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Abstract

We describe an approadc to detecting, locating and identifying general
informational signs(e.g. street names)and location or directional signs(e.g.
road signs). The approad will apply provided: (i) the signshave stereotypical
boundary shapes (i.e. rectangular, or hexagonal{ of course, we allow for
these shapesto be distorted by projection to unknown viewpoint), (i) the
writing on the sign hasoneuniform color and the rest of the sign hasa second
uniform color (we allow for the color of the illuminant to be unknown), (iii) the
text font is in a standard font set. We show that the approad works even
under signi cant illuminant color changes,viewpoint direction, shadowving,
and occlusion.

This work is part of a project intended to help people who are blind,
or whose sight is impaired, and hence cannot locate and read these signs
unaided. It is plannedto be usedin conjunction with other technologiessuc
asGlobal Position Satellites (GPS) and the Smith-Kettlew ell's Rehabilitation

Engineering Researt Center's \T alking Signs" project.

1



Blindsight Corporation. 45-A Fayerweather St. Cambridge. MA 02138.USA.
nitzberg@math.harard.edu.
Keywords: Applications, Object Recognitionand Indexing, Calibration and Seg-
mertation, Grouping, Pose-Estimation,Active and Real-Time Vision.

This paper has not beensubmitted to ACCV.



Summary Page

(a) The original cortribution of this work is to designand implemen a systemfor
locating signsin imagesand transforming them to a standard (front-on) view so
that reading them is straightforward. The systemis intended for use with blind,
and visually impaired, subjects. The system has beentested on street scenesto
detect signsunder di cult conditions (illuminant color changes,shadavs, partial
occlusions,viewpoint changes). The algorithm runs in lessthan a minute.

(b) This systemis of potentially large useto the blind and visually impaired
comnunity. No visual system performing the sametasks exist. For the systemto
work we had to determine new ways to solve color constancyand other problems.

(c) The work of Risemanand collaborators, cited in the text, found signsunder
restricted conditions. We are unaware of any systemthat work in the range of
conditions we descrile and perform the sametasksin almostreal time.

This ideasin this work could be applied to other problemsfor nding writing in

coloredimages. Someof the techniqguesmight generalizeto other problems.



1 Intro duction

Many peoplein Americaare blind or visually impaired. Sud peopleneedassistance
to detect, locate and read generalinformational signs. This involves segmeting
signsfrom the badkground, estimating their pose,and readingthem. Theseare all
di cult problemsparticularly in cluttered street sceneswvherethe illuminant color
can vary greatly, where the poseand position are unknown, and where the signs
can be partially obscuredor in shadawv.

We descrike an approad that is able to detect and locate certain important
classesof signs. The signs are then automatically transformed to a standard
(frontal) viewpoint from which they can be easily read with standard techniques
sud asthosedewelopedfor OCR in the semiconductorindustry for readingdegraded
letters of xed fonts [15].

Most street signsobey the following assumptions:(i) the signshave stereotpical
boundary shapes (i.e. rectangular, or hexagonal{ of course,we allow for these
shapesto be distorted by projection to unknown viewpoint), (ii) the writing on the
sign has one uniform color and the rest of the sign has a seconduniform color (we
allow for thesecolorsand the color of the illuminant to be unknown), (iii) the text
font is in a standard font set.

It is corveniert to descrilke our approad in terms of three types of situation
(the systemmust, of course,determine automatically which situation appliesin a
speci ¢ image). The rst, and easiest,situation is for a sign for which the writing
and badkground colorsand the boundary shape are known andthe illuminant coloris
standard. The secondypeis the sameastype onebut with non-standardilluminant
color so that the apparent colors of the signsdi er considerablyfrom their true
colors. The third type consistsof signsfor which the sign colorsare unknown.

Our approad follows the philosopty of the twenty questionsapproad [8]. We
start by selectingsimple tests which can be run in parallel over the image. These

tests locate seedpositions for hypotheses. Thesetests must also be successfufor
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unknown illuminant which requiressolving a versionof the color constancyproblem
[10]. The seedsnitiate regiongrowing to segmeh two color regions(e.g. signs). A
specializededgedetector is usedon the segmeted regionsto determinethe precise
location of the sign boundariesand to con rm (or dery) that the regionis really a
sign. From the boundarieswe can calculate an a ne transformation to transform
the signto a standard (frontal) viewpoint. This allows us to apply standard OCR
techniquesfor degradedtext [15] in order to read the sign. Moreover, the a ne
transformation gives an estimate of the position of the sign relative to the viewer
(sudh information is of great useto a blind user of the system.)

Our imagesare of size768 576 with 24 color bits. The algorithm runs in less
than a minute on a Pentium PC. Sofar, we have not exploited speed-uptechniques
sud as multiresolution processingor exploited knowledgeof the likely positions of
signsin an image. We estimate that the use of sud techniques, conbined with
optimization of the code, will reducethe computation time to fractions of a minute.

Pioneeringwork on sign nding was reported by Riesmanet al. [18. More
recerly, there has beenmuch work on the use of color for object recognition and
segmeiation [20],[21],[19].Color has also beenusedfor detecting animate objects
in databaseg[7]. There are se\eral theorieswhich seekto explain color constancy
but apart from noticeable exceptions,for example Forsyth [6], few of them have
beentested on real world images. Moreover, thesetheoriesare usually designedto
explain psydophysical experimerts into human perceptionrather than to be used

for real world applications.

2 Background

Many peoplein America have sewere di cult y in reading signs. The legally blind
(20/200 or worsein better eye with best correctedacuity) population of the US'is

600-900,00Q16]. The generallyaccepted gures for peoplewith only light percep-



tion are 100-200,000Moreover, at least3,000,00Qpeoplehave low vision [16] (acuity
lessthan 20/60 for better eye with best correctedacuity). Other estimatesrun to
10,000,00Q14],[17],[4].La Plant and Mitc hell [11] estimatethat 7.6 % of Americans
needassistancean activities of daily living as a result of visual impairments. Sud
peopleneedassistanceo locate and read generalinformational signs.

There already exist other technologieswhich have beenapplied to sud tasks.
Thesetechnologies,sud asGPS and \T alking Signs", are highly e ectivein certain
domains. None of them, howewer, o er the samepotential degreeof exibilit y as
an imagerecognition strategy. No one approad can solwe all of the blind traveler's
problems; however we beliewve the imagerecognition strategy which we presen can
make unique cortributions not possibleby other approades.

For example,the useof satellitestechniques,sud asGPS, hasbeensuccessfully
adapted as a navigational tool for the blind [12] (e.g. Atlas Strider). Experimerts
with GPS systemshave clearly demonstratedtheir suitability for nding one'sgen-
eral location. Howewer the experimerts have also shovn unsuitability for nding
speci ¢ objects, doorways or locations especially in areasadjacen to tall buildings,
under or near tree cover, etc, { and their inability to function at all indoors or un-
dergroundasin transit systems.In addition they depend heavily on the availability
of an infrastructure in the form of digitized mapsof the areaof interest which have
beenmodi ed to include locations of interest to blind travelers.

Another successfutechnology is the \T alking Signs" project [13], [2],[3], [1], in
which signsare out tted with a special devicethat communicateswith a hand-held
devicevia an infra-red (IR) signal. Infrared signagesystemssud as Talking Signs
are excellen for location of speci ¢ landmarks, signs,doorways, ATMs, etc indoors

or out, but their useis obviously restricted to areaswherethey are installed.



3 OQverview

Our rst task is to obtain a databaseof color imageswith signsin them. The
imageswere taken of typical street scenesin San Francisco using a Ricoh color
camera. The database, seethe set of red and white stop signs gure (1), was
intentionally chosento include many di cult caseswith non-standardillumination,
non-standardviewpoints, shadaving, and occlusion. From this datasetwe wereable
to make estimation of the likely illuminant conditions, seesection(4.2.1), which are
usedlater in our algorithm.

In order to locate the position of a sign within an image, we make use of two
critical facts about signs. Firstly, most signsare characterizedby two colors, the
color of the sign and the color of the writing on the sign. Secondly the shape of
sign boundariesare stereofyped (rectangular, hexagonal,etc.). Of course,the color
measuredoy the camerais a ected by the color of the illuminant (which canchange
greatly, asour experimerts shon) and the shape of the signis alsodistorted by an
unknown a ne transformation which allows for viewpoint changes.

This motivatesthe following seard strategy. We usea set of teststo determine
seedregionsin the imagewithin which there are two color peaks. We then apply a
region growing algorithm to grow these seedsinto larger hypothesisregionswhere
the color has again got two peaks. Thesecolor peakscan be usedto segmehn this
subregionof the imageinto two parts correspnding to the signwriting and the sign
badground.

These hypothesis regions are then tested by detecting straight line edgesto
obtain geometricalinformation of the boundary shape. From theseedgeswe obtain
the cornersof the sign which can be matched to a databaseof signs (matching
to the databaseis done directly for signswith sewere occlusion). This allows us
to determine the orientation of the sign which allows us normalize the sign to
a frontoparallel viewpoint at xed scale. Reading the sign in sud situations is

straightforward. Moreover the direction of the sign relative to the viewer can be
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Figure 1. Part of the databasefor our experimerts. The original imagesare in

color.



determined.

4 Finding seed regions

We employ a set of testsfor nding good seedregions. Thesetests are suitable for
di erent typesof situation. The tests are performed simultaneously We explain

the tests by describingthe three basictypesof situation.

4.1 Known Color and Standard Illluminan t

This is the easiestcaseto consider. The assumptionof standard illuminant means
that the colorsof the signin the imageare very closeto the true colorsof the sign.
This makes seed nding extremely e cient. We descrile the algorithm below, for
the caseof red and white stop signs,but we will not display any experimertal results
for this casebecausewe preferto save spacefor the frequernt, and more challenging,
situations wherethe standard illumination assumptionis violated.

Firstly, we determinea test which detectsplacesin the imagewherethe coloris
similar to that of the red of the sign. Our criterion is to selectpoints x in the image
for which R(%) > 128and G(*) < 0:8R(%*) and B(x) < 0:8R(x). The rationale for
thesetests are that red signsunder standard illumination tend to be very bright
(typically closeto saturation at 255) and the red componerts of their colors are
almost always higher than the greenor blue componerts. (Conversely red signs
under non-standardillumination tend to be darker becausethey are often shaded
from direct sunlight by a tree, for example). The threshold value was picked by
examination of our dataset (statistical analysis of a larger dataset is planned to
determinethis threshold). We alsoimposethe condition that thesered seedsmust
be at least half a window size distance away (typically 7 pixels) from neighboring
seeds.This preverts too many responsesfor a single sign. We then choosethe top

red seedsranked by brightness.



Secondly we examinewindows basedon thesetop red seeds.Thesewindows are
setto be 15 15 pixels. We reward thoseregionsfor which there are at least 30 %
pixels with white color, provided that the intensity of the white pixelsis 20 % of
the intensity of the red pixels. This perceniage constrairt is used, for example,to
prevert bladk, or grey, pixels being mistaken for white (becausefor this test, the
signshave standard illuminant in particular the intensity of the illuminant must be
the samefor both the red and white pixels. Thus the measuredintensity should be
similar for red and white pixels.)

Thoseregionsthat passthe test are evaluated basedon how many red and white
pixelsthey cortain and their brightness. The few red-white seedghat passthis test
are almost always in red and white signs. This is becausethe conjunction of red
and white rarely occursin street scenes.

This combined red-white test is a good diagnostic for signs. It detectsall red
white signsin the image (assumingstandard illumination) and rarely gives false
positive responsesto other image features. It is therefore a suitable candidate
for region growing, seesection (5). In particular, it works well even under seere
occlusion.

This red-white test, howewer, will break down if the illuminant is nonstandard
sothat the colorsof the sign appear quite di erent from their true colors. This is
surprisingly common. If, for example,a stop sign is under a tree then its red will
appear closerto greenwhen photographedby a color camera. The red-white test

will alsobreak down in the presenceof extreme shadavs.

4.2 Known Colors and Unkno wn Illluminan t

Determining the correct color of objects under unknown illuminant color is a long
standing problem related to the perceptual issueof color constancy[10]. In this
sectionwe descrile a solution to color constancyfor our speci ¢ problem domain.

We rst do statistical analysis of our databaseto determine what illuminant



colors occur within typical street scenes. This work is descriked in the following
subsection. Using theseresults we are then able to designa test for determining

adjacen setsof red and white pixels with unknown illuminant.

4.2.1 Analysis of llluminan t Colors

We assumethat the obsened color of an object is the product of its true color and
the color of the illuminant. In this sectionwe descrite how we validate this model,
by testing it on our dataset, and then useit to deducethe set of illuminant colors.
This will enableus to rule out certain atypical illuminant conditions.

For eat imagein our dataset(the imagesare labelledby ) we placea window
within a red and white sign. We usethe two-meansalgorithm, seesection (4.3), to
determine the obsenedred (R, ; G, ;B, ) and the obsened white (R,,; G,,; B,,) for
the imagelabelled . We assumethat theseare related to the true (unknown) red
(Rr; Gr;By) and true (unknown) white (Ry; Gw; Bw) by an (unknown) multiplica-
tiveilluminant ( ; ; ).

The multiplicativ e model assumptionreduceshe problem of estimating the true

red/white and the illuminants to extremizing a cost function:
X
E[; ; ;RiGB]= f(R, R/)?+ (G, G)?+ (B, B/)?
+(Ry Rw)?+ (G, Guw)?+ (By, Buw)’g: (1)
This can be re-expresseds the sum of three independern cost functions
El; ; iR;G;B]= Er[; R]+ Eg[; G]+ Eg[ ;B]; (2)

where

X
Er[; RI=  f(R, Ri)?+ (Ry, Rw)*g 3)

This minimization canbe donedirectly by using Singular Value Decompsition
(SVD). The input matrix consistsof R, ;R,, andis a2 N matrix written as

Rp: where = LN andp =r orw. SVDyieldsR = UV T where
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is a diagonal matrix whose elemers are the eigervalues of the SVD. The rst
row of U is the estimated true colors R;;R,, and the rst column of V are the
true illuminants f g.Obsene that there is an ambiguity scaling 7' a and
(Rr;Rw) 7! (1=8)(R;; Ry). Thesechangesare unobsenable sowe normalize them
out by assumingthat the sum of the squaresof the illuminants add up to one. We
proceedsimilarly for G and B.

The size of the eigervalues produced by SVD can be usedto ewaluate the as-
sumptions of the model namely, the multiplicativ e illumination model. Our results
show that only the rst eigervalue is large, therefore validating the model.

The output of this computation are three-fold. Firstly, we validate our multi-
plicative model assumptionsby shaving that the secondeigervalue is always small.
Secondly we ched visually that the resulting true red and true white are plausible
and similar in color to the sign whenviewed under standard illumination. Thirdly,
we plot the obsened distribution of illuminants in color space. They form a cigar
like shape.

We can use our knowledge of the illuminants to test whether a window with

means ; and ; isconsistem with red and white by minimizing the energyfunction:
E[; 5 1=j~ Lerf®+j~  Lwj?; )

wherelL is a diagonal matrix with elements ; ; , +r and wy are the estimatesof
true red and white colorssupplied by the previousalgorithm.

Solvingfor L canbe doneby linear algebrato determinethe solutions ; ;
We canthen ewaluate E[ ; ; ] to determine how well the model ts the data.
The estimatedilluminant may be implausible, howewer, becauseour experimertal
results shav that plausibleilluminants lie in a small region of color space.

We applied principal componenrt analysisto analyzethe illumination cigar. In
other words, we take the illumination vectors calculatedabove L = ( ; ; )

for = 1;::;;N. More precisely we let C be the illuminant colors. The meanis
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- P . .
L = (1=N) C . Thenwe nd the co-variance matrix:

1 X

K:N (c Cyc D) (5)

The eigervaluesarey;15; T3 with eigervaluesf ; f,; f3. For any input illuminant

O we can write it as:
O=LC+f(O L) hgh+f(0O L) nhgh+f(O L) T (6)

We can then determine if an illuminant O is plausible if it falls within two
standard deviations of the mean. In other wordsif f(O L) Tig< Zpr(O L)

hg< 227, (0 T) hg< 2’ Ta.

42.2 The two-color test with unkno wn illuminan t

We now examinell 11 windows in the imageto seeif they are consisten with
red and white under allowable illumination color, seelast subsection.

First, we create two illuminant mapsfor the image. The red illuminant map
givesthe illuminant at eat pixel which would be requiredto make a red object the
obsened pixel color. Similarly, the white il luminant map speci es the illuminant
which would make a white object have the obsened pixel color. If this illuminant
is not allowable becausdt violates our criterion de ned in the previoussubsection,
then the pixel is labelled as unmatched in the correspnding illumination maps.

Not all the valuesof the illuminant maps will be allowable. In particular, in
a region where there is an object whosetrue colors are red and white it will be
impossibleto illuminate the red sothat they appear white and the white so that
they appear red without violating the allowableilluminant condition. Sud extreme
lighting situations might happenin atheatre with red and white spotlights precisely
aligned with the lettering in the sign, but this would be highly unlikely.

This fact can be usedto generatea test to determinelikely regionsin the image

cortaining red and white pixels. We examineead 11 11 window in the image
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Figure 2: A typical SanFranciscoscene.

and calculatethe meansof the allowed illuminants in the red and white illuminant
maps. If the meansof the two mapsare closein the least squaressensehen this is
a strong candidate for a true red-white region, see gure (3). We rerun the test at
a larger scaleat good seedlocationsto reject false positives, see gure (3), and to
nd reliable estimatesof the red and white meansin this region.

This approad is very e ective. It not only dealswith extreme changesin illu-

minant but it alsorespondsto signswhich are seerely shadaved.
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Figure 3: The seedregionsfound by the algorithm in the previousimage. The
darker the squaresthen the better the match. The bestten seedsare circled. The
small seeds,away from the sign, are eliminated by rerunning the test at a larger

scale.
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Figure 4. The nal result of our algorithm run of the image above.
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4.3 Unkno wn Colors

In this casewe rst nd edgesand then do a two-meansalgorithm in windows round
the edges.The two-meanstest is usedto determinewhether the colorsof the pixels
in the image can be descrited by two colorsonly.

More precisely let D be a window of sizeM. Any pixel x 2 D hasa color
C(x) assaiated with it. For ead pixel we initially assignit to classl or class2 at
random (equally likely). Then we computethe means~; and ~, of classesl and 2.

We now reassignclassmembership by:

x7! Classl, if ~; C(¥) < ~, C(¥ ;
x7! Class2;, if ~, C(x) < ~;1 C(x): (7

We now recomputethe meansof the two classesand reassignclassmenbership.
The processrepeatsfor seeral iterations (typically 2-5). It can be shown that the
processconvergesto a local minimum of the goodnessof tness energyfunction:

E[ ;: ,ClassLClass2]= ~ C(0°+ ~ C(0°: (8)
x2 Class 1 x2 Class 2

This energyfunction is usedin two ways. Firstly it helpsewaluate how fast the
algorithm is converging. Secondly its nal value (after stopping the algorithm) is
an estimateof how accuratelythe colorswithin aregionare descriked by a two-color
model.

Similarly, we have a test to seeif the data is descriked well by a single color
model. This test merely computesthe mean~ of the colorsin the window and
ewvaluate P «p C(¥) ~ 2.

Good seedsare those for which the energyis small and wherethere is at least
20 % of pixelsin ead class. We globally scalethe the energieso between0 and 1.
If lessthan 25 % in Region1 or Region2 then we setE = 1.

The two-meansalgorithm hasthe advantagesand disadvantagesof a very general

test. It will succeedn nding signsfor which the color is unknown. But, on the
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Figure 5: An imagefrom our dataset.

other hand, it is slower than the seed nding techniques descriked earlier. It is
slow for two regions. First, it requires 3-5 iterations at ead image region for the
clustering to corverge. Secondly it givesmany false positiveswhich all have to be
chedked. We are currertly experimerting on techniquesto speedit up sud asonly
running at placesof strong color edgesor by using knowledgeof likely positions of

signsin the image.

5 Region Growing, Boundary Detection, and Pose

Normalization

We now descrite how we usethe seedsto localizethe signs, nd their boundaries,

and estimate their pose.
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Figure 6: The seedregiongound by the algorithm in the previousimage.

5.1 Region Growing

After nding plausible seedswe wish to grow them outwards until we are outside
the sign. To do this we mergeregionsneighboring on the seedregion. Merging is
doneif the color properties of the neighboring regionare similar to the properties of
the seedregion. Recall that while nding likely seedswe have also estimated local
valuesfor the meansof the red and white pixels.

We assignpixelsto be red if their color is within two standard deviations of the
estimatedred color in the seed(or the estimate from the mergedregions.) We do
the samefor white and we assignall other pixels to be bladk. We grow until the
number of pixelsis lessthan v e percen. This givesus a quartized red, white, and
black map.

A re nement is neededif the sign is partially shadaved. The simplest caseis
when part of the signis in shadav (typically non-standardilluminant) and the rest
is in standard illuminant. In this casewe grow the shadaved regionsand we also

include the unshadaved red and white pixels. A quick test canbe doneto determine
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if an unshadaved pixel is red or white.

5.2 Boundary Finding

This section describes how to determine the boundary of the region in terms of
straightline edgesand corners.

The boundariesof our quartized color map too jaggedto determinethe straigh-
tine edgesand cornersdirectly. Instead we rst determine the certer of massof
the red pixels which is a good approximation to the certer of the sign. This is de-

. P . I :
termined to be x,, = (1=N) ¢%. This certer of massis invariant to a ne

*:C(x) re
transformations and hencecorrespndsto the true certer of the sign and not just
the certer in the image.

We de ne a coordinate systembasedon this certer of mass. Straightlines in the
imagearerepreseted by linesx cos +ysin = dwhered is the closestdistancefrom
the line to the certer of massand determinesthe orientation of the line. In the
spirit of Hough transforms, we wish to determine\evidence" z(d; ) for straightline
segmets at (d; ).

We rst de ne atest for edgenessFor eat line segmeh we placea rectangular
box partially \ab ove the line" (i.e. on the sideaway from the certer) and partially

\b elow the line". For any point on this line segmen we court:

# White=Black above # White=Black bebw
# abowe # bebw

If this di erence is below 75 % then we throw the point out (becauset doesn't

(9)

correspnd to a good edgepoint from red to white/black). If the di erence is above

75 % then the point cortributes:

# White=Black abO\e+ # Redbebw
# abowe # bebw

For eat value of d; we cansimply add up theseresponsesto get z(d; ) asfor

(10)
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the standard Hough transform. But, for this problem, it is unnecessaryo calculate
z(d; ) for all d; .

Instead we sendradial lines out from the certer of massat ead degree(i.e. 360
radial linesin all). We obsene the valuesd( ) wheretheselines last cortain red
pixels. It is only necessaryto calculate z(d; ) for this restricted setof d; .

The peaksin (d; ) spacecorrespnd to possiblesign boundary segmets. We
selectthe maximum peaks and chedk consistencyof the edgesdetected for the
speci ¢ type of sign. For stop signs,for example. we can often identify the correct
edgeshy using the constrairt that the anglesof neighboring signssegmets should
di er by roughly 45 %. For rectangular signswe can seart for parallel straight
lines.

After the plausible boundary segmets have been extracted then we nd the
cornersby determining where the segemets intersect. If we have two lines (d; )

and (h; ) then their intersectionsoccur at the solutions of the linear equations:

Xcos +ysin = d;

Xcos +ysin = h: (11)

This may, of course, produce more cornersthan there really are in the sign
becausehere may be more edgesdetectedand alsoedgesmay have multiple inter-

sections.

5.3 Pose normalization: EM to solve for the ane trans-

formation

Oncewe have found the boundariesand cornersin the data then we must solve the

correspndencebetweenthem and the prototype (true) sign. This will allow usto

map the signto a frontoparallel position which will greatly simplify the reading.
This correspndenceis determined by an a ne transforms A ;B and the fVjyg

which are binary (0; 1) valued corresppndencevariableswhich relate the cornersin
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the data to the cornersin the protoype model. We de ne a distribution:

e EIViATH
P(V;A;D = — (12)
whereZ is a normalization factor and
X q .2 X X
E[V;A;H = Via A +D x, + (1 Via); (13)
ia i a

where ¥¢ is the data corner positions and %!, are the true model positions. We
: P . : :
constrainthat . Vi = 0;1 8 i. This ensuresthat eat data corneris matched to

at most onetrue corner. If a corner point is unmatched then it must pay a penalty

We now apply the EM algorithm to equation (12) to solwe for the a ne trans-
formation and the binary variables. The E-step estimatesthe V and the M-step
solvesfor the A and . For this probability distribution both the E- and M- steps
can be solved for analytically and hencewe get a discrete iterative which rapidly
converges.We alsouseclewer choicesof the initial conditions.

The EM algorithm allows us to normalize the position of the sign to frontal
viewpoint and enablesus to read the sign by template matching [15]. The a ne

transform is usedto determinethe position of the signrelative to the viewer.

6 Results

This sectionshavs the nal results of our algorithm on someof the more di cult
imagesin our database. These involve partial occlusion, heary shadaving, and

di cult illuminant colorsand pose.

6.1 Sign with partial occlusion

Firstly, we shav animagein which the signis strongly occluded(about onethird of

the signis missing). The signis detectedusingthe unknown illuminant test followed
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Figure 7: The image cortaining the occludedsign.

by region growing and segmenation. The EM algorithm is usedto match the sign
to the prototype and functions well despite the fact that most of the cornersare
invisible. In particular, this demonstratesthe robustnessof our a ne estimation

algorithm.

6.2 Sign with large shadowing

Secondly we shov an image in which the sign is strongly shadaved. The sign is
detected using the unknown illuminant test followed by region growing and seg-

mertation. The EM algorithm is usedto match the sign to the prototype. This
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Figure 8: A cropped version of the image with the occluded sign. Note that our

algorithm starts with the original image and not with the cropped version.

Figure 9: The nal result of the algorithm. The sign has been located, partially
segmeted and alignedto the prototype sign. Note that only a few of the cornersare

visible but the algorithm is robust enoughto nd the correcta ne transformation.
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Figure 10: The image cortaining the shadaved sign.

demonstratesour modi ed regiongrowing approad which growsthe shadaved parts

of the sign and incorporatesthe unshadaved region.

6.3 Sign at dicult viewp oint and illuminan t

Thirdly, we shov an image in which the sign is at a dicult viewpoint and is
illuminated in a nonstandardway (sothat the signdoesnot appearto bered). The
sign is detectedusing the unknown illuminant test followed by region growing and

segmetation. The EM algorithm is usedto match the signto the prototype.
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Figure 11: A cropped version of the image with the shadaved sign. Note that our

algorithm starts with the original image and not with the cropped version.

Figure 12: The nal result of the algorithm. The sign hasbeenlocated, segmeted
and aligned to the prototype sign. Postprocessingcan be done, if necessaryto

improve the results at the boundariesbetweenshadavs and non-shadaeved regions.
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Figure 13: The image containing the sign at di cult viewpoint and illuminant
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Figure 14: A cropped versionof the imagewith the signat di cult viewpoint and
illuminant. Note that our algorithm starts with the original image and not with

the cropped version.

Figure 15: The nal result of the algorithm. The sign hasbeenlocated, segmeted

and alignedto the prototype sign.
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7 Conclusion

We have preseited an approad for locating informational signsin colorimages.The
approad is e ective under a wide range of extreme conditions sud as shadaving,
occlusion, viewpoint and illuminant color changes. The algorithm run in lessthan
a minute on a Pertium PC and we estimate that multi-scale processingand code
optimization should cut the run time to seconds.Additional information, sud as
knowledge of likely positions of signsin the image (which a blind user may well
possessivould alsoreducethe speed.

It is important, howewer, to ewaluate the e ectivenessof this work as a tool
for helping the blind. We are fortunate that researbers at the Smith-Kettlewell's
Rehabilitation Engineering Researb Certer will undertake human factor studies,
usingblind volunteers, to test this approad and evaluate its performancecompared
with existing technologiessud as GPS and Talking Signs. The methodology for

thesestudiesis descriked in [9].
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