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Abstract

Thecomputationtime of DocumentImageDecodingcanbesignificantlyreducedby employ-

ing heuristicsin the searchfor the bestdecodingof a text line. By using a cheapupperbound

on templatematchscores,up to 99.9%of the potentialtemplatematchescanbe avoided. In the

IteratedCompletePathmethod,templatematchesareperformedonly alongthebestpathfoundby

dynamicprogrammingon eachiteration. Whenthe bestpathstabilizes,the decodingis optimal

andno more templatematchesneedbe performed. Computationcan be further reducedin this

schemeby exploiting the incrementalnatureof the Viterbi iterations. Becauseonly a few trellis

edgeweightshave changedsincethe last iteration, most of the backpointersdo not needto be

updated.We describehow to quickly identify thesebackpointers,without forfeiting optimality of

the path. Togethertheseimprovementsprovide a 30x speedupover previous implementationsof

DocumentImageDecoding.

Keywords: documentimagedecoding,dynamicprogramming,Viterbi, heuristicsearch,opticalchar-

acterrecognition,iteratedcompletepath,MAP, templatematching
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1 INTRODUCTION

In theDocument Image Decoding (DID) approachof KopecandChou[1], a modelof thegeneration
processis combinedwith a noisemodel to allow determinationof a maximum a posteriori (MAP)

message(decoding)givenanobservedimage.Themodelof thegenerationprocessincludestemplates
for thepossibleprintedcharacters,a languagemodelspecifyinga prior on thetemplatesor sequences

of templates,asetwidthparameterfor eachtemplatedescribingits width, andagrammarthatdescribes
thesyntaxof sequencesof printedcharacters.Thesimplestgrammaris afinite statemachinefor a line

of text, specifiedby a startnode,an endnode,anda printing nodethat loopsbackto itself aseach
characteris printed.

Early work in DID by KopecandChou[1] andby Kam andKopec[2] usedbilevel templates,each

level correspondingto the foregroundandbackgroundof an ideal printedbinary image,which were
thencorruptedby position-independentasymmetricbitflip noiseto producetheobservedimage.This
bilevel channelwascharacterizedby two parameters:��� , the probability that a backgroundpixel is

printedasbackgroundand ��� , theprobability thata foregroundpixel is printedasforeground.Equiv-
alently, all observedpixelsweremodeledby oneof two probabilitiesof beingON: a high probability

for foregroundpixelsanda low probability for backgroundpixels. The log normalized likelihood of
observinganimage

�
whena template� is printed,derivedin KopecandChou[1], is givenby

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

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

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

� � �! #" %(' ����)� (3)

It shouldbenotedthat(1) correspondsto Eq. (25)of KopecandChou[1], andnot to thelog likelihood,
whichonewouldgetby takingthelog of Eq. (19) in thatpaper.

Becausepixels in theobserved imagenearanon-off transitionarenot well describedby suchbilevel

templates,the modelwasgeneralizedto multilevel templatesin Kopec[6], wherethe pixels in each
templateareassignedto oneof several(disjoint)sub-templates,eachsub-templatebeingmodeledby a
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binaryasymmetricbit-flip channel(or, equivalently, by a givenprobabiltythatits pixelsareON in the
observedimage.)For anN-level template,N-1 levelscontributeto thelikelihoodwith termssimilar to

(1), andlevel 0 remainsthebackground level, treatedasdon’t-care pixelsin thelikelihoodcalculation.
Thus,with �.-0/21 asthesub-templatefor the 35476 level, (1) generalizesto

�	� �8
 ��9� :<; �=
/2> �

�?� ��
 � -0/01 ��� :@; �=
/0> �BA � / ��� -0/01 � � �C�D� / ��� -E/21 �GF (4)

where� / and � / aregivenby (2) and(3) for eachlevel; thatis, with �,� replacedby � / .
A foregroundlevel 3 is write-black if � /IH %J' �)� andwrite-white if � /LK %J' �)� . For write-black, � /IH�M
and � /�KNM , and

�?� �O
 �P-0/01Q� increasesasthenumberof blackpixelsthatfall under �P-0/01 increases.For
write-white, � / and � / eachchangesign,and

�?� �R
 �P-0/01Q� is maximalwhenno blackpixels fall under�P-E/21 .
BecauseDID implicitly constructsatrellis andfindsthebestpaththroughit for thegivenimage,it does
notmakesegmentationerrorsdueto brokenor connectedcharacters,asconventionalOCRsystemsdo,

aslongastheimagingmodelis accurate.However, thecostis significant:thesystemmustconsiderthe
possibility thatany charactercanoccurat any (feasible)locationin the image. For a line decoder, in

which a Viterbi procedurecanbeusedandthecomputationis linear in thenumberof pixels,virtually
all thecomputationis in theevaluationof thebitwiseand operationin equation(4). With 2005-level
templates,andan 8 million pixel image(8.5 x 11 inchesat 300 ppi), the requirednumberof bitwise

and operationsbetweenasub-templateanda regionof thebinaryimageis about6 billion!

Kam andKopec[2, 3] reducedthis computationby an orderof magnitudefor text blocks,by doing
thefull line decodingonly in thevicinity (i.e., within approximatelySUT verticalpixels)of a text line.

They defineda separablemodelasonewherethe 2D pagedecodingcanbe effectedasa sequence
of 1D (e.g.,line) decoders.They thenfound the approximatevertical locationsof the text lines by a

procedurethey namedIterative Complete Path (ICP).Themethodis asfollows. SupposetheimageisV by W pixels.For eachof the W rasterlines,find aneasilycomputableupperboundheuristicscorefor

theactualscorefrom decodinga horizontalline of text at that location. Thesescoresconstitutea one
dimensionalarrayof size W . Then,with the constraintthat two adjacenttext lines mustbe vertically
separatedby someminimum distance,usedynamicprogrammingto get an estimateof the text line

locations.For eachof theselocations,rescore the text line (anda few adjacentlines) by doinga full
horizontalline decoding.Using theserescoredvaluesin theverticalarray, recomputethe locationof

the lines. Iterateuntil all selectedlineshave beenpreviously rescored,or equivalently, until thescore
for thepagedoesnot changebetweensuccessive iterations.Becausetheheuristicis anupperbound,
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this is guaranteedto give thesameresultasif eachrasterline hadbeenfully scored.If the boundis
reasonablytight, only text linesneartheactuallocationswill havebeenfully decoded.

In thesequelwe describetheuseof ICP on each text line to greatlyreducethecomputationof MAP

decoding.As a pre-processingstepfor thedecodingof text lines, it is necessaryto identify eachtext
line andits baselinewithin a block of text. Oneof thesimplestandmostefficient methods(e.g.,see

Bloomberg et al. [4]) is to deskew the pageto within aboutonemilli-radian andthenuseprojection
profiles, as in Chenet al., [5] to identify the horizontalbaselinesfor eachline of text. Baselines

determinedin this way aretypically within onepixel of thecorrectverticallocationat all pointsalong
thetext line.

In Sec.2 wedescribeanupperboundheuristicfor thetemplatescoreateachlocation,thatcanbeused,
with ICP, to reducethenumberof exact templatescoresthatmustbecomputedwhendecodinga text

line. For typical text images,this reducesthenumberof exacttemplatescoresby aboutthree orders of

magnitude. Theburdenof computationis thenshiftedfrom exacttemplatematchingto thecalculation

of theheuristicandtheViterbi iterations.It hasbeenobservedthatwhenICP is usedon text lines,the
influenceof changesin thecurrentbestpathfrom iterationto iterationtendsto bespatiallylocalized.

In Sec.3, weexploit thelocality of changeby anincremental Viterbi procedure.

2 ICP WITH LINE DECODER

KopecandChou[1] showedthatwith a simpleMarkov source,correspondingto a unigramlanguage

modelwherethepriorson the templatesareindependentof history, a MAP pathfor the line decoder
is foundby solving the recursive equationfor theMAP function X at successive pixel locationsY as

a functionof the likelihoodsat previouspixel positions.With theprior transitionprobability Z 4 for a
transition[ thatincludesamatchingscorefor abilevel template� 4 accompaniedby a translation\ 4 ,

X � Y]�^� _a`cb4ed fhgi>kj)l X
� Y ' \ 4 ���R�m #"nZ 4 � �?� �8
 � 4po Y ' \ 4iq ��r (5)

wherethe maximumis taken over all transitionsoriginatingfrom the templateorigin at Y ' \ 4 and

whoseright side s 4 is locatedat Y .

Theonly changeintroducedby multilevel templatesis in thecomputationof thetemplatematchscores�?� �8
 � 4&o Y q � , asin (4). It is seenthatmultilevel templatematchingtypically requiresaboutt 'u% times

asmuchcomputationasbilevel templatematching.
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2.1 Heuristic for Bilevel Templates

To guaranteethataMAP pathwill befound,astrictupper-boundfor thematchingscoremustbeused.

For bilevel templates,anupperboundfor the two-dimensionalbitwiseand betweentemplate� 4 and
image

�
is aone-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. Thiscanbeseenasadistributionof ONpixelsin eachimagecolumnin suchawayasto cover
themaximumnumberof ON pixels in thetemplatecolumn. This heuristicis muchfasterto calculate

thantheactualscorefor two reasons.First, thenumberof termsin thesumis reducedby a factorequal
to theheightof thetemplate(typically about40pixels).Second,theactualtwo-dimensionalsummust

becalculatedfor several verticalpositionsof the templateabove andbelow thebaseline,becausethe
bestpositionof the baselineis not exactly known. We typically find it at the five vertical positions

within 2 pixelsof the nominalbaseline,andtake the largestlikelihoodscore.However, theheuristic
givesanupperboundfor any verticalalignment.With thesefactors,theheuristicfor bilevel templates
is foundto benearlytwo ordersof magnitudefasterto compute.

2.2 Heuristic for Multilevel Templates

Theupper-boundheuristicfor a multilevel templateis againfoundasa one-dimensionalcolumn-wise
sum,whereheretheON pixelsin eachimagecolumnaredistributedoverON pixelsin thecorrespond-

ing columnin eachsub-templatein sucha way asto maximizethescore.For themultilevel template,
eachof the t 'B%

levelshasa � / weightingparameterthat is multiplied by thenumberof ON pixels

alignedbetweentemplateand image. The scorewill be maximizedwhen the imagepixels aredis-
tributedonsub-templatesstartingwith thelevel 3 with largest� / , andproceedingto levelswith smaller� / . If thereis no write-whitelevel, theON pixelsin theimagecolumnareusedin this way until either
they or theON sub-templatepixelsareexhausted.(This is a generaliztionof theminimumcountfor
bilevel templates).Thewrite-white level has � /,KvM , so its scoreis maximizedwhenall ON pixels in

the sub-templatearecoveredby OFF pixels in the image. If therearenot enoughOFF pixels in the
imageto cover theON pixels in the write-white sub-template,we areforcedto put ON pixelson the

sub-template,which decreasesthescore.

Thescoresfor decodinga text line canberepresentedby a V x w array, where V is thewidth of the
line in pixels and w is the numberof templates.For efficiency, the heuristicscorefor a columnin

a multilevel templateshouldbepre-evaluatedasa function of the numberof ON pixels in the image
column. Thenthe scorefor the templatecolumncanbe found from the numberof ON pixels in the

imagecolumnby table look-up. Aside from the generationof thesetables,the computationof the
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heuristicscorearrayis comparablefor bilevel andmultilevel templates.However, becauseamultilevel
templateis representedasa setof t 'N% bilevel templates,theefficient computationof thetheactual

scorefor a multilevel templateis approximatelyt 'x%
timesthat for a bilevel template.Thus,with

multilevel templates,ICP gainsanadditionalfactorof about t 'y% in efficiency over thenon-iterative

methodfor computationof thescorearray.

2.3 ICP Algorithm

Givenanupperboundheuristic,theICP algorithmfor line decodingis:

initialize scorearraywith upper-boundheuristicsz|{ M , score(M ) { M
do z|{ z � %

find bestpathusingViterbi oncurrentscorearray

score(
z
)
{

scoreof thatbestpath
rescorearrayalongbestpath

until: score(
z
) = score(

z '�%
)

Algorithm for ICP with upper bound heuristic

In therescoringoperation,theactualtemplatematchscoreis foundat typically five verticalpositions

aroundthe nominalbaseline,andthe largestscoreis insertedin the scorearray. Also, to reducethe
numberof iterations,thetemplateis alsomatchedin thevicinity of thenode,typically up to two pixels

on eachside,andthe rescoredvaluesareinsertedin the scorearray. Otherwise,a new pathis likely
to befoundwith thesametemplatein a neighboringY location,becauseit is usingthe(usuallylarger)
heuristicvaluein evaluatingpathsgoing throughtheneighboringnodes.It is alsoimportantto mark

whichnodesin thearrayhavebeenrescored,sothatthesamenodeis not rescoredmorethanonce.

6



3 INCREMENTAL VITERBI

With ICP, thecomputationalburdenshiftsfrom thescorearraytowardtheViterbi iterationsfor thebest
paththroughthetrellis. TheViterbi iterationis fairly expensive becausewith w templatesit requires

comparisonof w scoresat eachpixel location Y in the forward direction. As iterationsproceed,the
paththroughsomelocations,suchasthe spacebetweenwords,often remainsinvariant. The regions

wherepathchangesoccur, necessitatingrescoringof nodes,narrow asconvergenceis approached.For
someimages,it is observed that oneor a very few locationsrequiremany iterationsbeforethe best

pathis found.To exploit this localizationphenomenonwhenupdatingthecurrentbestpath,theViterbi
algorithmmustbeableto identify conditionsunderwhichit is guaranteedthataportionof thebestpath
will notbedifferentfrom thepreviousiteration,withoutactuallyperformingthesearchfor thatportion

of thepath.

Eachtemplatehasa setwidth,\ 4 , thatappearsin therecursionrelation(5), andthatexpresseshow far
backit “looks” on the forward Viterbi pass.Supposethat we save the partial scoresX andthe final

transitionateachlocation Y from themostrecentViterbi forwardpass,andthatanodewasrescoredat
location Y~} asa resultof thatpass.Denotethemaximumsetwidthover all the templatesby \.�|� j . In

theforwardViterbi, theconditionthatthis rescoringwill havenofurthereffectdownstreamis thatover
an interval of \.�|� j pixel locations,the differencein partial scoresbetweenthe previous andcurrent

iterations, \� � Y]� , is a constant.If suchan interval is found, it canbe safelyassumedthat the score
differencewill remainconstantuntil anotherrescorednodeis reached.This is becauseat theright end

of the interval, back-pointersfor all templatesreachbackinto the interval, so we know that forward
Viterbi will give the samesetof transitionsfrom that point onwards. Consequently, at this point in
theforwardViterbi, we enterskip-mode, wheretheforwardViterbi is implementedusingtheprevious

iterationby simply propagatingthescoredifference\P� andsaving theprevious transition. We must
leave skip-mode andre-enterfull Viterbi whenever a rescorednodeis encountered.For all iterations

but thefirst, we begin theline in skip-mode, leaving only whenthefirst rescorednodeis reached.The
controllogic for incrementalViterbi is thus:
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setskip-modeON
for eachY from M to V
l if skip-modeis ON,

if wehit a rescorednode,
setskip-modeOFF
Icount

{ M
otherwiseif skip-modeis OFF

if \� � Y]����\� � Y '�% � ,
Icount

{
Icount � %

if Icount H \P�|� j
setskip-modeON

else

Icount
{ M (reset)r

Algorithm for Incremental Viterbi

At first sight it might be expectedthat no skip-mode regionswill be enteredafter a rescorednodeis

reached.For it is likely that the rescorednodewill remainon the partial bestpath, and that some
downstreamnodeswill point backto it. In turn, thosedownstreamnodesarelikely to bereferencedby

nodesfurtherdownstream.With somenodesbeingon thepaththroughthe rescorednodeandothers
not, thescoredifferences\� � Y]� will vary from nodeto nodeas Y is incremented.Whatis to stopthis?
Theansweris thatthefull trellis typically hascut setswhereall arcsconverge. Theseusuallyoccurin

white spacebetweenwordsor characters,asmentionedabove,andactto strictly limit thepropagation
of changes.

In the early iterations,few regions in the line are in skip-mode, but as convergenceis approached,

mostof the line goesinto skip-mode. Useof incrementalViterbi typically reducesthe total Viterbi
computationby a factorof between2 and3.
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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.

4 DISCUSSION

In standardDID, without ICP, a matrix of exact matchingscoresis computedfor all templatesat all
positions. For eachpixel position acrossthe text line, matchingscoresare performedwith 32-bit

alignedoperationsbetweeneachof the(32-bitaligned)templatesandabuffer into whichafragmentof
theimagestartingatthatpixelpositionhasbeenplaced.After eachpairof 32-bitwordsis ANDed,table

lookupis usedto determinethenumberof ON pixels. Theresultsareweightedfor eachsub-template
by theappropriate� factorfor thatlevel.

In Table1, we show the compuationrequiredfor decodinga typical line of text usingDID without
ICP. The text line has85 characters,including white space,anda width of 1960pixels. The model

has3294-level templates,requiring3 bilevel matchesfor eachtemplatematch. Thenodescoresare
foundfor thebestverticalalignmentamong5 verticalpositionsof thetemplatenearthebaseline,and

hencerequire15 bilevel matchesfor eachnodescore.All timesareon a programbuilt with theGNU
C compiler, runningona800MHz PentiumIII. Notein particularthedisparitybetweentheamountof

time requiredto computethematchingscoresandthetime to find thebestpath.

Table2 shows the compuationrequiredfor decodingthe sameline of text using ICP, both with and
without incrementalViterbi. The heuristicICP array is found in about T#� of the time requiredto

generatethearrayof exactmatchingscores.This savingsis slightly offsetby the larger time required
to run multiple iterationsof Viterbi, and the result is a muchbetterbalancebetweentime spenton
templatematchingandon dynamicprogramming.Thenumberof iterationsandrescorednodesdoes

notdependonwhetherincrementalViterbi is used.Approximately60nodescanberescoredin 1 msec.
(Rememberthateachrescorednoderequires5 separatematchesat differentverticalpositionsaround

thebaseline.)

The numberof rescorednodesincludestwo nodeswith the sametemplatethatarespatiallyadjacent
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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.

to theidentifiedpathnodes.Rescoringtheseadjacentnodesrequireslittle extra computation,andacts
to significantlyreducethenumberof Viterbi iterations.This is shown in moredetail in Table3, which

givestheeffectof thenumberof adjacentrescorednodeson thecomputation.Theuseof two adjacent
nodesgivesabouta30%reductionin Viterbi time,duemainly to a reductionin thenumberof required

iterations.With morethantwo adjacentnodes,thenumberof iterationsis slightly reduced,ata costof
someextra rescorednodes,andtheoveralleffect oncomputationtime is negligible.

5 CONCLUDING REMARKS

We cansummarizetheapproximatespeedupfactorsoverstandardDID without ICP for a 4-level tem-
platemodelasfollows:

� ICP with full Viterbi: 20x

� ICP with incrementalViterbi: 24x

� ICP with incrementalViterbi andadjacentnoderescoring:28x

For 4-level templates,thespeedupin computationof theheuristicarray, comparedto thearrayof exact

scores,is typically about50x. Of this,about5x is dueto theevaluationof exactmatchesat 5 different
verticalpositions,andthe remaining10x is the relative speedof the 1D versus2D convolution. Part
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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.

of the gain of the 1D is the 3x factorwherebythe 2D exact matchesmustbe madeover eachof the

threesub-templates,whereasthe1D columnscoresarefoundby tablelookup. This indicatesthat for
a 2-level template,the intrinsic speedratio of 1D versus2D convolution is only about3x. The 1D

convolution is performedasintegeroperationsoncolumnsums,whereasthe2D convolution is doneas
word-parallelbit operationsfollowedby tablelookup.

UsingICP with incrementalViterbi andadjacentnoderescoring,abouttwo-thirdsof thecomputation

is in theheuristicscoring,andaboutone-thirdin thedynamicprogramming.For furtherimprovements,
a reductionof theheuristicscoringcomputationis possiblewith subsampling,anda discussionof this

approachis forthcoming.

At present,the time to decodea 2000pixel wide columnof text using4004-level templatesis about
1 second.This is perhaps5x slower thancommercialOCR packages,which decodesucha text line

in about200 msec. However, noting that the decodingtime with DID is approximatelyproportional
to thenumberof templatesthatareused,theDID ICP line decodingtime with 4-level templatescan
beestimatedat 2.5msec/template.Consequently, it shouldtakeabout250msecto decodea line using

ICP with 1004-level templates.
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