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Ultimate opening combined with area stability applied to urban scenes
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This paper explores the use of ultimate opening in urban analysis context. It demonstrates the efficiency of this approach for street level elevation images, derived from 3D point clouds acquired by terrestrial mobile mapping systems. An area-stability term is introduced in the residual definition, reducing the over-segmentation of the vegetation while preserving small significant regions. We compare two possible combinations of the Ultimate Opening and the Area Stability: first as a multiplicative factor, then as a subtractive term. On the one hand, multiplicative factor is very strict and many significant regions may be eliminated by the operator. On the other hand, a subtractive factor is more easily controlled according to the image dynamics. In our application, the latter provides the best results by preserving small meaningful objects such as poles and bollards while avoiding over-segmentation on more complex objects such as cars and trees.

Introduction

Ultimate opening (UO) is a morphological operator based on numerical residues. It produces relevant partial partitions of generic images. The operator successively applies a decreasing family of openings, γ λ , λ = 0, 1, ...N -1, that forms a size granulometry:

∀i, j : 0 ≤ i ≤ j ≤ N -1 ⇒ γ i ≥ γ j (1) 
Then, the residues between successive openings are computed: r i = γ i -γ i+1 and the maximum residue is kept for each pixel. Then, this operator returns two significant pieces of information for each pixel: R(I), the maximal residue which carries contrast information and q(I) which indicates the size of the opening leading to this residue, corresponding to the size of the structure containing the considered pixel. Thus, the ultimate opening definition is given by the following formula: R (I) = max(r i (I)) = max (γ i (I) -γ i+1 (I)) , ∀i ≥ 1

q(I) = max {i + 1 | r i (I) = R(I)} if R(I) > 0 0 if R(I) = 0 (2) 
In this residual framework, other openings can be used: openings by reconstruction [START_REF] Pesaresi | A new approach for the morphological segmentation of high-resolution satellite imagery[END_REF] or attribute openings [START_REF] Retornaz | Scene Text Localization based on the Ultimate Opening[END_REF]. These openings preserve the shape of the analyzed objects. Moreover attribute openings allow an efficient implementation based on a max-tree representation. Their use in real-time applications becomes possible for relatively large images.

Successful applications based on this operator have been developed such as rock analysis [START_REF] Outal | Controlling the ultimate openings residues for a robust delineation of fragmented rocks[END_REF], automatic text localization [START_REF] Retornaz | Scene Text Localization based on the Ultimate Opening[END_REF], façade segmentation [START_REF] Hernández | Ultimate attribute opening segmentation with shape information[END_REF]. Morphological profiles are extensively used in the remote sensing field: they address classification approaches in urban areas [START_REF] Benediktsson | The use of morphological profiles in classification of data from urban areas. In Remote Sensing and Data Fusion over Urban Areas[END_REF]3,[START_REF] Lefevre | Automatic building extraction in vhr images using advanced morphological operators[END_REF], ground and building extraction from lidar data [START_REF] Pedergnana | Classification of remote sensing optical and lidar data using extended attribute profiles[END_REF][START_REF] Mongus | Ground and building extraction from LiDAR data based on differential morphological profiles and locally fitted surfaces[END_REF]. As far as we know, these techniques have not been used for classification purposes on elevation images at the street level, acquired by terrestrial mobile mapping systems equipped with lidar scanners.

In this paper we apply ultimate opening to street level elevation images. We analyze the results and improve them introducing an area stability term in the residual definition. The paper is organized as follows: Section 2 details UO computation on a synthetic image. Section 3 introduces the area-stability term in the residual framework. Then, Section 4 demonstrates the efficiency of this method to segment urban scenes into significant objects. Finally, Section 5 concludes the paper and gives some perspectives for future developments. The attribute opening [6] used in this example is the height (y-extent) of the bounding box containing a connected component. The associated function q corresponds then to the height attribute of segmented structures. Fig. 1(a) shows the original image I. Results of successive height attribute openings (of size 1, 2, 3 and 4) are illustrated in the Fig. 1(a-d). Then residues are computed (Fig. 1(e-g)) and for each pixel, the maximum residue r i is selected and stored in R(I) (Fig. 1(h)) and the size of the opening leading to this residue is recorded in q(I) (Fig. 1(i)).

Ultimate opening computation

As aforementioned, the ultimate opening operator can be applied for segmenting generic images. In this paper, we explore its performance on elevation images from urban scenarios. Consider the Fig. 2, showing a 3D point cloud from Assas street in Paris. Fig. 2, first column, illustrates the ultimate height opening on the elevation image from that 3D point cloud.

UO computation 

(a) I = γ1 (b) γ2 (c) γ3 (d) γ4 (e) r1 = γ1 -γ2 (f) r2 = γ2 -γ3 (g) r3 = γ3 -γ4 (h) R(I) (i) q(I) Area stability (j) α1 (k) α2 (l) α3 MSER* UO computation (m) r α 1 (n) r α 2 (o) r α 3 (p) R α (I) (q) q α (I) MSER -UO computation (r) r β 1 (s) r β 2 (t) r β 3 (u) R β (I) (v) q β (I)

UO combined with area stability

Despite its performance, a drawback of the ultimate opening is the numerous spurious regions that are segmented in the background. Belhedi et al. [START_REF] Belhedi | Adaptive scene-text binarisation on images captured by smartphones[END_REF] address this problem. These spurious regions are assumed to correspond to noisy regions with low area stability (inspired from MSER approach [START_REF] Matas | Robust wide baseline stereo from maximally stable extremal regions[END_REF]). In order to reduce the influence of noise [START_REF] Belhedi | Adaptive scene-text binarisation on images captured by smartphones[END_REF] propose to introduce an area stability weighting factor, α i , in the residue definition:

r α i = r i * α i with α i = area i area i+1 (3) 
where area i is the area of the connected component of r i containing the considered pixel, in the threshold decomposition framework.

Fig. 1 illustrates the M SER * U O computation on the previously used synthetic image. First, the area stability weighting factors, α i are computed in Fig. 1(j-l). Then r α are obtained multiplying α i by r i in Fig. 1(m-o). Finally, the maximal residue is computed for each pixel in R α and the corresponding attribute size in q α . Comparing Fig. 1(i) and Fig. 1(q), we can observe that q α contains less noise than q

The result of M SER * U O on an elevation image from a urban environment is shown in Fig. 2, second column. Many noisy regions have faded. However bollards dismiss too, as they are small regions that merge directly with large regions without transition zones. They are then considered as noisy regions and are filtered out.

The multiplicative factor has a high influence in the final residual value and as we have seen it may delete significant small regions. We propose to introduce the area stability information as a subtractive term instead of multiplicative factor. Thus, the residue is defined as:

r β i = r i -β i with β i = k * (1 -α i ) ( 4 
)
where k is a maximal influence value, related to the image dynamics, given that the area stability is bounded between 0 and 1. In that way, the influence of the stability can be controlled by factor k. Fig. 1(r-t) show the corresponding M SER -U O residues and Fig. 1(u-v) the resulting images. The region in the top right corner is preserved in spite of its low area stability.

Fig. 2, third column shows the result of the UO with a subtractive MSER term (M SER -U O). In our experiments, the k parameter has been chosen to be one hundredth of the maximum elevation of the image (k = max{I}/100). Since the highest structures in the elevation image are trees and facades higher than 15 meters, this selected k value allows to extract objects in the decimeter scale. We can observe that most noisy regions are not present anymore while preserving bollards and trees without over-segmentation. The third row shows a zoom of the second row in order to appreciate the differences between the three ultimate opening versions.

Results

A urban scene semantization contest was organized by the French Mapping Agency (IGN) [5]. 3D point clouds were acquired in Paris by Stereopolis, the IGN terrestrial mobile mapping system equipped with lidar sensors. The method leading to the best results on TerraMobilita/iQmulus database [START_REF] Vallet | Terramobilita/iqmulus urban point cloud analysis benchmark[END_REF] apply to the elevation image obtained by a vertical projection of the 3D point cloud. This method, presented in [START_REF] Serna | Segmentation of elongated objects using attribute profiles and area stability: Application to melanocyte segmentation in engineered skin[END_REF][START_REF] Serna | Semantic analysis of 3D point clouds from urban environments: ground, facades, urban objects and accessibility[END_REF], is based on the hypothesis that each object contains only one significant maximum on the elevation image, which is true for objects such cars and poles. In that sense, the method relies on the h -maxima operator [START_REF] Schmitt | Un nouvel algorithme en morphologie mathématique: les rh maxima et rh minima[END_REF] to filter out low contrasted maxima and use the significant maxima as input for a constrained watershed [4] in order to obtain segmented objects. The main drawback of this method is that it does not work on complex objects such as vegetation and motorcycles. Moreover, the h parameter is a key parameter: if it is too low it over-segments textured areas and if it is too high it removes significant regions.

Ultimate opening is a good candidate to deal with urban analysis on this type of images. Image interpolation based on the morphological fill-holes operator introduced in [START_REF] Hernández | Segmentation et interprétation de nuages de points pour la modélisation d'environnements urbains[END_REF] and used also in [START_REF] Serna | Segmentation of elongated objects using attribute profiles and area stability: Application to melanocyte segmentation in engineered skin[END_REF][START_REF] Serna | Semantic analysis of 3D point clouds from urban environments: ground, facades, urban objects and accessibility[END_REF] is adopted in this paper in order to fill occluded areas and assure connectivity. The result of ultimate height opening applied to the interpolated image is shown in Fig. 2 first column. We can observe that the trees are correctly segmented, without over-segmentation and the car next to the trees is also correctly handled. Compared with the competing approach [START_REF] Serna | Detection, segmentation and classification of 3d urban objects using mathematical morphology and supervised learning[END_REF] the trees are not over-segmented and the car is correctly handled, even if it is not a maximum.

The maximal residue image R produces many spurious regions in the background that do not correspond to regions of interest. A thresholding of R can help removing these regions but may also remove low contrasted regions. The use of area stability weight penalizes regions with important changes in area that are probably related to the presence of noise, artifacts and contrast variation in the background or unintended connection between components.

Fig. 3 and Fig. 4 show additional results on elevation images derived from 3D point clouds acquired by the CAOR-MINES ParisTech acquisition system [7]. The same remarks on the quality of the result are valid for these images.

Conclusions and perspectives

This paper demonstrates the interest of the ultimate opening for the analysis of urban scenes. It produces relevant partitions avoiding over-segmentation of trees as well as preserving the objects next to them, even if they do not correspond to regional maxima in the elevation images. A drawback of this operator is that it produces many noisy regions in the background. The combination of an area stability term in the residual definition highly reduces this problem. We propose to use a subtraction term instead of a multiplicative factor previously introduced in the literature. In our experiments, we show that this subtractive term better handles significant small regions while efficiently removing noisy ones. It amounts to applying an adaptive contrast threshold that depends on the area stability of the region. In future work, we will quantify the benefit of our approach in urban scene analysis. 
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 1 Fig. 1 illustrates the intermediate steps of U O calculation. The attribute opening [6] used in this example is the height (y-extent) of the bounding box containing a connected component. The associated function q corresponds then to the height attribute of segmented structures. Fig. 1(a) shows the original image I. Results of successive height attribute openings (of size 1, 2, 3 and 4) are illustrated in the Fig.1(a-d). Then residues are computed (Fig.1(e-g)) and for each pixel, the maximum residue r i is selected and stored in R(I) (Fig.1(h)) and the size of the opening leading to this residue is recorded in q(I) (Fig.1(i)).As aforementioned, the ultimate opening operator can be applied for segmenting generic images. In this paper, we explore its performance on elevation images from urban scenarios. Consider the Fig.2, showing a 3D point cloud from Assas street in Paris. Fig.2, first column, illustrates the ultimate height opening on the elevation image from that 3D point cloud.
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 1 Fig. 1. Height U O computation. (a) Input image I. (b-d) height openings. (e-g) residues. (h-i) resulting R(I) and q(I) images. (j-l) area stability. (m-o) MSER* residues and (p-q) resulting images. (r-t) MSER -residues and (u-v) resulting images.

Fig. 2 .Fig. 3 .

 23 Fig. 2. Ultimate opening results on Assas street, Paris (TerMob2 LAMB93 0021 point cloud acquired by IGN). First row: 3D point cloud, elevation image I and its interpolated version Î. Second row: q( Î). Third row: a zoom on second row for visualization purposes.