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Summary
Environmental pollution monitoring is a major concern in the development of smart cities. Nowadays, urban noise
is one of the most relevant pollutants, so many networks of acoustic sensors have been deployed to measure sound
pressure levels at various locations. These acoustic sensors collect huge amounts of data, which can be helpful
to manage noise events in urban planning. In this paper, a big data framework is proposed to properly analyse
the considerably large amounts of noise monitoring data and obtain useful information for urban planning. A
map and reduce approach is proposed to process the massive data captured from acoustic sensor networks, mo-
bile phones and open data platforms. Using the map and reduce model, several statistical environmental acoustic
parameters, including both temporal and spatial indices, can be calculated. As an example application, two algo-
rithms are implemented to evaluate both day-evening-night equivalent levels (Lden) and percentile levels (Ln). An
experimental case with data obtained from the Dublin open data platform shows the benefits of this framework
for urban noise analysis and management.

PACS no. 43.50.q, 43.50.Yw, 43.58.Ta

1. Introduction

The concept of a Smart City, as well as the application of
the so-called Internet of Things (IoT) in it, has emerged
during recent years as a new technology revolution. A
Smart City is a holistic vision of a city that applies in-
formation and communication technologies to improve
the life quality of its inhabitants and ensure an econom-
ically, socially and environmentally sustainable develop-
ment based on continuous improvement.

Collecting data and efficiently making decisions about
the environment are mandatory in a Smart City. Therefore,
for the development of the Internet of Things [1, 2], and
Smart Cities [3], wireless sensor networks [4] are used.
These networks allow fast deployment of a large number
of devices and enable real-time monitoring of many pa-
rameters, e.g., those for traffic control systems, irrigation
of parks and gardens and noise pollution evaluation, that
can be used to facilitate sustainable life styles, save costs
and improve the quality of life of people.

This vast amount of information is gathered by sensors,
and merged with data acquired from other sources, such
as mobile applications, social networking and administra-
tion management software. However, all the data must be
properly stored and processed in order to obtain useful in-
formation. Analysing large volumes of data is a significant

Received 13 September 2016,
accepted 7 February 2017.

challenge, so big data techniques [5, 6] should be applied
to collect, store and analyse these big data sets efficiently
and accurately.

Today’s citizens are exposed to excessive noise levels,
which cause subjective annoyance [7]. This noise distur-
bance is the result of repeated and prolonged exposure to
these high levels of noise, leading to a decrease in resi-
dents’ quality of life by interfering with their daily work
and rest, and leading disease [8]. Wireless sensor networks
have been used to perform acoustic measurements and ob-
tain basic parameters such as sound pressure levels [9, 10]
and subjective annoyance [11] to design and update noise
maps in cities. Citizens have also collaborated in research
by using their mobile phones as mobile sensors for both
general parameters [12] and noise [13, 14, 15], show-
ing that the latter greatly depends on the type of device
used [16].

In the acoustics field, big data techniques have been ap-
plied to analyse sound in captured audio files due the files’
large sizes and complexities, as an acoustic sensor can
generate several gigabytes of audio data per day. Zhang
et al. [17] presented different techniques to store and pro-
cess environmental audio data obtained from monitoring.
In [18], Mugagga et al. used big data to improve sound
source localization. Big data techniques have been also ap-
plied to audio data for speech analysis [19].

In this paper, a big data framework for noise moni-
toring in Smart Cities is proposed. There are several po-
tential uses for the huge amounts of noise data acquired
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from Smart Cities. For example, the analysis of large vol-
umes of long-term noise data could be used to predict fu-
ture noise levels in areas and improve traffic noise pre-
diction models [20]. Dynamic updating of strategic noise
maps [21] with interpolation methods, temporal variabil-
ity [22] and spatial interpolation in environmental noise
monitoring [23] is another example that can also be im-
proved with big data techniques. In this work, two algo-
rithms are implemented, applying a map and reduce strat-
egy to calculate statistical environmental acoustic param-
eters defined in the European Directive of environmen-
tal noise [24], such as day-evening-night equivalent levels
(Lden) and percentile levels (Ln) from collected massive
data.

This paper presents a big data framework to process big
data captured by different collection approaches and de-
scribes its advantages and possibilities. The main contribu-
tion of this paper is to propose a scalable solution that can
be used when the data cannot fit into a commodity com-
puter. The manuscript is divided into the following sec-
tions: after this introduction, Section 2 outlines big data
basics and enunciates different phases of the regular pro-
cedure. Section 3 presents the implementation of the map
and reduce algorithms. Next, an experimental application
of this map and reduce strategy for a data set captured
from the Dublin open data platform is described and re-
sults are discussed in Section 4. Finally, conclusions are
enunciated.

2. Big data basics

The term ”big data” is used to define data sets that are so
large or complex that traditional data processing applica-
tions are inadequate. Big data requires several techniques
and technologies to capture, store, curate and process data
and present insights from data sets that are diverse and
complex. In this section, some fundamental concepts of
big data stages and techniques are described, together with
the required frameworks and tools for smart data analysis
using big data.

2.1. Obtaining and storing data

The first phase in performing big data analysis is to cap-
ture and store valuable information from different data
sources. In general, noise pollution data can be massively
collected using three different approaches: acoustic sensor
networks, mobile phones, and open data platforms.

An acoustic sensor network is composed of nodes that
capture sound in near real time and process it to send
data (in this case, sound pressure levels) to a gateway or
concentrator. These gateways collect data from nodes and
transmit them to be stored in the central server, i.e., the
Smart City platform. In Smart Cities, wireless communi-
cation protocols, such us 3G, WiFi or Zigbee [25, 11], are
mostly deployed to obtain data from these kinds of nodes.
An acoustic sensor node mostly consists of a hardware
board that interfaces with an electret external microphone,

a pre-amplifier and an external power supply. It usually
has solar panels and batteries for backup, and comes
with a communication module. The system should be au-
tonomous and should operate continuously for months
with minimal maintenance. In recent years, there has been
a huge uptick in noise monitoring network deployment.
For instance, a pilot test has been conducted across In-
dia’s seven major cities during the last three years [26] en-
abling the cities to detect the moderate increase of noise in
most locations. Moreover, Santander, a Spanish city, has
been transformed into a Smart City testbed [27] with the
deployment of a vast wireless sensor network, including
noise sensors.

Instead of monitoring a fixed location, mobile phones
allow both fixed and moving measurements. It is impor-
tant to note that, an external microphone is recommended
to increase precision and accuracy [16]. However, the high
battery consumption of mobile phones could be a restric-
tion to a long period of monitoring.

Several already-working Smart Cities have deployed a
variety of sensor networks that publish open data sets
through their cloud platform. Most of them are based in a
public-private cloud platform whose goal is to develop and
implement a network of applications and services for the
future Internet. In an open cloud platform, several public
and private entities share large data traces that they gather
with their architecture of sensors.

These platforms should implement a context broker, a
so-called generic enabler that enables the input of data
to the cloud or the extraction of data captured by sen-
sors. A context broker typically uses a REST API inter-
face, which is a set of functions to perform requests and
receive responses via HTTP protocols such as GET and
POST. The context broker manages the entire life cycle
regarding the update, query, registration and subscription
of data from sensors. Likewise, all data are usually stored
in a non-relational database. In this regard, no-SQL stor-
age engines are characterized by their ease of use with
respect to SQL approaches, as well as their greater hor-
izontal scalability and resilience. This is the reason why
no-SQL databases are becoming popular nowadays, es-
pecially in the emerging fields of IoT, and are increas-
ingly supported by giants such as Amazon, Facebook and
Google. One of the most important open data systems, ini-
tially supported by the European Commission, is called Fi-
Ware [28]. Other open source initiatives are OpenIoT [29]
and the Kaa Project [30]. There also exist commercial so-
lutions as main competitors, such as Microsoft Azure and
Amazon Web Services.

2.2. Analysing data

A noise sensor network provides environmental profes-
sionals with the capability to massively scale acoustical
observations, both temporally and spatially. Due to the
nature of the data and their analysis, batch processing
seems to be a natural solution: data are stored as they are
streamed, but the analysis is performed at a certain point,
such as on a daily basis. Therefore, in big data analysis, a
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framework is used for distributed processing. One of the
top frameworks in use today is Hadoop with its process-
ing model MapReduce [31]. MapReduce is a program-
ming model, written in Java©, and an associated imple-
mentation for processing and generating large data sets
with a parallel, distributed algorithm on a cluster [32]. The
main advantage of MapReduce is to provide a simplified
framework where the developer does not need to solve
a distributed/batch problem and instead can focus on the
use case itself. One may consider batch techniques in dis-
tributed parallel clusters as an alternative approach to solve
this problem, but in this case, the developer would need to
focus on both the use case and distributed/parallel com-
puting programming, making the application development
phase extremely difficult and increasing the development
time.

The major advantage of MapReduce is that it is easy
to scale data processing over multiple distributed com-
puting nodes. The scalability achieved using MapReduce
to implement data processing with low implementation
costs across a large volume of CPUs, whether on a single
server or multiple machines, is an attractive feature. While
MapReduce is not perfect for every use case, it does pro-
vide a framework and programming discipline that can be
successfully applied to the problem of scaling software ap-
plications through multi-core processors and multiple ma-
chine cluster infrastructures. The framework abstracts the
complex parallelization, synchronization and communica-
tion mechanisms and protects the programmer from hav-
ing to consider these aspects of scalability in each system
implementation. Under the MapReduce model, the data
primitives are called mappers and reducers. Decomposing
a data processing application into mappers and reducers
can be difficult, but once an application is written in the
MapReduce form, scaling the application to run over hun-
dreds, thousands, or even tens of thousands of machines
in a cluster is merely a configuration change. This sim-
ple scalability is what attracts many programmers to the
MapReduce model.

A MapReduce-based infrastructure orchestrates the pro-
cessing by arranging the distributed servers, running the
various tasks in parallel, managing all communications
and data transfers between the various parts of the system,
and providing for redundancy and fault tolerance. The key
contributions of the MapReduce model are the scalabil-
ity and fault-tolerance achieved for a variety of applica-
tions by optimizing the execution engine once. As such,
a single-threaded implementation of MapReduce will usu-
ally not be faster than a non-MapReduce implementation;
any gains are usually only observed with multi-threaded
implementations. The use of this model is only beneficial
when the optimized distributed shuffle operation, which
reduces the network communication cost, and fault toler-
ance features of the MapReduce model come into play.
Therefore, optimizing the communication cost is essential
for a good MapReduce algorithm.

A MapReduce algorithm is divided into two important
stages, namely Map and Reduce. They perform filtering

and a summary operation or roll-up logic, respectively.
First, the Map stage takes a set of data and converts it
into another set of data, where individual elements are bro-
ken down into tuples or key/value pairs. Second, the Re-
duce task takes the output from a map as an input and
combines those data tuples into a smaller set of tuples.
Each Reduce stage will process those tuples that have the
same key; therefore, a developer controls the degree of
parallelism based on the number of different keys. As the
name ”MapReduce implies”, the reduce task is always per-
formed after the map job. Once the reduce task has fin-
ished, each reducer generates a single record that con-
tains the output information: sensor id, date, time period
(day/evening/night) and equivalent sound pressure level.
Moreover, different analytic calculations can be performed
to describe the results classified by node, different time in-
tervals (period, day, week, month, and year) and different
areas (zones and the whole city).

3. Map and reduce algorithms

Due to the massive amount of data available, it can be chal-
lenging to compute analytics in an efficient way. For that
reason, a MapReduce-based framework (see Section 2.2)
has been chosen to perform the environmental acoustic
parameter calculation. The following implementation will
perform the calculations in a distributed platform in a sim-
ple way, without spending too much effort focusing on
how to develop the algorithm in a distributed manner. The
importance of using big data appears when dealing with
data coming from many sensors, with high refresh rates
and a long period of measurement time.

One of the most essential steps relies on how the map
phase generates one or more key/value pairs for each
record. Every key/value pair that contains the same key
will be processed by the same reduce process, indepen-
dent of and in parallel with other similar reducer processes.
As an example, when using the MapReduce paradigm for
acoustic purposes, a map stage may be used to read all the
records and creates a unique key for each different date.
For each sound pressure level value recorded on that par-
ticular date, it would create a single key/value pair such
as < 2016/08/25, L1 >, < 2016/08/25, L2 >, . . . There-
fore, a single Java Virtual Machine instance will run the
reduce stage and only would process those key/pair values
with the same key. In this way, it can control the degree of
parallelism.

For more advanced problems, MapReduce enables con-
trol of some intermediate steps between the map and re-
duce stages. One of the most important intermediate stages
is known as the Shuffle-and-Sort stage. By default, all
key/value pairs with keys defined as a simple standard
type, such as an integer or float, are sorted by key. In some
cases, this stage of the framework can provide the devel-
oper with control over the order in which the values for
a given key arrive at the reduce stage. This is controlled
by a technique called secondary sorting. As Parsian, M.
enunciated in Ref [33], a secondary sort problem relates to

3
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Figure 1. Diagram of a MapReduce process to calculate the equivalent sound pressure level for every period.

sorting values associated with a key in the reduce phase.
Sometimes, it is called value-to-key conversion. The sec-
ondary sorting technique is used in these algorithms to sort
the values in ascending or descending order and pass them
to each reducer. It allows the developer to take the value
into account during the sorting phase with a slight manip-
ulation of the format of the key object. Following the pre-
vious example for sound pressure levels, this provides an
additional advantage of receiving the key/values sorted by
value, so the percentile distribution, for example, can be
calculated easily.

In this paper, as an initial example of the possibil-
ities of using MapReduce in environmental acoustics,
every collected data from noise nodes are processed
in order to calculate the Community Noise Equivalent
Level (CNEL) [34], or day-evening-night equivalent level
(Lden). This parameter, Lden, is an A-weighted equivalent
noise level measured over a 24 hour period with a penalty
in the evening and the night periods, as defined in

Lden = 10 log
[

12
24
· 10Lday/10 +

4
24
· 10(Levening+5)/10

+
8
24
· 10(Lnight+10)/10

]

. (1)

Lday is the A-weight equivalent noise level measured be-
tween 7 and 19 hours, Levening is the A-weight equivalent
noise level measured between 19 and 23 hours, and Lnight

is the A-weight equivalent noise level measured between
23 and 7 hours. Therefore, the equivalent noise level in the
different periods, day, evening, and night, must be calcu-
lated for each node, and then Lden can be computed for
nodes, zones and the whole city. Lden is defined as a long-
term measurement because it must be determined for all
day-evening-night periods of one year.

Figure 1 is a diagram of the MapReduce process used to
obtain the equivalent sound pressure level in each period.
In this particular case, node number 10 is shown. The input
data are collected from different sensors, formatted as sen-
sor identification number, date, time and sound pressure
level and split into several mappers where the tuples are
created. The key for each tuple corresponds to the infor-

mation about sensor identification number, date and cal-
culated period of time (day, evening or night), and its cor-
responding value is the sound pressure level. Next, in the
shuffling stage, pairs with the same key are grouped and
passed to a single machine, which will then run the reduce
script over them. The reduce script takes a collection of
key/value pairs and processes them to calculate the equiv-
alent sound pressure level of each period, i.e., Lday, Levening

and Lnight in Figure 1.
Going into detail for this first problem, Lden evaluation,

the map phase has two main purposes:

• To clean and filter records that do not contain substan-
tial information by eliminating sound pressure levels
that are value is missing or zero.

• To create a proper key to submit each record to its corre-
sponding reducer. Since the purpose is to parallelise the
analysis of each sensor’s contribution for a given time
period, the key is defined as a 3-tuple that contains the
sensor identifier, date and period of time that it belongs
to.

Regarding the sort and shuffle phase, it proceeds in the
following way:
• Knowing that by default, for single value keys, the

MapReduce-based framework sorts the keys before
sending the key/value pairs to their corresponding re-
ducers, it is necessary to customize how keys are sorted
when n-tuples are used as keys. For complex keys (n-
tuples), it is necessary to indicate the sorting hierarchy,
using a secondary sorting technique [33].

• In this particular case, each reducer will receive all the
keys with the same sensor identifier, period and date
and sort them by the time of the given date.

The pseudo-code representing this map function is out-
lined in Algorithm 1.

Algorithm 1: Map function pseudo-code for Lden evaluation.

map ( S t r i n g key , S t r i n g v a l u e )
/ / key : document name
/ / v a l u e : s i n g l e r e c o r d

f o r each v a l u e
i f ( v a l u e . i s V a l i d ( ) )

4
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newKey . s e t S e n s o r I D ( v a l u e . g e t S e n s o r I D )
newKey . s e t D a t e ( v a l u e . g e t D a t e ( ) )
newKey . s e t P e r i o d ( v a l u e . g e t P e r i o d ( ) )
E m i t I n t e r m e d i a t e ( newKey , v a l u e )

Algorithm 2: Reduce function pseudo-code for Lden evaluation.

r e d u c e ( S t r i n g key , I t e r a t o r v a l u e s ) :
/ / key : c o n t a i n s Id , Date and Per iod
/ / v a l u e s : a l i s t o f r e c o r d s

f o r each v i n v a l u e s :
dT = g e t D e l t a T i m e ( v . g e t D a t e ( ) , p r ev )
p re v=v . g e t D a t e ( )
t o t a l T i m e+=dT
r e s u l t += dT*pow ( 1 0 , v . getSPL ( ) / 1 0 )

Emit ( key , A s S t r i n g ( r e s u l t ) )

Once the two previous stages are finished, the reducer
function will proceed with a set of aggregations to calcu-
late the desired average sound pressure levels (see Algo-
rithm 2). Because every record is sorted by time, it is pos-
sible to calculate the time difference and perform some of
the analytics that this paper aims at.

Moreover, a second application of MapReduce is pre-
sented to calculate the percentile distribution and evalu-
ate the percentile sound pressure levels, Ln, for the overall
nodes each day. Ln, where n can range from 1 to 99, is the
noise level exceeded for n% of the measurement time [34].
Therefore, an advanced MapReduce algorithm is designed
using the secondary sorting technique described above.

Algorithm 3: Map function pseudo-code for Ln evaluation.

map ( S t r i n g key , S t r i n g v a l u e )
/ / key : document name
/ / v a l u e : s i n g l e r e c o r d

f o r each v a l u e
i f ( v a l u e . i s V a l i d ( ) )
newKey . s e t S e n s o r I D ( v a l u e . g e t S e n s o r I D )
newKey . s e t D a t e ( v a l u e . g e t D a t e ( ) )
E m i t I n t e r m e d i a t e ( newKey , v a l u e )

Algorithm 4: Reduce function pseudo-code for Ln evaluation.

r e d u c e ( S t r i n g key , I t e r a t o r v a l u e s ) :
/ / key : c o n t a i n s Id and Date
/ / v a l u e s : a l i s t o f r e c o r d s

f o r each v i n v a l u e s :
dT = g e t D e l t a T i m e ( v . g e t D a t e ( ) , p r ev )
p re v=v . g e t D a t e ( )
t o t a l T i m e+=dT
r e s u l t += dT*pow ( 1 0 , v . getSPL ( ) / 1 0 )

Emit ( key , A s S t r i n g ( r e s u l t ) )
< p e r c e n t i l s >= P e r c e n t i l s ( s o r t ( v a l u e s ) )
Emit ( key , A s S t r i n g ( < p e r c e n t i l s > ) )

Regarding this second job, Ln evaluation, some read-
justments of the previous codes are necessary (see Algo-
rithms 3 and 4 for details). The map phase now creates a
key/value pair in which the key contains the sensor identi-
fier and only the given date. The shuffle and sorting phase
will time sort the records for a given sensor ID. Then, the
reducer algorithm will calculate both average value and
percentile distributions. Moreover, each reducer instance
will only apply to a given sensor and for a given day in
this case.

Sonitus

Cloud

REST API

http://dublincitynoise.sonitussystems.com/applications/api/

dublinnoisedata.php?location=x&start=y&end=z

Location: x

Begin date: y

Finish date: z

JSON Response

Drumcondra

Ballyfermot

Ballymun

Dublin City Council

Rowing Club

Walkinstown

Woodstock Gardens

Navan Road

processing server

Map & Reduce

Measurements

Figure 2. Architecture of the system that shows some of the mea-
suring locations (on the left side).

4. Experiment with real dataset from a
Smart City

In this section, an experiment is presented that test the de-
veloped big data algorithms, see Section 3, using a real
data set from an open data platform.

4.1. Infrastructure for the experiment

Thanks to the Sonitus Systems Platform [35], a large data
set of environmental noise levels in the city of Dublin, Ire-
land, has been shared as open data. This platform provides
a REST API that provides access to noise level record-
ings from the Dublin City Council Sound-Level Moni-
toring Network (see Figure 2). A group of environmen-
tal noise monitors, EM2010 Sound Level Monitoring Sta-
tions, are located at strategic positions around the city
(illustrated vertically in Figure 2, see [36] for an online
map). Each acoustic monitoring station operates on a 24/7
basis and reports noise statistics at user-programmed in-
tervals via a commercial mobile communication network.
Each unit is equipped with a Class 2 environmental mi-
crophone, ensuring that noise measurements are compliant
with IEC61672 [37], and the dynamic range of the system
is 33 dBA to 121 dBA. By sending REST requests to the
system via the Uniform Resource Locator at the bottom of
Figure 2, it is possible to receive noise levels in the JSON
format according to the specific station (x parameter), be-
ginning monitoring date (y parameter), and ending moni-
toring date (z parameter).

In this experiment, an analysis of a data set covering a
time interval of 3 years, from 2/8/2013 to 2/8/2016, has
been conducted. The monitoring stations capture several
noise levels at regular intervals. In particular, the equiv-
alent sound pressure levels are gathered in dBA, Leq, and
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calculated for 5 minute periods from 13 sensors. This leads
to 288 measurements per sensor every day, which totals
105,120 measurements a year per sensor, 1,366,560 mea-
surements for all 13 sensors, and 4,099,680 registrations.
In this specific case, it is possible to obtain the same re-
sults without using the big data framework but instead us-
ing a standard data structure such as a hashmap. However,
this standard solution can quickly run out of memory and
will be limited to only applications where the number of
records is small enough to fit into memory. Therefore, that
standard solution will limit either the number of active sen-
sors or sampling frequency. The proposed framework is
completely scalable, and the number of sensors can reach
hundreds of thousands, increasing the sampling frequency
without affecting the application.

In terms of computing storage, each measurement is
around 100 bytes, totalling 409.9 MB for all the data cap-
tured during the three year period . Thus, each node has
an individual storage of 10.5 MB per year. To achieve a
big data use case, we imagine the hypothetical storage that
would be needed for 200 sensors capturing data for a 1
minute period for 5 years. This amount of data reaches a
total of 10.5 GB for a 1 year period and thus 52.5 GB for
5 years. Given the exponential growth of acoustic sensor
deployment in cities, such as in Dublin, more than 500 ad-
ditional units could be installed. Therefore, the amount of
streamed data implies a big data situation.

To extract and gather the data from the Dublin open data
platform, a context broker using the REST API was im-
plemented. This broker, as explained in Section 2.1, stores
data in a no-SQL persistent database. For this experiment,
the broker feeds an Elastic MapReduce infrastructure into
Amazon Web Services [38], where all the corresponding
calculations were carried out by applying the algorithms
presented in Section 3. Finally, Lden and Ln results are ob-
tained together with several analytics. An Amazon Web
Services cluster with 4 virtual CPUs and 16 GB of mem-
ory was used to perform the calculations. The total runtime
for both MapReduce jobs was less than 6 minutes.

It is important to note that the proposed framework will
scale directly if either the amount of data or the number
of sensors increases. A MapReduce infrastructure is able
to manage any of these circumstances directly. In case the
runtime is a constraint, simply increasing the number of
virtual machines in the cluster environment will reduce the
runtime.

4.2. Results and discussion

This section presents some examples of results that can be
obtained by applying the big data algorithms described in
Section 3 to the experimental infrastructure presented in
the above section.

To evaluate the resulting noise parameters, the guide-
line values recommended by the World Health Organiza-
tion [7] have been used. A Lden of 70 dBA was selected be-
cause the guidelines indicate potential hearing impairment
above this level. The level of 65 Leq dBA, when impor-
tant annoyance starts, was chosen for both day and evening

Table I. Lden, Lday, Levening and Lnight levels in dBA for the 13 sites.

Node Lden Lday Levening Lnight

1 65.0 64.4 61.2 55.1
2 76.0 75.7 72.1 65.7
3 66.7 66.1 62.7 56.8
4 72.5 71.9 68.5 56.8
5 65.9 65.4 61.8 56.2
6 64.5 64.0 60.6 54.5
7 64.5 59.1 55.8 50.2
8 65.3 64.8 61.3 55.4
9 64.3 63.9 60.2 54.5
10 69.9 69.8 65.4 59.8
11 70.9 70.5 66.8 60.9
12 63.5 62.7 59.9 53.8
13 65.2 64.8 61.0 55.3

time periods. Moreover, the level of 55 Leq dBA was se-
lected for the nighttime period.

Lden and Lnight were obtained as output values of the
first map and reduce algorithm using the three years’ data
from the 13 nodes in Dublin. They are presented in Table I.
Three sites exceed an Lden of 70 dBA: nodes 2, 4 and 11.
They experienced undesirably high sound levels, but only
nodes 2 and 11 exceed an Lnight of 60 dBA, corresponding
to two sites located close to major arterial roads. Moreover,
a group of nodes, numbers 1, 3, 5, 6, 7, 8, 9, 12 and 13,
can be highlighted that have Lden values around 65 dBA
and Lnight values around 55 dBA, which are considered de-
sirable sound levels [7]. The lowest Lden was obtained at
node 12, 63.5 dBA, but the lowest Lnight was calculated at
node 7, 50.2 dBA.

A statistical analysis of the complete data set was per-
formed to examine the variation between sensor locations
and periods at each location. In Figure 3, a boxplot is
shown using the median and quartile results, obtained with
the map and reduce algorithm, of the 3 years of Leq dBA
measurements. In this graph, each device is designated
with the number of the node and a notation for the pe-
riod: D, E and N correspond to day, evening and nighttime
respectively. It is observed that the interquartile range is
small for most locations, except for node 2. Moreover, this
range is always bigger for daytime, followed by evening,
and nighttime has the smallest range. In general, all lo-
cations present a symmetrical distribution of higher and
lower values around the box. The median value follows
the same trend as the interquartile range by period, with
the higher levels corresponding to daytime and the lower
ones to nighttime. Nodes 2, 4 and 11 show that the highest
values overall are locations near roads.

To explore the behaviour of one of these highlighted
nodes, a boxplot for monthly measurements at node 4 dur-
ing 2014 is presented in Figure 4. With this type of analy-
sis, the sound environment of the location can be mapped.
Node 4 presents interquartile ranges lower than 10 dBA,
which is relatively small for all months. Moreover, all of
the months, except for January, show higher values in the
upper whiskers, which indicates that the site can be ex-
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of the three year interval.

posed to high noise levels at times. The summer months
June, July and August have reduced levels of noise, which
may be due to lower traffic during the holiday months.

The second implemented map and reduce algorithm was
applied to calculate the experimental cumulative distribu-
tion function of noise levels for each node over all mea-
surements. Then, using the obtained percentile levels, an
analysis of the Leq dBA levels was performed. The per-
centage of time that noise levels are exceeded are pre-
sented in Figure 5. In general, there are noticeable differ-
ences between the locations. However, nodes 1, 5, 8 and
13 show similar trends. The lowest level that is exceeded
100% of the time is 40 dBA at node 2. However, most sites
have levels over 50 dBA 100% of the time. Moreover, Fig-
ure 5 can also be used to determine what proportion of the
time some reference noise levels are exceeded. For exam-
ple, node 7 shows levels above 60 dBA for only 9% of the
time, compared to node 4, wich exceeds it 98% of the time.
The remainder of the nodes exceed this level from 22% to
78% of the time.

5. Conclusions

The large increase in the amount of noise level data col-
lected by both fixed and mobile acoustic sensor networks
in Smart Cities requires new analysis approaches. Big data
has techniques to analyse these data and extract useful in-
formation to help understand the data and make better de-
cisions. In this paper, a big data framework for statistical
analysis of noise level monitoring in smart cities has been
proposed. Big data basics have been described with special
emphasis on several approaches to obtain and store data,
sensor networks, mobile phones and open data platforms.
Moreover, we have discussed the advantages of Hadoop
and its processing model MapReduce in analysing large
data sets. A map and reduce model was then used to im-
plement two different algorithms, which calculate several
environmental acoustic parameters, e.g., the Lden and Ln
noise levels. Finally, these algorithms were tested in an
experiment with real data obtained from the Dublin open
data platform. These implemented map and reduce algo-
rithms are an example of efficient procedures to extract
environmental acoustic parameters from an acoustic wire-
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less sensor network in a distributed and scalable manner.
In future works, larger and more diverse audio and acous-
tic parameters data sets will be retrieved from several city
databases to obtain conclusions about the temporal and
spatial variability of noise with the help of big data tech-
niques. Moreover, the application of near-real time analyt-
ics to gain insights from acoustic data could be interesting
for noise control and management.
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