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Introduction
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In GreenloT project |1|, we develop an internet-of-things (IoT) testbed consisting of a network of low cost sensors and a cloud-based air quality data
analysis service for smart cities. The GreenloT project builds an ecosystem for smart cities with three layers: 1) Embedded sensors which are low cost
and portable; 2) Cloud-based data fusion services, including storage, analysis, and visualisation; 3) Applications powered by the data from IoT and
cloud. Those three layers are connected via machine-to-machine (M2M) communications (e.g., MQTT + 6LoWPAN) and mobile cellular networks.

System Architecture

The cloud-based data analytic service is one of the central components in the GreenloT testbed, not
only because it bridges sensor networks and applications which might be developed and operated by
different organisations, but also because of discovering knowledge from noisy sensory data.

Key Modules

Communication Interface

The M2M communication protocol MQTT is
applied for the interface between sensors and the

Networks

cloud. For the communication between cloud
and applications, a set of web application pro-
gramming interfaces (APIs) are implemented.

Applications: prediction, route
recommendation, etc.

Data Validation
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The data validation module prevents malformed
sensory data from being stored and used.

Data Storage

A data storage system based on MongoDB is im-
plemented for the system. The database stores
all data (including both raw sensory data and
data fusion results) in SenML JSON arrays.

Figure 1: System architecture of the cloud-based services.

The cloud-based system consists of the following sub-components: communication interfaces, a sen-
sory data validation mechanism, a document-oriented database, and a collection of data tusion algo-

rithms.

Application Exai

Forecasting the Time Series Data

The state-space model is used to represent the
dynamics of air qualities:

r; = f(T1.4—1) + ug, and y; = g(x) + €. (1)
To model the dynamic function with GP 2], let
2, ~ GP(m(t), k(t, 1)) 2)

where the mean function m(¢) and the ker-
nel function k(t¢,t") are learned from historical
records [3].

Spatial-Temporal Interpolations

The inputs from a network of sensors are a set of
spatial-temporal data. The number of sensors is
usually much smaller than the size of the service
area (size(y;) < size(x;)). Therefore, a spatial-
temporal interpolation is required to provide a
continuous air pollution map.

Conclusions

An information system for smart cities should
not only have the ability to gather data from
IoT but also to abstract useful information from
raw sensory data and visualize the knowledge
in an intuitive way. A part of the GreenloT
project’s goal is to explore research questions
raised in handling spatial-temporal and hetero-
geneous sensory data in smart cities. For future
works, the project aims to produce a real-time
air pollution map and integrate data from other
dimensions to further improve the quality of ser-
vices.

Data Fusion Algorithms

The central task of the data fusion service is to
process sensory data and provide useful infor-
mation.
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