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Abstract

It hasbeenshavn thatthe computatiortime of DocumentmageDecodingcanbe significantly
reducedby emplgying heuristicsin the searchfor the bestdecodingof a text line. In the Iterated
CompletePath (ICP) method,templatematchesare performedonly alongthe bestpathfound by
dynamicprogrammingon eachiteration. Whenthebestpathstabilizesthedecodings optimaland
no moretemplatematcheseedbe performed.In thisway, only atiny fractionof potentialtemplate
matcheanustbe evaluated,andthe computationtime is typically dominatedby the evaluationof
theinitial heuristicupperboundfor eachtemplateat eachlocationin theimage.

The time to computethis bounddependson the resolutionat which the matchingscoresare
found. At lower resolution,the heuristiccomputationis reduced put becausea wealer boundis
used,the numberof Viterbi iterationsis increased.We presenthe optimal (lowestupperbound)
heuristicfor any degreeof subsamplingf multilevel templateand/orinterpolation for usein text
line decodingwith ICP. The optimal degree of subsamplingdependson image quality;, but it is
typically found that a small amountof templatesubsamplings effective in reducingthe overall
decodingiime.

Keywords: documenimagedecodingdynamicprogrammingyViterbi, heuristicsearchpptical char
acterrecognition jteratedcompletepath, MAP, templatematching,subsampling



1 Introductionto DID with ICP

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 generatiomprocessncludestemplates
for the possibleprintedcharactersa languaganodelspecifyinga prior on the templateor sequences
of templatesa setwidthparametefor eachtemplatedescribingts width, andagrammarthatdescribes
thesyntaxof sequencesf printedcharactersThe simplestgrammaitis afinite statemachinefor aline
of text, specifiedby a startnode,an endnode,and a printing nodethat loops backto itself aseach
characteiis printed. In this introduction,we give a quick review of the fundamentaparameterand
equationdor a DID line decoderandthendescribethe Iterated Complete Path (ICP) algorithm. In
Section2 we describesimpleheuristicbounddor full-resolutionandfor subsampledorvolution, both
without andwith interpolation. Thenin Section3 we shav the computationakfficiency for ICP line
decodingasafunctionof subsamplin@ndinterpolationparameters.

1.1 DID with Multilevel templates

Kopec[5] usedmultilevel charactetemplates?), wherethe pixelsin eachtemplateareassignedo one
of several (disjoint) sub-template€)). Level I = 0 is the background;oy is the probability that a
backgroundpixel is OFFin the obsenedimage. For the sub-template§®, [ > 0, the parametersy,
give the probabilitythata pixel is ON. For awrite-black sub-templatea pixel is morelikely to be ON
thanfor the backgroundhence,o; > (1 — ap). In awrite-white subtemplateq;, < (1 — «y). For
an L-level templatethe L — 1 non-backgroundevels contrikbute to the log normalized likelihood of
observinganimageZ whenatemplateQ is printed:

Lz1Q) = ¥ £z]QY) (1)
=1
= ¥ @Az + 411QV] @

=1

where|| X || denotegshenumberof 1'sin X, A is thebitwise and operatoyandfor levels! > 0
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Note that the background level is treatedasdon’t care; the write-blacklevels! have v, > 0 and
B, < 0; andthewrite-white levelshave y, < 0 and; > 0. For write-blacksub-templatest(Z | Q")
increasesvith the numberof black pixelsthatfall underQ®, whereador write-white sub-templates,
L(Z | Q®) is maximalwhenno blackpixelsfall under@Q®.



initialize scorearraywith upperboundheuristics
1+ 0,score() < 0
do
14 1+1
find bestpathusingViterbi on currentscorearray
scoref) < scoreof thatbestpath
rescorearrayalongbestpath
until: scoref) = scoref — 1)

Figure 1: Algorithm for ICP with upper-bound heuristic

KopecandChou[1l] shavedthatwith a simple Markov source,correspondingo a unigramlan-
guagemodel wherethe priors on the templatesare independenbf history, a MAP pathfor the line
decodertis found by solving the recursve equationfor the MAP function F at successie pixel loca-
tionsx asafunctionof thelik elihoodsat previous pixel positions.With the prior transitionprobability
a; for atransitiont thatincludesa matchingscorefor atemplatel?; accompanietby atranslationA;,

F(x) = max {F(z — Ay) +loga, + L(Z | Qilx — Ay])} (5)

t‘RtZSL‘

wherethe maximumis taken over all transitionsoriginating from the templateorigin atz — A; and
whoseright side R; is locatedat . The computationof the multilevel templatematchscoresC(Z |
Q:]z]) is foundfrom (2).

We assumehatasa pre-processingtep,the baselinegor eachtextline have beenidentified,asin
Chenetal., [3], andaretypically within onepixel of the correctverticallocationatall pointsalongthe
text line.

1.2 DID with ICP heuristics

The ICP methodwasfirst usedin DID by Kam and Kopec|[2, 4]. A heuristicupperboundon the
scorefrom acompletdine wasusedto reducethe computatiorfor separablenodelswherea 2D page
imagecanbe decodedas a sequencef 1D line decoders.The heuristicallowed themto locatethe
approximatepositionof eachtext line, wherefull line decodingsverethenperformed.Recently the
ICP methodhasbeenusedin DID to reducethe decodingcomputationof eachline [6]. Givenan
upperboundheuristic,the ICP algorithmfor line decodings asshavnin Figurel.

In the rescoringoperation the actualtemplatematchscoreis found at typically five vertical posi-
tionsaroundthe nominalbaselineandthe largestscoreis insertedin the scorearray Also, to reduce
thenumberof iterations thetemplates alsomatchedn thevicinity of thenodetypically for onepixel
on eachside,andthe rescoredvaluesareinsertedin the scorearray Otherwise,a new pathis likely
to befoundwith the sametemplatein a neighboringr location,becauset is usingthe (usuallylarger)



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

Figure 2: Algorithm for Incremental Viterbi

heuristicvaluein evaluatingpathsgoing throughthe neighboringnodes. |t is alsoimportantto mark
which nodesin thearrayhave beenrescoredsothatthe samenodeis notrescorednorethanonce.

1.3 DID with Incremental Viterbi

With ICP, andthe reductionof the computationfor the scorearray the Viterbi iterationsbecomea
significantfactorin the overall computatiortime, becausdor M templatesa comparisoris required
of M scoresat eachpixel locationz in the forward direction. As iterationsproceedandcorvergence
is approached¢changesecomehighly localized,and much of the bestpathremainsinvariant. It is

shavnin [6] thatit is possibleto identify thosepartsof the best paththatwill notdiffer in the current
iterationfrom the previous one,andfor suchregions, the forward best-pathsearchcan be placedin

skip-mode, wherethe besttransitionsdrom the previousiterationareretained andthe partialpathscore
is updatedwith anadditive constantyeferredto belov as A . The criterionfor enteringskip-mode is

thatthedifferencen partialscoresetweerthepreviousandcurrentiterations,A -, doesnt changefor

adistancesqualto thelargestcharactesetwidth,A,,..... Whenarescoredodeis encounteredye must
leave skip-mode andenterslow-mode. Eachtext line canbegin in skip-mode, and makesa transition
to slow-mode whenthefirst rescorechodeis reachedUseof incrementaViterbi typically reducegshe
Viterbi computationby abouta factorof two. The controllogic for incrementalViterbi is shovn in

Figure2.



2 Heuristic Upper Bounds

To guarantee¢hata MAP pathwill befound,a strictupperboundfor the matchingscoremustbe used.
In thissectionwe givetheminimumupperboundscoredhatcanbederivedfor one-dimensionarrays
consistingof columnpixel sums.Only theimage-dependem¢rmin (2) is givenhere;thetemplateterm
is evaluatedexactly. In the following, we usel; to representhe sumof foregroundpixelsin the ;%
columnof theimage,andfj to representhearray of pixel sumsin the j* columnof each subtemplate
T of template‘f. For bileveltemplatesfj is the singlesumof foregroundpixelsT; for thattemplate.
In section2.1we givethecolumn-basetieuristicupperboundatfull resolution.Thenin section2.2
we performsubsampledipperboundcorvolutionsfor templatesat every locationz = 0,1, ... along
thetext line. Thisis calleda TemplateSubsamplingor T-subsampling. Finally, in section2.3we shov
thatthe corvolution canbe performedat every m* locationz = 0, m, 2m, ..., andthatanupperbound
heuristiccanbe interpolatedbetweernthesepoints. This is calledan InterpolationSubsamplingor |-
subsampling. If asubsampldactorn is usedin the T-subsamplinganda subsampléactorm is usedin
thel-subsamplingthe computatiorof the heuristicupperboundis reduceddy approximatelynm.

2.1 Full resolution heuristic scores

Placethe origin of templateff atlocationz = i. Thentheimage-dependermartof the heuristicscore
for the j®* columnof multilevel templatel’ is givenby afilling function f:

H;(i) = f(Ly;, Ty) (6)
For multilevel templatesthe function f fills the subtemplatesvith I, ; pixels, startingwith the write-
blacklevel k with largesty;. Pixelsareplacedin write-white levels (with negative ;) only afterboth

thewrite-blackandbackgrounddon't-care)levelshave beenfilled.
For bilevel templatesthe contrikution from the j** columnto the heuristicscoreis simply

H;(i) =~y min(I;, Tj) (7)

Thenthe heuristicscorefor a templatewith origin atat x = ¢ is given by the one-dimensional
convolution

j=w-

HG)= Y H() ®)

2.2 Subsampled template convolution heuristic scores

We first considerT-subsamplingBy filtering andsubsamplingmageandcolumnsums the numberof
operationsn the corvolution is reducedby the subsamplingactor Thefull resolutionheuristicscore
H is thenreplacedby a subsampledheuristicscoreS™ thatboundsit abose. Assumea subsampling
factorn = 2. Thefilter thatgivesthe smallestupperboundheuristicscoreis the min. Thisis easily
seerfor bilevel templatesConsiderthe contributionto H from two adjacentolumns:



H;(3) + Hj1(7) = yi(min(Ligj, T;) + min(Liy 541, Tjr1)) 9)

Becausdhe min of sumsis greaterthanor equalto the sumof mins, anupperboundfor the two-
columnheuristicis

UJQ(Z) = yymin(liy; + Liyjp1, T + Tja) > Hj(i) + Hjpo () (10)
Storetheadjacenimagesumsin afull resolutionarray

Iz2 EL—}-IH_l,Z:O,l, (11)

andthetemplatesumsfor atemplateof width w in a half-resolutionarray

TP =T+ Tjy1,j=0,2,...,w —2 (12)

wherethe superscrip® indicateshe sumover two adjacentolumns.
Theupperboundfor thetwo-columnheuristicis

UZ(3) = v min(IZ,;, T2) (13)
andthesubsampledheuristicscoreis then
Z Z T mln z-‘r]’ Tf) (14)

7=0,2,.. 7=0,2,..

More generally for multilevel templatesheupperboundfor thetwo columnheuristicis

W) = 112, T2) (15)

wherethefilling function f is evaluatedasbefore,exceptusingpairwisesumsof imageandtemplate
columnpixels. The subsampledheuristicscorefor atemplatel™? atz = i is

w—2
> U(i) Z (12,17 (16)

§=0,2,...

This sumis performedfor eachlocationz = 7, sothe reductlonln computations proportionalto
the subsampléactorn. The extensionto subsampledonvolution S™ (i) by afactorn > 2 is obvious.

2.3 Subsampled convolution with interpolation

With both T- and I-subsamplingthe full resolutionheuristicis replacedby a subsampledheuristic
scoreS™™ thatboundsit from above. For simplicity, consideran I-subsamplingvith afactorm = 2,
in additionto a T-subsamplingvith factorn = 2. We wishto find the contribution from two columns;
andj + 1 atbothlocationsi + j andi + j + 1, usingonly a singletablelookup. For bilevel templates,
using(13), andinterchanginghe min andmax operationsye have



UX(i) = max(U;(i),U7(i+ 1)) (17)
= 71min(max([fﬂ,lfﬂﬂ)ﬂ?) (18)

Defininga subsampledrray

B = max(U B ) 1= 0,2, . 9

thedoublysubsampledipperboundheuristicscoreis then

w—2
§*2(i) = U7 (i) (20)
§=0,2,...
= ymin(I75,T?),i=0,2, ... (21)
§=0,2,...

The scoreS?2(7) is evaluatedat even locationsfor z = 4, andthe valueis replicatedto the odd
locationsat z = 7 — 1. Hencethe computationis reducedby 4 comparedwith the full resolution
heuristicscore.Extensionto higherl-subsamplings?>™ is obvious.

More generally for multilevel templatesvhereall levelsarewrite-black(y > 0), the upperbound
for thetwo-columnheuristicwith m = 2 subsamplings

Uy (i) = (I35, 17) (22)
andthe subsampletheuristicscoreis
w—2
§22(i) = U (i) (23)
§=0,2,...
= IR, TH,i=0,2, ... (24)
§=0,2,...

Again,thesescoresarereplicatedto odd:, andthe extensionto I-subsamplingvith afactorm > 2
is obvious. However, if thereexists a write-white level, I-subsamplings not possiblebecausehe
maximumscoreis not necessarilygiven by the maximumof the sumof pixelsin (19). For example,
with a spacecharactethathasonly write-white pixels,theupperboundwould befoundby minimizing,
ratherthanmaximizing,the counts.

3 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.

It hasbeenpreviously describedhow the contritution of acolumnof templatepixelsto theheuristic
scorefor thattemplateatarny locationcanbefoundfrom asingletablelookup,regardlesof thenumber
of levelsin thetemplate[6]. In brief, for eachtemplate,a two-dimensionalookuptableis generated
that givesthe heuristicscorefor eachcolumnin a multilevel templateas a function of the number
of ON pixels that may be placedin the column. Oncegeneratedthis tableis usedwith the actual
numberof pixelsin the imagecolumn(or columns,dependingon the degreeof subsampling}o find
the contribution to the heuristictemplatescoreat thatlocation. Whereaghe computatiorof the exact
matchingscorefor a templateis proportionalto the numberof sub-templateshe computationof the
heuristicscoreby lookuptableis independenof the numberof sub-templates.

Asin [6], we useincremental Viterbi, wheretheforward Viterbi trellis is prunedto follow theresult
in the previous iteration (skip-mode) whenever possible.Whennot in skip-mode the possibility that
eachtemplatecanbeplacedateachlocationis computedthisis calledslow-mode. We alsorescordwo
nodesadjacento thosefound for the bestpath,asthis wasfound to significantlyreducethe number
of Viterbi iterationswith negligible computationabverheadandrescoringmorethantwo nodesgives
little improvement. With this method,ICP line decodingis about30x fasterthan computingexact
matchingscores.

With both T andl subsamplingthe contrikbution of n columnsof the templateto an upperbound
heuristicat ary of m differentadjacentocationscanalsobe foundby a singletablelookup, giving an
approximateeductionin heuristiccomputatiorby afactorof nm. Of coursethe subsamplethoundis
lesstight, andmoreViterbi iterationsarerequiredfor corvergence Herewe show thetrade-of between
heuristiccomputatiorandViterbi iterations.

Table 1 shonvsthe computatiorrequiredfor decodinga typical line of text usingDID with ICP, for
differenttemplatesubsamplingactorsn. Thetext line has85 charactersincludingwhite spaceanda
width of 1960pixels. The modelhas3294-level templatespf which oneof the threesubtemplatess
write-white. An exacttemplatematchthenrequires3 bilevel matchesandthe nodescoreis takenfor
the bestverticalalignmentamongb vertical positionsof the templatenearthe baselineapproximately
60 nodescanberescoredn 1 msec.All timesareonaprogrambuilt with the GNU C compiler running
ona600MHz Pentiumilll.

Without templatesubsamplingheuristicscoringtakes abouttwice aslong as Viterbi. With n = 2
subsamplingthe heuristicscoretimeis reducedthenumberof iterationsandrescorechodesncreases,
the balancebetweenheuristicand Viterbi computationis improved, andthe overall decodingtime is
decreasedror n > 2, theincreasan the numberof Viterbi iterationscancelshe furtherimprovement
in heuristiccomputationandthe overalldecodingtime increases.

In Tables2 and3, we shov the computatiorrequiredfor decodingthe sameline of text with ICP
usinga 3-level template,composeddf the two write-black subtemplates the 4-level templateused
above. The pixelsin the write-white templateareputinto the backgroundas“don’t care”. The perfor
manceis givenfor combinationgn, m) of templatesubsampling: andscoreinterpolationm factors,
wherem = 1 in Table2 andm = 2 in Table3.

Comparingheresultsin Tablel with thosein Table2, we seethatwithoutthewrite-whitesubtemplate,



Templatesubsampling
1 2 3 4

Rescored nodes 1144| 1961 | 3266 | 6391
Viterbi iterations 10 15 26 35
Fraction in skip mode 0.43| 0.37| 0.39| 0.24

Fraction in slow mode 0.57| 0.63| 0.61| 0.76
Heuristic scoretime (sec) | 0.62| 0.35| 0.27| 0.23
Rescore node time (sec) 0.02| 0.03| 0.05| 0.10

Viterbi time (sec) 0.29| 0.46| 0.79| 1.31
Rescore + Viterbi time 0.31]| 0.49| 0.84| 1.41
Total time (sec) 0.93| 0.84| 1.11| 1.64

Table 1: Dependence of heuristic score and Viterbi computation on the template
subsampling factor, for a 4-level template with two write-black and one
write-white |levels.

T andlI factors(n,m)
1,1 2,1)| (3,1)

Rescored nodes 3079| 4533| 6709
Viterbi iterations 18 25 36
Fraction in skip mode 0.36| 0.34| 0.31

Fraction in slow mode 0.64| 0.66| 0.69
Heuristic scoretime (sec) | 0.61| 0.35| 0.26
Rescore node time (sec) 0.05| 0.07| 0.11

Viterbi time (sec) 0.58| 0.83| 1.22
Rescore + Viterbi time 0.63| 0.90| 1.33
Total time (sec) 1.24| 1.25| 1.61

Table 2: Dependence of heuristic score and Viterbi computation on both template
and interpolation subsampling, for a 3-level template with two write-
black levels. Thisisgiven for pairs (n = template subsampling, m= 1=
score interpolation).



T andlI factors(n,m)
1,2 22| (3,2

Rescored nodes 13720| 17718| 22678
\iterbi iterations 80 105 137
Fraction in skip mode 0.22| 0.21| 0.21
Fraction in low mode 0.78| 0.79| 0.79

Heuristic score time (sec) 0.33| 0.20| 0.16
Rescore node time (sec) 0.23| 0.29| 0.33

\iterbi time (sec) 2.96| 3.92| 5.11
Rescore + Viterbi time 3.19| 4.25| 5.44
Total time (sec) 3.42| 4.45| 5.60

Table 3: Dependence of heuristic score and Viterbi computation on both template
and interpolation subsampling, for a 3-level template with two write-
black levels. Thisisgiven for pairs (n = template subsampling, m= 2=
score interpolation).

the heuristicupperboundis poorer andthe numberof Viterbi iterationsis larger. Further with the 3-
level template, T-subsamplingor n = 2 producesno appreciablémprovement. Most importantly
Table 3 shaws thatthe upperboundwith I-subsamplings very poor, andcauses significantincrease
in thenumberof Viterbiiterationsto achieve corvergence Furthermorethoseiterationsspendagreater
fractionin slow mode,againindicatingthatthe bestpathduringmostof thesaterationsis far from the
true MAP path. (Of course at corvergencethe sameMAP decodingis ultimately found, becausall
heuristicsaretrue upperbounds.)

4 Conclusions

Using ICP withouttemplateor interpolationsubsamplingndfor atypical line of text, abouttwo-thirds
of thecomputations in the heuristicscoring,aboutone-thirdis in the dynamicprogrammingandthe
decodingime for a2000pixel wide columnof text using4-level templatess about2.5 msec/template.
T-subsamplingpy n = 2 givesa smallimprovementin the efficiency of aline decoderover the non-
subsamplednethod.Theheuristicupperboundsaremuchtighterfor multilevel templateghatinclude
at leastone write-white level; consequentlythe numberof Viterbi iterationsis significantly reduced
for suchtemplateoverthosewith only write-blacksubtemplatesThis factormitigatesagainsusingl-
subsamplinghecauséhereis nousefulupperboundheuristicfor multilevel templatesvith write-white
subtemplates.Furthermore |-subsamplingis not practical, becauseof the greatincreasein Viterbi
iterationsthatresultsfrom a significantlylooserupperboundin the heuristic.
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