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Introduction Results
In order to better identify objects, we can use phtogrammetry to Table 1 and figure 4 enable to quantitatively compare our model
combine different 2D points of view and thus create a 3D rep- with the used baselines (Random Forest and XGBoost), while
resentation which contains information such as the structures or ficure 5 allows a qualitative comparison.
the heights of objects, or highlight the hidden ones. Semantic seg- Performances Overall accuracy (in %) Mean accuracy (in %)
mentation consists in performing a dense labelling of each point. Random Forest 74.93 52.92
Because graphs enable an efficient representation of the 2D man- XGBoost 64.68 09.44
ifold embedded in the 3D space, they are in essence well suited Our model 39.89 63.03

for this application since they allow efficient computations and to Table 1 : Performances on the test set of the cadastre with RGBZ.

capture the local neighboorhood of each point.
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1. To build the graph, we first mesh the point cloud as in figure 1
so that each edge between the tops of the generated triangles is a
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link between the corresponding nodes of the graph which weight is B e e e e S e e e
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Figure 4 : Confusion matrices computed on the test set with RGBZ.

Figure 1 : Mesh generation on a car. (a) Test set (b) Ground truth ( ) Predictions
Figure 5 : Qualitative results of our model on the test set.

2. Graph convolutions, first defined in the spectral domain |1,

can efficiently be done in the spatial domain through the use of As we can see, our model outperforms the baselines.
Chebychev polynomials 77 |2] which aim at defining the learnable .
filters. Thus, the graph convolution of a signal s € R" and a filter Conclusion

r € R"” can be defined as: s*gx = Z]K:Bl 0,1;(L)s where 0, are

learnable parameters and L is the Laplacian of the graph. We developed a model for semantic segmentation of aerial pho-

| togrammetry points clouds. To do so, we used deep learning on
3. Then, in order to easily perform the pooling operation, we oraph to get better results than random forest or X(GBoost with

need to build a binary tree such as in figure 2. a reduced number of features. In the future, we intend to im-

j plement dilated convolutions and skip connections. Further, we
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would like to explore the learning on different graphs and then

the learning of the graph itself.
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spatial distances between intra- and inter-layers real nodes.



