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Abstract

Our world is populatedwith visual information that a
sightedpersonmakesuseof daily. Unfortunately, thevisu-
ally impairedare deprivedof such information,which lim-
its their mobility in unconstrainedenvironments.To help
alleviate this weare developinga wearablesystem[1, 19]
that is capableof detectingand recognizingsignsin nat-
ural scenes.Thesystemis composedof two main compo-
nents,sign detectionand recognition. The sign detector,
usesa conditionalmaximumentropymodelto �nd regions
in an image that correspondto a sign. Thesignrecognizer
matchesthe hypothesizedsign regionswith sign imagesin
a database. It thenusesthematch scoresto computemeta-
featuresand train a classi�er to decideif the mostlikely
sign is correct or if the hypothesizedsign region doesnot
belongto a signin thedatabase. Our datasetsencompass
a wide range of variability including changesin lighting,
orientation and viewing angle. In this paper, we present
anoverview of thesystemwhile whilepayingparticular at-
tentionto therecognition component.Testedon 3,975sign
imagesfrom two differentdata sets,the recognition phase
achievesaccuraciesof 99.5% with 35 distinct signs and
92.8%with 65distinctsigns.

1. Intr oduction

Thedevelopmentof aneffectivevisual informationsys-
tem will signi�cantly improve the degreeto which the vi-
sually impairedcaninteractwith their environment. It has
beenarguedthat a visually impairedindividual seeksthe
samesort of cognitive information that a sightedperson
does[6]. For example,when a sightedpersonarrives at
a new airport or city they navigate from signsand maps.
Thevisually impairedwouldalsobene�t from theinforma-
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Figure 1. System Layout: An overview of the
four modules (solid line) in our system.

tion providedby signs.Signs(textual or otherwise)canbe
seenmarkingbuildings,streets,entrances,�oors andmyr-
iadotherplaces.In this research,a “sign” or “sign class”is
de�ned asany physicalsign,includingtraf�c, government,
public,andcommercial.Thiswidevariability of signsadds
to thecomplexity of theproblem.

Thewearablesystemwill becomposedof four modules
(Figure1). The�rst moduleis ahead-mountedcameraused
to captureanimageattheusersrequest.Thesecondmodule
is a sign detector, which takesin the imagefrom thecam-
eraand�nds regionsthat correspondto a sign. The third
moduleis a signrecognizerwhichclassi�eseachimagere-
gion into oneof thesignsin its database.Finally, thefourth
module,aspeechsynthesizer, outputsinformationaboutthe
signsfoundin theimage.

Most of the previous techniques for recognizing
signs[17, 10, 5] have beenlimited to standardizedtraf�c
signs,usingcolor thresholdingasthemainmethodfor de-
tection.In otherwork, Silapachote,HansonandWeiss[18]
built a two-tierhierarchalsystemthatusedacolorclassi�er
and shapecontext matchingto recognizesignsin a simi-
lar domain.Severaltechniquesfor text detectionhavebeen
developed[8, 9, 22]. More recentlyChenandYuille [3] de-
velopeda visualaid systemfor theblind that is capableof



readingtext onvarioussigns.
Unlike mostpreviouswork, our systemis not limited to

recognizinga speci�c classof signs,suchas text or traf-
�c. In this applicationa “sign” is simply any physicalob-
ject that displaysinformation that may be helpful for the
blind. This systemis facedwith several challengesthat
mainly arisefrom the large variability in the environment.
Thisvariability maybecausedby thewiderangeof lighting
conditions,differentviewing angles,occlusionandclutter,
andthebroadvariationin text, symbolicstructure,colorand
shapesthatsignscanpossess.

Therecognitionphaseis facedwith yetanotherchalleng-
ing problem. Given that thedetectoris trainedon speci�c
texturefeatures,it produceshypothesizedsignregionsthat
maynot containsignsor maycontainsignsthatarenot in
ourdatabase.It is theresponsibilityof therecognizerto en-
surethatadecisionis only madefor aspeci�c imageregion
if it containsa signin thedatabase.Falsepositivescomeat
ahighcostfor avisually impairedpersonusingthissystem.

In the following sectionwe brie�y overview the detec-
tion phase. For moredetailsandexperimentalresultswe
referthereaderto theoriginalpaper [21].

2. DetectionPhase

Sign detectionis an extremelychallengingproblem. In
this applicationwe aim to detectsignscontaininga broad
setof fonts andcolor. Our overall approach[21] operates
ontheassumptionthatsignsbelongto agenericclassof tex-
tures,andwe seekto discriminatethis classfrom themany
otherspresentin naturalimages.

Whenanimageis providedto thedetector, it is �rst di-
videdinto squarepatchesthataretheatomicunitsfor a bi-
naryclassi�cationdecisiononwhetherthepatchcontainsa
signor not (Figure2). We employ a wide rangeof features
thatarebasedonmulti-scale,orientedband-pass�lters, and
non-lineargratingcells. Thesefeatureshave beenshown
to be effective at detectingsignsin unconstrainedoutdoor
images [21]. Oncefeaturesarecalculatedat eachpatch,
we classifythemasbeingeithersign or backgroundusing
a conditionalrandom�eld classi�er. After training,classi-
�cation involvescheckingwhetherthe probability that an
imagepatchis signis aboveathreshold.Wethencreatehy-
pothesizedsignregionsin theimageby runningaconnected
componentsalgorithmonthepatchesthatwereclassi�edas
sign.Figure2 showstheresultsof thesigndetectoronsam-
ple imagesin thedetectiondatabase[1].

3. RecognitionPhase

The recognitionphaseis composedof two classi�ers.
The �rst classi�er computesa match scorebetweenthe

Figure 2. The detector results on two sample
images.

querysign region andeachsignclassin thedatabase.The
secondclassi�er trainsonmeta-featurescomputedfrom the
match scoresto solve a binary classi�cation problem of
whetherthe classwith the highestmatchscoreis the cor-
rect oneor whetherthe querysign region doesnot belong
to any of the classesin the database.Figure 3 shows an
overview of therecognitionsystem.

3.1. Global and Local Image Features

Imagefeaturescan be roughly groupedinto two cate-
gories,local or global. Global features,suchastexturede-
scriptors,arecomputedover theentireimageandresultin
onefeaturevectorperimage.On theotherhand,local fea-
turesarecomputedat multiple pointsin the imageandde-
scribeimagepatchesaroundthesepoints. The result is a
setof featurevectorsfor eachimage. All the featurevec-
torshavethesamedimensionality, but eachimageproduces
a differentnumberof featureswhich is dependenton the
interestpointdetectorusedandimagecontent.

Global featuresprovide a morecompactrepresentation
of animagewhichmakesit straightforwardto usethemwith
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Figure 3. An overview the sign recognition
phase .

a standardclassi�cationalgorithm(e.g.supportvectorma-
chines). However, local featurespossessseveral qualities
that make them more suitablefor our application. Local
featuresarecomputedat multiple interestpointsin an im-
age,andthusaremorerobust to clutter andocclusionand
do not requirea segmentation.Given the imperfectnature
of thesigndetectorin its currentstate,wemustaccountfor
errorsin the outline of the sign. Also, local featureshave
proved to be very successfulin numerousobject recogni-
tion applications[11, 20].

Local feature extraction consistsof two components,
the interestpoint detector, andthe featuredescriptor. The
interestpoint detector�nds speci�c imagestructuresthat
areconsideredimportant. Examplesof suchstructuresin-
cludecorners,which arepointswherethe intensitysurface
changesin two directions;andblobs,which arepatchesof
relatively constantintensity, distinct from the background.
Typically, interestpointsarecomputedat multiple scales,
and are designedto be stable under image transforma-
tions [15]. The featuredescriptorproducesa compactand
robust representationof the imagepatcharoundthe inter-
est point. Although thereare several criteria that can be
usedto comparedetectors[15], suchas repeatabilityand
informationcontent,thechoiceof a speci�c detectoris ul-
timately dependenton the objectsof interest. One is not
restrictedto asingleinterestpointdetector, but mayinclude
featurevectorsfrom multiple detectorsinto the classi�ca-
tion scheme[4].

Many interestpoint detectors[15] and featuredescrip-
tors [12] exist in the literature. While the detectorsand
descriptorsare often designedtogether, the solutions to
theseproblemsareindependent[12]. Recently, severalfea-
ture descriptorsincluding ScaleInvariant FeatureTrans-

form (SIFT) [11], gradient location and orientationhis-
togram(GLOH,extendedSIFTdescriptor)[12], shapecon-
text [2], andsteerable�lters [7], wereevaluated [12]. Re-
sults showed that SIFT and GLOH obtainedthe highest
matchingaccuracy on a testdatasetfocusedto testthe ro-
bustnessof thefeatures.Experimentsalsoshowedthatac-
curacy rankingsfor the descriptorswasrelatively insensi-
tive to theinterestpointdetectorused.

3.2. ScaleInvariant FeatureTransform

Due to its high accuracy in otherdomains,we decided
to useSIFT [11] local featuresfor therecognitioncompo-
nent. SIFT usesa Differenceof Gaussians(DoG) interest
point detectoranda histogramof gradientorientationsas
thefeaturedescriptor. TheSIFT algorithmis composedof
four main stages:(1) scale-spacepeakdetection;(2) key-
point localization;(3) orientationassignment;(4) keypoint
descriptor. In the �rst stage,potential interestpoints are
found by searchingacrossimagelocationandscale. This
is implementedef�ciently by �nding local peaksin a se-
ries of DoG functions. The secondstage,�ts a model to
eachcandidatepoint to determinelocationandscale,and
discardsany pointsthatarefoundunstable.Thethird stage
�nds the dominantorientationfor eachkeypoint basedon
its local imagepatch. All future operationsareperformed
on imagedatathathasbeentransformedrelative to theas-
signedorientation,locationandscaleto provide invariance
to thesetransformations.The �nal stagecomputes8 bin
histogramsof gradientorientationsat 16 patchesaround
the interestpoint, resulting in a 128 dimensionalfeature
vector. The vectorsare then normalizedand any vectors
with smallmagnitudearediscarded.SIFT hasbeenshown
to be very effective in numerousobject recognitionprob-
lems[11, 12, 4, 13]. Also, the featuresarecomputedover
grayscaleimageswhich increasestheir robustnessto vary-
ing illumination changes,a veryusefulpropertyfor anout-
doorsignrecognitionsystem.

3.3. ImageSimilarity Measure

Onetechniquefor classi�cationwith local featuresis to
�nd point correspondencesbetweentwo images. A fea-
ture ��� in imageA correspondsor matchesto a feature

��� in imageB if thenearestneighbor(in featurespace)of
�

� in imageB is �
� andtheEuclideandistance(in feature

space)betweenthemfallsbelow athreshold.TheEuclidean
distance(in featurespace)is usuallyusedwith histogram-
baseddescriptors,suchasSIFT, while otherfeaturessuchas
Differential featuresare comparedusing the Mahalanobis
distance,becausethe rangeof valuesof their components
differ by ordersof magnitude.



For our recognitioncomponent,we will usethe num-
ber of point correspondencesbetweentwo imagesas our
similarity measure.Therearetwo mainadvantagesof this
measure.First,SIFTfeaturematchinghasbeenshown to be
veryrobustwith respectto imagedeformation[12]. Second,
nearestneighborsearchcanbeimplementedef�ciently us-
ing a k-d-b tree[14] which allows fastclassi�cation.Thus,
we cande�ne animagesimilarity measurethat is basedon
thenumberof matchesbetweentheimages.Sincethenum-
ber of matchesbetweenimage ��� and ��� is differentfrom
thenumberof matchesbetweenimage��� and ��� , wede�ne
ourbi-directionalimagesimilarity measureas
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We referto thismethodas“ImageMatching.”
Signimagesthatbelongto thesameclasswill havesimi-

lar local featuressinceeachclasscontainsthesamesignun-
derdifferentviewing conditions.We will usethatproperty
to increaseour classi�cation accuracy by groupingall the
featuresthat belongto the sameclassinto onebag. Thus,
we will endup with onebagof keypoints for eachclass.
Now we canmatcheachtestimagewith a bagandproduce
a matchscorefor eachclass. We de�ne a new similarity
measurebetweenanimage � anda class
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We refer to this methodas “FeatureGrouping.” In Sec-
tion 5 we will show that theFeatureGroupingmethodob-
tainshigheraccuracy over theImageMatchingmethod.

3.4. RejectingMost Lik ely Class

During classi�cation,whenwe arepresentedwith a hy-
pothesizedsignregionwematchtheregionto all theclasses
to obtaina matchscoreof the region with all the classes.
Given the match score for eachclass, we train a meta-
classi�er to decideif theclasswith thehighestmatchscore
is the correctclassor if the test imagedoesnot belongto
any of the signsin the database.We have observed that
whena test imagedoesnot belongto any of the signsin
the database,the matchscoresarerelatively low andhave
approximatelythe samevalue. Thus,for the classi�er we
computemeta-featuresfrom the matchscoresthat capture
thatinformation.

First,wesortthematchscoresfrom all theclassesin de-
scendingorder, thenwe subtractadjacentmatchscoresto
getthedifferencebetweenthescoresof the�rst andsecond
class,the secondandthird class,etc. However, sincethe

differencebetweenlower ranked classesare insigni�cant
we limit our differencesto the top 11 classesresultingin
10 features.We alsousethehighestmatchscoreasanother
featurealongwith theprobabilityof thatclass.Weestimate
aposteriorprobabilitydistributionoverclasslabelsby sim-
ply normalizingthematchscores.Thus,theprobabilitythat
image� belongsto class%
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where , is the numberof classes. We also computethe
entropy of theprobabilitydistributionoverclasslabels.En-
tropy is aninformation-theoreticquantitythatmeasuresthe
uncertaintyin a randomvariable. The entropy -
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Usingthese13 featureswe train a classi�er to decideif the
classwith thehighestscoreis thecorrectone.

Theapproachof usingtheoutputof aclassi�er for input
to anothermeta-classi�eris similar to an ensemblealgo-
rithm known as“stacking.” Stacking[16] improvesclassi�-
cationaccuracy by combiningtheoutputsof multiple com-
ponentclassi�ers. It concatenatesthe probability distribu-
tionsover classlabelsproducedby eachcomponentclassi-
�er andusesthatasinput to a meta-classi�er. Stackingcan
alsobeusedwith just onecomponentclassi�er. In thecase
of stackingboth the componentclassi�ers and the meta-
classi�er aresolving the same� -classproblem. However,
in our casewe usethe meta-classi�erto solve a different
problemthanthecomponentclassi�er.

We adaptthe ideaof stackingby using the probability
distribution as the sole featuresfor the meta-classi�er. In
experiment3 of Section5, wecompareameta-classi�erus-
ing our choiceof featureswith a meta-classi�erusingonly
theposteriorprobabilities.

4. Data Sets

For our experiments,we usedtwo different data sets
(availableonline [1]) to testtherecognitionphase.Theim-
agesof signsweretaken from downtown Amherstusinga
still digital camera(NikonCoolpix995)with theautomatic
white balanceon. Manual+/- exposureadjustmentalong
with spotmeteringwasusedto control theamountof light
projectedonto the camerasensor. The following subsec-
tions provide moreinformationregardingeachof the data
sets.



Figure 4. An example of the diff erent lighting
conditions captured by the �ve diff erent im­
ages in the 35 sign data set.

4.1. RecognitionI: Lighting and Orientation

Thepurposeof thisdatasetis to testtherobustnessof the
signrecognizerwith respectto variousilluminationchanges
andin planerotations.Frontalimagesof signsweretaken
at � ve different times of the day, from sunriseto sunset.
SeeFigure4 for anexampleof thedifferentlighting condi-
tionscapturedin the � ve images.The imagesweremanu-
ally segmentedto remove thebackground.We thenrotated
eachimagefrom

1������
to

�����
at �

���
intervals,resultingin

95 syntheticimagespersign. We synthesizedviews for 35
differentsignsresultingin a databaseof 3325images.

4.2. RecognitionII: Viewing Angle

We compileda secondrecognitiondataset to test the
robustnessof therecognizerwith respectto differentview-
ing angles.This seconddatabasecontainsten imageseach
of 65 different signsundervariousviewing angles. Fig-
ure 5 providessampleviewing anglesof nine signsin the
65-classdataset. As before,all the imagesweremanually
segmentedto removeany background.Thedifferentview-
ing angleswheretaken by moving the cameraaroundthe
sign(i.e. thedatawasnot synthesized).

5. Experimentsand Results

We performed3 differentexperimentsto test the vari-
ousaspectsof the recognitionphase.The �rst experiment
testedthe recognizeron the35 sign database.The second
testedit on the 65 sign database.Finally, the third exper-
iment testedthe recognizeron the65 classdatabasewhile
omitting half of the sign classesfrom the training datato
evaluatehow well it performson ruling out a sign image
thatdoesnot belongto any of thesignsin the trainingset.
Table1 summarizestheresultsof therecognizerfor thedif-

Figure 5. Nine sample images that illustrate
the diff erent signs and views in the 65 sign
data set.

ferentexperiments.Thefollowing subsectionsdescribethe
experimentalsetup in moredetail.

5.1. Recognition: 35­ClassData Set

This datasetcontains3325sign imagesfrom 35 differ-
entsigns.We performeda leave-one-outexperimentusing
3325test images,while usingonly 175 training instances.
Althougheachsigncontains95 instances,thereareonly 5
uniqueonessincetheremaining90 correspondto thesyn-
thetic rotations. For our training setwe only kept the � ve
uniqueimagesfrom eachsign. We comparedeachtestim-
ageto 174 training imagesleaving out the onethat corre-
spondsto therotatedversionof thetestimage.

The results of both the image matching and feature
groupingwere identical and extremely high, achieving a
99.5%accuracy. In fact,thetwo methodsmisclassi�edthe
sameimages,mostof whichwereof verypoorquality. Fig-
ure 6 shows an exampleof a sign that was classi�ed in-
correctly. The identical performanceof the two methods
impliesthat if a testimageis very differentfrom onetrain-
ing imageof thecorrectclass,it is likely to bevery differ-
ent from all of them. This resultshows thatSIFT features
arevery robustwith respectto illuminationchangesandin-
planerotationpresentin this dataset.



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%

Table 1. Summar y of matc hing results for the
sign recogniz er.

Figure 6. The image on the left is a sample
sign that was misc lassi�ed in the 35 sign ex­
periment. It was classi�ed as a member of
the sign on the right.

5.2. Recognition: 65­ClassData Set

Following theperformanceof therecognizeron thepre-
viousdataset,wecompiledasecondmorechallengingdata
setthat includeda muchlargernumberof signclassesand
morevariability in theviewing angles.We performed� ve
fold crossvalidationon the 650 images. Imagematching
performed90.4%accuracy, andwhenwe groupedthe fea-
turesby class,theaccuracy increasedto 92.8%. This 25%
reductionin errorshowstheadvantageof thefeaturegroup-
ing method.

5.3. Recognition: 65­ClassData Set with Missing
Training Classes

This experimentwas intendedto test the ability of the
recognizerin decidingif the highestmatchedclassis the
correctone. We performedten fold crossvalidation. On
eachfold weremovedtheimagesfrom arandomlyselected
groupof 35 signsfrom thetestingset. During training,we
obtainedthematchscoresof theclassesfor a speci�c train-
ing instance. We thencomputedfeaturesfrom the match
scoresandthenattacheda classlabelof 1 if thetrainingin-
stancebelongedto a classin thenew testset,0 otherwise.
We thentrain a SupportVectorMachine(SVM) with a lin-
earkernelandusethetrainedmodelto classifythetestdata.

Figure 7. An example where two diff erent
signs were grouped tog ether by the detector .

Using our 13 features, the meta-classi�er achieved
90.8%accuracy, while usingtheprobabilitydistributionwe
only achieved82.25%.Theseresultssupportour choiceof
featuresandshow thatthey containmoreusefulinformation
thantheprobabilitydistribution.

This is mainly becausethe probability distribution can
bemisleadingwith respectto thematchscores.For exam-
ple, assumethat we have two classesin our database,and
wearepresentedwith animagethattruly doesnotbelongto
either. Assumealsothatwhenwematchtheimagewith the
two classeswe get 1 and0 matchscoresrespectively. Al-
thoughit is obviousthatthematchscoresaretoolow for the
imageto belongto any of theclasses,whenwe normalize,
we obtaina 100%probability that the �rst classis thecor-
rect class,which is obviously incorrect. Our featurescap-
turemostof therelevantinformationfrom thematchscores
which is importantfor theclassi�cationtask.

6. Conclusionand Future Work

We have presentedalgorithms for sign detectionand
recognitionfor a wearablesystemto be usedby theblind.
Thesigndetectorusesa wide arrayof featureswith a con-
ditional random�eld classi�er to �nd sign regions in the
image. The sign recognizermatcheseachof the hypothe-
sizedsign regionswith the sign classesin a databaseand
thendecidesif thehighestmatchedclassis thecorrectone
or if theregiondoesnotbelongto any of thesignclasses.

Eachof the componentsperform well on their respec-
tive tasks.Wearecurrentlyin theprocessof integratingthe
two componentsto obtainacompleteworkingsystem.Fig-
ure 8 shows initial sampleresultsof the two components
working together. We arealsoworking on improving the
accuracy of theindividualcomponents.Weplanto improve



the sign detectionrate by using Markov �elds with ICM
for fast approximateinference. Also the sign recognizer
hasto beextendedto beableto dealwith caseswerea hy-
pothesizedsign region containsmorethanonesign in the
database(Figure 7). Futurework alsoincludesaddingthe
�nal two modulesto thesystem,thehead-mountedcamera
andthevoicesynthesizer.
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Figure 8. A sample result after integrating the detector and recogniz er. The �r st row contains the
initial image and the result of the detector . The second row sho ws sample results of three connected
components and their respective segmentation. The thir d row sho ws the result of matc hing each
connected component with the sign classes in the 65 sign data set. The thir d sign was classi�ed
incorrectl y because the image region does not belong to any of the signs in the database . However,
our trained meta­c lassi�er successfull y classi�ed the image region as a negative instance , meaning
that it does not belong to any of the classes in the database .


