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Abstract

It hasbeenshavn that the computationtime of Documentimage Decodingcan be sig-
nificantly reducedby emplgying heuristicsin the searchfor the bestdecodingof a text line.
In the IteratedCompletePath (ICP) method,templatematchesare performedonly alongthe
bestpath found by dynamicprogrammingon eachiteration. Whenthe bestpath stabilizes,
the decodingis optimalandno moretemplatematcheseedbe performed.In this way, only
atiny fraction of potentialtemplatematcheamustbe evaluated,andthe computationtime is
typically dominatedoy the evaluationof theinitial heuristicupperboundfor eachtemplateat
eachlocationin theimage.

Thetimeto computethis bounddepend®ntheresolutionatwhichthematchingscoresare
found. At lower resolution the heuristiccomputatioris reducedput becausa wealer bound
is used,the numberof Viterbi iterationsis increased We presenthe optimal (lowestupper
bound)heuristicfor ary degreeof subsamplingof multilevel templateand/orinterpolation,
for usein text line decodingwith ICP. The optimal degreeof subsamplinglependsn image
quality, but it is typically found that a small amountof templatesubsamplings effective in
reducingthe overall decodingtime.
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1 Introductionto DID with ICP

In the Document Image Decoding (DID) approachof KopecandChou([1], amodelof the gener
ation procesds 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 aseachcharacteiis printed. In this introduction,we give a quick
review of the fundamentaparameter@and equationsfor a DID line decoder andthendescribe
the Iterated Complete Path (ICP) algorithm. In Section2 we describesimpleheuristicboundsfor
full-resolutionandfor subsampledorvolution, bothwithout andwith interpolation.Thenin Sec-
tion 3 we showv the computationakfficiengy for ICP line decodingasa function of subsampling
andinterpolationparameters.

1.1 DID with Multilevel templates

Kopec[3] usedmultilevel charactetemplateg), wherethe pixelsin eachtemplateareassignedo
oneof several (disjoint) sub-template€)"). Level I = 0 is the backgroundypy, is the probability
that a backgroundpixel is OFF in the obsened image. For the sub-template€®,! > 0, the
parametersy, give the probability that a pixel is ON. For a write-black sub-templatea pixel is
morelikely to be ON thanfor thebackgroundhencegp; > (1 — ). In awrite-white subtemplate,
o < (1 — ag). For an N-level template,the N-1 non-backgroundevels contrikute to the log
normalized likelihood of observinganimageZ whenatemplate() is printed:
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where|| X || denoteshenumberof 1'sin X, A is thebitwiseand operatorandfor levels! > 0
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Note thatthe background level is treatedasdon’t care; the write-blacklevels! have v; > 0 and
B < 0; andthe write-white levels have v, < 0 and 5, > 0. For write-black sub-templates,
L(Z | QW) increasesvith the numberof black pixelsthatfall underQ®, whereador write-white
sub-templates;(Z | Q) is maximalwhenno black pixelsfall underQ®.

KopecandChou[1] shavedthatwith a simple Markov source,correspondindo 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
probabilitya, for atransitiont thatincludesa matchingscorefor atemplate(); accompaniedy a
translation/\,,

F(z) = max {F(r — Ay) + logay + L(Z | Qi[x — A¢))} 4)

t‘RtZ.’E

wherethe maximumis taken over all transitionsoriginating from the templateorigin at x — A,
andwhoseright side R; is locatedat x. The computationof the multilevel templatematchscores
L(Z | Q¢[z]) is foundfrom (1).

We assumehatasa pre-processingtep,the baselinesor eachtextline have beenidentified,asin
Chenetal.,[2], andaretypically within onepixel of the correctverticallocationatall pointsalong
thetext line.

1.2 DID with ICP heuristics

The ICP methodin DID hasrecentlybeendescribedn [4]. Givenanupperboundheuristic,the
ICP algorithmfor line decodings asshowvn in Figurel.

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
for onepixel on eachside,andtherescored/aluesareinsertedn thescorearray Otherwiseanew
pathis likely to be foundwith the sametemplatein a neighboringz location,becausat is using
the (usuallylarger) heuristicvaluein evaluatingpathsgoingthroughthe neighboringnodes.lt is
alsoimportantto markwhich nodesin the arrayhave beenrescoredsothatthe samenodeis not
rescorednorethanonce.
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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

2 Heuristic Upper Bounds

To guaranteghata MAP pathwill be found, a strict upperboundfor the matchingscoremust
be used. In this section,we give the minimum upperboundscoresthat canbe derived for one-
dimensionalarraysconsistingof column pixel sums. Only the image-dependertermin (1) is
givenhere;thetemplatetermis evaluatedexactly. In thefollowing, we use!; to representhesum
of foregroundpixelsin the j** columnof theimage,andfj to representhearray of pixel sumsin
the j™ columnof each subtemplate 7' of templatel’. For bilevel templatesf,- is thesinglesumof
foregroundpixelsT; for thattemplate.

In section2.1 we give the column-basedeuristicupperboundat full resolution. Thenin sec-
tion 2.2 we perform subsampledipperboundcorvolutionsfor templatesat every locationz =
0,1, ... alongthetext line. Thisis calleda TemplateSubsamplingpr T-subsampling. Finally, in
section2.3we shav thatthe corvolution canbe performedat every m*” locationz = 0, m, 2m, ...,
andthatanupperboundheuristiccanbeinterpolatedetweerthesepoints. Thisis calledaninter-
polationSubsamplinger I-subsampling. If asubsampldéactorn is usedin the T-subsamplingnd
a subsampldactorm is usedin the I-subsamplingthe computatiorof the heuristicupperbound
is reducedby approximatelynm.

2.1 Full resolution heuristic scores

Placethe origin of templateff atlocationz = i. Thentheimage-dependemgartof the heuristic
scorefor the j** columnof templatel’ is givenby afilling function f:

H;(i) = f(Iiy;, T5) (5)
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For bilevel templates,

f(IH—ja T;) =N min(Iiﬂ', TJ) (6)

For multilevel templatesthe function f fills the subtemplatesvith ;. ; pixels, startingwith the
write-blacklevel k£ with largesty,. Pixelsareplacedin write-white levels (with negative ;) only
afterboththewrite-blackandbackgrounddon’t-care)levelshave beenfilled.

Thenthe heuristicscorefor a templatewith origin atatz = 7 is given by the one-dimensional
convolution

Hi) =3 Hy) @)

=0

~

2.2 Subsampled template convolution heuristic scores

We first considerT-subsamplingBy filtering andsubsamplingmageandcolumnsums,the num-
ber of operationsin the corvolution is reducedby the subsamplingactor The full resolution
heuristicscoreH is thenreplacedby a subsampledheuristicscoreS™ thatboundsit above. As-
sumea subsamplindgactorn = 2. Thefilter that givesthe smallestupperboundheuristicscore
is the min. This is easily seenfor bilevel templates.Considerthe contritution to H from two
adjacentolumns:

H;(i) + Hj1(2) = yi(min(Ziyy, T;) + min(Lig 41, Tjp1)) (8)

Becausethe min of sumsis greaterthan or equalto the sum of mins, an upperboundfor the
two-columnheuristicis

UZ(i) = vomin(Liyj + Liyjpr, Tj + Tjn) > H;(i) + Hjpa(4) 9

J

Storetheadjacenimagesumsin afull resolutionarray

P=15L+1,i=01,.. (10)

andthetemplatesumsfor atemplateof width w in a half-resolutionarray
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T} =T;+Tj41,§ =0,2,..,w—2 (11)

wherethe superscrip® indicateshe sumovertwo adjacentolumns.

Thesubsampledheuristicscoreis then

= > U;0) Z v min(I2,;, T7) (12)

j=0,2,... Jj=0,2,..

More generally for multilevel templateghe upperboundfor thetwo columnheuristicis

U (i) = f(I7 5, T5) (13)

wherethefilling function f is evaluatedasbefore exceptusmgpalrWlsesumsof imageandtem-
platecolumnpixels. The subsampletheuristicscorefor atemplatef]“2 atr =1iis

w—2 w—2
CHOEEDY uf = > f({ Zﬂ, ] (14)
7=0,2,... 7=0,2,...

This sumis performedfor eachlocationz = i, sothe reductionin computationis proportional
to the subsampldactorn. The extensionto subsampleaonvolution S™(i) by afactorn > 2 is
obvious.

2.3 Subsampled convolution with interpolation

With bothT- andl-subsamplingthefull resolutionheuristicis replacedoy a subsampledheuristic
scoreS™™ that boundsit from above. For simplicity, consideran I-subsamplingwith a factor
m = 2, in additionto a T-subsamplingvith factorn = 2. We wish to find the contribution from
two columnsj andj + 1 atbothlocationsi 4 5 andi + j + 1, usingonly a singletablelookup. For
bilevel templateswe have

Ui = max(UZ(i),U2(i+ 1)) (15)
= N max(min([fﬂ,T]z) mln(112+j+1ﬂ7}2)) (16)

= m min(max(lfﬂ,lfﬂﬂ) T?) (17)

77
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Defininga subsampledrray

I =max(I;, 17 ,41),1= 0,2, .. (18)
thedoublysubsampledipperboundheuristicscoreis then

w—2 w—2
52’2(1'):. UP(6) = Y, mmin(I}5,T7),i=0,2, ... (19)

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

Thescoreis evaluatedatevenlocationsr = ¢, andthevalueis replicatedo theoddlocationsusing
S2%2(3 — 1) for 4 odd. Hencethe computationis reducedby 4 comparedwith the full resolution
heuristicscore.Extensionto higherl-subsamplings®™ is obvious.

More generallyfor multilevel templatesvhereall levelsarewrite-black(y > 0), theupperbound
for thetwo-columnheuristicwith m = 2 subsamplings

U G) = F(I5,T)) (20)

i+50 g

andthe subsampletheuristicscoreis

w—2 w—2
S¥(i)= Y UG = Y fU35T),i=0,2... (21)
j:072>'-- j:0,2,...

Again,thesescoresarereplicatedo odd, andthe extensionto I-subsamplingvith afactorm > 2
is obvious. However, if thereexists a write-white level, I-subsamplingis not possiblebecause
the maximumscoreis not necessarilygiven by the maximumof the sumof pixelsin (18). For
example,with a spacecharactethathasonly write-white pixels,the upperboundwould be found
by minimizing, ratherthanmaximizing,the counts.

3 Discussion

In standardDID, without ICP, a matrix of exact matchingscoresis computedfor all templates
at all positions. For eachpixel positionacrossthe text line, matchingscoresare performedwith
32-bit alignedoperationsetweeneachof the (32-bit aligned)templatesanda buffer into which
a fragmentof the imagestartingat that pixel positionhasbeenplaced. After eachpair of 32-bit
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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.

wordsis ANDed, table lookup is usedto determinethe numberof ON pixels. The resultsare
weightedfor eachsub-templatdy the appropriatey factorfor thatlevel.

It hasbeenpreviously describedow thecontribution of acolumnof templatepixelsto theheuristic
scorefor that templateat any location can be found from a single table lookup, regardlessof
the numberof levelsin the template[4]. As in [4], we alsouseincremental Viterbi, wherethe
forwardViterbi trellis is prunedto follow theresultin the previousiteration(skip-mode) whenerer
possible Whennotin skip-mode the possibility thateachtemplatecanbe placedat eachlocation
is computedthisis calledslow-mode. We alsorescoretwo nodesadjacento thosefoundfor the
bestpath,asthis wasfoundto significantlyreducethe numberof Viterbi iterationswith negligible
computationabverheadandrescoringmorethantwo nodesgiveslittle improvement. With this
method,ICP line decodings about30x fasterthancomputingexactmatchingscores.

With both T andl subsamplingthe contribution of n columnsof the templateto an upperbound
heuristicatary of m differentadjacentocationscanalsobefoundby asingletablelookup,giving
anapproximateeductionin heuristiccomputationby a factorof nm. Of course the subsampled
boundis lesstight, and more Viterbi iterationsare requiredfor corvergence. Herewe shov the
trade-of betweerheuristiccomputatiorandViterbi iterations.

Table 1 shaws the computationrequiredfor decodinga typical line of text usingDID with ICP,
for differenttemplatesubsamplingfactorsn. The text line has85 charactersjncluding white
spaceandawidth of 1960pixels. Themodelhas3294-level templatespf which oneof thethree
subtemplatess write-white. An exacttemplatematchthenrequires3 bilevel matchesandthe
nodescoreis takenfor the bestverticalalignmentamong5 vertical positionsof the templatenear
thebaselineapproximately60 nodescanberescoredn 1 msec.All timesareon a programbuilt
with the GNU C compiler runningon a 600 MHz Pentiumilll.
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TemplateandInterpolationsubsamplingactors(n,m)
@110 21 31| 12 2,2 32| (1,3

Rescored nodes 3079| 4533 | 6709| 13720| 17718| 22678| 38929
Viterbi iterations 18 25 36 80 105 137 254
Fraction in skip mode 0.36| 0.34| 0.31| 0.22, 0.21| 0.21| O.17

Fraction in slow mode 0.64| 0.66| 0.69| 0.78, 0.79| 0.79| 0.83
Heuristic scoretime(sec) | 0.61| 0.35| 0.26| 0.33| 0.20| 0.16| 0.24
Rescore node time (sec) 0.05( 0.07| 0.11| 0.23| 0.29| 0.33| 0.64

Viterbi time (sec) 0.58| 0.83| 1.22| 2.96| 3.92| 5.11| 9.90
Rescore + Viterbi time 0.63| 0.90| 1.33| 3.19| 4.25| 5.44| 10.54
Total time (sec) 124 1.25| 1.61| 3.42| 4.45| 560| 10.78

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. Thisis given for pairs (n = template subsampling, m =
score interpolation).

Without templatesubsamplingheuristicscoringtakesabouttwice aslong asViterbi. With n = 2

subsamplingthe heuristicscoretime is reduced,the numberof iterationsand rescorednodes
increasesthe balancebetweenheuristicand Viterbi computationis improved, and the overall

decodingtimeis decreased-or n > 2, theincreasen the numberof Viterbi iterationscancelghe
furtherimprovementn heuristiccomputationandthe overall decodingime increases.

Table2 shovsthe computatiorrequiredfor decodinghesamdine of text with ICP usinga 3-level
template,composedf the two write-blacksubtemplates the 4-level templateusedabove. The
pixelsin the write-white templateare put into the backgroundas“don’t care”. The performance
is given for variouscombinations(n, m) of templatesubsampling: and scoreinterpolationm
factors.

Comparingtheresultsin Table1 andthefirst 3 columnsin Table2, we seethatwithout the write-
white subtemplatethe heuristicupperboundis poorer and the numberof Viterbi iterationsis
larger. Further with the 3-level template, T-subsamplingor n = 2 produceso appreciablem-
provement. Most importantly Table 2 demonstratethat the upperboundwith I-subsamplings
very poor, andcauses significantincreasan the numberof Viterbi iterationsto achiese corver-
gence.Furthermorethoseiterationsspenda greaterfractionin slovw mode,againindicatingthat
the bestpathduringmostof theseiterationsis far from the true MAP path. (Of course at corver
gencethesameMAP decodings ultimatelyfound,becausell heuristicsaretrue upperbounds.)
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4 Conclusions

UsingICP withouttemplateor interpolationsubsamplingndfor atypical line of text, abouttwo-

thirds of the computationis in the heuristicscoring,aboutone-thirdis in the dynamicprogram-
ming, andthe decodingtime for a2000pixel wide columnof text using4-level templatess about
2.5 msec/templateT-subsamplindy n = 2 givesa smallimprovementin the efficiency of aline

decoderover the non-subsamplethethod. The heuristicupperboundsaremuchtighterfor mul-

tilevel templateghatinclude at leastone write-white level; consequentlythe numberof Viterbi

iterationsis significantly reducedfor suchtemplatesover thosewith only write-black subtem-
plates.This factormitigatesagainstusing I-subsamplingpbecausehereis no usefulupperbound
heuristicfor multilevel templateswith write-white subtemplatesFurthermoreJ-subsamplings

not practical,becauseof the greatincreasean Viterbi iterationsthat resultsfrom a significantly
looserupperboundin the heuristic.
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