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Abstract

It hasbeenshown thatthecomputationtimeof DocumentImageDecodingcanbesignificantly
reducedby employing heuristicsin thesearchfor thebestdecodingof a text line. In the Iterated
CompletePath (ICP) method,templatematchesareperformedonly alongthe bestpathfoundby
dynamicprogrammingoneachiteration.Whenthebestpathstabilizes,thedecodingis optimaland
nomoretemplatematchesneedbeperformed.In thisway, only a tiny fractionof potentialtemplate
matchesmustbe evaluated,andthecomputationtime is typically dominatedby theevaluationof
theinitial heuristicupper-boundfor eachtemplateateachlocationin theimage.

The time to computethis bounddependson the resolutionat which the matchingscoresare
found. At lower resolution,the heuristiccomputationis reduced,but becausea weaker boundis
used,the numberof Viterbi iterationsis increased.We presenttheoptimal (lowestupper-bound)
heuristicfor any degreeof subsamplingof multilevel templateand/orinterpolation,for usein text
line decodingwith ICP. The optimal degreeof subsamplingdependson imagequality, but it is
typically found that a small amountof templatesubsamplingis effective in reducingthe overall
decodingtime.

Keywords: documentimagedecoding,dynamicprogramming,Viterbi, heuristicsearch,opticalchar-
acterrecognition,iteratedcompletepath,MAP, templatematching,subsampling
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1 Introduction to DID with ICP

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. In this introduction,we give a quick review of the fundamentalparametersand
equationsfor a DID line decoder, andthendescribethe Iterated Complete Path (ICP) algorithm. In
Section2 wedescribesimpleheuristicboundsfor full-resolutionandfor subsampledconvolution,both
without andwith interpolation.Thenin Section3 we show thecomputationalefficiency for ICP line
decodingasa functionof subsamplingandinterpolationparameters.

1.1 DID with Multilevel templates

Kopec[5] usedmultilevel charactertemplates
�

, wherethepixelsin eachtemplateareassignedto one
of several (disjoint) sub-templates

�������
. Level ���
	 is the background;�
� is the probability that a

backgroundpixel is OFF in theobservedimage.For thesub-templates
��������� ����	 , theparameters� �

give theprobabilitythata pixel is ON. For a write-black sub-template,a pixel is morelikely to beON
thanfor the background;hence,� � ���������
��� . In a write-white subtemplate,� ��� �������
��� . For
an  -level template,the  !�"� non-backgroundlevelscontribute to the log normalized likelihood of
observinganimage # whena template

�
is printed:
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where 3=<>3 denotesthenumberof 1’s in < ,
4

is thebitwiseand operator, andfor levels �?�@	
2 � � ACBED �
��� ������F�
�G�H�����F� � � (3)

8-� � ACBED �I�J� ��
� (4)

Note that the background level is treatedasdon’t care; the write-black levels � have
2 � �K	 and8-�
� 	 ; andthewrite-whitelevelshave

2 �L� 	 and 8-� ��	 . For write-blacksub-templates,
$ �%#M& � �N��� �

increaseswith thenumberof blackpixels that fall under
� �N���

, whereasfor write-whitesub-templates,$ �0#O& �P�N��� � is maximalwhenno blackpixelsfall under
�P�N���

.



initialize scorearraywith upper-boundheuristicsQSR 	 , score(	 ) R 	
do QSR Q 6 �

find bestpathusingViterbi oncurrentscorearray
score(

Q
)
R

scoreof thatbestpath
rescorearrayalongbestpath

until: score(
Q
) = score(

Q �@� )
Figure 1: Algorithm for ICP with upper-bound heuristic

KopecandChou[1] showed that with a simpleMarkov source,correspondingto a unigramlan-
guagemodelwherethe priors on the templatesare independentof history, a MAP path for the line
decoderis foundby solving the recursive equationfor the MAP function T at successive pixel loca-
tions U asa functionof thelikelihoodsat previouspixel positions.With theprior transitionprobabilityVEW for a transitionX thatincludesamatchingscorefor a template

� W accompaniedby a translationY W ,
TZ�[U\�]�(^`_baW[c d+e /gf
h Ti�jUk�JY W � 6 AlBED VEW 6 $ �0#O& � W�m Un�FY Wjo �=p (5)

wherethe maximumis taken over all transitionsoriginatingfrom the templateorigin at Uq�rY W and
whoseright side s W is locatedat U . The computationof the multilevel templatematchscores

$ �%#
&� Wtm U o � is foundfrom (2).
We assumethatasa pre-processingstep,thebaselinesfor eachtextline have beenidentified,asin

Chenetal., [3], andaretypically within onepixel of thecorrectverticallocationatall pointsalongthe
text line.

1.2 DID with ICP heuristics

The ICP methodwasfirst usedin DID by Kam andKopec[2, 4]. A heuristicupperboundon the
scorefrom acompleteline wasusedto reducethecomputationfor separablemodels,wherea2D page
imagecanbe decodedasa sequenceof 1D line decoders.The heuristicallowed themto locatethe
approximatepositionof eachtext line, wherefull line decodingswerethenperformed.Recently, the
ICP methodhasbeenusedin DID to reducethe decodingcomputationof eachline [6]. Given an
upper-boundheuristic,theICPalgorithmfor line decodingis asshown in Figure1.

In therescoringoperation,theactualtemplatematchscoreis foundat typically five verticalposi-
tionsaroundthenominalbaseline,andthe largestscoreis insertedin thescorearray. Also, to reduce
thenumberof iterations,thetemplateis alsomatchedin thevicinity of thenode,typically for onepixel
on eachside,andthe rescoredvaluesareinsertedin the scorearray. Otherwise,a new pathis likely
to befoundwith thesametemplatein a neighboringU location,becauseit is usingthe(usuallylarger)



setskip-modeON
for eachU from 	 to uh

if skip-modeis ON,
if wehit a rescorednode,

setskip-modeOFF
Icount

R 	
otherwiseif skip-modeis OFF

if Ywv��jU\�x�yYwv��jUn�z�{� ,
Icount

R
Icount 6 �

if Icount �@YP|S} f
setskip-modeON

else
Icount

R 	 (reset)p
Figure 2: Algorithm for Incremental Viterbi

heuristicvaluein evaluatingpathsgoing throughtheneighboringnodes.It is alsoimportantto mark
whichnodesin thearrayhavebeenrescored,sothatthesamenodeis not rescoredmorethanonce.

1.3 DID with Incremental Viterbi

With ICP, and the reductionof the computationfor the scorearray, the Viterbi iterationsbecomea
significantfactorin theoverall computationtime, becausefor ~ templates,a comparisonis required
of ~ scoresat eachpixel location U in theforwarddirection. As iterationsproceed,andconvergence
is approached,changesbecomehighly localized,andmuchof the bestpathremainsinvariant. It is
shown in [6] thatit is possibleto identify thosepartsof thebest paththatwill not differ in thecurrent
iterationfrom the previous one,andfor suchregions, the forward best-pathsearchcanbe placedin
skip-mode, wherethebesttransitionsfrom thepreviousiterationareretained,andthepartialpathscore
is updatedwith anadditive constant,referredto below as Ywv . Thecriterionfor enteringskip-mode is
thatthedifferencein partialscoresbetweenthepreviousandcurrentiterations,YPv , doesn’t changefor
adistanceequalto thelargestcharactersetwidth,YP|S} f . Whenarescorednodeis encountered,wemust
leave skip-mode andenterslow-mode. Eachtext line canbegin in skip-mode, andmakesa transition
to slow-mode whenthefirst rescorednodeis reached.Useof incrementalViterbi typically reducesthe
Viterbi computationby abouta factorof two. The control logic for incrementalViterbi is shown in
Figure2.



2 Heuristic Upper Bounds

To guaranteethataMAP pathwill befound,astrictupper-boundfor thematchingscoremustbeused.
In thissection,wegivetheminimumupper-boundscoresthatcanbederivedfor one-dimensionalarrays
consistingof columnpixel sums.Only theimage-dependenttermin (2) is givenhere;thetemplateterm
is evaluatedexactly. In the following, we use �;� to representthe sumof foregroundpixels in the � W��
columnof theimage,and �� � to representthearray of pixel sumsin the � W�� columnof each subtemplate�

of template �� . For bilevel templates, �� � is thesinglesumof foregroundpixels
� � for thattemplate.

In section2.1wegivethecolumn-basedheuristicupper-boundatfull resolution.Thenin section2.2
we performsubsampledupper-boundconvolutionsfor templatesat every location U>�K	 � � �H�C��� along
thetext line. This is calledaTemplateSubsampling,or T-subsampling. Finally, in section2.3weshow
thattheconvolutioncanbeperformedatevery � W�� location U���	 � � ��� � ������� , andthatanupper-bound
heuristiccanbe interpolatedbetweenthesepoints. This is calledan InterpolationSubsampling,or I-
subsampling. If asubsamplefactor � is usedin theT-subsamplingandasubsamplefactor � is usedin
theI-subsampling,thecomputationof theheuristicupper-boundis reducedby approximately��� .

2.1 Full resolution heuristic scores

Placetheorigin of template �� at location UZ� Q
. Thentheimage-dependentpartof theheuristicscore

for the � W�� columnof multilevel template �� is givenby a filling function � :� ��� Q �x�����[������� � �� �G� (6)

For multilevel templates,thefunction � fills thesubtemplateswith ������� pixels,startingwith thewrite-
blacklevel � with largest

2+�
. Pixelsareplacedin write-whitelevels(with negative

2+�
) only afterboth

thewrite-blackandbackground(don’t-care)levelshavebeenfilled.
For bilevel templates,thecontribution from the � W�� columnto theheuristicscoreis simply� ��� Q �x� 2 , ^��l�L�[������� � � �G� (7)

Then the heuristicscorefor a templatewith origin at at U�� Q
is given by the one-dimensional

convolution

� � Q �]� � /g� *-,.� / � � ��� Q � (8)

2.2 Subsampled template convolution heuristic scores

Wefirst considerT-subsampling.By filtering andsubsamplingimageandcolumnsums,thenumberof
operationsin theconvolution is reducedby thesubsamplingfactor. Thefull resolutionheuristicscore�

is thenreplacedby a subsampledheuristicscore �?� that boundsit above. Assumea subsampling
factor � � �

. Thefilter thatgivesthesmallestupper-boundheuristicscoreis the � Q � . This is easily
seenfor bilevel templates.Considerthecontribution to

�
from two adjacentcolumns:



� �¡� Q � 6 � �t� , � Q �x� 2 , �¢^��l���¢�G����� � � �G� 6 ^`�C�L�¢�G�����£� , � � �£� , �t� (9)

Becausethemin of sumsis greaterthanor equalto thesumof mins,anupper-boundfor thetwo-
columnheuristicis ¤¦¥

� � Q �x� 2 , ^��l�L�[������� 6 �G�����£� , � � � 6 � �£� , �¨§ � �b� Q � 6 � �t� , � Q � (10)

Storetheadjacentimagesumsin a full resolutionarray

�
¥
��© �G� 6 �G��� , � Q �y	 � � �����C� (11)

andthetemplatesumsfor a templateof width u in ahalf-resolutionarray� ¥� © � � 6 � �£� , � ����	 �=�ª�����C��� uz� � (12)

wherethesuperscript
�

indicatesthesumover two adjacentcolumns.
Theupper-boundfor thetwo-columnheuristicis¤«¥

� � Q �x� 2 , ^`�C�L�[�
¥
����� � �

¥
� � (13)

andthesubsampledheuristicscoreis then

�
¥
� Q �x� � * ¥.� / �£¬ ¥ ¬®­®­®­

¤ ¥
� � Q �x� � * ¥.� / �£¬ ¥ ¬®­®­®­ 2 , ^`�C�L�[�

¥
����� � �

¥
� � (14)

More generally, for multilevel templatestheupper-boundfor thetwo columnheuristicis¯ ¥� � Q �x���?�¢�
¥
�°��� � ��

¥
� � (15)

wherethefilling function � is evaluatedasbefore,exceptusingpairwisesumsof imageandtemplate
columnpixels.Thesubsampledheuristicscorefor a template ��

¥
at U±� Q is

�
¥
� Q �]� � * ¥.� / �£¬ ¥ ¬®­®­®­ ¯

¥
� � Q �x� � * ¥.� / �£¬ ¥ ¬®­®­®­ �?�¢�

¥
�°��� � ��

¥
� � (16)

This sumis performedfor eachlocation U7� Q
, so thereductionin computationis proportionalto

thesubsamplefactor � . Theextensionto subsampledconvolution � � � Q � by a factor �²� � is obvious.

2.3 Subsampled convolution with interpolation

With both T- and I-subsampling,the full resolutionheuristicis replacedby a subsampledheuristic
score� � ¬ | thatboundsit from above. For simplicity, consideranI-subsamplingwith a factor �³� �

,
in additionto aT-subsamplingwith factor �´� � . Wewish to find thecontribution from two columns�
and � 6 � at bothlocations

Q 6 � and
Q 6 � 6 � , usingonly asingletablelookup.For bilevel templates,

using(13),andinterchangingthe � Q � and � V U operations,wehave
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¤ ¥
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¤ ¥
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¥
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¥
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¥
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Definingasubsampledarray

�
¥ ¬ ¥����� © ^`_baµ�¢�

¥
����� � �

¥
�����t� , � � Q �y	 ���ª�H�C��� (19)

thedoublysubsampledupper-boundheuristicscoreis then

�
¥ ¬ ¥ � Q �(� � * ¥.� / �£¬ ¥ ¬®­®­®­

¤ ¥ ¬ ¥� � Q � (20)

� � * ¥.� / �£¬ ¥ ¬®­®­®­ 2 , ^��l���¢�
¥ ¬ ¥����� � �

¥
� � � Q ��	 ���ª�H�C��� (21)

The score �
¥ ¬ ¥ � Q � is evaluatedat even locationsfor U@� Q

, andthe valueis replicatedto the odd
locationsat U·� Q ��� . Hencethe computationis reducedby 4 comparedwith the full resolution
heuristicscore.Extensionto higherI-subsampling�

¥ ¬ | is obvious.
More generally, for multilevel templateswhereall levelsarewrite-black(

2 ��	 ), theupper-bound
for thetwo-columnheuristicwith �¸� � subsamplingis¯ ¥ ¬ ¥� � Q �]�����[�

¥ ¬ ¥����� � ��
¥
� � (22)

andthesubsampledheuristicscoreis

�
¥ ¬ ¥ � Q ��� � * ¥.� / �£¬ ¥ ¬®­®­®­ ¯

¥ ¬ ¥� � Q � (23)
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¥
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Again, thesescoresarereplicatedto odd
Q
, andtheextensionto I-subsamplingwith a factor �¹� �

is obvious. However, if thereexists a write-white level, I-subsamplingis not possiblebecausethe
maximumscoreis not necessarilygivenby themaximumof thesumof pixels in (19). For example,
with aspacecharacterthathasonly write-whitepixels,theupper-boundwouldbefoundby minimizing,
ratherthanmaximizing,thecounts.

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



alignedoperationsbetweeneachof the(32-bitaligned)templatesandabuffer into whichafragmentof
theimagestartingatthatpixelpositionhasbeenplaced.After eachpairof 32-bitwordsis ANDed,table
lookupis usedto determinethenumberof ON pixels. Theresultsareweightedfor eachsub-template
by theappropriate

2
factorfor thatlevel.

It hasbeenpreviouslydescribedhow thecontributionof acolumnof templatepixelsto theheuristic
scorefor thattemplateatany locationcanbefoundfrom asingletablelookup,regardlessof thenumber
of levels in the template[6]. In brief, for eachtemplate,a two-dimensionallookup tableis generated
that gives the heuristicscorefor eachcolumn in a multilevel templateasa function of the number
of ON pixels that may be placedin the column. Oncegenerated,this table is usedwith the actual
numberof pixels in the imagecolumn(or columns,dependingon thedegreeof subsampling)to find
thecontribution to theheuristictemplatescoreat that location. Whereasthecomputationof theexact
matchingscorefor a templateis proportionalto thenumberof sub-templates,thecomputationof the
heuristicscoreby lookuptableis independentof thenumberof sub-templates.

As in [6], weuseincremental Viterbi, wheretheforwardViterbi trellis is prunedto follow theresult
in theprevious iteration(skip-mode) whenever possible.Whennot in skip-mode,thepossibility that
eachtemplatecanbeplacedateachlocationis computed;this is calledslow-mode. Wealsorescoretwo
nodesadjacentto thosefound for thebestpath,asthis wasfound to significantlyreducethe number
of Viterbi iterationswith negligible computationaloverhead,andrescoringmorethantwo nodesgives
little improvement. With this method,ICP line decodingis about30x fasterthan computingexact
matchingscores.

With bothT andI subsampling,thecontribution of � columnsof the templateto anupper-bound
heuristicat any of � differentadjacentlocationscanalsobefoundby a singletablelookup,giving an
approximatereductionin heuristiccomputationby a factorof ��� . Of course,thesubsampledboundis
lesstight,andmoreViterbi iterationsarerequiredfor convergence.Hereweshow thetrade-off between
heuristiccomputationandViterbi iterations.

Table1 shows thecomputationrequiredfor decodinga typical line of text usingDID with ICP, for
differenttemplatesubsamplingfactors� . Thetext line has85 characters,includingwhite space,anda
width of 1960pixels. Themodelhas3294-level templates,of which oneof thethreesubtemplatesis
write-white. An exact templatematchthenrequires3 bilevel matches,andthenodescoreis takenfor
thebestverticalalignmentamong5 verticalpositionsof thetemplatenearthebaseline;approximately
60nodescanberescoredin 1 msec.All timesareonaprogrambuilt with theGNU C compiler, running
on a600MHz PentiumIII.
Without templatesubsampling,heuristicscoringtakesabouttwice as long asViterbi. With �·� �
subsampling,theheuristicscoretimeis reduced,thenumberof iterationsandrescorednodesincreases,
the balancebetweenheuristicandViterbi computationis improved,andthe overall decodingtime is
decreased.For �²� � , theincreasein thenumberof Viterbi iterationscancelsthefurtherimprovement
in heuristiccomputation,andtheoveralldecodingtime increases.

In Tables2 and3, we show thecomputationrequiredfor decodingthesameline of text with ICP
usinga 3-level template,composedof the two write-blacksubtemplatesin the 4-level templateused
above. Thepixelsin thewrite-whitetemplateareput into thebackgroundas“don’t care”. Theperfor-
manceis givenfor combinations�¢� � ��� of templatesubsampling� andscoreinterpolation� factors,
where�¸��� in Table2 and �¸� � in Table3.
Comparingtheresultsin Table1 with thosein Table2,weseethatwithoutthewrite-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 score time (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 andI 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 score time (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. This is given for pairs (n = template subsampling, m = 1 =
score interpolation).



T andI factors(n,m)
(1,2) (2,2) (3,2)

Rescored nodes 13720 17718 22678
Viterbi iterations 80 105 137
Fraction in skip mode 0.22 0.21 0.21
Fraction in slow 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
Viterbi 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. This is given for pairs (n = template subsampling, m = 2 =
score interpolation).

theheuristicupperboundis poorer, andthenumberof Viterbi iterationsis larger. Further, with the3-
level template,T-subsamplingfor �·� �

producesno appreciableimprovement. Most importantly,
Table3 shows thattheupper-boundwith I-subsamplingis very poor, andcausesa significantincrease
in thenumberof Viterbi iterationsto achieveconvergence.Furthermore,thoseiterationsspendagreater
fractionin slow mode,againindicatingthatthebestpathduringmostof theseiterationsis far from the
trueMAP path. (Of course,at convergencethesameMAP decodingis ultimately found,becauseall
heuristicsaretrueupper-bounds.)

4 Conclusions

UsingICPwithout templateor interpolationsubsamplingandfor atypical line of text, abouttwo-thirds
of thecomputationis in theheuristicscoring,aboutone-thirdis in thedynamicprogramming,andthe
decodingtimefor a2000pixel widecolumnof text using4-level templatesis about2.5msec/template.
T-subsamplingby �F� �

givesa small improvementin theefficiency of a line decoder, over thenon-
subsampledmethod.Theheuristicupper-boundsaremuchtighterfor multilevel templatesthatinclude
at leastonewrite-white level; consequently, the numberof Viterbi iterationsis significantlyreduced
for suchtemplatesoverthosewith only write-blacksubtemplates.This factormitigatesagainstusingI-
subsampling,becausethereis nousefulupper-boundheuristicfor multilevel templateswith write-white
subtemplates.Furthermore,I-subsamplingis not practical,becauseof the greatincreasein Viterbi
iterationsthatresultsfrom asignificantlylooserupper-boundin theheuristic.



References

[1] G. KopecandP. Chou,“DocumentimagedecodingusingMarkov sourcemodels”,IEEE Trans.
Pattern Analysis and Machine Intelligence, vol. 16,no.6, June,1994,pp.602–617.

[2] A. Kam andG. Kopec,“Separablesourcemodelsfor documentimagedecoding”,in Document
Recognition II, L. VincentandH. Baird,editors,Proc.SPIEvol. 2422,pp.84–97,1995.

[3] F. Chen,D. Bloomberg andL. Wilcox, “Spotting phrasesin lines of imagedtext”, Document
Recognition II, L. VincentandH. Baird,editors,Proc.SPIEvol. 2422,pp.256–269,1995.

[4] A. Kam andG. Kopec,“Documentimagedecodingby heuristicsearch,” IEEE Trans. Pattern
Analysis and Machine Intelligence, vol. 18,no.9, Sept.1996,pp.945-950.

[5] G. Kopec,“Multile vel charactertemplatesfor documentimagedecoding”in Document Recogni-
tion IV, L. VincentandJ.Hull, editors,Proc.SPIEvol. 3027,pp.168–179,1997.

[6] T. Minka, D. Bloomberg andK. Popat,“Documentimagedecodingusingiteratedcompletepath
search”in Document Recognition and Retrieval VIII, P. Kantor, D. LoprestiandJ.Zhou,editors,
Proc.SPIEvol. 4307,pp.250–258,2001.


