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Abstract— In the context of urban autonomous navigation
systems for going from point A to point B, a practicable trajectory which takes into account drivable areas and permanent
obstacles should be designed first. A robot should then follow
this trajectory while avoiding not only dynamic obstacles such
as cars and pedestrians but also permanent obstacles such as
road sides and central islands. To this end, a robot must be
aware of its exact position and must be informed of what its
immediate environment is at all times. In dense urban areas,
GNSS systems generally suffer from lack of precision due to
masks and multipaths. Localization systems have to model these
phenomena and even merge with vision based methods in order
to obtain the high accuracies required in the process. In this
paper we propose an integrated geographic database enabling,
on the one hand, the GNSS and vision based localization
methods to obtain the required accuracy, and on the other, to
provide the robots with information about its surroundings such
as drivable surfaces and permanent obstacles. The database
is comprised of 3D buildings, 3D roads and a set of 3D
visual landmarks. Our system provides most of the information
required for autonomous navigation in dense urban areas and
has successfully been embedded in real experiments, thanks to
a real-time querying system.

I. I NTRODUCTION
In recent years considerable progress has been made in
ADAS (Advanced Driver Assistance System) and ANS (Autonomous Navigation System) on highways, in rural areas
and even in dense urban environments [1], [2], [3]. ADAS
aims at providing necessary information and warnings to
human drivers in order to simplify the decision-making while
ANS makes and applies decisions automatically in driver-less
vehicles. The design of both navigation systems is based on
three main challenges:
• Trajectory planning (to go from point A to point B )
while considering traffic rules and permanent obstacles.
• Vehicle localization in real-time.
• Dynamic obstacle avoidance and trajectory re-planning
in real-time.
Both ADAS and ANS need environment maps to carry
out these tasks. However, they require different accuracy.
Trajectory planning for ADAS consists in providing ordered
sequence of road sections (arcs), whereas in ANS the trajectory needs to be defined as an ordered sequence of points (2D
This work has been sponsored by the ANR (French National Research
Agency) within the general framework of the CityVIP project (project ANR07-TSFA-013-01)
Bahman Soheilian, Nicolas Paparoditis, Bruno Vallet and Jean-Pierre
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Cartesian coordinates) that are situated in the drivable area
while avoiding permanent obstacles (piano mover’s problem
[4]). The former expects linear graph road models only,
whereas the latter requires surface graph models. Historically, road maps are represented as linear graphs while
surface graphs are a must in navigation applications.
GPS (Global Positioning System) is the basic localization
method in most ADAS and ANS systems. The quality of
localization varies with the reception of GPS satellite signals.
It can potentially provide adequate accuracy in highway
scenes whereas frequent masks and multi-path errors corrupt
the measurements in dense urban areas and this leads to
poor localization accuracy. Map matching techniques applying classical road maps (linear graphs) are usually applied
in ADAS systems to deal with GPS errors [5], but the
improvement in term of accuracy is limited by the quality
and LoD (Level of Detail) of the maps used [6]. More
detailed maps containing 3D buildings and 3D road surfaces
can be employed in visibility analyses for identification of
GPS NLOS (Non-Line-Of-Sight) [7]. Moreover, assuming
that the vehicles move at a fixed height on the road surface,
the altitude provided by GPS can be constrained at the
observation point [8].
Even if constraints provided by 3D maps are taken into
account, GPS localization alone does not provide adequate
accuracy. Many systems integrate vision-based localization
methods to refine the localization given by GPS. Most of
them are based on matching features acquired in real time
by a vision sensor on the robot, with the same features
georeferenced in an off-line mapping mode. Different kinds
of features such as, interest points [3] or planar patches [9]
are used. Other systems used urban features (as matching
object) such as façade features [10], road surface texture [11],
road lanes [12] and road signs together with road lanes [13].
Obstacle avoidance consists of detection of dynamic obstacles, prediction of their trajectory and adapting the trajectory
in order to avoid them. ANS need to be able to distinguish
the permanent obstacles that are components of the road infrastructure from dynamic ones. So the prediction of obstacle
trajectory will be carried out only on those dynamic obstacles
that are moving in the drivable area. A map of permanent
obstacles and drivable space enables the vehicle to discern
the obstacles that should be taken into account [14].
In this paper we present the generation of an integrated
3D city model with visual landmarks which allows localization/navigation mission in dense urban areas. It is generated
under CityVIP project in order to meet the requirements
of GPS and vision-based localization, navigation as well

as obstacle avoidance systems that have been developed in
the project. One of the components is a 3D road surface
model describing drivable areas in fine detail. 3D buildings
are modeled consistently with the road model. They can be
used by the ANS not only in trajectory planning and moving
object detection but also for constraining the altitude given by
GPS and NLOS identification in order to improve GPS localization. Another component is a set of georeferenced images
available in the entire drivable area with high frequency
(every 1 − 4 meters). On the one hand, they can be applied ,
directly in vision based localization systems as georeferenced
key frames and, on the other, for generating 3D visual
landmarks that can in turn be used for localization. Then,
we proposed automatic tools for 3D reconstruction of some
stable visual landmarks such as road markings and traffic
signs with metrological accuracy from the georeferenced
image dataset. Finally, building façades were textured using
the same images in order to estimate their interest as a visual
landmark for vision-based localization.
The rest of the paper is organized as follows: Section II
focuses on the definition and construction of a road and
building model for urban navigation. In Section III we give
an overview of how the georeferenced image dataset was
obtained. Section IV explains the reconstruction of visual
landmarks from the georeferenced images. Then, we show
some results on real case studies (Section V) and conclude
in Section VI.
II. I NTEGRATED 3D ROAD AND BUILDING MODEL FOR
URBAN NAVIGATION

Autonomous vehicle navigation in dense urban areas requires a detailed digital model of the environment. Such a
model can be derived and constructed semi-automatically
from GIS data. The objective of this section is to define what
a suitable model for urban navigation is and how it can be
constructed. We could have relied on existing road databases
to construct the model. However, these kind of databases are
usually limited to a simple linear representation of the road
axis. Besides, related data (width or number of lanes) are
most of the time outdated, missing or even false. Thus, we
defined a data capture protocol based on multiple georeferenced aerial images (with a Ground Sampling Distance
(GSD) varying from 10 cm to 25 cm in our experiments, but
that is not a limitation).

However, the first definition is too generic: it lacks roadrelated semantics and does not take into account the type of
vehicle. This is crucial to really define where a vehicle can
be in free space. We involved the vehicle size (which can
be categorized as a type of vehicles). This led to define the
drivable space which meet all these requirements:
Definition 2 (Drivable space): Drivable space is the allowed subpart of the free space designed for a specific urban
vehicle. Thus it includes the dimensions of the vehicle and
its type.
This road typology in urban environments is suitable for
autonomous navigation systems and the representation of a
drivable surface that is a polygonal mesh has already been
successfully used in path planning to produce smooth paths
[15], [16] or curvature constrained shortest paths [17]. Now
that we have defined what we are interested in, let us explain
how these two spaces can be modeled in a semi-automatic
fashion.
2) Surface 3D modeling: A related modeling, called
Emap was already been presented in [18]. However, our
method differs in many points and provides better accuracy.
Instead of using orthophotography, we used multiple georeferenced aerial images, and consequently, worked directly in
3D. Thus, we can locate finely the objects of interest, whether
in planimetry or altimetry (always with subdecimetric accuracy). Our production process is based on an internally
developed photogrammetric software whose various features
have been used. Among others, the most important are:
• Automatic choice of the best image pair to optimize
accuracy (based on B/H). Where B (resp. H) stands
for baseline length (resp. distance from camera).
• Automatic correlation coefficient over pairs of images
to assess the best Z from a planimetric (X, Y ) location.
Moreover, working with multiple images rather than with a
single orthophotography allows to avoid most of the time
occluded areas that often appear in urban environments
(caused by trees or cars). Thanks to these characteristics,
we are able to capture the necessary data in an efficient
way and without loss of precision everywhere. Following

A. Free and drivable surfaces
1) Definitions: When on the road, an autonomous vehicle
needs to know exactly where it is allowed to go. In the
first approach, we assume that it can go everywhere in
areas designated for vehicles, i.e. the road, walled with
curbstones. However, fixed obstacles (such as traffic lights,
central reservation and central islands) have to be removed
from the road. This leads to defining the first subpart of the
road, called free space:
Definition 1 (Free space): Free space is the subpart of
public space limited by untraversable obstacles for urban
vehicles.

Fig. 1. Interest area delineation, free space (green) and obstacles (red)
around the 12th district of Paris’ City Hall (10 cm GSD aerial images)

the definitions mentioned above, we have defined a capture
protocol to model free space and drivable area. The first
one can be digitized in urban areas by capturing curbstones
boundaries, and physical obstacles on the road (Figure 1

right). As we input multiple aerial images, it is easy to avoid
hidden areas and we obtain a reliable representation, which
is accurate throughout the borders of the objects. Please note
from the above definitions that drivable space is derived from
free space by taking into account the size of the vehicle. That
simply means that to automatically go from one space to
another, we have to dilate the obstacles made of curbstones
and physical obstacles on the road. To do so, we use the
Minkowski offsetting [19] of these objects, as illustrated on
Figure 2. Naturally, we use a circle for the offsetting polygon

Fig. 4. 3D road and building models around the City Hall of the 12th
district of Paris; Obstacles (red), free space (green) and drivable area (blue).

Fig. 2. Minkowski ofsetting of a polygon (red) with a circle. The resulting
polyon is depicted by the black plain line

and define its radius r as r = max(width, length), where
width and length are the dimensions of the vehicle. Some
detailed results are presented for an area around the City
Hall of the 12th district of Paris in Figure 3. Note that
in order to integrate this in the global framework that we
used for autonomous navigation, we had to represent the
computed spaces as triangulations. This is usually done by
constrained Delaunay triangulation. Even though, there were
stretched triangles, it was not a problem in the experiment.
To avoid this, we could have included some interpolated
points over the edges of the obstacles and curbstones. At that

curbstones boundaries. It thus depends on the complexity
of the studied area. In our test case (about 0.25 km2 ), it
took about 1 hour. Once the manual processing is done, the
automated part takes place. As it only relies on constrained
Delaunay triangulation and Minkowski sums on few vertices
and edges, it is dones is nearly real-time. Nevertheless, recent
availability of open sources data for pavement boundaries
and urban facilities (see for instance [20]) could automate
most of the work on data acquisition. Integrating those data
would clearly improve the efficiency of producing free and
drivable spaces, opening the door to fully automatic and
large scale modeling. Regarding the accuracy of the whole
model, we had no ground-truth to compare with. However,
as usual in photogrammetry, we can relate the precision
to the GSD. Considering that the process is done by an
experimented operator, the horizontal and vertical accuracy
can respectively be estimated to 41 and 21 of the GSD.
B. 3D building reconstruction
The 3D buildings roofs were modeled in a fully automatic
manner using the approach of [21]. A Digital Elevation
Map (DEM) was generated on the basis of dense matching
of aerial images using [22], and used to select the best
hypothesis from a set of plausible roof surfaces derived from
a cadastral map. Once the roof was reconstructed, we built
the façades by projecting the roof edges onto a DTM (Digital
Terrain Model) which was derived from the free and drivable
surfaces. The façades were then defined by the polygons
formed by each roof edge and its projection, ensuring a
watertight building surface. Fig. 4 depicts reconstructed 3D
buildings together with free space and drivable area in one
of the test sites.
III. S UBDECIMETRIC QUALITY G EOREFERENCED DATA

Fig. 3. Zoomed views of free space (green) and drivable area (blue) in
the 12th district of Paris experiment

point, our protocol was semi-automatic. The only manual
traitment consists at the moment in defining obstacles and

As explained in the previous section the process applied
for reconstruction of roads and buildings used essentially
multiple view aerial images of 10cm to 25cm GSD. Several
applications such as fine vision-based localization imply
higher resolutions. For this purpose additional data was acquired with a vehicle-based mobile mapping system (MMS)
called STEREOPOLIS II [23] (Figure 5) in order to on the one

Fig. 5.

The STEREOPOLIS II MMS

hand, provide a spatial data infrastructure that would allow
to the extract 3D visual landmarks at the street level and on
the other, to complete, when necessary, the content of aerial
modeling when some objects are hidden behind occluders in
the aerial images (e.g. trees) or when the objects are in very
narrow streets (for example in European city centers) that can
not be observed or measured properly on aerial images with
reasonable along track and across track overlaps (this is due
to economical reasons as it increases the number of aerial
image strips and leads to a severe over-cost; acquisitions have
most often an overlap of 60%). The STEREOPOLIS system
captures the urban canyon at the normal speed of traffic with
both optical imagery and LIDAR that are georeferenced with
the help of a navigation system hybridating measurement
coming from two GPS, an inertial measurement unit and a
wheel odometer. The optical sensors are a front and a back
looking stereo rig composed of two full HD cameras each
and a multi- frame panoramic head composed of ten full HD
cameras. This design allows for a stereo capacity across-track
with the panoramic head and along-track with the stereo rigs.
The triggering of all the individual cameras is synchronized
and servoed on the navigation system to ensure an alongtrack regular spatial capture. The calibration of the optical
sensors of the vehicle, i.e. the relative pose of the cameras
between them and the relative pose of the block of cameras
wrt to the car reference system is generated automatically
from the images acquired using a bundle adjustment on
automatic tie points matched on all the images acquired [24].
The individual range measurements provided by the sensors (LIDAR or processed from the images by multi-view
matching) have an intrinsic centimeter quality in both the
LIDAR and the optical stereo (for distances smaller than
10 meters). The relative measurements that can be extracted
from the system (e.g. measuring a distance) are also of centimeter quality. The absolute orientation errors are also very
small with a very limited impact on the overall localization of
the measurement (around one centimeter at 50 meters). The
absolute localization of the vehicle and its navigation system
is heterogeneous and depends on the duration of the GPS
gaps due to building masks and to multiple paths. For grade

quality inertial measurement units available on the market
the errors are within a meter for gaps around 2 to 3 minutes.
The data provided by the mobile mapping system could
also be used directly to extract all features of the 3D road and
pavement models. Nevertheless, as we saw in the paragraph
above the absolute localization provided by direct geroreferencing means is incompatible with the need of several
application such as autonomous navigation. In order to meet
subdecimeter accuracy, space resection on external data, i.e.
Ground Control Points is necessary. These GCPs can by
measured manually by a surveyor with a topometric device
(e.g. a total station) or manually by a 3D stereoplotting in the
aerial images. In this paper, the registration has been carried
out with surveyed GCP’s. The registration on aerial images
can also be carried out automatically by matching invariant
features between both data sources [25] but this is still a
subject of research in progress.
The acquired georeferenced images can potentially be employed as key frames in vision-based localization algorithms
such as [3]. They can also be used for reconstruction of 3D
visual landmarks which enable vision based localization by
photogrammetric resection. We explain in the next section
how these images are used to produce three kinds of visual
landmarks.
IV. S TABLE URBAN FEATURES AS LANDMARKS
A. Road Marks and Road Signs
Since road markings and traffic signs stand out on the road,
they constitute excellent visual landmarks for positionning in
road scenes. The shape, size and texture of these objects are
governed by strict specifications. We have developed fully
automatic pipelines for extraction and 3D reconstruction of
these objects from georeferenced images acquired by the
STEREOPOLIS system. Both algorithms are bottom-up and
benefit from given geometric specifications of objects in
order to simplify their recognition. Rigid stereo pairs are
used for 3D recognition and modeling of dashed lines and
crosswalks [26] while traffic signs are first detected on individual images and then reconstructed by a constrained multiview process [27]. Both algorithms reach sub-decimetric
3D accuracy. Non of the algorithms run in real-time, but
they are fast enough for our cartographic application. The
reconstructed features are then integrated in the global 3D
model (see Figures 6 and 8). They are presented as 3D planar
objects. In the landmark database every 3D planar object is
linked to the images that are used for its reconstruction and
their image coordinates are known.
B. High resolution textured façades
The 3D building models obtained as explained in Section II-B were textured with the aerial images that were
used to build the DEM. However, on façades, the textures
are of poor resolution and highly distorted. In order to
enhance them, we used georeferenced images acquired from
the ground. For each façade, the set of images containing
at least a part of the façade was computed efficiently and
automatically by the work of [28]. These images were then

Fig. 6.

Real and virtual views of the reconstructed scene.

rectified in the façade plane and blended using the open
source Enblend software [29] into a single high resolution
façade texture (cf. Fig 6 and 8).
V. E XPERIMENTS
The set of data given above was produced in three areas
(approximate size: 500m × 500m) selected by the partners
of the CityVIP project for tests and demonstrations. Figure 8
depicts a view of the data produced in one of the areas
chosen for the final demonstration of the project. Figure 7
shows free space and drivable area on another demonstration
area: a pedestrian area on the Place de Jaude in ClermontFerrand, France. The data produced was used by the CityVIP

Fig. 8. A view of the dataset containing high resolution textured buildings,
free space in green, obstacles in red, road markings, road signs and a subset
of georeferenced high resolution images. For better illustration only a light
subset of georeferenced images are shown.

partners in localization/navigation units and also obstacle
avoidance during the demonstrations. First of all a trajectory
was planned with a GIS tool using the georeferenced 3D
map (essentially the drivable area). The drivable area was

also used by [14] to limit the moving object detection search
space (in obstacle avoidance unit) and then to represent
the final dynamic drivable area during navigation [30]. It
was also used in the localization module to constrain GPS
positioning not only in easting/northing but also in altitude
(supposing that the height of the GPS antenna wrt the
road is fixed) [8] [31]. Drivable area together with the 3D
building model was also used for NLOS identification during
GPS localization [7]. The efficiency of the 3D data was
confirmed by improving the accuracy of the GNSS based
localization units. Vision-based localization units in contrast
revealed that the provided 3D landmark dataset is still not
sufficiently qualified to be injected directly into vision-based
fine trajectory estimation algorithms. This is mainly due
to inaccuracy of 3D textured façades. Indeed, façades of
European-style buildings are usually composed of many reliefs such as ornaments and balconies. Consequently, planar
façade model introduces large inaccuracy in pose estimation
and leads in failure of vision-based localization. Although,
road markings and traffic signs had adequate 3D accuracy,
their relatively low density on the trajectory resulted in a
failure of the localization algorithms to absorb the errors
introduced by façades. Thus, to cope with this problem
better façade models which introduce detailed architectural
elements were required.
VI. C ONCLUSIONS AND PERSPECTIVES
We have presented in this paper a fully integrated model
of urban environments for autonomous vehicule navigation.
Our system provides most of the required information to take
decisions based on a reliable database of the environment,
and has shown its efficiency in real experiments in various
places. Nevertheless, some progress has to be made, and in
particular in modeling free space for which part of the work
is currently being done manually. An easy way to automate
the process would be to use open-source databases provided
by city governments: curbstones boundaries, zebra-crossings
and traffic-light locations, etc. Another improvement would
also consist in adding semantics to our road model. Drivable
space should be split and specialized for each type of
vehicles (bus, cars, bicycles, etc.). Traffic rules such as speed
limits and turn right/left can be deduced from traffic signs
and be associated to lanes. It would clearly improve the
effectiveness of the model and make it more generic for
use in many applications. Finally a better façade geometry
modeling will make it possible to use textured façades as
visual landmarks and meet the requirements of vision-based
localization units. To do so, the integration of 3D points
acquired by laser scanners on-board of the STEREOPOLIS
system could be a solution.
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Fig. 7.

(left) Global view of the Place de Jaude experiment in Clermont-Ferrand. free space in green, obstacles in red drivable space in blue.
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