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Abstract

The computatiortime of DocumentimageDecodingcanbe significantlyreducedoy employ-
ing heuristicsin the searchfor the bestdecodingof a text line. By usinga cheapupperbound
on templatematchscores,up to 99.9%of the potentialtemplatematchescanbe avoided. In the
IteratedCompletePath method templatematchesareperformedonly alongthe bestpathfound by
dynamicprogrammingon eachiteration. Whenthe bestpath stabilizes,the decodingis optimal
and no 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 thesebackpointerswithout forfeiting optimality of
the path. Togethertheseimprovementsprovide a 30x speedupover previous implementation®of
DocumentimageDecoding.

Keywords. documenimagedecodingdynamicprogrammingViterbi, heuristicsearchpptical char
acterrecognition jteratedcompletepath, MAP, templatematching



1 INTRODUCTION

In the Document Image Decoding (DID) approachof KopecandChou([1], a modelof the generation
processis combinedwith a noisemodelto allow determinationof a maximum a posteriori (MAP)
messagédecoding)givenanobsenedimage.The modelof the generatiormprocessncludestemplates
for the possibleprintedcharactersa languaganodelspecifyinga prior on the templateor sequences
of templatesa setwidthparametefor eachtemplatedescribingts width, andagrammarthatdescribes
the syntaxof sequencesf printedcharactersThe simplestgrammaitis afinite statemachinefor aline
of text, specifiedby a startnode,an endnode,and a printing nodethat loops backto itself aseach

characters printed.

Early work in DID by KopecandChou[l] andby Kam andKopec|[2] usedbilevel templatesgach
level correspondindo the foregroundand backgroundof anideal printed binary image,which were
thencorruptedby position-independerdgsymmetriditflip noiseto producethe obseredimage. This
bilevel channelwas characterizedy two parametersiy, the probability that a backgroundpixel is
printedasbackgroundanda;, the probability thata foregroundpixel is printedasforeground. Equiv-
alently, all obsered pixelsweremodeledby oneof two probabilitiesof beingON: a high probability
for foregroundpixels anda low probability for backgroundpixels. The log normalized likelihood of
observinganimageZ whenatemplate) is printed,dervedin KopecandChou[1], is givenby

LZ[Q) = ~vlQAnZ| + Al (1)

where|| X || denotegshenumberof 1'sin X, A is thebitwiseand operatorand
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It shouldbenotedthat(1) correspondso Eq. (25) of KopecandChou[1], andnotto thelog lik elihood,
which onewould getby takingthelog of Eq. (19)in thatpaper

Becauseixelsin the obseredimagenearan on-off transitionarenot well describedoy suchbilevel
templatesthe modelwas generalizedo multilevel templatesn Kopec[6], wherethe pixelsin each
templateareassignedo oneof several(disjoint) sub-templatessachsub-templatdeingmodeledby a
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binary asymmetridit-flip channel(or, equivalently, by a given probabiltythatits pixelsareON in the
obsenedimage.)For anN-level template N-1 levels contrituteto the lik elihoodwith termssimilar to
(1), andlevel 0 remaingthe background level, treatedasdon’t-care pixelsin thelik elihoodcalculation.
Thus,with Q) asthe sub-templatédor thei** level, (1) generalizeso

L-1

L—1
LZ|Q) =3 £z|Q") =3 IV Az| + 4lQV] (4)
=1

=1

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

A foregroundlevell iswrite-blackif o, > 1—ap andwrite-whiteif o; < 1—ag. Forwrite-black, v, > 0
andg, < 0,andL(Z | QW) increasessthe numberof black pixelsthatfall under@Q" increasesFor
write-white, v, and 8, eachchangesign,and£(Z | Q") is maximalwhenno black pixelsfall under

QW.

Becausd®ID implicitly constructatrellis andfindsthebestpaththroughit for thegivenimage,it does
not make segmentatiorerrorsdueto brokenor connecteatharactersascorventionalOCR systemsio,

aslongastheimagingmodelis accurateHowever, the costis significant:the systemmustconsideithe
possibility thatany characteicanoccurat ary (feasible)locationin the image. For a line decoderin

which a Viterbi procedurecanbe usedandthe computations linearin the numberof pixels, virtually

all thecomputationis in the evaluationof the bitwise and operationin equation(4). With 2005-level

templatesandan 8 million pixel image(8.5 x 11 inchesat 300 ppi), the requirednumberof bitwise
and operationdetweera sub-templat@nda region of the binaryimageis about6 billion!

Kam andKopec|2, 3] reducedthis computationby an orderof magnitudefor text blocks, by doing
thefull line decodingonly in thevicinity (i.e., within approximately+2 vertical pixels) of atext line.
They defineda separablanodel as one wherethe 2D pagedecodingcan be effectedasa sequence
of 1D (e.g.,line) decoders.They thenfound the approximatevertical locationsof the text linesby a
procedureghey namediterative Complete Path (ICP). The methodis asfollows. Supposaheimageis
w by h pixels. For eachof the 4 rasterines,find aneasilycomputableupperboundheuristicscorefor
the actualscorefrom decodinga horizontalline of text at thatlocation. Thesescoresconstitutea one
dimensionalarrayof size h. Then,with the constraintthattwo adjacentext lines mustbe vertically
separatedby someminimum distance ,usedynamicprogrammingto get an estimateof the text line
locations. For eachof theselocations,rescore the text line (anda few adjacentines) by doinga full
horizontalline decoding.Using theserescoredvaluesin the vertical array recomputehe location of
thelines. Iterateuntil all selectedines have beenpreviously rescoredpr equialently, until the score
for the pagedoesnot changebetweensuccessie iterations. Becausehe heuristicis an upperbound,
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this is guaranteedo give the sameresultasif eachrasterline hadbeenfully scored.If the boundis
reasonablyight, only text linesnearthe actuallocationswill have beenfully decoded.

In the sequelwe describethe useof ICP on each text line to greatlyreducethe computationof MAP
decoding.As a pre-processingtepfor the decodingof text lines, it is necessaryo identify eachtext
line andits baselinewithin a block of text. Oneof the simplestandmostefficient methodge.g.,see
Bloombeqg et al. [4]) is to deslew the pageto within aboutone milli-radian andthenuseprojection
profiles, asin Chenet al., [5] to identify the horizontal baselinedor eachline of text. Baselines
determinedn this way aretypically within onepixel of the correctverticallocationatall pointsalong
thetext line.

In Sec.2 we describeanupperboundheuristicfor thetemplatescoreat eachlocation,thatcanbeused,
with ICP, to reducethe numberof exacttemplatescoreshat mustbe computedvhendecodinga text
line. For typical text imagesthis reduceshe numberof exacttemplatescoredy aboutthree orders of
magnitude. The burdenof computations thenshiftedfrom exacttemplatematchingto the calculation
of the heuristicandthe Viterbi iterations.It hasbeenobseredthatwhenICP is usedon text lines, the
influenceof changesn the currentbestpathfrom iterationto iterationtendsto be spatiallylocalized.
In Sec.3, we exploit thelocality of changeby anincremental Viterbi procedure.

2 ICPWITH LINE DECODER

KopecandChou[1] shavedthatwith a simpleMarkov source correspondindgo a unigramlanguage
modelwherethe priors on the templatesareindependenof history, a MAP pathfor theline decoder
is found by solving the recursve equationfor the MAP function F at successie pixel locationsz as

afunction of the likelihoodsat previous pixel positions. With the prior transitionprobability a, for a

transitiont thatincludesa matchingscorefor a bilevel template(); accompaniedthy atranslation/,,

F(x) = max {F(x—A;) + loga; + L(Z | Qi[x — Ay])} (5)

t‘Rt::L‘

wherethe maximumis taken over all transitionsoriginating from the templateorigin atz — A; and
whoseright side R, is locatedat .

Theonly changentroducedoy multilevel templatess in thecomputatiorof thetemplatematchscores
L(Z | Q¢[x]), asin (4). It is seerthatmultilevel templatematchingtypically requiresaboutZ — 1 times
asmuchcomputatiorasbilevel templatematching.



2.1 Heuristicfor Bilevel Templates

To guarantee¢hata MAP pathwill befound,a strictupperboundfor the matchingscoremustbe used.
For bilevel templatesan upperboundfor the two-dimensionabitwise and betweentemplate; and

imageZ is aone-dimensionatolumn-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. Thiscanbeseerasadistributionof ON pixelsin eachimagecolumnin suchawayasto cover

the maximumnumberof ON pixelsin the templatecolumn. This heuristicis muchfasterto calculate
thantheactualscorefor two reasonsFirst, thenumberof termsin the sumis reducedy afactorequal
to the heightof thetemplate(typically about40 pixels). Secondthe actualtwo-dimensionakummust
be calculatedfor several vertical positionsof the templateabove andbelow the baseline pecause¢he

bestposition of the baselineis not exactly known. We typically find it at the five vertical positions
within 2 pixels of the nominalbaseline andtake the largestlik elihoodscore. However, the heuristic
givesanupperboundfor any verticalalignment.With thesefactors the heuristicfor bilevel templates
is foundto benearlytwo ordersof magnitudefasterto compute.

2.2 Heuristicfor Multilevel Templates

The upperboundheuristicfor a multilevel templateis againfound asa one-dimensionatolumn-wise
sum,whereherethe ON pixelsin eachimagecolumnaredistributedover ON pixelsin thecorrespond-
ing columnin eachsub-templaten sucha way asto maximizethe score.For the multilevel template,
eachof the L — 1 levelshasa v, weightingparametethatis multiplied by the numberof ON pixels
alignedbetweentemplateand image. The scorewill be maximizedwhenthe imagepixels are dis-
tributedon sub-templatestartingwith thelevel [ with largestr,;, andproceedingo levelswith smaller
v,. If thereis no write-whitelevel, the ON pixelsin theimagecolumnareusedin this way until either
they or the ON sub-templategixels areexhausted.(This is a generaliztionof the minimum countfor
bilevel templates).Thewrite-white level hasv, < 0, soits scoreis maximizedwhenall ON pixelsin
the sub-templateare coveredby OFF pixelsin theimage. If thereare not enoughOFF pixelsin the
imageto cover the ON pixelsin the write-white sub-templateye areforcedto put ON pixelson the
sub-templatewhich decreasethe score.

The scoredor decodinga text line canberepresentethy aw x M array wherew is the width of the
line in pixelsand M is the numberof templates.For efficiency, the heuristicscorefor a columnin
a multilevel templateshouldbe pre-ezaluatedasa function of the numberof ON pixelsin theimage
column. Thenthe scorefor the templatecolumncanbe found from the numberof ON pixelsin the
imagecolumnby table look-up. Aside from the generationof thesetables,the computationof the



heuristicscorearrayis comparabldor bilevel andmultilevel templatesHowever, becausa multilevel
templateis representedsa setof L — 1 bilevel templatesthe efficient computationof the the actual
scorefor a multilevel templateis approximatelyl, — 1 timesthatfor a bilevel template. Thus, with
multilevel templates)CP gainsanadditionalfactorof 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

1+ 0,score() < 0

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

until: scoref) = score{ — 1)

Algorithmfor ICP with upper bound heuristic

In therescoringoperation the actualtemplatematchscoreis found at typically five vertical positions
aroundthe nominalbaselineandthe largestscoreis insertedin the scorearray Also, to reducethe
numberof iterations thetemplateis alsomatchedn thevicinity of thenode typically up to two pixels
on eachside,andthe rescoredvaluesareinsertedin the scorearray Otherwise,a new pathis likely
to befoundwith the sametemplatein a neighboringe location,becausdt is usingthe (usuallylarger)
heuristicvaluein evaluatingpathsgoing throughthe neighboringnodes. |t is alsoimportantto mark
whichnodesin thearrayhave beenrescoredsothatthe samenodeis notrescorednorethanonce.



3 INCREMENTAL VITERBI

With ICP, thecomputationaburdenshiftsfrom the scorearraytowardthe Viterbi iterationsfor the best
paththroughthetrellis. The Viterbi iterationis fairly expensve becauseavith M templatest requires
comparisorof M scoresat eachpixel locationz in the forward direction. As iterationsproceedthe

paththroughsomelocations,suchasthe spacebetweenwords, often remainsinvariant. The regions
wherepathchange®ccur necessitatingescoringof nodesnarrov ascorvergences approachedtor

someimages,it is obsened that oneor a very few locationsrequiremary iterationsbeforethe best
pathis found. To exploit this localizationphenomenomhenupdatingthe currentbestpath,the Viterbi

algorithmmustbeableto identify conditionsunderwhichit is guaranteethata portionof thebestpath
will notbedifferentfrom the previousiteration,without actuallyperformingthe searcHor thatportion

of the path.

Eachtemplatehasa setwidth,A,, thatappearsn therecursionrelation(5), andthatexpressesiow far
backit “looks” on the forward Viterbi pass. Supposehat we save the partial scoresF andthe final

transitionat eachlocationz from the mostrecentViterbi forward pass andthata nodewasrescoredt
locationz, asaresultof thatpass.Denotethe maximumsetwidthover all thetemplatedy A,,.;. In

theforwardViterbi, theconditionthatthisrescoringwill have nofurthereffectdownstrearmis thatover
anintenal of A,,., pixel locations,the differencein partial scoresbetweenthe previous andcurrent
iterations,A (z), is a constant.If suchaninterval is found, it canbe safelyassumedhatthe score
differencewill remainconstanuntil anotherescorechodeis reachedThis is becausattheright end
of the interval, back-pointerdor all templategeachbackinto the interval, sowe know that forward
Viterbi will give the samesetof transitionsfrom that point onwards. Consequentlyat this point in

theforward Viterbi, we enterskip-mode, wherethe forward Viterbi is implementedusingthe previous
iterationby simply propagatinghe scoredifferenceA » andsaving the previous transition. We must
leave skip-mode andre-enterfull Viterbi wheneer a rescorechodeis encounteredFor all iterations
but thefirst, we begin theline in skip-mode, leaving only whenthe first rescorechodeis reached.The
controllogic for incrementaViterbi is thus:



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) =Ax(z—1),
Icount<« lcount+1
if lcount> A4z
setskip-modeON
else
Icount« 0 (reset)

Algorithmfor Incremental Viterbi

At first sightit 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
downstreanmodeswill pointbacktoit. In turn,thosedownstreammodesarelik ely to bereferencedy
nodesfurther downstream.With somenodesbeingon the paththroughthe rescorechodeandothers
not, thescoredifferences\ () will vary from nodeto nodeasz is incrementedWhatis to stopthis?
Theanswelis thatthefull trellis typically hascut setswhereall arcscornverge. Theseusuallyoccurin
white spacebetweernwordsor charactersasmentionedabove, andactto strictly limit the propagation
of changes.

In the early iterations,few regionsin the line are in skip-mode, but as corvergenceis approached,
mostof the line goesinto skip-mode. Use of incrementalViterbi typically reduceghe total Viterbi
computatiorby afactorof betweer? and3.



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
alignedoperationdetweereachof the (32-bitaligned)templatesanda buffer into which afragmentof
theimagestartingatthatpixel positionhasbeenplaced.After eachpairof 32-bitwordsis ANDed, table
lookupis usedto determinethe numberof ON pixels. Theresultsareweightedfor eachsub-template
by theappropriatey factorfor thatlevel.

In Table 1, we shav the compuationrequiredfor decodinga typical line of text usingDID without
ICP. Thetext line has85 charactersincluding white space,anda width of 1960 pixels. The model
has329 4-level templatesrequiring 3 bilevel matchedor eachtemplatematch. The nodescoresare
foundfor the bestverticalalignmentamongb vertical positionsof the templatenearthe baselineand
hencerequirel5 bilevel matchedor eachnodescore.All timesareon a programbuilt with the GNU
C compiler runningona800MHz Pentiumlll. Notein particularthe disparitybetweerthe amountof
time requiredto computethe matchingscoresandthetime to find the bestpath.

Table 2 shawvs the compuationrequiredfor decodingthe sameline of text using ICP, both with and
without incrementalViterbi. The heuristicICP arrayis found in about2% of the time requiredto
generatehe arrayof exactmatchingscores.This savingsis slightly offsetby the largertime required
to run multiple iterationsof Viterbi, andthe resultis a much betterbalancebetweentime spenton
templatematchingand on dynamicprogramming.The numberof iterationsandrescorechodesdoes
notdependnwhetherincrementaViterbiis used.Approximately60 nodescanberescoredn 1 msec.
(Remembethateachrescorechoderequiress separatenatchesat differentvertical positionsaround
thebaseline.)

The numberof rescorechodesincludestwo nodeswith the sametemplatethat are spatiallyadjacent



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.Rescoringheseadjacenhodesrequiredlittle extra computationandacts
to significantlyreducethe numberof Viterbi iterations.This is shavn in moredetailin Table3, which
givesthe effect of the numberof adjacentescorechodeson the computation.The useof two adjacent
nodeggivesabouta 30%reductionin Viterbi time, duemainly to areductionin thenumberof required
iterations.With morethantwo adjacennodesthe numberof iterationsis slightly reducedat a costof

someextrarescorechodesandthe overall effect on computatiortime is negligible.

5 CONCLUDING REMARKS

We cansummarizehe approximatespeedugactorsover standardID without ICP for a 4-level tem-

platemodelasfollows:

e ICP with full

Viterbi: 20x

e ICPwith incrementaViterbi: 24x

e ICP with incrementaViterbi andadjacennhoderescoring:28x

For 4-level templatesthespeedupin computatiorof the heuristicarray comparedo thearrayof exact
scoresjs typically about50x. Of this, about5x is dueto the evaluationof exactmatchesat5 different
vertical positions,andthe remaining10x is the relative speedof the 1D versus2D corvolution. 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
Fractioninsowmode | 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 + \iterbi 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-templatesiyhereaghe 1D columnscoresarefound by tablelookup. This indicatesthatfor
a 2-level template the intrinsic speedratio of 1D versus2D corvolution is only about3x. The 1D
convolutionis performedasintegeroperationsn columnsums whereashe 2D corvolutionis doneas
word-parallelbit operationgollowedby tablelookup.

Using ICP with incrementaViterbi andadjacenihoderescoringabouttwo-thirdsof the computation
isin theheuristicscoring,andaboutone-thirdin thedynamicprogramming For furtherimprovements,
areductionof the heuristicscoringcomputations possiblewith subsamplinganda discussiorof this
approachs forthcoming.

At presentthetime to decodea 2000 pixel wide columnof text using400 4-level templatess about
1 second.This is perhapsx slower thancommercialOCR packageswhich decodesucha text line
in about200 msec. However, noting that the decodingtime with DID is approximatelyproportional
to the numberof templateghatareused,the DID ICP line decodingtime with 4-level templatescan

be estimatedat 2.5 msec/templateConsequentlyit shouldtake about250 msecto decodea line using
ICP with 1004-level templates.
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