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Abstract
We describean automaticsystemfor pose-estimation

from a single imagein a city scene. Eachbuilding has
a modelconsistingof a numberof parallelplanesassoci-
atedwith it. The homographiesfor the bestmatchof the
planesto the imageis estimatedautomaticallyfor eachof
thepossiblebuildings.We show how theestimationof ho-
mographiescanbedoneeffectively by reducingthesearch
spaceandusing fast convolution. The model having the
bestmatchis thenusedto determinethepositionandori-
entationof thecamera.

Theresultsof anumberof experimentsof thesystemin
realisticcircumstancesis alsopresented.

1 Intr oduction
In this papertheproblemof automaticallydetermining

thepositionandorientationof a camerausinga priori in-
formationaboutthesurroundingsis considered.In partic-
ular we studythe applicationof estimatingposein a city
scenewhenmodelsof thesurroundingbuildingsareavail-
able.

The objective wasto developa systemthat could han-
dle differentlighting aswell asshadows,specularitiesand
occlusions.To be ableto handledifferentlighting condi-
tionseitheryouhave to compensatefor thelighting or you
have to usefeatureswhich are indifferentof the lighting
(or possiblydoboth).Thework so-farhasbeenfocusedon
featureswhicharenot sosensitiveof thelighting (edges).

The�rst partof theproblemis to recognizethebuilding
from a setof models. Objectrecognitionis a hardprob-
lem andhasbeenthesubjectof intenseresearchfor many
years. However, a few assumptionsaboutbuildings will
simplify the taskfor this application.We assumethat the
buildingsaremainlyplanarandthattheseplaneshaveboth
horizontaland vertical edges. This is often the casefor
buildingsasthey have windowsanddoors.To eachbuild-
ing thatwe want to recognizein the imageswe assumeto
have beengivena model.Themodelconsistsof a number
of planesin 3D, indicatingwherearedominantedges.For
eachof the building candidates,the correspondingmodel
is matchedto the imageanda measureof �t is estimated.

Thebuilding having thebest�t is chosen,providing it ex-
ceedsa threshold.

The secondpart of the problemconsistsof estimating
thepositionandorientationof thecamera.This is possible
having metric informationaboutthemodelandthematch
in theimage.

Recognizingplanar objectshas beenstudiede.g. in
[6, 7]. The approachtaken in this paperhassimilarities
with theapproachin [2]. However, searchingfor thebest
matchin [2], a local searchin six parametersis performed
whereaswe reducethe searchto two searchesin two pa-
rameters.Theseareeffectively implementedby fastcon-
volution. In additionto this is matchingwith 3D models
examinedandit it shown that alsoin this casethe search
spaceis reducedto two dimensions.We furtherdealwith
uncalibratedaswell ascalibratedcameras.Thisautomated
systemapproachfor poseestimationis validatedby exper-
imentson imagesfrom realcity scenes.

2 Preliminaries
Camera Model. We model the cameraas a pinhole

camera.A point in 3D spacewith homogeneouscoordi-
natesX, is projectedonto an imagepoint with homoge-
neouscoordinatesx, accordingto:

l x � PX � (1)

HereP is a3 � 4matrixandl is ascale.Thecameramatrix
P canbedecomposedas,

P � KR
�

I3 ���

t �	� (2)

whereI3 is theidentity matrix,R is a 3 � 3 orthogonalma-
trix representingtheorientationof thecamera,t is a3 vec-
tor representingthe position of the camera,andK is the
calibrationmatrix:
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K contains the intrinsic cameraparameters: the focal
length f , theaspectratio t theprincipalpoint

�

x0 � y0 � and
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the skew s. If theseparametersareknown the camerais
saidto becalibrated.
Homographies A planep in the sceneis mappedto an
imageby a homography. The homographycanbe repre-
sentedby a3 � 3 matrixHp determinedupto scale,andfor
correspondingpoints, in the planex andin the imagex

�

,
the mappingcanbe written l x

�

� Hpx, for somescalel .
Without lossof generalitya setof parallelplanesmay be
assumedto have equations,z � ki . Thenthehomography
from this planeto an imageof theplanemayby letting in
X �

�

x � y� ki � 1�

T in (1) beexpressedas,
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Herethecamerausedfor theprojectionis P � KR
�

I3 � �

t � with t �

�

t1 � t2 � t3 �

T .
Calibration. The purposeof the calibrationis to deter-
mine the intrinsic parameters.To do this eitheryou have
to usemetricor af�ne informationaboutthescene,or you
useprior information aboutthe intrinsic parametersin a
sequenceof images,e.gthatsomeparametersareconstant
during the sequence. The latter methodis called auto-
calibration.In ourapplicationwework with asingleplane
in a singleimage.Thecamerahas11 parameters,6 exter-
nal and5 internal.Sincethemetricof theplaneis known,
thehomography(eightdegreesof freedom)givestwo con-
straintson the calibrationcf. [9, 11]. Whentheequation
of the planehasthe form above theseconstraintscanbe
expressedas:

hT
1 wh1 �

hT
2 wh2

� 0 � hT
1 wh2

� 0 (4)

Hereh1 is the �rst columnof the homography, h2 is the
secondcolumnandw � K � TK � 1 is theimageof theabso-
luteconic.

3 SystemApproach- 2D model
In the �rst approach,to eachbuilding we associatea

templatecorrespondingto a dominantplaneof the build-
ing. The templateshouldindicatewherethereare dom-
inant edgeson this planeandshouldhave known metric.
The templateshouldfurther consistof mainly horizontal
and vertical edges. We assumeto have beengiven such
templates,e.g. asimages,to eachof thebuilding we want
to recognizein theimage.Figure1(left) showsanimageof
a building andFigure1(right) thecorrespondingtemplate.

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

For eachof thepossibletemplates,thehomographythat
bestmapsthetemplateto thegivenimageis estimatedand

Figure 1. Original image (left) and the corre-
sponding template (right).

a measureof how good the matchis is calculated. The
templatehaving the bestmatchis chosen,providing the
measureexceedsa threshold.

It is impractical to searchin eight parametersto �nd
thebesthomography. We will now show that,with certain
assumptions,thesearchcanbereducedto two searchesin
two parameters.Thesecanbe performedeffectively with
fastconvolution.

The assumptionthat therearedominantedgesin both
the vertical andhorizontaldirectionsmakesit suitableto
decomposethe homographyinto two parts. The �rst part
transformsthe image so that lines in the image, corre-
spondingto horizontal/verticallinesin thedominantplane,
arehorizontal/verticalin thetransformedimage(recti�ca-
tion). This transformationhasfour degreesof freedom.
The secondpart determinesthe scaleand translationpa-
rametersin thex

�

andy
�

directions.Also this transforma-
tion hasfour degreesof freedom. But sincethe template
mainly consistsof horizontalandvertical edgesthe x pa-
rameterscanbe separatedfrom the y parameters.Conse-
quentlymaythehomographybedecomposedas,

H � SxSyT �

where

Sx
�
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0 1 0
0 0 1
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andT is the rectifying homography. We determineH by
estimatingthesecomponents.

Recti�cation

Therectifying homographyhave four degreesof freedom,
thusit isenoughto know how two pointsshouldbemapped



Figure 2. Recti�cation of the image in Fig-
ure 1(left).

in order to determineit. We know that the vanishing
pointsfor horizontalandverticaledgesshouldbemapped
to

�

1 � 0 � 0�

T and
�

0 � 1 � 0�

T respectively. If thesecan be
determinedthe rectifying homographymaybe computed.
A numberof approachesfor determiningvanishingpoints
havebeenproposed,cf. [5, 8, 12] whereearlierreferences
also aregiven. In [12] it is suggestedto usea cascaded
Houghtransformationonthederivativeof theimage.Each
point in the derivative of the imagevoteson a numberof
lines. After thresholdingthe lines, eachline voteson a
numberof points, correspondingto possibleintersection
points. In [5] the vanishingpointsareestimatedusinga
MaximumLikelihoodestimator.

Whenthe two vanishingpointsaredeterminedthe im-
agecan be recti�ed by applying a homography, T, that
mapsthevanishingpointsto in�nity in thehorizontaland
verticaldirections.If thecameracalibrationis knownother
constraintsmustalsobeful�lled aswell. First if v1 andv2
areprojectionsin theimageof orthogonaldirectionsin the
scene,thenvT

1 K � TK � 1v2
� 0. In this casetherearecon-

sequentlyonly threedegreesof freedomfor the two van-
ishingpoints.Secondly, sincetherecti�ed imagehascam-
eramatrix Pr

�

�

I
�

t � , for thehomographyT it holdsthat
TR

�

I
�

t �

�

�

I
�

t � . ThenT mustbe a orthogonalmatrix.
To determineT whenthevanishingpointsaredetermined
theconceptof quaternionsmaybeused,cf [3].

Figure2 shows therecti�cation of theuncalibratedim-
agein Figure1.

Translation and scale

Therearein the uncalibratedcasefour parametersleft to
bedetermined,scaleandtranslationin x andy. Usingthe
fact that therearemainly vertical andhorizontaledgesin
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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
independentlyof thescaleandtranslationin y.

By a summationthe columnsof a thresholdedderiva-
tive image,we geta plot asshown in Figure3. If the low
frequency componentis subtracted,thealgorithmbecomes
morerobustto unwantedderivatives,e.g. thetreesin Fig-
ure1. Wewantto matchthis to asimilarplot derivedfrom
the templateby �nding the correctscaleand translation.
Thecorrespondingtemplateplot is shown in Figure3.

Oneway to do this is to createamatrixwhereeachrow
is a differentscalingof theplot in Figure3. Thetemplate
plot is thencorrelatedwith thematrix to �nd thescaleand
translationin x. The correlationcan be doneeffectively
usingFFT. Thesameprocedureis carriedouton therows.

Whena numberof localmaximafor thex andy param-
etershasbeendetermined,thenext stepis to �nd thebest
pairof x andy parameters.This is doneby, for all possible
parameter-combinations,estimatingthe numberof pixels
which is decidedto beedge-pixelsin thetemplateaswell
asin thederivativeimage.Theparameter-combinationthat
hasthegreatestnumbersof suchpixelsis chosen.Thequo-
tient betweenthesetwo numbersof edgepixelscanserve
asa measureof quality for thematchandmaybeusedto
decideif thecurrentbuilding is presentin the image.The
templatecould alsohave a numberof pixels wherethere
shouldbenoedgesin theimages,correspondingto smooth
areason thebuilding. Thenumberof suchpixelsmapped
to edgepixelsin theimagemayalsobeusedin thesearch



Figure 4. Results of the matc hing algorithm for
a few images. Blac k pix els correspond to edges
and white pix els to smooth areas.

of thebestmatch.
In the calibratedcasethereare only threedegreesof

freedomleft whenthe imagehasbeenrecti�ed, onescale
andtranslationin x

�

andy
�

direction.Thesameprocedure
asabovemaybeapplied,howeverwhenchoosingparame-
tercombinationsthescalein x andy mustbeequal.

3.1 Experiment 1

Thematchingalgorithmhasbeentestedonanumberof
differentimageswith pleasingresults.Figure4 shows the
resultsof experimentson uncalibratedimages. In some
casestemplatesindicating both edgesand smoothareas
havebeenused(whitepixlesin thetemplate).For thecase
in thelowerleft of Figure4, thealgorithmfailedto �nd the
left mostpartof thebuilding. Thetemplateusedherewas
probablytoosimpleto giveaclearmaximum.

3.2 Poseestimation

Theestimatedhomographyisnow usedto determinethe
positionandorientationof thecamera.

A homography, H, from a planewith known metric to
animagegive riseto thetwo constraintsin (4) on thecali-
brationmatrix. Froma calibratedcamerait is well known
thatposeestimationis possiblefrom asinglehomography.
Hence,having a camera-modelwith two unkown internal
parameters(e.g focal-lengthandaspect-ratio)we cande-
terminethe positionof the camerafrom a singlehomog-
raphy. First the two intrinsic cameraparametersareesti-
matedusing(4). If theplaneis assumedto have equation
z � 0, thentheposition,t, andorientation,R, of thecamera

mayberecoveredby aQRdecompositionof

K
� 1H � R
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0 0

�

t3

�


�

This decompositionis not unique.Therearein general
two solutionscorrespondingto opticalcentersontwo sides
on the plane. This is not a problemin practicesinceit is
usuallyknown whichsideof theplaneis visible.

In thepresenceof noisetheQR-decompositionwill not
have the form above. In e.g. [10] techniquesto �nd the
bestR andt in somesensearediscussed.
3.3 Experiment 2

In a secondexperiment,11 imagesof a scenefrom dif-
ferentviews andat different timesof the day wereused.
A templateof abuilding wasautomaticallymatchedto the
imageswithoutany informationaboutthecalibration.The
positionandorientationof thecamerawasthencalculated
accordingto theabove, for this part thecalibrationof the
camerawasused.The imagesareshown in Figure5 with
the best templatematch. The resultingreconstructionis
shown from above in Figure6. The asterisksare the es-
timatedcamerapositionsand the arrow shows the orien-
tation. The line at the bottom is the building. In order
to validatetheresults,a reconstructionbasedon manually
determinedpoint correspondences(not only in oneplane)
andastandardstructureandmotionalgorithm,is shown as
circles. As the two reconstructionsarevery similar, this
indicatesthattheposerecovery is accurate.

4 SystemApproach- 3D Model
In this sectionwe presentsomeresultsconcerningthe

useof a 3D model. Whena 3D modelis usedinsteadof
asingleplanethediscriminationof buildingswill improve
andtheaccuracy in theposeestimationwill increase.

We assumethatthemodelis givenasa numberof tem-
platesasdescribedabove for a numberof parallelplanes.
Therelative translationbetweentheplanesarefurtheras-
sumedto beknown.

We follow the approachfor the caseof a single pla-
nar template. First the image is recti�ed. Since verti-
cal/horizontaledgesin parallelplaneshave thesamevan-
ishing point the recti�cation procedureis identical to the
singleplanecase.

The next stepis to �nd the bestcorrelation. However,
whenthescaleandtranslationin e.g. horizontaldirection
is chosenfor one plane,we must �nd out how the tem-
platesin otherplanesshouldbe scaledandtranslatedbe-
fore thecorrelationis done.It is clearthatwhenthescale
andtranslationin x andy have beenchosen,thenthepose
canbeestimatedandthehomographyfor every planecan
be computed.We will now show that knowing the scale



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

andtranslationin x but not in y makesit possibleto com-
putethe scaleandtranslationin x for every otherparallel
plane. In orderfor this to work therecanonly be onede-
greeof freedomin thecalibrationmatrix.

We assumethat the imagehasbeenrecti�ed and the
unknown parameterin theinternalcalibrationhasbeenob-
tainedfrom vT

1 K � TK � 1v2
� 0 usingthevanishingpoints.

We further assumethat the given imageis taken with an
perspectivecameramodeledby P � KR

�

I t � . Usingtherec-
tifying homography, T, andthe calibrationmatrix for the
given image,K, thecameramatrix for the recti�ed image
Pr maybewrittenas

Pr
� TKR

�

I t �

� KrRTR
�

I t �

� Kr
�

I t � �

Knowing K and T the calibrationmatrix for the rec-
ti�ed image,Kr may be calculatedby a RQ decomposi-
tion,(modi�ed QRdecomposition).

Now supposea scaleandtranslationin x is computed
for oneplaneof the 3D template. This correspondsto a
transformationof theplaneby a homographyon theform

H1
�



�

cx 0 dx
0 � �

0 0 1

�



where � indicatesan unknown y parameter. We want
to �nd the scaleand translationfor anotherplanein the
model.

H2
�


�
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�
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Figure 6. The pose estimation from the matc hes
in Figure 5 (asterisk) compared to a reconstruc-
tion based on manuall y estimated point corre-
spondences (cir cles)

From(3) weknow thatthehomographyfor planez � ki to
therecti�ed imageis givenby

Hi
� Kr


�

1 0
�

t1
0 1

�

t2
0 0 ki �

t3

�


� (5)

wheret �

�

t1 � t2 � t3 �

T is thefocalpoint for thecamera.
Sincecx � dx, ki andKr areknown it is possibleto calcu-

latet1 andt3. Knowing these,thescaleandtranslationsin
x for a differentplanecanbecalculatedfrom (3).

In this casethe searchfor the bestparameterin x can
notbedonewith a singlefastconvolutionasfor thesingle
planecase.Insteada numberof parametercandidatesare
determinedfrom oneof theplanes.Wethendeterminehow
well a secondplaneis matchedto the imageusing these
parameters.Theparametersthatgive thebesttotal match
is chosen.

When a numberof x- and y-parametercandidatesare
determinedthesameprocedureasfor thesingleplanecase
is performedto �nd the best combinationof x- and y-
parameters.Finally the poseof the cameramay be com-
puted.
4.1 Experiment 3

A modelconsistingof two planeswerematchedto three
imagesaccordingto theabove. Theresultis shown in Fig-
ure7. Heretherearegreatdifferencesin lighting andminor
occlusions.

5 Conclusions
We have presentedan automatic system for pose-

estimationfrom a singleimagein a city sceneusinga 2D
or a 3D model. It is dif�cult to getanobjective validation



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

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

of thesystem,but in a numberof experimentsthesystem
performswell. It is ableto handledifferentlighting aswell
asminor occlusionsreasonable.For futurework, it would
be interestingto incoporatealgorithmsfor detectingwin-
dows and doorsin images. This would surely make the
systemmore robust. Algorithms for detectingwindows
basedon supportvectormachineshasbeendevelopedin
[4]. Figure 8 shows the detectedwindows marked with
white squaresin an image. It would alsobe interestingto
compensatetheimagefor thelighting andto usecolor in-
formation. In a urbansceneyou have usuallyaccessto a
map,cf [1]. To incorporatesuchinformationin a system
wouldbeverychallenging.
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