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ABSTRACT

In thispaperweproposeafastandmemoryefficienten-
codingstrategy for text imagecompressionwith theJBIG2
standard.The encodersplits up the input imageinto hori-
zontalstripesandencodesonestripeat a time. Construc-
tion of the currentdictionary is basedon updatingdictio-
nariesfrom previous stripes. We describeseparateupdat-
ing processesfor thesingletonexclusiondictionaryandfor
the modified-classdictionary. Experimentsshow that, for
bothdictionaries,splittingthepageinto two stripescansave
30% of encodingtime and40% of physicalmemorywith
a small lossof about1.5% in compression.Furthergains
canbe obtainedby usingmore stripesbut with diminish-
ing returns. The sameupdatingprocessesarealsoapplied
to compressingmulti-pagedocumentimagesandshown to
improve compressionby 8-10%over codinga multi-page
documentasa collectionof single-pagedocuments.

1. INTRODUCTION

TheJBIG2standard[1, 2] is thenew internationalstandard
for lossless andlossy compressionof bi-level images.It is
meantfor both text andhalftonedata;a JBIG2 encoderis
expectedto segmentanimageinto differentregions[3] and
usedifferentcodingmechanismsfor text andfor halftones.
We only considercodingtext imageswith JBIG2.

Ona typical pageof text, therearemany repeatedchar-
acters. We call the bitmap of a text characterinstancea
“symbol.” To codeall the symbolsin the image,we first
selecta groupof representativesandput theminto thedic-
tionary. We thencodeall thesymbolsby referenceto their
closestmatch in the dictionary. In our work we usethe
Hammingdistancebasedmatchingcriterion.

In JBIG2,codingof text isbasedoneitherof twomodes:
pattern matching and substitution (PM&S) [4] or soft pat-
tern matching (SPM) [5]. We focuson SPM-basedJBIG2
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encoderdesign. Choosinga propersetof dictionarysym-
bols is essentialto coding efficiency. Previously we pro-
posedtwo symboldictionarydesigntechniquescalledclass-
baseddesign[6] andtree-baseddesign[7]. In thispaperwe
combinethesetwo techniquesto form anew technique:the
modified-classdesign.This is moreefficient thantheclass-
basedtechniqueandsimplerthanthetree-basedtechnique.

To save physicalmemory, JBIG2allows theencoderto
split awholepageimageinto horizontalstripesandprocess
onestripe at a time. Sincethereis strongcorrelationbe-
tweensymbolson thesamepage,whencodingthecurrent
stripe,theencodercanreusesomeof thepreviousdictionary
symbolsfrom previousstripes.For this purpose,in JBIG2,
at theendof eachdictionary, theencodersendsa 1-bit flag
for eachdictionarysymbol to tell the decoderif this sym-
bol is to be retainedor discardedafter the currentstripeis
decoded.In thispaperweproposeadynamicdictionaryup-
dateprocedureto retainusefuldictionarysymbolsanddis-
cardobsoleteones. Becausethe encoderdealswith fewer
symbolsat a time, this dynamicprocedureis morememory
efficient andfaster. Furthermore,this procedurecanbedi-
rectlyappliedto compressingmulti-pagedocumentimages.
We will show that usingdictionariesfrom previous pages
leadsto 8-10%improvementin compressioncomparedto
treatingthepagesassingle-pagedocuments.

This paperis arrangedasfollows. In Section2, we first
proposethe modified-classdictionarydesign.We thenex-
plainhow to constructthecurrentdictionarybydynamically
updatingpreviousdictionaries.In Section3, wepresentour
experimentalresults.In Section4, we draw conclusions.

2. STATIC AND DYNAMIC DICTION ARY DESIGN

In this sectionwe first briefly review the class-basedand
tree-basedsymboldictionarydesignfor JBIG2encoders[6,
7]. Comparedwith simplerdictionary formationmethods
suchasone-passandsingletonexclusiondictionaries,these
two techniquescanimprove compressionby up to 8% for
losslessand17%for lossycompression,respectively.

To form the one-passdictionary, the encodermatches



thecurrentsymbolwith all previoussymbolsandencodesit
by referenceto its bestmatch.Thenit addsthenew symbol
to the dictionary. One-passdictionariescontainmany sin-
gletonswhich aresymbolsnever referencedby any subse-
quentsymbol[8]. They aredetrimentalto codingefficiency
becausedictionary indicesare assignedto them unneces-
sarily, thusincreasingtheaveragelengthof all indices.By
excludingsingletonsfrom thedictionary, we obtainthesin-
gletonexclusion(SE)dictionary. Bitmapsof thesingletons
arecodedby referenceto their bestdictionarymatchwhen
they occuron thepage;this is referredto asembeddedcod-
ing in text regions[1].

To designthe class-based(CLASS) dictionary [6] we
follow two steps.Firstwegroupall thesymbolsinto classes
by pointing themto their closestmatches.For eachclass
we chooseonerepresentative to go into the dictionary;all
othersymbolswill be codedwith embeddedcoding. Then
we follow a recursive procedureto groupall thedictionary
symbolsinto super-classes. We put all super-classleaders
into thedirectdictionary(bitmapscodedwithout reference
to any otherdictionarysymbol)andotherdictionarysym-
bolsinto therefinementdictionary(bitmapscodedwith ref-
erenceto anotherdictionarysymbol)[1].

To designthetree-based(TREE)dictionary[7] we first
computethe matchinggraphsbetweenall extractedsym-
bols. From thesegraphswe constructminimum spanning
trees(MSTs)usingKruskal’salgorithm[9]. We putall root
nodesinto thedirectdictionary, all intermediatenodesinto
therefinementdictionary, andall leaf nodesinto embedded
coding.We canalmostarbitrarily changetheTREEdictio-
nary’s sizeto obtain the bestcompression.We do this by
increasingthe numberof leaf nodesby relocatingcertain
nodes’childrento their new parents.

In thispaperweconsideranew dictionarydesignwhich
combinesthe CLASS andTREE designideas. We call it
themodified-class(MC) design.Firstwegroupall symbols
into classesandchoosetherepresentativesasin theCLASS
design. Then we constructMSTs for all the representa-
tives.This improvesovertheCLASSdesignbecauseMSTs
give betterreferencerelationshipsamongdictionary sym-
bols thanthosegivenby super-classes[7]. TheMC design
is alsocomputationallylesscomplex thantheTREEdesign.
Our experimentson twelve testimagesshow that,for loss-
lesscompression,theMC designis basicallythesameasthe
CLASSdesignwhile slightly worsethantheTREEdesign.
However, in the TREE designthe encoderhasto exhaus-
tively searchfor the optimal dictionarysizeto achieve the
bestcompression.For lossycompression,the MC design
achievesthebestcompression.

Dynamic dictionary update: The fonts and sizesof
text charactersin one input pageareusually very similar.
Therefore,in pagestriping,we dynamicallyupdatethecur-
rentdictionaryfrom previousones.

Updatinga SE dictionary is straightforward. For each
new symbol in the currentstripe, the encodermatchesit
with all dictionarysymbolsfrom previousstripesandwith
all previoussymbolsin thecurrentstripe.Theencoderthen
pointsit to its closestmatchandaddsit to thedictionary. Af-
ter thecurrentstripeis processed,theencoderexaminesthe
new dictionaryandexcludesall singletonsfrom it. Those
dictionaryentriesfrom previousstripes,if not usedby any
symbol in the currentstripe,areexpunged.This way new
symbolsusefulfor thecurrentstripegetincludedin thenew
dictionary, andold symbolsthatareobsoleteareremoved.
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Fig. 1. ModifiedKruskal’salgorithm.

For theMC design,thefirst stepis to form classesand
chooserepresentatives. This stepis carriedout on all new
symbolsandall existing dictionarysymbols.This way if a
pre-existing dictionarysymbol is selectedasthe classrep-
resentative, we do not needto encodeits bitmapagain. At
the next stepwe usethe modified Kruskal’s algorithm to
constructMSTs. In Fig. 1 we illustratethe classicandthe
modifiedKruskal’s algorithms. We show previous dictio-
nary symbolsin grayandnewly addedonesin black. The
problemwith theclassicalgorithmis that the MST in Fig.
1(a) includesthe four graynodes;but in fact the reference
relationshipamongpre-existingsymbolsis meaninglessbe-
causethedecoderhasthosebitmapsalready. We modify it
asin Fig. 1(b). We first assumeeachpair of existing sym-
bols haszeromismatchand is thereforeconnectedby the
dash-dottedgrayedges.We thengo on andapply theclas-
sic Kruskal’s algorithm. With themodifiedalgorithmeach
resultingMST is guaranteedto have at mostonegraynode
representingapreviousdictionarysymbol;someMSTsmay
have no gray nodesif they containsymbolsonly from the
currentstripe. If a graynodeexistsin anMST, we useit as
theroot;otherwisewedecidetherootasin [7].

3. EXPERIMENT AL RESULTS

3.1. Fastand memory-efficientencoder

In this sectionwe show the savings in encodingtime and
memoryusagewhenpagestriping is applied. Our testim-



agesare from two sources:two 200-dpi CCITT standard
images(f01 andf04); andten300-dpiimages(IG0H,J00O,
N03F, N03H,N03M, N046,N04D,N04H,N057andS012)
selectedfrom University of WashingtonDocumentImage
DatabaseI [10]. We comparecodingresultsusingthepro-
posedupdatingproceduresfor SEandMC dictionaries.Our
experimentsaredoneon a PentiumPro 200MHz, running
RedHat Linux 6.0, with 64MB physicalmemory. Execu-
tion time (in sec)is measuredwith Unix “time” andpeak
memoryusage(in % totalsystemmemory)with Unix “top”.
Ourcodewasnotoptimizedfor speedor memoryefficiency.
Fig. 2 plotscodedfile size,encodingtime, andpeakmem-
ory usageasfunctionsof the numberof stripesinto which
a pageis split. The resultsshown arefor imagef04; very
similar resultsare obtainedfor all other test images. As
the numberof stripesincreases,the compressedfile size
goesup at a slow andrelatively constantpace. The slope
of eachline segmentin Fig. 2 (a) representscodinglossper
stripeadded.Themeanvalueof all theslopesstandsfor the
speedat which the codinglossis beingincurred;the vari-
ancestandsfor how steadilythelossis beingincurred.For
all testimages,themeanvalueof theslopesis 1.6%for the
MC dictionaryand1.3% for the SE dictionary; hencethe
codinglossperstripeis small. TheSEdictionaryhasvery
low variances(on the orderof ������� or �	�
��� percent)for
all twelve images.The MC dictionaryshows the samere-
sultson all imagesbut one.For encodingtime, on average
29% of encodingtime is saved whenwe treat the pageas
two stripesinsteadof one;andreturnsdiminishwith more
stripes.For peakmemory usage, theaveragesaving with 2
stripesis 40%comparedto no striping. After 6 stripes,the
curvesflattenoutbecauseeachstripebecomessmallenough
that the memoryusedto buffer it no longerdominatesthe
total memoryusage.In Fig. 2, we seethat the“MC dict+3
stripes”scheme(33543bytes)achievesthesamecompres-
sionasthe “SE dict+1 stripe” scheme(33545bytes)while
the former schemeencodes53% fasteranduses54% less
memory. In general,MC dictionarieswith ��
�� or ��
��
stripesachieve approximatelythesamecompressionasSE
dictionarieswith � stripes.

3.2. Multi-page documentcompression

Multi-pagedocumentimagesarea setof imagesscanned
from the samesource,preferablyfrom consecutive pages.
Theissuesof compressingmulti-pagedocumentimagesare
addressedin [11]. In this sectionwe try the proposeddic-
tionaryupdatingstrategy onmulti-pagedocumentcompres-
sion. We usethreetest sets. Two are from University of
WashingtonDocumentImageDatabaseI, one of 4 pages
(N04H, N04I, N04L andN04M) andthe otherof 5 pages
(N01F, N01G,N01H, N01I andN01J).They arefrom the
samesource,but not from consecutive pages.Thethird set
is an 11-pagedocumentwe scannedin from [12], at 300

dpi. In Table1 we show compressionresultsfor all three
setsusingthreecodingstrategiescombinedwith SEor MC
dictionaries.Strategy A encodesthe imagesasanuncorre-
latedsetof single-pagedocuments.Strategy B usesthedic-
tionarydesignedfrom thefirst pageto encodeall thepages.
StrategyCusestheproposeddictionaryupdatingtechniques
from pageto page,taking in new symbolsin the current
pageanddiscardinguselesssymbolsfrom previouspages.
For bothdictionaries,weseethebiggestimprovementfrom
strategy C overstrategy A is obtainedwith our 11-pageset,
amountingto 8%for theMC dictionaryand10%for theSE
dictionary, respectively. This is becausethis setis scanned
in underthe sameconditionsandfrom consecutive pages,
thereforethepagecorrelationis thestrongest.For theother
two testsets,thescanningconditionsareunknown. Another
interestingphenomenonis, whenusing the SE dictionary,
strategy B alsoachieves4-5%of improvementoverstrategy
A. In [6] we showedthatSEdictionariesareusuallytwice
asbig asCLASSdictionaries.While this is a disadvantage
whencodingasingle-pagedocument(becauseindex coding
is toocostly),it is advantageousto useabiggerstaticdictio-
narythroughoutall thepages(becauseall thesymbolsfrom
later pageshave a broaderrangeof choices).On the con-
trary, we hardlyseeany improvementfrom strategy B over
strategy A usingMC dictionariesbecausethey aretoosmall
andtoo specificfor thefirst page.Notethat thecomplexity
of option SE+B is very low becausethe dictionary is de-
signedonly once. In Figure3 we show the dictionarysize
growth from pageto page. For our 11-pagetestset, from
thefourthpageon,thedictionaryno longergrows,meaning
that the encoderhasgatheredmostusefulbitmapinforma-
tion containedin this documentset.Theothertwo testsets
do not containenoughpagesto show this trend.

Table 1. Codingmulti-pagedocumentsusingthe 3 strate-
giescombinedwith the2 dictionaries.Strategy A rows are
compressedfile sizein bytes;theotherrowsare% improve-
mentoverstrategy A.

UW 4-pg UW 5-pg Our 11-pg

SE+A 126056 72237 222430
SE+B 5.3% 3.7% 5.4%
SE+C 3.9% 4.2% 10.3%

MC+A 121842 70420 214506
MC+B 1.8% 0.3% 0.4%
MC+C 2.4% 3.2% 8.2%

4. CONCLUSION

In this paperwe first introduceda new dictionary design
techniquecalled the modified-classdesign. Thenwe pro-
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Fig. 2. File size,encodingtimeandpeakmemoryusagecurves:imagef04.
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Fig. 3. Dictionarysizegrowth from pageto page.

posedseparatedictionaryupdatingproceduresfor the sin-
gletonexclusionandthe modified-classdictionary. Using
suchprocedureswedeveloppeda fastandmemoryefficient
JBIG2 encodingstrategy which splits up the input image
into horizontalstripesandencodesonestripeat a time. Ex-
perimentsshow that, for both dictionaries,by using two
stripes,the encodercan encode30% fasterand use40%
lessmemorywhile suffering a small 1.5%penaltyin cod-
ing efficiency. Furthersavings in time andmemoryusage
canbe obtainedwhenmorestripesareused. We alsoap-
plied the sameupdatingproceduresdirectly to multi-page
documentcompression.Comparedto codingtheimagesas
single-pagedocuments,thiscanimprovecompressionbyup
to 8-10%.
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