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1 INTRODUCTION
In the data stream computational model examples are
processed once, using restricted computational resources
and storage capabilities. The goal of data stream mining
consists of
learning a decision model, under these
constraints, from sequences of observations generated from
environments with unknown dynamics. Most of the stream
mining works focus on centralized approaches. The
phenomenal growth of mobile and embedded devices
coupled with their ever-increasing computational and
communications
capacity
presents
exciting
new
opportunities for real-time, distributed intelligent data
analysis in ubiquitous environments. In domains like sensor
networks, smart grids, social cars, ambient intelligence, etc.
centralized approaches have limitations due to
communication constraints, power consumption, and
privacy concerns. Distributed online algorithms are highly
needed to address the above concerns. The focus of this
presentation is on distributed stream clustering algorithms
that are highly scalable, computationally efficient and
resource-aware. These features enable the continued
operation of data stream mining algorithms in highly
dynamic mobile and ubiquitous environments.

problem searches for dense regions of the data space,
identifying hot-spots where sensors tend to produce data,
while the latter finds groups of sensors that behave similarly
through time [3]. In the first setting, a cluster is defined to
be a set of data points (Figure 1) generated by multiple
sources. In the second setting a cluster is defined to be a set
of sensors (Figure 2) .

Figure 1: Clustering Data Points.

2 DISTRIBUTED CLUSTERING
One of the most popular knowledge discovery techniques is
clustering, the process of finding groups in data such that
data objects clustered in the same group are more alike than
objects assigned to different groups [1]. On top of clustering
algorithms, several tasks can be computed: profiling,
anomaly and event detection, outliers detections, trends,
deviations, etc. Sensor networks, smart grids, social cars are
paradigmatic examples of ubiquitous streaming data sources.
The quality of these clusters is usually called clustering
validity, and can be measured in several different ways [2].
But classical methods tend to become obsolete for
application in streaming and (especially) ubiquitous settings,
due to their high time and space complexity. Hence, new
machine learning algorithms are being developed to cope
with this new demanding scenario, and different quality
indices are being considered (e.g. computation and
communication load). There are two different clustering
problems in ubiquitous and streaming settings: clustering
sensor streams and clustering streaming sensors. The former

Figure 2: Clustering Data Sources.
2.1 GRID CLUSTERING OF DISTRIBUTED
STREAMS
Clustering data points is probably the most common
unsupervised learning process in knowledge discovery. In
ubiquitous settings, however, there aren’t many tailored
solutions to try to extract knowledge in order to define
dense regions of the sensor data space. Clustering examples
in sensor networks can be used to search for hot-spots
where sensors tend to produce data. In this settings, gridbased clustering represents a major asset as regions can be,
strictly or loosely, defined by both the user and the adaptive
process [3]. The application of clustering to grid cells
enhances the abstraction of cells as interval regions which
are better interpreted by humans. Moreover, comparing
intervals or grids is usually easier than comparing exact

points, as an external scale is not required: intervals have
intrinsic scaling. The comprehension of how sensors are
interacting in the network is greatly improved by using grid
based clustering techniques for the data examples produced
by sensors.
The Distributed Grid Clustering (DGClust) algorithm was
proposed for clustering data points produced on wide sensor
networks [4]. The rationale is to use: a) online discretization
of each single sensor data, tracking changes of data intervals
(states) instead of raw data (to reduce communication to
central server); b) frequent state monitoring at the central
server, preventing processing all possible state combinations
(to cut computation) [9]; and c) online clustering of frequent
states (to keep high validity and adaptivity) [5]. Each local
sensor receives data from a given source, producing a
univariate data stream, which is potentially infinite.
Therefore, each sensor’s data is processed locally, being
incrementally discretized into a univariate adaptive grid.
Each new data point triggers a cell in this grid, reflecting the
current state of the data stream at the local site. Whenever a
local site changes its state, that is, the triggered cell changes,
the new state is communicated to a central site. Furthermore,
the central site keeps the global state of the entire network
where each local site’s state is the cell number of each local
site’s grid. Nowadays, sensor networks may include
thousands of sensors. This scenario yields an exponential
number of cell combinations to be monitored by the central
site. However, it is expected that only a small number of this
combinations are frequently triggered by the whole network,
so, parallel to the aggregation, the central site keeps a small
list of counters of the most frequent global states. Finally, the
current clustering definition is defined and maintained by an
adaptive partitional clustering algorithm applied on the
frequent states central points.
2.2 DISTRIBUTED CLUSTERING OF GRID NODES
Clustering streaming data sources has been recently tackled
in research, but usual clustering algorithms need the data
streams to be fed to a central server [6]. Considering the
number of sensors possibly included in a smart grid, this
requirement could be a bottleneck. A local algorithm was
proposed to perform clustering of sensors on ubiquitous
sensor networks, based on the moving average of each
node’s data over time [8]. L2GClust has two main
characteristics. On one hand, each sensor node keeps a
sketch of its own data. On the other hand, communication is
limited to direct neighbors, so clustering is computed at each
node. The moving average of each node is approximated
using memoryless fading average [7], while clustering is
based on the furthest point algorithm [5] applied to the
centroids computed by the node’s direct neighbors. This
way, each sensor acts as data stream source but also as a
processing node, keeping a sketch of its own data, and a
definition of the clustering structure of the entire network of
data sources.

3 CONCLUDING REMARKS
In this talk we discussed approaches to ubiquitous data
mining were both data sources and processing devices are
distributed. Algorithms process local data and are able to
communicate and interact with other agents to
collaboratively construct a global solution. Ubiquitous data
mining implies new requirements to be considered: i) the
algorithms will have to use limited computational resources
(in terms of computations, space and time); ii) the
algorithms will have only a limited random access to data
and may have to communicate with other agents; iii)
answers will have to be ready in an anytime protocol [10,
11]. Ubiquitous data mining is in the core of next generation
of data mining systems.
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