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Abstract

Thecomputationtime of DocumentImageDecodingcanbesignificantlyreducedby em-
ploying heuristicsin thesearchfor the bestdecodingof a text line. By usinga cheapupper
boundontemplatematchscores,upto 99.9%of thepotentialtemplatematchescanbeavoided.
In theIteratedCompletePathmethod,templatematchesareperformedonly alongthebestpath
foundby dynamicprogrammingon eachiteration. Whenthebestpathstabilizes,thedecod-
ing is optimalandno moretemplatematchesneedbeperformed.Computationcanbefurther
reducedin this schemeby exploiting theincrementalnatureof theViterbi iterations.Because
only a few trellis edgeweightshave changedsincethelast iteration,mostof thebackpointers
do not needto be updated.We describehow to quickly identify thesebackpointers,without
forfeiting optimality of the path. Togethertheseimprovementsprovide a 30x speedupover
previousimplementationsof DocumentImageDecoding.�

Paper4307-28to bepublishedatIS&T/SPIE 2001 Intl. Symposium on Electronic Imaging: Science & Technology,
DocumentRecognitionandRetrieval VIII, Conf. 4307,SanJose,CA, Jan.24-25,2001.
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1 INTRODUCTION

In theDocument Image Decoding (DID) approachof KopecandChou[1], a modelof thegener-
ation processis combinedwith a noisemodelto allow determinationof a maximum a posteriori
(MAP) message(decoding)given an observed image. The modelof the generationprocessin-
cludestemplatesfor the possibleprintedcharacters,a languagemodelspecifyinga prior on the
templatesor sequencesof templates,a setwidthparameterfor eachtemplatedescribingits width,
andagrammarthatdescribesthesyntaxof sequencesof printedcharacters.Thesimplestgrammar
is a finite statemachinefor a line of text, specifiedby a startnode,an endnode,anda printing
nodethatloopsbackto itself aseachcharacteris printed.

Earlywork in DID by KopecandChou[1] andby KamandKopec[2] usedbilevel templates,each
level correspondingto the foregroundandbackgroundof an ideal printedbinary image,which
were then corruptedby position-independentasymmetricbitflip noiseto producethe observed
image.This bilevel channelwascharacterizedby two parameters:��� , theprobabilitythata back-
groundpixel is printedasbackgroundand ��� , theprobabilitythata foregroundpixel is printedas
foreground. Equivalently, all observedpixelsweremodeledby oneof two probabilitiesof being
ON: ahighprobabilityfor foregroundpixelsanda low probabilityfor backgroundpixels.The log
normalized likelihood of observingan image

�
whena template� is printed,derived in Kopec

andChou[1], is givenby

	�
 �
� ����� ������� � ����������� (1)

where ��� � denotesthenumberof 1’s in � , � is thebitwiseand operatorand

� � !#"%$ �&�'�(�
*),+ ����� 
-).+ ���/� (2)

� � !#"%$ ),+ �(���� (3)

It shouldbe notedthat (1) correspondsto Eq. (25) of KopecandChou [1], andnot to the log
likelihood,whichonewouldgetby takingthelog of Eq. (19) in thatpaper.
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Becausepixels in the observed imagenearan on-off transitionare not well describedby such
bilevel templates,themodelwasgeneralizedto multilevel templatesin Kopec[6], wherethepix-
els in eachtemplateare assignedto one of several (disjoint) sub-templates,eachsub-template
beingmodeledby abinaryasymmetricbit-flip channel(or, equivalently, by agivenprobabiltythat
its pixels areON in the observed image.) For an N-level template,N-1 levels contribute to the
likelihoodwith termssimilar to (1), andlevel 0 remainsthe background level, treatedasdon’t-
care pixels in the likelihoodcalculation.Thus,with �103254 asthesub-templatefor the 687:9 level, (1)
generalizesto

	�
 �;� ���<� =?> �@ 25A �
	B
 �
� � 03234 ��� =C> �@ 23A �

D � 2 ��� 03234 � � �E�F� 2 ��� 0G254 �IH (4)

where� 2 and � 2 aregivenby (2) and(3) for eachlevel; thatis, with ��� replacedby � 2 .
A foregroundlevel 6 is write-black if � 2KJ )L+ ��� andwrite-white if � 2NM )O+ ��� . For write-black,� 2.JQP and � 2.MRP , and

	B
 �S� �103234T� increasesasthe numberof black pixels that fall under �103234
increases.For write-white, � 2 and � 2 eachchangesign,and

	B
 �;� � 03254 � is maximalwhenno black
pixelsfall under �U0G254 .
BecauseDID implicitly constructsa trellis andfindsthebestpaththroughit for thegivenimage,
it doesnotmakesegmentationerrorsdueto brokenor connectedcharacters,asconventionalOCR
systemsdo,aslong astheimagingmodelis accurate.However, thecostis significant:thesystem
mustconsiderthepossibility thatany charactercanoccurat any (feasible)locationin the image.
For a line decoder, in which a Viterbi procedurecanbeusedandthecomputationis linear in the
numberof pixels,virtually all thecomputationis in theevaluationof thebitwiseand operationin
equation(4). With 2005-level templates,andan8 million pixel image(8.5x 11inchesat300ppi),
therequirednumberof bitwiseand operationsbetweena sub-templateanda region of thebinary
imageis about6 billion!

KamandKopec[2, 3] reducedthiscomputationby anorderof magnitudefor text blocks,by doing
the full line decodingonly in thevicinity (i.e., within approximatelyVXW verticalpixels)of a text
line. They defineda separablemodelasonewherethe 2D pagedecodingcanbe effectedasa
sequenceof 1D (e.g., line) decoders.They thenfound the approximatevertical locationsof the
text lines by a procedurethey namedIterative Complete Path (ICP). The methodis as follows.
Supposethe imageis Y by Z pixels. For eachof the Z rasterlines, find an easilycomputable
upperboundheuristicscorefor the actualscorefrom decodinga horizontalline of text at that
location. Thesescoresconstitutea onedimensionalarrayof size Z . Then, with the constraint
thattwo adjacenttext linesmustbevertically separatedby someminimumdistance,usedynamic
programmingto getanestimateof thetext line locations.For eachof theselocations,rescore the
text line (anda few adjacentlines)by doinga full horizontalline decoding.Usingtheserescored
valuesin theverticalarray, recomputethelocationof thelines. Iterateuntil all selectedlineshave
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beenpreviously rescored,or equivalently, until the scorefor the pagedoesnot changebetween
successive iterations.Becausetheheuristicis anupperbound,this is guaranteedto give thesame
resultasif eachrasterline hadbeenfully scored.If theboundis reasonablytight, only text lines
neartheactuallocationswill havebeenfully decoded.

In the sequelwe describethe useof ICP on each text line to greatlyreducethe computationof
MAP decoding.As a pre-processingstepfor thedecodingof text lines,it is necessaryto identify
eachtext line andits baselinewithin ablockof text. Oneof thesimplestandmostefficientmethods
(e.g.,seeBloomberg et al. [4]) is to deskew thepageto within aboutonemilli-radianandthenuse
projectionprofiles,asin Chenet al., [5] to identify thehorizontalbaselinesfor eachline of text.
Baselinesdeterminedin this way aretypically within onepixel of thecorrectvertical locationat
all pointsalongthetext line.

In Sec.2 we describean upperboundheuristicfor the templatescoreat eachlocation, that can
be used,with ICP, to reducethe numberof exact templatescoresthat mustbe computedwhen
decodinga text line. For typical text images,this reducesthenumberof exact templatescoresby
aboutthree orders of magnitude. Theburdenof computationis thenshiftedfrom exact template
matchingto the calculationof the heuristicandthe Viterbi iterations. It hasbeenobserved that
whenICP is usedon text lines, the influenceof changesin the currentbestpath from iteration
to iteration tendsto be spatially localized. In Sec.3, we exploit the locality of changeby an
incremental Viterbi procedure.

2 ICP WITH LINE DECODER

KopecandChou[1] showedthatwith a simpleMarkov source,correspondingto a unigramlan-
guagemodelwherethepriorson thetemplatesareindependentof history, aMAP pathfor theline
decoderis found by solving the recursive equationfor the MAP function [ at successive pixel
locations \ asa function of the likelihoodsat previous pixel positions. With the prior transition
probability ] 7 for a transition ^ that includesa matchingscorefor a bilevel template� 7 accompa-
niedby a translation_ 7 ,

[ 
 \`�a� bdcfe7hg ikjlAnm�o [

 \ + _ 7 ���p!q"%$r] 7 � 	B
 �;� � 7ts \ + _ 7lu ��v (5)

wherethemaximumis takenoverall transitionsoriginatingfrom thetemplateorigin at \ + _ 7 and
whoseright side w 7 is locatedat \ .
Theonly changeintroducedby multilevel templatesis in thecomputationof the templatematch
scores

	�
 �;� � 7ts \ u � , asin (4). It is seenthatmultilevel templatematchingtypically requiresaboutx +y)
timesasmuchcomputationasbilevel templatematching.
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2.1 Heuristic for Bilevel Templates

To guaranteethata MAP pathwill befound,a strict upper-boundfor thematchingscoremustbe
used.For bilevel templates,anupperboundfor thetwo-dimensionalbitwiseand betweentemplate� 7 andimage

�
is a one-dimensionalcolumn-wisesum,whereeachtermis the minimum number

of ON pixels in the template column and the corresponding column in that part of the image that is
covered by the template. This canbeseenasa distribution of ON pixelsin eachimagecolumnin
sucha way asto cover themaximumnumberof ON pixelsin thetemplatecolumn.This heuristic
is muchfasterto calculatethantheactualscorefor two reasons.First, thenumberof termsin the
sumis reducedby a factorequalto theheightof thetemplate(typically about40 pixels).Second,
the actualtwo-dimensionalsummustbe calculatedfor several vertical positionsof the template
above andbelow thebaseline,becausethebestpositionof thebaselineis not exactly known. We
typically find it at thefive verticalpositionswithin 2 pixelsof thenominalbaseline,andtake the
largestlikelihoodscore.However, theheuristicgivesanupperboundfor any verticalalignment.
With thesefactors,theheuristicfor bilevel templatesis foundto benearlytwo ordersof magnitude
fasterto compute.

2.2 Heuristic for Multilevel Templates

Theupper-boundheuristicfor a multilevel templateis againfoundasa one-dimensionalcolumn-
wisesum,whereheretheON pixels in eachimagecolumnaredistributedover ON pixels in the
correspondingcolumn in eachsub-templatein sucha way as to maximizethe score. For the
multilevel template,eachof the

x +z)
levels hasa � 2 weightingparameterthat is multiplied by

the numberof ON pixels alignedbetweentemplateand image. The scorewill be maximized
whentheimagepixelsaredistributedonsub-templatesstartingwith thelevel 6 with largest� 2 , and
proceedingto levelswith smaller � 2 . If thereis no write-white level, theON pixels in the image
columnareusedin this way until eitherthey or theON sub-templatepixelsareexhausted.(This
is a generaliztionof theminimumcountfor bilevel templates).Thewrite-white level has � 2�MzP ,
soits scoreis maximizedwhenall ON pixelsin thesub-templatearecoveredby OFFpixelsin the
image.If therearenot enoughOFFpixelsin the imageto cover theON pixelsin thewrite-white
sub-template,we areforcedto putON pixelson thesub-template,whichdecreasesthescore.

Thescoresfor decodinga text line canberepresentedby a Y x { array, where Y is thewidth of
theline in pixelsand { is thenumberof templates.For efficiency, theheuristicscorefor acolumn
in a multilevel templateshouldbepre-evaluatedasa functionof thenumberof ON pixels in the
imagecolumn.Thenthescorefor thetemplatecolumncanbefoundfrom thenumberof ON pixels
in theimagecolumnby tablelook-up. Asidefrom thegenerationof thesetables,thecomputation
of theheuristicscorearrayis comparablefor bilevel andmultilevel templates.However, becausea
multilevel templateis representedasasetof

x +�)
bilevel templates,theefficientcomputationof the

theactualscorefor a multilevel templateis approximately
x +�)

timesthatfor a bilevel template.
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Thus,with multilevel templates,ICP gainsanadditionalfactorof about
x +|)

in efficiency over
thenon-iterativemethodfor computationof thescorearray.

2.3 ICP Algorithm

Givenanupperboundheuristic,theICP algorithmfor line decodingis:

initialize scorearraywith upper-boundheuristics}�~ P , score(P ) ~ P
do }�~ } � )

find bestpathusingViterbi oncurrentscorearray
score(

}
)
~

scoreof thatbestpath
rescorearrayalongbestpath

until: score(
}
) = score(

} +�)
)

Algorithm for ICP with upper bound heuristic

In the rescoringoperation,the actualtemplatematchscoreis foundat typically five verticalpo-
sitionsaroundthe nominalbaseline,andthe largestscoreis insertedin the scorearray. Also, to
reducethenumberof iterations,thetemplateis alsomatchedin thevicinity of thenode,typically
up to two pixelson eachside,andtherescoredvaluesareinsertedin thescorearray. Otherwise,
a new pathis likely to befoundwith thesametemplatein a neighboring\ location,becauseit is
usingthe(usuallylarger)heuristicvaluein evaluatingpathsgoingthroughtheneighboringnodes.
It is alsoimportantto markwhich nodesin thearrayhave beenrescored,sothatthesamenodeis
not rescoredmorethanonce.

3 INCREMENTAL VITERBI

With ICP, thecomputationalburdenshiftsfrom thescorearraytowardtheViterbi iterationsfor the
bestpaththroughthe trellis. The Viterbi iterationis fairly expensive becausewith { templates
it requirescomparisonof { scoresat eachpixel location \ in the forward direction. As itera-
tions proceed,the paththroughsomelocations,suchasthespacebetweenwords,often remains
invariant.Theregionswherepathchangesoccur, necessitatingrescoringof nodes,narrow ascon-
vergenceis approached.For someimages,it is observedthatoneor a very few locationsrequire
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many iterationsbeforethebestpathis found.To exploit this localizationphenomenonwhenupdat-
ing thecurrentbestpath,theViterbi algorithmmustbeableto identify conditionsunderwhich it is
guaranteedthata portionof thebestpathwill not bedifferentfrom thepreviousiteration,without
actuallyperformingthesearchfor thatportionof thepath.

Eachtemplatehasasetwidth,_ 7 , thatappearsin therecursionrelation(5), andthatexpresseshow
far back it “looks” on the forward Viterbi pass. Supposethat we save the partial scores[ and
thefinal transitionat eachlocation \ from the mostrecentViterbi forward pass,andthata node
wasrescoredat location \�� asa resultof that pass. Denotethe maximumsetwidthover all the
templatesby _1��� m . In the forward Viterbi, theconditionthat this rescoringwill have no further
effect downstreamis thatover an interval of _U��� m pixel locations,thedifferencein partialscores
betweenthepreviousandcurrentiterations,_�� 
 \`� , is a constant.If suchan interval is found, it
canbesafelyassumedthat thescoredifferencewill remainconstantuntil anotherrescorednode
is reached.This is becauseat the right endof the interval, back-pointersfor all templatesreach
backinto the interval, sowe know that forwardViterbi will give thesamesetof transitionsfrom
thatpoint onwards.Consequently, at this point in theforwardViterbi, we enterskip-mode, where
the forward Viterbi is implementedusingthe previous iterationby simply propagatingthe score
difference_�� andsaving theprevioustransition.Wemustleaveskip-mode andre-enterfull Viterbi
whenevera rescorednodeis encountered.For all iterationsbut thefirst, we begin theline in skip-
mode, leaving only when the first rescorednodeis reached.The control logic for incremental
Viterbi is thus:
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setskip-modeON
for each\ from P to Y
o if skip-modeis ON,

if wehit a rescorednode,
setskip-modeOFF
Icount

~ P
otherwiseif skip-modeis OFF

if _�� 
 \`����_�� 
 \ +y) � ,
Icount

~
Icount � )

if Icount J _U��� m
setskip-modeON

else
Icount

~ P (reset)v

Algorithm for Incremental Viterbi

At first sight it might beexpectedthatno skip-mode regionswill beenteredaftera rescorednode
is reached.For it is likely thattherescorednodewill remainonthepartialbestpath,andthatsome
downstreamnodeswill pointbackto it. In turn,thosedownstreamnodesarelikely to bereferenced
by nodesfurtherdownstream.With somenodesbeingon thepaththroughtherescorednodeand
othersnot, thescoredifferences_U� 
 \`� will vary from nodeto nodeas \ is incremented.What is
to stopthis?Theansweris thatthefull trellis typically hascutsetswhereall arcsconverge.These
usuallyoccurin white spacebetweenwordsor characters,asmentionedabove,andact to strictly
limit thepropagationof changes.

In theearlyiterations,few regionsin theline arein skip-mode, but asconvergenceis approached,
mostof theline goesinto skip-mode. Useof incrementalViterbi typically reducesthetotalViterbi
computationby a factorof between2 and3.

4 DISCUSSION

In standardDID, without ICP, a matrix of exact matchingscoresis computedfor all templates
at all positions.For eachpixel positionacrossthe text line, matchingscoresareperformedwith
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Exact scores Bilevel matches Time (sec)
Matching 644,840 9,672,600 23.85
Viterbi 0.04
Total 23.89

Table 1: Computation for decoding a textline of width 1960 pixels with 329 4-
level templates, using the actual scores and one pass of Viterbi.

32-bit alignedoperationsbetweeneachof the (32-bit aligned)templatesanda buffer into which
a fragmentof the imagestartingat thatpixel positionhasbeenplaced.After eachpair of 32-bit
words is ANDed, table lookup is usedto determinethe numberof ON pixels. The resultsare
weightedfor eachsub-templateby theappropriate� factorfor thatlevel.

In Table1, weshow thecompuationrequiredfor decodinga typical line of text usingDID without
ICP. The text line has85 characters,including white space,and a width of 1960 pixels. The
modelhas3294-level templates,requiring3 bilevel matchesfor eachtemplatematch.Thenode
scoresarefoundfor thebestverticalalignmentamong5 verticalpositionsof thetemplatenearthe
baseline,andhencerequire15 bilevel matchesfor eachnodescore. All timesareon a program
built with theGNU C compiler, runningona800MHz PentiumIII. Notein particularthedisparity
betweentheamountof time requiredto computethematchingscoresandthetime to find thebest
path.

Table2 shows the compuationrequiredfor decodingthe sameline of text usingICP, both with
andwithout incrementalViterbi. TheheuristicICParrayis foundin about W�� of thetimerequired
to generatethe arrayof exact matchingscores.This savings is slightly offset by the larger time
requiredto run multiple iterationsof Viterbi, andtheresultis a muchbetterbalancebetweentime
spenton templatematchingandon dynamicprogramming.Thenumberof iterationsandrescored
nodesdoesnot dependon whetherincrementalViterbi is used. Approximately60 nodescanbe
rescoredin 1 msec.(Rememberthateachrescorednoderequires5 separatematchesat different
verticalpositionsaroundthebaseline.)

Thenumberof rescorednodesincludestwonodeswith thesametemplatethatarespatiallyadjacent
to theidentifiedpathnodes.Rescoringtheseadjacentnodesrequireslittle extra computation,and
actsto significantlyreducethenumberof Viterbi iterations.Thisis shown in moredetailin Table3,
which givestheeffect of thenumberof adjacentrescorednodeson thecomputation.Theuseof
two adjacentnodesgivesabouta 30%reductionin Viterbi time, duemainly to a reductionin the
numberof requirediterations. With more than two adjacentnodes,the numberof iterationsis
slightly reduced,atacostof someextrarescorednodes,andtheoveralleffectoncomputationtime
is negligible.
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Elements Iterations Fraction in slow mode Time (sec)
Heuristic Array 644,840 0.54
Rescored Nodes 1144 0.02
Full Viterbi 10 1.00 0.40
Incremental Viterbi 10 0.57 0.28
Total ICP, with full Viterbi 0.96
Total ICP, with incremental Viterbi 0.84

Table 2: Computation for decoding a textline of width 1960 pixels with 329 4-
level templates, using ICP with both full and incremental Viterbi. Two
adjacent nodes are always rescored for every best path found by Viterbi.
Without adjacent node rescoring, full Viterbi takes about 0.64 sec.

Adjacentnodesevaluated
0 2 4 6

Rescored nodes 644 1144 1646 2146
Viterbi iterations 17 10 9 8
Fraction in skip mode 0.15 0.19 0.19 0.20
Fraction in slow mode 0.55 0.57 0.54 0.57
Fraction in fast mode 0.30 0.24 0.29 0.23
Rescore node time (sec) 0.01 0.02 0.03 0.04
Viterbi time (sec) 0.42 0.28 0.27 0.26
Rescore + Viterbi time 0.43 0.30 0.30 0.30

Table 3: Dependence of Viterbi computation on the number of adjacent nodes
that are rescored at each Viterbi iteration.
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5 CONCLUDING REMARKS

We cansummarizetheapproximatespeedupfactorsover standardDID without ICP for a 4-level
templatemodelasfollows:

� ICP with full Viterbi: 20x

� ICP with incrementalViterbi: 24x

� ICP with incrementalViterbi andadjacentnoderescoring:28x

For 4-level templates,thespeedup in computationof theheuristicarray, comparedto thearrayof
exact scores,is typically about50x. Of this, about5x is dueto the evaluationof exact matches
at 5 differentverticalpositions,andthe remaining10x is the relative speedof the 1D versus2D
convolution. Partof thegainof the1D is the3x factorwherebythe2D exactmatchesmustbemade
overeachof thethreesub-templates,whereasthe1Dcolumnscoresarefoundby tablelookup.This
indicatesthat for a 2-level template,theintrinsic speedratio of 1D versus2D convolution is only
about3x. The1D convolution is performedasintegeroperationsoncolumnsums,whereasthe2D
convolution is doneasword-parallelbit operationsfollowedby tablelookup.

Using ICP with incrementalViterbi andadjacentnoderescoring,abouttwo-thirdsof thecompu-
tation is in the heuristicscoring,andaboutone-thirdin the dynamicprogramming.For further
improvements,a reductionof theheuristicscoringcomputationis possiblewith subsampling,and
adiscussionof this approachis forthcoming.

At present,the time to decodea 2000pixel wide columnof text using400 4-level templatesis
about1 second.This is perhaps5x slower thancommercialOCRpackages,which decodesucha
text line in about200 msec.However, noting that the decodingtime with DID is approximately
proportionalto thenumberof templatesthatareused,theDID ICPline decodingtimewith 4-level
templatescanbeestimatedat 2.5msec/template.Consequently, it shouldtake about250msecto
decodea line usingICP with 1004-level templates.
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