
 

 
LIFE13 ENV/IT/001254 DYNAMAP       

 

 

LIFE13 ENV/IT/001254 
 

Deliverable A1 

State of the art on real time noise 

mapping systems 

LIFE – DYNAMAP 

Dynamic Acoustic Mapping – Development of low cost sensors 

networks for real time noise mapping 

Deliverable Number and Title: A1 - Report on the state of the art on dynamic noise mapping 

Action Number – Title: A1 – State of the art on real time noise mapping systems. 

Dissemination Level: R (Restricted to Beneficiaries) 

Status: Final Version V01 

Release Date: 31/01/2015 

Author(s): Andrea Cerniglia, Markus Petz, Robert Geberstein, Xavier 

Sevillano, Joan Claudi Socoró, Francesc Alías 

Reviewer(s): Andrea Cerniglia, Giovanni Zambon 

Document code: LIFE-DYNAMAP_ACCON_ A1-Report on the state of the art of 

dynamic noise mapping _V01 – 31012015 

Contact person: Andrea Cerniglia 

Postal address: Gewerbering 5 

86926 Greifenberg 

Germany 

Telephone: +49 (0) 8192 99600 

Fax: +49 (0) 8192 996029 

E-mail: andrea.cerniglia@accon.it 

Project Website: www.life-dynamap.eu 



 

 
LIFE13 ENV/IT/001254 DYNAMAP     Deliverable A1 

State of the Art on Real Time Noise Mapping Systems 

1 
 

 

 

 

TABLE OF CONTENTS 

 

1. INTRODUCTION .......................................................................................................... 2 
 

2. ACTION A1 - State of the art on real time noise mapping systems ........................... 4 
 

3. ACKNOWLEDGMENTS ................................................................................................ 7 
 

4. ANNEXES .................................................................................................................... 8 
 

 



 

 
LIFE13 ENV/IT/001254 DYNAMAP     Deliverable A1 

State of the Art on Real Time Noise Mapping Systems 

2 
 

1. INTRODUCTION 

The LIFE DYNAMAP project is a complex five years long project aimed at demonstrating the feasibility of 

preparing and updating real time noise maps using low cost sensors and a general purpose GIS platform. 

Scope of the project is the European Directive 2002/49/EC (END) relating to the assessment and 

management of environmental noise. In particular, the project refers to the need for noise maps to be 

updated every five years, as stated in the END. Nevertheless, the updating of noise maps using a standard 

approach is time consuming and costly and has a significant impact on the financial statements of the 

authorities responsible for providing noise maps, such as road administrations and local or central 

authorities.  

To facilitate the updating of noise maps and reduce their economic impact, noise mapping can be 

automated by developing an integrated system for data acquisition and processing, able to detect and 

report in real time the acoustic impact of noise sources. The system will be composed of low-cost sensors 

measuring the sound pressure levels emitted by the noise sources and of a software tool based on a GIS 

platform able to perform  real-time noise maps. 

While this approach seems quite promising in areas where noise sources are well identified, such as those 

close to main roads, in complex scenarios, such as in agglomerations, further consideration is needed to 

make the idea feasible. 

The project will be accomplished through four main steps: 

1. Development of low-cost sensors and tools for managing, processing and reporting real-time noise 

maps on a GIS platform. 

2. Design and implementation of two demonstrative systems in the cities of Milan and Rome. The first 

one will cover a significant portion of the agglomeration of Milan, while the second one will be 

located along the motorway A90 surrounding the city of Rome. 

3. Systems monitoring for at least one year to check criticalities and analyze problems and faults that 

might occur over the test period. The test results will then be used to suggest system upgrades and 

extend implementation to other environmental parameters. 

4. Provision of a guideline for the design and implementation of real-time noise mapping. 

The four steps will be implemented through 14 main actions: 

• 2 PREPARATORY ACTIONS (A1-A2) to collect information on the state of the art of real-time noise 

mapping, analyze the road networks and locate the areas where the demonstrative systems will be 

implemented, acquire information on the pilot areas. 

• 9 IMPLEMENTATION ACTIONS (B1-B9) to size the monitoring network, develop hardware and software, 

implement and test the system in the pilot areas, provide a guideline to real-time noise mapping. 

• 3 MONITORING ACTIONS (C1-C3) to assess public response and user ability in consulting and managing 

the system, evaluate costs and benefits, provide future visions on system applications. 

Five more actions have been planned for dissemination and project management, including the 

arrangement of public events. 
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This technical report refers to the first preparatory action “Action A1 - State of the art on real time noise 

mapping systems”. 
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2. ACTION A1 - State of the art on real time noise mapping systems 
EXECUTIVE SUMMARY 

Action A1 on the state of the art of real time noise mapping systems is the first of the two preliminary 

actions foreseen in the project, aimed at providing a complete overview of the software implementing 

dynamic noise mapping.  

The usual approach to Real Time Noise Mapping consists in implementing a localized Noise Monitoring 

Network that collects noise data continuously and transmits them to a data centre in which a noise model 

software is running. The role of the noise model software is to re-scale some pre-computed partial noise 

maps according to the measured data (each noise monitoring station should refer to each relevant single 

noise source as road, railway, etc.), and to sum the new re-scaled partial maps together, in order to obtain 

the whole area noise map to be published and continuously updated on a web site. 

Thanks to this approach it is possible to achieve a clear and understandable real-time graphic picture of the 

noise distribution in the monitored area, and build up a kind of acoustic ''consciousness' in citizens. 

Unfortunately at the moment the application of  Real-Time Noise Map systems is limited to small areas 

because of the high cost of both actual noise monitoring stations (which implements expensive features 

which are not needed for our scope), and noise model software (which today should run continuously to 

obtain real time maps). Moreover, the available systems are able to compute and publish only noise maps 

but no other environmental parameters, such a as vibrations, temperature, humidity, UV, CO, NOx, PM10 

etc, with no possibility to drive any real-time action to control unhealthy situations (i.e. variable road 

message panels, dynamic speed limits, etc.). 

In this situation the proposed Real Time Noise Map system, which uses purposely developed low cost 

monitoring stations, and which has no need for noise model software continuously running, can be 

considered as the missing link between a good consolidate technology and the need for a cheaper and 

scalable system to map noise and other environmental parameters, with the possibility to act in real time 

for a better environment. 

In this action a detailed investigation on the noise mapping software available in the market has been 

undertaken, in order to identify the products specifications to be implemented to ease the development of 

a modular and scalable system in a general purpose GIS platform.  Likewise, an investigation on the state of 

the art on sound source recognition and anomalous event elimination has been accomplished, in order to 

build up a robust system where the measured levels used for maps scaling, are not affected by occasionally 

or external events that could lead to unreliable results. Advantages and disadvantages of each software 

application have been analyzed and described in this report. 

To that end, Action A1 has been broken down in two main tasks: 

 Analysis of the state of the art on dynamic noise mapping. In this task a detailed overview of the 

noise mapping software available in the market has been undertaken. As a first step, an in depth 

study of information retrieved from literature and the web was accomplished. As a second step, 

direct contacts with the main software providers have been taken to inform them about the 

Dynamap project and solicit proactive collaboration in order to make their applications easily 

interfaceble with the Dynamap system.  
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Investigation and discussions have shown that particular attention is needed to take into account 

the effects of unpredictable situations like accidents or temporary works in progress  on the roads, 

as they can heavily affect measured data and lead to mistakes in maps scaling and sum, especially 

inside agglomerations, where one single measuring point is used to update many roads belonging 

to the same cluster. To reduce such mistakes, it seems advisable to make the system redundant 

and  provide it with an algorithm able to eliminate or at least dramatically reduce the influence of 

anomalous events (see task A1.2).  The sensitivity of the system to spurious events can also be 

attenuated by widening the integrating temporal window to a reasonable time span.  

Investigation results have also shown that three major approaches to produce real-time noise maps 

are available at the time being: on-line calculation based on measured data (noise or ‘noise 

correlate parameter’), scaling and sum of pre-computed maps according to measured data,  noise 

monitoring networks (or citizens contributive) mapping.  

In these terms Dynamap confirms its peculiarity to achieve cheap and easy to use reliable real-time 

noise maps, by combining   low-cost devices (cheap sensors = many measuring points, no needs of 

noise mapping software license) with clean  measurements (recognition and removal of spurious 

noise to have reliable measurement data), and a scalable and easy to read result presentation 

(Realtime Noise maps on a GIS- website). Therefore, the project confirms its compliance with END 

requirements for both noise maps production and information to citizens.  

Details on Analysis of the state of the art on dynamic noise mapping  are reported in Annex A1.1. 

 

 Analysis of the state of the art on sound source recognition and anomalous event elimination. In 

this task a detailed investigation on the state of the art on environmental sound source recognition 

and anomalous sound event elimination has been accomplished in order to build up a robust 

system where the measured levels used for maps scaling are not affected by occasionally or 

external events that could lead to unreliable results. Also in this case, information have been 

mainly retrieved from scientific literature. Taking into account the different solutions reported in 

literature, an in depth study has been undertaken to find out how they can be adapted to the 

problem at hand, i.e. anomalous sound events identification in simple or complex  environments 

(urban and sub-urban areas) with the use of more or less sophisticated sensors. An exhaustive 

review and critical analysis of the scientific literature on sound source recognition describes the 

main modules that compose a typical sound source recognition system, and analyzes the 

approaches proposed in the literature to implement such systems. 

The investigation results highlight the complexity of the environmental sound recognition problem, 

mainly caused by the intrinsic nature of these type of sounds. Indeed, environmental sounds 

present a structure and characteristics very different from those of speech and music, to name the 

two types of sound sources for which recognition techniques have been most widely developed. 

For this reason, trying to recognize environmental sounds by just adapting well-established 

approaches to music or speech recognition is a suboptimal way to proceed. Rather the contrary, it 

becomes necessary to devise specific recognition strategies to tackle this kind of problem (for 

instance, the design of specific acoustic features). 

Moreover, given the virtually infinite number of environmental sound sources (ranging from natural 

or animal to industrial sounds), there exists a great variability as regards the characteristics of 
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possible environmental sounds. Because of this, a successful environmental sound recognition 

system should be highly adapted to the environment where it operates, being trained with a 

sufficient number of samples of the sounds it is meant to recognize.  

Finally, it is worth mentioning that the environmental sound recognition problem has largely 

attracted the attention of the research community since the early 2000’s, a point in time when the 

number of scientific publications on this matter started a significant boost. Therefore, there are 

plenty of works covering the study and design of specific environmental sound recognition systems. 

However, there is a lack of common and publicly available environmental sound databases that 

allow the fair comparison between different proposals. This situation, attributable to the relative 

youth of the environmental sound recognition research community, definitely makes it difficult to 

ascertain which proposals are, objectively, the best performing ones. 

Details on this matter are reported in Annex A1.2. 
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4. ANNEXES 
 

ANNEX A1.1 STATE OF THE ART ON DYNAMIC NOISE MAPPING 

ANNEX A2.1 STATE OF THE ART ON SOUND SOURCE RECOGNITION AND ANOMALOUS EVENT 

ELIMINATION 
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EXECUTIVE SUMMARY 
 

The LIFE-DYNAMAP project (Dynamic Acoustic Mapping - Development of low cost 

sensors networks for real time noise mapping) aims at developing an automatic dynamic noise 

mapping system able to detect and represent in real time the acoustic impact due to road 

infrastructures. The scope of the project is the European Directive 2002/49/EC relating to the 

assessment and management of environmental noise (END), referring to the need of updating 

noise maps every five years, as stated in the END. 

 

To ease the update of noise maps and reduce their economic impact, DYNAMAP aims at 

building an automatic and integrated system for data acquisition and processing able to detect 

and report in real time the acoustic impact due to noise sources. The system should be 

composed of low cost sensors measuring the sound pressure levels emitted by the noise 

sources present in the area to be mapped and of a software tool based on a GIS platform 

performing real time noise maps update. 

 

In DYNAMAP project, a monitoring system will be designed and accomplished to check and 

test the feasibility of updating noise maps in real time along a major road (the Big Ring in 

Rome - Italy) and in the agglomeration of Milan (Italy). 

 

This report attains to the preparatory action A1- State of the art on real time noise mapping 

systems. In this action, a detailed investigation on the noise mapping software available in the 

market has been undertaken, in order to identify the products specifications to be 

implemented to ease the development of a modular and scalable system in a general purpose 

GIS platform. The present report deals with task A.1.1. 

 

In this task a detailed overview of the noise mapping software available in the market has 

been undertaken. As a first step, an in depth study of information retrieved from literature and 

the web was accomplished. As a second step, direct contacts with the main software providers 

have been taken to inform them about the Dynamap project and solicit proactive collaboration 

in order to make their applications easily interfaceble with the Dynamap system.  

 

Investigation and discussions have shown that particular attention is needed to take into 

account the effects of unpredictable situations like accidents or temporary works in progress  

on the roads, as they can heavily affect measured data and lead to mistakes in maps scaling 

and sum, especially inside agglomerations, where one single measuring point is used to 

update many roads belonging to the same cluster. To reduce such mistakes, it seems advisable 

to make the system redundant and  provide it with an algorithm able to eliminate or at least 

dramatically reduce the influence of anomalous events (see task A1.2).  The sensitivity of the 

system to spurious events can also be attenuated by widening the integrating temporal 

window to a reasonable time span.  

 

Investigation results have also shown that three major approaches to produce real-time noise 

maps are available at the time being: on-line calculation based on measured data (noise or 

‘noise correlate parameter’), scaling and sum of pre-computed maps according to measured 

data,  noise monitoring networks (or citizens contributive) mapping.  

In these terms Dynamap confirms its peculiarity to achieve cheap and easy to use reliable 

real-time noise maps, by combining   low-cost devices (cheap sensors = many measuring 

points, no needs of noise mapping software license) with clean  measurements (recognition 

and removal of spurious noise to have reliable measurement data), and a scalable and easy to 
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read result presentation (Realtime Noise maps on a GIS- website). Therefore, the project 

confirms its compliance with END requirements for both noise maps production and 

information to citizens. 
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1. INTRODUCTION 

 

Automatic noise maps calculation is an attractive tool for both infrastructures administrations 

which, according to (Directive, 2002),  should produce noise maps and action plans every 5 

years, and for citizens  who wants to know how healthy is their living place in terms of noise 

pollution; this last aspect has become more evident during the last years, where great efforts 

have been made to spread information on the long-term risk of living in a noise-polluted  

environment (see the Guidline to Community Noise, 1999 or the Good practice guide on 

noise exposure and potential health effects).  Figure 1.1 shows a map of Europe (Stevens, 

2012) showing per-country the percentage of respondents answering “Yes” to question “In the 

immediate neighbourhood of your home do you have reason to complain about noise?”  

Moreover, the evidence of the social costs related to environmental noise exposure is today 

widely recognized. 

 

 

Figure 1.1: Map of Europe showing 'noise compliant' 

 

In the last few years some approach to dynamic noise map were attempted, but the high 

implementation costs bordered most of those project just in research field.  

The usual approach to Real Time Noise Mapping consists in implementing a localized 

standard noise monitoring network which continuously collects noise data and  transmits them 

to a data centre, in which a noise model software is running; the role of the noise model 

software is to re-scale some pre-computed  partial noise maps according to the incoming noise 

data, sum the new re-scaled partial maps together in order to obtain the whole area noise map, 

and publish the result continuously on a web site. Of course it is a must that each noise 

monitoring terminal (NMT) is influenced by only one road section to which a partial map is 



LIFE13 ENV/IT/001254 DYNAMAP      Deliverable A1 – Annex A1.1 

State of the Art on Dynamic Noise Mapping 

A1.1 Pag.9 

 

referred to. Although during the last years the price of sound level meters has decreased and 

their features highly improved, NMTs are still quite expensive, so that building up a 

monitoring network can be rather costly. This is the reason why software manufacturers have 

not invested too much in developing dynamic noise mapping so far,. Figure 1.2 shows a 

typical configuration of a Dynamic Noise mapping system. 

 

 

Figure 1.2: Typical setup of a dynamic noise mapping system 

 

 
2. DEVELOPED DYNAMIC NOISE MAP SYSTEMS (alphabetic order) 

 

For a better understanding of the state of the art on Dynamic Noise Map systems some 

approaches were investigated. Table 1 shows the Dynamic Systems considered in this report. 

 

Table 1: Investigated systems 

Implemented or Name  Type 

ACCON Scaling of pre-computed maps 

Datakustik Scaling and sum of pre-computed maps 
Gdansk University On-line calculation 
GEIART Cluster analysis on traffic model 

Ghent Simplified calculation 

IDASC CNR Scaling of pre-computed maps 

Laermometer Citizens contributive mobile noise mapping (smartphone) 

NoiseMote Low cost sensor system, no mapping 

NoiseTube Citizens contributive mobile noise mapping (smartphone) 

NPL Low cost sensor system 

SADMAM Scaling and sum of pre-computed maps 
 

 In the next chapters a more detailed explanation about each system is presented. 
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2.1. ACCON Approach (Gräfelfing municipality) 

 

In 2009 ACCON designed and installed a Dynamic Noise Mapping system based on standard 

NMT with 1/3 octave spectrum per second capability. The System, still working, can publish 

noise maps without the needs of on-line noise mapping software neither GIS software.  In this 

system the NMT send noise spectra to a web server continuously through a GPRS network; 

the server scales the pre-computed maps and then publish the results. The NoiseMap 

publication is very fast as no further recalculation of sound propagation is required to adapt 

the noise map to the measured data.  Figure 2.1.1 shows Gräfelfing web page which 

implements this technology.  

 

 

Figure 2.1.1: Gräfelfing Dynamic Noise Map 

 

Thanks to more than 5 years of continuously collected data, some investigation on noise 

variability of the monitorated A96 (Germany) was possible as function of day, week, month, 

year (Cerniglia, et al., 2014).    

 
2.2. Datakustik Approach (CadnaA) 

 

Datakustik, the manufacturer company that has launched the noise modeling software 

CadnaA to the market, developed a tool called Dynmap; this tool is able to re-scale and sum 

several partial maps according to measured noise values. In order to do this, a CadnaA license 

is necessary to run the system. Figure 2.2.1  shows a page generated using the CadnaA 

Dynmap function. 
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Figure 2.2.1: CadnaA Dynmap 

 

By using CadnaA DYNMAP function is thus possible to set a direct coupling between the 

software and NMTs installed along main roads or in the vicinity of industrial plants to 

produce  Dynamic Noise Maps. The operation is very fast as no further recalculation of sound 

propagation is required to adapt the noise map to the measured data. The monitoring stations 

should be installed at relevant receiver locations on main roads where their sound pressure 

levels are dominant. For each of the monitored roads and for the remaining roads, a complete 

noise map is calculated and saved for the entire town area. 

 
2.3. Gdansk University approach (Noise Propagation Model) 

 

Multimedia System Department of Gdansk University of technology developed their own 

system (Czyzewski, et al., 2009) for implementing an algorithm called Noise Propagation 

Model on a computer cluster.  The system consists of many autonomous  universal monitoring 

stations, a server which processes and stores the data, a supercomputer which calculates the 

noise map and a web server which presents the noise map on the web. More in details the 

system is based on a grid of monitoring stations, each consisting of a sound level meter for 

noise data acquisition, and a camera for detecting number, speed and type of vehicle (this 

technique includes sophisticated algorithms like Gaussian Mixture to extract the needed 

traffic parameters). All data are sent to the server every minute, and a mean value is sent 

every hour. Monitoring data are available in real time, while a new noise map of the whole 

city can be published as a function of the number of implemented cores. In the process of 

creating a dynamic noise map with this approach, the key question concerns the computation 

time of the acoustic field distribution for the whole city area. The experiment they made was 

carried out in order to examine the speed of calculation of the noise map for a large area of 

9600×9600m with a calculation in 1/3 octave band. The spacing of receivers, 8×8m, resulted 

in 1442401 points to process. With 2032 cores applied, the computation lasted 11.2 hours. 

The above observation makes it possible to estimate the computation time for the whole city 

of Gdansk which covers an area of 265 km
2
. If the square shape is assumed, the side length is 

then 16.3 km. Since the scale between the area size is 2.87, the computation time is 32.2 

hours. Thus, the map for the whole city can be updated every 48 hours using 2032 cores. If 

the period is shorter, more computational power is required (experiment took place in 2009, 

so faster computation is expected today). 

It is important to point out that the software implemented for the experiment was not 

optimized. 
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The university also performed a comparison between the map computed by their system and 

the map computed with CadnaA 3.7; the comparison is shown in Figure 2.3.1 

 

 

Figure 2.3.1:  Difference map between CadnaA and Noise Propagation Model 

 

An extension of this work was presented in 2013 in (Szczodrawk, et al., 2013) 

 
2.4. GEIART approach (Italian Ministry of University) 

 

At the beginning of the year 2000 a project called GEIART (GEstione dell’Inquinamento 

dell’Aria, Rumore, Traffico) started in Italy. The research project was co-financed by the 

Ministry of University and involved several partners (Enea, Ferrari, Hewlett Packard) 

coordinated by Italeco. The project led to the development of several simulation tools and of 

an expert Decision Support System (GEIART_DSS) to ease the management of traffic in 

urban contexts. The project also included the development of a traffic simulation model and 

of an expert DSS which  integrates all the data/models elaborated by the team. The expert 

System was based on  

1) a set of knowledge bases containing criteria for comparison   with   typical traffic-air 

quality conditions  

2) models implemented in the GEIART System (simulation models of traffic, pollutants 

dispersion and noise)  

3) monitoring networks (cameras, noise and air contamination meters).  

The system was able to analyze the conditions of mobility, air pollution and noise, to signal 

the   approaching   to   critical and/or warning conditions and to identify a set of measures to 

mitigate the traffic effects on the environment. The demonstrative part of the project, that 

should be carried out in Naples, was never implemented. SoundPLAN researchers were also 

involved in the project as experts for Noise Map topics. 
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2.5. Ghent University approach 

 

In 2014 a study proposing a different approach to dynamic noise mapping was published by 

Ghent University (Wei, et al., 2014). In this study, monitoring stations were used to calibrate 

a model taking into account three propagation paths for road traffic noise sources: 

 

- Direct sound (contribution without propagation over buildings, but including 

reflections). 

- diffracted sound (contribution caused by multiple reflections and diffractions over 

buildings). 

- turbulent scattered sound  

 

In this approach the overall system for calculating dynamic noise maps in real time contains 

the following steps:  

 

1) calculate the noise map related to the three propagation paths “direct”, “diffract” and 

“scatter” for all sources;  

2) query the server for measurement data at the start time;  

3) run an optimization method and update the noise maps; 

4) move forward by the defined time step for the next maps (15 min in the presented 

work) 

 

The publication concludes that with this model the sources are categorized and the 

contribution of different propagation paths are separated, which gives opportunity to refine 

the predictions in case more measurement stations or better propagation models are available. 

The case study they tested proved that the method could improve the prediction in more than 

78% of the 15-minute time intervals.  

 

 
2.6. IDASC CNR approach (Italian National Research Council) 

 

In 2006 CNR, the Italian national research centre, installed a Dynamic Noise Map system 

(Brambilla, et al., 2006) (Cerniglia, et al., 2006) based on standard NMT equipped with a 

microphone, a camera and a meteo station. The system, still working, is able to publish 

dynamic noise maps of a single homogeneous road (motorway), without needs of any on-line 

noise mapping software. Even in this case all the noise maps were computed in advance, and 

the system continuously updates the relevant map according to the measured data. Figure 

2.6.1 shows the CNR dynamic noise map web page. 
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Figure 2.6.1: CNR IDASC Web page 

 

The system acquires 1/3 octave spectrum per second and thanks to the big amount of detailed 

collected data, others investigation were made on the accuracy of temporal sampling of 

environmental noise to estimate the annual Lden and Lnight (Brambilla, et al., 2007). 

 
2.7. Learmometer 

 

The basic idea of Laermometer is to use mobile phones to create noise maps. The 

Laermometer concept of creating noise maps is based on using the built-in microphones of 

mobile phones to collect the required data to create noise maps. First of all, the current 

position of the device is required. This is achieved by using mobile phones GPS modules 

(either built-in or external). The next step is to analyze the sound level detected by the built in 

mobile phone microphone. The advantage of this approach is that every mobile phone is 

already equipped with a microphone and thus there are no costs for additional equipment. 

Laermometer consists of two main parts. The first one is a mobile phone application, which is 

responsible for the sound recording and provides functionality like different visualization of 

sound points, administrating comments, viewing the noise maps at different points of time via 

the timeline etc. The second one is the server that is used to store, upload and retrieve sound 

points.  

Additionally, it offers a web interface to view and edit the data, make comments and add 

bookmarks.  
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Figura 2.6.1 Learmometer visualization 

 
2.8. NoiseMote approach 

 

The project is an experimental system for noise monitoring Pisa city center (Nencini, et al., 

2012). The system uses low cost wireless noise sensors, hosted by citizens, who may require 

the installation of a measuring system, with the aim of sharing the measured values in a 

virtual community. Measured in the faҫade noise levels are posted in real time in the website 

of the project www.senseable.it and also on Facebook and Twitter social networks, while all 

historical noise data are collected in a central remote server. The map is limited to values in 

measured positions 

 

 

Figura 2.8.1 NoiseMote webpage 

 

Some further application of the system for evaluating antropic noise effects on citizens health 

can be found in (Nencini, et al., 2014) 
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2.9. NoiseTube approach 

 

NoiseTube is a different approach to assess noise pollution that involves the general public 

(Maisonneuve, et al., 2009) (Stevens, 2012). Even in this case the goal of the project is to turn 

GPS-equipped mobile phones into noise sensors that enable citizens to measure their personal 

exposure to noise in their everyday environment. Thus each user can contribute by sharing 

their geo-localized measurements and further personal annotation to produce a collective 

noise map. The NoiseTube platform consists of an application which the participants must 

install on their mobile phone to turn it into a noise sensor device. The mobile sensing 

application runs on GPS-equipped mobile phones. This application collects local information 

from different sensors (noise, GPS coordinates, time, user input) and sends it to the 

NoiseTube server, where the data are centralized and processed. Once the measured data are 

sent to the server, any user can see his own contribution or exposure by going to the 

NoiseTube website and visualize the results on a map running on Google Earth. 

 

 

Figura 2.9.1 NoiseTube Noise Map 

 

Some result of the project are presented in (Schweizer, et al., 2011) 

 

 
2.10. NPL Approach   

 

Between 2004 and 2007 NPL developed the DREAMSys (Distributed Remote Environmental 

Array & Monitoring System), a low cost monitoring system based on new MEMs 

microphones (Barham, et al., 2008) (Barham, et al., 2009).  DREAMSys units are capable of 

measuring both A-weighted and C-weighted equivalent continuous sound pressure levels        

LAeq and LCeq, over a user-defined period from a few seconds upwards (10 minutes being a 

typical setting), as well as a number of statistical parameters including the maximum A-

weighted level, and three percentile levels, which can also be programmed (L A10 , L A50  

and L A90 being typical settings). With a typical measurement system consisting of 5 to 100 

units, all monitoring continually over periods of several months, it is clear that DREAMSys is 

capable of generating vast amounts of data. A comprehensive database and a set of 

visualisation tools were produced to manage and present data. Figure 2.10.1 shows a 

measuring point close to the NPL site. 
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Figure 2.10.1: DREAMSys deployed at the NPL site 

 

Figure 2.10.2 shows the predicted noise map for an area (Barham, et al., 2010). In the picture 

the influence of Heathrow airport and the M25 motorway are clearly evident. The perimeter 

of the reservoir is also marked. The positions marked refer to the location of DREAMSys 

nodes where the number alongside denotes the measured parameter in this case. 

 

 

 

Figure 2.10.2: DREAMSys prediction 

 

Despite limited data filtering (e.g. for the effects of wind or rain), and the relatively sparse 

deployment due to the limited number of locations available, spatial trends appear to be 

consistent with the predictions, when a sufficiently long measurement period is taken. 

Additional deployment along the shore, particularly along the eastern edge of the reservoir 

would provide further interesting data, but practical deployment limitations mentioned earlier 

prohibit this at this time. In addition to the data shown, DREAMSys can also show temporal 

trends in the noise. For example, statistics on the distribution of the noisiest events and 

quietest periods can be derived, and the typical variability of noise levels examined in detail. 

Such information is not available from the predictions and can provide a very useful context 

to the model results. Examining differences between the A-weighted and C-weighted data 

also highlights any significant low frequency component in the noise. 
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2.11. SADMAM System approach (Madrid’s Environmental Administration / BK) 

 

Sadmam, Sistema Actualización Dinámica Mapa Acústico Madrid, (Manvell, et al., 2004) 

(Bennet, et al., 2010) was inaugurated in the end of 2003 with the aim to produce dynamic 

noise maps and their calibration for the city of Madrid. The system is based on noise 

calculation made using the software Lima, a number of NMTs, and a GIS representation 

system.   

Figure 2.11.1 shows one of the electric Smart equipped with a NMT and a GPS, able to 

collect data each time is parked in the city.  

 

 

Figure 2.11.1: Smart with NMT 

 

All data are transferred to a central server which has multiple roles: 

 

 Collect measured noise data and other relevant parameters from NMTs 

 Store raw data  

 Manage input data for prediction, mapping and correlation 

 Manage the database 

 Manage post processing actions: 

o Statistic calculation  

o Prediction algorithms using Lima and Predictor 

o Tools for results provision 

 Outputs for reporting and communication 

 

In principle, the number of sources whose levels can be determined is equal to the number of 

measurement positions used. However, the number of sources to be determined can be 

increased by creating relationships within the sources and by grouping them. Grouping of 

sources also permits “real-time” adjustment of noise maps dynamically linked to input data 

(e.g. for simple updating of a noise map with limited recalculation required). 

The complexity of the acoustic environment (number of contributing sources, shape of the 

buildings around the source-receiver area) determines how accurately the source emission can 

be determined. The accuracy of the source emission determination declines as the complexity 

of the acoustic environment increases. This can be avoided by increasing the number of 

measurement positions available to determine the source emission. Thus, if a calculation or 
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measurement position is subject to several sources in a complex acoustic environment, the 

source emission is expected to be less accurately modeled. 

 
3. First results on discussion with Noise Model Software producers 

 

In order to facilitate data import from existing noise prediction software, some contact were 

planned with software producers. 

Interviews were accomplished with two software producers: Datakustik and SoundPlan. Other 

interviews are planned in the next months with Lima and IMMI developers. 

 
3.1. Datakustik (D) 

 

During the meeting with Datakustik developers, the Dynamap project was explained in its 

main points, and Datakustik  technicians suggested to use the already implemented Shape file 

Export function of CadnaA to import basic noise maps inside the Dynamap system. At the 

moment no other functions are planned to boost the Datakustik Dynmap tool.  

 
3.2. SoundPLAN (D) 

 

Also during the meeting with SoundPLAN developers, the Dynamap project was explained in 

its main parts, and SoundPLAN technicians considered the possibility to improve their 

product with a dedicated function to export data directly to Dynamap. In the meanwhile, they 

suggested the use of the already implemented Shape file export function of their product.  

SoundPLAN technicians manifested also their interest in being involved in the project as 

external stakeholders and sharing the experience gained in past similar projects (see the above 

mentioned GEIART project).  

 

 
4. CONCLUSIONS 

 

Investigation results have also shown that three major approaches to produce real-time noise 

maps are available at the time being: on-line calculation based on measured data (noise or 

‘noise correlate parameter’), scaling and sum of pre-computed maps according to measured 

data,  noise monitoring networks (or citizens contributive) mapping.  

In these terms Dynamap confirms its peculiarity to achieve cheap and easy to use reliable 

real-time noise maps, by combining   low-cost devices (cheap sensors = many measuring 

points, no needs of noise mapping software license) with clean  measurements (recognition 

and removal of spurious noise to have reliable measurement data), and a scalable and easy to 

read result presentation (Realtime Noise maps on a GIS- website). Therefore, the project 

confirms its compliance with END requirements for both noise maps production and 

information to citizens. 
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EXECUTIVE SUMMARY 
The LIFE-DYNAMAP project (Dynamic Acoustic Mapping - Development of low cost 

sensors networks for real time noise mapping) aims at developing an automatic dynamic noise 

mapping system able to detect and represent in real time the acoustic impact due to road 

infrastructures. The scope of the project is the European Directive 2002/49/EC relating to the 

assessment and management of environmental noise (END), referring to the need of updating 

noise maps every five years, as stated in the END. 

 

To ease the update of noise maps and reduce their economic impact, DYNAMAP aims at 

building an automatic and integrated system for data acquisition and processing able to detect 

and report in real time the acoustic impact due to noise sources. The system should be 

composed of low cost sensors measuring the sound pressure levels emitted by the noise 

sources present in the area to be mapped and of a software tool based on a GIS platform 

performing real time noise maps updating. 

 

In DYNAMAP, a monitoring system will be designed and accomplished to check and test the 

feasibility of updating noise maps in real time along a major road (the Big Ring in Rome - 

Italy) and in the agglomeration of Milan (Italy). 

 

This report locates in the preparatory action A1 (State of the art on real time noise mapping 

systems). In this action, a detailed investigation on the noise mapping software available in 

the market will be undertaken, in order to identify the products specifications to be 

implemented to ease the development of a modular and scalable system in a general purpose 

GIS platform. This investigation will be undertaken in Task A1.1. 

 

In addition to the above mentioned aspects, an investigation on the state of the art on sound 

source recognition and anomalous event elimination will be accomplished, in order to build 

up a robust system where the measured levels used for maps scaling, are not affected by 

occasionally or external events that could lead to unreliable results. This investigation will be 

undertaken in Task A1.2. The present report is the deliverable corresponding to this latter 

task. 

 

It contains an exhaustive review and critical analysis of the scientific literature on sound 

source recognition, describing the main modules that compose a typical sound source 

recognition system, and analyzing the approaches proposed in the literature to implement 

such systems. 

 

The investigation results highlight the complexity of the environmental sound recognition 

problem, mainly caused by the intrinsic nature of these type of sounds. Indeed, environmental 

sounds present a structure and characteristics very different from those of speech and music, 

to name the two types of sound sources for which recognition techniques have been most 

widely developed. For this reason, trying to recognize environmental sounds by just adapting 

well-established approaches to music or speech recognition is a suboptimal way to proceed. 

Rather the contrary, it becomes necessary to devise specific recognition strategies to tackle 

this kind of problem (for instance, the design of specific acoustic features). 

Moreover, given the virtually infinite number of environmental sound sources (ranging from 

natural or animal to industrial sounds), there exists a great variability as regards the 

characteristics of possible environmental sounds. Because of this, a successful environmental 

sound recognition system should be highly adapted to the environment where it operates, 

being trained with a sufficient number of samples of the sounds it is meant to recognize.  



LIFE13 ENV/IT/001254 DYNAMAP  Deliverable A1-Annex A1.2 

State of the Art on Sound Recognition 

 

 A1.2 Pag.8 

Finally, it is worth mentioning that the environmental sound recognition problem has largely 

attracted the attention of the research community since the early 2000’s, a point in time when 

the number of scientific publications on this matter started a significant boost. Therefore, 

there are plenty of works covering the study and design of specific environmental sound 

recognition systems. However, there is a lack of common and publicly available 

environmental sound databases that allow the fair comparison between different proposals. 

This situation, attributable to the relative youth of the environmental sound recognition 

research community, definitely makes it difficult to ascertain which proposals are, 

objectively, the best performing ones. 
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1. INTRODUCTION 

Endowing machines with sensing capabilities similar to those of humans is a long pursued 

goal in several engineering and computer science sub-disciplines. Ideally, we would like 

machines and computers, in particular, to detect and recognize events occurring in their 

environment (i.e. be aware of their immediate surroundings), so that they can produce a 

suitable response to their users’ needs, taking one step forward towards full and transparent 

human-machine interaction and human-computer interaction. 

 

In the last decades, the evolution of computing paradigms, coupled with the ever increasing 

computation, miniaturisation and storage capabilities of hardware systems has made 

computers capable of solving some specific environment sensing problems.  

 

For instance, the field of computer vision constitutes a clear and remarkable example of 

environment sensing by computers. A well-known and quite mature technology such as 

Optical Character Recognition (OCR) allows computers connected to a scanner device or a 

camera to read typewritten or handwritten text. Of course, the complexity of the task certainly 

conditions the ability of computers to “read”, as it is much simpler to recognize black capital 

typewritten letters written on a scanned sheet of paper than reading a slanted sign on the street 

with reflections, shape distortions, etc. Indeed, we would be moving from the classic OCR 

problem to a more complex and generic task called natural scene text understanding (Mancas-

Thillou, 2006), as illustrated in Figure 1. This simple yet realistic example highlights how 

complex environment sensing can become for a computer.  

 

 

      

Figure 1 - The complexity of environment sensing: from optical character recognition (left) to natural text 

scene understanding (right). 

 

In the quest for making computers sense their environment in a human-like way, the other 

main avenue of perception is audio. Sensing its acoustic environment in broad sense is not a 

simple task for a computer. As its visual counterpart, the acoustic surroundings of a particular 

point in space can be extremely complex to decode for machines, be it due to the presence of 

simultaneous sound sources of highly diverse nature, or due to many other causes.  

 

This challenging problem goes by the name of machine hearing (Lyon, 2010). It is defined as 

the ability of computers to hear as humans do, distinguishing speech from music and 

background noises, pulling the two former out for special treatment, including the ability to 

discern the direction of arrival of sound events, detecting which of them are usual and unusual 
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in that specific context, being able to recognize acoustic objects such as actions, events, 

places, instruments, and speakers. 

 

Therefore, machine hearing must face a wide variety of sounds, and an ideal hearing machine 

should be able to deal successfully with all of them. To further illustrate the complexity of the 

scope of the problem, Figure 2 presents a classic taxonomy of sounds classification, which 

was firstly proposed in (Gerhard, 2003) and more recently referred in (Temko, 2007) and 

(Dennis, 2014). 

 

 

Figure 2 - Taxonomy of sound classification (from (Dennis, 2014) ). 

 

As the reader may have deduced, machine hearing is an extremely complex and daunting task. 

For this reason, it is typically subdivided in smaller subproblems, and most research efforts 

related to this topic have been focused on solving those simpler, more specific tasks. 

 

Such simplification can be achieved from different perspectives. One of these perspectives 

has to do with the nature of the audio signal of interest. Indeed, devising a generic system 

capable of detecting (or recognizing) sound events regardless of their nature is a truly 

complex endeavour. In contrast, it becomes easier to develop systems capable of doing that 

same task but limited to signals of a particular nature, as the system design can be adapted and 

optimized to take into account the signal characteristics. 

 

For instance, we can focus on speech signals. Speech has a set of very distinctive traits that 

make it different from other types of sounds, ranging from its characteristic spectral 

distribution to its phonetic structure. In this case, the literature contains plenty of works 

dealing with speech-sensing related topics such as speech detection (Bach, 2011), speaker 
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recognition and identification (Kinnunen, 2010), and speech recognition (Pieraccini, 2012), to 

name a few. 

 

Following an analogous pathway, music is another type of sound that has received much 

attention from researchers in the development of detection and recognition systems (Fu, 

2011), including those targeting specific tasks such as genre classification, mood 

classification, artist identification, instrument recognition or music annotation (Fu, 2011). As 

in the case of speech, music also has a set of specific and distinguishing traits (such as 

repeated stationary pattern structures as melody and rhythm) that make it rather unique. 

 

As already mentioned, speech and music, which are by far the most extensively studied types 

of sound sources in the context of machine hearing, present several particular characteristics 

of their own. In contrast, other kinds of sound sources do not exhibit such particularities, or at 

least not such in a clear way. An example of this are environmental sound sources (i.e. any 

non-speech or non-music sounds that can be found in the environment).  

 

In the face of the problem of endowing machines with the ability of recognizing 

environmental sounds -an endeavor that started attracting the attention of researchers in the 

early 90’s (Goldhor, 1993)-, we may ask ourselves several questions, such as the following. 

What are the characteristics of environmental sound sources? Could we borrow the well-

established expertise on speech and music analysis and recognition to build analogous 

systems for this kind of signals? As we will see in the next paragraphs, environmental sound 

constitutes a category of its own (Chachada, 2013). For this reason, reusing the approaches 

used to tackle analysis and recognition tasks of speech and music signals seems to be a 

suboptimal way of proceeding. 

 

Firstly, it is important to highlight the differences between environmental sounds and speech 

and music. 

 

Regarding the range of possible sounds, it is important to notice that both in speech and in 

music we find a limited amount of sound units: phonemes and notes, respectively. On the 

contrary, the range of environmental sounds is theoretically infinite, since any occurring 

sound in the environment may be included in this category. 

 

Secondly, a certain periodicity can be observed both in speech and music signals when 

analysing these sound signals in the time domain (see Figure 3). Although with some 

exceptions (i.e. some natural sounds as bird chirps or cricket sounds), the periodicity in 

environmental sounds may not exist.  

 

 

 
 (a) (b) (c) 

Amplitude 
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Figure 3 - Time envelope of a: (a) speech signal; (b) music signal (clarinet); (c) environmental sound signal 

(traffic street). 

 

Thirdly, the complexity of the spectrum of environmental sounds is notably larger than speech 

or music signals, as depicted in Figure 4.  

 

 
 

Figure 4 - Normalized Fourier Transform of the: (a) speech signal; (b) music signal (clarinet); (c) 

environmental sound signal (traffic street) from Figure 2. 

 

Moreover, the phonemes and musical notes are combined so as to obtain meaningful 

sequences that are actually transmitting a particular message. As opposed, the sequences on 

environmental sounds do not follow any rule or predefined grammar, although they may 

convey some kind of meaning. Unlike speech and music, also other important information is 

unknown, such as the duration of the sound events or the proportion between harmonic and 

non-harmonic spectral structure (see Table I), thus making the recognition of environmental 

sounds much more complicated. 

 

Table I - List of features that characterise speech, music and environmental sounds (adapted from (Gygi, 

2001)) 

Features Speech Music Environmental Sounds 

Unit analysis Phonemes Notes Events 

Source Human vocal tract Instruments Any occurring sound 

producing an event 

Range of 

possible sources 

Finite Finite Infinite 

Temporal 

structure 

Short (40-200ms). 

More steady than 

dynamic.  

Timing constrained 

but variable.  

Long (600-

1200ms). Mix of 

steady-state 

(strings, winds) and 

transient 

(percussion).  

Strong periodicity. 

Long (500-3000ms). 

Unknown proportion of 

steady-state to dynamic.  

Variable periodicity. 

Spectral 

structure 

Largely harmonic 

(vowels, voiced 

consonants);  

Spectral energy 

Largely harmonic. 

Some inharmonic 

(e.g., percussion). 

Unknown proportion 

harmonic vs. 

inharmonic, although 

both exist. 

(a) (b) (c) 
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tends to group as 

formants. 

Some inharmonic 

(stops, fricatives). 

Syntactic / 

Semantic 

structure 

Symbolic, 

productive, can be 

combined in 

grammar. 

Symbolic, 

productive, 

combined in 

grammar. 

Not productive, 

unknown grammar, 

although meaning 

sequences may exist. 

 

All the differences existing between environmental sound, speech and music makes the 

development of detection, analysis and recognition systems for the former a sub-discipline of 

its own, limiting the knowledge reuse from the two latter types of signals. 

 

The interest of environmental sound recognition as a research topic is illustrated by the 

histogram presented in Figure 5, which depicts the number of publications indexed by Google 

Scholar that contain the phrase “environmental sound recognition” in its title. It can be 

observed that the topic has gained attention and deserved publication in the last years. 

 

 

Figure 5 - Number of publications indexed by Google Scholar with the phrase "environmental sound 

recognition" it their title (1997-2014). 

 

Coupled with the raising interest of the topic, numerous applications related to environmental 

sound recognition have appeared. Some of the most relevant are described in the following 

section. 

 
2. APPLICATIONS OF ENVIRONMENTAL SOUND SOURCE RECOGNITION 

 

Environmental sound recognition might have manifold applications, becoming interesting in a 

wide range of domains, such as surveillance, smart cities, health, or information technology, 

among others. In the next lines, we give some examples of applications in each domain. 

 
2.1. Surveillance systems 

 
2.1.1. Security  

Traditional image-based surveillance systems may be improved by adding audio information, 

which provides several advantages: cheaper sensors, fixing the image limitation due to the 
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blind spots, preservation of the personal privacy (no image is stored from watched people), 

possibility of easily triggering an alarm warning the emergency or police services, etc. 

(Eronen, 2006) (Ntalampiras, 2009). These systems may be implanted for security purposes in 

indoor environments, such as private houses, parking and elevators; or in outdoor 

environments, such as streets and other public places, e.g., to control violent acts. 
 
2.1.2. Assistance to the elderly 

Detection of abnormal sounds that could represent a hazardous situation for the elderly or 

people needing special cares who are living home alone (Rabaoui, 2007). For instance, when 

recognizing the sound of a person falling down the stairs, an alarm could be automatically 

triggered warning a relative or the ambulance service. The preservation of the personal 

privacy is a valuable feature in these applications. 

 
2.1.3. Monitoring of biological ecosystems 

It would be desirable to tackle the long-term surveillance of sensitive biological ecosystems 

without requiring the physical presence of an observer. This goal can be achieved by means of 

environmental sound recognition systems tailored for the recognition of specific animal and 

bird species, often with a particular focus on detecting and counting bird vocalisations 

(Bardeli, 2010), (Somervuo, 2006), or the recognition of distinctive animal sounds (Weninger, 

2011) using a range of audio pattern recognition approaches. 

 
2.2. Well-being 

 
2.2.1. Smart Cities 

Smart audio sensors distributed all around the urban area can provide with plenty of useful 

information in real time about the current city situation, such as traffic conditions, celebration 

of events (e.g., demonstrations or street performances), identification of noisy areas, etc. A 

central server would centralise all the relevant information, thus rapid measures could be 

taken to solve or control the observed problems. 

 
2.2.2. Ambient Assisted Living 

Ambient Assisted Living aims at designing smart homes that anticipate to the needs of its 

inhabitants while maintaining their safety and comfort (Vacher, 2010), (Vacher, 2011). Smart 

homes are typically equipped with many sensors that capture different information about the 

environment. Specifically, the sound data recorded by microphones can deliver highly 

informative data. For instance, the identification of coins or keys dropping may alert the user 

and help him to find them. Another example is the recognition of water sounds, which can 

prevent water waste due to leakage in tubes and flushing toilets, or alert the user if he/she left 

the tap from the sink or the bath opened.  

 
2.2.3. Soundscapes 

Environmental sound recognition systems could be useful for urban planners and soundscape 

designers who aim at designing pleasant urban and rural acoustic environments. In that sense, 

a support tool that provides them with the information about the typical sound events is 

relevant information that the urban planner would acknowledge to appropriately design an 

acoustic environment that improves the quality of life of their inhabitants. 

 
2.3. Policies and regulations 
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2.3.1. Environmental noise policies 

The European Environmental Noise Directive (EU/2002/49) (Directive, 2002) requires 

mapping all major environmental noise sources within urban areas in order to inform the 

European citizens about their exposure to noise besides drawing up appropriate action plans 

addressed to reduce noise impact on people. An important specification of this directive is 

that environmental noise sources must be mapped independently. Therefore, maps in 

locations of coexisting noise sources could achieve higher accuracy by employing advanced 

monitoring systems able to identify the sources that originate the measured noise levels 

(Valero, 2013). 

 

2.3.2. Noise impact studies 

Environmental sound source recognition systems may be employed as support tool in the 

assessment of noise impact assessments attending to local regulations. Such systems would 

become especially useful in situations where the citizen is exposed to several noise sources 

and it is difficult to determine the contribution of each noise source to the overall noise 

exposure. Frequently, long measurements lasting from several days up to several months are 

required to obtain a significant sample of the acoustic situation (ISO, 2007). In those cases, a 

system able to automatically recognise the noise sources is of special interest, since no 

technician is needed to ensure the origin of the registered noise levels. For the unaware reader, 

it should be pointed out that noise sources are not all treated in the same way by noise 

regulations, e.g. they are more restrictive with noise from industrial activities than with road 

traffic noise. In addition, penalisations for exceeding noise limits also differ. 

 
2.4. Health 

 
2.4.1. Noise health impact 

The impact of noise on human beings has not been clearly determined yet. The understanding 

of noise health effect could be improved by means of epidemiological studies (Babisch, 

2006).Errore. L'origine riferimento non è stata trovata. These studies could be performed 

with the information provided by an environmental noise source detector embedded in 

portable devices, which would collect all the relevant information regarding the noise sources 

to which a person is exposed to in his/her daily-life. These devices would help to better 

understand the impact of daily-life noise on health, studying the correlations between noise 

exposure and other human health endpoints such as cardiovascular diseases, blood pressure, 

annoyance, etc. 

 
2.4.2. Psychological studies 
Likewise, environmental sound source detectors would be useful to assess the psychological 

human response to noise, studying the noise sources or specific characteristics of sounds that 

have a greater impact on humans and provoke different reactions to them, such as disturbance, 

annoyance or nuisance (Finegold, 1994). 

 
2.4.3. Support decision tool for medical purposes 

The only way to diagnose some degenerative illness (such as Alzheimer) is observing the 

patient when performing several daily routine activities, such as preparing a coffee, washing 

hands, going to the toilet, etc. Thus, videos are recorded from the patient at his/her house 

during several days. Since it is not feasible that the doctor had to watch videos lasting several 

days of routine activities, the main tasks of the monitoring system may be focused on 

detecting abnormal patterns by analysing the sound of the events, thus generating smart 
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summaries with all the relevant information required by the doctor to make the diagnosis 

(Guyot, 2012). 

 

 

 

 
2.5. Hearing aids 
 
2.5.1. Hearing aid systems 

Enable an active control that could adapt the hearing reinforcement system to the particular 

characteristics of the surrounding environment. Interfering noise could be reduced and certain 

relevant sounds (e.g., human voice) emphasized (Büchler, 2005). 

 
2.5.2. Audio-to-image transducers 

Devices that display audio information (e.g., doorbell, phone ring, alarm signals, etc.) on a 

monitor. That application would be especially useful for hearing impaired people. 

 

 
2.6. Other ICT-related applications 

 
2.6.1. Audio context recognition for portable devices 

Portable devices like mobile phones or music players could automatically detect the 

surrounding acoustic scene and reacting accordingly without human intervention (Eronen, 

2006). For instance, a mobile phone could detect that we are on a library and it could 

automatically switch off the volume in order to avoid bothering other library users. 

 
2.6.2. Robotics 

Guidance of robots and other automates by sound information. This application results 

especially useful in cases of absence of light, when the robot can get degraded or no visual 

information about the environment (Chu, 2009). 

 
2.6.3. Automotive applications 

Audio sensors in cars could identify certain events happening in a road, e.g. ambulance or 

police sirens, horns, etc, or even distinguish between vehicles depending on the type of noise 

they emit (Valero, 2013). The driver could be warned in short time, even if he is listening to 

other audio devices that could prevent him from a quick reaction. 

 
2.6.4. Speech recognition and synthesis systems 

Systems devoted to recognise the background noise and cancel it, thus enhancing the Signal-

to-Noise ratio to improve the spoken communication (Beritelli, 2008). In addition, the 

exploration of how adverse environmental noise conditions influence speech modification, 

would allow incorporating these changes to enhance the intelligibility of both natural and 

synthetic speech (LISTA, 2013). 

 

 
2.7. Multimedia contents 
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2.7.1. Audio content identification in media broadcasts 

Both in pre-recorded and live media broadcasts, information about audio content such as 

language, audio quality, etc. could be identified and transmitted together with the video signal 

to the final user. 

 
2.7.2. Audio indexing 

Large collections of audio databases could be automatically indexed and quickly accessed by 

retrieving special audio indexes such as sound sources or musical instruments contained 

(Dhanalakshmi, 2011). 
2.7.3. Multimedia indexing 

Tagging videos with the geo-coordinates of the place where they were filmed enables 

browsing and searching online multimedia repositories using geographical criteria. 

Frequently, there is no meta-data included about the filming location. In those cases, audio 

information might be used in order to determine the coordinates (the so-called 

geolocalization) where the video was filmed with a certain radius of tolerance (Sevillano, 

June 2012), (Sevillano, 2015). 

 
2.7.4. Personal diary 

A new tendency, especially extended among musicians and people working in the audio field, 

is the creation of personal diaries based on audio information. It represents an alternative 

method to register the different events and experiences lived (Ntalampiras, 2008). Audio 

content indexing is especially relevant in this application. 

 

 
3. ARCHITECTURE OF ENVIRONMENTAL SOUND SOURCE RECOGNITION SYSTEMS 

 

Figure 6 depicts a generic block diagram illustrating the architecture of a typical 

environmental sound recognition system. This scheme introduced in (Valero, 2012) is 

coincident with the proposed architectures found in other recent works in the literature, such 

as (Dennis, 2014). Therefore, it can be considered as a pretty standard internal architecture for 

this type of systems. As it can be observed, three main processes must be conducted to 

perform environmental sound recognition: detection, feature extraction, and classification. 

 

 

Figure 6 - Architecture of a typical environmental sound recognition system. 

 

The following paragraphs present a brief description of the primary goals and characteristics 

of the constituting blocks of the diagram of Figure 6. 

 

In a first stage, the presence of sound events of interest is detected within a continuous audio 

stream recorded by a microphone. The detection allows the segmentation and isolation of the 

audio segments of interest. Broadly speaking, sound event detection can be handled following 

two distinct philosophies. The first type of approaches consists in detecting changes in the 

low-level acoustic characteristics of the incoming audio stream (Temko, 2007), which allows 

implementing a kind of “novelty detector” that informs the system about the presence of 

relevant noise events (Dennis, 2014). The second kind of approaches relies on tackling 
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detection as a pattern recognition problem. That is, the detector is trained to recognize a set of 

noise events, and it is able to distinguish between them and the background noise, thus being 

able to detect the starting and finishing points of the event of interest (Zhuang, 2010). The 

main difference between both approaches lies in the fact that the latter operates on a fixed-size 

detection window that shifts forwards over time, while the former does not require setting a 

fixed length segment value in advance. 

 

Next, the classification process begins. Firstly, the acoustic characteristics of the sound 

segment are extracted and represented in a compact manner via feature extraction. To that 

end, the sound signal is first windowed into short frames, usually of 10-50 milliseconds (Fu, 

2011). This process has a dual purpose. On the one hand, the typically non-stationary audio 

signal can be assumed to be stationary for such a short signal frame, thus facilitating the 

spectro-temporal signal analysis. On the other hand, the efficiency of the feature extraction 

process is increased, since the system will deal with smaller chunks of data (thus, yielding a 

faster spectral analysis computation) (Fu, 2011). Next, the framed sound signal is 

parameterised by a set of features, which may consider the time, frequency and perceptual 

signal characteristics. As the reader can easily understand, the selection of appropriate signal 

features is a key issue for successful environmental sound recognition. Modelling the time 

evolution of those signals has been found to be of paramount importance when it comes to 

recognise environmental sounds yet from seminal works such as (Gygi, 2001). To keep this 

time information, the features extracted from several subsequent signal frames are typically 

merged into a single feature vector, which represents the sound signal subject to recognition. 

It should be noted that, due to this feature merging process, the feature vectors acquire a very 

high dimensionality that may represent a hurdle to the machine learning algorithm, with the 

so-called “curse of dimensionality” problem (Bellman, 2003). In order to compact the feature 

vectors, feature extraction is sometimes followed by a data dimensionality reduction process. 

To this end, several approaches may be considered: from extracting several statistics (such as 

mean values) (Rabaoui, 2008) to more complex approaches like analysing the Principal 

Components of the feature vector (Eronen, 2006).  

 

Finally, and based on the information provided by the compacted feature vector, a process is 

needed to perform the recognition of the sound signal. Typically, this process is conducted by 

means of a machine learning technique that follows a supervised learning approach. Figure 7 

illustrates the two typical operation modes of supervised machine learning algorithms: the 

training and exploitation operation modes. 
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Figure 7 - Training and exploiting an environmental sound recognition system. 

 

Regardless of the specific supervised machine learning algorithm employed, the systems 

firstly requires undergoing a training process. To that end, a set of known sound data samples 

(hereafter denoted as labelled data) must be compiled, taking care of collecting multiple 

samples from each sound class that we want the system to recognize. By doing so, it will be 

possible to build representative patterns for each type of sound class aimed to be recognised. 

These sets of sound patterns will compose the acoustic model of the sound class and will be 

employed to train the machine learning algorithm, a process that is generally conducted only 

once
 1

 (i.e. training is an offline process, as depicted in Figure 7). 

 

Later, the machine learning algorithm is asked to identify unknown sound signals based on 

the information acquired during training. As opposed to the training stage, the testing (or 

exploitation) process should be done online in applications that require real time response 

from the environmental recognition system.  

 

The remaining of this section is devoted to describing the state-of-the-art techniques as 

regards the techniques employed for implementing each one of the constituting modules of 

the block diagrams presented in Figure 6 and in Figure 7. 

 
3.1. Audio event detection 

 

As mentioned earlier in this section, audio event detection is the task of finding the start and 

end points of a noise event of interest within a continuous audio stream. 

  

Focusing on the detection of environmental sound events, it is important to highlight that they 

are usually disconnected from one another (in contrast to what happens in speech or music, 

which present a strongly interconnected temporal “structure” composed of phonemes or notes, 

respectively (Dennis, 2014)). For this reason, the detection of environmental sound events in a 

continuous audio stream is typically tackled following two types of approaches.  

 

The first approach is based on using a novelty-detection system that considers any rapid 

change against the long-term background noise to be a sound event. This type of approach is 

usually referred to in the literature as “detection-and-classification”. The second alternative 

consists in using a sliding window detector that performs classification on each fixed-length 

segment in turn. This approach is commonly referred to as “detection-by-classification” 

(Dennis, 2014; Temko, 2007). 

 

The following paragraphs describe the most relevant works in the audio event detection 

literature classified according to the “detection-and-classification” vs. “detection-by-

classification” taxonomy just described. Unless explicitly noted, we refer to mono-

microphone approaches. 

 
3.1.1. Audio event detection by “detection-and-classification” 

 

                                                 
1
 Nevertheless, this process could be updated dynamically, by repeating the system training every time that new 

sound data is available.  
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The “detection-and-classification” approach to audio event detection consists of extracting a 

sound event segment of a not-predefined (i.e. variable) length, from the continuous incoming 

audio stream.  

 

The resulting segmentation acts as a “novelty detector” aimed at detecting audio segments 

that are different from the underlying background noise by comparing feature vectors against 

a threshold learned from the recent background noise profile. 

 

Compared to the “detection-by-classification” approach (see section 0), which is based on 

casting the audio segmentation task to a supervised learning task, the approaches reviewed in 

this section do not require being trained on labeled data. This constitutes an advantage as 

regards their adaptability to new auditory environments. 

 

One of the pioneering works in the area of audio event detection following the “detection-

and-classification” approach was presented in (Tzanetakis, 1999). In that work, a general 

approach for fast indexing of arbitrary audio data was proposed. At the core of the proposal, 

audio segmentation based on multiple temporal features is combined with automatic or semi-

automatic annotation. The rationale of the proposed segmentation system is that the 

characteristics of sound sources tend to vary smoothly in time, so abrupt changes usually 

indicate a new sound event. To detect such abrupt changes, the authors proposed computing a 

time series of feature vectors over the audio stream, computing the Mahalanobis distance 

between the successive frames. Subsequently, the detection of peaks on the temporal 

derivative of the Mahalanobis distances time series allows identifying abrupt changes in the 

acoustic characteristics of the audio stream. In particular, feature vectors are computed using 

multiple temporal and spectral characteristics, such as the Spectral Centroid, the Spectral 

Rolloff, the Spectral Flux, the Zero Crossing Rate, and the root mean square (RMS) value of 

each frame. 

 

The early literature presents several other works that base audio event detection on the 

calculation of different types of distances between the distinct types of feature vectors 

computed on audio frames, such as the Euclidean distance (Pinquier, 2004; Foote, 2000), the 

Kullback-Leibler distance (Cao, 2003), or the Bhattacharyya distance (Pietquin, 2001), to 

name a few. 

 

However, the disadvantage of the previously cited approaches lies in the difficulty in 

choosing a suitable distance threshold, as this is crucial and may vary over time in non-

stationary noise. To compare adjacent frames in a more robust fashion, other metrics such as 

cross-correlation and energy spline interpolation were introduced (Vacher, 2003). Later, the 

same authors proposed the use of transient models based on dyadic trees of wavelet 

coefficients to clearly detect impulse noise events (Vacher, 2005). 

 

In (Botteldooren, 2008), the authors presented a simplified computer model of human 

auditory attention as a first step for assessing the impact of (unwanted) environmental noise 

on quality of life of people. This type of models can be somehow be employed for audio event 

detection, as they are capable of determining the time intervals a listener pays attention to a 

specific sound event occurring in a complex soundscape. To that end, the authors developed a 

simple model for saliency in environmental sounds, which is a peak detection algorithm 

implemented for each individual type of sound in the complex acoustic environment they 

simulated.  
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Another related work that also aimed at building a computational model of auditory attention 

to environmental sound was introduced in (De Coensel, 2010). In that work, the authors 

simulated how listeners switch their attention over time between different auditory streams, 

based on bottom-up and top-down cues. The bottom-up cues were determined by the time-

dependent saliency of each stream. The top-down cues were calculated on the basis of an 

auditory saliency map (encodes the intensity and the amount of spectral and temporal 

irregularities of the sound), and binary spectro-temporal masks for the different streams. The 

resulting model is able to delimit the time periods during which particular streams are paid 

attention to.  

 

Following a different approach to audio event detection, the proposal presented in (Cotton, 

2009) focused on the specific scenario of finding repetitions of perceptually similar sound 

events in generic audio recordings. Exploring matching pursuit derived features to identify 

repeated patterns that characterize distinct acoustic events, and using locality-sensitive 

hashing to efficiently search for similar items, the authors derived a method for detecting 

repetitions of audio events. 

 

Lately, the “detection-and-classification” approaches to the audio event detection problem 

have shifted towards the use of sequential hypothesis testing, using e.g. the CUSUM 

algorithm (Tartakovsky, 2014). For instance, Dessein and Colt (Dessein, 2013) applied these 

techniques to real-time audio segmentation using the information geometry of exponential 

families. In (Cont, 2011), the authors showed how segmentations and similarities between 

neighboring frames can be computed in an information-geometric context by finding the right 

centroids for each audio segment. 

 

Another recent trend in the segmentation of audio streams is the switching state space model 

developed in (Wichern, 2007) and (Wichern, 2010). This technique uses a multi-feature 

approach that models events as having distinct onsets and durations that may overlap, 

allowing for multiple sound events to be detected at the same time while not explicitly 

accounting for multiple physical sources in analysis, such as in source separation algorithms. 

Following a multi-feature fusion approach, each separate feature has an individual 

segmentation trajectory that contributes to the overall segmentation mode. By having each 

feature independently contribute to the overall prediction of segmentation boundaries, not all 

features need to be responsive to the existence of a sound event for it to be detected 

(Mechtley, 2013). 

 

A very recent approach to audio event detection is based on the application of unsupervised 

learning techniques, such as clustering (Bietti, 2014). In this new approach, no training data is 

required, and the expressiveness of the model is exploited to discover the correct 

segmentation. Rather than separately detecting changes and finding similarities, both tasks are 

tackled at the same time, by having different models for each class of segments and inferring 

the segment transitions from observations. To that end, several online learning algorithms 

(including a variant of the EM algorithm) are developed to apply Hidden Markov or semi-

Markov Models (HMMs and HSMMs, respectively) based on incremental optimization 

schemes to the audio segmentation task. 

 

As the reader can observe, the literature presents a wide range of “detection-and-

classification” techniques. In which situations is this type of approach advantageous, 

especially in comparison to the “detection-by-classification” alternative?  

 



LIFE13 ENV/IT/001254 DYNAMAP  Deliverable A1-Annex A1.2 

State of the Art on Sound Recognition 

 

 A1.2 Pag.24 

It is interesting to notice that the “detection-and-classification” approach to audio event 

detection tends to work well in scenarios in which little previous monitoring has been done, 

and also in scenarios with a large variability as regards the presence of noise events. 

 

As regards the former situation, one may face the need of detecting the presence of noise 

events in “acoustically unknown” areas, that is, in areas in which it has not been possible (be 

it due to accessibility reasons or due to the unavailability of resources) to monitor the acoustic 

environment. In this context, a supervised approach to audio event detection is not advisable, 

as the “detection-by-classification” approaches rely on building reliable acoustic models of 

the audio events to be detected. If it is not possible to build such models, then the use of 

“detection-and-classification” techniques becomes a more suitable option. 

 

Moreover, the construction of reliable acoustic models of the noise events we want to detect 

can also be difficult in environments with a large variability of noises. In such situations, the 

use of “detection-by-classification” is not recommended, and their non-supervised 

counterparts tend to offer more reliable results.   

 

 
3.1.2. Audio event detection by “detection-by-classification” 

The “detection-by-classification” approach performs classification of sequential segments 

extracted from the audio, where the detection window shifts forwards over time. The output at 

each time step is then a decision between noise and one of the trained sound events. This is 

the key difference between this approach and the “detection-and-classification approach”: 

here we need a classifier trained to detect the noise events of interest. 

 

According to (Dennis, 2014), the advantage of this approach is that only one set of features 

needs to be extracted from the audio as the detection and classification modules are 

combined. The main disadvantage lies in choosing an appropriate window size and 

classification method capable of working well across a range of experimental conditions. 

 

One of the seminal works in the “detection-by-classification” approach to audio event 

detection was presented by Ellis, and it was completely focused on detecting a specific type of 

sound: alarms, such as phone rings, smoke alarms and sirens (Ellis, 2001). In that work, the 

author compares two different approaches to alarm detection. The first approach is based on 

techniques and representations borrowed from speech recognition (a feed-forward multi-layer 

perceptron neural network fed with cepstral feature vectors). The second alarm detection 

technique is more specifically designed to exploit the structure of alarm sounds (using a 

sinusoid modelling approach, based on the fact that alarm sounds are easily decomposable as 

a weighted sum of sine waves of different frequencies), which at the same time minimizes the 

influence of background interference. 

 

More works focused on detecting specific types of noise events can be found in the early 

literature. Another example is the system designed to detect gun shots presented in (Clavel, 

2005). The proposed system is based on a novelty detection approach that relies on a 

hierarchical classifier system built on Gaussian Mixture Models (GMM) trained with samples 

of gun shot sounds to distinguish between shots and other sounds, thus performing detection-

by-classification. The vectors fed to the classifier to recognize gun shot sounds comprise 

diverse features including short time energy (representative of frame loudness), Mel-

Frequency Cepstral Coefficients, the spectral centroid and spread, plus the first and second 
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time derivatives of all these features. To compress the resulting feature vectors, principal 

component analysis is applied. 

 

A more generic approach not focused on the detection of such specific types of noise events 

was presented in (Hoiem, 2005). In that work, the authors describe the SOLAR system, which 

is capable of finding sound objects, such as dog barks or car horns, in complex audio data 

extracted from movies. Their proposal avoids the need for segmentation by scanning over the 

audio data in fixed increments and classifying each short audio window separately. Instead, 

SOLAR employs boosted decision tree classifiers to select suitable features for modelling 

each sound object and to discriminate between the object of interest and all other sounds. In 

terms of features, SOLAR uses a 138-feature set derived from Short Time Fourier Transforms 

(STFT) composed of spectral features such as the mean and standard deviation of the power 

percentile in each frequency channel and of the total power, bandwidth, and so on. 

 

A two-stage audio event detection system based on Support Vector Machine (SVM) 

classifiers was described in (Temko, 2007). In the first stage, silence/non-silence 

segmentation is performed. In the second stage, the sound occurring in the non-silence 

segments are classified into a series of predefined classes by means of SVM classifiers. To 

that end, each frame is represented by a feature vector including Frequency-Filtered (FF) log 

filter-bank energies, a set of other perceptual parameters such as zero-crossing rate, short time 

energy, 4 subband energies, spectral flux calculated for each of the defined subbands, and 

pitch, plus the first and second time derivatives of the FF parameters. Using a sliding window, 

the captured feature vectors are fed to an SVM-based silence/non-silence classifier trained on 

silence and non-silence segments of the two isolated acoustic events databases. Finally, the 

noise event SVM classifier (which is trained on both isolated acoustic events and seminar 

databases to classify a set of 12 defined acoustical classes, plus classes “speech” and 

“unknown”), labels the non-silence segments. 

 

The use of Hidden Markov Models applied to audio event detection was the focus of (Zhou, 

2007). In that work, the authors use the Kullback-Leibler (KL) distance to quantify the 

discriminant capability of all speech feature components in acoustic event detection. Based on 

these distances, they use AdaBoost to select a discriminant feature set and demonstrate that 

this feature set outperforms classical speech feature set such as MFCC in one-pass HMM-

based acoustic event detection. 

 

More recently, Zhuang et al. proposed extracting discriminative features for audio event 

detection using a boosting approach (Zhuang, 2010), arguing that this approach outperforms 

classical speech perceptual features, such as Mel-frequency Cepstral Coefficients and log 

frequency filterbank parameters. Their complete proposal leverages statistical models that 

better fit the audio event detection task. First, a tandem connectionist-HMM approach 

combines the sequence modelling capabilities of the HMM with the high-accuracy context-

dependent discriminative capabilities of an artificial neural network trained using the 

minimum cross entropy criterion. Second, an SVM–GMM-supervector approach uses noise 

adaptive kernels better approximating the KL divergence between feature distributions in 

different audio segments.   

 

The work by Oldoni et al. presents a neural-network approach to audio event detection, posed 

in the context of environmental sound measurement networks (Oldoni, 2010). The proposed 

model mimics the human ability to detect rare and conspicuous sound events. Features 

encoding spectro-temporal irregularities are extracted from the sound, and a Self-Organizing 
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Map (SOM) is used to identify co-occurring features, which most likely belong to a single 

sound object. Extensive training allows this map to be tuned to the typical sounds that are 

heard at the microphone location. Finally, a Locally Excitatory Globally Inhibitory Oscillator 

Network (LEGION) is used to group units of the SOM in order to construct distinct sound 

objects. 

 

The use of part-based decompositions of the incoming audio stream is another recent 

approach to audio event detection. One of the first examples is the work by Cotton and Ellis 

(Cotton, 2011), which proposes an approach to detect and model acoustic events that directly 

describes temporal context, using convolutive non-negative matrix factorization (NMF). NMF 

is  used in that work to discover a set of spectro-temporal patch bases that best describe the 

data, with the patches corresponding to event-like structures. Subsequently, features are 

derived from the activations of these patch bases by taking the log of the maximum of each 

activation 

dimension, and event detection is performed using HMM. 

 

The development of audio event detection algorithms for home surveillance applications 

(such as the tele-monitoring technologies to support doctors in the diagnostic and follow-up 

of dementia illnesses such as Alzheimer) was the focus of (Guyot, 2013). In this specific 

context, water sounds are very useful to track and identify abnormal behaviors form everyday 

activities (e.g. hygiene, household, cooking, etc.). In that work, the authors proposed a 

double-stage system to detect this type of sound events. In the first stage, the audio stream 

was segmented with a simple but effective algorithm based on the Spectral Cover feature. The 

second stage improves the system precision by classifying the segmented streams into 

water/non-water sound events using Gammatone Cepstral Coefficients (Valero, August 2012) 

and Support Vector Machines.  

 

Another application-oriented example of recent literature on audio event detection is the 

development of the so-called Acoustic Processing Units, an embedded device whose 

capabilities go beyond state-of-the-art IoT sensors (Hollosi, 2013). In particular, the authors 

present an acoustic approach to emergency vehicle detection (e.g. ambulances, police cars) 

through the detection of the sound generated by their sirens. To that end, they review a set of 

standard features (time, spectral distribution, energy, modulation and other psychoacoustic 

measures) and classifiers (K-Nearest Neighbour, Gaussian Mixture Models, Hidden Markov 

Models, Neural Networks, Linear Discriminate Analysis, Quadratic Discriminate Analysis 

and Support Vector Machines).  

 

The recent work by Schroder et al. on audio event detection has covered several alternatives 

of the “detection-by-classification” approach to tackle this task. For instance, the authors 

proposed in (Schroder, 2013) an acoustic event detection system consisting of a noise 

reduction signal enhancement step, a Gabor filterbank feature extraction stage and a two layer 

Hidden Markov Model as back-end classifier.  

 

The same authors presented a deeper study and an extension of their previous work within the 

framework of the IEEE AASP Challenge “Detection and Classification of Acoustic Scenes 

and Events” (Schroder, 2013). In that work, the performance of three different kinds of 

features is compared (amplitude modulation spectrogram, Gabor filterbank-features and 

conventional Mel-frequency cepstral coefficients, all of them known from automatic speech 

recognition), while their proposal of using a two-layer Hidden Markov Model as the back-end 

classifier is maintained. The influence of the signal enhancement is investigated and the 
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increase in recognition rate by the proposed features in comparison to MFCC-features is 

analysed, demonstrating that the proposed spectro-temporal features achieve a better 

recognition accuracy than MFCCs. 

 

One of the most recent contributions of the same team of authors is based on the fact that they 

consider that audio event detectors based on classifiers like Hidden Markov models in 

combination with mel-frequency cepstral coefficients are flexible in time but rigid in the 

spectral dimension. For this reason, they explore part based models in the spectro-temporal 

domain for detecting emergency siren sounds in traffic noise (Schroder, 2013). The resulting 

classifier is robust to shifts in frequency induced, e.g., by Dopplershift effects. Moreover, it 

outperforms HMMs on noisy scenarios.  

 

As the review presented in this section highlights, there exist several alternatives as regards 

the detection of audio noise events based on the “detection-by-classification” approach. In 

general terms, these techniques are recommended to perform audio event detection in 

environments with very specific acoustic profiles, i.e. in areas in which the presence of 

possible noise events is limited in number and nature. This situation lends itself to the 

construction of reliable acoustic models for each one of the classes of noises we want to 

detect. As a result, this is a situation favourable to the “detection-by-classification” audio 

event detectors. 

 

Nevertheless, among the myriad of existing “detection-by-classification” approaches to audio 

event detection, which are the optimal? This question is not easy to answer, primarily due to 

the lack of standard comparison benchmarks that enable the objective comparison between 

different proposals.  

 

In general terms, however, the use of features adapted to the nature of the noise we want to 

detect is highly recommendable. In this sense, there is a certain notion of “abuse” of features 

borrowed from the automatic speech recognition field. Given the specific nature of 

environmental noise events, we encourage the use of features that accommodate to it. As 

regards the type of classifier, support vector machines are globally regarded as one of the 

most effective alternatives, although they can be outperformed by other classification schemes 

under particular circumstances.  
 
3.2. Audio parameterization 

In this section state-of-the-art audio signal features are classified according to different 

criteria in the aim of providing a first-view of common framework. This classification is 

mainly based on the review offered in the work (Mitrović, 2010) and it has been updated 

considering the recent studies in the field of audio parametrization. A taxonomy framework 

for audio parameterization is firstly given in the next paragraph while subsequent paragraphs 

comprise the full set of audio features compiled in this review. 

 
3.2.1. Classification of audio features 

Main sets of audio features are defined based on the following domains: temporal domain, 

frequency domain, cepstral domain, modulation frequency domain, rhythm domain, 

eigendomain and finally phase space domain.  

 

For a quick reference, Figure 8 presents a visual representation of the feature taxonomy 

described in this section. 
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Figure 8 - Taxonomy of audio features 

 

Next, every set of audio features is described and subsequent subsets are also briefly outlined. 
 
Temporal features 

Temporal features are directly obtained from the original raw audio signal, without 

performing any previous transformation of the signal. This type of audio features can be 

classified in three general categories related to a specific property of the audio signal that the 

feature represents (Mitrović, 2010): zeros crossing-based features; amplitude-based features; 

and power-based features. 

 

- Zero crossing-based features. These features are based on a very simple temporal 

analysis of zero-crossings of the signal or specific signal components derived from it 

that provides a rough estimation of dominant frequency and the spectral centroid 

(Downie, 2003). 

- Amplitude-based features. They are based on a very simple and fast analysis of the 

temporal envelope of the signal. 

- Power-based features. Power-based features represent the signal magnitude variation 

over time (short-time energy and volume) and its temporal distribution (temporal 

centroid and log attack time). 

 
Frequency domain features 

Frequency domain features represent the largest set of audio features and they are usually 

obtained from Fourier transform or autocorrelation analysis. Others are obtained from 

different transform-based analysis like Wavelet, Cosine or constant Q transforms, but also 

others are based on framing the subband signals obtained from bank of band-pass filters. 

Frequency domain features can be divided in two groups, as: 
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- Physical frequency features: Features within this group describe physical properties 

of the signal frequency content. They can be divided in: 

o Autoregression-based features. Features derived from linear prediction 

analysis of signals, which usually captures typical spectral predominances (e.g. 

formants) of speech signals. Within this group we find linear prediction 

coefficients (LPC), line spectral frequencies (LSF) and code excited linear 

prediction features (CELP). 

o Short-Time Fourier Transform (STFT)-Based features. These features are 

derived from spectrogram obtained from STFT computation, and some of them 

can be obtained from analysis of the spectrogram envelope (subband energy 

ratio, spectral flux – SF –, spectral slope, spectral peaks or MPEG-7 spectral 

envelope – SE –, normalized spectral envelope – NASE –, and stereo panning 

spectrum feature – SPSF) but others can be computed from the STFT phase 

(like group delay functions – GDF – or modified group delay functions – 

MGDF). 

o Adaptive Time-Frequency Decomposition (ATFD)-Based features. STFT-

based features are computed from a regular representation along both time and 

frequency, which gives them a non-optimal balance between both temporal 

and frequency resolution. Instead, ATFD-based features provide a better trade-

off in that sense and allow obtaining more precise signal representations. This 

set comprises Daubechies Wavelet coefficient histogram (DWCH), Adaptive 

Time Frequency Transform (ATFT), Octave-based Spectral Contrast (OSC) 

features and Spectrogram Image Processing features.  

- Perceptual frequency features: These features are based in some signal properties 

measured taking into account the human auditory perception. They can be classified in 

different categories: 

o Brightness features. Brightness is an attribute that is closely related to balance 

of signal energy in terms of high and low frequencies (a sound which its high 

frequency content is more dominant than the low frequency content it is said to 

be brighter). Perceptual features related to brightness are spectral centroid 

(SC), sharpness and spectral center. 

o Tonality features. Tonality is a sound property that allows distinguishing 

noise-like sounds from sinusoidal-like sounds, and especially those sinusoidal 

sounds whose frequencies are harmonically related. Tonality features are 

bandwidth, spectral dispersion, spectral rolloff point, spectral flatness, spectral 

crest factor, subband spectral flux and entropy. 

o Loudness features. Loudness is related to the subjective perception of sound 

intensity. The main loudness features are Sone and integral loudness. 

o Pitch features. Pitch is closely related to subjective perception of the main 

frequency harmonic signals, but it is also sometimes referenced to a stimulus 

(glottal oscillation or fundamental frequency). The parameters related to pitch 

are: fundamental frequency, pitch histogram, psychoacoustic pitch.  

o Chroma features. Chroma is related to perception of pitch, in the sense that it 

is a complement of the tone height (Shepard, 1964). In a musical context, two 

notes that are separated one or more octaves have the same chroma (e.g. C4 

and C7 notes), and produce a similar effect from the human auditory 

perception. Chroma features are: chromagram, chroma energy distribution 

normalized statistics (CENS) and pitch profile.  

o Harmonicity. Harmonicity describes structure of sounds that are mainly 

constituted by a series of harmonically related frequencies (i.e. a fundamental 
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frequency and its multiples), which are typical characteristics of (tonal) 

musical instruments sounds and voiced speech. Therefore, harmonicity is 

closely related to pitch and chroma-based features. Harmonicity features 

include: harmonicity itself and MPEG-7 harmonicity-based features, 

inharmonicity, MPEG-7 spectral timbral descriptors.  

o Perceptual-based filterbanks. In this group of features we include filter bank-

based techniques that have been enriched through inclusion of specific 

perceptual-like aspects of the human auditory system. In this set we find: 

Gammatone Wavelet features (GTW) and Narrow-Band Autocorrelation 

Function features (NB-ACF). 
 
Cepstral features 

Cepstral features are compact representations of the spectrum and provide a smooth 

approximation based on the logarithmic magnitude. Cepstral features have been largely used 

for speaker identification (Biswas, 2007) and speech recognition (Kumar, et al., 2011) but 

also they have been employed in the context of audio retrieval (Liu, 2001). Cepstral features 

can be classified in: 

- Perceptual filter bank-based features. The basis of this features is the computation of 

cepstral-based parameters following and approach based on: firstly, obtaining the 

logarithm of the magnitude’s Fourier transform, or using an specific filter bank 

decomposition with some possible perceptual criteria; and secondly, perform a second 

stage based on Fourier transform (or Cosine transform) of the previous result. This 

type of features comprises: Mel-frequency cepstral coefficients (MFCC) with some of 

their variations and extensions. 

- Advanced Auditory Model-Based Features. In this group of features some advanced 

psychoacoustic models are introduced in the aim of obtaining more accurate 

perceptual-based representations. These include: noise-robust audio features (NRAF) 

and Gammatone Cepstral Coefficients (GTCC). 

- Autoregression features. This group have in common that linear predictive analysis is 

incorporated within the cepstral-based framework. This group include: perceptual 

linear prediction (PLP), relative spectral-perceptual linear prediction (RASTA-PLP) 

and linear prediction cepstrum coefficients (LPCCs). 
 

Modulation frequency features 

Modulation frequency features represent the low-frequency (e.g. around 20 Hz) modulation 

content present in audio signals, which produce both amplitude and frequency variations. 

These effects are easily observed in audio signals that incorporate beats and rhythm (e.g. 

rhythmic patterns in modern music, audio signals coming from industrial machineries, etc.). 

Modulation information can reflect structural evolution along time of the frequency content of 

a sound and can be measured separately for each frequency band. This set of features include: 

4 Hz modulation energy, join acoustic and modulation frequency features and auditory filter 

bank temporal envelopes (AFTE).  
 
Rhythm features 

Rhythm represents an important element in music, speech but also in environmental and 

human-like sounds (e.g. train, footsteps, etc.), and it characterizes some structural 

organization of sonic events (changes in energy, pitch, timbre, etc.) over time. In some sense, 

rhythm involves analysis of low-frequency modulations, as it can be described as the period 

of a repeating pattern. Rhythm features include: pulse metric, band periodicity, beat spectrum, 

cyclic beat spectrum, beat tracker, beat histogram, rhythm patterns. 
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Eigendomain features 
Eigendomain features have in common that they are usually obtained from sound segments of 

several seconds of duration, which in turns they are postprocessed by dimensionality 

reduction algorithms (e.g. principal component analysis or PCA,  independent component 

analysis or ICA, singular value decomposition or SVD, and non-negative matrix factorization 

or NMF) in order to obtain a compact representation of the main signal information. Within 

this set of features we find: rate-scale-frequency (RSF) features, MPEG-7 audio spectrum 

basis/projection and distortion discriminant analysis (DDA). 
 
Phase space features  

Phase space features represent an alternative perspective to the typical linear-based frequency 

representation in the sense that they provide descriptions of the subjacent state-space and 

possibly non-linear dynamic model and give complementary (e.g. orthogonal) but also 

substantial information for audio categorization and classification purposes. 

 

The remains of this section describe a total of 68 features categorized according to the 

previously defined taxonomy.  

 
3.2.2. Temporal features 

As mentioned earlier, temporal features are directly obtained from the original raw audio 

signal, without performing any previous transformation of the signal. 

 

These audio features can be classified in three categories (Mitrović, 2010): zeros crossing-

based features; amplitude-based features; and power-based features. 

 

The following paragraphs describe the most commonly used zero-crossing rate temporal 

features. 

 
3.2.2.1. Zero-crossing rate (ZCR) 

It is defined as the number of zero crossing of the temporal signal waveform that occurs in 

one second, which has been described as a measure of the dominant frequency component of 

the signal (Kedem, 1986). Its use has been applied in applications like speech/music 

discrimination, music classification (Bergstra, 2006) (Li, 2003) (Morchen, 2006) (Tzanetakis, 

2002) (Wang, 2009), singing voice detection in music and environmental sound recognition 

(Mitrović, 2010) (Peltonen, 2002) and musical instrument classification (Benetos, 2006). 

 
3.2.2.2. Linear prediction zero-crossing ratio (LP-ZCR) 

It is defined as the ratio between the ZCR of the original audio and the ZCR of the prediction 

error of a linear prediction filter (El-Maleh, et al., 2000). Its use is intended for discriminate 

between signals that show different degree of correlation (e.g. between voiced and unvoiced 

speech). 

 
3.2.2.3. Zero crossing peak amplitudes (ZCPA) 

ZCPA were designed for automatic speech recognition (Kim, 1996), showing better results 

that linear prediction coefficients. They are computed from time-domain zero crossings of 

corresponding intensities in several psychoacoustic scaled subbands, and it represents a 

descriptor of the spectral shape. The final representation is based on a histogram of the 

inverse zero-crossings lengths over all the subband signals and then each histogram bin is 

subsequently scaled with the peak value of the corresponding zero crossing interval. 
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3.2.2.4. Pitch synchronous zero crossing peak amplitudes (PS-ZCPA) 

PS-ZCPA were proposed by (Ghulam, 2004) and they were designed for improving 

robustness of ASR in noisy conditions, so they have been explicitly designed for speech 

signals as ZCPA. PS-ZCPA considers only inverse zero-crossings lengths whose peaks have a 

height above a threshold obtained as a portion of the highest peak within a signal pitch period. 

PS-ZCPA are only computed in voiced speech segments and combined with ZCPA obtained 

in unvoiced speech segments. 

 

The following paragraphs describe the most commonly used amplitude-based temporal 

features. 

 
3.2.2.5. MPEG-7 audio waveform (AW) 
AW is mainly used for waveforms comparison and draws a downsampled waveform 

envelope, because it is defined as the maximum and minimum vales as a function of a non-

overlapping analysis time window (ISO-IEC, 2002). AW has been used in environmental 

sound recognition (Muhammad, et al., 2009) (Valero, September 2010). 
 
3.2.2.6. Amplitude descriptor (AD) 

AD audio descriptor allows for distinguishing sounds with different signal envelopes and has 

been originally conceived for discrimination of animal sounds (Mitrovic, 2006). It is based on 

collecting the energy, duration, and variation of duration of signal segments that have been 

generated based on their high and low amplitude by means of an adaptive threshold (a level-

crossing operation). 

 

And the following paragraphs describe the most commonly used power-based temporal 

features. 

 
3.2.2.7. Short-time energy (STE) 

Using a frame-based procedure, STE can be defined as the mean energy per signal frame 

(which is in fact the MPEG-7 audio power descriptor (ISO-IEC, 2002)). Nevertheless, there 

exist also other definitions that take the spectral power into account (e.g. (Chu, 2005)). This 

feature has been in applications like speech recognition (Liang, 2014) and environmental 

sound recognition (Peltonen, 2002) (Muhammad, et al., 2009) (Valero, September 2010). 
 
3.2.2.8. Volume 

Volume has been used for speech segmentation applications like in (Jiang, 2005). It is defined 

as the root-mean square (RMS) of the waveform magnitude within a frame (Liu, 1998), and 

therefore is in fact de root square of STE. 
 
3.2.2.9. MPEG-7 temporal centroid 
It represents the time with most of the energy of the signal, and it is defined as the temporal 

mean over the signal envelope in seconds (ISO-IEC, 2002). Temporal centroid has been used 

in the field of environmental sound recognition (Muhammad, et al., 2009) (Valero, September 

2010). 
 
3.2.2.10. MPEG-7 log attack time (LAT) 

It characterizes the attack of a given sound (e.g. for musical sounds different type of 

instruments can generate a sound which can be either smooth or sudden) and it is computed as 

the logarithm of elapsed time from the beginning of a sound signal to its first significant 
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maximum (ISO-IEC, 2002). Log attack time has been used for environmental sound 

recognition (Muhammad, et al., 2009) (Valero, September 2010). 

 
3.2.3. Frequency domain features 

As mentioned earlier, frequency domain features represent the largest set of audio features 

and they are usually obtained from Fourier transform or autocorrelation analysis. Others are 

obtained from different transform-based analysis like Wavelet, Cosine or constant Q 

transforms, but also others are based on framing the subband signals obtained from bank of 

band-pass filters. 

 

In general terms, frequency domain filters can be categorized into physical frequency and 

perceptual frequency features. 

 

As regards the physical frequency features, we can distinguish between autoregression-based, 

STFT-based and ATFD-based features. 

 

The following paragraphs describe autoregression-based physical frequency features. 

 
3.2.3.1. Linear prediction coefficients (LPC) 

LPC represents an all-pole filter that captures the spectral envelope of a speech signal 

(formants or spectral ressonances that appear in the vocal tract), and have been extensively 

used for speech coding and recognition applications. LPC have been applied also in audio 

segmentation and general purpose audio retrieval (Khan, 2004) (Khan, 2006). 
 
3.2.3.2. Line spectral frequencies (LSF) 

Also named as Line Spectral Pairs (LSP), LSF are a robust representation of LPC parameters 

for quantization and interpolation purposes. They can be computed as the roots phases of the 

palindromic and the antipalindromic polynomials that constitute the LPC polynomial 

representation, which in turns represent the vocal tract when the glottis is closed and open, 

respectively (Itakura, 1975). Due to its intrinsic robustness they have been widely applied in a 

diverse set of classification problems like speaker segmentation, instrument recognition and in 

speech/music discrimination.  
 
3.2.3.3. Code excited linear prediction features (CELP) 

Code excited linear prediction features were introduced by (Schroeder, 1985) and have 

become one of the most important influences in nowadays speech coding standards. These 

features comprise spectral features like LSP’s but also two codebook coefficients related to 

signal’s pitch and prediction residual signal. CELP features have been also applied in the 

environmental sound recognition framework (Tsau, 2011). 

 

The following paragraphs describe STFT-based physical frequency features. 

 
3.2.3.4. Subband energy ratio 

Subband energy ratio is usually defined a measure of the normalized signal energy along 

different predefined set of frequency subbands. It has been used for audio segmentation and 

music analysis applications (Jiang, 2005) (Srinivasan, 1999) and environmental sound 

recognition (Peltonen, 2002) and it coarsely describes the signal energy distribution of the 

spectrum. There are different approximations as regards number and characteristics of 

analysed subbands (e.g. mel scale, ad-hoc subbands, etc.).  
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3.2.3.5. Spectral flux (SF) 

Spectral flux is defined as the 2-norm of the frame-to-frame spectral amplitude difference 

vector (Scheirer, 1997), and it describes sudden changes in the frequency energy distribution 

of sounds, which can be applied for detection of musical note onsets or, more generally 

speaking, detection of significative changes in the spectral distribution. This feature has been 

used for speech/music discrimination (Jiang, 2005) (Khan, 2004) (Khan, 2006), musical 

instrument classification (Benetos, 2006), music genre classification (Li, 2003) (Lu, 2006) 

(Tzanetakis, 2002) (Wang, 2009) and environmental sound recognition (Peltonen, 2002). 
 

3.2.3.6. Spectral slope 

Spectral slope is a measure of the spectral tilt by means of a simple linear regression 

(Morchen, 2006), and it has been used for classification purposes in speech analysis 

applications (Shukla, 2011) and speaker identification problems (Murthy, 1999).  
 
3.2.3.7. Spectral peaks 

Spectral peaks were defined in (Wang, 2003) as constellation maps that show the most 

relevant energy bin components in the time-frequency signal representation. Hence, spectral 

peaks is an attribute that shows high robustness to possible signal distortions (low SNR, 

equalization, coders, etc.) being suitable for robust recognition applications. This feature has 

been used for automatic music retrieval (e.g. the well-known Shazam search engine) but also 

for robust speech recognition (Farahani, 2006). 
 
3.2.3.8. MPEG-7 spectral envelope (SE) and normalized spectral envelope (NASE) 

The audio spectrum envelope (ASE) is a log-frequency power spectrum that can be used to 

generate a reduced spectrogram of the original audio signal. It is obtained by summing the 

energy of the original power spectrum within a series of frequency bands. Each decibel-scale 

spectral vector is normalized with the RMS (root mean square) energy envelope, thus yielding 

a normalized log-power version of the ASE called normalized audio spectrum envelope 

(NASE). ASE feature has been used in audio event classification (Kim, 2004) music genre 

classification (Lin, 2009) and environmental sound recognition (Muhammad, et al., 2009) 

(Valero, September 2010). 
 

3.2.3.9. Stereo panning spectrum feature (SPSF) 

Stereo panning spectrum feature provides a time-frequency representation that is intended to 

represent the left/right stereo panning of a stereo audio signal (Tzanetakis, 2008). Therefore, 

this feature is conceived with the aim of capturing relevant information of music signals, and 

more specifically, information that reflects typical postproduction in professional recordings. 

The additional information obtained through SPSF can be used for enhancing music 

classification and retrieval system accuracies (Tzanetakis, 2010). 
 
3.2.3.10. Group delay function (GDF) 

Group delay function is the negative derivative of the unwrapped phase of the signal Fourier 

transform (Yegnanarayana, 1992) and reveals information about temporal localization of 

events (i.e. signal peaks). This feature has been used for determining the instants of 

significant excitation in speech signals (Smits, 1995) and in beat identification in music 

performances (Sethares, 2005). 
 
3.2.3.11. Modified group delay function (MGDF) 

Modified group delay function feature is defined as a smother version of the GDF, reducing 

its intrinsic spiky nature through introducing a cepstral smoothing process prior to GDF 
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computation. It has been used in speaker identification (Hegde, 2004) , but also in speech 

analysis, speech segmentation, speech recognition and language identification frameworks 

(Murthy, 2011). 

 

And the following paragraphs describe ATFD-based physical frequency features. 

 
3.2.3.12. Daubechies Wavelet coefficient histogram features (DWCH) 
These features have been applied in the field of music genre classification as well as artist 

style identification and emotion detection (Li, 2003) (Li, 2004) (Li, et al., 2006) (Mandel, 

2005) (Yang, 2008). They are defined as the first three statistical moments of the coefficient 

histograms that represent the subbands obtained from Daubechies Wavelet audio signal 

decomposition.  

 
3.2.3.13. Adaptive Time Frequency Transform (ATFT) features 

ATFT are obtained as a Wavelet decomposition but using Gaussian-based kernels with 

different frequencies, translations and scales (Umapathy, et al., 2005). Scale parameter, which 

characterizes the signal envelope, captures information about rhythmic structures and it has 

been used for music genre identification. 

 
3.2.3.14. Octave-based Spectral Contrast (OSC) 

Octave-based spectral contrast feature is defined as the difference between peaks (that 

generally correspond to harmonic content in music) and valleys (where non-harmonic or noise 

components are more dominant) measured in subbands by octave-scale filters and using a 

neighborhood criteria and factor in its computation (Jiang, 2002). To represent the whole 

music piece, mean and standard deviation of the spectral contrast and spectral peak of all 

frames are used as the spectral contrast features. OSC features have been used for music 

classification (Lin, 2009), (Lu, 2006), (Yang, 2008). 

 
3.2.3.15. Spectrogram image processing features 

Spectrogram image processing features comprise a set of techniques that focus on applying 

techniques from the image processing field to the time-frequency representations (using 

Fourier, cepstral, or other types of frequency mapping techniques) of the sound to be analyzed 

(Chu, 2009), (Dennis, 2011). Spectrogram image features like subband power distribution 

(SPD, a two-dimensional representation of the distribution of normalized spectral power over 

time against frequency) have been shown to be useful for sound event recognition (Dennis, 

2014). The advantage of the SPD over the spectrogram is that the sparse, high-power 

elements of the sound event are transformed to a localised region of the SPD, unlike in the 

spectrogram where they may be scattered over time and frequency. Also, local spectrogram 

feature (LSF) is introduced in (Dennis, 2014) with the ability to detect an arbitrary 

combination of overlapping sounds, including two or more different sounds or the same sound 

overlapping itself. LSF is used to detect keypoints in the spectrogram and then characterise 

the sound using the generalized Hough transform. 

 

On the other hand, frequency-based features can also belong to the perceptual frequency 

domain. At the same time, these features can be categorized into seven subcategories, 

depending on the acoustic aspect they describe or the way they are obtained, namely: 

brightness, tonality, loudness, pitch, chroma, harmonicity and perceptual-based filter banks. 

 

The following paragraphs describe brightness-related perceptual frequency features. 
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3.2.3.16. Spectral centroid (SC) 

Spectral centroid can be defined as the first moment (frequency position of the mean value) of 

the signal frame magnitude spectrum in (Li, 2003) (Tzanetakis, 2002), or obtained from the 

power spectrum of the entire signal in MPEG-7. SC reveals the predominant frequency of the 

signal. In MPEG-7 standard definition (ISO-IEC, 2002) the audio spectral centroid (ASC) is 

defined computing SC over the power spectrum obtained from an octave-frequency scale 

analysis and roughly describes the sharpness of a sound. SC has been applied in music 

classification (Bergstra, 2006) (Li, 2003) (Lu, 2006) (Morchen, 2006) (Wang, 2009) and 

environmental sound recognition (Peltonen, 2002) (Muhammad, et al., 2009) (Valero, 

September 2010). 

 
3.2.3.17. Sharpness 

Sharpness is a measure of the signal strength for high frequencies, it is closely related to audio 

brightness, and it has been used for audio similarity analysis (Herre, 2003) (Peeters, 2004). 

Sharpness can be computed similarly than spectral centroid but based on specific loudness 

instead of the magnitude spectrum (Zwicker, 1999).  

 
3.2.3.18. Spectral center 

Spectral center can be defined as the median frequency of the signal spectrum, where both 

lower and higher energies are balanced. Therefore, is a measure close to spectral centroid 

(SC). It has been shown to be useful for automatic rhythm tracking in musical signals 

(Sethares, 2005). 

 

The following paragraphs describe tonality-related perceptual frequency features. 

 
3.2.3.19. Bandwidth 

Bandwidth is usually defined as the second-order statistic of the signal spectrum and it 

discriminates tonal sounds (with low bandwidths) from noise-like sounds (with high 

bandwidths) (Peeters, 2004). However, it is difficult to distinguish between complex tonal 

sounds (e.g. music, instruments) from complex noise-like sounds using only this feature. It 

can be defined over the power spectrum or in its logarithmic version (Liu, 1998) (Srinivasan, 

2004) and it can be computer over the whole spectrum or within different subbands 

(Ramalingam, 2006). MPEG-7 defines audio spectrum spread (ASS) as the standard 

deviation of the signal spectrum, which constitutes the second moment while being the 

spectrum centroid (ASC) the first one. Spectral bandwidth has been used for music 

classification (Bergstra, 2006) (Lu, 2006) (Morchen, 2006) (Tzanetakis, 2002) and 

environmental sound recognition (Peltonen, 2002) (Muhammad, et al., 2009) (Valero, 

September 2010). 
 
3.2.3.20. Spectral dispersion 

Spectral dispersion is a measure closely related to spectral bandwidth, but it takes into 

account the spectral center (median) instead the spectral centroid (mean) (Sethares, 2005).  
 
3.2.3.21. Spectral rolloff point 

Spectral rolloff point is defined as the 95th percentile of the power spectral distribution 

(Scheirer, 1997) and it can be seen as a measure of the skewness of the spectral shape. It can 

be used, for example, for distinguishing between voiced from unvoiced speech sounds. It has 

been used in music genre classification (Li, 2005) (Bergstra, 2006) (Li, 2003) (Lu, 2006) 

(Morchen, 2006) (Tzanetakis, 2002) (Wang, 2009) speech/music discrimination (Scheirer, 
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1997) musical instrument classification (Benetos, 2006) and environmental sound recognition 

(Peltonen, 2002). 
 
3.2.3.22. Spectral flatness 
Spectral flatness is a measure of uniformity in the frequency distribution of the power 

spectrum, and it can be computed as the ratio between the geometric and the arithmetic mean 

of a subband (Ramalingam, 2006) (equivalent to the MPEG-7 audio spectrum flatness 

descriptor (ISO-IEC, 2002)). This feature allows distinguishing between noise-like sounds 

(high value of spectral flatness) and more tonal sounds (low value). This feature has been 

used in audio fingerprinting (Lancini, 2004), music classification (Allamanche, 2001) (Cheng, 

2008) (Tzanetakis, 2002) and environmental sound recognition (Muhammad, et al., 2009) 

(Valero, September 2010). 

 
3.2.3.23. Spectral crest factor 

In contrast to spectral flatness measure, spectral crest factor measures the degree of 

“peakiness” of the power spectrum, and it is also useful for differentiation of noise-like (lower 

spectral crest factor) and tonal sounds (higher spectral crest factor). It can be computed as the 

ratio between the maximum and the mean of the power spectrum within a subband, and has 

been used for audio fingerprinting (Lancini, 2004) (Li, 2005) and music classification 

(Allamanche, 2001) (Cheng, 2008). 
 
3.2.3.24. Subband spectral flux (SSF) 

Subband spectral flux measures the proportion of prominent partials in different subbands, 

and it can be measured accumulating the differences between adjacent frequencies in a 

subband. It has been used for improving the representation and recognition of environmental 

sounds (Cai, et al., 2006). SSF is inversely proportional to spectral flatness, being more 

relevant in subbands with non-uniform frequency content. 
 
3.2.3.25. Entropy 

Entropy is another measure that describes spectrum uniformity (or flatness), and it can be 

computed following different approaches (Shannon entropy, or its generalization named 

Renyi entropy) and also in different subbands (Ramalingam, 2006). It has been used for 

automatic speech recognition, computing the Shannon entropy in different Mel-scaled 

subbands (Misra, 2004). 

 

The following paragraphs describe loudness-related perceptual frequency features. 

 
3.2.3.26. Specific loudness sensation (Sone) 

Specific loudness sensation is a measure of loudness (in Sone units, a perceptual scale for 

loudness measurement) in a specific frequency range. It incorporates both Bark-scale 

frequency analysis and the spectral masking effect that emulates the human auditory system 

(Pampalk, 2002). This feature has been applied to audio retrieval (Morchen, 2006). 
 
3.2.3.27. Integral loudness 

Integral loudness is a measure that closely approximates the human sensation of loudness by 

spectral integration of loudness over several frequency groups (Pfeiffer, 1999). This feature 

has been used for discrimination between foreground and background (Lienbart, 1999). 

 

The following paragraphs describe pitch-related perceptual frequency features. 
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3.2.3.28. Fundamental frequency 

Fundamental frequency is the lowest frequency of a harmonic signal and it represents a rough 

estimate of the perceived tonality of the signal. There are several methods in the literature to 

compute fundamental frequency (Hess, 1983) (autocorrelation-based methods, spectral-based 

methods, cepstral-based methods, and combinations). MPEG-7 defines audio fundamental 

frequency feature as the first peak of the local normalized spectro-temporal autocorrelation 

function (ISO-IEC, 2002). Fundamental frequency has been used in applications like musical 

genre classification (Tzanetakis, 2002), audio retrieval (Wold, 1996) and environmental 

sound recognition (Muhammad, et al., 2009) (Valero, September 2010). 
 
3.2.3.29. Pitch histogram 

Instead of using a very specific and local descriptor like fundamental frequency, the pitch 

histogram describes more compactly the pitch content of a signal. Pitch histogram has been 

used for musical genre classification (Tzanetakis, 2002), as it gives a general perspective of 

the aggregated notes (frequencies) present in a musical signal along a certain period. 
 
3.2.3.30. Psychoacoustic pitch 

Psychoacoustic pitch is a measure that models human pitch perception (Meddis, 1997), by 

means of incorporating: a band pass filtering that emphasizes the most relevant frequency 

band for pitch perception; the use of specific filter bank model (Gammatone) that mimics the 

frequency selectivity of the cochlea; and use of inner hair-cell models that allows computing 

autocorrelation functions of continuous firing probabilities. The final feature is computed 

summing across channels all these autocorrelation functions. 

 

The following paragraphs describe chroma-related perceptual frequency features. 

 
3.2.3.31. Chromagram 

Chromagram or chroma-based feature is a spectrum-based energy representation that takes 

into account the 12 pitch classes within an octave (corresponding to pitch classes in musical 

theory) (Shepard, 1964), and it can be computed from a logarithmic STFT (Bartsch, 2005). 

Then, it constitutes a very compact representation suited for musical and harmonic signals 

representation following a perceptual approach.  
 
3.2.3.32. Chroma energy distribution normalized statistics (CENS) 

CENS feature has been conceived for music similarity matching and has been shown to be 

robust to tempo and timbre variations (Muller, 2005). Therefore, it can be used for identifying 

similarities between different interpretations of a given music piece.  
 
3.2.3.33. Pitch profile 

Pitch profile represents a more precise representation of musical pitch, as takes into account 

both pitch mistuning effects produced in real instruments and also pitch representation of 

percussive sounds. It has been shown that use of pitch profile feature outperforms 

conventional chroma-based features in musical key detection (Zhu, 2006). 

 

The following paragraphs describe harmonicity-related perceptual frequency features. 

 
3.2.3.34. Harmonicity 

This feature is useful for distinguishing between tonal or harmonic (e.g. birds, flute, etc.) and 

noise-like sounds (e.g. dog bark, snare drum, etc.). Most traditional harmonicity features 

either use an impulse train (Ishizuka, 2010) to search for the set of peaks in multiples of F0 



LIFE13 ENV/IT/001254 DYNAMAP  Deliverable A1-Annex A1.2 

State of the Art on Sound Recognition 

 

 A1.2 Pag.39 

(i.e. fundamental frequency), or uses the autocorrelation-inspired functions to find the self-

repetition of the signal in the time- or frequency-domain (Kristjansson, 2005). Spectral local 

harmonicity is proposed in (Khoa, 2012), a method that uses only the sub-regions of the 

spectrum that still retain a sufficient harmonic structure (chooses the most harmonic sub-

window of the spectrum by fitting a weighted cosine to its spectral autocorrelation curve and 

measuring the residual), and outperforms previous proposed features.  

 

In the MPEG-7 standard two harmonicity measures are proposed. Harmonic ratio (HR) is a 

measure of the proportion of harmonic components in the power spectrum, being 1 for a 

purely harmonic signal and below 0.5 for noise-like signals). The Upper limit of harmonicity 

(ULH) is an estimation of the frequency beyond which the spectrum no longer has any 

harmonic structure (it is based on the output/input power ratio of a time domain comb filter 

tuned to the fundamental period of the signal). Harmonicity has been used also in the field of 

environmental sound recognition (Muhammad, et al., 2009) (Valero, September 2010). 

 

Some other harmonicity-based features for music genre and instrument family classification 

have been defined, like harmonic concentration (fraction of energy of the dominant 

harmonics), harmonic energy entropy (entropy of the harmonic components energies) or 

harmonic derivate (energies differences between adjacent harmonics in the frequency 

domain) (Srinivasan, 2004).  
 
3.2.3.35. Inharmonicity 

Inharmonicity is a feature that measures the extent to which the partials of a sound are 

separated with respect to its ideal position in a harmonic context (whose frequencies are 

integers of a fundamental frequency). There are some approaches, those that take into account 

only partials frequencies (Agostini, 2001) and others that also consider partials energies and 

bandwidths (Cai, et al., 2006). 
 
3.2.3.36. MPEG-7 spectral timbral descriptors 

MPEG-7 defines some features that are closely related to the harmonic structure of sounds, 

and are appropriate for discrimination of musical sounds: MPEG-7 harmonic spectral 

centroid (HSC) (the amplitude-weighted average of the harmonic frequencies, closely related 

to brightness and sharpness), MPEG-7 harmonic spectral deviation (HSD) (amplitude 

deviation of the harmonic peaks from their neighboring harmonic peaks, being minimum if all 

the harmonic partials have the same amplitude), MPEG-7 harmonic spectral spread (HSS) 

(the power-weighted root-mean-square deviation of the harmonic peaks from the HSC, related 

to harmonic bandwidths), and MPEG-7 harmonic spectral variation (HSV) (correlation of 

harmonic peak amplitudes in two adjacent frames, representing the harmonic variability over 

time). MPEG-7 spectral timbral descriptors have been employed for environmental sound 

recognition (Muhammad, et al., 2009) (Valero, September 2010). 

 

And the following paragraphs describe perceptual filter banks-based perceptual frequency 

features. 

 
3.2.3.37. Gammatone Wavelet features (GTW) 

Gammatone Wavelet features are proposed in (Valero, August 2012) as simply replacing 

typical mother functions (e.g. Morlet (Burrus, 1998), Coiflet (Bradie, 1996)  or Daubechies 

(Daubechies, 1990)) by Gammatone functions as mother functions, which model the auditory 

system. GTW features show superior classification accuracy both in noiseless and noisy 
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conditions when compared to Daubechies Wavelet features in classification of surveillance-

related sounds (Valero, August 2012). 

 
3.2.3.38. Narrow-Band Autocorrelation Function Features (NB-ACF) 

Narrow-Band autocorrelation function features are introduced in (Valero, August 2012) as a 

set of features that consider the temporal, spectral and perceptual characteristics of the audio 

scene signals. Specifically, the features are obtained from the autocorrelation function of 

bandpass signals computed after applying a Mel filter bank. Autocorrelation function is 

computed for each of the narrow-band signals at the output of a filter bank, and the obtained 

autocorrelation function is then parameterized by means of a set of perceptually-based 

parameters related to acoustic phenomena (signal loudness, perceived pitch, strength of 

perceived pitch and signal periodicity). These features have been shown to provide good and 

better classification accuracies when compared to other state-of-the-art signal parametrization 

techniques (e.g. STE, ZCR, MFCC, DWC) in indoor and outdoor environmental sound 

classification. In (Valero, July 2013), the technique is improved by substituting the Mel filter 

bank employed to obtain the narrow-band signals by a Gammatone filter bank with ERB 

bands, leading to NB-ACF-GT features. In addition, a new parameter is added to parameterise 

ACF signals: the Autocorrelation Zero Crossing Rate (AZCR), which, according to previous 

works (Ghaemmaghami, 2010), is useful to discriminate between voiced and unvoiced 

signals. The new NB-ACF-GT features have been shown to outperform MFCC and Mel-

based NB-ACF features in environmental sound recognition.  

 
3.2.4. Cepstral features 

As mentioned earlier, cepstral features are compact representations of the spectrum and 

provide a smooth approximation based on the logarithmic magnitude. 

 

These features can be categorized into three subtypes: perceptual filter bank-based, advanced 

auditory model-based, and autoregression-based. 

 

The following paragraphs describe perceptual filter banks-based cepstral features. 

 
3.2.4.1. MEL Frequency Cepstral Coefficients (MFCC) and its variants 

MFCC have been largely employed in the speech recognition field but also in the field of 

audio content classification (Liang, 2014), due to the fact that their computation is based on 

perceptual-based frequency scale in the first stage (the human auditory model in which is 

inspired the frequency Mel-scale). After obtaining the frame-based Fourier transform, outputs 

of a Mel-scale filter bank are logarithmized and finally they are decorrelated by means of the 

Discrete Cosine Transform (DCT). Only first DCT coefficients (usually from 8 to 13) are 

used to gather information that represents the low frequency component of the signal’s 

spectral envelope (mainly related to timbre). MFCC’s have been used also for music 

classification (Benetos, 2006) (Bergstra, 2006) (Tzanetakis, 2002) (Wang, 2009), singer 

identification (Shen, 2009) and environmental sound classification (Beritelli, 2008) (Peltonen, 

2002). There are some other proposals that represent variations of MFCC’s in the sense of the 

frequency-scale used before the last Fourier-based stage: equivalent rectangular bandwidths 

(ERB (Moore, 1990)), Bark (Zwicker, 1961), and octave-scale (Maddage, 2004). Also, some 

particular extensions of MFCC have been introduced in the context of speech recognition and 

speaker verification in the aim of obtaining more robust spectral representation in the 

presence of noise (Shannon, 2004) (Yuo, 2005) (Choi, 2006). 

 

The following paragraphs describe advanced auditory model-based cepstral features. 
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3.2.4.2. Noise-robust audio features (NRAF) 

Noise-robust audio features incorporate specific human auditory model based on a three stage 

process (a first stage of filtering in the cochlea, transduction of mechanical displacement in 

electrical activity –  log compression in the hair cell stage – , and a reduction stage using 

decorrelation that mimics the lateral inhibitory network in the cochlear nucleus) (Ravindran, 

2005). 

 
3.2.4.3. Gammatone Cepstral Coefficients (GTCC) 

Gammatone cepstral coefficients, proposed in (Valero, 2012) and (Valero, 2012), consists on 

maintaining the effective computation scheme from MFCC but changing the Mel filter bank 

by a Gammatone filter bank, yielding the so-called Gammatone Cepstral Coefficients 

(GTCC). Gammatone (GT) filters were originally designed to model the human auditory 

spectral response, given its good approximation in terms of impulse response, magnitude 

response and filter bandwidth (Patterson, 1996). GT-like features have been used also in 

speech recognition applications (Schluter, 2007). The experimental results in environmental 

sound recognition (and using different supervised-like machine learning algorithms) show an 

increase in the classification rates when GTCC are used instead of the standard-de-facto Mel 

Frequency Cepstral Coefficients (MFCC) to describe any of the different tested 

environmental sound sets. The improvement is attributed to a better representation of the 

spectral signal details, especially when those appear at low frequency bands. GTCC have 

been used in the context of water sound event detection for tele-monitoring applications 

(Guyot, 2013) and for road noise sources classification (Valero, 2013). 

 

And the following paragraphs describe autoregression-based cepstral features. 

 
3.2.4.4. Perceptual Linear Prediction (PLP) 

Perceptual linear prediction feature represents a more accurate representation of spectral 

contour by means of a linear prediction-based approach that incorporates also some specific 

human hearing inspired properties like use of a frequency Bark-scale and asymmetrical 

critical-band masking curves (Hermansky, 1990). 

 
3.2.4.5. RelAtive SpecTrAl-Perceptual Linear Prediction (RASTA-PLP) 

Relative spectral-perceptual linear prediction feature (Hermansky, 1994) is a noise-robust 

version of previous feature in which is based (PLP). The objective is to incorporate human-

like abilities to disregard noise when listening in speech communication by means of filtering 

each frequency channel with a bandpass filter that mitigate slow time variations due to 

communication channel disturbances (e.g. steady background noise, convolutional noise) and 

fast variations due to analysis artifacts.  Also, the RASTA-PLP process uses static nonlinear 

compression and expansion blocks before and after the bandpass processing. There is a close 

relation between RASTA processing and delta cepstral coefficients (i.e. first derivatives of 

MFCC), which are broadly used in the contexts of speech recognition and statistical speech 

synthesis. 

 
3.2.4.6. Linear Prediction Cepstrum Coefficients (LPCCs) 

Linear prediction cepstrum coefficients feature is defined as the inverse Fourier transform of 

the logarithmic magnitude of the linear prediction spectral complex envelope (Atal, 1974), 

and provide a more robust and compact representation especially useful for automatic speech 

recognition and speaker identification (Adami, 2001) but also for singer identification (Shen, 
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2009), music classification (Xu, 2005) (Kim, 2002) and environmental sound recognition 

(Peltonen, 2002). 

 
3.2.5. Modulation frequency features 

As mentioned earlier, modulation frequency features represent the low-frequency (e.g. around 

20 Hz) modulation content present in audio signals, which produce both amplitude and 

frequency variations. 

 

The following paragraphs describe the most relevant modulation frequency features found in 

the literature. 

 
3.2.5.1. 4 Hz modulation energy 

The feature called 4 Hz modulation energy is defined with the aim of capturing the most 

relevant hearing sensation of fluctuation strength for both amplitude– and frequency–

modulated sounds (Fastl, 1982). This feature can be computed filtering each subband of a 

signal spectral analysis by a 4 Hz band-pass filter along the time (Scheirer, 1997) and it has 

been used for music/speech discrimination. 

 
3.2.5.2. Joint acoustic and modulation frequency features 

Joint acoustic and modulation frequency features are time-invariant representations and 

capture non-stationary behavior of an audio signal (Sukittanon, 2002). Modulation 

frequencies for each frequency band are extracted from demodulation of the Bark-scaled 

spectrogram using Wavelet transform. These features have been used for audio fingerprinting 

and they are similar to rhythm pattern feature (related to rhythm in music). 

 
3.2.5.3. Auditory filter bank temporal envelopes (AFTE) 

Auditory filter bank temporal envelopes feature is another attempt to capture modulation 

information related to sound (McKinney, 2003). Modulation information is here obtained 

through bandpass filtering the output bands of a logarithmic-scale filterbank (using 4th-order 

GammaTone bandpass filters). These features have been used for general purpose audio 

classification and musical genre classification. 

 
3.2.6. Rhythm features 

As mentioned earlier, rhythm represents an important element in music, speech but also in 

environmental and human-like sounds (e.g. train, footsteps, etc.), and it characterizes some 

structural organization of sonic events (changes in energy, pitch, timbre, etc.) over time. 

 

The following paragraphs describe the most relevant rhythm frequency features found in the 

literature. 

 
3.2.6.1. Pulse metric 

Pulse metric is a measure that uses long-time bandpassed autocorrelation to determine the 

amount of “rhythmicness” in a 5-second window (Scheirer, 1997). Its computation is based 

on finding the peaks of the output envelopes in six frequency bands and its further 

comparison, giving a high value for pulse metric when all subbands present a regular pattern 

(i.e. they share peaks at similar modulation frequencies). This feature has been used for 

speech/music discrimination. 
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3.2.6.2. Band periodicity 

Similarly to pulse metric, band periodicity is a measure of the strength of rhythmic or 

repetitive structures in audio signals (Lu, 2001). Band periodicity is defined within a 

frequency band, and it is obtained as the mean value along all the signal frames of the  

maximum peak of the subband autocorrelation function. 
3.2.6.3. Beat spectrum (beat spectrogram) 

Beat spectrogram feature is a two-dimensional representation based on time variations and lag 

time (repetition rate or tempo), thus providing a comprensible image that reflects temporal 

changes of tempo (e.g. in a song) (Foote, 2000) (Foote, 2001). Then, the beat spectrum is a 

single column of the beat spectrogram, representing an analysis over a certain signal frame. 

Beat spectrum shows relevant peaks at rhythm periods that match the signal’s rhythmic 

properties. Beat spectrum can be used for discriminating between music (or between parts 

within an entire music signal) with different tempo patterns. 

 
3.2.6.4. Cyclic beat spectrum (CBS) 

Cyclic beat spectrum is a robust representation of the tempo of a music signal (Kurth, 2006), 

in the sense that multiples of the fundamental period (typically present in the beat spectrum) 

are grouped together in a single tempo class. Then, CBS gives a more compact representation 

of the fundamental beat period of a song. This feature has been employed in the field of audio 

retrieval.  

 
3.2.6.5. Beat tracker 

Beat tracker is a feature that is derived following an algorithmic approach based on signal 

subband decomposition and application of a comb filter analysis (resonators) in each subband 

instead of using autocorrelation analysis (Scheirer, 1998). The periodic modulations obtained 

at the output of comb filters are summed over all subbands to obtain estimations of each 

candidate period and the final tempo value is obtained as the frequency of the comb filter that 

have maximum output energy. Beat tracker mimics at large extent the human ability to track 

rhythmic beats in music and allows obtaining not only tempo but also compute beat timing 

positions. 

 
3.2.6.6. Beat histogram 

Beat histogram provides a more general tempo perspective and summarizes the beat tempos 

present in a music signal (Tzanetakis, 2002). In this case, Wavelet transform is used to obtain 

octave-frequency decomposition for performing subsequent accumulation of most salient 

periodicities in each subband. This feature has been used for music genre classification. 

 
3.2.6.7. Rhythm patterns 

Rhythm pattern feature is another two-dimensional representation of acoustic versus 

modulation frequency that is built upon a specific loudness sensation, and it is obtained by 

Fourier analysis of the critical bands over time and incorporating a weighting stage that is 

inspired by the human auditory system (Pampalk, 2002) (Rauber, 2002). This feature has 

shown to be useful in music similarity retrieval. 

 
3.2.7. Eigendomain features 

As mentioned earlier, eigendomain features have in common that they are usually obtained 

from sound segments of several seconds of duration, which in turns they are postprocessed by 

dimensionality reduction algorithms in order to obtain a compact representation of the main 

signal information. 
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The following paragraphs describe the most relevant eigendomain features found in the 

literature. 

 
3.2.7.1. Rate-Scale-Frequency (RSF) features 

Rate-scale-frequency features describe modulation components present in certain frequency 

bands of the auditory spectrum, and they are based in the same human auditory model that 

incorporates the noise-robust audio features (NRAF) (Ravindran, 2005). RFS represent a 

compact and decorrelated representation (they are derived performing a PCA stage) of the 

two-dimensional Wavelet transform applied to the audio spectrum. RSF features have been 

employed for audio classification. 

 
3.2.7.2. MPEG-7 audio spectrum basis/projection 

MPEG-7 audio spectrum basis/projection feature is a combination of two descriptors (audio 

spectrum basis – ASB – and audio spectrum projection – ASP –) conceived for audio retrieval 

and classification (ISO-IEC, 2002) (Kim, 2004). ASB feature is a compact representation of 

the signal spectrogram obtained through singular value decomposition (SVD), while ASP is 

the spectrogram projection against a given audio spectrum basis. ASB and ASP have been 

used for environmental sound recognition (Muhammad, et al., 2009). 
 

3.2.7.3. Distortion discriminant analysis (DDA) 

Distortion discriminant analysis feature is a compact time-invariant and noise-robust 

representation of an audio signal, that is based on applying hierarchical PCA to a time-

frequency representation derived from a modulated complex lapped transform (MCLT)  

(Burges, 2002) (Malvar, 1999). Therefore, this feature serves as a robust audio representation 

against many signal distortions (time-shifts, compression artifacts and frequency and noise 

distortions). 

 
3.2.8. Phase space features 

Phase space features contain substantial discriminatory power that used in combination with 

MFCC features within a classifier will yield increased accuracy for various speech 

recognition tasks (Lindgren, 2003). Moreover, these features are based on the fact that the full 

(and possibly non-linear) dynamics of the original system (which output is the observed 

signal) are accessible in this space, and for this reason, a phase space reconstruction and the 

features extracted from it can potentially contain more and/or different information than a 

typical spectral representation (Lindgren, 2003). When the original state space model of a 

possibly non-linear system is not available, a reconstructed phase space can be obtained from 

time-series observations, and through compiling sets of vectors of a certain dimension from 

series of delayed and decimated samples. By plotting these vectors (with appropriate time lags 

differences) as superimposed trajectories, some geometrical figures appear, representing 

specific attractors of the non-linear subjacent system. Many specific features can be derived in 

this new framework, like (Lindgren, 2003) (Kokkinos, et al., 2005) (Pitsikalis, et al., 2002): 

natural distribution (which a mean and a standard deviation), trajectory information, the 

fractal dimension and correlation dimension. Phase space features have been used also for 

musical genre classification (Bai, 2005). 

 
3.3. Audio classification 

As mentioned in previous sections, the classification process is in charge of determining to 

which class (among a set of predefined classes) belongs a detected sound event. 
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This task is usually tackled by means of supervised machine learning algorithms. In this 

section, we review the techniques most commonly employed in the environmental sound 

recognition literature.  

 

Generally speaking, the machine learning approaches that have been typically employed to 

classify environmental sounds are: instance-based learning, artificial neural networks, hidden 

Markov models, Bayesian networks, Gaussian mixture models and support vector machines. 

 

The following sections are devoted to the description of the most relevant works categorized 

by the machine learning paradigm they best fit into. Finally, we also review some works in 

which a comparison between several machine learning approaches to environmental sound 

recognition is presented. 

 
3.3.1. Instance-based learning 
Instance-based learning comprises a set of algorithms that compare new problem instances 

with instances seen in training, previously stored in memory. That is, instead of conducting a 

generalization process upon the training instances, instance-based learning algorithms 

construct hypotheses directly from the training instances themselves. For this reason, this type 

of algorithms are often called lazy learners. 

 

The most typical instance-based learning classification algorithm is the k-nearest neighbour 

(k-NN) classifier. This is a non-parametric classification technique, whose input consists of 

the k closest training examples (i.e. sound events) in the feature space. As an output, the k-NN 

classifier yields a class membership, which is assigned by a majority vote of its neighbours, 

with the sound event being assigned to the class most common among its k nearest 

neighbours. 

 

The k-NN classifier was employed in (Valero, September 2010) to perform environmental 

sound classification on both outdoor and indoor audio samples using low level MPEG-7 

descriptors, tuning the value of the parameter k depending on the specific type of descriptor 

employed and the type of noise. Using the optimal feature-classifier combination, the authors 

attained classification accuracies as high as 81%. 

 
3.3.2. Artificial neural networks 

Artificial neural networks (ANN) are a type of bio-inspired statistical learning algorithms 

capable of estimating functions that can depend on a large number of unknown inputs. ANN 

are often presented as layers of interconnected units called neurons. 

 

As one of the most well-established approaches to classification, ANN have been employed in 

several works about environmental sound recognition. A few examples are described next. 

 

In (Toyoda, 2004), the authors used a multilayered perceptron neural network, which was fed 

by the one-dimensional combination of the instantaneous spectrum at the power peak and the 

power pattern in time domain. Using the RWCP database, the recognition rate for 45 

environmental sound data sets was about 92%. 

 

Another paper presenting a background noise classifier based on neural networks was 

(Beritelli, 2008). Using a set of 12 MFCC parameters, the proposed system attained a 

classification accuracy ranging between 73% and 95% depending on the duration of the 

decision window. 
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In (Paraskevas, 2009), an ANN was trained to tackle a very specific noise classification task: 

the calls produced by different species of bats. Vectors of statistical features were used to feed 

the neural network, which were obtained from time-frequency representations of the sound 

signals. 

 

A classic type of ANN, such as multilayer perceptrons, were used in (Guo, 2012) to perform 

environmental sound recognition. In particular, a multistage classification-recognition 

strategy was adopted to cover environment sounds with different time lengths. The first stage 

is the classification part, which classifies environmental sounds into three categories, single 

bursts, repeated sounds, and continuous sounds, based on their long-term power-variance 

patterns. The second stage is the recognition part, for individual recognition of each sound. In 

this stage, three different neural networks groups are used for different categories of 

environmental sounds, attaining classification accuracies as high as 92%. 
 

A recent work using neural networks for environmental sound recognition is (Boes, 2013). In 

that work, the authors devised a three-layer ANN: an input layer (responsible for encoding 

input sound features), an intermediate hidden layer and an output layer in which every neuron 

represents a concept, or label, that can be attributed to the input sound. The three layers are 

connected by feedforward excitatory connections, while feedback connections are present 

from the output layer to the middle layer, which presents important similarities with Self-

Organizing Maps (SOM), as it also serves to categorize different types of sounds, reaching 

true positive classification rates between 40% and 80% depending on the system 

configuration. 

 
3.3.3. Hidden Markov models 

Hidden Markov models (HMM) used for modelling systems assumed to be a Markovian 

process with unobserved (i.e. hidden) states. HMM are especially known for their application 

in temporal pattern recognition, such as speech. For this reason, HMM is one of the most 

commonly employed approaches to conduct environmental sound recognition. 

  

One of the seminal works in the field (Couvreur, 1998) designed an environmental noise 

recognition system based on a time frequency analysis of the noise signal. The performance 

of the proposed HMM-based approach was evaluated experimentally for the classification of 

five types of noise events (car, truck, moped, aircraft, train), attaining classification accuracies 

over 95%. 

 

In (Ma, 2003), the authors implemented HMM with different topologies (e.g. left-to-right and 

ergodic HMM) and number of states (from 1 to 19), reaching classification accuracies as high 

as 92% using 9-state left-to-right HMM and MFCC features. 

 

A similar approach was presented in (Kim, 2004), in which a 5-state left-to-right HMM was 

trained using MPEG-7 features to recognize each one of the predefined audio event 

categories. As a result, a classification accuracy as high as 96% was attained. 

 

In (Eronen, 2006), the focus was on the development of little computationally complex 

environmental sound recognition methods. To that end, simplistic low-dimensional feature 

vectors were employed, attaining competitive recognition accuracies with very low-order 

hidden Markov models (1-3 Gaussian components). The average recognition accuracy of the 
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system was 58% in experiments consisting in recognizing between 24 everyday contexts. The 

accuracies in recognizing six high-level classes were as high as 82%. 

 

The recognition of eight environmental sound classes was tackled in (Ntalampiras, 2008). 

Divided into two broad classes (mechanical and non-mechanical noises), the authors proposed 

a hybrid system combining Gaussian mixture models to discern between these two types of 

noises. Subsequently, using a 2-step left-to-right HMM for each one of the narrow classes, 

attaining an overall accuracy over 63% for the mechanic classes and over 78% for the 

nonmechanic classes. 
 

In (Muhammad, et al., 2009), the authors employed HMM as classifier to recognize up to ten 

different acoustic scenarios. For each class, a single state HMM with varied number of 

Gaussian mixtures was employed. By varying the numbers of mixtures from one to eight, the 

authors determined that the optimal result was attained with five mixtures. Depending on the 

class, accuracies between 87% and 97% were achieved.  

 
3.3.4. Bayesian networks 

Bayesian networks are a type of probabilistic graphic model that allow to model sequences of 

variables (e.g. speech signals). 

 

Its application to the environmental sound recognition problem is tackled in (Tsau, 2011), 

which presents a set of experiments comparing CELP-based features and MFCC features 

using a Bayesian network classifier, attaining a classification accuracy of 95% using the 

former. 

 
3.3.5. Gaussian mixture models 

Gaussian mixture models (GMM) are probabilistic models that model the probability density 

function of each class to be recognized as a weighted sum of N simple Gaussian functions. 

Each Gaussian is represented by the mean and covariance matrix of the data, and the 

Expectation-Maximization algorithm is employed to identify the parameters of each class 

yielding higher conditional probability. 

 

In (Aucouturier, 2007), 50-components GMM were employed to model the distribution of the 

MFCC features of each signal frame obtained from the incoming audio stream. Subsequently, 

the GMM models were compared to match different signals, which gave a similarity measure 

based on the audio content of the items being compared. We use a Monte Carlo 

approximation of the Kullback-Leibler  distance between each duple of compared models. 

Precision scores over 82% are attained depending on the specific GMM configuration. 

 
3.3.6. Support vector machines 

Support vector machines (SVM) are binary non-probabilistic linear classifiers that build a 

model representing the instances as points in space, mapped so that the examples of the 

separate categories are divided by a clear gap that is as wide as possible. New examples are 

then mapped into that same space and predicted to belong to a category based on which side 

of the gap they fall on. 

 

This type of classifiers is one of the most successful in several diverse tasks, such as text 

classification, speech recognition or others. For this reason, this is one of the most commonly 

employed approaches in the field of environmental sound recognition. A brief description of 

the most relevant works using SVM follows. 
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In (Lin, 2005), wavelets are first applied to extract acoustical features. Then, a bottom-up 

SVM is applied over these acoustical features and additional parameters, such as frequency 

cepstral coefficients, to accomplish audio classification, attaining categorization accuracy of a 

given audio sound of nearly 100% in the Top 2 matches. 

 

A hybrid environmental sound classification architecture was presented in (Wang, 2006). The 

proposed sound classifier is performed at frame level and fuses the SVM and k-NN 

classifiers. As for features, three MPEG-7 audio low-level descriptors are used. Experiments 

carried out on a 12-class sound database can achieve an 85.1 % accuracy rate.  

 

The work by (Temko, 2007) justifies the application of SVM to the environmental sound 

recognition task by the scarcity of training data. Moreover, the authors explore several ways 

to extend SVMs to sequence processing, in an attempt to avoid the restriction of SVMs to 

work with fixed-length vectors. In particular, they observed that the dynamic time warping 

kernels work well for sounds that show a temporal structure.  

 

In (Valero, August 2012), a SVM with a Radial Basis Function kernel was employed, 

adapting the binary SVM to multi-class classification following a one vs. all scheme. Applied 

on a 6-class problem, the authors compared several types of features (either separately or 

combined), including Gammatone wavelet features, attaining classification accuracies over 

80% in positive signal-to-noise ratio scenarios. The same authors used SVM and Self-

Organizing Maps to recognize sound events in urban soundscapes (Valero, August 2012). 

  

More recently, in (Dat, 2014) the Generalized Gaussian Distribution Kullback-Leibler (GGD-

KL) kernel SVM was developed to embed the given probabilistic distance into the quadratic 

programming machine to optimize the classification of audio events. As features, the authors 

proposed a novel robust spectrogram image method where the key is the observed sparsity of 

the sound spectrogram image in wavelet representations.  

 

A similar approach is that of (Dennis, 2014), which describes spectrogram image features 

(SIF) to naturally represent the joint spectrotemporal information contained in the sound event 

signal. With the help of a discriminative classifier such as SVM, it is possible to map sound 

events in different feature dimensions from the low-energy background noise.   

 
3.3.7. Comparison of different classifiers 

As regards the use of different types of classifiers in the context of environmental sound 

recognition, one of the most interesting kinds of works in the literature are those whose main 

focus is on comparing distinct approaches to solve the same problem. 

 

One of the first works presenting a comparison between different types of classifiers applied 

to the environmental sound recognition task was (El-Maleh, 1999). In that work, the authors 

compared the following classifiers: Quadratic Gaussian, Least-Square Linear, Nearest-

Neighbor, and Decision Tree. The obtained results reveal that the former outperforms the 

latter, when tested under very diverse experimental conditions as regards signal-to-noise 

ratios. 

 

In (Peltonen, 2002), two completely different but almost equally effective classification 

systems were used: band-energy ratio features with 1-NN classifier and Mel-frequency 
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cepstral coefficients with Gaussian mixture models, attaining a classification accuracy of 

neary 69% on a 26-class problem. 
 

A similar study presenting a comprehensive comparative study of different classifiers 

(artificial neural networks, learning vector quantization and dynamic time warping) combined 

with stationary/non-stationary feature extraction was (Cowling, 2003). The results obtained 

yielded a 70% recognition accuracy using MFCC or continuous wavelet transform features 

coupled with dynamic time warping classifier. 

 

Also in this context, the work by (Buchler, 2005) compares a wide range of classifiers (from 

simple classifiers, such as rule-based and minimum-distance classifiers, to more complex 

approaches, such as Bayes classifier, neural networks, and hidden Markov models) operating 

on a variety of features. The results reveal that the highest classification accuracies (around 

91%) are obtained using a two-stage classifier combining a HMM and a rule-based classifier.  

 

In (Chu, 2008), the authors compared matching pursuit features coupled with the k-NN and 

the GMM classifiers. In their comparison, they also employed MFCC features, so as to 

ascertain the superiority of the proposed features. Their experimental results showed that the 

combination of both types of features allow attaining nearly a 84% classification accuracy on 

a 14-class environmental sound recognition problem. 

 

Valero and Alías presented several couple of works in which they compared several types of 

classifiers: k-NN, GMM, SVM, ANN, decision trees, among others (Valero, July 2013), 

(Valero, August 2012) (Valero, July 2011). In general terms, their experimental results reveal 

that the best results (accuracies over 94% in 15-classes problems) are obtained using GMM. 
4. DATABASES FOR ENVIRONMENTAL SOUND SOURCE RECOGNITION 

The development of any type of recognition system requires training and testing with the type 

of data targeted by the recognition task.  

 

From a scientific perspective, the advance in the research and development of growingly 

efficient and successful recognition systems requires recognition benchmarks, i.e. databases 

accepted as standards by the research community against which any novel recognition system 

can be tested to objectively ascertain its value. 

 

In the field of environmental sound recognition systems, there are two issues worth taking 

into consideration as regards the existence of publicly available databases. These two issues 

have to do with the wide range of existing environmental noises. 

 

Firstly, no environmental sound database can cover all of the kinds of sounds, as there exists a 

virtually unlimited number of them. As a consequence, for a practical system, the target 

sounds must be limited according to the practical environment and the purpose of tasks. That 

is, environmental sound recognition is task dependent (Guo, 2012). 

 

And secondly, given the large number of potential applications of environmental sound 

recognition, there are few standardized datasets for comparison of different methodologies. 

For this reason, many authors focus on a specific topic of interest to a particular application 

(Dennis, 2014). This is in contrast to the more mature and certainly more closed field of 

automatic speech recognition, where there are well-established benchmarks for comparing 

system performance, such as the Aurora-2 (Hirsch, 2000) and Switchboard (Godfrey, 1992) 

corpora. 
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In this section, we review the databases (either proprietary or public) employed and/or 

specifically recorded for the most relevant works on environmental sound recognition. We 

categorize them in terms of the type of noise events they contain. Table II presents a summary 

of the databases reviewed in the following paragraphs.  

 

There are a few issues worth considering as regards the databases for environmental sound 

recognition. The first one has to do with their availability to the public. As it will be observed 

in the following paragraphs, most databases employed in the literature are proprietary. 

Although some of them are built upon sound samples extracted from publicly available online 

repositories, the exact composition of the databases is generally unknown, which makes it 

replication (and hence, system comparison) impossible. 

 

A second issue worth noting is that, in many cases, the description of the databases is poor, 

and many relevant aspects such as their length or the number of acoustic classes they 

contained are not revealed.  

 

And finally, it is observed that there is a wide variability as regards the characteristics of the 

reviewed databases. While some of them contain many hours of recordings, other just contain 

a few minutes. 

 

In our opinion, this is one of the most critical aspects regarding the advance and the 

development in the field of environmental sound recognition: the lack of a rigorous protocol 

that allows the objective comparison of different systems. The base of this protocol should be 

the existence of publicly available and well documented databases of environmental sound 

events. 

 

Table II - Summary of environmental noise events databases 

Database Noise event type Public/proprietary Length Number of 

classes 

(Aucouturier, 2007) Outdoor Proprietary 3 hours 4 

(El-Maleh, 1999) Outdoor Proprietary < 20 min 5 

MADRAS 

(Dufournet, 1997) 

Outdoor Public (N/A) Unknown Unknown 

(Boes, 2013) Outdoor Proprietary  30 min 99 

(De Coensel, 2010) Outdoor Proprietary Unknown Unknown 

(De Coensel, 2008) Outdoor Proprietary 186 hours 3 

(Oldoni, 2010), 

(Oldoni, 2011) 

Outdoor Proprietary > 1day Unknown 

(Hoiem, 2005) Indoor Proprietary Unknown 13 

(Temko, 2007) Indoor Public (N/A) 5 hours 12 

(Giannoulis, 2013) Indoor Public Unknown 16 

(CHIL, 2006) Indoor Public Unknown 16 

RWCP-SSD 

(Nakamura, 1999) 

Indoor Public 1.5 hours 45 

(Chu, 2008) Indoor and outdoor Proprietary Unknown 14 

(Ma, 2006) Indoor and outdoor Proprietary Unknown 10 
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(Muhammad, 2010) Indoor and outdoor Proprietary > 8 hours 10 

(Valero, September 

2010) 

Indoor and outdoor Proprietary 40 min 15 

(Valero, August 2012) Indoor and outdoor Proprietary 4 hours 12 

(Choudhury, 2008) Indoor and outdoor Proprietary 22 hours Unknown 

(Büchler, 2005) Indoor and outdoor Proprietary 150 min 4 

(Clavel, 2005) Specific (shot detection) Proprietary 67 min - 

(Schroder, 2013) Specific (siren detection) Proprietary 90 min 2 

 
4.1. Outdoor noise events 

Many environmental sound recognition works focus on recognizing noise events occurring 

outdoors. Most of these are focused on human activity related noises, such as the ones related 

to transportation, especially in urban environments.  

 

One of the first examples in this field was the MADRAS database (Dufournet, 1997), which 

was generated as the result of a project partially funded by the European Union. The 

MADRAS database contains high quality recordings of various types of common 

environmental noise sources such as trains, cars, trucks, delivery vans, motorcycles, mopeds, 

aircraft, chain saws, lawnmoyers, industrial plants, etc. Several instances of each type of 

source are provided. The recording conditions of each noise source are documented 

(Couvreur, 1998). Unfortunately, to the best of our knowledge, this database is no longer 

directly available to the public, and there is little information about it. 

 

Focusing on proprietary databases, one of the first examples was the one recorded for the 

work presented in (El-Maleh, 1999). The authors recorded a five-classes audio database 

focusing on commonly encountered noise classes such as car, voice babble, street, bus, and 

factory. To that end, they recorded street noise (traffic noise, pedestrians walking and talking, 

and noise from a nearby work area) and bus noise (background music, background speech, 

bus engine noise, and other external transient noises such as passing cars). The other noises 

were extracted from the NOISEX-92 database (Varga, 1992), a database that was designed to 

test automatic speech recognition systems under noisy conditions. 

 

There are several recent works in the literature in which proprietary environmental noise 

databases were recorded to train and test the ability of systems to recognize outdoor noise 

events.  

 

An example is the one described in (Aucouturier, 2007), in which a database of 106 3-minute 

recordings of urban soundscapes was compiled. Such recordings were made using an omni-

directional microphone in Paris. The recordings are classified in 4 general classes: “avenue” 

(recordings made on relatively busy thorough fares, with predominant traffic noise, notably 

buses and car horns), “neighborhood” (recordings made on calmer neighborhood streets, with 

more diffuse traffic, notably motorcycles, and pedestrian sounds), “street market” (recordings 

made on street markets in activity, with distant traffic noise and predominant pedestrian 

sounds, conversation and auction shouts), and “park” (recordings made in urban parks, with 

lower overall energy level, distant and diffuse traffic noises, and predominant nature sounds, 

such as water or bird songs).  

 

Another example of proprietary database is the one used in (Boes, 2013), in which several 

hours of recordings were made in a typical urban environment, containing mainly traffic noise 
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(cars, busses and trucks passing by, both at close distance and further away), the chirping 

sound of some birds and human speech from passing pedestrians and yelling children. The 

training and testing of the system was made on 302 fragments from these recordings, with an 

average duration of 6s, which makes up for over 30 minutes of recordings finally employed in 

the experiments. In the case of this database, it is important to highlight that a human expert 

listener made the labeling of audio excerpts. The labeler was allowed to use any labels he 

judges to be fitting to the sound fragment, and is not limited to a certain list of possible labels. 

Because of this, the total number of labels is as high as 99. 

 

In (De Coensel, 2010), a wide range of traffic noises were used, including passages of 

conventional high speed trains at approx. 140 and 300 km/h, Dutch intercity trains (approx. 

140 km/h) and Maglev trains (approx. 200, 300 and 400 km/h), all passing by at distances of 

25, 50, 100, and 200m. In addition, sounds from a highway and from local roads at the same 

distances were also included.  

 

The same group of authors developed a database of acoustic measurements to validate an 

environmental noise classification algorithm in (De Coensel, 2008). This database was 

recorded in 16 urban parks in Stockholm (Nilsson, 2007), and consisted of around 186 hours 

of recordings, which were inadvertedly labelled by passers-by through a survey into three 

broad classes: sounds from humans, sounds from nature and technological sounds. 

 

In (Oldoni, 2010), (Oldoni, 2011), a database recorded in two sites of a typical urban 

environment characterized by a mixture of quiet and noise from light and heavy traffic and 

human activities was employed. Although little detail about this database is provided, the 

authors state that they employ more than 1-day data to train their models. 

 
4.2. Indoor noise events 

 

A first example of proprietary database is the one used in (Hoiem, 2005), where the authors 

attempted to learn acoustic models for recognizing 13 sound events: car horns, doors closing, 

dog barks, door bells, explosions, gunshots, laser guns, light sabers, male laughs, meows, 

telephone rings, screams, and sword clashes. Notice that these classes of sounds show a great 

variability, ranging from impulsive (gunshots) to nearly monotone (meows) and from periodic 

(telephone rings) to non-periodic (doors closing) and from low frequency (explosions) to high 

frequency (sword clashes). The authors collected roughly 15-80 positive examples for each 

sound class using the www.findsounds.com website (Fin14). 

 

However, indoor noise events caused by human activity is probably the type of noise event 

that has received more attention as regards the development of standard databases. Notice that 

the domestic nature of many of these sounds makes it easier to conduct this type of 

recordings. 

 

This is the case of the CLEAR 2007 audio event detection (AED) evaluation data collection 

(Temko, 2007), which unfortunately seems to be no longer available to the public. This 

database was divided into two subcorpora: about three hours for system development and two 

hours for system evaluation. Its contents are realistic seminar style, having both speech and 

acoustic events with possible overlap. The evaluation data has 1454 instances of target events. 

The target events included in the AED performance metric are door slam, paper 

wrapping/rustling, footsteps, phone ringing, spoon/cup jingle, keyboard typing, applause, 

coughing, laughter, key jingle, chair moving, and knocking. It is important to notice that 

http://www.findsounds.com/
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many of the events are subtle and have low SNR compared to background noise or speech. 

This database has been employed in several works devoted to indoor noise event detection 

(Zhou, 2007), (Zhuang, 2010). 

 

A freely available indoor noise events database is the Office Live Recordings (OL) were 

published by the organizers of the IEEE AASP Challenge: Detection and Classification of 

Acoustic Scenes and Events (Giannoulis, 2013). The published database consists of stereo 

recordings made in an office environment at 44.1 kHz sampling frequency. The recordings 

comprise 16 classes: door knock, door slam, speech, human laughter, clearing throat, 

coughing, drawer, printer, keyboard clicking, mouse click, pen dropping, switch, keys, phone 

ringing, alert, page turning. The given training set contains 20 to 24 single trimmed 

recordings per class. 

 

A similar database is the FBK-Irst database of isolated meeting-room acoustic events (CHIL, 

2006), which was created thanks to the CHIL (Computer in the Human Interaction Loop) 

project. The database contains 16 semantic classes of acoustic events: door knock; door open; 

door slam; steps; chair moving; cough; paper wrapping; falling object; laugh; keyboard 

clicking; key jingle; spoon, cup jingle; phone ring; phone vibration; MIMIO pen buzz; and 

applause. Each session contains around four repetitions of each of the 16 classes of events, so 

there are around 36 examples of each event in the database. Approximately 50 repetitions per 

event class were recorded. This database is freely available online. 

 

A further example of an indoor noise database available to the public is the RWCP Sound 

Scene Database in Real Acoustical Environments (RWCP-SSD) (Nakamura, 1999). Its first 

volume contains a sound scene database in real acoustical environments recorded with a 

microphone array. This database contains different types of sounds, such as impact sounds, 

friction sounds, phones and buzzers, etc. (see (Guo, 2012) for a categorization).  

 
4.3. Outdoor and indoor noise events 

Some databases target at recognizing both outdoor and indoor noise events. 

 

This is the case of the one used in (Chu, 2008), which is composed of 14 classes as diverse as 

“restaurant”, “casino”, “street with police car”, “thundering” or “train passing”. In all cases, 

the authors choose auditory environment types made up of non-speech and non-music sounds. 

That is, it is essentially background noise of a particular environment, composed of many 

sound events. They obtained their audio from online repositories such as FreeSound (Font, 

2013). 

 

Another example is the high-bandwidth and low-bandwidth database described in (Ma, 2006). 

In this case, recordings were performed using either a high quality microphone and portable 

recorder or a MP3 player/recorder covering covered a range of everyday indoor and outdoor 

environments such as office, lecture, bus, urban driving, railway station, beach, bar, 

launderette, soccer match, and city center street. 

 

A similar case is that of the database used in (Muhammad, 2010), in which  audio signals 

were recorded in ten different indoor and outdoor scenarios: restaurant, crowded street, quiet 

street, shopping mall, car with open window, car with closed window, corridor of our 

university campus, office room, desert, and park. Each scene has 100 recordings of 30s 

length, totalizing over 8 hours of recorded audio. 
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In (Valero, September 2010), a database containing both indoor and outdoor audio events was 

employed. The “outdoor” part of the database contains high quality recordings from six sound 

sources that may cause nuisance to the human being, namely cars, trucks, scooters, trains, 

aircrafts and industry. The road noise recordings were made near secondary roads to capture 

clean pass-byes of vehicles. As regards aircraft noise, recordings of landing and take off 

operations were conducted. Finally, industrial noises such as chimneys and refrigeration 

compressors were also recorded. As for the “indoor” part of the database, it also contains six 

classes of sounds: footsteps, screams, gunshots, crowd, dog barking and thunderstorm. The 

noise samples in this part of the database were obtained from online repositories as FreeSound 

(Font, 2013) and the BBC Sound Effects Library (BBC, 2014). Each of the 12 classes was 

represented by 50 samples lasting 4 seconds each, which amounts for a total 40 minutes. 

 

The same authors created a different database of outdoor and indoor noises in (Valero, August 

2012). Using audio samples from the online FreeSound repository (Font, 2013), they built a 

total of 15 audio scenes divided into 5 categories: outdoors-natural (seaside, countryside), 

outdoors-city (traffic, pedestrian), indoor-leisure (library, restaurant, stadium), indoor-work 

environment (classroom, office, factory) and indoor-means of transportation (station, inside 

car, inside bus, inside train). The number of samples per scene ranges between 150 and 300, 

totalizing 3500 samples equivalent to nearly 4 hours of audio data. 

 

The Intel MSP (Mobile Sensing Platform) data set (Choudhury, 2008) contains fifty-two 25-

minute-long sound clips collected by the MSP device, which senses audio signals with a 

electret microphone similar to those on cell phones. For each clip, one of the participants 

carries the devices performed several daily activities such as walking, riding elevators, and 

driving. Each activity in the clips is manually labeled.  

 

A final example of proprietary database is the one compiled in (Buchler, 2005), which 

contains some 300 real-world sounds of 30-second length each. Four desired sound classes 

were defined (“speech,” “speech in noise,” “noise,” and “music”), and sounds were either 

recorded in the real world (e.g., in a train station) or in a soundproof room, or taken from 

other media. The class “noise” is the most widely varying sound class, comprising social 

noises, traffic noise, industrial noise, and various other noises such as household and office 

noises.  

 
4.4. Specific noise events 

Being a task-dependent process, the recognition of very specific types of noises is coupled 

with the recording of very specific databases. 

 

An example of this is the gun shot detection algorithm of (Clavel, 2005). As the authors state, 

the availability of corpora of typical audio events in ecological conditions, such as 

surveillance applications, is extremely rare. This is due not only to the confidential nature of 

the data, but also because abnormal situations are rarely recorded. For these reasons, they 

built an artificial database from a set of multiple public places and gun shots recordings 

extracted from a CD of sounds for the national French public radio (Mercier, 1989). The 

mentioned CD provides various public places recordings. These recordings were artificially 

mixed with a total of 134 shots. The total database length is 67 minutes. 

 

The detection of police siren signals was tackled in (Schroder, 2013) by the collection of eight 

non-driving German police cars, recorded from both inside and outside the police car. The 
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database was completed with a large number of traffic noise samples downloaded from the 

Internet, totalizing a 90 minutes database divided in 5s excerpts. 

 

Finally, a very particular and curious work in this application-specific context is the one in 

(Cotton, 2009), which aims at detecting horse hooves from a 13 second sample from a video 

soundtrack, containing 38 instances of the sound of horse hooves. 
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