











Table 3. Range bias vs. range.
Bias(mm) |30.0] 30.0 [120. 140.0, 140.0| 110.0|320.0
Range(m) 0.1 | 1.0 15 [20 |25 |30 |75

3.2 3D FeaturePoint Interpolation

As matched pairs of SURF features are obtained from 2D
intensity images, it is necessary to find corresponding 3D
position of the features for SLAM implementation. The
range images are rectified first in both image and range
aspects according to camera and range calibration results.
Then 3D interpolation is applied to calculate the range of
each feature. After that the 3D position of the point
features are transformed to Cartesian coordinate system. It
should be noted that the intensity images do not need to
be rectified because al their pixels exactly match the ones
in corresponding range images.

There is an option to change the order of range
image processing showing in Figure 1 if only rectified
features, instead of al the range data, are required. Range
image rectification block can be put after the 3D feature
interpolation so only the selected 3D feature points are
rectified. Thiswill reduce computation load further.

3.3 3D Rotation and Trandation RANSAC

The initial matches between two sets of 3D points in two
frames are obtained from SURF matching, as described
earlier. In fact the matching process is not unambiguous
and can produce mismatched pairings. In order to make
the landmark selection more robust and estimate the
relationship between two camera poses, 3D rotation and
trandation RANSAC [Fischler and Bolles, 1981] is
applied to refine the matches.

This agorithm uses the typicall RANSAC based
approach to find the inliers of the matched 3D feature
points. N pairs of matched points are randomly selected
from the data set first. Least square 3D point fitting is
applied to compute the rotation and translation that best fit
the N pairs of matched feature points. This transformation
is then applied to al the points within the data set to find
the total number of pairs that are consistent with this
particular transformation. The random selection of N pairs
of points and the above check is repeated M times to find
the transformation with the maximal number of consistent
pairs. This entire subset of matches regarded as correct
can then be used to calculate the camera pose using the
least square fitting of all of them.

Two methods are used for the least square 3D
point fitting to improve the robustness. One is the least
square 3D point fitting techniques proposed by Arun et al.
[1987], where no initial value for the transformation is
required but the uncertainty of the point position cannot
be taken into account. Another is the iterated linearized
least square approach where the uncertainty of the point
position can be considered but an initial vaue of the
transformation is needed. One way to get the initial value
isusing the result from Arun et al. [1987].

As alarge number of matched 3D points between
two frames are usually detected, a subset selection is
needed to limit the number of landmarks. A quality
measure has been chosen to avoid features being cluttered
within a small area out of those with the smallest range
measurement error.
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4 Data Association

One of the key tasks for SLAM is to find correct data
association. A robot has to determine whether a detected
landmark corresponds to a previously seen landmark or to
anew one. Vision-based SLAM approaches often use the
similarity of features’ descriptors from SIFT or SURF etc.
algorithms, as a similarity measurement. If the similarity
between both descriptors is above a certain threshold, the
landmarks are considered to be the same. This technique
can only provide good correspondences when the feature
has been observed from similar viewing angles [Gil et al.,
2006].

Since SURF or SIFT feature descriptors are only
partidly invariant to affine projection, the descriptor of
the same feature may be significantly different when
observing it from different viewpoints. For example, a
robot may be unable to make the correct data association
when moving through the same corridor but from
different directions. The descriptor also changes as the
scale factor or brightness changes, or image blur happens,
asanaysed by [Bay et al., 2008].

[Gil et al., 2006] proposed a method to deal with
the data association in the context of SIFT features from a
pattern classification point of view. The key idea of their
method is to track visual landmarks during several
consecutive frames and select only those features that stay
comparably stable under different viewing angles. This
reduces the number of landmarks in the resulting map
representation. However, this method requires a feature is
tracked in several consecutive frames before it is selected
as landmark, which is hard to be met when robot is
turning or fast moving.

In this work we proposed a different approach to
deal with the data association in the context of SURF
features. For each landmark, a set of SURF feature
descriptors are associated with it. The selection procedure
of the descriptors is as follows. As soon as a landmark is
selected the first SURF feature descriptor is associated
with it. Then the following descriptors of the landmark
are abandoned unless they are different with the first
descriptor and the other selected ones in certain degree.
At the same time the estimated camera poses number
associated with the selected descriptors are also saved for
improving data association.

Data association can be done either before the
SLAM or during SLAM. Performing data association
during SLAM allows the more accurate landmark and
poses information to be used, and thus used in this
approach. Figure 6 shows the flowchart of the proposed
data association process. The aim of this data association
agorithm is to be robust as well as computationally
efficient.

First geometry of possible matches is estimated.
SURF descriptor matching is then applied with an
adaptive matching ratio to guarantee enough match
quantity without losing match quality. This approach
greatly increases data association accuracy.

The landmarks can be further selected
according to observation frequency. A step interva is
setup to check al landmarks in the global map for
landmarks consistency. Only key landmarks are kept with
decision based on the state of the camera movement when
observation is made and repetitiveness, which can reduce



the landmarks size and alow SLAM to perform much
more efficiently.
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Figure 6. Data association flow chart

To achieve a good estimate of global position of
positions and odometry, our SLAM optimisation is
performed at the end of each non key landmarks removal
step. Assuming there is not a large degree of uncertainty
in the trgjectory, a good estimate of possible loop closures
can be calculated.

5 Testsfor SLAM

In order to verify the performance of proposed 3D
landmark extraction method, field test data with ground
truth were collected.

5.1 Theexperiment setup

The experiment is setup such that it mimics area search
and rescue environment. A SwissRanger camera is
mounted on a push trolley, exactly 0.52m above the
ground, which we negotiate through a set path marked on
the ground. The path also has elevation in the z axis so
that it can represent a more practical 3D SLAM situation.
Features such as, blocks, crates, mannequins and blankets
are scattered randomly throughout this environment.
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Figure 7b. The test equipment settings

Data is collected by sampling the camera frame
at a set rate. The intensity and the range images are stored
while the trolley is pushed around the circuit. The
trajectory is created in a way that similar features can be
re-observed while also closing aloop. Figure 7a shows an
example of the environment, and Figure 7b shows the test
equipment settings.

52 TheSLAM algorithm

The SLAM algorithm implemented is a recent developed
efficient SLAM algorithm called 3D |-SLSJF: Iterative
gparse local sub-map joining algorithm [Hu et al., 2009].
This approach is computationally more efficient than the
typical maximum likelihood (ML) method and also shows
much better accuracy compared with 3D EKF (Extended
Kalman Filter) SLAM. The method essentially builds
several local maps with high local feature accuracy and



then joins them to form a global map both using the least
squares approach. The agorithm itself exploits the
sparseness of the map joining process making it
computationally more efficient. Since the algorithm itself
isincremental in nature, it can be easily implemented onto
areal time system.

5.3 Test Results Comparison

The selected 3D landmarks and camera poses from the
output of the 3D rotation and transation RANSAC are
used as the input in the 3D I-SLSIF SLAM agorithm, as
shown in Figure 1. The initial estimation of the camera
poses is given a very high uncertainty covariance, so that
the model will be heavily dependent on observations.

Figure 8a shows the results based on odometry
only (the odometry is obtained from the relative poses
computed from the least square fitting between
consecutive frames), in which all the landmarks in each
frames are treated as new landmarks. Comparing with the
ground truth tragjectory, the green line shown in the figure,
it can be seen that the error is quite large.

Figure 8b. SLAM result without data association.

SLAM results without applying the proposed
data association for the 3D landmarks are shown in Figure
8b, where the continuously observed landmarks are
identified. The results show that |-SLSJF SLAM can
greatly reduce the error produced from feature matching.
It improves the pure odometry estimation to some extent.
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Figure 8c. SLAM results with the close loop information.

Figure 8c shows the SLAM results with loop
closure using proposed data association for the 3D
landmark data. The navigation result is improved
significantly if aclosed loop situation is experienced. Like
al SLAM methods, The SLAM result is still not very
satisfactory presumedly due to the range measurement
bias and some other facts of imperfection. Accurate data
association and landmark identification is very important
asto avoid convergence towards the wrong solution.

6 Conclusion

This paper demonstrated that it is possible to extract and
match 3D point features using SwissRanger data only for
successful SLAM where the camera moves in six degrees
of-freedom without odometry information. Although the
quality of intensity image obtained from the SwissRanger
is not very good, SURF feature detection can be used to
successfully extract and match features in the image
plane. The 3D position of the matched feature can be
further obtained by the range image. After proper outlier
removal and data association steps, the extracted 3D
landmarks are used in the SLAM to obtain an estimate of
the camera poses and landmark positions.

This work shows that it is sufficient to use a
single SwissRanger to perform SLAM without the need of
combination with other sensors. However, there are still
some limitations of the current research. For example, the
ambiguity of the range measurement need to be further
analysed. The 3D I-SLSJF can still be dow if too many
landmarks are selected for SLAM. The success rate of this
method largely depends on data association associated
with the feature matching algorithm.

Further research is necessary to make the feature
selection and matching more efficient and reliable such
that it can be used in real time SLAM.
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