












(a) Point Cloud - Woodland - 115,828
points

(b) Point Cloud - Light Industrial -
150,250 points

(c) Shape Distance - Minimum AICc
Segmentation - 12,391 Ellipsoids

(d) Shape Distance - Minimum AICc
Segmentation - 7,173 Ellipsoids

(e) Density Distance - Minimum AICc
Segmentation - 4,057 Ellipsoids

(f) Density Distance - Minimum AICc
Segmentation - 5,061 Ellipsoids

Figure 6: Comparison of segmentations produced by using shape-distance and density-distance at their minimum AICc
(optimal) threshold values for two different environments. The left column is an off-road woodland scene, and the right
column is a light industrial scene. See Figure 1 for photographs.

sensor arrangements have different optima. While we
have seen similar results with other distance measures,
further investigation is required to identify whether this
outcome extends to all distance measures in general.

Plots of AICc vs. merge completion (Figure 5) reveal
that AICc minima occur very far into the merge pro-

cess (generally 80% completion or higher). This reflects
AIC’s preference for low complexity models that explain
the most data.

Representative Segmentations Figure 6 shows the
minimum AICc threshold segmentations for each dis-
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(a) AICc vs. Threshold - Shape Distance, Industrial
Scene the minimum AICc occurs at a threshold value
near 0.13
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(b) AICc vs. Threshold - Density Distance, Industrial
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around 1.7

Figure 4: AICc score vs. threshold parameter plots used for
selecting optimal threshold values in each case, AICc minima
are indicated. Segmentations at the optimal threshold values
appear in Figure 6. Note that the measures are more easily
compared using the relative merge completion in Figure 5.

tance measure in two representative environments, cor-
responding to the photos in Figure 1. The left-hand
column in Figure 6 shows an off-road woodland scene
composed of a ground-plane, cylindrical tree trunks, and
diffuse vegetation. The right-hand column shows a light
industrial scene composed primarily of planar building
façade and road surfaces, as well as some trees on the
right hand side of the road. The shape-distance mea-
sure shows good generalisation and tends to extracts
large-scale features, however this comes at the expense
of higher variance, and a higher number of ellipsoids;
whereas density-distance maintains a tight fit with fewer
ellipsoids at the expense of large-scale structure. Den-
sity distance typically produces lower AICc segmenta-
tions with fewer ellipsoids as a result of the better fit
to the data and the lack of geometric constrains on
segment growth. The colouration of the ellipsoids is
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Figure 5: Plots of AICc score versus relative merge comple-
tion ratio (number of points/number of merges) show that
the AICc minima occur very late in the merge process, later
in the case of density distance and with a lower AICc score.
This effect is due to AIC’s preference for low-complexity mod-
els.

based on their shape according to Figure 3. Shape-
distance leads to intuitively appealing segmentations by
emphasising dominant structures, particularly in well-
structured environments such as the industrial scene.
Density-distance leads to subjective over-segmentation,
but gives better data compression by providing a well
fitted model with fewer parameters. Thus the choice of
measure to use in a given situation depends on whether
an accurate model is more important than a good seg-
mentation. Figure 5 compares the measures based on
AICc scores versus model simplicity for each scene. The
density-distance measure clearly generates the most par-
simonious models.

Woodland Scene This scene is dominated by a
diffuse tree canopy and well-connected ground-plane.
Density-distance appears to deal with the diffuse regions
better than shape-distance and leads to a simpler model
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Figure 7: The optimal threshold parameter for shape-
distance selected by AICc is stable across very different types
of environments, as evidenced by the similar AICc minima.
In addition to the example industrial and woodland scenes,
we also include results from a road scene and a more struc-
tured industrial scene.

of such regions in general. The ground plane is composed
of tessellated ellipsoids due to point-cloud density vari-
ations. This effect could be suppressed by re-sampling
the point cloud to a more uniform density, but so far we
have tried to limit pre-processing of the data as much
as possible. Shape-distance performs extremely well on
planar surfaces and this is evident as the ground-plane
has been extracted as a single segment. Adjacent tree-
trunks tend to be merged by shape-distance in this scene
(although some of the effects are due to smearing from
scan mis-registration). The cylinder merging effect can
be reduced (if desired) by increasing the cylindrical offset
weighting in the measure (see Equation 8).

Industrial Scene This scene is typical of light indus-
trial building complexes and is dominated by the pla-
nar features of the roadway and building walls, with a
moderate amount of vegetation in garden areas. Shape-
distance generates a very simple model of the dominant
features in such environments and even does a fair job
of clustering compact canopy structures into spheroidal
segments. Many small ellipsoids remain unmerged (not
rendered) and the total model complexity remains higher
than density distance. By contrast, the density-distance
measure leads to a better model of the data with fewer
parameters, but does not reveal large-scale structure.

Issues Diffuse objects generally have no good model
(except globally perhaps) and are arbitrarily segmented

based on the emerging shapes of the seed regions.
This property makes shape-distance a worse choice than
density-distance for scenes composed of many such dis-
tributions. Curved objects and surfaces tend to be over-
segmented or represented by a single ellipsoid with high
variance. Initial ellipsoids are not good models of sharp
features and tend toward more spherical shapes that can
affect the resulting model in various (detrimental) ways.

5 Conclusion and Future Work

In this paper we sought to show that a segmenta-
tion/model which was generated by manipulating in-
termediate models of the data can be evaluated on a
consistent basis by evaluating the model (rather than
the produced segments). AICc has been demonstrated
to be a powerful and consistent method of model selec-
tion and parameter tuning. We also presented a novel
shape-distance measure which generates a dissimilarity
between a pair of ellipsoids in Euclidean space.

The shape-distance measure was shown to give more
intuitively pleasing segmentations than density-distance
at the cost of comparatively poor model fit and high
AICc scores. Density-distance maintains a good fit to
the data, but subjectively over-segments. The results
illustrate the benefit of using AICc for parameter tuning
by selecting sensible threshold values.

The sampling characteristics of our current sensor re-
strict us to fairly coarse global models at this stage, and
we are looking at using a different sensor with higher res-
olution to help generate finer-grained models with more
discriminative power. We will also investigate the effects
of additional pre-processing of the point cloud to further
remove noise, and perhaps generate more robust initial
ellipsoids, before segmenting the data. Post-processing
the results might also achieve a more desirable model;
for example, by removing small ellipsoids to reduce local
over-segmentation.

Future work will attempt to further verify the validity
of the AICc threshold tuning method theoretically.

One issue that can confound the segmentation algo-
rithm is the interaction of multiple overlapping objects.
This problem is particularly apparent in the woodland
environments we investigated, where a sparse shrub ap-
pears at the base of a tree. In some cases—for instance
where one component is more porous, or one passes
through another—additional analysis may be able to re-
cover the independent components, thereby allowing us
to separate these objects into multiple overlapping seg-
ments (e.g., a cylindrical tree trunk within a spherical
shrub). Another issue is that relatively small holes in
planar surfaces, such as windows and open doorways,
may also be ignored in the model in favour of fitting a
larger wall segment to the data. This problem is chal-
lenging since, in the case of a hole due to occlusion, it
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would be preferable to fill in such a gap. This trade-off
can be considered when designing an appropriate dis-
tance measure, and depends on the relative importance
of model compactness and accuracy.

As these algorithms are presently implemented in Mat-
lab, they are not yet suitable for online application. How-
ever, we envision that this goal could be achieved by
re-implementation in a more efficient programming lan-
guage.

Overall, the modeling and segmentation techniques
developed appear to form a good basis for future work in
object classification and change detection in the context
of outdoor autonomous robotics applications. Another
potential area of application is in data association for
SLAM. The current approach we have taken uses the raw
ellipsoids extracted from the point cloud data [Bosse and
Zlot, 2009a], and we plan to further investigate whether
the merged ellipsoids are sufficiently stable such that
they can be used to improve data association efficiency.
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