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Abstract

Manysouicesof informationrelevantto computevision
and madine learning tasksare oftenunderused.One ex-
ampleis the similarity betweerthe elementfrom a novel
souice sud as a spealer, writer, or printed font. By com-
paring instancesemittedby a source, we help ensue that
similar instancesare giventhe samelabel. Previous ap-
proacheshaveclusteedinstancegrior to recaynition. We
proposea probabilistic framevork that uni es similarity
with prior identity and contextual information. By fusing
information sourcesin a single model,we eliminateunre-
coverable errors that result from processingthe informa-
tion in sepaate stagesandimprove overall accuracy. The
framavork also naturally integratesdissimilarity informa-
tion, which has previously beenignored. \WWe demonstate
with an applicationin printed character recajnition from
imagesof signsin natural scenes.

1. Intr oduction

Theproblemof characterecognitionin documentnal-
ysis hasa long history andis one of the most successful
applicationof computewision,imageprocessingandma-
chinelearningtechniques However, facedwith complica-
tions suchas noisy input, novel fonts, and unconstrained
text in naturalimages the performanceof traditional OCR
systemglegradesnorerapidly thanhumans'ability to read
thesametext. A possiblereasorfor this could bethatpeo-
ple areableto apply mary more sourcesof informationto
the problemthancurrentautomatedechniquesThis is not
uniqueto characterrecognition,of course;usingmorein-
formationsourcesn our approacheto mary computervi-
sionproblemsshouldimprove our results.In this work, we
integrateappearancsimilarity, oneunderusedourceof in-
formation, in a uni ed probabilisticframewvork to reduce
falsematchedy afactorof four andimprove overall accu-

ragy.

Progresshas beenmaderecentlyin the task of auto-
maticallydetectingandreadingrelatively smallamountsof
printedtext (e.g., signs)from naturalimages[5, 6] asan
aid to the visually impairedor travellersin needof transla-
tion. While the fundamentatask of characterecognition
is the sameasin traditional documentanalysis,thereare
someimportantdifferencesthat can drasticallyaffect per
formance. Perspectie projectionfrom non-uniformimag-
ing conditionscanaltertheappearancef charactersequir
ing recti cation beforerecognition[5]. Signsarealsotypi-
cally printedin a wider variety of fontsthanaveragedocu-
ments dueto glyphalterationsandcustomdesigns Finally,
the numberof characterén a givensignis relatively small,
while theamountof text in adocumentanbe quitelarge.

Recentadvancesn OCRperformancdave exploitedthe
lengthof documentsHongandHull [11] clusterword im-
agesandthenlabelthe clusters.Similarly, Breuellearnsa
probability of whethertwo imagescontainthe samechar
acterand usesthe probability to clusterindividual charac-
ters[2], with subsequentlusterlabeling (i.e., by voting)
andnearesheighborimostsimilar) classi cation[3]. These
methodscapitalizeon theideaof similarity; thatcharacters
andwordsof similar appearancshouldbe giventhe same
label. However, they suffer from the drawbackthat there
is no feedbackbetweerthelabelingandclusteringprocess.
Hobby and Ho [10] amelioratethis somavhat by purging
outliersfrom a clusterandmatchingthemto otherclusters
wherepossible.Theseprocesseall solve theclusteringand
recognitionproblemsin separatstagesmakingit impossi-
ble to recover from errorsin the clusteringstage.

Thusfar, the dissimilarity betweercharacteimageshas
not beenusedas evidenceagainst giving them the same
label, but in mary circumstanceshis is a reasonablep-
proach. (If thereare multiple fonts presentthenthe font
identity may alsobe consideregartof thelabel.) The pre-
vious clustering-basedethodsonly ensurethatall cluster
membersaregiventhe samelabel; they do not preventdif-
ferentclustersrom beingassignedhe sameabel.

Considertheexamplein Figurel. Thetop row of text is
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Figurel. A queryimage(left) is interpretedvith varyingamounts
of image(l ¢ ) andlinguistic (I s , | ¢ ) information.Only with sim-

ilarity information (Is) is the other contextual information con-

strainedo globalconsisteng.

theresultof readingthe signontheleft usingonly basicin-

formationaboutcharacteimagesandthelowercasd (ell)

is mistalenfor anuppercasé (eye). The next two results
eachcombinethe imageinformationwith somebasiclan-
guageinformation. Thesedo notcorrecttheerrorbutin fact
introducenew errors. Combiningthesethreeinformation
sourcesn thefourthline elicits bothnew errors. Theimage
andlanguageénformationis basednlocal contet anddoes
notrequireary globalconsisteng. By addingsimilarity in-

formationin the lastline, the errorsare corrected;the two

e charactershatappearthe samearegiventhe samelabel,
while thel andt characterof dissimilarappearancare
givendifferentlabels.

Ourrecognitionstrategyy improveson two issuedacking
in previous approacheskFirst, by simultaneouslyncorpo-
rating characteridentity and similarity informationinto a
uni ed probabilisticmodel,we eliminatethe needfor dis-
tinct clustering/recognitiostepsandthe potentialfor unre-
coverableerrors.Secondye treatsimilarity anddissimilar
ity astwo sidesof the samecoin, which preventsdissimilar
charactergrom beinggiventhe samelabel. Therestof the
papempresent®ur probabilisticframewvork, includingavail-
ableinformationandrelatedfeaturesfollowed by a setof
experimentson readingtext in imagesof real signs. We
thendiscusgheresultsandconcludethata uni ed method
including similarity informationsigni cantly improvesac-
curay andreducedalsematchedy fourfold.

2. Probabilistic Framework for Recognition

Graphicalmodelsof probability are a powerful tool for
describingandmodelingthelogical dependencef various
information sourcesand unknovns in a Bayesianframe-
work. We emplg a discriminative undirectedgraphical
model[13] for predictingcharacteidentities.

Let x beaninputimagerepresentatioandy the string
of charactersontainedn theimage takenfrom analphabet
A. Letting| representur informationaboutthe problem,
including ary assumptionshatgive rise to the choiceof a
particularprobability, we framethe task of readingtext in
imagesasaninferenceproblem—using andsometraining

dataD—overamodelor parametespace :
Z

ply ix;D;1)= " p(yix; ;1)p(C ib;1)d: (1)

Note we have assumedhat (i) givena predictionmodel ,
thetrainingdataD do not reveal anything additionalabout
y, and(ii) giventhetrainingdataD, anadditionalimagex
doesnotgive ary informationaboutthe predictionmodel .
Of course evaluatingsuchanintegral is non-trivial, sowe
take thestandarcapproactof nding themostlikely model

b= argmaxp( jD:l) @)
andusingthe pointapproximation
p( jDil)= b (3)
sothattheintegral (1) becomes
p(yix;Dil) pyjx;Bi1 Q)

The probability p(y j x; ;1) is the typical undirected
graphicalmodel: theunknavn charactery areindexedby
the nodesof a graph,andan edgeindicateslogical depen-
dencebetweertwo nodes.Sucha modelmaybewritten

logZ (x; )g; (5)

whereU (y;X; ) isanenegy functionfor obserationsand
predictiongparameterizetly . Thenormalizingvalue

p(y jx; ;1)=expf U(y;x; )

Z(x; )=
y

expf U(y;x; )g (6)

ensureshat (5) is a properprobability Consideringup to
pairwisedependenciesheenegy is decomposeahto local
andpairwiseterms

Uy;x; ) = )lgL(y;x; )+ Up (y;x; ) (7)
U (y;x; ) = Ui (yi;x; ) (8)
X
Up (Y;%; ) = Ui (Yiryjs )+
G
Ui (Yisysx; ) )

(i)

whereU_ is a sumof local enegies for a characterand
givenimage,andUp is a sumof pairwiseenegiesfor two
charactefabels,which may or may not alsodependon the
image. Incorporatingthe pairwise,image-dependerierms
will allow for imagesimilarity comparisonsvhen predict-
ing labels.

The factorgraph[12] of the nal modelincorporating
all the information, which corresponddo the probability



Figure2. Factorgraphfor inferring charactery from agivenim-
agex. The solid (black) factorscapturerelationshipsbetween
theimageandcharacteidentity. Hatched(blue) factorsbetween
neighboringy capturelanguageinformation including bigrams
andletter case. Shadedred) factorsamongy accountfor simi-
laritiesbetweercharacterén x for jointly labelingthestring.

(5), is shown in Figure2. Eachterm of the total enegy
(7) belongsto onefactor Factorgraphsaresimilar to the
usualgraphicalmodelrepresentatiorhut the actualclique
parameterizatiofis representedFor instance the equiva-
lent graphicalmodelfor our probability is fully connected
amongthey;, which would allow a single enegy termto
dependon all of y. The factorgraphillustratesthat only
pairwisetermsarebeingused.SeeKschischangetal. [12]
for furtherbackgroundnthefactorgraphrepresentationf
probabilitymodels.

GivendataD = y®);x()  consistingof asequence
of labeledobsenations, the optimization (2) is the usual
maximuma posteriori(MAP) estimatiorwith someparam-
eterprior p( j 1) [13]. UsingBayes'rule, the parameter
posterioris

Y
pC iDs)/ pC i) p y®@jx®;
k

(10)

wherethe producttermshave thesamemodelform (5). Af-
tertakinglogarithms,the objective functionis givenby

X
L(;D) = U y®;x®;
i
+ logp( jl):

(11)
k

logz x®;

WhenU islinearin , theobjectve (11)is corvex (assum-
ing the parameterprior is convex), so b can be found by
convex optimization. The inferencetaskfor the model(5)
will involve calculatingthe normalizingpartition function
(6), mamginal probabilitiesfor they;, or they of maximum
posteriorprobability While inferenceis ef cient whenthe
correspondindactorgraphis cycle-free,it is intractablein
general.Whenthe factorgraphhascycles,we mustresort
to approximateinferencetechniquedor calculatinglogZ

AR

Figure 3. An exampletraining charactemwith (left to right) real,
imaginary andcomplex modulus®Iter responsefor oneorienta-
tion andscale.

andthe gradientof the objective L, in which casethe opti-
mizationof (11) is only approximate.

Theinformationwe applyto this taskconsistdroadlyof
two types: visual andlinguistic. Previous work hasshavn
text detectioncanbedonefairly reliably [6, 18], effectively
performingaf ne recti cation andgiving charactebound-
ing boxes[5]. In thiswork, we take thelocationsof charac-
tersasagivenwith theimage letting x; denotethefeatures
of animagepatchrelevantto theith charactery;. For now,
we assumehateachobsenationx, (representingnelocal
region of text) containsa singlefont. Our models parame-
ters = (w;b;l;s) arepartitionedby theinformationthey
incorporateandwe estimateeachsubsetndependentlyAl-
thoughthey arenotindependenin generalpurresultsshav
this to be an acceptablepproximation.Next, we describe
theinformationandfeaturesusedin our model.

2.1.Character Image Features

Gabor lters are an effective and widely usedtool for
featureextractionthat decomposgeometryinto local ori-
entationandscale[7]. Their successn handwritingrecog-
nition [8] and printed characterrecognition [5] demon-
stratestheir utility for this task. Using a minimally re-
dundantdesignstrat@y [14], a bankof 18 lters spanning
three scales(5, 10, and 20 pixels/g/cle) and six orienta-
tions (30 incrementsfrom 0 to 150 ) is appliedto the
grayscalemage,yielding complex coefcients thatcontain
phasednformation(therealandimaginarypartsof the Iter
areevenandoddfunctions,respectiely). Takingthe com-
plex modulusof the Iter outputsprovidesphasenvariance
andmalkestheresponsefesssensitve to translationof the
input; seeFigure3. Henceforth,let x denotea vector of
theseGabor Iter responseto theoriginalinputimage with
jX]j thevectorof component-wiseomplex moduli of there-
sponsesSimilarly, theentriesof x correspondingo theith
charactearegivenby thevectorx;, with modulijx;j.

Let us assumethat thereis a relationshipbetweenthe
identity of the characteandthe Iter responsesyhich sig-
nify local scaleandorientation;this informationis denoted
| ¢ for the GabordecompositionWe thenassociateharac-
ter classewvith theseltered imagesby alinearenegy

US (yiixsw) = w(yi)” jxii; (12)

wherew (c) is areal-valuedvectorof weightsfor a particu-



lar charactec. Theweightsw = (w (c)), areoptimizedas
describeatarlierby maximizingp (w j D;1g) forw, where
D is a sequencef image/charactepairsthatareindepen-
dentgiventhemodelw. We usea Laplacianprior [9, 17

p(w j kwk,g; (13)

wherekwk, is the™; vectornorm; is chosenby valida-
tion. Experimentabetailsmaybefoundin Section3.2.

ilg)  expf

2.2.LanguageFeatures

Propertieof the languageare strongcuesfor recogniz-
ing characterin previously unseerfontsandunderadwerse
conditions. We addtheseto the modelin the form of two
informationsourcescharactebigramsandlettercase.

It is well known thatthe Englishlexicon employs certain
characteljuxtapositionsmore often than others. N-grams
are a widely-usedgeneralfeaturefor characterand hand-
writing recognition[1]. Our model usesthis information
I g viathelinearfeatures

UP (vi¥5:b) = b(yi; ;) (14)
wherei andj are ordered,adjacentcharactersandb =
(b(c;co))c;Co are real-aluedweightsfor eachbigram cc.
We do not considerletter caseto be importantin bigrams,
so the weightsin b aretied acrosscase(i.e., b(RA) =
b(r;A = b(Ra) = b(r;a)). Theseweightsarealsoop-
timized independentlypby maximizingp(b j T;1g) for b,
whereT is acorpusof Englishtext. We usea uniform prior
p(bjlg)/ 1

Priorknowledgeof lettercasewith respecto wordsalso
provesimportantfor accuraterecognition. In somefonts
potentially confusablecharactersnay have differentcases
(e.g.,I andl, lowercaseell andcapitaleye). Sincewe do
not binarizethe imagesthereis no directmethodfor mea-
suringthe relative size of neighboringcharacters We can
improve recognitionaccurag in context becauseEnglish
rarely switchescasein the middle of the word. Addition-
ally, uppercaséo lowercaseransitionsarecommonat the
beginning of words, but the reverseis not. (Note that digit
characterdiave no case.) This information| ¢ is incorpo-
ratedwith thefeatureéNeights

< ls Yi;y; samecase
US (visyjs) = . la yisy; differentcase (15)
" 0 otherwise

wheni andj areadjacentharactersvithin aword and

Cri N I, Vi lowercasey; uppercase
Ui 00%D = g otherwise

(16)
wheni andj arethe rst andsecondcharacter®f aword,
respectiely. We setthe parameters = |5 Iy |y g
by maximizingp (1 j T ;I ¢) with the samecorpususedfor

thebigramfeatures A uniform prior is alsousedfor |.
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Figure4. Similarity basisfunctionsandthelearnedenegy for the
distancebetweendifferentimagesof the samecharacterthe co-
ef®cientsares = 0:9728 9:3191 6:9280 . The dotted
line in the right-hand®gure shaws the crosseer from reward to
penalty which occursatanangleof about37 .

2.3.Similarity

An important, underusedsource of information for
recognitionis the similarity amongthe characterimages
themseles—two characterimages that look the same
shouldrarely be given different labels. Toward this end,
we needa comparisorfunctionfor images.We have found
the vectoranglebetweenthe concatenatedeal andimagi-
narypartsof Itered imagevectorsx; andx; to bearobust
indicatorof imagediscrepancied.etting betheanglebe-
tweentwo suchvectorsweused = 1 cos asadistance
measurewhich hasrange0; 2]. Whenthedistances small
the charactersarevery similar, but whenlargethey aredis-
similar. Usingthisinformationl s we addthefeatures

UP (Visy5%:9) = (viy) s dj (7)
where (c;c?) is theKronecler delta,and

>

dj = In(dy) In2 dj) 1 (18)
is avectorof basisfunctionsthattransformthe distanced;
betweertwo characteimages; andx; . The rst two func-
tionseachhave adistanceangeboundaryasanasymptote,
andthe lastis a biasterm. Thus,the rst weightin s es-
tablishesa low enegy reward for small distancesthe sec-
ondweighta high enegy penaltyfor larger distancesand
the biashelps(in conjunctionwith the rst two) establish
the crosseer point. Thisis similar to theinverseof the sig-
moid functionwith ascaledange gxceptthatit is nolonger
symmetricaboutthe zero-crossing;seeFigure 4. These
weightsareagain optimizedindependenthby maximizing
p(sj S;ls), whereS containgairedcharacteimageshat
arethe sameup to small af ne transformationsandnoise,
aswell aspairsof differentcharacteimages. SeeSection
3.1for moredetails.We alsousea uniform prior for s.
Sinceall previousfeaturesvereeitherlocalto characters
orformedachainalongthetext, inferencen modelsinclud-



inglg, Ig, orl¢ is fastandexactvia the sum-productl-
gorithm (belief propagtion)[12]. However, by introducing
I s we are nowv making pairwise comparisondetweenall
character®f the queryx. Inferencein sucha cyclic graph
becomesntractableandwill requireapproximatesolutions.
We usea loopy sum-productpproximatiorandencounter
few problemswith convergence.

3. Experiments

In this sectionwe describeheresultsof recognizingext
in imagesof real signsandprovide detailson the dataand
procedurausedto train our model. Our alphabebf charac-
tersA consistsof 26 lowercase 26 uppercaseandthe 10
digit character¢62 total).

3.1.Data Sets

We generateémagesof eachcharactem 1,000commer
cially availablefontsusingGIMP.! Eachimageis 128 128
pixels with the font heightat 100 pixels; the boundingbox
of thecharacteis centeredn thewindow.

A corpusof English text was acquiredfrom Project
Gutenbeg?—84 booksincluding novels, non- ction, and
referencefor atotal of morethan11 million wordsand49
million charactergfrom our 62 charactealphabet).

For learningthe similarity function (17), we generated
pairsof the samecharactel(in the samefont) and pairs of
differentcharactergalsoin the samefont) with the follow-
ing procedure.First, we selecta font anda charactewuni-
formly at random.To producea similar characterwe gen-
eratearandomlineartransformation

T= cos sin X x (19)

sin  cos vy y

with rotation N (0;1 ), scalefactors ; y
N (1;0:01), andskew factors y; y N (0;0:005). This
transformationis appliedto the original image, followed
by additive noise. To producea dissimilarpair, a different
characters choseruniformly atrandom.We chooseliffer-
entcharactergrom the samefont becausehesearelikely
to be more similar thandifferentcharactergrom different
fonts, allowing for a betterthresholdto be learned. Addi-
tive Gaussiamoise N (0;0:01) is addedo theoriginal
andtransformedmagesprior to Gabor ltering. For opti-
mal predictive discrimination theratio of sameto different
pairsin the training datashouldbe the ratio we expectin
testingdata. Towardthis end,we samplesmallwindows of
text from our corpus. The window lengthis sampledrom
a geometricdistribution with a meanof 10 characterand
lengthat least3; theseparameterarechoserbasedon our
prior expectationof sign contents.In 10,000samplesthe

1GNU ImageManipulationProgramhttp://www.gimp.org
2http://www.gutenberg.org

same/diferentratio is consistentlyabout0.057. This ratio
controlsthe relative numberof similar anddissimilarpairs
we generated100,000total).

Our evaluationdatacomesfrom picturesof signscap-
turedarounda downtown North Americancity. Thereare
95 text regions (areaswith the samefont) and a total of
1,209 characters.Many signshave regular fonts (that s,
characterappeathesamein all instances)hatarestraight-
forward, suchasbasicsansserif, andshouldbe easilyrec-
ognized. Othersignscontainregular fonts that are custom
or rarely seenin the courseof typical documentrecogni-
tion. Finally, thereare a few signswith customirregu-
lar fonts that posethe greatestchallengeto the premise
that similarity informationis useful. The signsareimaged
without extreme perspectie distortion—thg are roughly
fronto-parallel. If this were not the case,afne recti ca-
tion methodscould be appliedto theimage[5]. Examples
from the datacanbe seenin the sectionghatfollow.

Sincethefocusof this work is recognition,we have an-
notatedour evaluation datawith the boundingboxes for
charactersThecharacteheightis normalizedandonly |-
ter responsefrom within the boundingbox areconsidered
whencalculatingtheenegiesfor characteidentity U® and
similarity US. Previousresearchasfocusedon doingthis
automaticallybothin the context of signs[5] andOCR[4].
Note that Gabor lters are appliedto the actualgrayscale
image;no binarizationis performed.

3.2.Training Details

As mentionedpreviously, the ideal predictionis a re-
sult of integrating for a Bayesianposterior Although re-
centadvanceshave beenmadein approximatiorof thein-
tegral [15], the standardapproactof usingthe modeof the
model posterior(2) for prediction,ratherthana weighted
averageof models,provesto give reasonableesultsin our
experiments.

To avoid the needfor performinginferenceon several
chainswith interdependerfeaturesduringtraining, we use
the piecavise methodof SuttonandMcCallum[16]. The
trainingdatais brokeninto graphsthathave disjointenegy
functions,and the parameters = (w;b;l;s) aresubse-
guentlyoptimized. This is especiallyadvantageougor the
bigramandcaseswitchmodels(14), (15), and(16), which
do not dependon an obsenred image. Thus, training in-
stancesmay be collapsedinto unique casesand weighted
by theirfrequeng. For example thecorpusT of 49million
characterscontainsnearly 780,0000ccurrence®f the bi-
gramth . Ratherthandoinginferenceontheentirechainof
text with the exactmethod we needonly doinferenceonce
in atwo-nodechainfor th andcountit 780,000times.

The characterimage parametersv are trainedon 200
fonts, and the remaining800 fonts are usedas a valida-
tion set. The value of hyperparameter for the Laplacian



Information | Accuray FNR FPR HR
lg 84.04 1142 0.51 91.07
Igls 84.04 11.42 0.51 91.07
Igls 87.92 9.14 053 93.81
Iglc 87.92 8.79 0.87 94.03
Iglglc 91.65 6.85 0.66 98.68
Iglglcls 93.22 545 0.14 99.26

Tablel. Recognitiorresults(percentage)f themodelwith vary-
ing amountwf information. Overall characteaccurag aswell as
the falsenggative (FNR), false positive (FPR),andhit rate (HR)
for pairs(seetext) aregiven.

prior thatyieldsthe highestlik elihoodon the validationset
is usedfor optimizingtheposteriorfor w. The lter outputs
arescaledto 32 32 for the characteidentity enegy UC.
Althoughsomeinformationfrom the highestfrequeng |-
tersis lost, this reduceghe dimensionalityof w by afactor
of 16. Thefull-size lter outputsareusedto calculatethe
angleand subsequendistancebetweenimages. The ner
detailsareusefulfor thesecomparisonsandthedimension-
ality is notanissue.

3.3.Results

The results of character recognition with varying
amountsof informationaregivenin Tablel. Usinginfor-
mationl x meansaddingtheenegiesU* tothemodel.The
maximumposteriormanginal (MPM) labeling

¥ = argmaxp yi jx; b1 (20)
y2A

is usedfor inference asopposedo the moretypical MAP

labeling. MPM tendsto give slightly higheraccuracieshan
MAP on our dataandtask, but with the samerelative per

formancebetweendifferentamountsof information. The
mauginals (which are exact except when|s is used)are
givenby belief propagtion. Loopy belief propagtionfails

to corverge on threedif cult signs. Accurag is the per

centageof charactersorrectlyidenti ed (including case).
To evaluatethe ability of our modelto recognizedifferent
instancef the samecharacteiin the samefont, for intra-

signandintra-fontcharactersve measure:

Falsenegative rate: Percentagef charactepairsthatare
thesamebut aregivendifferentlabels.

Falsepositive rate: Percentagef characteipairsthatare
differentbut aregiventhe samelabel.

Hit rate: Percentag®f charactempairsthat arethe same,
given the samelabel, and correct (correctly labeled
true positives).

Information | Accuray FNR FPR HR
Is - 22.67 0.25 -
Is! Ig 83.54 7.03 0.69 88.28
Is! lgls 87.92 439 0.80 91.73
Is! lglc 87.76 580 1.02 92.72
Is! lglglc 91.40 3.69 0.88 97.26

Table2. Resultsof clusteringfollowed by recognitionandvoting.

All of thedifferencesn accurag for theuni ed model(Ta-
ble 1) arestatisticallysigni cant. (In all casessigni cance
is assessely a paired,two-sidedsignteston the accurag
per sign.) In particulay addingthe similarity information
Is tolglglc improvesaccurag with signi cance at the
p < 0:02level. While thereductionof falsenegativesis not
signi cant with theadditionof | 5, thefalsepositivesarecut
by 79%(p < 0:0005.

For comparisonthe methodof clusteringletters(within
a sign andfont) wasfollowed by voting on the clusterla-
bel. To clusterletters,we maximizep(y j x;b;1s) fory
via simulatedannealingjnitialized at the predictiongiven
by I s (the stratgy takenby Breuel[2]). A labelingbased
onadditionalinformation(e.g.,| ¢ andl g ) isthenproduced
by assigninghe majority labelto all memberof a cluster
(tiesarebrokenby choosinghelabelwhosemembersave
the lowest averageentroyy for their posteriormaiginal, a
stratgy which slightly outperformgandomtie breaking).

The differencesbetweenfalse negative rates(say be-
tweenlglg andls ! |Iglg) areall signicant (p <
0:005. Therearetwo signi cant differencedetweerfalse
positive rates:1glg versusls ! Iglg (p < 0:005 and
Iglglcls versuslg ! Iglglc (p< 0000005 The
differencedn accurayg arenot signi cant, save for that of
Iglglcls versuds ! IGIBIC(p< 0003

Anotherinterestingcomparisons providedby thelikeli-
hoodratio of the dataundermodelswith differentamounts
of information. Let D = y®);x® " representour
evaluationlabel andimagedata. The geometricmeanof
the likelihood ratio betweenthe language-informedand
appearance-onignodelsis

1
N

2 (k) (k) b 3
W j x5 Blgrlg;l
4 py“] G:leilc 5

8533 (21)
k=1 p y® jxk; b1

Adding the similarity informationto the modelalsoyields
anincreaseén beliefaboutthe correctlabelsfor thedata:

3

N

2
R y® jx®;bgiig;ic;ls

5 1:02 (22)
ket P y® jx;Bigiig;ice



Figure5. Examplesof signsreadcorrectly

3.4.Discussion

Figure 5 contains examples of signs correctly read,
shaving that the featuresare robust to variousfonts and
backgroundextures(e.g.,woodandbrick).

Although the numberof characterger queryis small
comparedo OCR applicationsaddingsimilarity informa-
tion undoubtedlyimprovesrecognitionaccurag, reducing
overall error by nearly20%. Not surprisingly mostof this
improvementcomesfrom greatlyreducingthe casesvhen
differentcharacteraregiventhe samdabel (pair falsepos-
itives).

Perhapssurprisingly adding similarity information to
the simpleimageinformationl ¢ doesnot alterthe results.
This is probably becausetest imageshave relatively lit-
tle noiseand are mostly dif cult dueto font novelty and
nonfronto-parallelorientations. Therefore,it is expected
thatthesamecharacterghoughnovel, would oftenbegiven
thesamelabelin differentlocations,dueto theirlogical in-
dependenceolely with informationlg. However, when
othersourcef informationareintroducecdto helpresohe
ambiguity the similarity information doesmale a differ-
encebecausehebigramandcaseinformationarebasecon
local context. This canpushthe beliefsaboutcharactersn
differentdirections,eventhoughthey tendto look thesame,
becausedheir contets aredifferent. Adding the similarity
information on top of theseothersourcesensureghat the
local context doesnot introducea contradictorybias. This
is demonstratedn Figure 1. Adding bigram information
pusheghe seconde to ana becausereferencdor theea
bigramoutweighsbothee andthe character/imageneny.

Figure 6. Challengingsigns that have unique fonts, are hand-
painted,or containthree-dimensionaffects,realandvirtual.

Similarly, addingcaseinformation pusheshe | from be-
ing recognizedasthe uppercasel to lower caset (dueto
kerningin thisitalic font, someof the F overlapsin thel 's
boundingbox, leaving alittle crossbamdicative of at ). Fi-
nally, addingthe similarity informationcorrectshel since
it is verydifferentfromthe nal t , andcorrectsheessince
they arevery similar.

As expectedaddingmoreprior informationto themodel
booststhe likelihoodof the data. The modelusingappear
ancealoneis relatively weak,sincea probability hasanup-
per boundof one, yet the ratio in (21) is quite large. In
additionto improving the predictionaccurag, addingthe
similarity information yields an increasein the degree of
belief for the correctlabels,as shavn by (22). Although
the increasds slight on average,morethanten percentof
the signsin our testdataexhibit anincreaseof atleastone
ordermagnitude This could beimportantwhencon dence
in the models predictionhelpsto determinehow to handle
aquery

The resultsof clusteringthe lettersprior to recognition
appeamvorsethandoing recognitionoutrightwith no sim-
ilarity information,thoughthe differenceis not signi cant.
However, unifying all the informationavailable doesyield
betterresultsthana distinctclusteringstep. It is interesting
that clusteringyields fewer falsenegativesthanthe uni ed
approachThisis mostlikely becauselustersarenotforced
to have differentlabelsat the secondaryassignmenstage.
Thus,instancef the samecharactemassignedo different
clustersare not forced to have differentlabels (up to the
factthatthereareonly asmary clustersascharactersn our
alphabetA). Indeed,if this were the case the falsenega-
tive rate would be intolerably high. Corwversely the clus-
teringpreprocessingtepdoescommitunrecwerableerrors
by pairing charactershat are not the same;subsequenin-
formationcannotreducethe falsepositive rate. This is es-
pecially critical becausehe probability of two characters
being the samea priori is much smallerthan their being
different,thusthefalsepositive ratehasa greatetimpacton
total errorsthanthefalsenggative rate.

Somesignsin our datasetpresentremendoudlif culty
and challengethe assumptiorthat characterof the same
“font” appearsimilar. Someof theseare dueto rendered



warping effects, customfonts, or inconsistentshadav ef-
fects(seeFigure6). Othersignsjust have uniquefontsthat
arevery differentfrom thosein thetrainingset.

4. Conclusions

Therearemary importantsource®f informationthatal-
low humansto easily solve recognitiontasksthat remain
challengingfor computers. Objectsimilarity is an under
usedsourceof informationin problemsinvolving novel in-
put sources.In this paper we have shavn that using simi-
larity informationcanimprove overall accurag andgreatly
reduceheparticularerrorof giving differentitemsthesame
label. Our resultsshaw thatthe bene t of additionalinfor-
mationis maximizedwhenusedalongsideall otherinfor-
mationwithin a uni ed framework, ratherthanin distinct
stageghatmale errorrecovery impossible.The probabilis-
tic modelallows the variousinterpretationgo be weighed
agninsteachotherin light of all availableinformationbe-
forea nal predictionmustbemade.

While we have demonstratedhe utility of auni ed ap-
proachto similarity on anapplicationreadingsignsin natu-
ral scenesit mayprove usefulin othertaskssuchasspeech
andgeneric3D objectrecognition.
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