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Clustering is a partitioning of a data set into subsets stttieedata points Since each node of the GSP stands for all the data within eaet i
in each subset are homogeneous and more similar to eachitudnghose section, generating the GSP essentially turns the probfespaxe clus-
from different subsets. This paper considers the probleautsimatically tering into that of a graph clustering problem for which #hekist a range
clustering very large data sets in a high-dimensional spAfeintroduce of techniques, see [6, 7] for examples. In this paper the Madtuster
the notion of a Graph of Superimposed Partitions (GSP) #yatesents algorithm (MCL) [6] is employed owing to its scalability.
a remapped space of the input data where regions of hightyears As the decision forest plays an important role in our aldonit it is
mapped to a larger number of nodes (See Figure 1 (a) and (b)). worth mentioningclustering treeq1, 3] that are designed such that the
Using a random decision forest [2], we first generate matjpdrti- leaves define a spatial partitioning of the high dimensispakte. While a
tions of the same input space, one per tree. A node is thegnessio Single tree using linear split functions is not capable afifig non-convex
each intersection of the partitions which are obtained bsging the out- volumes by its nature, the motivation for using a decisiaedbis that by
puts of the trees, and subsequently the graph is constrhgténking the combining the partitions of multiple trees we can potefiytialeal with
nodes which are spatially adjacent. Generating such a grsgéntially non-convex clusters. It should also be noted that decisioests have
turns a space clustering problem into a graph clusteringvarieh we been applied for the task of creating visual codebooks fgrdfdfeature
solve by employing the Markov cluster algorithm (MCL) [6]. image classification [4, 5]. However, in this case the ledfdes from
The proposed algorithm is able to capture non-convex streathile Multiple trees are simply stacked into a vector, and nognatied. The
being computationally efficient, capable of dealing witHlimis of data "€sulting partitions are useful for the task of codebookegation, but do
points. We show the performance on synthetic data and apelnethod "ot necessarily capture the underlying structure of tha.dat
to the task of automatic video segmentation. The contributions of the proposed algorithm are: (i) itdighio clus-
In the first step a random decision forest [2] is used to geeerail- ter data on non-convex manifolds, (ii) it does not require tlkmber of

tiple partitions of the same input data space, one partjtemtree. This clusters, nor k_e _rneI radius as parameters, and (i) itsbdaty allows it
- . to deal with millions of data points.
process spreads the density of data samples evenly, stmigstogram o .
o . . . . As an example application, we apply the GSP algorithm to ttieos
equalization but applied to a high dimensional space. Is¢vend stage,Se mentation problem. The data space is six dimensional Hes
we superimpose these partitions and identify theiersectionswhich 9 lon p : P 1S s dl !

- o . . - the pixel coordinates, time and the colour valupsy,t,r,g,b], each co-
constitute our compagtartitions We assign a node to each intersecting . : ) ;
.- dinate scaled to the ranf@ 1]. The clustering algorithm is run on the
small volume and subsequently construct the graph by lgnkie nodes

that are spatially adjacent. We define this as the Graph oéf8uposed complete_ space-tlme_ volume and therefore insures thateseigaregions
e are consistent over time.
Partitions (GSP).
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(a) Input data density. (b) Random forest partitions.

Figure 2: Results on Flower Garden Sequence. Top: input frames.
Rows below: segmentation with increasing cluster resofugiarameter.
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