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Abstract| This article  describ es a vision-based
metho d to estimate the camera displacemen t in a real
road scene. Assuming that a majorit y of the fron tage
edges are orien ted along the man-made frame direc-
tions, we segment the road plane in image space. We
develop a two-stage algorithm in order to increase ro-
bustness. The Trst stage detects the borders of the road
using a contour-based approac h and primarily  allo ws
us to estimate the Dominan t Vanishing Point (D VP).
The DVP and the borders of the road are then used to
constrain  the region where the points of interest, cor-
resp onding to the road lane mark ers, can be extracted.
The second stage uses a robust technique based on pro-
jectiv e invarian t to matc h the lines and points between
the two images. Finally , the points and lines lying on
the road in the two images allow the homograph y com-
putation.

Keywords| Dominan t vanishing point, cross-ratio, ho-
mograph y, road plane, urban environmen t

I. Intr oduction and rela ted work

The navigation of mobile robots in an urban area
requiresa robust localization process.During the last
decade,the DGPS hasbecomethe most usedtechnol-
ogy for all outdoor environment applications. Never-
theless,the localization quality dependson the number
of satellites the antenna can receive. High buildings
and trees decreasethe signal/noise ratio by obstruct-
ing the clear view and multiple paths corrupt the data.
Chen [1] indicates 95% of the Tokyo urban area does
not allow a GPS-basedlocation. Furthermore, the res-
olution available with such a systemis about onemeter
in the best case.That is not sucient for localizing a
driverlessmobile robot which requires about ten cen-
timeters precision.

Concurrently, the progressin computer vision due
to the decreaseof processingtime allows the vision
sensor(s)to be usedasthe main localization systemin
assaiation with a DGPS-basedsystem. Indeed, the
structured ervironment allows a compensation for the
loss of clear view. The urban viewed scenescortain
generally sets of parallel lines, the majority of them
are aligned with the principal orthogonal directions
of the world coordinate frame. Hence, a vision-based
system can complemert the GPS information damage
in the highly-urbanized area.

Nevertheless,the architectural characteristics of ur-

ban areas vary according to the brightness and the
shadov conditions and to the type of scenes,from
"open" ervironments like large boulevards and main
streets to "closed" oneslike the downtown old cities.
In these di®erer cases,the determination of consis-
tent structures like streets and buildings in the image
is one of the aims of segmemation we have to achieve.

All vision-basedlocalization methodsin urban areas
are deweloped on two common assumptions:
= the ground is locally consideredto be plane,
> the man-made ervironment contains sets of ortho-
parallel lines.

Two 3D parallel lines corverge in the image to a
point, called Vanishing Point (VP), when they are
viewed under perspective projection. The understand-
ing and interpretation of man-madeernvironments can
then be greatly simpli ed by the detection of vanishing
points.

Someauthors only focuson improving the VP coor-
dinate precisionto better reconstruct the world frame.
They generally presert post-processingmethods which
enhancethe edgedetection quality. Rother [2] subsets
the detectededgesinto 3 mutual orthogonal directions
with respect to orthogonal, cameraand vanishing line
criteria. In the sameway, Kosedka and Zhang [3] com-
bine excient image processingtechniques and expec-
tation maximization algorithm to partially calibrate a
camera and estimate its relative orientation with re-
spect to the scene.

Conversely someauthors usethe samegeometrical
ernvironment assumptionsand VP methods in indoor
ervironments for mobile robots, with real-time con-
straints. Guerrero and Sagues[4] have deweloped a
vision-based navigation algorithm. They succeedin
determining a qualitativ e free spaceaheadby compen-
sating the rotation motion with a monocular uncali-
brated camera. Lebegueand Aggarwal [5] describe an
algorithm to automatically reconstruct ervironments
like hallways.

Snaith et al. [6] work on a prototype vision system
for the guidance of visually impaired people through
urban ervironments. They detect doorways and verti-
cal edgedo facilitate certer path travel. The dominant



VP (DVP), intersection of the majorit y horizontal van-
ishing lines (VLs) in image, is computed asthe highest
accunulator scoreof a Hough Transform with the de-
tected edges. Antone and Teller [7] combine Hough
Transform and expectation minimization to nally de-
couple the rotation and the translation motions be-
tweenthe cameraposesin urban scenes.

Otherwise, the geometrical properties of roads al-
low somespeci ¢ methods to discriminate them in the
image plane. Some authors detect the road frontier
edgesassumingnon-occluded parallel road lane mark-
ers. They generally track them in a video sequence
with the introduction of a region of interest. Wang et
al. [8] detect and track the natural edgesof a uniform
textured road. Soteloet al. [9] succeedn isolating the
ground plane in the image using road strip and a HSV
decomposition.

Howewer, Okutomi et al. [10] locate the ground
plane by computing the image projective invariant,
but require an a priori knowledge of the projective
transformation between a stereo-vision pair. Hu and
Uchimura [11] develop a newmodel of multi-lane struc-
tured road, assuming road boundaries can be mod-
eled by clothoids, to simplify the 3D-2D correlation
betweenthe road and its projective image.

The next section presens the road urban environ-
ment conditions to introduce an overview of the pro-
posedmethod. Section 3 describes how to estimate a
cameradisplacemen betweentwo views of the same
urban sceneand section 4 showvs some experimerntal
results. The last section concludesthis article and in-
troduce our future work.

. Appr oach
A. Problem statement

In this paper, we plan a vision-basedmethod for es-
timating a mobile robot displacemen in urban areas.
Our main objective is to extract the maximum of in-
formation from the sceneusing a vision sensorwhen
DGPS data are unavailable.

Assuming the urban scenecontains planar struc-
tures, the computation of homographiesbetween two
imagesfully characterizesthe cameradisplacemert in
the projective space. In this paper, we deal with the
computation of such a homography using points and
lines lying on the road.

It is not corveniert to usea directly on the imagea
point of interest-basedtechnique: the road appearsas
an homogeneoussurfacewith very few features points
whereassome defaults are visible on the asphalt. In
the sameway, few lane marker cornerscan be detected
ewven if an a priori knowledgeis used.

Fortunately, the man-madeervironment contains an
abundanceof 3D lines. Theselines are primarily the

edgesof the building frontages,the limits betweentwd
depth planesand the boundariesbetweentwo di®eren
chromatic regions. The structures of an urban street
can hencebe regarded as a hallway. We then partic-
ularly focus on all the left, bottom and right image
foreground lines due to their high probability to be-
long to a VL. At any rate, a road sceneimage contains
at least two joint VLs which represern the road plane
boundariesand at least a vertical direction.

We thus assumethat:

= the urban road sceneimages contain sets of 3D
ortho-parallel segmets,
2 the road is locally planar with parallel boundaries,
= the cameramodel usedis a pinhole cameramaodel,
2 the video sequencss recordedat a high frame rate,
which meansthat the DVP coordinates move slowly
in the image.

Nevertheless, all these restrictive assumptions can
not be veri ed in an urban ervironment. The exper-
imental video sequencescortain such an amourt of
dynamic objects (cars, pedestrians) that we can not
estimate having a clear eld of view. Therefore, we fo-
cus on identifying the static componerts of the scene
to rst determinethe road boundariesand further pro-
cessthe dynamical objects.

B. A priori knowledgeof an urban sene

Although the discrimination betweenthe static and
the dynamic part of an urban sceneis dixcult dueto
the complexity of the environment, the ground plane
appearsasthe only object of the static scenethat hasa
“xed location in the image. We canusethe assumption
that the image contains a road plane bounded by two
3D curbsto constrain both the static environment and
the road plane projection on the image.

The road generally appears as a large area whose
borders are highlighted either by a kerb or by road
markers, sometimesboth. Theselimits are easily de-
tected by their color variations (seeFigure 1). What-
ever the type of road (straight or curved), at the fore-
ground of the image, the edgelimits can be modeled
by somesegmetts. Thesesegmers are located in the
image at ead bottom corner with two opposite orien-
tations and they corvergeto the DVP located in an
areain the certer of image.

However, dynamic objects like cars and pedestrians
occlude most of the static scene. Furthermore, they
generally possessnany edgeswhich could potentially
confusea DVP detection program. We thus try to
detect not only the road boundaries, but all the sets
of 3D parallel lines which convergeto the DVP in the
image. On one hand, it robusti es the DVP location
estimation and it initiates, on the other hand, a future
work to reconstruct a 2.5D ervironment model.



Next, we do not address (nearly) horizontal seg-
mens becausethey rarely represen parts of horizon
VL, but they naturally intersectthe other imagelines
and could therefore induce DVP misdetections. Two
casesare distinguished with the (nearly) vertical seg-
mens. If they are located outside the two road bound-
aries, they represen a 3D vertical direction, rich can
be usedin a further reconstruction process. Other-
wise, they could represen either a road lane marker
or a vertical edgeof an obstacle.

Following that the endpoints are above or below the
horizon line, the segmets in the image can be classi-
“ed in two subsets. All the segmeis above the horizon
line which corverge to the DVP are detected as 3D
horizontal edgesbelonging to vertical planes. These
planesrepresen vertical obstacleswhich limit the free
area in the cameraeld of view. The segmers be-
low the horizon line cannot be discriminated on this
processinglevel.

Fig. 1. Results of an edge detection. We represert in blue
(nearly) horizontal and in green (nearly) vertical segmerts which
naturally intersect all other segmerts in yellow. The highligh ted
red segmerts are close enough to the precedent DVP location
(orange '+') to be considered as potentially belonging to a future
VL. The "xed con dence area, limited by the dashed magenta
lines, represent the image foreground.

[11. Tra cking and matching features in an
urban scene image

A. ldentifying vanishing lines

For the identi cation of VLs, we usea Canny edge
detector becausewe can easily compute the crossedge
direction and rely on the detected edgesas chains.
The edge detection data are particularly inaccurate.
According to our experiments, the midpoint location
seemgo bethe only reliable characteristic of eat seg-
ment. The length and the orientation of extracted seg-
ments are noisy. However, we note that the longer the
segmen is, the more correctly located it is.

We thus cometo the conclusionthat it is better to
reconstruct partially occluded VLs rather than trying

to obtain an estimation of the DVP using corruptea
segmems. We rst 't ead segmen to a line, called
segmen line, parameterized by an angle p and a dis-
tance %from the origin:

%= COSMU + sinp:v

where (u,v) are an image pixel coordinates.

The DVP tracking method assumesthat the dis-
tance between two camera posesis small. The DVP
location in the last image can hencebe consideredasa
prediction of the current estimation. In the sameway,
the VL motions in image are minor.

We compute the distance betweenead segmet line
and the DVP location on the last image. We consider
only the segmets which have a distance smaller than
a threshold dmaxthat we experimentally X at 20 pix-
els. We then clusterize the selectedsegmen lines in
VL candidatesby grouping them accordingto common
characteristics. Besides,the segmen lines are rated by
their single segmen length order. The longestis con-
sidered as a reference. We also seart other segmen
lines that verify the following criteria in order, until
they all belongto a VL candidate:

1. the cortrast direction acrossthe edge,

2. the segmen orientation ,

3. the image location under or above the horizon line,
4. the compatibilit y criterion. We expectthat the seg-
ments which formed the sameVL have endpoints loca-
tion whose coordinates respect the appearanceorder
(refer to Figure 2),

5. the distance between the segmems and the refer-
encesegmemn midpoint is reduced.

Fig. 2. Constraint of segmert alignment to represert a VL. The
3 segmerts (Se; S—; S ) have similar (% ; k) characteristics un-
der a polar representation and the samecontrast direction. They
can belong to the same VL only if the segmerts Se and S- do
not have any common u-ordinate. The two possible candidates
are then the segmert lines I and .

We do not use a radius length Yzcriterion because
we note that somedetected edges,which nally form



a VL, have aradius estimation length corrupted more
than 30 pixels.

The result of the grouping processis a list of K
candidates of VLs. The DVP(uy;vy) image loca-
tion is then obtained by solving iterativ ely the fol-
lowing Iinqu weighted least squaresestimation prob-
lem: miny E:l (Wk2||t(ZX)2 where wy is the sum of
the segmen lengths, I} = [cos(ik); cos(ik); i %] and
Xt = [uy;vy; 1]

The distance betweenthe last and the current DVP
location has to be smaller than the dmax threshold.
We compute for ead VL candidate the distance to
the DVP and the angle di®erencewith a "true" VL
which is the line de ned by the DVP and the most re-
mote segmem midpoint. Only the best candidatesare
selectedto perform another computation loop. The
algorithm stopswhen all the remaining candidatesare
selected.

B. Tracking and matching pencil of vanishing 2D lines

Let us assumetwo imagesl; and |, corresponding
to two di®eren positions of the camera. We detect in
the two imagestwo sets of VLs, corverging to their
respective DVP.

We candetect someVL mismatchesby respecting an
order constraint. For a positive i, when p increases,
Y2has to decrease. It is the opposite behavior with
negative .. Hence,we can slightly modify an incorrect
characteristic by assumingthat the DVP estimation is
correct.

The information on VL length can also be usedto
identify a new edge detection, in the particular case
of two VLs which have close characteristics. We “rst
consider that the sum of the segmen lengths, which
form a VL, doesnot swingin a large scalebetweentwo
images. Second,a VL whosesingle segmei length is
smaller than 50 pixels is certainly an outlier.

Considernow that we succeedn matching two pen-
cils of VLs from imagel ; andimagel,. The cross-ratio
and the incidenceare actually the only properties left
invariant by a projective transformation. Hence, the
projections of the 3D lines lying on the road plane
onto 11 and |, are related by a projective transforma-
tion characterized by the unicity of the cross-ratio(see
Figure 3). This implies that the proposed method is
not excient if the subsetsof VLs lying on the ground
plane contain lessthan 4 VLs.

sin(®;) _sin(®s)
sin(®)  sin(®;)
where ® with i2[1,2,3,4]are oriented, signedangles.

The VLs lying on the ground plane project in the
cameraretinal plane with a particular transformation,

CR(la; 1w l; 1) =

Fig. 3. Cross-ratio of 4 vanishing lines (la;lp;lc;1g) lying on the
road plane and converging to the DVP.

called planar homograpty (induced by a plane). A ho-
mography is described by a 3*3 matrix H, which has
8 ertries: 9-1 of scalefactor. Therefore, H is deter-
mined uniquely by solving a linear systemof equations
cortaining at least 4 correspondences. The homogra-
phy contains the translation and rotation motions, up
to a scalefactor, betweenthe two cameraframes C;
and C,. We can also compute the displacemen be-
tweenl; and I, by introducing their respective planar
homograpty H; and H:

L/ HY: g 1 HY:p ) 1/ [HEBHLTL
Iy / HY%ly with H/ Hy:Hi?t

However, the calculation of the homograpkhy is im-
possiblewith a pencil of lines due to the link between
the lines. All lines can in fact be parameterized by
only a coupleof them: e.g.| =15+ :l,. Wehaveto
match and track two new featureswhich belongto the
ground plane. Due to the cameravision "eld and its
pose,the choiceis limited: it is impossibleto detect
another pencil of VLs. We alsofocus on ground plane
feature points p. Thesepoints verify the previous ho-
mographies(seeFigure 4):

p1/ Huipipa/ Hap) p2/ [HaHi lps

p2/ H:p:

The VL matching is for the momert initialized by an
operator which indicates 4 matched VLs lying on the
ground plane, in the “rst two images. The cross-ratio
computed with these4 VLs is consideredas principal.
All the remaining VLs of the two imagesare computed
by keeping 3 of 4 principal VLs. The selectedVL re-
placesthe closestprincipal VL. Hence,the cross-ratio
computation respects the order constraint. We next
match remaining VLs of the two imagesby comparing



Fig. 4. The planar homography H between two views is ob-
tained by composition of single view homographies H1 and H .
The lines |1, |2 and the points p1, p2 respectively represert the
projections of the line | and the point p, lying on the ground
plane onto the camera retinal planes whose center are C1 and
Co,.

their location betweenthe two nearestprincipal VLs
and their cross-ratio result.

If the algorithm detects some principal VL misde-
tections in a new frame, it replacesthem by setting a
secondgroup matched VL to the principal group. This
is clearly possibleonly if there are enoughVLs in the
secondgroup to compensatethe lossof someprincipal
VL(s).

C. Tracking and matching ground plane feature points

Consideringthat we succeedn determining the road
boundaries, we can segmen the region of the image
corresponding to the ground plane. We usethe same
image derivative operations of the Canny edgedetec-
tion to compute a Harris feature point detection, ac-
cording to [12]. Only the points which have an Harris
scorehigher than 90% of the best scoreare considered
correctly detected. The matching method we use is
basedon singular value decomposition of an appropri-
ate correspondencestrength matrix [13].

The image seard area is reduced with the road
boundaries. We selectthe correct matching points ly-
ing on the ground plane by intro ducing two imageloca-
tion criteria. We rst keepcount of the feature points
which are very closeto or on a VL lying on the ground
plane. As we experimented, very few points perimage
verify this strict condition. Secondly we eliminate all
the detected points located lessthan 4*dmaxfrom the
DVP becausethese points have a high probability of
appearing closeto a VL without lying on the ground
plane.

The resulting points are generally corners of road
lane markers. To be consideredas ground plane fea-
ture detections, the point coordinates have to be very
closeto a segmen endpoint which belongsto a VL.
Furthermore, the VLs have to be matched between

the two images. This allows us to detect some mis>
matching points.

Hence, as soon as the homograplty computation is
validated, we can project all the feature points of the
“rst image into the secondone. We then highlight
some new feature points lying on the ground plane
by computing the distance betweenthe projected and
matched coordinates of points. The non-colinearity
condition of 3 coplanar points implies that the feature
points have to be suzciently far from ead other to
improve the homography constraints.

IV. Experiments

We have recorded our video sequencesn the old
Antib es(France) streetsand the harbor neighborhood.
The road appearsstructured. We usean uncalibrated
stereovision pair. The speedwas about 10 m=s and
the frame rate was25Hz . The pinhole model cameras
are uncalibrated. The sequencescontain more than
1000black and white imagesof size 728*410 pixels.

Figure 5 shaws a single road video sequencewith a
large curvature radius which leadsto a fork intersec-
tion before the end of the curve. The DVP location
(orange cross) is tracked with a selection of the best
edge detections (red segmeits) which are clusterized
into VL candidates(red dashedlines). Many outliers,
like non-parallel road markers, are detected, but they
intro duce minor corruptions in the estimation.

Figure 6 presens the DVP(u;Vyx) location in the
image estimated by the matching method. The pre-
serted data are the image coordinates of the DVP. We
“rst note that the trajectories presen only two sudden
changesof level. The rst onecorrespndsto the lack
of kerb in the "eld of view. The secondone is quite
unavoidable, it correspondsto the road lane changing.
The v-ordinate of the DVP seemsstationary; this is
expected due to the "xed horizon line in the image.

Figure 7 preseris the result of a homograpty estima-
tion betweenthe two imagesl, and I,. We solve the
linear systemwhich hasasertries the VLs and the fea-
ture points matched on the road plane. As expected,
the projection of the VLs can be consideredless ef-
“cient than the projection of feature points. This is
in fact a vision represenation bias. A comparisonbe-
tween the characteristics of the features proves that
the distance between points is more signi cant than
the distance betweenlines.

We emphasizethat a satisfying homography estima-
tion essetially dependson the conditioning of the sys-
tem matrix. We rst improve the quality of the result
by normalizing the two subsystemsrelated to VL and
feature point solutions. According to this, we modify
the systemto obtain normalized singular values.
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Fig. 5. Top-left, bottom-righ t, every 20 frames: results of contin uous tracking of the DVP (orange '+') over a video sequence. The
DVP is the weighted least square best estimation of intersection of all the VL candidates (red dashed lines).
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Fig. 6. Chronogram of the estimated DVP coordinates (ux at
the top, vx at the bottom), along a video sequence recorded
on a curving road. The discontin uity in frame 2036 comes from
the algorithm detecting a new DVP when the vehicle leavesthe
main road.

V. Conclusion and future work

We have described a method to compute the dis-
placemert of a camerain an urban ervironment where
a DGPS-basedlocalization is unreliable. We rst track
the DVP with the result of a Canny edgedetector to
segmen the horizon line and the road plane bound-
aries by taking into accourt a priori knowledge of the
scene.The VLs which convergeto the DVP represen
parallel 3D edges.Moreover, the VLs lying on the road
plane form a pencil and respect the cross-ratio unic-
ity. We next detect at least two feature points with a
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Fig. 7. Projection of the features of image |1 into image I, re-
sulting from the estimation of the homography between a stereo
pair. The original image contains green VL and orange '+' fea-
tures. Their correspondent projections are red dashed VL and
magenta '0', respectively.

Harris corner detector, corresponding to an endpoint
of a road plane VL segmen We nally estimate the
homography betweentwo imagesby solving a system
whoseertries are the matching of the road plane VL
and feature points.

Our future work splits into two parts. We want
to rst detect automatically the 4 principal VLs at
the start of the sequence.In the sameway, we want
to improve the image feature detection by introduc-
ing dynamic selectioncriteria to take into accourt the
DVP posein the image. If needbe, we will reducethe
jittering of the DVP location with a ltering process.

Second, we will deal with the stereo correspon-
dences.Thus, we plan to robustify the proposedalgo-
rithm in caseof occluding featuresfrom a mono vision



sensor. Assuming an invariant planar homograpty of
the road betweenthe stereoimages,we will certainly
improve the accuracy of the DVP location and the
homography estimation by consideringthe correspon-
dencesbetweenoriginal and projected features.
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