A REAL-TIME SHEEP VOCALISATION DETECTION SYSTEM

By
James Colin Bishop

A thesis submitted for the degree of
Bachelor of Computing Science (Honours)
of The University of New England
January 2016



Acknowledgements

I would like to thank the University of New England for allowing me the opportunity
to pursue my Honours degree. My gratitude to the Australian Wool Education Trust
for awarding me a scholarship, which facilitated the purchase of equipment, without
which this project would not have been possible. A huge thanks to my supervisors, Dr.
Gregory Falzon, for his wealth of knowledge and limitless depths of patience, and Dr.
Mark Trotter, for his infectious enthusiasm and expertise in all thing agriculture related.
Finally, a special thank you to my family, for giving me a reason to push the limits of my

knowledge, and for supporting me in the pursuit of my goals.

il



Abstract

The thesis aims to investigate the viability of a real-time sheep vocalisation detection

system.

In order to achieve this objective, the different aspects of a real-time audio pattern
recognition system were identified, and a thorough review of the literature was con-
ducted. Based on this information, a number of novel approaches to audio detection were
selected, including Discrete Wavelet Transforms, low-computational statistical features,

and a Support Vector Data Description.

To truly test the objective, software was developed in the C++ programming language,
theoretically capable of performing the intended function: the methods used to achieve

this are outlined.

In order to test the detection accuracy of the system under different conditions, four

experiments were conducted, and the results are presented.

The results obtained lend considerable strength to the assertion that real-time sheep vo-
calisation detection is possible: high detection accuracy was measured in 3 experiments.
The performance of some of the key components was explored, with results indicating
that they are all viable options for real-time audio analysis, mirroring the findings of other
research found in the literature. In some areas, the system’s performance was reduced,

and these findings highlight areas for future research.
As this system also relates to livestock welfare and management, Precision Livestock

Farming principles are discussed, with particular attention paid to topics pertaining to

sheep, and to the benefits the proposed system would offer to industry.
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Chapter 1

Introduction

1.1 Objectives

The objective of this thesis is to develop a real-time audio recognition system which
can be applied to the field of Precision Livestock Farming (PLE]), and in particular,
the problem of sheep vocalisation detection. In order to achieve this aim, a number of
technologies need to be surveyed and explored, as real-time audio pattern recognition is
a broad and challenging field, encompassing aspects of computer science, digital signal
processing (Digital Signal Processing (DSP])), machine learning, and engineering. Due to
the breadth of the topic, and the intricacies of each step in the signal chain, there are a
multitude of differing approaches to acoustic detection problems, with suitability deter-
mined both by the problem, and the theoretical space being explored. Although a large
portion of research to date has focused on automatic speech recognition (ASR)[127, 22§]
and thus a great deal of amelioration has originated from this field, there are examples
of similar approaches being applied to other acoustic detection problems, such as wild
animal call detection and discrimination [11) 42, 108 [155] [182] 241 245, 263], emotion
recognition [310, 200], and PLF applications [125, [30] 107].

1.2 Overview of Audio Detection Systems

The functions of an audio detection system generally mirror the overview presented in
(Fig : that of capturing the sound, transforming it to emphasise certain character-
istics, extracting and compressing meaningful information, then feeding this data into
a machine learning model, which designates the class of the sound, and thus facilitates
decision making [65], 64, 58, 282]. The desire for real-time detection and feedback im-
poses computational constraints on the system, in that the entire signal chain must be
traversed within a very small time frame so as to allow an immediate response to acoustic

stimuli. As each step in the signal chain requires a knowledge of a completely different
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discipline, each with its own approaches and nuances, covering a vast array of differ-
ent problems and deployment spaces, the appropriateness and successful configuration of
a particular combination of techniques can be difficult to ascertain; it is therefore nec-

essary to focus on each stage before attempting to combine them into a functional system.

Audio capture & pre-processing

U

Data transformation

Y

Feature extraction

<

Machine learning model

U

Detection?

Figure 1.1: A broad overview of how audio pattern recognition systems operate.

1.3 Audio Capture and Pre-Processing

The audio capture component of the system is responsible for obtaining a window of the
incoming digital audio stream, converted from the original analogue signal, and repre-
sented as a series of time-amplitude data [I75] (Fig [L.2)); the characteristics of digital
audio are discussed in (Section . To accurately sample incoming sounds, it is stan-
dard practice to employ an overlapping or sliding window scheme (Fig , with the
length and overlap being determined by the target sound of interest [214] [420]. Although
time-amplitude information is helpful in audio analysis, sounds are characterised by their

composition of frequency components (Fig|l.4) (measured in cycles per second), and for
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this reason, there is arguably more useful information for discrimination contained within

the spectral domain [38, [342].

T .
w
: /
= ORIGINAL
A g ' \J » TIME <—— giGNAL
=
L
T .
w 1
# A
B L--1- \ / SAMPLED
B 5o . > TIME «—— 2Rl
= ~.l
2 -
c DIGITAL
SIGNAL

Figure 1.2: An overview of analogue to digital conversion [308]. The original signal is
sampled, at a rate determined by the sample rate, and then quantised, with a range

defined by the bit rate.

A
Window 1 |0 1 2 3 4 5 6 7 8 0
A B
Window 2 | @ B 7 8 9 10 1 12 13 14
B
Window 3 [ 10 1 12 13 14 15 16 17 18 19

Figure 1.3: Overlapping / sliding window, where overlap is 2 (i.e. 2 sub-windows make
1 full window). Note how each subsequent window contains a portion of the previous

window.
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1000Hz 2000Hz 3000Hz 4000Hz 5000Hz

Figure 1.4: A sheep call. The top panel displays the call in the temporal domain (i.e.
amplitude at a given time), whereas the bottom panel shows the call in the spectral
domain (i.e. the amplitude of each frequency component, from low to high). These

images were produced with Audacity sound editing software [12].

1.4 Data Transformation

1.4.1 Spectral Analysis

Once incoming audio data has been obtained, it is necessary to transform the data
to extract information that will subsequently be used by the machine learning model
[26, 37, 146]. There are myriad approaches to this problem, but they can be largely
categorised by the space they operate in, namely temporal, spectral, or a combination
of the two [390]. The majority of audio detection techniques use spectral information,
but this approach is not without its drawbacks (see Section , with one of the most

predominant being the loss of temporal information cause by conversion to the spectral

domain [304].
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1.4.2 The Discrete Wavelet Transform

An approach that incorporates both the temporal and spectral domains would be theo-
retically advantageous, and it is hypothesised that such a technique could improve detec-
tion accuracy and system performance [301]. One such approach, namely wavelets, has
been an area of active inquiry, and the Discrete Wavelet Transform (Discrete Wavelet
Transform (DWT)) [79, 80, 147], which has historically been applied mainly to image
analysis problems [206, 204, [395] 266, 70l 82l [62], 385] 417, 205, 330}, B0, 177], has begun
to gain some traction within the audio analysis research community [2, [T, 38| [76, [326)
342, [420), 211], 295]. The provides an output of coefficient sub-bands that describe
amplitude simultaneously in both the temporal and spectral domains [301, 420], and
in particular, the Daubechies Discrete Wavelet Transform (Daubechies Discrete Wavelet
Transform (DDWTI)) [79] 0] is a theoretically ideal candidate for acoustic dissection.

1.5 Feature Extraction

The output provided by the tends to be dimensionally vast [Il, 287, 463], some-
thing that is generally undesirable in a machine learning setting [94] [420], and as such,
feature extraction techniques must be used to generalise and compress the information
contained within the data [146, [I81], thereby facilitating improved classification. The aim
of feature extraction is to reduce the size of the data whilst simultaneously preserving
the underlying patterns contained within, thereby producing a more compact and robust
version of the original feature space [431]. Approaches vary greatly, from audio specific
[269, 287, [65], to simple statistical measures [62, 63], with the appropriateness of a given
technique being largely problem and data specific. This point is extremely relevant to
features derived from sub-bands, as their use in audio analysis is still in its pre-
liminary phases, and unlike frequency-based approaches, audio specific features have not
been thoroughly explored for [2], [T, [420] .

1.6 Machine Learning

1.6.1 Overview of Machine Learning

Machine learning, which encompasses aspects of statistical learning, data mining, and
artificial intelligence (AI), is the process of discovering useful information, associations,
or patterns in (generally) vast amounts of data [149], and producing models that can
use this information to expedite meaningful decisions. There are a multitude of different

machine learning algorithms demonstrated in the literature [180, B382] 94, 127, 88], and
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they can be grouped first by their training method (supervised or unsupervised), and
then by their output type (classification or prediction), making selection of a suitable
paradigm almost entirely problem specific [I80]. In supervised learning, the focus is on
mapping the relationships between a dependent (output) variable and various indepen-
dent (input) variables, with the aim of selecting a model that can accurately predict an
output based on given inputs [I80]. This is achieved by training the model with a set
of labelled data, and then testing with new, unknown instances [458]. The output of a
supervised learning model is intrinsically linked to the type of problem it solves, be it
estimation (i.e. prediction of a numerical output value), or classification (i.e. assigning
an instance to one of a set of classes) [302]. By contrast, unsupervised learning aims to
unearth relationships in data that has not been labelled: it is concerned with knowledge

and pattern discovery [382] [57].

1.6.2 Definition of the Problem

The case of identifying sheep vocalisations can be defined as a supervised learning, classi-
fication problem, with one clearly defined class (i.e. sheep vocalisations), and another am-
biguous class that is not present in the training data (i.e. every other sound); this can be
defined as a one class classification (One-Class Classification (OCC)) problem [400], 284].
One type of model that is suitable for this problem is a Support Vector Machine (Support
Vector Machine (SVM)])) [429, [427], in particular, an [DCClspecific algorithm known as
a Support Vector Data Description (Support Vector Data Description (SVDDI)) [411], [408].

1.6.3 Phases of Implementing a Machine Learning Solution

The phases involved in implementing a machine learning solution can be described using
the plan-do-check-act (PDCA) cycle [275], also known as the Deming Cycle [86] (Fig
[1.5). During the planning phase, the scope of the problem is identified and data is col-
lected [447]. In this case, our problem is identifying sheep vocalisations amongst a variety
of other sounds, with the training data being collected from both field and experiment
recordings, and new instances being obtained directly from the input stream at set inter-
vals. The data is then processed and transformed to accentuate particular characteristics,
features are extracted, and the model is trained [I80]. The model is then tested with an
unknown set of data instances, and evaluated using performance metrics applicable to
the problem; this process is then repeated after adjusting parameters, features, models,

or some combination thereof [382].
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Plan

- Use model in - Define problem

system

- Collect data
- Act on knowledge - Preprocess data
discovered

- Choose algorithm

Check Do
- Test model
- Evaluate model
.- Repeat PDC if
needed

- Data processing
- Feature selection
- Algorithm training

Figure 1.5: A sheep call. The top panel displays the call in the temporal domain (i.e.
amplitude at a given time), whereas the bottom panel shows the call in the spectral
domain (i.e. the amplitude of each frequency component, from low to high). These

images were produced with Audacity sound editing software [12].

1.6.4 Model Evaluation

Finding a practical, optimal solution within such a vast possibility space can be time
consuming, and therefore it is common to implement some form of optimisation rou-
tine, particularly in regards to model parameters [I71]. The comparative difference in
a models performance between training and testing data highlights an issue in machine
learning known as the bias-variance trade-off [I80], which states that the more bias a
model possesses (i.e. how well it fits the training data), the less variance it tends to
have (i.e. how flexible it is in accommodating new instances) [382]. When selecting
and optimising model configurations it is imperative to keep this balance in mind, and

techniques such as cross- validation [149] can be used to improve and maintain equity [94].

1.7 Precision Livestock Farming
1.7.1 Overview of PLF

[PLE] can be defined as the application of process engineering principles to livestock farm-
ing (Fig [441], particularly the use of sensors to monitor development and welfare, and
integrated management systems to aid producers in making informed decisions [442), [355].

In this instance, the aim is to monitor sheep vocalisations in order to detect when vocal
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activity is occurring, as this can act as the first point in a wider audio-based surveil-
lance and decision system. As an example, a system such as this could be used to detect
distressed or abandoned lambs and send an alert to the producer, facilitating earlier inter-
vention, and thereby reducing lamb losses. As starvation and mismothering is a leading
cause of lamb deaths [400], [153] 315, [T04], any system that could alleviate this problem

would be most welcomed by industry.

N

N

p

. Agricultural

/ Computer
. Science

Science

" Precision . |
7 .
/ Livestock ‘
Farming

Engineering

Figure 1.6: A Venn diagram illustrating the intersection of disciplines that encompass

[PLE

1.7.2 Acoustic Monitoring in a [PLF]| Setting

Acoustic monitoring provides an accurate and non-invasive way to measure various bi-
ological responses, and by extension, welfare states of livestock [125] [107]. Despite the
fact that research has demonstrated that acoustic monitor systems can be viable for a
number of specific applications in pigs [58, 282, 65 106}, 112], 123], [144] [183], 421], chickens
[T4], 105, 120, 243, 134), 320], and cows [64] 225], little investigation appears to have been
conducted into the suitability of such systems to problems pertaining to sheep. The im-
portance of sheep vocalisations has been an area of active research, and they have been
shown to be a quantifiable biological signal [435], [436], [437, [438), [439] 08, 294 329, 373,
363, B74, 364, 97, 412], 229] [162]; this is encouraging in terms of both the applicability

and predicted success of a pattern recognition based approach.
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1.8 Objectives of the Research

Fig illustrates a simplified overview of the components in the proposed sheep vocalisa-
tion detection system (further detailed in Section, and whilst it bears at least a passing
resemblance to other examples in the literature [64) [65] (Fig [1.§)), it is quite innovative
in its specific implementation. The use of either DWTk [420], 38, 211] or SVDDk [64], [65]
for audio analysis has not been thoroughly explored, and the combination of the two,

especially for a sheep-based [PLE] application, is entirely novel, as is shown in (Section [2).

— A/D conversion —>|Sample window |—>| Pre-processing

J

SVDD [{—| Pre-processing |{—| Feature selection [<—| DWT

J

Class
(sheep or other)

Figure 1.7: An overview of the components in the proposed sheep vocalisation detection

system.
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» Offline Processing

Online Process Offine Process
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__________ Pig Sound Feature Extraction T Module -
or e varavaras *| Acquisition Module (MFCO) | raining Mo I
J Audio Signal : SVDD |
v | Training :
cCTV : |
» :
| |
MFCC Feature Vector I SRC .
| Training |
| !
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| v | e — ———
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(5 D : Disease Alert
-
-

| v
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SRC
.

} | Disease MFCC Data f‘
! I
Pigsty Manager |
|

Figure 1.8: An example of a [PLE] acoustic detection system [65]. This system is used

for detecting pig coughs, and diagnosing disease using an [SVDDI based on Mel-Frequency
Cepstral Coefficient (MFCC]) features.

The objectives of the project aim to answer several pertinent questions, namely:

1.

Is it possible to create software capable of detecting sheep vocalisations in real-time?

. Can [DWTE be used to accurately analysis sheep vocalisations in order to facilitate

discrimination by a machine learning model?

Can an [SVDDI be used to successfully detect sheep vocalisations, based on features
derived from [DWT] coefficient sub-bands?

Can low-computational statistical features, suitable for a real-time system (e.g.
Shannon entropy, mean, standard deviation), provide adequate features for precise
discrimination by an [SVDDI

. What effect does distance from the sound source have on matching accuracy for

this system?

Is it possible to run this application on a mini-computer, such as a Raspberry Pi

[345] (Fig [1.9), to allow for affordable prototyping of field nodes (Fig [L.10), or
on-collar monitoring devices (Fig|1.11))?
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Figure 1.9: A Raspberry Pi mini-computer [345]. These units provide an affordable

avenue for prototyping field nodes.

Detection Unit

\

( Baaaaaa ‘ )

q; | Detection Unit
|

\4 ™~ |

Audio detection field

—— Wireless detection data Detection Unit

Figure 1.10: A network of field nodes, used to detect sheep vocalisations. Note the
overlapping fields of detection (blue). Detection data is sent wireless to a central server,

allowing notifications to be sent the producer.
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Figure 1.11: A prototype of an on-collar audio monitoring device, developed using a
Thingsee [413].

1.9 Structure of the Thesis

Section [2] is comprised of a thorough review of the literature, covering all research fields
relevant to the project. Section [3] details the methods used to develop a prototype sheep
vocalisation detection system, including the creation of original software. This section
also describes several experiments that were conducted to answer the questions posed in
(Section . Section 4| displays the results of the aforementioned experiments, using
relevant performance metrics and comparison techniques. Section [5] discusses the results,
their implications to the system, whether the objectives of the thesis have been met, and
highlights possible future research directions. Section summarises the findings of the

thesis, and discusses the authors planned future work in this field.



Chapter 2
Literature Review

Given the breadth of the research space explored in order to develop the sheep vocalisation

detection system, the literature review will be grouped into the following categories:
e [2.1} Digital Signal Processing
e [2.2} Machine Learning
e [2.3} Precision Livestock Farming

e 2.4} Conclusion

2.1 Digital Signal Processing
2.1.1 Digital Audio

Digital audio is produced by converting an analogue audio signal, using an A /D converter
[T75], discretising it as a series of data points, representing amplitude at a given point in
time [273] (Fig . Digital audio signals possess two variable characteristics, sampling
(i.e. the representation of time), and quantisation (i.e. the measure of amplitude) [30§].
The sample rate of a signal is the number of measurements that are taken per second,
which defines the bandwidth of the system [390]. The bit rate determines the size of the
variable used to store a given amplitude measurement, and as such, the range of values
that can be represented [273] (Fig [2.1), which in turn affects dynamic range and the

signal to noise ratio [308].

13
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Bit Rate Range SNR
8 [-128. +127] 48 16 dB
16 [-32,768, +32,767] 96.33dB
24 [-8,388,608, +8,388 607] 144 49 dB
32 [-2,147 483,648, +2 147 483 647] 19266 dB

Figure 2.1: The range of values represented, and the corresponding signal to noise ratio,

for common digital audio bit rates [273].

2.1.2 Feature Extraction: Temporal Domain

Feature extraction is the process of generating meaningful, compact representations of the
underlying patterns within a data set for use as predictors in a machine learning model
[180]. As data may be dimensionally vast, it is often necessary to transform the data
into a form that simultaneously reduces the number of features (i.e. the size of the data),
whilst still preserving the underlying patterns and information necessary to allow for
accurate discrimination [94]. As previously outlined in Section [1.3] digital audio stream
data exists in the temporal domain, and whilst this type of information can be useful for
generating features such as envelope [420), 333, 326, 304, B30T, 238], energy [334] 333, B301]
power [334] 333, 1390], norm [333], and root mean square (RMS) [390, 238, 304, [334],
it only provides an insight into the amplitude of a sound at a given point in time, and

saying nothing of the frequencies characteristics that give the sound its character [38][420].

2.1.3 Spectral Analysis of Audio Signals

In order to analysis the frequency components of an audio signal, it is necessary to ap-
ply an algorithm within the discrete Fourier transform family (FFT, STFT etc) [180,
331, B04], yielding a representation that describes the amplitude of frequency bands
1186, 390, 3311, [304] (Fig[2.2). The resolution of the transform is determined by the win-
dow length [390, B304 238], 18], which also affects the ability to discern between closely
spaced frequency components (Fig [390]. The Nyquist-Shannon theorem [298, 378]
states that for a frequency to be correctly described in the digital domain, the sample
rate must be twice as high as the frequency itself, otherwise the frequency may be mis-
construed, introducing alias frequencies and harmonic distortion [I75] (Fig , and as
such, the sample rate used will also affect the performance of spectral analysis. Dur-

ing analogue to digital conversion, a low-pass filter is applied to frequencies outside the
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chosen sample rate, but as an infinitely attenuating filter is impossible to realise, there

is a certain level of roll off after the sample rate [I75]; for this reason it is advisable to

oversample [273].

Figure 2.2: A spectrogram (frequency) view of three sounds; the x-axis is time, the y-axis
is frequency. The top sound is a dog, the middle is talking, and the bottom is a sheep

vocalisation. Note the similarity of activity in some frequency bands.
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Figure 2.3: Effect of window length on frequency resolution, and the ability to discern
closely spaced frequency components [390], where N = window length; note the improved

component separation and representation.
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Figure 2.4: Sampling, and the Nyquist-Shannon theorem. Figures a, b, and c illustrate
proper sampling. Figure d shows a frequency that is greater than half the sample rate

(i.e. the Nyquist frequency), which is not correctly sampled, causing aliasing [390].

2.1.4 Window Functions

Conversion to the frequency spectrum is not without its pitfalls, the most predominant
being spectral leakage inherent with applying an algorithm in the discrete Fourier trans-
form family [283]. Essentially, spectral leakage is when information is present in the
wrong frequency bins [165], and is caused by the nature of discretisation; by acquiring
a finite set of values for a signal, the signal becomes distorted [128]. Spectral leakage
cannot be eliminated entirely, but its effects can be minimised by using a window func-
tion before applying a discrete Fourier transform [347]. For a given interval, a window
function returns finite non-zero values inside, and zero values outside [327]. When se-
lecting a window function, there is always a trade-off between side lobe level reduction,
side lobe roll-off rate, and overall frequency resolution [I128] (Fig [2.5). Some common
windowing function include the Hamming [148], Hann / Hanning [34], Blackman-Harris
[152, 297], Dolph-Chebyshev [237], Kaiser-Bessel [192], Gaussian [128], Flat-top [15§],
and Nuttall [297]; each function has its own strengths and weaknesses (Fig (Fig
[414), 1327, [347), 152, 158, [152].
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Figure 2.5: Trade-off between side lobe level reduction, side lobe roll-off rate, and overall

frequency resolution [390].

| Hanni e
18 | 4 ng T
Kaiser Bassel ——
1.6~ | Gauss —_
L ——
14 F .
12F 1
10+
08+
06 -
04 F |
02
0 r— .
0.2 .
100 200 300 400 500 600
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no window function [128].
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Figure 2.7: DFTs of 6 common window functions [I128]. Note the difference in resolution

and side lobe behaviour.

2.1.5 Feature Extraction: Spectral Domain

Frequency components generally contain more useful information relevant to audio pat-
tern recognition [38, 420} B42], but as the output of a Fourier transform tends to be
dimensionally large [431], 463], there is a need to apply further feature extraction and
dimensionality reduction techniques [319, [127]. For this reason, an abundance of audio
feature extraction methods have been proposed in the literature [228, 431, 3T9] [127], each
with its own set of optimal applications. Some examples of frequency-based approaches
include mel-frequency (MEFCCE) [269, 287, [65], power-normalized (Power-Normalized
Cepstral Coefficient (PNCC)s) [200] 201], and gammatone frequency (Gammatone Fre-
quency Cepstral Coefficient (GECC))s) [379) [3] cepstral coefficients, zero crossing peak
amplitude (Zero Crossing Peak Amplitude (ZCPAI)) [47, 48], perceptual linear prediction
coefficients (Perceptual Linear Prediction Coefficient (PLP))s) [164, 163, [305], spectral
centroids [142], 219, B19], and those based on human auditory physiology and perception
[394]. Although spectral analysis is very useful in audio pattern recognition, it does suffer
from a lack of temporal localisation [38, 420, 342], and as such, there has been sufficient

interest in approaches that can incorporate information from both domains [301].
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2.1.6 The Discrete Wavelet Transform

The allows for the efficient computation of the amplitude of a signal that is simulta-
neously represented in both the time and frequency domains [301]. The most basic DWT]
the Haar DWT] was developed by Alrd Haar in 1909 [I47], but more recent developments
by Ingrid Daubechies, beginning in 1988 [79] [80], have seen a resurgence in wavelet-based
research. There are numerous algorithms, most notably the Haar [147] 244] [330],
Daubechies [79, 80], Dual-Tree Complex [242] 203, B376], Stationary [166, 122} [10], Har-
monic [291) 50], and Wavelet Packet Tree [47, O, 29] transform. have been suc-
cessfully applied to problems in a diverse array of fields, including signal compression
[454, 1195, 63, [336), [16], 34T, 434, [145], audio [2, [T, 38, 76, 326, 347, 338, 420, 211}, 295], image
[206, 204, 395, 266, [70, 82}, 62, 335, 417, 205, 330, B0, 177), EEG [335, 289, 456, 311, 81],
and MRI analysis [460, 461, 462], fault detection [166, 359 224] 332, 216], and database
approximate query processing [129] 130} [131],52]. Wavelets have also been combined with
frequency-based feature extraction techniques, such as wavelet-based [MEFCCk [, 2], and
Mel-scaled discrete wavelet coefficients (MFDWCs) [138] [109].

As an overview of how operate, a decomposes a discrete signal into two
sub-signals, or sub-bands, that are half the length of the original, one being a running
average or trend, commonly referred to as approximation coefficients, and the other being
a running difference or fluctuation [77], known as detail coefficients [434]. Approximation
sub-bands are produced by a low-pass filter, whereas detail sub-bands are determined by
a high-pass filter [301], together forming a quadrature mirror filter [I133, 267] (Fig [2.8).
The DWT] provides high time and low frequency resolution for high frequencies, with the
inverse being true for low frequencies, and in this way, it exhibits similar time-frequency
resolution to that of human hearing [420], which is a theoretically advantageous trait for

audio analysis.

X Hy —® Yo

H1 — Yi

Figure 2.8: Quadrature mirror filter bank [38], where x = input signal, H0 = low-pass

filter, H1= high-pass filter, y0 and y1 = output signals.
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can be performed at multiple decomposition levels by successively applying the
algorithm to the approximation coefficient sub-band calculated at each level, utilising a
cascading filter bank scheme (Fig [38], also known as Mallats algorithm [244] [397].
Each level will experience a down-sampling by 2, to produce sub-bands of half the length
of the previous level (Fig [454]: each level will also display a consecutively increasing
loss of energy [434]. Due to the nature of the [DWTI] there is dyadic restriction on
the length of the signal [301], 206, [326], with the number of decomposition levels also
constrained to a length defined by the number of taps (i.e. the signal at a given level
cannot be shorter than the number of taps) [434]. The output of a J-level will be
J+1 sub-bands, consisting of J-detail sub-bands, and a single approximation coefficient
sub-band, produced by the last level of the DWT] [434] [38] 179, 417].

X
I

v v

Level 0 HO , ~L2 H, , \112
|

v v d,

Level 1 H,, {2 H,, {2
I

|
v v d,
Level2 | Hy, {2 H, |2

a d>

Figure 2.9: Quadrature mirror filter bank [38], where x = input signal, H0O = low-pass

filter, H1= high-pass filter, y0 and y0 = output signals.
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Figure 2.10: Down-sampling, where X = original signal, LPF = low-pass filter, HPF =
high-pass filter, A = approximation coefficient sub-band, D = detail coefficient sub-band,
and N = length of signal.

2.1.7 Daubechies Discrete Wavelet Transforms (DDWT)

are a set of orthogonal wavelet transforms, each characterised by the number
of vanishing moments they possess, with more moments allowing for the representation
of complex functions using a sparser set of wavelet coefficients [79, B8, 354]. [DDWTI
algorithms are commonly referred to by either the number of taps they possess (e.g. D4
/ DAUB4 has 4 taps) [179, [326], or by the maximal number of vanishing moments (e.g.
db2 has 2 vanishing moments) [145], 338] - the naming schemes are used interchangeably
in the literature. The shares many similarities with the Haar (point in fact, the
Haar is a D2 / dbl [DDWT]) [I45], in that running averages and difference are computed
using scalar products with scaling signals and wavelets [434], but the difference lies in
how these scaling functions and wavelets are defined [145, B01]. Essentially, the DDWTk
use a progressively increasing number of values from the signal, producing wavelets and
scaling functions with longer supports, which in turn provide a substantial improvement
to its capabilities [434]; (Fig[2.11] [2.12] [2.13] [2.14)) show an example of a D4 [434].
The scaling functions for the standard DDWT] algorithm are predefined, with the wavelet

coefficients being derived by reversing the order of the scaling values, and then reversing
the sign of every second value [38] 434]. Each successive algorithm in the [DDWT] family
(e.g. D2-D20) uses more taps, has more vanishing moments, and therefore incurs higher

computational overheads [38]. [DDWTk have become increasingly popular since their
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inception, and have been successfully applied to a variety of applications and problems
[420, [76, 145, 301, 11, 1300, [63], 326}, 179, 1434, [417], 205, [38].

1+ 3 3+3 3—3 1-+3
) =—, Qg=—717, Q3= —7—, Oy=—/—.
RN W 42 42
Figure 2.11: D4 scaling function values (i.e. taps) [434].
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fi=—, o=, fy=L, = ——
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Figure 2.12: D4 wavelet function values (i.e. taps) [434]. Note the relationship with the

scaling values.

| 0 0 0 0
Vm — Q51\[27%—1 + a2V2m + a3V2fm+1 + a4V2m+2

Figure 2.13: D4 [DDWT] approximation coefficient formula [434].
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Figure 2.14: D4 [DDWT] detail coefficient formula [434].
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2.2 Machine Learning

2.2.1 Overview

Machine learning models describe the relationships between features present in a set
of data [302], attempting to map and understand the patterns that designate instances
into a particular class [94], or to predict a given value based on feature information
[382]. Supervised learning models achieve this by studying the sequences present in
a set of training data, then using this information to extrapolate to new instances
[180]. In classification tasks, the goal is to accurately classify new instances into one
or more predefined classes, based on the values of the feature vector [458]. There are
many examples of supervised learning classification models in the literature, but some
of the most notable and widely used families of algorithms include support vector ma-
chines (SVMk) [8, B9, 73, 430, B65], artificial neural networks (Artificial Neural Net-
work (ANN)s) [325, 353, 856, (156} (10, 443, 272, [172], hidden Markov models (Hidden
Markov Model (HMM)])s) [398, 20, 2], 22], 23], 24), 127, 361], and Gaussian mixture models
(Gaussian Mixture Model (GMM])s) [361) 254], 87, 127]. Each family of algorithms con-
tain many variations of the overall model, for example, [ANN| can have different neurons
(e.g. logistic sigmoid [75], hyperbolic tangent (tanh [27], radial basis function (Radial
Basis Function (RBE)) [172], rectifier [221], [135], softplus [95, 290], hard tanh [69]), ar-
chitectures (e.g. feed-forward [402, 280L 115], recurrent [360} 401], recursive [13, [268],
convolutional [403, 257, [66, 217], counter propagation [349, 157, 55l 253]), and learning
approaches (e.g. stochastic gradient descent [41], 40, 403], momentum-based gradient de-
scent [339, 293], Hessian optimisation [293] B3], particle swarms [265], 459, 261], and deep
learning [261], 27, 403|, [404]); as the optimal configuration is highly problem dependent
[309, (100, 194} (137, 334, (151], 324, 227, (154, 213, (168, 452, B99] a comprehensive review

of the research is absolutely necessary.

2.2.2 Feature Generation and Dimensionality Reduction

Not all recorded data values prove to be useful in explaining the associations necessary
for a model to classify new instances [180]. This is especially true when instances contain
a high number of attributes, as is commonly the case in bioinformatics data [422], and
acoustic signal processing applications [31, 235]. Most classification models do not per-
form well within a high dimensionality feature space [382], and even those that are better
able to cope with this problem, such as [149], still tend to perform better within a
reduced space [382]: this is known as the curse of dimensionality [94]. In order to reduce
the feature space, two non-exclusive approaches can be used, namely feature generation
[391], B1] and feature selection algorithms [26], 146, [181]. Depending on the structure of
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the data, it may be possible to condense the features into a more succinct form, for ex-
ample, the output produced by a[DDWTI[79] [80] can be generalised using measures such
as Shannon entropy (Fig[2.15]) [166] 359, 393, [179], mean value [420], energy [206, 300,
standard deviation [420], MFCCk [11, 2], B14) 310, 278, [387], and percentile thresholding
[T77, B8]. Specific algorithms for feature selection can be used, such as filter methods
(e.g. principal component analysis (PCA) [317, 1448 449, [169] [189], linear discriminant
analysis (LDA) [117, 259], independent component analysis (ICA) [161, 191, (71l [72]),
wrapper methods [208, 26], and weighting methods [37, 366l 232] [453]. The drawback
of these algorithms is that because of their high computational time, implementation
schemes require additional processes to be compatible with the restrictive environment

of real-time applications.
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Figure 2.15: Shannon entropy [359].

2.2.3 Data Normalisation

Before data can be provided to the machine learning algorithm, it is often necessary to
normalize or scale the data. Data normalisation can be used to standardise the data set,
reducing the significance of outliers, using such techniques as logarithmic transformation
[382], z-scores [210], or zero-mean normalisation [382]. Various scaling approaches, such
as autoscaling [I78], range [388], pareto [102], and vast [197] scaling, may also be used
to accentuate or diminish the relevance of outliers, based on the statistical distribution
of the data [422]. Depending on the classifier used, it may be necessary to normalise the
data values to conform to a certain range of values, for example [0, +1] or [-1, +1], and
min-max normalisation (Fig can be used to fulfil this purpose [382]. This type of
normalisation is mandatory for some families of models, such as [ANNk [382], and has

been shown to improve the performance of others, particularly SVMk [377].
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, D(i) — min(D)
br= max(D) — min(D) ((U -+ L}

Figure 2.16: Min-max normalisation, where D = normalised data set, D = original data
set, min = the minimum value, max = the maximum value, U = upper normalisation

bound, and L = lower normalisation bound [382].

2.2.4 Testing

Once a model has been built, it must be tested to determine its accuracy and overall
performance, and the most reliable way to do this is to use data that was not present
in the training data [302]. The reason for this, is that if the same data is used to both
train and test a model, it will likely perform quite well, as the model has been fit to
the data, and no unknown instances are present to truly test its performance [I49]. To
combat this problem, it is common to either keep a separate set of testing data when
training, or to use a form of cross-validation [207], or bootstrapping [99]. There are nu-
merous approaches to cross-validation, such as percentage splitting [382], leave-one-out
cross-validation (acLOOCV) [149], and k-fold cross-validation [94]. The premise of each
scheme remains the same: use a portion of the data to train the model, another to test
it, and in the case of LOOCV and k-fold, repeat with a different subset of data, then
average the results of the calculated performance metrics [382]. Bootstrapping operates
in a similar fashion to cross-validation, except that subsets are formed through random
sampling with replacement [207]. In problems, care must be taken when using
cross-validation, as only one class is present in the training data, it is easy to create a
model that matches all instance, but it will most likely suffer from extremely high vari-

ance, and will perform poorly when encountering instances from the negative class [171].

2.2.5 Performance Metrics

Depending on the nature of the classification problem, it is common to look at numerous
metrics when ascertaining the fitness of a model, the most basic of which are true positive
(TPR), false positive (FPR), true negative (TNR), and false negative rates (FNR) [382];
this information can be captured by a confusion matrix (Fig [121]. Other perfor-
mance metrics can be calculated based on these rates, such as accuracy, precision, and
geometric mean [212]; Fig details the equations for all metrics presented. In tests of a

predictive nature, performance metrics designed for classification problems, such as those
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just outlined, are unsuitable for analysis. Metrics such as mean squared error (Mean
Squared Error (MSE])), and mean absolute error (Mean Absolute Error (MAEI))(Fig[2.19
measure the overall error produced by differences in prediction, and can be useful in as-
sessing a model’s fitness in prediction problems [I80]. The performance of a model will
change depending on the parameters chosen, and generally speaking, there is a trade-
off between different measures that relate to the bias-variance trade-off (e.g. TPR and
FPR), as model parameters are adjusted [I80]; this can be captured by a receiver oper-
ating characteristic (ROC) curve [139] (Fig[2.20). A ROC is a graphical representation
of the TPR / FPR trade-off, and can include multiple models, so as to allow direct com-
parison of these metrics between models with different settings [I49]. The importance of
each measure in determining the suitability of a model, and the balance required between

opposing metrics, is problem dependent [I80, B82]; there is no free lunch in statistics

[450].

Negative Positive

Negative a b

Positive C d

Figure 2.17: A confusion matrix [382]. Many performance metrics are derived from these

aggregate measures.
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b+d

Geometric mean 1 = \/TPR X P

Geometric mean 2 = \/TPR X TNR

Figure 2.18: Equations for TPR, FPR, TNR, FNR, accuracy, precision, gMeanl, and

gMean2 [382].

MSE = ((Cl _aljzj ((CZ_GZ)Z)"-((Cn—ﬂn)z)
n

la;—cq|+ |as—cy|++|ay—c,
MAE = ML
n

Figure 2.19: Equations for [MSE]l and [MAE] where a(i) = the actual value, c(i) = the

predicted value, and n = number of test instances [382].
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Figure 2.20: Receiver Operating Curve (ROC) [382], with the X-axis denoting FPR, and
the y-axis showing TPR. CO represents the results of random guessing, and therefore
defines the baseline for model comparison. The best model possible would exist in the
upper-left corner (i.e. TPR = 1 and FPR = 0). C1 and C2 are different parametric
models, with C2 performing better than C1. Note the trade-off between TPR and FPR

that exists for each model.

2.2.6 Novelty Detection

Novelty detection [32], also known as outlier detection [348], or concept learning [184], is
concerned with recognising new data instances that do not fit into one of the classes de-
fined in the training data (positive instances), and assigning them to a negative class [254].
Generally, the negative class is not present in the training data (positive-only), or is not
properly sampled, meaning its boundaries are defined by the positive class [409]. Novelty
detection approaches are used when a negative class is too broad or hard to define [199],
such as in audio detection (i.e. the negative class is every other sound) [296], 262], [182],
or when it would be prohibitively expensive to represent the negative class, such as in
machine malfunction detection [I85]. Other examples of novelty detection include radar
target detection [48] [61], hand written digit recognition [407, 223, 231} [409], fault de-
tection [77, [78), 202 375], document classification [248], 249, 59], and credit card fraud
transaction identification [1T1], 87, [198].
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2.2.7 One-Class Classification

When the positive class is singular, and the classifier algorithm only uses examples of
this class during training, the problem is said to be a one-class classification problem
[284] 1406, [410]. alms to create a decision boundary that simultaneously accepts as
many of the positive (or target) class instances as possible, whilst minimising the chance
of accepting negative instances [I99]. This is a challenging problem, as only one side
of the decision boundary can be defined, and it is difficult to know which features will
produce the optimal separation [199]; for this reason, problems generally require
more training data than multi-class problems [406]. Many [OCC| approaches have been
proposed in the literature, particularly SVMtbased algorithms, such as the by
Tax and Duin [408|, 411], the methods outlined by Scholkopf et al [371], the One-Class
(One-Class Support Vector Machine (OSVM])) [249, 410], Support Vector Mapping
Convergence (Support Vector Mapping Convergence (SYMC])) [457], and Positive Sample
Only Learning (Positive Sample Only Learning (PSoll)) [440] algorithms. Other tech-
niques have been explored, such as Artificial Neural Networks (ANNE) [247,249], modified
C4.5 decision trees [340, 85, 227], hidden Markov models [266, 464], and Bayesian net-
works [323].

2.2.8 Support Vector Machines

The use of support vectors in machine learning were first introduced by Vapnik and
Lerner in 1963 [429], and further defined in 1964 [427], sparking great interest in the
research community. The basic model was improved by numerous developments, such as
the introduction of large margin hyperplanes [74], 93], slack variables [389] 28] [73], and
kernels [8, 328, 433], until a version close to the current form was introduced in 1992 [39).
The standard soft margin was proposed by Cortes and Vapnik in 1995 [73], and
extended by Vapnik the same year [430]. Few major improvements have been made to
the model since then, but some notable developments include the first rigorous statistical
bound on the generalisation of hard margin [T, B80], as well as statistical bounds

on the generalisation of soft margin algorithms [381].

As an overview, [SVMk operate by creating a separating hyperplane, a decision boundary
that attempts to maximise the division between classes [I80] 382]. The position of the
hyperplane is defined by its margins, delineated by the closest instances to the bound-
ary: the support vectors [428] (Fig . For some training data, a perfectly separating
hyperplane may not exist, or if it does, it may overfit the data, leading to poor perfor-

mance on new, unknown instance [302]. For this reason, a slack variable (C) is present in
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SVME, allowing the width of the margins to be adjusted, thereby allowing some control
of the bias-variance trade-off of the model [180] (Fig . As many data sets will not
be linearly separable, kernels are incorporated to allow for non-linear decision boundaries
(Fig [2.23)), whilst reducing the higher computational complexity produced by enlarging
the feature space [302]. Kernels come in many forms, such as polynomial, sigmoidal,
and Gaussian [RBE [172] [2.24] have been shown to perform admirably when
empirically compared to other supervised learning methods [49, 277], as well as when
applied to real world problems, such as animal sound detection and species recognition
[T1], [108], freeway incident detection [60], object recognition [276, 306} 35, 45] B52)], text
recognition and categorisation [I88] [I87, 223, [96 ©92], and bioinformatics applications
[89), 126, 173, 174 [316], 465].

Figure 2.21: An example of a linear SVM] with each colour representing a different class
present in the data. Note the linear hyperplane, and the position of the margins based

on the nearest instances (support vectors) [180].
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Figure 2.22: An[SVM]| with different values for C. The largest value of C is in the top left
panel, with descending values from the top right, bottom left, to bottom right. Note the

difference in margin width and the number of allowed violations [180].
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Figure 2.23: Non-linear decision boundaries, formed by an [SVM| The left panel shows a
polynomial kernel of degree 3, the right shows an [RBF] kernel; both are using the same

data [180].

Kxixi)=(1 + Zi?:l x:’jxifj)d

where d is a positive integer (i.e. polynomial of degree d).

K(x;X;1) = tanh K(X; Xj + C)

where K > 0, ¢ < 0.

K(x;X;7) = exp(—y Z?=1(xij - xi"j)z)

where y is a positive integer.

Figure 2.24: Standard [SVM] kernels [T71]. The top equation is polynomial ; the middle
is sigmoidal, and the bottom is [RBEL
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2.2.9 Support Vector Data Description
To achieve greater accuracy and efficiency using SV Mk to solve problems of an [OCC]

nature, various approaches to further redefine a non-linear decision boundary have been
suggested in the literature [411], B71) 457, 248, 41T, [408]. The [408, 411], an
extension of the work in [367], aims to create a spherical decision boundary with minimal
volume (or radius) around instances of the target class, encapsulating the class in the
feature space [40§] (Fig. Other methods tend to use a probability density estimation
approach, whereby the distribution of the target class is extrapolated from the training
data [371]. As the distribution of many data sets will not be perfectly spherical in nature,
kernels can be incorporated into the algorithm, allowing for a less rigid hypersphere, and
therefore improving accuracy and flexibility [408]. As highlighted by various authors
[51), 54], optimisation can be an issue for SVDDE, leading to Chang and Lin, authors
of the LIBSVM library [55], treating it as a convex optimisation problem [56].
has been shown to perform well under experimental conditions, producing commensurate
results to other methods for [OCC] problems [411]. has been successfully applied to
a wide range of real world problems, such as the detection of pig wasting diseases
[65], and cow oestrus [64], via acoustic analysis, face recognition [226], pattern denoising
[312], and anomaly detection [15].

Figure 2.25: An example of an [SVDDI [411]. Note the tight spherical decision boundary

around the positive class instances.
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2.3 Precision Livestock Farming

2.3.1 Overview

The trend towards single species intensive farming [336, [36, 1306, [346] [103], coupled with
the refinement of consumer preferences, both in terms of welfare and consumption [230,
279, 358, 1432], [446], 234], 287, 118, 119, 143, [418], has created a dilemma for the modern
farmer; there is less time to observe individual animals, yet there are more stringent
production targets for each animal [125]. Through the use of integrated systems, it
is possible to gain a much more detailed overview of important health and economic
indicators, leading to a more robust and efficient livestock enterprise [125], 441, 442, 30].
Such systems utilise sensors monitoring various biological processes, extraction of relevant
features, statistical models to define input meaning, and decision support systems to
provide feedback on traits and conditions of interest [6, 442, [7, 114} 392, 124] (Fig [2.26]).
[PLE] systems can employ sensors that discretise such inputs as image [271) 415] 190,
423, 251, 258, 370, 445], 4441, 91], sound [451, 396, 167, B350, 123, 421, 112, 105, 64, 65,
282], [14], 107, [106, 243, 255, 134 320}, 252}, 424], 426, 425], [58, 183, 144, 225, 120], odour
1321, [383] 322, 299 00, 46], temperature [6, 4, 215, B18, 196, 132, 170, 240], weight
[419, 25, 113, 218], or magnetic resonance (MRI) [18, 19, 372, 209, 67, (68, 274, [405] 246].
Sensors have been used to monitor many different biological processes and production
traits, including weight [419, 25|, 368, [369], 2711, 113], 218, [445], 120], oestrus [101] 83, 64,
239, 225], conformation [270, [423], 18| 116], 140, 141], disease [303], 240, 292 &3], 282,
112, [65], 58, 14241 1426, [425, 183, 144, 239], movement [170} 256] BI8], 357, 150], and other
physiological factors [170, 196, 132, 252]. [PLE] should be viewed as an augmentation of
the knowledge and experience of producers, rather than a replacement [30] 124 [125],

providing reliable, up-to-date, quantifiable measures of characteristics and states [441].



CHAPTER 2. LITERATURE REVIEW 35

INPUTS: OUTPUTS:
Environment —light, heat, BIOLOGICAL _| Behaviour
ventilation ' PROCESS ”| Physiology
Nutrition Growth
DATA-BASED
— | MODELLING [e=—
TECHNIQUES
PROCESS
MODEL SENSOR
MODEL PREDICTIVE ¢

CONTROLLER

t

TARGETS

Figure 2.26: An overview of an integrated [PLE] system [5, [7].

2.3.2 Acoustic Monitoring

The monitoring and analysis of livestock vocalisations has been an area of extensive
research [451), 396, 167, B350, [123], 421, 112, 105, 64, 65, 282, 14, 107, 106l 243 134,
320, 252, [424], 426, [425], 58, [183] 144]. Acoustic monitoring provides an accurate and
non-invasive way to measure biological responses, and by extension, welfare states, of
livestock [125, 107, B0]. By continuously monitoring acoustic activity in real-time, [PLF]
systems can detect sounds of interest as they occur, with modern systems generally us-
ing acoustic feature extraction techniques which feed into machine learning classification
models [58, 282] 65], [64), T07]. The use of machine learning and data mining techniques has
become quite common in agricultural applications [313], 343, 344], 260], 160, 250, 285], 286],
and they are pivotal in creating a reliable automated surveillance system. By training
components to detect different sounds, meaningful decisions can be made by the system,
such as determining if livestock are suffering from a certain disease [350), 421], 112} [65].
In the livestock production field, acoustic detection research to date has mainly focused
on pigs, chickens, and to a lesser extent, cows [30]; there is a distinct lack of sheep-based
applications. It must also be noted that the vast majority of research has focused on
indoor applications, whereas the target deployment for the system created for this thesis

is outdoor: each domain has its challenges and considerations.
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2.3.3 Pigs

There are numerous examples in the literature of applications involving the detection and
diagnosis of respiratory infections in pigs [58, 282, [65], 425, [112], 106, 107, 350, 421, 183,
144], as not only are they both a major welfare and economic issue [65], [112], but the
acoustic properties of pig coughs have been shown to contain information pertaining to
emotional state [451) 167, 252] and the cause of the cough [350, 421], 112, [65]. Research has
focused on detection and classification of coughs in an offline capacity [112] 58] 144 183,
425), in real-time [65], 282] 106}, [107], using [DSP] approaches [106, 107, 112} 183, 144, [425],
utilising machine learning models (e.g. [ANNk) [58, 282] [65], incorporating localisation
algorithms [106], and using speech-recognition approaches, such as [MECCk and
[65]. Although there has been ample progress in this field, a demonstrable commercial
system has yet to be developed, further illustrating the point raised by [107, [125] [441],
that [PLE] has suffered from a disparity between research and producer amelioration; it

can be hard to make the leap from the lab to the farm.

2.3.4 Chickens

Acoustic analysis in chicken production has been an active area of study, and can be
loosely grouped into incubation / embryonic monitoring, and vocalisation monitoring
[30]. In chicken production, eggs are hatched in incubators, but a large variation in
hatching time is often observed, which can lead to poor health outcomes for early hatch-
ers [416]. To solve this problem, a system was developed by [14] which could detect the
sound of a chick pipping (i.e. breaking the shell), thereby providing feedback on hatching
rates and progression. The authors of [105] developed a system to analyse chicken embryo
sounds in real-time, allowing a producer to more accurately monitor different incubation
stages without disturbing the process. The importance of chicken vocalisations has been
well established [396] 44], 43, [84], and numerous studies have looked at detecting and
quantifying vocalisations to categorise chicken vocalisations as an indicator of welfare
and development [255] 243 134], 320, 120].

2.3.5 Sheep

Although very little research appears to have been conducted into the development of a
system capable of detecting sheep vocalisations or activity, considerable effort has been
applied to quantify and understand vocalisations [435, 436}, [439] 438, 437, 98|, 294, 329,
373, 374, 363, 364, 07, 412, 229 [162]. The majority of research has focused on the
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vocalisations between mothers and lambs [435, 430 [439] 438, 437, 98, 162], and this
communication has been shown to be important in the establishment of the mother-
young bond [294] 329, 374], 363, 364]. Furthermore, it has been shown that ewes will emit
both high and low frequency bleats in response to their lambs, both of which have been
quantified [364], 412, 229 O7] (Fig (Fig[2.28). As it has been shown that there is a
distinct pattern to various sheep vocalisations [373], 374] 364, 229], their detection by an
automated, real-time system is plausible. Some work has been done to develop a predator
detection system based on sheep responses [233], but acoustic activity detection and
interpretation has yet to be explored in this area. As mismothering has been shown to be
the leading cause of lamb losses (both a welfare and economic concern) [400}, 153}, 315 [104],
automated detection of ewe-lamb vocal activity would be beneficial to both researchers
and producers, as not only would it facilitate further study in the field, it may also lead
to the ability to select for mothering aptitude, and could help mitigate losses due to early

intervention of separated lambs.
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Figure 2.27: Spectral and temporal analysis of a lamb call [373].
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Figure 2.28: The two distinct vocalisations of a calling ewe [364]. The left side of the
image shows the high-pitch call, whereas the right shows the low-pitch call.

2.4 Conclusion

After surveying the literature, it appears highly likely that the creation of a real-time
system capable of detecting sheep vocalisations is possible. As has been shown, similar
systems have been developed to address other [PLE| problems, and sheep vocalisations
appear to have a distinct signature, which would theoretically allow them to be detected.
Real-time audio detection systems contain numerous components, all working in concert,
so attention must paid to the selection of each aspect of the signal chain. [DWTk provide
a novel approach to audio analysis, due to incorporating information from both the
temporal and spectral domains. A window function will be applied, to assert whether
this can improve [DWT] performance. As low computation times are key to a successful
real-time system, simple statistical measures will be tested, providing features for the
machine learning model. As the problem of sheep vocalisation detection has been defined
as an[OCC problem, an[SVDD|model will be trialled for classification. Section [3]describes
the methods used to implement a system such as the one outlined, and the experiments

used to test its performance.
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Methods

3.1 Objectives

The primary objective of this thesis is to ascertain whether it is possible to detect sheep
vocalisations in real-time. Within this scope, the viability of in audio analysis,
low-computational statistical features, and for [QCC], will also be explored. This
will be achieved through a number of experiments that test the accuracy and performance

of the real-time vocalisation detection system, as outlined in Section [3.6]

3.2 System Overview

3.2.1 Overview

The system developed has two distinct states, creating the model, and real-time operation,
as illustrated in (Fig and (Fig respectively. Although these operations are
performed separately, there are many functions which are used by both, and through
the use of object oriented programming (OOP), many class functions are reused; code
re-usability and low redundancy were key motivators during development. The flexible
nature of class-based functions also facilitates the rapid comparison of variations in the
signal chain, such as component order, and modification of individual parameters (e.g.

[DWTI decomposition level, feature types, window padding schemes, etc).

39
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Read WAVE files
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SVDD training

J
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Figure 3.1: An overview of the model training and creation portion of the software.

Save training data

40
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Load model
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Min-Max normalisation

!l
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Match threshold | —=>Reject
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Figure 3.2: Overview of the real-time portion of the software. Note the similarity in some
components as compared to (Fig [3.1]).
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The software has been written in the C++ programming language, and the only third-
party dependency is the libSVM library [53], which handles the actual calculations re-
quired to create the SVDDI model. (Fig shows the classes used to build the system,

and their interactions; the full code for this software is shown in Appendix 2.

[ _Agoritm ] - ProcessWav | | CaptureAudio |

processFiles openFile initAudio
optimiseModel write 16Bit getAudio
buildModel _ > closeAudio
loadLastModel |~ hanmningWin getBufferSize
testModel ate 9 getOverlapSize
realTimeTest < :
processData normanize
l =
| SviModel | minMax i
inMax\V/ d8DWT
optimiseModel writeSVMData iy _ax €c
testThread readSVMData getMin
kernelName writeLastModel geﬂw.a\x
printParaminfo readLastModel setMin
gefTestNames setMax
getNode zScore
crossValidation - sEntropy
svm_predict leEntropy
defaultParams .
etParams svm_train absMean
g svm_load_model stdDev
svm_save_model coefVar
svm_cross_validation zeroPad
Legend: constPad
Public function symPad
Private function perPad

Figure 3.3: Class diagram for the sheep vocalisation detection system. Note that the
SVM class is from the libSVM library, and only used functions are listed, for the sake of
brevity.

3.2.2 Overview of the Training Mode

The training mode portion of the software starts by reading the training data, audio files in
WAVE format, and normalising them, in terms of amplitude. The files are then extended
in length to meet the dyadic restriction of the[DWT] padded, a window function is applied,
and this data is then transformed by the DDWTI] Statistical features are extracted from
the coefficient sub-bands produced by the [DDWT] forming a data instance, which is
aggregated with the whole training data set. The data set is normalised to ensure that

all values comply with a minimum and maximum range (e.g. [0, +1], [-1, 1]) [382]. The
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training data can now be used to create an model, using an optimisation routine
in order to select appropriate parameters. Once a suitable model has been found, it is
saved for use in the real-time system. The training mode algorithm can be summarised
by the pseudo-code presented in (Fig [3.4).

Run findWav_sh to get training data file names.
While there are more audio files, continue processing:
For each audio file:
Normalise amplitude.
Apply window padding.
Apply window function.
Perform DDWT, with a predefined type and decomposition level.
Extract statistical features for each DDWT coefficient sub-band.
9. When all files are processed:
10. Perform min-max normalisation on training data.
11 Save training data to file, in libSWM format.
12. Optimise SVDD parameters.
13. Train SVDD with training data.
14. Save SVDD model to file, in libSVIM format.

el b E=nl S Fal el

Figure 3.4: Pseudo-code for the training mode algorithm.

3.2.3 Overview of the Real-Time Mode

The real-time system commences by interfacing with the audio device, and obtaining a
window of incoming audio data. A noise gate [175] is used to test if the captured window
contains acoustic activity loud enough to be of interest. If the window passes the gate, it
goes through the same process as the training data file (i.e. normalisation, window exten-
sion, padding, window function, DDWT] feature extraction, min-max normalisation). As
the data is now in the correct form, it can be tested for a match using the created
in the training mode. If a sufficient amount of consecutive matches are recorded to pass
the matching threshold, an alert is sent to indicate that sheep vocalisation activity has

occurred. The real-time algorithm can be summarised by the pseudo-code presented in

(Fig[3.5).
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Initiate hardware device.

Get audio input, with a buffer length of (window length / overlap).

When window is full with incoming audio data:

Loop:

Mormalise amplitude

Apply window padding

Apply window function

2l el =l el ol ol il o

Perform DDWT, with a predefined type and decompaosition level.

Extract statistical features for each DWT coefficient sub-band.

Min-max data, with values defined by training data.

11.

Test for match using SVDD

12.

If a match occurs:

13.

Increment match count

14.

If match threshold is reached:

15.

Send alert of detection, with date and time

16.

Else:

17.

et new data, and go to start of loop.

18.

Else:

19.

(zet new data, and go to start of loop.

Figure 3.5: Pseudo-code for the real-time algorithm.

3.3 System Components in Detail
3.3.1 Read WAVE Files

This component is used to read the audio data contained within WAVE files, by accessing
the data block of the file header (Fig ; 8, 16, and 32-bit quality files are supported.

The data contained in the files is in time-amplitude format, at a resolution defined by

44

the sample rate. The files read will be either training or testing data for the system (see

Section 4.1 Training and Testing Data).
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The Canonical WAVE file format

) File offset Field Size
field name
AN rhytes) {bytes)

i " " .
big chunkiD 4 The "RIFF" chunk descriptor
) 4
little . Chunk3ize 4 The Format of concern here is
big Eonnat a4 "WANE", which requires two

) 12 sub-chunks: "fmt * and "data"
iy Subchunk1 ID 4 il

16
little Subchunkl1 Size 4

20
little AudioFormat 2
] 2z The "fmt " sub-chunk
little Hum Channels 2

24 ,
little SampleRate a4 describes lthe formlat O.f
] 28 the sound infarmation in
little -0 ByteRate 4 the data sub-chunk
little BlockAlign 2
) 34
little BitsPerSample 2 J

36
big SubchunkzID 4 !

) 40 The "data” sub-chunk
little Subchunk2Size 4
44 . .
z Indicates the size of the
little w sound infarmation and
data % contains the raw sound
ﬁ data
3 A
o

Figure 3.6: The header of a WAVE file [362]. Each piece of information is read a block

at a time, with the last block containing the actual audio data.

3.3.2 Awudio Normalisation

As each audio file or window of incoming data may contain sounds of vastly different
amplitudes, it is necessary to normalise this data to allow for consistency between data
instances. This ensures that all training and testing data is consistent in amplitude, whilst
still preserving the original dynamics; this aids in reducing the influence that disparate
levels may have on feature extraction measures, and in turn, machine learning accuracy.
In this system, peak normalisation [220] was used, which involves adding a constant rate
of amplitude to each data point, based on the difference between the waveform peak and
the highest value supported by the bit rate (Fig (Fig[3.§).
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max value — peak
vy (1 )
peak

Figure 3.7: Normalisation equation, where Y = the current data point, peak = the highest

data point, and max value = the highest value the variable can hold.

Figure 3.8: Peak normalisation. Each point of the sound is increased by a set rate, based
on the distance between the highest data point, and the highest value supported by the
bit rate.

3.3.3 Window Padding

As there is an inherent dyadic restriction for DWT] window lengths, it may be necessary
to extend the length of the original data by employing a window padding technique.
The software supports zero [186, B47], periodic [I70], and symmetric [38] padding (Fig
. Through testing, it was found that periodic padding performed well for the current

application.
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Original data window
1 2] 3|a|l5]e6] 78] 9]10]

Extended data window
1 2] 3|al5s5|e6| 7|89t 2]2]2]72]72/|

Zero padding
1 2] 3|45 |6]7]8]9]1] 0] 0] o] o] o]

Symmetric padding
1 2] 3|45 |6]|7]|8]9]1]1] 9| 8| 7| 6|

Periodic padding
1 2] 3|45 |6]|7]|8]9]10] 1] 2] 3] 4] 5|

Figure 3.9: An example of the different window padding strategies available in the system;
periodic padding is currently being used. In the example, the original window is extended
by 5 data points, and each padding type uses a different method for populating these

points.

3.3.4 Window Functions

As window functions are widely used in spectral analysis, it was hypothesised that they
may be useful in improving the performance of DWTtbased feature extraction methods.
A Hann window function is used in the system, as this has been suggested as a balanced
function [347, 128§].

3.3.5 DDWT

The class supports [db2, db8] type [DDWTk, at a decomposition level passed
to the function; the code was developed from examples provided by [193]. The DDWT]
produces a number of coefficient sub-bands, namely detail sub-bands equal to the decom-
position level, and one approximation sub-band. The first prototype of the system used
a db4 [DDWT] with 3 decomposition levels, but it was found through testing that a db8
with 4 decomposition levels was necessary to facilitate accurate detection.

3.3.6 Feature Extraction

The feature extraction component is responsible for deriving statistical measures from
the coefficient sub-bands in order to reduce their dimensionality. The software
includes functions for Shannon entropy (Fig[2.15)), mean, and standard deviation. Each of
the selected measures is calculated for each sub-band, which are then assembled to form
the data instance (Fig Through testing, it was found that a feature set comprised of
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Shannon entropy, mean, and standard deviation was sufficient to allow for discrimination
by the model. Using a with 4 decomposition levels, the feature set has
a dimensionality of 15, as compared to the unprocessed [DDWT] data that possessed a
dimensionality in the 100,000s.

ion Sub-Band Detail Sub-Band Level 1 Detail Sub-Band Level 2 Detail Sub-Band Level 3 Detail Sub-Band Level 4
Sh.Entropy | Mean | std sh.Entropy | Mean |  std | sh.Entropy| Mean |  std | Sh.Entiopy| Mean |  Std | sh.Entropy| Mean | s
0.0149558 | 0.0252505 | 0.0782444 | 0.00059438 | 0.0205444 | 0.0218168 |0.000148544 | 0.00392407 | 0.0101035 |0.000685103| 0.0106714 | 0.0203234 | 0.0004462 | 0.0063589 | 0.0179495

Figure 3.10:

3.3.7 Min-Max Normalisation

It has been demonstrated that the performance of SVMlbased models can be improved
through data normalisation (Section , and as such, a min-max normalisation func-
tion has been included in the system. The training data set is passed to the function in its
entirety, and once the minimum and maximum values in the set have been ascertained,
each value is normalised so that it complies to the range imposed (e.g. [0, +1], [-1, +1]).
For example, if a range of [0, 1] was used, all data values would be normalised to take on
values within this range, with the lowest recorded value being 0, and the highest being 1;
(Fig demonstrates how this is achieved mathematically. The un-normalised mini-
mum and maximum values are recorded during processing, to ensure that new instances,
such as test data, can be normalised effectively, as these values are based on the training

data as a whole; issues pertaining to data normalisation are discussed further in (Section
5.5.1)).

3.3.8 Save Training Data

To facilitate faster model creation and testing, the ability to save training data in libSVM
format (Fig7 has been included. This means that when adjusting model parameters
and creating new models, training data only has to be processed once, rather than every
time a new model is created. This feature also allowed for the timely comparison of other
changes to the signal chain (e.g. decomposition level), as training data files could

be easily accessed without system modification.
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| Format: |<index1>:<value1> |<index2:}:=:va|ue2:}| _______ | = 1==7= |
where:
index = feature position in data set,
value = the recorded value for the feature,
MNaote that all instances must end with -1.
Only non-zero values are recorded.
Sample Data
Instance | Label | Feature 1 |Feature 2|Feature 3 | Feature 4
A 1 0.2 0.4 06 0.8
B 1 0 0.1 0.2 0.3
C 1 0.3 0.6 0.9 0
libSVM Format
Instance |1st Value |2nd Value | 3rd Value |4th Value | 5th Value
A 1:02 2:04 3:06 4:08 -1:7?
B 2:01 3:02 4:03 -1:7
C 1:0.3 2:06 3:09 -1:7

49

Figure 3.11: An example of training data in libSVM format [53]. A data instance is

described using index-value pairs, for non-zero values only. All instance must be ended

with a -1 index value.

3.3.9 SVDD Optimisation

Overview

The optimisation routine has a number of stages (Fig , each designed to

reduce the number of potential models based on certain criteria, thereby selecting ap-

propriate model parameters for the current problem. This approach greatly reduced the

time necessary to produce an acceptable model as compared to manually adjusting model

parameters.
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4
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Figure 3.12: Optimisation routine for the [SVDD| model. Each major step in the routine,

outlined in blue, filters the number of possible models into a smaller subset.

Step 1: Cross-Validation

Step 1 of the optimisation process involves preparing the 1ibSVM environment, then
performing 10-fold cross-validation on each combination of kernel, and its associated
parameters; (Fig|3.13) illustrates the parameters used for each kernel. Essentially, a grid

search algorithm [I71] is used to incrementally change each parameter, within a predefined
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range (Fig , testing each possible combination. As this is an [OCC] problem, a cross-
validation threshold, rather than performance metrics (e.g. TPR, FPR, etc), was used
to determine which models should continue to the next stage: 80% was found to be
a sufficient threshold. In order to reduce runtime, threading was used to allow each
parameter combination to be tested on its own thread; the performance of this approach
is discussed in (Section [5.5.5). It was found that the kernel was almost exclusively
selected as the best kernel type, reiterating the conclusions of [I71] 430}, 230]; the [RBF]
kernel was used in the final model. The pseudo-code displayed in (Fig summarises

the process of step 1 of the optimisation function.

Kernel type: Linear RBF Sigmoid Polynomial
Parameters: C-value C-value C-value C-value
Gamma Gamma Gamma
Coef( Coef0
Degree

Figure 3.13: The parameters associated with each kernel type.

C-value Gamma Coef( Degree
Implemenation: 2K 2K X X
Increment value: 0.125 0.125 1 1
Start value: -10 -15 0 1
End value: 0 5 1 10

Figure 3.14: An overview of the implementation of kernel parameter adjustment, where
X = the value to be incremented. Each parameter has its own form, range, and increment

value.
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1. Create a libSVYM problem, using the training data already created.

2. Create a libSVM parameter model.

3. Set model type to SVDD.

4 Set cache size to 500

o Set epsilon to 0.001.

6. Disable shrinking heuristics.

T Disable probability estimation.

8. For each kernel type, test each combination of parameters:

9. If kernel is linear:

10. Adjust C-value, using 2"X (X incremented by 0.125_ range [-10, 0] ).
11, Create thread, and perform 10-fold cross-validation.

12. If result is == cross-validation threshold:

13 Save parameters.

14 Else if kernel is RBF:

15, Adjust C-value, using 2*X (X incremented by 0.125, range [-10, 0] ).
16. Adjust gamma, using 2"X (X incremented by 0.125, range [-15, +5] ).
17. Create thread, and perform 10-fold cross-validation.

18. If result is == cross-validation threshold:

19. Save parameters.

20. Else if kernel is sigmoid:

21 Adjust C-value, using 2"X (X incremented by 0.125, range [-10, 0] ).
22 Adjust gamma, using 2"X (X incremented by 0.125, range [-15, +5] ).
23 Adjust coefl {increment by 1, range [0, 1] ).

24 Create thread, and perform 10-fold cross-validation.

25 If result is == cross-validation threshold:

26. Save parameters.

27 Else if kernel is polynomial:

28. Adjust C-value, using 2*X (X incremented by 0.125, range [-10, 0] ).
29. Adjust gamma, using 2*X (X incremented by 0.125, range [-15, +5] ).
30. Adjust coefl (increment by 1, range [0, 1]).

31. Adjust degree (increment by 1, range [1, 10] ).

32 Create thread, and perform 10-fold cross-validation.

33 If result is == cross-validation threshold:

34 Save parameters.

J9.  Once all combinations have been exhausted, wait for threads to complete.
36.  Continue to step 2 of the optimisation process.

Figure 3.15: Pseudo-code for Step 1: Cross-Validation, of the[SVDDloptimisation routine.

Step 2: Offline Testing
Step 2 of the optimisation process tests all the models obtained from step 1 using real

test data (Fig. Tests are performed in an offline capacity, in that test data instances
are read from file, rather than being captured in real-time; the test data used is shown in
(Fig 4.15). As can be seen, a higher percentage of negative class instances, as compared
to positive, are used in this step, as step 1 only included instances of the positive class,
due to the nature of the problem. The instances of the positive class are not present
in the training data, so as to provide a more accurate test of the models performance (see
Section . For each model, performance metrics are calculated based on the results
of the test, and these include TPR, FPR, TNR, FNR, accuracy, precision, gMeanl, and
gMean2 (Fig .Threading was also used in this step of the optimisation process, again,
in an effort to reduce runtime duration. Once all potential models have been tested, those

that pass an initial performance threshold are saved, for use in step 3. The performance
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threshold in this step helps to quickly narrow down the models of interest, and in the
final implementation, a combination of gMeanl (threshold of 90%) and FPR (threshold
of 5%) were used, as these were found to emphasize the desired traits of the system (e.g.

low false-positives, and high overall accuracy); pseudo-code for this step is presented in

(Fig [3.17).

Sound Type Quantity | Bit Rate |Sample Rate Class
Sheep vocalisation 10 16-bit 44 1 kHz Positive
Dog barking ] 16-bit 44 1 kHz Negative
Gun shot 5 16-bit 44 1 kHz Negative
Music 4] 16-bit 44 1 kHz Negative
MNoise / static 5 16-bit 44 1 kHz Negative
Rain ] 16-bit 44 1 kHz Negative
Talking 5 16-bit 44 1 kHz Negative
Thunder ] 16-bit 44 1 kHz Negative
Tractor ] 16-bit 44 1 kHz Negative

Total: a0
Postive: 20%
Negative:  80%

Figure 3.16: The composition of the test data set used for step 2 of the[SVDDloptimisation

process. Note the higher percentage of negative class instances, as compared to positive.

See (Section [3.4] for more information about the test data).

1.  For each model saved in Step 1:

2. Create new thread.

3. Run offline test, using test data set.
4 Based on class labels:

5. Calculate TPR.

6. Calculate FPR.

i Calculate TNR.

8. Calculate FNR.

9. Calculate accuracy.

10. Calculate precision.

11. Calculate gmean1.

12. Calculate gmean2.

13. If gMean1 == threshold (90%) and FPR == threshold {5%):
14 Save model.

Figure 3.17: Pseudo-code for Step 2: Offline Testing, of the [SVDDI optimisation routine.
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Step 3: Select Top Model

Step 3 of the optimisation process ranks the set of potential models produced by step 2,
based on a 3-tiered system of performance metrics. Essentially, each model is iteratively
compared to the current top rated model, one metric at a time, and if it is found to
surpass the top model, it replaces it. Once model comparison is complete, the parameters
of the top model are selected for use in the subsequent model. The selection
of performance metrics, and the order in which they appear, can produce significantly
different models, and some testing was required to find a suitable set of metrics for the
given problem. As in step 2, the metrics were chosen to accentuate the desired traits
of the system, in particular, emphasis on a low rate of false positives, as it was deemed
more important to be sure of vocalisation activity, rather than producing numerous false
alerts. In the final system, the first metric used was precision, followed by TPR, and
finally, gmean2; pseudo-code for step 3 is presented in (Fig .

1. Ifthis is the first model

2. Set as top model.

3. Else:

4 Compare the precision of the current model, to the top model.
5. If precision is == the top model:

6. Compare the TPR of the current model, to the top model.
7. If TPR is == the top model:

8. Compare the gMean?2 of the current model, to the fop model.
9. If gMean2 is = the top model:

10. Set current model as the new top model.

11. Else:

12. Move onto the next model in the set.

13. Else:

14. Move onto the next model in the set.

15.  Ifthe end of the set is reach:

16. End.

Figure 3.18: Pseudo-code for Step 3: Select Top Model, of the [SVDDI optimisation

process.

3.3.10 SVDD Training
The parameters discovered using the optimisation component are set for the SVDDI] and

it is trained using the training data prepared by previous components. Through testing
during development, it was found that an SVDDI model using an [RBE kernel, with a
C-value of 0.5, and a gamma value of 0.25, was found to be sufficient to conduct further

testing in order to meet the objectives of the system.
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3.3.11 Interface with Audio Device

To access incoming real-time audio data, the software must interface with the drivers used
by the audio device in the system. The specific drivers used will be dependent on the
audio device selected for the system, but in the current deployment, ALSA drivers were

used. Pseudo-code to explain the process of interfacing with ALSA drivers is provided in

(Fig B19).

Open audio device

Allocate hardware parameter structure

Initialise parameter structure with device capabilities
Set access mode (regular or mmap), and interleave
Set bit rate, endianess, and signed

Set sample rate

Set number of channels (e.g. 1 = mono, 2 = stereo)
Set buffer size

Set period size

Apply hardware parameters to device

Prepare audio device faor use

= =l el =2l Sl ol o e

— | =&
= |

Figure 3.19: The necessary steps to setup and interface with the audio device, using
ALSA driver function calls.

3.3.12 Capture Window

Once access to the audio device has been enabled, incoming audio data can be obtained at
set window lengths, and the software does this by using an overlapping, or sliding, window
approach (Fig . The system uses an overlap of 10, which equates to 0.1 second of
new content per window; this is illustrated in (Fig . The premise for the use of a
relatively high rate of overlap was that this would enable the system to more precisely

capture a whole vocalisation sound, thereby facilitating more accurate matching.
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Data Stream System Input

it

10 9 8 7 6 5 4 3 2 1
Order of Window Capture

Figure 3.20: An example of an overlapping window strategy, with a window length of 1
second, and an overlap rate of 10. As the audio stream containing the sheep vocalisation
comes into the system, set windows of data are captured, each containing a large portion

of the last window.

3.3.13 Noise Gate

To reduce the amount of unnecessary computation, a noise gate [I75] is employed to test
whether a window of incoming data contains any components that are of a significantly
high enough amplitude to be of interest. This is done by testing whether or not a
window contains three consecutive data points that have an absolute value greater than
or equal to the predefined threshold (Fig|3.21]). The reason that three points must pass
the threshold is to reduce the effect of transient peaks or system interference that may
cause an otherwise quiet, uninteresting window to be processed; any sound that is loud
enough and of even minor duration will have at least 3 consecutive data points that
pass the threshold. It is generally futile to attempt to match sounds that are very low
in amplitude (e.g. far away, very quiet), as there is generally too much noise, and not

enough signal information to provide an adequate feature set for detection.
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Figure 3.21: An example of how a gate is used to test for sufficient acoustic activity

Threshold |" }H T W

to warrant further processing. This example shows a sheep vocalisation passing the set

threshold. Note how both positive and negative values are taken into account.

3.3.14 Match Threshold

It was discovered during development that by using a relatively high overlap rate (e.g. 10
in the final system), a successful match will frequently occur in a number of consecutive
windows; when a vocalisation takes place, it is present in numerous windows. To decrease
the number of superfluous match alerts, a matching threshold was implemented, whereby
a set number of sequential windows must record a match in order for a detection alert to
be sent. This feature was also found to reduce the rate of false positives, and therefore
increase overall accuracy. A match threshold of T = 4 was used for the final system, as

this was found to be a sufficient level to reduce multiple alerts and false positives.

3.4 Training and Testing Data
3.4.1 Data Acquisition

Two unedited recordings of sheep vocalisations were acquired for this project, to be used
as training and testing data in the system. The first was provided by Dr. Rachelle
Hergenhan, and was an indoor recording of a ewe calling her lamb, produced to aid
in experiments conducted as part of her PhD thesis [162]. The second file was a field
recording captured by a listening station as part of research undertaken by the University
of New Englands (UNE) Precision Agriculture Research (Precision Agriculture Research
Group (PARG)) team. Instances of sheep vocalisations were manually extracted from
each recording, at 16-bit / 44.1 kHz quality, with a one second window length used to

ensure uniformity.
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From the first recording, 93 instances of sheep vocalisations were found, all of which were
reasonably clean and free of substantial noise. The field recording yielded 71 instances,
but many contained a high level of noise (thunder, line hiss, birds, etc), were too far from
the sound source, or both. This set of files was then manually categorised by quality,
producing 15 clean, 13 distant, 7 noisy (mainly thunder), and 35 unusable instances. Un-
fortunately, the field recording proved largely unusable, due to the low number of clean
instances, but will still assist in providing a challenging test for the system (see Section
3.6.4)).

3.4.2 Training Data

The main training data set is comprised of 83 sheep vocalisations, taken from the record-

ing containing the calling ewe; there is little to no background noise present in the samples.

3.4.3 Test Data

The main test data set is composed of 10 instances of sheep vocalisations, randomly
selected from the calling ewe data, and 40 instances of other sounds, together forming
an example of the negative class (i.e. any other sound). (Fig shows the quantity
and types of sounds used to represent the negative class. As can be seen, some of these
sounds are quite different to the positive class (e.g. gun shots, music), whereas others
are included because of the similarity they possess, in terms of where in the spectrum
spectral activity is occurring (e.g. dog barks, humans talking) (Fig[2.2)). The negative
class is more heavily represented in the test data, as in a real-world setting, there would

be far more examples of the negative class.
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Sound Type Quantity | Bit Rate |Sample Rate Class
Sheep vocalisation 10 16-bit 44 1 kHz Positive
Dog barking 5 16-bit 44 1 kHz Negative
Gun shot ] 16-bit 44 1 kHz Negative
Music 5 16-bit 44 1 kHz Negative
Noise / static ] 16-bit 44 1 kHz Negative
Rain 5 16-bit 44 1 kHz Negative
Talking ] 16-bit 44 1 kHz Negative
Thunder ] 16-bit 44 1 kHz Negative
Tractor 5 16-bit 44 1 kHz Negative

Total: a0
Postive: 20%
Negative: 80%

Figure 3.22: The main test data set used for the system. Note the high percentage of

negative class instances.

3.5 Equipment

(Fig illustrates the configuration of the hardware that comprises the system. As a
major component of the system involves real-time audio capture, careful attention was
paid to the selection of audio equipment; accuracy in both playback and capture was

essential.

(Vocalisation ) | Microphone

T

Speaker

Preamp Sound card Desktop PC

Power source

Audio signal

Power

Figure 3.23: The main test data set used for the system. Note the high percentage of

negative class instances.
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3.5.1 Playback

To allow for accurate playback of test sounds, speakers with a flat frequency response
were required. Yamaha HS8 studio monitors were selected for their frequency response,
which was both flat (Fig , and paired well with the frequency range inhabited by
sheep vocalisations (Fig [2.2)).

HS8

o
i
b

ra
[ ]

Bl . O Y
‘l‘.

RESPONSE(dB)
o
~

@
=]

10 100 1k 10K
FREQUENCY(Hz)

IS
=}

Figure 3.24: The frequency response of a Yamaha HS8 studio monitor [455], as used
during testing.

3.5.2 Capture

As microphones are designed for many different applications [175, 273] 307], it is crucial
to choose a microphone that meets the requirements of the system, namely, flat frequency
response, and high sensitivity. Condenser microphones fulfil this role, and the Rode N'T5
[351] was selected, due to its performance (Fig[3.25), its cardioid polar pattern (Fig|[3.26])
(high front / low back sensitivity) (Fig|3.27)), and because of its small size (as would be
used in a real-world system) (Fig[3.28)). One drawback of condenser microphones is that
they require external power to function, which is typically delivered down the signal lead,
using phantom power [273]. As this feature was not available on the sound card used
for testing, an external preamp was used to deliver power, while also adding the benefit
of increased amplification; a McLelland MQS-51 Mini-Mic Preamplifier was used for this

purpose.
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Figure 3.25: The frequency response of the Rode NT-5 condenser microphone, as used

during testing [351]. Note the flat frequency response between 200Hz and 5 KHz.

Figure 3.26: A cardioid polar pattern [I75], as used by the Rode NT5. Note the high

level of rear rejection, moderate side rejection, and full frontal pickup.
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Figure 3.27: A 3-dimensional view of the cardioid polar pattern [337], which clearly

illustrated the rear rejection.

Figure 3.28: A comparison of microphone sizes. The top mic is the ubiquitous Shure
SM58, the middle is a Behringer ECM8000 reference mic, and the bottom is the mic used
in the system, a Rode N'T5. Note the small size of the N'T5.
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3.5.3 Training and Testing Machine
For training and testing the system, a desktop PC with the following specifications was

used:
e Intel Core i7-4790K CPU @ 4.00 GHz.
e 16GB DDR-3 RAM.
e Samsung 850 EVO SSD, with SATA III.
e Asus Sabertooth Z-97 Mark 1 motherboard, with SATA express.

e On-board Realtek ALC1150 8-Channel sound card, supporting 24-bit / 192kHz
quality, with a 104 dB SNR recording input.

e Linux 3.11-2-amd64 x86_64 operating system.

As one of the target deployments for this system is a Raspberry Pi [345], the resources
of this device were considered when developing the real-time component of the software.

A Pi-based system would have the following specifications:
e Raspberry Pi 2 Model B.
e 900MHz quad-core ARM Cortex-A7 CPU.

e 1 GB of RAM.

e Cirrus Logic sound card, which supports 24-bit / 192kHz quality sound.

3.6 Experiment Methodology
In pursuance of the thesis objectives, four experiments are proposed to test the capabilities

of the system:
e [3.6.1} Real-Time Detection of Sheep Vocalisations Using a Mixed Data Set
e [3.6.2t The Effect of Distance on Real-Time Sheep Vocalisation Detection Accuracy
e [3.6.3} Real-Time Segmentation of Sheep Vocalisations

e [3.6.4t Real-Time Detection of Sheep Vocalisations Using Noisy Data
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The aim is to test the systems ability to detect sheep vocalisations in real-time, and to
ascertain if this is indeed possible. These experiments will also explore the use of
for audio analysis, low-computational statistical measures as features, and for
classification of audio data. It should be noted that in sound analysis, it is often easier
to test new methodologies offline, without the complex issues of acoustics, noise, phase,
accurate sampling, and other sound related phenomenon interfering with results, and it
is for this reason that all experiments will be conducted in real-time, using a live system
(Fig , as this reflects the true nature of the systems performance.

S
\
f

Figure 3.29: The standard testing set up used during experimentation. This image shows

the microphone placed 20cm away from the sound source.
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3.6.1 Real-Time Detection of Sheep Vocalisations Using a Mixed
Data Set

The aim of this experiment was to test the overall detection accuracy of the system,

taking into account performance on instances of both the positive and negative class.
e The standard training data set was used, as described in (Section [3.4)).

e The test data set presented in (Section was used, which contains a variety of

sounds that may be encountered by the system.

e The test data was combined into a continuous file, with each instance occurring at

a random interval from the last.
e The continuous test data file was played through the speakers.

e The microphone was placed 0.2m away from the sound source, with an average

digital input level of [-12, -6]. These represent good conditions for the system.

e Two tests will be run during this experiment, each using a different matching thresh-
old, in order to separate the effect this feature may have on perceived detection

accuracy (i.e. a relatively high threshold may appear to produce lower accuracy).
e Fach test was conducted 3 times, to ensure consistency in results.

e The results of this experiment are presented in (Section [4.2)), and discussed in

(Section [5.2.1)).

3.6.2 The Effect of Distance on Real-Time Sheep Vocalisation

Detection Accuracy
As one of the hypothetical deployments for the system may be as a network of field nodes
(Fig, it is necessary to ascertain the effect distance, and in turn, reduced input level,
may have on system accuracy. This experiment is intended to test the effect of distance
on the systems detection accuracy, taking into account instances of both the positive
and negative class. The speaker will be moved away from the microphone, to simulate
a dynamic sound source, reducing system input levels, and introducing more acoustic
noise. Input levels will be adjusted at further distances, in order to determine the effect
of distance irrespective of input level. Input level may affect system performance, and
although reduced level is related to distance, it is not the only factor that may cause

distance to reduce detection accuracy (e.g. phase, acoustics, frequency response, etc).
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Both the training and test data are the same as the experiment outlined in (Section
54)

The speaker will be placed at 4 set intervals: 0.2m, 0.4m, 1m, and 1.5m; these

distances are progressively further away from the microphone.

Input levels at distances (1m and 1.5m) will be adjusted, using the input gain on

the preamp, to demonstrate the effect of distance, irrespective of input level.
Each test was conducted 3 times, to ensure consistency in results.

The results of this experiment are presented in (Section {4.3), and discussed in

(Section [5.2.2)).

3.6.3 Real-Time Segmentation of Sheep Vocalisations

As the system uses an overlapping window approach for audio capture, it is possible

to determine the duration of detected sheep vocalisations by calculating the number of

sequential windows that record a positive detection. Due to the [OCC]nature of the prob-

lem, the system is effectively a binary classifier, possessing two states: 0 (not detection)

and 1 (detection). To gain insight into the true performance of the system, it is necessary

to determine exactly how many sequential windows are registering a positive detection,

and in turn, how long the system stays in a ‘positive’ state.

The standard training data set was used, as described in (Section |3.4)).

The microphone was placed 0.2m away from the sound source, with an average

digital input level of [-12, -6]; these represent good conditions for the system.

A continuous test file was produced, containing 20 ewe call vocalisation instances,
each with a random interval between them. The instances used were the 10 instances
present in the test data set, and 10 instances chosen randomly from the training

data.

The test file was annotated to denote the start and end times of each vocalisation,
thereby determining the duration of each call; this information was considered the

‘gold standard‘ for system performance comparison.

The software was adjusted to allow the number of sequential positive detections to

be displayed; detections must first meet the matching threshold to be considered.

The predicted and actual durations of each call will be compared to determine error,
with [MSE] and [MAE] used to demonstrate the system’s overall duration error.



CHAPTER 3. METHODS 67

e The test was conducted 3 times, to ensure consistency in results.

e The results of this experiment are presented in (Section [4.4)), and discussed in

(Section [5.2.3).

3.6.4 Real-Time Detection of Sheep Vocalisations Using Noisy
Data

The data procured from the field recordings was deemed too noisy, and too low in quantity,
to be represented in the primary training and test data sets (Section . However, this
data does pose a significant challenge of the system’s performance, and its variance in
terms of matching new data (i.e. does the model possess enough variance to match sheep
calls from other data sources?). Two tests are proposed as part of this experiment, one
in which the ‘cleanest’ data instances from the field recordings is used as a test data set
for the existing model, and one where the same ‘clean‘ field recording instances are also
used to train a new model.

For test 1:

e The microphone was placed 0.2m away from the sound source, with an average

digital input level of [-12, -6]. These represent good conditions for the system.

e A continuous test file was produced, containing the 15 ‘clean‘ instances from the field

recording data with intervals of a random duration present between each instance.
e The first test used the standard training data set, as described in (Section [3.4).
e The model produced was tested for accuracy using the continuous test file.
e Each test was conducted 3 times, to ensure consistency in results.
For test 2:

e The microphone was placed 0.2m away from the sound source, with an average

digital input level of [-12, -6]; these represent good conditions for the system.

e A continuous test file was produced, containing the 15 ‘clean‘ instances from the
field recording data, with intervals of a random duration present between each

instance.

e The second test used the standard training data set, with the inclusion of the 15
‘clean’ field recording instances; a new model was produced based on this training
data set.
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e The model produced was tested for accuracy using the continuous test file.
e Each test was conducted 3 times, to ensure consistency in results.

The results of this experiment are presented in (Section [4.5)), and discussed in (Section
65.2.4)).

3.7 Conclusion

As part of this thesis, original software has been developed, which is theoretically capable
of detecting sheep vocalisations in real-time. In order to test the main objective of the
thesis (Section , a series of experiments have been conducted, aimed at investigating
different aspects of system performance, and range from moderate difficulty (e.g. ex-
periment 1) to very challenging (e.g. experiment 4). Through these experiments, the
secondary objectives of the thesis will also be explored, as the results will go some way to
determining the viability of these novel approaches. (Section {4f) will provide the results of
the aforementioned experiments, and (Section will discuss the implications of these

results for the system’s future development.
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Results

4.1 Overview

The results are presented for each of the four experiments outlined in (Section . For
each experiment, the model parameters, test data, and preliminary offline testing perfor-
mance are included for reference. Performance metrics and statistical measures will be

explained where appropriate, but further consideration of the implication of the results

will be saved for (Section [f]).

4.2 Experiment 1: Real-Time Detection of Sheep
Vocalisations Using a Mixed Data Set

The aim of this experiment was to test whether or not it was possible to detection sheep
vocalisations in real-time, whilst simultaneously rejecting instances of the negative class.
Two individual tests were conducted as part of this experiment, each with a different
match threshold, in order to separate the effect this feature may have on perceived per-

formance accuracy. (Fig shows the results obtained from this experiment.

69
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Model Information Test Data
Kernel C-value Gamma Positive | Negative
RBF 05 0.25 10 40

Offline Test Results

TP FP TN FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

10 0 40 0 100 0 100 0 100 100 100 100

Experiment 1 - Test 1

Matches | Distance Level TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

4 0.2m [-12.-6] 9 1 39 1 90 25 97.5 10 0 96 90 93.67497

Experiment 1 - Test 2

Matches | Distance Level TP FP T™N FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

6 0.2m [-12.-6] 8 0 40 2 80 0 100 20 100 96 89442719 89.442719

Figure 4.1: Classifier performance from experiment 1. Two separate tests were run, each
with a different matching threshold. Distance from the sound source, and input level,

reflect good conditions for the system.



CHAPTER 4. RESULTS 71

ROC Space of Model, with Different Matching Threshold

© Match = 4

2@ Match =6

TPR

Legend FPR
—— Random guess
® Matchthreshold = 4

@  Match threshold = 6

Figure 4.2: ROC space for the model used in the final system, with different matching
threshold. The black line represents the result of a random guess. As can be seen,
the model performs far better than a random guess at both matching thresholds. The
number of sequential matches needed to designate a detection appears to affect accuracy,
both in terms of TPR and FPR; more thorough experimentation is needed to find the
optimal match threshold for a given model. There was insufficient variation of the model

to facilitate the construction of a ROC curve.

4.3 Experiment 2: The Effect of Distance on Real-

Time Sheep Vocalisation Detection Accuracy

As a network of field nodes is one of the possible deployments for this system, it is
necessary to test the effect distance, and reduced input levels, have on system accuracy.
Livestock are dynamic by nature, and therefore it is highly likely that vocalisations will
take place at less than ideal distances from the sound source. As an increased distance
tends to also reduce input level, this experiment aims to test the effect of both these
variables.(Fig shows the results obtained from this experiment.
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Model Information Test Data
Kernel C-value Gamma Positive | Negative
RBF 0.5 025 10 40

Offline Test Results

TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

10 0 40 0 100 0 100 0 100 100 100 100

Experiment 2 - Test 1

Matches | Distance Level TP FP TN FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

4 0.2m [-12.-8] 9 1 39 1 90 25 975 10 0 96 90 93.67497

Experiment 2 - Test 2

Matches | Distance Level TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

4 0.4m [-18,-12] 8 0 40 2 80 0 100 20 100 96 89.442719 | 89.442719

Experiment 2 - Test 3

Matches | Distance Level TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

4 im [-24,-18] 3 0 40 7 30 0 100 70 100 86 54772256 | 54.772256

Experiment 2 - Test 4

Matches | Distance Level TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

4 m [-18,-12] 6 1 39 4 60 25 97.5 40 85.714286 90 71713717 | 76.485293

Experiment 2 - Test 5

Matches | Distance Level TP FP TN FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

4 1.5m [-24,-18] 2 0 40 8 20 0 100 80 100 84 4472136 | 4472136

Experiment 2 - Test 6

Matches | Distance Level TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

4 1.5m [-18,-12] 5 0 40 5 50 0 100 50 100 90 70.710678 | 70.710678

Figure 4.3: Classification performance from experiment 2. Tests are performed at dif-
ferent distances, with the furtherest two also being tested at different input levels, in an
attempt to separate each effect. Performance metrics are given for each test to facilitate

comparison.
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Effect of Distance on TPR and FPR
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Figure 4.4: The effect of distance on TPR and FPR. As can be seen, as distance from the
sound source increases, TPR decreases, and in one instance, FPR increases. It appears
distance has a negative effect on TPR. Distance may have a negative effect on FPR,
although their is insufficient evidence to make a definitive statement; more testing is

necessary to prove the existence of this effect.
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The Effect of Input Level on TPR and FPR

50 ® [-18,-12]

0@ [-18,-12]

TPR

Legend FPR
@ 100cm

® 150cm

Figure 4.5: The effect of input level on TPR and FPR, for both the 100cm and 150cm
tests. In order to separate the effect of input level from distance, the input level was
adjusted at both distances. As can be seen, reduced input level does appear to negatively
affect TPR. The effect on FPR is not clear, and further testing would be needed to

demonstrate a link.
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The Effect of Distance on Geometric Mean 2

Geometric Mean 2
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Figure 4.6: The effect of distance on geometric mean 2. This metric takes into account
both TPR and TNR. The trend line shows that as distance increases, gMean2 decreases,
further reinforcing the findings displayed in (Fig 4.4)).

4.4 Experiment 3: Real-Time Segmentation of Sheep

Vocalisations

The system is effectively a binary classifier, with only two states: detection or rejec-
tion. As subsequent windows frequently record a detection, and indeed must to pass the
match threshold, it is possible to ascertain the duration of vocalisation activity, from the
perspective of the system. Each window contains 0.1 second of new information (i.e. 1
second window / 10 overlap rate), and this information can be used to determine dura-
tion. The system’s results are compared to a human performing the same task, as this
can be considered the ‘gold standard® of duration detection. Although the system was
not designed with segmentation in mind, this experiment does give an insight into how
accurately the system is able to discern when a vocalisation is taking place, and how
many subsequent windows are recording a detection.

As this is a prediction problem, different performance metrics were needed to determine
the rate of error for the system, and as such, [MSEl and [MAF] (see Section were

calculated based on the test results.



CHAPTER 4. RESULTS 76

Model Information Test Data
Kernel | C-value | Gamma Positive Negative
RBF 05 0.25 10 40

Offline Test Results

TP FP TN FN TPR FPR TNR FNR P ACC GMEAN1 GMEAN2

10 0 40 0 100 0 100 0 100 100 100 100

Experiment 3 - Test 1

Matches |Distance| Level

4 02m | [12.6]| VOCAL1 | VOCAL2 | VOCAL3 | VOCAL4 | VOCALS5 | VOCAL6 | VOCALT | VOCALS | VOCALY9 | VOCAL 10
Sytem Durations: 1 1 13 13 14 04 13 05 11 miss
Actual Durations: 0.63 0.4 0.66 0.45 075 0.75 0.65 0.6 07 072

Difference: 0.37 0.6 0.64 0.85 065 035 0.65 01 04 NA

VOCAL 11 | VOCAL 12 | VOCAL 13 | VOCAL 14 | VOCAL 15 | VOCAL 16 | VOCAL 17 | VOCAL 18 | VOCAL 19 | VOCAL 20

Sytem Durations: 13 12 11 12 miss miss 1.3 11 11 13
Actual Durations: 078 05 054 049 066 06 07 047 033 059
Difference: 052 07 056 071 NA NA 06 063 077 071
TP FN TPR FNR MEAN SQR MAE
17 3 85 15 036461765 0.57705882

Figure 4.7: Classifier performance for experiment 3, showing the duration determined
for each vocalisation detected. The true durations are shown for comparison. As can be
seen, the system consistently over-estimates the duration of vocalisation activity, and the
relatively high [MSEl and [MAE] (0 = no error, 1 = all error) reflect this.
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Actual Duration vs Duration Prediction Error, for Sheep Vocalisation
Detections

Prediction Error
®

0.1 0.2 0.3 0.4 05 0.6 0.7 0.8

Linear regression equation: Actual Duration

y =-0.6406x + 0.9535

Figure 4.8: The actual duration vs the duration prediction error. The purpose of this
figure is to determine if the actual duration of the vocalisation has some effect on the
size of prediction error. From the composition of the data points, and the fact that the
slope for the linear regression fit is significantly different from 0, the duration of the call
appears to have no significant effect on the size of the prediction error, with the system

performing relatively poorly on vocalisations of different durations.

4.5 Experiment 4: Real-Time Detection of Sheep

Vocalisations Using Noisy Data

Experiment 4 poses the biggest challenge to the system, in that it tests if the system can
detect sheep vocalisations from a noisy field recording previously deemed to be unsuitable
for development. This experiment uses both the standard model from the final system,

as well as a new model created from a training data set that includes the ‘clean‘ instances
from the field recording data (see Section |3.4]).
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Model Information Test Data
Kernel C-value Gamma Positive | Negative
RBF 05 0.25 10 40

Offline Test Results

TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

10 0 40 0 100 0 100 0 100 100 100 100

Experiment 4 - Test 1

Matches | Distance Level TP FP TN FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2
4 0.2m [-12.-6] 0 0 0 0 0 0 0 0 0 0 0 0
Model Information Test Data
Kernel C-value Gamma Positive | Negative
RBF 0.5 8 25 40

Offline Test Results

TP FP ™ FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

21 1 39 4 84 25 97.5 16 954545 | 923077 | 89.5443 | 90.4986

Experiment 4 - Test 2

Matches | Distance Level TP FP N FN TPR FPR TNR FNR P ACC GMEAN1 | GMEAN2

2 0.2m [-12.-6] 0 0 0 0 0 0 0 0 0 0 0 0

Figure 4.9: Classifier performance from experiment 4. At no point was the system able
to positively identify vocalisations from the field recording data; there are a number of
possible reasons for this result (see[5.2.4)).



Chapter 5

Discussion

5.1 Overview

In this section, the results presented for each conducted experiment (Section [4f) will be
interpreted, gleaning insight into aspects of the software‘s performance. Possible reasons
for the results will be hypothesised, shortcomings in the experiments will be identified,
and potential solutions will be explored. The ramifications of these results will be dis-
cussed as they related to each system component, and how this information will be used

to inform future work.

5.2 Discussion of Results

5.2.1 Experiment 1:
Real-Time Detection of Sheep Vocalisations Using a Mixed Data Set

Experiment 1 was designed to test the average performance of the system, under ideal
conditions, using a data set containing both positive and negative examples. The system
performed admirably during this experiment, producing a high TPR and low FPR for
both matching thresholds used. Even though the positive class test instances were few in
quantity, the examples used in the test data set were not included in the training data,
which adds some credibility to the findings. The results of this experiment indicate that
the system performs well when detecting sheep vocalisations from the same source as the
training data, but it does not indicate how it will perform on vocalisations from a dif-
ferent source; see (Section for discussion concerning the limitations of the training
data.

The trade-off between TPR and FPR is always a consideration in software of this kind,

79
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and the nature of the problem dictated that a low FPR was the most important metric,
provided a reasonable TPR could be obtained. In this system, it would be advantageous
to provide less positive alerts overall, rather than more positive alerts amalgamated with
a number of false alerts. It is better to be certain of vocalisation activity, rather than
overestimating, or wasting the user's time with false alerts. With these objectives in
mind, the results of experiment 1 have shown that, under test conditions, the system

possesses an appropriate level of negative class rejection.

As part of this experiment, the match threshold was adjusted to illustrate its effect
on performance metrics, particularly TPR and FPR. As was seen, as the match thresh-
old was increased, both TPR and FPR decreased. It was observed that a higher match
threshold, particularly a threshold that was larger than half the overlap rate (i.e. 6),
was effective in suppressing the number of multiple detection alerts. The variation of
match threshold level was something of an afterthought for this experiment, and further
testing is needed to completely understand the effect that the matching threshold has
on detection accuracy and alert frequency, and to find the optimal threshold level for a
particular model; see (Section for further discussion.

Overall, this experiment showed that it is possible to detect sheep vocalisations in real-
time, using a combination of a [DDWT] low-computational statistical features, and an
The conditions for this experiment were considered good, from the perspective
of the system, and in many ways reflect a quiet indoor (e.g. barn) setting; success in
this domain is certainly advantageous for possible future deployments. Further testing
is necessary to ascertain the viability of an outdoor system, although these preliminary

findings are certainly encouraging.

5.2.2 Experiment 2:

The Effect of Distance on Real-Time Sheep Vocalisation Detection Accuracy

Experiment 2 aimed to test the effect of distance on detection accuracy, but it was diffi-
cult to separate this effect from the many others it is associated with, particularly that
of reduced input level, as the two tend to be linked. The effect distance has on a sound
source may vary, and is affected by variables such as topology and weather. Changes in
distance from the sound source may also produce changes in other sound-related vari-
ables, such as phase, frequency colouration, increased background noise, acoustics, and
other sounds related phenomenon, which can all affect the characteristics of the capture

sound, thereby clouding the true effect distance has on detection accuracy. In summary,
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it is very difficult to isolate distance as a single variable, and due to this fact, the experi-
ment must be viewed as preliminary in nature; far more robust testing would be needed

to quantify the effect of distance.

One of the most immediate effect of an increase in distance from the source is a re-
duction in input level. In most circumstances, as the sound source moves away from the
capture device, the input level received by the system decreases, as the increased distance
reduces the sounds perceived amplitude; this factor may also affect detection accuracy. A
decrease in input level may also have additional effects, such as an increase in background

noise, as the drop in level allows other sounds to become relatively louder by comparison.

The first test in this experiment was the same as experiment 1, and formed a base-
line reading from which to make comparisons. The second test, from 0.4m away, also
reduced the input level, and it was found that this marginally reduced TPR and FPR.
For tests 3 and 4, care was taken to try to separate the effect of input level from that
of distance, and the each test was conducted using two different input levels; this was
achieved by increasing the gain on the preamp (i.e. overall input is higher). In regards to
distance, it was observed that an increase in distance consistently produced a decrease in
TPR, regardless of input level; it can be asserted, albeit in a preliminary capacity, that

distance does affect detection accuracy.

As tests 3 and 4 used two different input levels, the effect of reduced input level could be
observed, admittedly in a preparatory manner. At both distances, a reduction of input
level had a negative effect on TPR, and so it can be hypothesised that a reduction in
input level also affects detection accuracy; a more thorough examination is needed to

prove and quantify this effect.

In some examples, namely test 1 and 4, FPR was affected by a change in distance,
but it opposing ways, in that an increase in distance between tests 1 and 2 lowered FPR,
whereas this produced a higher FPR between tests 3 and 4. As this phenomenon was
only observed in a low percentage of cases, it cannot be asserted that the effect exists,
and further experiments are needed to understand the relationship between FPR and

distance, for software of this kind.

There are a number of reasons that both distance and input level may have an effect
of system performance, and additional testing is needed to isolate which components in

the signal chain are responsible. As a preliminary hypothesis, the[DDWT]may be sensitive
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to changes in amplitude and phase, due to its ability to take into account the temporal
domain. As this feature was originally viewed as advantageous, and indeed was one of
the deciding factors in selecting this approach, it is hoped that further research can aid in
understanding the effects distance and input level have on the DDWTk output. Another
possibility is that the features used to generalise the coefficient sub-bands could
be sensitive to changes in distance and input level, or that they are generally too coarse
to fully explain these changes. Again, an empirical comparison of DDWTtbased feature
extraction methods, tested under different conditions, is needed. A final consideration
is that the training and testing data used were not representative of the differences in
distance and input level that would arise in a real-world setting, particularly as all the
training data instances were recorded at the same distance; see (Section for further

discussion.

Experiment 2 demonstrated that the system is sensitive to changes in both distance
and input level, and that these factors can negatively affect detection accuracy. Which
components are responsible for this sensitivity, and how this can be addressed in the
future, will form the focus of future work; see (Section .

5.2.3 Experiment 3:

Real-Time Segmentation of Sheep Vocalisations

This experimented investigated the systems ability to determine the duration of a vo-
calisation event, and although duration calculation was not an intended feature of the
software, the experiment gave an insight into exactly how long the classifier remained in
a positive state. Due to the nature of the problem, the classifier is essen-
tially a binary classifier, with only a positive (detection) and negative (rejection) state.
Therefore, the number of sequential windows that record a detection is of interest, as this
illustrates the duration of positive states. Also, as the window overlap rate was relatively
high (i.e. overlap = 10), the amount of signal information needed to determine a match
can be determined (i.e. what percentage of a sound needs to be captured to identify a

vocalisation).

It was found that the system generally overestimated the duration of vocalisation events,
and in the majority of cases, did not accurately calculate duration. From this observa-
tion, some insight was gleaned into the average time the classifier remains in a positive
state, demonstrating that it tends to linger in this state for longer than is necessary.

The resulting [MSE] and [MAFE] were relatively high, but a comparison to other systems is
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needed to truly understand the meaning of these measures.

An interesting by-product of this experiment is that the TPR of the system was calcu-
lated under different conditions, producing a rate of 85%; this is in line with the results of
experiment 1. This result further reinforces the performance observed during experiment
1, adding weight to the hypothesis that it is possible to detect sheep vocalisations in

real-time using the methods outlined.

There are numerous possible reasons for the systems relatively poor performance in dura-
tion calculation. The high window overlap rate may be a factor, due to the low percentage
of new information that is contained in each window, making consecutive detections too
frequent. The classifier, or the features it has been trained on, may lack discriminative
ability, allowing an undesirable amount of sequential detections; this may also be due to
issues surrounding the training data (Section [5.4.1)).

Similarly to experiments 1 and 2, future work should focus on attempting to isolate
the components responsible for the less than ideal performance observed in the results
from this experiment; the inclusion of a dedicated duration calculation feature would also

be beneficial.

5.2.4 Experiment 4:
Real-Time Detection of Sheep Vocalisations Using Noisy Data

Experiment 4 posed the greatest challenge to the system, as it involved the detection of
sheep vocalisations obtained from field recordings containing a high level of noise. In the
first test, none of these instances were included in the training data set for the model,
whereas in test 2 they were. The results from both tests were underwhelming, with no

successful detections recorded.

In many ways, the results were to be expected, as the test data instances were very
demanding for software at the current level of development. Although the test instances
were of sheep vocalisations, they possessed substantially different characteristics, in that
they were recorded in a different location (i.e. outdoors), contained far more noise (e.g.
background sounds, microphone hiss, etc), were of different individuals (gender, age, and
breed are unknown), and were generally at a relatively lower amplitude. Test 1, using
the standard training data set, produced no detections, which is unsurprising given that

no examples of the field data were included, and the issues surrounding the training data
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in general (see Section |5.4.1]).

In test 2, it was hoped that by incorporating the field recording instances into the training
data, accuracy could be improved, but this was not the case; TPR remained at 0. The
low number of instances (15) may be the cause for the ineffective incorporation of these
instances, as there are not enough to allow the to truly understand the relation-
ships contained in the features. Also, the features extraction approaches used are most
likely not noise-robust, and it is hypothesised that further noise-reduction techniques,
such as spectral filtering, would be necessary to improve performance in such challenging

environments.

The results from experiment 4 were disappointing, in terms of the objectives of the
thesis, but completely expected and reasonable. Experiment 4 served the purpose of
testing the system'‘s performance in a challenging scenario, thereby highlighting potential

improvements and research directions that may be pursed.

5.3 Implications of Results on Thesis Objectives

5.3.1 Main Objective: The viability of a system capable of de-

tecting sheep vocalisations in real-time

At this point in research, it appears that a system capable of detecting sheep vocalisations
in real-time is viable. The results from experiments 1, 2, and 3 demonstrate this fact,
as significantly high levels of TPR, and low levels of FPR, were achieved. Taking into
account latency (i.e. a delay in processing) caused by the sound card [I75], alerts were
provided by the system in an immediate

The results have indicated a number of areas for improvement, and further research is
needed to fully develop this system; it is believed that none of these issues present insur-
mountable barriers to successful development. Despite the fact there were a number of
limitations within the experiments, it was still demonstrated that real-time detection of

sheep vocalisations is possible.
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5.3.2 Secondary Objectives
The use of DWTs in Audio Analysis

Although it has not been unequivocally demonstrated that DDWTk are suitable for real-
time vocalisation detection tasks, it has certainly been shown that their use remains
plausible in audio analysis, reinforcing the findings of other studies in the literature (see
Section . The results from experiment 1 showed that features derived from a[DDWT]
could be utilised by a machine learning model to discriminate between sound events of
differing different types. Preliminary findings from experiment 2 suggest the may
be sensitive to changes in input level and distance, or the subsequent effects caused by
changes to these variables, but this merely highlights the need for further research. More
sophisticated approaches could be explored, such as adding more taps, or using different
algorithms (Section [2.1.6)), to determine if this could improve detection accuracy. An
empirical comparison of techniques and feature extraction approaches, for use in
audio analysis, is greatly needed, as this has not been adequately addressed in the liter-

ature.

The use of SVDDs to Classify Sheep Vocalisations

The appears to be a robust approach, producing statistically significant
results for all performance metrics used, particularly in experiment 1. The dis-
played an acceptable level of negative class rejection, a key trait when assessing the overall
performance of an algorithm such as this. The process for selecting optimal model pa-
rameters was relatively straight forward, and was greatly aided by the inclusion of an
optimisation process. The ideal features for classifying audio data with an [SVDD]|remain
predominately unknown, and requires further inquiry. The libSVM library was found to

be an easy to use implementation of the VDDl and is recommended for future use.

The Use of Low-Computational Statistical Features for DWT Sub-Band Di-

mensionality Reduction

Even though the results from the experiments were encouraging, the suitability of the
statistical features used in the software, for audio-based discrimination applications, is
still undecided. Preliminary findings suggest that these features can be used for accurate
discrimination, as was demonstrated in experiments 1, 2, and 3, which reflects the results
of other studies in the literature (see Section[2.2.2). To fully understand the performance

of features of this type, an audio analysis benchmarking study is needed, comparing them
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to other approaches found in the literature; this would allow the most appropriate strat-

egy to be adopted.

The contribution of feature selection to the poor performance in experiment 4 can only
be hypothesised, due to the difficulty in isolating the effect each component has on per-
formance, in a system at this stage of development. It is possible that the features used
in the software were too coarse to provide adequate discrimination potential in the chal-
lenging environment posed by experiment 4, particularly as they reduced the original,
dimensionally vast sub-bands (e.g. 22050 data points in size) to a single measure, and
only three measures were considered per sub-band. If this were the case, these features

would still hold potential for indoor, or on-collar monitoring device applications.

As the features outlined were not specifically designed for audio-based applications, there
is the possibility that domain-specific approaches, particularly methods based on biolog-
ical structures, such as [MFCClbased approaches [2, [I, 287], may be better suited to this
application. Future work should focus on comparing different [DWT] feature extraction
approaches (see Section , to each other, as well as to spectral-based approaches (see
Section , to truly assert the suitability of low-computational statistical measures for

use in the software.

Overall, the low-computational statistical features used in the software performed ad-

mirably, but further study is need to truly understand their performance potential.

The Effect of Distance on Matching Accuracy

Despite the limitations of the experiment design, experiment 2 demonstrated that dis-
tance has an effect on the detection accuracy of the system. The possible reasons for
this effect have already been discussed at length in (Section , but it can be stated
that this effect is real, but how much of the observed accuracy reduction is primarily
due to the change in distance alone remains unknown. More comprehensive statistically
designed tests can be implemented in the future, and forthcoming development will focus
on distance and noise robust approaches. This is in line with the thesis objectives, as the
focus of this work was the development of a prototype system, to assert the viability of

a real-time vocalisation detection system.
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The Potential to Run the Software on Low-Resource Systems

While conducting the experiments, resource usage was monitored, and it was found that
the software could safely run on a low-resource system, such as a Raspberry Pi. In fact,
there was still considerable resource headroom, which would allow further complexity to
be added to the signal chain, something that will be mandatory if performance is to be

increased.

During real-time operation, the system used approximately the following resources:
e CPU: 320 MHz
e Memory: 1.7 M

There is little to no disk access required during real-time operation, so measuring this

resource was deemed irrelevant.

5.4 Implications of Results on Other Aspects of the

System
5.4.1 Training Data

The main training data set used during experimentation was derived from a single indoor
recording of a ewe calling her lamb, and was recorded indoors. This provides a very
limited representation of sheep vocalisation activity, and creates a scenario that encour-
ages the model to have a high level of bias, in that the model is learning to detect one
source of vocalisation (i.e. one individual, indoors), rather than any source (i.e. different
individuals, in different settings). The training data was also quite small in size, again,
not providing enough information for the model to adequately understand the patterns
that have been shown to underlie all sheep vocalisations (see Section [2.3.5)); the training

data is not representative of the entire class, but rather one individual.

At this stage of development, the training data set provides a ‘proof of concept‘, but
a much more substantial data set will be needed for future work. To truly represent the
sheep vocalisation class, it would be necessary to acquire instances of vocalisations in a
variety of settings (e.g. on pasture, indoors, different weather, etc), as well as distances
from the capture device (e.g. close, medium, far, etc). These instances could be extracted
and categorised from field recordings, rather than setting up ‘recording sessions‘ for each

domain; this would save time and be more realistic overall. Vocalisations from a number
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of different individuals, breeds, genders, and ages would also be advantageous. Essen-
tially, a highly inclusive sheep vocalisation data set needs to be produced to truly test

the viability and capabilities of a real-time vocalisation detection system.

5.4.2 Test Data

The main test data set suffered from the same problems as the training data, in that it
was not particularly representative of the real positive and negative classes that will be
encountered by a system in the field; the size of the test data set was also small. It is
true that the test vocalisation instances used were not part of the training data, and this
is certainly beneficial when testing the performance of the system, but the quantity of
these instances was very low (i.e. 10), meaning that performance metrics could be easily
skewed by even a single false negative (e.g. 1 false negative results in a 10% decrease in
the TPR). Also, even though test instances were randomly removed from the training
data set, there is no guarantee that they are representative of the target class, or that
they provide an adequate challenge to the system; there are too few instances to provide
reliable sampling. The reality is that obtaining instances of sheep vocalisations, in a ‘nat-
ural‘ setting, is very difficult, due to the low quantity of examples present in most field
recordings, and because of the substantial processing time required to extract instances
from these recordings: a large amount of time and effort is needed to build an adequate

test (and training) set.

Even though this is an problem, in which the negative class is not represented
in the training data, it became apparent during development that it was essential to in-
clude examples of the negative class during real-time performance testing. The reason for
this, is that it was easy to create a model that appeared to perform well on vocalisation
instances, only to find that it considered most sounds to be positive; the model possessed
far too much variance. Only by observing the system when it encountered other sounds
did its true performance begin to become apparent. The issue surrounding the negative
instances in the test data set is that there was little consistency between them, in that
they were derived from multiple sources, with no knowledge of the conditions in which
they were recorded; most of the sounds were taken from sound libraries and field record-
ings. In order to truly test how the system responds to examples of the negative class, a
consistent test data set needs to be created, with location-based recordings of sounds that
will likely be encountered by the system. The test data set created for the experiments
conducted as part of this thesis certainly served their purpose, in that they did contain

some challenging sounds (e.g. dog bark, rain, talking), and therefore provided a good
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preliminary test for the software, but a more robust test data set will have to be created

for future testing.

5.4.3 Digital Audio Quality

The sample rate chosen is theoretically high enough to eliminate any problems associated
with aliasing, particularly as most of the important frequency activity being detected ex-
ists within a much lower range than the Nyquist frequency (Fig . To be absolutely
sure of system integrity, a higher sample rate could be used, in line with the principle of
oversampling (see Section , but the perceived increase in quality may not warrant

the increase in memory usage and computation time associated with higher sample rates.

The bit rate used during development and testing is arguably too low, especially consid-
ering 32-bit systems are now possible. A higher bit rate would allow the utilisation of
more precise variable types, thereby facilitating more accurate measurements. As with
the sample rate, there would be higher resource and computational overheads, but it is

believed that the benefit of improved accuracy would justify these costs.

5.4.4 Capture Window and Match Threshold

The effect of overlap rate on performance was highlighted during experimentation, and
further research is necessary to fully understand this. It was common for the system to
register multiple sequential detections, but the results of experiment 3 highlighted the
redundancy and inaccuracy of the current approach. At present, too many windows are
recording a detection, resulting in multiple detection alerts being produced, and inaccu-

rate vocalisation duration calculations.

Match threshold and window overlap rate may be intrinsically linked, as more windows
per second will likely produce more consecutive detections, therefore forcing the match
threshold to raise in order to compensate. The overlap rate should inform the selection
of the match threshold in a much more automated way; the current rates were found
manually during development. Further testing is needed to determine the ideal strategy

for nominating overlap rate, window length, and match threshold.
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5.5 Other Considerations
5.5.1 Min-Max Normalisation

It is important to consider how the minimum and maximum values are decided when
normalising new data instances, as some instances may contain values that supersede the
values calculated during training. For the sake of simplicity, the system merely uses the
original min and max values calculated during training, and any values that fall outside
of the range are forced back in (i.e. assuming the range is [0, +1], if a new max value
is encountered, it is just set to 1). A differing approach was tested during development,
whereby a new min or max could be set if it was exceeded, allowing subsequent windows
to fall within the new range, but this produced subpar results, mainly due to the ten-
dency of the range to move or grow, shifting the actual values obtained. A more advanced
approach to min-max normalisation is required, as this may have been a source of error

in the signal chain.

5.5.2 Awudio Normalisation

The current system uses a basic peak normalisation approach, which admittedly can be
sensitive to transient peaks (i.e. one loud peak in an otherwise quiet file will diminish the
amplification applied to it), and does not guarantee homogeneous amplitudes between
data instances. To ensure that captured instances are being properly normalised, a more
progressive technique that takes into account the possible presence of uncharacteristic

peaks is needed.

5.5.3 Window Padding

Although four window padding schemes were implemented, they were not empirically
compared for performance. It is unknown whether the window padding strategy em-
ployed has a significant effect on performance when applying a[DWT} The padding types
implemented, and others in the literature [38] should be analytically compared to ensure

signal chain integrity:.

5.5.4 Window Functions

From anecdotal observations during development, the addition of a window function be-
fore applying a[DDWTIdid not seem to improve performance, but this effect has not been
empirically proven. Also, only one window function was used in the software, which says

nothing of the effect the multitude of other functions illustrated in the literature may
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have on performance (see Section [2.1.4)); more research is needed in this area.

5.5.5 SVDD Optimisation

Although the optimisation routine greatly reduced the time taken to select appropriate
model parameters, it is quite simple in nature, and the use of threads to reduce runtime is
questionable. In the current implementation, a new thread is created to test each model,
quickly taking up system resources and creating additional overheads due to thread man-
agement; future implementations should employ a thread pooling strategy. The filtering
and ranking of models based on performance metrics is acceptable as a quick method of
parameter selection, but is susceptible to bias, in that the metrics are based on how well

a model performs with a given test set.

5.5.6 Equipment

The frequency response of both speakers and microphones is extremely important in
audio detection analysis, and is often quite overlooked when reporting on experiment
results. It is standard practice for audio manufacturing companies to produce speakers
that deliberately colour the sound by adding more of certain frequency ranges, usually
to add bass boost or a clearer vocal range, and to make microphones that are designed
to accentuate particular frequency ranges, for use on particular instruments, but these
types of features are the antithesis of audio analysis requirements. The HS8 speakers and
NT5 microphone appeared to perform impeccably, but some response testing would be

needed to be completely sure of their integrity.

The weakest link in the systems signal chain was certainly the sound card, as this was
an on-board model, which produced quite high levels of digital noise, and suffered from
unacceptable latency. For deployment, a dedicated device would be designed, and a much
better sound card could be implemented; the Raspberry Pi system outlined in (Section
already contains a better card than the one used during testing. For future work, a
more suitable sound card will need to be obtained to ensure integrity in the signal chain,

as well as facilitating the recording of training and testing data.

5.6 Conclusion

As been shown, the software developed, and experiments conducted, have met the objec-
tives of the thesis, and have added evidence to the hypothesises proposed. The direction

of future work, as well as a full conclusion, are given in (Section [f]).
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Conclusion

6.1 Future Work

As the feasibility of a real-time vocalisation detection system has now been demonstrated,
future work will focus on refining the system and improving overall performance, and the

author plans to conduct this research in a PhD capacity.

It will be necessary to survey and revise each component in the signal chain, isolat-
ing each one in order to understand how it affects both overall performance, and other
components it interacts with. Particular addition will be paid to data transformation
algorithms, with further exploration into both Wavelet-based (see Section , as well
as spectral (see Section approaches. The use of in audio analysis will likely
remain a research focus, especially considering the encourages results obtained during

experimentation.

The comparison of feature extraction methods specifically designed for the transformation
approach selected will need to be conducted, with further investigation into the robust-
ness of the low-computational features examined in this thesis. Features, and other [DSP]

techniques, designed to improve performance under noisy conditions will also be pursued.

Although the performed well during experimentation, other machine learning
models should be researched, particularly if the system is to move away from strictly
binary classification and into multi-class problems. For example, the system could be
extended to classify sheep vocalisations by class, such as age groups (e.g. lamb, adult),
call type (e.g. ewe calling lamb, distressed lamb, alert call, etc), or distance from the
device. Although the is designed for problems, is also possible to combine
classifiers in order to facilitate multi-class classification [409) 159 264, 288]. Other
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architectures will also be reviewed, particularly [ANNK (see Section [2.2), as they are cur-

rently receiving a lot of attention in the literature.

As has been thoroughly conveyed in the thesis, there is an immediate need for a more
comprehensive and robust set of training and testing data, and this will be procured from
the many field recordings undertaken by [PARGlI The process of extracting instances, and
the large size of the data files (prohibitive with slow internet speeds), was the main barrier
to creating a better data set, but this can be easily surmounted in an on-campus PhD

capacity.

The need for power-efficient algorithms will inform future development, as regardless
of the deployment, there is a high probability that dedicated units will need to be devel-
oped in order to run the software, and they will need to run for as long as possible on

the limited power provided.

The end goal is to create a fully functional acoustic livestock welfare monitoring sys-
tem, which can be demonstrated to both researchers and industry. It is hoped that

stakeholders will then be able to realise the full benefits such a system has to offer.

6.2 Final Conclusions

The software developed, and the subsequent experiments that were conducted to test its
capabilities, were successful in meeting the objectives defined in this thesis (see Section
. Although these questions have not been definitively answered, due to the limita-
tions of the software and the nature of the experiments, evidence has been produced that
justifies further development of a real-time sheep vocalisation detection system. Future
areas of research have been highlighted, and possible strategies for the improvement of

different aspects of the system have been suggested.

It appears a real-time sheep vocalisation detection system is feasible, and it is hypoth-
esised that a demonstrable, ‘real-world‘ system will be produced in the future. The
software created acts as a ‘proof of concept’, clearly demonstrating that it is possible
to detect sheep vocalisations in real-time, but that further refinement is necessary to
develop a more robust system. Evidence for the successful use of DDWT in audio anal-
ysis has been acquired, providing a novel area of research for sound detection-related

problems. The employment of low-computation statistical measures in deriving features
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from coefficient sub-bands has been explored, and whilst reasonable results were
obtained, further experimentation is needed to understand the performance, and possible
limitations, associated with this approach. The use of an model to discriminate
audio-based DWTlderived features was examined, and from preliminary experiments, the
model produced satisfactory results. Although the effect of distance was hard to isolate
from other related variables, it appears that distance, as well as input level, do have an
effect on the overall detection accuracy of the system. Due to the efficient and minimalist
signal chain, and from monitoring resource usage during operation, the software should
be capable of running on a low-resource device, such as a Raspberry Pi, and in fact, it

may be possible to add additional complexity to the signal chain.

The need for a real-time sheep vocalisation detection system, which could form part
of wider acoustic farm welfare monitoring system, has been demonstrated (see Section
2.3.5)), and it is hoped that the research conducted as part of this thesis provides sufficient

evidence and justification for future development, in order to make this system a reality.



Appendix A
Acronyms

ANN Artificial Neural Network

DSP Digital Signal Processing

DDWT Daubechies Discrete Wavelet Transform
DWT Discrete Wavelet Transform

GFCC Gammatone Frequency Cepstral Coefficient
GMM Gaussian Mixture Model

HMM Hidden Markov Model

LOOCYV Leave-One-Out Cross-Validation
MAE Mean Absolute Error

MFCC Mel-Frequency Cepstral Coefficient
MSE Mean Squared Error

OCC One-Class Classification

OSVM One-Class Support Vector Machine
PARG Precision Agriculture Research Group
PLF Precision Livestock Farming

PLP Perceptual Linear Prediction Coefficient

PNCC Power-Normalized Cepstral Coefficient
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PSoL Positive Sample Only Learning

RBF Radial Basis Function

SVDD Support Vector Data Description
SVM Support Vector Machine

SVMC Support Vector Mapping Convergence

ZCPA Zero Crossing Peak Amplitude
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Software Code

B.1 main.cpp

// Main driver for Audio Detector

#include
#include
#include

#include
#include

<stdio .h>

<vector>

<string>

7" Algorithm . h”
7 CaptureAudio . h”

int menu() {

std :

std ::

std ::

std ::

std ::

std ::

std ::

std ::

:cout

cout

cout

cout

cout

cout

cout

cout

<<
<<
<<
<<
<<
<<
<<
<<
<<
<<
<<
<<

K 7 << std::endl;
”Select:\n”;

"1. Process audio files for SVM model” << std::endl;
72. Optimise and build SVM model from last audio files”
std :: endl;

73. Build default SVM model from last audio files”
std :: endl;

74, Run offline SVM test, using last build”
std :: endl;

5. Run real—time SVM test , using last build”
std :: endl;

70. Quit” << std::endl;
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std :: cout << ”

int c;

std ::cin >> c;

return c;

// main

int main(int argc, charsx argv) {

Algorithm alg;

int
std
alg
std

¢ = menu();

c:vector<std ::string> testNames;
.getTestNames (testNames );
::vector<double> stats;

while ( ¢ 1= 0) {
switch (c¢) {

case 1:
alg.processFiles("svm”);
break ;

case 2:
alg . buildModel (true);
break ;

case 3:
alg . buildModel ( false );
break ;

case 4:

alg . testModel (NULL, testNames,

alg . printStats(stats);
break ;

case 9J:
alg .realTimeTest ();
break ;

case 0:

return 0;

stats);

7 << std

98

:rendl;



APPENDIX B. SOFTWARE CODE 99

break ;
default :
std :: cout << "Make a valid selection from the menu.”

<< std::endl;

menu () ;
break ;
}
¢ = menu();
}
return O;

B.2 ProcessWav.h

#ifndef PROCESSWAV_H
#define PROCESSWAV H

#include <cstdio>
#include <string>
#include <iostream>
#include <fstream>
#include <cstring>
#include <cstdlib>
#include <vector>
#include <stdint.h>

class ProcessWav {

public:

std :: vector<double> openFile(std::string filename);
int writel6Bit (std:: vector<double> dataChunk, std::string filename );

private:
const char riff[5] = "RIFF”, wave[5] = "WAVE",
fmt [5] = "fmt 7, data[5] = "data”;
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FILE xfp;
char fileName;
char chunkID [5];
char format [5];
char subchunklID [5];
char subchunk2ID [5];
char *xsoundBuffer8;
short xsoundBufferl6;
int xsoundBuffer32;
int chunkSize, subchunklSize, sampleRate,
byteRate, subchunk2Size;
short audioFormat, numChannels,
blockAlign , bitsPerSample;
char xwriteFile;
std::string dataDir = "Data/”;
bool fileRead = false;
// functions

int compare(char *a, const char xb, int size);
void fileInfo ();
i

#endif

B.3 ProcessWav.cpp

#include ”ProcessWav.h”

int ProcessWav ::compare(char *a, const char xb, int size) {
while (size— > 0) {
if (xa != xb) {

return —1;
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a++;
b++;
}

return 0;

// open a WAVE file and get the data block

std :: vector<double> ProcessWav :: openFile(std::string filename) {
std :: vector<double> answ;
const char % openName = filename.c_str ();

fp = fopen (openName, "r”);

if(fp != NULL) {
// read first 4 bytes, to check its RIFF
fread (chunkID, 1, 4, fp);
chunkID [4] = "\0;

// check header is RIFF
if (compare (chunkID, riff | sizeof(chunkID)) = 0) {
// read chunk size
fread (&chunkSize , 1, 4, fp);
// read file format type
fread (format, 1, 4, fp);
format [4] = "\0’;

// check header is wave

if (compare(format, wave, sizeof(format)) = 0) {
// read subchunkl ID
fread (subchunklID, 1, 4, fp);

// check header is fmt
if (compare(subchunklID, fmt, sizeof (subchunklID)) = 0) {
// read subchunkl size
fread (&subchunk1Size, 1, 4, fp);
// read audio format (i.e. compression type)
fread (&audioFormat, 1, 2, fp);

// read number of channels
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fread (&numChannels, 1, 2, fp);
// read sample rate
fread(&sampleRate, 1, 4, fp);
// read byte rate

fread (&byteRate, 1, 4, fp);
// read block align
fread(&blockAlign, 1, 2, fp);
// read bits per sample

fread (&bitsPerSample, 1, 2, fp);
// read subchunk2 ID

fread (subchunk2ID, 1, 4, fp);
subchunk2ID [4] = ’\0’;

// check header is data chunk

if (compare(subchunk2ID, data, sizeof (subchunk2ID)) = 0) {
// read subchunk2 size
fread (&subchunk2Size, 1, 4, fp);

// read data section to buffer

if (bitsPerSample = 8) {
soundBuffer8 = (charx)malloc(sizeof (char)xsubchunk2Size);
fread (soundBuffer8 , 1, subchunk2Size, fp);

}

else if (bitsPerSample = 16) {
soundBuffer16 = (shortx)malloc(subchunk2Size);
subchunk2Size /= sizeof(short);

fread (soundBuffer16 , 2, subchunk2Size, fp);

for (int i = 0; i < subchunk2Size; i++)
answ . push_back (soundBuffer16[i]);

}

else if (bitsPerSample = 32) {
soundBuffer32 = (intx)malloc(sizeof (int)*xsubchunk2Size);
fread (soundBuffer32 , 4, subchunk2Size, fp);

}

fileRead = true;
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}

else {
// ERROR — DATA CHUNK NOT FOUND
std :: cout << "Error: Data chunk not found”
<< std::endl;

}
else {

// EROR — FORMAT SECTION ID IS WRONG
std :: cout << "Error — Format section header wrong or not found”

<< std ::endl;

}
else {

// ERROR — NOT A WAV FILE
std :: cout << "Error: Not a .wav file” << std::endl;
}

} else {
// ERROR — FILE HEADER DOES NOT CONTAIN RIFF

std :: cout << ”"Error: Not a RIFF file” << std::endl;

}

else {
// ERROR — COULD NOT OPEN FILE
std :: cout << "Error: Could not open file” << std::endl;

}

// close file stream
fclose (fp);
// success

return answ;

// write a 16—bit WAVE file
int ProcessWav:: writel6Bit (std:: vector<double> dataChunk,
std ::string filename) {

// size of subchunk 1 (FMT chunk)

subchunk1Size = 16;
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// compression format (1 = PCM)

audioFormat = 1;
// number of channels (1 = mono)
numChannels = 1;

// sample rate (44100 KHz)

sampleRate = 44100;

// bit rate (16 bit)

bitsPerSample = 16;

// byte rate

byteRate = (sampleRate * bitsPerSample x numChannels) / 8;
// block align

blockAlign = (numChannels * bitsPerSample) / 8;

// size of subchunk 2 (data chunk)

subchunk2Size = (dataChunk.size () * numChannels * bitsPerSample) / 8;
// chunk size

chunkSize = 4 + (8 + subchunkl1Size) + (8 + subchunk2Size);
//chunkSize = subchunk2Size + 36;

short writeData[dataChunk. size ()];

for (int i = 0; i < dataChunk.size (); i++)
writeData[i] = dataChunk[i];

// set text blocks for header

for (int 1 = 0; i < 4; i++) {
chunkID[i] = riff[i];
format[i] = wave|i];
subchunkl1ID [i] = fmt[i ]

i

subchunk2ID[i] = datal[i];

filename . append (7 .wav”);

const char % cFilename = filename.c_str ();

// write header

fp = fopen(cFilename, "wbh”);
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if(fp != NULL) {

fwrite (chunkID, 1, 4, fp);
fwrite(&chunkSize, 4, 1, fp);
fwrite (format, 1, 4, fp);

fwrite (subchunkl1ID , 1, 4, fp);
fwrite(&subchunk1Size, 4, 1, fp);
fwrite(&audioFormat, 2, 1, fp);
fwrite(&numChannels, 2, 1, fp);
fwrite(&sampleRate, 4, 1, fp);
fwrite(&byteRate, 4, 1, fp);
fwrite(&blockAlign , 2, 1, fp);
fwrite(&bitsPerSample, 2, 1, fp);
fwrite (subchunk2ID, 1, 4, fp);
fwrite(&subchunk2Size, 4, 1, fp);

// write data
fwrite (writeData, (bitsPerSample/8),
(subchunk2Size / (bitsPerSample/8)), fp);
¥
else {
std :: cout << "Error: Could not create .wav file to write to”
<< std::endl;
return —1;

}

return 0;

// print file information
void ProcessWav:: filelnfo () {
// check that a file has been read
if (fileRead) {
// chunk ID (this should be "RIFF”)
std :: cout << "Chunk ID is: ” << chunkID <<"\n”;
// chunk size (i.e. file size)
printf(” Chunk Size is: %d\n”, chunkSize);
// file format (this should be "WAVE")
printf(” File format is: %s\n”, format);
// subchunkl ID (this should be ”"fmt )
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}

printf(” Subchunkl ID is: %s\n”, subchunklID);

// subchunkl Size

printf(” Subchunkl Size is: %d\n”, subchunklSize);
// Audio compression format (1 = PCM)

printf(” Audio compression format is: %d\n”, audioFormat);
// Number of channels (1 = mono, 2 = stereo)

printf (”Number of channels is: %d\n”, numChannels);
// Sample Rate (e.g. 44.1KHz)

printf(” Sample Rate is: %d\n”, sampleRate);

// Byte Rate

printf(” Byte Rate is: %d\n”, byteRate);

// Block Align

printf(” Block Align is: %d\n”, blockAlign);

// Bits Per Sample (i.e. bit rate)

printf(” Bits Per Sample is: %d\n”, bitsPerSample);
// Subchunk2 ID (this should be ”data”)

printf(” Subchunk2 ID is: %s\n”, subchunk2ID);

// Subchunk 2 Size (i.e. size of data section)
printf(” Subchunk2 Size is: %d\n\n”, subchunk2Size);

else {

printf(” Error: File not read\n”);

B.4 ProcessData.h

#ifndef PROCESSDATA H
#define PROCESSDATA H

#include <vector>
#include <math.h>
#include <cmath>

#include <limits>

#include <iostream>
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class ProcessData {
public:
ProcessData ();
void minMax (std::vector< std::vector<double> > &data,
int min, int max, int features);
void minMaxVec (std::vector<double> & data, int min,
int max);
doublex getMin ();
doublex getMax ();
void setMin(double min[], int size);
void setMax(double max[], int size);
std :: vector<double> zScore (std::vector<double> data);
double sEntropy(std::vector<double> data);
double absMean (std :: vector<double> data);
double stdDev (std::vector<double> data);

private:

double xdataMin;
double xdataMax;

}s

#endif

B.5 ProcessData.cpp

#include ”ProcessData.h”
#include 7 Algorithm .h”

ProcessData :: ProcessData () {

dataMin = NULL;
dataMax = NULL;

// perform min max on data set
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// min max is calculated separately for each feature vector
void ProcessData ::minMax (std::vector< std::vector<double> >
&data, int min, int max, int features) {

double dmax = 0, dmin = 0;

dataMax = new double[features|;

dataMin = new double[features|;

for (int i = 0; i < features; i++) {
for (int j = 0; j < data.size (); j++) {
if (j =0) {
dmin = data[j][i];
dmax = data[j]|[i];
}
else if (data[j][i]
dmin = data[j]|[i]
else if (data[j][i] > dmax)
REERY

dmax = data

INARSE
}
dataMax[i] = dmax;
dataMin|[i] = dmin;

double result;

for (int j = 0; j < data.size (); j++) {
result = (((data[j][i]—dmin) / (dmax—dmin))

% (max—min)-+min );

if (lisnan(result))
data[j][i] = result;
else

data[j][i] = O;

// min—max a vector
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// used for normalising incoming windows
void ProcessData ::minMaxVec (std::vector<double> & data,
int min, int max) {
double result ;
for (int 1 = 0; i < data.size(); i++) {
result = (((data[i]—dataMin[i]) / (dataMax[i]—dataMin|[i]))
% (max—min)+min ) ;

if (!isnan(result))
data[i] = result;
else
data[i] = 0;

// shannon entropy

double ProcessData ::sEntropy(std:: vector<double> data) {
double total = 0;
for (int i = 0; i < data.size(); i++) {
if (data[i] != 0)
total += pow(data[i], 2) * loglO(pow(data[i], 2));

return total;
double ProcessData::absMean(std:: vector<double> data) {
double mean = 0;

for (int i = 0; i < data.size (); i++)
mean += std ::abs(data[i]);

mean /= data.size ();

return mean;
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double ProcessData ::stdDev(std:: vector<double> data) {

double var = 0, mean = 0;

// calc mean
for (int i = 0; i < data.size(); i++)
mean += data[1i];

mean /= data.size ();

// calc variance
for (int i = 0; i < data.size(); i++)
var += pow((data[i] — mean), 2);

var /= data.size ();

var = sqrt(var);

return var;

doublex ProcessData :: getMin () {
if (dataMin != NULL)
return dataMin;

else
return NULL;

doublex ProcessData ::getMax () {
if (dataMax != NULL)
return dataMax;

else
return NULL;

void ProcessData::setMin(double min[], int size) {

dataMin = new double[size |;



APPENDIX B. SOFTWARE CODE 111

for (int i = 0; i < size; i++)
i

dataMin[i] = min[i];

void ProcessData ::setMax(double max[], int size) {

dataMax = new double[size |;

for (int 1 = 0; i < size; i++)
i

dataMax[i] = max[i];

B.6 Algorithm.h

#ifndef ALGORITHM_H
#define ALGORITHM H

#include <vector>
#include <iostream>
#include <ctime>
#include <map>
#include <string>
#include <sstream>
#include <thread>
#include <mutex>

#include ”ProcessWav.h”
#include 7 ProcessData.h”
#include "DWTI.h”

#include ”ReadWrite.h”
#include 7 CaptureAudio.h”
#include "DSP.h”

#include 7svm.h”

class Algorithm {
public:
Algorithm ();
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Algorithm (const Algorithm& orig);
virtual ~Algorithm ();
int processFiles(std::string modelType);
int buildModel (bool opt);
int testModel (const svm_model xtestModel,
std :: vector<std ::string> testNames,
std :: vector<double> &stats );
int getTestNames(std::vector<std::string> &tests);
int printStats(std::vector<double> stats);
int loadLastModel(std::string type);
int realTimeTest ();
int buildANN ();
int test ANNOffline ();
private:
ProcessWav pw;
ProcessData pd;
DWT dwt ;
ReadWrite rw;
CaptureAudio ca;
DSP dsp;
int gateThreshold;
int level;
int normMin;
int normMax;
int neuronln, neuronOut, neuronHidden, numLayers;
double xdataMin;
double xdataMax;
int features;
char xlastModel;

const svm_model xmodel;

int kernelMin , kernelMax, cMin, cMax, gammaMin, gammaMax,

coefO0Min , coef0Max, degreeMin, degreeMax;

double cvThres, optlncr, optlncrFine, accThres, fprThres;

std :: vector<std ::map<std :: string , double> > topOpt;
std :: vector<std ::map<std::string , double> > topTest;
std :: mutex barrier;

bool writeWav;
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void processData(std:: vector<double> &data);

void getNode(std:: vector<double> data, svm_node node|[]);

int

getModel (svm_model &model, std::string fileName );

void getDate(std::string &date);

int
int
void
int
int
int
int
int

}s

#endif

B.7

optimiseModel (svim_parameter &param, svm_problem prob);
crossValidation (svm_parameter param, svm_problem prob);
defaultParams (svm_parameter &param );

test Thread (svm_parameter param,

svm_problem prob,

std :: vector<std::string> testNames);
getHash (svm_parameter param,

std ::map<std :: string , double> &map);

kernelName (int kernel, std::string &mame);
printParamInfo (std ::map<std ::string , double> model);
getParams (svm_parameter &param,

std ::map<std ::string , double> map);

Algorithm.cpp

#include 7 Algorithm .h”
#include "DSP.h”

Algorithm :: Algorithm () {

// data min max values for SVM

normMin = 0;

normMax = 1;

)

// threshold for gate
gateThreshold = 20;

// DWT level

leve

1 = 4;
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features = level x 4;

// classwide svm model
model = NULL;

// accuracy thresholds for optimisation routine

cvThres = 80;
fprThres = 10;
accThres = 70;

// optimisation settings
optlncr = 0.25;
kernelMin = 2;
kernelMax = 2;

cMin = —10;
cMax = 0;
gammaMin = —15;

gammaMax = 5;
coefOMin = 0;
coefO0Max = 1;
degreeMin = 1;
degreeMax = 10;

// set to true to write wav files of captured audio

writeWav = false;

Algorithm :: Algorithm (const Algorithm& orig) {

}

Algorithm :: 7 Algorithm () {
}

// process files , for use in machine learning model

int Algorithm :: processFiles(std::string modelType) {

// check audio directory
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system (” /home/bishop /Dev/projects/AudioDetector/findWav.sh”);
std::ifstream audioFiles (7 files.txt”);

std::string filename;

// data stored as [instance]]|features]

std :: vector< std::vector<double> > data;

std :: vector<double> instance;

// open files , normalize (in terms of volume), and add to data
if (audioFiles.is_open()) {

while (std :: getline (audioFiles , filename)) {

instance = pw.openFile(filename);
processData (instance );
data.push_back (instance);

instance . clear ();

// min—max data
features = data[0]. size ();

pd.minMax(data, normMin, normMax, features);

// write data to file , in libsvm format
if (modelType.compare(”svm”) = 0)
rw . writeSVMData (data );

return 0;

// extract features and create data instance
void Algorithm :: processData(std :: vector<double> &instance) {
// mnormalize sound volume

dsp.normalize (instance);
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// pad window
dsp.perPad (instance , (ca.getBufferSize ()
x ca.getOverlapSize ()));

// dwt coefficients as [level][coefficients ]

std :: vector< std::vector<double> > dwtCoef;

// perform DWT
dwt .d8DWT(instance , level , dwtCoef);

instance . clear ();

// extract features

for (int 1 = 0; i < dwtCoef.size (); i++) {
instance . push_back (pd.sEntropy (dwtCoef[i]));

1));

));

instance.push_back (pd.absMean (dwtCoef | i
instance . push_back (pd.stdDev (dwtCoef|i |

// default SVM parameters
void Algorithm :: defaultParams (svm_parameter &param) {
// set SVM type
// 5 = SVDD
param.svm_type = 5;
// set kernel type
// 0 = linear , 1 = polynomial, 2 = RBF, 3 = sigmoid
param. kernel _type = 2;
// set cache size
param. cache_size = 500;
param.shrinking = 0;
param. probability = 0;
param.eps = 0.0001;
param.C = 0.4;
param.gamma = (1 / features);

param . degree = 1;
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param. coef0 = 1;

// cross—validation portion of the optimisation routine
int Algorithm :: crossValidation (svm_parameter param,
svm_problem prob) {
const char xerrorMsg;

double xcv = (double x)malloc ((prob.1)xsizeof(double));

double correct = 0;

// check parameters

errorMsg = svm_check_parameter(&prob, &param);
if (errorMsg != NULL) {
// ERROR

b

std :: cout << ”1ibSVM parameter error: << errorMsg
<< std ::cout;

return —1;

svm_cross_validation (&prob, &param, 10, cv);

for (int i = 0; i < prob.l; i++) {

if (ev[i] = 1)

correct—++;

correct = (correct / prob.1)%100;

if (correct >= cvThres) {
std ::map<std ::string , double> paramMap;

paramMap [” kernel”] = param.kernel_type;
paramMap [” ¢”]| = param.C;
paramMap [” gamma”| = param.gamma;
paramMap [” degree”] = param.degree;
paramMap [” coef(0”] = param.coef0;

[

paramMap[” ¢v”] = correct;
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barrier.lock ();
topOpt . push_back (paramMap ) ;

barrier . unlock ();

return O;

// optimisation routine
int Algorithm :: optimiseModel (svm_parameter &param,
svm_problem prob) {

std :: cout << ”Beginning optimisation process...” << std::endl;

// search for suitable parameters using cross—validation
double cExp = c¢Min, gammaExp = gammaMin, coef0 = coefOMin ,

degree = degreeMin;

// start with defaul params

defaultParams (param );
std :: vector<std::thread> threads;

// test each kernel type
for (int kernel = kernelMin; kernel <= kernelMax; kernel4++) {

param. kernel _type = kernel;

// test C value in range
while (cExp <= cMax) {

param.C = pow (2, cExp);

// linear kernel
if (kernel = 0)
threads.push_back (std:: thread
(&Algorithm :: crossValidation , this, param, prob));
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else {
// test gamma value in range
while (gammaExp <= gammaMax) {

param .gamma = pow (2, gammaExp);

// rbf kernel
if (kernel = 2)
threads.push_back(std:: thread
(&Algorithm :: crossValidation , this, param, prob));

else {
while (coef0 <= coef0Max) {

param. coefO0 = coef(;

// sigmoid kernel

if (kernel = 3)
threads.push_back(std:: thread
(&Algorithm :: crossValidation , this, param, prob));

else {
// polynomial kernel
if (kernel = 1) {
while (degree <= degreeMax) {
param . degree = degree;
threads.push_back (std:: thread
(&Algorithm :: crossValidation , this, param, prob));
degree++;

}

else {
// ERROR
std :: cout << "Error: unknown kernel type ”

<< 7in optimisation test” << std::endl;

return —1;
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degree = degreeMin;
coefO++;

coef0 = coefOMin;

gammalixp += optlncr;

}

gammakxp = gammaMin;
cExp += optlncr;

}

cExp = cMin;

// wait for all threads to finish cross—validation
for (int 1 = 0; i < threads.size (); i++) {
threads[i].join ();

threads. clear ();

std :: cout << 7 After cross—validation , 7 << topOpt.size ()
<< 7 models will ”
<< "now be tested on real data” << std::endl;

topTest.clear ();
std :: vector<std ::string> testNames;
getTestNames (testNames );

// run an offline test for each of the ’best’ value combos
for (int i = 0; i < topOpt.size(); i++) {

// set all parameters

param. kernel_type = topOpt[i][” kernel”];

param.C = topOpt[i][”c¢”];
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param.gamma = topOpt|[i][” gamma” ];
|[7 coef0”];
i][” degree”];

param. coef0 = topOpt|[i
param.degree = topOpt |

threads.push_back(std:: thread(&Algorithm :: test Thread ,
this , param, prob, testNames));

// wait for all threads to finish real data test
for (int 1 = 0; i < threads.size (); i++) {
threads[i].join ();

topOpt. clear ();
std ::map<std ::string , double> top;

// get models with p that meets threshold, and FPR
for (int 1 = 0; i < topTest.size(); i++) {
if (topTest[i][” gmeanl”] >= accThres && topTest[i][” fpr”]
<= fprThres) {
topOpt . push_back (topTest[i]);

// from subset of models, get model with best gmean2
if (topOpt.size() > 1) {
top = topOpt [0];

for (int i = 1; i < topOpt.size (); i++) {
if (topOpt[i]["p”] >= top["p”])
if (topOpt[i][” tpr”] >= top[” tpr”])
if (topOpt[i][” gmean2”] > top[” gmean2”])
top = topOpt[i];

}

// output model info
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std :: cout << "model selected for use is: 7 << std::endl;
printParamInfo (top );

// set params for best model found

getParams (param, top);

return O;

// print parameter info about a test model (used in testing)
int Algorithm :: printParamInfo (std ::map<std ::string , double>
model) {
std :: string name;
kernelName (model [” kernel”], name);
std :: cout << "Test model info: 7 << std::endl
<< "kernel: 7 << name
<< 7, C: 7 << model[”¢”]

<< 7, gamma: 7 << model[” gamma” |
<< 7, degree: 7 << model[” degree”]
<< 7, coef0: 7 << model]” coef0”];

std ::map<std ::string , double >::iterator it = model.find (” correct”);
if (it != model.end())

2 7

std ::cout << 7, Correct: ” << model[” correct”];
it = model. find (" acc”);
if (it != model.end())
std ::cout << 7, ACC: 7 << model[” acc”]
<< 7, P: 7 << model|["p”]

7

<< 7, gmeanl: 7 << model [” gmeanl” |

7

<< 7, gmean2: "7 << model[” gmean2” |;

it = model. find (" tpr”);
if (it != model.end())
std ::cout << 7, TPR: 7 << model[” tpr”]
<< 7, FPR: 7 << model]” fpr”]
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<< 7, TNR: 7 << model[” tnr”]
<< 7, FNR: 7 << model|” fnr”];

std :: cout << std::endl;

return O;

}

// return name of libSVM kernel name
int Algorithm :: kernelName (int kernel, std::string &mame) {
switch (kernel) {
case 0:
name = " linear”;
break ;
case 1:
name = " polynomial”;
break;
case 2:
name = "rbf”;
break ;
case 3:
name = ”sigmoid”
break ;
default :
std :: cout << "Error: Could not discern kernel used in model build”
<< std ::endl;
name = " unknown”;

break ;

return 0;

// use to pass param and return map
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int Algorithm :: getHash (svm_parameter param,

std ::map<std ::string , double> &map) {

map|[” kernel”] = param.kernel_type;
map[” ¢”] = param.C;

map[” gamma” ] = param .gamma;

map|” degree”] = param.degree;
map[” coef0”] = param.coef0;

return 0;

// get params from map
int Algorithm :: getParams(svm_parameter &param,
std ::map<std ::string , double> map) {
param. kernel_type = map[” kernel ”];
param.C = map[” ¢”|;
param .gamma = map|” gamma” |;
param.degree = map[” degree”|;

param. coef0) = map[” coef0”];

return O;

// build an SVM model

int Algorithm :: buildModel (bool opt){
// get training data
std :: vector< std::vector<svm_node> > data;
rw . readSVMData (data );

// create libsvm problem

svm_problem prob;

// number of training data

prob.l = data.size ();

// class labels

prob.y = (doublex)malloc ((prob.1)xsizeof(double));
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svim_node =xtrainData [prob.1];

svmm_node xinstance ;

for (int i = 0; i < data.size(); i++) {
// first node is class label
prob.y[i] = data[i][0].index;

instance = new svm_node[data[i].size ()];

// skip first node, as it is class label
for (int j = 1; j < data[i].size(); j++)

instance [j—1] = data[i][]];
trainData[i] = instance;

}

prob.x = trainData;

const char xerrorMsg;

svm_parameter param:;

if (opt)
optimiseModel (param, prob);

else

defaultParams (param);

// check parameters

errorMsg = svm_check_parameter(&prob, &param);
if (errorMsg != NULL) {
// ERROR
std :: cout << "1ibSVM parameter error: 7 << errorMsg

<< std::endl;

return —1;

// train model
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model = svm_train(&prob, &param);

// save model

time_t now = time(&now );

std::string dataDir = "model /”;

dataDir += ctime(&now);

dataDir.erase(dataDir. find_last_not_of (7 \t\f\v\n\r”)+1);

int error = svm_save_model(dataDir.c_str (), model);

if (error != 0) {
std :: cout << ”Cannot save SVM model to file.\n”;
exit (1);

// write name of last model, and min and max values
dataMin = new double[features|;

dataMax = new double|[features|;

dataMin = pd.getMin ();

dataMax = pd.getMax ()

I

if (dataMin = NULL) {
// ERROR
std :: cout << "Error: Min value not set; last model filename
<< 7and min—max values not written.” << std::endl;
return —1;
} if (dataMax = NULL) {
// ERROR
std :: cout << "Error: Max value not set; last model filename

<< 7and min—max values not written.” << std::endl;

return —1;

} else {

std::string type = "svm_model”;

rw. writeLastModel (dataDir , dataMin, dataMax, features, type);
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return 0;

// load the last model built

int Algorithm ::loadLastModel (std::string type) {
// read name, and min—max values, of last model built
std ::map<std ::string , std::string> dataMap;
rw.readLastModel (dataMap, type);

double dataMin [(dataMap.size () — 1) /
double dataMax[(dataMap.size () — 1) /
std ::string minKey, maxKey;

// set min value for training data range
for (int i = 0; i < (dataMap.size() — 1) / 2; i++) {

std :: ostringstream ss;

ss << 1
minKey = "min” + ss.str();
maxKey = "max” + ss.str ();
if (dataMap.count (minKey) = 1) {
dataMin|[i] = atof(dataMap|[minKey]. c_str ());
} else {
// ERROR

std :: cout << "Error: Could not find min value of training”

<< 7data for loaded model.” << std::endl;

// set max value for training data range

if (dataMap.count (maxKey) — 1) {

dataMax[i] = atof(dataMap|[maxKey]. c_str ());
} else {

// ERROR

std :: cout << "Error: Could not find max value of training”

<< "data for loaded model.” << std::endl;
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}
}
pd.setMin (dataMin, (dataMap.size() — 1) / 2);
pd.setMax (dataMax, (dataMap.size() — 1) / 2);
// load SVM or ANN model from file
if (dataMap.count(” filename”) = 1) {
const char xfilename = dataMap[” filename”]. c_str ();
if (type.compare(”svm_model”) = 0) {
// load model
model = svm_load_model (filename );

if (model = NULL) {
std :: cout << "Error: Model failed to load.”
<< std::endl;

return —1;

¥
// output name of model
std :: cout << "model loaded is: 7 << filename << std::endl;
}
} else {
// ERROR

std :: cout << "Error: Could not find filename of model to load.”
<< std ::endl;

return —1;

I

return O;

// return a list of the test files names
int Algorithm :: getTestNames (std:: vector<std ::string> &tests) {

tests.clear ();
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system (” /home/bishop /Dev/projects/AudioDetector/findTest .sh”);
std::ifstream audioFiles (7 testfiles.txt”);

std::string filename;

if (audioFiles.is_open()) {
while (std :: getline (audioFiles , filename))

tests.push_back(filename );
}
else {

// ERROR

std :: cout << "Error: cannot open file containing names of test files’
<< std::endl;

return —1;

return 0;

// test a model during setp 2 of the optimisation routine
int Algorithm :: test Thread (svm_parameter param,
svm_problem prob,
std :: vector<std ::string> testNames) {
const char xerrorMsg;

// check parameters

errorMsg = svm_check_parameter(&prob, &param);
if (errorMsg != NULL) {
// ERROR
std :: cout << 7"1libSVM parameter error: 7 << errorMsg

<< std::endl;

return —1;

}

const svm_model xtest ;

// train model

test = svm_train(&prob, &param);
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std :: vector<double> stats;
testModel (test , testNames, stats);

// save params

if (stats.size() > 0) {
std ::map<std ::string , double> result;
getHash (param, result);
result [7acc”] = stats [0];

result 7] = stats [1];

2

result [? gmeanl”] = stats [2];

7

result [? gmean2”] = stats [3];

7

result |7 fpr”] = stats

result ;

7 ”

fnr = stats

["p
[
[
result [ tpr”] = stats [4
[
[
result |

K
] [5];

“tnr”] = stats [6];
] [7];

Y

barrier.lock ();
topTest.push_back(result);

barrier . unlock ();

return O;

// print performance metrics
int Algorithm :: printStats(std:: vector<double> stats) {
std ::cout << 7acc: 7 << stats [0] << "%, p: 7 << stats[1]
<< "%, gmeanl: 7 << stats[2] << "%, gmean2”
<< stats [3] << "%, tpr: 7 << stats[4] << "fpr: 7
<< stats [b] << "%, tnr: 7 << stats [6]
<< "%, fnor: 7 << stats[7];

// test a model using offline test data
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int Algorithm :: testModel (const svm_model xtestModel,
std :: vector<std ::string> testNames,
std :: vector<double> &stats) {
// test that model is loaded
if (testModel = NULL) {
loadLastModel ("svm”);

// a data instance

std :: vector<double> instance;

// class label

double predictClass;

// true and false totals in test
double tpr, fpr, tnr, fnr, p, acc;
double a = 0, b=0, ¢ =0, d = 0;

ProcessWav process;

// read, process, then test each file
for (int 1 = 0; i < testNames.size (); i++) {
// get data from file

instance = process.openFile(testNames[i]);

// extract features

processData(instance );

// min—max

pd.minMaxVec(instance , normMin, normMax);

// format for libsvm
svm_node test[instance.size ()+1];
for (int 1 = 0; 1 < instance.size(); i++) {
if (instance[i] != 0) {
test [i].index = i+1;

test [i].value = instance|i];
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// last node is —1, for libsvm
test [instance.size ()].index = —1;

test [instance.size ()].value = 0;

// test instance using model

predictClass = svm_predict (testModel , test);

// determine TP, FP, TN, FN
std::size_t start, pos;

std ::string className;

start = testNames[i].find_last_of (”/”, testNames[i].size()—1);
pos = testNames[i]. find_last_of (”.” , testNames[i].size()—1);
className = testNames[i].substr(start+1, (pos — start)—1);

// if the test filename is numeric only, it’s positive

if (className. find_first_of (71234567890”) >= 0
&& className. find first_of (” abcdefghijklmnopqrstuvwxyz”)
= std::string ::npos) {

if (predictClass = 1)
d++;

else if (predictClass = —1)
c++;

}

// if the test file contains letters, it’'s negative
else if (className. find _first_of (”abcdefghijklmnopqrstuvwxyz”)
>= 0
&& className. find _first_of (71234567890”7) >= 0) {

if (predictClass = 1)
b++;

else if (predictClass = —1)
a++;

}
else {
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std :: cout << "Error: could not discern class label 7

<< "name in offline test” << std::endl;

instance . clear ();

}
// calculate TPR, FPR, TNR, FNR

tpr =d / (¢ + d);

fpr = b / (a + b);
tntr = a / (a + b);
fnr = ¢ / (¢ + d);

// precision
p=d/ (b+d);

// accuracy
acc = ((a+d) / (a+b+c+d)) x 100;

// gMeanl and gMean2
double gMeanl = sqrt(tpr * p);
double gMean2 = sqrt (tpr * tnr);

p *= 100;

tpr *= 100;
fpr x= 100;
tnr x= 100;
fnr x= 100;

gMeanl %= 100;
gMean2 x= 100;

// test for NaN
if (isnan(p))

p=0;
if (isnan(gMeanl))
gMeanl = 0;

if (isnan(gMean2))
gMean2 = 0;
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// store results
stats.push_back (acc);
(p);
stats.push_back (gMeanl);
(gMean2 ) ;
(

(

(

(f

stats.push_back

stats.push_back
tpr);
stats.push_back (fpr);

)

stats.push_back
stats.push_back(tnr);

stats.push_back(fnr

)

return 0;

// run the software in real—time mode
int Algorithm ::realTimeTest () {
std ::string type = "svm_model”;
loadLastModel (type );

// intiate hardware

ca.initAudio ();

short buf[ca.getBufferSize ()];

std :: vector<double> buffer , data;
double predictClass;

int last , matchThres, seq = 0;

// get audio input
for (int i = 0; 1 < 2000; i++) {
ca.getAudio (buf);

// fill the buffer first
if (i < ca.getOverlapSize()) {
for (int j = 0; j < ca.getBufferSize (); j++)
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buffer . push_back (buf[j]);

matchThres = 0;
}
// get data, process it , then test classification
else {
// move data forward, then add new window at the end
for (int j = 0; j < (ca.getBufferSize ()
x (ca.getOverlapSize() — 1)); j++)
buffer [j] = buffer[(ca.getBufferSize() + j) — 1];
for (int j = 0; j < ca.getBufferSize(); j++)
buffer [((ca.getBufferSize() * (ca.getOverlapSize() — 1))
+j) = 1) = buf[j];

// if writeWav is true, write captured audio to wav file
if (writeWav) {
std ::string num;
std :: ostringstream os;
0s << 1;
num = os.str ();
std::string writeName = ”audio/check/rt” + num;
pw.writel6Bit (buffer , writeName);
}
// copy data from buffer
data = buffer;

// send to gate to test amplitude
if (dsp.gate(data, gateThreshold, seq)) {

// extract features

processData(data);

// min—max

pd . minMaxVec(data, normMin, normMax);

// convert to libsvm format

svm_node instance [data.size ()+1];
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getNode (data, instance);

// test classification

predictClass = svm_predict (model, instance);

// check if window is a sequential match
if (predictClass = 1) {
1 A

if (seq — last =
matchThres++;

// if match threshold met, send alert
if (matchThres =— 4) {

std :: string date;
getDate (date );
std :: cout << "DETECTED: 7 << date << std

}

last = seq;

}

else{

matchThres = 0;

data.clear ();

}

seq—+-+;

}

// close audio stream

ca.closeAudio ();

return O;

:rendl;

136
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// return the passed vector in svm_node format

void Algorithm :: getNode(std :: vector<double> data, svm_node node|])

for (int 1 = 0; i < data.size(); i++) {

node[i].index = i+1;
node[i].value = data[i];
}
node [data.size ()].index = —1;
node [data.size ()].value = 0;

// return data and time
void Algorithm :: getDate(std:: string &date) {
time_t now = time(&now );

date += ctime(&now );

date.erase(date.find_last_not_of (7 \t\f\v\n\r”)+1);

B.8 DSP.h

#ifndef DSP_H
#define DSP_H

#include <math.h>
#include <fftw3.h>
#include <vector>
#include <stdlib .h>
#include <cmath>
#include <limits>

class DSP {
public:
DSP ()
void hannWin(short buf[], int len);

137

{
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bool gate(std::vector<double> data, int threshold, int seq);
void zeroPad(std::vector<double> &data, int len);
void constPad(std::vector<double> &data, int len);
void symPad(std:: vector<double> &data, int len);
void perPad(std::vector<double> &data, int len);
void normalize (std:: vector<double> &data);
private:

int gatelLast;

b

#endif

B.9 DSP.cpp

#include "DSP.h”

DSP::DSP() {
}

// mnoise gate
bool DSP:: gate(std:: vector<double> data, int threshold,
int seq) {
if (seq — gateLast =— 1)

return true;

for (int 1 = 0; i < data.size()—2; i++) {
if (abs(data[i]) >= threshold && abs(data[i+1])
>= threshold && abs(data[i+2]) >= threshold) {

gateLast = seq;
return true;

}

else

return false ;
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// pad window with zeroes
void DSP::zeroPad(std::vector<double> &data, int len) {

len —= data.size ();

for (int i = 0; i < len; i++)
data.push_back (0);

// pad window by repeating last value
void DSP::constPad(std:: vector<double> &data, int len) {

len —= data.size ();

for (int 1 = 0; i < len; i++)
data.push_back (data.back ());

// pad window by reversing the order of values (i.e. symetric)
void DSP::symPad(std:: vector<double> &data, int len) {

len —= data.size ();

int pos = data.size()—1;

for (int i = 0; i < len; i++) {
data.push_back(data[pos]);

if (pos > 0)
pos ——;
else

pos = data.size()—1;

// pad window by repeating values sequencially
void DSP::perPad(std::vector<double> &data, int len) {

len —= data.size ();

139
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for (int i = 0; i < len; i++) {
data.push_back (data[i]);

// normalize the sound data, in terms of amplitude
// applying a set gain to the window, based on the peak
void DSP::normalize (std::vector<double> &data) {
short peak = 0, diff;
for (int 1 = 0; i < data.size(); i++) {
if (abs(da a[ ] > peak))
peak = abs(data[i]);

diff = abs((std::numeric_limits<short >::max() — peak));
peak = 1 + (diff / peak);
for (int 1 = 0; i < data.size(); i++)

data[i] x= peak;

// Hann window
void DSP::hannWin(short buf[], int len) {

double multi;

for (int i = 0; i < len; i++) {
multi = 0.5 % (1—cos((2xM_PIxi) / (len—1)));
buf[i] *= multi;

B.10 DWT.h

#ifndef DWTH
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#define DWTH

#include <iostream>
#include <vector>
#include <math.h>

class DWT {
public:
DWT'();
std :: vector<double> haarDWT(std :: vector<double> input );
void d4DWT(std :: vector<double> input, int levels,
std :: vector< std::vector<double> > &data);
void d8DWT(std :: vector<double> input, int levels,
std :: vector< std::vector<double> > &data);

}s

#endif

B.11 DWT.cpp

#include "DWI. h”
#include <math.h>

DWT: :DWT() {
}

// Haar wavelet transform.

// Input vector must be 2°n length!

std :: vector<double> DWT': : haarDWT (std :: vector<double> input) {
std :: vector<double> temp(input.size (), 0);

// test n !=0 and n is power of 2
if (input.size() > 0 && !(input.size() & (input.size()—1)) ) {

int w = input.size ();

for (int i = 0; i < input.size ();i++)
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temp[i] = 0;

while (w > 1) {
w /= 2;

for (int 1 = 0; i <w; i++) {

temp[i] = (input[2%i] + input[2xi+1]) / sqrt(2.0);
temp[i+w] = (input[2*i] — input[2xi+1]) / sqrt(2.0);
}
for (int 1=0;i<(w*2);i++)
input [i] = temp[i];
}
¥
else {
// ERROR
std :: cout << "DWI only accepts inputs of length 2°n”
<< std::endl;
}
return input;

// Daubechies D4 wavelet transform
void DWT::ddDWT(std :: vector<double> input, int levels
std ::vector< std::vector<double> > &data) {
// scaling function coefficients
double h0 = 0.6830127, hl = 1.1830127,
h2 = 0.3169873, h3 = —0.1830127;

// wavelet function coefficients
double g0 = h3, gl = —h2, g2 = hl, g3 = —hO0;

int n = input.size ();

std :: vector<double> output(n);

std :: vector<double> temp;
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int

for

i=20,]=0

(int k = 0; k < levels; k++4) {

if (n>=4) {

while (j < n—-3) {
// high—pass filter — detail coefficients
output [i+(n/2)] = input[j]*h0 + input[j+1]xhl
+ input [j+2]*h2 + input[j+3]*h3;

// low—pass filter — approximation coefficients
output[i] = input[j]*xg0 + input|[j+1]xgl
+ input [j+2]*g2 + input[j+3]*g3;

14+
] =2
}
// high—pass filter — last in sequence
// (periodic treatment)
output [i+(n/2)] = input [n—2]xh0 + input[n—1]xhl
+ input [0]*h2 + input[1]xh3;

// low—pass filter — last in sequence

// (periodic treatment)

output [i] = input [n—2]*g0 + input|[n—1]*gl + input[0]*g2
+ input [1]*g3;
}
1= 0;
=0

// n is now half
n /= 2;

// save the detail coefficients

for (int 1 = n—1; 1 < output.size (); 14++) {

143
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temp . push_back (output [1]);
// std::cout << output[l] << 7, 7;
¥
data.push_back (temp );

temp. clear ();

if (k = levels —1) {
for (int 1 = 0; 1 < n; 1++4)
temp . push_back (output [1]);
data.push_back (temp );
temp. clear ();
}
// copy approximation coefficients to input
for (int 1 = 0; 1 < n; l4+)
input [1] = output|[1];

input.resize (n);

output.resize (n);

// Daubechies D8 wavelet transform
void DWT::d8DWT(std :: vector<double> input, int levels,
std ::vector< std::vector<double> > &data) {
// scaling function coefficients
double hO = 0.32580343, hl = 1.01094572,

h2 = 0.8922014, h3 = —-0.03957503,
h4 = —-0.26450717, h5 = 0.0436163,
h6 = 0.0465036, h7 = —0.01498699;

// wavelet function coefficients
double g0 = —h7, gl = h6, g2 = —h5, g3 = h4d, g4 = —h3,
gh = h2, g6 = —hl, g7 = hO;

int n = input.size ();

std :: vector<double> output(n);
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std :: vector<double> temp;
int 1 =0, j = 0;

for (int k = 0; k < levels; k++) {
if (n>= 8) {
while (j < n=7) {
// high—pass filter — detail coefficients
output[i+(n/2)] = input[j]+«h0 + input[j+1]*xhl

)
+ input [j+2]*h2 + input[j+3]*h3
+ input|[j+4]xh4 + input [j+5]*h5
+ input[j+6]*h6 + input[j+7]*h7;
// low—pass filter — approximation coefficients
output[i] = input[j]*xg0 + input|[j+1]*gl + input[j+2]xg2

+ input [j+3]*g3 + input[j+4]*gd + input[j+5]*gb
+ input[j+6]xgb + input[j+7]|*g7;

1++;
J+= 2

// high—pass filter — last in sequence

// (periodic treatment)

output[i+(n/2)] = input[n—2]xh0 + input[n—1]xhl + input [0]*h2
|*h3 + input[2]+*h4 4+ input[3]xhb

[
+ input |1
[4]%xh6 + input [5]*hT7;

+ input

// low—pass filter — last in sequence

// (periodic treatment)

output [i] = input [n—2]*g0 + input|[n—1]*gl + input[0]*g2
+ input[1]*g3 + input[2]*xg4 + input[3]xgh
+ input[4]*g6 + input [5]xgT;
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j = 0;

// n is now half
n /= 2;

// save the detail coefficients
for (int 1 = n—1; 1 < output.size (); 1++)
temp . push_back (output[1]);

data.push_back (temp );

temp. clear ();

if (k = levels —1) {
for (int 1 = 0; 1 < n; 1+4)
temp . push_back (output [1]);
data.push_back (temp);

temp. clear ();

}

// copy approximation coefficients to input
for (int 1 = 0; | < n; 1+4)
input[1] = output[l];

input . resize (n);

output.resize (n);

B.12 CaptureAudio.h

#ifndet CAPTUREAUDIOH
#define CAPTUREAUDIOH

#include <alsa/asoundlib .h>
#include <iostream>

#include <math.h>
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class CaptureAudio {
public:
CaptureAudio ();
CaptureAudio (const CaptureAudio& orig);
virtual ~CaptureAudio ();
int initAudio ();
int getAudio(short buf[]);
int closeAudio ();
int getBufferSize ();
int getOverlapSize ();
private:
snd_pcm_t xcaptureHandle;
snd_pcm_hw_params_t sxhwParams;
snd_pcm_uframes_t bufferSize;
snd_pcm_uframes_t periodSize;
unsigned int sampleRate;
int channels;

int overlapSize;

int dir;
bool ready;
};
#endif

B.13 CaptureAudio.cpp

#include ”CaptureAudio.h”

CaptureAudio :: CaptureAudio () {
sampleRate = 44100;
channels = 1;

overlapSize = 10;

bufferSize = sampleRate / overlapSize;
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periodSize = bufferSize / 2;

ready = false;

CaptureAudio :: CaptureAudio(const CaptureAudio& orig) {

}

CaptureAudio::~ CaptureAudio() {

}

int CaptureAudio::initAudio() {

int error;

// may need to change from default to actual device name

const char xdeviceName = " default”;

// open device
if ((error = snd_pcm_open(&captureHandle, deviceName,
SND_PCM_.STREAM_CAPTURE, 0)) < 0) {
std :: cout << ”Cannot open audio device: 7
<< snd_strerror (error) << "\n”;

return —1;

// allocate hardware parameter structure
if ((error = snd_pcm_hw_params_malloc(&hwParams)) < 0) {
std :: cout << ”Cannot allocate hardware parameter structure: ”
<< snd_strerror (error) << "\n”;

return —1;

// initialise parameter structure with device capabilities
if ((error = snd_pcm_hw_params_any (captureHandle, hwParams)) < 0)
std :: cout << 7Cannot initialise hardware parameter structure”
<< 7 with device capabilities: ”
<< snd_strerror (error) << "\n”;

return —1;
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// set access mode (e.g. regular or mmap’d) and interleave
// note, interleave doesn’t affect mono inputs
if ((error = snd_pcm_hw_params_set_access(captureHandle ,
hwParams, SND PCM_ACCESS RW_INTERLEAVED)) < 0) {
std :: cout << ”Cannot set access type: 7
<< snd_strerror (error) << "\n”;

return —1;

// set bit rate, endianess, and signed
if ((error = snd_pcm_hw_params_set_format (captureHandle ,
hwParams, SND PCM_FORMATS16 LE)) < 0) {
std :: cout << ”Cannot set bit rate: ” << snd_strerror(error)
<< std ::endl;

return —1;

// set sample rate
if ((error = snd_pcm_hw_params_set_rate_near (captureHandle ,
hwParams, &sampleRate, &dir)) < 0) {

7

std :: cout << ”"Cannot set sample rate: 7 << snd_strerror(error)

<< std::endl;

return —1;

// set number of channels (i.e. 1 = mono, 2 = stereo)
if ((error = snd_pcm_hw_params_set_channels(captureHandle
hwParams, channels)) < 0) {

std :: cout << ”Cannot set number of channels:

<< snd_strerror (error) << std::endl;

return —1;
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// set buffer size
if ((error = snd_pcm_hw_params_set_buffer_size_near
(captureHandle , hwParams, &bufferSize)) < 0) {
std ::cout << ”"Cannot set buffer size: 7
<< snd_strerror (error) << std::endl;

return —1;

// set period size
if ((error = snd_pcm_hw_params_set_period_size_near
(captureHandle , hwParams, &periodSize , &dir)) < 0) {
std :: cout << ”Cannot set period size: 7
<< snd_strerror (error) << std::endl;

return —1;

// apply hardware parameters to device

if ((error = snd_pcm_hw_params(captureHandle, hwParams)) < 0) {
std :: cout << 7Cannot set hardware parameters to device: 7

<< snd_strerror (error) << std::endl;

return —1;

// free structure from memory

snd_pcm_hw_params_free (hwParams ) ;

// prepare audio interface for use
if ((error = snd_pcm_prepare(captureHandle)) < 0) {
std :: cout << 7Cannot prepare audio interface for use: ”
<< snd_strerror (error) << std::endl;
return —1;
}

ready = true;

return O;
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int CaptureAudio:: getAudio(short buf[]) {

int error;

if (ready) {
if ((error = snd_pcm_readi(captureHandle, buf, bufferSize)) < 0) {
std :: cout << 7"Cannot read from audio interface: 7
<< snd_strerror (error) << std::endl;
return —1;

}

// check for overrun
if (error = —EPIPE) {

std :: cout << ”Buffer overrun has occurred” << std::endl;

// prepare audio interface for use
if ((error = snd_pcm_prepare(captureHandle)) < 0) {
std :: cout << 7Cannot prepare audio interface for use: ”
<< snd_strerror (error) << std::endl;
ready = false;

return —1;

}

else
ready = true;
}
}
return O;

int CaptureAudio:: closeAudio () {
if (ready) {
snd_pcm_drain (captureHandle );
snd_pcm _close (captureHandle );
ready = false;

}

else {
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std :: cout << "Cannot close audio interface stream\n”;

return —1;

return 0;

int CaptureAudio:: getBufferSize () {

return bufferSize;

int CaptureAudio:: getOverlapSize () {

return overlapSize;
}

vspacedmm

B.14 findTest.sh

#!/bin /bash

echo ‘ls audio/test /x.wav > testfiles.txt "

B.15 findWav.sh

#!/bin /bash

echo ‘ls audio/*.wav > files.txt "
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