Sign Classi cation for the Visually Impair ed

Marwan A. Mattar Allen R. Hanson Erik G. Learned-Miller

Computeision Laboratory
Departmentf ComputerScience
Universityof Massachusetts
Amherst,MA 01003

mmattar hansonglm @cs.umass.edu

Abstract

Our world is populatedwith visual informationthat a sightedpersonmalesuseof daily. Unfor-
tunately the visually impaired are deprivedfrom sud information, which limits their mobility in
unconstained ervironments. To help alleviate this we are developinga weamble systenthat is
capableof detectingand recaynizingsignsin natural scenesThesystems composeaf two main
componentssigndetectiorandrecanition. Thesigndetectorusesa conditionalmaximumrentropy
modelto nd regionsin animage that corresponcdo a sign. Thesignrecaynizermatdesthe hy-
pothesizedignregionswith signimagesin a database Thesystendecidedf the mostlikely signis
corrector if the hypothesizedign region doesnot belongto a signin the database Our datasets
encompasa widerange of variability includingchangesin lighting, orientationandviewing angle
In this paper wepresentanoverviav of thesystenandthe performancef its two maincomponents,
while payingparticular attentionto the recanition phase Testedon 3,975signimagesfrom two
differentdata sets,the recaynition phaseachieves99.5%with 35 distinctsignsand 92.8%with 65
distinctsigns.

1 Intr oduction

The developmenbof an effective visualinformationsystemwill signi cantly improve the degreeto

which thevisually impairedcaninteractwith their environment. It hasbeenarguedthata visually
impairedindividual seekshe samesortof cognitive informationthata sightedpersondoes[5]. For

example,whena sightedpersonarrivesat a new airportor city they navigatefrom signsandmaps.
The visually impairedwould alsobene t from the information provided by signs. Signs(textual

or otherwise)canbe seenmarkingbuildings, streetsgentrances,oors andmyriad otherplaces.In

thisresearcha “sign” or “sign class”is de ned asary physicalsign,includingtraf c, government,
public,andcommercial . This wide variability of signsaddsto the complexity of the problem.

The wearablesystemwill be composedf four modules(Figure1). The rst moduleis a head-
mounteccamerausedto captureanimageattheusersequestThesecondnoduleis a signdetector
which takesin the imagefrom the cameraand nds regionsthat correspondo a sign. The third

This technicalreportis a preliminary version of 2Sign Classi®cationusing Local and Meta-Feature$,
acceptedor publicationin the [IEEE Workshopon ComputeiVision Applicationsfor the Visually Impaired(in
conjunctionwith CVPR2005).
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Figurel: SystemLayout: An overview of thefour moduleg(solid line) in our system.

moduleis a signrecognizemwhich classi eseachimageregioninto oneof the signsin its database.
Finally, the fourth module,a speechsynthesizeroutputsinformationaboutthe signsfound in the
image.

Techniquedor recognizingsignshave recentlygainedattentionfrom severalresearcherd-dowever,
the main focusin previous work hasbeenrecognitionandidenti cation of standardrafc signs,
using color thresholdingas the main methodfor detection. Sekaninaand Torreson [16] useda
color-basedltering andtemplatematchingschemeo locateandreadNorwegianspeedimit signs.
Liu andRan[9] usedcolorthresholdingo segmentimagesandrecognizeStopsignsusinga neural
network. Escaleratal. [4] detecteasignsusingshapeanalysisandcolorthresholdingandalsousing
aneuralnetwork for classi cation. Severaltechniquedor text detectiorhave beendeveloped[7, 8,
19]. MorerecentlyChenandYuille [2] developedavisualaid systemfor theblind thatis capableof
readingtext off of varioussigns.

Unlike mostpreviouswork, our systemis not limited to recognizinga speci ¢ classof signs,such
astext or trafc. In thisapplicationa“sign” is simply any physicalobjectthatdisplaysinformation
that may be helpful for the blind. This systemis facedwith several challengesthat mainly arise
from the large variability in the ervironment. This variability may be causedy, the wide rangeof
lighting conditions,differentviewing anglesocclusionandclutter, andthe broadvariationin text,
symbolicstructure color andshapeshatsignscanpossess.

The recognitionphaseis facedwith yet anotherchallengingproblem. Given that the detectoris

trainedon speci c texturefeaturesit producesypothesizedignregionsthatmaynot containsigns
or may containsignsthatarenotin our databaselt is theresponsibilityof therecognizetto ensure
thata decisionis only madefor a speci c imageregion if it containsa signin the databaseFalse
positvescomeat a high costfor a visuallyimpairedpersonusingthis system.

2 Data Sets

For our experimentswe usedthreedifferentdatasets. Two of the datasetswherecompiledfor

testingthe recognitionphaseandthe third datasetwas compiledto testthe detectionphase.The

imagesof signswere taken using a still digital camera(Nikon Coolpix 995) with the automatic
white balanceon. Manual+/- exposureadjustmentlongwith spotmeteringwas usedto control

the amountof light projectedonto the camerasensar The following subsectiongprovide more
informationregardingeachof the datasets.

2.1 DetectionData

This dataset contains309 imagesof naturalscenedrom a town center Two sampleimagesare
shawvn in Figure2. The purposeof this datasetis to testthe performanceof the signdetector The
signsin theimagesweremanuallysegmentedrom the backgroundo provide training andtesting
imagedfor thedetector Theratio of backgroundo signpatchess morethan13:1in this dataset.



Figure2: Two sampleimagesin the detectiondataset.

Figure3: An exampleof the differentlighting conditionscapturedby the ve differentimagesin
the35 signdataset.

2.2 Recognitionl: Lighting and Orientation

The purposeof this datasetis to testthe robustnesof the signrecognizemwith respecto various
illuminationchangesindin planerotations.Frontalimagesof signsweretakenat vedifferenttimes
of the day, from sunriseto sunset.SeeFigure 3 for an exampleof the differentlighting conditions
capturedn the veimages.Theimagesweremanuallysegmentedo remove the background We
thenrotatedeachimagefrom to at intervals,resultingin 95syntheticimagesersign.
We synthesizediews for 35 differentsignsresultingin a databasef 3325images.

2.3 Recognitionll: Viewing Angle

We compileda secondrecognitiondatasetto testthe robustnessof the recognizemwith respect
to differentviewing angles. This seconddatabaseontainsten imagesof 65 differentsignsunder
variousviewing angles. Figure 5 provides sampleviewing anglesof nine signsin the 65-class
dataset. As before,all the imageswere manually sggmentedto remove ary background. The
differentviewing angleswheretaken by moving the cameraaroundthe sign (i.e. the datawasnot
synthesized).

3 DetectionPhase

Sign detectionis an extremely challengingproblem. In this applicationwe aim to detectsigns
containinga broadsetof fontsandcolor. Our overallapproacH18] operate®n theassumptiorthat
signsbelongto a genericclassof textures,and we seekto discriminatethis classfrom the mary
otherspresenin naturalimages.

Whenanimageis providedto thedetectorit is rst dividedinto squarepatcheghatarethe atomic
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 are basedon multiscale,orientedband-pass- ltersand
non-lineargratingcells. Thesefeatureshave beenshavn to be effective at detectingsignsin uncon-
strainedoutdoorimageg18]. Oncefeaturesarecalculatedateachpatch,we classifythemasbeing
eithersign or backgroundusinga conditionalrandom eld classi er. After training, classi cation
involvescheckingwhetherthe probability thatanimagepatchis signis above a threshold We then
createhypothesizedignregionsin theimageby runninga connectedomponentslgorithmon the
patcheghatwereclassi ed assign. Figure6 shavs theresultsof the signdetectoron theimagesn

Figure?2.

Imagesin the detectiondatasetweredivided into 713 overlappingpatchey pixels). For
evaluation,we performedtenfold crossvalidation. Usinga MAP threshold we obtained
signdetectiorratewith averagesigncoverageof . Themajority of signsthatwere

notdetectechadpoorimagequality. (See [18] for moreanalysisof the detectionphase.)

4 RecognitionPhase

The recognitionphaseis composef two classi ers. The rst classi er computesa matchscore
betweerthe querysignregion andeachsign classin the databaseThe secondclassi er usesthat
matchscorego decidewhetherthe classwith the highestmatchscoreis the correctoneor whether
the query sign region doesnot belongto ary of the classedn the database.Figure 4 shavs an
overview of therecognitionsystem.

4.1 Global and Local Image Features

Imagefeaturecanberoughly groupednto two cateyories,local or global. Globalfeaturessuchas
texture descriptorsarecomputedover the entireimageandresultin onefeaturevectorperimage.
Onthe otherhand,local featuresare computedat multiple pointsin theimageanddescribeémage
patchesaroundthesepoints. The resultis a setof featurevectorsfor eachimage. All the feature
vectorshave thesamedimensionalitybut eachimageproduces differentnumberof featureswvhich
is dependenbn theinterestpoint detectorusedandimagecontent.

Globalfeaturegprovide a morecompactrepresentationf animagewhich malkesit straightforvard
to usethemwith a standarctlassi cationalgorithm(e.g. supportvectormachines) However, local
featurespossesseveral qualitiesthat make themmore suitablefor our application. Local features
arecomputedcatmultipleinterestpointsin animage andthusaremorerobustto clutterandocclusion



Figure5: Eight samplemageghatillustratethedifferentsignsandviews in the 65 signdataset.

anddonotrequireaseggmentation Giventheimperfectnatureof thesigndetectoiin its currentstate,
we mustaccountfor errorsin the outline of the sign. Also, local featureshave provedto be very
successfuin numerousbjectrecognitionapplicationd10, 17].

Local featureextractionconsistof two componentsthe interestpoint detectorandthe featurede-
scriptor Theinterestpoint detector nds speci ¢ imagestructureghat are consideredmportant.
Examplesof suchstructuresnclude cornerswhich are pointswherethe intensity surfacechanges
in two directions;and blobs, which are patchesof relatively constantintensity distinct from the
backgroundTypically, interestpointsarecomputedat multiple scalesandaredesignedo bestable
underimagetransformation§l4]. Thefeaturedescriptoproduces compactindrobustrepresenta-
tion of theimagepatcharoundtheinterestpoint. Althoughtherearesereralcriteriathatcanbeused
to comparedetectorg14], suchasrepeatabilityandinformationcontentthechoiceof aspeci c de-
tectoris ultimatelydependenvntheobjectsof interest.Oneis notrestrictedo asingleinterestpoint
detectorbut mayincludefeaturevectorsfrom multiple detectorsnto the classi cationschemd3].

Many interestpointdetector§14] andfeaturedescriptor$l1] existin theliterature.While thedetec-
torsanddescriptorareoftendesignedogetherthesolutiongo theseproblemsareindependentl 1].

Recently severalfeaturedescriptordncluding ScalelnvariantFeatureTransform(SIFT) [10], gra-
dient location and orientationhistogram(extendedSIFT descriptor)[11], shapecontet [1], and
steerablelters [6], wereevaluated [11]. Resultsshavedthat SIFT andGLOH obtainedthe high-
estmatchingaccurag. Experimentsalso shaved that accurag rankingsfor the descriptorswas
relatively insensitve to theinterestpoint detectorused.

4.2 Scalelnvariant Feature Transform

Dueto its highaccurag in otherdomainswe decidedo useSIFT [10] local featuresfor therecog-
nition system.SIFT usesa Differenceof GaussiangDoG) interestpoint detectoranda histogram
of gradientorientationsasthe featuredescriptor The SIFT algorithmis composedf four main
stages: (1) scale-spac@eakdetection;(2) keypoint localization; (3) orientationassignmentf4)
keypoint descriptor In the rst stage,potentialinterestpointsare found by searchingacrossim-
agelocationandscale. This is implementedef ciently by nding local peaksin a seriesof DoG
functions. The secondstage, ts a modelto eachcandidatepoint to determineocationandscale,
anddiscardsary pointsthatarefound unstable.Thethird stage nds the dominantorientationfor
eachkeypoint basedon its local imagepatch. All future operationsare performedon imagedata
thathasbeentransformedelative to the assignedrientation,locationandscaleto provide invari-
anceto thesetransformations.The nal stagecomputes8 bin histogramsof gradientorientations



at 16 patchesaroundthe interestpoint resultingin a 128 dimensionalffeaturevector The vectors
arethennormalizedandary vectorswith smallmagnitudearediscarded.SIFT hasbeenshavn to
be very effective in numerousobjectrecognitionproblems[10, 11, 3, 12]. Also, the featuresare
computecover gray scaleimageswhich increasesheir robustnesgo varyingillumination changes,
avery usefulpropertyfor anoutdoorsignrecognitionsystem.

4.3 Image Similarity Measure

Onetechniquefor classi cationwith local featuresis to nd point correspondencdsetweentwo
images.A feature  inimageA correspondsr matchego afeature  inimageB if thenearest
neighborof inimageBis  andthe Euclideandistancebetweerthemfalls belov athreshold.
The Euclideandistances usuallyusedwith histogram-basedescriptorssuchasSIFT, while other
featuressuchas Differential featuresare comparedusing the Mahalanobisdistance becausehe
rangeof valuesof their componentgliffer by ordersof magnitude.

For our recognitionsystemwe will usethe numberof point correspondencdsetweerntwo images
asour similarity measure.Therearetwo main advantageswith this measure.First, SIFT feature
matchinghasbeenshaowvn to bevery robustwith respecto imagedeformation11]. Secondnearest
neighborsearchcanbeimplementedef ciently usingak-d-btree[13] which allows for fastclassi-

cation. Thus,we cande ne animagesimilarity measuréghatis basedon the numberof matches
betweenthe images. Sincethe numberof matchesdbetweenimage and s differentfrom the

numberof matchedetweerimage and ,wede ne ourbi-directionalimagesimilarity measure
as:

where is the numberof matchedbetweem andB.

Signimagesthatbelongto the sameclasswill have similar local featuressinceeachclasscontains
the samesign underdifferentviewing conditions.We will usethatpropertyto increaseour classi-
cation accurag by groupingall the featureshatbelongto the sameclassinto onebag. Thus,we
will endup with onebagof keypointsfor eachclass.Now we canmatcheachtestimagewith abag
andproducea matchscorefor eachclass.We de ne a new similarity measurédetweemanimage
andaclass thatcontains images as:

4.4 RejectingMost Lik ely Class

Giventhe matchscorefor eachclass,we train a SupportVectorMachine(SVM) meta-classi erto

decideif the classwith the highestmatchscoreis the correctclassor if the testimagedoesnot

belongto ary of thesignsin the databaseWe have obsenedthatwhenatestimagedoesnotbelong
to ary of thesignsin the databasethe matchscoresarerelatively low andhave approximatelythe

samevalue. Thus,for the SVM classi er we computefeaturesfrom the matchscoresthat capture
thatinformation.

First, we sortthe matchscoresfrom all the classesn descendingrder, thenwe subtractadjacent
matchscoredo getthe differencebetweenthe scoresof the rst andsecondclass,the secondand

third class,etc. However, sincethe differencebetweenlower ranked classesare insigni cant we

limit our differencedo thetop 11 classegesultingin 10 features.We alsousethe highestmatch
scoreasanotherfeaturealongwith the probability of that class. We obtaina posteriorprobability

distribution over classlabelsby simply normalizingthe matchscores. Thus, the probability that

image belongstoclass isde nedas



Figure6: Thedetectoresultsontheimagesn Figure?2.

where is the numberof classesWe alsocomputethe entropy of the probability distribution over
classlabels.Entropy is aninformation-theoretiguantitythatmeasureshe uncertaintyin arandom
variable.Theentropy of arandomvariable with aprobabilitymasdunction isde ned

by

Usingthesel3 featureswe train an SVM classi er to decidedif the classwith the highestscoreis
thecorrectone.

The approactof usingthe outputof a classi er for input to anothemmeta-classi eris similar to an
ensemblelgorithmknown as“stacking” Stacking[15] improvesclassi cationaccurag by com-
bining the outputsof multiple componentlassi ers. It concatenatethe probability distributions
over classlabelsproducedby eachcomponentlassi er andusesthatasinputto a meta-classi er
Stackingcanalsobe usedwith justonecomponentlassi er. In the caseof stackingboththe com-
ponentclassi ers andthe meta-classi erare solving the same -classproblem. However, in our
casewe usethe meta-classi erto solve a differentproblemthanthe componentlassi er.

We adapttheideaof stackingby usingthe probability distribution asthe solefeaturedor the meta-
classi er. In experiment3 of the following sectionwe compareour choiceof featureswith that of
stacking.

5 Experiments and Results

We performed3 differentexperimentsto testthe variousaspectof the recognitionphase. The
rst experimenttestedthe recognizeron the 35 sign databaseThe secondestedit on the 65 sign
databaseFinally, thethird experimenttestedherecognizeonthe 65 classdatabasevhile omitting
half of the sign classedrom thetraining datato evaluatehow well it performson ruling out a sign
imagethatdoesnotbelongto ary of the signsin thetrainingset. Table1 summarizeshe resultsof
therecognizeifor the differentexperiments.The following subsectionslescribethe experimental

setupin moredetail.

5.1 Recognition: 35-ClassData Set

This dataset contains3325 sign imagesfrom 35 differentsigns. We performeda leave-one-out
experimentusing 3325testimages,while usingonly 175 training instances.Although eachsign



Figure7: An examplewheretwo differentsignsweregroupedogetheiby the detector

Figure8: Theimageontheleft is asamplesignthatwasmisclassi edin the 35 signexperiment.|t
wasclassi edasamemberof thesignontheright.

contain5instancesthereareonly 5 uniqueonessincetheremainingd0 correspondo thesynthetic
rotations. For our training setwe only keptthe ve uniqgueimagesfrom eachsign. We compared
eachtestimageto 174trainingimagedeaving outthe onethatcorrespond$o the rotatedversionof
thetestimage.

The resultsof both the image matchingand featurebaggingwere identical and extremely high,
achieving a 99.5%accurag. The mainreasorthatthe featurebaggingdid notimprove accurag in
this casewasbecaus¢hesmallnumberof testinstanceshatwereclassi edincorrectlyusingimage
matchingwereextremelyconfusedhat summingup the matchscoredrom all the signswithin the
class,did not alleviate that confusion. Most of the confusedmageswerethosethathadvery poor
imagequality. Figure8 shawvs an exampleof a signthatwasclassi ed incorrectly Theseresults
emphasiz¢herobustnes®f SIFT featureswith respecto variousillumination changes.

5.2 Recognition: 65-ClassData Set

Following the performancef the recognizeon the previous dataset,we compileda secondnore
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%accuray, andwhenwe groupedthe featuresby class,the accurag increasedo

92.8%.This 25%reductionin errorshovs theadwantageof the featurebaggingmethod.



Experiment | Mean Accuracy | STD (+/-) |

35sign: ImageMatching 99.5% N/A
35sign: FeatureGrouping 99.5% N/A
65 sign: ImageMatching 90.4% 2.75%
65 sign: FeatureGrouping 92.8% 2.73%
65 sign: Stacking 82.25% 0.19%
65 sign: Ourmeta 90.8% 0.26%

Tablel: Summaryof resultsfor thesignrecognizer

5.3 Recognition: 65-ClassData Setwith Missing Training Classes

This experimentwasintendedo testthe ability of therecognizein decidingif thehighestmatched
classisthecorrectone.We performedenfold crossvalidation.Oneachfold weremovedtheimages
from a randomlyselectedgroupof 35 signsfrom the testingset. During training, we obtainedthe
matchscoresof the classedor a speci ¢ training instance. We then computedfeaturesfrom the
matchscoresandthenattacheda classlabel of 1 if thetraininginstancebelongedo a classin the
new testset,0 otherwise We thentrain the SVM classi er andusethetrainedmodelto classifythe
testdata.

Using our 13 features,the meta-classi erachiezed 90.8% accurag, while using the probability
distribution we only acheved82.25%.Theseresultsstrengtherour choiceof featuresandshaow that
they containmoreusefulinformationthanthe probability distribution.

This is mainly becausehe probability distribution can be misleadingwith respectto the match
scores For example,assumehatwe have two classe$n our databaseandwe arepresentedvith an
imagethattruly doesnotbelongto either Assumealsothatwhenwe matchtheimagewith thetwo
classesve getl and0O matchscoregespectiely. Althoughit is obviousthatthematchscoresaretoo
low for theimageto belongto ary of the classeswhenwe normalize we obtaina 100%probability
thatthe rst classis the correctclass,which is obviously incorrect. Our featurescaputuremostof
therelevantinformationfrom the matchscoreswhich is importantfor theclassi cation.

6 Conclusionand Future Work

We have presente@lgorithmsfor signdetectiorandrecognitionfor awearablesystemo beusedby
theblind. Thesigndetectorusesawide arrayof featureswith a conditionalrandom eld classi er
to nd signregionsin theimage.Thesignrecognizematchesachof thehypothesizedignregions
with thesignclassesn adatabasandthendecidedf the highestmatchedtlassis the correctoneor
if theregion doesnot belongto ary of thesignclasses.

Eachof the componentgperformwell on their respectie tasks. We are currentlyin the processof
integratingthetwo components$o obtaina completeworking system Figure9 shavsinitial sample
resultsof thetwo componentsvorking together We arealsoworking onimproving theaccurag of
theindividual componentsWe planto improve the sign detectiornrateby usingMarkov elds with
ICM for fastapproximaténference.Also the signrecognizehasto be extendedto be ableto deal
with casesverea hypothesizeaignregion containsmorethanonesignin the databasé€Figure7).
Futurework alsoincludesaddingthe nal two modulesto the system,the head-mounted¢amera
andthevoicesynthesizer
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Figure9: A sampleresultafterintegratingthe detectorandrecognizer The rst row containsthe
initial imageandtheresultof thedetector The secondow shavs sampleresultsof threeconnected
componentsandtheir respectie segmentation. The third row shawvs the resultof matchingeach
connecteccomponentwith the sign classesn the 65 sign dataset. The third sign was classi ed
incorrectlybecausehe imageregion doesnot belongto ary of the signsin the databaseHowever,
our trainedmeta-classi ersuccessfullyclassi ed theimageregion asa negative instancemeaning
thatit doesnotbelongto ary of theclassesn thedatabase.



