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ABSTRACT

TheDocumentImageDecoding(DID) framework for rec-
ognizing printed text in imageshasbeenshown in previ-
ous work to achieve extremely high recognitionaccuracy
when its modelsare well matchedto the data. To date,
DID hasbeenrestrictedto binary images,in part for com-
putationalreasons,and in part becausebinary scanningis
widely availableandoftenof sufficient spatialresolutionto
make theuseof grayscaleinformationunnecessaryfor reli-
ablerecognition.Advancesin computerspeedandmemory,
alongwith the emergenceof low-costdigital still cameras
andsimilar devicesas alternatives to traditional scanners,
motivatesthe extensionof the DID formalism to the low-
spatial-resolutiongrayscaleand color domains. To do so
requiressubstantiallygeneralizingDID’s image-formation
anddegradationmodels. This paperlays out an approach
andpresentspreliminaryresultson realdata.

1. INTRODUCTION

Low-costdigital camerasarepoisedto offer a convenient
alternative to flatbedscannersfor documentimageacquisi-
tion in certainsettings.For example,onemightuseapocket
digital camerato take snapshotsof selectedpageswhile
browsingbooksin a library, ratherthanhaving to carry the
booksover to a scanneror copy machine.Thenewestdig-
ital camerasprovide sufficient resolutionto allow humans
to read the resulting images,but machine-recognitionof
the text remainschallengingbecauseof the geometricdis-
tortions,nonuniformillumination, andtheseverely limited
spatialresolutionwhencomparedwith traditionalscanning
devices.

DocumentImageDecoding(DID) [1] is anapproachto
text recognitionbasedon a communicationssystemsview
that hasbeenfound to achieve high recognitionaccuracy
whenits modelsarewell-matchedto the data[2, 3, 4, 5].
To date,work on DID hasfocusedon binary images. To
extendit to the low-resolutiongrayscaleor color domains,
both its image-formationanddegradationmodelsmustbe

extended.This paperproposesmodelingthe physicalpro-
cessesby simulation wherepossible.Thegeneralstrategy is
to form hypothesesin ahigh-resolutiondomain,thenevalu-
atethesehypothesesagainsttheobservedimageaftersimu-
lating thelossof spatialresolutionandtheotherdistortions
incurredin theimagingprocess.

1.1. Text-Line Image Decoding

In the DID framework, documentimagesare regardedas
having beenproducedby transitioningthrougha Markov
source.Thesourcebeginsin astart stateandterminatesin a
stop state.Eachtransitionwithin thesourcecausestheren-
deringof a charactertemplate(a bitmap)on thepageat the
currentcursorposition, thenadvancesthat positionby (in
general)a two-dimensionalvectordisplacementin prepara-
tion for printingthenext character. Thesetof charactertem-
platesincludeswhitespaceof variouskinds.Formally, each
transitionin thesourceis assignedafour-tupleconsistingof
a charactertemplate,thetwo-dimensionaldisplacementby
which to advancethecursor, theprior probabilityof follow-
ing that transition,anda string label. Every completepath
throughthesourcedefinesa documentimageandanasso-
ciatedtranscription: the imageis the superpositionof the
bitmapsrenderedoneachtransition,andthetranscriptionis
theconcatenationof theassociatedstringlabels.

After thedocumentimagehasbeenformedin this way,
it is assumedto be subjectedto randomcorruption,which
causesuncertaintyin the recognitionprocess.Recognition
involvesfinding a completepaththroughthe hypothesized
Markov sourcethat bestexplains the observed image. In
particular, acompletepathis soughtthatis a posteriori most
probableconsideringthe entire imageasevidence,where
theprobabilityiscomputedonthebasisof sourceanddegra-
dationmodels. Finding the mostprobablepath is not the
sameasfinding the mostprobablemessage(at issueis the
well-knownViterbi approximation [6]), but findingthemost
probablepathissimplertodoandexperiencehasshownthat
it neverthelessresultsin accuraterecognition.

WhenDID is appliedto asingleline of text insteadof to



anarbitrarypage,aMarkov sourcewith aminimalstructure
canbeused.Specifically, it canconsistof astartstate,asin-
gle interior state,andastopstate.Theinterior statehasone
self-transitionfor eachcharactertemplatein thefont. Gen-
erationof a text line begins in the startstate,with the cur-
sorat theleftmosthorizontalpositionin thetext-line image.
Thefirst transitionis into theinterior state,andsubsequent
transitionsloop back into that state,eachtime imaging a
characterandadvancingthe cursorhorizontally. After the
text line hasthusbeenproduced,a final transitionis made
into the stopstateat the rightmostpositionin the text-line
image,whereupontheprocessterminates.

During the recognitionprocess,a score is associated
with eachtransitionalonga candidatepath. This scoreac-
countsfor boththeprior probabilityof following thetransi-
tion, andthe likelihoodof the transitiongiventhesegment
of theobservedtext line imagedefinedby thehorizontalpo-
sitionsbeforeandafter the transition. The likelihoodterm
is theoneof interesthere,asit is the link betweenthe ob-
servedimageandthedecodingoperation.

2. LOW-RESOLUTION GRAYSCALE DID

In principle, extendingDID to the grayscaleor color do-
mainscanbeaccomplishedsimplyby defininganappropri-
ate likelihood function for matchinghypothesizedcharac-
tersagainstthe imageat all feasiblepositions.A sourceof
complexity is thatmultiple imagedinstancesof a character
exhibit asystematicvariationof theedgepixel valuesaccru-
ing from spatialsampling,andthis variationis not well de-
scribedby anindependentadditivenoisedegradationmodel
traditionallyassumedin DID [1, 2]. A directapplicationof
the traditionalapparatuswould necessitatethe association
of multiple templateswith eachcharacter, to reflectandac-
commodatethe systematicvariability dueto the relatively
coarsesampling.

Insteadwe describean alternative approachin which
the hypothesissearchis carriedout usingsingletemplates
for eachcharacterbut in a high-spatial-resolutiondomain.
The blur, sampling,anddegradationprocessesarenumer-
ically simulatedto provide a likelihood function for each
templateat a lower-resolution,which canthenbeevaluated
againsttheobservedgrayscaleimageafterappropriatedis-
placement.Therearerestrictionson the typesof degrada-
tion that can be modeledby this approach,but theseare
considerablyweaker thanin previousDID formulations.

2.1. Image Formation Model

We observe an ��������� grayscaleimage � , which we re-
gardasadegraded,low-resolutionversionof ahypothetical	 ��� 	 � image 
 . Thesetwo imagesare relatedby the
compositionof transformationsshown in Figure 1. Pixel
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Fig. 1. A modelof grayscaledocumentimageformation.

valuesin both 
 and � areassumedto take on scalarval-
uesin a finite range.For concretenesswe will assumethat
this rangeis � 
������������������ for both images.We assumethat
the spatialsubsamplingprocessconsistsof retainingonly
thosepixels whosefirst coordinateis a multiple of an in-
teger � � andwhosesecondcoordinateis a multiple of an
integer � � . Accordingly, thedimensionsof 
 and � arere-
latedby ������� 	 �� � �"! and ���#��� 	 �$ � �%! , where �'&�!
denotesthegreatestintegernotgreaterthan & . It is assumed
that ( is a spatially local, possiblynonlineartransforma-
tion, andthat it preservesany imageconsistingentirely of
zero-valuedpixels.Thetransformation) is assumedto cor-
rupt eachpixel in its input accordingto a probability law
that is independentof both the corruptionmadeto input
pixels in other positionsand of their uncorruptedvalues,
but whichmaydependonspatialpositionandon theuncor-
ruptedpixel valuein thesameposition.In thesimplestcase( is a linearblur operator, and ) consistsof addinginde-
pendent,identically-distributednoisefollowedby quantiz-
ing backinto therange� 
����������*������� .

Weview theuncorruptedimage
 ashavingbeenformed
in theusualDID way. Specifically, apaththroughaMarkov
sourcedefinesa sequenceof templates,eachpositionedat
a point in 
 subjectto the requirementthat no two tem-
platesoverlap in their non-zero-valuedpixels. Note that
thesehigh-resolutiontemplatesin 
 may be eitherbinary
or gray-valued;our analysiswill hold in eithercase.How-
ever, in view of thesubsequentapplicationof the transfor-
mation ( in the model and the smoothingeffect this can
have on edgepixels, is shouldbe notedthat realismis not
substantiallysacrificedby assumingthehypotheticalhigh-
resolutiontemplatesto bebinary.

2.2. Match-Score Computation

To apply the DID recognitionframework we musthave a
wayof computingtheindividualcontributionmadeby each
imagedtemplateto the overall likelihood,without knowl-
edgeof whatothertemplatesmight havebeenimagedelse-
wherealong the samepath (this condition is to make the
searchtractableby known algorithms[7]). EstablishedDID
methodologytell ushow to accomplishthiswhenapartially
bit-flip-corruptedversionof 
 is takenastheinput. Weseek
hereinsteadto allow � to be the input, taking into account
in thecomputationthemorecomplicateddistortionsaccru-
ing from the compositionof the blur ( , subsampling,and



signal-dependentspatiallyvaryingpoint-transformation) .
Notethatthecompositionof ( andsubsamplingis ape-

riodically spatiallyvarying, possiblynonlinear, but purely
deterministicprocesswhich whenappliedto 
 resultsin a
deterministicimage +-,.
0/ . We can thereforeidentify the
overall likelihood with that of transforming +-,.
0/ into � .
Moreover, ) is a purely randomtransformationin which,
for any given input, the outputpixels areconditionally in-
dependentof oneanother. We cancharacterize) by a col-
lectionof input-outputdistributions132'4 5�,�6$7 +82'4 59,:
;/"/ , onefor
eachpixel position ,=<*�:>?/ in � . Thelog likelihoodis then

@ ,=�-7 
;/ �BA 2=4 5DCFE�G 132'4 5�,H��2'4 597 +82'4 5?,.
0/I/ (1)

wherethesummationis takenover all pixel positionsin � ,
andwhere�$2=4 5 is thevalueof � at ,=<*�:>?/ .

Thenext taskis to break(1) apartin termsof the tem-
platesimagedin 
 . Let JLK�4 M denotethe event “templateJ hasbeenplacedat position , & �"N�/ in 
 .” Let O�PQ,HJLK�4 M8/
denotethe support of JLK84 M in 
 ; that is, the set of coor-
dinatesof thosepixels in 
 that are nonzeroas a result
of the event J K84 M . Let O�RS,.J K�4 M / and OUTV,HJ K�4 M / denotethe
correspondingsupportin W and + , respectively. We can
now be preciseaboutthe locality requirementon the blur
process: ( must be such that OXRS,HJ K�4 M / and O�RY,HJ K$Z[M�Z /
are disjoint whenever O P ,HJ K�4 M / and O P ,HJ K$Z[M�Z / are. (Re-
call that a separateassumptionrequiresthe latter condi-
tion to hold whenever JLK84 M and JLK Z M Z occur on the same
path.)Sincesubsamplingresultsin at mosta subsetof pix-
elsbeingretained,O R ,.JQK�4 M8/�\]O R ,HJLK Z M Z / �_^ impliesthatO T ,HJLK�4 M8/�\`O T ,HJLK Z M Z / �a^ . This allowsusto concludethat
thosenonzeropixels in + causedby JLK84 M would have been
zerohad JQK�4 M not occurredon the path,all elsebeing the
same.We canthereforerewrite (1) as

@ ,H�37 
;/ � A
2=4 5 CFE�G 1 2=4 5 ,=� 2'4 5 7 + 2=4 5 ,.
cb$/I/

d Ae3f�g h Ai 2=4 5"j:k�lnm i e f�g h j C[E�G
1o2=4 5�,=��2=4 597 +82=4 5�,.
p7 JLK�4 M8/I/1 2=4 5 ,=� 2'4 5 7 + 2=4 5 ,.
qbn/I/

(2)

where 
cb is an all-zero imageof the samedimensionsas
 , wherethesummationover J K�4 M is understoodto beover
thosetemplatesimagedby theMarkov sourcewhen 
 was
generated,andwhere+82'4 5�,:
r7 JLK84 M8/"/ denotesthepixel in po-
sition ,'<��.>?/ of + given that JLK84 M occurredin generating
 .
Sincethe first term in (2) is independentof the hypothesis
image 
 , it can be omitted when using the expressionto
judgethedegreeof matchbetween
 and � . We therefore
defineanoverallmatchscoreas

match,H�37 
;/ �sAe3f�g h match,H�37 J K84 M / (3)

where the individual contribution of eachtemplateis de-
finedas

match,=�-7 JQK�4 Mn/ � Ai 2'4 5"j:k�l8m i e f%g h j CFE�G
132'4 5�,H�$2=4 5?7 +82'4 5�,:
r7 JLK84 M8/"/1 2'4 5 ,H� 2=4 5 7 + 2'4 5 ,:
qb$/"/

(4)
Expression(4) providesa matchscorethat canbe usedto
label edgesin a DID trellis. To computeit, we note that+ 2=4 5 ,.
p7 J K�4 M / is periodicin thesensethat

+82=4 59,.
p7 JLK�4 Mn/ � + 2=tvuwK�xzy|{I}�4 5�tQuwM�xzy;~*} ,:
r7 JLKo�c�%�Uy�{�4 MV�c�%�Uy0~�/
(5)

andits supportis likewiseperiodic. Thus,every low reso-
lution imagedtemplatein + canbe representedasa trans-
lation of oneof at most � ��� � � distinct patterns,each
correspondingto a distinct subsamplingphase.Thesepat-
ternsandtheircorrespondingsupportscanbepre-computed
andstoredin a table,thenrecalledfor usein (4) whenit is
requiredto scorethematchof ahypothesizedcharacterat a
particularposition , & �IN�/ in 
 . Recentadvancesin theuse
of heuristicmatchscoresin DID [8] reducetheimportance
of (4) beingvery fastto compute,providedthata suitable,
computationallyinexpensive heuristicupperboundon (4)
canbefound.

The remainingissuein applying (4) is the estimation
andevaluationof 1 . The dependenceof 1 on ,'<��:>9/ in (4)
providesa meansof incorporatinginto the modelnonsta-
tionary phenomenasuchasspatiallyvarying illumination.
Oncethe structurefor 1 hasbeenspecified,its remaining
parameterscanbelearnedfrom exampledata.

3. EXPERIMENTAL RESULTS

A �$
��n� ���n��� , eight-bit-per-pixel testimagewasobtained
usinga handheldSony DSC-F505digital cameraabout60
cmaboveadeliberatelywrinkled,15-linetestdocumentset
in a known font. The picturewas taken underlow inten-
sity obliquelighting. Althoughthe lighting conditionsand
resolutionwerechosento bechallenging,carewastakento
avoid any significantgeometricdistortions.After scanning,
theimagewascropped,andaglobalrotationcorrectionwas
appliedvia bilinear interpolation. A fragmentis shown in
Figure2; two completelinesin Figure3. Themodeltrans-
formation ( wasmanuallychosento consistof a morpho-
logicalerosionusinga � � � squarestructuringelement,fol-
lowedby aseparablelowpassfilter. A suitablesubsampling
factorwasempirically determinedto be � in both dimen-
sions. The randomcorruptionwasmodeledasa spatially
varying gainoperator(accountingfor the nonuniformillu-
mination)followedby additive zero-meanGaussiannoise,
andfinally re-quantizationinto the range � 
����������*������� . For
simplicity, the varianceof eachaddednoisevaluewasas-
sumedto dependonly on thegain-normalizeduncorrupted



pixel valuein the samelocation; the relationshipwasesti-
matedusinglocal averagesto approximatetheuncorrupted
pixels. The local illumination estimatefor the determinis-
tic, spatiallyvarying part of ) wasobtainedat eachpixel
location by computingthe top quartile value along a 60-
pixel-long line segmentcenteredon the currentpixel and
orientedto yield minimumintensityvariancealongtheseg-
ment.Text baselineswereidentifiedin theimageby detect-
ing peaksamongpairwisedifferencesof pixel sumstaken
alongadjacentrows. A single-spacenull-string transition
wasincludedamongthecandidatetransitionsto allow fine-
spacingalignment. Eachcandidatematchwasrepeatedat
vertical positionsone-pixel above andone-pixel below the
assignedbaseline,to accommodateslight deviations from
baselinelinearity. A unigramlanguagemodelwasusedto
provide prior weightsfor the trellis edges. The observed
numberof recognitionerrorsfor the963-charactertestdoc-
umentwere: ��� substitutions,��� deletions(mostly spaces
andpunctuation),and 
 insertions,asdeterminedby a dy-
namicprogrammingtext alignmentprocedure.Considering
thehigh noiselevels in the imageandtheseverelynonuni-
form lighting conditions,theseresultsarefelt to beencour-
aging.Additionaldetailsabouttheexperimentareavailable
at http://www.parc.xerox.com/popat/graydidicassp.html.

Fig. 2. A fragmentof the testimage. Note limited spatial
resolutionandhighsensornoisedueto low-light conditions.

Fig. 3. Two text linesfrom the15-linetestimage.

4. CONCLUSION

We have extendedthe DocumentImageDecodingframe-
work to function in the low-resolutiongrayscaledomain.
Thework is importantbecauseof theemergenceof low-cost
digital camerasasalternativeandattractiveinputdevicesfor
document-imagecapture.Theextensionreliesin largepart
on numericalsimulationof theimagingprocess;it is based
on performingthe searchin an idealizedhypothesisimage
space,while evaluatingthehypotheses(i.e., computingthe

likelihood)in thelow-resolution,degraded,observationim-
agespace. The expandedframework accommodatesreal-
istic typesof distortion. Preliminaryresultshave beenen-
couragingandserve asa proof-of-principle. More work is
requiredto automatetheinferenceof theblur, subsampling,
andfont parameters;to accommodateandcorrectfor pro-
jective andothergeometricdistortions;to apply moreso-
phisticatedlanguagemodels[7]; andto assessperformance
by conductinglargerscaleexperiments.

5. REFERENCES

[1] GaryE. KopecandPhilip A. Chou, “Documentimage
decodingusingMarkov sourcemodels,” IEEE Trans-
actions on Pattern Analysis and Machine Intelligence,
vol. 16,no.6, pp.602–617,June1994.

[2] Gary E. Kopec, “Multile vel charactertemplatesfor
documentimage decoding,” in Proceedings of the
IS&T/SPIE 1997 Intl. Symposium on Electronic Imag-
ing: Science & Technology, SanJose,February1997.

[3] Gary E. Kopec and Phil A. Chou, “Markov source
model for printed music decoding,” in Proceed-
ings of the SPIE Document Recognition II Conference.
SPIE–theInternationalSocietyfor OpticalEngineering,
February1995,vol. 2422,pp.115–125,SPIE.

[4] GaryE. Kopec, “Documentimagedecodingin the uc
berkeley digital library,” in Proceedings of the SPIE
Document Recognition III Conference. SPIE–theInter-
nationalSocietyfor OpticalEngineering,January1996,
vol. 2660,pp.2–13,SPIE.

[5] Gary E. Kopec,Philip A. Chou,andDavid A. Maltz,
“Markov sourcemodel for printed music decoding,”
Journal of Electronic Imaging, vol. 5, no. 1, pp. 7–14,
January1996.

[6] Frederick Jelinek, Statistical Methods for Speech
Recognition, MIT Press,Cambridge,Massachusetts,
1997.

[7] Kris Popat,Dan Greene,JustinRomberg, andDan S.
Bloomberg, “Adding linguisticconstraintsto document
imagedecoding:Comparingtheiteratedcompletepath
and stackalgorithms,” in Proceedings of IS&T/SPIE
Electronic Imaging 2001: Document Recognition and
Retrieval VIII, January2001.

[8] ThomasP. Minka, DanS. Bloomberg, andKris Popat,
“Document image decodingusing iterated complete
path heuristic,” in Proceedings of IS&T/SPIE Elec-
tronic Imaging 2001: Document Recognition and Re-
trieval VIII, January2001.


