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Abstract

Our world is populatedwith visual informationthat a sightedpersonmakesuseof daily. Unfor-
tunately, the visually impaired are deprivedfrom such information,which limits their mobility in
unconstrainedenvironments.To help alleviate this we are developinga wearable systemthat is
capableof detectingandrecognizingsignsin natural scenes.Thesystemis composedof two main
components,signdetectionandrecognition. Thesigndetector, usesa conditionalmaximumentropy
modelto �nd regionsin an image that correspondto a sign. Thesign recognizermatchesthehy-
pothesizedsignregionswith signimagesin a database. Thesystemdecidesif themostlikely signis
corrector if thehypothesizedsign region doesnot belongto a sign in thedatabase. Our datasets
encompassa widerangeof variability includingchangesin lighting, orientationandviewingangle.
In thispaper, wepresentanoverview of thesystemandtheperformanceof its twomaincomponents,
while payingparticular attentionto the recognition phase. Testedon 3,975sign imagesfrom two
differentdatasets,therecognition phaseachieves99.5%with 35 distinctsignsand92.8%with 65
distinctsigns.

1 Intr oduction

Thedevelopmentof aneffectivevisual informationsystemwill signi�cantly improve thedegreeto
which thevisually impairedcaninteractwith their environment. It hasbeenarguedthata visually
impairedindividualseeksthesamesortof cognitive informationthata sightedpersondoes[5]. For
example,whena sightedpersonarrivesat a new airportor city they navigatefrom signsandmaps.
The visually impairedwould alsobene�t from the informationprovided by signs. Signs(textual
or otherwise)canbeseenmarkingbuildings,streets,entrances,�oors andmyriadotherplaces.In
this research,a “sign” or “sign class”is de�ned asany physicalsign,includingtraf�c, government,
public,andcommercial.This widevariability of signsaddsto thecomplexity of theproblem.

The wearablesystemwill be composedof four modules(Figure1). The �rst moduleis a head-
mountedcamerausedto captureanimageat theusersrequest.Thesecondmoduleis asigndetector,
which takesin the imagefrom the cameraand�nds regionsthat correspondto a sign. The third

�
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Figure1: SystemLayout:An overview of thefour modules(solid line) in oursystem.

moduleis a signrecognizerwhichclassi�eseachimageregion into oneof thesignsin its database.
Finally, the fourth module,a speechsynthesizer, outputsinformationaboutthesignsfound in the
image.

Techniquesfor recognizingsignshaverecentlygainedattentionfrom severalresearchers.However,
the main focusin previous work hasbeenrecognitionandidenti�cation of standardtraf�c signs,
usingcolor thresholdingas the main methodfor detection. Sekaninaand Torreson [16] useda
color-based�ltering andtemplatematchingschemeto locateandreadNorwegianspeedlimit signs.
Liu andRan[9] usedcolor thresholdingto segmentimagesandrecognizeStopsignsusinga neural
network. Escaleraetal. [4] detectedsignsusingshapeanalysisandcolorthresholdingandalsousing
a neuralnetwork for classi�cation.Severaltechniquesfor text detectionhave beendeveloped[7, 8,
19]. MorerecentlyChenandYuille [2] developedavisualaidsystemfor theblind thatis capableof
readingtext off of varioussigns.

Unlike mostpreviouswork, our systemis not limited to recognizinga speci�c classof signs,such
astext or traf�c. In this applicationa “sign” is simplyany physicalobjectthatdisplaysinformation
that may be helpful for the blind. This systemis facedwith several challenges,that mainly arise
from thelargevariability in theenvironment.This variability maybecausedby, thewide rangeof
lighting conditions,differentviewing angles,occlusionandclutter, andthebroadvariationin text,
symbolicstructure,color andshapesthatsignscanpossess.

The recognitionphaseis facedwith yet anotherchallengingproblem. Given that the detectoris
trainedonspeci�c texturefeatures,it produceshypothesizedsignregionsthatmaynotcontainsigns
or maycontainsignsthatarenot in our database.It is theresponsibilityof therecognizerto ensure
thata decisionis only madefor a speci�c imageregion if it containsa sign in thedatabase.False
positivescomeat a highcostfor a visually impairedpersonusingthis system.

2 Data Sets

For our experiments,we usedthreedifferentdatasets. Two of the datasetswherecompiledfor
testingthe recognitionphaseandthe third datasetwascompiledto testthe detectionphase.The
imagesof signswere taken using a still digital camera(Nikon Coolpix 995) with the automatic
white balanceon. Manual+/- exposureadjustmentalongwith spotmeteringwasusedto control
the amountof light projectedonto the camerasensor. The following subsectionsprovide more
informationregardingeachof thedatasets.

2.1 DetectionData

This datasetcontains309 imagesof naturalscenesfrom a town center. Two sampleimagesare
shown in Figure2. Thepurposeof this datasetis to testtheperformanceof thesigndetector. The
signsin the imagesweremanuallysegmentedfrom thebackgroundto provide trainingandtesting
imagesfor thedetector. Theratioof backgroundto signpatchesis morethan13:1in thisdataset.



Figure2: Two sampleimagesin thedetectiondataset.

Figure3: An exampleof the differentlighting conditionscapturedby the � ve differentimagesin
the35signdataset.

2.2 RecognitionI: Lighting and Orientation

Thepurposeof this datasetis to testthe robustnessof thesign recognizerwith respectto various
illuminationchangesandin planerotations.Frontalimagesof signsweretakenat� vedifferenttimes
of theday, from sunriseto sunset.SeeFigure3 for anexampleof thedifferentlighting conditions
capturedin the � ve images.Theimagesweremanuallysegmentedto remove thebackground.We
thenrotatedeachimagefrom �

�����

to
�����

at �

���

intervals,resultingin 95syntheticimagespersign.
We synthesizedviews for 35differentsignsresultingin adatabaseof 3325images.

2.3 RecognitionII: Viewing Angle

We compileda secondrecognitiondataset to test the robustnessof the recognizerwith respect
to differentviewing angles.This seconddatabasecontainsten imagesof 65 differentsignsunder
variousviewing angles. Figure 5 provides sampleviewing anglesof nine signsin the 65-class
dataset. As before,all the imageswere manuallysegmentedto remove any background. The
differentviewing angleswheretakenby moving thecameraaroundthesign (i.e. thedatawasnot
synthesized).

3 DetectionPhase

Sign detectionis an extremely challengingproblem. In this applicationwe aim to detectsigns
containingabroadsetof fontsandcolor. Ouroverallapproach[18] operateson theassumptionthat
signsbelongto a genericclassof textures,andwe seekto discriminatethis classfrom the many
otherspresentin naturalimages.

Whenanimageis providedto thedetector, it is �rst dividedinto squarepatchesthataretheatomic
units for a binary classi�cation decisionon whetherthe patchcontainsa sign or not (Figure 6).
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Figure4: An overview thesignrecognitionphase.

We employ a wide rangeof featuresthat arebasedon multiscale,orientedband-pass-�lters,and
non-lineargratingcells.Thesefeatureshavebeenshown to beeffectiveatdetectingsignsin uncon-
strainedoutdoorimages[18]. Oncefeaturesarecalculatedat eachpatch,we classifythemasbeing
eithersign or backgroundusinga conditionalrandom�eld classi�er. After training,classi�cation
involvescheckingwhethertheprobabilitythatanimagepatchis signis abovea threshold.We then
createhypothesizedsignregionsin theimageby runninga connectedcomponentsalgorithmon the
patchesthatwereclassi�edassign.Figure6 showstheresultsof thesigndetectoron theimagesin
Figure2.

Imagesin the detectiondatasetweredivided into 713 overlappingpatches( ��������� pixels). For
evaluation,we performedten fold crossvalidation. Using a MAP threshold���
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we obtained
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����� signdetectionratewith averagesigncoverageof



��������� . Themajorityof signsthatwere
notdetectedhadpoorimagequality. (See [18] for moreanalysisof thedetectionphase.)

4 RecognitionPhase

The recognitionphaseis composedof two classi�ers. The �rst classi�er computesa matchscore
betweenthequerysign region andeachsignclassin thedatabase.Thesecondclassi�er usesthat
matchscoresto decidewhethertheclasswith thehighestmatchscoreis thecorrectoneor whether
the query sign region doesnot belongto any of the classesin the database.Figure4 shows an
overview of therecognitionsystem.

4.1 Global and Local ImageFeatures

Imagefeaturescanberoughlygroupedinto two categories,localor global.Globalfeatures,suchas
texturedescriptors,arecomputedover theentireimageandresultin onefeaturevectorper image.
On theotherhand,local featuresarecomputedat multiple pointsin the imageanddescribeimage
patchesaroundthesepoints. The resultis a setof featurevectorsfor eachimage. All the feature
vectorshavethesamedimensionality, but eachimageproducesadifferentnumberof featureswhich
is dependenton theinterestpoint detectorusedandimagecontent.

Globalfeaturesprovidea morecompactrepresentationof animagewhich makesit straightforward
to usethemwith a standardclassi�cationalgorithm(e.g.supportvectormachines).However, local
featurespossessseveralqualitiesthatmake themmoresuitablefor our application.Local features
arecomputedatmultipleinterestpointsin animage,andthusaremorerobusttoclutterandocclusion



Figure5: Eight sampleimagesthatillustratethedifferentsignsandviews in the65signdataset.

anddonotrequireasegmentation.Giventheimperfectnatureof thesigndetectorin its currentstate,
we mustaccountfor errorsin the outline of the sign. Also, local featureshave proved to be very
successfulin numerousobjectrecognitionapplications[10, 17].

Local featureextractionconsistsof two components,theinterestpoint detector, andthefeaturede-
scriptor. The interestpoint detector�nds speci�c imagestructuresthat areconsideredimportant.
Examplesof suchstructuresincludecorners,which arepointswherethe intensitysurfacechanges
in two directions;andblobs,which arepatchesof relatively constantintensity, distinct from the
background.Typically, interestpointsarecomputedatmultiplescales,andaredesignedto bestable
underimagetransformations[14]. Thefeaturedescriptorproducesacompactandrobustrepresenta-
tion of theimagepatcharoundtheinterestpoint. Althoughthereareseveralcriteriathatcanbeused
to comparedetectors[14], suchasrepeatabilityandinformationcontent,thechoiceof aspeci�c de-
tectoris ultimatelydependentontheobjectsof interest.Oneis notrestrictedto asingleinterestpoint
detector, but mayincludefeaturevectorsfrom multiple detectorsinto theclassi�cationscheme[3].

Many interestpointdetectors[14] andfeaturedescriptors[11] exist in theliterature.While thedetec-
torsanddescriptorsareoftendesignedtogether, thesolutionsto theseproblemsareindependent[11].
Recently, several featuredescriptorsincludingScaleInvariantFeatureTransform(SIFT) [10], gra-
dient location and orientationhistogram(extendedSIFT descriptor)[11], shapecontext [1], and
steerable�lters [6], wereevaluated [11]. ResultsshowedthatSIFT andGLOH obtainedthehigh-
est matchingaccuracy. Experimentsalso showed that accuracy rankingsfor the descriptorswas
relatively insensitive to theinterestpoint detectorused.

4.2 ScaleInvariant FeatureTransform

Dueto its highaccuracy in otherdomains,wedecidedto useSIFT [10] local featuresfor therecog-
nition system.SIFT usesa Differenceof Gaussians(DoG) interestpoint detectoranda histogram
of gradientorientationsas the featuredescriptor. The SIFT algorithmis composedof four main
stages:(1) scale-spacepeakdetection;(2) keypoint localization; (3) orientationassignment;(4)
keypoint descriptor. In the �rst stage,potentialinterestpointsare found by searchingacrossim-
agelocationandscale. This is implementedef�ciently by �nding local peaksin a seriesof DoG
functions. Thesecondstage,�ts a modelto eachcandidatepoint to determinelocationandscale,
anddiscardsany pointsthatarefoundunstable.The third stage�nds thedominantorientationfor
eachkeypoint basedon its local imagepatch. All future operationsareperformedon imagedata
thathasbeentransformedrelative to theassignedorientation,locationandscaleto provide invari-
anceto thesetransformations.The �nal stagecomputes8 bin histogramsof gradientorientations



at 16 patchesaroundthe interestpoint resultingin a 128 dimensionalfeaturevector. The vectors
arethennormalizedandany vectorswith smallmagnitudearediscarded.SIFT hasbeenshown to
be very effective in numerousobject recognitionproblems[10, 11, 3, 12]. Also, the featuresare
computedovergrayscaleimageswhich increasestheir robustnessto varyingillumination changes,
a veryusefulpropertyfor anoutdoorsignrecognitionsystem.

4.3 ImageSimilarity Measure

Onetechniquefor classi�cationwith local featuresis to �nd point correspondencesbetweentwo
images.A feature��� in imageA correspondsor matchesto a feature��� in imageB if thenearest
neighborof ��� in imageB is ��� andtheEuclideandistancebetweenthemfallsbelow a threshold.
TheEuclideandistanceis usuallyusedwith histogram-baseddescriptors,suchasSIFT, while other
featuressuchasDifferential featuresare comparedusing the Mahalanobisdistance,becausethe
rangeof valuesof their componentsdiffer by ordersof magnitude.

For our recognitionsystem,we will usethenumberof point correspondencesbetweentwo images
asour similarity measure.Therearetwo main advantageswith this measure.First, SIFT feature
matchinghasbeenshown to beveryrobustwith respectto imagedeformation[11]. Second,nearest
neighborsearchcanbeimplementedef�ciently usinga k-d-b tree[13] which allows for fastclassi-
�cation. Thus,we cande�ne an imagesimilarity measurethat is basedon thenumberof matches
betweenthe images.Sincethenumberof matchesbetweenimage ��� and �	� is differentfrom the
numberof matchesbetweenimage�
� and �
� , wede�ne ourbi-directionalimagesimilarity measure
as: �
�
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Signimagesthatbelongto thesameclasswill have similar local featuressinceeachclasscontains
thesamesignunderdifferentviewing conditions.We will usethatpropertyto increaseour classi-
�cation accuracy by groupingall thefeaturesthatbelongto thesameclassinto onebag. Thus,we
will endupwith onebagof keypointsfor eachclass.Now wecanmatcheachtestimagewith abag
andproducea matchscorefor eachclass.We de�ne a new similarity measurebetweenanimage �

andaclass
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4.4 RejectingMost Lik ely Class

Giventhematchscorefor eachclass,we train a SupportVectorMachine(SVM) meta-classi�erto
decideif the classwith the highestmatchscoreis the correctclassor if the test imagedoesnot
belongto any of thesignsin thedatabase.Wehaveobservedthatwhenatestimagedoesnotbelong
to any of thesignsin thedatabase,thematchscoresarerelatively low andhave approximatelythe
samevalue. Thus,for theSVM classi�er we computefeaturesfrom thematchscoresthatcapture
thatinformation.

First, we sort thematchscoresfrom all theclassesin descendingorder, thenwe subtractadjacent
matchscoresto get thedifferencebetweenthescoresof the �rst andsecondclass,thesecondand
third class,etc. However, sincethe differencebetweenlower ranked classesareinsigni�cant we
limit our differencesto the top 11 classesresultingin 10 features.We alsousethe highestmatch
scoreasanotherfeaturealongwith theprobabilityof thatclass.We obtaina posteriorprobability
distribution over classlabelsby simply normalizingthe matchscores.Thus, the probability that
image� belongsto class&
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Figure6: Thedetectorresultson theimagesin Figure2.

where � is thenumberof classes.We alsocomputetheentropy of theprobabilitydistribution over
classlabels.Entropy is aninformation-theoreticquantitythatmeasurestheuncertaintyin a random
variable.Theentropy �
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� of arandomvariable
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Usingthese13 featureswe train anSVM classi�er to decidedif theclasswith thehighestscoreis
thecorrectone.

Theapproachof usingtheoutputof a classi�er for input to anothermeta-classi�eris similar to an
ensemblealgorithmknown as“stacking.” Stacking[15] improvesclassi�cationaccuracy by com-
bining the outputsof multiple componentclassi�ers. It concatenatesthe probability distributions
over classlabelsproducedby eachcomponentclassi�er andusesthatasinput to a meta-classi�er.
Stackingcanalsobeusedwith just onecomponentclassi�er. In thecaseof stackingboththecom-
ponentclassi�ers andthe meta-classi�eraresolving the same� -classproblem. However, in our
caseweusethemeta-classi�erto solveadifferentproblemthanthecomponentclassi�er.

We adapttheideaof stackingby usingtheprobabilitydistribution asthesolefeaturesfor themeta-
classi�er. In experiment3 of the following sectionwe compareour choiceof featureswith thatof
stacking.

5 Experiments and Results

We performed3 differentexperimentsto test the variousaspectsof the recognitionphase. The
�rst experimenttestedtherecognizeron the35 signdatabase.Thesecondtestedit on the65 sign
database.Finally, thethird experimenttestedtherecognizeron the65classdatabasewhile omitting
half of thesignclassesfrom thetrainingdatato evaluatehow well it performson ruling out a sign
imagethatdoesnotbelongto any of thesignsin thetrainingset.Table1 summarizestheresultsof
the recognizerfor thedifferentexperiments.The following subsectionsdescribetheexperimental
setup in moredetail.

5.1 Recognition: 35-ClassData Set

This datasetcontains3325sign imagesfrom 35 differentsigns. We performeda leave-one-out
experimentusing3325test images,while usingonly 175 training instances.Although eachsign



Figure7: An examplewheretwo differentsignsweregroupedtogetherby thedetector.

Figure8: Theimageon theleft is a samplesignthatwasmisclassi�edin the35signexperiment.It
wasclassi�edasamemberof thesignon theright.

contains95instances,thereareonly5uniqueonessincetheremaining90correspondto thesynthetic
rotations.For our trainingsetwe only kept the � ve uniqueimagesfrom eachsign. We compared
eachtestimageto 174trainingimagesleaving out theonethatcorrespondsto therotatedversionof
thetestimage.

The resultsof both the imagematchingand featurebaggingwere identical and extremely high,
achieving a 99.5%accuracy. Themainreasonthatthefeaturebaggingdid not improveaccuracy in
thiscasewasbecausethesmallnumberof testinstancesthatwereclassi�edincorrectlyusingimage
matchingwereextremelyconfusedthatsummingup thematchscoresfrom all thesignswithin the
class,did not alleviate thatconfusion.Most of theconfusedimageswerethosethathadvery poor
imagequality. Figure8 shows an exampleof a sign that wasclassi�ed incorrectly. Theseresults
emphasizetherobustnessof SIFT featureswith respectto variousilluminationchanges.

5.2 Recognition: 65-ClassData Set

Following theperformanceof therecognizeron thepreviousdataset,we compileda secondmore
challengingdataset that includeda much larger numberof sign classesand more variability in
the viewing angles.We performed� ve fold crossvalidationon the 650 images. Imagematching
performed90.4%accuracy, andwhenwe groupedthe featuresby class,theaccuracy increasedto
92.8%.This25%reductionin errorshowstheadvantageof thefeaturebaggingmethod.



Experiment Mean Accuracy STD (+/-)
35sign: ImageMatching 99.5% N/A
35sign:FeatureGrouping 99.5% N/A
65sign: ImageMatching 90.4% 2.75%
65sign:FeatureGrouping 92.8% 2.73%
65sign:Stacking 82.25% 0.19%
65sign:Our-meta 90.8% 0.26%

Table1: Summaryof resultsfor thesignrecognizer.

5.3 Recognition: 65-ClassData Setwith Missing Training Classes

Thisexperimentwasintendedto testtheability of therecognizerin decidingif thehighestmatched
classis thecorrectone.Weperformedtenfold crossvalidation.Oneachfold weremovedtheimages
from a randomlyselectedgroupof 35 signsfrom thetestingset. During training,we obtainedthe
matchscoresof the classesfor a speci�c training instance.We thencomputedfeaturesfrom the
matchscoresandthenattacheda classlabelof 1 if thetraining instancebelongedto a classin the
new testset,0 otherwise.We thentrain theSVM classi�er andusethetrainedmodelto classifythe
testdata.

Using our 13 features,the meta-classi�erachieved 90.8%accuracy, while using the probability
distributionweonly acheived82.25%.Theseresultsstrengthenourchoiceof featuresandshow that
they containmoreusefulinformationthantheprobabilitydistribution.

This is mainly becausethe probability distribution can be misleadingwith respectto the match
scores.For example,assumethatwehavetwo classesin ourdatabase,andwearepresentedwith an
imagethattruly doesnotbelongto either. Assumealsothatwhenwe matchtheimagewith thetwo
classesweget1 and0 matchscoresrespectively. Althoughit is obviousthatthematchscoresaretoo
low for theimageto belongto any of theclasses,whenwenormalize,weobtaina100%probability
that the �rst classis thecorrectclass,which is obviously incorrect.Our featurescaputuremostof
therelevantinformationfrom thematchscoreswhich is importantfor theclassi�cation.

6 Conclusionand Future Work

Wehavepresentedalgorithmsfor signdetectionandrecognitionfor awearablesystemto beusedby
theblind. Thesigndetectorusesa wide arrayof featureswith a conditionalrandom�eld classi�er
to �nd signregionsin theimage.Thesignrecognizermatcheseachof thehypothesizedsignregions
with thesignclassesin adatabaseandthendecidesif thehighestmatchedclassis thecorrectoneor
if theregiondoesnotbelongto any of thesignclasses.

Eachof thecomponentsperformwell on their respective tasks.We arecurrentlyin theprocessof
integratingthetwo componentsto obtainacompleteworkingsystem.Figure9 showsinitial sample
resultsof thetwo componentsworking together. We arealsoworkingon improving theaccuracy of
theindividualcomponents.We planto improvethesigndetectionrateby usingMarkov �elds with
ICM for fastapproximateinference.Also thesignrecognizerhasto beextendedto beableto deal
with caseswerea hypothesizedsignregion containsmorethanonesignin thedatabase(Figure7).
Futurework alsoincludesaddingthe �nal two modulesto the system,the head-mountedcamera
andthevoicesynthesizer.
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LawrenceK. Saul, Yair Weiss,and Léon Bottou, editors,Advancesin Neural Information
ProcessingSystems17. MIT Press,Cambridge,MA, 2005.

[13] J. T. Robinson.Thek-d-b-tree:A searchstructurefor largemultidimensionalreceptive �eld
histograms.Transactionsof theAssociateionfor ComputingMachinery, 1981.

[14] CordeliaSchmid,RogerMohr, andChristianBauckhage.Evaluationof interestpoint detec-
tors. InternationalJournalof ComputerVision, 37(2):151–172,2000.

[15] AlexanderK. Seewald. Towards UnderstandingStacking - Studiesof a General Ensemble
LearningScheme. PhD thesis,AustrianResearchInstitute for Arti�cial Intelligence(FAI),
2003.

[16] L. SekaninaandJ.Torresen.Detectionof norwegianspeedlimit signs. In Proceedingsof the
EuropeanSimulationMulticonference, pages337–340,2002.

[17] T.TuytelaarsV. FerrariandL.VanGool. Simultaneousobjectrecognitionandsegmentationby
imageexploration. In Proc.8thEuropeanConferenceonComputerVision, 2004.



[18] J.Weinman,A. Hanson,andA. McCallum. Signdetectionin naturalimageswith conditional
random�elds. In Proc. of IEEE International Workshopon Machine Learning for Signal
Processing, pages549–558,SãoLu�́s,Brazil, Sep.2004.

[19] Victor Wu, R. Manmatha,andEdwardM. Riseman.Findingtext in images.In DL'97: Pro-
ceedingsof the2nd ACM InternationalConferenceon Digital Libraries, Images,andMulti-
media, pages3–12,1997.



Figure9: A sampleresultafter integratingthedetectorandrecognizer. The �rst row containsthe
initial imageandtheresultof thedetector. Thesecondrow showssampleresultsof threeconnected
componentsand their respective segmentation.The third row shows the resultof matchingeach
connectedcomponentwith the sign classesin the 65 sign dataset. The third sign wasclassi�ed
incorrectlybecausetheimageregion doesnot belongto any of thesignsin thedatabase.However,
our trainedmeta-classi�ersuccessfullyclassi�ed the imageregion asa negative instance,meaning
thatit doesnotbelongto any of theclassesin thedatabase.


