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Abstract

The computatiortime of DocumentimageDecodingcanbe significantlyreducedoy em-
ploying heuristicsin the searchfor the bestdecodingof atext line. By usinga cheapupper
boundontemplatematchscoresupto 99.9%of the potentiatemplatematchesanbeavoided.
In thelteratedCompletePathmethod templatematchesreperformedonly alongthe bestpath
found by dynamicprogrammingon eachiteration. Whenthe bestpath stabilizes the decod-
ing is optimalandno moretemplatematchesieedbe performed.Computatiorcanbe further
reducedn this schemeby exploiting the incrementahatureof the Viterbi iterations.Because
only afew trellis edgeweightshave changedsincethelastiteration,mostof the backpointers
do not needto be updated.We describehow to quickly identify thesebackpointerswithout
forfeiting optimality of the path. Togethertheseimprovementsprovide a 30x speedugover
previousimplementation®f DocumentmageDecoding.
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1 INTRODUCTION

In the Document Image Decoding (DID) approachof KopecandChou([1], amodelof the gener
ation processs combinedwith a noisemodelto allow determinatiorof a maximum a posteriori
(MAP) messagddecoding)given an obsened image. The model of the generationprocessn-
cludestemplatedor the possibleprinted charactersa languagemodel specifyinga prior on the
templatesor sequencesf templatesa setwidthparametefor eachtemplatedescribingts width,
andagrammaihatdescribeshe syntaxof sequencesf printedcharactersThesimplestgrammar
is a finite statemachinefor a line of text, specifiedby a startnode,an endnode,anda printing
nodethatloopsbackto itself aseachcharacters printed.

Earlyworkin DID by KopecandChou[1l] andby KamandKopec[2] usedbilevel templateseach
level correspondingo the foregroundand backgroundof an ideal printed binary image, which
were then corruptedby position-independersaisymmetricbitflip noiseto producethe obsened
image.This bilevel channelascharacterizedty two parametersey, the probabilitythata back-
groundpixel is printedasbackgroundanda;, the probability thata foregroundpixel is printedas
foreground. Equivalently, all obsened pixelswere modeledby one of two probabilitiesof being
ON: ahigh probabilityfor foregroundpixelsandalow probabilityfor backgroundgixels. Thelog
normalized likelihood of observinganimage Z whena template( is printed,derivedin Kopec
andChoul[1], is givenby

L(Z[Q) = ~vlQAZ]l + Bl (1)

where|| X || denotegshenumberof 1'sin X, A is thebitwiseand operatorand

Qo

(1—ap)(l —ay)
1—oy

(2)

v = log

B = log 3

Qp

It shouldbe notedthat (1) correspondgo Eg. (25) of Kopecand Chou[1], andnot to the log
likelihood,which onewould getby takingthelog of Eq. (19) in thatpaper



| S& T/SPIE Electronic Imaging '01, San Jose, CA, Jan 2001. 3

Becausepixels in the obsened imagenearan on-off transitionare not well describedby such
bilevel templatesthe modelwasgeneralizedo multilevel templatesn Kopec|[6], wherethe pix-
els in eachtemplateare assignedo one of several (disjoint) sub-templateseachsub-template
beingmodeledby a binaryasymmetridit-flip channelor, equvalently, by a givenprobabiltythat
its pixelsare ON in the obseredimage.) For an N-level template,N-1 levels contribute to the
likelihoodwith termssimilar to (1), andlevel O remainsthe background level, treatedas don’t-
care pixelsin thelikelihoodcalculation. Thus,with Q¥ asthe sub-templatdor the I** level, (1)
generalize$o

L-1

L—1
LZQ) = £Z]1QY) =3 mIQVAz| + 411QY|] 4)
=1

=1

wherey, andg; aregivenby (2) and(3) for eachlevel; thatis, with «; replacedoy «;.

A foregroundlevel [ is write-black if oy > 1 — ap andwrite-white if o; < 1 — «. For write-black,
7 > 0andg < 0,and£(Z | QW) increasessthe numberof black pixels thatfall under@Q®
increasesFor write-white, v, and 3, eachchangesign,and£(Z | Q) is maximalwhenno black
pixelsfall underQ®.

BecauseDID implicitly constructsatrellis andfindsthe bestpaththroughit for the givenimage,
it doesnot make segmentatiorerrorsdueto brokenor connectedatharactersascorventionalOCR
systemslo, aslong astheimagingmodelis accurate However, the costis significant:the system
mustconsiderthe possibility thatany characteicanoccurat ary (feasible)locationin theimage.
For a line decoderin which a Viterbi procedurecanbe usedandthe computations linearin the
numberof pixels,virtually all the computationis in the evaluationof the bitwiseand operationn

equation(4). With 2005-level templatesandan8 million pixelimage(8.5x 11inchesat300ppi),

therequirednumberof bitwise and operationdetweenra sub-templatenda region of the binary
imageis about6 billion!

KamandKopec[2, 3] reducedhis computatiorby anorderof magnitudeor text blocks,by doing
thefull line decodingonly in thevicinity (i.e., within approximately+2 vertical pixels) of a text
line. They defineda separablenodelasonewherethe 2D pagedecodingcanbe effectedasa
sequencef 1D (e.g.,line) decoders.They thenfound the approximatevertical locationsof the
text lines by a procedurethey namediterative Complete Path (ICP). The methodis asfollows.
Supposehe imageis w by h pixels. For eachof the h rasterlines, find an easily computable
upperboundheuristicscorefor the actualscorefrom decodinga horizontalline of text at that
location. Thesescoresconstitutea one dimensionalarray of size h. Then, with the constraint
thattwo adjacentext linesmustbe vertically separatedy someminimumdistanceusedynamic
programmingo getan estimateof the text line locations.For eachof theselocations,rescore the
text line (anda few adjacentines) by doinga full horizontalline decoding.Usingtheserescored
valuesin theverticalarray recomputehelocationof thelines. Iterateuntil all selectedineshave
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beenpreviously rescoredpr equivalently, until the scorefor the pagedoesnot changebetween
successie iterations.Becausehe heuristicis anupperbound,thisis guaranteedo give thesame
resultasif eachrasterline hadbeenfully scored.If the boundis reasonablyight, only text lines
neartheactuallocationswill have beenfully decoded.

In the sequelwe describethe useof ICP on each text line to greatly reducethe computationof

MAP decoding.As a pre-processingtepfor the decodingof text lines, it is necessaryo identify

eachtext line andits baselinawithin ablock of text. Oneof thesimplestandmostefficientmethods
(e.g.,seeBloombeq etal. [4]) is to deslew the pageto within aboutonemilli-radian andthenuse
projectionprofiles,asin Chenetal., [5] to identify the horizontalbaselinedor eachline of text.

Baselinedeterminedn this way aretypically within one pixel of the correctverticallocationat

all pointsalongthetext line.

In Sec.2 we describean upperboundheuristicfor the templatescoreat eachlocation, that can
be used,with ICP, to reducethe numberof exacttemplatescoresthat mustbe computedwhen
decodingatext line. For typical text images this reduceghe numberof exacttemplatescoreshy
aboutthree orders of magnitude. The burdenof computationis thenshiftedfrom exacttemplate
matchingto the calculationof the heuristicandthe Viterbi iterations. It hasbeenobsenred that
whenICP is usedon text lines, the influenceof changesn the currentbestpathfrom iteration
to iterationtendsto be spatially localized. In Sec.3, we exploit the locality of changeby an
incremental Viterbi procedure.

2 ICPWITH LINE DECODER

KopecandChou[1] shavedthatwith a simple Markov source correspondingo a unigramlan-
guagemodelwherethe priorson thetemplatesareindependenof history, a MAP pathfor theline
decoders found by solving the recursve equationfor the MAP function F at successie pixel
locationsz asa function of the likelihoodsat previous pixel positions. With the prior transition
probability a; for atransitiont thatincludesa matchingscorefor a bilevel template(), accompa-
niedby atranslationA,,

F(z) = t\nl%?:xw {F(x — Ay) + loga, + L(Z | Qi[x — Ay])} (5)

wherethemaximumis takenoverall transitionsoriginatingfrom thetemplateorigin atx — A; and
whoseright side R, is locatedat .

The only changeintroducedby multilevel templatess in the computationof the templatematch
scoresC(Z | Qq[x]), asin (4). It is seerthatmultilevel templatematchingtypically requiresabout
L — 1 timesasmuchcomputatiorasbilevel templatematching.
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2.1 Heuristicfor Bilevel Templates

To guarante¢hata MAP pathwill befound,a strict upperboundfor the matchingscoremustbe
used.For bilevel templatesanupperboundfor thetwo-dimensionabitwiseand betweertemplate
@: andimageZ is aone-dimensionatolumn-wisesum,whereeachtermis the minimum number
of ON pixelsin the template column and the corresponding column in that part of the imagethat is
covered by the template. This canbe seenasa distribution of ON pixelsin eachimagecolumnin
suchaway asto coverthe maximumnumberof ON pixelsin thetemplatecolumn. This heuristic
is muchfasterto calculatethanthe actualscorefor two reasonsFirst, the numberof termsin the
sumis reducedoy afactorequalto the heightof thetemplate(typically about40 pixels). Second,
the actualtwo-dimensionasum mustbe calculatedfor several vertical positionsof the template
above andbelow the baseline pecauséhe bestpositionof the baselines not exactly knowvn. We
typically find it at the five vertical positionswithin 2 pixels of the nominalbaselineandtake the
largestlik elihoodscore. However, the heuristicgivesan upperboundfor any vertical alignment.
With thesefactors theheuristicfor bilevel templatess foundto be nearlytwo ordersof magnitude
fasterto compute.

2.2 Heuristic for Multilevel Templates

Theupperboundheuristicfor a multilevel templatels againfound asa one-dimensionatolumn-
wise sum,whereherethe ON pixelsin eachimagecolumnaredistributedover ON pixelsin the
correspondingcolumnin eachsub-templaten sucha way asto maximizethe score. For the
multilevel template,eachof the L. — 1 levels hasa v, weighting parametethatis multiplied by
the numberof ON pixels aligned betweentemplateand image. The scorewill be maximized
whentheimagepixelsaredistributedon sub-templatestartingwith thelevel [ with largesty;, and
proceedingo levelswith smaller,. If thereis no write-white level, the ON pixelsin theimage
columnareusedin this way until eitherthey or the ON sub-templateixels are exhausted.(This
is a generaliztiorof the minimum countfor bilevel templates).Thewrite-white level has~, < 0,
soits scoreis maximizedwhenall ON pixelsin thesub-templat@recoveredby OFF pixelsin the
image. If therearenot enoughOFF pixelsin theimageto coverthe ON pixelsin thewrite-white
sub-templatewe areforcedto put ON pixelson the sub-templatewhich decreasethe score.

The scoredor decodingatext line canberepresentetty aw x M array wherew is the width of
theline in pixelsand M is thenumberof templatesFor efficiencgy, theheuristicscorefor acolumn
in a multilevel templateshouldbe pre-evaluatedasa function of the numberof ON pixelsin the
imagecolumn. Thenthescorefor thetemplatecolumncanbefoundfrom thenumberof ON pixels
in theimagecolumnby tablelook-up. Aside from the generatiorof thesetablesthe computation
of theheuristicscorearrayis comparabldor bilevel andmultilevel templatesHowever, becausa
multileveltemplates representedsasetof L—1 bilevel templatestheefficientcomputatiorof the
theactualscorefor a multilevel templateis approximatelyl. — 1 timesthatfor a bilevel template.
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Thus,with multilevel templates]CP gainsan additionalfactorof aboutZ — 1 in efficiency over
the non-iteratve methodfor computatiorof the scorearray

2.3 ICP Algorithm

Givenanupperboundheuristic,the ICP algorithmfor line decodings:

initialize scorearraywith upperboundheuristics

i+ 0,score() < 0

do
14 1+1
find bestpathusingViterbi on currentscorearray
scoref) < scoreof thatbestpath
rescorearrayalongbestpath

until: scoref) = scoref — 1)

Algorithmfor ICP with upper bound heuristic

In the rescoringoperation the actualtemplatematchscoreis found at typically five vertical po-
sitionsaroundthe nominalbaseline andthe largestscoreis insertedin the scorearray Also, to
reducethe numberof iterationsthetemplateis alsomatchedn thevicinity of the node,typically
up to two pixelson eachside,andthe rescoredvaluesareinsertedin the scorearray Otherwise,
anew pathis likely to be found with the sametemplatein a neighboringz location,becauset is
usingthe (usuallylarger) heuristicvaluein evaluatingpathsgoingthroughthe neighboringnodes.
It is alsoimportantto markwhich nodesin the arrayhave beenrescoredsothatthe samenodeis
notrescorednorethanonce.

3 INCREMENTAL VITERBI

With ICP, thecomputationaburdenshiftsfrom the scorearraytowardthe Viterbi iterationsfor the
bestpaththroughthe trellis. The Viterbi iterationis fairly expensve becausevith M templates
it requirescomparisonof M scoresat eachpixel locationz in the forward direction. As itera-
tions proceedthe paththroughsomelocations,suchasthe spacebetweenwords, often remains
invariant. Theregionswherepathchange®ccut necessitatingescoringof nodesnarrav ascon-
vergenceis approachedFor someimagesit is obseredthatoneor a very few locationsrequire
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mary iterationsbeforethebestpathis found. To exploit thislocalizationphenomenowhenupdat-
ing thecurrentbestpath,theViterbi algorithmmustbe ableto identify conditionsunderwhichit is
guaranteedhata portionof the bestpathwill notbe differentfrom the previousiteration,without
actuallyperformingthe searchor thatportion of the path.

Eachtemplatehasa setwidth,A;, thatappearsn therecursiorrelation(5), andthatexpressesiow
far backit “looks” on the forward Viterbi pass. Supposehat we save the partial scoresF and
thefinal transitionat eachlocationz from the mostrecentViterbi forward pass,andthata node
wasrescoredat locationz, asa resultof that pass. Denotethe maximumsetwidthover all the
templatedy A,,.... In theforward Viterbi, the conditionthatthis rescoringwill have no further
effect downstreams thatover aninterval of A,,,, pixellocations thedifferencein partialscores
betweerthe previous and currentiterations,A »(x), is a constant.If suchaninterval is found, it
canbe safelyassumedhat the scoredifferencewill remainconstantuntil anothemrescorechode
is reached.This is becausat the right end of the interval, back-pointerdor all templateseach
backinto the interval, sowe know thatforward Viterbi will give the samesetof transitionsfrom
thatpoint onwards. Consequentlyat this pointin the forward Viterbi, we enterskip-mode, where
the forward Viterbi is implementedusingthe previous iteration by simply propagatinghe score
differenceA » andsaving theprevioustransition.We mustleave skip-mode andre-enterfull Viterbi
wheneer arescorechodeis encounteredkor all iterationsbut thefirst, we begin theline in skip-
mode, leaving only whenthe first rescorednodeis reached. The control logic for incremental
Viterbiis thus:
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setskip-modeON
for eachz from 0 to w
{
if skip-modeis ON,
if we hit arescorechode,
setskip-modeOFF
Icount« 0

otherwiseif skip-modeis OFF
if Ar(z) = Ap(z — 1),
Icount<« lcount+1
if lcount> A,,uz
setskip-modeON
else
Icount+< 0 (reset)

Algorithm for Incremental Viterbi

At first sightit might be expectedthatno skip-mode regionswill be enteredafterarescorechode
isreachedForit is likely thattherescorechodewill remainonthepartialbestpath,andthatsome
downstreamrmodeswill pointbacktoit. In turn,thosedownstreammodesarelik ely to bereferenced
by nodesfurther downstream.With somenodesbeingon the paththroughtherescorechodeand
othersnot, the scoredifferencesA () will vary from nodeto nodeasz is incrementedWhatis
to stopthis? Theanswers thatthefull trellis typically hascut setswhereall arcscorverge. These
usuallyoccurin white spacebetweenwordsor charactersasmentionedabove, andactto strictly
limit the propagatiorof changes.

In the earlyiterations,few regionsin theline arein skip-mode, but ascornvergenceis approached,

mostof theline goesinto skip-mode. Useof incrementaViterbi typically reduceghetotal Viterbi
computatiorby afactorof betweer2 and3.

4 DISCUSSION

In standardDID, without ICP, a matrix of exact matchingscoresis computedfor all templates
at all positions. For eachpixel positionacrosshe text line, matchingscoresare performedwith
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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 that pixel positionhasbeenplaced. After eachpair of 32-bit
wordsis ANDed, table lookup is usedto determinethe numberof ON pixels. The resultsare
weightedfor eachsub-templatdy the appropriatey factorfor thatlevel.

In Tablel, we shav thecompuatiorrequiredfor decodingatypical line of text usingDID without
ICP. The text line has85 charactersjncluding white space,and a width of 1960 pixels. The
modelhas329 4-level templatesyequiring3 bilevel matchedor eachtemplatematch. The node
scoresarefoundfor the bestverticalalignmentamong5 vertical positionsof thetemplatenearthe
baseline andhencerequire15 bilevel matchedor eachnodescore. All timesareon a program
built with the GNU C compiler runningona800MHz Pentiumlll. Notein particularthedisparity
betweerthe amountof time requiredto computethe matchingscoresandthe time to find the best
path.

Table 2 shavs the compuationrequiredfor decodingthe sameline of text using ICP, both with

andwithoutincrementaViterbi. The heuristicl CP arrayis foundin about2% of thetime required
to generatéhe array of exact matchingscores.This savingsis slightly offset by the larger time

requiredto run multiple iterationsof Viterbi, andtheresultis amuchbetterbalancebetweertime

spenton templatematchingandon dynamicprogramming.The numberof iterationsandrescored
nodesdoesnot dependon whetherincrementalViterbi is used. Approximately60 nodescanbe

rescoredn 1 msec.(Remembethateachrescorechoderequiresb separatenatchesat different
verticalpositionsaroundthe baseline.)

Thenumberof rescoredhodesncludeswo nodeswith thesameemplatehatarespatiallyadjacent
to theidentifiedpathnodes.Rescoringheseadjacenhodesrequiredlittle extra computationand
actsto significantlyreducehenumberof Viterbiiterations.Thisis shovn in moredetailin Table3,
which givesthe effect of the numberof adjacentescoredhodeson the computation.The useof
two adjacentnodesgivesabouta 30% reductionin Viterbi time, duemainly to a reductionin the
numberof requirediterations. With more thantwo adjacentodes,the numberof iterationsis
slightly reducedata costof someextrarescoredhodesandtheoverall effecton computatiortime
is negligible.



| S& T/SPIE Electronic Imaging '01, San Jose, CA, Jan 2001. 10
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
Fractionindowmode || 0.55| 0.57| 0.54| 0.57
Fraction in fast mode 0.30| 0.24| 0.29| 0.23
Rescore nodetime (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 cansummarizehe approximatespeedugactorsover standardDID without ICP for a 4-level
templatemodelasfollows:

e ICPwith full Viterbi: 20x
e |ICPwith incrementaViterbi: 24x

e ICP with incrementaViterbi andadjacennhoderescoring:28x

For 4-level templatesthe speedup in computatiorof the heuristicarray comparedo the arrayof
exactscores,s typically about50x. Of this, about5x is dueto the evaluationof exact matches
at 5 differentvertical positions,andthe remaining10x is the relative speedof the 1D versus2D
corvolution. Partof thegainof thel1D is the 3x factorwherebythe 2D exactmatchesnustbemade
overeachof thethreesub-templatesyhereashe 1D columnscoresarefoundby tablelookup. This
indicatesthatfor a 2-level template the intrinsic speedatio of 1D versus2D corvolution is only
about3x. The 1D corvolutionis performedasintegeroperation®n columnsumswhereaghe2D
convolutionis doneasword-parallelbit operationgollowedby tablelookup.

Using ICP with incrementaViterbi andadjaceninoderescoring,abouttwo-thirdsof the compu-
tationis in the heuristicscoring,and aboutone-thirdin the dynamicprogramming. For further
improvementsa reductionof the heuristicscoringcomputations possiblewith subsamplingand
adiscussiorof this approachs forthcoming.

At presentthe time to decodea 2000 pixel wide columnof text using 400 4-level templatess
aboutl second.Thisis perhap$x slower thancommercialOCR packageswhich decodesucha
text line in about200 msec. However, noting that the decodingtime with DID is approximately
proportionalto thenumberof templategshatareused the DID ICP line decodingime with 4-level
templatesanbe estimatedat 2.5 msec/templateConsequentlyit shouldtake about250 msecto
decodealine usinglCP with 1004-level templates.
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