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Technology for Speeding up Parallel Distributed Processing and
Similarity Search to Support Utilization of Big Data
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Abstract

Several years have passed since the phrase “big data” began to become widespread.
Utilization of big data was first introduced in consumer services but it has recently been
spreading among enterprises. There have been an increasing number of cases in which
data that could not be handled by the conventional information and communications
technology (ICT) systems are processed for use in developing good-selling products
and preventing accidents or hazards. Utilization of big data in enterprises, unlike
that for consumer services, involves use of business data as the basic information to be
combined with on-site data from sensors or images, which have now become available
on site, or with external data, such as open data from social networking services or
local governments, in order to obtain new knowledge. The basic requirements in that
process include high-speed processing of a combination of multiple data series and
retrieval of the necessary information from sensors and images. This paper presents
Hadoop business data utilization technology, which accelerates batch processing of
large volumes of business data in enterprises by means of distributed processing, and
high-speed approximate similarity search technology that achieves a significant speed-
up of similarity search of sensors and images compared with the conventional method.
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