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Abstract

It hasbeenshown that the computationtime of DocumentImageDecodingcanbe sig-
nificantly reducedby employing heuristicsin the searchfor the bestdecodingof a text line.
In the IteratedCompletePath (ICP) method,templatematchesareperformedonly alongthe
bestpath found by dynamicprogrammingon eachiteration. Whenthe bestpathstabilizes,
thedecodingis optimalandno moretemplatematchesneedbeperformed.In this way, only
a tiny fraction of potentialtemplatematchesmustbe evaluated,andthecomputationtime is
typically dominatedby theevaluationof theinitial heuristicupper-boundfor eachtemplateat
eachlocationin theimage.

Thetimeto computethisbounddependsontheresolutionatwhichthematchingscoresare
found.At lower resolution,theheuristiccomputationis reduced,but becausea weaker bound
is used,thenumberof Viterbi iterationsis increased.We presenttheoptimal (lowestupper-
bound)heuristicfor any degreeof subsamplingof multilevel templateand/orinterpolation,
for usein text line decodingwith ICP. Theoptimaldegreeof subsamplingdependson image
quality, but it is typically found that a small amountof templatesubsamplingis effective in
reducingtheoverall decodingtime.�
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1 Introduction to DID with ICP

In theDocument Image Decoding (DID) approachof KopecandChou[1], a modelof thegener-
ation processis combinedwith a noisemodelto allow determinationof a maximum a posteriori
(MAP) message(decoding)given an observed image. The modelof the generationprocessin-
cludestemplatesfor the possibleprintedcharacters,a languagemodelspecifyinga prior on the
templatesor sequencesof templates,a setwidthparameterfor eachtemplatedescribingits width,
andagrammarthatdescribesthesyntaxof sequencesof printedcharacters.Thesimplestgrammar
is a finite statemachinefor a line of text, specifiedby a startnode,an endnode,anda printing
nodethat loopsbackto itself aseachcharacteris printed. In this introduction,we give a quick
review of the fundamentalparametersandequationsfor a DID line decoder, and thendescribe
theIterated Complete Path (ICP) algorithm.In Section2 we describesimpleheuristicboundsfor
full-resolutionandfor subsampledconvolution,bothwithoutandwith interpolation.Thenin Sec-
tion 3 we show thecomputationalefficiency for ICP line decodingasa function of subsampling
andinterpolationparameters.

1.1 DID with Multilevel templates

Kopec[3] usedmultilevel charactertemplates
�

, wherethepixelsin eachtemplateareassignedto
oneof several (disjoint) sub-templates

�������
. Level 	�

� is thebackground;��� is theprobability

that a backgroundpixel is OFF in the observed image. For the sub-templates
��������� 	���� , the

parameters� � give the probability that a pixel is ON. For a write-black sub-template,a pixel is
morelikely to beON thanfor thebackground;hence,� � ������������� . In awrite-white subtemplate,� ��� ��� �!�"�#� . For an N-level template,the N-1 non-backgroundlevels contribute to the log
normalized likelihood of observinganimage $ whena template

�
is printed:

% �&$(' � �)
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where 7BAC7 denotesthenumberof 1’s in A ,
8

is thebitwiseand operatorandfor levels 	��D�
6 � 
 EGFIH ����� ����J�K���#�L���J�K� � � (2)
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 EGFIH �M�N� ���� (3)

Note that the background level is treatedasdon’t care; the write-blacklevels 	 have
6 � �
� and;.��� � ; and the write-white levels have

6 ��� � and ;.� �O� . For write-black sub-templates,% �1$(' � �>��� � increaseswith thenumberof blackpixelsthatfall under
� �����

, whereasfor write-white
sub-templates,

% �&$2' ������� � is maximalwhenno blackpixelsfall under
� �>���

.

KopecandChou[1] showedthatwith a simpleMarkov source,correspondingto a unigramlan-
guagemodelwherethepriorson thetemplatesareindependentof history, aMAP pathfor theline
decoderis found by solving the recursive equationfor the MAP function P at successive pixel
locations Q asa function of the likelihoodsat previous pixel positions. With the prior transition
probability RTS for a transitionU thatincludesamatchingscorefor a template

� S accompaniedby a
translationV S ,

PW�XQY�Z
 []\_^SX` a=b 0dc�e PW�XQ3�fV S1� 9 EGFIHgRIS 9 % �&$(' � SihjQ]�fV Slkl�Bm (4)

wherethe maximumis taken over all transitionsoriginatingfrom the templateorigin at QW�nV S
andwhoseright side opS is locatedat Q . Thecomputationof themultilevel templatematchscores% �1$(' � S�h Q.kl� is foundfrom (1).

We assumethatasapre-processingstep,thebaselinesfor eachtextline havebeenidentified,asin
Chenetal., [2], andaretypically within onepixel of thecorrectverticallocationatall pointsalong
thetext line.

1.2 DID with ICP heuristics

The ICP methodin DID hasrecentlybeendescribedin [4]. Givenanupper-boundheuristic,the
ICP algorithmfor line decodingis asshown in Figure1.

In the rescoringoperation,the actualtemplatematchscoreis foundat typically five verticalpo-
sitionsaroundthe nominalbaseline,andthe largestscoreis insertedin the scorearray. Also, to
reducethenumberof iterations,thetemplateis alsomatchedin thevicinity of thenode,typically
for onepixel oneachside,andtherescoredvaluesareinsertedin thescorearray. Otherwise,anew
pathis likely to be foundwith thesametemplatein a neighboringQ location,becauseit is using
the(usuallylarger)heuristicvaluein evaluatingpathsgoingthroughtheneighboringnodes.It is
alsoimportantto markwhich nodesin thearrayhave beenrescored,sothat thesamenodeis not
rescoredmorethanonce.
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initialize scorearraywith upper-boundheuristicsqsr � , score(� ) r �
do qsr q 9 �

find bestpathusingViterbi oncurrentscorearray
score(

q
)
r

scoreof thatbestpath
rescorearrayalongbestpath

until: score(
q
) = score(

q �t� )
Figure 1: Algorithm for ICP with upper-bound heuristic

2 Heuristic Upper Bounds

To guaranteethat a MAP pathwill be found, a strict upper-boundfor the matchingscoremust
be used. In this section,we give the minimum upper-boundscoresthat canbe derived for one-
dimensionalarraysconsistingof column pixel sums. Only the image-dependentterm in (1) is
givenhere;thetemplatetermis evaluatedexactly. In thefollowing, weuseuwv to representthesum
of foregroundpixelsin the x Szy columnof theimage,and {| v to representthearray of pixel sumsin
the x Szy columnof each subtemplate

|
of template {| . For bilevel templates,{| v is thesinglesumof

foregroundpixels
| v for thattemplate.

In section2.1 we give the column-basedheuristicupper-boundat full resolution. Then in sec-
tion 2.2 we performsubsampledupper-boundconvolutions for templatesat every location Q}
� � � ��~G~�~ alongthe text line. This is calleda TemplateSubsampling,or T-subsampling. Finally, in
section2.3weshow thattheconvolutioncanbeperformedatevery � Szy location Q�
}� � � ��� � ��~�~G~ ,
andthatanupper-boundheuristiccanbeinterpolatedbetweenthesepoints.This is calledanInter-
polationSubsampling,or I-subsampling. If asubsamplefactor � is usedin theT-subsamplingand
a subsamplefactor � is usedin theI-subsampling,thecomputationof theheuristicupper-bound
is reducedby approximately��� .

2.1 Full resolution heuristic scores

Placetheorigin of template {| at location Qf
 q . Thenthe image-dependentpartof theheuristic
scorefor the x Szy columnof template {| is givenby afilling function � :

� v�� q ��
����Xu��z�Tv � {| v#� (5)
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For bilevel templates,

���Xu��z�Tv � {| v#��
 6 - [3�G����u#�z�Tv � | v�� (6)

For multilevel templates,the function � fills the subtemplateswith u��z�Tv pixels, startingwith the
write-blacklevel � with largest

6=�
. Pixelsareplacedin write-whitelevels(with negative

6,�
) only

afterboththewrite-blackandbackground(don’t-care)levelshavebeenfilled.

Thenthe heuristicscorefor a templatewith origin at at Q�
 q is given by the one-dimensional
convolution

� � q ��
 v 0d�
+.-/

v 0 �
� v�� q � (7)

2.2 Subsampled template convolution heuristic scores

We first considerT-subsampling.By filtering andsubsamplingimageandcolumnsums,thenum-
ber of operationsin the convolution is reducedby the subsamplingfactor. The full resolution
heuristicscore

�
is thenreplacedby a subsampledheuristicscore ��� thatboundsit above. As-

sumea subsamplingfactor �C
 � . The filter thatgivesthe smallestupper-boundheuristicscore
is the [)��� . This is easilyseenfor bilevel templates.Considerthe contribution to

�
from two

adjacentcolumns:

� v�� q � 9 � vi� - � q ��
 6 - ��[)������u#�z�Tv � | v#� 9 [3�G����u#�z�Tvw� - � | vw� - �i� (8)

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

���v � q ��
 6 - [)�����Xu��z�Tv 9 u#�z�Tvw� - � | v 9 | vw� - � � � v¡� q � 9 � vi� - � q � (9)

Storetheadjacentimagesumsin a full resolutionarray

u ��£¢ u#� 9 u#�z� - � q 
!� � � ��~�~G~ (10)

andthetemplatesumsfor a templateof width ¤ in ahalf-resolutionarray
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|M�v�¢ | v 9 | vw� - � x�
}� �B�=��~�~G~�� ¤D� � (11)

wherethesuperscript
�

indicatesthesumover two adjacentcolumns.

Thesubsampledheuristicscoreis then

� � � q ��
 � + �/
v 0 �w¥ � ¥j¦j¦j¦

� �v � q ��

� + �/
v 0 �w¥ � ¥j¦j¦j¦

6 - [3�G���Xu ��z�Tv � | �v � (12)

More generally, for multilevel templatestheupper-boundfor thetwo columnheuristicis

§¨�v � q ��
�����u ��©�Tv � {|p�v � (13)

wherethefilling function � is evaluatedasbefore,exceptusingpairwisesumsof imageandtem-
platecolumnpixels.Thesubsampledheuristicscorefor a template {| � at Q�
 q is

� � � q ��
 � + �/
v 0 �w¥ � ¥j¦j¦j¦

§ª�v � q ��

� + �/
v 0 �w¥ � ¥j¦j¦j¦ ����u

��©�Tv � {|p�v � (14)

This sumis performedfor eachlocation QD
 q , so the reductionin computationis proportional
to the subsamplefactor � . The extensionto subsampledconvolution ���d� q � by a factor �}� � is
obvious.

2.3 Subsampled convolution with interpolation

With bothT- andI-subsampling,thefull resolutionheuristicis replacedby asubsampledheuristic
score � � ¥ « that boundsit from above. For simplicity, consideran I-subsamplingwith a factor��
 � , in additionto a T-subsamplingwith factor �f
 � . We wish to find thecontribution from
two columnsx andx 9 � atbothlocations

q 9 x and
q 9 x 9 � , usingonly asingletablelookup.For

bilevel templates,wehave

� � ¥ �v � q � ¢ []\¡^¬� ���v � q � � �p�v � q 9 �­�w� (15)


 6 - [3\¡^���[)���¬��u ��z�Tv � |M�v � � [)������u ��z�Tvw� - � |M�v �w� (16)


 6 - [)������[3\¡^¬��u ��z�Tv � u ��z�Tvi� - � � |p�v � (17)
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Definingasubsampledarray

u � ¥ ��z�Tv ¢ [3\¡^¬��u ��z�Tv � u ��z�Tvi� - � � q 
!� ���=�L~G~�~ (18)

thedoublysubsampledupper-boundheuristicscoreis then

� � ¥ � � q �g
 � + �/
v 0 �w¥ � ¥j¦j¦j¦

� � ¥ �v � q ��

� + �/
v 0 �w¥ � ¥j¦j¦j¦

6 - [)���¬��u � ¥ ��©�Tv � | �v � � q 
!� ���=��~�~G~ (19)

Thescoreis evaluatedatevenlocationsQ®
 q , andthevalueis replicatedto theoddlocationsusing� � ¥ � � q �¯�­� for
q

odd. Hencethe computationis reducedby 4 comparedwith the full resolution
heuristicscore.Extensionto higherI-subsampling� � ¥ « is obvious.

More generally, for multilevel templateswhereall levelsarewrite-black(
6 �t� ), theupper-bound

for thetwo-columnheuristicwith �°
 � subsamplingis

§ � ¥ �v � q ��
����Xu � ¥ ��z�Tv � {|M�v � (20)

andthesubsampledheuristicscoreis

� � ¥ � � q ��
 � + �/
v 0 �w¥ � ¥j¦j¦j¦

§ � ¥ �v � q ��

� + �/
v 0 �w¥ � ¥j¦j¦j¦ ���Xu

� ¥ ��z�Tv � {|M�v � � q 
!� ���=�L~G~�~ (21)

Again,thesescoresarereplicatedto odd
q
, andtheextensionto I-subsamplingwith afactor �±� �

is obvious. However, if thereexists a write-white level, I-subsamplingis not possiblebecause
the maximumscoreis not necessarilygiven by the maximumof the sumof pixels in (18). For
example,with aspacecharacterthathasonly write-whitepixels,theupper-boundwouldbefound
by minimizing, ratherthanmaximizing,thecounts.

3 Discussion

In standardDID, without ICP, a matrix of exact matchingscoresis computedfor all templates
at all positions.For eachpixel positionacrossthe text line, matchingscoresareperformedwith
32-bit alignedoperationsbetweeneachof the (32-bit aligned)templatesanda buffer into which
a fragmentof the imagestartingat thatpixel 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 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.

words is ANDed, table lookup is usedto determinethe numberof ON pixels. The resultsare
weightedfor eachsub-templateby theappropriate

6
factorfor thatlevel.

It hasbeenpreviouslydescribedhow thecontributionof acolumnof templatepixelsto theheuristic
scorefor that templateat any location can be found from a single table lookup, regardlessof
the numberof levels in the template[4]. As in [4], we alsouseincremental Viterbi, wherethe
forwardViterbi trellis is prunedto follow theresultin thepreviousiteration(skip-mode) whenever
possible.Whennot in skip-mode,thepossibilitythateachtemplatecanbeplacedat eachlocation
is computed;this is calledslow-mode. We alsorescoretwo nodesadjacentto thosefoundfor the
bestpath,asthiswasfoundto significantlyreducethenumberof Viterbi iterationswith negligible
computationaloverhead,andrescoringmorethantwo nodesgiveslittle improvement.With this
method,ICP line decodingis about30x fasterthancomputingexactmatchingscores.

With bothT andI subsampling,thecontribution of � columnsof thetemplateto anupper-bound
heuristicatany of � differentadjacentlocationscanalsobefoundby asingletablelookup,giving
anapproximatereductionin heuristiccomputationby a factorof ��� . Of course,thesubsampled
boundis lesstight, andmoreViterbi iterationsarerequiredfor convergence.Herewe show the
trade-off betweenheuristiccomputationandViterbi iterations.

Table1 shows the computationrequiredfor decodinga typical line of text usingDID with ICP,
for different templatesubsamplingfactors � . The text line has85 characters,including white
space,andawidth of 1960pixels.Themodelhas3294-level templates,of whichoneof thethree
subtemplatesis write-white. An exact templatematchthen requires3 bilevel matches,and the
nodescoreis takenfor thebestverticalalignmentamong5 verticalpositionsof thetemplatenear
thebaseline;approximately60 nodescanberescoredin 1 msec.All timesareon a programbuilt
with theGNU C compiler, runningona600MHz PentiumIII.
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TemplateandInterpolationsubsamplingfactors(n,m)
(1,1) (2,1) (3,1) (1,2) (2,2) (3,2) (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 0.17
Fraction in slow mode 0.64 0.66 0.69 0.78 0.79 0.79 0.83
Heuristic score time (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) 1.24 1.25 1.61 3.42 4.45 5.60 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. This is given for pairs ( � = template subsampling, � =
score interpolation).

Without templatesubsampling,heuristicscoringtakesabouttwice aslong asViterbi. With �W
 �
subsampling,the heuristicscoretime is reduced,the numberof iterationsand rescorednodes
increases,the balancebetweenheuristicand Viterbi computationis improved, and the overall
decodingtime is decreased.For �²� � , theincreasein thenumberof Viterbi iterationscancelsthe
furtherimprovementin heuristiccomputation,andtheoverall decodingtime increases.

Table2 showsthecomputationrequiredfor decodingthesameline of text with ICPusinga3-level
template,composedof the two write-blacksubtemplatesin the4-level templateusedabove. The
pixels in thewrite-white templateareput into thebackgroundas“don’t care”. Theperformance
is given for variouscombinations�X� � ��� of templatesubsampling� and scoreinterpolation �
factors.

Comparingtheresultsin Table1 andthefirst 3 columnsin Table2, we seethatwithout thewrite-
white subtemplate,the heuristicupperboundis poorer, and the numberof Viterbi iterationsis
larger. Further, with the3-level template,T-subsamplingfor �³
 � producesno appreciableim-
provement. Most importantly, Table2 demonstratesthat the upper-boundwith I-subsamplingis
very poor, andcausesa significantincreasein thenumberof Viterbi iterationsto achieve conver-
gence.Furthermore,thoseiterationsspenda greaterfraction in slow mode,againindicatingthat
thebestpathduringmostof theseiterationsis far from thetrueMAP path.(Of course,at conver-
gencethesameMAP decodingis ultimatelyfound,becauseall heuristicsaretrueupper-bounds.)
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4 Conclusions

UsingICP without templateor interpolationsubsamplingandfor a typical line of text, abouttwo-
thirds of the computationis in the heuristicscoring,aboutone-thirdis in the dynamicprogram-
ming,andthedecodingtime for a2000pixel wide columnof text using4-level templatesis about
2.5msec/template.T-subsamplingby �²
 � givesa small improvementin theefficiency of a line
decoder, over thenon-subsampledmethod.Theheuristicupper-boundsaremuchtighterfor mul-
tilevel templatesthat includeat leastonewrite-white level; consequently, the numberof Viterbi
iterationsis significantly reducedfor suchtemplatesover thosewith only write-black subtem-
plates.This factormitigatesagainstusingI-subsampling,becausethereis no usefulupper-bound
heuristicfor multilevel templateswith write-white subtemplates.Furthermore,I-subsamplingis
not practical,becauseof the greatincreasein Viterbi iterationsthat resultsfrom a significantly
looserupper-boundin theheuristic.
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