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ABSTRACT

The DocumentimageDecoding(DID) framework for rec-
ognizing printed text in imageshasbeenshavn in previ-
ouswork to achiese extremely high recognitionaccurag
when its modelsare well matchedto the data. To date,
DID hasbeenrestrictedto binaryimages,in partfor com-
putationalreasonsandin part becausebinary scanningis
widely availableandoften of sufficient spatialresolutionto
make the useof grayscalénformationunnecessarfor reli-
ablerecognition.Advancesn computeispeecandmemory
alongwith the emegenceof low-costdigital still cameras
and similar devices as alternatvesto traditional scanners,
motivatesthe extensionof the DID formalismto the low-
spatial-resolutiorgrayscaleand color domains. To do so
requiressubstantiallygeneralizingDID’ s image-formation
anddegradationmodels. This paperlays out an approach
andpresentgpreliminaryresultson realdata.

1. INTRODUCTION

Low-costdigital camerasare poisedto offer a corvenient
alternatve to flatbedscannergor documenimageacquisi-
tionin certainsettings.For example,onemightuseapocket

digital camerato take snapshotof selectedpageswhile

browsingbooksin alibrary, ratherthanhaving to carrythe

booksoverto a scanneior copy machine.The newestdig-

ital cameragrovide sufficient resolutionto allow humans
to readthe resultingimages, but machine-recognitiorof

the text remainschallengingbecausef the geometricdis-

tortions, nonuniformillumination, andthe seserely limited

spatialresolutionwhencomparedvith traditionalscanning
devices.

DocumentmageDecoding(DID) [1] is anapproactto
text recognitionbasedon a communicationsystemsview
that hasbeenfound to achieve high recognitionaccurayg
whenits modelsare well-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-formatiorand degradationmodelsmust be

extended. This paperproposesnodelingthe physicalpro-
cessedy simulation wherepossible.Thegeneraktratayy is
to form hypothese ahigh-resolutiordomain thenevalu-
atethesehypotheseagainsthe obsenedimageaftersimu-
lating the lossof spatialresolutionandthe otherdistortions
incurredin theimagingprocess.

1.1. Text-Line Image Decoding

In the DID framework, documentimagesare regardedas
having beenproducedby transitioningthrougha Markov
source.Thesourcebgginsin astart stateandterminatesn a
stop state.Eachtransitionwithin the sourcecausesheren-
deringof a charactetemplate(a bitmap)on the pageat the
currentcursorposition, thenadvancesthat position by (in
generaljatwo-dimensionalectordisplacemenin prepara-
tion for printingthenext characterThesetof charactetem-
platesincludeswhitespacef variouskinds. Formally, each
transitionin thesources assigned four-tupleconsistingof
a charactetemplate the two-dimensionatisplacemenby
whichto advancethe cursor the prior probability of follow-
ing thattransition,anda string label. Every completepath
throughthe sourcedefinesa documenimageandan asso-
ciatedtranscription: the imageis the superpositiorof the
bitmapsrenderedn eachtransition,andthetranscriptionis
the concatenatiowf the associatedtringlabels.

After thedocumenimagehasbeenformedin this way,
it is assumedo be subjectedo randomcorruption,which
causesauncertaintyin the recognitionprocess.Recognition
involvesfinding a completepaththroughthe hypothesized
Markov sourcethat bestexplainsthe obsened image. In
particular acompletepathis soughthatis a posteriori most
probableconsideringthe entire imageas evidence,where
theprobabilityis computednthebasisof sourceanddegra-
dation models. Finding the most probablepathis not the
sameasfinding the mostprobablemessagédat issueis the
well-known Viterbi approximation [6]), but findingthemost
probablepathis simplerto doandexperienceénasshovnthat
it neverthelessesultsin accuraterecognition.

WhenDID is appliedto asingleline of text insteadbf to



anarbitrarypage a Markov sourcewith aminimal structure
canbeused.Specifically it canconsistof a startstate asin-
gleinterior state anda stopstate.Theinterior statehasone
self-transitionfor eachcharactetemplatein thefont. Gen-
erationof a text line beginsin the startstate,with the cur
sorattheleftmosthorizontalpositionin thetext-line image.
Thefirst transitionis into theinterior state,andsubsequent
transitionsloop backinto that state,eachtime imaging a
characterand advancingthe cursorhorizontally After the
text line hasthusbeenproduceda final transitionis made
into the stop stateat the rightmostpositionin the text-line
image,whereuporthe procesderminates.

During the recognitionprocess,a score is associated
with eachtransitionalonga candidatgpath. This scoreac-
countsfor boththe prior probability of following thetransi-
tion, andthe likelihood of the transitiongiventhe segment
of theobsenedtext line imagedefinedby thehorizontalpo-
sitionsbeforeandafter the transition. The likelihoodterm
is the oneof interesthere,asit is the link betweenthe ob-
senedimageandthe decodingoperation.

2. LOW-RESOLUTION GRAYSCALE DID

In principle, extendingDID to the grayscaleor color do-
mainscanbeaccomplishedimply by defininganappropri-
ate likelihood function for matchinghypothesizedtharac-
tersagainstheimageat all feasiblepositions. A sourceof
compleity is thatmultiple imagedinstancef a character
exhibit asystemativariationof theedgepixel valuesaccru-
ing from spatialsampling,andthis variationis not well de-
scribedby anindependenadditive noisedegradatiormodel
traditionallyassumedhn DID [1, 2]. A directapplicationof
the traditional apparatusvould necessitatéhe association
of multiple templateswith eachcharacterto reflectandac-
commodatehe systematicvariability dueto the relatively
coarsesampling.

Insteadwe describean alternatve approachin which
the hypothesissearchis carriedout usingsingletemplates
for eachcharactetbut in a high-spatial-resolutiomlomain.
The blur, sampling,and degradationprocessegre numer
ically simulatedto provide a likelihood function for each
templateat a lower-resolutionwhich canthenbe evaluated
againstthe obsenedgrayscaldmageafter appropriatedis-
placement.Therearerestrictionson the typesof degrada-
tion that can be modeledby this approach,but theseare
considerablywealer thanin previousDID formulations.

2.1. Image Formation M odel

We obsene ann; x ns grayscaleimagez, which we re-
gardasadegraded)ow-resolutionversionof a hypothetical
N; x N, imageZ. Thesetwo imagesare relatedby the
compositionof transformationshown in Figure 1. Pixel

Spatial
Subsampling

Fig. 1. A modelof grayscalelocumenimageformation.

valuesin both Z and z areassumedo take on scalarval-
uesin afinite range.For concreteneswe will assumehat
this rangeis [0, . . ., 255] for bothimages.We assumehat
the spatial subsamplingorocessconsistsof retainingonly
thosepixels whosefirst coordinateis a multiple of anin-
teger M; andwhosesecondcoordinateis a multiple of an
integer M,. Accordingly, thedimensionf Z andz arere-
latedby ny = |Ni/M;| andny = |Nao/Ma>|, where | z|
denoteghegreatesintegernotgreatethanz. It is assumed
that H is a spatiallylocal, possiblynonlineartransforma-
tion, andthatit preseresary imageconsistingentirely of
zero-\aluedpixels. ThetransformationP is assumedo cor-
rupt eachpixel in its input accordingto a probability law
that is independenbf both the corruption madeto input
pixels in other positionsand of their uncorruptedvalues,
but which maydependn spatialpositionandontheuncor
ruptedpixel valuein the sameposition.In thesimplestcase
H is alinearblur operatoy and P consistsof addinginde-
pendentjdentically-distrituted noisefollowed by quantiz-
ing backinto therangel0, . . ., 255].

Weview theuncorruptedmageZ ashaving beernformed
in theusualDID way. Specifically apaththrougha Markov
sourcedefinesa sequenc®f templatesgachpositionedat
a point in Z subjectto the requirementhat no two tem-
platesoverlap in their non-zero-aluedpixels. Note that
thesehigh-resolutiontemplatesn Z may be either binary
or gray-valued;our analysiswill holdin eithercase.How-
ever, in view of the subsequenapplicationof the transfor
mation H in the modelandthe smoothingeffect this can
have on edgepixels, is shouldbe notedthat realismis not
substantiallysacrificedby assuminghe hypotheticalhigh-
resolutiontemplatego bebinary.

2.2. Match-Score Computation

To apply the DID recognitionframewnork we musthave a
way of computingtheindividual contribution madeby each
imagedtemplateto the overall likelihood, without knowl-

edgeof whatothertemplatesnight have beenimagedelse-
wherealong the samepath (this conditionis to make the
searchractableby known algorithmg[7]). EstablishedID

methodologytell ushow to accompliskithiswhenapartially
bit-flip-corruptedversionof Z is takenastheinput. We seek
hereinsteadto allow z to be the input, taking into account
in the computatiorthe morecomplicateddistortionsaccru-
ing from the compositionof the blur H, subsamplingand



signal-dependerdpatiallyvarying point-transformatiorP.
Notethatthecompositiorof H andsubsamplings ape-
riodically spatially varying, possiblynonlinear but purely
deterministicprocesswhich whenappliedto Z resultsin a
deterministicimagev(Z). We can thereforeidentify the
overall likelihood with that of transformingv(Z) into z.
Moreover, P is a purely randomtransformationn which,
for ary giveninput, the outputpixels are conditionallyin-
dependenbf oneanother We cancharacterizeP by a col-
lectionof input-outputdistributionsp; ; ( - |v;,; (Z)), onefor
eachpixel position(i, j) in z. Thelog likelihoodis then

1(2]2) =) logpi j(zi;l|vi; (%)) 1)
]
wherethe summationis taken over all pixel positionsin z,
andwherez; ; is thevalueof z at (4, j).

The next taskis to break(1) apartin termsof thetem-
platesimagedin Z. Let C,,, denotethe event “template
C hasbeenplacedat position(z,y) in Z.” Let Sz(Cy,y)
denotethe support of C, , in Z; thatis, the setof coor
dinatesof thosepixelsin Z that are nonzeroas a result
of theeventC, ,. Let Sy (C,,y) andS,(C, ) denotethe
correspondingsupportin V' and v, respectiely. We can
now be preciseaboutthe locality requiremenion the blur
process: H mustbe suchthat Sy (Cy ) and Sy (Cyry)
aredisjoint whenever Sz (C, ) and Sz(Cy,) are. (Re-
call that a separateassumptionrequiresthe latter condi-
tion to hold whenever C, , and C,,» occuron the same
path.) Sincesubsamplingesultsin at mosta subsebf pix-
elsbeingretained,Sy (Cy,,) N Sy (Cyry) = B impliesthat
Sy(Cq,y) N Sy(Cyryr) = . Thisallows usto concludethat
thosenonzeropixelsin v causedby C, , would have been
zerohad C; , not occurredon the path, all elsebeingthe
same We canthereforerewrite (1) as

W212) = ) logpi;(2i;lvi;(Z0))
i

- S log Pi,j (2i,j|vij(Z]Cry))

Cary (i,1)ESe(Ca.y) Di,j (zi,j|'Uz',j(Z0))
(2)

where Z, is an all-zeroimage of the samedimensionsas
Z, wherethesummatiorover C; ,, is understoodo beover
thosetemplatesmagedby the Markov sourcewhenZ was
generatedandwherev; ;(Z|C;,,)) denoteshepixelin po-
sition (4, j) of v giventhatC, , occurredin generatingZ.
Sincethefirst termin (2) is independenbf the hypothesis
image Z, it canbe omitted when using the expressionto
judgethe degreeof matchbetweenZ andz. We therefore
defineanoverall matchscoreas

matct(z|Z) = ) match(z|C,,,) (3)
Cay

wherethe individual contritution of eachtemplateis de-
finedas

match(z|C, ) = Z log Di,j (Zz,J Ui, j (Zlcz,y))
inesic.y | Piilaiilvii(Zo))
4)
Expression(4) providesa matchscorethat canbe usedto
label edgesin a DID trellis. To computeit, we note that
v;,;(Z|Cy,y) is periodicin the sensehat

0i,j(Z]Cz,y) = Vie|a/m, },j-y/M2) (Z]Czmod i,y mod J(\gg))
andits supportis likewise periodic. Thus, every low reso-
lution imagedtemplatein v canbe representedsa trans-
lation of oneof at most M; x M, distinct patterns,each
correspondingdo a distinct subsamplingphase.Thesepat-
ternsandtheir correspondingupportsanbe pre-computed
andstoredin atable,thenrecalledfor usein (4) whenit is
requiredto scorethe matchof a hypothesizee¢haracteata
particularposition(z,y) in Z. Recentadvancesn the use
of heuristicmatchscoresn DID [8] reducetheimportance
of (4) beingvery fastto compute providedthata suitable,
computationallyinexpensve heuristicupperboundon (4)
canbefound.

The remainingissuein applying (4) is the estimation
and evaluationof p. The dependencef p on (i, j) in (4)
provides a meansof incorporatinginto the model nonsta-
tionary phenomenauchas spatially varying illumination.
Oncethe structurefor p hasbeenspecified,its remaining
parametersanbelearnedrom exampledata.

3. EXPERIMENTAL RESULTS

A 1024 x 768, eight-bit-perpixel testimagewasobtained
usinga handheldSory DSC-F505digital cameraabout60
cmabove adeliberatelywrinkled, 15-linetestdocumenset
in a known font. The picture was taken underlow inten-
sity obliquelighting. Althoughthe lighting conditionsand
resolutionwerechoserto bechallengingcarewastakento
avoid ary significantgeometricdistortions.After scanning,
theimagewascroppedandaglobalrotationcorrectionwas
appliedvia bilinear interpolation. A fragmentis shavn in
Figure2; two completdinesin Figure3. Themodeltrans-
formation H wasmanuallychoserto consistof a morpho-
logical erosionusinga 3 x 3 squarestructuringelementfol-
lowedby a separabléowpasdilter. A suitablesubsampling
factor was empirically determinedo be 2 in both dimen-
sions. The randomcorruptionwas modeledas a spatially
varying gain operator(accountingfor the nonuniformillu-
mination)followed by additive zero-mearGaussiamoise,
andfinally re-quantizatiorinto the rangeo, . . ., 255]. For
simplicity, the varianceof eachaddednoisevaluewasas-
sumedto dependonly on the gain-normalizedincorrupted



pixel valuein the samelocation;the relationshipwas esti-
matedusinglocal averagedo approximatehe uncorrupted
pixels. The local illumination estimatefor the determinis-
tic, spatiallyvarying part of P was obtainedat eachpixel
location by computingthe top quartile value along a 60-
pixel-long line segmentcenteredon the currentpixel and
orientedto yield minimumintensityvariancealongthe sey-
ment. Text baselinesvereidentifiedin theimageby detect-
ing peaksamongpairwisedifferencesf pixel sumstaken
alongadjacentrows. A single-spaceull-string transition
wasincludedamongthe candidatdransitionsto allow fine-
spacingalignment. Eachcandidatematchwas repeatedat
vertical positionsone-pixel above and one-pixel below the
assignedoaseline to accommodateslight deviations from
baselindinearity. A unigramlanguagenodelwasusedto
provide prior weightsfor the trellis edges. The obsened
numberof recognitionerrorsfor the 963-charactetestdoc-
umentwere: 55 substitutions15 deletions(mostly spaces
andpunctuation)and0 insertions,asdeterminedby a dy-
namicprogrammingext alignmentprocedureConsidering
the high noiselevelsin theimageandthe seserely nonuni-
form lighting conditions theseresultsarefelt to be encour
aging.Additional detailsaboutthe experimentareavailable
at http://www.parc.>erox.conpopat/grayddicassphtml.

Fig. 2. A fragmentof thetestimage. Note limited spatial
resolutionandhighsensonoisedueto low-light conditions.

Fig. 3. Two text linesfrom the 15-linetestimage.

4. CONCLUSION

We have extendedthe Documentimage Decodingframe-
work to function in the low-resolutiongrayscaledomain.
Theworkis importantbecausef theemegenceof low-cost
digital camerasisalternatve andattractve inputdevicesfor

document-imageapture.The extensionreliesin large part
on numericalsimulationof theimagingprocessit is based
on performingthe searchin anidealizedhypothesismage
spacewhile evaluatingthe hypothesesi.e., computingthe

likelihood)in thelow-resolution degraded pbsenationim-
agespace. The expandedframevork accommodategeal-
istic typesof distortion. Preliminaryresultshave beenen-
couragingandsene asa proof-of-principle. More work is
requiredto automateheinferenceof the blur, subsampling,
andfont parametersto accommodateand correctfor pro-
jective and other geometricdistortions;to apply more so-
phisticatedanguagemodels[7]; andto assesperformance
by conductingargerscaleexperiments.
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