








Figure 2: ODAC Final Structure (user06 and user25)

Figure 3: ODAC Final Structure (active power)

4.3 Electrical Demand Data Set Time series of
electrical data are one of the most widely studied sets
of data, mainly for forecast purposes, usually by means
of neural networks. From the raw data received at each
sub-station, gathered during four months, we extract
only the variables related to load intensity (I), active
(P) and reactive (Q) power (according to the, possibly
erroneous, variable ID). Each example represents the
average value for the past five minutes of each variable,
resulting in data sets with 34734 examples, from which
we model only active power (887 variables). The final
structure can be analyzed on figure 3. The image is
rather large and is presented only as an example of
the structure obtained as a whole, revealing a tree-like
structure, away from the list-like worst-case scenario.
We present a sketch of the variables, for one of the
clusters, in figure 4. This cluster expresses good intra
cluster correlation (µ = 0.629, σ = 0.227), considering
that this is real data from five variables along 7385
observations.

5 Conclusions

This paper introduces a time series whole clustering sys-
tem that incrementally constructs a hierarchy of clusters
from a divisive point of view. The main setting of the
system is the monitoring of existing clusters’ diameters.
The examples are processed as they arrive, using a single
scan over the data. The system incrementally computes
the dissimilarities between time series, maintaining and
updating the sufficient statistics at each new example
arrival. One important feature of the system is that
the dissimilarity matrix is updated only for the cluster

Figure 4: Cluster Plot (active power). In this cluster,
five variables are kept together, along 7385 examples.

currently being tested, diminishing the global number of
dissimilarities needed to be computed at each step. The
system uses a correlation-based dissimilarity measure
and supports the splitting and aggregating decisions on
a significance level given by the Hoeffding bound. Ex-
perimental results show competitive performance when
compared with batch clustering analysis, evolving and
adapting in the presence of concept drift. Future work
will focus on the application of the system to more real-
world data and on a fuzzy approach to the assignment
of variables to new clusters.
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