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1 INTRODUCTION

The ISRIE project is a collaboration between the universities of York and Newcastle, and ISVR in
Southampton. Work at York is split between two projects; one focusing on signal separation and the
other on identification. This paper describes the current work being undertaken on the latter of these
two subjects and begins by briefly describing how the ISRIE project arose and its intended
outcome. A review of the related literature is given which covers previous projects dealing with
signal classification. There will follow a brief discussion of the types of sound ISRIE will aim to
classify. The current techniques being investigated will be described along with preliminary results.
Finally, conclusions are drawn and the proposed plans for the future of this research are presented.

1.1 ISRIE

The ISRIE project arose from the EPSRC Ideas Factory ‘A Noisy Future’. The proposed outcome of
the project can be described briefly as an intelligent noise metering system able to determine the
direction and source from which a sound originated. It will also be able to provide other details such
as the time at which the sound occurred and how loud the sound was. If a number of these
instruments are used as a network of sensors it should be possible to estimate the location from
which a sound originated.

The primary motivation for such an instrument is to assist in urban noise level measurements,
whether for research or for legislative purposes. At present detailed investigation of a sonic
environment involves either attended monitoring or long-duration recordings and analysis of this
data. Both of these methods are very time consuming and require the full attention of an individual
and introduce the problem of subjectivity. An instrument such as that proposed by the ISRIE project
would perform listening and evaluation in-the-field removing the requirement for an individual to be
present or recording of large quantities of data. The instrument would also be capable of delivering
a highly objective analysis of the soundscape. An example of where ISRIE could have been of use
is an analysis of the occurrence of oversnow vehicles in Yellowstone National Park’. In this study
audio samples were recorded in the field and then analysed in an office environment. Burson
describes how the volume of playback for some recordings had to be increased by 10dB to
approximate the audibility that would have been available in the field. ISRIE would remove both the
need for level boosting and the need for time consuming analysis of large quantities of recorded
audio.

1.1.1 ISRIE and Noise Legislation

It is thought that ISRIE will be of great benefit to those whose work is concerned with noise
legislation, namely Planning Policy Guidance (PPG) 24 and BS 4142. PPG 24 is concerned with
evaluating noise exposure to noise-sensitive developments and BS 4142 is concerned with rating
industrial noise affecting both residential and industrial areas. When a noise complaint needs to be
investigated ISRIE could be used in place of a person collecting data manually.
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PPG 24 uses four noise exposure category (NEC) bands to describe a sound. Where a
measurement is placed within these bands is dependant on the contribution of each of the four
noise categories; road traffic, rail traffic, air traffic and mixed noise sources. Currently the
contribution of each of these categories to determine where a measurement is placed is performed
by a person and could therefore be quite subjective. ISRIE would be able to provide a purely
objective NEC band recommendation. Analysis for BS 4142 would also benefit from ISRIE as it
would remove the excessive labour in performing the numerous measurements required.

1.2 Sound Categories

As part of the signal classification research it was deemed necessary to develop an acoustic
taxonomy into which sounds would be categorised. Initially it was thought that the quantity of
categories would be very high (given how many different sounds can be observed in an urban
environment). However, as a result of discussing analysis of PPG 24 and BS 4142 with the project
partners from ISVR (Southampton) the categories given in Figure 1 have been decided upon as the
most important to be identified.
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Figure 1: Acoustic taxonomy. The categories were derived from the sounds seen
as having most influence on PPG 24 and BS 4142 measurements.

These sounds have been grouped into the main categories anthrophony (sounds related to human
activities), geophony (sounds caused by nature), and biophony (sounds caused my animals). There
are some sounds that may be seen as missing from this diagram. Under the Geophony category
other natural based sounds, most of which are caused by the wind, could also be included.
However, it was pointed out that when wind speeds are in excess of 5 m/s an acoustic consultant
would often not perform a measurement as the noise induced on the sensor by the wind is too
great. This situation will also apply to ISRIE so wind-induced sounds are not included. Other sounds
considered missing from this diagram are not included because they are simply not loud enough to
have an impact on a soundscape. The incidental sounds made by humans and animals are a good
example of this. There is little in the literature regarding categorisation of urban audio signals. The
reason for this may be that many sound classification projects focus on a small set of sounds or a
particular species of animal. There are 2 good examples of categorisation in the literature.
Raimbault and Dubois® use a tree-like structure which broadly splits the categories into
transportation/works and people presence. These are then further subdivided to include some of the
typical sounds found in an urban soudscape. It is somewhat strange to find the subcategories of
running water and birds singing under people presence as these are not strictly due to the presence
of humans. The other categorisation found in the literature is very similar to the idea generated at
York® (Figure 1). The approach that Gage et al. use assigns specific frequency bands to each of
anthrophony, geophony and biophony. This may cause a mis-categorisation because there are
biophonic sounds that will fall below the 2.5 kHz low-end frequency of the biophony category.
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2 CLASSIFICATION SYSTEMS

A classification system is typically a 2-stage process and consists of a feature extractor and a
classifier*. The flow diagram in Figure 2 describes the basic structure of a classification system.
Some systems also use post-processing after the classifier to correct for any errors in classification.

Input Output

Feature - Post-
Extractor Classifier processing

Figure 2: Flow diagram showing the basic structure of a classification system.
Adapted from °.

There are many feature extraction techniques and classifiers to choose from and the selection of
each of these is usually based on the intended application and any prior knowledge. Table 1 gives
examples of both feature extractors and classifiers found in the literature surrounding the topic of
audio signal classification.

Feature Extractor Classifier

Fourier transform (Fast/Short) Multilayer Perceptron
Wavelet transform Self-Organising Map
Wigner-Ville distribution Learning Vector Quantisation
Time-Domain Signal Coding Time Warping

Table 1: Some examples of feature extractors and classifiers often seen in the
literature

2.1 Previous Studies of Sound Classification

There are many studies to be found in the literature which aim to perform classification of signals,
whether they are audio signals or some other wave-based signals, such as an ECG signals. There
are numerous studies which look at identifying different species of animal based on the sounds they
emit, both incidental and deliberate sounds are considered. Some examples of animals identified
are wood-boring insects®, crickets’, frogs®, and birds®. Each of these studies show that it is possible
to discriminate between very similar vocalisations which gives promise in the context of ISRIE as
there will undoubtedly be similar sounds occurring in an urban environment. Cowling and Sitte™
provide an excellent comparative examination of various feature extractors and classifiers for the
recognition of environmental sounds. The aim of the study was to find which feature extractor-
classifier pair provided the best classification results for a sound surveillance system. They found
that using a continuous wavelet transform for feature extraction with a dynamic time warping
classifier provided the best results (70% accuracy). In a novel approach to environmental sound
classification'" the goal is similar to that of ISRIE; to develop a system capable of giving an efficient
representation of an acoustic environment. This is study is novel in that it uses a system based on
genetic algorithms (GAs) to determine which features to extract from a sound. Using this method in
combination with 2 different classifiers (a Gaussian mixture model and a k-Nearest Neighbour
algorithm), classification results between 90% and 95% are achieved. No specific data is given but
it is suspected that an approach using GAs will be computationally expensive and therefore not
suited to ISRIE. A study looking at sound textures'” uses a Self-Organising Map fed directly by the
audio data without any feature extractor. The data is fed in 2" (1 < n < 4) samples at a time and the
SOM produces a histogram output. The theory behind this approach is that for a new input signal
the trained SOM will produce a similar distribution to the distribution of the signal for which it was
trained. This approach works very reliably to determine if a test signal is the same or different to the
training signal but it cannot classify the test signal into a category.
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All of the studies discussed above show that it is possible to perform accurate classification with a
variety of audio signals. These can either be animal vocalisations or general audio signals such as
those which may be found in an urban environment. In the following section the current approach to
the classification problem being studied at York is described.

3 CURRENT APPROACH

The current approach being adopted at York is to use Time-Domain Signal Coding (TDSC) feature
extraction and a Self-Organising Map (SOM) classifier. TDSC has been chosen because it is very
computationally inexpensive and has had excellent success rates when used for classification of
species®’®. A SOM has been chosen for use as an initial classifier partly due to its ease of use but
also because it is easily expandable. If the SOM receives a signal it has not seen before it could
potentially create a new output unit (and hence a new output class) for that input so that if a similar
signal is presented it will be classified accordingly. TDSC is discussed in more detail below.

3.1 Time Domain Signal Coding

Time Domain Signal Coding is a purely time-domain technique based on a speech compression
method known as Time Encoded Speech”. In TDSC analysis signals are segmented using zero
crossings of the time-domain waveform. The data between successive zero crossings is termed an
epoch. Each epoch can then be described by its shape (S - the number of minima) and its duration
in samples (D) and a whole signal can then be described by its D-S pair characteristics. Figure 3
shows a simple example of D-S characteristics.

Figure 3: Simple example of D-S characteristics extracted using TDSC. The X-
axis shows the sample intervals and the Y-axis represents amplitude.

In this example the first epoch has duration of 9 samples and a shape of 2. A signal analysed using
TDSC will often have a large number of D-S pairs. These can be mapped onto a smaller symbol set
(termed the codebook) to make processing easier. The codebook can then be used to generate
either a 1- or 2-dimensional histogram describing the occurrence of D-S pairs. The 1-dimensional
variant is called the S-matrix where the X-axis represents the code and the Y-axis the frequency of
occurrence for each code.

3.1.1 Duration-Shape Distribution

In previous studies using TDSC the codebook has been generated manually to suit the application
containing some 30 codes®'®. However, this is not possible for the application to the general sounds
found in an urban environment (shown in Figure 1) due to the large variation in D-S distributions. To
identify how much these distributions varied by, plots were generated of D versus S as shown in
Figure 4. These plots were resized to show the areas containing the most information as the D-S
distributions form very sparse matrices. The maximum D-S pairings found for each of these sounds
were: A/C unit D=1468 S=165, Blackbird D=218 S=56, Digger D=434 S=68, and Human speech
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D=1086 S=161. Using the speech recording as an example, there was 1 occurrence of the
maximum D-S pair whereas the most frequently occurring D-S pair (D=2 S=0) was detected 9813
times. This illustrates that some sounds have anomalies present in the recordings which may not be
characteristic of that sound.
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Figure 4: Distributions showing D (X-axis) versus S+1 (Y-axis). Clockwise from
the top-left, the plots represent the following sounds: an air conditioning unit, a
blackbird singing, human speech and a digger. The darker areas represent higher
frequencies of occurrence for that D-S pair. Recordings of the A/C unit and
speech courtesy of ISVR, Southampton. All recordings sampled at 44.1 kHz.

3.1.2 Generation of a general codebook

Based on the findings of plotting D-S distributions for a number of sounds it was decided that the
maximum duration that would be useful to detect would be 1000 (using a sample rate of 44.1 kHz)
and the maximum shape would be 75. This gave a very large total number of D-S pair combinations
(>50,000). To reduce this number 40 duration ranges were devised based on the findings from the
D-S distributions. The first 19 of these ranges had a range of 1 as most D-S data occurs within
D<20. The subsequent ranges spanned durations of 10, 50 and 100 samples. After calculating
these ranges the total number of D-S pair combinations was significantly reduced to 1700.

3.2 Classification of the Audio Data

Initial research has focussed on classifying audio recordings of the sounds given in Figure 1 using
TDSC for feature extraction and a SOM to classify the resulting time domain data. Each audio
sample was typically of 2 seconds in duration and analysed in 0.2 second frames. Each frame then
had an S-matrix associated to it and these were used as the input to the SOM. Figure 5 illustrates
this process.
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Figure 5: The classification process

During training of the SOM it was noticed that the winning unit was consistently either the highest or
lowest numbered unit in the network. This result was not dependant on the input TDSC data; each
input gave the same result. The SOM was tested with a smaller, controlled data set consisting of
only one value and it performed as expected; the weights for one particular unit in the network
approached the value of the input data after a number of training epochs. This showed that the
SOM network was functioning as expected. Attention was then turned onto the S-matrices being
produced by the TDSC algorithm. Figure 6 shows a plot of how the data is spread out through the
codebook. It is quite clear to see that the arrays containing the code frequencies are very sparse.
Analysis of the actual data contained in the arrays has shown that the number of cells with a value
of zero averages 95%. This figure is similar for a variety of audio data typical to an urban
environment. It is believed that this sparseness is the reason for the SOM continually training its
weights toward zero and producing the same winning unit even for different initial audio data.
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Figure 6: A plot showing the sparseness of the output for TDSC analysis for a
recording of a blackbird. The X-axis shows the code number, the Y-axis shows the
time frame number and the dark areas show which codes occur in each frame.
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4 CONCLUSIONS AND FURTHER WORK

This paper has presented the current work on signal classification as part of the overall ISRIE
project. What the ISRIE project is and what it is aiming to achieve has been described. Via
discussions with project partners and analysis of PPG 24 and BS 4142 the set of sound categories
presented in this paper has been defined to classify audio data into. Prior to discussing the current
approach to signal classification a short description of how a classification system is typically
constructed was given along with a brief review of previous research in the related areas.

The approach currently being used for signal classification has been described. This consisted of a
time-domain signal coding (TDSC) feature extractor producing S-matrix data as an input for a self-
organising map (SOM). It was clear to see from the distributions given in Figure 4 how D-S data
varies from one sound to another showing that TDSC is a useful feature extractor. It is also clear to
see from these distributions that the majority of D-S data is contained in the region D<25 S<10. It
was shown that the general codebook generates very sparse arrays of data causing erroneous
classification by the SOM. It is therefore necessary to review the arrangement of this general
codebook to better describe the salient features of the D-S distributions in the region given above.
Other methods of compressing the D-S information into a codebook to reduce the array sparseness
will be investigated.

4.1 Further Work

Research will continue using the TDSC and SOM classification system described above. Other
feature extraction methods are also due to be studied and tested, Wavelet transforms are of
particular interest. A comparison of the classification accuracies produced will be made to see if any
improvement can be had by using a different feature extractor.

It is intended that the classification process shown in Figure 5 will be expanded by using the output
of the SOM as an input to a syntactic pattern recognition system (SPR - see ' for an introduction to
syntactic methods). The combination of a TDSC feature extractor and SOM classifier can produce
an output class variation with repeating patterns. This is illustrated in Figure 7 which used a
recording of a cricket as the input to the TDSC-SOM classifier. The change from class 1 to class 4
occurs in a repeating pattern throughout in line with the song of the cricket and the silence between
chirps. It has been proposed that this sort of data could be used as the grammar in a syntactic
pattern recognition system. Further analysis of the SOM output for various audio recordings will
demonstrate if a SPR approach is a feasible solution in the context of the ISRIE project.
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Figure 7: The top diagram shows the time-domain waveform of the cricket song.
The lower diagram shows the pattern of the class output as the signal changes.
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