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correspondences) to obtain the set of inliers. The final pose
was then calculated through an optimisation over all inliers.
This process is typically only takes about 0.5ms. Figure 4
shows all the inlier correspondences between the Kinect and
mobile camera images computed in this way.

Figure 4: The inlier matches between the Kinect RGB im-
age and the mobile camera RGB image as determined by
RANSAC

3.6 Robot localisation on a 2D planar map

Since the robot is restricted to movement on the ground sur-
face, we define the ground plane using the Kinect’s depth data
to give the robot a 2D map of its operating environment. This
is done through a calibration process where a user manually
selects three points on the ground plane in the Kinect image.
The depth values at these three points are then used to gen-
erate a ground plane of the form ax + by + cz = d, where the
constants a,b and ¢ are normalised to produce unit vector for
the plane normal.

Points in the kinect depth image are classified into three
categories

* Points within a noise threshold of the ground plane are
considered to be part of the ground plane.

* Points above the ground but below the height of the robot
are marked as obstacles.

* Other points are disregarded.

Projection of a point [x,y,z]” to the ground plane with
plane normal n = [a, b, ¢|T is computed by:
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The projected ground plane points (x',y’,7/)7 are trans-
formed onto a xy plane to give an overhead 2D map. The
transformation required is a rotation to align the plane nor-
mal, n, and two other perpendicular vectors lying on the
plane, Xplane and Ypiane, With the Kinect’s camera coordinate
frame. This is followed by a translation in the plane normal
direction by an arbitrary amount | . The transformation can
be expressed as:
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The z4p coordinate is constant over all points in the xy
plane and is discarded.

To obtain the final map localisation, the pose estimation
is projected from the Kinect’s frame onto the 2D map. The
translation component of the pose estimation is projected in
a similar manner to a 3D point as described above. The ori-
entation requires multiplying the rotation component with a
unit vector along the Kinect’s optical axis before projection.
The result is the localisation of robot position as well as ori-
entation. Figure 5 displays the position and orientation of the
robot in a map filled with obstacles.

Figure 5: Dynamic map generated using Kinect. Left:
Kinect’s point-of-view showing obstacles in red. Right:
kinect data projected as a 2D planar map.

4 Experiments

4.1 Localisation Accuracy for a Static Scene

Figure 6: Experimental setup to measure the accuracy of
localisation system The masking tape on the floor is used for
ground truth measurements.
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To measure the precision and repeatability of the localisa-
tion system, the robot was localised at a number of marked
positions and orientations as shown in figure 6. This is done
by projecting the 6 DoF robot pose onto the 2D planar map.
The distance between the marked positions was measured
to £2mm accuracy with a measuring tape to provide ground
truth data. 10 data points were measured for each location to
provide a mean and standard deviation for each position. The
obtained results are shown in figure 7. Each cluster of points
represent a set of measurements for a single location.
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Figure 7: Measured Position Localisation

This data was analysed in a number of ways:

* Because the full 3D 6 DoF pose is calculated, the con-
straint that the robot sits on the ground plane is not re-
spected. In order to provide a measure of the global
accuracy of the system, a plane was fitted to all the
computed mobile camera positions. The residual sum-
squared error between all computed positions and this
plane was then calculated and divided by (n — 3), where
n is the number of measured positions, to obtain an un-
biassed estimate for the variance of position error in the
direction of the plane normal. This analysis gave a stan-
dard deviation in this direction of 0.012m (1.2cm).

* A second analysis was performed on each line of data
using a similar method. A line was fitted to each of the
three subsets of the data, the residual squared distance
to the line was computed and divided by (n —2) to give
unbiassed estimates of the standard deviation of 0.010m
for the right line, 0.16m for the centre line and 0.021m
for the left line. The reason for this variation in accu-
racy from left to right is unknown, but is likely to be due
to the specific geometry of landmark data used in the
experiments. The standard deviation of the orientation
was also computed to be 0.03 radians (All points on the

same line were assumed to have the same ground truth
orientation).

The accuracy of the localisation is largely dependent on
the number of correct feature matches between the kinect and
robot’s camera. With a cluttered scene where there are nu-
merous texture features, the system demonstrates results con-
sistent to 16mm of the ground truth. As the proportion, p,
of correct matches drops, the probability of selecting the cor-
rect hypotheses for a given number of RANSAC iterations, n,
descreases. For the three point pose estimation, we require
three correct correspondences. A 0.01 probability of testing
n randomly sampled hypotheses and not selecting the correct
inlier set is:

(1-p*)"<0.01 (13)

Our system samples n = 200 hypotheses, requiring an in-
lier rate of 0.283 for a 0.99 chance of selecting the correct
pose. This places a limit on the field of view overlap required
between the Kinect and the robot’s camera for correct local-
isation. A smaller view overlap and likely increase in false
positive correspondences may diminish the chance obtaining
of the correct pose.

Another source of mismatches occurs from large viewpoint
differences between the Kinect and robot. Despite our HIPS
features having slight affine invariance, sufficient viewpoint
deviations will cause structural corners to change appearance
significantly due to its changing background.

4.2 Localisation in Dynamic Scenes

It is difficult to perform visual localisation in dynamic scenes
as visual features may move unexpectedly or become oc-
cluded on a regular basis. Our system operates robustly in
dynamic scenes as moving objects still contribute visual fea-
tures to pose estimation. Occlusions have little effect because
they only matter when features visible in one view are oc-
cluded in another; typically a small portion of features.

The video submission accompanying this paper” shows the
robot localising repeatedly in a dynamic environment. Still
frames of the robotic experiment taken from a handycam and
screen captures of the 2D planar map showing the robot’s
pose are available at the end of this paper.

5 Conclusion and Future Work

We have presented a robot and external RGB-D sensor sys-
tem that performs a 6 DoF pose estimation in real time. The
system achieves up to 10 fps despite the processing limitation
of the smartphone on the robot and the bandwidth limitation
of the Wifi-based communication link. Localisation is also
robust against dynamic environments. Future work includes
extending the system to include input from multiple Kinects
so that universal coverage can be provided, and the use of

2http://www.youtube.com/watch?v=N5PXHWkS8nCE
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multiple robots, including kinect-carrying robots that can act
as the external sensor. We also plan to explore the compu-
tational asymmetry further by investigation of different divi-
sions of labour between robots and external sensors.

References

[Betke and Gurvits, 1997] M. Betke and L. Gurvits. Mobile
robot localization using landmarks. Robotics and Automa-
tion, IEEE Transactions on, 13(2):251-263, 1997.

[Cox et al., 1990] 1.J. Cox, G.T. Wilfong, and T.L. Pérez.
Autonomous robot vehicles, volume 447. Springer-Verlag,
1990.

[Dellaert et al., 1999] F. Dellaert, W. Burgard, D. Fox, and
S. Thrun. Using the condensation algorithm for robust,
vision-based mobile robot localization. Computer Vision
and Pattern Recognition, 1999. IEEE Computer Society
Conference on., 2:2 vol. (xxiii+637+663), 1999.

[Inaba et al., 2000] Masayuki Inaba, Satoshi Kagami, Fumio
Kanehiro, Yukiko Hoshino, and Hirochika Inoue. A plat-
form for robotics research based on the remote-brained
robot approach. The International Journal of Robotics Re-
search, 19(10):933-954, 2000.

[OpenNTI, 2010] OpenNI. Kinect drivers.
http://www.openni.org/, 2010.

[Rawlinson et al., 2004] D. Rawlinson, P. Chakravarty, and
R. Jarvis. Distributed visual servoing of a mobile robot
for surveillance applications. Australasian Conference on
Robotics and Automation (ACRA), 2004.

[Rekleitis er al., 2006] Toannis Rekleitis, David Meger, and
Gregory Dudek. Simultaneous planning, localization, and
mapping in a camera sensor network. Robotics and Au-
tonomous Systems, 54(11):921-932, 2006. Planning Un-
der Uncertainty in Robotics.

[Rosten and Drummond, 2006] E. Rosten and T. Drum-
mond. Machine learning for high-speed corner detection.
Computer Vision—-ECCV 2006, pages 430-443, 2006.

[Seetal,2001] S. Se, D. Lowe, and J. Little.  Vision-
based mobile robot localization and mapping using scale-
invariant features. In Robotics and Automation, 2001. Pro-
ceedings 2001 ICRA. IEEE International Conference on,
volume 2, pages 2051-2058. IEEE, 2001.

[Taylor and Drummond, 2009] S. Taylor and T. Drummond.
Multiple target localisation at over 100 fps. In British ma-
chine vision conference, volume 4. Citeseer, 2009.

Page 7 of 9



Proceedings of Australasian Conference on Robotics and Automation, 7-9 Dec 2011, Monash University, Melbourne Australia.

Kinect

Figure 10: Example of localisation in dynamic scene with moving objects
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Figure 11: Example of localisation in dynamic scene with occlusions

Figure 12: Example of localisation under significant scale and viewpoint change
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