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Abstract

We describe an approach to detecting, locating and identifying general

informational signs(e.g. street names)and location or directional signs(e.g.

road signs). The approach will apply provided: (i) the signshavestereotypical

boundary shapes (i.e. rectangular, or hexagonal { of course, we allow for

these shapes to be distorted by projection to unknown viewpoint), (ii) the

writing on the sign hasoneuniform color and the rest of the sign hasa second

uniform color (weallow for the color of the illuminan t to beunknown), (iii) the

text font is in a standard font set. We show that the approach works even

under signi�cant illuminan t color changes,viewpoint direction, shadowing,

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 planned to be usedin conjunction with other technologiessuch

asGlobal Position Satellites (GPS) and the Smith-Kettlew ell's Rehabilitation

Engineering Research Center's \T alking Signs" project.
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Summary Page

(a) The original contribution of this work is to designand implement a systemfor

locating signs in imagesand transforming them to a standard (front-on) view so

that reading them is straightforward. The system is intended for use with blind,

and visually impaired, subjects. The system has been tested on street scenesto

detect signsunder di�cult conditions (illuminant color changes,shadows, partial

occlusions,viewpoint changes).The algorithm runs in lessthan a minute.

(b) This system is of potentially large use to the blind and visually impaired

community. No visual systemperforming the sametasks exist. For the systemto

work we had to determinenew 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 system that work in the range of

conditions we describe and perform the sametasks in almost real time.

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

coloredimages.Someof the techniquesmight generalizeto other problems.
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1 In tro duction

Many peoplein America areblind or visually impaired. Such peopleneedassistance

to detect, locate and read general informational signs. This involves segmenting

signsfrom the background, estimating their pose,and reading them. Theseare all

di�cult problemsparticularly in cluttered street sceneswherethe illuminant color

can vary greatly, where the poseand position are unknown, and where the signs

can be partially obscuredor in shadow.

We describe an approach 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

such asthosedevelopedfor OCR in the semiconductorindustry for readingdegraded

letters of �xed fonts [15].

Most street signsobey the following assumptions:(i) the signshavestereotypical

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 oneuniform 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 convenient to describe our approach in terms of three types of situation

(the systemmust, of course,determine automatically which situation applies in a

speci�c image). The �rst, and easiest,situation is for a sign for which the writing

andbackgroundcolorsand the boundaryshapeareknown andthe illuminant color is

standard. The secondtype is the sameastypeonebut with non-standardilluminant

color so that the apparent colors of the signs di�er considerably from their true

colors. The third type consistsof signsfor which the sign colorsare unknown.

Our approach follows the philosophy of the twenty questionsapproach [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 successfulfor
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unknown illuminant which requiressolvinga versionof the color constancyproblem

[10]. The seedsinitiate region growing to segment two color regions(e.g. signs). A

specializededgedetector is usedon the segmented regionsto determinethe precise

location of the sign boundariesand to con�rm (or deny) that the region is really a

sign. From the boundarieswe can calculate an a�ne transformation to transform

the sign to a standard (frontal) viewpoint. This allows us to apply standard OCR

techniques for 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

(such information is of great useto a blind userof the system.)

Our imagesare of size768� 576with 24 color bits. The algorithm runs in less

than a minute on a Pentium PC. Sofar, we have not exploited speed-uptechniques

such as multiresolution processingor exploited knowledgeof the likely positions of

signs in an image. We estimate that the use of such techniques, combined with

optimization of the code, will reducethe computation time to fractions of a minute.

Pioneering work on sign �nding was reported by Riesman et al. [18]. More

recently, there has beenmuch work on the useof color for object recognition and

segmentation [20],[21],[19].Color has also beenusedfor detecting animate objects

in databases[7]. There are several 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 psychophysical experiments into human perception rather than to be used

for real world applications.

2 Background

Many peoplein America have severe di�cult y in reading signs. The legally blind

(20/200 or worsein better eye with best correctedacuity) population of the US is

600-900,000[16]. The generallyaccepted�gures for peoplewith only light percep-
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tion are100-200,000.Moreover, at least3,000,000peoplehave low vision [16](acuity

lessthan 20/60 for better eye with best correctedacuity). Other estimatesrun to

10,000,000[14],[17],[4].La Plant and Mitchell [11]estimatethat 7.6% of Americans

needassistancein activities of daily living as a result of visual impairments. Such

peopleneedassistanceto locate and read generalinformational signs.

There already exist other technologieswhich have beenapplied to such tasks.

Thesetechnologies,such asGPSand \T alking Signs", are highly e�ective in certain

domains. None of them, however, o�er the samepotential degreeof 
exibilit y as

an imagerecognition strategy. No oneapproach can solve all of the blind traveler's

problems;however we believe the imagerecognition strategy which we present can

make unique contributions not possibleby other approaches.

For example,the useof satellitestechniques,such asGPS, hasbeensuccessfully

adapted as a navigational tool for the blind [12] (e.g. Atlas Strider). Experiments

with GPS systemshave clearly demonstratedtheir suitabilit y for �nding one'sgen-

eral location. However the experiments have also shown unsuitabilit y for �nding

speci�c objects, doorways or locationsespecially in areasadjacent to tall buildings,

under or near tree cover, etc, { and their inabilit y to function at all indoors or un-

dergroundasin transit systems.In addition they dependheavily on the availabilit y

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 successfultechnology 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 signagesystemssuch as Talking Signs

are excellent for location of speci�c landmarks,signs,doorways, ATMs, etc indoors

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

Our �rst task is to obtain a databaseof color imageswith signs in 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, shadowing, and occlusion. From this datasetwewereable

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 useof 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 stereotyped (rectangular, hexagonal,etc.). Of course,the color

measuredby the camerais a�ected by the color of the illuminant (which canchange

greatly, as our experiments show) and the shape of the sign is alsodistorted by an

unknown a�ne transformation which allows for viewpoint changes.

This motivates the following search strategy. We usea set of tests to determine

seedregionsin the imagewithin which there are two color peaks.We then apply a

region growing algorithm to grow theseseedsinto larger hypothesisregionswhere

the color has again got two peaks. Thesecolor peakscan be usedto segment this

subregionof the imageinto two parts corresponding to the signwriting and the sign

background.

These hypothesis regions are then tested by detecting straight line edgesto

obtain geometricalinformation of the boundary shape. From theseedgeswe obtain

the corners of the sign which can be matched to a databaseof signs (matching

to the databaseis done directly for signs with severe 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 such 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 experiments. The original imagesare in

color.
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determined.

4 Finding seed regions

We employ a set of tests for �nding good seedregions. Thesetests are suitable for

di�erent types of situation. The tests are performed simultaneously. We explain

the tests by describingthe three basic typesof situation.

4.1 Kno wn Color and Standard Illuminan t

This is the easiestcaseto consider. The assumptionof standard illuminant means

that the colorsof the sign in the imageare very closeto the true colorsof the sign.

This makesseed�nding extremely e�cien t. We describe the algorithm below, for

the caseof red and white stop signs,but wewill not display any experimental results

for this casebecausewe prefer to save spacefor the frequent, and morechallenging,

situations wherethe standard illumination assumptionis violated.

Firstly, we determinea test which detectsplacesin the imagewherethe color is

similar to that of the red of the sign. Our criterion is to selectpoints ~x in the image

for which R(~x) > 128and G(~x) < 0:8R(~x) and B(~x) < 0:8R(~x). The rationale for

these tests are that red signsunder standard illumination tend to be very bright

(typically closeto saturation at 255) and the red components of their colors are

almost always higher than the green or blue components. (Conversely, red signs

under non-standard illumination 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 also imposethe condition that thesered seedsmust

be at least half a window sizedistanceaway (typically 7 pixels) from neighboring

seeds.This prevents too many responsesfor a singlesign. We then choosethe top

red seedsranked by brightness.
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Secondly, we examinewindows basedon thesetop red seeds.Thesewindows are

set to be 15� 15 pixels. We reward thoseregionsfor which there are at least 30 %

pixels with white color, provided that the intensity of the white pixels is � 20 % of

the intensity of the red pixels. This percentage constraint is used,for example,to

prevent black, or grey, pixels being mistaken for white (because,for 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 areevaluated basedon how many red and white

pixels they contain and their brightness. The few red-white seedsthat passthis test

are almost always in red and white signs. This is becausethe conjunction of red

and white rarely occurs in street scenes.

This combined red-white test is a good diagnostic for signs. It detects all red

white signs in 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 severe

occlusion.

This red-white test, however, will break down if the illuminant is nonstandard

so that 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 extremeshadows.

4.2 Kno wn Colors and Unkno wn Illuminan 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 describe a solution to color constancyfor our speci�c problem domain.

We �rst do statistical analysis of our databaseto determine what illuminant
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colors occur within typical street scenes.This work is described in the following

subsection. Using theseresults we are then able to designa test for determining

adjacent setsof red and white pixels with unknown illuminant.

4.2.1 Analysis of Illuminan t Colors

We assumethat the observed color of an object is the product of its true color and

the color of the illuminant. In this sectionwe describe 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 each 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 observed red (R�
r ; G�

r ; B �
r ) and the observed white (R�

w ; G�
w; B �

w) for

the imagelabelled � . We assumethat theseare related to the true (unknown) red

(Rr ; Gr ; B r ) and true (unknown) white (Rw ; Gw; Bw) by an (unknown) multiplica-

tive illuminant (� � ; � � ; � � ).

The multiplicativ e model assumptionreducesthe problemof estimating the true

red/white and the illuminants to extremizing a cost function:

E[�; �; � ; R; G; B ] =
X

�
f (R�

r � � � Rr )2 + (G�
r � � � Gr )2 + (B �

r � � � B r )2

+( R�
w � � � Rw)2 + (G�

w � � � Gw)2 + (B �
w � � � Bw)2g: (1)

This can be re-expressedas the sum of three independent cost functions

E[�; �; � ; R; G; B ] = ER [�; R] + EG[�; G] + EB [� ; B ]; (2)

where

ER [�; R] =
X

�
f (R�

r � � � Rr )2 + (R�
w � � � Rw)2:g (3)

This minimization can be donedirectly by using Singular Value Decomposition

(SVD). The input matrix consistsof R�
r ; R�

w and is a 2 � N matrix written as

Rp;� where � = 1; :::; N and p = r or w. SVD yields R = U�V T where �
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is a diagonal matrix whose elements are the eigenvalues of the SVD. The �rst

row of U is the estimated true colors Rr ; Rw and the �rst column of V are the

true illuminants f � � g.Observe that there is an ambiguity scaling � � 7! a� � and

(Rr ; Rw) 7! (1=a)(Rr ; Rw). Thesechangesare unobservable so we 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 eigenvaluesproduced by SVD can be used to evaluate the as-

sumptionsof the model namely, the multiplicativ e illumination model. Our results

show that only the �rst eigenvalue is large, thereforevalidating the model.

The output of this computation are three-fold. Firstly, we validate our multi-

plicative model assumptionsby showing that the secondeigenvalue is always small.

Secondly, we check visually that the resulting true red and true white are plausible

and similar in color to the sign when viewed under standard illumination. Thirdly ,

we plot the observed 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� 1 and � 2 is consistent with red and white by minimizing the energyfunction:

E[�; �; � ] = j~� 1 � L~rT j2 + j~� 2 � L ~wT j2 ; (4)

whereL is a diagonal matrix with elements �; �; � , ~r T and ~wT are the estimatesof

true red and white colorssupplied by the previousalgorithm.

Solving for L canbe doneby linear algebrato determinethe solutions� � ; � � ; � � .

We can then evaluate E[� � ; � � ; � � ] to determine how well the model �ts the data.

The estimated illuminant may be implausible, however, becauseour experimental

results show that plausible illuminants lie in a small region of color space.

We applied principal component analysisto analyzethe illumination cigar. In

other words, we take the illumination vectors calculated above ~L � = (� � ; � � ; � � )

for � = 1; :::; N . More precisely, we let ~L � be the illuminant colors. The mean is
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~L = (1=N )
P

�
~L � . Then we �nd the co-variancematrix:

K =
1
N

X

�
(~L � ~L)(~L � ~L)T : (5)

The eigenvaluesare~l1;~l2;~l3 with eigenvaluesf 1; f 2; f 3. For any input illuminant

~O we can write it as:

~O = ~L + f ( ~O � ~L) � ~l1g~l1 + f ( ~O � ~L) � ~l2g~l2 + f ( ~O � ~L) � ~l3g~l3: (6)

We can then determine if an illuminant ~O is plausible if it falls within two

standard deviationsof the mean. In other words if f ( ~O � ~L) �~l1g < 2
p

f 1 f ( ~O � ~L) �

~l2g < 2
p

f 2, f ( ~O � ~L) � ~l3g < 2
p

f 3.

4.2.2 The two-color test with unkno wn illuminan t

We now examine11 � 11 windows in the image to seeif they are consistent with

red and white under allowable illumination color, seelast subsection.

First, we create two il luminant maps for the image. The red il luminant map

givesthe illuminant at each pixel which would be required to make a red object the

observed pixel color. Similarly, the white il luminant map speci�es the illuminant

which would make a white object have the observed pixel color. If this illuminant

is not allowable becauseit violates our criterion de�ned in the previoussubsection,

then the pixel is labelled as unmatched in the corresponding illumination maps.

Not all the values of 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 so that they appear white and the white so that

they appear red without violating the allowable illuminant condition. Such extreme

lighting situations might happen in a theatre 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

containing red and white pixels. We examineeach 11 � 11 window in the image
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Figure 2: A typical SanFranciscoscene.

and calculate the meansof the allowed illuminants in the red and white illuminant

maps. If the meansof the two mapsare closein the least squaressensethen this is

a strong candidate for a true red-white region, see�gure (3). We rerun the test at

a larger scaleat good seedlocations to reject falsepositives,see�gure (3), and to

�nd reliable estimatesof the red and white meansin this region.

This approach is very e�ective. It not only dealswith extremechangesin illu-

minant but it alsoresponds to signswhich are severely shadowed.
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Figure 3: The seedregions found by the algorithm in the previous image. The

darker the squaresthen the better the match. The best ten 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 imageabove.
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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 imagecan be described by two colorsonly.

More precisely, let D be a window of size M . Any pixel ~x 2 D has a color

~C(~x) associated with it. For each pixel we initially assignit to class1 or class2 at

random (equally likely). Then we compute the means~� 1 and ~� 2 of classes1 and 2.

We now reassignclassmembership by:

~x 7! Class 1; if
�
�
�~� 1 � ~C(~x)

�
�
� <

�
�
�~� 2 � ~C(~x)

�
�
� ;

~x 7! Class 2; if
�
�
�~� 2 � ~C(~x)

�
�
� <

�
�
�~� 1 � ~C(~x)

�
�
� : (7)

We now recomputethe meansof the two classesand reassignclassmembership.

The processrepeats for several iterations (typically 2-5). It can be shown that the

processconvergesto a local minimum of the goodnessof �tness energyfunction:

E[� 1; � 2; Class 1; Class 2] =
X

~x2 Class 1

�
�
�~� 1 � ~C(~x)

�
�
�
2

+
X

~x2 Class 2

�
�
�~� 2 � ~C(~x)

�
�
�
2

: (8)

This energyfunction is usedin two ways. Firstly it helpsevaluate how fast the

algorithm is converging. Secondly, its �nal value (after stopping the algorithm) is

an estimateof how accuratelythe colorswithin a regionaredescribedby a two-color

model.

Similarly, we have a test to seeif the data is described well by a single color

model. This test merely computesthe mean ~� � of the colors in the window and

evaluate
P

~x2 D

�
�
� ~C(~x) � ~�

�
�
�
2
.

Good seedsare those for which the energyis small and where there is at least

20 % of pixels in each class.We globally scalethe the energiesto between0 and 1.

If lessthan 25 % in Region1 or Region2 then we set E = 1.

The two-meansalgorithm hasthe advantagesanddisadvantagesof a very general

test. It will succeedin �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 described earlier. It is

slow for two regions. First, it requires3-5 iterations at each image region for the

clustering to converge. Secondly, it givesmany falsepositiveswhich all have to be

checked. We are currently experimenting on techniquesto speedit up such asonly

running at placesof strong color edgesor by using knowledgeof likely positions of

signsin the image.

5 Region Gro wing, Boundary Detection, and Pose

Normalization

We now describe how we usethe seedsto localize the signs,�nd their boundaries,

and estimate their pose.
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Figure 6: The seedregionsfound by the algorithm in the previous image.

5.1 Region Gro wing

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 propertiesof the neighboring regionaresimilar to the propertiesof

the seedregion. Recall that while �nding likely seedswe have alsoestimated local

valuesfor the meansof the red and white pixels.

We assignpixels to be red if their color is within two standard deviationsof the

estimated red color in the seed(or the estimate from the mergedregions.) We do

the samefor white and we assignall other pixels to be black. We grow until the

number of pixels is lessthan �v e percent. This givesus a quantized red, white, and

black map.

A re�nement is neededif the sign is partially shadowed. The simplest caseis

whenpart of the sign is in shadow (typically non-standardilluminant) and the rest

is in standard illuminant. In this casewe grow the shadowed regionsand we also

include the unshadowedred and white pixels. A quick test canbedoneto determine
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if an unshadowed 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 quantized color map too jaggedto determinethe straigh-

tine edgesand cornersdirectly. Instead we �rst determine the center of massof

the red pixels which is a good approximation to the center of the sign. This is de-

termined to be ~xm = (1=N )
P

~x: ~C(~x) r ed ~x. This center of massis invariant to a�ne

transformations and hencecorresponds to the true center of the sign and not just

the center in the image.

We de�ne a coordinate systembasedon this center of mass.Straightlines in the

imagearerepresented by linesx cos� + y sin� = d whered is the closestdistancefrom

the line to the center of massand � determinesthe orientation of the line. In the

spirit of Hough transforms,we wish to determine\evidence" z(d; � ) for straightline

segments at (d; � ).

We �rst de�ne a test for edgeness.For each line segment we placea rectangular

box partially \ab ove the line" (i.e. on the sideaway from the center) and partially

\b elow the line". For any point on this line segment we count:

�
�
�
�
�
# White=Black above

# above
�

# White=Black below
# below

�
�
�
�
�
: (9)

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

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

75 % then the point contributes:

# White=Black above
# above

+
# Red below

# below
: (10)

For each value of d; � we can simply add up theseresponsesto get z(d; � ) as for
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the standard Hough transform. But, for this problem, it is unnecessaryto calculate

z(d; � ) for all d; � .

Instead we sendradial lines out from the center of massat each degree(i.e. 360

radial lines in all). We observe the valuesd(� ) where these lines last contain red

pixels. It is only necessaryto calculatez(d; � ) for this restricted set of d; � .

The peaksin (d; � ) spacecorrespond to possiblesign boundary segments. We

select the maximum peaks and check consistencyof the edgesdetected for the

speci�c type of sign. For stop signs,for example. we can often identify the correct

edgesby using the constraint that the anglesof neighboring signssegments should

di�er by roughly 45 %. For rectangular signs we can search for parallel straight

lines.

After the plausible boundary segments have been extracted then we �nd the

cornersby determining where the segements intersect. If we have two lines (d; � )

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

x cos� + y sin� = d;

x cos� + y sin� = h: (11)

This may, of course, produce more corners than there really are in the sign

becausethere may be more edgesdetectedand alsoedgesmay have multiple inter-

sections.

5.3 Pose normalization: EM to solve for the a�ne trans-

formation

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

correspondencebetweenthem and the prototype (true) sign. This will allow us to

map the sign to a frontoparallel position which will greatly simplify the reading.

This correspondenceis determined by an a�ne transforms A ;~b and the f Via g

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

P(V; A ;~b) =
e� E [V;A ;~b]

Z
; (12)

whereZ is a normalization factor and

E[V; A ;~b] =
X

ia

Via

�
�
�A ~xd

i + ~b� ~xt
a

�
�
�
2

+ �
X

i

(1 �
X

a
Via ); (13)

where ~xd
i is the data corner positions and ~x t

a are the true model positions. We

constrain that
P

a Via = 0; 1 8 i . This ensuresthat each data corner is matched to

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

� .

We now apply the EM algorithm to equation (12) to solve for the a�ne trans-

formation and the binary variables. The E-step estimatesthe V and the M-step

solves for the A and ~b. For this probability distribution both the E- and M- steps

can be solved for analytically and hencewe get a discrete iterativ e which rapidly

converges.We alsouseclever 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 sign relative to the viewer.

6 Results

This sectionshows the �nal results of our algorithm on someof the more di�cult

images in our database. These involve partial occlusion, heavy shadowing, and

di�cult illuminant colorsand pose.

6.1 Sign with partial occlusion

Firstly, we show an imagein which the sign is strongly occluded(about onethird of

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

by region growing and segmentation. 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 show an image in which the sign is strongly shadowed. The sign is

detected using the unknown illuminant test followed by region growing and seg-

mentation. The EM algorithm is used to 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 imageand not with the cropped version.

Figure 9: The �nal result of the algorithm. The sign has been located, partially

segmented and alignedto the prototypesign. Note that only a fewof the cornersare

visible but the algorithm is robust enoughto �nd the correct a�ne transformation.
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Figure 10: The imagecontaining the shadowed sign.

demonstratesour modi�ed regiongrowing approach which growsthe shadowedparts

of the sign and incorporatesthe unshadowed region.

6.3 Sign at di�cult viewp oin t and illuminan t

Thirdly , we show an image in which the sign is at a di�cult viewpoint and is

illuminated in a nonstandardway (so that the signdoesnot appear to be red). The

sign is detectedusing the unknown illuminant test followed by region growing and

segmentation. The EM algorithm is usedto match the sign to the prototype.
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Figure 11: A cropped versionof the imagewith the shadowed sign. Note that our

algorithm starts with the original imageand not with the cropped version.

Figure 12: The �nal result of the algorithm. The sign hasbeenlocated, segmented

and aligned to the prototype sign. Postprocessingcan be done, if necessary, to

improve the results at the boundariesbetweenshadows and non-shadowed regions.
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Figure 13: The imagecontaining the sign at di�cult viewpoint and illuminant

25



Figure 14: A cropped versionof the imagewith the sign at 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, segmented

and aligned to the prototype sign.
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7 Conclusion

Wehavepresented an approach for locating informational signsin color images.The

approach is e�ective under a wide rangeof extremeconditions such as shadowing,

occlusion,viewpoint and illuminant color changes.The algorithm run in lessthan

a minute on a Pentium PC and we estimate that multi-scale processingand code

optimization should cut the run time to seconds.Additional information, such as

knowledge of likely positions of signs in the image (which a blind user may well

possess)would also reducethe speed.

It is important, however, to evaluate the e�ectivenessof this work as a tool

for helping the blind. We are fortunate that researchers at the Smith-Kettlewell's

Rehabilitation EngineeringResearch Center will undertake human factor studies,

usingblind volunteers,to test this approach and evaluate its performancecompared

with existing technologiessuch as GPS and Talking Signs. The methodology for

thesestudiesis described in [9].
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