thetrainingsetusingthe TLUT halftoningalgorithm
in Sec.3. Let usdenotethe setof halftonevaluesof pixelswhich
have the sametreeleaf as wherea isthesizeof . Thus

= {hi1,h2,...,hq }. If therearemoreonesthanzerosin
thenthe halftonevalue of the leaf (¢ ) will be one. Otherwiseit
will bezero.

andadditionalpixel p suchthati »

TLUT example: We have chosenour initial templateto consist
of thefirst 11 elementsf the templateshavn in Table 1. Then
we have refinedthe treeswith the training setasin Sec. 2 for
LUT halftoningwith A7 . In theresultingtree,we have a = 11,
b=2*% 2 10 = 52 2 . TheTLUT halftoneimageis
shawvn in Fig. 4. As it canbe seenfrom thefigure,the problems
with very high andvery low grey levelsin LUT halftonedimages
do not occurfor TLUT halftoning algorithm (seethe sky in the
image). The total storagecostis approximatelyl58KB. Note that
thisis muchlessthanstorageequirementsf LUT halftoning.
We have alsotrainedTLUT on DBS halftones.The halftones
areobtainedby applyingfifty stepsof DBS iterationson FSerror
diffusedhalftones[§. Our initial templateconsistsof thefirst 11
elementf thetemplateshavn in Table 1. The parametersf the
TLUT with Ay areasfollows: a = 11,6 = 2% &8 2 =
55 05 . TheTLUT halftonedimagefor Goldhill is shavn in Fig.
5. Noticethatthe quality of the halftoneimageis betterthanerror
diffusedhalftoneimage(especiallyin the sky).

Fig. 5. Goldhill halftonedwith TLUT halftoning trainedon DBS
Images.

4. CONCLUSION

We proposeda new LUT basedhalftoning method. The algo-
rithm is capableof producinggood quality halftones. To refine
thehalftoneswethenproposedree-structuré UT halftoning.We
have demonstratetheperformancef ouralgorithmby trainingon
errordiffusedandDBSimages.The compleity of TLUT halfton-
ing is higherthanerror diffusion algorithm but muchlower than
DBS algorithm. Thus, halftoneimagequality betweenrerror dif-
fusion and DBS will be achieved dependingon the size of tree-
structurein TLUT algorithm.
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