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3.2 Processing 3D Points

The second source of information comes from a dense 3D representation of the envi-
ronment in the form of a map M, generated off-line. One issue with mobile Lidars is
that they produce an uneven distribution of points when registered together to form
such a 3D map. To mitigate this, we used an octree to produce a uniform distribution
of points by keeping a single point per bounding box of dy.x Wide. Since the envi-
ronment can either absorb (e.g., forest) or block (e.g., buildings) signals our model
has to treat these sources of obstruction differently. We rely on the shape of the dis-
tribution of neighbouring points to determine if a given obstacle is most susceptible
to cause absorption or occlusion. More precisely, for each point, we compute the co-
variance of its kny nearest neighbours. If the distance between a tested point and the
mean mp, of its surrounding points is greater than dy;, this point is on a corner or at
the periphery of the map. We consider that for these points, the covariance compu-
tation is invalid, and they are thus removed. For the remaining valid covariances, we
then sort their eigenvalues I;, with 1, < 1, < I3. By analyzing their relative ratios,
we defined local features that try to capture the level of ‘unstructureness’ u 2 [0;1],
‘structureness’ s 2 [0;1], and the spherical level d 2 [ 1;1] of each point. These
features are defined as:
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We can observe from Equation 1 that, as 11 approaches I3, the value of u will be
close to one. This will be the case, for spherical distributions, typical of objects
present in unstructured environments. A geometrical interpretation is less straight-
forward for s. When looking at the first ratio for s, as I, is approaching I3, the
covariance tends to assume a circular shape, while the second ratio will tend to one
if 1, is a lot smaller than 1, (i.e., a flat shape). If the local geometry is close to a
line, then both u and s will be near zero. By subtracting these two values, we can
represent the spherical level on one axis d with values close to minus one being
planes, around zero being edges, and close to one being a diffuse sphere. Figure 4
(left) shows an example of the spherical level d in an environment with buildings
and trees.

3.3 Predicting the number of satellites

For a given point on the ground and its normal vector n, we compute the estimated
number V of visible satellites. To do so, we developed a hemispherical and dis-
cretized reduction model P of the sky perceived by a receiver at this pose, aligned
with the normal n. It is built with the same resolution as our satellite map S. For
each cell pij 2 P, two statistics are extracted from the 3D points of the map M
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antenna. The IMU, an Xsens Mti-30, was used for the map M generation and the
state estimation. The lidar, a Robosense RS-LiDAR-16, was mounted with a tilt an-
gle of 27 to ensure that we can capture vertical structures as high as possible. This
was necessary to properly generate a view of the environment above the antenna via
the map M. Our algorithm is independent of the mapping and localization sensors
used, as long as accurate and dense 3D maps can be produced from them. Both
GNSS antennas are model Emlid Reach RS+, and coupled together to provide an
RTK solution. We used the default factory settings for which the receiver units ig-
nored satellites beneath an elevation of 15 above the horizon or having an SNR
lower than 35dB. The mobile receiver was placed one meter above the platform
to prevent obstructions from the platform itself. As for the static receiver, it was
mounted on a tripod and placed at a location having an open view of the sky. All
the mobile sensors were connected to a computer inside a Pelican case. This water-
proof case protected the electronics, while serving as a mechanical mount to hold the
sensors. This rugged and compact platform, thus allowed for field deployments in
harsh winter conditions. It also allowed for various means of transport, as displayed
in Figure 5, depending on terrain complexity.

GNSS Receiver
L 4

Fig. 5: Left: Rack mounted on a small robot for easy terrain (e.g. parking lot, sidewalks). Middle:
Rack pulled by a snowmobile for maps on hardened snow. Right: As a last resort, the rack could
be pulled by humans, which has proven to be useful on narrow/dense paths in the forest.

Five data gathering campaigns, as shown in Figure 6, were conducted on the
Laval University campus and its remote research forest, the Montmorency Forest.
All environments involved in the experiments were covered by a thick layer of snow
and targeted variable numbers of satellites, from zero to 20. Some of the trajecto-
ries, namely Parking and Courtyard, are within well-structured environments.
Both of these trajectories passed under covered porches to reach interior courtyards,
creating situations where few satellites are visible. Another trajectory, Mixed, ex-
plored an unstructured environment. It started in an open field with sparse large
trees on each side of a path and eventually traversed a deciduous forest, which is
sparse during the winter since all of the leaves have fallen. Finally, the last trajectory
Garage-1 was in the Montmorency Forest circling around small storage buildings.
The surrounding area was a coniferous forest, which remains very dense during
winter. We adjusted our parameters based on Garage-1, Mixed, Parking and
Courtyard. We used Garage-2 as our validation dataset by returning back 4
weeks later for another trajectory in the same area so that the satellite constellations
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occlusion prediction. By comparing the Mixed, Parking and the Garage-1 for
the Montmorency Forest, we determined that our model performed best in dense
environments. From Figure 7 (left), we can clearly see that for areas covered by
trees (the green region), our model can predict the number of visible satellites, while
the forest caused too much obstruction for the binary removal to be effective. This
is why an absorption model is appropriate for highly dense forest environment. The
blue zones in (right), corresponding to coverage by buildings, demonstrate that our
approach can also cope with this kind of occlusion.

Fig. 7: Number of satellites actually perceived (red line) compared to our model (black line) and
the model of Maier and Kleiner [13] (dashed black line). The red shaded area corresponds to the
standard deviation from an averaging window of 5 m Left: trajectory from Mixed passing through
highly dense forest that covers the sky. Right: trajectory from Parking passing through structured
environment that blocks signals. At Pose 40, the platform is right next to a tall building. The model
sees the wall as an obstruction, but since the platform is in a reflective environment, it still receives
a good amount a signal.

5.2 Stability Through Different Environments

To further illustrate the ability of our model in Equation 2 to cope with a wide variety
of environments, we show the relationship between the actual and predicted num-
ber V of visible satellites. The predictions are for the four trajectories Garage-1,
Mixed, Parking and Courtyard that were used to identify the parameters a, b
and g. The plot in Figure 8 shows that our model is indeed able to predict the num-
ber of visible satellites with a reasonable error, for all four trajectories. Moreover, it
is able to cope with a large range of satellite visibility (0-20).

5.3 Validation of the Predicted Coverage

Since Garage-2 is the same environment, the performance of our model should
be similar. The Figure 9 shows the predicted number V of visible satellite, along the
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5.4 Histogram resolution on occupancy

One encountered difficulty is that a planar surface may not produce as many points
as a tree would. Because of this, the histogram bins contain fewer values to work
with and so the precision decreases as shown in Figure 11. If the resolution is too
high, some parts of the map may be classified as unoccupied in the binary mask B
(e.g., awall of a building which is not dense enough). The signal is then incorrectly
allowed through by the model.

Fig. 11: Effect of the resolution on

the binary mask B. Left: point

cloud of a roof and a pillar. Middle:

Occupancy histogram with a resolu-

tionof 7.5 9 . Right: Occupancy

histogram with a resolution of 3:75
45 .

A possible solution to this problem is reducing the size dyox of the bounding box
of the octree filter or using ray tracing handling octree directly. This adjustment
would increase the number of points avoiding the original cause of the problem.

6 Conclusion

In this paper, we proposed a new model for estimating the number of visible GNSS
satellites, using a 3D point cloud map and future satellite constellation informa-
tion. Our model takes into account both absorbing (e.g. trees) and occluding (e.g.
building) structures, by only relying on the distribution and density of the 3D map
points. We also designed a flexible data gathering platform that is able to function
in harsh Canadian winters. To estimate and validate parameters of the model, we
moved our platform along several trajectories in diverse environments that featured
dense forests and high buildings. Contrary to a pure masking approach based on
the line-of-sight, our model was able to successfully predict the number of visible
satellites in all these environments. The prediction can thus be useful for trajec-
tory planning algorithms which rely on localization precision—the number of viable
satellites influences the DOP. Future work includes explicit DOP prediction based
on the geometry of the remaining satellites and their individual predicted SNR.
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