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Abstract

Manysourcesof informationrelevantto computervision
and machine learning tasksare oftenunderused.Oneex-
ampleis the similarity betweenthe elementsfrom a novel
source, such asa speaker, writer, or printed font. By com-
paring instancesemittedby a source, we help ensure that
similar instancesare given the samelabel. Previous ap-
proacheshaveclusteredinstancesprior to recognition. We
proposea probabilistic framework that uni�es similarity
with prior identity and contextual information. By fusing
informationsourcesin a singlemodel,we eliminateunre-
coverable errors that result from processingthe informa-
tion in separatestagesand improveoverall accuracy. The
framework also naturally integratesdissimilarity informa-
tion, which haspreviouslybeenignored. We demonstrate
with an application in printed character recognition from
imagesof signsin natural scenes.

1. Intr oduction

To appearin Andrew Fitzgibbon,YannLeCun,andCamillo J.Taylor, editors,IEEE Conferenceon ComputerVision
andPatternRecognition, New York, June2006.

Theproblemof characterrecognitionin documentanal-
ysis hasa long history and is one of the most successful
applicationsof computervision,imageprocessing,andma-
chinelearningtechniques.However, facedwith complica-
tions suchas noisy input, novel fonts, and unconstrained
text in naturalimages,theperformanceof traditionalOCR
systemsdegradesmorerapidly thanhumans'ability to read
thesametext. A possiblereasonfor this couldbethatpeo-
ple areableto applymany moresourcesof informationto
theproblemthancurrentautomatedtechniques.This is not
uniqueto characterrecognition,of course;usingmorein-
formationsourcesin our approachesto many computervi-
sionproblemsshouldimprove our results.In this work, we
integrateappearancesimilarity, oneunderusedsourceof in-
formation, in a uni�ed probabilisticframework to reduce
falsematchesby a factorof four andimprove overall accu-
racy.

Progresshas beenmaderecently in the task of auto-
maticallydetectingandreadingrelatively smallamountsof
printed text (e.g., signs)from natural images[5, 6] as an
aid to thevisually impairedor travellersin needof transla-
tion. While the fundamentaltaskof characterrecognition
is the sameas in traditional documentanalysis,thereare
someimportantdifferencesthat candrasticallyaffect per-
formance.Perspective projectionfrom non-uniformimag-
ing conditionscanaltertheappearanceof charactersrequir-
ing recti�cation beforerecognition[5]. Signsarealsotypi-
cally printedin a wider varietyof fontsthanaveragedocu-
ments,dueto glyphalterationsandcustomdesigns.Finally,
thenumberof charactersin a givensignis relatively small,
while theamountof text in adocumentcanbequitelarge.

Recentadvancesin OCRperformancehaveexploitedthe
lengthof documents.HongandHull [11] clusterword im-
agesandthenlabel theclusters.Similarly, Breuellearnsa
probability of whethertwo imagescontainthe samechar-
acterandusesthe probability to clusterindividual charac-
ters [2], with subsequentcluster labeling (i.e., by voting)
andnearestneighbor(mostsimilar)classi�cation[3]. These
methodscapitalizeon theideaof similarity; thatcharacters
andwordsof similar appearanceshouldbegiven thesame
label. However, they suffer from the drawback that there
is no feedbackbetweenthelabelingandclusteringprocess.
Hobby andHo [10] amelioratethis somewhat by purging
outliersfrom a clusterandmatchingthemto otherclusters
wherepossible.Theseprocessesall solvetheclusteringand
recognitionproblemsin separatestages,makingit impossi-
ble to recover from errorsin theclusteringstage.

Thusfar, thedissimilaritybetweencharacterimageshas
not beenusedas evidenceagainst giving them the same
label, but in many circumstancesthis is a reasonableap-
proach. (If therearemultiple fonts present,then the font
identity mayalsobeconsideredpartof thelabel.) Thepre-
viousclustering-basedmethodsonly ensurethatall cluster
membersaregiventhesamelabel; they do not preventdif-
ferentclustersfrom beingassignedthesamelabel.

Considertheexamplein Figure1. Thetop row of text is
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Figure1. A queryimage(left) is interpretedwith varyingamounts
of image(I G ) andlinguistic (I B , I C ) information.Only with sim-
ilarity information (I S ) is the other contextual informationcon-
strainedto globalconsistency.

theresultof readingthesignon theleft usingonly basicin-
formationaboutcharacterimages,andthelowercasel (ell)
is mistaken for anuppercaseI (eye). Thenext two results
eachcombinethe imageinformationwith somebasiclan-
guageinformation.Thesedonotcorrecttheerrorbut in fact
introducenew errors. Combiningthesethreeinformation
sourcesin thefourth line elicitsbothnew errors.Theimage
andlanguageinformationis basedonlocalcontext anddoes
not requireany globalconsistency. By addingsimilarity in-
formationin the last line, the errorsarecorrected;the two
e charactersthatappearthesamearegiventhesamelabel,
while the l andt charactersof dissimilarappearanceare
givendifferentlabels.

Our recognitionstrategy improveson two issueslacking
in previous approaches.First, by simultaneouslyincorpo-
rating characteridentity and similarity information into a
uni�ed probabilisticmodel,we eliminatethe needfor dis-
tinct clustering/recognitionstepsandthepotentialfor unre-
coverableerrors.Second,wetreatsimilarity anddissimilar-
ity astwo sidesof thesamecoin,whichpreventsdissimilar
charactersfrom beinggiventhesamelabel. Therestof the
paperpresentsourprobabilisticframework, includingavail-
ableinformationandrelatedfeatures,followed by a setof
experimentson readingtext in imagesof real signs. We
thendiscusstheresultsandconcludethata uni�ed method
includingsimilarity informationsigni�cantly improvesac-
curacy andreducesfalsematchesby fourfold.

2. Probabilistic Framework for Recognition

Graphicalmodelsof probabilityarea powerful tool for
describingandmodelingthelogical dependenceof various
information sourcesand unknowns in a Bayesianframe-
work. We employ a discriminative undirectedgraphical
model[13] for predictingcharacteridentities.

Let x bean input imagerepresentationandy thestring
of characterscontainedin theimage,takenfrom analphabet
A. Letting I representour informationabouttheproblem,
includingany assumptionsthatgive rise to thechoiceof a
particularprobability, we framethe taskof readingtext in
imagesasaninferenceproblem—usingI andsometraining

dataD—overamodelor parameterspace� :

p(y j x ; D; I ) =
Z

�
p(y j x ; � ; I ) p(� j D; I ) d� : (1)

Notewe have assumedthat (i) givena predictionmodel� ,
thetrainingdataD do not revealanything additionalabout
y , and(ii) giventhetrainingdataD, anadditionalimagex
doesnotgiveany informationaboutthepredictionmodel� .
Of course,evaluatingsuchan integral is non-trivial, sowe
take thestandardapproachof �nding themostlikely model

b� = argmax
� 2 �

p(� j D; I ) (2)

andusingthepointapproximation

p(� j D; I ) = �
�

� � b�
�

(3)

sothattheintegral (1) becomes

p(y j x ; D; I ) � p
�

y j x ; b� ; I
�

: (4)

The probability p(y j x ; � ; I ) is the typical undirected
graphicalmodel: theunknown charactersy areindexedby
thenodesof a graph,andanedgeindicateslogical depen-
dencebetweentwo nodes.Suchamodelmaybewritten

p(y j x ; � ; I ) = expf � U (y ; x; � ) � logZ (x; � )g ; (5)

whereU (y ; x; � ) isanenergy functionfor observationsand
predictionsparameterizedby � . Thenormalizingvalue

Z (x; � ) =
X

y

expf� U (y ; x; � )g (6)

ensuresthat (5) is a properprobability. Consideringup to
pairwisedependencies,theenergy is decomposedinto local
andpairwiseterms

U (y ; x; � ) = UL (y ; x ; � ) + UP (y ; x ; � ) (7)

UL (y ; x ; � ) =
X

i

Ui (yi ; x ; � ) (8)

UP (y ; x ; � ) =
X

( i;j )

Uij (yi ; yj ; � ) +

X

( i;j )

Uij (yi ; yj ; x ; � ) (9)

whereUL is a sum of local energies for a characterand
givenimage,andUP is a sumof pairwiseenergiesfor two
characterlabels,which mayor maynot alsodependon the
image. Incorporatingthepairwise,image-dependentterms
will allow for imagesimilarity comparisonswhenpredict-
ing labels.

The factor graph[12] of the �nal model incorporating
all the information, which correspondsto the probability
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Figure2. Factorgraphfor inferring charactersy from a givenim-
agex . The solid (black) factorscapturerelationshipsbetween
the imageandcharacteridentity. Hatched(blue) factorsbetween
neighboringy capturelanguageinformation including bigrams
andletter case. Shaded(red) factorsamongy accountfor simi-
laritiesbetweencharactersin x for jointly labelingthestring.

(5), is shown in Figure 2. Eachterm of the total energy
(7) belongsto onefactor. Factorgraphsaresimilar to the
usualgraphicalmodelrepresentation,but theactualclique
parameterizationis represented.For instance,the equiva-
lent graphicalmodelfor our probability is fully connected
amongthe yi , which would allow a singleenergy term to
dependon all of y . The factorgraphillustratesthat only
pairwisetermsarebeingused.SeeKschischanget al. [12]
for furtherbackgroundonthefactorgraphrepresentationof
probabilitymodels.

GivendataD =
�

y (k ) ; x (k )
	

k consistingof a sequence
of labeledobservations, the optimization(2) is the usual
maximuma posteriori(MAP) estimationwith someparam-
eterprior p(� j I ) [13]. Using Bayes' rule, the parameter
posterioris

p(� j D; I ) / p(� j I )
Y

k

p
�

y (k ) j x (k ) ; � ; I
�

(10)

wheretheproducttermshavethesamemodelform (5). Af-
ter takinglogarithms,theobjective functionis givenby

L (� ; D) =
X

k

h
� U

�
y (k ) ; x (k ) ; �

�
(11)

� logZ
�

x (k ) ; �
� i

+ logp(� j I ) :

WhenU is linearin � , theobjective (11) is convex (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), marginal probabilitiesfor theyi , or they of maximum
posteriorprobability. While inferenceis ef�cient whenthe
correspondingfactorgraphis cycle-free,it is intractablein
general.Whenthe factorgraphhascycles,we mustresort
to approximateinferencetechniquesfor calculatinglogZ

Figure3. An exampletraining characterwith (left to right) real,
imaginary, andcomplex modulus®lter responsesfor oneorienta-
tion andscale.

andthegradientof theobjective L , in which casetheopti-
mizationof (11) is only approximate.

Theinformationweapplyto this taskconsistsbroadlyof
two types:visualandlinguistic. Previouswork hasshown
text detectioncanbedonefairly reliably [6, 18], effectively
performingaf�ne recti�cation andgiving characterbound-
ing boxes[5]. In thiswork, we take thelocationsof charac-
tersasagivenwith theimage,lettingx i denotethefeatures
of animagepatchrelevantto thei th characteryi . For now,
we assumethateachobservationx, (representingonelocal
region of text) containsa singlefont. Our model's parame-
ters� = (w; b; l ; s) arepartitionedby theinformationthey
incorporate,andweestimateeachsubsetindependently. Al-
thoughthey arenotindependentin general,ourresultsshow
this to beanacceptableapproximation.Next, we describe
theinformationandfeaturesusedin ourmodel.

2.1.Character ImageFeatures

Gabor�lters are an effective and widely usedtool for
featureextractionthat decomposegeometryinto local ori-
entationandscale[7]. Their successin handwritingrecog-
nition [8] and printed characterrecognition [5] demon-
stratestheir utility for this task. Using a minimally re-
dundantdesignstrategy [14], a bankof 18 �lters spanning
threescales(5, 10, and 20 pixels/cycle) and six orienta-
tions (30� incrementsfrom 0� to 150� ) is applied to the
grayscaleimage,yieldingcomplex coef�cients thatcontain
phaseinformation(therealandimaginarypartsof the�lter
areevenandoddfunctions,respectively). Takingthecom-
plex modulusof the�lter outputsprovidesphaseinvariance
andmakestheresponseslesssensitive to translationsof the
input; seeFigure3. Henceforth,let x denotea vectorof
theseGabor�lter responsesto theoriginalinputimage,with
jx j thevectorof component-wisecomplex moduliof there-
sponses.Similarly, theentriesof x correspondingto thei th
characteraregivenby thevectorx i , with moduli jx i j.

Let us assumethat thereis a relationshipbetweenthe
identity of thecharacterandthe�lter responses,which sig-
nify local scaleandorientation;this informationis denoted
I G for theGabordecomposition.Wethenassociatecharac-
ter classeswith these�ltered imagesby a linearenergy

UG
i (yi ; x ; w) = w (yi )

> jx i j ; (12)

wherew (c) is areal-valuedvectorof weightsfor aparticu-
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lar characterc. Theweightsw = (w (c))c areoptimizedas
describedearlierbymaximizingp(w j D; I G ) for w, where
D is a sequenceof image/characterpairsthatareindepen-
dentgiventhemodelw. WeuseaLaplacianprior [9, 17]

p(w j � ; I G ) / expf� � kwk1g; (13)

wherekwk1 is the `1 vectornorm; � is chosenby valida-
tion. Experimentaldetailsmaybefoundin Section3.2.

2.2.LanguageFeatures

Propertiesof the languagearestrongcuesfor recogniz-
ing charactersin previouslyunseenfontsandunderadverse
conditions. We addtheseto the model in the form of two
informationsources:characterbigramsandlettercase.

It is well known thattheEnglishlexiconemployscertain
characterjuxtapositionsmoreoften thanothers. N-grams
area widely-usedgeneralfeaturefor characterandhand-
writing recognition[1]. Our model usesthis information
I B via thelinearfeatures

UB
ij (yi ; yj ; b) = b(yi ; yj ) (14)

wherei and j are ordered,adjacentcharacters,and b =
(b(c;c0))c;c0 are real-valuedweightsfor eachbigram cc0.
We do not considerletter caseto be importantin bigrams,
so the weights in b are tied acrosscase(i.e., b(R; A) =
b(r ; A) = b(R; a) = b(r ; a)). Theseweightsarealsoop-
timized independentlyby maximizingp(b j T ; I B ) for b,
whereT is acorpusof Englishtext. Weuseauniformprior
p(b j I B ) / 1.

Priorknowledgeof lettercasewith respectto wordsalso
proves importantfor accuraterecognition. In somefonts
potentiallyconfusablecharactersmay have differentcases
(e.g.,l andI , lowercaseell andcapitaleye). Sincewe do
not binarizetheimages,thereis no directmethodfor mea-
suringthe relative sizeof neighboringcharacters.We can
improve recognitionaccuracy in context becauseEnglish
rarely switchescasein the middle of the word. Addition-
ally, uppercaseto lowercasetransitionsarecommonat the
beginningof words,but thereverseis not. (Note thatdigit
charactershave no case.)This informationI C is incorpo-
ratedwith thefeatureweights

UC
ij (yi ; yj ; l ) =

8
<

:

ls yi ; yj samecase
ld yi ; yj differentcase
0 otherwise

(15)

wheni andj areadjacentcharacterswithin awordand

UC
ij (yi ; yj ; l ) =

�
lu yi lowercase,yj uppercase
0 otherwise

(16)
wheni andj arethe �rst andsecondcharactersof a word,
respectively. We set the parametersl =

�
ls ld lu

� >

by maximizingp(l j T ; I C ) with thesamecorpususedfor
thebigramfeatures.A uniformprior is alsousedfor l .
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Figure4. Similarity basisfunctionsandthelearnedenergy for the
distancebetweendifferent imagesof the samecharacter;the co-
ef®cients are s =

�
0:9728 9:3191 6:9280

�
. The dotted

line in the right-hand®gureshows the crossover from reward to
penalty, whichoccursatanangleof about37� .

2.3.Similarity

An important, underusedsource of information for
recognitionis the similarity amongthe characterimages
themselves—two character images that look the same
shouldrarely be given different labels. Toward this end,
we needa comparisonfunctionfor images.We have found
the vectoranglebetweenthe concatenatedreal andimagi-
narypartsof �ltered imagevectorsx i andx j to bea robust
indicatorof imagediscrepancies.Letting � betheanglebe-
tweentwo suchvectors,weused = 1 � cos� asadistance
measure,whichhasrange[0; 2]. Whenthedistanceis small
thecharactersarevery similar, but whenlargethey aredis-
similar. Usingthis informationI S weaddthefeatures

US
ij (yi ; yj ; x ; s) = � (yi ; yj ) s> d ij (17)

where� (c;c0) is theKronecker delta,and

d ij =
�

ln (dij ) � ln (2 � dij ) 1
� >

(18)

is avectorof basisfunctionsthattransformthedistancedij

betweentwocharacterimagesx i andx j . The�rst two func-
tionseachhaveadistancerangeboundaryasanasymptote,
andthe last is a bias term. Thus, the �rst weight in s es-
tablishesa low energy reward for small distances,thesec-
ondweighta high energy penaltyfor largerdistances,and
the biashelps(in conjunctionwith the �rst two) establish
thecrossoverpoint. This is similar to theinverseof thesig-
moidfunctionwith ascaledrange,exceptthatit is nolonger
symmetricabout the zero-crossing;seeFigure 4. These
weightsareagain optimizedindependentlyby maximizing
p(s j S; I S ), whereS containspairedcharacterimagesthat
arethe sameup to small af�ne transformationsandnoise,
aswell aspairsof differentcharacterimages.SeeSection
3.1for moredetails.Wealsouseauniformprior for s.

Sinceall previousfeatureswereeitherlocal to characters
or formedachainalongthetext, inferencein modelsinclud-
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ing I G , I B , or I C is fastandexactvia thesum-productal-
gorithm(beliefpropagation)[12]. However, by introducing
I S we arenow makingpairwisecomparisonsbetweenall
charactersof thequeryx. Inferencein sucha cyclic graph
becomesintractableandwill requireapproximatesolutions.
We usea loopy sum-productapproximationandencounter
few problemswith convergence.

3. Experiments

In thissectionwedescribetheresultsof recognizingtext
in imagesof realsignsandprovide detailson thedataand
procedureusedto train our model.Our alphabetof charac-
tersA consistsof 26 lowercase,26 uppercase,andthe 10
digit characters(62 total).

3.1.Data Sets

Wegeneratedimagesof eachcharacterin 1,000commer-
cially availablefontsusingGIMP.1 Eachimageis 128� 128
pixelswith thefont heightat 100pixels; theboundingbox
of thecharacteris centeredin thewindow.

A corpus of English text was acquiredfrom Project
Gutenberg2—84 booksincluding novels, non-�ction, and
referencefor a total of morethan11 million wordsand49
million characters(from our62characteralphabet).

For learningthe similarity function (17), we generated
pairsof the samecharacter(in the samefont) andpairsof
differentcharacters(alsoin thesamefont) with thefollow-
ing procedure.First, we selecta font anda characteruni-
formly at random.To producea similar character, we gen-
eratea randomlineartransformation

T =
�

cos� sin �
� sin � cos�

� �
� x � x

� y � y

�
(19)

with rotation � � N (0; 1� ), scale factors � x ; � y �
N (1; 0:01), andskew factors� x ; � y � N (0; 0:005). This
transformationis applied to the original image, followed
by additive noise. To producea dissimilarpair, a different
characteris chosenuniformly at random.Wechoosediffer-
ent charactersfrom the samefont becausethesearelikely
to be moresimilar thandifferentcharactersfrom different
fonts, allowing for a betterthresholdto be learned.Addi-
tiveGaussiannoise� � N (0; 0:01) is addedto theoriginal
andtransformedimagesprior to Gabor�ltering. For opti-
mal predictive discrimination,theratio of sameto different
pairs in the training datashouldbe the ratio we expect in
testingdata.Towardthis end,we samplesmallwindows of
text from our corpus.Thewindow lengthis sampledfrom
a geometricdistribution with a meanof 10 charactersand
lengthat least3; theseparametersarechosenbasedon our
prior expectationof sign contents.In 10,000samples,the

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

same/differentratio is consistentlyabout0.057. This ratio
controlstherelative numberof similar anddissimilarpairs
wegenerated(100,000total).

Our evaluationdatacomesfrom picturesof signscap-
turedarounda downtown North Americancity. Thereare
95 text regions (areaswith the samefont) and a total of
1,209characters.Many signshave regular fonts (that is,
charactersappearthesamein all instances)thatarestraight-
forward,suchasbasicsansserif, andshouldbeeasilyrec-
ognized.Othersignscontainregular fonts thatarecustom
or rarely seenin the courseof typical documentrecogni-
tion. Finally, there are a few signs with customirregu-
lar fonts that posethe greatestchallengeto the premise
thatsimilarity informationis useful. Thesignsareimaged
without extremeperspective distortion—they are roughly
fronto-parallel. If this were not the case,af�ne recti�ca-
tion methodscouldbeappliedto the image[5]. Examples
from thedatacanbeseenin thesectionsthatfollow.

Sincethefocusof this work is recognition,we have an-
notatedour evaluation data with the boundingboxes for
characters.Thecharacterheightis normalizedandonly �l-
ter responsesfrom within theboundingbox areconsidered
whencalculatingtheenergiesfor characteridentityUG and
similarity US . Previousresearchhasfocusedon doingthis
automatically, bothin thecontext of signs[5] andOCR[4].
Note that Gabor�lters areappliedto the actualgrayscale
image;nobinarizationis performed.

3.2.Training Details

As mentionedpreviously, the ideal prediction is a re-
sult of integrating for a Bayesianposterior. Although re-
centadvanceshave beenmadein approximationof the in-
tegral [15], thestandardapproachof usingthemodeof the
modelposterior(2) for prediction,ratherthana weighted
averageof models,provesto give reasonableresultsin our
experiments.

To avoid the needfor performinginferenceon several
chainswith interdependentfeaturesduringtraining,we use
the piecewise methodof SuttonandMcCallum [16]. The
trainingdatais brokeninto graphsthathavedisjointenergy
functions,and the parameters� = (w; b; l ; s) aresubse-
quentlyoptimized.This is especiallyadvantageousfor the
bigramandcaseswitchmodels(14), (15), and(16), which
do not dependon an observed image. Thus, training in-
stancesmay be collapsedinto uniquecasesandweighted
by their frequency. For example,thecorpusT of 49million
characterscontainsnearly 780,000occurrencesof the bi-
gramth . Ratherthandoinginferenceontheentirechainof
text with theexactmethod,weneedonly do inferenceonce
in a two-nodechainfor th andcountit 780,000times.

The characterimageparametersw are trainedon 200
fonts, and the remaining800 fonts are usedas a valida-
tion set. The valueof hyperparameter� for the Laplacian
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Information Accuracy FNR FPR HR
I G 84.04 11.42 0.51 91.07

I G I S 84.04 11.42 0.51 91.07
I G I B 87.92 9.14 0.53 93.81
I G I C 87.92 8.79 0.87 94.03

I G I B I C 91.65 6.85 0.66 98.68
I G I B I C I S 93.22 5.45 0.14 99.26

Table1. Recognitionresults(percentages)of themodelwith vary-
ing amountsof information.Overall characteraccuracy aswell as
the falsenegative (FNR), falsepositive (FPR),andhit rate(HR)
for pairs(seetext) aregiven.

prior thatyieldsthehighestlikelihoodon thevalidationset
is usedfor optimizingtheposteriorfor w. The�lter outputs
arescaledto 32 � 32 for thecharacteridentity energy UG .
Althoughsomeinformationfrom thehighestfrequency �l-
tersis lost, this reducesthedimensionalityof w by a factor
of 16. The full-size �lter outputsareusedto calculatethe
angleandsubsequentdistancebetweenimages. The �ner
detailsareusefulfor thesecomparisons,andthedimension-
ality is notanissue.

3.3.Results

The results of character recognition with varying
amountsof informationaregiven in Table1. Using infor-
mationI X meansaddingtheenergiesUX to themodel.The
maximumposteriormarginal (MPM) labeling

byi = argmax
y2 A

p
�

yi j x ; b� ; I
�

(20)

is usedfor inference,asopposedto themoretypical MAP
labeling.MPM tendsto giveslightly higheraccuraciesthan
MAP on our dataandtask,but with thesamerelative per-
formancebetweendifferentamountsof information. The
marginals (which are exact except when I S is used)are
givenby belief propagation.Loopy belief propagationfails
to converge on threedif�cult signs. Accuracy is the per-
centageof characterscorrectly identi�ed (including case).
To evaluatethe ability of our modelto recognizedifferent
instancesof thesamecharacterin thesamefont, for intra-
signandintra-fontcharacterswemeasure:

Falsenegative rate: Percentageof characterpairsthatare
thesamebut aregivendifferentlabels.

Falsepositive rate: Percentageof characterpairs that are
differentbut aregiventhesamelabel.

Hit rate: Percentageof characterpairs that are the same,
given the samelabel, and correct (correctly labeled
truepositives).

Information Accuracy FNR FPR HR
I S - 22.67 0.25 -

I S ! I G 83.54 7.03 0.69 88.28
I S ! I G I B 87.92 4.39 0.80 91.73
I S ! I G I C 87.76 5.80 1.02 92.72

I S ! I G I B I C 91.40 3.69 0.88 97.26

Table2. Resultsof clusteringfollowedby recognitionandvoting.

All of thedifferencesin accuracy for theuni�ed model(Ta-
ble 1) arestatisticallysigni�cant. (In all cases,signi�cance
is assessedby a paired,two-sidedsignteston theaccuracy
per sign.) In particular, addingthe similarity information
I S to I G I B I C improvesaccuracy with signi�cance at the
p < 0:02 level. While thereductionof falsenegativesis not
signi�cant with theadditionof I S , thefalsepositivesarecut
by 79%(p < 0:0005).

For comparison,themethodof clusteringletters(within
a sign andfont) wasfollowed by voting on the clusterla-
bel. To clusterletters,we maximizep(y j x ;bs; I S ) for y
via simulatedannealing,initialized at the predictiongiven
by I G (thestrategy takenby Breuel[2]). A labelingbased
onadditionalinformation(e.g.,I G andI B ) is thenproduced
by assigningthemajority label to all membersof a cluster
(tiesarebrokenby choosingthelabelwhosemembershave
the lowest averageentropy for their posteriormarginal, a
strategy whichslightly outperformsrandomtie breaking).

The differencesbetweenfalse negative rates(say, be-
tween I G I B and I S ! I G I B ) are all signi�cant (p <
0:005). Therearetwo signi�cant differencesbetweenfalse
positive rates: I G I B versusI S ! I G I B (p < 0:005) and
I G I B I C I S versusI S ! I G I B I C (p < 0:000005). The
differencesin accuracy arenot signi�cant, save for that of
I G I B I C I S versusI S ! I G I B I C (p < 0:005).

Anotherinterestingcomparisonis providedby thelikeli-
hoodratio of thedataundermodelswith differentamounts
of information. Let D =

�
y (k ) ; x (k )

	
k representour

evaluationlabel and imagedata. The geometricmeanof
the likelihood ratio betweenthe language-informedand
appearance-onlymodelsis

2

4
NY

k=1

p
�

y (k ) j x (k ) ; b� ; I G ; I B ; I C

�

p
�

y (k ) j x (k ) ; b� ; I G

�

3

5

1
N

� 85:33: (21)

Adding thesimilarity informationto themodelalsoyields
anincreasein beliefaboutthecorrectlabelsfor thedata:

2

4
NY

k=1

p
�

y (k ) j x (k ) ; b� ; I G ; I B ; I C ; I S

�

p
�

y (k ) j x (k ) ; b� ; I G ; I B ; I C

�

3

5

1
N

� 1:02: (22)
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Figure5. Examplesof signsreadcorrectly.

3.4.Discussion

Figure 5 contains examples of signs correctly read,
showing that the featuresare robust to various fonts and
backgroundtextures(e.g.,woodandbrick).

Although the numberof charactersper query is small
comparedto OCRapplications,addingsimilarity informa-
tion undoubtedlyimprovesrecognitionaccuracy, reducing
overall errorby nearly20%. Not surprisingly, mostof this
improvementcomesfrom greatlyreducingthecaseswhen
differentcharactersaregiventhesamelabel(pair falsepos-
itives).

Perhapssurprisingly, adding similarity information to
thesimpleimageinformationI G doesnot alter theresults.
This is probably becausetest imageshave relatively lit-
tle noiseand are mostly dif�cult due to font novelty and
nonfronto-parallelorientations. Therefore,it is expected
thatthesamecharacters,thoughnovel,wouldoftenbegiven
thesamelabelin differentlocations,dueto their logical in-
dependencesolely with information I G . However, when
othersourcesof informationareintroducedto helpresolve
ambiguity, the similarity information doesmake a differ-
encebecausethebigramandcaseinformationarebasedon
local context. This canpushthebeliefsaboutcharactersin
differentdirections,eventhoughthey tendto look thesame,
becausetheir contexts aredifferent. Adding the similarity
informationon top of theseothersourcesensuresthat the
local context doesnot introducea contradictorybias. This
is demonstratedin Figure 1. Adding bigram information
pushestheseconde to ana becausepreferencefor theea
bigramoutweighsbothee andthecharacter/imageenergy.

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

Similarly, addingcaseinformationpushesthe l from be-
ing recognizedastheuppercaseI to lower caset (dueto
kerningin this italic font, someof theF overlapsin thel 's
boundingbox,leaving alittle crossbarindicativeof at ). Fi-
nally, addingthesimilarity informationcorrectsthel since
it is verydifferentfrom the�nal t , andcorrectstheessince
they areverysimilar.

As expected,addingmoreprior informationto themodel
booststhe likelihoodof thedata.Themodelusingappear-
ancealoneis relatively weak,sinceaprobabilityhasanup-
per boundof one, yet the ratio in (21) is quite large. In
addition to improving the predictionaccuracy, addingthe
similarity information yields an increasein the degreeof
belief for the correctlabels,as shown by (22). Although
the increaseis slight on average,morethanten percentof
thesignsin our testdataexhibit an increaseof at leastone
ordermagnitude.Thiscouldbeimportantwhencon�dence
in themodel's predictionhelpsto determinehow to handle
aquery.

The resultsof clusteringthe lettersprior to recognition
appearworsethandoing recognitionoutrightwith no sim-
ilarity information,thoughthedifferenceis not signi�cant.
However, unifying all the informationavailabledoesyield
betterresultsthana distinctclusteringstep.It is interesting
thatclusteringyields fewer falsenegativesthantheuni�ed
approach.Thisis mostlikelybecauseclustersarenotforced
to have differentlabelsat the secondaryassignmentstage.
Thus,instancesof thesamecharacterassignedto different
clustersare not forced to have different labels(up to the
factthatthereareonly asmany clustersascharactersin our
alphabetA). Indeed,if this were the case,the falsenega-
tive ratewould be intolerablyhigh. Conversely, the clus-
teringpreprocessingstepdoescommitunrecoverableerrors
by pairingcharactersthatarenot thesame;subsequentin-
formationcannotreducethe falsepositive rate. This is es-
pecially critical becausethe probability of two characters
being the samea priori is much smallerthan their being
different,thusthefalsepositive ratehasagreaterimpacton
total errorsthanthefalsenegative rate.

Somesignsin our datasetpresenttremendousdif�culty
and challengethe assumptionthat charactersof the same
“font” appearsimilar. Someof thesearedue to rendered
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warping effects, customfonts, or inconsistentshadow ef-
fects(seeFigure6). Othersignsjust have uniquefontsthat
areverydifferentfrom thosein thetrainingset.

4. Conclusions

Therearemany importantsourcesof 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 shown thatusingsimi-
larity informationcanimproveoverall accuracy andgreatly
reducetheparticularerrorof giving differentitemsthesame
label. Our resultsshow that thebene�t of additionalinfor-
mation is maximizedwhenusedalongsideall other infor-
mationwithin a uni�ed framework, ratherthan in distinct
stagesthatmakeerrorrecovery impossible.Theprobabilis-
tic modelallows the variousinterpretationsto be weighed
againsteachother in light of all available informationbe-
forea �nal predictionmustbemade.

While we have demonstratedtheutility of a uni�ed ap-
proachto similarity onanapplicationreadingsignsin natu-
ral scenes,it mayproveusefulin othertaskssuchasspeech
andgeneric3D objectrecognition.
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