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Abstract One of the major issues surrounding big data is the availability of massive time-based or
telemetry data. Now, the appearance of low cost capture and storage devices has become possible to
get very detailed time data to be used for further analysis. Thus, we can use these time data to get more
knowledge about the underlying system or to predict future events with higher accuracy. In particular,
it is very important to define custom tailored contract offers for many households and businesses having
smart meter records and predict the future electricity usage to protect the electricity companies from
power shortage or power surplus. It is required to identify a few groups with common electricity
behavior to make it worth the creation of customized contract offers. This study suggests big data
transformation as a side effect and clustering technique to understand the electricity usage pattern by
using the open data related to smart meter and KNIME which is an open source platform for data
analytics, providing a user-friendly graphical workbench for the entire analysis process. While the big
data components are not open source, they are also available for a trial if required. After importing,
cleaning and transforming the smart meter big data, it is possible to interpret each meter data in terms
of electricity usage behavior through a dynamic time warping method.
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