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Abstract

We describean automaticsystemfor pose-estimation
from a singleimagein a city scene. Eachbuilding has
a modelconsistingof a numberof parallelplanesassoci-
atedwith it. The homographiegor the bestmatchof the
planesto theimageis estimatedautomaticallyfor eachof
thepossiblebuildings. We shav how the estimationof ho-
mographiecanbe doneeffectively by reducingthesearch
spaceand using fast corvolution. The model having the
bestmatchis thenusedto determinethe positionandori-
entationof thecamera.

Theresultsof anumberof experimentsf thesystenin
realisticcircumstancess alsopresented.

1 Intr oduction

In this paperthe problemof automaticallydetermining
the positionandorientationof a camerausinga priori in-
formationaboutthe surroundingss consideredIn partic-
ular we studythe applicationof estimatingposein a city
scenewhenmodelsof the surroundingouildings are avail-
able.

The objective wasto develop a systemthat could han-
dle differentlighting aswell asshadevs, specularitiesand
occlusions.To be ableto handledifferentlighting condi-
tionseitheryou have to compensatéor thelighting or you
have to usefeatureswhich are indifferentof the lighting
(or possiblydo both). Thework so-farhasbeenfocusedon
featureswvhich arenot sosensitve of thelighting (edges).

The rst partof theproblemis to recognizehebuilding
from a setof models. Objectrecognitionis a hard prob-
lem andhasbeenthe subjectof intenseresearcHor mary
years. However, a few assumptionsboutbuildings will
simplify the taskfor this application. We assumehatthe
buildingsaremainly planarandthattheseplaneshave both
horizontaland vertical edges. This is often the casefor
buildings asthey have windows anddoors. To eachbuild-
ing thatwe wantto recognizen theimageswe assumeo
have beengivena model. The modelconsistof a number
of planesin 3D, indicatingwherearedominantedges For
eachof the building candidatesthe correspondingnodel
is matchedo theimageanda measuref t is estimated.
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Thebuilding having thebest t is chosenproviding it ex-
ceedsathreshold.

The secondpart of the problemconsistsof estimating
the positionandorientationof thecameraThisis possible
having metricinformationaboutthe modelandthe match
in theimage.

Recognizingplanar objectshas beenstudiede.g. in
[6, 7]. The approachtaken in this paperhassimilarities
with the approachin [2]. However, searchingor the best
matchin [2], alocal searchin six parameterss performed
whereaswe reducethe searchto two searchesn two pa-
rameters.Theseare effectively implementedby fastcon-
volution. In additionto this is matchingwith 3D models
examinedandit it shovn thatalsoin this casethe search
spaceis reducedo two dimensions.We further dealwith
uncalibratecdaswell ascalibratedcamerasThis automated
systemapproachor poseestimationis validatedby exper
imentsonimagesfrom realcity scenes.

2 Preliminaries

Camera Model. We modelthe cameraas a pinhole
camera. A pointin 3D spacewith homogeneousoordi-
natesX, is projectedonto an image point with homoge-
neouscoordinatex, accordingo:
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HerePisa3 4matrixandl isascale.Thecameranatrix
P canbedecomposeds,

P KRIz t (2)

wherels is theidentity matrix, Risa3 3 orthogonama-
trix representinghe orientationof thecamerat is a 3 vec-
tor representinghe position of the camera,andK is the
calibrationmatrix:
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K containsthe intrinsic cameraparameters: the focal
length f, theaspectatiot the principal point X yo and



the skew s. If theseparameterare known the camerais
saidto becalibrated.

Homographies A planep in the sceneis mappedto an
imageby a homography The homographycanbe repre-
sentecbya3 3matrixHp determinedipto scale andfor
correspondingpoints,in the planex andin theimagex ,
the mappingcanbewritten| X~ HpX, for somescalel .
Without lossof generalitya setof parallelplanesmay be
assumedo have equationsz  k;. Thenthe homography
from this planeto animageof the planemay by letting in
X xyk 1T in(1)beexpresseas,
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Herethecamerausedfor theprojectionisP KR I3
t witht tptatz .
Calibration. The purposeof the calibrationis to deter

mine the intrinsic parameters.To do this eitheryou have
to usemetricor af ne informationaboutthe scenepr you
useprior information aboutthe intrinsic parametersn a
sequencef imagesge.gthatsomeparameterareconstant
during the sequence. The latter methodis called auto-
calibration.In our applicationwe work with asingleplane
in asingleimage. Thecamerahasll parameters; exter
nal and>5 internal. Sincethe metric of the planeis known,
thehomography{eightdegreesof freedom)givestwo con-
straintson the calibrationcf. [9, 11]. Whenthe equation
of the planehasthe form above theseconstraintscan be
expresseds:

hiwh; hlwh, 0 hiwh, 0 4)
Hereh; is the rst columnof the homographyhs is the
seconccolumnandw K TK 1istheimageof theabso-
lute conic.

3 SystemApproach- 2D model

In the rst approachto eachbuilding we associatea
templatecorrespondindo a dominantplaneof the build-
ing. The templateshouldindicatewherethereare dom-
inant edgeson this planeand shouldhave known metric.
The templateshouldfurther consistof mainly horizontal
and vertical edges. We assuméo have beengiven such
templatese.g. asimages o eachof the building we want
to recognizén theimage.Figurel(left) shavsanimageof
abuilding andFigure1(right) the correspondingemplate.

Thetaskis now to recognizeoneof the buildingsin the
imageandthento determinewherethe camerais located
andoriented.
Recognition

For eachof thepossiblegemplatesthehomographyhat
bestmapsthetemplateto the givenimageis estimatedand

Figure 1. Original
sponding template (right).

image (left)y and the corre-

a measureof how goodthe matchis is calculated. The
templatehaving the bestmatchis chosen,providing the
measurexceedsathreshold.

It is impracticalto searchin eight parametergo nd
thebesthomographyWe will now shaw that, with certain
assumptionsthe searchcanbereducedo two searchein
two parametersThesecanbe performedeffectively with
fastconvolution.

The assumptiorthat thereare dominantedgesin both
the vertical and horizontaldirectionsmakesit suitableto
decomposehe homographyinto two parts. The rst part
transformsthe image so that lines in the image, corre-
spondingo horizontal/erticallinesin thedominantplane,
arehorizontal/erticalin the transformedmage(recti ca-
tion). This transformationhasfour degreesof freedom.
The secondpart determineghe scaleand translationpa-
rametersn thex andy directions.Also thistransforma-
tion hasfour degreesof freedom. But sincethe template
mainly consistsof horizontalandvertical edgesthe x pa-
rameterscanbe separatedrom the y parametersConse-
guentlymaythehomographye decomposeds,

H SS§T
where
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andT is the rectifying homography We determineH by
estimatinghesecomponents.
Recti cation

Therectifying homographyhave four degreesof freedom,
thusit is enoughto know how two pointsshouldbemapped



Figure 2. Rectication
ure 1(left).

of the image in Fig-

in order to determineit. We know that the vanishing
pointsfor horizontalandverticaledgesshouldbe mapped
to 1007 and 010" respectiely. If thesecanbe
determinedhe rectifying homographymay be computed.
A numberof approache$or determiningvanishingpoints
have beenproposed¢f. [5, 8, 12] whereearlierreferences
alsoaregiven. In [12] it is suggestedo usea cascaded
Houghtransformatioronthederivative of theimage.Each
pointin the derivative of theimagevoteson a numberof
lines. After thresholdingthe lines, eachline voteson a
numberof points, correspondingo possibleintersection
points. In [5] the vanishingpointsare estimatedusinga
MaximumLik elihoodestimator

Whenthe two vanishingpointsare determinedhe im-
age can be recti ed by applyinga homography T, that
mapsthe vanishingpointsto in nity in the horizontaland
verticaldirections.If thecameracalibrationis known other
constraintsnustalsobeful lled aswell. Firstif v; andv,
areprojectionsn theimageof orthogonadirectionsin the
scenethenvIK TK v, 0. In this casetherearecon-
sequentlyonly threedegreesof freedomfor the two van-
ishingpoints.Secondlysincetherecti ed imagehascam-
eramatrixP | t,for thehomographyr it holdsthat
TRI t | t. ThenT mustbe a orthogonalmatrix.
To determinelT whenthevanishingpointsaredetermined
theconcepiof quaternionsnaybeusedcf [3].

Figure2 showvstherecti cation of the uncalibratedm-
agein Figurel.

Translation and scale

Therearein the uncalibratedcasefour parameterseft to
be determinedscaleandtranslationin x andy. Usingthe
factthatthereare mainly vertical and horizontaledgesin
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Figure 3. Plot of the column sum of the deriv ative
(left) and the template (right).

the templatewe determinethe scaleand translationin x
independentiypf the scaleandtranslationin y.

By a summationthe columnsof a thresholdedderiva-
tive image,we geta plot asshavn in Figure 3. If thelow
frequengy components subtractedthealgorithmbecomes
morerobustto unwantedderivatives,e.g. thetreesin Fig-
ure 1. We wantto matchthisto asimilar plot dervedfrom
the templateby nding the correctscaleand translation.
Thecorrespondingemplateplot is shovnin Figure3.

Onewayto dothisis to createa matrix whereeachrow
is a differentscalingof the plot in Figure 3. Thetemplate
plotis thencorrelatedwvith thematrixto nd thescaleand
translationin x. The correlationcan be doneeffectively
usingFFT. Thesameproceduras carriedout on therows.

Whenanumberof local maximafor the x andy param-
etershasbeendeterminedthe next stepisto nd the best
pair of x andy parametersThisis doneby, for all possible
parameteccombinationsgstimatingthe numberof pixels
whichis decidedto be edge-pixlsin thetemplateaswell
asin thederivativeimage.Theparameteccombinatiorthat
hasthegreateshumbersf suchpixelsis chosen.Thequo-
tient betweenthesetwo numbersof edgepixels cansene
asa measureof quality for the matchandmay be usedto
decideif the currentbuilding is presenin theimage. The
templatecould also have a numberof pixels wherethere
shouldbenoedgesn theimagesgcorrespondingo smooth
areason the building. The numberof suchpixels mapped
to edgepixelsin theimagemayalsobe usedin the search



Figure 4. Results of the matching algorithm for
a few images. Black pixels correspond to edges
and white pixels to smooth areas.

of thebestmatch.

In the calibratedcasethere are only three degreesof
freedomleft whentheimagehasbeenrecti ed, onescale
andtranslatiorinx andy direction.Thesameprocedure
asabove maybeapplied,howeverwhenchoosingparame-
tercombinationghe scalein x andy mustbeequal.

3.1 Experiment 1

Thematchingalgorithmhasbeentestedon a numberof
differentimageswith pleasingresults.Figure4 shows the
resultsof experimentson uncalibratedmages. In some
casestemplatesindicating both edgesand smoothareas
have beenused(white pixlesin thetemplate).For thecase
in thelower left of Figure4, thealgorithmfailedto nd the
left mostpartof the building. Thetemplateusedherewas
probablytoo simpleto give a clearmaximum.

3.2 Poseestimation

Theestimatedhomographys now usedo determinehe
positionandorientationof thecamera.

A homographyH, from a planewith known metricto
animagegive riseto thetwo constraintsn (4) onthecali-
brationmatrix. Froma calibratedcamerait is well known
thatposeestimationis possiblefrom a singlehomography
Hence,having a camera-modelvith two unkown internal
parameterge.g focal-lengthand aspect-ratiove cande-
terminethe position of the camerafrom a single homog-
raphy First the two intrinsic cameraparametersre esti-
matedusing(4). If the planeis assumedo have equation
z 0,thentheposition,t, andorientationR, of thecamera

mayberecoveredby a QR decompositiorof
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This decompositioris not unique. Therearein general
two solutionscorrespondingo opticalcenterontwo sides
on the plane. This is not a problemin practicesinceit is
usuallyknown which sideof the planeis visible.

In the presenc®f noisethe QR-decompositiowill not
have the form above. In e.g. [10] techniquego nd the
bestR andt in somesensearediscussed.

3.3 Experiment 2

In asecondexperiment,11imagesof a scenefrom dif-
ferentviews and at differenttimes of the day were used.
A templateof a building wasautomaticallymatchedo the
imageswithoutary informationaboutthe calibration. The
positionandorientationof the cameravasthencalculated
accordingto the above, for this partthe calibrationof the
cameravasused. Theimagesareshownn in Figure5 with
the besttemplatematch. The resultingreconstructionis
shawvn from above in Figure6. The asterisksarethe es-
timated camerapositionsandthe arrov shows the orien-
tation. Theline at the bottomis the building. In order
to validatethe results,a reconstructiorbasedon manually
determinecpoint correspondenceg®ot only in oneplane)
andastandardtructureandmotionalgorithm,is shovn as
circles. As the two reconstructionsre very similar, this
indicateshatthe poserecoveryis accurate.

4 SystemApproach- 3D Model

In this sectionwe presentsomeresultsconcerningthe
useof a 3D model. Whena 3D modelis usedinsteadof
asingleplanethediscriminationof buildingswill improve
andtheaccurag in the poseestimationwill increase.

We assumehatthe modelis givenasa numberof tem-
platesasdescribedabove for a numberof parallelplanes.
Therelative translationbetweenrthe planesarefurther as-
sumedo beknown.

We follow the approachfor the caseof a single pla-
nar template. First the imageis recti ed. Since verti-
cal/horizontaledgesin parallelplaneshave the samevan-
ishing point the recti cation procedures identicalto the
singleplanecase.

The next stepis to nd the bestcorrelation. However,
whenthe scaleandtranslationin e.g. horizontaldirection
is chosenfor one plane,we must nd out how the tem-
platesin otherplanesshouldbe scaledandtranslatecbe-
fore the correlationis done. It is clearthatwhenthe scale
andtranslationin x andy have beenchosenthenthe pose
canbe estimatedandthe homographyfor every planecan
be computed. We will now shawv that knowing the scale



Figure 5. Images from diff erent viewpoints taken
at different times of the day with the template
matc hed to a building

andtranslationin x but notin y makesit possibleto com-
putethe scaleandtranslationin x for every otherparallel
plane. In orderfor this to work therecanonly be onede-
greeof freedomin the calibrationmatrix.

We assumethat the image hasbeenrecti ed andthe
unknown parametem theinternalcalibrationhasbeenob-
tainedfrom v]K TK lv, 0 usingthe vanishingpoints.
We further assumehat the given imageis taken with an
perspectiecameranodelecby P KRt . Usingtherec-
tifying homographyT, andthe calibrationmatrix for the
givenimage,K, the cameramatrix for therecti ed image
P. maybewrittenas
K:RTRI t

P TKRIt Krlt

Knowing K and T the calibrationmatrix for the rec-
tied imageK; may be calculatedby a RQ decomposi-
tion,(modi ed QR decomposition).

Now supposea scaleandtranslationin x is computed
for oneplaneof the 3D template. This correspondgo a
transformatiorof the planeby ahomographyntheform

cx 0 dy
Hq 0
0 0 1

where indicatesan unknovn y parameter We want
to nd the scaleandtranslationfor anotherplanein the
model.
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Figure 6. The pose estimation from the matches
in Figure 5 (asterisk) compared to a reconstruc-
tion based on manually estimated point corre-
spondences (circles)

From(3) we know thatthehomographyor planez  k; to
therecti ed imageis givenby
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wheret  t; tp t3 T isthefocal pointfor thecamera.

Sincecyk dy, ki andK; areknown it is possibleto calcu-
latet; andts. Knowing these the scaleandtranslationsn
x for adifferentplanecanbe calculatedrom (3).

In this casethe searchfor the bestparametein x can
notbedonewith a singlefastconvolution asfor the single
planecase.Insteada numberof parametecandidatesire
determinedrom oneof theplanes We thendeterminehow
well a secondplaneis matchedto the imageusingthese
parametersThe parametershat give the besttotal match
is chosen.

When a numberof x- and y-parametercandidatesare
determinedhesameprocedureasfor thesingleplanecase
is performedto nd the bestcombinationof x- and y-
parametersFinally the poseof the cameramay be com-
puted.

4.1 Experiment3

A modelconsistingof two planesverematchedo three
imagesaccordingo theabove. Theresultis shovn in Fig-
ure?. Heretherearegreatdifferencesn lighting andminor
occlusions.

5 Conclusions

We have presentedan automatic system for pose-
estimationfrom a singleimagein a city sceneusinga 2D
or a3D model. It is dif cult to getanobjective validation



Figure 7. A two-plane model matched to three im-
ages.

Figure 8. An image processed by awindo w detec-
tion system

of the system but in a numberof experimentsthe system
performswell. It is ableto handledifferentlighting aswell

asminor occlusiongeasonableFor future work, it would

be interestingto incoporatealgorithmsfor detectingwin-

dows and doorsin images. This would surely make the
systemmore robust. Algorithms for detectingwindows
basedon supportvector machineshasbeendevelopedin

[4]. Figure 8 shows the detectedwindows marked with

white squaresn animage. It would alsobe interestingto

compensat¢heimagefor thelighting andto usecolorin-

formation. In a urbansceneyou have usuallyaccesgo a
map,cf [1]. To incorporatesuchinformationin a system
would bevery challenging.
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