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Abstract

Many bat species are endangered, mostly by human activity. To address this, environmen-
tal organisations census bats, among others, by manually classifying bat call recordings
which is a tedious and repetitive task requiring lots of experience. The objective of this
thesis is to design an automated, robust and open-source bat call detection and classifica-
tion tool for the twenty-three bat species in Belgium. Not only do we explore multi-class
classification but also multi-label classification. We investigate the performance obtained
when combining different machine learning algorithms, namely convolutional neural net-
works, support vector machines and extreme gradient boosting. The best multi-class
classification performance is obtained by combining a CNN for the detection with an-
other CNN followed by an XGBoost for the classification. This gives a precision of 78%
and a recall of 75%. For the multi-label classification, our best performing model is com-
posed of a CNN followed by an XGBoost and performs both detection and classification
at once. This architecture has a global precision of 73% and a recall of 65%. During
this project, we designed a robust tool that runs in real-time, making it possible to use it
instead of performing manual classification of bat calls.
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Chapter 1

Introduction

Bats are mammals that can be found all over the world except in polar regions and ex-
treme deserts. Unfortunately, many bat species are endangered, mostly by human activity.
Among others, humans destroy their habitats and poison their food. Many associations
preserving biodiversity are concerned about the conservation of bats and set up actions
to protect them, conduct census and raise awareness. A Belgian example of such an as-
sociation is Natagora [40], which, among others, collects various data on bats.

To keep track of which species are present on a certain site and how many bats there are,
different census techniques can be used. A first one is to visually track bats during their
hibernation, which can wake them up and threaten their survival. Another possibility is
to base the census on their ultrasound calls. However, the analysis of bat calls requires
a lot of experience and time, especially nowadays with the very large amount of data
collected every day.

Having highlighted the fact that bats are endangered as well as the fact that manual
identification of bats is a tedious and repetitive task, the need for automated bat identifi-
cation tools is understandable. This automated identification would ideally be acoustic to
minimise the disturbance caused to bats during data collection. Some existing tools [37]
perform automated bat call detection based on audio recordings, which means that they
identify where the calls are located in a recording. Other automated tools [9) 25] perform
both detection and classification of bat calls which means that, after having identified the
location of a call, it is associated with a bat species or a bat group.

Most of these automated bat call identification tools are commercial, such as SonoChiro
[9], but a few open-source projects exist. For bat call detection, a well-performing project
called Batdetective [37] is made available, whereas for bat call classification there does not
seem to exist any tool that is both open-source and competitive. Nonetheless, Batmen
[25], a Master’s thesis presented in academic year 2019-2020, started from Batdetective
with the aim of designing an open-source classification tool for Belgian bat species. Bat-
men’s tool can, however, still be improved in terms of performance.

Our thesis aims to develop an automated bat call detection and classification tool for bat
species in Belgium and to make this tool available so that everyone can benefit from it
and add their contribution. To achieve this, our work takes as a starting point Batmen’s
thesis and makes use of a large dataset of bat call recordings collected and labelled by



2 CHAPTER 1. INTRODUCTION

Natagora. Not only do we want to improve Batmen’s tool to obtain a better performance,
but we also want to try out other architectures to find the one best suited to the prob-
lem at hand. These other architectures are combinations of machine learning algorithms,
namely deep convolutional neural networks, support vector machines as well as extreme
gradient boosting.

Batmen’s model performs multi-class classification, which means that it is designed for
classifying recordings into one of three or more bat groups. We want to extend this
to have models that can classify overlapping calls, which means that more than one bat
group can be assigned to the same position. This is referred to as multi-label classification.

Thus, in terms of bat call identification, our goal is to improve the multi-class classification
and to handle the multi-label classification. Our other objective is to compare different
architectures to find out which one gives the best performance and is, therefore, the best
suited for Belgian bat call detection and classification.

This thesis is divided into ten chapters. Chapter [2| gives general information on bats
followed by specificities on Belgian species, which are at the core of our thesis. Before
moving to the automated bat call classification, different manual classification techniques
are described. Chapter [3| goes over the different machine learning techniques and algo-
rithms that have been used throughout our work. Chapter [4] provides information on
Batdetective and Batmen, and more specifically on their architecture and obtained re-
sults. The following chapter focuses on the provenance, the content and the preprocessing
of the datasets used for the tuning, the training and the evaluation of our machine learn-
ing models.

The different architectures used to perform bat call detection and classification are de-
scribed in Chapter [l Chapter [7] first covers the improvements brought to the multi-class
classification of Batmen as well as to the way Batmen evaluates the performance of its
model. Then, the experiments made on our multi-class classification architectures are
discussed and the different results are compared. Similarly, Chapter |8 first covers the
changes brought to our multi-class classification models as well as to the way the per-
formance is evaluated so that those are adapted to the multi-label context. Then, the
experiments made on our multi-label classification architectures are discussed and the
different results are compared. Before concluding, Chapter [9] gives information on how to
train and run our models on new datasets.



Chapter 2

Bats

Since our work revolves around bats, and more specifically around their automated audio
classification, it is important to first have some knowledge on bats.

This chapter begins with a general presentation of bats. It contains information on their
calls, their seasonal activity pattern and the threats that they face. The focus is set on
the bats in Belgium and more specifically on the Belgian association that monitors them,
on the local species and on the locations where they can be found. Then, the manual
classification of bats is discussed. Heterodyning, frequency division and time expansion,
three ultrasound decoding systems, are described and the main bat call characteristics to
manually identify bat species are addressed.

2.1 Information on Bats

Bats are nocturnal mammals of the Chiroptera order. They can be found all over the
world except in polar regions and extreme deserts. They represent 20% of the mammals
and are the only ones among them that can fly. Nowadays, more than 1200 species have
been identified around the world [21], [58].

Calls

Bats emit calls that lie in the ultrasound domain. Certain species emit their calls through
the nose, while others emit them through the mouth. Bat calls lie between 9kHz and
200kHz but the exact frequency range depends on the species. Most of their calls cannot
be heard by humans as the latter can only hear sounds that have a frequency between
20Hz and 20kHz [33].

Among bat calls, two main categories can be distinguished based on the purpose of the
call. The first category regroups the calls used for echolocation. Even though bats are
not blind, they use echolocation calls to be able to travel and hunt at night. When a bat
call encounters an obstacle or prey, it is reverberated and comes back to the bat that uses
it to collect information on its environment [17, [33].

The second category encompasses the social calls, which are used to communicate with
other bats. These calls are used in situations of conflict, distress, reproduction as well as
to communicate with bats of the same species and to ward off enemies. The social calls



4 CHAPTER 2. BATS

lie in lower frequencies than those used for echolocation and some of them can be heard
by humans [17, 33].

Seasonal Activity Pattern

During winter, most bats hibernate so as not to starve, while a few migrate to warmer
places. Indeed, most of them are insectivores and have thus no prey during that period.
Bats hibernate in roosting sites that are quiet and that present a constant high humidity
and low temperature. Common places that meet these characteristics are for instance
caves, basements and trees. Bats need to adapt their metabolism during hibernation to
save enough energy and survive the winter. They reduce their body temperature and slow
down their heart rate and breathing. During that period, they should not be disturbed
because waking up makes them use up a lot of energy [15] 24], 33].

When spring arrives, bats come out of hibernation and need to regain energy by hunting.
Once they have recovered enough energy, they migrate to their summer roosting site,
which is often only a few kilometres away from their winter home [15] 24 [33].

During summer, males and females stay in different roosting sites. Around May, females
move to breeding colonies, which can count up to a few thousand female bats. These breed-
ing colonies can for instance be trees, church spires and attics. This is where they give
birth to one, rarely two, bat pups. Both males and females go hunting at dusk [15] 24], 33].

Autumn is the mating season during which bats gather by thousands at swarming sites.
This is the period during which bats hunt to stock energy for the winter hibernation.
They also start to migrate to their winter roosting site [15], 24] [33].

Threats

Even though bats are legally protected since 2012 in every country of the European Union,
one out of three species suffers from a strong population decline. The main culprits are
humans whose activities are harmful to bats [24].

A first domain in the life of bats that is impacted by human activity are the roosting sites.
Humans destroy and close many places that bats usually take as their home. Among oth-
ers, trees are cut down, underground cavities are closed, old buildings are demolished and
access to buildings is made impossible by the isolation of roofing. Moreover, when bats
still have access to roofing where the framework has been treated with toxic products,
they can get poisoned. In addition to the closure and destruction of their habitats, bats
are also disturbed by speleologists, tourists and sportsmen. Disturbing bats during winter
wakes them up from hibernation and makes them consume a lot of energy which threat-
ens their survival. When a breeding colony is disturbed, the engendered panic causes the
abandonment of many bat pups [21], 24].

Human activity also has a threatening impact on the nutrition of bats. The modifications
on their hunting territories, such as the removal of groves, the draining of wetlands and
the channelling of rivers, make it difficult for bats to find food. Moreover, the use of
chemical products like pesticides and insecticides kills lots of insects which reduces the
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food available for bats. Bats can also get intoxicated if they eat too many preys that have
been in contact with these chemicals [16, 33].

Other deadly threats are the infrastructures built by humans that hinder bats when they
move around. When roads are constructed, they sometimes cut across places where bats
often fly which disrupts their flight route. Collisions can happen with vehicles, especially
when bats are used to the location and are thus less careful to possible obstacles. A further
infrastructure that disrupts the flight route of bats and causes collisions are wind farms.

These also generate important pressure variations, which cause fatal internal bleeding to
bats [16], 21], [33].

2.2 Bats in Belgium

This section first presents Natagora, a Belgian association that, among others, collects
data on bats. It also gives information on bats in Belgium, such as which species are
found there and in which regions.

Natagora

Natagora [40] is a Belgian association protecting nature and collecting various data in
Wallonia and Brussels. It aims to prevent further biodiversity loss and works on a bal-
anced cohabitation between human activities and nature.

A specific department, called Plecotus [46], has been created to centralise all of Natagora’s
initiatives revolving around bats. One of their main goals is the observation and study of
bats. Each year, hundreds of caves are visited to collect information on the hibernation
of bats. During the reproduction period, Plecotus monitors the bat activity in shelters.
When collecting information, Plecotus makes sure not to disturb the bats. In addition
to protecting bats, Plecotus regularly updates inventories of the protected species across
Belgium.

Since bats are not the animals humans appreciate the most, some activities are organised
by Plecotus to raise public awareness. For example, families can participate in the yearly
“Nuit Européenne des chauves-souris” where they have the opportunity to observe bats
with domain experts.

Species

Among all bat species, twenty-three can be found in Belgium [45] and these are presented
in Table 21l Their scientific and common names are listed and an indication of their
conservation status is given [61]. This table also specifies the group to which the different
species belong according to SonoChiro [13]. SonoChiro [9] is a paying software for auto-
mated bat analysis that is used by Natagora to get various information on their bat call
recordings.
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Scientific name Common name Group Conservation status
Barbastella barbastellus | Western barbastelle Barbar | Critically endangered
Eptesicus serotinus Serotine bat Envsp | Data deficient
Myotis alcathoe Alcathoe bat Myosp | Data deficient
Myotis bechsteinii Bechstein’s bat Myosp | Data deficient
Myotis brandtii Brandt’s bat Myosp | Least concern
Myotis dasycneme Pond bat Myosp | Endangered
Myotis daubentoni Daubenton’s bat Myosp | Least concern
Myotis emarginatus Geoffroy’s bat Myosp | Endangered
Myotis myotis Greater mouse-eared bat | Myosp | Endangered
Myotis mystacinus Whiskered bat Myosp | Least concern
Myotis nattereri Natterer’s bat Myosp | Endangered
Nyctalus lasiopterus Greater noctule bat Envsp | Data deficient
Nyctalus leisleri Leisler’s noctule Envsp [ Data deficient
Nyctalus noctula Common noctule Envsp | Data deficient
Pipistrellus kuhlii Kuhl’s pipistrelle Pip35 Data deficient
Pipistrellus nathusii Nathusius’s pipistrelle Pip35 Data deficient
Pipistrellus pipistrellus | Common pipistrelle Pip50 Least concern
Pipistrellus pygmaeus Soprano pipistrelle Pip50 Data deficient
Plecotus auritus Brown long-eared bat Plesp Vulnerable
Plecotus austriacus Grey long-eared bat Plesp Vulnerable
Rhlnoloph}ls Greater horseshoe bat Rhisp Critically endangered
ferrumequinum
Rhinolophus . o

. . Lesser horseshoe bat Rhisp Critically endangered
hipposideros
Vespertilio murinus Parti-coloured bat Envsp | Data deficient

Table 2.1: Scientific and common names of bats in Belgium as well as their group and

conservation status.

Location

All the twenty-three species mentioned in the previous subsection can be found all over
Belgium except for five of them. The alcathoe bat can only be found in Wallonia, while
the greater noctule bat can only be found in Flanders. The kuhl’s pipistrelle can be found
everywhere in Belgium except in Flanders. The greater and lesser horseshoe bats can be
found all over Belgium except for Brussels [61].

Depending on the species and on the time of the year, bats can be found in different types
of habitats. Table summarises the places occupied by bats during the breeding season
and during the hibernation period as well as the places where they hunt [61].
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Scientific name

Breeding habi-

tats

Hunting grounds

Winter habitats

Barbastella bar-

bastellus

Tree cavities

Forests

Tree cavities, Un-

derground sites

Eptesicus serotinus

Roofing

Forest edges, Gar-
dens, Grasslands

Underground sites,
Building gaps

Myotis alcathoe

Tree cavities

Humid forests

Tree cavities

Myotis bechsteinii | Tree cavities Forests, Clearings, | Tree cavities, Un-
Gardens derground sites

Myotis brandtii Trees, Nest boxes Forests Underground sites

Myotis dasycneme | Roofing, Building | Aquatic milieu, | Underground sites
gaps, Tree cavities | Grasslands, Forests

Myotis daubentoni | Tree cavities, Near | Aquatic milieu, | Underground sites
water Forest edges

Myotis emarginatus | Roofing,  Cellars, | Alluvial valleys, | Underground sites
Stables Humid forests

Myotis myotis Roofing Parcs, Fields, | Underground sites

Grasslands, Forests

Myotis mystacinus

Behind disjointed,
flat, narrow spaces

Aquatic milieu,
Grasslands, Forests

Underground sites

Myotis nattereri

Tree cavities

Fields, Forests

Underground sites

Nyctalus la- | Tree cavities Forests Tree cavities
siopterus
Nyctalus leisleri Tree cavities, For- | Aquatic milieu, | Tree cavities

est cabins Grasslands, Forests

Nyctalus noctula Tree cavities, For- | Aquatic milieu, | Tree cavities
est cabins Grasslands, Forests

Pipistrellus kuhlii Building gaps Aquatic milieu, | Building gaps

Gardens, Forests

Pipistrellus Forest cabins, Tree | Aquatic milieu, | Tree cavities

nathusii cavities, Nest boxes | Forests

Pipistrellus pip- | Building gaps Aquatic milieu, | Building gaps

istrellus Gardens, Forests

Pipistrellus  pyg- | Building gaps Aquatic milieu, | Building gaps, Tree

maeus Forests cavities

Plecotus auritus Roofing, Tree cavi- | Forests, Orchards, | Underground sites
ties, Nesting boxes | Grasslands, Hedges

Plecotus austriacus | Roofing, Tree cavi- | Forests, Orchards, | Underground sites

ties, Nesting boxes

Grasslands, Hedges

Rhinolophus  fer- | Roofing of churches | Forests, Cliffs, Aqu- | Underground sites
rumequinum and farms atic milieu

Rhinolophus  hip- | Stairwells,  Boiler | Hedges, Orchards, | Underground sites
posideros rooms, Roofing Forest edges, Parcs

Vespertilio murinus

Buildings, Cliffs

Aquatic milieu

Cliffs, Walls cracks

Table 2.2: Breeding, hunting and winter habitats of bats in Belgium.
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2.3 Manual Classification of Bats

This section discusses the manual classification of bats. Three ultrasound decoding sys-
tems are described and the main bat call characteristics to manually identify bat species
are addressed.

Ultrasound Decoding Systems

A first ultrasound decoding system that is frequently used is called heterodyning [5], 211, [60].
It is a real-time method where the user sets a frequency and the detector is only able to
detect the frequencies close to the fixed one. Depending on the heterodyne detector, the
audible frequency bandwidth around the chosen frequency can be larger or narrower.

Using this type of detector allows making abstraction of the various noises present on
frequencies that lie out of the bandwidth. What is actually heard is the beat, which is
the difference between the fixed frequency and the actual one, emitted by the bat. The
closer the two frequencies are to each other, the lower is the sound emitted by the device.
Theoretically, when the two frequencies are equal, no sound is emitted and it is called the
zero beat.

The user varies the chosen frequency to find the one fitting best the heard call. The final
zero beat frequency helps determine the species of the bat. A good initial frequency lies
between 42 and 45 kHz as most bat species can be heard when the detector is set on such
a frequency. Moreover, it is possible to use several detectors set on different frequencies
to have a wider range of detection.

Another common ultrasound decoding system is the frequency division [0, 21, 59]. Tt
is a real-time method that maps ultrasounds into the audible domain by dividing the
frequency by a chosen factor, as illustrated in Figure 2.1} This method uses the envelop
of the call as well as the zero amplitude points (Figure [2.1.a]). Then, it recomposes the

signal based only on the envelope and on a fraction of the zero amplitude points (Figure
2.1.b)).

The most common division factor to analyse bats is 10. In that case, a 50 kHz call is
heard as a 5 kHz call. Analogously, with a factor of 10, a call that is composed of 50
oscillations is mapped to a signal made of 5 oscillations.

This method allows dividing the frequency while keeping the original amplitude and length
of the call. Unlike heterodyning, the whole frequency domain is taken into consideration
which avoids restricting the observation to a certain frequency band. However, it captures
fewer details than heterodyning for a certain frequency band.

A further decoding system that is frequently used is called time expansion [5, 21]. Tt is
not a real-time method. Indeed, the signals are recorded and replayed at a slower pace
which allows hearing calls that would not be audible for humans otherwise. It is often
used since it is the only method that keeps all the characteristics of the call. Another
advantage is that the bat calls can be recorded with a classic recorder. However, only
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short sequences can be recorded because the time expansion technique requires a high
sampling rate.

2.1.a. Evolution of the signal as a function 2.1.b. Evolution of the signal as a function
of time before the frequency division. of time after the frequency division.

Figure 2.1: Effect of frequency division on a signal. The signal envelope is illustrated in
blue. The red and green dots represent the points of zero amplitude. Only the green ones
are kept to perform a frequency division by 10.

Main Call Characteristics

When chiropterologists classify bats based on their calls, they take into consideration
multiple call characteristics. A first one is the shape of the call. There exists 4 common
shapes illustrated in Figure 2.2} [Frequency Modulated (FM)| [Quasi Constant Frequency]|

[(QCTF)| [FMHQCE] and [Constant Frequency (CF)|
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Figure 2.2: Bat call shapes. FM stands for frequency modulated, QCF for quasi constant
frequency and CF for constant frequency [60].



10 CHAPTER 2. BATS

The frequency modulated structure covers a wide frequency bandwidth but lasts only for
a few milliseconds because it is very steep. The species using this type of calls are present
in forested areas.

Unlike the[FM]shape, the quasi constant frequency shape covers a narrow frequency band-
width of less than 5 kHz. The species travelling in open spaces use this structure of calls.

When a species alternates between forest environment and open spaces, it emits calls

presenting an [FMHQCT] structure. It is composed of a descending followed by a[QCEF]
In that way, it lasts longer than an [FM] and has a larger frequency range than a

The constant frequency shape is only observable in calls emitted by horseshoe bats. It
always starts with a short ascending [FM] followed by a long constant part and ends with
a short descending [FM] Therefore, it has a narrow frequency bandwidth but has a longer
duration than an [FM]or an [FMHQCH [5] [60].

Other call features that are relevant to manually classify bat calls are the minimal and
maximal frequencies as well as the bandwidth, which is the difference between these two
frequencies. Moreover, the frequency of maximum energy, also called peak frequency, as
well as the frequency at the beginning and end of the call, are relevant characteristics.
Finally, the duration of the call, the interval between two calls and the sonority, which
can be either nasal or whistled, are useful to identify the bat species [3], [60].

2.4 Conclusion

Bats emit ultrasound calls between 9 and 200 kHz. These are either social or echoloca-
tion calls. During winter, they hibernate and when spring arrives, they need to regain the
energy they lost during their hibernation. Then, bats migrate to their summer breeding
colonies. Autumn is the mating season as well as the time to stock energy for the winter.
The main threat to bats are humans. They destroy bats’ roosting and hunting sites,
poison the insects bats eat and build infrastructures that cause collisions with bats.

In Belgium, there are twenty-three species divided into seven groups. Bats present in Bel-
gium are protected and monitored by Plecotus, the bat department of Natagora. Natagora
is a Belgian association protecting nature and collecting various data in Wallonia and
Brussels, such as the conservation status of bats, their hunting grounds and their breed-
ing and winter habitats which are all summarised in this chapter.

This chapter also discusses the manual classification of bats based on their calls. Het-
erodyning, frequency division and time expansion are three ultrasound decoding systems.
Heterodyning is a real-time method where the user sets a frequency and the detector is
only able to detect the frequencies close to the fixed one. The user varies the chosen
frequency until finding the zero beat frequency. Frequency division is another real-time
method that maps ultrasounds into the audible domain by dividing the frequencies by a
chosen factor. Unlike the other two methods, time expansion is not a real-time method.
The signals are recorded and replayed at a slower pace to make the bat calls audible for
humans.
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The main call characteristics used by chiropterologists are the shape, the frequency prop-
erties, the sonority, the duration of the call and the interval between two calls. The four
common bat call shapes are called frequency modulated , quasi constant frequency
(QCE), [FMHQCH and constant frequency . The commonly used frequencies are the

minimal, maximal, peak, initial and final frequencies as well as the frequency bandwidth.







Chapter 3

Machine Learning Techniques

This chapter presents the different machine learning techniques that are used throughout
our work to perform multi-class and multi-label classification. First, some general machine
learning concepts are described. Among those are the metrics used in the following
chapters, the principle of balanced class weight as well as the Hard Negative Mining
and Non Maximum Suppression algorithms. Then, an explanation of the Support Vector
Machine model and of some Gradient Boosting algorithms is given. In a second phase, the
focus is set on the neural network domain with the presentation of Convolutional Neural
Networks, losses, optimisers, early stopping as well as hyperparameter and architecture
tuning.

3.1 Metrics

A lot of metrics have been designed over the years to assess and compare the quality of
models. The following subsections present the classical ones as well as the way to use
them in a multi-class context.

Accuracy

Accuracy [20], represents the fraction of examples that are correctly classified. A perfect
system has thus an accuracy of 1. The accuracy can be computed as

TP +TN

3.1
TP+TN+ FP+ FN (3:-1)

where

[True Positive (TP)|is the number of examples for which the predicted class corresponds
to the considered class.

ITrue Negative (TN)|is the number of examples that are predicted as not belonging to the
considered class and that do not belong to that class.

[False Positive (FP)|is the number of examples that are predicted as belonging to the
considered class while they do not belong to that class.

[False Negative (FN)|is the number of examples that are predicted as not belonging to the
considered class while they do belong to that class.

13
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Precision

Precision [26] is the fraction of examples that are correctly classified to a class among all
the examples that are classified to that class. It is defined as

[Pl

TP+FP (3.2)

Recall

Recall [26], also called sensitivity, is the fraction of examples that are correctly classified
to a class among all the examples that actually belong to that class. Its formula is given

by
_ T (3.3)
[[P|+[FN|

Precision-Recall Curve

The precision-recall curve can be used in binary problems to show the relation between
precision and recall. This curve is built by varying the probability threshold above which
samples are considered as belonging to the positive class. The threshold takes values
between 0 and 1. For each threshold, the precision is plotted in function of the recall to
form the precision-recall curve. From the latter, it is for example possible to retrieve the
recall at 95% of precision, which is sometimes used as a metric to evaluate models [I1].

Micro- and Macro-Averages

Since the metrics presented in the previous subsections are intended for binary classifica-
tion, some adjustments need to be made to use them in a multi-class context. The most
common way of achieving this is to compute the average of the metric.

A first possible version is the macro-average [26], which computes the arithmetic mean of
the metric over all the IV classes

SN metric
n=1 n

= (3.4)

Another variant is the micro-average [26], which weighs each sample equally. This gives
the same value for accuracy, precision and recall:

erjzl ) (Accuracy) (3.5)
>V @P, TN}, {F P, {FN,) .
TP

B ZnN: recision
YN (TP, HFP) (P ) (3.6)

:ZN Z(];_Pll:N ) (Recall) (3.7)

The main difference between the macro- and micro-average is that the macro-average
gives the same weight to every class while the micro-average gives a weight proportional
to the number of examples for each class. Thus, with the latter, the majority classes have
a bigger impact on the metric than the minority classes.
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3.2 Balanced Class Weight

In the case of an imbalanced dataset, it can be useful to balance the importance of the
different classes so that each class has the same impact during training, no matter the
number of training samples available for each class. The weight of each class y is defined
as [12]

total samples

3.8
#classes * F#samples(y) (38)
where

total samples is the number of samples used for the training.
#classes is the number of different classes that are used as labels.
#samples(y) is the number of samples in the training set that are labelled as class y.

3.3 Hard Negative Mining (HNM)

When facing an object detection problem, the data is often composed of few positive
examples and an enormous amount of negative examples. To build the training set, all
the positive examples are taken. Since using the same number of positive and negative
examples is preferable, the negative examples are not all taken. Instead, negative ex-
amples are picked randomly from the training files until reaching the number of positive
examples. However, these negative examples might not be the most relevant to get a
well-performing classifier. To obtain negative examples that are more difficult to classify,
the Hard Negative Mining method can be used [55].

Before applying [Hard Negative Mining (HNM)| the network needs to be trained on the
training data once. Then, the network is used to predict a classification on the training
files, which contain all the training examples and all the negative examples that were not
picked for the training set. The principle of is to retrieve among all the training
files the examples that were classified as positive but are actually negative. These are
called false positives and are added to the training set as hard negative examples. The
new training set is then used to train the network again.

This will help increase the performance of the model since it will train on the negative
examples that were wrongly classified during the previous training.

can be applied several times in a row until no improvement is observed anymore.
However, each iteration of takes a lot of time because of the training and testing.
Besides, the training set keeps getting larger with the addition of the hard negatives
examples which slows down the training and testing.

3.4 Non Maximum Suppression (NMS)

It is common in sound classification to decompose the file into overlapping windows that
are then fed as input to the classifier in a sliding window fashion. The network associates
a probability of containing a call to each window. Several windows can contain the same
call and thus each of them will be given a high probability. However, only one window
should be kept per call since each call should be associated with a single position.
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That is when [Non Maximum Suppression (NMS)| [27] comes into action. The algorithm
starts by selecting the window with the highest probability among all the windows of
the recording. This window will be part of the final set of windows and is thus removed
from the set of windows that still need to be filtered. The [Intersection over Union (IoU)|
between the selected window and all the other ones is computed by

Area of overlap  ANDB
Area of union ~ AUB

(3.9)

where A and B are two windows.

Every window that has an [[oU] above a chosen threshold is removed from the set of
windows that still need to be filtered. Then again, the window with the highest probability
is chosen among the set of windows to be filtered. All the steps are repeated until the
latter is empty. The windows that are present in the final set correspond to the positions
with the highest probability for each call.

3.5 Support Vector Machine (SVM)

The [Support Vector Machine (SVM)| [49] is a classification algorithm that tries to de-
termine the hyperplane separating best the data samples coming from different classes.
The hyperplane is chosen such as to maximise the margin, which is the distance between
the hyperplane and the closest data points to it. Those points that lie on the margin
are called support vectors. They are essential data samples because, without them, the
position of the separating hyperplane would change. The margin is maximised so that
the support vectors are as far as possible from the hyperplane while separating the data
samples from different classes as best as possible. Having a large margin enables the
[SVM] model to have more confidence when classifying data samples that have not been
encountered during training. Indeed, the classification confidence increases the further a
data point is from the hyperplane.

Since the[SVM]always determines a hyperplane that does a linear separation for any prob-
lem, it needs the kernel trick in case of non-linear separation problems. When a problem is
not linearly separable in the original dimensional space, the data needs to be mapped into
higher dimensions in order to become linearly separable. However, adding dimensions is
computationally expensive. Using a kernel allows to achieve the same results as the dimen-
sional augmentation but in a computationally efficient way. There exist several kernels
among which the linear, polynomial, radial basis function (RBF) and sigmoid kernels [49].

Like other classifiers, the has advantages and drawbacks. The works well
with smaller and cleaner datasets while it performs poorly on larger and noisier datasets.
Another advantage is that the [SVM]is memory-efficient because it only uses the support
vectors in the decision function and not all the training points. A drawback is that
no probability can directly be retrieved from the classification since data samples are
classified depending on their position with respect to the separating hyperplane.
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3.6 Gradient Boosting

Before explaining the concept of Gradient Boosting, it is important to understand what
boosting is. Boosting [32, 64], also called Hypothesis Boosting, is an ensemble method.
The principle of ensemble methods is to combine a large number of weak learners so that,
all together, they form a strong model. Weak learners are models that perform only
somewhat better than random models.

Boosting is a sequential process in which a given number of weak learners are created
one after the other. The performance of the previous model influences the training of the
following weak learner. Indeed, the next model either receives only the data examples
that were wrongly classified by the previous model or it receives the whole dataset, but
with more weight on those examples that were wrongly classified. In this way, the models
created towards the beginning of the sequence are more adapted to the common data
samples, while the models created towards the end of the sequence have been specialised
for difficult examples. Since the first model has no previous one, it receives the whole
dataset with a weight of one for each example. In addition, each model is associated with
a weight that is computed based on its classification error at train time. The weight of
a model determines the impact that it has when doing a prediction with the final strong
model.

Once the boosting model is trained, it can be used to make predictions on new data in
a straightforward way. To classify an example, the latter is fed to all the weak models
individually. In the case of regression, the global prediction is the weighted average of the
individual predictions, while for classification the final prediction is based on a majority
vote.

Using a boosting model instead of a single model has several advantages. A first one is
that it improves the stability as well as the performance and reduces the risk of overfitting.
Another advantage is that if a model makes a bad prediction, its impact can be reduced
if most of the other models make a good prediction.

Now that the boosting concept has been described, Gradient Boosting [32] can be ex-
plained. The general ideas are the same as in boosting and, typically, the weak learners
are decision trees.

A first difference lies in the fact that the whole training set is used to build every new tree
no matter the performance of the previous model. This means that, unlike in boosting,
no sample is removed from the training set and no weight is associated with the examples
either.

Another difference is that the tree that is being built does not predict the label of the
sample, but instead predicts what is called the residual. A residual is the prediction error
made by the combination of all the previous trees on a training example. Since the first
tree has no previous one, a first value is computed, for instance by taking the mean of
the training labels, to get an initial rough prediction. This initial prediction is used to
compute the residuals that the first tree has to predict. Thus, the initial prediction is re-
fined by the addition of each tree. However, adding too many trees can lead to overfitting.
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A last difference with boosting concerns the weight assigned to each model. In gradient
boosting this weight does not represent how well a certain tree performs on the training
set, but is a fixed chosen value called the learning rate. The latter is the same for each
tree except for the initial prediction, which is not weighted. During training and testing,
the prediction of a sample is the sum of the initial prediction and the weak prediction of
each tree, weighted by the learning rate.

Gradient Boosting has been implemented in multiple libraries, among which the Python
I[Extreme Gradient Boosting (XGBoost)| library [I4]. This open-source project puts em-
phasis on computational efficiency.

Several hyperparameters can be chosen when using [KGBoost] There is the number of
estimators, the maximum depth of each estimator and the learning rate. When the
algorithm decides whether to partition a leaf node, it verifies if the loss reduction induced
by the split would be greater than gamma, the minimum loss reduction. It also verifies if
the weights of all observations of a leaf node sum up to at least the value of the minimum
child weight hyperparameter. Moreover, the ratio of training samples that are used to
grow each tree is defined by the subsample hyperparameter. For unbalanced classification
problems, the scale positive weight hyperparameter helps tackle the imbalance issue by
giving more weight to the minority class. It is also possible to use with the
GPU by specifying it in the tree method hyperparameter [I§].

3.7 Convolutional Neural Network (CNN)

A |Convolutional Neural Network (CNN)|[30} [44], also called ConvNet, is a deep learning
neural network designed to process structured arrays of data that is spatially dependent.
Such data can be one-dimensional signals or two-dimensional images and audio spectro-
grams. Even though [CNNE were initially designed for image classification, they can also
be used to classify other types of data.

The principle of a[CNN]is to transform the input into a set of features that is easier to
classify. [CNNk are designed to learn and keep features that are essential for a good pre-
diction while giving little or no weight to features that are not useful for the classification.
Moreover, the data given as input to a does not need to be pre-processed and

are scalable to large datasets.

The first part that composes a are the convolutional and pooling layers that tackle
the feature extraction. It is followed by dense layers, which handle the classification. The
last dense layer has as many nodes as the number of classes with which the data can be
labelled. Each convolutional and dense layer is associated with an activation function.
The activation function as well as the pooling layer use a function that is fixed and does
not need to be learned. On the contrary, the convolutional and dense layers are composed
of neurons, which have weights and biases. These parameters need to be learned during
training using gradient descent.

The different layers are sequentially combined and their characteristics are described in
the following subsections.
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Convolutional Layer

The sequence of one or more convolutional layers [30], 44] is responsible for the feature
extraction and retrieves high-level features from the data. These features are computed
using the convolution operation between the input and a filter at each convolutional layer.
The convolution operation consists in taking the dot product between the filter and a small
square of the input having the same size as the filter. To do the dot product with the
whole input, the filter is moved in a sliding fashion over the input. A given convolutional
layer often contains more than a single filter. Having multiple filters allows learning mul-
tiple features in parallel.

The convolution preserves the spatial relationship of the data. When the convolution
reduces the dimensionality of the input, the term called valid padding is used. Keeping
the dimensionality unchanged is referred to as same padding [10].

Since a can be composed of several convolutional layers, the first one extracts low-
level features while the convolutional layers added to the first one take care of higher-level
features. This allows the network to have an overall as well as a refined understanding of
the data.

Pooling Layer

The pooling layer [10} 44], also called the downsampling layer, is often used after a con-
volutional layer. Its objective is to reduce the size of the extracted features so that the
number of connections between the layers is decreased. This is useful in the case of large
inputs to reduce the computational cost. Another advantage of this layer is the reduction
of overfitting. Even though the dimensionality is decreased, the pooling layer keeps im-
portant features.

The input is divided into non-overlapping pooling regions on which a pooling operation
is applied. The most commonly used pooling operation is max pooling, which takes the
maximum value of the considered pooling region. This pooling operation also serves as
a noise suppressant. Indeed, in addition to dimensionality reduction, the max pooling
performs some denoising. Besides max pooling, average pooling can be applied to keep
the average value of each pooling region. Average pooling also reduces noise but only by
reducing the dimensionality of the feature map. A less common pooling operation is the
sum pooling, which computes the sum of all values in the considered pooling region.

Dense Layer

Dense layers [4], [44], also called fully connected layers, usually follow the convolutional
and pooling layers. As the name indicates, the neurons in a fully connected layer are all
connected to the neurons of the next layer. To avoid overfitting during training, a certain
random fraction of the links between the dense layers can be dropped out.

The dense layers are responsible for the classification process. The first dense layer receives
as input the features that are extracted by the convolutional and pooling layers of the
network. There can be more than one dense layer but the last one always has as many
neurons as the number of classes with which the data can be labelled.
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Activation Functions

An activation function [23, [41] is used after each convolutional and dense layer to in-
troduce non-linearity to the [CNN] This allows extracting complex information out of
the data which would not be possible with a simple linear function. Various activation
functions can be used depending on the task and the layer on which the function is applied.

A first activation function is the Rectified Linear Unit (ReLLU), which is commonly used
for the convolutional and dense layers except for the output dense layer. It is defined as

mazx (0, z) (3.10)
where x is the value of a neuron of the layer on which the ReLU function is applied.

Another activation function is the softmax function, which computes the relative prob-
ability of each class so that they sum up to 1. This activation function is used for the
output layer of the in case of multi-class classification. The softmax function is
defined as

evi

Zk erk

where z; is the value of the i’ neuron of the layer on which the softmax function is applied.

(3.11)

The sigmoid activation function is also frequently used and is applied in multi-label con-
texts for the output layer of the [CNN] For each class, it computes a probability between
0 and 1, independently of the value of the other classes. Therefore, the probabilities of all
classes do not necessarily sum up to 1. This independence between classes is required for
the multi-label classification so that more than one class can be associated with a high
probability. The sigmoid function is defined as

1
1+e®

(3.12)

where z is the value of a neuron of the layer on which the sigmoid function is applied.

3.8 Losses

During the training of a machine learning model, it is common to use a loss as an indication
of how close the predictions are to the actual data. Various losses have been designed for
that purpose.

Cross-Entropy Loss

The cross-entropy loss [30), [54] is a loss that is frequently used for detection and classifi-
cation tasks. The categorical cross-entropy loss is used for the multi-class context while
the binary cross-entropy loss is chosen for binary tasks.
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For one sample, the categorical cross-entropy loss can be computed by

—Z t; log(p;) (3.13)

where N is the number of classes, ¢; is 1 if class ¢ is the actual class and 0 otherwise, and
p; is the probability that the example belongs to class i.

For one sample, the binary cross-entropy loss can be computed by

- Z t; log(p;) = —t1 log(p1) — (1 —t1) log(1 — py) (3.14)

where t; is 1 if class ¢ is the actual class and 0 otherwise, and p; is the probability that
the example belongs to class .

Focal Loss

The focal loss [34] was initially designed for imbalanced binary classification. Unlike the
cross-entropy loss, this loss weighs the contribution of each sample depending on how well
it was classified. To do so, the modulating factor (1 — p;)? is added.

For one sample, the focal loss is defined as [35]

- Zil(l —pi)7 ti log(p:) (3.15)

where N is the number of classes, p; is the probability that the example belongs to class
i, 7 is the focusing parameter (>0) and ¢; is 1 if class ¢ is the actual class and 0 otherwise.

For each example, only the probability of belonging to the actual class is considered. The
lower that probability is, the higher is the impact of that training example on the loss.
Thus, the examples that are correctly classified with a high confidence level will have
almost no influence on the focal loss and the focus will be set on the difficult examples.

3.9 Optimisers

While the loss indicates how well a model performs, an optimiser is required to interpret
the value of the loss and to modify the parameters of the classifier in order to reduce the
loss.

Gradient Descent Algorithms

In machine learning, gradient descent is used to minimise the loss of a network by itera-
tively updating the parameters of the network using the back-propagation algorithm.

Gradient descent [10], 52] consists in iteratively following the direction of the steepest de-
scent to find a local minimum of the objective function, which can for instance be the loss
of a network. The direction of the steepest descent is obtained by taking the opposite of
the gradient of the objective function. The size of the step taken in that direction is de-
fined by the learning rate, which influences the speed and the precision of the optimisation.
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The formula of gradient descent is defined as
0=0—n-VeJ(0) (3.16)

where 6 are the values of the trainable parameters, 7 is the learning rate and VyJ is the
gradient of the objective function.

A low learning rate induces smaller changes to the parameters, which implies that more
iterations are needed to reach a minimum and that the risk of getting stuck in a local
minimum is greater. On the other hand, a high learning rate induces larger changes to
the parameters, which implies that fewer iterations are needed to reach a minimum but
that the risk of reaching a suboptimal solution very fast is greater. This shows that the
choice of the learning rate can strongly influence the quality of the final local minimum.

Different variants of the gradient descent algorithm have been designed for use in machine
learning. A first one is [Batch Gradient Descent (BGD)| [52], which computes the gradient
for each training example and uses the mean of the gradients to update the parameters.
Having to compute the gradient of every training example at each step takes some time.
Thus, the computation time required for a single iteration of BGD] increases proportion-
ally with the size of the training set.

IStochastic Gradient Descent (SGD)| [10, [52] is another variant of gradient descent which
tackles the time issue of BGD] Instead of using the entire training set to update the pa-
rameters, [SGD| computes the gradient for a single training example chosen at random.
Each iteration is thus extremely faster and the random behaviour decreases the risk of
getting stuck in a poor local minimum. The drawback of [SGD]is that the update is made
based on a single random sample which may not be representative enough of the global
trend of the training set.

Mini-Batch Gradient Descent [10], 52] is a trade-off between and [SGD] Sometimes,
mini-batch gradient descent is referred to as [SGD] too. At each iteration, it considers a
certain number of random training examples, which form a batch. Like in[BGD], the mean
of the gradients of the batch is used to update the parameters. The batch size needs to
be adapted for the problem at hand since the speed of each iteration and the stability of
the convergence depend on the batch size. If the batch has a size of one, it comes back
to the [SGD] algorithm. Similarly, if the batch size is equal to the training size, it comes

back to the [BGD] algorithm.

Adaptive Moment Estimation (Adam)

IAdaptive Moment Estimation (Adam)|[31] is a gradient descent algorithm that combines
the strong points of both AdaGrad [22] and RMSProp [57], which are two improved ver-
sions of [SGDI

Unlike [SGD], which has a single learning rate for the whole set of parameters,
|Gradient Algorithm (AdaGrad)| keeps an adaptive learning rate per parameter in order
to obtain better results in case of problems having sparse gradients. Each learning rate
is decreased at each iteration according to all the previous encountered gradients.
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The following formula [10] illustrates how parameter ¢ is updated in [AdaGrad;
Ui
Vet S (o, J(0-0))

Ory1i = Ori — Vo, . J(0:) (3.17)

)

where

0;, is the value of parameter ¢ at time ¢.

n is the fixed part of the learning rate.

¢ is a small value (usually 1-107®) used to make sure that no division by 0 ever occurs.
St (VJ(0,,))? is the contribution of the past gradients of parameter i in the reduction
of the learning rate.

IRoot Mean Square Propagation (RMSProp)| also keeps a learning rate per parameter,
but, unlike [AdaGrad] the learning rates are not monotonously decreasing. Since the most
recent gradients have more weight in the update of the learning rates than the gradients
from older steps, the value of the learning rates can increase and decrease along the itera-
tions. Due to this improvement, is known to be well adapted for non-stationary
problems.

The following formula [10] illustrates how parameter i is updated in [RMSProp;

n
R e (3.18)
with v, = (1 — 7)(ngJ(9t,,-))2 + 7 v (3.19)

where

0, is the value of parameter ¢ at time ¢.

n is the fixed part of the learning rate.

¢ is a small value (usually 1-1078) used to make sure that no division by 0 ever occurs.
v is the momentum term that reduces the influence of older gradients along the iterations.
vy; is the contribution of the past gradients of parameter ¢ in the reduction of the learning
rate.

is an improvement of the two gradient descent algorithms presented above. Like
and [RMSProp|, [Adam| keeps an adaptive learning rate per parameter. One of
[Adanys differences with lies in the fact that it takes into account both the
first and the second moments of the gradients. Moreover, it is not the first and second
moment estimates that are directly injected in the update of the parameters but their
bias-corrections.

The following formula [10, [31] illustrates how parameter i is updated in :

My

Vi+1,i + €

Orv1, =01 — (3.20)

where

0;, is the value of parameter ¢ at time ¢.

n is the fixed part of the learning rate.

¢ is a small value (usually 1-107®) used to make sure that no division by 0 ever occurs.
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To update the parameters, it is necessary to compute the biased (3.21)) and bias-corrected
(3.22)) first moment estimates:

Myy1,; = (1 — 1)V, J(0ri) + Bima (3.21)
A M1,

= T 22

M TGy (3.22)

where () is the exponential decay rate for the first moment estimate and Vy, ,J(6;;) is
the gradient of parameter ¢ at time .

In addition, it is required to compute the biased (3.23|) and bias-corrected (3.24]) second

raw moment estimates:

Vpr1i = (1 — 62)(v9t7i<](9t,i)>2 + Bavy (3.23)

A Ut+1,i
Bpap, = L 3.24

t+1, 1 _ (ﬁz)t ( )
where 3, is the exponential decay rate for the second moment estimate and Vy, ;. J (6, ;) is
the gradient of parameter i at time t.

The improvements included in allow it to combine both the advantages of

and [RMSPropl Indeed, can handle sparse gradients as well as non-stationary
problems. Moreover, performs computations efficiently and is thus pretty fast to

converge.

3.10 Early Stopping

The goal of early stopping [4§] is to avoid overfitting and underfitting during the training
of a model and to reduce the training time. Indeed, early stopping interrupts the training
when the chosen metric does not improve enough for a certain number of epochs. More-
over, instead of keeping the weights of the last iteration, the best weights found during
the whole training are retrieved.

Early stopping can be customised by choosing the value of different parameters. A first
parameter is the metric that needs to be monitored. It is possible to indicate whether this
metric should be minimised or maximised. Another parameter is the minimum amount by
which the metric should vary to be considered as an improvement. A further parameter
is the number of consecutive epochs that the system will wait before interrupting the
training when no sufficient improvement is observed.

3.11 Architecture and Hyperparameter Tuning

The performance of a classifier varies significantly depending on the values chosen for its
hyperparameters. Therefore, it is highly recommended to tune them. Besides the hyper-
parameters, it is also possible to tune the architecture of certain classifiers such as[CNNE.
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Common methods to perform tuning include the random and grid search. To use these
methods, a set of values needs to be manually specified for each hyperparameter. The
random search takes, at each iteration, a random combination of the values made available
and stops when the maximum number of iterations is reached. The grid search iterates
over the chosen hyperparameter space until all the combinations have been tried out.
The random and grid search evaluate the performance of a classifier at each iteration
according to a chosen metric, called the objective function. They return the combination
of hyperparameter values that optimised the objective function during the search.

The main drawback of these methods lies in the fact that they do not learn from previous
iterations and are, therefore, slow to find hyperparameter values that improve significantly
the performance. There exist other search algorithms, such as the Tree-Structured Parzen
Estimator, that take into account the information of previous evaluations when selecting
the next hyperparameter values.

The [Tree-Structured Parzen Estimator (TPE)|[6] approach is adapted for problems where
the objective function is computationally expensive. This is the case of classifiers that
first need to undergo training and prediction of class labels. Only then can their perfor-
mance be evaluated to obtain the value of the objective function. The principle of [TPE]is
thus to use a surrogate function, less expensive than the objective function, to select the
next combination of hyperparameters. This surrogate is used to compute the expected
improvement of the objective function for the different combinations of hyperparameters.
The combination that maximises the expected improvement is selected and the value of
its objective function is computed. The obtained value is used during the following iter-
ations to improve the approximation made by the surrogate function.

The allows setting the focus on combinations of hyperparameters that are more
likely to improve the performance of the classifier. Hence, this search algorithm usually
requires fewer iterations than the random or grid search to find hyperparameter values
that improve significantly the performance.

Hyperopt [§] is a Python library, which performs hyperparameter and architecture tuning
using, among others, the [I'PE|as a search algorithm. A useful feature of Hyperopt is that
it allows to easily interrupt the tuning and restart from where it stopped thanks to the
Trials object, which keeps track of all the iterations that have already been completed [7].

Other libraries have been developed to tune hyperparameters and/or architectures. Among
others there is AutoKeras [28], Keras Tuner [43], Model Search [50] and MLBox [51]. We
decided to use Hyperopt because, unlike some of these libraries, Hyperopt does not only
provide a random search algorithm. Indeed, it allows the use of other search algorithms,
such as [TPE] that consider the previous iterations when choosing the combination of
hyperparameters for the next iteration. Moreover, with Hyperopt it is possible to per-
form both hyperparameter and architecture tuning, while with some other libraries only
hyperparameter tuning is possible. Furthermore, Hyperopt is easy to integrate into an
already existing implementation and a lot of documentation is available.
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3.12 Conclusion

Metrics are important to assess and compare the quality of models. The classical ones,
which are accuracy, precision and recall, are presented. To adapt them to multi-class
classification, the micro- and macro-averages can be taken.

A technique that can be used to tackle the problem of imbalanced datasets is called the
balanced class weight and consists in giving the same importance to each class.

Then, Hard Negative Mining is introduced. It consists in adding the false positives that
are more difficult to classify to the training set in order to improve the performance of
the model.

When working with audio recordings, the files are decomposed into overlapping windows.
Non Maximum Suppression removes certain windows from the predictions so that every
object in the file is associated with the window having the locally highest probability.

The first classification algorithm that is introduced is the Support Vector Machine. Its ob-
jective is to determine the hyperplane that separates best the data samples using a kernel.

Another classification algorithm is an ensemble method called Gradient Boosting, which
often uses decision trees as weak learners. The next tree is trained to predict the residuals
of the predictions made by the combination of the previous trees, weighted by a learning
rate.

A further algorithm used in our thesis is the Convolutional Neural Network, which pro-
cesses structured arrays of data that is spatially dependent. It is composed of two parts.
The first one is made of convolutional and pooling layers, which are responsible for the
feature extraction, while the second part uses dense layers to classify the data based on
the features.

The covered losses are the categorical cross-entropy loss, used for multi-class classification,
and the focal loss, designed for imbalanced binary classification.

Well-known optimisers, based on gradient descent algorithms, are presented. The three
basic ones are Batch Gradient Descent, Stochastic Gradient Descent and Mini-Batch
Gradient Descent. A detailed description of Adaptive Moment Estimation, which is an
improved version of [SGD] is given.

Early stopping is a way to avoid overfitting and underfitting by interrupting the training
when the chosen metric does not improve enough for a certain number of epochs.

Finally, the architecture and hyperparameter tuning is addressed. Exploring a subspace
of hyperparameter values can be done by different search algorithms, such as the Tree-
Structured Parzen Estimator, which are presented in this chapter. A Python library that
can be used for tuning is Hyperopt.



Chapter 4

State of the Art

In the previous chapter, we laid out the foundations for the different machine learning
techniques that are used throughout this report.

This chapter presents the existing projects on which our work is based. Indeed, our the-
sis is the continuation of another thesis project that was presented in the academic year
2019-2020 by Maxime Franco and Corrado Lipani. This project, entitled Batmen [25], is
itself based on Batdetective [37], an open-source project completed by Mac Aodha et al.
in 2018.

The following sections present these two projects by describing their goal, their approach,
the machine learning techniques that they use as well as the results that they obtained.

4.1 Batdetective

Batdetective [37] is a project led by Mac Aodha et al. at University College London in
2018. Their objective was to develop an open-source program to detect the positions of
bat calls in audio recordings.

In their opinion, too much attention is paid to the classification of bat species and not
enough to the detection even though the latter can be very complex in the case of noisy
audio samples. With their work, they want to show that it is possible to use deep learning
to obtain good performance on audio monitoring. The whole program was built in such a
way that only a small fraction of it is specific to bats. Thus, with only a few adaptations,
the code could be reused for the audio monitoring of other types of animals. Moreover,
with their code, they wanted to fill a void in the domain of open-source tools for bat call
detection. Indeed, the existing tools that are reliable are also quite expensive.

Approach

The first step in the detection process is to generate features from the recordings. Batde-
tective opted for spectrograms. To do so, the audio samples are decomposed into windows
of 230 milliseconds having an overlap of 75% with their two neighbours. Then, a Hanning
filter is applied on the windows before performing a Fast Fourier Transform to convert
them to the frequency domain. The magnitude of the obtained spectrogram is computed
and a bandpass filter is applied to only keep the frequency bands between 5kHz and
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135kHz. This removes frequencies that are not emitted by bats but that originate from
interference noises. To complete the generation of the features, the mean amplitude in
each frequency band is subtracted to reduce the impact of background noise and a Gaus-
sian filter is applied to smooth the spectrogram.

These features are fed in a sliding window fashion to a [CNN| The latter is composed
of three convolutional layers, each followed by a max pooling layer. The network ends
with two drop and dense layers where the last dense layer is composed of two nodes
corresponding to the “not a call” class and the “call” class. The architecture is illustrated
in Figure with the parameters associated with each layer.

I C P C P C P D D D D
N (0] 0 0 (0] (0] (0] R E R E
P N (0] N (0] N 0 o N 0 R N
ulrtvirtertvirier i I e e "l s
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Conv: Max Pooling: Dense 1: Dense 2: Drop:

* num_filters = 32 + pool_size =2 * num_units = 256 * num_units =2 p=0.5

+ filter_size =3 * stride = pool_size | ¢« nonlinearity = ReLU * nonlinearity =

+ padding = 1 softmax

» stride=1

Figure 4.1: Architecture of Batdetective’s CNN.

To obtain better performance, two iterations of [HNM] are applied during the training.
At test time, the predictions of the network are smoothed with a Gaussian filter. Then,
an algorithm is applied on the smoothed predictions to retrieve precise starting
positions of calls by removing the overlapping windows having lower probabilities.

Performance

Batdetective evaluated the performance of its detection model on three different test sets:
Bulgaria, UK and Norfolk. These are collections of data from all across Europe, recorded
over several years.

For the evaluation of the performance, Batdetective starts by removing the ground truth
and predicted positions that are too close to the end of the file. Then, the number of true
positives is computed by considering the predicted positions that overlap with a ground
truth position. Batdetective considers that two calls overlap if their starting positions are
less than 10 milliseconds away from each other. Since more than one predicted position
can overlap with a ground truth call, duplicate detections need to be removed. Among
the duplicates, only the prediction with the highest probability is kept.

Batdetective expresses the performance of its detection model in terms of the average
precision and the recall at 95% of precision. These measurements are obtained from
the precision-recall curve as presented in Section [3.1} To build this curve, the detection
probability is thresholded from 0 to 1 and, at each step, the precision and recall are
recorded. The performance are presented in Table [4.1]
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Bulgaria UK  Norfolk
Average Precision 0.895 0.866 0.882
Recall at 0.95 precision 0.818 0.670 0.754

Table 4.1: Performance of Batdetective’s network on three datasets.

4.2 Batmen

Batmen [25] is a Master’s thesis project that was led by Maxime Franco and Corrado
Lipani at Université Catholique de Louvain during the academic year 2019-2020. Their
objective was to perform multi-class classification of bat calls by starting from the call
detection program implemented by Batdetective.

Approach

Before being able to perform multi-class classification, Batmen needed data that is adapted
to the problem at hand. Batdetective’s datasets contain only information on the starting
position of calls and not on the bat groups that emitted these calls. Thus, a new dataset
provided by Natagora was used. This dataset still required a lot of preprocessing that has
been done by Batmen and is described in Chapter

As in Batdetective, the first step is to generate features from the recordings. Batmen
opted for the same approach, which consists in computing a log magnitude spectrogram
from the audio recordings, using Fast Fourier Transform on 230 milliseconds Hanning
windows having an overlap of 75%. The same bandpass filter, denoising method and
Gaussian filter as Batdetective are then applied.

These features are fed in a sliding window fashion to a [CNN] As in Batdetective, the
latter is composed of three convolutional layers, each followed by a max pooling layer.
The network ends with two drop and dense layers where the last dense layer is composed
of eight nodes corresponding to the “not a bat” class and to the seven Belgian bat groups.

The difference between Batmen’s and Batdetective’s lies in the number of output
nodes in the last dense layer. Indeed, Batdetective has two output nodes since it performs
detection, while Batmen has eight output nodes since it performs multi-class classification
between eight classes. Batmen’s architecture is illustrated in Figure with the param-
eters associated to each layer.

To obtain better performance, it is possible to apply and to choose the number
of iterations. As in Batdetective, only the false negative examples of class “not a bat”
are added to the training set during At test time, allows retrieving precise
starting positions of calls by removing the overlapping windows having lower probabilities.
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Figure 4.2: Architecture of Batmen’s CNN.
Performance

Batmen uses Natagora’s dataset while Batdetective uses the Bulgaria, UK and Norfolk
datasets. In Batdetective’s article, the detection performance is given for the Bulgaria,
UK and Norfolk datasets. To compare the detection performance on Natagora’s dataset
with the detection performance of the three other datasets, Batmen decided to run Bat-
detective’s detection tool on Natagora’s dataset. This gives an average precision of 0.873
and a recall at 0.95 precision of 0.625. By comparing these values with the ones obtained
for Batdetective’s datasets (Table [4.1]), it can be noticed that the precision is approxi-
mately equal, while the recall at 0.95 precision is worse.

After verifying how Batdetective performs on Natagora’s dataset, Batmen evaluated the
performance of its classification network. The accuracy, precision and recall were com-
puted on each of the eight classes and the macro-average was taken as a mean of compar-
ison. To assess the impact of [ HNM]on the classifier, the performance was computed for a
version with two iterations of and a version without [HNM] From Table it can
be observed that applying two iterations of only improves the performance slightly.

Average accuracy Average precision Average recall
Without HNM 0.9110 0.6930 0.4747
Two HNM iterations 0.9096 0.7177 0.4927

Table 4.2: Performance of Batmen’s network.

4.3 Conclusion

Batdetective is a program that detects bat calls in audio files. The detector computes
spectrograms from the recordings and feeds them to a[CNN|ending with two output classes
that correspond to the presence and absence of a call. Two iterations of [ HNM] are applied
to improve the performance and, at test time, [NMS retrieves the precise predicted call
positions. Batdetective’s algorithm has an average precision of about 88% and a recall at
0.95 precision of approximately 75%.
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Batmen is a classification program that detects bat calls and associates them to a bat
group. The classifier computes spectrograms from the recordings and feeds them to a
ending with eight output classes that correspond to the absence of a call and to the
seven Belgian bat groups. Several iterations of [HINM] can be applied to improve the per-
formance and, at test time, retrieves the precise predicted call positions. Batmen’s
algorithm has an average accuracy of about 91%, an average precision of about 70% and
an average recall of approximately 48%.

Since our main tasks consist in improving Batmen’s multi-class classification of bats as
well as in implementing an efficient multi-label classifier, our thesis is the continuation of
Batmen and thus also an extension of Batdetective.






Chapter 5

Bat Recordings Datasets

Data is an essential component without which detecting and classifying bat calls would
not be possible. In machine learning approaches, especially in deep learning, a large
amount of data is needed to obtain accurate detectors and classifiers.

Our approach for identifying bats is based on audio recordings of ultrasound calls, which
present different patterns depending on the species of bat.

In this chapter, we present the different datasets used for detection and classification
throughout our thesis. The chapter describes who provided the datasets, when and where
the recordings were made, the content of the datasets as well as the preprocessing of
the data. These datasets are used for detection and multi-class classification but are not
sufficient for multi-label classification. The last section thus presents the manipulations
made to Natagora’s dataset to generate new data adapted for multi-label classification.

5.1 Data Provider

This section presents who provided the different datasets used throughout our work.

Batdetective

When detection and classification are performed separately, the data used for the detec-
tion comes from the datasets made available by Batdetective [37]. These datasets are
composed of recordings taken from 2005 to 2011 by citizen scientists across Europe as
part of the Indicator Bats Programme (iBats) [29].

To perform bat call detection using deep learning, the data they collected needed to be
annotated with the starting position of each call. Batdetective uploaded all its audio
recordings on the Zooniverse [38] web portal so that citizen scientists could analyse and
add labels to the files. These labels discern three types of call: social calls, search-phase
echolocation and terminal feeding buzzes. Each label is associated with a bounding box
placed around the call.

Since classifying bats manually is a difficult art that requires years of experience, few users
made accurate annotations. Indeed, Batdetective verified some labels and noticed many
errors. However, they observed that their most active user was very accurate which is
why they only kept recordings that were annotated by that user. However, in some cases,
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the calls were ambiguous and the assistance of chiropterologists was needed. Therefore,
Batdetective contacted two experts to disambiguate the calls.

Natagora

Over the years, Natagora collected a large number of bat calls and gathered their analysis
of the different recordings in datasets. They shared some of this data with our faculty so
that we could conduct experiments to achieve automated recognition of bats.

In the academic year 2019-2020, Maxime Franco and Corrado Lipani, two students from
our faculty, worked on the same subject for their thesis [25]. They were in direct con-
tact with Natagora through the intermediary of Claire Brabant who gave them all the
additional information they needed to avoid any misinterpretation of the data.

5.2 Data Collection

This section presents when, where and how the bat call recordings were collected.

Batdetective

The data provided by Batdetective is a collection of labelled recordings that were taken
in four different regions and are made available on Batdetective’s website. The different
locations and years of recording are summarised in Table [5.1} This table also contains
the total duration and size of the recordings per location. All the recordings were made
using the Tranquility Transect recorder except for the Norfolk dataset which was recorded

using the Song Meter SM2BAT+ developed by Wildlife Acoustics [2, [37].

Total duration Total size
(min) (MB)
Bulgaria & Romania | 2006-2011 212 1070
UK 2005-2011 28 140
Norfolk 2015 33 146

Location Year

Table 5.1: Location and year of the bat call recordings provided by Batdetective. For
each location, the total duration and size of the recordings are indicated.

Most of the data was recorded in Romania and Bulgaria because a large diversity of bat
species can be found in these countries. The recordings are representative of the variety
of species that can be found in Europe.

Natagora

The data that Natagora provided has been divided into several folders according to the
location and year of the recordings. The latter were made using either the Song Meter
SM2 or the Song Meter SM4BAT, which are two devices developed by Wildlife Acoustics
[2, 25]. The different locations and years of recording are summarised in Table This
table also contains the total duration and size of the recordings per location.



5.3. DATA CONTENT 35

Total duration Total size

Location Year st (MB)
Belgian Luxembourg 2016-2018 41 1092
Brussels’ ecoduc 2015 1 100
Brussels” Natura 2000 area 2018 0.4 6.2
Caves Pahaut 2013 5 42
Escaut basin 2015 17.5 2048
Fagne-Famenne’s Natura 2000 area 2012-2018 207 2166
Gueule valley (Pays de Herve) 2015 22.5 1024
Natura 2000 area 2014 31.7 184
Plateau Engeland (Uccle, Brussels) 2017 17.5 89
Train line 161 (Brussels) 2016-2017 33.5 619
Vesdre’s Natura 2000 area 2014 19.5 200
Walloon Branbant’s Natura 2000 area | 2014 36.5 600
Woluwe Saint Pierre (Brussels) 2019 31.5 400

Table 5.2: Location and year of the bat call recordings provided by Natagora. For each
location, the total duration and size of the recordings are indicated.

The recordings containing calls from more than one bat group were left out. Natagora
indicated all the groups present in one file but did not associate each call to the corre-
sponding group. Since we do not work with a specialist who could manually classify, we
only used the recordings with a single group.

5.3 Data Content

This section presents the content of the datasets used for the detection and classification
of bat calls.

Batdetective

From all the recordings collected by Batdetective, only the ones containing search-phase
echolocation calls were kept. The labels that are associated with the recordings do not
specify the species but only consist of the start times of the bat calls.

After having kept only the search-phase calls, a total of 4246 files are remaining, con-
taining 8573 calls. Batdetective has split the data into one training set and three test
sets. The training set is composed exclusively of recordings from Bulgaria and Romania
because the majority of the European bat species can be found there. The twenty-three
bat species of Belgium can be found in Romania and/or in Bulgaria [39, [47].

One of the test sets contains the remaining recordings coming from Bulgaria and Romania,
while the two others contain either data from Norfolk only or from all across the UK. The
test set containing bat calls from Bulgaria and Romania allows assessing the performance
on bat calls of the same regions as the ones used during training. The Norfolk and UK
test sets are there to verify that the detection performs well on bat calls recorded in other
regions.
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The exact number of files and calls for each training and test set is presented in Table

Data set Number of files Number of calls

Training set: Bulgaria & Romania 2812 4782
Test set: Bulgaria & Romania 500 1604
Test set: UK 434 842
Test set: Norfolk 500 1345

Table 5.3: Repartition of the files and calls in Batdetective’s datasets.

Natagora

Natagora’s dataset is composed of several projects that were led by Plecotus, the bat de-
partment of Natagora. Each project contains recordings in time expansion with a factor of
10. Moreover, Natagora’s dataset provides information such as the exact time and place
of recording, the number of calls and the medium frequency. There is also an indication
on the group to which the bat calls belong, as predicted by SonoChiro [9], a commercial
software for automated bat call analysis. These automated predictions are verified and
corrected by experts of the Plecotus team.

To build a classifier, the exact starting position and the group of each call are needed.
However, Natagora does not state the positions of the calls but only indicates the differ-
ent groups present in the recording. The absence of the call positions implies that a call
detection needs to be made before being able to perform bat call classification. The files
containing more than one group cannot be used since there is no way to link the different
calls to their respective group.

To solve this issue, Batmen first trained Batdetective’s network on Batdetective’s train-
ing set and then ran the network on Natagora’s dataset to get the starting time of each
call in the recordings. The drawback of this approach is that Batdetective does not give
perfect predictions. Indeed, it finds fewer calls than what was predicted by SonoChiro
and Kaleidoscope [1], which are widely recognised tools in the study of bat calls.

Because of this imprecision in the position labels, the data used for the training and test-
ing of our bat call identification models contains two types of inconsistencies. The first
one is that some calls, that are present in the recordings, were not found by Batdetective
and are thus labelled as “not a bat” during training and testing. Thus, if the model
assigns a bat class to such a call, the model will be misled during training and will get
a lower performance even though the model’s prediction is actually correct. The second
inconsistency is that some noises were considered as calls by Batdetective. This will also
penalise the model.

We are aware that these inconsistencies could affect the final performance. However, no
other reasonable solution was found to solve the issue of the absence of call positions in
Natagora’s data.
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After having sorted the data and removed the unusable files, a total of 2575 files are
remaining, containing 57705 calls. The number of files and calls per group is presented in

Table (.41

Class Group Number of files Number of calls

1 Barbar 18 678
2 Envsp 588 17462
3 Myosp 1079 21167
4 Pip35 178 4398
5 Pip50 396 8841
6 Plesp 82 1359
7 Rhisp 237 3800

Table 5.4: Repartition of the files and calls among the groups in Natagora’s dataset for
multi-class classification.

It can be noticed from Table that some groups have way more calls than others which
means that we are facing an imbalanced dataset. The minority class with the smallest
amount of calls is Barbar. It is followed by the Plesp and the Rhisp groups. Envsp and
Myosp are the majority classes.

To train and evaluate a model, the data needs to be split into a training and test set. It
is common to use 90% of the data for the training and the rest for the testing.

Batmen decided to separate the data according to the number of files available for each
group. However, the calls are not uniformly distributed among the files. Thus, we decided
to base our repartition on the number of calls to get closer to the wanted percentage. Table
displays the repartition resulting from the two methods.

Training set Test set
en New division Batmen New division

Group Batm

1 Barbar 625 269 93 109
2 Envsp 15726 15717 1736 1745
3 Myosp 18903 19047 2264 2120
4 Pip35 3863 3916 935 482
5 Pip50 7815 7959 1026 882
6 Plesp 1259 1188 100 171
7 Rhisp 3394 3404 406 396

Table 5.5: Repartition of the calls from Natagora’s dataset into a training and test set.
In case of Batmen, the repartition of calls is based on the number of files, while our new
division is based on the number of calls.

5.4 Data Processing

The first data processing step is to remove all the recordings in Natagora’s dataset that
contain calls from more than one bat group, as presented in the previous section.
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Since recordings do not all have the same sampling rate, the raw audio from Batdetective’s
and Natagora’s dataset cannot be used directly for detection and classification. To deal
with the varying sampling rates, Batdetective decided to use spectrograms, which they
computed from the raw audio. This technique is applied to all the data used throughout
our work.

To compute spectrograms, the audio samples are decomposed into windows. Before con-
verting them to the frequency domain by performing a Fast Fourier Transform, a Hanning
filter is applied. Applying a Hanning filter on the windows is important because the Fast
Fourier Transform introduces leakage in the case of non-periodic signals, such as bat call
recordings.

Leakage [30] means that the energy is scattered over a wider frequency range than the
range that it would normally be smeared over in absence of leakage. Another effect of
leakage is the reduction of the frequency amplitudes of the signal. To reduce leakage, the
starting and ending points of the signal have to be the same, which is why the Hanning
filter modifies the signal so that its starts and ends at zero. Moreover, the Hanning filter
increases the centre amplitudes of the signal to keep the original average amplitude of the
signal.

After the conversion into the frequency domain, the magnitude of the obtained spectro-
gram is computed and a band-pass filter is applied to only keep the frequency bands
between 5kHz and 135kHz. This removes frequencies that are not emitted by bats but
originate from interference noises. To complete the preprocessing of the recordings, the
mean amplitude in each frequency band is subtracted to reduce the impact of background
noise and a Gaussian filter is applied to smooth the spectrogram.

Once the raw audio recordings have been completely preprocessed, the windows containing
a call are selected as training positions. The same number of windows that are devoid of
calls are randomly selected and added to the training positions.

5.5 Data Superposition for Multi-Label
Classification

Performing multi-label classification requires recordings containing superimposed bat calls.
However, the files kept from Natagora’s dataset do not contain calls from more than one
group each. Thus, if two calls overlap in these files, they both belong to the same group,
while superpositions of bat calls from different groups are also needed to train a multi-
label classification tool.

To have a dataset with overlapping calls from different bat groups, we artificially created
recordings using calls from Natagora’s dataset. When creating the new recordings, we
verified whether it is possible to hear bat calls of any two pairs of bat groups on the same
site. We did not find any statistics or probabilities about this. Therefore, we looked into
Natagora’s folders, which are organised by observation site, whether each pair of groups
can be found in at least one site. This analysis has shown that it is indeed the case, and
it was then confirmed by Plecotus.
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Moreover, we decided to select the calls in such a way that the distribution of calls be-
tween groups is representative of the minority and majority groups observed in Natagora’s
dataset. The respect of the minority and majority repartition of groups was achieved by
repeatedly taking two recordings from Natagora’s dataset at random and picking a call
randomly from each of the two recordings. These two calls are overlapped with a random
shift between the starting position of the two calls. The duration of this shift ranges
between zero and the size of a window. The shift is not fixed but is chosen randomly
so that the artificial overlaps are more representative of real ones. Moreover, the maxi-
mum duration of the shift was defined to ensure that there is an overlap between the calls.

For multi-label classification, not only superimposed bat calls are needed but also some
recordings with no superposition and some others with no call at all. Thus, we decided to
keep half of the recordings that are used for multi-class, which results in the repartition
presented in Table (5.6, The other half of the multi-label dataset is composed of the gener-
ated recordings containing superposition. Table presents the number of superpositions
that were made between each pair of groups. When combining the calls from Natagora
with the ones from the generated recordings, a total of 85990 calls are used. The training
set is composed of 77143 calls and the test set of 8847 calls. The exact repartition of calls
among the different groups can be found in Table [5.8]

Class Group Number of files Number of calls

1 Barbar 8 393
2 Envsp 291 8371
3 Myosp 592 11040
4 Pip35 91 2189
5 Pip50 196 3977
6 Plesp 37 842
7 Rhisp 116 1936

Table 5.6: Repartition of the files and calls among the groups in Natagora’s dataset for
multi-label classification.

Barba D osp Pip Pip50 Plesp R D
Barba 20 71 159 35 959 11 29

D 71 1028 4765 847 1777 377 1062

OSP 159 4765 5546 1967 3904 827 2500
P1p 35 847 1967 180 691 161 423
Pip50 5} 177 3904 691 757 228 902
Plesp 11 377 827 161 288 35 189
R D 29 1062 2500 423 902 189 265

Table 5.7: Number of call superpositions generated for each pair of groups to perform
multi-label classification.
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Class Group Number of calls for training Number of calls for testing

1 Barbar 663 130
2 Envsp 17381 1945
3 Myosp 32619 3635
4 Pip35 5446 727
5 Pip50 11793 1315
6 Plesp 2474 291
7 Rhisp 6767 804

Table 5.8: Repartition of the calls for multi-label classification into a training and test
set. Half of the calls comes from Natagora’s dataset and the other half comes from the
generated recordings that contain calls superposition.

5.6 Conclusion

The dataset used for the detection is made available by Batdetective and is a collection of
recordings made between 2005 and 2011 in Bulgaria, Romania, Norfolk and the UK. From
these recordings, only those containing search-phase calls have been kept, which gives a
total of 8573 calls. The recordings have been labelled by a citizen scientist and were ver-
ified by an expert. The labels only consist of the starting position of the call and do not
specify the corresponding species. The data has been split into a training set and three
test sets. The training set only contains calls from Romania and Bulgaria because the
species that can be found there are representative of the species that can be found all over
Europe. One test set contains the remaining data from Romania and Bulgaria, another
one is composed of data from Norfolk and the last test set is formed by data from the UK.

For the classification, we use a dataset created by Plecotus, the bat department of
Natagora. It contains recordings that were made during their observations across Bel-
gium from 2012 to 2019. Natagora uses SonoChiro to produce the labels, which are then
verified by experts of Plecotus. For a given file, the labels indicate only the bat groups
that are present but not the starting position of the calls, which are however required to
perform bat call classification. Therefore, only the recordings containing a single group
are kept, and the starting positions are obtained by running Batdetective’s code on these
files. Since the timings of the calls are not specified by experts but instead are found
with a code that is not 100% accurate, the labels used to train our models contain some
errors that may impact the performance of our architectures. The final dataset for the
multi-class classification contains 57705 calls with the fewest calls by far for the Barbar
group and the most calls for the Myosp group.

Since the sampling rate is not the same for all audio recordings, the raw audio cannot
be directly used. Thus, some preprocessing is applied to the detection and classification
datasets. The raw audio is decomposed into windows on which a Hanning filter and a
Fast Fourier Transform are applied to convert the signal to the frequency domain. Then,
a band-pass filter removes the too low and too high frequencies. The last preprocessing
steps are the denoising and the application of a Gaussian filter.

Finally, a dataset containing recordings of superpositions of calls is needed to perform
multi-label classification. These recordings cannot be taken from Natagora’s dataset since,
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for recordings with more than one group, there is not enough information to associate each
call with its corresponding group. Therefore, new recordings containing superpositions of
calls between pair of groups are created. The final dataset used for multi-label classifica-
tion contains half of Natagora’s recordings as well as the newly created recordings. This
gives a total of 85990 calls.






Chapter 6

Architectures for Bat Call Detection
and Classification

In the previous chapters, the only architecture that was addressed is the single [CNN] In
the case of Batdetective, it performs solely detection and for Batmen it is used for both
detection and classification.

Since the architecture that performs best for a given classification problem is not prede-
fined, the choice of the architecture is essential as it will greatly impact the performance.
Therefore, we decided to implement several multi-class and multi-label architectures with
various characteristics. This chapter presents all of them, while later chapters will com-
pare them to determine which one performs best for our problem.

6.1 Double CNN Architecture

In Batmen, the classification and detection tasks are tackled by a single [CNN] Since
Batmen has the same architecture and parameters as Batdetective, except for the last
layer that has eight nodes instead of two, we studied whether the performance could be
improved if detection and classification were performed separately. Therefore, we decided
to implement an architecture that we call the double architecture. The principle
behind the double [CNN] architecture is the separation of the detection and classification
tasks into two networks.

As in the previously presented models, the features used are spectrograms that are fed
in a sliding window fashion to the two [CNNk. The first detects whether or not a
bat call is present in a window. If this is the case, the window is fed to a second [CNN]
which assigns one of the seven bat groups to the call. Like in Batdetective and Batmen,
the two alternate between convolutional and max pooling layers and end with drop
and dense layers. However, the number of each type of layer and their specific hyperpa-
rameters are optimised using Hyperopt.

The two are trained separately so that the different hyperparameters can be opti-
mised for their respective task, as illustrated in Figure [6.1]

For the detection, we use Batdetective’s dataset instead of Natagora’s. Indeed, Natagora’s
dataset was initially exclusively labelled with the bat group present in each file and not
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with the starting position of the calls. To solve this issue, Batmen used Batdetective’s
algorithm to add the starting positions to the dataset. Thus, using Natagora’s dataset
would not be appropriate to train our detection and could bias the results since
Natagora’s dataset was labelled using a similar detection [CNN] This is why we opted for
Batdetective’s dataset, for which the starting positions were labelled by hand.

For the classification task, only Natagora’s dataset can be used considering that the groups
are not indicated in Batdetective’s dataset. Only the windows containing a call are used
to train the classification since it solely has to predict the groups and not whether
the windows contain a call or not.

Spectrograms : . s
containing or not a call detceﬁ'glon Bmcagﬁ g?cr:(s)]ton' HNM: binary
- Batdetective’s datasets
Only spectrograms ps s .
containing calls ClaSS&f'L(;'\latlon roculasss(1cf:;§st:ezn1‘-7) HNM: multi-class
- Natagora’s dataset group

Figure 6.1: Double CNN architecture at train time.

At test time, all the windows are fed to the detection and those for which a call is
predicted are forwarded to the classification network. Because of the classification part,
only Natagora’s dataset is usable. The testing is illustrated in Figure [6.2]

conta?iz?rfs;rgrgrrlaoTSa all detection Binary decision: If call
- Natagora’s dataset CNN calt or not
L Only spectrograms classification Classification:
containing calls CNN groups (classes 1-7)

Figure 6.2: Double CNN architecture at test time.

6.2 Hybrid Models Using CNN Features

Besides experimenting with different types of architectures, we also wanted to try out
different kinds of features and not restrict ourselves to spectrograms. A way to obtain
other features than spectrograms is analysed by Neha Singh in her thesis [53] on the clas-
sification of animal calls. She compares the performance of a [CNN] using spectrograms
with the ones obtained by hybrid models that use features computed by a [CNN| which
itself receives spectrogram features as input. Such hybrid models could be adapted to the
classification of bat groups and are presented in this section.

This architecture is denoted as hybrid because it is composed of two models, the first
one being a and the second one being a model other than a neural network. This
second model can for instance be an or an and receives as input features
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the output of a layer of the [CNN|

The architecture that results from the application of such a hybrid model to our problem
is presented in Figure[6.3] As in Batmen’s architecture, the [CNN|performs both detection
and classification and receives spectrograms as input. The second model also performs
detection and classification but does not use a spectrogram as input features. Instead,
it takes features computed by the [CNN] These features correspond to the output of the
second to last dense layer of the [CNN]

The [CNN]is trained on spectrograms and maps them to one of the eight classes. Once it
is fully trained, it is used to compute the features given to the second model so that it,
in turn, can train.

At test time, the spectrograms are fed to the [CNN]| which returns predictions. However,
these predictions are not taken into account since only the output of its second to last
layer matters to provide features to the second model. The latter’s predictions are used
to compute the performance.

number 9f X number of dense layers
convolutional layers
| D
N C P D E
Spectrograms 0 0] R Detection + Classification:
containing or P — | N classes 0-7
not a call u N 0 0 S
T \" L P E
Second to last
dense layer
Model 2: Detection + Classification:
XGBoost / SVM classes 0-7

Figure 6.3: Hybrid model using CNN features. The number of convolutional and dense
layers is tuned. These values differ for multi-class and multi-label classification and can
be found in their respective experiment section.

6.3 Hybrid Models Using Call Features

Taking the principle of hybrid models, described in the previous section, as a starting
point, we decided to replace the [CNN] features with new features related to bat calls.

Bat Call Features

Bat calls have different characteristics depending on the species of bat that emits the
call. Among the large variety of possible characteristics, we selected 18 to use as features.
Some of them are inspired from the features used by BatScope [42], an application for
bat call processing.
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Our selection is composed of the following features:

e The mean, central, minimal and maximal frequencies.

e The centred bandwidth containing 90% (resp. 50%) of the total energy such that
5% (resp. 25%) of the total energy is contained in the frequencies lower than the
band and the other 5% (resp. 25%) is contained in the frequencies higher than the

band.

e The frequencies at which 5%, 25%, 50%, 75% and 90% of the total energy of the
call is reached when starting at a frequency of 0 Hz.

e The peak frequency and its associated magnitude.
e The minimal and central magnitudes as well as their associated frequency.

e The mean magnitude.

Architecture

As in the previously presented hybrid model, this model is separated into two parts. The
first one is a[CNN]and the second one is a model other than a neural network, such as an
or an In this case, however, the [CNN]is used solely for the detection and
not to produce features for the second model. Instead, the latter receives new features
based on bat call characteristics to perform the classification.

The two models are trained separately so that the different hyperparameters can be op-
timised for their respective task, as illustrated in Figure [6.4

For the detection, we use Batdetective’s dataset instead of Natagora’s for the same rea-
sons as described in Section Moreover, since the first model is a [CNN] spectrogram
features are used, as it was the case in any of our other architectures.

For the classification task, only Natagora’s dataset can be used considering that the groups
are not indicated in Batdetective’s dataset. Only the spectrogram windows containing a
call are kept to compute the call features that are used to train the classification model.

Spectrograms : - s
containing or not a call deEe;Son Bln;m gf(;:zlton' HNM: binary
- Batdetective’s dataset
Call features only from rs s e o
windows with a call ;ggsmiig\%\ rOCula: chgggezn{ -7) FINM: multi-class
- Natagora’s dataset 00s group

Figure 6.4: Hybrid model using call features at train time.

At test time, all the windows are fed to the detection [CNN] and those for which a call is
predicted are forwarded to the classification network. Because of the classification part,
only Natagora’s dataset is usable. The testing is illustrated in Figure |6.5]
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Spectrograms | detection Binary decision: If call
containing or not a call CNN call or not
L Call features only from classification Classification:
windows with a call XGBoost/SVM groups (classes 1-7)

Figure 6.5: Hybrid model using call features at test time.

6.4 Conclusion

In addition to the single model introduced by Batmen, we implemented an archi-
tecture that we call the double architecture. Its name comes from the fact that it
is composed of two [CNNE, one for the detection and the other for the classification. Both
use spectrograms as input, as is the case for the single

To experiment with features other than spectrograms, we implemented hybrid models
which are composed of two parts. The first one is still a which receives spectro-
grams as input. The second model is not a but is for instance a Support Vector
Machine or an Extreme Gradient Boosting . In this case, the ultimate
goal of the [CNN]is neither detection nor classification. Indeed, the output of the second
to last layer is fed to the second model as input features. It is thus the second model that
does the detection and the classification.

Another type of features that can be used for classification are features related to bat calls,
like the central or maximal frequency. A large variety of such characteristics exists and we
selected 18 of them. These features are given as input to a model that is not a [CNN| but
is for instance an [SVM] or an [KGBoost] This model performs solely classification. There
is also a[CNN]|that receives spectrograms as input and performs the detection. These two
models form what we call a hybrid model using call features.






Chapter 7

Multi-Class Classification

This chapter presents all the design choices and experiments that we did for multi-class
classification.

The first two sections present the modifications that have been brought to Batmen’s clas-
sification and evaluation processes. The following sections contain a description and an
analysis of the various experiments that were conducted on the architectures introduced
in the previous chapter. Then, an overall comparison of the architectures is made and the
time needed for each model to classify new data is presented.

All the measurements of this work have been made on a desktop with an i7-9800X CPU
@ 3.80GHz, 32 GB RAM and an RTX 2080 SUPER GPU on CentOS 8.1.

7.1 Improvements for Multi-Class Classification

To implement the architectures presented in Chapter [6], we decided to start from Bat-
men’s code that we reimplemented and improved. The different subsections present the
modifications that we did to improve the performance of Batmen’s architecture and to
correct some aspects that were not adapted to the multi-class problem. These changes
are applied to all the multi-class architectures used throughout this work.

Environment

Batmen’s code is written in Python 2.7 and uses the Theano and Lasagne libraries to
build a for the classification. However, Python 2.7 is deprecated since January 2020
and will thus not be fixed nor changed anymore. Therefore, we translated the whole
Batmen code into Python 3.6 to start from a code that is up to date. We also decided to
replace Theano and Lasagne with TensorFlow and Keras [20].

Multi-Class Non Maximum Suppression

The implementation of in Batmen is similar to the one used for the binary detection
in Batdetective. The classifier associates each window to a vector containing a probability
for each of the eight classes. The highest probability of each window is then kept, without
taking into account the probability of class 0. A Gaussian filter is applied to smooth
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these highest probabilities over time. For every window, receives the filtered high-
est probability as well as the corresponding class. It keeps the positions and the related
classes corresponding to the different local maximums of probability.

The problem with Batmen’s approach is that it keeps some positions where class 0 is ac-
tually the most likely one, while the highest probability among the probabilities of classes
1 to 7 is extremely low. This situation is depicted by the red frame in Figure [7.1]

class 2
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S 02
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time

Figure 7.1: Graph of the probabilities over time. The frames are the positions selected
by Batmen’s [NMS] The green frame corresponds to a position for which class 0 does not
have the highest probability since the probability of class 2 is already 85%. The red frame
corresponds to a position for which class 0 has the highest probability. Indeed, class 5
has the highest probability among classes 1 to 7, while only having a probability of 10%.
Batmen’s implementation keeps both positions while ours removes the red one.

To solve the issue of low probability peaks, we decided to remove the positions selected by
where the probability of belonging to class 0 is actually higher than the probability
of the selected class.

Multi-Class Hard Negative Mining

To perform [HNM] Batmen only considers the examples that are classified as any of the
seven groups of bats (classes 1 to 7) but are actually not corresponding to a call (class
0). These false negatives of class 0 are added to the training set. Taking only this type
of misclassification into consideration is analogous to a binary case where the seven bat
groups correspond to the positive class and the absence of call corresponds to the negative
class.

Since we are in a multi-class context, the misclassifications between bat groups as well as
the false positives of class 0 are important examples that help improve the performance.
The misclassification between bat groups covers the predicted positions that match with
ground truth positions but are not of the correct class. The false positives of class 0 are
the ground truth positions that are not overlapped by any prediction.

To take those examples into account, the problematic positions cannot simply be added as
it was done in binary [HNM] Indeed, the additional misclassifications correspond to call po-
sitions that are already in the training set. Adding the exact same positions would create
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duplicate entries which would not bring any new relevant information for the classification.

Therefore, we decided to add the positions of the calls that were missed or misclassified
but shifted left and right by a small amount of time, defined by Batdetective. This allows
to represent the difficult calls in slightly different windows and to avoid duplication. If
the shift is too large, the new positions are too far away from the original one to still
contain enough information about the call. If it is too small, the variations are too close
to the original position to have an impact.

Architecture and Hyperparameter Tuning with Hyperopt

Batmen keeps the same values as Batdetective for the different hyperparameters of the
network as well as the same architecture. However, these were fine-tuned for the binary
classification task and may not be optimal for multi-class classification. Thus, we imple-
mented a hyperparameter and architecture tuning using Hyperopt [7, [§].

For [CNNE, the objective function that is optimised is the sparse categorical cross-entropy
loss. The tuned hyperparameters and architecture components of the are the num-
ber of convolutional layers, the number and size of the convolutional filters, the number of
dense layers and their associated number of nodes, the dropout probability of the dropout
layers as well as the batch size. Since our use as an optimiser, the learning
rate, the (51, the 5y and the € hyperparameters are tuned. For early stopping, the tuned
hyperparameters are the minimum delta, which is the minimum improvement of the loss,
as well as the patience, which is the number of iterations after which the training is in-
terrupted if the minimum improvement is not reached.

For the objective function that is optimised is the cross-entropy loss. The tuned
hyperparameters are the number of estimators, the maximum depth of each estimator,
the learning rate, gamma, the minimum child weight, the subsample ratio and the scale
positive weight.

For [SVME, the objective function that is optimised is the cross-entropy loss. The tuned
hyperparameters are the kernel, the degree in case of a polynomial kernel, the regular-
isation parameter C and the maximum number of iterations. Whether or not to use
balanced class weights is also part of the tuning. Moreover, the value of the kernel coef-
ficient gamma, which is used in the case of RBF, polynomial and sigmoid kernels, is tuned.

All the models presented in Chapter [f] were tuned and the performance presented in the
following experiment sections are obtained with the tuned architectures and hyperparam-
eters. Appendix presents the hyperparameter values of the different models obtained
after tuning.

Further Improvements

In addition to all the previous changes made to Batmen’s project, we modified some other
aspects of the training. A first one concerns the optimiser. We decided to use [Adam)]
which is an improvement of the initially used [SGD] with mini-batches.
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To avoid underfitting and overfitting, we included early stopping to the training. This
reduces the total training time since, instead of having to train for a fixed number of
epochs, early stopping can interrupt the training earlier when not enough improvement
is observed on the validation set anymore.

Another modification that considerably reduces the total running time is the saving of
the features. Indeed, during one run of the program, the features are computed once
during the training, once during the testing and twice at each iteration of [HNM] Since
these features remain the same during the whole run, we decided to save them to make
sure that they are not computed more than once. The features still need to be loaded
from memory but this takes much less time than computing them.

Since Batmen’s network uses the sparse categorical cross-entropy loss, which is adapted
for multi-class classification but not for imbalanced datasets, we decided to try out two
alternatives to tackle the problem of imbalanced classes. The first one is the use of the
focal loss, which is designed specially for imbalanced cases. The other possibility is the
combination of the sparse categorical cross-entropy loss with class weights, called the bal-
anced categorical cross-entropy loss. We decided to keep the latter since it gives better
results for our task.

Finally, Batmen’s model solely works with recordings that contain bat calls from a single
group per recording. This is constraining because recordings will often contain calls from
more than one group. Thus, we modified Batmen’s model so that it can process recordings
having calls from any number of groups, as long as they do not overlap since that would
fall into the multi-label classification.

7.2 Evaluation for Multi-Class Classification

The following subsections present the modifications brought to Batmen’s evaluation method
and to the way the confusion matrix is filled. In addition, the metrics used to evaluate
the performance are presented.

Multi-Class Confusion Matrix

Batmen’s confusion matrix is composed of classes 1 to 7, which represent the seven bat
groups that are studied. For each file, Batmen’s evaluation iterates over the predicted calls
and their associated predicted class to fill the confusion matrix. The element (actual
class, predicted class), which represents the entry in the row of the actual class and
the column of the predicted class in the confusion matrix, is incremented by one. Note
that, in Batmen, the actual class is associated with the file as a whole and not to a specific
call position, as explained in Section

Batmen’s version of the confusion matrix is not complete since it does not consider the
predictions related to class 0 nor the overlap between the actual and the predicted call
positions to build the matrix. Among all the cases illustrated in Figure only those
where the predicted call overlaps with the ground truth call are handled correctly. The
predicted class associated with the predicted call can either be the same as the ground
truth class or be different from it. Both cases are well accounted in Batmen’s confusion
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matrix as illustrated in Figures[7.2.a] and [7.2.5]

However, some cases are not taken into account in Batmen’s confusion matrix. We inte-
grated these missing cases when building our own confusion matrix.

The first case, presented in Figure is when no calls are predicted but there are
some ground truth positions in the recording. No penalty is given in Batmen’s confu-
sion matrix, while we increase the entry corresponding to (ground truth class, class
0) by the same amount as the number of ground truth positions since they were all missed.

The second case, illustrated in Figure [7.2.d] is when a call is predicted while there is no
call overlapping with the predicted position. Batmen does not check whether or not the
position of the predicted call and the ground truth position overlap. Batmen simply adds
1 to the entry (ground truth class, predicted class) even though the predicted po-
sition is not the position of a ground truth call. Instead of doing this, we increment the
entry corresponding to (class 0, predicted class) by one.

The last case, presented in Figure [7.2.€] is when there are ground truth positions that are
not overlapped by any predicted calls. No penalty is given in Batmen’s confusion matrix,
while we increment the entry corresponding to (ground truth class, class 0) by one.

Batmen’s confusion matrix New confusion matrix
Predicted class Predicted class
1.2 3 4 5 6 7 0 1 2 3 4 5 6 7
1 0| ..
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7.2.a. First well handled case: overlap and correct predicted class. The empty entries contain
the value 0. The three dots in the (0,0) entry represents the fact that there is a large amount
of correctly classified class 0 (i.e. no call).

Batmen’s confusion matrix New confusion matrix
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7.2.b. Second well handled case: overlap and wrongly predicted class. The empty entries contain
the value 0. The three dots in the (0,0) entry represents the fact that there is a large amount
of correctly classified class 0 (i.e. no call).
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Batmen’s confusion matrix New confusion matrix
Predicted class Predicted class
1.2 3 4 5 6 7 0 1 2 3 4 5 6 7
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7.2.c. First incorrect case: no call predicted while there are some calls. The empty entries
contain the value 0. The three dots in the (0,0) entry represents the fact that there is a large
amount of correctly classified class 0 (i.e. no call).

Batmen’s confusion matrix New confusion matrix
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7.2.d. Second incorrect case: call predicted where there is no ground truth call. The empty
entries contain the value 0. The three dots in the (0,0) entry represents the fact that there is
a large amount of correctly classified class 0 (i.e. no call).

Batmen’s confusion matrix New confusion matrix
Predicted class Predicted class
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7.2.e. Third incorrect case: some ground truth positions are not found by the predictions. The
empty entries contain the value 0. The three dots in the (0,0) entry represents the fact that
there is a large amount of correctly classified class 0 (i.e. no call).

Figure 7.2: Comparison between Batmen’s confusion matrix and our improved confusion
matrix on different scenarios.

In addition to these corrections, we made some design choices. It can happen that one
predicted position overlaps with several ground truth positions or that one ground truth
position overlaps with several predicted positions. Therefore, when the ground truth
position is overlapped by several predicted positions of the correct class, we decided to
increment the entry (ground truth class, predicted class) only once. When the
ground truth position is overlapped by several predicted positions of the incorrect class,
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we decided to increment the entry (ground truth class, predicted class) as many
times as the number of incorrect predictions.

Metrics

To evaluate the performance of a model, Batmen works with accuracy, precision and
recall. They are first computed for each class and then the macro-average is taken to
perform the comparison.

Since the problem at hand is an imbalanced multi-class problem, we added the following
metrics to Batmen’s evaluation metrics: the F; score, the balanced classification rate, the
Kappa score and the confusion entropy. The first two metrics are computed for each class
and the macro-average is then taken to perform the comparison. This kind of adaptation
is not necessary for the Kappa score and the confusion entropy because they are specially
designed for the multi-class context.

The macro-average was chosen over the micro-average because, in our problem, the minor-
ity classes are as important as the majority classes. Indeed, even though certain groups
of bats appear less often than others, it is still important to have a model that is able to
identify them in a recording.

The metric that influences our comparison the most is the recall. A high recall indicates
that a large proportion of the actual calls were found by the model. Due to the precision-
recall trade-off, increasing the recall can lead to a decrease in the precision. However, in
our opinion, in the case of bat call identification, it is more important to reach a higher
recall than to have a higher precision. Indeed, when chiropterologists need to validate
the predictions made by a classifier, it is easier for them to discard or change invalid
predictions than to go through the whole recording to find the calls that were missed by
the model.

In some situations, it is interesting to compare the model not only on the global task,
which regroups detection and classification, but also on these two subtasks individually.
For detection, the same metrics are applied but on two classes only. Class 0 represents
the absence of a call and class 1 represents the presence of a call of any group of bats.
The classification task is evaluated in the same way as the global task except that class 0
is not taken into account.

When the results of our experiments are presented, we only indicate the accuracy, precision
and recall. All our metrics are given in Appendix B| in order to not overload the reader
with numerical information.

7.3 Experiments on the Original Batmen
Architecture
As mentioned in the previous section, the evaluation method used by Batmen contains

a lot of inconsistencies. Therefore, we would like to find out what performance the orig-
inal Batmen architecture can achieve with our evaluation method. Another question is
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whether or not can improve the performance of this architecture.

Before diving into these questions, we reproduced Batmen’s results to make sure that
we obtain a similar performance even after changing Batmen’s environment. As stated
in Batmen’s paper, reproducing the results without gives an average precision of
about 69% and an average recall of about 48%.

After that, we computed the performance of Batmen’s architecture using our new met-
rics and confusion matrix. This allows comparing our improved model with the original
Batmen network based on the same evaluation method. The performance was computed
without [HNM] as well as with one and two iterations of [INM] and is presented in Table
[Z1l

Number of Detection Classification Global

HNM iterations Precision Recall Precision Recall Precision Recall
0 0.25 0.94 0.86 0.76 0.36 0.75
1 0.25 0.94 0.86 0.76 0.40 0.75
2 0.25 0.94 0.86 0.75 0.33 0.74

Table 7.1: Influence of Hard Negative Mining on the precision and recall of the original
Batmen architecture. For the detection, two classes are considered and the metrics are
the ones of class “bat”. For the classification (resp. the global task), the metrics are
marco-averages over classes 1 to 7 (resp. 0 to 7).

From the precision and recall of the global performance in Table[7.]] it can be drawn that
one iteration of should be used for this model. A surprising observation is that,
even though the detection and classification performance are the same with none or one
iteration of [HNM] the global precisions are different.

This comes from the fact that having the same percentage of precision and recall in de-
tection does not mean that the same bat calls have been found by both models. If a
model detects fewer calls from a minority class and instead more calls from a majority
class than the other model, the performance for the minority class will drop more than the
increase observed in the majority class. Since the global performance is computed as the
macro-average over all classes, the minority classes have as much impact as the majority
classes. The model using one iteration has thus a higher performance for minority
classes and a slightly lower performance for some majority classes than the model without
Subsequently, when the performance of the original Batmen architecture comes up,
it refers to the performance of this architecture using one iteration of [HNM]

The performance of the original Batmen is presented in Table and the hyperparame-
ters that are used are listed in Table [A1l

It can be noticed in Table that the recall is quite high for the detection, the clas-
sification and the global task, while the precision is very low for the detection and the
global task. The opposite is observed when Batmen’s confusion matrix is used to compute
the performance. Indeed, in that case, the precision is high and the recall is lower, as
shown in Table [£.2] This is mainly because Batmen’s confusion matrix does not take the
overlap between ground truth and predicted calls into account. It only checks whether
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the predicted class is the same as the ground truth class of the file without verifying the
timings.

Accuracy Precision Recall Time

Detect 0.99 0.25 0.94 /
Classify 0.96 0.86 0.76 /
Global 0.99 0.40 0.75 117min

Table 7.2: Performance of the original Batmen architecture with our metrics. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time
represents the total training time of the model.

7.4 Experiments on the Improved Batmen
Architecture

In this section, we try to determine whether the adaptations brought to the original Bat-
men and presented in Section have a positive impact on the performance. Another
question is whether or not [HNM]can improve the performance of this architecture. Finally,
this section determines whether saving the features brings a gain of time that justifies the
memory space needed to save the features.

After applying all our improvements to the original Batmen, we computed the performance
without [HNM] as well as with one and two iterations of [INM] These results are presented
in Table [T.3]

Number of Detection Classification Global

HINM iterations Precision Recall Precision Recall Precision Recall
0 0.68 0.92 0.88 0.76 0.74 0.74
1 0.78 0.90 0.86 0.77 0.76 0.74
2 0.69 0.92 0.85 0.76 0.71 0.74

Table 7.3: Influence of Hard Negative Mining on the precision and recall of the improved
Batmen architecture. For the detection, two classes are considered and the metrics are
the ones of class “bat”. For the classification (resp. the global task), the metrics are
marco-averages over classes 1 to 7 (resp. 0 to 7).

It can be noticed in Table[7.3|that doing one iteration of increases a lot the precision
of the detection while the recall is only slightly decreased. Since the recall is very high,
it enables to bring more balance between the precision and the recall. Because of this
considerable increase in the precision of the detection, the global precision increases too.
Thus, when the performance of the improved Batmen architecture comes up, it refers to
the performance of this architecture using one iteration of

The performance of the improved Batmen architecture is presented in Table 7.4, The
associated tuned hyperparameters are listed in Table
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Accuracy Precision Recall Time

Detect 0.99 0.78 0.90 /
Classify 0.96 0.86 0.77 /
Global 0.99 0.76 0.74 | 87min

Table 7.4: Performance of the improved version of Batmen’s network. For detect, two
classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time
represents the total training time of the model.

It can be observed from Table [7.4] that the precision and the recall are very balanced and
high for the global performance.

When comparing the performance of the original Batmen, computed with our metrics,
with the performance of the improved version of Batmen’s code, it can be noticed that
the recall is approximately the same. However, the detection precision is way better in
the case of the improved Batmen. This is mostly because improved Batmen uses the
multi-class that we implemented, while original Batmen uses a version of that
was designed for binary detection. Indeed, the multi-class gets rid of windows whose
highest assigned probability is the one of not being a bat call, as explained in Section |7.1]

Another improvement lies in the total training time, which is much faster than for the
original Batmen’s code. This difference in speed comes from the fact that we introduced
the saving of the training features and that we added early stopping to the training.

7.5 Experiments on the Double CNN Architecture

In this section, we would like to find out whether separating the detection and classifica-
tion tasks instead of having a network that performs both can improve the performance.
As for the two previous models, we want to observe whether or not [HNM] can improve the
performance of this architecture. Another point of interrogation is whether the tuning of
the detection network helped find better hyperparameters than those used by Batdetec-
tive.

After having decomposed the algorithm into a detection network and a classification net-
work, we computed the performance without [HNM]as well as with one and two iterations

of [HNM] These results are presented in Table [7.5]

It can be noticed in Table that the precision globally increases while the recall de-
creases. Since the recall is already lower than the precision without [HNM] this gap
increases when [HNM]is applied. Therefore, when the performance of the double [CNN] ar-

chitecture comes up, it refers to the performance of this architecture without using [HNM]



7.5. EXPERIMENTS ON THE DOUBLE CNN ARCHITECTURE 59

Number of Detection Classification Global

HINM iterations Precision Recall Precision Recall Precision Recall
0 0.85 0.84 0.85 0.73 0.77 0.68
1 0.82 0.81 0.88 0.70 0.79 0.63
2 0.91 0.76 0.87 0.70 0.82 0.61

Table 7.5: Influence of Hard Negative Mining on the precision and recall of the double
CNN architecture. For the detection, two classes are considered and the metrics are
the ones of class “bat”. For the classification (resp. the global task), the metrics are
marco-averages over classes 1 to 7 (resp. 0 to 7).

The double [CNNJs performance is presented in Table [7.6] The associated tuned hy-
perparameters are listed in Table for the detection [CNN] and in Table [A.4] for the
classification [CNN]

Accuracy Precision Recall Time

Detect 0.99 0.85 0.84 /
Classify 0.96 0.85 0.73 /
Global 0.99 0.77 0.68 18min

Table 7.6: Performance of the double CNN architecture. For detect, two classes are
considered and the metrics are the ones of class “bat”. For classify (resp. global), all
the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time represents the
total training time of the model.

From Table it can be observed that the precision and the recall are quite high and
well-balanced for the detection. However, for the classification and the global perfor-
mance, there is a considerable gap between the precision and the recall.

Assigning the detection and classification tasks to two networks instead of a single one, like
in improved Batmen, results in a more balanced detection in terms of precision and recall.
However, it cannot be clearly said that one model is better in detection than the other.
Indeed, the precision of the double has increased while the recall has decreased
compared to the improved Batmen. Which model does a better detection depends on
whether the addressed problem requires a high detection recall or rather a good balance
between precision and recall. As observed for the detection, the recall of the classification
of the double [CNN]is lower than the one of the improved Batmen, while the precisions are
identical. Therefore, the global precision of the double is a little higher compared
to improved Batmen’s global precision but the recall is considerably lower.

A last point that is interesting to address is whether the tuned detection network of this
architecture gives a better detection performance than Batdetective’s network. This in-
terrogation comes from the fact that there is no indication in Batdetective’s article about
the choice and the tuning of the hyperparameters. When training and testing our detec-
tion network with Batdetective’s hyperparameters on our data, we obtain the detection
performance presented in Table [7.7]
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Accuracy Precision Recall
Detect 0.99 0.80 0.84

Table 7.7: Performance of the detection CNN with Batdetective’s hyperparameters. For
detect, two classes are considered and the metrics are the ones of class “bat”.

From Tables and [7.6] it can be observed that the recall is identical but the precision
is 5% higher with the double [CNN/s tuned hyperparameters. Thus, it can be concluded
that the hyperparameters of the detection found with our tuning are better suited
for detection than the ones used by Batdetective.

7.6 Experiments on the Hybrid Model Using CNN
Features

In the previous sections, the different architectures are solely composed of [CNNk. There-
fore, we try to determine whether using hybrid models that combine a [CNN]and another
model that is not a[CNN]|can achieve a better performance than using only [CNNk. Again,
the impact of [HNM] on the performance is analysed.

Extreme Gradient Boosting

One of the two algorithms that we use as a component of the hybrid model is XGBoost]
The first experiment is to compute the performance without as well as with one
and two iterations of However, the number of examples added during an iteration

of is too large for the algorithm which raises an out of memory exception.

To solve this issue while still being able to use[HNM] a random fraction of all the examples
generated with is selected until reaching the memory limit. The memory limit is
reached when taking 15.1% of the total number of examples that would normally be added
by performing two iterations of [HNM] The results obtained with the reduced number of

examples added with are presented in Table [7.8|

Number of Detection Classification Global

HNM iterations Precision Recall Precision Recall Precision Recall
0 0.60 0.94 0.85 0.81 0.64 0.79
1 0.61 0.94 0.84 0.80 0.63 0.79
2 0.60 0.94 0.84 0.81 0.62 0.79

Table 7.8: Influence of Hard Negative Mining on the precision and recall of the hybrid
model using XGBoost and CNN features. For the detection, two classes are considered
and the metrics are the ones of class “bat”. For the classification (resp. the global task),
the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

From Table it can be noticed that the precision and recall of the detection and classi-
fication vary by at most one percent. This smaller variation compared to other models is

due to the fact that fewer examples are added for this model than for any of the others,
because of the memory issue. When the performance of the hybrid model using [XGBoost]
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and features comes up, it refers to the performance of this architecture without
using as it gives the best global performance.

The performance of the hybrid model using is presented in Table [7.9, The
associated tuned hyperparameters are listed in Table for the features [CNN| and in
Table [A.5] for the classification [XGBoostl

Accuracy Precision Recall Time

Detect 0.99 0.60 0.94 /
Classify 0.96 0.85 0.81 /
Global 0.99 0.64 0.79 44min

Table 7.9: Performance of the hybrid model using XGBoost and CNN features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0
to 7). The time represents the total training time of the model.

The results in Table indicate that the classification is particularly efficient and that
the recall of the detection is very high. The weak point of this model comes from the
detection precision which is very low and is responsible for the low global precision.

Given that the classification is particularly good while the detection could need some im-
provement, it would be interesting to combine this architecture with another one that has
a good detection performance. Since the detection of the double [CNN] architecture
has a good detection performance, it can be used to handle the detection. The
hybrid model can therefore be used solely for the classification. The performance of the
combination of the binary detection with the hybrid model can be found

in Table [.10
Accuracy Precision Recall
Detect 0.99 0.85 0.84
Classify 0.97 0.85 0.83
Global 0.99 0.78 0.75

Table 7.10: Performance of the detection CNN followed by the hybrid model using XG-
Boost and CNN features. For detect, two classes are considered and the metrics are the
ones of class “bat”. For classify (resp. global), all the metrics are marco-averages over
classes 1 to 7 (resp. 0 to 7).

From Table it can be noticed that the combination of the detection [CNN| and the
hybrid model does increase the performance. The detection precision is much
higher and closer to the detection recall than it is the case for the hybrid model.
The same holds for the global performance, for which the precision has increased by 14%
while the recall has only decreased by 4%.

Support Vector Machine

Another model that is used as a component of the hybrid model is the [SVM]| The per-
formance of the hybrid model that uses an [SVM| and [CNN] features is presented in Table
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The associated tuned hyperparameters are listed in Table for the features [CNN]|
and in Table [A.0] for the classification [SVM

Accuracy Precision Recall Time

Detect 0.98 0.17 0.60 /
Classify 0.93 nan 0.52 /
Global 0.99 0.40 0.47 3.5h

Table 7.11: Performance of the hybrid model using an SVM and CNN features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0
to 7). The time represents the total training time of the model.

From Table it can be observed that the classification performance is not as good as
with[XGBoost] Moreover, the Rhisp group is never correctly recognised. In addition to the
poor classification, the is extremely slow. Since using is very time-consuming
and will surely not improve the performance enough to make this model usable, we did
not analyse the effect of [ HNM] on this hybrid model.

7.7 Experiments on the Hybrid Model Using Call
Features

In the previous sections, the features given as input to the models are always spectrograms.
Therefore, we try to determine whether using features related to characteristics of bat calls
can achieve a better performance than using spectrograms. Again, the impact of [INM]
on the performance is analysed.

Extreme Gradient Boosting

One of the two models that we use as a component of the hybrid model is XGBoost] The
first experiment is to compute the performance without [HNM]| as well as with one and
two iterations of These results are presented in Table [7.12]

Number of Detection Classification Global

HNM iterations Precision Recall Precision Recall Precision Recall
0 0.85 0.84 0.75 0.70 0.68 0.65
1 0.90 0.74 0.76 0.70 0.72 0.60
2 0.90 0.76 0.76 0.71 0.73 0.61

Table 7.12: Influence of Hard Negative Mining on the precision and recall of the hybrid
model using XGBoost and call features. For the detection, two classes are considered and
the metrics are the ones of class “bat”. For the classification (resp. the global task), the
metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

It can be noticed in Table that the precision globally increases while the recall de-
creases. This creates a significant gap between the precision and the recall. Therefore,
when the performance of the hybrid model using [XGBoost] and call features is mentioned,
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it refers to the performance of this architecture without using [HNM]

The performance of the hybrid model that uses and call features is presented
in Table The associated tuned hyperparameters are listed in Table [A.3] for the de-
tection [CNN| and in Table [A.7] for the classification [KGBoostl

Accuracy Precision Recall Time

Detect 0.99 0.85 0.84 /
Classify 0.95 0.75 0.70 /
Global 0.99 0.68 0.65 Smin

Table 7.13: Performance of the hybrid model using XGBoost and call features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0
to 7). The time represents the total training time of the model.

From Table it can be observed that the global precision and recall are well-balanced
but quite low. This comes from a poor classification, which indicates that using call
features does not allow to generate a strong classification model. The detec-
tion performance is well-balanced and quite high. However, this is neither due to the
call features nor to Indeed, the detection is performed by the binary [CNN] of
the double [CNN] architecture and uses spectrograms. Another point to note is that the
training of this model is especially fast compared to the other architectures.

Since call features do not perform well on their own, it could be interesting to analyse an
hybrid model that takes as input a combination of both the call features and
the features. This would allow seeing whether the call features could help improve
the already well-performing model that uses [CNN] features.

Support Vector Machine

Another model that we use as a component of the hybrid model is the [SVM] The first
experiment is to compute the performance without [HNM] as well as with one and two
iterations of These results are presented in Table

Number of Detection Classification Global

HNM iterations Precision Recall Precision Recall Precision Recall
0 0.85 0.84 0.67 0.51 0.63 0.51
1 0.88 0.81 0.67 0.49 0.64 0.49
2 0.89 0.80 0.64 0.48 0.63 0.47

Table 7.14: Influence of Hard Negative Mining on the precision and recall of the hybrid
model using an SVM and call features. For the detection, two classes are considered and
the metrics are the ones of class “bat”. For the classification (resp. the global task), the
metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

It can be noticed in Table that the increase of the precision and the decrease of the
recall with the number of iterations is not as clearly visible as for the other mod-
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els. Even so, the smallest gap between the global precision and recall is when no
is used. Therefore, when the performance of the hybrid model using an [SVM] and call
features is mentioned, it refers to the performance of this architecture without using[HNM]

The performance of the hybrid model that uses an and call features is presented
in Table [7.15] The associated tuned hyperparameters are listed in Table for the
detection [CNN] and in Table [A.§] for the classification [SVM

Accuracy Precision Recall Time

Detect 0.99 0.85 0.84 /
Classify 0.89 0.67 0.51 /
Global 0.99 0.63 0.51 21min

Table 7.15: Performance of the hybrid model using SVM and call features. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify
(resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The
time represents the total training time of the model.

As it is the case for the hybrid model using call features, Table [7.15] indicates
that the model considered has a good and balanced detection performance because it uses
the detection [CNNI of the double [CNN] architecture.

The classification performance is even worse than when using [XGBoost] It can even be
concluded that this model is worse than a random classifier since its Kappa score for the
classification is 0.45, while a random classifier has a Kappa score of 0.5. The poor perfor-
mance of the [SVM]| could be explained by the fact that only 18 features are used, which
might be too few. As for XGBoost] it could be interesting to analyse an [SVM] hybrid
model that takes as input a combination of both the call features and the [CNN] features
to see whether or not it could improve the performance.

In addition to the poor classification, [SVM]is slow considering that it only has to process
18 features, which is way less than the 130x20 spectrogram features used in the models
of the previous sections.

7.8 Overall Comparison

In the previous sections, the performance of the studied models has been presented in de-
tail. In this section, we discuss which architectures are stronger in detection, classification
and/or globally. To support our analysis, a global overview is given in Table , where
the performance of the different models are regrouped in terms of precision and recall.
The only model that is not considered in this comparison is the SVM] hybrid model using
[CNN] features because it performs too poorly.

The accuracy is not included in the table because every model has an accuracy of almost
99%. This is due to the fact that there is a very large number of windows that do not
contain any call and are correctly classified. This leads to a very high number of [TPp for
class 0, and thus to a high accuracy.
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Moreover, we address the influence of on the performance. As observed in the
previous sections, using one or two iterations of [HNM] generally decreases the recall and
increases the precision. Indeed, with [HNM] many positions where a call is wrongly pre-
dicted are added to the training set. By doing so, the network becomes stricter on what
it considers to be a call. Therefore, it finds fewer calls, which reduces the recall, but it
also predicts fewer calls on positions where there is actually no call, which increases the
precision.

The original and improved Batmen are the only two models for which using[HNM]improves
the global performance. For these two models, using one iteration of increases the
global precision without decreasing the recall.

Model Detection Classification Global
Oae Precision Recall Precision Recall Precision Recall

Original 0.25 0.94 0.86 0.76 0.40 0.75

Batmen

Improved 0.78 0.90 0.86 0.77 0.76 0.74

Batmen

Double CNN 0.85 0.84 0.85 0.73 0.77 0.68

XGB CNN 0.60 0.94 0.85 0.81 0.64 0.79

XGB call 0.85 0.84 0.75 0.70 0.68 0.65

SVM call 0.85 0.84 0.67 0.51 0.63 0.51

Detection CNN

& XGB CNN 0.85 0.84 0.85 0.83 0.78 0.75

Table 7.16: Performance overview of the multi-class classification models.

From Table [7.16] it can be observed that the original Batmen has an extremely low de-
tection precision. This is also the weak point of the hybrid model using [CNN|
features but to a lesser extent than for the original Batmen.

The two models that use call features have the lowest classification performance among
all the models. As suggested in Section [7.7] it could be interesting to analyse the perfor-
mance of a hybrid model that takes as input a combination of both the call features and
the features.

A further point to note is that, when the same features are used for the hybrid models

using or an [SVM] [XGBoost] gives a better performance than the [SVM]

For the detection, the best performance is obtained with the that solely performs
detection. This is used in the double architecture and in the two hybrid mod-
els using call features. For the classification, the best performance is obtained with the

hybrid model using [CNN] features.

Combining the best detection model, namely the detection [CNN] with the best classifica-

tion model, namely the hybrid model using [CNN]|features, gives a model having
the best global performance. The second best model is the improved Batmen, which is

close to the best one in terms of global performance but has a less balanced detection
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and classification. Therefore, the combined model is the best among all the studied mod-
els, not only in terms of global performance but also due to its well-balanced recall and
precision.

7.9 Classification Time on New Data

In this section, we would like to find out whether or not our trained models can be used
on new bat call recordings in real-time. It is also interesting to discover which step of the
classification process is the most time-consuming. The only model that is not considered
in this experiment is the SVM] hybrid model using features because it performs too

poorly.

To find an answer to these questions, we ran all our models on the same audio recording,
which has a duration of 110 seconds. This audio file has been recorded by ourselves with
an AudioMoth version 1.1.0 [19] and is thus not part of any dataset that has been used
for our other experiments.

The measurements are made with and without using the GPU. When the models are run

on the GPU, only the [CNN] and models can take advantage of it. The SVM]
the features computation and the [NMS] always run on the CPU.

The measurements obtained when running the models on the CPU are presented in Ta-
ble [7.17, while Table [7.18| presents the results on the GPU. From these tables, it can be
observed that every model is able to classify the audio file faster than in real-time. This
is the case for both CPU and GPU even if the models are slower when running on the CPU.

The step in the classification process that takes the most time on the GPU is the feature
computation. When running on the CPU, the slowest step is the computation done by
the first [CNN] Moreover, for the architectures composed of two models, the first model is
much slower than the second one. Indeed, the first [CNN]either filters the data samples or
reduces the dimensions of the features, depending on whether it is a detection or a feature
[CNN| Thus, the second model either does its computations on fewer data samples or on
features having smaller dimensions.

Another observation is that the hybrid models using call features for the classification are
slower than the ones using features. This is because the latter only have to compute
the spectrogram features, while the former have to compute both the spectrogram and
call features.
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Classification step

Improved Double XGB XGB SVM

Batmen CNN CNN call call
Feature computation 22.4 22.4 22.8 32.5 31.6
Detection CNN / 37.4 / 474 | 46.8
Features CNN / / 46.8 / /
NMS 0.9 0.8 1.3 0.8 0.8
Classification model 47.5 5.3 4.1 4.2 4.0
Total for file 70.9 66.1 75.0 84.8 83.2

67

Table 7.17: Classification time on new data for our multi-class models using the CPU.
The time is expressed in seconds.

Improved Double XGB XGB SVM

Classification step

Batmen CNN CNN call call
Feature computation 22.4 224 22.8 32.5 31.6
Detection CNN / 13.7 / 20.8 | 20.8
Features CNN / / 14.5 / /
NMS 0.9 0.8 1.3 0.8 0.8
Classification model 14.8 5.0 4.2 4.3 4.0
Total for file 38.1 42.0 42.8 58.4 57.2

Table 7.18: Classification time on new data for our multi-class models using the GPU.
The time is expressed in seconds.

7.10 Conclusion

Various improvements have been brought to the original Batmen. The first changes con-
cern the development environment, where we updated the Python version as well as some
libraries. Moreover, the Hard Negative Mining algorithm, the Non Maximum Suppression
algorithm as well as the confusion matrix, have been adapted for the multi-class classifi-
cation.

Other modifications brought to the original Batmen are the use of the [Adam| optimiser,
the introduction of early stopping, the saving of the features to gain time and the tuning
of the hyperparameters and architectures.

Concerning the metrics, the macro-average is taken. The different metrics are computed
for the detection task, the classification task and the global task, which regroups both the
detection and classification.

Experiments have been conducted on every architecture presented in Chapter [6] in order
to determine the strengths and weaknesses of each of them for the detection, the classifi-
cation and the global task. These experiments are also intended to establish whether or
not using [HNM] can improve the performance of the models.
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The first conclusion to draw from the experiments is that the modifications brought to
the original Batmen have drastically improved the detection precision and thus also the
global precision.

A further point to note is that the [SVM] hybrid model using [CNN] features performs so
poorly that one of the classes is never correctly predicted and this model is extremely
slow to train compared to the other ones.

Moreover, the original Batmen and the hybrid model using features have
a low detection precision. The two models that use call features have the lowest classi-
fication performance, while it is the highest for the hybrid model using [CNN|
features. For detection, the best performance is obtained with the that solely per-
forms detection. Combining the detection [CNN| with the hybrid model using
[CNN] features gives the best global performance.

Concerning one iteration is used for the original and improved Batmen, while all
the other models perform better without [INM]

The last experiment that was conducted has shown that all the models are faster than
real-time when running on the CPU or the GPU.



Chapter 8

Multi-Label Classification

This chapter presents all the design choices and experiments that we did for multi-label
classification. The first two sections present the modifications that have been brought
to the multi-class classification and evaluation processes in order to adapt them to the
multi-label context. The following sections contain a description and an analysis of the
different experiments that were conducted on the different architectures introduced in
Chapter [6] Then, an overall comparison of the different architectures is made and the
time needed for each model to classify new data is presented.

8.1 Adaptations from Multi-Class to Multi-Label
Classification

To adapt the architectures presented in Chapter [6] to the multi-label context, we decided
to start from our multi-class implementation and modify it. Most of the design choices
that we made for the multi-class classification are still valid for the multi-label task. The
following subsections present the different aspects that required an adaptation to perform
multi-label classification.

Binary Relevance

In multi-label classification, several classes can be assigned to the same instance which is
not the case in multi-class classification. For bat call classification, this corresponds to a
situation where several calls overlap, and thus the same position can be associated with
several species.

Binary relevance [63] is the most intuitive method to handle the classification of multi-
label examples. The principle is to consider each class as an independent binary problem
having its own binary classifier. The latter predicts whether or not its associated class
label is present in the final multi-label classification.

This method comes with several advantages. A first one is its conceptual simplicity. Hav-
ing one binary classifier per class label allows having a complexity linear to the number
of classes and allows making use of well-known binary classification techniques. More-
over, since each class label is predicted independently of the others, a decision threshold
can be applied for each binary problem. Furthermore, binary relevance works well with
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macro-averaged metrics. This is due to the fact that, with binary relevance, each class is
optimised separately which is well suited for macro-averaged metrics that take the average
performance of each class independently.

Loss, Activation Function and Classifier

For multi-class classification with [CNNE, the categorical cross-entropy loss is used. How-
ever, for multi-label classification, each class needs to be treated independently. Thus,
the binary cross-entropy loss is used in to consider the eight classes as eight inde-
pendent binary problems.

For multi-class classification, the activation function used in the [CNN]is the softmax ac-
tivation function. The latter distributes the probabilities over the eight classes so that
their probabilities sum up to 1. Since in multi-label classification, the same position can
be associated with several classes, each class needs to receive a probability independently
of the other classes. This is achieved with the sigmoid activation function.

The libraries we use for the [SVM] and [XGBoost| do not support multi-label classification.
Therefore, it is not possible to perform binary relevance using a single [SVM]| or [XGBoost]
To overcome this issue, we decided to use one model per class, each of them performing
binary classification. Thus, every class is treated as a binary problem where the considered
class is distinguished from all the other classes.

Non Maximum Suppression

The Non Maximum Suppression algorithm used for multi-class classification can-
not be left unchanged. Indeed, in the multi-class case, is applied on the predominant
class of each window. This is not possible in the multi-label context since each window is
not necessarily associated with a single class but can contain calls from several classes.

For multi-label classification, instead of applying on the predominant class, [NMS
is performed on each class independently. This is what allows the same position to be
associated with several classes. For each class, a position found by [NMY] is kept if the
probability of the class is higher than the probability of class 0 for that position.

Architecture and Hyperparameter Tuning with Hyperopt

The hyperparameters and architecture components that are tuned to perform multi-label
classification are the same as the ones presented in Section for multi-class classifica-
tion. The objective function that is optimised for the [CNNk, [XGBoost] and [SVME is the
binary cross-entropy loss.

All the models presented in Chapter [6] were tuned using Hyperopt. The performance
presented in the following experiment sections are obtained with the tuned architectures
and hyperparameters. Appendix presents the hyperparameter values of the different
models obtained after tuning.
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8.2 Evaluation for Multi-Label Classification

The following subsections present the modifications brought to our multi-class evaluation
method and to the way the confusion matrix is filled. In addition, the metrics used to
evaluate the performance are presented.

Confusion Matrices

The confusion matrix used for the multi-class classification cannot be used as it is for
the multi-label evaluation. A first reason is that certain cases appear in the multi-label
context, while they do not occur in the multi-class case. Another reason is that in the
multi-class context a single 8x8 confusion matrix is used, while in the multi-label case one
binary confusion matrix is needed for each of the eight classes. Indeed, in the multi-class
classification, the probability of each class depends on the probability of the others, while
in the multi-label classification the probability of each class is independent.

The basic cases that were encountered in the multi-class evaluation can still occur in the
multi-label context. A first scenario is when a prediction is made at the correct timing
and the correct class is predicted. A second scenario is when a prediction is made at the
correct timing but the wrong class is predicted. A third case is when a call is predicted
even though there is no call. The last basic scenario that can happen is when no call is
predicted even though there is a call. These four basic cases are illustrated in Appendix

[C] Figure [C.1]

Four other scenarios are specific to the multi-label classification and are illustrated in
Figure 8.1} The first one is when a prediction is made at the correct timing and several
classes are predicted but none are correct. This case is illustrated in Figure[8.1.a] In this
scenario, the evaluation of classes 1 and 2 is analysed, which is why their confusion matrix
are highlighted in blue.

Class 1 has one because, in the first window, class 1 is predicted but the ground truth
class is actually class 2. Class 2 has one because, in the first window, the ground
truth class is class 2 but no prediction is made for this class in that window. Class 1
(resp. class 2) has one because, in the second window, class 1 (resp. class 2) is not
predicted and the ground truth class is indeed not 1 (resp. 2).

The second scenario is when a prediction is made at the correct timing and several classes
are predicted among which the correct one. This case is illustrated in Figure [8.1.b] In
this scenario, the evaluation of classes 1 and 2 is analysed, which is why their confusion
matrix are highlighted in blue.

For class 1, it can be noticed that the confusion matrix is the same as in the previous
scenario. Indeed, even though the correct class is among the predictions for the first
window, we decided to still penalise the fact that class 1 is wrongly predicted. Moreover,
class 2 has one instead of the from the previous scenario because class 2 is among
the predictions and it corresponds to the ground truth class. The fact that, for the first
window, other predictions are of the incorrect class does not impact the performance of
class 2.
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Class 0 Class 1 Class 2 Class 3

1 0 1 0 1 0 1 0
110 1f0|O0 1001 11010
Ground truth

positions 2 0 olo{1]| o1|1] oo|1]| of1]1
. Class 4 Class 5 Class 6 Class 7
Predicted ) 1 . o .o

positions 1,3 0 0 0
110|{0| 10| O 11010 11010
ojo|2| 0|lo0] 2 0]0]|2 0|0| 2

8.1.a. First case: Correct timing and several incorrectly predicted classes. This is a small
example of two windows, represented by rectangles. The numbers in the windows represent the
classes of bat calls. Each class is associated with a binary confusion matrix where the lines
represent the ground truths and the columns represent the predictions. The (1,1) entry contains
the number of [TPf, (1,0) the number of [FNE, (0,1) the number of [FPk and (0,0) the number of

[TNE.

Class 0 Class 1 Class 2 Class 3

10 1 0 1 0 1 0
1110 1lolo| 1/1]0]| 1|00

Ground truth
positions 2 0 olo|[1| o/1|/1] olo|1]| of1]1

Class 4 Class 5 Class 6 Class 7

1,2,3 0 1 0 1 0 1 0 1
11o0|l0]| 1lo|lo]| 1{0|l0]| 1|0

0jof2] ofo|2| ojo|2| oOofl0]2

Predicted
positions

8.1.b. Second case: Correct timing and several predicted classes among which the correct one.
This is a small example of two windows, represented by rectangles. The numbers in the windows
represent the classes of bat calls. Each class is associated with a binary confusion matrix where
the lines represent the ground truths and the columns represent the predictions. The (1,1) entry
contains the number of [TPp, (1,0) the number of [FNE, (0,1) the number of [FPk and (0,0) the

number of @F

The third scenario is when several ground truth calls are overlapping and one of them is
not predicted. This case is illustrated in Figure 8.1.d In this scenario, the evaluation of
classes 0, 1 and 2 is analysed, which is why their confusion matrix are highlighted in blue.

For class 1, there is one because, in the first window, one of the predictions is of class
1 and one of the ground truth positions is of class 1 too. There are three [TNk because
class 1 is not predicted for the two other ground truth calls in the first window as well as
for the second window.

For class 2, there is one [FN| because one of the ground truth classes is 2 but 2 is not
predicted. For the two other ground truth calls, class 2 is not predicted and they are
indeed not of class 2. Thus, two are added to the from the second window.

For class 0, there is one [TP| due to the second window. Moreover, there is one [FP| and
two because, in the first window, one of the three ground truth calls is not identified
and is thus considered as a prediction of class 0.
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Class 0 Class 1 Class 2 Class 3

1.0 10 1 0 1.0
1110 1110 1[0 1 11110

Ground truth
positions 1,2,3 0 0/1|/2| 003 0/0|3| 0]0]3

Class 4 Class 5 Class 6 Class 7
0 1 0 1 0 1. 0 1.0
110(0 11ojo0| 1/0]O 110

0flof4| Ol0o[4| O[O ]| 4 0|0 | 4

Predicted
positions 1,3

8.1.c. Third case: Several overlapping calls among which one is not predicted. This is a small
example of two windows, represented by rectangles. The numbers in the windows represent the
classes of bat calls. Each class is associated with a binary confusion matrix where the lines
represent the ground truths and the columns represent the predictions. The (1,1) entry contains
the number of [TPf, (1,0) the number of [FNF, (0,1) the number of [FPf and (0,0) the number of

[TNE.

The fourth scenario is when several ground truth calls are overlapping and one of them is
wrongly predicted. This case is illustrated in Figure In this scenario, the evaluation
of classes 0 and 4 is analysed, which is why their confusion matrix are highlighted in blue.

For class 0, there is one [TP] due to the second window. In the first window, there are
three ground truth calls and three calls are predicted. Thus, there are three because
no call is predicted as belonging to class 0.

For class 4, there is one due to the second window. In the first window, class 4 is
predicted but none of the three ground truth calls belongs to that class which gives three
[FPk. Indeed, even though two of the three calls are correctly predicted, the performance
of class 4 is not influenced by it.

Class 0 Class 1 Class 2 Class 3
1 0 1.0 1.0 1 0
1110 1110 110 (1 11110
Ground truth
positions 1,2,3 Y ofo|3| Ooflof[3] 0/j0|3]|] 0[0]3

Class 4 Class 5 Class 6 Class 7
1,3,4 0 1.0 1.0 1.0 1.0
1010 1010 11010 110

0f3|/1| 0J0|4]| O[O]|4]| 004

Predicted
positions

8.1.d. Fourth case: Several overlapping calls among which one is wrongly predicted. This is a
small example of two windows, represented by rectangles. The numbers in the windows represent
the classes of bat calls. Each class is associated with a binary confusion matrix where the lines
represent the ground truths and the columns represent the predictions. The (1,1) entry contains
the number of [TPf, (1,0) the number of [FNE, (0,1) the number of [FPk and (0,0) the number of

[TNE.

Figure 8.1: Multi-label confusion matrices for different non-trivial scenarios.

Since multi-class classification is a particular case of multi-label classification, the multi-
label confusion matrices should give the same performance as the multi-class confusion
matrix of Section [7.2] for multi-class classification. This was verified on each of the multi-
class architectures and the same performance is indeed obtained for both the multi-class
and multi-label confusion matrices.
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Evaluation

Some aspects of the multi-class evaluation are also used for multi-label evaluation. A first
one concerns the metrics. All the metrics presented for the multi-class classification are
also computed for the multi-label classification except for the confusion entropy and the
Kappa score, which are not designed to perform a multi-label evaluation. When the re-
sults of our experiments are presented, we only indicate the accuracy, precision and recall.
The totality of our metrics are given in Appendix [B|in order to not overload the reader
with numerical information. Moreover, as for multi-class classification, the performance
is computed for the global task as well as for the two subtasks individually, namely the
detection and classification.

In the multi-class classification, the predicted call is associated with the class having the
highest predicted probability for that call. However, in the multi-label classification, sev-
eral calls can overlap which means that the same position can be associated with several
classes. Thus, in the multi-label classification, it is wrong to only choose the class with
the highest probability as it might not be the only class present at that position. Instead,
a threshold is used to decide whether or not a prediction has a high enough probability.
For a predicted position, if the probability of a class is above the threshold, this class is
taken into account for that position, otherwise, this class is ignored.

Since some species are easier to recognise than others, the optimal threshold is different
for each class. Therefore, there is no global threshold common for all classes, but instead,
a threshold between 0% and 100% is defined for each class. To find the optimal threshold
of each class, we compute the performance while varying the thresholds from 0% to 100%
with a step of one. For each class, the chosen threshold is the one that gives the best F;
score for that class [3]. To make sure that the results are not biased, a validation set is
used to determine the thresholds while the final performance is computed on a test set
using those thresholds. The thresholds of all our architectures are given in Appendix [B]

8.3 Experiments on the Improved Batmen
Architecture

In this section, we try to determine whether the adaptations brought to the improved
Batmen multi-class architecture allow obtaining an efficient model for multi-label classi-
fication. Another question is whether or not can improve the performance of this
architecture.

After having adapted the multi-class architecture of Section [7.4] we computed the perfor-
mance without as well as with one and two iterations of These results are
presented in Table

It can be noticed in Table B.I] that after one iteration of [INM] the detection and classifi-
cation recalls are slightly improved. Moreover, the precision of the detection is increased
a lot, while the precision of the classification is only slightly decreased. Because of this
considerable increase in the precision of the detection, the global precision increases too.
Thus, when the performance of the improved Batmen architecture comes up, it refers to
the performance of this architecture using one iteration of [HNM]
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Number of Detection Classification Global

HINM iterations Precision Recall Precision Recall Precision Recall
0 0.74 0.75 0.80 0.80 0.69 0.62
1 0.81 0.76 0.78 0.81 0.71 0.62
2 0.81 0.75 0.78 0.81 0.72 0.61

Table 8.1: Influence of Hard Negative Mining on the precision and recall of the improved
Batmen architecture. For the detection, two classes are considered and the metrics are
the ones of class “bat”. For the classification (resp. the global task), the metrics are
marco-averages over classes 1 to 7 (resp. 0 to 7).

The performance of the improved Batmen architecture is presented in Table The
associated tuned hyperparameters are listed in Table

Accuracy Precision Recall Time

Detect 0.99 0.81 0.76 /
Classify 0.94 0.78 0.81 /
Global 0.99 0.71 0.62 84min

Table 8.2: Performance of the improved Batmen architecture. For detect, two classes
are considered and the metrics are the ones of class “bat”. For classify (resp. global),
all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time represents
the total training time of the model.

It can be observed from Table that the precision is higher than the recall for the
global performance. Furthermore, the performance of this multi-label architecture is not
as good as the one of the multi-class architecture. The metric for which there is the
biggest gap between the two classification contexts is the recall. Indeed, there is a differ-
ence of 14% between the two recalls while there is only a gap of 5% between the precisions.

8.4 Experiments on the Double CNN Architecture

In this section, we try to determine whether the adaptations brought to the double [CNN]|
multi-class architecture allow obtaining an efficient model for multi-label classification.
We would also like to find out whether separating the detection and the classification
tasks, instead of having a network that performs both, can improve the performance for
multi-label classification. As for the previous model, we want to observe whether [HNM]
can improve the performance of this architecture.

After having adapted the multi-class architecture of Section [7.5] we computed the perfor-
mance without [HNM]| as well as with one and two iterations of [HNM| These results are
presented in Table [8.3

It can be noticed in Table [8.3] that using [HNM] decreases the precision. The recall slightly
increases for the detection but decreases for the classification. On the global performance,
using one iteration of allows gaining 2% of recall but decreases the precision too
much for it to be worthwhile. Therefore, when the performance of the double
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architecture comes up, it refers to the performance of this architecture without using
H N M

Number of Detection Classification Global

HNM iterations Precision Recall Precision Recall Precision Recall
0 0.86 0.69 0.75 0.79 0.72 0.57
1 0.84 0.72 0.70 0.78 0.66 0.59
2 0.85 0.70 0.69 0.74 0.67 0.58

Table 8.3: Influence of Hard Negative Mining on the precision and recall of the double
CNN architecture. For the detection, two classes are considered and the metrics are
the ones of class “bat”. For the classification (resp. the global task), the metrics are
marco-averages over classes 1 to 7 (resp. 0 to 7).

The performance of the double[CNN]architecture is presented in Table[8.4] The associated
tuned hyperparameters are listed in Table for the detection [CNN]and in Table
for the classification [CNN]

Accuracy Precision Recall Time

Detect 0.99 0.86 0.69 /
Classify 0.93 0.75 0.79 /
Global 0.99 0.72 0.57 24min

Table 8.4: Performance of the double CNN architecture. For detect, two classes are
considered and the metrics are the ones of class “bat”. For classify (resp. global), all
the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time represents the
total training time of the model.

From Table B.4] it can be observed that this architecture has an even better detection
precision than the one of the corresponding multi-class architecture but that the recall
has decreased, and is way too low. The inverse situation is observed for the classification
and a positive point to notice is that the precision and the recall are well-balanced. Con-
cerning the global performance, the recall is very low and requires improvement.

Assigning the detection and classification tasks to two networks, instead of a single one as
is the case for the improved Batmen architecture, results in a better precision but worse
recall for the detection. For the classification, both metrics are worse for this architecture.
From the results, it can be inferred that the improved Batmen architecture is globally
better at performing multi-label bat call classification than the double [CNN] architecture.

8.5 Experiments on the Hybrid Model Using CNN
Features

As in the previous sections, we try to determine whether the adaptations brought to this
multi-class architecture allow obtaining an efficient model for the multi-label classification.
We also want to find out whether using hybrid models that combine a and another
model that is not a[CNN]can achieve a better performance than using only [CNNk. Again,
the impact of on the performance is analysed.
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Extreme Gradient Boosting

One of the two models that we use as a component of the hybrid model is [XGBoost],
as is the case for the multi-class classification in Section The first experiment is to
compute the performance without [HNM] as well as with one and two iterations of [HNM]
However, the number of examples added during an iteration of is too large for the

algorithm which raises an out of memory exception.

To solve this issue while still being able to use[HNM] a random fraction of all the examples
generated with is selected until reaching the memory limit. The memory limit is
reached when taking 4.1% of the total number of examples that would normally be added
by performing two iterations of The results obtained with the reduced number of
examples added with are presented in Table [8.5]

Number of Detection Classification Global

HINM iterations Precision Recall Precision Recall Precision Recall
0 0.72 0.73 0.84 0.82 0.72 0.65
1 0.69 0.74 0.83 0.80 0.70 0.64
2 0.78 0.74 0.83 0.81 0.73 0.65

Table 8.5: Influence of Hard Negative Mining on the precision and recall of the hybrid
model using XGBoost and CNN features. For the detection, two classes are considered
and the metrics are the ones of class “bat”. For the classification (resp. the global task),
the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

From Table[8.5 it can be noticed that using two iterations of [HNM] gives a better perfor-
mance than when applying one or no iteration of [HNM] Thus, when the performance of
the hybrid model using [XGBoost] and [CNN]features comes up, it refers to the performance
of this architecture using two iterations of [HNM]

The performance of the hybrid model using is presented in Table 8.6, The
associated tuned hyperparameters are listed in Table for the features [CNN] and in
Table [A.12] for the classification [XGBoostl

Accuracy Precision Recall Time

Detect 0.99 0.78 0.74 /
Classify 0.96 0.83 0.81 /
Global 0.99 0.73 0.65 5h

Table 8.6: Performance of the hybrid model using XGBoost and CNN features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0
to 7). The time represents the total training time of the model.

The results in Table indicate that the classification is particularly efficient. The weak
point of this model is the detection, especially the recall that is lower than for the clas-
sification and is responsible for the low global recall. When comparing the performance
with the one of the corresponding multi-class classification model, it can be noticed that
the classification performance is approximately the same. Furthermore, the detection
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performance is more balanced for the multi-label architecture. This architecture has a
high global precision but a lower global recall which is the opposite of the corresponding
multi-class architecture.

Another point to note is that the training of this model is slow compared to the other mod-
els. This is partly because, to perform multi-label classification, one classifier
per class is needed. Another reason is that two iterations of are executed.

Support Vector Machine
Another model that is used as a component of the hybrid model is the [SVM] as is the

case for the multi-class classification in Section [7.6]

The performance of the hybrid model that uses an [SVM] and [CNN]|features is presented in
Table [8.7] The associated tuned hyperparameters are listed in Table for the features
[CNN] and in Table [A.13] for the classification SVM]

Accuracy Precision Recall Time

Detect 0.99 0.44 0.36 /
Classify 0.86 0.35 0.46 /
Global 0.99 0.35 0.26 5.5h

Table 8.7: Performance of the hybrid model using an SVM and CNN features. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time
represents the total training time of the model.

From Table it can be observed that the classification performance of this model is by
far not as good as with [XGBoost] The hybrid model using an [SVM] and [CNN] features

performs poorly for both the detection and the classification. When looking in more detail
at the performance, one can find out that the model never recognises any call of the Pip50

group.

In addition to the poor performance, the is extremely slow. Since using is
very time-consuming and will surely not improve the performance enough to make this
model usable, we did not analyse the effect of on this hybrid model.

8.6 Experiments on the Hybrid Model Using Call
Features

As in the previous sections, we try to determine whether the adaptations brought to this
multi-class architecture allow obtaining an efficient model for the multi-label classification.
We also want to find out whether using features related to characteristics of bat calls can
achieve a better performance than when using spectrograms. Again, the impact of
on the performance is analysed.
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Extreme Gradient Boosting

One of the two models that we use as a component of the hybrid model is [XGBoost],
as is the case for the multi-class classification in Section The first experiment is to
compute the performance without [HNM] as well as with one and two iterations of [HNM]
These results are presented in Table [8.8|

Number of Detection Classification Global

HINM iterations Precision Recall Precision Recall Precision Recall
0 0.85 0.73 0.52 0.63 0.52 0.52
1 0.87 0.71 0.56 0.62 0.56 0.51
2 0.88 0.69 0.52 0.64 0.54 0.51

Table 8.8: Influence of Hard Negative Mining on the precision and recall of the hybrid
model using XGBoost and call features. For the detection, two classes are considered and
the metrics are the ones of class “bat”. For the classification (resp. the global task), the
metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

It can be noticed in Table that the recall generally decreases while the precision in-
creases. When using one iteration of [HNM] instead of none, the global performance gains
4% of precision while only losing 1% of recall. Therefore, when the performance of the
hybrid model using and call features is mentioned, it refers to the performance
of this architecture using one iteration of

The performance of the hybrid model that uses and call features is presented

in Table The associated tuned hyperparameters are listed in Table for the de-
tection [CNN] and in Table [A.14] for the classification [XGBoostl

Accuracy Precision Recall Time

Detect 0.99 0.87 0.71 /
Classify 0.89 0.56 0.62 /
Global 0.99 0.56 0.51 81min

Table 8.9: Performance of the hybrid model using XGBoost and call features. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time
represents the total training time of the model.

From Table 8.9} it can be observed that the global precision and recall are well-balanced
but very low. This comes mainly from a poor classification, which indicates that using call
features does not allow to generate a strong classification model. The detection
has a high precision but the recall has room for improvement. However, this is neither
due to the call features nor to the XGBoost] Indeed, the detection is performed by the
detection of the double architecture and uses spectrograms.

Since the model using call features does not perform well, it could be interesting to analyse
an [XGBoost] hybrid model that takes as input a combination of both the call features and
the features. This would allow seeing whether the call features could help improve
the better performing model that uses features.
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Support Vector Machine

Another model that we use as a component of the hybrid model is the SVM] as is the case
for the multi-class classification in Section The first experiment is to compute the
performance without [HNM] as well as with one and two iterations of These results
are presented in Table

Number of Detection Classification Global

HNM iterations Precision Recall Precision Recall Precision Recall
0 0.64 0.76 0.20 0.66 0.28 0.56
1 0.69 0.76 0.20 0.58 0.28 0.52
2 0.66 0.78 0.22 0.55 0.29 0.51

Table 8.10: Influence of Hard Negative Mining on the precision and recall of the hybrid
model using an SVM and call features. For the detection, two classes are considered and
the metrics are the ones of class “bat”. For the classification (resp. the global task), the
metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

It can be noticed in Table [8.10|that the precision slightly increases, while the classification
and global recalls strongly decrease with the number of [HNM]iterations. Therefore, when
the performance of the hybrid model using an [SVM] and call features is mentioned, it
refers to the performance of this architecture without using

The performance of the hybrid model that uses an [SVM] and call features is presented

in Table The associated tuned hyperparameters are listed in Table for the
detection [CNN| and in Table [A 15l for the classification [SVMI

Accuracy Precision Recall Time

Detect 0.99 0.64 0.76 /
Classify 0.51 0.20 0.66 /
Global 0.99 0.28 0.56 26min

Table 8.11: Performance of the hybrid model using an SVM and call features. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7). The time
represents the total training time of the model.

From Table[8.11] it can be observed that the classification performance is even worse than
when using [XGBoost] The poor performance of the SVM] could be explained by the fact
that only 18 features are used, which might be too few. As for it could be
interesting to analyse an [SVM] hybrid model that takes as input a combination of both
the call features and the features to see whether it could improve the performance.

8.7 Overall Comparison

In the previous sections, the performance of the multi-label models has been presented in
detail. In this section, we discuss which architectures are stronger in detection, classifi-
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cation and/or globally. To support our analysis, a global overview is given in Table ,
where the performance of the different models are regrouped in terms of precision and
recall. The only model that is not considered in this comparison is the [SVM] hybrid model
using [CNN] features because it performs too poorly. Moreover, we address the influence
of [ HNM] on the performance.

The experiments of the previous sections show that there is no clear pattern of the effect
of on the performance. Indeed, for some models, using [HNM]increases the precision
and decreases the recall, while for other models it is the other way around. The models for
which using[HNM]improves the global performance are the improved Batmen architecture

as well as the two hybrid models that use

Model Detection Classification Global
Precision Recall Precision Recall Precision Recall

Improved 0.81 0.76 0.78 0.81 0.71 0.62
Batmen

Double CNN 0.86 0.69 0.75 0.79 0.72 0.57
XGB CNN 0.78 0.74 0.83 0.81 0.73 0.65
XGB call 0.87 0.71 0.56 0.62 0.56 0.51
SVM call 0.64 0.76 0.20 0.66 0.28 0.56

Table 8.12: Performance overview of the multi-label classification models.

From Table it can be observed that the [SVM] hybrid model using call features has
the lowest detection performance as well as the lowest classification performance. As
suggested in Section it could be interesting to analyse the performance of a hybrid
model that takes as input a combination of both the call features and the [CNN] features.

A further point to note is that, when the same features are used for the hybrid models

using or an [SVM] [XGBoost] gives a better performance than the

Moreover, the detection performance of the double [CNN] architecture and of the two hy-
brid models that use call features are not equal, even though they use the same detection
[CNN] This is due to the evaluation thresholds, which vary from one architecture to the
other. Depending on the thresholds, certain predictions will or will not be taken into
consideration during the evaluation.

For the detection, the best performance is obtained with the improved Batmen architec-
ture. For the classification, the best performance is obtained with the hybrid
model using [CNN] features. The best global performance is also obtained with this model.
Among all our architectures, it is the one having the best classification performance while
also having a reasonable detection.

8.8 Classification Time on New Data

In this section, we would like to find out whether our trained models can be used on
new bat call recordings in real-time. It is also interesting to discover which step of the
classification process is the most time-consuming. The only model that is not considered
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in this experiment is the SVM] hybrid model using features because it performs too
poorly.

To find an answer to these questions, we ran all our models on the same audio recording,
which has a duration of 110 seconds. This audio file has been recorded by ourselves with
an AudioMoth version 1.1.0 [19] and is thus not part of any dataset that has been used
for our other experiments.

The measurements are made with and without using the GPU. When the models are run

on the GPU, only the and models can take advantage of it. The SVM]
the features computation and the [NMS] always run on the CPU.

The measurements obtained when running the models on the CPU are presented in Table
[8.13] while Table presents the results on the GPU.

Classification step Improved Double XGB XGB SVM

Batmen CNN CNN call call
Feature computation 22.5 22.5 35.8 32.0 314
Detection CNN / 37.3 / 373 | 46.9
Features CNN / / 96.0 / /
NMS 0.4 0.8 0.8 2.2 0.8
Classification model 41.0 5.3 156.3 | 23.8 3.0
Total for file 64.0 66.0 289.0 | 95.8 82.3

Table 8.13: Classification time on new data for our multi-label models using the CPU.
The time is expressed in seconds.

Classification step Improved Double XGB XGB SVM

Batmen CNN CNN call call
Feature computation 22.4 22.5 22.9 32.5 31.5
Detection CNN / 13.9 / 14.0 | 20.6
Features CNN / / 14.8 / /
NMS 0.4 0.8 0.6 1.8 0.8
Classification model 16.1 4.9 21.4 23.0 2.9
Total for file 37.9 42.2 59.7 71.2 56.0

Table 8.14: Classification time on new data for our multi-label models using the GPU.
The time is expressed in seconds.

From Table [8.14] it can be observed that every model is able to classify the audio file
faster than in real-time when running on the GPU. However, Table [8.13| shows that the

hybrid model using features is not able to classify the recording in real-
time when running on the CPU. All the other models run in real-time, even though they

are slower on the CPU than on the GPU.

The step in the classification process that takes the most time on the GPU is the feature

computation. When running on the CPU, the slowest step is the computation done by
the first [CNN]
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For the architectures composed of two models, the first model is much slower than the
second one. Indeed, the first either filters the data samples or reduces the dimen-
sions of the features, depending on whether it is a detection or a feature [CNN] Thus, the
second model either does its computations on fewer data samples or on features having
smaller dimensions.

These observations do not apply to the hybrid model using features. This
is because it uses one classifier per class which slows down the classification,

making it the slowest step for this architecture.

Concerning the hybrid model using call features, it is indeed its first model that
is slower when running on the CPU. However, it is not the case with the GPU because the
detection [CNN] gains more time by using the GPU than the seven classifiers.

8.9 Conclusion

Various modifications have been brought to the multi-class algorithms and architectures
to adapt them for multi-label classification. The first difference lies in the use of the
binary relevance technique to decompose the multi-label classification into eight indepen-
dent binary classification problems.

Moreover, to perform multi-label classification, the binary cross-entropy loss and the sig-
moid activation function are used. In the case of the [SVM] and [XGBoost], one model per
class needs to be built. Furthermore, the tuning of the hyperparameters and architectures
is done using Hyperopt. The Non Maximum Suppression algorithm and the confusion ma-
trix have also been adapted for the multi-label classification.

Concerning the metrics, the macro-average is taken. The different metrics are computed
for the detection task, the classification task and the global task, which regroups both
the detection and the classification. For the evaluation, one threshold is computed for
each class. If the probability of a predicted class is above its associated threshold, the
prediction is taken into account, otherwise, it is ignored.

Experiments have been conducted on every architecture presented in Chapter [6] in order
to determine the strengths and weaknesses of each of them for the detection, the classifi-
cation and the global task. These experiments are also intended to establish whether or
not using can improve the performance of the models.

A first conclusion is that the hybrid model using features performs so poorly
that one of the classes is never correctly predicted and it is extremely slow to train com-
pared to the other models. Moreover, the SVM] hybrid model using call features has the
lowest detection performance as well as the lowest classification performance. The preci-
sion and recall of the detection are the highest for the improved Batmen model. The best
classification and global performance are obtained with the hybrid model using
features.

Concerning [HNM] one iteration is used for the improved Batmen architecture as well as
for the hybrid model using call features. Two iterations of are used for
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the hybrid model using [CNN] features, while the other models perform better
without [HNML

The last experiment that was conducted has shown that all the models are faster than

real-time when running on the CPU or the GPU except for the hybrid model
using [CNN] features, which is slower than real-time on the CPU.



Chapter 9

Reproduction of the Results

This chapter presents the environment required to run our code, which is available on
https://github.com/MelanieBeauvois/batML. It also contains an explanation on how
to train our different architectures with your own data and finally how to use the different
models to classify new recordings.

9.1 System Requirements

The totality of the libraries present in our environment can be found in the environment
file, which is available in our GitHub project. The more specific libraries are the following:

e Python 3.6

e CUDA 10.2

e cuDNN 7.6.5

e Cython 0.29.21

e hyperopt [§] 0.2.5

e joblib 1.0.0

e numpy 1.16.4

e pandas 1.1.5

e scikit-image 0.17.2

e scikit-learn [12] 0.24.1
e scikit-multilearn 0.2.0
e scipy 1.4.1

e tensorflow 2.1.0

e xgboost [14] 1.4.0

85


https://github.com/MelanieBeauvois/batML

86 CHAPTER 9. REPRODUCTION OF THE RESULTS

The execution times presented throughout this work were obtained by running the code
on a computer with the following specifications

e OS: CentOS 8.1

e GPU: NVIDIA GeForce RTX 2080 SUPER

e CPU: Intel®) Core™ i7-9800X CPU @ 3.80GHz
e RAM: 32 GB

9.2 How to Train Our Classifiers on Your Own Data

This section presents the data required to train our classifiers as well as the parameters
to be set by the user.

Gather the Necessary Data

The data necessary for the detection can be found on Batdetective’s website [37]. The data
we use for the classification belongs to Natagora and is therefore not made available online.
However, you can use your own labelled recordings to train our models. To do so you
will need to create a .npz file with the following fields: train files, train durations,
train_pos, train_class, test_files, test_durations, test_pos and test_class.

e train files: array containing the filename of the recordings, without the extension.
e train durations: array containing the duration of each file present in train files.

e train pos: array where each line is an array of the call positions in the respective

file.

e train class: array where each line is an array containing the classes of the calls in
the respective file.

The same holds for the test fields.

For multi-label classification, when two calls overlap at the same position, they need to
be both inserted in the arrays as separate entries having the same position.

Run the Training and Evaluate the Model

The run_training.py file allows training and evaluating any of our available architec-
tures with your own data. At the beginning of the main section of the file, you can define
several parameters such as the name of the model you want to train. The trained model
will be evaluated on the detection, the classification and on both tasks combined. The
performance metrics are written in a text file and the trained model is saved in order to
use it to classify new recordings.

The tuned hyperparameters we obtained when training our different architectures on
Batdetective’s and Natagora’s data are available in the data/ folder and will be used by
default. In case you want to change the hyperparameters, you should modify the values
in the .csv files of the data/ folder.
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The data_set_params.py file is another important file where certain parameters need to
be chosen. It is possible to perform tuning by setting the appropriate model variables
to True and choosing the desired tuning time. Note that when the tuning is interrupted
it will automatically resume to its last iteration when started again. To perform Hard
Negative Mining during the training, the number of iterations should be indicated in the
num hard negative mining variable. By default, no is performed. To gain time,
the save_features_to_file variable can be set to True so that the features are computed
and saved once. The next time the features are needed by the models, the features will
be loaded if the load features_from file variable is set to True.

9.3 How to Run Our Classifiers on Your Own Data

The run classifier.py file allows running an already trained model on new data to
find calls and predict the corresponding groups. At the beginning of the main section of
the file, you can define various parameters such as the name of the model you want to use.

Our already trained models are available in the data/models/ directory. Your own models
will also be saved in this folder after training. To use one of your models, you have to
change the value of the date and hnm_iter variables so that they correspond to the date
present in the name of your model and to the number of [HNM] iterations used during
training.

9.4 Conclusion

All the measurements of this work have been made on a desktop with an i7-9800X CPU
@ 3.80GHz, 32 GB RAM and an RTX 2080 SUPER GPU on CentOS 8.1. The different
packages necessary to run the code have been presented in this chapter.

The dataset used for detection is available on Batdetective’s website but the user needs
to procure labelled data to perform classification.

It is possible to train our models on your own data using the run_training.py code. The
run_classifier.py file allows running an already trained model on new data to detect
and classify bat calls. These two files contain several parameters that can be modified to
customise the training and the classification.






Chapter 10

Conclusion

This thesis aimed to build a robust bat call detection and classification tool for the
twenty-three Belgian bat species. To achieve this, our work takes as a starting point
two open-source projects, called Batdetective and Batmen. Batdetective worked on the
preprocessing of audio files and the detection of bat calls, while Batmen modified Batde-
tective’s code to adapt it to the multi-class classification.

Our first step was to improve Batmen’s model in order to obtain an enhanced perfor-
mance for the multi-class classification. Then, we combined different machine learning
algorithms, receiving various types of features as input, in hope of designing a model
that is even better suited to the problem at hand. Some of our architectures perform the
detection and classification separately, while the others perform both tasks at once. The
features fed as input to the models are either spectrograms, characteristics related to bat
calls or features computed by a As a final step, we adapted each of our multi-class
classification architectures and algorithms for them to be able to perform multi-label clas-
sification.

Concerning the multi-class classification, not only have we improved the performance of
Batmen’s model, but we also designed an architecture that gives even better performance.
The latter detects bat calls using a[CNN]that solely performs detection, and classifies the

calls using a model composed of a [CNN] followed by an This architecture has
a global precision of 78% and a recall of 75%.

Concerning the multi-label classification, our best performing model is composed of a
followed by an and performs detection and classification at once. This
architecture has a global precision of 73% and a recall of 65%. These are not as high
as for multi-class classification, especially the recall. This comes from the fact that the
detection task has a lower performance in the multi-label context.

In the perspective of enhancing our bat call identification tool, several areas for im-
provement can be explored. A first one concerns the datasets used for the multi-class
and multi-label classification. Since the dataset provided by Natagora only indicates the
group of bat present in the file but not the position of the calls, Batdetective’s tool was
used to add the call positions to the data labels. However, given that Batdetective has not
a perfect performance, the labels contain errors. Moreover, the dataset does not contain
any file where overlapping calls have been labelled which is why calls had to be artificially
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overlapped to train our multi-label classification models. Considering these shortcomings,
a possible way to better train our models would be to replace these datasets with another
one containing overlapping calls as well as indications of the call positions and the respec-
tive groups. This would require validation by an expert in manual bat call classification.

Another possible improvement on the datasets would be to label the calls according to the
species instead of the group. This would allow having a classification of the twenty-three
Belgian bat species instead of only their respective group. Even for a use case where only
the group is needed, it would still be useful to have the species indicated in the data la-
bels in order to verify that all the species of each group are well represented in the dataset.

A second area for improvement concerns the Hard Negative Mining algorithm. Using this
technique only improves the performance of some of our models. It might be possible
to make the best out of by adding some of its hyperparameters to the Hyperopt
tuning, such as the number of iterations and the shift used to create the examples.
Given that [HNM]is very slow, it should be verified whether or not tuning these hyperpa-
rameters is time-effective.

A third possibility to improve the performance is to try out other architectures to discover
one that is even more suited to the problem at hand. For instance, it would be interesting
to see the performance when combining the call features with the features computed by
a[CNN] Furthermore, the temporal characteristics related to bat calls, such as the inter-
val between the calls and the duration of each call, could be exploited. These temporal
characteristics could be taken into consideration by using a Long Short-Term Memory
(LSTM) architecture, which is designed to process sequences of data.

A last area for improvement lies in the way the multi-label classification is handled. In our
work, we use the binary relevance concept that considers one binary problem per class,
making a total of eight independent binary classifiers. However, other techniques exist
such as the label powerset method. The latter transforms the multi-label classification
into a multi-class classification problem with one label per possible combination of the
output classes. In our case, this would amount to 128 classes as the seven bat groups can
all be combined. Instead of making adaptations to the labels, some preprocessing could be
done on the audio recordings to tackle the challenging multi-label classification. Indeed,
some preprocessing step could isolate the different calls that overlap in the recordings.
In this way, multi-class classification algorithms could be applied as no overlapping calls
would be left in the dataset.

These further research ideas show that there is still room for improvement, especially for
our multi-label classification tool. Even so, its performance is reasonable and we obtain
high performance for the multi-class classification. Up to now, there is a lack of such
bat call classification tools that are both open-source and well-performing. Our work
addresses this need by providing a competitive open-source tool for bat call detection and
classification. This is useful for everyone who is passionate about bats and/or machine
learning.

Being open-source, our code allows anyone to contribute in order to improve or add new
functionalities to our architectures. A possible application of our work is to integrate our
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best classifier in a portable recorder to see in real-time which groups of bats are present in
the surrounding area. Another conceivable application is to leave the recorder someplace
and to make it send its recordings over the network to a computer, which then processes
the files using our model. A further possibility is to develop a website where users can
upload their bat call recordings and get an indication of the position and group of the calls.

Our tool is helpful for people who are interested in bats but do not have the necessary
knowledge to detect and classify bat calls. It is also valuable for chiropterologists who
usually have to perform the classification of bat call recordings by hand, which is a te-
dious and repetitive task requiring lots of experience. Moreover, today’s recorders allow
collecting large amounts of data every day, rendering the manual classification of all the
recordings infeasible. These highlighted facts show that our automated tool, which is both
fast and competitive, will be of great help to teams that monitor bats in their pursuit of
protecting endangered species.
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Appendix A

Hyperparameters

All the architectures used for the multi-class and multi-label classification have been
tuned with Hyperopt to improve their performance. This appendix presents the optimal
hyperparameters that have been found during the tuning for each of the architectures
used during this thesis.

A.1 Multi-Class Classification

This section presents the tuned hyperparameters of the different multi-class classification
models.

Original Batmen

number of convolutional layers 3
number of filters 32
filter size &
number of dense layers )
number of dense nodes 256
max pooling size 2
dropout probability 0.5
number of epochs 50
learning rate 0.01
moment 0.9
batch size 256
nesterov True
=NV number of iterations 1

SGD

Table A.1: Hyperparameters of the original Batmen network.
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Improved Batmen

number of convolutional layers 3
number of filters 56
filter size 3
number of dense layers 3
number of dense nodes 384
max pooling size 2
dropout probability 0.7
batch size 320
learning rate 0.00140
beta 1 0.95
beta 2 0.999
epsilon 1x10~8
minimum delta 0.0005
patience 20
HNM number of iterations 1

Early stopping

Table A.2: Hyperparameters of the improved version of Batmen’s network.

Double CNN

number of convolutional layers 4
number of filters 48
filter size 3
number of dense layers 2
number of dense nodes 384
max pooling size 2
dropout probability 0.5
batch size 128
learning rate 0.00032
beta 1 0.95
beta 2 0.999
epsilon 1x107%
minimum delta 0.005
patience 15
HNM number of iterations 0

Early stopping

Table A.3: Hyperparameters of the detection of the double architecture.



A.1. MULTI-CLASS CLASSIFICATION

Early stopping
HNM

number of convolutional layers 3
number of filters 24
filter size 4
number of dense layers 3
number of dense nodes 320
max pooling size 2
dropout probability 0.6
batch size 192
learning rate 0.00373
beta 1 0.9
beta 2 0.999
epsilon 1x1078
minimum delta 5x107°
patience 20
number of iterations 0

101

Table A.4: Hyperparameters of the classification of the double architecture.

Hybrid Models Using CNN Features

This hybrid model is composed of a feature over eight classes followed by either

or an [SVM] The hyperparameters of this feature are the same as the
hyperparameters of the classification [CNN]used in the improved Batmen architecture and

can be found in Table [A.2] The hyperparameters of are listed in Table [A.5]
while the hyperparameters of the SVM] are listed in Table

XGBoost

HNM

number of estimators 349
maximum depth 14
learning rate 0.08474
gamma 0.01
minimum child weight 3
subsample 0.7
scale positive weight 1.5
tree method gpu_hist
number of iterations 0

Table A.5: Hyperparameters of XGBoost in the hybrid model using CNN features.
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kernel linear
degree )
C 10
gamma auto
maximum number of iterations | 2500
class weight None
SN number of iterations 0

Table A.6: Hyperparameters of the SVM in the hybrid model using CNN features.

Hybrid Models Using Call Features

This hybrid model is composed of a detection [CNN] followed by either or an
[SVM] The hyperparameters of this detection [CNN| are the same as the hyperparameters
of the detection [CNN| used in the double [CNN] architecture and can be found in Table

The hyperparameters of are listed in Table[A.7] while the hyperparameters
of the [SVM] are listed in Table [A.8]

number of estimators 1463
maximum depth 11
learning rate 0.12915
P{EIT i camma 0.0001
minimum child weight 1
subsample 0.9
scale positive weight 0.5
tree method gpu_hist
HNM number of iterations 0

Table A.7: Hyperparameters of XGBoost in the hybrid model using call features.

kernel rbf
degree 13
C 10
gamma 100
maximum number of iterations | 2500
class weight None
1= NI E] number of iterations 0

Table A.8: Hyperparameters of the SVM in the hybrid model using call features.
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A.2 Multi-Label Classification

103

This section presents the tuned hyperparameters of the different multi-label classification

models.

Improved Batmen

Early stopping
HNM

number of convolutional layers 3
number of filters 48
filter size 4
number of dense layers 2
number of dense nodes 320
max pooling size Z
dropout probability 0.6
batch size 320
learning rate 0.00085
beta 1 0.9
beta 2 0.999
epsilon 1x1078
minimum delta 0.005
patience 20
number of iterations 1

Table A.9: Hyperparameters of the improved version of Batmen’s network.

Double CNN

Early stopping

HNM

number of convolutional layers 4
number of filters 48
filter size &
number of dense layers 2
number of dense nodes 384
max pooling size 2
dropout probability 0.5
batch size 128
learning rate 0.00032
beta 1 0.95
beta 2 0.999
epsilon 1x1078
minimum delta 0.005
patience 15

number of iterations

same as for its associated
classification model

Table A.10: Hyperparameters of the detection of the double architecture.
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number of convolutional layers 3
number of filters 40
filter size 4
number of dense layers 3
number of dense nodes 512
max pooling size 2
dropout probability 0.5
batch size 320
learning rate 0.002276
beta 1 0.9
beta 2 0.999
epsilon 1x1078

Early stopping min‘imum delta 0.0005
patience )

HNM number of iterations 0

Table A.11: Hyperparameters of the classification of the double architecture.

Hybrid Models Using CNN Features

This hybrid model is composed of a feature over eight classes followed by either
or an [SVM] The hyperparameters of this feature [CNN| are the same as the

hyperparameters of the classification [CNN| used in the improved Batmen architecture and

can be found in Table The hyperparameters of are listed in Table [A.12]
while the hyperparameters of the [SVM] are listed in Table

number of estimators 2000
maximum depth 15
learning rate 0.1968
gamma 0.001
minimum child weight 1
subsample 0.9
scale positive weight 1.5
tree method gpu_hist
HNM number of iterations 2

Table A.12: Hyperparameters of XGBoost in the hybrid model using CNN features.

kernel RBF
degree 6
C 10
gamma 1
maximum number of iterations | 1500
class weight None
15NV E] number of iterations 0

Table A.13: Hyperparameters of the SVM in the hybrid model using CNN features.
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Hybrid Models Using Call Features

This hybrid model is composed of a detection followed by either or an
[SVM] The hyperparameters of this detection [CNN]are the same as the hyperparameters of

the detection [CNN] used in the double [CNN| architecture and can be found in Table [A. 10
The hyperparameters of are listed in Table while the hyperparameters of

the BVM] are listed in Table [A.15]

XGBoost

number of estimators 2000
maximum depth 15
learning rate 0.1968
gamma 0.005
minimum child weight 1
subsample 0.8
scale positive weight 1.5
tree method gpu_hist
number of iterations 1

Table A.14: Hyperparameters of XGBoost in the hybrid model using call features.

kernel RBF
degree 14
C 10
gamma 100
maximum number of iterations | 2500
class weight None
15NV E] number of iterations 0

Table A.15: Hyperparameters of the SVM in the hybrid model using call features.







Appendix B

Performance on All the Metrics

This appendix presents theoretical information on some metrics, the performance on the
totality of the metrics that we selected as well as the thresholds used for multi-label
classification.

B.1 Metrics

This section presents some theoretical information on the metrics that were used to eval-
uate the models but that were not shown in the sections presenting our experiments.

F, Score

The F, score [26] represents the harmonic mean of the recall and the precision. It can be

computed as
2 x recall x precision

(B.1)

precision + recall

Balanced Classification Rate (BCR)

The [Balanced Classification Rate (BCR)| [56], also called balanced accuracy, is the mean
between sensitivity and specificity:

sensitivity + spect ficity

5 (B.2)

where sensitivity is the recall and speci ficity is given by ﬁ]qm@

In the case of an imbalanced dataset, the[BCR]gives a better indication of the classification
performance than the classical metrics such as the accuracy.

Cohen’s Kappa

The Cohen’s Kappa score [26] measures the degree of agreement between two random
categorical variables: the predicted and the actual labels. It thus indicates how similar
the model is to a random classifier.
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The Kappa score is defined as

c*s—szpk*tk
K
SQ_Zk Dk * L

(B.3)

where

K is the number of classes.

¢ is the number of correctly predicted elements.

s is the total number of elements.

pi is the number of items that are classified as class k.
t; is the number of items whose actual class is k.

The closer the score is to 1, the more the predicted and actual labels match together. A
model with a Kappa score of 0 behaves as a random classifier. A negative Kappa score
indicates that the model performs worse than classifying randomly.

Confusion Entropy (CEN)

The |Confusion Entropy (CEN)|[62] is a metric that was specially designed for the purpose
of evaluating multi-class classifiers. It is based on the distribution of the misclassification
of the different classes.

Throughout the computation of the confusion entropy, N is the number of class labels
and C; ; is the value of the entry at row ¢ and column j in the confusion matrix.

The first step needed to obtain the global confusion entropy is to compute the misclassi-
fication probabilities

, C. .
pPl— J 1#7 4,5=1,.,N
2, N ) ) ) 3
: Ci; L (B.4)
= ’ , i#7 i,7=1,.,N ‘
T Y (Cik + Cry)
Pio=0

\ * 4,2

P}"; represents the probability of labelling to class j the examples that have i as actual

class, subject to class u, which means with respect to the amount of [TP}, [FP] and of
class u. The per-class confusion entropy is computed by

N N
CEN;=— Y Pllogyn Pl — Y Pljlogyn Pl (B.5)
k=1,k#j k=1,k#j

If PJJ . (resp. P,i ;) equals 0, then the first term (resp. the second term) is zero.

The per-class confusion probability is defined as

2.1(Cik + Crj)
P = ’ : B.6
J 22]%[ Ck,l ( )

Finally, the global confusion entropy is the following
CEN =Y P,CEN; (B.7)

J
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Unlike the usual metrics, the closest the is to 0, the better the model performs. In-
deed, for a perfect model with a confusion matrix filled with zeros except on the diagonal,

the CEN is equal to zero. The worst situation is when the diagonal is filled with zeros,
which corresponds to a of 1.

B.2 Multi-Class Performance

This section contains the performance on all the metrics for the different multi-class
classification models.

Original Batmen

Accuracy Precision Recall F1 score BCR Kappa CEN

Detect 0.99 0.25 0.94 0.39 0.97 / /
Classify | 0.96 0.86 0.76 0.80 087 | 081 |0.195
Global 0.99 0.40 0.75 0.48 087 | 036 | 0017

Table B.1: Performance of Batmen’s network. For detect, two classes are considered and
the metrics are the ones of class “bat”. For classify (resp. global), all the metrics,
except Kappa and CEN, are marco-averages over classes 1 to 7 (resp. 0 to 7).

Improved Batmen

Accuracy Precision Recall F1 score BCR Kappa CEN

Detect 0.99 0.78 0.90 0.84 0.95 / /
Classify 0.96 0.86 0.77 0.79 0.87 0.82 0.194
Global 0.99 0.76 0.74 0.73 0.86 0.78 0.004

Table B.2: Performance of the improved version of Batmen’s network. For detect, two
classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics, except Kappa and CEN, are marco-averages over classes 1 to 7
(resp. 0 to 7).



110 APPENDIX B. PERFORMANCE ON ALL THE METRICS

Double CNN
Accuracy Precision Recall F1 score BCR Kappa CEN
Detect 0.99 0.85 0.84 0.84 0.92 / /
Classify 0.96 0.85 0.73 0.76 0.85 0.79 0.210
Global 0.99 0.77 0.68 0.70 0.83 0.78 0.004

Table B.3: Performance of the double CNN architecture. For detect, two classes are
considered and the metrics are the ones of class “bat”. For classify (resp. global), all
the metrics, except Kappa and CEN, are marco-averages over classes 1 to 7 (resp. 0 to
7).

Hybrid Models Using CNN Features

Accuracy Precision Recall F1 score BCR Kappa CEN
Detect 0.99 0.60 0.94 0.73 0.97
Classify 0.96 0.85 0.81 0.82 0.89 0.83 0.192
Global 0.99 0.64 0.79 0.69 0.89 0.69 0.006

Table B.4: Performance of the hybrid model using XGBoost and CNN features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics, except Kappa and CEN, are marco-averages
over classes 1 to 7 (resp. 0 to 7).

Accuracy Precision Recall F1 score BCR Kappa CEN

Detect 0.99 0.85 0.84 0.84 0.92 / /
Classify 0.97 0.85 0.83 0.83 090 | 084 | 0.186
Global 0.99 0.78 0.75 0.76 086 | 0.80 | 0.004

Table B.5: Performance of the detection CNN followed by the hybrid model using XG-
Boost and CNN features. For detect, two classes are considered and the metrics are the
ones of class “bat”. For classify (resp. global), all the metrics, except Kappa and
CEN, are marco-averages over classes 1 to 7 (resp. 0 to 7).

Accuracy Precision Recall F1 score BCR Kappa CEN

Detect 0.98 0.17 0.60 0.26 0.79 / /
Classify 0.93 nan 0.52 nan 0.73 0.63 0.239
Global 0.99 0.40 0.47 nan 0.71 0.23 0.020

Table B.6: Performance of the hybrid model using an SVM and CNN features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics, except Kappa and CEN, are marco-averages
over classes 1 to 7 (resp. 0 to 7).
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Hybrid Models Using Call Features

Accuracy Precision Recall F1 score BCR Kappa CEN

Detect 0.99 0.85 0.84 0.84 0.92 / /
Classify | 0.95 0.75 0.70 0.71 083 | 0.74 | 0275
Global 0.99 0.68 0.65 0.66 081 | 0.76 | 0.004

Table B.7: Performance of the hybrid model using XGBoost and call features. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics, except Kappa and CEN, are marco-averages over classes 1 to 7
(resp. 0 to 7).

Accuracy Precision Recall F1 score BCR Kappa CEN

Detect 0.99 0.85 0.84 0.84 0.92 / /
Classify 0.89 0.67 0.51 0.55 072 | 046 | 0.380
Global 0.99 0.63 0.51 0.54 0.75 | 0.68 | 0.005

Table B.8: Performance of the hybrid model using an SVM and call features. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify

(resp. global), all the metrics, except Kappa and CEN, are marco-averages over classes
1to 7 (resp. 0 to 7).

B.3 Multi-Label Performance

This section contains the performance on all the metrics that we selected for the different
multi-label models. It also presents the threshold used for each class.

Improved Batmen

Accuracy Precision Recall F1 score BCR

Detect 0.99 0.81 0.76 0.78 0.88
Classify 0.94 0.78 0.81 0.79 0.88
Global 0.99 0.71 0.62 0.65 0.79

Table B.9: Performance of the improved version of Batmen’s network. For detect, two
classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

Thresholds

1 (23|45 ]|6|7
98 | 37 [ 33164 |39 |81 |60

Table B.10: Threshold of each class for the improved version of Batmen’s network.
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Double CNN
Accuracy Precision Recall F1 score BCR
Detect 0.99 0.86 0.69 0.77 0.85
Classify 0.93 0.75 0.79 0.76 0.87
Global 0.99 0.72 0.57 0.61 0.77

Table B.11: Performance of the double CNN architecture. For detect, two classes are
considered and the metrics are the ones of class “bat”. For classify (resp. global), all
the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).

Thresholds
1|12 (314|567

99 [ 15 (21|36 | 30 | 84 | 26

Table B.12: Threshold of each class for the double CNN architecture.

Hybrid Models Using CNN Features

Accuracy Precision Recall F1 score BCR

Detect 0.99 0.78 0.74 0.76 0.87
Classify 0.96 0.83 0.81 0.81 0.89
Global 0.99 0.73 0.65 0.68 0.81

Table B.13: Performance of the hybrid model using XGBoost and CNN features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0
to 7).

Thresholds

1 (23|45 ]|6|7
98 | 81 [ 96 | 82 | 70 | 92 | 92

Table B.14: Threshold of each class for the hybrid model using XGBoost and CNN
features.
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Accuracy Precision Recall F1 score BCR
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Detect 0.99 0.44 0.36 0.36 0.68
Classify 0.86 0.35 0.46 nan 0.67
Global 0.99 0.35 0.26 nan 0.59

Table B.15: Performance of the hybrid model using an SVM and CNN features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For
classify (resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0
to 7).

Thresholds

1(2(3|[4]|5|6]|7
83 (14 132|140 18| 14

Table B.16: Threshold of each class for the hybrid model using an SVM and CNN features.

Hybrid Models Using Call Features

Accuracy Precision Recall F1 score BCR

Detect 0.99 0.87 0.71 0.78 0.86

Classify 0.89 0.56 0.62 0.54 0.76

Global 0.99 0.56 0.51 0.51 0.74
Table B.17: Performance of the hybrid model using XGBoost and call features. For
detect, two classes are considered and the metrics are the ones of class “bat”. For

classify (resp. global), all the metrics are marco-averages over classes 1 to 7 (resp. 0
to 7).

Thresholds

1 (2|3|4|5(6|7
9216 |14 (84| 7|12

Table B.18: Threshold of each class for the hybrid model using XGBoost and call features.

Accuracy Precision Recall F1 score BCR

Detect 0.99 0.64 0.76 0.69 0.88
Classify 0.51 0.20 0.66 0.27 0.54
Global 0.99 0.28 0.56 0.33 0.76

Table B.19: Performance of the hybrid model using an SVM and call features. For detect,
two classes are considered and the metrics are the ones of class “bat”. For classify (resp.
global), all the metrics are marco-averages over classes 1 to 7 (resp. 0 to 7).
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Thresholds

1 (2|3 (4|5]|6]|7
221172716634

Table B.20: Threshold of each class for the hybrid model using an SVM and call features.



Appendix C

Basic Scenarios of the Multi-Label
Confusion Matrices

Four basic cases can occur when evaluating a model that performs multi-label classifica-
tion of bat calls. These cases are presented in Figure [C.1}

A first scenario, which is illustrated in Figure [C.1.a] is when a prediction is made at the
correct timing and the correct class is predicted. A second scenario, which is illustrated
in Figure [C.1.B] is when a prediction is made at the correct timing but the wrong class
is predicted. A third case, which is illustrated in Figure is when a call is predicted
even though there is no call. The last basic scenario that can happen, which is illustrated
in Figure [C.1.d] is when no call is predicted even though there is a call.

Class 0 Class 1 Class 2 Class 3

1.0 1.0 1.0 1.0
1l1]0]| 1|ofo]| 1[1]0]| 1/o]o0

Ground truth
positions 2 0 olo|1]| olo|l2]| olo|1] o|o]2

Predicted
positions

110{0| 1fojo0o}| 1fO0f0] 1|0
0Ofof2] O0flof2] 0|02 0j]0|2

C.l.a. First basic case: Correct timing and correctly predicted class. This is a small example
of two windows, represented by rectangles. Each number represents the class of a call that is
present in the window. Each class is associated with a binary confusion matrix where the lines
represent the ground truths and the columns represent the predictions. The (1,1) entry contains
the number of [TPf, (1,0) the number of [FNE, (0,1) the number of [FPk and (0,0) the number of

[TNE.
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116 MATRICES
Class 0 Class 1 Class 2 Class 3
1 0 1 0 1.0 1 0
1110 11010 11011 11010
Ground truth
positions 2 0 olo[1| of1|1] oflo|1] olo]|2
Class 4 Class 5 Class 6 Class 7
Predicted
1 0 1
positions 1 Y 10 1.0

11o0]lo| 1lofo]| 1/0|0] 1/0]|O
0jo|2]| ofof2| O0[0]2 oo 2

C.1.b. Second basic case: Correct timing and incorrectly predicted class. This is a small example
of two windows, represented by rectangles. Each number represents the class of a call that is
present in the window. Each class is associated with a binary confusion matrix where the lines
represent the ground truths and the columns represent the predictions. The (1,1) entry contains
the number of [TPf, (1,0) the number of [FNE, (0,1) the number of [FPk and (0,0) the number of

[TN.

Class 0 Class 1 Class 2 Class 3

1.0 1.0 1.0 1.0
1 1 1 1

Ground truth 11 0l0 0/0 0j0

positions 0 0 oflo{o| oflo|2]| ofl1|1] olo]2

Predicted
positions

110|l0| 1fo|l0]| tjOofO0]| 1]0]O
0flo|(2] Ofof2f oj0|2]| 0/0]2

C.l.c. Third basic case: Prediction of a call when there is no call. This is a small example
of two windows, represented by rectangles. Each number represents the class of a call that is
present in the window. Each class is associated with a binary confusion matrix where the lines
represent the ground truths and the columns represent the predictions. The (1,1) entry contains
the number of [TPf, (1,0) the number of [FNE, (0,1) the number of [FPf and (0,0) the number of

[TNE.

Class 0 Class 1 Class 2 Class 3

1 0 1 0 1.0 1 0

1110 110|l0]| 101 11010
Ground truth
positions 2 0 ol1|o| olo|2]| olo|1] o|o]|2
dicted Class 4 Class 5 Class 6 Class 7
Predicte

1.0 1.0

positions Y 0 1.0 1 0

11o0f(o0| 1fofo]| 1fOf0O]| 1{0|0
oflof2f| ofof2f o0f0|2]| 0fO0]2

C.1.d. Fourth basic case: No prediction even though there is a call. This is a small example
of two windows, represented by rectangles. Each number represents the class of a call that is
present in the window. Each class is associated with a binary confusion matrix where the lines
represent the ground truths and the columns represent the predictions. The (1,1) entry contains
the number of [TPf, (1,0) the number of [FNE, (0,1) the number of [FPk and (0,0) the number of

[TNE.

Figure C.1: Multi-label confusion matrices on different basic scenarios.



Appendix D

Installation Problems and Solutions

When trying to run the code on the GPU we encountered two different installation prob-
lems with TensorFlow.

At first, we installed tensorflow-gpu version 2.0.0b1 but the code was not using the GPU
and the following message was displayed:

I tensorflow/stream_executor/platform/default/dso_loader.cc:53]
Could not dlopen library ’libcudart.so.10.0’; dlerror:
libcudart.so.10.0: cannot open shared object file: No such file
or directory; LDLIBRARY PATH:
/usr/local/cuda—10.2/1ib64 :/usr/local /cuda—10.2/1ib64

This was solved by uninstalling tensorflow-gpu since in the newer versions of TensorFlow
the GPU is already included without needing to install a specific library.

After uninstalling tensorflow-gpu, we installed tensorflow 2.1.0. However, this caused
another error:

Could not create cudnn handle: CUDNNSTATUSINTERNALERROR
tensorflow . python.framework.errors_impl.UnknownError: Failed to
get convolution algorithm. This is probably because cuDNN
failed to initialize , so try looking to see if a warning log
message was printed above.

To deal with this issue, the following lines were added to the run_training.py and
run_detector.py files:

config = tf.compat.vl.ConfigProto ()
config.gpu_options.allow_growth = True
session = tf.compat.vl.InteractiveSession (config=config)
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