








Figure 3: This figure demonstrates the results of RRT
path planning and curvature continuous cubic Bezier
path smoothing in a fully known cluttered environment.

grid-based methods discretise the path into n points, as-
sociate these points to their nearest grid cell, and decide
if a point is collision-free based on the status in that cell.
The process is similar in the GP map approach, but in-
stead of associating points into cells, the query points
are directly passed into the GP map collision checker
that extract corresponding sparse training data, apply
GP regression using Equation (2) to (3), transform into
valid probabilities through Equation (5) which are fur-
ther classified as collision or non-collision based on a user
defined threshold.

The entire map is fully described by the collected sen-
sor database, covariance function and the hyperparame-
ters. Its main functionality is to perform collision check.
Whenever the path planner requests the occupancy con-
dition of a query point, the local dataset about this point
is extracted, followed by GP regression and sigmoid func-
tion to produce a valid probability of collision. A thresh-
old is then placed over this probability to obtain a binary
class label, i.e. collision or free.

The pruned path in Figure 3 is piecewise linear and
thus is not a suitable path for a RUAV with kinematic
and dynamic constraints. To achieve curvature conti-
nuity, the position, heading and curvature values of the
connecting linear paths must be the same at the joints. A
continuous curvature curve which satisfies the maximum
curvature constraint can be obtained using the two cu-
bic Bézier spiral curves. With proper design parameter
setting [Yang and Sukkarieh, 2008], the generated path
is guaranteed to have position, heading and curvature
continuities that satisfy the platform maximum curva-
ture constraint. The final smoothed path is illustrated
in Figure 3.

4 Simlation Results

In this section we present our GP map based online path
planning results for a RUAV in a simulated environ-
ment. The RUAV platform dynamics are represented
by a 6DOF small helicopter model suggested by Met-
tler et al. [Mettler et al., 1999]. High performance path

(a) Top view: t = 4sec (b) Top view: t = 16sec

(c) Top view: t = 25sec (d) Top view: t = 33sec

(e) Side view: t = 33sec

Figure 4: Above diagrams depict the snapshots taken for
a 6DOF RUAV performing online 3D path planning and
following in a cluttered environment from the origin to
a goal position located at [100,100,5].

tracking is managed using a linear explicit Model Pre-
dictive Controller (MPC) previously developed in [Yang
et al., 2009].

The environment is sparsely cluttered with obstacles,
displayed as the red blocks in Figure 4. The RUAV starts
at the origin with no prior information about the en-
vironment and the goal is located at [100,100,5]. The
RUAV is operating at a constant speed of 5m/s with a
fixed 3D laser sensor operating at 1Hz, having a max-
imum range of 40m and a field of view of 180 degrees
in both pan and tilt directions, consisting a total of 121
laser beams uniformly distributed within it.

Figure 4(a) to 4(d) illustrate four snapshots of path
replanning after the sensor detects obstacles along the
path ahead of the vehicle. In here we use a threshold of
0.6 to further classify the probability of collision into bi-
nary labels, i.e. a path can exist in any region that has a
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probability value less than 0.6. Note that the replanned
paths (dashed blue) in Figure 4(a) and 4(b) penetrate
through some obstacles on the field, which is inevitable
as these obstacles have not been detected. It is impor-
tant to choose a threshold that includes low information
areas into the planning region during the platform ex-
ploration stage. But for some stages where the platform
needs to revisit an area that it has been previously ex-
plored, a more robust path can be obtained by lowering
this threshold value, effectively limiting the planned path
to lie within the previously explored regions. Figure 4(e)
is to prove that the map and planner are able to operate
in the full 3D workspace. Although not shown in here,
the planner has the ability to plan a path the goes over
the top of an obstacle.

5 Conclusion and Future Work

This paper has explored the use of Gaussian Process oc-
cupancy maps as a more promising tool for path planning
in 3D space. Results have been demonstrated with appli-
cation to a RUAV performing 3D online path planning in
simulated cluttered environments of different complex-
ity. Our final goal is to embed these algorithms and
demonstrate them on our RUAV platform performing
real missions.

Ongoing work includes research on robust information
management for the GP map. The ability of Gaussian
Process performing inferences is based on the collected
training datasets. Applying GP map in an online fasion
is expected to have a growing database along with the
perception of new sensory information. Without proper
information management, the GP database will grow
without bound which eventually leads to memory fail-
ure. A possible research area is to apply information
theory to this problem, i.e. only the most informative
datasets are to be retained in memory, actively remov-
ing redundant information. Furthermore, information
rich sensors such as a monocular vision camera could be
introduced to further classify the obstacles into dynamic
and static classes, which then the covariance function
can be modified to include additional temporal correla-
tions between datasets from different timeframe to ac-
count for over confidence while performing GP inference
in a dynamic obstacle environment.
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