














The parameters ayis , o21™ and a3 balance the various
terms of the energy which is defined up to a factor, so we
can fix one of them, e.g. awis = 1. The other parameters
aBiM and ogrd | are easily set (see Section 3.2).

2.7. Surface extraction

The boundary of the occupied cells of the polyhedral
partition forms a watertight polygonal mesh, free of self-
intersection. However this mesh does not fulfill all our
needs: it is verbose, since many facets of the polyhedral
partition may belong to the same planar primitive. These
redundant coplanar facets have to be identified and merged
into a single polygonal facet. Moreover, this polygonal
facet possibly features concave parts, holes and multiple
connected components, so it has to be triangulated to meet
display or post-processing requirements.

We reach both goals using a constrained 2D Delaunay
triangulation [7]: for each planar primitive that appears in
the reconstruction, we build a 2D triangulation of the ver-
tices of the corresponding polygonal facet that tries to be
as Delaunay as possible, while including among its edges
the boundaries of this polygonal facet, although the latter
do not necessarily constitute Delaunay edges. Interestingly,
this close-to-Delaunay property discourages badly-shaped
triangles.

Figure 7 illustrates the surface extraction step. It demon-
strates the higher conciseness and quality of the output mesh
over the raw boundary of the polyhedral partition.

Figure 7. Surface extraction. Left: boundary of the polyhedral

cell complex. Right: final mesh obtained by a constrained 2D
Delaunay triangulation on each planar primitive.

3. Experimental Validation
3.1. Implementation aspects

Our C++ implementation is based upon the Com-
putational  Geometry Algorithms Library (CGAL:
http://www.cgal.org). CGAL provides all the
needed basic geometric operations, as well as robust and
efficient algorithms for nearest neighbors search, principal
component analysis and 2D triangulations.

As there is currently no publicly available code for com-
puting 3D plane arrangements, and a fortiori our more gen-
eral polyhedral cell complex, we have developed our own

source code on top of the CGAL kernel. The use of ex-
act geometric computation [31] has proven essential: the
frequent occurrence of quasi-degenerate configurations in
large real-world data make rounding errors of floating-point
arithmetic prohibitive.

To perform the s —t cut, we use the Boost Graph Library
implementation of Kolmogorov’s max-flow algorithm [3].

3.2. Parameters

A major strength of our method is that the user basically
needs to set only one parameter, the scale distance o, de-
pending on the scale of the data, the noise level and the
desired precision. For all the other parameters, we used the
constant values of Table 1 throughout our experiments.

k number of nearest neighbors | 10

0 scale angle 25°
abrer | regularization for primitives | 0.05
a9 | regularization for the grid 0.5

Table 1. Values of constant parameters.

As for the initial cubic decomposition, we used cubes
of size 10 ¢ for ground data, and squared columns of base
size 10 o and of infinite height for aerial data, to allow the
vertical completion of buildings up to the ground.

3.3. Results

We tested our algorithm on datasets of various type and
size. We show our results in Figure 8.

The first dataset, block, is a synthetic, mechanical part,
typical of CAD models, that allows us to check our al-
gorithm on a simple example. It has already been recon-
structed in [17] for instance. We obtain a concise mesh, with
a good approximation of cylindric parts by planes. Since the
data is complete, the reconstruction does not resort to any
ghost primitive.

The other datasets were obtained from multi-view im-
agery by winner-take-all matching based on multi-scale
normalized cross correlation. Hence our input point clouds
present a large proportion of outliers, as clearly visible in
Figure 8(b) for instance.

entry-P10, fountain-P11 and Herz-Jesu-P25 are ground,
architectural scenes, taken from the publicly available
benchmark of [27]. We obtained concise, simplified mod-
els of these scenes that highlight their major planar features
and preserve sharp edges. Note how we recovered window
moldings in entry-P10 or steps in Herz-Jesu-P25.

Cluny and Marseille have been obtained from aerial
(resp. helium balloon and airborne) imagery. Our algo-
rithm successfully infers the overall structure of the scene
despite many missing facades in the input data. It also
recovers some roof superstructures, in particular chimneys
and dormer windows of the Cluny Abbey.



Table 2 gathers quantitative data about our experiments:
number of input points, of detected primitives, of ghost
primitives and of output mesh facets, as well as timings
measured on a 2.66 Ghz Intel Xeon PC. Notably, the com-
putation time does not exceed 35 minutes on our largest
datasets of several millions of points.

We would like to emphasize that the main objective and
achievement of our work are the conciseness and idealiza-
tion of the output models, and not a fine accuracy. We
obviously do not intend to compete with dense multiview
stereo reconstruction algorithms for example, [29] reports
2M facets on entry-PI10 and 1.6M facets on fountain-P11.
On the other hand, we do not intend to compete with dense
multiview stereo reconstruction algorithms as regards accu-
racy, as our main goals are conciseness and idealization.

4. Conclusion

We have proposed a novel method for automatic sim-
plified piecewise-planar 3D reconstruction and completion
from massive point clouds corrupted by noise, outliers, and
severe occlusions. We have demonstrated the benefits of our
approach on challenging urban and architectural scenes.

Future work includes incorporating verticality, horizon-
tality and orthogonality priors since the primitives detec-
tion step, in order to improve the visual acceptability of our
3D models. Also, we plan to explore the feasibility of a
streaming approach for out-of-core 3D reconstruction of en-
tire cities from ground or oblique aerial imagery.
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(a) picture of the scene

(b) input point cloud

(c) Output polygonal mesh

Figure 8. Piecewise-planar reconstructions on various datasets.

| Datasets | # points | o (m) | # primitives | # ghosts | # output facets | time (s) |
block 49283 1 52 0 208 7
entry-P10 1393012 0.1 452 1681 5376 550
fountain-P11 1526957 | 0.05 491 1439 4139 730
Herz-Jesu-P25 737990 0.05 895 4821 15025 265
Cluny 3019228 0.2 1241 6285 19889 2050
Marseille 3313834 1 1099 2415 11078 1400

Table 2. Statistics on processed models.




