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Application Optimization Module
* Architecture optimization by means of functions reallocation referred to application classification.
» Data storage optimization based on data-centric, energy-efficient, calculation-amassed, etc.
« Data operation optimization for Accelerated convergence, Security, Scalability, Availability, etc.

Data mining module
* Data mining in parallel
programming

Data Management Module Data Disposing Module
e Metadata-based Management * methods for complex operations

¢ Semantic annotation » methods for semi-structural data el % .
= Data lhdoxing S S TR * Data mining in mobile computing
* Data mining for graphs
Data Storage Module

» Data Storage Types: RDBS, NOSQL DBS, DBS based on HDFS, Main-Memory DBS, and Graph DBS, etc.
» Data Isolation: Multi-tenant isolation, Performance isolation.
Data Acquisition and Integration Module

» Data Representation Model: message, events, pictures, videos, RDF, etc.
e Multi-Source Data Fusion: heterogeneous multi-source distributed, unstructured, real-time data

e Data Transmission and Communication: UDP, TCP, M2M,

| loT Data
| from RFID, ZigBee
_ sensors, GPS devices,
| temperature sensors, ...
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