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Machine learning for acoustic mosquito detection

Abstract

Mosquitoes are responsible for over one billion cases of disease and over one
million deaths each year. The data produced during mosquito surveillance
are needed to identify emerging insecticide resistance, facilitate effective and
evidence-led insecticide intervention programmes as well as model current and
future vector-borne disease transmission. Traditional mosquito survey methods
are time-consuming, expensive, and spatially limited. Consequently, many
mosquito distribution models that map the range of these insects rely on small
quantities of poorly spatially distributed occurrence data. There is therefore
an urgent need to develop new mosquito survey methods that can provide
real-time species-specific occurrence and abundant data without human risk.
Here we consider an acoustic detection paradigm, in which the distinctive
‘buzz’ of mosquito flight is used as a characteristic signature for detection
and subsequent species identification. We show it is possible to achieve high
classification accuracy even in data-scarce scenarios, using a combination of
deep learning and wavelet encoding. Additionally, we develop and deploy a
smartphone app that allows mosquito detection at scale and can discriminate
between species with high accuracy. We garner low-resolution labelling for
parts of our data via crowdsourcing, supplementing the high-resolution labels
obtained from experts and publicly release a baseline model and dataset.

The technical materials that underpin this thesis detail development of machine
learning approaches for detecting and identifying events in data, with the
primary focus of finding mosquito flight tones in acoustic time series. Solutions
specific to such audio detection are developed, tested and applied to field-
gathered data. Although the research is specific to one focal application
domain, the approaches developed are generic and were motivated by canonical
problems of low signal-to-noise ratio, sparse data, multiple resolution labelling,
class imbalance, and decision bias. They thus apply to a far wider set of
detection problems, in audio time series and beyond.
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Chapter 1

Introduction

1.1 Overview

Mosquitoes are responsible for over one billion cases of disease and over one million

deaths each year. Malaria alone kills more than 400,000 people each year (World

Health Organization et al., 2019), and viruses carried by mosquitoes, such as yellow

fever, dengue, chikungunya and more recently zika, are spreading and increasingly

impacting on human health.

The goal of this thesis is to produce tools to detect malaria-bearing mosquito species

from their acoustic signature. In doing so, we are able to create systems that help

deliver aid to malaria-stricken areas most in need. Furthermore, in developing

these tools, we are also able to improve on machine learning applications to audio.

These improvements take place in the feature transformation space, the application

of deep learning to scarce and partially labelled data, and at the intersection of

acoustics and Bayesian utility theory.

Mosquito occurrence data is naturally difficult to obtain. However, large-scale

machine learning typically require large volumes of data (Sun et al., 2017). As

a lack of data hinders long-term progress to the overall objective, we dedicate

resources towards novel solutions to acquire data. We achieve this by deploying a

data-efficient algorithm on a low-cost smartphone app in both laboratory and field
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1.2. Problem statement

conditions. In parallel to the data acquisition, we develop offline machine learning

solutions that are limited in structural complexity. We bridge together signal

processing and deep learning to make use of wavelet transformations as mid-level

feature representations. As a result, we outperform human experts on detecting

mosquitoes from expertly labelled acoustic data, where we take a gold-standard

labeller as ground truth. Additionally, we show transferability to other bioacoustic

applications with no hyperparameter re-tuning. Moreover, we show that the model

learns the salient parts of the data and does not classify based on secondary factors

such as the microphone frequency response.

With early prototype systems deployed in Thailand demonstrating proof of concept,

we involve citizen science to accumulate data labels, which allows us to address

a broader range of research problems. We publish data and baseline models to

accelerate research in the wider community. With this additional information

we are able to scale our approach to utilise more sophisticated Bayesian neural

network models to address the data imbalance and user preference on error types

when making classifications. Finally, we investigate ways of extracting maximal

information from the accumulated mixture of data and label sources.

More specifically, the overall goal of the thesis is motivated by the HumBug project,

which we first outline in Section 1.2. Our main contributions are described in

Section 1.3, and we describe the overall structure of the thesis in Section 1.4.

1.2 Problem statement

Traditional mosquito survey methods, such as human landing catches (where the

person conducting the survey uses themselves as bait to attract the mosquitoes),

are time-consuming, expensive, and spatially limited. Furthermore, the surveyor is

exposed to the risk of catching the diseases they are trying to prevent. Consequently,

many mosquito distribution models that map the range of these insects rely on

small quantities of poorly spatially distributed occurrence data. The data produced
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during mosquito surveillance are needed to identify emerging insecticide resistance,

facilitate effective and evidence-led insecticide intervention programmes as well as

model current and future vector-borne disease transmission. There is therefore an

urgent need to develop new mosquito survey methods that can provide real-time

species-specific occurrence and abundant data without human risk.

The HumBug project∗ is a multidisciplinary collaboration between the University

of Oxford and Royal Botanic Gardens, Kew. As part of the project deliverables, we

have developed a novel mosquito survey tool that transforms a budget smartphone

into a sensor that detects and identifies mosquitoes using the acoustic signature of

their flight tone.

HumBug can generate unprecedented levels of urgently needed high-quality, spatially

accurate mosquito occurrence data without incurring any risk to those conducting

the surveys. It is low cost and can be used on other wearable smart devices as well

as low-energy acoustic loggers. The sensor records the time and location, along

with the mosquito flight tone and uploads the data to a central server where the

species are identified using a suite of algorithms.

HumBug was originally funded via a 2014 Google Impact Award and Orchid, and

has, as of 2020, been awarded funding from the Bill and Melinda Gates Foundation,

allowing further development of this innovative system in selected field sites within

Tanzania and the Democratic Republic of Congo.

Working with established partners in Ifakara Health Institute (Tanzania) and the

School of Public Health at the University of Kinshasa (Democratic Republic of

Congo), HumBug will be tested in rural communities to provide high-quality, real-

time data on the diversity, distribution and abundance of malaria-transmitting

mosquitoes. Combining these data with environmental variables from remote

sensing satellite data will also allow us to create dynamic real-time heat maps of

their distribution, providing information to i) healthcare practitioners to better
∗humbug.ox.ac.uk
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1.3. Main contributions

target mosquito control methods, ii) health policymakers to enhance more effective

intervention policies and, iii) the academic community, providing unprecedented

levels of occurrence, behavioural and ecological mosquito data.

1.3 Main contributions

This thesis showcases successful application of machine learning systems of appro-

priate complexity to a range of challenges faced in real-world detection. These

challenges arise out of necessity following our solution to the problem statement of

Section 1.2. We summarise our main contributions as follows:

1. A low-cost smartphone real-time data collection system, with a support vector

machine operating on mel-frequency cepstral coefficient features. We thus

facilitate safe and efficient audio recording of mosquitoes (Li et al., 2017b).

2. Showcasing the effectiveness of wavelet transformations as feature representa-

tions when allied with convolutional neural networks in bioacoustic applications

(Kiskin et al., 2018).

3. Supplying machine learning baselines and labelled data of mosquito audio

recordings thanks to a concentrated collaborative research effort with citizen

science (Kiskin et al., 2019, 2020).

4. Developing and applying a framework that combines Bayesian decision theory

with Bayesian neural networks to perform detection with user-defined utility

functions on imbalanced class data (Kiskin et al., 2020).

5. Extracting maximal information from a mixture of label qualities in various

time resolutions for the purpose of maximising classification performance

(Kiskin et al., 2019).
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1.4 Structure

In Chapter 2, we introduce the reader to necessary background material to cover

the thesis. We define signals and time series, which we refer to frequently. We

also describe the basics of machine learning modelling that we build on in the

thesis, as well as give detail on audio data analysis. In Chapter 3 we supply a

timeline of the HumBug project, with emphasis on key events in the data collection

process, algorithmic design, and resulting academic literature. In Chapter 4 we

present early works which show how deep learning can be used successfully in

a data-scarce scenario when allied with wavelet transformations of audio data

streams. We show that our model remains effective when transferring to other

problem domains and gives interpretable results. In Chapter 5 we explore the

research output which revolves around data collection and modelling under data

and computational constraints. In Chapter 6 we proceed to address a new key

theme – uncertainty in classification, where we talk about why this knowledge

is important and suggest mechanisms for how to best incorporate it. With the

availability of uncertainty, we show that it is possible to incorporate a user utility

into the training objective of a Bayesian neural network. In Chapter 7 we discuss

further work which combines sources of labels at different temporal resolution, as

well as accuracies. Finally, we conclude in Chapter 8 with our main contributions

and future research directions.
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Chapter 2

Machine learning for signal

detection

2.1 Overview

In this chapter we introduce the literature which defines the context necessary

for the research presented in the thesis. In Section 2.2 we discuss foundational

principles which recur throughout the thesis. We define our understanding of a

signal in the context of time series in Section 2.2.2. We then describe the tasks of

regression and classification. We show how characterising parts of time series can

be approached in the classification framework in Section 2.2.4.

We then discuss the role that uncertainty plays in machine learning in Section 2.3,

and introduce the statistical underpinnings which we re-visit in Chapter 6. We

show the effect of measurement noise, incomplete domain coverage and model error.

We examine Bayesian decision theory in Section 2.3.4, which we build on to create

end-to-end systems that take asymmetrical utility into account later in Chapter 6.

In Section 2.4 we introduce a set of model types for classification. We focus on

classifiers which are used as baselines throughout the thesis. In particular, we cover

random forests, the support vector machine, and neural networks.

6



2.2. Foundational principles

We narrow our focus to consider the sub-discipline of audio data analysis in Section

2.5 and describe the higher level data descriptions commonly used in audio processing

and analysis. In Section 2.6 we summarise and conclude.

2.2 Foundational principles

2.2.1 Time series

A time series is a series of data points indexed in time order. Thus it is a sequence of

discrete-time data. A stationary time series is a stochastic process whose statistical

properties such as the mean and variance all do not change when shifted in time

(Box et al., 2015).

A stochastic model for a time series will generally reflect the fact that observations

close together in time will be more closely related than observations further apart

(e.g. kernel methods with an exponentiated quadratic, log-linear models such as

autoregressive methods). In addition, time-series models will often make use of the

natural one-way ordering of time so that values for a given period will be expressed

as deriving in some way from past values, rather than from future values.

With the main objective of the thesis being signal detection, we define our under-

standing of a signal more specifically in the following section.

2.2.2 What is a signal?

We define a signal as information content which characterises an event, or phe-

nomenon of interest. We define an observation as an instance of data, such as an

audio stream. In this thesis we are specifically concerned with extracting signals

from streams of audio data – which typically contain a lot of noise. The underlying

concept of noise in machine learning is fundamental, as noise is present in all

observations made in the real world. We define noise as anything present in the
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2.2.2. What is a signal?

observation that is spurious and extraneous to the information source of interest.

Often noise is introduced due to the limitations of the capturing process. Under

this definition, noise refers to a residual, which is used to explain all the variance in

the data stream that does not bear information regarding the variables of interest.

We discuss sources of noise in more depth in Section 2.3.1.

When the signal s(t) is a stationary stochastic process, its power is defined to be

the value of its correlation function Rs(τ) at the origin:

Rs(τ) ≡ E[s(t)s(t+ τ)]; Ps = Rs(0), (2.1)

where E refers to the expected value. The noise power Pn is similarly related to its

correlation function:

Pn = Rn(0) = E[n2(t)]. (2.2)

Therefore, the Signal-to-Noise Ratio (SNR) is the ratio of mean squares of s and n:

SNR = E[s2]
E[n2] . (2.3)

In a non-stationary time series the signal may manifest itself through a change

in dynamics, and hence the statistics of the time series. We may be interested

in tracking the behaviour of our variable of interest over time to predict future

behaviour, or alternatively be on the lookout for a change in behaviour of the

variable. For the former, it is common to introduce data transforms to remove

non-stationarity to match the assumptions made by many models (Box et al., 2015).

In the second scenario, which is known as change point detection, we are interested

to discover the point where an event may have occurred that caused a change in

the system dynamics. Formally, in statistical analysis, change point detection tries

to identify times when the probability distribution of a stochastic process or the

underlying dynamics of a time series change. In general the problem concerns both

detecting whether or not a change has occurred, or whether several changes might

have occurred, and identifying the times of any such changes. Examples of this

include safety-critical applications, where component failure may have a knock-on

effect on the dynamics of a system.
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2.2.3. Regression

We now discuss in more depth common approaches that underpin information

extraction and event detection in signals.

2.2.3 Regression

In many problem domains, we may be interested in predicting the values of the

time series in the future (or past) based on the data we currently have available.

Prediction within the range of values in the dataset used for model-fitting is

commonly referred to as interpolation. Prediction outside this range of the data

is known as extrapolation. Both interpolation and extrapolation are performed by

regression.

Regression models predict a continuous value, or probability distribution, of the

independent variable given known observations of the dependent variables.

2.2.4 Detection

In the context of the thesis, we consider detection as classification by regressing

continuous data onto a set of indicator variables, one per class, over which we wish

to infer probabilities. To do so, we use functions that provide mappings from the

feature space to class labels, c ∈ C, where C is the set of all possible classes. In

order to achieve this goal we use a likelihood function to convert latent regression

variables to instances of class probabilities. If we set K to be the number of classes,

then the function output f(x) can be passed through an activation function∗, which

squashes the output to an instance of a discrete probability distribution, thus

mapping RK 7→ [0, 1]K .† In binary classification, we only require a one-dimensional

output. This is equivalent to scaling the output to lie between 0 and 1, such that

we can treat the output as the class probability p0 of class 0, and p1 = 1− p0 as

the class probability of class 1. The activation function goes hand-in-hand with
∗The inverse of the activation function is called the link function.
†We note that as

∑K

i=1 pi = 1, the output space is strictly fully defined in [0, 1]K−1.
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2.3. Uncertainty in machine learning

the likelihood. In two-class classification with logistic regression, the outcome (or

response variable) can be modelled by a Bernouilli distribution∗ (Hosmer Jr et al.,

2013). Similarly, the likelihood function for multi-class classification can be derived

from a generalised Bernoulli distribution (also known as the categorical distribution).

The categorical distribution is a discrete probability distribution that describes the

possible results of a random variable that can take on one of K possible categories,

with the probability of each category separately specified (Murphy, 2012). We give

a Bayesian interpretation of the detection problem with multiple classes with the

Bayesian deep learning framework in Chapter 6.

When we make classifications, irrespective of model choice, it is helpful to quantify

predictive uncertainty. The following section addresses various sources of uncertainty

and discusses the frameworks that can help us quantify and propagate it correctly

for making decisions.

2.3 Uncertainty in machine learning

Uncertainty is inherent to the application of machine learning to real-world data,

and can be coherently managed using the mathematics of probability. Probability

theory provides a consistent framework for the quantification and manipulation

of uncertainty and forms one of the central foundations for pattern recognition

(Bishop, 2006, p. 12).

To structure this discussion, we can decompose the sources of uncertainty in the

context of an acoustic detection problem as measurement noise, incomplete domain

coverage, and model error. Probabilistic reasoning helps address the three key areas

outlined as follows.

• To address noisy observations, probability theory helps quantify the expected

value and variability in our observations.
∗Or more generally, a beta-binomial distribution.
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2.3.1. Measurement error

• In terms of the incomplete coverage of the domain, probabilistic modelling

allows us to quantify the expected distribution and density of observations

even in regions of the domain in which observations are more sparse. This

lets us quantify the uncertainty which such sparse data naturally induces.

• In terms of model error, probability helps to understand and quantify the

expected capability and variance in performance of our predictive models when

applied to new data, typically in terms of expected generalisation performance.

We explore each of these sources of error in more depth in the following sections.

2.3.1 Measurement error

The effect of observation error is to diminish the useful information content, which

we refer to as the signal. In the context of audio, errors stem from various sources.

We can further distinguish between random and systematic error. For example,

random additive noise from the environment (in the form of vehicles, wind, etc.)

may mask the signal of interest. On the other hand, a systematic error can be

caused by an inaccurate reproduction in frequencies due to the microphone itself

(microphone spectral response properties can often be obtained from manufacturers

but are very difficult to correct in practice, due to the interplay of acoustics in an

environment). This attenuates various frequencies by different amounts, causing

misrepresentation of the informative signal contents.

The variability impacts not just the inputs or measurements but also the outputs. A

noisy observation may lead to an incorrect class label being assigned for the purposes

of training. For example, our crowdsourced data used in Section 5.5 has entirely

unknown ground truth labels. This can in part be circumvented through an estimate

of labeller accuracy, which may be obtained by calibrating the crowd voting against

carefully constructed training labels. However, this requires additional resources and

still can only provide an estimate. We therefore have multiple sources of uncertainty

(with varying magnitude) stemming from both hand-labelling signal sections, as
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well as from obtaining labels from volunteers, whose behaviour is unknown (and we

may even encounter spam or adversarial behaviour (Difallah et al., 2012)).

2.3.2 Incomplete domain coverage

Furthermore, uncertainty stems from the data collection procedure itself. In statist-

ics, a random sample refers to a collection of observations chosen from the domain

without systematic bias. In practice, it will be difficult to sample without bias.

For example, in the case of mosquito detection, due to the species variation over

geographical regions, we are unable to sample from all possible regions to obtain

unbiased data in pilot studies. By taking biased observations from a domain,

decisions may be made from a model output operating on a sampled expectation

(which does not match the true expectation) of the data.

Data collection is often expensive, taking a significant amount of time to amass

quality datasets for any fairly specific domain. For example, when trying to classify

mosquito species, we are uncertain whether the variability in the statistics of the

sample data demonstrated is due to the species itself, or other contributing factors

such as wingspan length (which is related to fundamental frequency (Clements,

1999)), age or gender. To determine the species, we therefore require a large number

of samples to cover the domain. As the volume of the space required to cover by

samples increases, in order to obtain a statistically sound result, the quantity of

data needed to support a result grows exponentially with the dimensionality. This is

an example of the curse of dimensionality, first introduced as a concept by Bellman

(1961).

These factors combined lead to uncertainty in how well our sample represents the

full dataset, which we need to carefully account for when choosing models and

modelling techniques.
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2.3.3 Model error

A further source of uncertainty is model error. A common aphorism attributed

to British statistician George Box states that “all models are wrong but some are

useful” (Box, 1976). This refers to the notion that a model is an approximation of

a real-world phenomenon, which further constitutes a source of uncertainty. We

differentiate this from uncertainty in the parameters (or hyperparameters) of the

model, which introduces output uncertainty. With reference to our mosquito detec-

tion problem, when using convolutional neural networks the error is compounded

with imperfect hyperparameter search and non-global optimisation. Regardless, the

model may be good enough to distinguish classes, according to a user-defined error

metric such as precision–recall (Davis and Goadrich, 2006). However, quantifying

how certain the model is in its predictions puts the practitioner in a better position

to make informed decisions based on the model outputs.

To summarise, we have uncertainty stemming from measurement noise, an incom-

plete coverage of the domain through the nature of observations, as well as modelling

errors. The modelling errors are due to both inductive bias in model choice as well

as uncertainty in the associated parameters of that model.

Given these limitations, we turn in the next section to a Bayesian framework for

modelling. Many classifiers are deterministic in their formulation, which fundament-

ally limits their ability to be applied to certain problem aspects involving producing

a well-calibrated probability distribution over the output.∗ Given our ability to

understand and quantify probabilities, we would like to make use of models that

output well-calibrated probabilities to make decisions in a principled manner. This

leads to the consideration of Bayesian decision theory.
∗By well-calibrated we mean that the distribution captures the underlying uncertainty of the

system. Well-calibrated probability distributions are obtained by propagating uncertainty both in
parameters and directly via the input, which Bayesian frameworks naturally accomplish.
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Table 2.1: An example of a utility matrix with elements Ukj for a cancer treatment
problem. The rows correspond to the true class, whereas the columns correspond
to the decision.

Decision
Utility Cancer Normal

T
ru
e Cancer 0 -1000

Normal -1 0

2.3.4 Bayesian decision theory

Bayesian decision theory seamlessly combines with Bayesian statistics in a manner

that ensures uncertainty is appropriately incorporated in decision-making tasks.

In using this framework, we are able to quantify the trade-off between various

decisions, by making use of, and propagating, probabilities. An agent operating

under such decision theory uses the concepts of Bayesian statistics to estimate the

expected value of its actions, and update its expectations based on new information.

These agents can be referred to as estimators (Berger, 1985). Any agent expected

to make a decision for a specific task must be informed as to how their choices are

valued. We may imagine that in a task such as medical disease diagnosis, the cost

incurred by the agent in missing a cancer in a patient (a false negative) is greater

than that of diagnosing a false positive (which can be managed and mitigated by

further checks). Therefore, a clear way of defining the goal of a task is to define

a loss function that captures the way in which correct decisions are valued, and

incorrect ones penalised (Bishop, 2006, p. 41). We note that we use the negated

loss function, the utility function (U = −L), to avoid confusion between the loss

function of a neural network, and a loss function associated with decision theory

(which we jointly optimise in Chapter 6).

Suppose that, for a new value of x, the true class is Ck and that we assign x to

class Cj (where j may or may not be equal to k). In doing so, we gain some unit of

utility that we denote by Ukj , which we can view as the k, jth element of a utility

matrix. For instance, in our cancer example, we might have a utility matrix of the
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form shown in Table 2.1. This particular utility matrix says that there is no utility

(and hence no penalty incurred) if the correct decision is made, there is a utility of

−1 if a healthy patient is diagnosed as having cancer, whereas there is a utility of

−1000 (and hence a large penalty of 1000) if a patient having cancer is diagnosed

as healthy. The optimal solution is the one which maximises the utility function.

However, the utility function depends on the true class, which is unknown. For a

given input vector x, our uncertainty in the true class is expressed through the joint

probability distribution p(x, Ck) and so we seek instead to maximise the average

utility, where the average is computed with respect to this distribution, which is

given by

E[U ] =
∑
k

∑
j

∫
Rj

Ukjp(x, Ck) dx. (2.4)

Each x can be assigned independently to one of the decision regions Rj . By

definition, a decision region Rj , one for each class, divides the input space such that

all points in Rj are assigned to class Cj .∗ Our goal is to choose the regions Rj in

order to maximise the expected utility (2.4), which implies that for each x we should

maximise
∑
k Ukjp(x, Ck). We can use the product rule p(x, Ck) = p(Ck|x)p(x) to

eliminate the common factor of p(x). Thus the decision rule that maximises the

expected utility is the one that assigns each new x to the class j for which the

quantity ∑
k

Ukjp(Ck|x) (2.5)

is a maxmimum. This rule is trivial, once we know the posterior class probabilities

p(Ck|x). In the following section we relate classification to the decision framework

defined here.

2.4 Introduction to model classes

The goal in classification is to take an input vector x and to assign it to one of K

discrete classes Ck where k = 1, . . . ,K. In the most common scenario, the classes
∗Note that each decision region need not be contiguous but could comprise some number of

disjoint regions.
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are taken to be disjoint, so that each input is assigned to one and only one class.

The input space is thereby divided into decision regions whose boundaries are called

decision boundaries or decision surfaces. We break down the classification problem

into two separate stages, the inference stage in which we use training data to learn a

model for p(Ck|x), and the subsequent decision stage in which we use these posterior

probabilities to make optimal class assignments. An alternative possibility would

be to solve both problems together and simply learn a function that maps inputs x

directly into decisions. Such a function is called a discriminant function.

In fact, we can identify three distinct approaches to solving decision problems, all

of which have been used in practical applications. These are given, in increasing

order of complexity:

1. Constructing a discriminant function that directly assigns each vector x to a

specific class.

2. Modelling the conditional probability distribution p(Ck|x) in an inference

stage, and then subsequently using this distribution to make optimal decisions.

By separating inference and decision, we gain numerous benefits, as discussed

in Bishop (2006, p. 43). One technique is to model p(Ck|x) directly, for

example by representing the conditional probabilities as parametric models

and then optimising the parameters using a training set.

3. Alternatively, we can adopt a generative approach in which we model the class-

conditional densities given by p(x|Ck), together with the prior probabilities

p(Ck) for the classes, and then we compute the required posterior probabilities

using Bayes’ theorem:

p(Ck|x) = p(x|Ck)p(Ck)
p(x) . (2.6)

While some models may be learned by re-formulating the learning objective to suit

either of these three approaches (e.g. logistic regression, which would fall under a

conditional probability approach, can be re-cast as learning isotropic Gaussians in
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2.4.1. Decision trees

a generative model), we give examples of common learning approaches that can be

interpreted within these three paradigms.

To elaborate on the first approach, a discriminant is a function that takes an input

vector x and assigns it to one of K classes, denoted Ck. For the case of a linear

discriminant, the decision surface is a hyperplane. Examples of this approach

include the margin optimisation objective in support vector machines, which we

discuss in Section 2.4.3.

Examples of the second approach include tree-based methods such as decision trees

or random forests, where we learn class-conditional densities. We examine how

basic decision trees work, how individual decisions trees are combined to make a

random forest, and offer insight into why random forests are commonly used in

classification in Section 2.4.1. Furthermore, we view neural network training under

this category. We introduce neural networks in Section 2.4.4, and expand on the

convolutional neural network architecture, which we utilise throughout Chapters

4 to 7. Similarly, when we use Bayesian neural networks for making decisions in

Chapter 6, the class-conditional probabilities are given by the output of the softmax

function. We re-visit this in detail in Section 6.3.

Examples of generative approaches include naïve Bayes, which learns an approximate

joint distribution, which we re-visit in Chapter 7, and variational autoencoders

which we utilise in Section 5.4.

The classification algorithms we describe here are used throughout the thesis, either

as baselines or due to their computational efficiency for real-world applications.

2.4.1 Decision trees

A decision tree is a flow-chart-like structure, where each internal (non-leaf) node

denotes a test on an attribute, each branch represents the outcome of a test, and

each leaf (or terminal) node holds a class label. The topmost node in a tree is the

root node.
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2.4.1. Decision trees

A tree is built by splitting the source set, constituting the root node of the tree,

into subsets – which constitute the successor children. The splitting is based on a

set of splitting rules based on classification features (Quinlan, 1987). This process

is repeated on each derived subset by recursive partitioning. The recursion is

completed when the subset at a node has all the same values of the target variable,

or when splitting no longer adds value to the prediction according to a range of

possible stopping criteria (Hothorn et al., 2006).

In this thesis we describe the quality of split metric which is used in the scikit-learn

implementation, the Gini impurity. The Gini impurity, IG, is a measure of how

often a randomly chosen element from the set would be incorrectly labelled if it was

randomly labelled according to the distribution of labels in the subset.∗ The Gini

impurity can be computed by summing the probability pi of an item with label i

being chosen multiplied by the probability of a mistake in categorising that item,∑
k 6=i pk. It reaches its minimum (zero) when all cases in the node fall into a single

target category. For a set of items with K classes, suppose i ∈ {1, 2, ...,K}, and let

pi be the fraction of items labelled with class i in the set. Then,

IG(p) =
K∑
i=1

pi
∑
k 6=i

pk =
K∑
i=1

pi(1− pi) =
K∑
i=1

pi −
K∑
i=1

pi
2 = 1−

K∑
i=1

pi
2. (2.7)

A drawback to common approaches with decision trees is that trees that are grown

very deep tend to overfit their training sets, i.e. have low bias, but very high

variance.† Random Forests (RFs) provide a way of averaging multiple deep decision

trees, trained on different parts of the same training set, with the goal of reducing

the variance (Friedman et al., 2001, pp. 587–588). This comes at the expense of a

small increase in the bias and some loss of interpretability, but generally boosts the

performance in the final model. We discuss these in more depth in the following

section.
∗In this sense, the Gini impurity, is a variation of the usual entropy measure for decision trees.
†The bias-variance decomposition under a mean square error states that the predictive error

can be decomposed into a fixed sum of irreducible noise error, a bias term, and a variance term
(Domingos, 2000).
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2.4.2 Random forests

The training algorithm for random forests∗ applies the general technique of bootstrap

aggregating, or bagging, to decision tree learners. Given a training set X =

{x1, . . . ,xN} with responses Y = {y1, . . . , yN}, bagging repeatedly (B times) selects

a random sample with replacement of the training set and fits trees to these samples:

1. Sample, with replacement, N training examples from {X,Y}; call these

{Xb,Yb}.

2. Train a classification tree fb on {Xb,Yb}.

After training, predictions for unseen samples x∗ can be made by taking the majority

vote from all the individual classification trees on x∗.

This bootstrapping procedure leads to better model performance because it decreases

the variance of the model, without increasing the bias. This means that while

the predictions of a single tree are highly sensitive to noise in its training set, the

average of many trees is not, as long as the trees are not correlated. Simply training

many trees on a single training set would give strongly correlated trees; bootstrap

sampling is a way of de-correlating the trees by showing them different training

sets.

In addition to the bagging procedure described above, random forests use a modified

tree learning algorithm that selects a random subset of the features at each candidate

split in the learning process. In the ordinary bootstrap procedure, if one or a few

features are very strong predictors for the response variable, these features will be

selected in many of the B trees, causing them to become correlated. Due to the

random feature selection, the trees are more independent of each other compared to

regular bagging, which often results in better predictive performance (Pal, 2005).
∗The word forest itself implies the existence of many trees.
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2.4.3. Support vector machines

2.4.3 Support vector machines

A Support Vector Machine (SVM) is a discriminant classifier that attempts to

find the optimal hyperplane between the classes. Optimality here is defined as the

maximal margin between the classes and the hyperplane as defined by the support

vectors. Leeway is given for some misclassification either side of the margin in the

soft margin version of the SVM. The SVM is also part of a larger set of methods

known as kernel methods in which the feature space can be transformed into a

high-dimensional feature space through the use of a kernel function. The hyperplane

is then found in this feature space. In this way, the SVM can learn non-linear

decision boundaries.

As defined under the categorisation in Section 2.4 that we adopt from Bishop (2006),

the SVM directly obtains a discriminant function and so does not natively provide

posterior probabilities.

We begin our discussion of SVMs by considering the two-class classification problem

using linear models of the form

y(x) = w>φ(x) + b, (2.8)

where φ(x) denotes a fixed feature-space transformation, and we have made the

bias parameter b explicit. Note that we shall shortly introduce a dual representation

expressed in terms of kernel functions, which avoids having to work explicitly in

feature space. The training dataset comprises N input vectors x1, . . . ,xN , with

corresponding target values t1, . . . , tN , where tn ∈ {−1, 1}, and new data points x

are classified according to the sign of y(x). We shall assume for the moment that

the training dataset is linearly separable in feature space, so that by definition there

exists at least one choice of the parameters w and b such that a function of the

form (2.8) satisfies y(xn) > 0 for points having tn = +1 and y(xn) < 0 for points

having tn = −1, so that tny(xn) > 0 for all training data points.

The SVM approaches this problem through the concept of the margin, which is
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2.4.3. Support vector machines

defined to be the smallest distance between the decision boundary and any of the

samples. In SVMs the decision boundary is chosen to be the one for which the

margin is maximised.

As shown in Bishop (2006, Ch. 7), the maximum margin classification problem can

be formulated in its primal form as the constrained optimisation

arg min
w,b

1
2 ||w||

2, (2.9)

with the condition that

tn(w>φ(xn) + b) ≥ 1, n = 1, . . . , N. (2.10)

We can introduce Lagrange multipliers an ≥ 0, with one multiplier an for each of

the constraints in (2.10), giving the Lagrangian function

L(w, b,a) = 1
2 ||w||

2 −
N∑
n=1

antn(w>φ(xn) + b)− 1. (2.11)

Eliminating w and b from L(w, b,a), through differentiation with respect to the

parameters (Bishop, 2006, Ch.7), gives the dual representation of this problem, in

which we maximise

L̂(a) =
N∑
n=1

an −
1
2

N∑
n=1

N∑
m=1

anamtntmk(xn,xm) (2.12)

with respect to a, subject to the constraints

an ≥ 0 n = 1, . . . , N, (2.13)
N∑
n=1

antn = 0, (2.14)

where the kernel function is defined by k(x,x′) = φ(x)>φ(x′). The maximisation

takes the form of a quadratic programming problem in which a quadratic function

is optimised subject to a set of inequality constraints. Approaches to solve this are

covered in Bishop (2006, Ch. 7).

The solution to a quadratic programming problem in M variables in general has

computational complexity that is O(M3). By re-writing as the dual formulation of
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2.4.3. Support vector machines

Equation (2.12), we have turned the original optimisation problem of minimising

||w|| over M variables∗ into an optimisation over N variables. For a fixed set of

basis functions, whose number M is smaller than the number N of data points, the

move to the dual problem appears disadvantageous. However, it allows the model

to be reformulated using kernels, and so the maximum margin classifier can be

applied efficiently to feature spaces whose dimensionality exceeds the number of

data points, including infinite feature spaces.

SVMs provide a solution to the application of models of fixed basis functions to

large-scale problems. One advantage of SVMs is that, although the training involves

nonlinear optimisation, the objective function is convex, and so the solution of the

optimisation problem is relatively straightforward. The number of basis functions in

the resulting models is generally much smaller than the number of training points,

although it is often still relatively large and typically increases with the size of the

training set.

An alternative approach is to fix the number of basis functions in advance but

allow them to be adaptive – in other words to use parametric forms for the basis

functions in which the parameter values are adapted during training. The most

successful model of this type in the context of pattern recognition is the feed-forward

neural network, also known as the Multi-Layer Perceptron (MLP)†, discussed in the

following section. For many applications, the resulting model can be significantly

more compact, and hence faster to evaluate, than a support vector machine having

the same generalisation performance. The price to be paid for this compactness

is that the likelihood function, which forms the basis for network training, is no

longer a convex function of the model parameters. In practice, however, it is often

worth investing substantial computational resources during the training phase in

order to obtain a compact model that is fast at processing new data. We elaborate

on such models in the following section.
∗M is the dimensionality of φ(x), as well as w.
†In fact ‘MLP’ is really a misnomer, because the model comprises multiple layers of regression

and non-linearities rather than multiple perceptrons (Bishop et al., 1995, p.226).
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Figure 2.1: Neural network architecture. For clarity the diagram displays connections
for a few units. Each layer is fully connected with activation functions. The number
of layers are denoted l = 1, . . . , L, with L = 4. The activations at layer l are denoted
al. The input x forms activation layer 1, a1. We denote the number of units in the
second and third layers as P and Q respectively.

2.4.4 Neural networks

In a feed-forward neural network, each layer consists of a number of units (or

neurons) that compute a weighted linear combination, z = w>x + b, of the layer

input, followed by an element-wise non-linearity, σ(z). The model parameters

consist of the combined set of neural network weights, W, and biases, b.

To be precise, we use wljk to denote the weight for the connection from the kth

neuron in the (l− 1)th layer to the jth neuron in the lth layer. We show an example

four-layer configuration in Figure 2.1.

Using vector notation, we can describe the activation at layer l as a function of the

previous layer as follows:

al = σ(Wlal−1 + bl), (2.15)

where the activation vector al has components that are the activations alj . The

entries of the weight matrix Wl are the weights connecting to the lth layer of

neurons, that is, the entry in the jth row and kth column is W l
jk. Similarly, for each

layer l we define a bias vector, bl. Traditionally, choices for the activation function

σ included the family of sigmoidal functions, with the most prominent member
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2.4.4. Neural networks

being the logistic function

σ(z) = 1
1 + e−z

. (2.16)

We will consider a network with L layers. The network input is represented by

x = a1, and its output by aL, the activation of the output layer L. We denote the

remaining intermediate layers from l = 2, . . . , L− 1 as hidden layers. The network

computes a function of the input. The output aL of this function is a prediction of

one or more quantities of interest. We will use y to represent the desired output

(target) corresponding to the network input x.

During training, the parameters of all layers of the network are jointly optimised to

make the output aL approximate the desired output y as closely as possible. As

a result, the hidden layers will learn to produce representations of the input data

that are useful for the task at hand, and the output layer will learn to predict the

desired output from these representations. We can write the prediction error in the

output layer L as δL = aL − y. To quantify how well we are achieving this goal, we

define a cost function∗, C(W,b).

The idea is to use gradient descent to find the weights wk and biases bl which

minimise our cost function C. We can re-state the gradient descent update rule in

terms of the weights and biases as components:

wk → w′k = wk − η
∂C

∂wk
, (2.17)

bl → b′l = bl − η
∂C

∂bl
, (2.18)

where η is a hyperparameter, the learning rate. Given these quantities, via back-

propagation it is possible to derive the expressions for the derivative of the cost

function with respect to the parameters. We refer the reader to Nielsen (2015) for

a detailed derivation. For the purpose of the thesis, we summarise the process of

training a neural network with gradient descent over a dataset of size N as follows:

1. Input a set of N training examples, X.
∗Sometimes referred to as a loss or objective function.
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2.4.4. Neural networks

2. For each training example x: set the corresponding input activation, a1, and

perform the following steps:

a) Feedforward: for each l = 2, 3, , . . . , L compute zx,l = wlax,l−1 + bl and

ax,l = σ(zx,l).

b) Compute the output error, δx,L, which is derived via the chain rule at

the last layer as δx,L = ∇aCx � σ′(zx,L).∗

c) Backpropagate the error: for each previous layer l = L− 1, L− 2, . . . , 2

compute the error at layer l, δx,l.

3. Gradient descent: for each l = L,L− 1, . . . , 2 update the weights according to

the rule wl → wl − η
N

∑
x δ

x,l(ax,l−1)>, and the biases according to the rule

bl → bl − η
N

∑
x δ

x,l.

The steps above capture the essence of training neural networks. Improvements can

be made to the training procedure by choosing an appropriate cost function Cx,

regularising the weights, and employing techniques for dealing with difficulties in

training associated with gradients. For example, a common issue in neural networks

trained with sigmoidal activation functions is the vanishing gradient problem. In

essence, when backpropagating the error from the final layers to the initial layers,

the gradient, which is calculated via the product of the errors, has a tendency to

vanish due to the errors δ becoming increasingly small (due to the derivative of the

sigmoid function). Commonly, an alternative choice to the sigmoid function is the

rectified linear function

σ(z) = max(z, 0), (2.19)

which leads to Rectified Linear Units (ReLUs) (Nair and Hinton, 2010). Increasing

the weighted input, z, to a ReLU will never cause it to saturate, and so there is

no corresponding learning slowdown from vanishing gradients. On the other hand,

when the weighted input to a ReLU is negative, the gradient vanishes, and so the
∗The � operator (Hadamard product) denotes element-wise multiplication.
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2.4.4.1. Convolutional neural networks

neuron stops learning entirely. These are just two of the many issues that make it

non-trivial to understand when and why ReLU perform better than the sigmoid

(Nielsen, 2015). For a deeper discussion on different activation functions, we refer

the reader to Karlik and Olgac (2011).

An extension on regular gradient descent is to use stochastic gradient descent (SGD).

In SGD, the true gradient of the cost function is approximated by a gradient at a

single example:

w → w − η∇Ci(w). (2.20)

A compromise between computing the true gradient and the gradient at a single

example is to compute the gradient against more than one training example (called

a mini-batch) at each step. This can perform significantly better than SGD as

in (2.20), because the code can make use of vectorisation libraries rather than

computing each step separately. It may also result in smoother convergence, as

the gradient computed at each step is averaged over a greater number of training

examples.

Furthermore, for architectures used throughout the thesis, the optimiser Adam

(Kingma and Ba, 2014) can be looked at as a combination of SGD with momentum

and squared gradients to scale the learning rate (Kadambe and Srinivasan, 2006).

2.4.4.1 Convolutional neural networks

By definition, Convolutional Neural Networks (CNNs) are neural networks that use

convolution in place of general matrix multiplication in at least one of their layers.

They can be used when the input data exhibits some kind of topological structure,

like the ordering of image pixels in a grid, or the temporal structure of an audio

signal. In both of these media we expect there to be a strong correlation between

neighbouring spatial values (or pixels). CNNs contain two types of layers with

restricted connectivity: convolutional layers and pooling layers. A convolutional

layer takes a stack of feature maps as input and convolves each of these with a set
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Figure 2.2: Example of a typical convolutional neural network used to detect two
classes from a three-channel (RGB) image of size 32× 32, parameterised as detailed
in the figure.

of learnable filters to produce a stack of output feature maps. This is efficiently

implemented by replacing the matrix-vector product Wlal−1 in Equation (2.15)

with a sum of convolutions. The set of output activations from one feature map, al

can be expressed as:

al = σ(b + Wl ∗ al−1), (2.21)

where the input feature map∗ is denoted by al−1, and ∗ is the convolution operation,

and W now refers to the learnable filters.

For example, in an RGB image with 3 channels, when we arrange the neurons in

a three channel two-dimensional grid as shown in Figure 2.2, for the j, kth hidden

neuron in the feature map the output of the convolution with the filter W ∈ R5x5

is:

σ

(
b+

5∑
l=1

5∑
m=1

wl,maj+l,k+m

)
, (2.22)

where b is the shared value for the bias, wl,m is a 5× 5 array of shared weights, and

ax,y denotes the input activation at position (x, y).

By replacing the matrix product with a sum of convolutions, the connectivity of

the layer is effectively restricted to take advantage of the input structure and to

reduce the number of parameters. Each unit is only connected to a local subset of

the units in the layer below, and each unit is replicated across the entire input.
∗The input layer activation a1 is the original data point x.
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2.4.4.1. Convolutional neural networks

This reduction in parameters can drastically improve generalisation performance

and make the model scale to larger input dimensionalities. Because convolutional

layers are only able to model local correlations in the input, the dimensionality of

the feature maps is often reduced between convolutional layers by inserting pooling

layers. This allows higher layers to model correlations across a larger part of the

input, albeit with a lower resolution. A pooling layer reduces the dimensionality of

a feature map by computing some aggregation function (typically the maximum or

the mean) across small local regions of the input (Boureau et al., 2010).

For example, we can think of max-pooling as a way for the network to ask whether

a given feature is found anywhere in a region of the image. It then throws away

the exact positional information. The intuition is that once a feature has been

found, its exact location is not as important as its rough location relative to other

features. A big benefit is that there are many fewer pooled features, and so this

helps reduce the number of parameters needed in later layers. The pooling also

makes the model invariant to small translations of the input, which is a desirable

property for modelling images and many other types of data.

By alternating convolutional and pooling layers, higher layers in the network see a

progressively more coarse representation of the input. As a result, these layers are

able to model higher-level abstractions more easily because each unit is able to see

a larger part of the input.∗ CNNs constitute the state of the art in many computer

vision problems. Since their effectiveness for large-scale image classification was

demonstrated, they have been ubiquitous in computer vision and audio analysis

research (Krizhevsky et al., 2012; Razavian et al., 2014; Dieleman and Schrauwen,

2014; Hershey et al., 2017)

Having given an overview of the fundamentals, as well as a range of models and

their applicability, we narrow down our focus to the domain of audio data analysis,

as subsets of time series and detection as defined in Sections 2.2.1 and 2.2.4.
∗This concept can be extended further to dilated convolutions (van den Oord et al., 2016).
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2.5. Audio data analysis

2.5 Audio data analysis

Audio signals are a proxy representation of sound. Sound is a vibration that

propagates as an acoustic wave, through a transmission medium such as a gas,

liquid or solid. Audio signals are continuous in both time and amplitude. To store

them in digital form as time series, however, the signals need to be quantised in

both of these dimensions. This is referred to as Pulse-Code Modulation (PCM).

In a PCM stream, the amplitude of the analogue signal is sampled regularly at

uniform intervals, and each sample is quantised to the nearest value within a range

of digital steps. The process of sampling, given a sample rate at twice the maximum

frequency of interest∗ fully preserves (lossless transform) a band-limited signal.

However, quantising to discrete values in amplitude is a lossy transform (creates an

approximation of the original).

The commonly used WAVE file format (*.wav) is a form of storing the unmodified

sequence of PCM numbers. Other audio file formats, such as MP3 (*.mp3), or

OGG vorbis (*.ogg) (Moffitt, 2001) compress the sequences with lossy schemes

that remove information the human ear is insensitive to, to reduce the amount

of required storage space. We show an example mono WAVE audio signal of a

mosquito in flight for five seconds, which is sampled at 44.1 kHz in Figure 2.3. The

following description of feature representations in audio will refer back to this figure

for illustrations of each transformation.

In the field of audio signal analysis, mid-level representations are often extracted

from digital audio signals and operated on instead (Muller et al., 2011). The

representations typically match more closely how humans perceive sound – as

varying patterns of frequencies over time. Mid-level representations derive their

name by holding the middle ground between low-level representations (i.e. raw

audio signals) and high-level symbolic representations of music such as musical

notation. The most commonly used mid-level representations are time-frequency
∗Plus a buffer for imperfect anti-aliasing filters.
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Figure 2.3: Mosquito WAVE audio file (top), with feature representations of
increasing saliency from top to bottom.
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2.5. Audio data analysis

representations. Instead of describing the amplitude of the signal as it varies over

time, they describe the amplitudes or energies of the signal in various frequency

bands, as they vary over time on a much coarser timescale (Zölzer, 2011). In effect,

these representations trade temporal resolution for frequency resolution.∗

Many commonly used time-frequency representations are based on spectrograms.

A spectrogram of a signal can be obtained by computing the short-time Fourier

transform (STFT) of short windows that usually overlap partially. From these

transformed windows, power spectra can be obtained that indicate the energy in

various frequency bands within each window. Each of these constitutes a frame.

The successive frames are concatenated into a matrix to form the spectrogram.

To illustrate the STFT and provide insight, we begin by describing the Fourier

transform (FT)†, which is the fundamental transformation upon which the majority

of mid-level representations are formed:

FT{x(t)}(ω) ≡ X(ω) =
∫ ∞
−∞

x(t)e−iωt dt. (2.23)

The FT decomposes a function (often a function of time, or a signal) into its

constituent frequencies. The term Fourier Transform refers to both the frequency

domain representation and the mathematical operation that associates the frequency

domain representation to a function of time. The FT of a function of time is itself

a complex-valued function of frequency, whose magnitude (modulus) represents the

amount of that frequency present in the original function, and whose argument is

the phase offset of the basic sinusoid in that frequency.

Because we are interested in how these frequency components vary over time,

the function to be transformed x(t) is multiplied by a window function which is

nonzero for only a short period of time. The FT (a one-dimensional function) of

the resulting signal is taken as the window is slid along the time axis, resulting in a
∗This is a direct result of the Heisenberg uncertainty principle, which states that the product

of time and frequency resolution is fixed, which we return to in Chapter 4.
†We give all definitions in continuous time, but note that the integral is replaced with a finite

sum in discrete time for real signals.
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two-dimensional representation of the signal. Mathematically, this is written as:

STFT{x(t)}(τ, ω) ≡ X(τ, ω) =
∫ ∞
−∞

x(t)w(t− τ)e−iωt dt, (2.24)

where w(τ) is the window function, commonly a Hann window or Gaussian window

centred around zero. X(τ, ω) is essentially the FT of x(t)w(t−τ), a complex function

representing the phase and magnitude of the signal over time and frequency.

We showcase the STFT, with 1024 frequency bins, with the Hann window function,

of our WAVE mosquito recording in Figure 2.3.

Spectrograms are often post-processed further to better match the properties of

human perception. The frequencies in the spectrogram are often converted to

a logarithmic scale, to match our logarithmic perception of loudness at different

pitches (Varshney and Sun, 2013). One such example is the mel spectrogram, which

is commonly used in speech processing. The mel scale∗ is a perceptual scale of

pitches judged by listeners to be equal in distance from one another. The equation

for mapping the frequency, f , in Hz to the mel scale, m, is given as

m = 2595 log10

(
1 + f

700

)
. (2.25)

We show a mel-encoded spectrogram of our mosquito in flight in Figure 2.3. The

tiling of the frequencies can be contrasted to that of the STFT, which we plot in a

linear frequency scale for clearer comparison between the two. The mel scale assigns

greater frequency resolution to low-frequency events, and higher time resolution to

high-frequency events. A more general form, from which Fourier-related windowed

features can be derived, can be expressed with wavelet transforms. With wavelets

we have the flexibility to tile the time-frequency plane arbitrarily, and are not

restricted to a rectangular grid. We explore, contrast, and compare wavelet features

in more depth in Chapter 4.

The mel spectrogram can then be further de-correlated by taking a discrete cosine

transform (DCT) to form mel-frequency cepstral coefficients (MFCCs). The DCT
∗The name mel is derived from the word melody to indicate that the scale is based on pitch

comparisons.
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de-correlates the energies which means diagonal covariance matrices can be used to

model the features in e.g. a Hidden Markov Model (HMM) classifier. Furthermore,

commonly only a subset of DCT coefficients are kept. This is because the higher

DCT coefficients represent fast changes in the filterbank energies, which often are

attributed to noise in the higher energy spectra.

Further specialised high-level features exist, such as the chroma representation which

partitions frequencies into twelve categories, whose tuning approximates to the

equal-tempered scale. One main property of chroma features is that they capture

harmonic and melodic characteristics of music, while being robust to changes in

timbre and instrumentation (Müller, 2007). These would be particularly useful

for classifying music pieces written in that scale into notation. For the example

mosquito signal in Figure 2.3, it can be shown that the mosquito holds a near

constant pitch at F# throughout its flight path, with slight warbles in pitch.∗

We note a common theme amongst levels of feature representation. In general, the

less capable the classifier is at forming latent representations, the more salient the

level of features tend to be used. For example, this applies to MFCCs, which have

been paired with classifiers that make strong assumptions about the underlying

data (such as de-correlated features in the case of the HMM). Furthermore, it has

been common practice to stack together a set of high-level feature representations

into feature vectors, fine-tuned to specific applications. Humphrey et al. (2013)

and Espi et al. (2015) have attributed the stagnation to performance in the field of

audio analysis to this overly hand-crafted approach.

In contrast, more general Fourier or wavelet features pair well with models such as

convolutional neural networks, which discover hierarchical feature representations.

As a final note, there has been some limited success in working directly with raw

time series to discover spectral-like representations (Dieleman and Schrauwen, 2014).

In our work, due to the difficulty of obtaining sufficient labelled training data for
∗The fundamental frequency of the mosquito is approximately 370Hz which corresponds to the

fourth overtone of F#0 = 23.12Hz, F#4 = 369.99Hz.
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full end-to-end learning, empirically we observed performance degradation when not

utilising mid-level representations. This thesis therefore does not focus on learning

from raw time series directly. We note, however, that further progress made in this

area may lead to raw time series becoming the input representation of choice in the

future.

2.6 Chapter summary

In this chapter we have provided an overview of machine learning approaches

for signal detection. Section 2.2.2 defines our understanding of signals. Section

2.2.4 offers an introduction to time series, and discusses how classification can

be performed based on regressing from a latent space of real numbers to class

probabilities. We have covered the paradigms for training supervised classifiers,

and common approaches to modelling that recur in later chapters of the thesis.

The methods include decision trees and random forests (Section 2.4.1), the support

vector machine (Section 2.4.3), and neural networks (Section 2.4.4).

In Section 2.5 we covered the foundational principles related to the signal processing

aspects of audio. Additionally, we have reviewed popular feature representations

that have been ubiquitous in signal processing applications. This chapter has

therefore provided us with the prerequisite knowledge to apply machine learning at

the intersection of signal processing.
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Chapter 3

The HumBug project

3.1 Overview

In this chapter we provide an overview to the background and context of the project

that motivated the core research of this thesis. We begin with prior research that

was used as the foundation for further work in Section 3.2. We describe the timeline

of the project in Section 3.3. In this timeline we explore the evolution of the project,

breaking down the work into key events in data collection, deployment applications,

and corresponding research contributions. This chapter provides motivating context

for the remainder of the thesis and indicates the reasoning behind the research

directions taken in the later chapters.

3.2 Acoustic detection prior work

In its infancy in 2015, without data available specific to the HumBug project,

mosquito detection methods were operating on what was known about the acoustics

of mosquitoes in the literature. We refer the reader to Warren et al. (2009)

which gives a detailed breakdown of how the sound plays an important role in

mosquito behavioural patterns, such as location and mating. Importantly, the

wingbeat produces a tone that is proportional the wingbeat frequency, which forms

audible sound with harmonic content (Clements, 1999). Table 3.1 shows that this
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3.2. Acoustic detection prior work

Figure 3.1: FFT of 5 different classes of mosquitoes (4 species) (Chen et al., 2014).

frequency can vary greatly between species and sex, giving rise to the opportunity

to discriminate based on the emitted sound. Additionally, Figure 3.1 shows the

spectral components of the wingbeat of 500 different specimens belonging to the

culex quinquefasciatus (female), aedes agypti (male), culex tarsalis (male and female)

mosquito species, as well as the spectrum of fruit flies for reference. It can be seen

that despite both fruit flies and the aedes agypti male producing very similar sound

around 1250Hz, the two entities do not overlap elsewhere over the spectral range

of the plot. Thus, from the full frequency spectrum it is possible to distinguish

the two clearly. It is noteworthy that the wingbeat frequency of aedes agypti given

in Table 3.1 and the apparent fundamental frequency visible in Figure 3.1 do not

correspond. This can occur due to the fundamental frequency being inaudible when

measured, and what we see instead in Figure 3.1 is the second harmonic at double

the wingbeat frequency (approximately 600× 2 = 1200Hz). The microphone on

the mobile is a sensor that measures the changes in the air pressure. If a mosquito

flies right underneath or above the microphone, then the microphone will be able

to pick up the fundamental frequency clearly. However, if the microphone is placed

sideways relative to the mosquito wings, then it will only be able to detect the

pressure variations twice as fast as the wingbeat frequency, leading to a high peak

at the second harmonic (Belton, 1986).

We note that similar fundamental frequency characteristics (e.g. aedes agypti vs

anopheles subpictus in Table 3.1) could still lead to a ratio of harmonics that differs
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Wingbeat frequency (Hz)

Species Male Female

Aedes agypti 557− 600 414− 453
Aedes diamtaeus 538± 20 330± 13
Anopheles subpictus 520− 580 330− 385
Anopheles gambiae 660− 900 420− 600

Table 3.1: A range of mosquito wingbeat frequencies reproduced from Clements
(1999).

between these mosquito species. Based on the findings of Raman et al. (2007),

simple approaches, involving sensing the fundamental frequency (first harmonic) and

second harmonic, were capable of detecting insects, but generated large numbers of

false positives because of other ambient sounds. In contrast, combining information

from the first four harmonics, from the inter-harmonic regions, and from the sound

envelope, reduced false positives greatly.

We accept that in practice the exact ratio of harmonics would be difficult to identify

due to the low SNR emitted by a mosquito’s flight tone (as evidenced by the rate of

disagreement amongst experts in Chapter 4 when marking onset and offset times).

However, combining the difference in observed fundamental frequencies, harmonics,

and potentially harmonic ratios, with additional variables such as the geographical

location, gives us sufficient prior evidence that it may be possible to recognise and

distinguish mosquito species from data-driven approaches.

3.3 Timeline

The HumBug project has presented multiple challenges, both in data acquisition

and in the development and deployment of acoustic detection algorithms. We will

now look at key events of the HumBug project, as well as explain their relevance

within the literature. Figure 3.2 provides an overview of this timeline.
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TODAY

2015 2016 2017 2018 2019 2020

1 2 1 2 1 2 1 2 1 2 1 2

A: Data collection

1. Expertly labelled lab

2. Weakly labelled lab

3. Unlabelled field

4. Citizen science

5. Further data collection

B: Smartphone app

1. AR spectral model

2. SVM MFCC model

C: Research output

1. Wavelet-CNN

2. Smartphone app

3. Cost-sensitive SVM

4. Field detection

5. Label super-resolution

6. Citizen science CNN

7. Loss-calibrated BNN

Figure 3.2: Timeline of the HumBug project organised by A: Data collection,
B: Smartphone app development, and C: Research output publications. The
endpoints are defined as reaching a stage where dependent work may be carried
out, and not necessarily where development for each specific element ends.
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3.3.1 A: Data collection

1. Expertly labelled lab data

In the early stages of the project in 2015, one of the first studies undertaken was

the collection and labelling of a small dataset of mosquitoes which were cultured

specifically in cages, and maintained under controlled conditions (Figure 3.2: A1).

The data was recorded with low-cost smartphone microphones, which were intended

to be used in conjunction with the app in development. The labels were initially

created by humans by listening and utilising the spectrogram as a visual aid to

more accurately determine onset and offset times. A range of label qualities was

supplied, based on the time commitment available to the human experts. The

resultant labelled dataset consisted of approximately one hour of recordings.

2. Weakly labelled lab data

The weakly labelled data (Figure 3.2: A2) refers to audio recordings which were

made available through the project collaborators. The dataset contains significant

volumes of caged mosquitoes, that have been supplied by the Center for Disease

Control and Prevention (CDC), and the United States Army Medical Research

Unit, Kenya (USAMRU-K). Most recordings however contain at most one species

tag per length of each individual recording – of which the majority is noise. Our

approach to making classifications with this data became more nuanced as the

project progressed through its stages. We describe the first steps made towards

simplifying this problem when discussing dataset A4.

3. Unlabelled field data

This dataset represents the first recordings that are made with mosquitoes captured

in the wild in sites in Thailand. This data was collected with the help of the second

version of the smartphone app, and contains no tags with onset or offset times.
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For a better idea of the information content, we subject this set to citizen science

labelling to form part of a larger dataset, A4.

4. Citizen science data

With this influx of further data (Figure 3.2: A2, A3.), it was clear that the scale

at which labelling the audio was required was not sustainable to individual human

experts. This led to the organisation of a citizen science project on Zooniverse, a

popular crowdsourcing platform (Simpson et al., 2014). The initial setup was first

published by Li et al. (2017b) (Figure 3.2: C2). Following the deployment over

time, gathered votes were released alongside the data in work outlined in Section

5.5 (Figure 3.2: C6).

5. Further data collection

Finally, further data collection is underway through the concerted efforts of the new

collaboration established in 2020 with Tanzania and the Democratic Republic of

Congo.

3.3.2 B: Smartphone app

1. Autoregressive spectral method

With prior knowledge of the acoustics of mosquitoes (as laid out in Section 3.2),

the research team deployed the first version of the smartphone app (Figure 3.2:

B1). The app used an Autoregressive (AR) spectral smoothing algorithm (Roberts,

2010), combined with a peak-finding algorithm to re-cast detection as a binary

classification when searching for harmonic structure in a pre-specified frequency

range (Lin and Zilli, 2015). This method relied on searching for a prior range

of frequencies which the user believed to be either the fundamental frequency, or

its second harmonic, based on the known physics of mosquitoes, such as reported
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3.3.3. C: Research output

by Clements (1999). While the algorithm is robust to noise through the spectral

smoothing, another mosquito that shares a similar frequency (or other ambient

sound with a fundamental frequency in the same range), but with a different ratio of

amplitudes of the harmonic peaks, would not be distinguishable. This is because the

peak-finding algorithm identifies subsequent harmonics within a range of frequencies

due to the potential inaccuracy of exactly determining the fundamental. This

provides no mechanism for discriminating between the relative ratios of harmonic

peaks and inter-peaks. This drawback called upon more sophisticated data-driven

approaches.

2. SVM MFCC model

To combat this drawback we utilised the expert-labelled dataset A1. The relatively

scarce dataset inspired the use of data-efficient learning methods for the development

of the second revision of the smartphone app (Figure 3.2: B2 (Li et al., 2017b)).

This improved algorithm utilised the prediction stage of an SVM, which was trained

offline on 13 MFCCs of the available mosquito data at this point. More details

regarding the design choices and parameter specifics are given in Section 5.2.

3.3.3 C: Research output

1. Bioacoustic detection with wavelet-conditioned convolutional neural

networks

In Chapter 4 we utilise the dataset A1 to trial a range of traditional established

machine learning methods against deep learning architectures more recently em-

ployed. In this data domain, where we have a low number of training examples,

hand-crafted approaches tended to dominate. However, by utilising windowing

appropriate to the dynamics of the signal and the size of the dataset, we show how it

is possible for deep learning approaches to be effective in spite of this data scarcity.

We perform this by utilising an often overlooked feature transform – the wavelet
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transform. We give details of the dataset and algorithms in Chapter 4 (Kiskin et al.,

2018). The best-performing algorithm, outperforming human experts with access

to the same recordings, was shown to be the wavelet-CNN. We furthermore show

the ability to generalise to other datasets, an advantage unique to paradigms that

do not rely on explicitly hand-crafted feature representations.

2. Mosquito detection with low-cost smartphones: Data acquisition for

malaria research

From the work of C1, the best-performing computationally efficient algorithm was

selected for the revision of the smartphone app (B2). This spawned our publication

co-authored with Li et al. (2017b) (Figure 3.2: C2), which outlines Section 5.2. We

detail the technology that goes into the data collection and tagging process, whose

output is crucial to the success of the concentrated research efforts to understand

mosquito prevalence for the purpose of malaria prevention. Additionally, we show

that it is possible to distinguish between seven species of mosquitoes from the

recordings available at this stage of the project.

3. Cost-sensitive detection with variational autoencoders for

environmental acoustic sensing

In Section 5.4 (Figure 3.2: C3), we consider the effects of false positives and

negatives, and show how an SVM combined with a variational autoencoder can be

used in this framework. We wish to employ algorithms that place a different relative

importance on errors made in classification. This stems from the requirements of a

detection system, which may work in two modes. In the passive mode, the system

listens for a potential positive candidate. On detection, the system records the audio

and uploads to a central database. In this mode, in order not to excessively disturb

the user and conserve hardware resources, we wish only to trigger a detection with

a high confidence event, thereby promoting a low false positive rate. We hence
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penalise false positives more strongly than false negatives. In the second (active)

mode, we are more concerned with not missing a disease-bearing species, especially

if deployed in an area at a critical risk of malaria. We therefore wish to maximise

the recall of positive events, at the expense of incurring a higher false positive

rate. To target the smartphone app, this led to the utilisation of cost-sensitive

SVMs, which were further combined with a variational autoencoder to reduce the

feature dimensions (Li et al., 2017a). The variational autoencoder, which was

trained offline, further optimised the computational efficiency of the SVM-MFCC

smartphone app by creating a latent space of four features. This reduces the demand

on the prediction of the SVM, which is used in real-time to record and store data

on detection. This was deemed of critical importance for the use of a low-power

device such as a smartphone.

4. Fast mosquito acoustic detection with field cup recordings: an

initial investigation

With a greater availability of data, we were able to conduct further experiments,

resulting in the research output of Section 5.3 (Li et al., 2018) (Figure 3.2: C4).

In this section, we show that it is possible to distinguish 6 different species of

mosquitoes from data recorded in the field in Thailand. This was an important step

in the feasibility assessment of the project, and gave the team confidence moving

forward. Similarly to the wavelet-CNN, we present a less hand-crafted approach to

make predictions on the log-mel spectrogram with CNNs. Considerations behind

the design choices are given in detail in Section 5.3.

5. Super-resolution of time-series labels for bootstrapped event

detection

Chapter 7 describes ongoing research which addresses further challenges with the

availability of data at a multitude of time resolutions, which is both expertly and
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weakly labelled. This led to the development of a framework which aims to extract

maximal information for the purpose of maximising overall classification accuracy.

This made use of a two-stage Bayesian framework. In this framework, we use

expertly labelled data as prior information to create a probability density estimate

of a feature space. With Bayes’ rule, we combine weakly labelled data to update

our label belief. These new labels are then used to train a supervised classifier

(Figure 3.2: C5) (Kiskin et al., 2019).

6. HumBug Zooniverse: a crowdsourced acoustic mosquito dataset

With the influx of further data (A3), it was clear that the scale at which labelling

the audio was required was not sustainable to individual human experts. Following

the deployment of the citizen science project over time, gathered votes were released

alongside the data in work outlined in Chapter 5.5 (Figure 3.2: C6). Furthermore,

we supplied a baseline CNN which showed that there was sufficient information

content to reliably predict mosquito events. We also briefly touch upon correcting

for the heavy class imbalance present in that labelled dataset by utilising a weighted

cross-entropy approach (Kiskin et al., 2019, 2020).

7. Loss-calibrated Bayesian neural networks for noisy acoustic

mosquito detection

We then address this trade-off in a more Bayesian manner through the use of

a utility function with Bayesian decision theory. Further difficulties with the

dataset presented themselves in the form of a large imbalance in the distribution

of the classes, a high uncertainty in the inputs, and furthermore the absence of a

ground truth. To leverage the best of Bayesian probability frameworks and the

discriminative power of CNNs, we develop and apply Loss-Calibrated Bayesian

Neural Networks (LCBNNs) (Figure 3.2: C7) in Chapter 6 (Kiskin et al., 2020).
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3.4 Chapter summary

In this chapter we have broken down the overarching goals of this interdisciplinary

collaboration to combat malaria through improved malaria vector modelling. We

have described the project according to the timeline according to three categories:

data collection, versions of the smartphone app, and the resulting research output.

For each category, we have described the development in chronological order. As

we gained access to a larger quantity of data, correspondingly the complexity of

the solution increases. In order to allow the use of more complex models, we have

described the technology we use to collect the data, and how this presented new

challenges that we have addressed through the innovative application of machine

learning. The data in turn has been used to both improve the practical smartphone

app, as well as answer emerging research challenges.

In the following chapter we begin working with a small expert-labelled dataset,

which poses challenges with generalisation, especially with the use of data-intensive

algorithms. We pose the mosquito detection problem in the more broad framework

of time-series analysis in scarce data environments.
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Chapter 4

Bioacoustic classification with

wavelet-conditioned neural

networks

4.1 Overview

Many real-world time-series analysis problems are characterised by low signal-to-

noise ratios and compounded by scarce data. Solutions to these types of problems

often rely on hand-crafted features extracted in the time or frequency domain.

Recent high-profile advances in deep learning have improved performance across

many application domains, however they typically rely on large datasets that may

not always be available. This chapter presents an application of deep learning for

acoustic event detection in a challenging, data-scarce, real-world problem. We show

that CNNs, operating on wavelet transformations of audio recordings demonstrate

superior performance over conventional classifiers that utilise hand-crafted features.

Our key result is that wavelet transformations offer a clear benefit over the more

commonly used short-time Fourier transforms. Furthermore, we show that features,

hand-crafted for a particular dataset, do not generalise well to other datasets.

Conversely, CNNs trained on generic features are able to achieve comparable results
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across multiple datasets, along with outperforming human labellers. This chapter

presents our results on the application of both detecting the presence of mosquitoes

and the classification of bird species.

The work herein is published in the Springer Neural Computing and Applications

Special Issue on Deep Learning for Music and Audio, (Kiskin et al., 2018), which

expands on previous work that was specific to mosquito detection within HumBug

(Kiskin et al., 2017).

4.2 Introduction

The timely and accurate detection of animals, birds and insects is of critical

importance for conservation, ecology and epidemiology. We consider the effective

analysis of the natural soundscape as a constituent component of this analysis.

In this chapter we focus on bioacoustic classification, with a particular emphasis

on mosquito detection. As part of showcasing the methods developed for this

application, we describe how they can also, with minimal alteration, offer robust

results in other bioacoustic classification domains.

Mosquitoes are responsible for hundreds of thousands of deaths every year due

to their capacity to vector∗ lethal parasites and viruses, which cause diseases

such as malaria, lymphatic filariasis, zika, dengue and yellow fever (World Health

Organization et al., 2016, 2014). Their ability to transmit diseases has been widely

known for over a hundred years, and several practices have been put in place to

mitigate their impact on human life. Examples of these include insecticide-treated

mosquito nets (Lengeler, 2004; Bhatt et al., 2015) and insect sterilisation techniques

(Alphey et al., 2010). However, further progress in the battle against mosquito-

vectored disease requires a more accurate identification of species and their precise

location – not all mosquitoes are vectors of disease, and some non-vectors are
∗In epidemiology, a disease vector is any agent which carries and transmits an infectious

pathogen into another living organism (John, 2001).
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morphologically identical to highly effective vector species. Current surveys rely

either on human-landing catches or on less effective light traps. In part this is due to

the lack of cheap, yet accurate, surveillance sensors that can aid mosquito detection.

Acoustic monitoring of mosquitoes proves compelling, as the insects produce a sound

both as a by-product of their flight and as a means for communication and mating.

Detecting and recognising this sound is an effective method to locate the presence

of mosquitoes and even offers the potential to categorise by species. Nonetheless,

automated mosquito detection presents a fundamental signal processing challenge,

namely the detection of a weak signal embedded in noise. Current detection

mechanisms rely heavily on domain knowledge, such as tuning models to likely

fundamental frequency and harmonics, and often extensive hand-crafting of features,

frequently similar to traditional speech representation methods. Over the last

decade there have been increasingly impressive performance gains achieved by the

paradigm shift to deep learning, including bioacoustics (Joly et al., 2016). An

opportunity hence emerges to exploit and expand upon these advances to tackle

our application problem.

Deep learning approaches, however, tend to be effective only once a critical number

of training samples has been reached (Chen et al., 2014). Consequently, data-scarce

problems are not well suited to this paradigm. As with many other domains, the

task of data labelling is expensive in both time requirement for hand labelling and

associated ambiguity – namely that multiple human experts will not be perfectly

concordant in their labels. Furthermore, recordings of free-flying mosquitoes in

realistic environments are scarce (Mukundarajan et al., 2017) and hardly ever

labelled.

This chapter presents a novel approach for classifying events from acoustic data

using scarce training data. Our approach is based on a convolutional neural network

classifier conditioned on wavelet representations of the raw data. By exploiting the

high sample rates of audio recordings we are able to create sufficient training data for

deep learning to remain highly effective. The network architecture and associated
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hyperparameters are however still strongly influenced by constraints in dataset size.

We compare our methods to well-established classifiers, trained on both hand-crafted

features and the STFT, as well as human-made labels of mosquito audio recordings.

We show that wavelet-conditioned CNN classifications are consistently made more

accurately and confidently than on the STFT. The majority of our algorithms are

able to more reliably detect mosquitoes (with accuracy above 90%) than human

labellers, where only 70% of labels are in full agreement amongst four labellers.

Furthermore, without additional hyperparameter tuning we demonstrate that our

approach scales well to different data domains, a transfer that traditional hand-

crafted features or classifiers struggle to make. Highlighting the generic nature

of the solution we propose, we show that the CNN is also able to extract feature

representations that allow it to distinguish between nine species of birds with reliably

high accuracy (over 90%), similarly from very little data.

The remainder of this chapter is structured as follows. Section 4.3 addresses related

work, explaining the motivation and benefits of our approach. Section 4.4 details the

method we adopt, providing insight into the relative strengths of wavelet transforms.

Section 4.5 describes the experimental setup. Section 4.6 highlights the value of

the method. We visualise and interpret the predictions made by our algorithm

on unseen data in Section 4.7 to help reveal informative features learned from

the representations and verify the method. Finally, we suggest further work and

conclude in Section 4.8.

4.3 Related work

The use of artificial neural networks in acoustic detection and classification of

species dates back to at least the beginning of the century, with the first approaches

addressing the identification of bat echolocation calls (Parsons and Jones, 2000).

Both manual and algorithmic techniques have subsequently been used to identify

insects (Chesmore and Ohya, 2004; Zilli et al., 2014), elephants (Clemins et al., 2005),
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delphinids (Oswald et al., 2003), and other animals. The benefits of leveraging the

sound animals produce—both actively as communication mechanisms and passively

as a results of their movement—is clear: animals themselves use sound to identify

prey, predators, and mates. Sound can therefore be used to locate individuals for

biodiversity monitoring, pest control, identification of endangered species and more.

This section will therefore briefly review the use of machine learning approaches

in bioacoustics. We describe the traditional feature and classification approaches

to acoustic signal detection. In contrast, we also present the benefit of feature

extraction methods inherent to current deep learning approaches. Finally, we narrow

our focus down to the often overlooked wavelet transform, which offers significant

performance gains in our pipeline.

4.3.1 Applications

The employment of artificial neural networks has proven successful for over a decade.

Chesmore and Ohya (2004) used a neural network classifier to discriminate four

species of grasshopper recorded in northern England, with accuracy surpassing

70%. Other classification methods include Gaussian mixture models (Potamitis

et al., 2007; Pinhas et al., 2008) and HMMs (Leqing and Zhen, 2010; Zilli et al.,

2014), applied to a variety of different features extracted from recordings of singing

insects. The work of Chen et al. (2014) attributes the difficulty of automated insect

detection to the sole use of acoustic devices, which the authors claim are often not

capable of producing a signal sufficiently clean to be classified correctly. In their

work they replace microphones with optical sensors, recording mosquito wingbeat

through a laser beam hitting a phototransistor array – an extension of the method

proposed by Moore et al. (1986). In a real-world setting, the resultant signals have

a higher signal-to-noise ratio than those recorded acoustically. We regard these

approaches and acoustic sensors as complementary, rather than competitors, and

note that approaches which work well for acoustic detection can also be used to
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perform detection in other datasets, including optically-sensed data, as well as in

other bioacoustic problems.

Whichever technique is used to record a mosquito wingbeat frequency, the need

arises to be able to identify the insect’s flight in a (more or less) noisy recording.

The following section therefore reviews recent achievements in feature representation

and learning, in the broad context of practical acoustic signal classification.

4.3.2 Feature representation and learning

The process of automatically detecting an acoustic signal in noise typically consists of

an initial preprocessing stage, which involves cleaning and denoising the signal itself,

followed by a feature extraction process, in which the signal is transformed into a

format suitable for a classifier, followed by the final classification stage. Historically,

audio feature extraction in signal processing employed domain knowledge and

intricate understanding of digital signal theory (Humphrey et al., 2013), leading to

hand-crafted feature representations.

Many of these representations often recur in the literature. A powerful, though

often overlooked, technique is the wavelet transform, which has the ability to

represent multiple time-frequency resolutions (Akay, 1998, Ch. 9). An instantiation

with a fixed time-frequency resolution thereof is the STFT. MFCCs create lower-

dimensional representations by taking the STFT, applying a non-linear transform

(the logarithm), pooling, and a final affine transform. A further example is presented

by Linear Prediction Cepstral Coefficientss (LPCCs), which pre-emphasise low-

frequency resolution, and thereafter undergo linear predictive and cepstral analysis

(Ai et al., 2012).

Detection methods have fed simple STFT representations to standard classifiers

(Potamitis, 2014), but more frequently higher level features and feature combinations

are used, applying dimensionality reduction to combat the curse of dimensionality

(Lee et al., 2009). High-level features (e.g. MFCCs and LPCCs) were originally
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4.3.2. Feature representation and learning

developed for specific applications, such as speech recognition, but have since been

used in several audio domains (Li et al., 2001). Humphrey et al. (2013) argue that

using features specifically developed for a prior application is unsustainable and

has contributed to a stagnation in the field of audio event recognition.

On the contrary, the deep learning approach usually consists of applying a simple,

general transform to the input data, and allowing the network to both learn a feature

representation and perform classification. This enables the models to learn salient,

hierarchical features from raw data. The automated deep learning approach has

recently featured prominently in the machine learning literature, showing impressive

results in a variety of application domains, such as computer vision (Krizhevsky

et al., 2012) and speech recognition (Lee et al., 2009). However, deep learning

models such as convolutional and recurrent neural networks are known to have a

large number of parameters and hence typically require large data and hardware

resources. Despite their success, these techniques have only recently received more

attention in the time-series signal processing literature.

A prominent example of this shift in methodology is the BirdCLEF bird recognition

challenge. The challenge consists of the classification of bird songs and calls into

up to 1500 bird species from tens of thousands of crowdsourced recordings. The

introduction of deep learning has brought drastic improvements in mean average

precision scores. The best mean average precision score of 2014 was 0.45 (Goëau

et al., 2015), which was improved to 0.69 the following year when deep learning

was applied, outperforming the closest scoring hand-crafted method by 19% (Joly

et al., 2016). The impressive performance gain came from the utilisation of well-

established convolutional neural network practice from image recognition. By

transforming the signals into STFT spectrogram format, the input is represented by

2D matrices, which are used as training data. The following year saw a further jump

to 0.71 (Sevilla et al., 2017) by utilising transfer learning of the Inception-v4 deep

convolutional neural network which was highly successful in ImageNet. Alongside

this example, the most widely used means to transform the input signals is the
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STFT (Sainath et al., 2015; Gwardys and Grzywczak, 2014; Potamitis, 2016).

An alternative feature transformation can be obtained with wavelets. Gaining

popularity in the late ‘90s, wavelets have been applied successfully to efficient

image compression (Christopoulos et al., 2000, JPEG 2000), de-noising (Donoho,

1995), and have shown an ability to form efficient multi-resolution representations

(Daubechies, 1990). These properties have led to the use of wavelets in deep

learning in two general ways. In one, wavelets are used as a pre-processing step

to form noise-robust representations of time series, while in the second wavelets

are employed to replace neurons to form wavelet neural networks. An example

application of the former used Haar wavelets for stock price time-series forecasting

with recurrent neural networks (Hsieh et al., 2011). In the latter scenario, wavelet

neural networks have seen some success in time-series prediction (Chen et al., 2006),

signal classification and compression (Kadambe and Srinivasan, 2006), but a lack

of standard representations and general frameworks has prevented wider adoption

(Alexandridis and Zapranis, 2013).

As a result, to the best of our knowledge, the wavelet transform has rarely been

used as the representation domain for a convolutional neural network. In the

following section we present our method, which leverages the benefits of the wavelet

transform demonstrated in the signal processing literature, as well as the ability to

form hierarchical feature representations for deep learning.

4.4 Method

We present a novel wavelet transform-based convolutional neural network architec-

ture for the detection of events in noisy audio recordings. As our results of Section

4.6 indicate superior performance when training on wavelet representations of the

data, we describe in depth the wavelet transform to provide insight into its benefits

over the conventional STFT. We explain the wavelet transform in the context of

the algorithm, thereafter describing the neural network configurations and a range
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4.4.1. The wavelet transform

of traditional classifiers against which we assess performance. The key steps of the

feature extraction and classification pipeline are given in Algorithm 1.

Algorithm 1 Detection Pipeline
1: Load N labelled microphone recordings x1(t), x2(t), . . . , xN (t).
2: Take transform with h1 features such that we form a feature tensor Xtrain and

corresponding label vector ytrain:

Xtrain ∈ RNS×h1×w1 ,ytrain ∈ RNS×n,

where Ns is the number of training samples formed by splitting the transformed
recordings into 2D ‘images’ with dimensions h1 × w1, and n is the number of
classes.

3: Train classifier on Xtrain,ytrain.
4: For test data, Xtest, neural network outputs a prediction ŷi for each class Ci:

0 ≤ ŷi(x) ≤ 1, such that
n∑
i=1

ŷi(x) = 1.

4.4.1 The wavelet transform

We begin by discussing the details of the transform used in Step 2 of Algorithm 1 as

a base to further extract features. A well-established approach in signal processing is

the Fourier transform, which can be used to express any signal with an infinite series

of sinusoids and cosines. Its main disadvantage is the provision only of frequency

resolution, meaning one can identify all the frequencies present in a signal, but not

their occurrence in time. To overcome this, common approaches include cutting

the signal into sections of time and treating each segment separately. This action

however smears out frequencies, especially in the case of short windows. A wide

window is able to provide better frequency resolution, however at the sacrifice

of time resolution. Choosing a window function therefore limits one to a fixed

time-frequency resolution. The uncertainty in time-frequency is referred to as the

Heisenberg-Gabor limit (Bansal and Kumar, 2015) which is derived from the notion

that the product of the precision in time and frequency is limited.

The wavelet transform employs a fully scalable modulated window which provides a

54



4.4.1. The wavelet transform

principled solution to the windowing function selection problem (Valens, 1999). The

window is slid across the signal, and for every position a spectrum is calculated. The

procedure is then repeated at a multitude of scales, providing a signal representation

with multiple time-frequency resolutions. This allows the provision of good time

resolution for high-frequency events, as well as good frequency resolution for low-

frequency events, which in practice is a combination best suited to real signals.

We choose to use the Continuous Wavelet Transform (CWT) due to its successful

application in time-frequency analysis (Daubechies et al., 2011). The CWT is

particularly well-suited over the discrete wavelet transform to time-frequency analysis

as redundancy makes information available in peak shape and peak composition

more visible and easier to interpret (Du et al., 2006). The CWT can be written in

the time domain as:

a(s, τ) = |s|−1/2
∫ ∞
−∞

f(t)ψ∗
(
t− τ
s

)
dt, (4.1)

or equivalently in the frequency domain as:

a(s, τ) = |s|1/2
∫ ∞
−∞

F (ω)Ψ∗(sω)eiωτ dω, (4.2)

where s is the scale factor, τ is the translation factor, |s|−1/2 is the energy normal-

isation factor, and * denotes complex conjugation. The wavelets are generated by

scaling and translating a single mother wavelet ψ(t). Through continuous dilation in

τ , the resulting CWT coefficients a(s, τ) can be assembled for a multitude of scales

to either reconstruct the signal with an inverse transform, or to create a spatial

representation, called the scaleogram. An equivalent representation in Fourier space

requires the continuous application of 1D Fourier transforms with windows that

are translated in time. We can illustrate this by substitution of ψ∗s,τ ( t−τs ) = e−iωt

in Equation (4.1). Essentially, this is equivalent to using a fixed basis with s = 1

and ignoring the dilation in τ . We thereby emphasise the more principled solution

employed with the CWT, eliminating the need to choose and parameterise the

window function necessary for STFT representations. Furthermore, working with

the CWT one is free to choose a wavelet function with properties and characteristics
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Figure 4.1: Illustration of key properties of the bump wavelet, constructed from
Equations (4.2) and (4.3).

that best suit the data, given knowledge of the signal being analysed. A popular

choice of wavelet function for time-frequency analysis is given by the bump wavelet

(Vialatte et al., 2009), expressed in the Fourier domain as:

Ψ(sω) = exp
(

1− 1
1− (sω − µ)2/σ2

)
I[(µ− σ)/s, (µ+ σ)/s], (4.3)

where I[·] is the indicator function. Valid values for µ, σ are [3, 6], [0.1, 1.2] respect-

ively. Smaller values of σ result in a wavelet function spanning a narrower frequency

bandwidth (Figure 4.1a), which results in superior frequency localisation but poorer

time localisation. The bump wavelet is symmetric in frequency and has a direct

relationship between wavelet scale and centre frequency, which we illustrate in

Figure 4.1b. As a result we can create spectrograms in frequency which retain clear

interpretability (which becomes important for Sections 4.5 and 4.7).

The spatial features thus created are then passed to the classifiers in the next step

of the algorithm. We discuss neural network and more traditional implementations

separately in the upcoming sections.
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4.4.2. Neural network configurations

4.4.2 Neural network configurations

We show our CNN (See Section 2.4.4.1) architecture in Figure 4.2. The data size

constraint results in an architecture choice of few layers and free parameters. We

partition a spectrogram (either wavelet or STFT, as discussed in Section 4.5) of

the mosquito recording into images of dimensions h1 × w1. This serves as input to

a single convolutional layer with Nk filters with filter weights W ∈ Rk×k. Following

convolution, feature maps are formed with dimensions reduced to h2 × w2. These

maps are fully connected to Nd units in the dense layer, which is connected to the

two output classes with dropout (Srivastava et al., 2014) with probability p. ReLU

activations are employed based on their desirable training convergence properties

(Krizhevsky et al., 2012).

Finally, we perform grid search over potential candidate hyperparameters using

10-fold cross-validation on a subset of the mosquito training data. We detail the

hyperparameter choice and show the results in Section 4.5.2. The combination of

cross-validation and dropout helps avoid overfitting to our scarce data environment.

This is shown by the excellent performance transfer with no hyperparameter retuning

in Section 4.6.

4.4.3 Traditional classifier baseline

As a baseline, we compare the neural network models with more traditional classifiers

that typically require explicit feature design. We choose three candidate classifiers

widely used in machine learning with audio: RFs, NBs, and SVMs using a Radial

Basis Function (RBF) kernel (Radial Basis Function-SVMs). Their popularity

stems from ease of implementation, reasonably quick training, and competitive

performance (Silva et al., 2013), especially in data-scarce problems. For brevity we

present results with the best-performing of these only, namely the SVM.

We selected ten features to encode the observed raw data: STFT spectrogram slices

with 256 coefficients (created with a Hanning window and 256 samples of overlap),
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Figure 4.2: The CNN pipeline. 1.5 s spectrogram of mosquito recording is partitioned
into single-channel images (c = 1) of dimensions h1×w1. The images serve as input
to a convolutional layer with Nk filters with kernel size k × k. Feature maps are
formed with dimensions reduced to h2 × w2 following convolution. These maps are
fully connected to Nd units in the dense layer, fully connected to 2 units in the
output layer.

13 MFCCs, entropy, energy entropy, spectral entropy, flux, roll-off, spread, centroid,

and the zero crossing rate (for a detailed explanation of these features, see for

example the open-source audio signal analysis toolkit by Giannakopoulos (2015)).

We note that our choice of feature parameters is based on past literature (Dieleman

and Schrauwen, 2014, STFT), (O’Shaughnessy, 2008, MFCCs), as well as empirical

evidence. Prior parameterisation of the feature space is necessary to some extent, as

the number of feature and classifier parameters grows combinatorially to the point

where joint optimisation of all possible variables is infeasible. We select certain

aspects of classifier-feature pipelines by cross-validation as detailed in Section 4.5.2.

4.5 Experimental details

4.5.1 Datasets

The mosquito data used here were recorded in January 2016 within culture cages

containing both male and female Culex quinquefasciatus. Mosquito wingbeat sounds
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4.5.1. Datasets

commonly have a fundamental frequency in the range of 150 to 750Hz (Clements,

1999). In noisy recording conditions, higher harmonics are less audible due to the

faster decay of shorter wavelength waves. Furthermore, the signals are sampled

with inexpensive smartphone microphones to allow widespread deployment at low

cost. Given the quality of these microphones, we observe empirically that sound

emitted by mosquitoes mostly disappears in noise for frequencies higher than the

third harmonic. We therefore choose to sample at Fs = 8kHz. Figure 4.3 shows a

frequency domain excerpt of a particularly faint recording in the windowed frequency

domains. For comparison we also illustrate the wavelet scalogram taken with the

same number of scales as frequency bins, h1, in the STFT. We plot the logarithm

of the absolute value of the derived coefficients against the spectral frequency of

each feature representation. Figure 4.3 (lower) shows the classifications within

yi = {0, 1}: absence, presence of mosquito, as labelled by four individual human

researchers. These labels are created in version 2.2.2 of Audacity (2018) with access

to the recording audio and a matching spectrogram visualisation. Of these, one

particularly accurate label set created with great care under ideal conditions is

taken as a gold-standard reference to both train the algorithms and benchmark

with the remaining experts. The classifications are restricted to only 2 classes due

to the absence of labelled data in a multi-species scenario.

However, to stress the transferability of the algorithm, but maintain focus on data-

restricted audio scenarios, we choose to use a 10 class subset from the BirdCLEF

dataset (Goëau et al., 2015), with a range of 2 to 4 recordings per class of maximum

length of 2 minutes per class. The mixed sample rate recordings are re-sampled to

44.1 kHz and assigned either a bird class label or noise label at an interval of 0.1

seconds per recording. The recording-specific noise class labels are all grouped into

a single noise class. We note that beyond the simple re-scaling of features to the

appropriate sample rate, we choose not to hand-tailor any features or classifiers to

demonstrate the relative effectiveness of the application of the surveyed methods to

data that is novel to the classification pipeline.
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Figure 4.3: STFT (top) and wavelet (middle) representations of signal with h1 = 256
frequency bins and wavelet scales respectively. Corresponding varying class labels
(bottom) as supplied by human labellers. The wavelet representation shows greater
contrast in horizontal constant frequency bands that correspond to the mosquito
tone.

4.5.2 Cross-validated parameter search

In this section we describe the experiment design and choice of hyperparameters,

optimised to maximise F1 score over a cross-validation sample. The available 57

mosquito recordings were split into 50% training and 50% held out data. The

training data was then further split tenfold to perform cross-validation, creating

approximately 3,000 to 30,000 training samples, for window widths w1 = 10 and

w1 = 1 samples, respectively. The neural networks were trained with a batch size

of 256 for 20 epochs, according to validation accuracy in conjunction with early

stopping criteria.

For fair comparison we partition the data (choose window length w) to the strengths

of each individual classifier. When evaluating cross-validation performance over the
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label interval, our hyperparameter optima (w1 = 10 for the CNN, and w1 = 1 for the

SVM) given in bold in Table 4.1 suggest that stacking the windows together creates

feature vectors that lead to performance degradation for the SVM. Therefore, for

each CNN input image with height h1 = 256 and width w1 = 10, our SVM will

use 10 training samples with w = 1, h = 256 instead. Optimum window widths

may vary with the dynamics of the signal, so it is important to consider this

parameter systematically. In particular, should significantly more data be available,

the drawbacks due to the use of larger windows (decrease in training samples the

classifier sees) would be mitigated by the higher number of training samples at

disposal. Conversely, the advantage of longer windows lies with supplying a longer

temporal context.

The traditional classifiers are cross-validated with Principal Component Analysis

(PCA), and Recursive Feature Elimination (RFE) (Guyon et al., 2002), with the

number of components controlled by n and m respectively. The best performing

feature set for all traditional classifiers is the set extracted by cross-validated RFE,

outperforming all PCA reductions for every classifier-feature pair. The highest

scoring hyperparameter, m = 27, defines a feature set, that we denote as RFE88,

which retains 88 dimensions from the ten original features spanning 304 dimensions

(F10 ∈ R304).

4.5.3 Computational details

We consider computational complexity by splitting the pipelines into three processing

stages: feature transformation, classifier training, and classifier prediction. The

overall compute time is thus the sum of all three. We further break this down for

individual pipelines, noting that various software libraries can differ significantly

in processing time for the same transformation. We offer some insights from the

figures given in Table 4.2 in this subsection.

The native training complexity of the SVM is stated as O(nSVd), where d is the input
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Table 4.1: Results for grid search over hyperparameter values. The cross-validated
F1 score is reported for optimal hyperparameters found (in bold).

Classifier Features Parameter grid F1 score

CNN STFT w1 ∈ {1,10, 100},
k ∈ {2,3, 4, 5},

Nk ∈ {8, 16, 32,64, 128, 256, 1028, 2056},
Nd ∈ {64,128, 256, 512, 1024}.

0.861± 0.066

CNN Wavelet w1 ∈ {1,10, 100},
k ∈ {2, 3, 4,5},

Nk ∈ {8, 16, 32,64, 128, 256, 1028, 2056},
Nd ∈ {64,128, 256, 512, 1024}.

0.915± 0.023

NB, RF,
SVM

F10 ∈ R304 w1 ∈ {1, 10, 100},
PCA ∈ RN , N ∈ 0.8n × 304,

n ∈ {0, 1, . . . , 12},
RFE ∈ RM ,M ∈ 304− 8m,
m ∈ {0, 1, . . . ,27, . . . , 35}.

0.880± 0.055

dimension, and nSV is the number of support vectors (Claesen et al., 2014). Table

4.2 shows that an increase in d coupled with the already large number of training

samples (leading to a large nSV) causes a significant slowdown in both training

and prediction with the SVM. A feature dimension reduction, as encountered with

the MFCC or RFE approaches, while slightly more costly as a pre-processing step,

speeds up the training and prediction significantly.

The CNN was trained in Keras (Chollet et al., 2015), with an NVIDIA 970 GTX

GPU. This allows quick training and prediction, resulting in much shorter com-

putation times than those of the scikit-learn SVM (running on a CPU) when

working with a large feature space.

Furthermore, the CWT is highly redundant and so incurs a greater computational

cost. Its computational complexity increases linearly with the number of wavelet

scales (provided sufficient RAM). Despite this, the sum of feature transformation

and training time is well under the length of the audio recordings, suggesting real-

time detection to be perfectly feasible given appropriate hardware. A significant

reduction in the CWT processing time can be achieved by calculating each wavelet

scale in parallel, due to the independence of each computation per scale. Further

considerable speed-up can be achieved by utilising a discrete wavelet transform or a
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Table 4.2: Execution time given in seconds for feature-classifier pipelines trained on
15 minutes (900 s) and evaluated over 15 minutes of audio data sampled at 8000Hz.
Run times are an average of three passes on a mid-range desktop with an Intel
i7-4790k CPU with 16GB DDR4 RAM and an NVIDIA GTX 970 GPU.

Pipeline Dimensions Feature transform Training Prediction

SVM MFCC 13 1.5 s 17.0 s 3.6 s
SVM RFE88 88 5.2 s 42.9 s 8.4 s
SVM STFT 256 1.4 s 121.1 s 32.7 s
SVM Wavelet 256 170.6 s 131.4 s 28.9 s
CNN MFCC 13 1.5 s 16.0 s 1.0 s
CNN RFE88 88 5.2 s 24.0 1.0 s
CNN STFT 256 1.4 s 37.5 s 4.0 s
CNN Wavelet 256 170.6 s 44.8 s 7.5 s

fast wavelet transform (Cody, 1992). While not the focus of this specific chapter,

this may be worth considering when transferring algorithms to embedded devices

and specialised hardware in future work.

4.6 Classification performance

The performance metrics are defined at the resolution of the supplied label interval

(0.1 second granularity) and presented in Table 4.3 for the mosquito dataset, and in

Table 4.4 and Figure 4.4 for the BirdCLEF subset. We highlight three key results

in both applications.

4.6.1 Mosquito detection

Firstly, both the traditional and deep learning algorithms accurately and reliably

detect mosquitoes, far surpassing human labellers in both F1 score and precision–

recall area. Since human labels were supplied as absolute (either ŷi = 1, ŷi = 0), an

incorrect label incurs a large penalty on precision–recall curve areas, explaining the

large precision–recall area deficit attributed to human labelling.

Secondly, the CNN provides a consistent performance boost with every feature

combination, even for the features hand-crafted for use with SVMs (RFE88).
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Table 4.3: Mosquito detection: summary classification metrics reported as means
± the standard deviation from n = 30 random hold out dataset splits with 50%
training data, and 50% test data.

Classifier Features F1 score TPR TNR PR area

CNN MFCC 0.895± 0.022 0.89± 0.04 0.90± 0.03 0.963± 0.012
SVM MFCC 0.880± 0.020 0.88± 0.02 0.88± 0.02 0.951± 0.013
CNN RFE88 0.922± 0.019 0.93± 0.02 0.91± 0.04 0.980± 0.007
SVM RFE88 0.904± 0.020 0.91± 0.02 0.90± 0.02 0.963± 0.013
CNN STFT 0.883± 0.031 0.86± 0.05 0.91± 0.02 0.939± 0.017
SVM STFT 0.858± 0.031 0.80± 0.05 0.91± 0.02 0.889± 0.036
CNN Wavelet 0.913± 0.020 0.92± 0.02 0.91± 0.02 0.962± 0.012
SVM Wavelet 0.897± 0.020 0.90± 0.02 0.90± 0.02 0.944± 0.012

Labeller 1 Audacity 0.819± 0.018 0.89± 0.02 0.85± 0.02 0.843± 0.006
Labeller 2 Audacity 0.856± 0.019 0.92± 0.03 0.88± 0.02 0.873± 0.008
Labeller 3 Audacity 0.852± 0.018 0.77± 0.02 0.98± 0.02 0.901± 0.007

Table 4.4: BirdCLEF subset: summary classification metrics reported as means
± the standard deviation from n = 30 random dataset splits with 50% training
data, and 50% test data.

Classifier Features F1 score PR area

CNN MFCC 0.860± 0.028 0.915 ± 0.031
SVM MFCC 0.891± 0.029 0.931 ± 0.029
CNN RFE88 0.853± 0.036 0.853 ± 0.036
SVM RFE88 0.857± 0.024 0.905 ± 0.030
CNN STFT 0.909± 0.031 0.927 ± 0.031
SVM STFT 0.757± 0.021 0.821 ± 0.027
CNN Wavelet 0.925± 0.021 0.947 ± 0.023
SVM Wavelet 0.896± 0.023 0.939 ± 0.022

Finally, we note that the wavelet pipeline strongly outperforms the STFT, with

both the CNN and SVM.

4.6.2 Bird classification

We now make three observations from Figure 4.4 and Table 4.4, representing a

scenario that is novel to the classifier pipelines.

Firstly, the wavelet features provide the best performance with both the CNN and

the SVM, with the top result achieved by the CNN-wavelet pipeline. As with the

prior application, the wavelet significantly outperforms the STFT with all classifiers,

with the difference magnified in this application.
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Figure 4.4: BirdCLEF subset: boxplots of mean accuracy per class (F1 score) for
n = 30 trials of the CNN and SVM methods, grouped by feature combination.

Secondly, the downside to the elaborate hand-tuned feature selection scheme (RFE88)

quickly becomes evident when comparing performance conditioned on these features

(with F1 scores of approximately 0.85) to the results of either general deep learning

configuration (with F1 scores of 0.91 and 0.93 for the STFT and wavelet, respect-

ively). We find our results consistent with claims made about the unsustainable

nature of hand-crafted feature and classifier design (Humphrey et al., 2013).

Finally, the CNN performs significantly better with high-dimensional, generalisable,

features (STFT and wavelet) in this more difficult problem.

4.7 Visualising discriminative power

In the absence of data labels, visualisations can be key to understanding how neural

networks obtain their discriminative power. To ensure that the characteristics of
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Algorithm 2 Spectra calculation
1: for feature in {STFT, wavelet} do
2: for class in Ci do
3: Collect highest N predictions, ŷi
4: Collect corresponding inputs, Xi,test ∈ RN×h1×w1 ,

. forming a concatenation of 2D images with dimensions h1 × w1.
5: Collect Ns training samples to form Xi,train
6: Take ensemble average across patches and individual columns:

xi,test(f) = 1
w1

1
N

w1∑
j=1

N∑
k=1

Xijk,test, where Xijk ∈ Rh1 , (4.4)

xi,train(f) = 1
w1

1
Ns

w1∑
j=1

Ns∑
k=1

Xijk,train. (4.5)

7: Normalise by mean and standard deviation
8: end for
9: end for

the signal have been learnt successfully, we compute the frequency spectra xi,test(f)

of samples that maximally activate the network’s units. We compare this to the

training spectra xi,train(f) using Algorithm 2.

Figures 4.5 and 4.6 show that the test samples closely resembling the training set

cause the highest activations – a property we expect from our algorithms to verify

they have successfully been trained. Furthermore, Figure 4.5 shows that our prior

expectation for the mosquito class matches the spectral content that triggers the

most confident predictions. This is in the form of a distinct frequency peak around

660Hz and its harmonic at 1325Hz, which differs significantly from the noise class.

Similarly, Figure 4.6 shows unique spectral regions dedicated to each species, also

with significant deviation from the noise class.

As we chose a wavelet basis with a scale directly proportional to a centre frequency,

we can directly compare spectral representations with the STFT. The wavelet

representation results in the more easily distinguishable peaks in the mosquito class

(Figure 4.5), and overall smoother spectral representations of the bird calls (Figure

4.6). We note that a mismatch between high-scoring test and labelled spectra

(or matches in non-information-bearing regions of the spectrum) suggest that the
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Figure 4.5: Culex mosquito dataset: plot of normalised feature coefficient against
STFT frequency bin, (a), and wavelet centre frequency, (b), for the 10% most
confident predicted outputs over a test dataset. The learned spectra xi,test(f) for
the highest N scores closely match the labelled class spectra xi,train(f).

network could be learning to detect the noise profile of the microphones used for

data collection rather than the sound emitted by the object of interest.
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Figure 4.6: BirdCLEF subset: plot of normalised feature coefficient against STFT
frequency bin, (a), and wavelet centre frequency, (b), for the 10% most confident
predicted outputs over a test dataset. The learned spectra xi,test(f) closely match
the labelled class spectra xi,train(f).

4.8 Chapter summary

This chapter has presented a novel approach for acoustic classification in a real-

world, data-scarce scenario. We have been able to more accurately and reliably

differentiate between the presence and absence of a mosquito than human labellers.

Furthermore, we have shown that a CNN outperforms generic classifiers such as

support vector machines commonly used in the field.

Moreover, we have highlighted the importance of the generality of deep learning

approaches by evaluating classification performance over a 10 class subset of bird

species recordings, where the wavelet-trained CNN outperforms traditional clas-
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4.8. Chapter summary

sification algorithms with no hyperparameter re-tuning of either approach. The

consistent improvement observed with wavelet features over the STFT warrants

further research on whether the STFT is the correct choice of a base transform, as

has overwhelmingly been used in the literature.

Finally, our generic feature transform has allowed us to visualise the learned class

representation by back-propagating predictions made by the network. We thus

verify that the network correctly infers the frequency characteristics of the signal,

rather than a peculiarity of the recording such as the microphone noise profile. In

the following chapter we deploy a computationally efficient algorithm in a physical

device for the purpose of further data collection. Based on the balance of good

overall F1 score and quick prediction times, we have chosen the SVM MFCC pipeline

(Section 4.5). In turn, the pipeline has been used to collect more data in two field

studies, as well as fuel further research. We discuss the applications that were taken

forward, and their overarching contributions, in the introduction of the upcoming

chapter.
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Chapter 5

HumBug: data acquisition and

smartphone applications

5.1 Overview

This chapter continues the timeline given in the Gantt chart of Figure 3.2 (Chapter

3), at the stage of completion of expertly-labelled data experiments. In this section

we give the context of the contributions of three publications, which all revolve

around the data collection process, fieldwork, and considerations for the real-time

smartphone app. In each section we elaborate on these contributions in greater

detail.

Following research output presented in Chapter 4, which strongly suggests that

there is value in algorithmic detection of mosquito sounds when compared to human

interpretation, we seek to advance this project through further data collection. To

aid in data collection, we utilise an updated version of a smartphone app which

gives the ability to record on detection of a mosquito. We discuss this in Section 5.2,

which builds upon work published and presented at the NeurIPS 2017 Workshop

on Machine Learning for the Developing World (Li et al., 2017b).

Further fieldwork conducted with this algorithm is then discussed in Section 5.3

which is based on work accepted at the DCASE 2018 Workshop proceedings (Li
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5.2. Mosquito detection with low-cost smartphones: data acquisition for malaria research

et al., 2018).

Following the initial investigations of both offline recordings and field trials, we

show how a detector can be built which is both computationally efficient and takes

into account a method to penalise different types of error in Section 5.4. The work

on which this section was based on was presented at the NeurIPS 2017 Workshop

on Machine Learning for Audio Signal Processing.

Following the acquisition of further data, Section 5.5 then details the process of

collecting labels from the Zooniverse crowdsourcing platform. The increase in the

size of the dataset allows us to scale to larger networks with a greater number of

layers. We publicly release our model and labelled data to encourage further research.

Our contributions are published at the Machine Learning for the Developing World

workshop at NeurIPS 2019, and the International Conference on Acoustics, Speech,

and Signal Processing (ICASSP), 2020.

5.2 Mosquito detection with low-cost smartphones:

data acquisition for malaria research

In this section, we present a prototype mobile sensing system that acts as both a

portable early warning device and an automatic acoustic data acquisition pipeline to

help fuel scientific inquiry and policy. The machine learning algorithm that powers

the mobile system achieves excellent off-line multi-species detection performance

while remaining computationally efficient. Furthermore, we have conducted pre-

liminary live mosquito detection tests using low-cost mobile phones and achieved

promising results. Following an initial proof-of-concept phase, the system underwent

field tests in July 2018 to improve and evaluate the detection model with more field

data. We show the results of the field test in Section 5.3. As of May 2020, further

deployment of our detection ecosystem is planned in the near future in Africa.
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5.2.1. Mobile devices

5.2.1 Mobile devices

As sensor-rich embedded devices, smartphones provide a perfect platform for en-

vironmental sensing (Lane et al., 2010). They are programmable and equipped

with cheap yet powerful sensors, such as microphones, GPS, digital compasses and

cameras. The touch screen is ideal for displaying real-time feedback to the user and

inputting peripheral information in data acquisition. The built-in WiFi and cellular

access make smartphones extremely useful for data streaming or synchronisation.

These desirable properties have enabled a wide range of applications of smartphones

in environmental monitoring (Yang et al., 2014; Lane et al., 2015; Guo et al., 2015).

The identification of disease-carrying mosquitoes by their flight tones has been

researched for more than half a century (Jr. and Kahn, 1949; Raman et al., 2007).

However, to the best of our knowledge, there is no acoustic mosquito sensing pipeline

that is cost-effective and deployable in large field studies. The HumBug project aims

to accomplish real-time acoustic mosquito detection using low-cost smartphones to

guide control programmes, through relating such detections to further information

such as geographic location, vegetation type, and climate.

5.2.2 Data acquisition

To enable acoustic detection of mosquitoes, an easy-to-use data acquisition system

needs to be set up for retrieving and transmitting data for training of detection

models and live prediction of mosquito presence. The MozzWear Android app we

developed provides a simple graphical user interface for sound recording and data

synchronisation (Figure 5.1a). At this stage of the project, the app supported the

“Record only”, and the “Record and detect” functions. Future work aims to support

the “Record on detection” function. The “Record and detect” and the “Record

only” both record sound. In addition, the “Record and detect” function launches

the detection module and displays real-time predictions of the mosquito presence

(Figure 5.1b). Users of the app may have certain prior information to enter at the
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(a) MozzWear Interface (b) MozzWear interface
(“Record and detection”).

(c) Peripheral Information
Input.

Figure 5.1: The MozzWear android app. The latest version is available on https:
//github.com/HumBug-Mosquito

data collection stage, e.g. peripheral information of the environment, or species

categories for cage mosquitoes. The app provides a pull-down menu (Figure 5.1c)

for users to enter such information (if available). All recordings and corresponding

peripheral information are synchronised to the online HumBug project database

through WiFi or cellular connections.

5.2.3 Classification pipeline

The key objective of the classification algorithms for our specific task is high detection

accuracy with low computational load and memory usage. We describe our adopted

feature extraction methods, two-stage multi-species classification algorithm, as well

as the model training strategy.

Feature extraction: As introduced in Chapter 2, where we surveyed a variety

of audio representations, MFCCs are one of the most widely used audio features in

speech recognition and acoustic scene classification (Barchiesi et al., 2015). MFCCs

provide compact representations of spectral envelopes, by performing the DCT on

the log power spectrum grouped according to the mel scale of frequency bands. It

73

https://github.com/HumBug-Mosquito
https://github.com/HumBug-Mosquito


5.2.4. Experiments and results

usually compresses the high-dimensional spectrum into a much lower space, e.g.

13-dimensional coefficients. Thus, it is well suited for usage in low-power devices.

Two-stage multi-species classification: A two-stage classification paradigm is

employed for detection. In the first stage, a binary class SVM is used to detect the

presence of mosquitoes. Once a mosquito is identified, a multi-species classification

using the one-versus-one multi-class strategy with the SVM is used in the second

stage to identify the exact mosquito species. In future work, Section 5.4 furthermore

introduces the cost-sensitive SVMs in the first stage to provide a more direct control

on the false positive rate.

Training strategy: At this stage of the project, only small amounts of training

data were available, as labelling recordings is a manual and time-consuming process.

We divided recordings into audio clips with a duration of 0.1 seconds (which we call

samples), and assigned labels to each clip according to data tagging results from

humans. A balanced training dataset was first created so that each class had the

same number of training samples. The random sampling strategy, which randomly

samples short audio clips without replacement in the balanced training set, was

found to produce the best detection performance.

5.2.4 Experiments and results

We report offline detection results produced with a dataset containing audio re-

cordings collected by the CDC and USAMRU-K. The CDC dataset contains sound

recordings from 20 mosquito species. The number of recordings for a majority of

the species is small – for only 6 species we have no fewer than 62 0.1 second samples.

Therefore, we collate all acoustic data from these 6 species into the examined dataset.

The USAMRU-K dataset contains sound recordings of the An. Gambiae species.

We create a balanced dataset by downsampling data from each of these 7 mosquito

species and background recordings, so that each class contains 62 samples. The
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Table 5.1: Statistics of detection accuracies with 7 mosquito species. Results are
generated from 100 random splits of balanced data.

Species Mean ± std. Min Max

No mosquito 0.82± 0.11 0.50 1.00
Aedes aegypti 0.82± 0.07 0.58 0.97

Anopheles quadrimaculatus 0.72± 0.09 0.41 0.94
Culex tarsalis 0.92± 0.06 0.74 1.00

Anopheles albimanus 0.76± 0.07 0.57 0.93
Culex quinquefasciatus 0.87± 0.06 0.69 1.00

Aedes albopictus 0.83± 0.08 0.60 1.00
Anopheles gambiae 0.68± 0.17 0.29 1.00

balanced dataset simplifies training and leads to easier interpretation of prediction

results on the test set.∗ 100 trials were conducted by sampling 100 different copies

of the balanced datasets through random initialisations. The “random sampling”

training strategy described previously is adopted to train the detection algorithm

with 50 % of samples in the balanced dataset. All the recordings used in this section

were obtained with MozzWear installed on Alcatel One Touch 4009X mobile phones,

available at a network operator’s shop in the UK for £20. The app is therefore

suitable for low-end devices, aiding the ease of global deployment.

We report statistics of detection performance on test data among 100 trials in

Table 5.1. Average detection accuracies for different mosquito species vary from

0.68 to 0.92. The standard deviations calculated based on detection accuracies in

100 trials are low for most classes.

These results demonstrate that the current detection model, trained with a limited

amount of data, has achieved effective multi-species detection with a dataset

involving two experiments conducted in two different locations. Field trips are

conducted and addressed in Section 5.3 to train more robust models and better

assess detection performance using field data.
∗We explore approaches to imbalanced classification, once a larger quantity of data has been

accumulated, in Section 5.5.
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5.3 Fast mosquito acoustic detection with field cup

recordings: an initial investigation

Our previous assessment of mosquito acoustic detection techniques relied upon lab

recordings of mosquitoes provided by the CDC and USAMRU-K. We illustrate

in this section our proposed algorithm’s performance over an extensive dataset,

consisting of recordings made in plastic cups of more than 1000 mosquito individuals

from 6 species captured in field studies in Thailand.

We propose an effective classification pipeline based on the mel-frequency spectrum

allied with convolutional neural networks. This detection pipeline is computationally

efficient in not only detecting mosquitoes, but also in classifying their species.

Similarly to the wavelet, we use a transformation that reduces the amount of feature

engineering, while still making use of a compressed feature space.

A total of 1256 individual mosquitoes of 9 different mosquito species were captured

and individually recorded during a two-month mosquito survey in rural Thailand. We

here present the development of a machine learning algorithm that is computationally

efficient and report in this section on its performance over this field-recorded dataset.

5.3.1 Field experiments and data summary

A two-month comprehensive survey of mosquito fauna was conducted at Pu Teuy

Village, Sai Yok District, Kanchanaburi Province, Thailand. The survey was

conducted within the peak mosquito season (May to October), and ran from 12

June until the end of July in 2018. Three methods of capture were used: human-

baited nets, cow-baited nets, and larval collections. The baited nets were run for 12

hours overnight with collections made each hour throughout. All adult mosquitoes

were placed into sample cups large enough for them to fly freely and their flight

was recorded the morning following capture.
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5.3.2. Model

Recording was conducted using two microphone set-ups: “budget” and “high spec”.

The “budget” set-up used an Alcatel OneTouch Pixi smartphone with a TIE 19-90003

condensor microphone. The budget setup also used our MozzWear app on Alcatel

smartphones to perform data capture and digitisation. The ‘high-spec’ set-up used

a high specification field microphone (Telinga EM-23) plugged into a digital sound

recorder (Olympus LS-14). Monophonic recordings were collected in both set-ups.

Larval collections were made along a small river with known anopheline larval sites

and the larvae/pupae were placed into rearing trays. The emerging adults were

placed into individual sample cups and provided with 10%w/v∗ sucrose solution

and recorded as above. As of July 2018, a total of 1256 individual mosquitoes had

been captured. The detailed number of individuals for each species is reported in

Table 5.2. A total of 127 mosquito individuals died before recording, 92 were lost,

46 did not fly and 21 individuals are as yet unidentified.

After recording the mosquito flight tones of these captured mosquito individuals,

data tagging was required to mark segments of recordings with mosquito flight tones.

Our project research team labelled a subset of the recordings and obtained more

than 1 hour of mosquito flight tones from the field-captured mosquitoes, in addition

to background recordings. The number of mosquito individuals and durations of

flight tones of each species are shown in Table 5.2.

5.3.2 Model

We have shown in Chapter 4 that the wavelet transformation provides informative

time-frequency features that are well-suited to subsequent use, particularly when

paired with convolutional neural networks. However, the continuous wavelet trans-

formation used in this work is computationally demanding (as shown in Table 4.2)

and unsuited for the task of real-time mosquito species classification on low-cost

phones.
∗weight by volume
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Table 5.2: Number of captured mosquito individuals and durations of recorded
mosquito flight tones for different species.

Mosquito species # individuals Recorded time

Aedes sp. 256 954 seconds
An. maculatus 105 486 seconds

An. dirus 110 474 seconds
An. harrisoni 150 612 seconds
Armigeres sp. 261 1084 seconds
Culex sp. 67 386 seconds

Mansonia sp. 4 14 seconds
An. minimus 8 61 seconds

An. barbirostris 9 13 seconds

In Chapter 4 we also identified MFCCs as effective features for multiple machine

learning algorithms. MFCCs are computationally efficient and have been a popu-

lar choice in mosquito detection and other acoustic scene classification tasks (Li

et al., 2017b; Barchiesi et al., 2015). However, the DCT step leads to less human-

interpretable features than MFCCs, as shown in Figure 5.2, where the mel-frequency

spectrum (Figure 5.2d) better preserves the harmonic structure in the spectrogram

(Figure 5.2b) in comparison to the MFCC spectrum (Figure 5.2c). Furthermore, the

mel-frequency spectrum is also fast to compute and forms a compact representation

of the spectrum. Our experiments, including that presented in Section 5.3.4, have

shown that the mel-frequency spectrum leads to detection performance with no

statistically significant difference to results obtained with the MFCC.

We therefore use the mel-frequency spectrum to construct time-frequency represent-

ations. For an audio clip we can compute the mel-frequency spectrum for smaller

segments within the clip, and combine them to form a time-frequency matrix. This

resultant matrix forms the input space of the subsequent machine learning algorithm

(Figure 5.3). As with previous work, we use a CNN with a similar configuration to

that in Chapter 4. A schematic representation for the log-mel spectrum is given in

Figure 5.3.
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Figure 5.2: An example recording and associated spectral features. Mosquito flight
tones are present from 21 s to 31 s for cow capture #242, 35 s to 40 s from cow
capture #243, 42 s to 52 s from cow capture #251. Other segments of the recording
(including the high amplitude sections) are either background noise or human voices.

5.3.3 Training strategy

In training and evaluating mosquito acoustic detection algorithms, we first randomly

remove 50% of the recordings to create the hold-out test dataset. For the remaining

recordings, we divide recordings into audio clips with a length of 0.1 seconds, thus

creating a relatively large number of samples with which we train the CNN and
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5.3.4. Experiment configuration

Figure 5.3: Example CNN architecture. Input to the CNN is a mel-frequency
spectrum computed from a 0.1 second audio clip with c = 1 channel and dimension
h1 × w1. The CNN has Nk filters with kernel K ∈ Rk×k thus it reduces the input
dimension to h2 × w2 following convolution with each filter. These feature maps
are flattened (i.e. vectorised) before being fully connected to Nd hidden units in a
dense layer. The last fully-connected layer produces the classification output.

other benchmark algorithms.

As shown in Table 5.2, the dataset is highly imbalanced. To avoid issues with very

small data sample sizes, we only use samples from the Aedes sp., An. Maculatus,

An. dirus, An. harrisoni, Armigeres and Culex sp.∗ to evaluate the detection

performance of the algorithms, as there is less than 2 minutes of recordings for

the other species. Three of these species are known malaria vectors, including An.

maculatus, An. dirus and An. harrisoni. Following Li et al. (2017b), we randomly

sample the training samples, without replacement, to produce a balanced training

set.† In our application, this creates a dataset of close to 2000 samples for each

mosquito species. A total of 100 randomised trials were performed so that different

training and test datasets were produced among different simulation trials.

5.3.4 Experiment configuration

The input image to the CNN is of dimension 26× 10, where 26 is the dimension

of the mel-spectrum and 10 is the number of 0.01 second windows within a 0.1
∗sp. is an abbreviation to refer to multiple species, species pluralis.
†Approaches to imbalanced classification are considered in Sections 5.5 and 6.3.3.
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second audio clip. In this initial investigation we adopt a network structure inspired

by Simard et al. (2003) which was used for MNIST handwriting digit recognition.

There are three convolutional layers: the first layer consists of 8 filters, the second

one has 32 filters, and the last one is made up of 64 filters. All filters have 3× 3

kernel size. They are followed with one hidden layer of 128 nodes. The ReLU and

a dropout rate of 0.3 are used. The neural network is trained using the Adam

algorithm (Kingma and Ba, 2014) with a batch size of 256 for 100 epochs.

As the benchmark classifier we choose an SVM using a one-versus-one multi-class

classification strategy (Cortes and Vapnik, 1995). The one-versus-one multi-class

classification strategy has a simpler data balancing requirement compared to one-

versus-rest. As discussed in Li et al. (2017b), MFCC features combined with an

SVM obtains the best multi-species classification accuracy among several common

acoustic features and off-the-shelf detection algorithms. However, subsequent studies

showed that the mel-frequency spectrum leads to similar detection performance and

more human-interpretable features. As the SVM requires a feature vector as an

input instead of a two-dimensional array, we calculate the mel-frequency spectrum

and MFCCs for the SVM from the entire 0.1 second audio clip, to form feature

vectors in R26×1. ∗

5.3.5 Results

Figure 5.4 shows the out-of-sample classification accuracy and F1 score of the com-

pared algorithms, respectively. The CNN exhibits significantly better classification

performance, in terms of both classification accuracy and F1 score over the SVM

algorithms. We observe no significant difference between results obtained with

MFCCs and the mel-frequency spectrum. As shown in Figure 5.2, the mel-frequency

spectrum is able to better preserve the harmonic structure of the mosquito flight

tone than MFCCs. Figures 5.5a and 5.5b show confusion matrices for the mel-
∗Stacking shorter frames to form R260×1 instead led to a similar performance loss as previously

encountered and demonstrated in Table 4.1.
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Figure 5.4: Boxplots showing out-of-sample classification accuracy and F1 scores
across 100 randomised trials.

frequency SVM and CNN, respectively. The CNN exhibits a significant increase in

mean accuracies over the SVM for every mosquito species in this experiment.

82



5.3.5. Results

No mozz Aedes sp.An. maculatus An. dirus An. harrisoni Armigeres Culex sp.
Predicted label

No mozz

Aedes sp.

An. maculatus

An. dirus

An. harrisoni

Armigeres

Culex sp.

Tr
ue

 la
be

l
0.58

(0.13)
0.09

(0.04)
0.05

(0.02)
0.09

(0.06)
0.07

(0.04)
0.06

(0.03)
0.05

(0.04)

0.02
(0.01)

0.6
(0.05)

0.07
(0.02)

0.08
(0.03)

0.17
(0.03)

0.04
(0.01)

0.02
(0.01)

0.02
(0.0)

0.15
(0.04)

0.42
(0.07)

0.09
(0.02)

0.12
(0.03)

0.13
(0.02)

0.07
(0.02)

0.03
(0.01)

0.13
(0.04)

0.1
(0.03)

0.35
(0.06)

0.12
(0.03)

0.15
(0.04)

0.12
(0.04)

0.02
(0.0)

0.2
(0.04)

0.1
(0.03)

0.07
(0.03)

0.48
(0.05)

0.1
(0.03)

0.04
(0.01)

0.01
(0.0)

0.05
(0.02)

0.07
(0.01)

0.05
(0.01)

0.07
(0.02)

0.61
(0.03)

0.14
(0.02)

0.02
(0.01)

0.04
(0.02)

0.07
(0.02)

0.09
(0.03)

0.05
(0.02)

0.21
(0.05)

0.51
(0.06)

(a) SVM

No mozz Aedes sp.An. maculatus An. dirus An. harrisoni Armigeres Culex sp.
Predicted label

No mozz

Aedes sp.

An. maculatus

An. dirus

An. harrisoni

Armigeres

Culex sp.

Tr
ue

 la
be

l

0.62
(0.12)

0.07
(0.03)

0.05
(0.02)

0.08
(0.05)

0.07
(0.03)

0.05
(0.02)

0.06
(0.03)

0.02
(0.01)

0.63
(0.03)

0.07
(0.01)

0.07
(0.02)

0.14
(0.02)

0.04
(0.01)

0.03
(0.01)

0.02
(0.0)

0.08
(0.02)

0.63
(0.03)

0.07
(0.01)

0.08
(0.01)

0.06
(0.01)

0.05
(0.01)

0.05
(0.01)

0.09
(0.02)

0.1
(0.02)

0.46
(0.04)

0.1
(0.02)

0.1
(0.02)

0.1
(0.02)

0.02
(0.0)

0.12
(0.02)

0.08
(0.02)

0.07
(0.01)

0.62
(0.03)

0.05
(0.01)

0.03
(0.01)

0.01
(0.0)

0.03
(0.01)

0.05
(0.01)

0.05
(0.01)

0.04
(0.01)

0.73
(0.02)

0.1
(0.01)

0.03
(0.01)

0.03
(0.01)

0.07
(0.02)

0.09
(0.02)

0.04
(0.01)

0.16
(0.03)

0.56
(0.05)

(b) CNN

Figure 5.5: Confusion matrices of out-of-sample classification performance for
models operating on the mel-frequency spectrum. The first value in each entry is
the corresponding mean value among 100 simulation trials, while the value in the
parenthesis reports the standard deviation.
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5.3.6 Initial investigation discussion

This initial investigation has reported classification results with labelled data from

a subset of recordings in which labels were obtained by data tagging from project

team members. Further work includes data which has been labelled via citizen

scientists on the Zooniverse citizen science platform. We discuss this in more detail

in Section 5.5. Working with such data necessitates algorithms capable of handling

crowdsourced labels which are given over different time scales to existing data labels

– and this is a topic of active current research. Our current results and research

directions in this field are reported in Chapter 7.

Finally, in this section we have shown the classification results for each species

sampled. If we know a priori which species are more likely to vector malaria, this

changes our cost function associated with detection per class. This leads to the

next section, where we work with cost-sensitive classification. Later in the thesis we

return to the concept of cost sensitivity by introducing an explicit utility function

in Chapter 6.

5.4 Cost-sensitive detection with variational

autoencoders for acoustic sensing

As outlined in Section 2.3.4, the ability to control different types of errors can be

important for environment sensing tasks. For example, a small false negative rate is

critical in hazard event detection or rare bird species detection. Furthermore, due

to storage limitations it would be desirable to achieve a small false positive rate if

the acoustic sensor stores recordings only when it detects events of interest.

In this section we adopt a simple, yet, principled Neyman–Pearson approach (Scott,

2007) as a precursor to Chapter 6 which combines utility theory with Bayesian neural

networks. The Neyman–Pearson approach is able to select classifier parameters

that minimise the false negative rate while keeping the false positive rate below a
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pre-specified threshold. A Variational Autoencoder (VAE) (Kingma and Welling,

2013) is used to harness the structure of the features of a large quantity of unlabelled

acoustic mosquito data. As the transform is performed only once offline, the reduced

feature dimensionality allows for faster execution on low-power embedded devices.

This work was developed in parallel with that of Section 5.2, and hence makes use

of the expert-labelled data used throughout Chapter 4.

5.4.1 Method

The VAE is a variational inference technique using a neural network for function

approximations (Kingma and Welling, 2013). It has become one of the most popular

choices for unsupervised learning of complex distributions. As a generative model,

it assumes that there is a latent variable z ∼ pθ(z) that influences the observation x

through a conditional distribution (the probabilistic decoder) pθ(x|z) parameterised

by θ. The variational lower bound on the marginal likelihood of a data point xi is

log pθ(xi) ≥ L(θ,φ;xi) = −DKL(qφ(z|xi)||pθ(z)) + Eqφ(z|xi)[log pθ(xi|z)], (5.1)

where DKL is the Kullback–Leibler (KL) divergence term and the variational

parameter φ specifies the recognition model (the probabilistic encoder) qφ(z|x).

The variational autoencoder jointly optimises φ and θ with respect to the variational

lower bound L(θ,φ;xi).

The VAE assumes that the latent variable z can be drawn from an isotropic mul-

tivariate Gaussian distribution pθ(z) = N(z; 0, I) where I is the identity matrix. It

is then mapped through a function to approximate the data-generating distribution

using neural networks. More specifically, both the encoder qφ(z|x) and the decoder

pθ(x|z) are modelled using multivariate Gaussian distributions with diagonal cov-

ariance matrices, where the means and variances of the Gaussian distributions are

computed using neural networks. A re-parameterisation trick is needed to optimise

the KL divergence, by making the network differentiable so that back-propagation
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can be performed. We refer the readers to Kingma and Welling (2013) for more

details.

5.4.2 2ν-SVM

To utilise the cost-sensitive framework, we make use of the ν-SVM (Schölkopf et al.,

2000). The SVM takes as input the latent variable z, which allows us to write the

maximum margin solution as the following quadratic programming problem:

min
w,b,ε,ρ

1
2 ||w||

2 − νρ+ 1
N

N∑
n=1

εn, (5.2)

subject to εn ≥ 0, ρ ≥ 0, tny(zn) ≥ ρ− εn,∀n.

This formulation allows for a straightforward interpretation of the parameters in the

minimisation. The parameter ν ∈ [0, 1] serves as an upper bound on the fraction

of margin errors and a lower bound on the fraction of support vectors (Schölkopf

et al., 2000). The parameter ρ influences the width of the margin.

To allow for cost-sensitive classification, Chew et al. (2001) proposed the 2ν-SVM

by introducing an additional parameter to produce an asymmetric error (Davenport

et al., 2010):

min
w,b,ε,ρ

1
2 ||w||

2 − νρ+ γ

N

∑
n∈I+

εn + 1− γ
N

∑
n∈I−

εn, (5.3)

subject to εi ≥ 0, ρ ≥ 0, tny(zn) ≥ ρ− εn,∀n.

I+ denotes the set of data elements with the label tn = +1, and I− denotes the set

of data elements with the label tn = −1. We can express the problem in a different

way by introducing parameters ν+ ∈ [0, 1] and ν− ∈ [0, 1] to replace ν and γ ∈ [0, 1]

(hence the name 2ν-SVM). ν+ and ν− bound the fractions of margin errors and

support vectors from each class (Davenport et al., 2010).
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5.4.3 Cost-sensitive ensemble selection

In order to perform cost-sensitive classification, we need an objective function to

gauge the performance of a classifier with different cost constraints. Scott (2007)

proposed a scalar performance measure, the Neyman–Pearson measure ê, that

soft-constrained the false positive rate of the classifier to be below a target value α,

while minimising the false negative rate:

ê = 1
α

max{P̂F − α, 0}+ P̂M , (5.4)

where P̂F and P̂M are the empirical false positive rate and the empirical false

negative rate, respectively.

We may expect that certain variational autoencoder configurations are more effective

in representation learning for specific audio signals. Different classifier hyper-

parameters, e.g. ν+, ν− and the detection threshold of detector outputs, may suit

different cost objectives to varying degrees. We can apply the ensemble selection

framework proposed in Caruana et al. (2006) to form a model ensemble that

constitutes the most informative base models which minimise ê in Equation (5.4).

In our context, the chosen base models are autoencoders with different network

structures, and the cost-sensitive SVM with varying hyper-parameters. Note that

the base classifiers are not restricted to the 2ν-SVM in the cost-sensitive ensemble

selection framework. Any classifier with probabilistic outputs can be adopted, as

different types of errors can be controlled by varying the detection threshold∗. After

the model selection, the classification decision in the test stage will be a majority

vote among the committee of the selected Q best models. The ensemble selection

architecture is shown in Figure 5.6.
∗or, equivalently, choosing an operating point on the Receiver Operating Characteristic (ROC)

curve (Streiner and Cairney, 2007)
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Figure 5.6: The ensemble selection approach. There are M different VAE network
candidate structures and N different combinations of classifier hyper-parameter
values.

5.4.4 Data

We conducted experiments using the Culex quinquefasciatus dataset (Section 4.5)

collected in the initial phase of the HumBug project. The dataset used here includes

57 audio recordings with a total length of around 50 minutes.∗ 736 seconds of

these recordings contain sound of the Culex quinquefasciatus mosquitoes. We split

these recordings into short audio clips, or what we call samples, with a duration

of 0.1 seconds. Labels are given to each of these short audio clips. We resample

to obtain a balanced dataset. Hence, the dataset contains 7360 positive samples

(with mosquito sound) and 7360 negative samples (no mosquito sound). A random

sampling approach (Li et al., 2017b), which randomly samples audio clips without

replacement in the dataset, was used to form the training set with 10 % of total

samples. The remaining 90 % samples are used for testing. We note that this renders

the use of supervised deep neural networks impractical due to the low number of

samples available for training, differentiating this work from Chapter 4.

5.4.5 Parameter values

For the purpose of this section, we set our target false positive rate threshold to

0.1, i.e. we would like to minimise the missed detections while maintaining the
∗This is the same dataset used throughout Chapter 4.
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false alarm rate to be below 10 %. How to set the exact value of this threshold is a

recurring topic which we return to in Section 6.4.4.1 by interpreting the problem

as a utility. Our preference on the error distribution will depend on the cost of

making errors, which is a multi-faceted problem. For example, we can consider the

cost of transmitting data from the smartphone, once a recording has been made.

With sufficient network coverage and bandwidth, we will be inclined to accept a

greater number of false positives, as the cost of uploading recordings with false

positives (and hence no mosquito) is acceptable to us. On the other hand, if data

transmission is very expensive, we would prefer to only upload data we are more

certain about containing mosquitoes. The final parameter values will depend on

the intended target application. For this reason, any values chosen for thresholds or

utilities are preliminary, and are due to be updated in light of new pilot studies

which have been scheduled for 2020 and 2021. Our goal in the thesis is to provide

frameworks which accommodate for any arbitrary user preference.

The SVM with the RBF kernel and the MFCC features serves as the benchmark

algorithm, which was chosen on the basis of its surveyed performance in low-

dimensional data, as well as computational efficiency when benchmarked against

many similar classifiers such as RFs, NB, etc. (Kiskin et al., 2017).

Candidate parameter values used to form the model library include the 2ν-SVM

parameters:

γ : 2−5, 2−3, . . . , 25,

ν+/ν− : 10−5, 3× 10−5, 10−4, 3× 10−4, 0.001, 0.003, 0.01, 0.03, 0.1, 0.2, 0.3, . . . , 1

The MFCC feature is 13-dimensional. To reduce feature dimension while maintaining

discriminative power, we use the VAE for feature re-representation. The candidate

dimensions of the latent variable of the VAE include 3 and 5, while the number of

nodes in the hidden layer we trial are either 10 or 50. Note that these choices are

representative only and can vary for different datasets.
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We initialise parameters of the VAE using a normal distribution with a standard

deviation 0.01. Adam (Kingma and Ba, 2014) is used in the optimisation of the

VAE. The cost-sensitive detector forms an ensemble of 100 base models to produce

the final prediction.

5.4.6 Results

We performed 100 simulation trials, in which each trial differs due to the random

seed initialisation, hence producing different data partitions and initial parameter

values. We see from Figure 5.7b and Figure 5.7c that the cost-sensitive SVM

(CSSVM) framework is able to maintain the false positive rate below 0.1 in all

simulation trials. The SVM with the MFCC features has impressive performance

(Figure 5.7a), but it fails to control the false positive rate to be below our target

value.
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Figure 5.7: Confusion matrices of the test errors with different features and classifiers.
“Mozz” is the positive class.

Although the VAE leads to a slightly lower true positive detection rate (comparing

Figure 5.7b and 5.7c) for this dataset, the VAE provides a flexible mechanism to

reduce feature dimension in the ensemble model. The reduction in the model size

can be attractive in porting the model into embedded devices, though if we do not

require further feature compression of the MFCCs, it is not worth the detection

performance degradation.
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5.4.7 Scaling to a larger dataset

In this section we have considered VAE feature re-representations, which are helpful

for low-power embedded systems. In the upcoming section, we shift our focus to a

more data-rich scenario, in which we utilise deep neural networks for the training

phase. As the main focus is for offline training, this relaxes the need for reducing

the feature dimensionality. We are presented with new issues of class imbalance

which we begin to address by re-weighting the cross-entropy function, and later

re-visit in Chapter 6. We also consider the effect of weighting the cross-entropy on

the balance of error type.

5.5 HumBug Zooniverse: a crowdsourced acoustic

mosquito dataset

For the remainder of the thesis we shift our focus to dealing with larger volumes

of data, which was collected as described in Section 5.2 and 5.3. This section

unifies work that has been presented at the Machine Learning for the Developing

World workshop at NeurIPS 2019, and has also been accepted at the International

Conference on Acoustics, Speech, and Signal Processing (ICASSP), 2020 (Kiskin

et al., 2019, 2020).

In recent years, deep learning has become widely used for bioacoustic classification

tasks. To aid the potency of existing algorithms and encourage the development of

more data-driven approaches, we release a new dataset of mosquito audio recordings.

With over a thousand contributors, we obtained 195,434 labels of two second

duration, of which approximately 10 percent signify mosquito events. We showcase

the metadata, and present an application of a convolutional neural network trained

on log-mel (Hershey et al., 2017) spectrogram features. This represents the basis of

many neural networks currently used in this problem domain (Deng et al., 2014;

Längkvist et al., 2014). Furthermore, we suggest methods for dealing with the
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difficulty of this real-world data, namely ways of dealing with data imbalance and

label coverage. We hope this will become a vital resource for those researching all

aspects of malaria, and add to the existing audio datasets for bioacoustic detection

and signal processing.

5.5.1 Related work

The closest existing example data, to the best of our knowledge, is the Wingbeats

pseudo-acoustic data, which consists of 279,566 short recordings (of approximately

one second duration) (Fanioudakis et al., 2018). One potential issue with this data

is that it is collected via optical sensors, which may not translate well to detection

with low-cost acoustic sensors. In order to provide a new dataset that may be more

suited to helping with the detection of mosquitoes in the developing world, our data

is collected via conventional microphones that are found in low-cost mobile phones.

Collecting via these microphones allows both greater participation from those who

already live in malaria-ridden areas, and the possibility of providing a method

for detection in people’s homes. Specifically, these smartphones can be placed in

bed net corners, where mosquitoes tend to congregate, to allow the autonomous

collection of data. This is a suggested strategy which as of May 2020 is explored

as part of the HumBug project. There has already been research that uses similar

technology (Li et al., 2017b; Mukundarajan et al., 2017) and we believe that the

dataset we release will only help further to solve these kinds of issues.

Furthermore, we highlight the utility of crowdsourcing labels, where we have

gathered labels for our data via the Zooniverse platform. The Zooniverse platform

is a useful tool for labelling data (see Figure 5.8) and has seen success in multiple

other projects that help with machine learning for the developing world, such as

disaster response and earthquake detection (Simpson et al., 2014).
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Figure 5.8: User interface for the classification page of the Zooniverse HumBug pro-
ject, found at https://www.zooniverse.org/projects/yli/humbug/. A short-
time Fourier transform spectrogram representation is offered above the audio file.

5.5.2 Data acquisition

The recordings∗ presented are from four sources, which we break down as follows:

Group A consists of laboratory-based mosquito colonies held in the UK (Oxford),

providing acoustic data for vector species Culex quinquefasciatus, a vector of the

West Nile virus. These culture cages contained both male and female insects.

Group B was acquired from laboratory-based mosquito colonies in the USAMRU-K,

providing acoustic data for Anopheles gambiae, the primary vector of malaria in

Africa.

Group C was made with the recording of multiple species at the insectary at the

CDC, Atlanta, USA, including Aedes aegypti and Aedes albopictus, vectors of yellow

fever and dengue fever respectively.

Group D is formed from recordings of wild captured mosquitoes (including An-

opheles barbirostris and Anopheles maculatus, Asian vectors of malaria), sampled
∗See the GitHub repository at https://github.com/HumBug-Mosquito/ZooniverseData for

the csv file and corresponding wav audio data.
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(c) Responses of raw votes available in the database, split by recording group

Figure 5.9: Statistics of the crowdsourced Zooniverse dataset. The dataset is
comprised of four sources of data, labelled “A”, “B”, “C”, and “D”, described in
Section 5.5.2. The total number of classifications made is 195,434. This is made on
80,101 overlapping 2 second chunks, each with a unique audio_id, which create a
22 hour dataset of unique audio. 57,710 (72%) of the audio samples contain more
than one label, of which 10,487 (18%) contain disagreement. In total, approximately
1 in 10 recordings contains an audible mosquito, with the distribution given in (c).

form the Pu Teuy Village, Sai Yok District, Kanchanaburi Province, Thailand. This

site is a field site of Kaetsart University, Bangkok.

Figure 5.9c shows the proportion of data labelled as each class within the four

sources of recordings which constitute the whole dataset. We note groups A, B

and D show a similar fraction (approx 5 to 10%) of mosquito events, with group

C containing the highest relative frequency of clearly audible mosquitoes (approx

25%).

5.5.3 Data labelling

With large-scale field deployment, the number of recordings requiring data tagging

was beyond the capacity of experts and researchers in the HumBug project. We
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hence resorted to the power of crowdsourcing, creating a project on Zooniverse, the

world’s largest citizen science platform (Simpson et al., 2014), to solicit labels from

over a million volunteers. Volunteers listen to 2 second sound clips and can see the

corresponding spectrograms, then give their decisions in a set {Yes, No, Not Sure}

(Figure 5.8). The total number of participants for this release of the dataset is 1,316.

The audio clips each overlap by 1 second (50%) in order of the audio_id in the

csv file within each group. This ensures that despite the unique audio_id with its

associated votes, each section of audio is covered by at least two labels.

Figure 5.9b shows the number of classifications made by each individual volunteer.

While the majority of participants only clicked through a few examples, the remaining

users supplied votes to cover 80,101 audio segments. We represent the resulting

number of labels per audio clip with a logarithmic scale histogram in Figure 5.9a.

The first few bins are healthily populated, with a logarithmic decline with the

increase in number of labels. Of the 80,101 overlapping audio clips, 57,710 (72%)

contain more than one label, of which 10,487 (18%) contain disagreement.

To showcase an example use of this data, we use a simple majority voting scheme

in Section 5.5.4 as a baseline. We convert the “Not Sure” labels into a numerical

value of 0.5, take the mean of all the votes given to each audio clip and round to

the nearest integer (0 or 1). We resolve tiebreaks in favour of the mosquito class,

though note that we could in principle set an acceptable threshold for what data

to use for training, or use classifiers that accept probabilistic input. To utilise the

multiple votes that the label overlap provides, we aggregate votes from overlapping

audio segments to form a new dataset of one second clips. Classification tasks using

this dataset benefit from the aggregated labels per clip, resulting in higher rates of

both precision and recall. We supply this processed, simplified, dataset in a separate

csv file with the fields {path, subject_set, Yes, No, Not Sure}, where path is the

path to these new higher resolution (shorter label duration) label audio clips, and

{Yes, No, Not Sure} are columns that count the number of these occurrences per

each unique one second clip.
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5.5.4 Baseline

We show an example classification use of the data in the iPython notebook

baseline.ipynb found in the repository∗. We employ a convolutional neural

network, following similar architectures used previously in Chapter 4, with two

layers, with filter sizes 3×3 and unit stride length.† To deal with the data imbalance,

we use a weighted cross-entropy with the class-weights, w = [1, 10] equal to the

inverse of the relative frequency of each class, calculated from the aggregated major-

ity labels (an approximation can be viewed in Figure 5.9c). Each audio recording

of one second duration is transformed into the log-mel spectrogram domain, as this

feature space is commonly found to perform well in the literature (Gemmeke et al.,

2017; Hershey et al., 2017). Each transformed data sample is treated as a 2D image

with dimensions 128×11. The number of rows corresponds to the number of log-mel

features, and the width contains 11 samples (a result of a 0.1 second window length

for the feature transform with padding). The feature-transformed data, with its

corresponding majority label, is given in {X, y} = {data_mel, label}. We resolve

tiebreaks in favour of the positive (mosquito) class.

We also include a copy of the data transformed to MFCCs, as the more salient

lower-dimensional representation can help algorithms such as SVMs learn models

(Kamruzzaman et al., 2007). The code provides the core functionality such that the

user may choose whichever representation is most convenient.

The data {X, y} is then tenfold split with sklearn’s train_test_split function.

For reproducibility, we include the vector of random states used to partition the

data in the code. The combination of majority voting and the log-mel features with

the CNN results in the mean confusion matrices with the standard deviations given

in Figure 5.10. We choose confusion matrices as metrics, as these are informative

in the presence of a class imbalance as the matrices allow us to visualise both

false positive and false negative errors. Figure 5.10a shows the results of training
∗https://github.com/HumBug-Mosquito/ZooniverseData
†Full details and hyper-parameters are given in the supplemented code.
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Figure 5.10: Mean confusion matrices of classifications made with the CNN baseline
on ten folds of the dataset, given in the form of µ± σ, where µ is the mean, and σ
is the standard deviation. The two subfigures show two weighted cross-entropies
which encode our utility in detecting either class. The trade-off of false negative
and true positive rate is evidenced when we change the weighting of each class in
the loss function.

the CNN with equal class weights, wi = 1. This allows us to detect 39% of the

mosquito events while incurring a 2% false positive rate. The effect of more heavily

weighting the under-represented mosquito class, with w1 = 10, is to increase the

rate of true positives at the expense of a greater number of false positives (Figure

5.10b). We take a more sophisticated approach to data imbalance using a Bayesian

utility framework in the following chapter.

5.6 Chapter summary

This chapter consists of research output most specific to the HumBug smartphone

app, field deployment, and data collection. In Section 5.2 we have highlighted the

technology we used for data collection, namely the MozzWear android app. We

have also shown that it is possible to distinguish between 7 species of mosquito

with high accuracy from recordings made on low-cost smartphones with MozzWear.

We have described further data collection in Thailand, and have shown the possibility

to discriminate between multiple species captured in the field, in Section 5.3, with

reasonable accuracy. Furthermore, we utilised a similar CNN as in Chapter 4 with 40
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log-mel spectrogram features to balance computational efficiency with classification

performance. When benchmarking against the version of MozzWear currently in

deployment (May 2020), we have shown a consistent improvement in classification

score which warrants research into the revision of the smartphone app.

Section 5.4 then introduced the notion of asymmetric cost, where the user may

want to determine algorithm behaviour by setting thresholds for error types such

as the false positive rate. An example use of this is to prevent overly aggravating

the user and conserving limited hardware resources such as storage. To aid in this

task, a variational autoencoder is pre-trained offline to reduce the dimension of the

latent space required for online classification.

Section 5.5 is dedicated to the processing of data labels which have been collected

with a concerted citizen science effort. We reported on the release of a public

dataset, and provided a baseline implementation for classification. We note that the

data collected is noisy, highly imbalanced, and furthermore we may want to consider

asymmetrical cost. As a baseline, we apply a similar neural network architecture

as found in Chapter 4 and Section 5.3. We made use of the additional data by

adapting the architecture to use a greater depth and higher feature resolution. In

conjunction with the baseline we have shown how weighting the cross-entropy can

affect the compromise between false positives and true positives.

As a result of the challenges introduced by the combination of an asymmetric cost,

high label uncertainty, as well as imbalanced classes, we now look to Bayesian neural

networks and their combination with Bayesian decision theory in the next chapter.

We leverage the classification performance strength of deep learning methods, while

taking advantage of the principled framework of Bayesian decision theory.
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Chapter 6

Loss-calibrated Bayesian neural

networks for noisy acoustic

mosquito detection

6.1 Overview

In this chapter we focus on a Bayesian approach that explicitly incorporates uncer-

tainty within its formulation. With the greater availability of data for this work, we

are in a position to improve upon limitations encountered in Chapter 5. With the

cost-sensitive SVM of Section 5.4, we lack principled handling of utility functions.

Furthermore, due to the crowdsourcing of labels through our citizen science project

of Section 5.5, there is a high level of label uncertainty, as well as class imbalance,

introduced.

In order to overcome these limitations we move to a Bayesian framework, whereby

data imbalance can be re-cast as a Bayesian decision theory task. To retain the

powerful classification performance offered by traditional deep learning models, we

look for ways of combining deep neural networks with Bayesian decision theory.

Therefore, in Section 6.2 we introduce Bayesian decision theory for neural networks.

We then give an overview of the mathematical foundations of inference in Bayesian
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neural networks in Section 6.3. Section 6.4 then returns to our mosquito detection

problem with these new tools, and offers more depth in comparison to methods

explored with cost-sensitive VAE SVMs in Section 5.4.

6.2 Bayesian decision theory for Bayesian neural

networks

Having introduced Bayesian decision theory in Section 2.3.4, we now use it to

improve on our ability to make classifications, with regard to an asymmetric utility

in the presence of uncertainty. The motivation for selecting the Bayesian decision

framework is due to the principled way in which it deals with uncertainty. Any

prediction we make should involve the uncertainty in our knowledge over the model

parameters, ω. In our scenario, we can think of our confidence in the model

parameters as our knowledge over the world we model, which is given by the

posterior over the weights.

For our choice of model, we denote the probability vector output as fω(xi). Based

on the model vector output, we must decide upon which label to assign to maximise

our utility. For a given input xi we refer to the decision as hi, which can take any

label assignment c ∈ C. For clarity, we list our definitions as follows:

• h refers to the decision, or label assignment.

• u refers to the utility, which defines our preferences for certain errors.

• Traditionally, a standard prediction from a neural network is given by the

argmax over the classes of the vector output fω(x∗i ), denoted by y∗i .

In Bayesian decision theory, the overall process is divided into two separate tasks:

probabilistic inference and decision making. Here, we include details of these two

tasks.
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6.2.1 Probabilistic inference

When we have access to the true posterior, we can think of probabilistic infer-

ence as averaging over the model parameters ω to infer a predictive distribution

p(y∗|x∗,X,Y), which can be shown as the integration:

p(y∗|x∗,X,Y) =
∫
ω
p(ω|X,Y)p(y∗|x∗,ω)dω, (6.1)

where x∗ is our test point, y∗ is the predicted label, and D = {X,Y} forms our

training dataset.

6.2.2 Decision

Having inferred the predictive distribution, in the context of supervised learning for

classification, we must make a decision as to what label to assign for a given input

x∗. The label we assign both depends on the specific task and the uncertainty.

In this context, we define a utility function, u (h = c,y∗ = c′) (or u (c, c′)), which

dictates what we will gain from each decision, h, for each label.

To combine our uncertainty in our decision with a utility function, we average the

utility over the predictions y∗ to give the expected utility in assigning a label h

conditioned on a test input x∗:

U(h = c|x∗)

=
∑
c′
u
(
h = c,y∗ = c′

)
p(y∗ = c′|x∗,X,Y).

(6.2)

The decision h that maximises the expected utility is defined as the optimal decision

h∗ for the given input x∗ (Section 2.3.4):

h∗(x∗) = argmax
c∈C

U(h = c|x∗)

= argmax
c∈C

log (U(h = c|x∗))
(6.3)

conditioned on the dataset {X,Y}.

101



6.3. Bayesian deep learning

6.3 Bayesian deep learning

6.3.1 Bayesian neural networks

If we are to use Bayesian decision theory for our problem, we require a model

that can provide distributions for each section of audio data. Bayesian Neural

Networks (BNNs) offer a probabilistic alternative to neural networks by specifying

prior distributions over the weights (MacKay, 1992; Neal, 2012). The placement of

a prior p(ωi) over each weight ωi leads to a distribution over a parametric set of

functions.

The motivation for working with BNNs comes from the availability of uncertainty

in its function approximation, fω(x). In training, we infer the posterior over the

weights p(ω|X,Y), given a prior, p(ω), and the likelihood, p(Y|X,ω). As with

convention, the prior is defined as a multivariate Gaussian distribution. This comes

from the distribution’s desirable properties as a prior such as symmetry around

zero and a preference for small weight values (Cobb, 2020).

To express the likelihood mathematically, we first define a target vector t, which is

one-hot encoded with a 1-of-K coding scheme, such that all elements are zero except

for element k, corresponding to class Ck, which equals one. A softmax function can

be used to output a class probability,

p(y = ck|ω,x) =
exp{fωck

(x)}∑
cj

exp{fωcj
(x)} . (6.4)

In two-class classification with logistic regression, the outcome (or response variable)

can be modelled by a Bernouilli distribution. Similarly, the likelihood function for

multi-class classification can be derived from a generalised Bernoulli distribution

(also known as the categorical distribution) (Bishop, 2006, p. 209). The categorical

distribution is a discrete probability distribution that describes the possible results

of a random variable that can take on one of K possible categories, with the

probability of each category separately specified (Murphy, 2012, p. 35). With our
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6.3.2. Inference in Bayesian neural networks

neural network model, the likelihood over the entire dataset {X,Y} is a function of

our softmax output, and target variable as follows:

p(Y|X,ω) =
N∏
n=1

K∏
k=1

p(yn = ck|ω,xn)tnk . (6.5)

Maximising the likelihood function gives the Maximum Likelihood Estimate (MLE)

of ω. The usual optimisation objective during training is the negative log-likelihood.

For the categorical distribution, this is the cross-entropy (Bishop, 2006, p. 209):

− log p(Y|X,ω) = −
N∑
n=1

K∑
k=1

tnk log p(yn = ck|ω,xn). (6.6)

Multiplying the likelihood with a prior distribution p(ω) is, by Bayes’ theorem,

proportional to the posterior distribution p(ω|X,Y) ∝ p(Y|X,ω)p(ω). Maximizing

the posterior gives the Maximum A Posteriori (MAP) estimate of ω. Computing the

MAP estimate has a regularising effect and can prevent overfitting. The optimisation

objectives here are the same as for MLE plus a regularisation term arising from the

logarithm of the prior.∗

Both MLE and MAP give point estimates of parameters, akin to traditional ap-

proaches in deep learning, where commonly the cross-entropy loss is optimised

(with regularisation for MAP). If we instead had a full posterior distribution over

parameters, we could make predictions that take weight uncertainty into account.

We illustrate how to do this in the following section.

6.3.2 Inference in Bayesian neural networks

This section offers an overview of inference in Bayesian neural networks. The

objective is to infer the predictive distribution over the output y∗. With the

posterior distribution over the weights, p(ω|X,Y), we can calculate the predictive
∗The term appears as log (p(Y|X,ω)p(ω)) = log p(Y|X,ω) + log p(ω).
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distribution, p(y∗|x∗,X,Y), as:

p(y∗|x∗,X,Y) =
∫
p(y∗|x∗,ω) p(ω|X,Y)dω, (6.7)

in which the parameters have been marginalised out. This is equivalent to aver-

aging predictions from an ensemble of neural networks weighted by the posterior

probabilities of their parameters ω.

In a Bayesian setting, the posterior over the weights is given by Bayes’ rule as:

p(ω|X,Y) = p(Y|X,ω)p(X|ω)p(ω)
p(Y|X)p(X) = p(Y|X,ω)p(ω)

p(Y|X) , (6.8)

as p(X|ω) reduces to p(X), as the input X is not dependent on the weights ω. To

calculate the posterior we also need to calculate the marginal likelihood p(Y|X) as

follows:

p(Y|X) =
∫
p(Y|X,ω)p(ω)dω. (6.9)

This integral is often intractable, for the exception of when the prior over the

weights is conjugate to the likelihood p(X|Y,ω). This conjugacy is chosen to make

the integral tractable, but may not be most appropriate to the data.

One possibility to deal with the intractable integral is to sample from Equation (6.8)

directly. We begin by noting that the posterior is proportional to the likelihood

multiplied by the prior,

p(ω|X,Y) ∝ p(Y|X,ω)p(ω). (6.10)

If we draw a set of samples S, we can obtain an expectation of the predictive

distribution (Cobb, 2020, Ch. 3):

Ep(ω|X,Y) [Y∗ = y∗|x∗] ≈ 1
S

S∑
s=1

p(y∗|x∗,ω(s)). (6.11)

An alternative approach to sampling is to peform variational inference. The goal

is to obtain an analytical approximation to the posterior by reformulating the

intractable integral as an optimisation of a tractable variational distribution qθ(ω),
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which is dependent on variational parameters θ (Jordan et al., 1999). This can be

done by minimising the KL divergence (Kullback and Leibler, 1951),

DKL (qθ(ω)‖p(ω|X,Y)) = −
∫
ω
qθ(ω) log

(
p(ω|X,Y)
qθ(ω)

)
dω, (6.12)

with respect to θ. Minimisation of the KL divergence with respect to θ results

in an optimal set of variational parameters θ∗, such that qθ∗(ω) is as similar as

possible to p(ω|X,Y) under this particular divergence. We refer the reader to Cobb

(2020, Ch. 3) for the advantages and challenges associated with the minimisation of

Equation (6.12).

6.3.3 Loss-calibrated approximate inference in Bayesian neural

networks

We are now in the position to introduce the loss-calibrated Bayesian neural net-

work (LCBNN), which uses the variational inference framework, and furthermore

augments the optimisation problem to incorporate our utility function during the

training phase of a Bayesian neural network (Cobb et al., 2018).

The marginal expected utility U(H|X) for the entire input data using a conditional

independence assumption over the inputs is defined as:

U(H|X) :=
∫
ω

∏
j

U(hj |xj ,ω)p(ω|X,Y)dω

=
∫
ω
U(H|X,ω)p(ω|X,Y)dω,

(6.13)

with the assumption that given the model parameters, the decision depends only

on the input xj .

In order to maximise the expected utility, one must integrate with respect to the

parameters ω and optimise with respect to the decisions H. However, due to

the intractability of the integration, a lower bound to the log expected utility is

maximised instead:

log (U(H|X)) ≥ L(q(ω),H). (6.14)
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This lower bound is approximated and reformulated as the standard optimisation

objective loss for a BNN with an additional penalty term:

L(ω,H) ∝ −
∑
i

log p(yi|xi, ω̂i) + ‖ω‖2︸ ︷︷ ︸
Equivalent to standard dropout loss

−
∑
i

(
log

∑
c
u (hi, c) p(yi = c′|xi, ω̂i)

)
︸ ︷︷ ︸

Our additional utility-dependent penalty term

,

(6.15)

where ω̂i ∼ qθ(ω).

Details for both learning the parameter weights and the decisions are given in

Algorithm 3, where MC dropout is performed by drawing Bernoulli-distributed

random variables ε and applying the re-parameterisation ω = θdiag(ε), where θ

are the approximating distribution parameters (weight matrices’ means) (Gal and

Ghahramani, 2016).

Algorithm 3 LCBNN optimisation as given by Cobb et al. (2018)
1: Given dataset D = {X,Y}, utility function u(h,y) and set of all possible labels C
2: Define learning rate schedule η
3: Randomly initialise weights ω
4: repeat
5: Sample S index set of training examples
6: for i ∈ S do
7: for t from 1 to T do
8: Sample Bernoulli-distributed random variables εt ∼ p(ε) . for each each xi

we sample T dropout masks εt
9: yti = fg(ω,εt)(xi) . Perform a stochastic forward pass with the sampled

dropout mask εt and xi
10: end for
11: h∗i ← argmax

h∈H

1
T

∑
t u(h,yti) . Choose class h = c ∈ C which maximises average

utility
12: end for
13: Calculate the derivative w.r.t. ω:

∇ω ← − 1
T

∑
i∈S

∂

∂ω
log p

(
yi|fg(ω,εi)(xi)

)
+ ∂

∂ω
KL (q(ω)||p(ω))− 1

T

∑
i∈S

∂

∂ω
logU (h∗i |xi,ω)

with εi ∼ p(ε) a newly sampled dropout mask for each i.
14: Update ω: ω ← ω + η∇ω
15: until ω has converged
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6.4 Acoustic mosquito detection with loss-calibrated

Bayesian neural networks

We extend the work of Cobb et al. (2018) by formulating appropriate utility

functions for audio classification tasks by using our HumBug mosquito detection

example of Section 5.5. We show how a Bayesian form of convolutional neural

networks combined with Bayesian decision theory are well suited to acoustic mosquito

detection and how utility functions can result in certain desirable behaviours for

real-world deployment.

We use BNNs to infer predictive distributions over outputs and incorporate this

uncertainty as part of a decision-making framework. We train a LCBNN in con-

junction with user-defined utility matrices on challenging crowdsourced data. In

our experiments we demonstrate how the traditional approach of up-weighting the

less prevalent class (here mosquito events) in a weighted cross-entropy loss function

leads to worse performance than that of the LCBNN. Furthermore, we highlight the

importance of incorporating Bayesian decision theory into our detection pipeline.

Our results show that our theoretically sound approach to detection in audio data

warrants the use in a variety of other decision-driven applications.

6.4.1 Problem statement

We adopt a loss-calibrated variational inference framework to maximise the expected

utility of mosquito detection from their acoustic flight tones. Performing acoustic

classifications, or classifications in any other domain more generally, often involves

an asymmetric cost associated with different incorrect decisions. Furthermore,

making a decision to minimise a cost is made ever more difficult in the presence

of a data imbalance, which arises due to the difficulty of gathering data for some

events (such as the detection of a rare mosquito species). For example, in detecting

mosquitoes that transmit malaria (Li et al., 2017a,b), we are more concerned with
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models concentrating their predictive power to distinguish disease-prevalent species

with higher accuracy. These species are, however, under-represented in the dataset.

In this work we present an application where a monitoring system is required to

detect the presence of a mosquito in real-time (Li et al., 2017b). This involves two

operational modes, where we are in turn interested in minimising a false positive

rate, and maximising the recall of events with a trade-off in accuracy (Section

6.4.4.1).

Our contribution is the novel application of principled Bayesian decision theory to

learning and decision making under uncertainty in acoustic signal processing, with

the following key points:

1. We encode our preferences on error type using utility functions (e.g. false

positive versus false negative).

2. We show how Bayesian decision theory provides a theoretically sound way of

detecting mosquitoes, whilst ensuring our preferences are met.

3. We highlight the superior performance of the LCBNN and show how it is

especially suited to detection applications with asymmetrical utility functions.

The remainder of this work is structured as follows. Section 6.4.2 gives an overview

of prior work. Section 6.4.3 describes the challenges we face with data imbalance.

Section 6.4.4 then provides details of the dataset, and our corresponding utility

functions. Section 6.4.5 reports the results and Section 6.4.6 provides additional

insight into the loss-calibrated approach. We conclude the chapter in Section 6.5.

6.4.2 Prior work on audio detection

Detecting the presence of a mosquito in audio data falls within the broader area

of signal detection. Within speech recognition, previous work in applying machine

learning techniques has seen approaches evolve from using HMMs for making
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classifications on phenomes or MFCCs (Juang and Rabiner, 2005), to using CNNs

for end-to-end learning (Sainath et al., 2015). Similarly to computer vision, audio

event recognition has undergone a paradigm shift from hand-crafted representations

to models which also learn end to end (Dieleman and Schrauwen, 2014). Recently,

much of the success in this area has been seen from applying CNNs (Piczak, 2015;

Salamon and Bello, 2017), where the task is to classify signals in the spectral

feature space (such as short-time Fourier and log-mel transforms). However, the

vast majority of this work has focused on deterministic approaches to classification,

where uncertainty over predictions is not factored in. To account for uncertainty, we

adopt the approach of using current state-of-the-art methods in signal classification

and place them in a Bayesian framework. This allows us to make detections in the

presence of uncertainty by using Bayesian decision theory.

6.4.3 The challenge of data imbalance

In classification tasks a dataset is deemed imbalanced when certain classes are

disproportionately represented. For example, in our application the data contains

178,094 labels, where 12% are mosquito events, and 88% are non-mosquito events.

This imbalance presents itself as a challenge for most machine learning techniques.

Specifically for deep learning, a common workaround is to rely on weighting the

cross-entropy, such that errors on less common classes are more heavily penalised

relative to errors on more common classes. This aims to overcome the unequal

distribution of class labels in the data (e.g. Mostajabi et al. (2015); Xu et al. (2014)).

However, in real-world applications, especially for crowdsourced data, these labels

are also noisy and therefore by simply placing weights over these classes we may be

up-weighting noisy labels (Cobb et al., 2018, Sec. 4). Up-weighting labels in this

manner can produce models that are erroneously overconfident in their deterministic

output. Instead, we move to a Bayesian framework, where the use of Bayesian

decision theory provides a more theoretically sound way of making detections in

the presence of uncertainty.

109



6.4.4. Experiment

6.4.4 Experiment

We now compare the LCBNN to two baselines for detecting mosquitoes in the

crowdsourced data of Section 5.5, which was collected as part of the HumBug

project. The data consists of four sources containing a mixture of laboratory and

field recordings. The SNR is challenging to the human listener, as indicated by the

high rate of disagreement between user classifications.

We begin by defining our utility functions that encourage the desired behaviour for

the detection system.

6.4.4.1 Utility function

The detection system has one passive mode (Table 6.1), and one active mode (Table

6.2). We design a utility function to capture our preference for behaviour in each

mode. In the passive mode, the system is listening for a potential positive candidate.

On detection, the system records the audio and uploads to a central database. In

this mode, in order not to disturb the user and conserve hardware resources, we wish

to only trigger a detection with high confidence, and therefore a low false positive

rate. We therefore penalise false positives more strongly than false negatives by

increasing utility of a false negative, FN . In the active mode, we are concerned

with not missing any potential lethal parasites, especially when in an area at a

higher risk of malaria. We want to increase the recall of positive events, at the

expense of incurring a higher false positive rate. Therefore, for this scenario we

increase the relative utility of the false positives FP (i.e. encourage a preference

for the mosquito class).

6.4.4.2 Model

We employ a deep Bayesian convolutional neural network, by adding appropriate

dropout layers following similar architectures used previously in Chapter 4 and 5.
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Table 6.1: Utility A matrix to favour precision (passive mode). Applies to scenarios
where false positives are too costly. In our application, this is the requirement not
to trigger too many recordings and disturb the user to the point where the app is
disabled for being too intrusive or consuming too much power.

Decision
Utility A Noise Mosquito

T
ru
e Noise 100 0

Mosquito 20 100

Table 6.2: Utility B matrix to favour recall (active mode). Applies to scenarios
where false negatives have potentially lethal consequences. In our application, this
is the requirement not to miss detection of a deadly species.

Decision
Utility B Noise Mosquito

T
ru
e Noise 100 50

Mosquito 0 100

To showcase the problem with the weighted cross-entropy, we use a more reserved,

as well as more aggressive, class re-weighting. Each audio recording of two second

duration is transformed into the log-mel spectrogram domain, as this feature space

is commonly found to perform well in the literature (Gemmeke et al., 2017; Hershey

et al., 2017). Each transformed data sample is treated as a 2D image with dimensions

h = 128, w = 21. The number of rows, or height h, corresponds to the number of

log-mel features, and the width w, contains 21 samples (a result of a 0.1 second

window length for the feature transform with padding). The Bayesian CNN is

trained on the feature-transformed data, with its corresponding one-hot-encoded

majority label, {X, y}.

6.4.5 Results

In passive mode we set the utility matrix to have values FP = 0, FN = 20 to set

our preference for minimising the false positive rate. In active mode we set the

values to FP = 50, FN = 0 to maximise the recall of the mosquito detections

while maintaining acceptable precision. Table 6.3 displays the results of applying

111



6.4.5. Results

Table 6.3: Results over 10 folds of cross-validated data for two utilities. Acc.
corresponds to the results after the integration. We show that the LCBNN achieves
both the highest accuracy in decisions as well as the highest utility with consistently
lower standard deviation in comparison to standard and weighted cross-entropy
methods.

Models Acc. Exp. Util.

Min FPR: Utility A

Standard 86.4± 0.6 0.887± 0.007
Weighted [1,2] 85.8± 1.2 0.879± 0.013
Weighted [1,5] 84.1± 1.0 0.859± 0.011
LCBNN 86.9± 0.2 0.891± 0.001

Max recall: Utility B

Standard 84.4± 2.3 0.873± 0.009
Weighted [1,2] 80.1± 4.8 0.861± 0.019
Weighted [1,5] 51.1± 8.6 0.734± 0.038
LCBNN 85.8± 0.8 0.879± 0.003

Bayesian decision theory with all the models. The accuracy in the table is calculated

in accordance with the optimal Bayesian decision for each model when integrating

over the utility function. The expected utility shows the mean utility of selecting

these decisions across the dataset when comparing to the known labels. The key

result is that the LCBNN outperforms all baselines in both metrics, but notably in

expected utility.

To highlight the poor performance of weighting the cross-entropy, we compare this

approach to that of the LCBNN in the confusion matrices of Figure 6.1. When

using the passive utility function that discourages false positives, the weighted-cross

entropy is unable to capture our preferences as well as the LCBNN. In fact, when

switching to the LCBNN, the false positive rate reduces from 10% to 2% and the

expected utility correspondingly increases. Therefore, in this case applying a large

weight to the less frequent class has had a detrimental effect on the overall expected

utility over the test sets for the weighted cross-entropy model.
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(a) Cross-entropy with weights w = [1, 5],
U = 0.859.
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(b) LCBNN, U = 0.891.

Figure 6.1: Confusion matrices of the decisions with respect to the utility function
of Table 6.1 with FP = 0, FN = 20, and their corresponding expected utility, U .
The LCBNN achieves a lower false positive rate and therefore a higher utility.

6.4.6 Utility calibration

In this section we illustrate how the expected utility in making classifications varies

depending on the model and utility function. In order to accomplish this, we

construct a synthetic observation by combining an example noise sample additively

with a mosquito signal, for which labels were known a priori. We vary the SNR

linearly as a fraction along the x-axis (from purely noise to purely mosquito). We

then display the expected utility of predicting the mosquito class conditioned on

the input X, U(h = mosquito|X). This quantity is evaluated by the BNNs before

the models have knowledge of the true label.

We display the results for the weighted cross-entropy model and the LCBNN in

Figure 6.2. The figure shows how the LCBNN is better calibrated to our preferences.

When the utility is built to encourage false positives, as shown in the lower plot,

the LCBNN consistently expects higher utility in the medium to high SNR range

for detecting a mosquito in comparison to the weighted cross-entropy model. In the

passive mode, the utility has calibrated the LCBNN to deem it too risky to infer a
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Figure 6.2: A comparison of the effect of SNR on the predicted utility of choosing
the mosquito. Top: The LCBNN’s behaviour is better calibrated as it only expects
a high utility for high SNR. Bottom: Above a threshold, the LCBNN expects
higher utility, aligned with our preference for reduced false negatives. By jointly
training the model with the utility, the LCBNN is able to calibrate its behaviour to
our preferences in a way the weighted model cannot.

mosquito is present until the SNR has reached a higher threshold. We compare to

the weighted cross-entropy model, which does not demonstrate this well-calibrated

behaviour.

6.5 Chapter summary

In this chapter we have tackled the research problem arising from the acquisition of

data through crowdsourcing, as outlined in Section 5.5. We have shown a principled

approach to dealing with the uncertainty that arose when detecting mosquitoes,

114



6.5. Chapter summary

while maintaining the performance benefits of deep learning frameworks. We first

introduced the mathematical foundations of inference in Bayesian neural networks,

and described how we can combine Bayesian decision theory to form a LCBNN in

Sections 6.2 and 6.3.

In Section 6.4 we have showcased a novel application of a LCBNN. We have shown

that our method outperforms baseline Bayesian neural network methods when

making decisions based on asymmetric utility functions. These utility functions

encode the users’ preferences explicitly. Two example scenarios for detecting

mosquitoes using a Bayesian CNN have been considered, both aimed at future

real-world deployment strategies. In one, we have aimed to favour reducing false

positives, while in the other we wish to improve the recall of events whilst also

maximising the accuracy of detections. We have shown that we achieve a higher

expected utility in both of these scenarios, when compared to making decisions

from a regular BNN trained with a weighted cross-entropy.

We have further demonstrated how the LCBNN is better calibrated to the task by

demonstrating performance as SNR varies. We have therefore demonstrated how to

perform acoustic detection with BNNs and believe that more work in audio signal

processing may benefit from utilising our pipeline. Furthermore, we have shown

how the data imbalance problem can be re-phrased as one of Bayesian decision

theory and we have introduced utility functions that best represent our preferences.

In the following chapter we tackle a further research challenge that presented itself

from the aggregation of crowdsourced data, and various sources of labels, namely

combining knowledge from a mixture of label resolutions.
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Chapter 7

Machine learning with variable

label resolution data

7.1 Overview

In this chapter we focus on a further challenge arising from crowdsourcing labels over

sections of data. Crowdsourcing, via the Zooniverse citizen science platform (see

Section 5.5), allows us to collect large numbers of human-curated labels. However,

to ensure a reasonable throughput, and to avoid volunteer loss due to task difficulty,

exact onset and offset timing was not requested. Instead, the data was labelled over

two second intervals into the binary categories: “no mosquito heard” and “likely

mosquito sound”†. This means that intervals labelled as a “mosquito” may only

contain a mosquito audio event for a fragment of the labelled data section. Although

this label resolution mismatch is a common problem in many applications, it is

not well accommodated for in typical machine learning approaches. Indeed, most

methods in machine learning do not provide a convenient mechanism for training

on inputs supplied with variable resolution data (i.e. a different size of feature

vector input) or variable resolution target labels. This becomes a problem when we

wish to train a model jointly on expert (fine labels, with onset and offset timing)

and crowdsourced data (weak labels). We show that naïvely scaling crowdsourced
†as well as the “not sure” category, which is discussed in Section 5.5.
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labels to mimic expert labels (e.g. by converting a two-second label into twenty 0.1

second labels) results in an excess of incorrect target labels and hence degrades the

performance of the model.

In this chapter we develop a novel framework that enables an automated approach to

learning from datasets that contain sparse quantities of expertly labelled data, larger

quantities of weakly (or coarsely) labelled data and a large volume of unlabelled

data. We develop a nested loop method, with a Kernel Density Estimator (KDE)

at its core, to super-resolve the abundant low-quality data labels, thereby enabling

effective training of a second algorithm (in this case a CNN). We demonstrate two

key results: a) The KDE is able to super-resolve labels more accurately, and with

better calibrated probabilities, than well-established classifier baselines; b) Our

neural network, trained on super-resolved labels created from the KDE, achieves

an improvement in F1 score of 22.1% over the next best baseline system in our

candidate problem domain.

7.2 Introduction

Finely labelled data are crucial to the success of both supervised and semi-supervised

approaches to classification algorithms. In particular, common deep learning

methods (LeCun et al., 2015) typically require an abundance of data samples to

train effectively (Krizhevsky et al., 2012; Rolnick et al., 2017). Often, datasets lack a

high density of fine, high-resolution labels, as producing them is extremely costly (in

our example, requiring exact marking of start and end times of audio events). The

typical distribution of data in such problems is such that there are scarce quantities

of expertly labelled data, large quantities of weakly labelled data and a high volume

of unlabelled data. Here, weak labels refer to labels that indicate one or more events

are present in the sample, although do not contain the information as to the event

frequency, nor to the exact location of occurrence(s) (as illustrated in Section 7.4.2,

Figure 7.2). Our goal therefore is to improve classification performance in domains
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7.3. Background

with variable quality datasets.

Our key contribution is as follows. We propose a framework that combines the

strengths of traditional machine learning techniques with more recent deep learning

methods. Using a Bayesian approach, we generate pseudo-fine labels from weak

labels by making use of the statistics of the data. The probabilistic pseudo-fine

labels can then be used to more effectively train a neural network.

We demonstrate our results on an audio dataset which, although synthetic, mimics

a realistic distribution of data labels, for which ground truth values are known,

to allow exact quantification of each element in the classification pipeline. Our

event signal consists of a section of (known) mosquito audio recording, embedded

in non-stationary sections of ambient (forest) noise. Our challenge is thus to detect

mosquito onset and offset times within the data. As the dataset is synthesised, this

enables us to experiment across a range of signal-to-noise ratios.

The remainder of this chapter is organised as follows. Section 7.3 gives the context

of our work in the literature. Section 7.4 discusses the structure of the framework

as well as the baseline classifiers we test against. Section 7.5 describes the datasets

we use and the details of the experiments carried out. Section 7.6 presents and

discusses the experimental results. We conclude with a chapter summary in Section

7.7.

7.3 Background

We address particularly the domain of audio data, where the aim is to detect the

onset and offset times for sound events in an audio recording and associate a label

with each of these events. This task is known as Sound Event Detection (SED)

and has many applications such as surveillance (Foggia et al., 2015), biodiversity

monitoring (Piczak, 2015), healthcare (Goetze et al., 2012) and in smart cars

(Mesaros et al., 2017).
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7.3. Background

With the rapid development in computational power and software, deep learning

methods have become the main approach to solve the SED task (Cakir et al., 2015;

Cakır et al., 2017). These supervised learning approaches ideally require large

quantities of finely labelled data where the onset and offset times of events have

been annotated. However, as emphasised, collecting these fine labels is very time

consuming, so the set of labelled recordings is often limited to a few minutes or

hours (Mesaros et al., 2016; Giannoulis et al., 2013). On the other hand, weakly

labelled data takes less time to annotate manually, since the annotator has to

mark only the active sound event classes and not the exact event time boundaries.

This method of labelling is common to crowdsourcing tasks. Our crowdsourcing

application of Section 5.5 forms the main motivation for this research, as well as

the basis for our signal.

Methods that can exploit such weak labels effectively enable learning over larger

quantities of data. Current approaches tackle this problem with the added constraint

that there is no finely labelled data available. Hence, the problem is re-framed as a

Multiple Instance Learning (MIL) problem (Amores, 2013): instead of receiving a

set of instances (frames in a recording) which are individually labelled, the learner

receives a set of labelled bags, each containing many instances. A bag is positive

if it contains at least one positive instance, and negative otherwise. Although the

labels of the bags are known, the labels of the instances in the bags are unknown.

In Tseng et al. (2017), the MIL framework is approximated using a time-distributed

CNN with a global max-pooling layer to predict the temporal locations of each event.

Adavanne and Virtanen (2017) propose a stacked convolutional and recurrent neural

network architecture with two prediction layers for the same task. Furthermore, Xu

et al. (2017a) use an Attention Neural Network (ANN) to predict onset and offset

times from weakly labelled data.

Although these approaches allow supervised methods to be trained using low-

resolution, weakly labelled data, to the best of our knowledge the models do not

support a mechanism to augment the models with higher-resolution fine labels. In
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Figure 7.1: Framework comprising a feature extraction & selection layer, an inner
classifier and an outer classifier. The arrows represent data flows.

an attempt to avoid such shortcomings, we concentrate on a method which enables

the estimation of pseudo-fine targets from the lower resolution weakly labelled data.

The approach we take is described in more detail in the following section.

7.4 Methodology

7.4.1 Framework overview

Our framework is separated into an inner and outer classifier in cascade, as shown

in Figure 7.1. For the inner classifier we extract features from the finely and

weakly labelled audio data using the two-sample Kolmogorov–Smirnov (KS) test for

features of a log-mel spectrogram (Section 7.4.2). We train our inner classifier, the

Gaussian KDE (Section 7.4.3), on the finely labelled data and predict fine labels

for the weakly labelled data.

For the outer classifier we extract the feature vectors from an unlabelled audio

dataset using the log-mel spectrogram. We then train our outer classifier, a CNN,

(Section 7.4.4) on the finely labelled data and the resulting pseudo-finely labelled

data output by the Gaussian KDE. The details of our data and problem are found

in Section 7.5.
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0

512

1024

2048

4096

Fr
eq

ue
nc

y 
(H

z)

-60

-50

-40

-30

-20

-10

+0

+10
Power (dB)

0 20 40 60 80 100
Time (seconds)

0.0

0.2

0.4

0.6

0.8

1.0

Ev
en

t (
1=

 Y
es

, 0
 =

 N
o) Fine Labels

Weak Labels

Figure 7.2: Top: log-mel spectrogram of 100 seconds of audio data at a signal-to-
noise ratio of −15 dB. The KS-selected features are shown as green dashed lines (see
text for details). Bottom: the corresponding fine and weak labels for the log-mel
spectrogram.

7.4.2 Feature extraction and selection

We continue to use the log-mel spectrogram (as in Figure 7.2) due to its simplicity,

but also as it is widely seen as the gold standard in feature representation for audio

data (Hayashi et al., 2017; Kong et al., 2019). The input signal is divided into 0.1

second windows and we compute 128 log-mel filterbank features. Thus, for a given

100 seconds of audio input, feature extraction produces a 1000× 128 output.

The two-sample KS test (Ivanov and Riccardi, 2012) is a non-parametric test for

the equality of continuous, one-dimensional probability distributions that can be

used to compare two samples. This measure of similarity is provided by the KS

statistic which quantifies a distance between the empirical distribution functions of

the two samples. The KS statistic provides a rapid, yet robust, measure of feature

saliency.
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7.4.3. Gaussian kernel density estimation

The two-sample KS statistic is defined as

Dn,m = sup
x
|F1,n(x)− F2,m(x)|, (7.1)

where F1,n(x) and F2,m(x) are the empirical distribution functions of the first sample

of size n and the second sample of size m respectively, and sup is the supremum

function (which over a discretised space is merely the maximum function). The null

distribution of the statistic is calculated under the null hypothesis that the samples

are drawn from the same distribution. The null hypothesis is rejected at a level α if

Dn,m > c(α)
√
n+m

nm
, (7.2)

where c(α) = (−1
2 lnα)

1
2 .

We use the KS test to select a subset of the 128 log-mel features that are maximally

different between the two classes. This reduced feature space is then used as a

canonical observation space to input into the classification pipeline. We choose

the N features with the largest KS statistics, where N is chosen empirically (as

detailed later) to ensure computational speed in analysis, yet provide competent

performance. Figure 7.2 illustrates that the process to find maximally different

feature pairs correctly chooses frequencies of interest. For example, if the noise

file is concentrated in high frequencies (as in Figure 7.2), the KS feature selection

process chooses lower harmonics of the training signal (a mosquito flying tone) as

features to feed to the algorithms. Conversely, for low-frequency dominated noise,

higher audible harmonics of the event signal are identified.

7.4.3 Gaussian kernel density estimation

Kernel density estimation or Parzen estimation (Scott, 2015; Parzen, 1962) is a

non-parametric method for estimating a d-dimensional probability density function

(pdf), fX(x), from a finite sample D = {xi}Ni=1, xi ∈ Rd, by convolving the empirical

density function with a kernel function K(u). The resulting estimated pdf is

f̂X(x | D; H) = 1
N

N∑
i=1

KH(x− xi), (7.3)
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7.4.4. Convolutional neural network

where KH(u) = |H|−
1
2K
(
H−

1
2u
)
is a multivariate kernel function and H is a

symmetric, positive definite d×d bandwidth matrix. We choose the Gaussian kernel

KH(u) = (2π)−
d
2 |H|−

1
2 exp

(
− 1

2u
TH−1u

)
, (7.4)

where the bandwidth matrix H plays the role of the covariance matrix.

The choice of the bandwidth matrix H is the single most important factor affecting

the KDE’s accuracy since it controls the amount and orientation of smoothing

applied to the empirical distribution function (Wand and Jones, 1994). There are

many techniques for choosing the bandwidth in a data-driven manner (Cao et al.,

1994; Turlach, 1993). We choose Silverman’s Rule of Thumb (Silverman, 1986):

√
Hii =

( 4
d+ 2

) 1
d+4

σin
− 1

d+4 , (7.5)

where σi is the standard deviation of the ith variable and Hij = 0 if i 6= j. Our

choice is based on its computational efficiency of O(1). Furthermore, Silverman’s

Rule of Thumb tends to smooth the estimation (Páerez et al., 2006), and so when

applied to non-stationary noise it can obtain robust estimations.

We then use Bayes’ theorem to calculate the posterior over the classes Ck. We

define classes C1 as the event class and C0 the noise class (i.e. non-event).

p(C1|x) = p(x|C1)p(C1)
p(x|C0)p(C0) + p(x|C1)p(C1) , (7.6)

where we replace p(x|Ck) of Equation 7.6 by our kernel density f̂k(x|Dk; Hk).

7.4.4 Convolutional neural network

We use a CNN and dropout with probability p = 0.2 (Srivastava et al., 2014). Our

proposed architecture, given in Figure 7.3, consists of an input layer connected

sequentially to a single convolutional layer and a fully connected layer. The CNN is

trained for 30 epochs with SGD (Bottou, 2010), and all activations are ReLUs. We

use this particular architecture due to constraints in data size (Kiskin et al., 2018)

and therefore have few layers and fewer parameters to learn.
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Figure 7.3: The CNN architecture. Spectrogram of mosquito recording fed as
input to convolutional layer with 32 filters and kernel 2× 2× 1. Generated feature
maps are down-sampled by a max-pooling layer from 127× 9 to 63× 4. It is then
connected to a dense layer with 256 neurons and finally the output with 2 neurons.

7.4.5 Traditional classifier baselines

We compare our inner classifier, the Gaussian KDE, with more traditional classifiers

that are widely used in machine learning: support vector machines using a radial

basis function kernel (RBF-SVM) as used in the previous chapters, random forests

and a multilayer perceptron, as introduced in Chapter 2. Furthermore, we trial

Linear Discriminant Analysis (LDA) (Balakrishnama and Ganapathiraju, 1998)

and the Gaussian Naïve Bayes (GNB) classifier (Rish et al., 2001).

An LDA is a parametric, generative model that makes two assumptions. Firstly, the

conditional probability density functions f(x|C0) and f(x|C1) are both normally

distributed with mean and covariance parameters (µ0,Σ0) and (µ1,Σ1), respectively.

Secondly, the LDA assumes homoscedasticity (i.e. Σ0 = Σ1 = Σ) and that the

covariance matrices have full rank.

A GNB is a parametric, generative model which makes the ‘naïve’ assumption

that the features are conditionally independent given the class label, p(x|Ci) =∏D
j=1 p(xj |Ci). Bayes’ theorem is then employed to calculate the posterior over class

Ci.
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7.5 Experiments

7.5.1 Description of datasets

The most common scenario where mixed quality labels can be found is in crowd-

sourcing tasks (Cartwright et al., 2019; Deng et al., 2009; Lin et al., 2014), or in any

challenge where data collection is expensive. The crowdsourced dataset of Section

5.5 forms the main motivation for this research. The event signal consists of a

stationary real mosquito audio recording with a duration of 1 second. The noise

file is a non-stationary section of ambient forest sound. The event signal is placed

randomly throughout the noise file at varying signal-to-noise ratios (as defined in

Chapter 2), to create quantifiable data for prototyping algorithms. There is a class

imbalance of 1 second of event to 9 seconds of noise in the finely labelled data, which

we maintain in the weakly labelled and unlabelled datasets. We include 100 seconds

of expert, finely labelled data, 1000 seconds of weakly labelled data, and hold out a

further 1000 seconds of unlabelled test data. To report performance metrics, we

create synthetic labels at a resolution of 0.1 seconds for the finely labelled data,

and on the order of 5 seconds for the weakly labelled data. We choose 5 seconds as

to allow the labeller to have temporal context when classifying audio as an event

or non-event. As the listener is presented randomly sampled (or actively sampled

(Houlsby et al., 2011; Naghshvar et al., 2012)) sections of audio data, a section

much shorter than 5 seconds would make the task of tuning into each new example

very difficult due to the absence of a reference signal. There is therefore a trade-off

between adequate resolution for machine learning models, and the extra resources

required to produce high-quality labels.∗

∗It may be that for a fixed resource budget, a greater number of low-quality labelled samples
is more useful than a lower number of high-quality samples.
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7.5.2 Data pre-processing

In the data pre-processing pipeline we apply the log-mel spectrogram transform

to the audio data using the method described in Section 7.4.2. We then normalise

each of the 128 log-mel features. We do this so as to map the features to a common

scale, without distorting differences in the ranges of values (Guyon and Elisseeff,

2006). This is particularly important for algorithms sensitive to scaling such as

SVMs (Hsu et al., 2003).

We further compress the log-mel feature space by choosing 7 features using the two-

sample KS test as detailed in Section 7.4.2. This stems from the KDE’s requirement

of a balance between the ease of computation and modelling whilst maintaining

sufficient complexity for ease of class separation in our feature space.∗

7.5.3 Experimental design

We evaluate our inner model against the baseline classifiers with four experiments

and finally test the overall performance of the framework when utilising the outputs

of the various inner classifiers. We make the assumption that the accuracy of

the weak labels is 100 %. Our initial investigation has shown that relaxing this

assumption reduces overall classification performance. However, this error rate is

reasonably consistent between methods and does not affect conclusions drawn from

our experiments.† All classifiers therefore make predictions over the class 1 weakly

labelled data only. Additionally, the priors we use in Equation 7.6 for our Gaussian

KDE model are set such that p(C0) = p(C1) = 0.5. This is to reflect that, since the

audio sample is weakly labelled as 1, our agnostic belief is that all high-resolution

sections of the weakly labelled 1 data could equally be fine label class 0 or 1.
∗We note that results are not particularly sensitive, within reason, to the number of features

retained.
†Investigating the performance difference resulting from weak label inaccuracy is outside the

scope of this work.
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We hypothesise that generative models, such as the Gaussian KDE, obtain a

performance boost from the additional information provided by the coarse class

0 data, as this allows a better model of the class 0 distribution. Conversely,

discriminative models such as the SVM, RF and MLP decrease in performance as

the decision boundary they create overfits to class 0 data points due to increased

class imbalance. We test this hypothesis in Experiments 1 and 2.

7.6 Classification performance

In this section we report the results of five experiments. Figures 7.4, 7.5 and Table

7.1 provide a summary of all the experiments. To account for the class imbalance,

the classification performance of each model is evaluated by calculating the recall,

its respective precision, and the F1 score.

Experiment 1: Fine labels For the first experiment we test the classification

performance and robustness of the inner loop models by varying the SNR from the

threshold of detection to a clearly audible level in 8 discrete steps. For each SNR

we synthesise 40 iterations by varying the time location of the injected signals, as

well as the random seed of the algorithms. The models are trained on the finely

labelled data.

Figure 7.4a shows the models perform similarly, with a small, but significant,

competitive edge shown by the GNB. The F1 score gradually increases as expected

from the threshold of detection to more audible SNRs. The decay of performance

at the lower SNRs can be partially accounted for by the two-sample KS test used

for feature selection failing to choose informative features of interest due to the

increased noise floor.∗

∗We note that removing the KS test does not improve performance at this SNR, as the training
fails regardless.
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7.6. Classification performance

Experiment 2: Fine and coarse labels To test the effect of augmenting the

training dataset by including the coarse class 0 labelled data, we follow the same

protocol as in the first experiment. We train the models with the finely labelled

data and the coarse class 0 labelled data. From Figure 7.4b we observe the effect of

including the coarse class 0 data in the training process of the models. The Gaussian

KDE obtains a performance boost from the additional information provided by

the coarse class 0 data as this allows it to better model the class 0 distribution.

However, as hypothesised, the discriminative models such as the SVM, RF and

MLP take a hit in performance because the decision boundary that they create

overfits to the class 0 data points due to the increased class imbalance. This could

be solved partially by re-weighting classes or the cost function (through re-sampling

and cost-sensitive learning). However, this is known to cause overfitting (He and

Garcia, 2009).
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threshold of detection to clearly audible for
40 iterations, grouped by SNR. The models
are trained only with finely labelled data.
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Figure 7.4: Boxplots of F1 scores for Experiments 1 and 2. The benefit of training
on coarse 0 data in (b) for the generative models such as the KDE is demonstrated
relative to the baseline scores of (a). The discriminative approaches tend to achieve
lower F1 scores on the whole.
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Experiment 3: Median filtering Based on the results from the first and second

experiments, we train the LDA, GNB, SVM, RF and MLP on the finely labelled

data only, whereas the Gaussian KDE is trained on both the finely labelled data and

the coarse class 0 data. After applying median filtering we obtain results as shown

in Figure 7.5a. We observe a significant boost in performance for the Gaussian KDE,

indicating that applying temporal averaging helps recover the event persistence

(there is correlation between neighbouring values in the time-series during an event).

However, not every model receives uniform benefit. If the model has high precision,

but poor recall of the positive class overall (despite high F1 scores), median filtering

appears to over-smooth the predictions and lower the F1 score. Specifically, if the

model tends to under-predict the number of events, median filtering will degrade

performance. On the other hand, the median filter will output a greater number of

successive positive labels if a model predicts events at a reasonable (or overly high)

rate, which is likely to improve the F1 score.

Experiment 4: Rejection and median filtering Figure 7.5b shows that the

Gaussian KDE predicts better calibrated probabilities than the other baseline

classifiers. This is shown by applying rejection (Bishop et al., 1995; Hanczar and

Dougherty, 2008) in addition to the median filtering. The rejection window for

the output probabilities is 0.1 < p(C1|x) < 0.9. The Gaussian KDE improves

significantly in performance, especially at the lower SNRs; however it should be

noted that the F1 score is evaluated on the remaining data after rejection. The

proportion of data rejected can be seen in Figure 7.6. The Gaussian KDE rejects a

large proportion of the data at lower SNRs, showing that the probabilities are at

either extreme only when the model is confident in its predictions.

129



7.6. Classification performance

-27.0 -24.6 -23.1 -22.0 -21.1 -20.4 -19.8 -19.2
SNR (dB)

0.0

0.2

0.4

0.6

0.8

1.0

F1
 S

co
re

LDA
GNB
SVM
RF
MLP
KDE

Median Filtering Applied

LDA
GNB
SVM
RF
MLP
KDE

-27.0 -24.6 -23.1 -22.0 -21.1 -20.4 -19.8 -19.2
SNR (dB)

LDA
GNB
SVM
RF
MLP
KDE

Median Filtering and Rejection Applied

LDA
GNB
SVM
RF
MLP
KDE

(a) Experiment 3, showing the results of
the application of a median filter.
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with 0.1 < p(C1|x) < 0.9 after median filter-
ing.

Figure 7.5: Boxplots of F1 scores for Experiments 3 and 4. LDA, SVM, RF and
MLP are trained on finely labelled data only whilst the Gaussian KDE is trained on
the finely labelled data and coarse class 0 data. The KDE most strongly benefits
from median and rejection filtering, due to its reasonable distribution of positive and
negative predictive accuracy and principled handling of uncertainty, respectively.
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130



7.6. Classification performance

Table 7.1: Experiment 5: CNN outer classifier: metrics reported as means ± one
standard deviation at an SNR of −19.8 dB for 40 iterations.

Classifier F1 score Precision Recall

CNN(KDE) 0.729 ± 0.034 0.719 ± 0.029 0.744 ± 0.031
CNN(MLP) 0.435± 0.022 0.667± 0.026 0.322± 0.029
CNN(RF) 0.320± 0.031 0.419± 0.035 0.259± 0.034
CNN(SVM) 0.338± 0.024 0.484± 0.024 0.259± 0.022
CNN(GNB) 0.597± 0.023 0.654± 0.028 0.549± 0.023
CNN(LDA) 0.307± 0.027 0.571± 0.026 0.210± 0.023
CNN(Coarse) 0.174± 0.036 0.095± 0.031 0.923± 0.039

KDE 0.506± 0.021 0.518± 0.021 0.502± 0.024

Experiment 5: Outer stage classification The final experiment tests the

overall framework with input to a CNN of pseudo-fine labelled data with median

filtering and rejection applied. Table 7.1 shows that using the framework in

conjunction with any of the inner classifiers’ outputs outperforms a regular CNN

trained on the coarse data. Furthermore, training the CNN on the output of the

Gaussian KDE significantly improves detection of events by 22.1 % over the best

baseline system, the CNN(GNB). We also show that using the strongest inner

classifier (KDE) alone results in far lower precision and recall scores compared to

the approach advocated here, which sees an improvement by incorporating the CNN

into the pipeline with the KDE.
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7.7 Chapter summary

In this chapter we have proposed a novel framework which utilises a Gaussian kernel

density estimator for super-resolving weakly labelled data, which is subsequently

used in conjunction with a CNN to predict fine labels for unlabelled data. Our

framework was evaluated on synthetic data and has achieved an improvement of

22.1 % in F1 score over the best baseline system. We thus highlight the value

such label super-resolution provides in domains with sparse quantities of finely

labelled data. This work was motivated by the challenges that arise from combining

inaccurate labels from crowdsourcing with expert labels available in the HumBug

project. We address future research directions, including scaling to real data and

consideration of a broader range of models, in Section 8.2.
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Chapter 8

Conclusion and further work

8.1 Conclusion

This thesis has primarily focused on machine learning approaches for detecting and

identifying mosquito signals from acoustic data. We have provided an in-depth

analysis of the problems and solutions specific to mosquito detection. However, these

solutions are general in the sense that they apply to wider challenges associated

with detection in audio data and beyond. We summarise our findings in this section

and suggest further work in Section 8.2.

Our overarching goal has been the detection of mosquitoes from their acoustic

signature. In addition to detecting mosquitoes, we have also shown that it is

possible to identify the specific species. This information has allowed us to estimate

regional risk of malaria resulting from mosquito-vectored infections. We defined our

problem statement in Chapter 1. In Chapter 2 we then introduced the definitions

and mathematical principles that formed the backbone of the research in this

thesis. These research challenges were further highlighted within the context of the

HumBug project in Chapter 3. Therein we summarised key events and described

our contributions to the community and literature.

Throughout the duration of the project, the constraints of the problem presented

numerous challenges, including data sparsity and label uncertainty, compounded by
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low signal-to-noise ratios. In the absence of quality and quantity of acoustic data,

Chapter 4 presented how a deep learning approach can be used successfully in a

data-scarce scenario when allied with wavelet transformations of audio data streams.

We have shown that our convolutional neural network remains effective when

transferred to other problem domains, such as bird recognition, and furthermore

gives interpretable results. By backpropagating the samples that most strongly

activate the output of the neural network, we showed that the frequencies that

represent the known signal are responsible for high scores predicted on the test set.

This indicates that the network has learnt the informative signal contents, such as

the tone and harmonics of the bird song, and not peculiarities of the recording such

as the microphone noise profile.

Chapter 5 explored work that revolves around data collection and modelling under

data and computational constraints. In Section 5.2 we developed a smartphone app

that allows efficient detection of mosquitoes with an SVM operating on MFCCs.

Thereafter, we deployed the smartphone app in the field in Section 5.3. By collecting

data in the field trial, we showed how it is possible to discriminate between six species

using a convolutional neural network trained on logarithmically-encoded spectral

features. In Section 5.4, we introduced cost-sensitive classification, following the

requirement of an asymmetric utility in misclassification. We utilised a parameter

with an SVM that thresholds a false positive rate to achieve the classification

performance as desired by the user. Furthermore, we conducted experiments in

a compressed feature space using a variational autoencoder, resulting in a more

efficient data prediction pipeline that retained the classification performance of

less compact models. In Section 5.5 we introduced a new crowdsourced mosquito

dataset, compromised of four sources of data, containing a mixture of laboratory

and field recordings. This composition, of 22 hours of labelled acoustic recordings,

has provided a realistic scenario for training machine learning techniques. In order

to demonstrate the utility of this new dataset, we have offered a CNN baseline to

showcase the ability to construct a mosquito detection system.
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In Chapter 6 we have built on the data of Section 5.5 and have addressed a new

key theme – uncertainty in classification, where we highlighted that propagating

uncertainty in machine learning models is important and suggested mechanisms for

how to best incorporate it. With the availability of uncertainty, we showed that

it is possible to incorporate user utility into the training objective of a Bayesian

neural network. By doing so, we have achieved higher expected utility than with

standard Bayesian neural networks that handle inference and decision separately.

In Chapter 7 we have discussed work which combines sources of labels at different

temporal resolution, as well as accuracies. We have proposed a novel framework

utilising a Gaussian kernel density estimator for super-resolving weakly-labelled

data to be fed into a convolutional neural networks for the purpose of predicting

fine labels for unlabelled data. Our framework has been evaluated on synthetic

data with promising results, which we see as an important avenue of future work.

8.2 Future work

8.2.1 The future of HumBug

In late 2019 HumBug secured funding from the Bill and Melinda Gates Foundation

to enable further development and demonstration of our ecosystem in two Least

Developed Countries (LDCs), Tanzania and the Democratic Republic of the Congo

(DRC), to provide high quality, real-time data on the diversity, distribution and

abundance of mosquitoes. Combining these data with environmental variables

from remote sensing satellite data, we will also demonstrate the potential of this

innovative system to create dynamic heat maps of their distribution, providing

information to i) health care practitioners to better target mosquito control methods,

ii) health policymakers to enhance more effective intervention policies and, iii) the

academic community, providing unprecedented levels of occurrence, behavioural

and ecological mosquito data.
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Specifically, the project aims to:

1. Conduct more extensive field trials to compare and evaluate our sensor with

other vector monitoring methods such as CO2 baited Centers for Diseases

Control Light Traps (CDC-LT) and Mosquito Electrocuting grid Traps (MET).

2. Establish the feasibility of using HumBug to monitor mosquitoes in data-poor

areas where it is difficult to conduct traditional surveys.

3. Integrate mobile phone-based airtime or cash payments into the MozzWear

app to facilitate community involvement in HumBug mosquito surveys.

4. Develop a web-based platform with vector occurrence and abundance data.

The project will run for 36 months and aims to sufficiently demonstrate

the proof of concept to ensure future academic and commercial involvement,

allowing HumBug to be a globally accessible tool used in the detection of

primary mosquito vector species.

8.2.2 Label super-resolution

With the success of crowdsourcing, we hope to further focus our attention on the

problem of label super-resolution as we see this as a current challenge with our

database. To the best of our knowledge, label super-resolution research is still in

the process of early growth, with the closest problem we find to be the formulation

of DCASE 2019 (Turpault et al., 2019, Task 4). The task is to learn onset and

offset times for sound events given weakly labelled data, unlabelled data, as well

as synthetic audio (to mimic finely labelled data). The leading submissions found

little benefit (and even a detriment) in utilising the synthetic audio, but instead

obtained their predictive power through carefully incorporating the weak labels (Lin

et al., 2019). We suspect this may be due to the challenge in previous years being

structured to only provide weak labels (Xu et al., 2017b), or that the difficulty of

obtaining a comprehensive mixture of label resolutions creates a further challenge.
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Several solutions in the domain of audio tagging rely on attention neural networks,

which aim to learn the salient parts of the input space automatically (Xu et al.,

2017a).

Furthermore, thanks to the Bayesian approach taken in Chapter 7, our weak label

framework is able to produce well-calibrated probabilities as outputs. We can

consider a combination of this framework with our findings from Chapter 6, to

re-cast learning from probabilistic inputs as learning with a specific utility per data

point in the loss-calibrated framework. Thus we can use uncertain labels to their full

potential, and avoid having to threshold and discard data that is deemed unreliable

based on user heuristics.

8.2.3 HumBug smartphone app

We aim to improve on the smartphone app by making use of the benefits of wavelet

transforms that we demonstrated in Chapter 4. A relatively unexplored area in the

mid-level representation space is the utilisation of discrete wavelet transforms, which

can be implemented efficiently on limited resources (Shukla and Tiwari, 2013). If

we are able to maintain predictive performance as strong as that of the continuous

wavelet transform, given the mobile implementation of neural networks available, we

would seek to port a wavelet-CNN model to be used on a smartphone. We justify

the transition to a CNN by demonstrating consistent performance improvements

in moving to a CNN from an SVM in Chapters 4 and 5. A further source of

improvement, and advocate for the use of a CNN, is the ability to adapt large-

scale pre-trained models to categorise different sources of noise for more accurately

detecting mosquitoes. In current systems, we expect not to be robust to noise which

occurs in similar bandwidth that occupies the same regions of the spectrogram,

especially if the temporal behaviour is only taken into account over a limited

timeframe.
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8.2.4 Feature learning

Further work may also look to other methods of performing feature learning from

audio. This area of research is relevant to any learning problem in the space of

audio signals. We observe a paradigm shift in learning towards fully end-to-end

trained models, where the goal is to learn fully the feature transformations from raw

data. In recent applications, audio learning methods that learn without a spectral

representation have shown success in the aspect of generative modelling (van den

Oord et al., 2016), and we believe that the ideas of dilated convolutions have strong

applicability to the problem of detection. An early application thereof is given in

Zhang et al. (2017).
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