
































and 512 (Figures (b) and (c)). The clustering algo-
rithms k-medians and CURE were used to generate
clusters with the same amount of memory. The results
are shown in Figure 13.

All three algorithms are able to track high-density
regions in coherent clusters, but there was little infor-
mation about the shapes of the clusters in the output
of k-medians or CURE. Visually the output of Cluster-
Hull looks strikingly similar to the input set, offering
the analyst a faithful yet compact representation of the
geometric shapes of important regions.

5.2 The circles and the ellipse data
sets
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Figure 14: The left column shows output of ClusterHull
(top), k-medians (middle) and CURE (bottom) for
circles dataset with m = 64. The right column
shows corresponding outputs for ellipse dataset with
m = 128.

In this experiment, we compared ClusterHull with
k-median and CURE on the circles and the ellipse
data sets described earlier. The circles set contains
n = 10, 000 points generated inside 3 circles of different
sizes. We ran the three algorithms with a total memory
m = 64. The output of ClusterHull is shown in
Figure 14 (a); the output of k-median is shown in (b);
and the output of CURE is shown in (c).

Similarly, Figures 14 (d), (e), and (f), respectively,
show the outputs of ClusterHull, k-median, and CURE

on the ellipse data set with memory m = 128. The
ellipse data set contains n = 10,000 points distributed
among ten ellipse-shaped clusters.

In all cases, ClusterHull output is more accurate,
visually informative, and able to compute the bound-
aries of clusters with remarkable precision. The out-
puts of other schemes are ambiguous, inaccurate, and
lacking in details of the cluster shape boundary. For
the circles data, the k-median does a poor job in de-
termining the true cluster structure. For the ellipse
data, CURE does a poor job in separating the clus-
ters. (CURE needed a much larger memory—a “win-
dow size” of at least 500—to separate the clusters cor-
rectly.)

6 Tuning ClusterHull
Parameters

In this section, we study the effects of various param-
eters on the quality of clusters.

6.1 Variation with r
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Figure 15: The result of varying r on the ellipses data
set.

We first consider the effect of changing r, the
number of initial directions assigned to each hull. To
isolate the effects of r, we fixed the values of p = .05
and k£ = 10. We ran the experiments on two data sets,
ellipses and circles. The results are shown in Figures 15
and 16, respectively.

The results show that the shape representation
with 4 initial directions is very crude: ellipses are
turned into pointy polygons. As we increase 7, the
representation of clusters becomes more refined. This
contrast can be seen if we compare the boundary of
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r=38 r=16
Figure 16: The result of varying r on the circles data
set.

the big circle in Figure 16 for = 4 and 8. However,
increasing the number of directions means that we need
more memory for the hulls (memory grows linearly with
r). For r = 8, we get a good balance between memory
usage and the quality of the shapes.

6.2 Variation with u
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Figure 17: For the circles data set, ClusterHull recovers
clusters correctly for p € [.05,.5], but fails for p < .01.

We considered values of p in the range [.01,.5].
We fixed » = 8, and ran our algorithm for two data
sets, circles and stripes. We fixed the number of hulls,
k =10 (m = 128) for circles and k =5 (m = 64) for
stripes.

If the value of p is too small, the area dominates the
cost function. This causes distant hulls to merge into
long skinny hulls spanning multiple clusters. Although
the period-doubling cleanup gets rid of most of them

n=0.01 n=0.05
pn=0.1 w=0.5

Figure 18: For the stripes data set, ClusterHull re-
covers clusters correctly for p € [.01,.1], but fails for
>0,

by discarding hulls with small densities, the output still
contains some hulls spanning multiple natural clusters.
Figure 17 shows this effect when p = .01.

On the other hand, if u is increased too much, the
cost function prefers decreasing the total perimeter,
and it is hard to prevent large neighboring clusters from
merging together. In Figure 18, neighboring stripes are
merged into a single hull for 4 = .5. The results show
that choosing p in the range [.05, .1] gives good clusters
for most input sets.

7 Conclusion

We developed a novel framework for summarizing the
geometric shape and distribution of a two-dimensional
point stream. We also proposed an area-based quality
measure for such a summary. Unlike existing stream-
clustering methods, our scheme adaptively allocates
its fixed memory budget to represent different clusters
with different degrees of detail. Such an adaptive
scheme can be particularly useful when the input has
widely varying cluster structures, and the boundary
shape, orientation, or volume of those clusters can be
important clues in the analysis.

Our scheme uses a simple and natural cost func-
tion to control the cluster structure. Experiments show
that this cost function performs well across widely dif-
ferent input distributions. The overall framework of
ClusterHull is flexible and easily adapted to different
applications. For instance, we show that the scheme
can be enhanced with period-doubling and incremental
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cleanup to deal effectively with noise and extreme data
distributions. In those settings, especially when the in-
put has spatial coherence, our scheme performs notice-
ably better than general-purpose clustering methods
like CURE and k-medians.

Because our hulls tend to be more stable than, for
instance, the centroids of k-medians, we can maintain
other useful data statistics such as population count or
density of individual hulls. (Our hulls grow by merging
with other hulls, whereas the centroids in k-medians
potentially shift after each new point arrival. The use
of incremental cleanup may cause some of our hulls
to be discarded, but that happens only for very low-
weight, and hence less-interesting hulls.) Thus, the
cluster hulls can capture some important frequency
statistics, such as which five hulls have the most points,
or which hulls have the highest densities, etc.

Although ClusterHull is inspired by the a-hull
and built on top of an optimal convex hull structure,
the theoretical guarantees of those structures do not
extend to give approximation bounds for ClusterHull.
Providing a theoretical justification for ClusterHull’s
practical performance is a challenge for future work.
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