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We propose a localization approach in urban environments based on correspondences between street photographs and a 2D GIS. Assumption of vertical facades and use of vanishing points theory allows extracting a partial geometry from the images : angles and width ratios between facades. This information is then transformed into GIS queries, which result in a layer of every possible pose for the camera. Wrong poses are then discarded based on consistency criteria, using road layer information or building layer information that has not been used before. Eventually, combination of possible poses coming from several images of the same site result in a unique pose, the true one. We show results of our experiments based on real data of Nantes city, France.

Introduction

Onsite GIS applications meet an increasing demand in urban environments, for retrieving, creating or updating geographic information. Such applications always require a precise localization of the user. While geographic information is usually in 2 dimensions, 3D building models become available as well as facade textures and also street pictures if they can be registered in the GIS frame. Need for accurate and reliable 3D data becomes serious in the field of urban planning in a context of sustainable development. Moreover, tools for 3D virtual exploration of cities grow popular [START_REF] Snavely | Photo tourism : exploring photo collections in 3d[END_REF], but they are limited by 3D data low accuracy and coverage. Interaction with 3D data brings new challenges, to which Augmented Reality seems to be a promising solution. Geographic data is overlaid in real time on pictures of a scene, which demands a real time registration of a camera frame in a GIS frame, involving both 3D localization and orientation of a camera. In our approach, such registration is obtained by matching photographs taken in streets with geographic data. Since we work with a 2D building layer and a 2D road layer, we achieve a 2D localization and 3D orientation, assuming facades are vertical. As a feedback loop, our GIS-connected Augmented Reality application will insert new 3D data in the GIS, for instance facade textures and the associated semantic information. This article is structured as follows : part 2 presents a state of the art about outdoor localization based on computer vision. Part 3 explains how image data is matched with GIS data. Part 4 presents the results of our experiments and part 5 discusses the possible improvements and future work.

Existing work

Outdoor localization based on computer vision typically relies on a model on the viewed scenes. However, some applications get rid of any model and build a cloud of 3D points modeling the scene, but the registration of such a local model is still required [START_REF] Schindler | Towards featurebased building reconstruction from images[END_REF][START_REF] Snavely | Photo tourism : exploring photo collections in 3d[END_REF][START_REF] Bartczak | Extraction of 3D freeform surfaces as visual landmarks for real-time tracking[END_REF][START_REF] Wang | Simultaneous localization, mapping and moving object tracking[END_REF][START_REF] Moslah | Fitting uncalibrated photographs to geo-referenced urban 3d models[END_REF]. The first type of model data used for outdoor localization is street images, which have previously been registered in the GIS frame. Such approaches rely on image matching and triangulation as presented in [START_REF] Zhang | Image based localization in urban environments[END_REF]. The size of an image database can get huge as its coverage grows, leading to non real time computation. The first way traditionally explored to overcome that limitation is reduction of computation time through an optimized indexing algorithm [START_REF] Shao | Hpat indexing for fast object/scene recognition based on local appearance[END_REF][START_REF] Goedeme | Fast wide baseline matching for visual navigation[END_REF][START_REF] Fritz | Urban object recognition from informative local features[END_REF][START_REF] Zhang | Image based localization in urban environments[END_REF][START_REF] Steinhoff | How computer vision can help in outdoor positionning[END_REF]. The second way is reducing the database size with simplified textures [START_REF] Johansson | A system for automatic pose-estimation from a single image in a city scene[END_REF], spherical images [START_REF] Jong Weon Lee | Tracking with omni-directional vision for outdoor ar systems[END_REF] or region of interests rather than complete images [START_REF] Robertson | An imagebased system for urban navigation[END_REF]. Vector data, for instance 3D wireframe building models, are also used. Virtual tracking provides an accurate outdoor localization [START_REF] Behringer | Model-based visual tracking for outdoor augmented reality applications[END_REF][START_REF] Jiang | A robust hybrid tracking system for outdoor augmented reality[END_REF][START_REF] Ribo | Hybrid tracking for outdoor augmented reality applications[END_REF] but initialization of the camera pose is still a challenging issue. Posit algorithm [START_REF] David | Softposit : Simultaneous pose and correspondence determination[END_REF] aims at establishing automatic correspondences between images and 3D model, but no result have been shown in an outdoor environment. Use of GPS is interesting [START_REF] Haala | A multi-sensor system for positioning in urban environments[END_REF][START_REF] Sourimant | Gps, gis and video fusion for urban modeling[END_REF] but the accuracy in dense urban environment may not be enough for pose initialization. Most of the approaches mentioned above consider a 3D model of only 1 building and there-fore, research of the right building in a GIS is not considered. [START_REF] Robertson | Building architectural models from many views using map constraints[END_REF] uses a model made of a 2D map, containing several buildings, but correspondences between images and 2D model are found manually, which implies the user knows how to establish such correspondences. A third type of model, combination of vector data and textures, brings a better robustness and accuracy. Initialization of the camera pose is still required, and differential GPS is often considered [START_REF] Reitmayr | Going out : Robust model-based tracking for outdoor augmented reality[END_REF][START_REF] Reitmayr | Initialisation for visual tracking in urban environments[END_REF][START_REF] Cappelle | Localisation in urban environment using GPS and INS aided by monocular vision system and 3D geographical model[END_REF][START_REF] Volker Coors | Matching buildings : Pose estimation in an urban environment[END_REF] in association to a sweeping algorithm. However, this kind of approach faces the 2 main limitations we find in approaches based only on image data or only on vector data. On the one hand, creation of an image database with large coverage and accurate registration in big cities seems currently out of reach. On the other hand, no satisfying method has been found for pose initialization using a model containing several buildings.

3 Matching GIS and images

Geometry extraction from images

Our approach is based on facade extraction from the images, based on the assumption that facades are vertical. Vanishing points associated to the facades can be extracted using for instance [START_REF] Kalantari | Détection automatique des points de fuite et calcul de leur incertitude à l'aide de la géometrie projective[END_REF] or [START_REF] Kosecka | Video compass[END_REF]. The vertical vanishing point is the same for every facade, and each facade is associated to 1 horizontal vanishing point. Based on our previous work [START_REF] Bioret | Localization approach based on image/GIS correspondence using a simple 2d building layer[END_REF], we can extract the width ratio between 2 neighbor facades and the angle between 2 facades even if these are not neighbor facades. Each image measurement is associated to a measurement uncertainty, which we propagate to the angles and width ratios measurements. However, it is not directly possible to extract length information from the image, because of the unknown scale factor.

Segments queries in the GIS

Then this information is transformed into GIS queries. Our GIS contains a 2D building layer, which is made of 2D polygons representing building footprints, and a 2D road layer made of polylines representing the median axis of the roads. For 2 neighbor facades F 1 and F 2 , we extract an angle α and a width ratio r, associated with uncertainty measurements. Those uncertainties are given as standard deviations and are then transformed into tolerances δ α and δ r . Then, we query in the GIS every couple of segments (s 1 , s 2 ) such that : -s 1 and s 2 share a common extremity, -s 1 and s 2 are separated by an angle belonging to [αδ α , α + δ α ] -s 1 and s 2 are related by a length ratio belonging to [rδ r , r + δ r ] Figure 1 details how these queries work. We have then a set of every possible couple of segments in the GIS building layer, with correspondences between s i segments and F i facades. Therefore we can compute a set of every possible pose. This number of possible poses can be seriously reduced using consistency criteria. If more complex struc-tures are identified in the images such as collections of n neighbor facades, we can use more complex segments queries, which will result in fewer possible poses than with only 2 neighbor facades.

Figure 1 -Segments queries in the GIS building layer

Consistency queries in a GIS

First of all, if several unrelated angles and ratios are computed from an image, several sets of possible poses are generated and are then merged together. During the merging of n poses layers, we can remove every pose which do not belong to a group of n poses. In this query, as in every other consistency query, we use tolerances which prevent from deleting the true pose.

Secondly, we can tell from the image if there is a road between the pose and the viewed facades. For each computed pose and using GIS road layer, we can obtain the same information. If there is a contradiction between GIS and image measurements, the pose is discarded. Similarly, we can compute for each pose and using the building layer if there is an obstruction by a building located between the pose and the viewed facades. If such a situation occurs, the pose is discarded, which allows us to discard any pose located inside of a building. Figure 2 gives an obstruction example. Thirdly, more precise measurements can be made in the image, like azimuth measurements. For each possible pose, a viewing polygon is computed, defined as follows : this includes every point in the GIS that can be viewed from the pose, in a particular angular domain and within a given range distance (in our experiments this range distance was about 100 m, which corresponds to the limit of the image resolution to reliably distinguish vertical facades). This viewing polygon contains every azimuth angle of viewed vertical edges and every orientation of vertical facades, which can also be computed from the images. For every inconsistency between GIS and image measurements, the pose is discarded. Definition of tolerances for such a query is however difficult because it must take into account GIS modeling errors. Figure 3 details how these queries work. 

Queries using several images

While consistency queries aim at cutting the number of possible poses down to 1, it is not always possible to achieve this goal only using 1 image. We have to combine information coming from different pictures taken at the same location, with varying orientations. One set of possible poses is generated for each image, and are merged using a distance criterion. For n images, we should observe groups of n poses located within a tolerance distance R, and every pose which do not meet this assumption are discarded.

Experimental results

Our experiments were based in real data from the city of Nantes, France. Our GIS data can be viewed on http:// www.geonantes.fr, and initially contains 7138 buildings, which corresponds to a 3km 2 area. We can remove from this GIS every segment that cannot be viewed from a street point of view, and as a result, we query a transformed building layer containing 2715 polygons. Moreover, we have taken a set of 28 street photographs, distributed on 7 different sites. On each site, the different poses are located within a circle of radius 10 m. Those photographs were taken with the same focal length, and therefore we consider that the internal camera parameters are known. Radial distortions in the image have been corrected based on OpenCV library. In our approach, vanishing points are extracted automatically but recognition of the vertical edges limiting facades, and definition of neighborhood relationship between 2 facades is done manually. One can notice that [START_REF] Micusik | Detection and matching of rectilinear structures[END_REF] gives an interesting approach for automatic segmentation of the image into facades. On the 28 images, 4 were found correctly positioned in the GIS. 4 other images have not been located because the number of possible poses was above 1. There were 20 failures.

-8 failures were due to a problem in GIS data, and more precisely 4 failures were due to a recent building, viewed on the image but not present in the GIS (an example is given in Figure 4), 3 errors were due to a wrong angle between 2 facades in the building layer (an example is given in Figure 5), and 1 error was due to a 3D structure which does not belong to a building but which was considered as part of the building. on an image, and therefore no pose can be computed. We also noticed that in the case there were no failures, position accuracy was less than 1 meter, which is very interesting because this is enough for pose initialization using visual tracking.

Discussion

Solving failures

Some improvements can be made to solve the failures listed in paragraph 4. First of all, use of multi-hypotheses approach could help find the right correspondences between GIS and images in ambiguous cases, although it could generate much more possible poses. In case of facades separated by a 180 degrees angle, the vertical edges limiting 2 neighbor facades are difficult to find because they cannot be found using vanishing points, only by texture analysis. In case of a wrong GIS modeling, wrong segment orientation or over segmentation of a polygon, multi-hypotheses approach could also help because such modeling errors occur in very special case that could be predicted. Secondly, one could also increase tolerances used in queries so as to take into account error modeling in GIS. Thirdly, we could also take advantage of a width modeling for the roads.

Reducing the number of possible poses

We can also explore several ways to reduce the number of possible poses. It depends on the number of considered polygons in the GIS building layer, but also on the relative orientations of the facades. For instance, unusual angles in a city are easier to find than angles of 90 or 180 degrees, which are extremely frequent in a city like Nantes. Use of an accurate GPS would help reduce the number of polygons to query, although GPS signals are hardly available in dense city centers. Use of absolute orientation sensors, even with a low precision, will help filter out many wrong poses. However, this will really be useful if the distribution of facade orientations in the city is isotropic.

Using 3D data

Use of 3D data allows highly selective pose filtering, but we face the problems of availability, accuracy and reliability of such data. Indeed, modeling of 3D data is much more difficult that modeling of 2D data. On the one hand, correspondences between images and 3D model will be ambiguous in some cases, which implies that human interaction will be mandatory to establish such correspondences. On the other hand, correspondences between images and 2D model are also ambiguous because we do not take into account building height in inter visibility computation. As a result, we plan for the future to work on the use of 3D data using interactive approach.

Conclusion

We have proposed in this article an outdoor localization approach for street images, based on GIS building layer. Automatic correspondences between GIS and geometry extracted from the images result in a layer of every possible pose. Wrong poses are then filtered out using consistency criteria with building and road layer and also merging the possible poses coming from several images. Experimental results have shown that this approach is relevant, but limi-tations appear like the ambiguity in correspondences between images and 2D GIS. Many ways can be explored to overcome these limitations, and chiefly multi-hypotheses approach, use of 3D data, and multi view localization. Moreover, it seems that interactive localization is more robust than automatic one. Therefore our future work also includes a better integration of the user role during the localization process.
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 6 Figure 6 -Difficult correspondences between Images and GIS, due to 180 degrees angles