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Abstract

Reliable identi�cation of pollinator species is vital in order to monitor these

species and reduce their decline. The reduction of pollinator species has oc-

curred due to several factors, such as a change in land use, agriculture inten-

si�cation, and climate change. Nowadays, typical methods used to monitor

pollinators cause additional deaths of the specimen as they are required to be

examined under a microscope or the presence of human activity such as using

mobile applications. This thesis presents the development of an automated bio-

acoustics identi�cation system of pollinator species. This is achieved through a

combination of an environmental microphone and a Raspberry Pi. The latter

uses a novel Time Domain Signal Coding (TDSC) based technique called Sta-

tistical Time Domain Signal Coding (S-TDSC) and the application of arti�cial

neural networks are implemented. Statistical Time Domain signal Coding is

compared to other time-domain based feature extraction techniques in princi-

ple, and the produced features are compared to features resulting from another

frequency-domain based feature extraction technique. Statistical Time Domain

Signal Coding is shown to be more e�cient than other techniques as it elimi-

nates the need for codebooks dependence and limits any audio signal fed from

the microphone to only 122 features. These features are then processed by four

di�erent classi�ers: Support Vector machines (SVM), Random forests, Extreme

Learning Machines (ELM) and back-propagation. The classi�er that provided

the best accuracy was found to be ELM, where the best accuracy achieved was
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82.14% in an experiment to identify bumblebees against three other species.

This combination of bio-acoustics technique, enhanced TDSC and ELM is used

to identify pollinator species. Finally, an embedded system consisting of a mi-

crophone and a Raspberry Pi is implemented and evaluated. The sound of 
ight

is played through a speaker and then captured through the microphone to em-

ulate �eld environment, this recorded sound is then fed to the Raspberry Pi in

order for the feature extraction and classi�cation to be performed.
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Chapter 1

Introduction

Every day, there has been a global decline in insect pollinators, and this issue

has been overly evident worldwide [1]. This decline has increased concerns over

the e�ects of the continued loss of the bene�ts provided by pollination on agri-

culture and ecosystems. Therefore, the international recognition of the decline

of pollinators has increased through the Convention on Biological Diversity [2].

Additionally, more research was done to discover more causes and impacts. Fur-

thermore, 78% of the species living on our planet depend on services provided

by animals and mainly insects, such as pollen transfer and reproduction, as well

as maintaining genetic diversity within populations [3]. Additionally, various

crops worldwide utilize pollinators for increasing the yield, for example, Apis

mellifera, which is a honey bee [4, 5]. However, recent studies suggest that

bumblebees and solitary bee species also signi�cantly contribute more to crop

pollination in the UK than Apis mellifera [6, 7]. Hence, pollinators play a vi-

tal role in natural and semi-natural habitats [8], and native wild
owers [9,10].

Furthermore, insects-mediated pollination provides an ecosystem service to agri-

culture that is estimated to be 215 billion dollars in 2005 [5], which represents

about 9.5% of the global food production economy.

18



Uniform standards for pollination in ordinary ecosystems are not avail-

able but would likely exceed these considering the signi�cant number of ecosys-

tem processes depend on a su�cient and healthy 
ora and insect environments

[5]. Correspondingly, there is an extension of e�orts to protect the pollinators

from the dangers of further potential decline [1].
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1.1 Humanity’s current knowledge on pollina-

tor decline

The importance of insect pollinators, both from an ecological and economic

standpoint, has been highlighted by a growing body of evidence concerning

population declines within many insect pollinator taxa [1, 11{14]. This issue

is prominent within the international research community, and has captured

the public consciousness, having been addressed by the United Nations under

both the Convention on Biological Diversity (CBD) [15] and the Food and

Agriculture Organisation (FAO) [16], as well as by several individual national

governments [17, 18]. There are various known causes of pollinator decline,

including changes in how agriculture operates in utilizing land, the application

of chemicals, and climate change. A brief discussion is given in the following

sections.

1.1.1 Changes in land-use and agriculture intensification

Decreased 
oral resources and nesting sites for wild pollinators caused by the

degradation and fragmentation of natural habitats, resulted in the fall of pol-

linator diversity [1, 9]. According to a report by Nature Today, there were

considerable losses to nectar resources in the United Kingdom, particularly in

England and Wales, starting from the 1930s until the 1970s, a period signi�-

cantly linked to agricultural intensi�cation. Furthermore, according to Professor

Bill Kunin: "wild bees and other insect pollinators are vital to the success of

many important food crops and wild plants. Therefore, the relationships be-

tween 
oral resources and pollinating insect populations must be understood.

Despite the stabilization seen recently, our research shows signi�cant long-term

declines in the diversity of nectar sources mirrored in a fall in the diversity of

pollinator species. We are at a point where only four plant species account

for more than half the nectar in Britain." [19]. The loss of �eld margins and
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hedgerow habitats associated with the more use of monoculture has caused a

loss of spatially and temporally diverse 
oral resources used by insect pollina-

tors [1, 20, 21]. Also, pollinator health is directly a�ected by the increased use

of pesticides, and the increased use of fertilizer that has been linked with the

decrease of natural wild
ower communities, which is a source of forage for wild

bees [5].

1.1.2 Climate change

Natural ranges of pollinator species are a�ected by the change in regional tem-

peratures [1]. The latter can lead to increased invasions of non native species

[21]. Additionally, change in regional temperatures can also lead to a mismatch

in the spatiotemporal links between pollinators and the plants pollinated, re-

sulting in a potential lack of both forage and pollination service. In addition,

Intergovernmental Panel on Climate Change stated that pollinator species in-

cluding bees, and butter
ies are under an increasing rate of extinction due to

global warming which has caused alterations in the seasonal behavior of species.

In other words, bees emerging in di�erent periods of the year when 
owering

plants were not available [22].

1.1.3 Invasive species

The invasion of none native pollinators, which naturally occurs, is a cause of the

decreases in native pollinator �tness and fecundity [1], leading to the alteration

of community dynamics and increasing inter-speci�c competition for 
oral re-

sources, at a place that has not existed previously [1, 5]. Additionally, plants

that are none native cause a decrease in local wild
owers through competition

for resources; this can have a knock-on e�ect on specialist pollinator taxa [1].
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1.1.4 Pests and pathogens

Parasitism by the Varroa Mite, also known as Varroa Destructor, has caused a

signi�cant decrease in European honey bee colonies. Diseases such as deformed

wing disease, which severely a�ects the bee �tness, are caused by parasites as

it is considered a viral vector [1]. Viruses of this kind may endanger the Apis

colonies as they are highly infectious due to the proximity, which also may be

detrimental to the health of surrounding wild bee communities [1].

1.2 The economic and ecological importance of

insect pollinators

The importance of insect pollinators is often quanti�ed in terms of their value

as ecosystem service providers, speci�cally, their contributions to global agri-

culture and food production. In 2009, Gallai, Salles, Settele, & Vaissiee [4]

estimated that global pollination services were worth 153 billion. A more re-

cent estimate by the Food and Agriculture Organisation placed between 5% and

8% of global agricultural production by volume, worth an estimated 235-577$

billion, as directly attributable to animal-mediated pollination; while around

75% of our most important food crops, accounting for a 35% of global agri-

cultural production, are at least partially dependant on pollinators to increase

yield [23,24]. The majority of the world’s staple crops may be wind-pollinated

(anemophilous), i.e., wheat, maize, barley, oats, and rice, but there is also ev-

idence to suggest that insect pollinators are common visitors to many species

presumed to be entirely anemophilous and that their visits may enhance crop

yield [25]. Aside from crop production, domesticated pollinator species like the

Western honeybee (Apis mellifera) provide additional sources of income to the

people and communities that keep them [24]. Honey is a valuable commer-

cial product [26], and the income gained from hiring out honeybee hives for
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agricultural pollination services can be considerable. A classic example of this

is the hire and transportation of over two million honeybee hives from across

the United States for almond crop pollination in California [27]; beekeeping is

also an important poverty-alleviation tool in rural and developing communities

[24]. Hence, the economic value provided by animal-mediated pollination in

terms of employment within the agricultural sector [24]. Insect pollinators also

contribute to human wellbeing in a more qualitative sense. Current research

shows that human wellbeing, including our mental health, can be positively in-


uenced by contact with nature and green spaces [28]. Since nearly 90% of all


owering plant species rely on pollination that is animal mediated in order to

reproduce, maintaining diverse insect pollinator communities, especially within

urban centers, is only likely to enhance these bene�ts.

1.3 History of pollinator decline

Since the 1950s European honey bees have faced documented regional declines

[29], this is believed to have occurred due to the causes mentioned sub-chapter

1.1 and a fall in beekeeping in recent years [29]. Besides, honey bee colonies

have been monitored by organizations such as BeeBase [30] and the British Bee-

keepers Association [31]. One of the most challenging aspects of measuring pol-

linators is the scope of their wild communities. However, in the UK, 13 species

of bee have gone extinct since 1890, 8 of which are believed to have gone extinct

between 1930 and 1950. The latter is a time associated with changes in land

use, which was resulted by the outbreak of World War 2 [32]. This spread of

agriculture caused the decline of several natural meadows, areas of unimproved

grassland and hedgerows [9]. Consequently, fall in ranges of some bumblebee

species over Europe and the USA [9,20,33], similarily, the extinction of bumble-

bee species, for instance Bombus cullumanus and Bombus subterraneus in the

UK since 1940 [32]. The richness in native bee species declined in Britain and

the Netherlands by comparing values in 1980 and post 1980. In comparison,

23



hover
ies richness had an increasing trend in the UK and the Netherlands dur-

ing the same period [34]. Also, there is evidence of a degree of homogenization

in pollinator communities with 30% fewer species accounting for 50% of all the

records post 1980 [34]. A more in-depth study utilizing similar data through-

out more speci�c time frames agrees that after 1970 signi�cant decrease in bee

species richness happened in the Netherland. In comparison, bumblebee species

richness falls in the UK. This increased spatial homogeneity of bee communities

that occurred in the UK and the Netherland. On the other hand, after 1990,

decreases in the richness in species began to lessen, as an increase in bumblebee

richness at a national scale in the UK and the rate of homogenization within

pollinator communities both the UK and the Netherlands slowed [35]. There is

a signi�cant issue with the data used to generate results in pollinator decline,

which is that most of the past data compared to the modern approaches, which

was collected in an unstandardized manner that has no application of system-

atic methods [36]. This data can still result in bene�cial outcomes. However,

the ability to obtain interpretable results from such data depends on consistent

sampling e�orts over time, space, and change [37] in motivation for making the

recording might have also been biased results. Also, biological monitoring in

the past was mainly done for the interest of a local scale [36], and it is viable

to assume that the surveyors were targeting rare species. Therefore, the ratio

of rare to common species might have high value throughout their records [38].

On the other hand, modern systematic monitoring is possibly less focused on

recording full species inventories than on representative sampling, and so maybe

recording a lower ratio of rare to common species [38]. This change in emphasis

might be the reason behind results illustrating increased biotic homogenization

over time. For instance, in case fewer species are being recorded because of

di�erence in historical recorder motivations as opposed to actual decreases in

rare species [38].

In addition, there are substantial problems associated with the evi-

dence supporting insect pollinator declines [39]. Primarily, the lack of data
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concerning the abundance of individual insect pollinator populations [39]. The

vast majority of studies exploring pollinator decline do so in terms of species

occurrence, species richness, and range sizes [7, 11, 14, 40, 41], but none of these

measures, although valid, allows scientists to make any judgments regarding how

much an individual species has declined by over a given period of time within a

given area. The main reason for this absence of abundant data is a global lack of

centralized, systematic insect pollinator monitoring schemes [42]. Monitoring

schemes exist in several countries, such as the Great Sun
ower Project in the

United States and the Wild Pollinator Count in Australia. Nevertheless, the

aforementioned schemes are not aimed at the collection of species-level data,

which are critical to the investigation of population trends. The UK’s national

Pollinator Monitoring Scheme (PoMS) is the only example of a nationwide, sys-

tematic pollinator monitoring project collecting species-level data in the world

and they state that "whilst the distribution of some species of pollinator has

become more restricted the extent of the declines in overall pollinator abun-

dance are largely unquanti�ed. The UK PoMS (Pollinator Monitoring Scheme)

aims to better understand how insect pollinator populations are changing across

Great Britain.". Hence comes the need to provide a method that can solve the

problem of monitoring bees by quantifying them over a period of time over an

area to collect data on their redundancy to help reduce the decline of pollinators.

Finally, the link between identifying species and reducing their decline

can be found through the Prestonian shortfall [43]. The latter means that

there is not enough information available regarding the abundance of most in-

vertebrate species that include pollinators such as bees, wasps, and hover
ies.

Additionally, this shortfall is the main reason behind the academic and indus-

trial e�orts toward insect pollinator conservation, which have resulted in an

increased need to monitor insect pollinator populations. In other words, it is

essential to observe how pollinator species populations are changing with space

and time to target our conservation e�orts. As a result, when it is found that

the population of a particular species has decreased in abundance over time,
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it is then possible to start assessing why that has occurred. For example, was

there an increase in pesticide use in nearby farmland, or has the habitat that

a species relies upon becoming signi�cantly fragmented in a speci�c part of a

country?
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1.4 Pollinator monitoring

Current methods of monitoring such as pan traps and which are described in

detail in section (2.2.1) rely on visible morphological characteristics. Addition-

ally, such methods require the killing of the species in order for it to be identi�ed

under the microscope, which is considered an inhumane method of monitoring

and de�es the purpose of monitoring pollinators, which is protecting them from

decline. Several smartphone applications already exist to provide a method of

visual identi�cation [44]. However, such classi�cation methods need human

presence at the time of identi�cation to carry out the decision process. Hence,

these methods consume a considerable amount of time and require skilled indi-

viduals who obtain visual integrity since several bumblebee species seem similar

to the untrained eye. Furthermore, classi�cation techniques that are based on

visual features (image recognition) are an option that would be bene�cial. How-

ever, it is challenging to implement due to many factors, such as the movement

of the pollinator, image resolution, and light. On the other hand, the buzzing

sound of pollinators is relatively not as challenging to obtain as sound can

be recorded remotely and continuously. Hence sound-based classi�cation tech-

niques are more practical than traditional surveying methods. Furthermore,

Sound-based classi�cation techniques are easy for the public to use and do not

require a trained eye like image recognition techniques in the process of identi-

�cation. Finally, the most important advantage is that bees are kept alive and

are not required to be killed in order for them to be identi�ed.
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1.5 Project aims and hypothesis

The need for pollinator monitoring is getting more crucial every day, and widely-

used techniques for species identi�cation to date are still microscopy-based and

require the manual collection of individuals, resulting in the individuals’ deaths.

There still has not been devised as a method of identifying pollinators automat-

ically using bioacoustics and machine learning. Therefore, this project aims to

develop an embedded system capable of acquiring the sound of pollinators from

a �eld, then a novel technique for extracting the features from the acquired

audio signals is implemented and compared with an existing feature extraction

method. The features are then fed to four di�erent classi�cation algorithms,

and an analysis as to which algorithm performed better is shown.

Hence the following hypothesis can be formulated:

"Bio-acoustics combined with machine learning techniques can remove the need

for human intervention in species identi�cation and avoid sacri�cing insect

species."

Having proposed this, will this technique help improve monitor pollinators and

hence lead to the reduction in pollinator decline. Lastly and most importantly,

will the help of machine learning and algorithms perform better than existing

pollinator monitoring methods and provide better results in terms of quality

and overcome the disadvantages of typical pollinator monitoring techniques?

Contribution 1: statistical time-domain signal coding

In this research, a novel technique called statistical time-domain signal cod-

ing (S- TDSC) is developed to extract the features from audio signals. This

technique is entirely based on the time domain. Therefore it is not computa-
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tionally expensive when compared to frequency domain-based feature extrac-

tion techniques. Additionally, S-TDSC does not require looking up tables as in

previously designed time-domain feature extraction methods, and what makes

S-TDSC unique and powerful in terms of audio feature extraction is the fact

that it codes any audio signal fed to it to 122 features only regardless of the

length of the audio �le.

Contribution 2: Comparison between STDSC and a frequency domain-based

feature extraction.

In chapter 3, a comparison between STDSC and a frequency domain-based

feature extraction technique is shown as well as an in-depth discussion of why

statistical time-domain signal coding has been chosen as the primary feature

extraction method for this project.

Contribution 3: Classi�cation methods for species identi�cation

Moreover, in chapter 4, an example of 4 species classi�cation is shown using

the features extracted from the audio recording of the species using S-TDSC.

The features are fed to four di�erent classi�cation models, which are support

vector machines (SVM), Random Forests (RF), Extreme Learning Machines

(ELM), and a Back Propagation. Finally, all of the classi�cation models are ex-

plained in detail, and the performances of the four classi�ers are discussed and

compared. The classi�er with the highest accuracy is set to be implemented in

the embedded system shown in chapter 5.
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Chapter 2

Background

2.1 National pollinator monitoring in the UK

Currently, the pollinator monitoring scheme in the UK is essential [17], and

due to the recent concern over pollinator decline in the UK, (DEFRA) The De-

partment of Environment, Food, and Rural A�airs has authorised the creation

of a National Pollinator and Pollination Monitoring Framework (NPPMF). The

latter sets out the design for a standardised monitoring programme that aims to

gather long term data on the national pollinator populations in the UK [18,45].

This plan is to test the e�ciency of monitoring methods nowadays and how they

are applied to di�erent types of participants, so they can enhance the under-

standing of the current trends of pollinator taxa in the UK and the place as to

where they occurred. Therefore, allowing more targeted solutions to the causes

of the decline in the future.
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2.2 Common monitoring methods

There are many methods used to survey and monitor insect pollinator popu-

lations. These can be separated into two categories: active methods, where

surveyors are involved in the capture of data or samples, and passive methods,

where a range of traps are employed to collect data without the involvement of

the surveyor [45]. Examples of both methods, as well as advantages and disad-

vantages, are illustrated in table 2.1. In recent years, there have been numerous

studies that have explored the sampling biases of di�erent insect pollinator sur-

vey methods, as well as their performance in relation to other methods. How-

ever, there is still no consensus as to which method or combination of methods

constitutes the most e�ective approach to pollinator monitoring. In addition,

the two most commonly used survey methods for insect pollinator communi-

ties are pan trapping and transect surveys [46{49]; they are also the two most

commonly compared survey methods, in terms of their performance.

2.2.1 Trapping and transect surveys

Pan trapping, also called Moericke traps [50], is a passive sampling method that

uses brightly-coloured bowls, �lled with water, as surrogate 
owers to attract

foraging pollinator species, which then drown in the water [46,47]; di�erent in-

sect groups have evolved speci�c colour preferences in relation to their preferred

source of forage [51]. Research suggests that oligolectic bee species, which are

de�ned as bees that exhibit a narrow, specialized preference for pollen sources

are captured more often in pan traps whose colours are similar to these of their

preferred forage [52]. While Saunders and Luck indicate that colour prefer-

ences are context-driven, and may change depending on habitat or background


oral colour [53, 54]. Research suggest that pan traps may catch fewer insects

in 
orally-rich habitats due to competition between 
owers and the bowls for

insects [55{57]. Pan trapping is often considered to be more cost-e�ective than
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more active survey methods since it requires less in-person time within the �eld

[47]. However, time is still required to sort through samples and maintain the

equipment [49].

There are also other types of trappings such as malaise trapping, vane

trapping, and nesting trapping. Malaise traps consist of an open-sided tent-like

structure and function by intercepting 
ying insects using a central fabric wall.

Insects are funnelled up towards the upper-front corner of the tent, where they

are captured within a plastic bottle that is sometimes �lled with water, in a

manner similar to pan trapping. Malaise traps have been compared with pan

trapping, in terms of their performance, with Bartholomew showing that pan

trapping and Malaise trapping catch approximately similar species, even though

pan traps caught a higher overall abundance [58]. Campbell and Hanula found

that pan traps performed better than Malaise traps in terms of both species

richness and abundance while showing that the addition of coloured panels to

Malaise traps also increases the abundance of insects captured [59]. The advan-

tage of these traps lies in the fact that surveyors can leave them unattended for

long periods with little reduction in e�cacy [58]; however, regular trips must be

made to empty the traps to the plastic bottle in which the insects are captured

[58,59]

On the other hand, vane traps are becoming more prevalent within the

literature concerning insect pollinator survey methods. Vane traps consist of a

plain plastic bottle, �lled with water, to which two brightly-coloured, vertical

\vanes" are attached above [60]. Multiple colours could be used, although,

so far, only yellow and blue have been tested [60{62]. Vane traps function

in a similar way to pan traps, using bright colours to attract foraging insects.

On their own, they have been shown capable of catching a diverse selection

of bee species in a range of habitats [60, 61], with blue vane traps being the

most e�ective [62, 63]. In comparison to other methods, namely pan trapping,

blue vane traps have been shown to catch signi�cantly more insects in terms of
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abundance, than pan trapping [63]. In fact, Kimoto et al. suggest that, due

to their e�ectiveness in initial studies, fewer vane traps may be needed to carry

out a monitoring survey than other passive methods like pan traps [61]

Finally, trap nests are a much more specialist survey tool than other

trapping methods. This is becuase they are only useful for monitoring the

diversity of cavity-nesting bee species such as the Megachilidae in the UK [46{

48]. However, this method may also provide data on other cavity-nesting insect

species and their parasites. These sampling abilities for these traps are reliant

upon their design. Speci�cally, the type of materials used to construct the

nesting tubes, the size of the tubes themselves, and only collects data on a

subset of the overall insect pollinator community [46,47]. However, they are a

useful survey tool when used in conjunction with other methods [47,64].

Figure 2.1: Common sampling methods: (a) Pan traps (b) Blue vane traps (c)

Malaise traps (d) Sweep nets [64]

Transect surveys are an active sampling method that involves walking
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along pre-set routes at a slow pace and recording the number of insects observed.

If the study aims to record species-level data, it is also common for individuals

to be captured using nets. As with all active methods, transect surveys are

open to collector bias and may have additional biases relating to the size and


ight speed of individual taxa. For example, Potts, Evan, Boone (2005) list

transect surveys as less likely to sample smaller, faster-
ying insect pollinator

taxa. Unlike passive methods such as pan trapping, transect surveys do allow

observations to be made regarding insect pollinator behaviour [49]. This method

is quite labour-intensive, requiring extensive periods to be spent in the �eld,

together with taxonomic skills and high levels of concentration. However, little

equipment is needed beyond a net, also since the captured samples are not

drowned, they can be easier to identify [46,49].

Direct comparisons between pan trapping and transect surveys, in

terms of their performance, are common within the literature [47{50,55,56,65].

Most of the studies encourage using pan trapping over net sampling in terms

of better monitoring results. however Westphal found that pan traps better

represented bee species richness than either variable or standardised transect

surveys [47].

Figure 2.2: Transact survey
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Criteria Passive

methods

Active methods

Example Trap nests, pan

traps and vane

traps

Hand netting

along a set

distance over a

set amount of

time.

Advantages Does not require

experience in

collecting samples

Measures

population per

density unit area

Disadvantages Does not allow

observation of

pollinator-
ower

interaction or

measure

population

density

More experienced

collectors will get

more collections

than those with

less experience

Table 2.1: Examples of passive and active methods as well as advantages and

disadvantages

2.2.2 Bio-acoustics

Since pan traps and net sampling both depend on visible characteristics as

species have di�erent appearances in terms of their body size, hair colour and

pattern. Within the same species, workers are smaller than queens. While males

are typically di�erent from females in colour scale as well as physical character-

istics as males have di�erent length of antenna compared to females, and they

also lack pollen baskets in their legs [66]. Furthermore, there are many web

and smartphone applications that can be used for image identi�cation [44, 67].
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However, as mentioned in the introduction, such classi�cation techniques have

several drawbacks such as requiring humans to carry them out in the decision

process, and technical issues arising from the movement of the species and res-

olution of the image. On the other hand, the sound of the 
ight of pollinators

is relatively easy to acquire remotely and continuously; hence, pollinator mon-

itoring is conducted easier when compared to the old scienti�c surveys that

collect species individually. Moreover, sound-based animal identi�cations have

been made previously; these animals included frogs and birds. For instance k-th

nearest neighbours and support vector machines have been implemented as an

audio feature extraction method to classify frog species. The result of this clas-

si�cation method reached 90% accuracy for six species [68]. Additionally, audio

features extracted from four types of passerine birds using the Gaussian mixture

model (GMM), and Mel- Frequency Cepstrum Coe�cients (MFCCs), which is

observed in section 3.4.3 resulted in 90% identi�cation accuracy [69]. In terms

of bird species, there was another approach used to classify 28 bird species using

probabilistic models, which has resulted in around 84% classi�cation accuracy

[70]. While the latter experiment reached 100% in some instances, it also de-

creased to under 10% as well, which was justi�ed in the research paper with

the shortage of data available. Furthermore, di�erent groups compared accu-

racies of other machine learning algorithms for the dataset of birds and frogs

[71] and bird species [72]. SVM performed well when implemented on both

datasets to reach more than 90% identi�cation accuracy. Furthermore, there

have not previously been substantial insect sound identi�cation applications,

especially for monitoring pollinators. Nevertheless, the minor amount of work

that has been done in this �eld was either to monitor biodiversity or to reveal

pests, such as larvae [33]. Additionally, several arti�cial neural network struc-

tures have been designed for sound-based classi�cation of insects such as beetle

species when they bite on �bre. These studies included multilayer perceptron

(MLP), self-organising map, and learning vector quantisation implemented on

3 to 4 audio �les of each beetle species. The resulted classi�cation accuracy

reached 80%. Similarly, using the same neural network structures, 25 British
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Orthoptera species were classi�ed with an accuracy of 99%. However, the au-

thors have justi�ed such high accuracy with the high-quality audio recordings

that included minor noise interference [73]. Furthermore, a technique close to

the human recognition system was implemented on a sample of 313 species of

crickets, katydids, and cicadas [74]. The scientists achieved the feature vectors

through a cascaded linear frequency cepstral coe�cients, probabilistic neural

networks and generalised method of moment (GMM). As a result, the achieved

classi�cation accuracy reached 86%. The scientists stated that the classi�cation

accuracy would increase if these experiments were applied on the subfamily level

[74].

Various websites and mobile applications for identifying animal species

from sounds exist. Generally, animal sound identi�cation depends on detecting

structured sounds like a dog barking or a horse neighing. However, insects that


y make sounds that are biologically de�ned as monotonic buzzing, which is

very di�erent in nature than other animals as it is unstructured. Hence insect

classi�cation could easily be mistaken because of the nature of the input au-

dio signal. Moreover, sounds produced by pollinator species such as bumblebees

can also vary depending on di�erent circumstances, for instance, buzzing during


ight, hissing, and sonication. Additionally, sonication is the sound produced

when bees extract pollen from anthers. These di�erent sounds occur as a result

of oscillations of the 
ight muscles inside the metathorax. In case the pollinator

species are 
ying the frequency at which an undamped system will vibrate is

called the natural frequency [75]. Furthermore, in order to get the pollen out of

individual 
owers, bumblebees make sonication sound, which occurs at signif-

icantly high frequencies [75]. Furthermore, through placing their thorax near

anthers, bumblebees make a sound at a noticeably high frequency of around 400

Hz [9,76]. Furthermore, when disturbed, bumblebees hiss [77], the hissing was

discovered to happen at the presence of potential intruders. It was evident that

hissing can occur by simulating an intruder though vibrating the nest or raising

the density of CO2 in air [77]. Higher hissing and sonication frequencies have
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been noticed to be made when the species move their 
ight muscles without

moving its wings [75, 77{79]. Finally, researches have proven that when bum-

blebees are placed in a large space or when the temperature goes down, they

make audibly distinctive sounds [78].

2.3 Observation of the used species

The audio recordings to be classi�ed in this project are produced from bumble-

bees, honey bees, common wasps, and hover
ies. Also, bumblebees and honey-

bees are both under the bees family, in which there are around 20,000 species

that have almost identical body shapes, which can only be distinguished by a

trained eye [80]. Most of the 
ying insect pollinators including bees have �ve

shared physical characteristics, which are two sets of wings, the outer shell, also

known as the exoskeleton, abdomen, thorax and head as shown in �gure 2.3 [80].

Figure 2.3: Honey bee [79].
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When bees 
y, their wings make a 230 beats per seconds 
ap which

results in an air vibration and therefore sound is generated. The faster the wings

beat, the higher the pitch of the sound [81].

Bees make buzzing sounds for several reasons such as communications

and pollination; the frequency seems to vary based on the reason for 
ight.

According to laboratory experiments done by Hassall, the buzzing frequency

bumblebees produce when roam 
ying for no purpose varies between 140.7 Hz

to 218.7 Hz, Whereas under the same circumstances honeybees produce around

171.2 Hz [82].

Furthermore, when pollination occurs, bees create sound by vibrating

their bodies, and for that, they use the same muscles used to 
y but do not


y. The resultant rapid vibrations can reach 440 beats per second; therefore,

pollen gets extracted from 
owers [81]. However, some 
owers are harder to

extract pollen from than others, so pollinators require extra work. For instance,

tomatoes and blueberries have their pollen trapped inside the pore. Therefore,

bees hold on into the 
ower, bite inside any small hole they �nd and vibrate

quickly until the pollen is unlocked [81].

Common wasps, though, have some standard features similar to bees,

such as their slender, segmented bodies, their stings, and living habitat. How-

ever, what sets them apart from bees are their pointed lower abdomen, slender

waists, and legs with fewer hairs [83]. There is a signi�cant number of around

thirty thousand wasp species today which all vary in terms of the colour scale

and dimensions. In terms of habits, wasps are considerably di�erent, and their

connection to other creatures can signi�cantly vary [83]. Based on a study,

the frequency of the 
ight of wasps varies between 157.5Hz and 175.4Hz; how-

ever, the frequency of the post-attack buzzing sound of a common wasp varies

between 159.8Hz and 171.6Hz. Besides, no studies show the frequency of polli-

nation buzzing frequency of common wasps [82].
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Figure 2.4: Common wasp [82]

Furthermore, There are about 6000 species of hover
ies which often

referred to as 
ower 
y from their behaviour of hovering around 
owers [84].

Hover
ies morphological appearance has black and yellow stripes, like bees and

wasps, which act as a form of protection. Due to their appearance, they can

often be confused for a bee or a wasp. These stripes act as a form of camou
age

to help the hover
y avoid potential predators who think they can sting [84].

They do, however, only have two wings, while bees and wasps have four. They

are also crucial in pollinating 
owers and are natural enemies of pests. Because

of this, farmers have been using them for biological control, a form of pest

management [84]. Based on a study, the frequency of the sound of the 
ight

of 
ies varies between 159.4Hz and 171.3 Hz. However, the frequency of the

post-attack buzzing sound of a common wasp varies between 152.2Hz and 177.1

Hz [82]. Finally, there are no studies found to show the pollination buzzing

frequency of hover
ies.
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Figure 2.5: Hover 
y [83].

2.4 Summary

This chapter reviews three related areas to this project, the national pollina-

tor monitoring in the UK, the common monitoring methods, and bioacoustics

combined with a brief overview of machine learning techniques for wildlife clas-

si�cation. In particular, the advantages and disadvantages of common methods

used for pollinator monitoring are discussed. Similarly, the bene�t of using the

combination of bioacoustics and machine learning technique is illustrated.
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Chapter 3

Feature extraction

Feature extraction has posed a challenge to scientists for many years, due to the

need to isolate the optimum set of features for the best solutions to recognition

problems. The features of the audio �les of the bee species are extracted using

time-domain signal coding (TDSC). Thus, this chapter begins with a description

of the audio �les dataset that feature extraction will be performed on, which

will be fed to the classi�cation stage. Then the chapter provides an in-depth

observation of TDSC as a feature extraction method, then covers the principles,

history, and development of TDSC since the 1970s, when it was �rst developed

as time-encoded speech (TES) [85], up until its current format. Additionally,

a novel approach based on TDSC and statistical time-domain signal coding

(S-TDSC) is introduced and discussed. This is followed by an illustration of

its classi�cation parameters. Moreover, a frequency domain-based algorithm

implemented in smartphone applications used to identify songs is produced to

extract features from the audio �le sets. Finally, a comparison between the

time domain and frequency domain-based techniques is made, and the use of

S-TDSC to extract the features is justi�ed.
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3.1 Data collection

The acoustic data were collected by Thomas Dally as a part of his PhD re-

search at the environmental science school at the University of Leeds. These

acoustic recordings of the species occurred between June-September 2016 and

June-August 2018 in multiple sites around Leeds, West Yorkshire, Wimborne

Minster, and Dorset. Sites varied in terms of the diversity of insect and plant

species present, including wild
ower meadows, brown�eld sites, and urban parks

and gardens. Acoustic data were collected using an omnidirectional Sony micro-

phone attached to a Sony ICD- PX312 Dictaphone. The microphone was placed

near 
ower-visiting insects, no-more than 5cm away, while they were foraging

from or visiting 
owers, as illustrated in �gure 3.1. Once airborne, at least ten

seconds of 
ight sounds from each individual was recorded. Each individual was

identi�ed by eye during this recording period. Once 
ight sounds from an indi-

vidual had been recorded, Tom has immediately moved to another individual,

preferably from a di�erent pollinator species, in an attempt to reduce the likeli-

hood of recording the same individual multiple times. Audio �les were recorded

at 32 kbps/44.1 kHz in the MP3 format.
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