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Abstract

Conservation biology has guided multiple applications that relate to how humans
interact with wildlife. The work of Caughley [1994] describes the core directions
for conservation biology by introducing the main options for human intervention in
nature. Caughley [1994] proposed the following management actions: (i) increase
depleted populations; (ii) decrease excessive populations; (iii) establish maximum
sustainable yields; (iv) carry out monitoring programs without additional actions
over stable populations. In this thesis, we proposed new approaches to improve the
state-of-the-art quantitative methods applied to challenges on two of Caughley’s
management actions: 1) carry out monitoring programs without additional actions
over stable populations and 2) decrease excessive populations.

For the first management action, we explored the challenge of identifying avian
species in audio-based monitoring systems using transfer learning and Convolution
Neural Networks. We also explored the challenge of accurate insect classification
and localisation in image-based monitoring systems focusing on species with agro-
nomical and forensic importance. We proposed a framework for combining com-
puter vision and machine learning to identify these species and explored solutions
for this action in small and imbalanced datasets. Finally, for the second man-
agement action, we introduced two new statistical machine learning approaches
to predict insect outbreaks and abundance to aid decision-making applied to Inte-
grated Pest Management. We proposed a new statistical machine learning method,
Pattern-Based Prediction (PBP), to predict insect outbreaks and a new approach
combining statistical machine learning, causal analysis and time series embedding
to guide the selection of climate time series and their lags to build statistical
machine learning forecasting methods.
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CHAPTER 1
Introduction

1.1 Motivation
Conservation biology has informed numerous applications related to human-wildlife
interactions. The work of Caughley [1994] outlines the core directions for conser-
vation biology by presenting the primary options for human intervention in nature.
Caughley’s proposed management actions involve (i) increasing depleted popula-
tions, (ii) decreasing excessive populations, (iii) establishing maximum sustain-
able yields, and (iv) carrying out monitoring programs without additional actions
over stable populations [Caughley, 1994, Fryxell et al., 2014, Verdade et al., 2014,
Krausman and Cain, 2022]. The conservation biologist community has accepted
these actions as the core for developing wildlife management protocols [Krausman
and Cain, 2022, Hone and Krebs, 2023, Martínez-Jauregui et al., 2023].

All of Caughley’s management actions involve animal monitoring [Caughley, 1994].
Monitoring animal abundance provides insights that can be further utilised for
data-driven decisions about the studied population [Wägele et al., 2022, Besson
et al., 2022, Van Klink et al., 2024, Hartig et al., 2024]. Insect pest control, for ex-
ample, uses data gathered from monitoring systems of insects that can potentially
cause economic damage to decide when the best moment for controlling the popu-
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lation based on a specific threshold Mitchell and Onstad [2014], Zhao et al. [2022],
Van Klink et al. [2024], Parra-López et al. [2024]. In addition, managing species at
risk of extinction requires a careful estimation of the targeted population’s abun-
dance [Leather, 2017, Breece et al., 2021, Randon et al., 2022]. The sustainable use
of biological resources depends on monitoring the population’s sustainable yield
target, and examples involve the exploration of ocean fish and crustaceans Caugh-
ley [1994], Verdade et al. [2014], Krausman and Cain [2022], Alós et al. [2022],
Mullowney and Baker [2023]. Observing the natural life cycle and the abundance
of the target population is essential for preventing the extinction of these vital
biodiversity resources [Lundgren et al., 2024].

Overall, each management action presents an opportunity for task automation,
with quantitative methods tailored to address the challenges in each action. These
challenges involve multiple aspects of the processes involved in each management
action. For the first management action, increasing depleted populations, the use
of devices in areas where species at risk of extinction have been reported, combined
with algorithms that detect and classify these species, allows the increase of sample
size and a more granular understanding of the status of these species. The work
of Petso et al. [2021] presents an excellent example of the use of drone imaging for
animal identification. Also, for the second management action, decreasing exces-
sive populations, automation, and digitalization would also increase sample size
and more granular interventions and ultimately reduce economic damage caused
by pest populations, for example. For establishing maximum sustainable yields,
the use of digitalization and automation allows farmers to better optimise their
resources towards a more sustainable agriculture, where the sustainable yields are
obtained by the solution of an optimization algorithm that takes the inputs col-
lected from the monitoring system of agricultural processes [Kumar et al., 2025b,
Shawon et al., 2023, Shetty et al., 2023, Finger, 2023]. Finally, the animal iden-
tification examples can also be applied to carry out monitoring programs without
additional actions in stable populations, the sole difference being the absence of
additional actions after animal identification and counting.

This thesis proposes implementing a combination of statistical, machine learn-
ing, and machine vision methods to improve the state of the art of quantitative
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approaches to enhance two of Caughley’s management actions: 1) carry out moni-
toring programs without additional actions over stable populations and 2) decrease
excessive populations. The main objectives of this thesis are to apply machine vi-
sion (MV) and statistical machine learning methods to enhance the monitoring
systems of animal species and to develop novel statistical learning methods to
improve the state of the art in quantitative methods applied to animal control.

Recent advances in deep learning (DL) applied to classification have increased the
flexibility of image classification problems [LeCun et al., 2010, Zion, 2012, LeCun
et al., 2015, He et al., 2016, Mascarenhas and Agarwal, 2021, Xu et al., 2024,
Gao et al., 2024, Upadhyay et al., 2025]. These improvements have found utility
in solving ecological problems [Frazier and Song, 2025, Hesselbarth et al., 2025,
Hu et al., 2025]. This thesis proposes an approach based on the first of Caugh-
ley’s management actions to integrate DL and MV to improve animal monitoring
programs. Several authors have proposed different quantitative methods for such
management action presented in this thesis. Papers from 2010 until 2025 were
reviewed and synthesised to show the current quantitative methods and research
areas of focus related to this thesis.

Monitoring systems provide an excellent application for quantitative methods re-
lated to DL and MV [Seo et al., 2015, Liu et al., 2016, Nasir and Sassani, 2021,
Sarker, 2021, Sharma et al., 2024, Balasubramaniam et al., 2025].Seo et al. [2015],
Liu et al. [2016], and Nasir and Sassani [2021] present different perspectives of
the importance of monitoring systems in different application highlighting the
promising results of DL and MV methods and Sarker [2021], Sharma et al. [2024]
and Balasubramaniam et al. [2025] present promising results of monitoring sys-
tems in smart agriculture. All of these authors present promising methods and
monitoring various aspects of the agricultural system. These methods have the
potential to assist entomologists in monitoring insect biodiversity [Høye et al.,
2021b, Van Klink et al., 2022, Hartbauer, 2024, Leybourne et al., 2025], which
is one of their many important roles [Leather, 2015, Luke et al., 2023, Collins
et al., 2024]. Entomologists bring value to insect monitoring programmes by pro-
viding pathways for classifying insect species [Friedrich et al., 2014, Leather, 2015,
Buckley, 2024]. For example, they associate the species with features that can be
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used for selecting insect species for biological control [Luke et al., 2023, Buckley,
2024, Gerber et al., 2024]. The review articles developed by Høye et al. [2021b],
Van Klink et al. [2022], Hartbauer [2024], Leather [2015], and Friedrich et al.
[2014] present various perspectives on how deep learning is transforming ento-
mology, and what entomologists’ actions can benefit from the opportunities that
these new methods present. Specifically, the review from Høye et al. [2021b], and
Van Klink et al. [2022]. Friedrich et al. [2014] introduces other techniques more
aligned with MV, such as 3D representations of insects that enable entomologists
to study these specimens more effectively, and highlights the importance of en-
tomologists’ activities. Luke et al. [2023] expands on this by referring to current
challenges in entomology. Moreover, Gerber et al. [2024] provides further insights
into the morphology-based classification of insects, showing examples of classical
methods commonly used by entomologists, and Buckley [2024] expands on this by
introducing other DNA-based techniques for insect classification and highlighting
the importance of monitoring insects. Leybourne et al. [2025] explores the research
question "Can artificial intelligence be integrated into pest monitoring schemes to
help achieve sustainable agriculture?" and present four criteria AI-driven systems
must follow: (1) Built on accurate, efficient methods; (2) Adaptable to real-world
field images; (3) User-friendly, device-based and low cost, and (4) Mobile and de-
ployable in varied weather. These criteria reinforce the importance of developing
new approaches to enhance insect monitoring systems.

The entomological classification process involves multiple steps, including the se-
lection of anatomical and morphological features [Buckley, 2024]. In MV, pattern
recognition can be used to automate insect classification [Van Klink et al., 2022,
Hartbauer, 2024], and recent developments in DL applied to MV methods have
demonstrated their effectiveness [Wang et al., 2024a, Li et al., 2025]. The integra-
tion of computer vision, deep learning, and machine vision methods, along with
features designed based on entomologists’ expertise, presents several research op-
portunities [Saran et al., 2025, Fotouhi et al., 2024a, Teixeira et al., 2023]. This
integration can be challenging due to the differences between algorithm-based and
expert-based insect classification [Schneider et al., 2023, Blair et al., 2024]. Teixeira
et al. [2023] and Blair et al. [2024] explored the available deep learning methods
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used for insect detection presenting the feasibility of various DL-based methods,
and Schneider et al. [2023] expends the methodology search space for computer
vision methods as well as mentioning the challenges of the diversity of approaches
and different scales that classification can be performed, that is, the target taxa.
Saran et al. [2025] explores additional data collection and methodological chal-
lenges available in insect monitoring, such as satellite imagery, unmanned aerial
vehicles (UAVs), wireless sensor networks, and diversity of machine learning algo-
rithms and in the same context, Fotouhi et al. [2024a] presents promising results of
the use of DL on sticky traps. Wang et al. [2024a] and Li et al. [2025] present fur-
ther examples of insect monitoring, focused on the second Caughley’s management
action, decreasing excessive population, demonstrating the feasibility of DL-based
methods. Finally, these authors illustrate challenges of this transdisciplinary re-
search field.

One of these challenges is to develop a method for integrating machine learning
and computer vision techniques into the existing entomological framework [Fo-
touhi et al., 2024a, Bjerge et al., 2024, Suresh et al., 2025]. The second topic of
Chapter 2 is dedicated to exploring this question. Automated classification is also
challenged when identifying species with similar features, and for these cases, the
role of entomologists is essential [Schneider et al., 2023, Blair et al., 2024, Nanni
et al., 2025]. So, maintaining them in the classification loop during the devel-
opment of new automated systems is a key component of this interdisciplinary
research [Suresh et al., 2025, Cuff and Watt, 2025, Guralnick et al., 2024, Miao
et al., 2021, Roy et al., 2024]. Overall, the primary objective of this field is to de-
velop tools that assist entomologists in insect classification [Teixeira et al., 2023,
Hartbauer, 2024, Rebelo et al., 2020, Cuff and Watt, 2025]. The levels of assistance
range from highlighting features for one specimen in a microscope [Steinke et al.,
2024, Wang et al., 2024c, Mathys et al., 2024] to automating insect abundance
counts per species in the field [Ong and Høye, 2025, Ullah et al., 2024, Fotouhi
et al., 2024b, Roy et al., 2024].

Another challenge is highlighted in situations where there is a restricted number of
specimens of a studied species due to difficulties in collecting them in their natural
habitat [Khurana, 2023, Khairunniza-Bejo et al., 2024, Fotouhi et al., 2024a]. The
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lack of specimens will impact the availability of training data. The scarcity of data
is a problem for deep learning methods because they require multiple observations
to achieve better generalisation [Khurana, 2023, Bansal et al., 2022]. Therefore, the
entomologists’ perspective on this problem proves essential in identifying features
that can distinguish these rare species from others [Suresh et al., 2025, Cuff and
Watt, 2025, Guralnick et al., 2024, Miao et al., 2021, Roy et al., 2024]. One way
to integrate these features directly into the classification pipeline is to use MV to
extract these features, assisting entomologists in this scenario [Steinke et al., 2024,
Wang et al., 2024c, Zhao et al., 2023]. This question is explored by the third topic
of Chapter 2, where we analyse this problem using different methods to address
the lack of data and class imbalance.

The stated research questions also relate to other areas of ecology that utilise ani-
mal monitoring. This thesis also focuses on the multidisciplinary research area of
soundscape ecology. This area aims to understand how organisms interact with
their environment by relating the acoustic features of a site to biological, geophys-
ical, and human sound [Gasc et al., 2017, Pijanowski et al., 2024]. Ornithologists
and ecologists interested in natural sounds, such as the ones produced by avian
species, use several tools for passive audio recording [Molina-Mora et al., 2024,
Winiarska et al., 2024]. Based on the collected data, they identify the animals
encountered in the sampled region [Briseño-Jaramillo et al., 2025, Revathi and
Sasikaladevi, 2025]. The identification of avian species based on their vocalisa-
tions is a time-consuming task, commonly employed by specialists who use visual
representations of the specimens’ vocalisations, such as spectrograms, to identify
patterns specific to particular avian species in a given audio file [Potamitis, 2015,
Priyadarshani et al., Gavali and Banu, 2025, Allen-Ankins et al., 2025]. One of
the time-consuming tasks in this research is identifying audio files that do not con-
tain any vocalisations of interest, as they may be more abundant than those with
the presence of the species of interest [Zhang et al., 2013, Aide et al., 2013, Gibb
et al., 2019, Kershenbaum et al., 2025]. Thus, the combination of deep learning
and machine vision can benefit these researchers by eliminating the need for these
time-consuming tasks [Maithripala et al., 2024, Das et al., 2024, Kumar et al.,
2025a].
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Several authors have proposed DL and MV methods for automating the passive
monitoring of avian species based on audio trackers [Kahl et al., 2021, Liu et al.,
2022, Sharma et al., 2023, Wei et al., 2024, Le Penru et al., 2025, Heinrich et al.,
2025]. Recurrent neural networks and classical machine learning methods, such as
support vector machines, have been proposed to identify avian species based on
audio frequencies [Srujana et al., 2023, Farah et al., 2024, Abhinav and Dhavale,
2024]. Over the past few years, significant results have highlighted the high accu-
racy of Convolutional Neural Networks (CNNs) in classifying avian species based
on spectrogram images and other data sources [Suryavanshi et al., 2024, ME et al.,
2024, Adhikari et al., 2024, Arthy et al., 2025]. However, considering the vast diver-
sity of avian species, classification performance varies in application, which inspired
the combination of hybrid approaches that combine classical feature engineering
methods with the use of transfer learning or solely a CNN architecture trained from
scratch targetting better performances for more challenges cases [Lostanlen et al.,
2019, Pahuja and Kumar, 2021, Gupta et al., 2021, Mohaghegh et al., 2023, Wang
et al., 2024b, Segura-Garcia et al., 2024]. The first topic of Chapter 2 explores the
combination of other traditional computer vision techniques to preprocess spec-
trograms with transfer learning based on a classical CNNs architecture.

The second of Caughley’s management actions targeted by this thesis relates to de-
creasing excessive populations. This action is commonly encountered in the daily
activity of agricultural research when studying the best approach for controlling
insect pests, for example [Tajmiri et al., 2017, Zainudin et al., 2023, Rajabpour,
2025]. Integrated Pest Management (IPM) is a research field that aims to develop
approaches for controlling insect pests by reducing their population density [Barz-
man et al., 2015, Deguine et al., 2021b]. The primary challenge in this field is
determining the optimal moment to apply a method that reduces population den-
sity, such as biological, chemical, or physical control [Benseddik et al., 2022, Byrne
et al., 2025]. Also, a combination of these approaches can be selected. However,
the question of when is the right moment to apply a method to reduce population
density remains open [Reilly and Elderd, 2014, Karmawati et al., 2025]. Authors
have proposed using different strategies based on insect population density levels,
such as establishing an economic threshold [Ragsdale et al., 2007, He et al., 2020]
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to predict the optimum intervention moment.

The application of statistical learning methods yielded promising results, provid-
ing valuable insights to address the stated problem Kishi et al. [2023b], Singh
et al. [2024b], Kumari et al. [2025]. The combination of biological features of
the studied population provides information for training statistical learning algo-
rithms. Potential features may be patterns of population density that occur prior
to an event of interest [Burant et al., 2021, Kiobia et al., 2025]. When the pop-
ulation density of a given insect pest species exceeds the accepted threshold, it
indicates an outbreak event [Paredes et al., 2022]. The definition of a threshold
depends on the specific insect pest population being studied [Bueno et al., 2010,
Chasen et al., 2015, Jiménez et al., 2021]. Also, specialists consider the potential
economic damage caused by the insect pest to determine this threshold [Chasen
et al., 2015, Zhou et al., 2024, Reisig and Huseth, 2025]. However, even with a
defined threshold, there is still a need to predict these events, mainly extreme
ones [Djaman et al., 2019, Lawton et al., 2022, Tajdar et al., 2025]. The combi-
nation of statistical learning and population patterns has the potential to develop
a novel interpretable statistical learning method. This question is explored by the
first topic of Chapter 3.

Insect pest population dynamics depend on several biological, chemical and physi-
cal properties of the studied pest species and their surrounding environment [Law-
ton et al., 2022, Boulanger et al., 2025]. Authors have demonstrated the influence
of climatic variables on the development of multiple insect pest species [Huang and
Li, 2015, Huang and Hao, 2020, Bapatla et al., 2022]. The studies typically em-
ploy controlled experiments to confirm such a causal influence Tajdar et al. [2025].
However, capturing the causal influence of climate variables on insect populations
in monitoring systems is more challenging than experiments due to random vari-
ation impacting population densities Tsoumas et al. [2025], Saberski et al. [2024].
Therefore, there is a need to develop new methods that aid researchers in inves-
tigating the causal relationship between these climatic variables and the insect
population, thereby improving insect abundance forecasting [Runge, 2023, Zipkin
and Doser, 2024]. The development of causal models is commonly encountered in
environmental science, climate change and other fields [Tsoumas et al., 2023]. The
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combination of causal analysis with the forecasting potential of statistical learning
algorithms presents an opportunity for further research and methodological devel-
opment, particularly in the entomological context. The second topic of Chapter 3
explores this question by developing a novel framework for insect forecasting that
combines statistical learning, dynamic systems techniques and Granger’s causality.

Overall, in chapter 2, we address the following research questions directly related
to conservation biology by examining Caughley’s management actions. In the
first application of chapter 2, this thesis explores the research question "Can spec-
trogram improve audio-based classification of nocturnal Brazilian avian species?"
based on the hypothesis that combining CNNs with this signal representation
can achieve accurate classification. For the second application, this thesis ex-
plores the research question "Can machine learning and computer vision methods
be integrated into the existing entomological framework?", with the independent
hypothesis that integrating concepts of classical machine vision within the ento-
mological context is feasible. Finally, for the third application, we explore the
following research question: "What combination of ML methods, new features and
augmentation techniques can enhance Anastrephas’s species classification?" and
the hypothesis associated with this question is based on the hypothesis that ex-
ploring various agumentation and machine learning techniques using a new wing’s
structure features can be a potential search space that allows the finding of better
approaches. For chapter 3, explore the following research questions directly as-
sociated with conservation biology by exploring Caughley’s management actions.
In the first application, we explore the question "Can numeric patterns before an
outbreak event be used to predict this phenomenon?" and the hypothesis associ-
ated with the question is that designing a new machine learning method based on
a similarity structure for patterns preceding an outbreak can provide competitive
performance and be a transparent method to practitioners. Finally, the second ap-
plication explores the question "Can statistical learning algorithms combine with
causal analysis improve insect abundance forecasting?" and hypothesizes that the
combination of statistical learning and dynamical systems with Granger’s causality
can be competitive with the current state of the art.
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1.2 Datasets used in this thesis
To explore the questions stated by this thesis, in the first topic of Chapter 2, we
used three datasets, with respectively histogram-equalised, grayscale, and coloured
spectrograms. All datasets contain 505 spectrogram images of size 150 × 150 with
6 classes containing 60-second audio clips of (1) Antrostomus rufus’s vocalisa-
tion, (2) Megascops choliba’s vocalisation, (3) both species vocalising together,
(4) Antrostomus rufus then Megascops choliba vocalisation, (5) Megascops choliba
then Antrostomus rufus vocalisation, and (6) background only sounds.

In the second topic of Chapter 2, we used a dataset of medically and forensically
important flies [Ong and Ahmad, 2022] to illustrate the machine vision pipeline
into the existing entomological classification framework. The dataset contains a
set of classified images which includes the genus Chrysomya (731), Lucilia (587),
Sarcophaga (570), Rhiniinae (488), and Stomorhina (500).

In the third topic of Chapter 2, a novel dataset of Anastrepha species from the
pseudoparallela group was used. The dataset will help elucidate the research ques-
tions related to assisting entomologists with classification problems for rare species.
The dataset contains images of the right-wing of 127 females from five species of
this group.

For both topics of Chapter 3, we used data from an aphid monitoring programme
implemented in Southern Brazil (State of Rio Grande do Sul, RS) from 2011 to
2019, totalling 424 observations. The dataset contains a weekly total of collected
aphids and climate covariates, including temperature, humidity, wind speed, and
other relevant features.

1.3 Outline of the thesis
The remainder of this thesis is organised as follows. In the first topic of Chap-
ter 2, we explored pre-processing techniques necessary for training CNNs applied
to avian species classification. We proposed using a pre-trained VGG16 CNN ar-
chitecture to identify two nocturnal avian species, namely Antrostomus rufus and
Megascops choliba, commonly encountered in Brazilian forests. Our collaborators
recorded sounds in 16-bit wave files at a sampling rate 44Hz and classified the
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presence of these species. With the classified wave files, we created additional
classes to visualise the performance of the VGG16 CNN architecture for detecting
both species. We had six categories containing 60 seconds of audio of species vo-
calisation combinations and background-only sounds. We produced spectrograms
using the information from each RGB channel, only one channel (grey-scale), and
applied the histogram equalisation technique to the grey-scale images. A com-
parison of system performance using histogram-equalised images and unmodified
images. Investigating the effect of the image pre-processing on the performance of
the CNN was a feature of this study. Moreover, to show the practical application
of our work, we created 51 minutes of audio, which contains more noise than the
presence of both species (a scenario commonly encountered in field surveys).

The second topic of Chapter 2 presented a proposal for integrating machine learn-
ing and computer vision methods into the existing entomological framework. The
chapter introduced applications of machine vision methods to identify and lo-
calise insects and features of their anatomy. We introduced the machine vision
pipeline, image descriptors and fundamental methods, such as thresholding, blob
and contour detection. Moreover, deep learning methods are applied for insect
classification, including deep neural networks, convolutional neural networks and
concepts of transfer learning. We presented a U-Net architecture trained with
the dataset of medically and forensically important flies for insect localisation.
Finally, we applied the dimensional reduction method PaCMAP to visualise the
features extracted from the fly datasets. The Grad-CAM method is used on the
flies datasets to assist insect object localisation.

The third topic of Chapter 2 contributed to automating the classification of the
species Anastrepha consobrina, Anastrepha curitis, Anastrepha dissimilis and Anas-
trepha sp colombo based on DL methods. This species group is known as pseu-
doparallela, and specimens of these species are economically important pests of
fruit crops. We used a three-fold cross-validation for training, tuning, and testing,
encompassing six permutations of these steps to assess the performance of the
learning algorithms. We explored transfer learning solutions and proposed a new
set of features based on each wing’s structure. We used the dual annealing algo-
rithm to optimise the hyperparameters of Deep Neural Networks, Random Forests,

11



1.3. Outline of the thesis

Decision Trees, and Support Vector Machines algorithms. Given the scarcity of
data, we utilised autoencoders and SMOTE algorithms to address the class imbal-
ance and augment the number of data samples from each specimen in the original
dataset. The utilisation of data augmentation methods for this context and the
effect on classification was discussed in the chapter.

In the first topic of Chapter 3, we propose the Pattern-Based Prediction (PBP)
method for predicting population outbreaks. It uses information on previous time
series values that precede an outbreak event as predictors of future outbreaks,
which can be helpful when monitoring pest species. We illustrate the methodology
using simulated datasets and an aphid time series obtained in wheat crops in
Southern Brazil. We benchmarked our results against established state-of-the-
art machine learning methods: Support Vector Machines, Deep Neural Networks,
Long Short Term Memory and Random Forests. The implemented PBP method is
available in Python through the pypbp package (https://pypbp-documentation.
readthedocs.io).

In the second topic of Chapter 3, we propose a new approach to select the ap-
propriate time for applying an intervention for reducing the insect pests based on
the causal effect of climate covariates and their abundance. We address this prob-
lem by combining statistics, machine learning, and time series embedding. We
pre-processed the data using our newly proposed approach and more straightfor-
ward approaches. We used a Random Forests algorithm to show that our novel
approach yields competitive forecasts as indicated by the Root Mean Squared Er-
ror obtained from test data. Finally, we compared the RF performance based on
one-step-ahead forecasts using the original dataset with all features, the dataset
obtained from the proposed causal approach, and two datasets based on insect
abundance, with delays of 3 and 6 time steps.

All proposed methods in this thesis were implemented using the R [R Core Team,
2025] and Python software. They are accessible on the author’s Github1 via three
public repositories. Finally, in Chapter 4, we conclude the thesis by proposing
topics for future research.

1https://github.com/GabrielRPalma
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CHAPTER 2
Machine Vision applied to animal

monitoring systems

This chapter’s contributions to Caughley’s management action related to monitor-
ing programs without additional actions over stable populations are based on the
analysis of preprocessing and feature engineering techniques applied to image and
audio-based monitoring of animals. The main focus of this Chapter is to propose
new approaches combining machine vision and learning methods to classify and
localise animal species. This Chapter explores the applications of feature engineer-
ing based on transfer learning and computer vision to aid animal monitoring by
introducing approaches for dealing with challenges in animal classification, such
as small and imbalanced datasets.

Overall, the Chapter will review current literature focused on the automatic clas-
sification of avian and insect species as case studies to present applications of
the combination of the discussed techniques. Three applications will be presented
in this Chapter. The first one describes the identification of avian species in
the context of soundscape ecology. The second application involves entomology,
specifically medically and forensically important flies of the order Diptera. The
last application also involves entomological applications. However, the focus is on
fruit fly species of the Anastrepha pseudoparallela group (Diptera: Tephritidae)
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[Araújo et al., 2024].

2.1 A machine vision system for avian song
classification with CNN’s

The contribution of this thesis application to the target Caughley’s management
action focuses on the context of soundscape ecology, specifically on using spectro-
grams of avian vocalisations as input data for pre-trained CNN classification. The
demonstrated feasibility of pre-trained CNNs has direct implications for future
work on audio-based classification of avian species, given the challenges of man-
ual identification. The manual identification process involves using sound-based
features, such as the frequency content of a given signal. Also, specialists study-
ing avian species can further convert this signal into spectrograms to manually
determine their scientific names.

Based on the promising results of deep learning methods, such as Convolution
Neural Networks (CNNs) in image classification, here we propose the use of a pre-
trained VGG16 CNN architecture to identify two nocturnal avian species, namely
Antrostomus rufus and Megascops choliba, commonly encountered in Brazilian
forests. Monitoring the abundance of these species is important to ecologists to
develop conservation programmes, detect environmental disturbances and assess
the impact of human action. Specialists recorded sounds in 16-bit wave files at
a sampling rate of 44kHz and classified the presence of these species. With the
classified wave files, we created additional classes to visualise the performance
of the VGG16 CNN architecture for detecting both species. We end up with
six categories containing 60 seconds of audio of species vocalisation combinations
and background only sounds. We produced spectrograms using the information
from each RGB channel, only one channel (grey-scale), and applied the histogram
equalisation technique to the grey-scale images. A comparison of the system per-
formance using histogram equalised images and unmodified images was made.
Histogram equalisation improves the contrast, and so the visibility to the human
observer. Investigating the effect of histogram equalisation on the performance of
the CNN was a feature of this study. Moreover, to show the practical applica-
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tion of our work, we created 51 minutes of audio, which contains more noise than
the presence of both species (a scenario commonly encountered in field surveys).
Our results showed that the trained VGG16 CNN produced, after 8000 epochs,
a training accuracy of 100% for the three approaches. The test accuracy was
80.64%, 75.26%, and 67.74% for the RGB, grey-scaled, and histogram equalised
approaches. The method’s accuracy on the synthetic audio file of 51 minutes was
92.15%. This accuracy level reveals the potential of CNN architectures in au-
tomating species detection and identification by sound using passive monitoring.
Our results suggest that using coloured images to represent the spectrogram better
generalises the classification than grey-scale and histogram equalised images. This
study might develop future avian monitoring programmes based on passive sound
recording, which significantly enhances sampling size without increasing cost.

2.1.1 Introduction

Figure 2.1: Antrostomus rufus and
Megascops choliba species. These pic-
tures were provided respectively by
Rafael Cerqueira and Rafael Martos Mar-
tins.

As described in session 1, soundscape
ecology involves studies of bioacoustics,
landscape ecology, community ecology
and engineering to answer research
questions. The combination of those
disciplines benefits the zoological and
ethological communities by providing
a theoretical framework grounded in a
broad ecological context, a wealth of
long-term soundscape collections from
around the world, methods optimising
acoustic monitoring, and the analysis
of acoustic big-data Gasc et al. [2017].
The collection of acoustic data involves a high volume, high acquisition rate and a
variety of signals Gasc et al. [2017], Pijanowski et al. [2011], showing the necessity
of new methods to analyse acoustic big-data
Emmanuel and Stanier [2016], Brunsdon and Comber [2020]. Consequently, the
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zoological and ethological communities can also benefit from Deep Learning (DL)
techniques.

Creating new methods that automate identifying avian species based on spectro-
grams will provide several gains for the zoological and ethological communities.
Among the possible ways to analyse signals from natural sounds, the Fourier trans-
formation coupled with the Gabor transformation offers many benefits for a visual
interpretation of avian songs. However, understanding spectrograms is a challenge
for biologists requiring effort to train researchers to detect species. This necessity
of rigorous training to achieve high accuracy in classifying avians led to an oppor-
tunity for the application of deep learning methods Zhang et al. [2019], Ruff et al.
[2020, 2021], Hidayat et al. [2021], Permana et al. [2021], Bravo Sanchez et al.
[2021]. Brazilian biomes represent excellent opportunities to study the application
of these methods given the vast diversity of avian species. Therefore, this chap-
ter has two main objectives: i) to implement an algorithm capable of detecting
two Brazilian species of nocturnal avians, and ii) to evaluate the impact of image
pre-processing on species classification.

2.1.2 State of the Art
Spectrograms have been widely used by specialists seeking to identify avian species
by their vocalisations [Jahn et al., 2017]. As this manual task of inspecting spec-
trogram and identifying features can be time-consuming, especially based on the
amount of audio files with the absence of relevant signals, several researchers have
implemented Deep Learning (DL) algorithms to automate this process [Gupta
et al., 2021, Garcia et al., 2024, Heinrich et al., 2025]. Also, DL has been applied
in soundscape ecology, zoology and ethology research projects were primarily in-
terested in species identification Selin et al. [2006], Chou et al. [2007], Sprengel
et al. [2016], Lasseck [2018b], Christin et al. [2018], Sankupellay and Konovalov
[2018], Lasseck [2018a], Zhang et al. [2019], Koh et al. [2019], Ruff et al. [2020],
LeBien et al. [2020], Ruff et al. [2021], Huang and Basanta [2021], Campos Paula
et al. [2022]. Widely used algorithms in this context are Deep Neural Networks and
Convolutional Neural Networks (CNNs) Ruff et al. [2020], Christin et al. [2018],
Zhang et al. [2019], Ruff et al. [2021], Hidayat et al. [2021], Kahl et al. [2021],
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Permana et al. [2021], Disabato et al. [2021]. Over the last year, studies showed
good Deep Learning performances on avian species identification based on their
sounds using mainly the Deep Neural Networks and CNN architectures Kahl et al.
[2021], Ruff et al. [2021], Hidayat et al. [2021], Permana et al. [2021]. These re-
searchers focussed their effort on classifying species and applying different image
pre-processing techniques. An example of this approach was evaluating the effect
of grey-scale and jet colour map Spectrogram on the accuracy of avian species
classification Incze et al. [2018].

2.1.3 Methods
We experimented with 20 autonomous acoustic recording units in Angatuba (São
Paulo - Brazil) to monitor two nocturnal species. Specialists recorded sounds
in 16-bit wave files at a sampling rate of 44kHz. These recordings followed a
discontinuous protocol (1-minute recordings in 3-minute intervals) 24 hours a day,
for 15 days during 6 months.

We selected nocturnal avians because, at night, other sounds such as biophony,
and anthrophony are not so evident Gasc et al. [2017]. Also, these species are
common in Brazil and produce sounds with almost no variation and constant am-
plitude. With the classified wave files, we created additional classes to visualise the
performance of the VGG16 CNN method (see Figure 2.3 for details) for detecting
both species. We created 6 classes containing 60-second audio clips of (1) Antros-
tomus rufus’s vocalisation, (2) Megascops choliba’s vocalisation, (3) both species
vocalising together, (4) Antrostomus rufus then Megascops choliba vocalisation,
(5) Megascops choliba then Antrostomus rufus vocalisation, and (6) background
only sounds. Specialists classified the presence of Antrostomus rufus, Megascops
choliba, and the background sound using the Raven Pro 1.4 software (Bioacoustic
Research Program, 2011). Experts in this field performed the provided classifica-
tion, and labels were assigned to every 60-second audio segment based on features
commonly used to identify these species.

Then, based on the Gabor transformation of the audio frequency data, using the
spectrogram we produced colour images - one per RGB channel, only one channel
(grey-scale), and applied the histogram equalisation technique on the grey-scale
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Figure 2.2: spectrograms of Antrostomus rufus’s vocalisation, Megascops choliba’s
vocalisation, both species vocalising together, Antrostomus rufus than Megascops
choliba vacalization, Megascops choliba than Antrostomus rufus vocalisation. The
diagram also shows the differences between grey-scale, histogram equalised and
coloured images.

images to better visualise the contrasts of the spectrograms. Histogram equalisa-
tion was used to maintain the spatial and dynamic range properties of the image.
Other enhancements, such as Gaussian filtering and thresholding were rejected in
this study as they reduce the information of the image. Thus, we compiled a data
set containing 505 images of size 150 × 150 (Figure 2.2), the dataset contained 98,
43, 100, 100, 100, and 65 images for respectively (1) Antrostomus rufus’s vocali-
sation, (2) Megascops choliba’s vocalisation, (3) both species vocalising together,
(4) Antrostomus rufus then Megascops choliba vocalisation, (5) Megascops choliba
then Antrostomus rufus vocalisation, and (6) background only sounds. The feature
extraction was based on convolution and pooling operations, and the parameters
were optimised using the ImageNet data set (Chollet [2018]; Wani et al. [2020];
Simonyan and Zisserman [2014]). Then, using the feature maps with size 4 × 4
provided by the pre-trained model, we trained two additional densely connected
layers with a dropout rate of 0.5 to identify the nocturnal avian species (see Fig-
ure 2.3 for an illustration of these operations). We used 80% of the data (412
images) for training and 20% (93 images) to test the proposed CNN architecture’s
performance. We used 8000 epochs to compute the method’s accuracy, precision,
and recall.
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Finally, to show the practical application of our work, we created two audio files of
51 minutes, which contains more noise than the presence of both species. This is
a common scenario encountered in field surveys, and it consumes a representative
amount of time from researchers that analyse such data. The first audio file con-
tains both species singing together more frequently, and in the second one, both
species sing alone more regularly. To construct them, we selected spectrograms
from the test data and reordered them to create the 51-minute audio file.

Figure 2.3: Scheme representing the pretrained VGG16 CNN architecture and
the additional layers used to train the model. The convolution, max-pooling and
dropout operations are represented in orange, red and green, respectively. Finally,
densely connected (DC) layers are added with two activation functions: ReLU
before the dropout and softmax afterwards.

2.1.4 Results
Figure 2.4 shows the accuracy, precision and recall metrics obtained from the CNN
VGG16 architecture using the selected pre-processing spectrograms. The trained
VGG16 CNN produced, after 8000 epochs, a training accuracy of 100% for the
three approaches. The test accuracy was 80.64%, 75.26%, and 67.74% for the
RGB, grey-scaled, and histogram equalised approaches. It indicates that the CNN
trained with coloured images provided a better generalisation than the one based
on histogram equalised or grey-scale images. The decision to explore spectrogram
formats is based on the origin of the pretrained dataset of the proposed CNN.
As VGG16 was pretrained on RGB images, one possible explanation for the bet-
ter accuracy may lie in this. However, we found this result curious, and further
investigation is needed to reach concrete conclusions.
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Considering the experimental optimised parameters of the CNN introduced with
coloured pictures, the accuracy on the synthetic audio file of 51 minutes presented
in Figure 2.5 was 92.15% and in Figure 2.6 was 76.47%. The sequence created for
Figure 2.5 investigated the system’s performance when the species are vocalising
at the same time. Figure 2.6 focusses on the performance when the species sing
at different times. It indicates that the system with this approach would help the
researcher identify the presence of these two species on a large dataset containing
more noise than the individuals themselves. In Table 2.1, we present the confusion
matrix provided by the VGG16 architecture trained utilising the information from
each RGB channel.

Finally, this pilot study shows promising results indicating an optimistic scenario
for improved DL studies of this kind to automate the detection of nocturnal avian
species in Brazil. We identify the following limitations of this study. The first re-
lates to the class imbalance, which was not accounted for in the analysis. Secondly,
we have data scarcity in both the training and testing sets. The study demon-
strates the feasibility of using spectrograms to classify the studied avian species;
however, further work with larger sample sizes is needed to improve model gener-
alisation. That work should implement early stopping rules, show learning curve
diagnostics, and include a baseline to make comparative performance judgments.
The final limitation concerns the limited number of nocturnal species studied. Our
study demonstrates the feasibility of classifying these species in a highly restricted
scenario, where little noise is present in the audio files. Therefore, further inves-
tigation of different periods, locations, and even seasons provides fruitful future
work.

2.1.5 Conclusion
The obtained validation accuracy shows the feasibility of the pre-trained VGG16
architecture in detecting the studied avian species. Also, given the number of
classes presented in this this chapter, including the presence of both species and
noise, our results show a good perspective for further investigation of soundscape
studies, including other species. Our results suggest that using coloured images to
represent the spectrogram generalises the classification better than grey-scale and
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Figure 2.4: Accuracy, precision and recall metrics of the CNN VGG16 architecture
for the train and test data using 8000 epochs. Green, grey and black lines result
from architectures trained utilising the information from each RGB channel, only
one channel (grey-scale), and applied the histogram equalisation technique on the
grey-scale images.

histogram equalised images. This study will serve as a basis for developing a future
animal monitoring program based on passive recording sound, which significantly
enhances sampling efforts without increasing cost. Finally, as future work, we will
explore new advancements in end-to-end models that process audio as a time series
using architectures, such as transformers.
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Predicted

Observed

Antrostomus rufus Antrostomus rufus Both species Megascops choliba Megascops choliba Noise
before before

Megascops choliba Antrostomus rufus
Antrostomus rufus

before 19 0 0 1 0 0
Antrostomus rufus

Antrostomus rufus 0 11 5 0 1 0

Both species 0 3 13 0 3 0

Megascops choliba
before 1 0 0 17 0 0

Antrostomus rufus

Megascops choliba 0 0 3 0 4 0

Noise 0 0 1 0 0 11

Table 2.1: A confusion matrix produced based on the predictions of the CNN
VGG16 architecture trained utilising the information from each RGB channel.

Figure 2.5: Detection of the studied species based on the CNN VGG16 architecture
using 51 minutes of audio showing the practical application of our results. The
green line represents the detection of the CNN and the black line is the real class
detected by the specialists. For this dataset, we obtain an accuracy of 92.15%.

22



2.2. Machine Vision Applied to Entomology

Figure 2.6: Detection of the studied species based on the CNN VGG16 architecture
using 51 minutes of audio showing the practical application of our results. The
green line represents the detection of the CNN and the black line is the real class
detected by the specialists. For this dataset, we obtain an accuracy of 76.47%.

2.2 Machine Vision Applied to Entomology
The contribution of this next thesis application to the target Caughley’s manage-
ment action presents a proposal for integrating machine learning and computer
vision methods into the existing entomological framework. The application cover
existing techniques involving Machine vision to solve practical challenges faced
by the entomological community. Machine vision is an interdisciplinary field that
combines methods from computer vision and machine learning, mainly deep learn-
ing to solve issues. Common issues, such as classification and localisation are
typical examples that combine these research fields. These techniques have many
applications in entomology. In the entomological context, classification methods
identify insect species or features of an insect, and localisation methods return
their position within a scene. The available techniques for localisation and classifi-
cation benefit the entomological community by assisting specialists. This applica-
tion introduces the use of machine vision methods to identify and localise insects,
and the features of their anatomy. The machine vision pipeline, image descrip-
tors and fundamental methods, such as thresholding, blob and contour detection,
are presented. Deep Learning (DL) methods are applied for insect classification,
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focusing on Deep Neural Networks and Convolutional Neural Networks (CNNs),
including concepts of transfer learning applied to insect classification. A dataset
of medically and forensically important flies, Diptera are used to illustrate these
methods. CNN-based methods are described for insect localisation, and semantic
segmentation using the U-Net architecture trained on the dataset of flies is pre-
sented. The dimensional reduction method PaCMAP is applied to visualise the
feature extracted from the fly datasets. The Grad-CAM method is used on the
flies datasets to assist insect object localisation. Finally, different platforms of com-
puting are presented and compared under three different metrics of performance,
power consumption and operating temperature.

2.2.1 Introduction
Taxonomic classification is one of the pillars required for implementing Integrated
Pest Management (IPM) methods Jaleel et al. [2018], Deguine et al. [2021a], Shim-
bori1 et al. [2023]. It allows the identification of important pests with a detailed
description of their biology. Researchers use the biological information gathered
by entomologists to create management theories, yielding essential technologies to
control the insect pest population Stenberg et al. [2021]. These new findings pos-
itively impact our society, for example, the economic gains that biological control
has offered to agriculture. These gains can reduce environmental impact and cost
and enhance food security Bale et al. [2008], van Wilgen et al. [2020], Stenberg
et al. [2021].

Entomological research has provided direct contributions to the control of pest
management in agriculture, such as the introduction of the species Tamarixia
radiata that allowed the biological control of the pest Diaphorina citri Étienne
et al. [2001], Qureshi et al. [2009], Chow and Sétamou [2022]. The description and
identification of parasitoid species Trichogramma galloi (Zucchi, 1988) acted as an
important insect for the management of Diatraea saccharalis Cônsoli and Parra
[1996], Camarozano et al. [2021]. These studies also present the spatial distribution
of the targeted species and recommendations about the parasitism rate. The
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biological descriptions allow further research and quantitative approaches, such as
mathematical, statistical and computational modelling Camarozano et al. [2021].

In addition, entomological research offers vital information to wildlife conservation
by gathering awareness of global biodiversity and providing evidence of collected
species with clear documentation in national museums as evidence. As this is such
an important field, many researchers have tried to develop techniques to automate
insect identification. By combining the collected knowledge from computer vision,
deep learning, and labelled datasets created by entomologists, it is now possible to
create algorithms that can automate or assist the classification of insects in differ-
ent taxonomical levels, such as order Ozdemir and Kunduraci [2022], genus Ong
and Ahmad [2022] and species Thenmozhi and Reddy [2019].

Several researchers have implemented computer vision techniques to automate in-
sect identification of species such as Bemisia tabaci, Sesamia inferens, Chilo sup-
pressalis, Zayas and Flinn [1998], Zhigang et al. [2003], Larios et al. [2008], Solis-
Sánchez et al. [2009], Yang et al. [2010], Asefpour Vakilian and Massah [2013],
Favret and Sieracki [2016], Qing et al. [2020], Kasinathan and Uyyala [2021], Kasi-
nathan et al. [2021]. These results have shown promising results by obtaining fea-
tures and applying machine learning algorithms, such as Support Vector Machines
(SVM), Deep Neural Networks (DNNs), Linear Discriminant Analysis (LDA), and
Random Forest (RF) Hastie et al. [2004], Goodfellow et al. [2016], Mello and Ponti
[2018], Wani et al. [2020] to classify the species. These results illustrate the feasi-
bility of combining machine learning and vision methods.

The introduction of deep Learning methods based on Deep Neural Networks has
expanded machine vision applications and enhanced the performance of the avail-
able methods. With this new toolkit of methods, the identification and localisation
of insects within images entered a new stage of accuracy. Several papers presented
the applications of deep learning methods on insect identification and localisation
of Apis melifera, Spodoptera frugiperda, Diabrotica speciosa, fruit flies of the genus
Anastrepha, and different species of mosquitoes including Aedes aegypti Leonardo
et al. [2018a], Dawei et al. [2019], Peng et al. [2019], Patel and Bhatt [2021], Naufal
et al. [2021], Shen et al. [2021], Martins et al. [2019a], Souza et al. [2019], Tetila
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et al. [2019], Hansen et al. [2020], Kaur et al. [2022], Silveira et al. [2021], Zhang
et al. [2022], Feng et al. [2022]. These examples showed promising results for the
implementation of automated insect identification based on the combination of
machine vision and deep learning methods.

Multiple methods based on Deep Neural Networks (DNN) have been used to
identify insect species based on extracted features from the insects within im-
ages Huynh et al. [2019], Shi et al. [2020], Toscano-Miranda et al. [2022], Salifu
et al. [2022]. Feature extraction consists of using machine vision, signal processing
and statistical methods or a combination of these methods to obtain relevant fea-
tures of an insect that are then used to identify and train DNNs or other machine
learning techniques to classify the selected insect species Szeliski [2022]. Principal
Component Analysis (PCA), sparse coding, and scale-invariant feature transforms
are examples of these methods Martineau et al. [2017], Kasinathan and Uyyala
[2021], Kasinathan et al. [2021]. Biological features can be extracted based on
geometric morphometrics techniques, such as the Elliptic Fourier features method
Tatsuta et al. [2018]. Geometric morphometrics involves techniques to study scale
and shape relationships of structures using Cartesian geometric coordinates rather
than linear, areal (of area), or volumetric variables.

One of the essential techniques that linked machine vision with deep learning
methods was the introduction of Convolutional Neural Networks (CNNs) LeCun
et al. [1989]. CNN-based methods include a variety of architectures that provide
higher performance for classification and localisation tasks Goodfellow et al. [2016],
Wani et al. [2020]. These architectures vary in the number and type of operations
used in their pipeline. Several papers used different CNN architectures to automate
the identification of multiple taxa of insects, including VGG-16, LeNet, AlexNet,
Xception and EfficientNet architectures. Novel methods combining CNN methods
with metadata have shown promising results for insect identification Thenmozhi
and Reddy [2019], Tetila et al. [2019], Kuzuhara et al. [2020], Wang et al. [2021],
Høye et al. [2021a], Rimal et al. [2022], Wang [2022]. Additionally, for localisation
tasks, methods such as U-Net Ronneberger et al. [2015b], R-CNN Girshick et al.
[2014], Fast R-CNN, Cascade R-CNN, and You Only Look Once (YOLO) are
commonly used in research Høye et al. [2021a], Zha et al. [2021], Cheng et al.
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[2022], Hong et al. [2022].

The main goal of this chapter is to introduce the application of vision methods
used to identify and localise insects. In Section 2.2.2, the machine vision pipeline,
image descriptors and fundamental methods, such as thresholding, blob and con-
tour detection are presented. In section 2.2.3, Deep Learning (DL) methods are
applied for insect classification, focusing on Deep Neural Networks and Convolu-
tional Neural Networks (CNNs), including concepts of transfer learning applied
to insect classification. To illustrate these methods, a dataset of medically and
forensically important flies Diptera are used to illustrate these methods. In Sec-
tion 2.2.4, CNN-based methods are described for insect localisation, and semantic
segmentation using the U-Net architecture trained on the dataset of flies is pre-
sented. In addition, an object detection algorithm called You Only Look Once
(YOLO) is explored. In Section 2.2.5, different computing platforms are presented
and compared under three different metrics of performance, power consumption
and operating temperature.

2.2.2 Machine Vision Pipeline
Computer vision focuses on the extraction of information from images. Machine
vision extends the focus to the integration and automation of the techniques, con-
verting an image into useful information that can be obtained using a standard
workflow. A typical workflow that can be applied to many image processing meth-
ods is shown in Figure 2.7. Modern machine vision methods integrate machine
learning algorithms into the workflow. Typically, machine learning algorithms
assist with segmentation, classification and localisation.

Capture: This involves choosing and configuring suitable equipment to capture
images of sufficient quality to pass into the machine vision pipeline. The main
imaging devices and cameras used to capture images relating to pest species de-
tection include microscopes, camera traps, mobile phones and SLR cameras. Other
technologies, such as sonification, can also produce images Palma et al. [2022].

Specifying a camera sensor suitable for a specific application requires consideration
of colour sensitivity (how close to an actual colour a camera can record), spectral
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Figure 2.7: Overview of a machine vision pipeline workflow.

range (range of wavelengths a camera can capture), resolution (number of pixels in
an image), dynamic range (contrast ratio between the darkest and brightest colour
tones), shutter control, and framerate (number of images a camera can capture in
a second to produce a video). The choice of lenses attached to the camera requires
consideration of the aperture (which governs the amount of light the lens gathers),
the field of view (the extent of the world visible to the camera), distortion (the
aberrations that can cause straight lines to curve), and chromatic aberration (the
effects caused by lens focus varying with colour). Lenses have standard mounts
and are designed for specific sensor sizes. Adjustable lenses can change the field
of view, apperture and adjust the focus. Lighting is an important component
of image capture. The correct choice of lighting can reduce shadow and prevent
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motion blurring. Multispectral and coloured light sources can be used to enhance
features in the scene.

A pinhole camera is the fundamental computational model used in computer vi-
sion. Real cameras use lenses which introduce distortion. In addition, the lenses
can be misaligned with the imaging sensor that detects information to make an im-
age. In most cases, a camera is calibrated using multiple views of a chequerboard.
This process returns a transformation matrix that corrects the distortions in the
images captured Szeliski [2022]. For many applications, it is possible to process the
images without calibration. It is essential to calibrate images when the geometry
is necessary, such as measurements of length and area being made. Entomology
work in the field introduces additional factors, including power consumption and
storage capacity.

There are three main options for field data collection; digital video recording saved
to local storage, network streaming, and live classification. Each different method
was examined (see Table 2.2). Local storage and network streaming do not require
high computational power and can easily run at camera source resolution and
framerate. However, for local storage the data produced will need to be stored
on a device which can become a problem for long recording sessions. Network
streaming does not have the problem of requiring a large storage device in the
field, but it does need a stable network connection and a relatively high network
bandwidth to transmit the data to a computer not in the field. Live classification
is perhaps the most challenging as while it doesn’t require large amounts of storage
or a network connection, it does require higher computational power to operate
at higher framerates. It also allows a real-time record of pest detections within
a preselected area without human intervention. The effect that such a camera
trap has on the experiments should be considered though, this is included in the
experimental design of the edge computing experiment, Section 2.2.4.

Enhance: Enhancement is a pre-processing step that modifies an image to assist
with the segmentation. Modifications to an image made by enhancement include
conversion of colour to greyscale (a black and white image), edge detection, fil-
tering, and thresholding (identifying features of an image using their pixel value).
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Table 2.2: Resolution, framerate, power consumption, storage requirements, net-
work bandwidth requirements for recording to storage, network streaming and live
classification of insects (N = Number of detections, N > 0).

Local Storage Network Streaming Live Detection (YOLOv5)
Framerate(Fps) 30 30 0.2
Potential(V) 5.05 5.03 5.06
Current(A) 0.9 0.79 0.75
Power(W) 4.55 3.97 3.8
Storage Requirements (B) 36,864 * seconds recorded 1,228.8 floor(log2 N + 1)
Network Bandwidth (B/s) 0 36,864 0

The filters available include Prewitt, Sobel, Gaussian, Fourier, and Median. The
purpose of filters can be to enhance edges and reduce noise. Typically, the Prewitt
and Sobel enhance edges, the Gaussian filter is used to blur the image, and the
median filter can reduce salt and pepper noise. Fourier filtering allows full control
of the spatial frequencies contained in an image. If the camera and scene are not
moving, it is possible to use background subtraction to separate the insect from the
scene. A codebook algorithm can perform background subtraction in cases where
removing the insect from the scene at the start is not possible. Image histogram
equalisation modifies the image to equalise the number of pixels for each greyscale
value in the image. This enhances the visual contrast but should be used with
caution as a pre-processing step in machine learning algorithms as it can reduce
the information in the image.

Segment: Segmentation takes an image as input and returns a list of image fea-
tures. The image features include blobs, lines and contours. A blob is a connected
set of pixels in a thresholded image. A Hough transform identifies pixels that
belong to lines in the image. The contour describes the bounding pixels of a seg-
mented region. In addition, machine learning methods can be used to segment
images semantically, such as the U-Net architecture. The example presented in
Section 2.2.4 demonstrates the method.

Feature extraction describes each segmented region of the image. Regions of
interest have features which include area, location, eccentricity, and centre of grav-
ity (centroid). These features can be extracted from the image as image moments.
The image features can be used to characterise each segmented region. After
feature extraction, the image is described by its features rather than its pixels.
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Classification reduces the features associated with each segmented region to a
single category. Classification provides a semantic label or name (e.g. a species
name) associated with the whole image or a region of the image.

Localisation returns the position of the classified feature in the image. The addi-
tional step of localisation can be computationally intensive. Typically, localisation
returns a bounding box (box that surrounds a classified features) or mask (that
can define classified feature exactly) that intersects each instance of the classified
object.

To illustrate the machine vision pipeline, a dataset of medically, and forensically
important flies Ong and Ahmad [2022] will be used. The dataset’s images were
captured using a digital single-lens reflex (DSLR) camera (Canon EOS 50D, 15.0
MP APS-C CMOS Sensor) with Tamron 90mm f/2.8 Di Macro. The insects were
placed in a lightbox 30 × 30 × 30 cm with 34W white light illumination Ong and
Ahmad [2022]. The insects were held in place by a pin. Multiple views of the
specimens were recorded Ong and Ahmad [2022]. The dataset contains a set of
classified images which includes the taxonomic groups Chrysomya (731), Lucilia
(587), Sarcophaga (570), Rhiniinae (488), and Stomorhina (500). Each RGB image
was 224 × 224 pixels.

The images were enhanced by applying classical computer vision methods to
obtain a new dataset containing images of the insect specimen with the pin and
background removed. In addition, the insect’s position within the image was
moved to the centre. The following datasets were created: the original image set,
a modified image set with pins removed, and a modified re-centred image set with
pin and background removed.

To remove the pins in the images, the image’s colour was changed to greyscale,
then the adaptive thresholding was implemented to separate the insect and the
pin from the image background. Hough transformation was applied to detect the
line intersecting the pin coordinates for the thresholded image (see Figure 2.8 for
a representation of the steps used). A mask the same size as the original image
was created where points on the Hough lines were belonging to the pin were set
true and all other pixel false. The thresholded image was dilated four times using
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Figure 2.8: The approach used to obtain images of the insects without the pin.
The first image contains the mask of the insect, and the second shows the Hough
line of the pin. The third image presents the result of the operation combining
both masks, and the last image contains the insect with the pin removed.

kernels (matrices of set values applied over an entire image) of size 3 × 3. This
joined regions that were close together. The resulted image was eroded seven
times using a kernel of size 3 × 3. This reduced the size of each feature without
reintroducing gaps in the features and also removed the pin.

The region of the eroded image that contains the insect specimen was segmented
by finding its contours. This operation creates the insect mask, which will later
be used to enhance the image. The contours within the bounds expected for an
insect were selected to create a mask containing only the insect specimen, MF (see
Figure 2.9). A logical combination of the pin mask, ML, and the insect mask was
used to separate them.

For each pixel location in the altered image, where the pin is true, and the back-
ground is false, pixels were transferred to a new reconstructed image using an
interpolation algorithm. Working along a line, the pixel values on either side of
the pin were identified. Linear interpolation was used to generate pixel values be-
tween these two points and add them to the reconstructed image. In all the other
cases, the pixel value was transferred from the altered image to the reconstructed
image. This removes the pin for regions outside of the insect mask only. The
morphological operation of the steps required to remove the pin is described by
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Figure 2.9: Hough lines were used to find and remove the pins in each image
of insects. The approach started with the original coloured image. The original
image was transformed to a greyscale image. An adaptive thresholding method
was then used. Finally, a Hough transformation was applied to the thresholded
image to extract the exact position of the pin.

the equation below:

INP (x, y) =

 IP (x, y) if MF &ML,

I(x, y) otherwise

where
I(x, y) = IP (xmin, y) x − xmin

xmax − xmin

+ IP (xmax, y) xmax − x

xmax − xmin

is the interpolation operation, IP is the image of the insect with pin, INP is the
reconstructed image without pin, MF is the mask of the insect specimen, and ML

the mask of the Hough line. A dataset of insects without pins was created by
applying the steps to all images of the original image set. An alternative approach
to segmentation uses CNN-based methods to classify individual pixels. U-Net
is a popular architecture for completing this. The output of this approach is an
image with features that can be extracted. This approach is used in Section 2.2.4.

The second dataset of images was created with background pixels removed and
the pin removed. The object was translated so that the insect’s centre of gravity
was positioned at the centre of the image. The translation reduces the classifier’s
generalisation to detect insects in any image region, therefore is a risk of turning
the centre of gravity into a feature the classifier might use. The effect of centring
on performance was marginal and is discussed in Section 2.2.3.
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Figure 2.10: Dataset of medically and forensically important flies Ong and Ahmad
[2022], and the new datasets created using previously mentioned computer vision
techniques. The illustration presents the species taxonomic group in the columns
and the dataset type in rows: original, no pin, no background and centred datasets.

After applying the computer vision techniques, three datasets were compiled (see
Figure 2.10). To perform the feature extraction process, the contours of each
image were used to extract its aspect ratio and area of the insect. Coloured images
contain Red (R), Green (G) and Blue (B) values for every pixel, the combined value
is sometimes referred to as RGB. The average, 2.5% and 97.5% percentile of RGB
was obtained from the region which contained the insect in each image. A dataset
containing eleven features was assembled. The features included the colour and
shape of the insect specimens (see Table 2.3).

To classify the flies’ taxonomic group, the colour and shape features (see Ta-
ble 2.3) were used to train a deep neural network algorithm. A convolutional
neural network was trained using the fly images (see Figure 2.10). The parameters
of a typical CNN were estimated using the TensorFlow package with the Python
programming language. In addition, Transfer Learning (TL) concepts were intro-
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Table 2.3: A sample of the feature-based dataset obtained from the medically and
forensically important flies dataset Ong and Ahmad [2022]. The features obtained
was the contour aspect ratio (Ratio), contour area (Area), average R pixels (R̄),
average G pixels (Ḡ), average B pixels (B̄), 2.5% percentile of R pixels (R2.5%),
2.5% percentile of G pixels (G2.5%), 2.5% percentile of B pixels (B2.5%), 97.5%
percentile of R pixels (R2.5%), 97.5% percentile of G pixels (G2.5%), and 97.5%
percentile of B pixels (B2.5%). The column Class represents the names given to
the taxonomic group of flies (genus or subfamily).

Ratio Area R̄ Ḡ B̄ R2.5% G2.5% B2.5% R97.5% G97.5% B97.5% Class
0.95 5748 220 219 221 51 56 62 238 238 239 Lucilia
1.27 7164 198 194 197 48 36 47 215 215 216 Rhiniinae
0.86 6956 213 211 212 43 37 40 233 233 233 Chrysomya
0.41 3500 189 187 188 72 48 63 199 199 199 Stomorhina
1.17 7045 208 206 208 52 44 51 226 226 227 Sarcophaga

duced using a pre-training CNN architecture called VGG-16, a typical architecture
used in TL literature.

2.2.3 Insect Classification using Deep Learning Methods
As mentioned previously, Deep Neural Networks (DNNs) and Convolutional Neural
Networks (CNNs) are two deep learning methods. DNNs and CNNs are supervised
learning forms, meaning they use labelled data to learn. DNNs are a set of nodes
and edges. The nodes are called neurons and each neuron contains a numerical
value which is referred to as its activation. Neurons are split into different layers.
There are three different types of layers: the input layer, hidden layer and output
layer. The input layer takes an input. For example, in an image of 10*10 pixels a
DNN would have 100 neurons in the input layer with each neuron representing a
greyscale value of each pixel in the image (this operation can be completed with
coloured images too). The output layer contains the same number of neurons as
possible classes for the image to be classified. A class is usually selected when
the neuron in the output layer representing the class has a higher activation than
any other neuron in the output layer. The hidden layer consists of one or more
layers each comprising of neurons. Layers within the hidden layer don’t directly
correspond to an input or output but act to convert an input to a correctly classified
output.
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Every neuron in every layer (excluding the input layer) of a DNN has edges con-
nected to every neuron from the previous layer. These edges are usually referred
to as connections which set the activation of the current neuron. The connections
contain a weight which is multiplied by each neuron’s activation from the previous
layer. The weighted value produced by every neuron from the previous layer is
then summed and an additional value called ‘bias’ is added. The value produced
could be any real value, but different neuron activations must all be relatively
close in value. To fix this the value is inputted into an activation function such
as Sigmoid, Rectified Linear Unit (ReLU), Parameterized Rectified Linear Unit
(PReLU), Leaky ReLU or hyperbolic tangent (Tanh), which maps values inputted
to values within a smaller range. This re-mapped value is set as the current neu-
ron’s activation.

DNN is a supervised learning algorithm that estimates their parameters based on
labelled data. Let x1,1, . . . , xi,k, . . . , xI,K be input variables where I is the number
of observations, and K is the number of features and neurons of an input layer
from a DNN. Here, these features and labels are presented in Table 2.3. A simple
DNN illustration is presented in Figure 2.11 showing an architecture with K input
neurons, J hidden neurons and one output neuron. It illustrates the weights wh

k,j

and wo
k,j where j ∈ {1, . . . , J} and k ∈ {1, . . . , K} for, respectively, hidden and

output layers. Also, it shows the biases for both layers θh
j and θo

1 and the activation
function f(x), which can be one of the functions presented in Table 2.4, or others
recently proposed Zhang et al. [2021].

Table 2.4: Examples of Activation functions commonly used in Deep learning
methods.

Activation Function Equation
Sigmoid f(x) = 1

1+exp (−x)

Tanh f(x) = 1−exp(−2x)
1+exp (−2x)

ReLU f(x) = max(0, x)
PReLU f(x) = max(0, x) + α min(0, x)

Leaky ReLU f(x) =

max(0, x), if x ≥ 0
α max(0, x), otherwise
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DNNs utilise linear combinations, which are represented here by

neth
i,j =

K∑
k

wh
k,jxi,k + θh

j

neto
i,1 =

K∑
k

wo
j,1f(xi,k) + θo

1

for hidden and output layers. The method "learns" by updating the parameters
based on, for example, the gradient of a loss function Goodfellow et al. [2016],
Mello and Ponti [2018]

E2
i =

(
yi,1 − f(neto

i,1)
)2

=
yi,1 − f

 J∑
j

f(neth
i,j)wo

k,j + θo
k

2

.

Using a Taylor series expansion, the weights are updated by wh
k,j(t+1) = wh

k,j(t)−
η

∂E2
i

∂wh
k,j

, wo
k,j(t+1) = wo

k,j(t)−η
∂E2

i

∂wo
k,j

, θh
j (t+1) = θh

j −η
∂E2

i

∂θh
j

, and θh
j (t+1) = θo

j −η
∂E2

i

∂θo
j

,
where η is the learning rate. These operations form the basis for the gradient
descent algorithm, commonly used to estimate the parameters of DNNs.

The combination of the activation, loss and optimisation functions represents a
typical DNN. Nowadays, several combinations of these functions and different
numbers of neurons and hidden layers can be used to create a DNN, adding more
complexity to the example presented in this chapter Zhang et al. [2021]. A DNN
with eleven, ten and five neurons at the input, hidden, and output layers was used
to classify the flies’ taxonomic group. The leakyRelu activation function was used
with α = 0.3 in the first two layers. For the output layer, the softmax activation
function was selected. The softmax function is a commonly used activation func-
tion for converting real-valued vectors into probability distributions. Its output
for the presented example is a vector of five elements (each one representing a
taxonomic group of fly) between 0 and 1, where the sum of all elements is 1. Each
element of this vector will represent the probability the fly belongs to a specific
taxonomic group. The cross-entropy loss function and the Adam optimisation al-
gorithm were used to estimate the DNN parameters (see Zhang et al. [2021] for
more details).
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Figure 2.11: Diagram of a simple Artificial Neural Network architecture containing
K input neurons, J hidden neurons and 1 output neuron. wh

k,j and wo
k,j are the

weights, where j ∈ {1, . . . , J} and k ∈ {1, . . . , K} for, respectively, hidden and
output layers. θh

j and θo
1 are the biases for hidden and output layers. neth

i,j and
neto

i,1 represents a linear combinations and f is an activation function. Also, ŷi,1
are one-dimensional estimates of the ANN.

A DNN was trained with 70% (2027 observations split into Chrysomya (530),
Lucilia (409), Rhiniinae (341), Sarcophaga (398), and Stomorhina (349)) of the
data for 60 epochs. Its performance was obtained using the unseen complement
848 observations (Chrysomya (201), Lucilia (177), Rhiniinae (147), Sarcophaga
(172), and Stomorhina (151)). The accuracy statistic was selected to measure the
performance of the DNN. In this example, accuracy measures the percentage of
correct classifications of flies’ taxonomic group by the DNN. Figure 2.12 shows the
performance of the DNN when solely using the colour and shape features of the
insect flies. The accuracy obtained for the training and validation sets were 75.3%
and 59.8%, respectively. In addition, the DNN displayed uneven performance de-
pending on the taxonomic group (26.9% and 1.4% accuracy for predicting the
genus Chrysomya and Rhiniinae, respectively, while for Lucilia, Sarcophaga and
Stomorhina the accuracy was 80.8%, 91.3% and 100.0%, respectively). This indi-
cates the feasibility of using DNNs for classifying these insects based on colour and
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Figure 2.12: Training and validation classification accuracy obtained by the Deep
Neural Network used to classify the taxonomic group of medically and forensically
important flies based on their colour and shape features.

shape descriptors. However, the method’s performance was lower than the valida-
tion accuracies usually reported in the literature, considering the classification of
other groups of insects. To improve the classification performance a convolutional
neural network was implemented to classify the flies. This method creates features
with more information than the features used for the DNN example.

Convolutional neural networks are a particular type of deep neural network for
processing data with a known, grid-like topology, such as time series and image
data Goodfellow et al. [2016]. CNN is a supervised learning method that is given
a group of images including their labels; in this case, images of flies accompanied
by their taxonomic group. We estimate the parameters of the CNN using a subset
of the overall data, and calculate the performance of the method using the unseen
images.

Once an image is presented to a CNN, the initial layers extract features that allow
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insect classification. The feature extraction is performed by adding convolutional
and subsampling layers to a DNN architecture Goodfellow et al. [2016], Wang
et al. [2019], Zhang et al. [2021]. A typical CNN contains convolution, subsam-
pling, and fully connected layers. The fully connected layers are simply layers of a
DNN, indicating that the “learning" process also uses the presented activation, loss
and optimisation functions used to estimate the parameters of a DNN. The CNN
architecture contains more parameters to estimate than a DNN, mainly because
of the convolution layers. This layer uses an operation called convolution that is
defined by the equation below:

Cd
r,q = f

(
M∑

m=1

N∑
n=1

wc
m,nxr+m−1,q+n−1 + θc

)
,

where xr,q are pixels of a greyscale image X of size R × Q, wc
m,n and θc are hyper-

parameters of a filter W with size M × N , f can be any activation function, and
(r, q) are the indices of the output, also known as a feature map. This operation
can be repeated d times per convolution layer. Figure 2.13 shows an example of
the convolution operation with one filter of size 3 × 3. The optimisation algo-
rithms used in this architecture will find the values of each wc

m,n and θc for all the
filters used in each convolution operation added in the CNN architecture in such a
way that the classification error is reduced. Multiple optimisation algorithms were
created to achieve this task in the most efficient way Zhang et al. [2021].

Typically since small filters are used in convolution operations, a few pixels may be
lost. A solution for this problem is the padding approach, which consists of adding
extra pixels around the boundary of the input image, increasing the effective size
of the image Zhang et al. [2021]. These extra values are typically zero. Figure 2.14
shows the result of a convolution operation with padding and explains how the
size of an image can be maintained after a convolution operation.

The subsampling layer contains operations that significantly reduce the size of
the image. These operations are essential to create the feature vector that carries
the information of the presented image. There are two commonly used types
of subsampling operations, max pooling and average pooling. A max pooling
operation with kernel size 3 is defined below:
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Figure 2.13: Illustration of a convolution operation using a filter of size 3 × 3 on
a greyscale image with indices (r, q). The parameter θc = 0 for this example, and
the feature map presents the results of the first iteration of convolution using a
ReLu activation function, max(0, x).

P d
r,q = MaxPool(Cd

r,q) = max


Cd

r,q Cd
r+1,q Cd

r+2,q

Cd
r+1,q Cd

r+1,q+1 Cd
r+2,q

Cd
r+2,q Cd

r+2,q+1 Cd
r+2,q+2,


where (r, q) are the indices of the dth feature map of a previous convolution layer.
Figure 2.15 shows an illustration of a max pooling operation with a kernel size of
3 on a greyscale image of size 6 × 6 pixels.

A CNN with six convolutional, five max pooling and three fully connected lay-
ers was created to classify the flies’ taxonomic group. The leakyRely activation
function was used with α = 0.3 for all convolutional layers and the first two fully
connected layers. For the last fully connected layer, the softmax activation function
was used. In addition, the cross-entropy loss and the Adam optimisation function
were used to estimate the parameters of the CNN. Figure 2.16 presents a diagram
of the proposed CNN architecture. The CNN was trained using 70% (2027 images
split into Chrysomya (530), Lucilia (409), Rhiniinae (341), Sarcophaga (398), and
Stomorhina (349)) of the dataset for 30 epochs. The method’s performance was
obtained using 30% of the dataset (848 images containing Chrysomya (201), Lu-
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Figure 2.14: Illustration of a convolution operation with padding using a filter
of size 3 × 3 on a greyscale image with indices (r, q). The parameter θc = 0 for
this example, and the feature map presents the results of the first iteration of
convolution using a ReLu activation function, max(0, x).

cilia (177), Rhiniinae (147), Sarcophaga (172), and Stomorhina (151)) based on
the accuracy statistic. The performance of the CNN was obtained for all image
sets (see Figure 2.10).

Figure 2.17 shows the training and validation accuracy obtained by the CNN ar-
chitecture for each image set. The best performance obtained using the original
flies dataset was 100.0% and 75.2% accuracy for the training and validation set, re-
spectively. The CNN presented different accuracies per group, namely Chrysomya
(16.4%), Lucilia (91.0%), Rhiniinae (85.0%), Sarcophaga (99.4%), and Stomorhina
(98.0%). The best performance obtained using the dataset with images without
the pin was 99.5% and 76.3% accuracy for the training and validation sets, re-
spectively. The taxonomic group accuracies were: Chrysomya (25.4%), Lucilia
(88.7%), Rhiniinae (86.3%), Sarcophaga (93.6%), and Stomorhina (100.0%). In
addition, the best performance obtained with the image set without pin, back-
ground and centred was 98.5% and 75.3% for training and validation, respectively.
The accuracies were: Chrysomya (16.4%), Lucilia (97.7%), Rhiniinae (78.2%),
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Figure 2.15: Illustration of the max pooling subsampling operation using a kernel
of size 3x3 on a feature map of size 6 × 6. The output of this operation is a matrix
of size 4 × 4.

Sarcophaga (100.0%), and Stomorhina (96.7%). This indicates a significant in-
crease in performance compared to the DNN architecture presented earlier. The
convolutional and max pooling layers provided extracted features from the insect’s
image that improved classification performance.

The first fully connected layer can be seen as the features presented in Table 2.3.
However, these features are not restricted to statistics used to produce Table 2.3.
These values are obtained from the convolutions and subsampling operations used
in the CNN, which are difficult to interpret. On the other hand, CNNs can provide
higher classification performance indicating their potential for insect classification
tasks. The example presented illustrates the potential of CNNs for classifying
insects based on their images.

Another approach to training a CNN is based on Transfer Learning (TL). TL
uses a trained CNN architecture to extract the features from images with new or
already seen classes. TL assumes that the parameters estimated by a CNN using
millions of images with various classes provide a generic model that can be used
for other problems. A commonly used dataset to train CNNs is ‘ImageNet’, which
contains 14, 197, 122 images of many different classes. Several authors used the
ImageNet dataset to propose CNN architectures, such as VGG16, AlexNet, LeNet,
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Figure 2.16: Convolutional neural network architecture used to classify insect’s
taxonomic group. Orange matrices are convolutional layers (conv) whose depth is
the number of filters. Red matrices represent the max pooling operation applied
on the feature maps. Magenta vectors represent the fully connected layers (fc).
This diagram was created with the package PlotNeuralNet Iqbal [2018].

EfficientNet and others Wani et al. [2020], Zhang et al. [2022]. A higher increase in
CNN performance by applying TL to their problems was reported multiple times
Goodfellow et al. [2016], Wang et al. [2019]. In a nutshell, TL can improve the
performance of classification tasks by providing a general feature extractor based
on typical CNN operations Goodfellow et al. [2016], Chollet [2018], Wani et al.
[2020], Zhang et al. [2022].

A VGG16 architecture was implemented to classify the flies’ taxonomic group. An
illustration of the VGG16 architecture is presented in Figure 2.18. TL was imple-
mented using a pre-trained VGG16 architecture based on the ImageNet dataset.
Three fully connected layers were added to the architecture, containing 25, 088,
10 and 5 neurons, respectively. The first layer is obtained by flattening the out-
put of the last max pooling operation produced by the VGG16 architecture. As
this output is a tensor of size (7, 7, 512), the first fully connected layer will have
7 ∗ 7 ∗ 512 = 25, 088 neurons. Training and validation sets with 70% and 30% of
the dataset, respectively, were used. The leakyRelu activation function was used
with α = 0.3 for the first two layers, and a softmax activation function was used
in the last layer. Using a cross-entropy loss and Adam optimisation function, the
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Figure 2.17: Train and test classification accuracy obtained by the convolutional
neural network to classify taxonomic group of medically and forensically important
flies based on original, no pin and no pin, background and centred datasets.

parameters of the fully connected layers were optimised with the training data
using 30 epochs. The performance of the architecture was assessed using accuracy
measures for the validation data.

Figure 2.19 presents the training and validation accuracy based on the pre-trained
VGG16 architecture. A training and validation accuracy of 92.6% and 76.5% were
obtained for the original flies dataset, with group accuracies: Chrysomya (40.3%),
Lucilia (89.3%), Rhiniinae (65.3%), Sarcophaga (99.4%), and Stomorhina (94.7%).
A training and validation accuracy of 100.0% and 74.1% were obtained based on
the flies dataset without pins, with group accuracies: Chrysomya (35.3%), Lu-
cilia (56.5%), Rhiniinae (57.5%), Sarcophaga (98.2%), and Stomorhina (100.0%).
The performance for training and validation was 100.0% and 67.8% for the flies
dataset without background, pin and specimens centred, with group accuracies:
Chrysomya (35.8%), Lucilia (72.3%), Rhiniinae (73.5%), Sarcophaga (98.8%), and
Stomorhina (100.0%). The pre-trained VGG16 architecture converges to a higher
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Figure 2.18: VGG16 architecture. Orange matrices are convolutional layers (conv)
whose depth is the number of filters. Red matrices represent the max pooling oper-
ation applied on the feature maps. Magenta vectors represent the fully connected
layers (fc). This diagram was created with the package PlotNeuralNet Iqbal [2018].

training accuracy faster than the previous CNN architecture, and after 25 epochs,
both architectures’ training performances converged to values close to 100.0%.

The validation performance of the VGG16 architecture and the proposed CNN
architecture using the original and no-pin image sets are similar. There is a quicker
convergence of the validation accuracy value in the VGG16 architecture compared
to the CNN trained from scratch. On the other hand, for the dataset of images
without background, pin and insect specimens centred, the VGG16 architecture
obtains a lower validation accuracy than the proposed CNN architecture. This
indicates that the parameters optimised with the ImageNet dataset did not provide
a better generalisation for classifying medically and forensically important flies’
taxonomic group compared to optimising all CNN layers based on the available
images.

The datasets presented here are high-dimensional. For instance, the colour-based
dataset of medically and forensically important flies (see Table 2.3) contains 11
dimensions, and the image-based dataset using the proposed CNN has 45 dimen-
sions. Using transfer learning based on VGG16 architecture, the image-based
dataset has 25, 088 dimensions. Higher-dimensional datasets are commonly found
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Figure 2.19: Training and test classification accuracy obtained by the pre-trained
VGG16 architecture to classify taxonomic group of medically and forensically im-
portant flies based on original, no pin and no pin, background and centred datasets.

in machine vision problems in general, so Dimensional Reduction (DR) techniques
are essential for understanding datasets’ geometric and neighbourhood structure,
and further interpreting the CNN performance Wang et al. [2021]. Several un-
supervised learning methods can be used for DR tasks, such as t-SNE, UMAP,
TriMap, and PaCMAP Wang et al. [2021].

The available DR methods can be clustered into local and global methods. The
main difference between them lies in whether they aim to preserve global or local
structure in the high-dimensional data Wang et al. [2021]. To clarify the difference
between local and global DR methods, the analogy based on a dataset of planets
and moons from a planetary system introduced by Wang et al. [2021] is presented.
The aim of local methods is to preserve relative distances between moons and
planets without considering relative distances between planets. On the other hand,
the main goal of global methods is primarily to preserve the relative distances of
planets without the consideration of the positions of moons around planets.
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To visualise the geometric and neighbourhood structures of the medically and
forensically important flies datasets used for classification, the Pairwise Controlled
Manifold Approximation Projection (PaCMAP) method Wang et al. [2021] was
used, considering its capability to preserve both local and global structures. Also,
the algorithm has fast convergence thanks to its simple loss function Wang et al.
[2021]. Thus, PaCMAP was applied to the dataset containing colour-based fea-
tures from the flies specimens. Also, it was applied to the dataset of features
obtained from the pre-trained VGG16 architecture using the flies’ images. Finally,
PaCMAP was applied to the dataset of features obtained from the proposed CNN
architecture using the flies’ dataset. All the observations of each dataset were used
in the analysis.

Figure 2.20 presents the lower dimension dataset using the PaCMAP method ap-
plied to the medically and forensically important flies dataset based on colour-
based features extracted from flies. The visualisation presents three central clus-
ters, indicating that using only colour-based features is insufficient to produce
distinct clusters for each flies’ class. An aggregation of observations related to
the genus Stomorhina is presented in Figure 2.20, indicating a presence of a local
structure on the high-dimensional dataset. As stated before, the percentage of cor-
rect classification by the DNN for Chrysomya, Lucilia, Rhiniinae, Sarcophaga, and
Stomorhina were respectively 26.9%, 80.8%, 1.4%, 91.3% and 100.0%. The DNN
obtained higher correct classifications solely in three fly genus, emphasising that
colour features are not enough for classifying all these genera.

Applying the PaCMAP method on the features extracted by the proposed CNN
trained with the original, no pin and no pin, background and centred datasets
is presented in Figure 2.21, showing an improvement in the number of clusters
compared to the colour-based features. For all datasets, it is possible to distin-
guish between the five classes considering that there is less overlapping among
the observations. An expressive increase of correct classification for the subfamily
Rhiniinae was observed using the features from the proposed CNN. The visualisa-
tion suggests a misclassification between the genera Chrysomya and Lucilia. The
fact that the CNN misclassified 50.2%, 36.8%, and 53.7% of the specimens’ images
of the genus Chrysomya as Lucilia for respectively the original, no pin, and no
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Figure 2.20: Application of PaCMAP to the medically and forensically important
flies dataset based on colour features of the flies’ specimens using computer vision
techniques. The colour represents each taxonomic group of flies presented in the
dataset.

pin, background and centred datasets supports PaCMAP visualisation.

Figure 2.22 shows the PaCMAP visualisation of the extracted features by the
pre-trained VGG16 CNN for all the datasets presented here. We observe three
clusters and other small groups for the original dataset. However, the observa-
tions related to the genera Sarcophaga, Lucilia, and subfamily Rhiniinae overlap
in the visualisation. The 89.5%, 99.4%, and 94.7% of correct classification obtained
for the genus Lucilia, Sarcophaga, and Stomorhina indicates the structure of the
features provided by the VGG16 architecture caused a reduction of classification
performance for the specimens of the subfamily Rhiniinae. For the no-pin dataset,
observing three main clusters and smaller clusters of specimens of the genus Lu-
cilia is possible. It indicates that the reduction of performance of the CNN can be
caused by the complexity of the features extracted by the VGG16, which provides
feature structures overlapping the observations related to the genera Lucilia, Sar-
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Figure 2.21: Application of PaCMAP to the medically and forensically important
flies datasets based on flattened original images of flies, images of flies with no
pin, and no pin, background, and centred. The colour represents each taxonomic
group of flies presented in the dataset.

cophaga, and the subfamily Rhiniinae. Finally, for the non-pin, background and
centred dataset, it is possible to observe three central clusters. However, they are
connected by some observations and overlapping is frequently found based on the
PaCMAP visualisation. It indicates that the features obtained by the pre-trained
VGG16 architecture are insufficient to provide a higher classification accuracy for
this dataset when compared to the proposed CNN trained with this dataset.

Overall, using dimensional reduction methods that allow us to observe a high-
dimensional dataset’s geometric and neighbourhood structures allows us better
understand the classification performance of machine learning methods. There-
fore, using these methods in the context of machine vision, where high dimen-
sional datasets are commonly encountered, helps researchers to obtain more in-
sights about their models. In addition, combining entomologists’ expertise when
pre-processing the insects’ images allows for better interpretation of the problem.
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Figure 2.22: Application of PaCMAP to the medically and forensically important
flies datasets based on the VGG16 feature extracted from original flies’ images of
flies with no pin, and no pin, background, and centred. The colour represents each
taxonomic group of flies presented in the dataset.

2.2.4 Insect localisation with deep learning methods
A common approach used in CNN-based research is visualising regions of an image
that most contribute to the output of a classifier. Multiple authors have proposed
methods to find these regions, including Gradient-weighted Class Activation Map-
ping (Grad-CAM), Grad-CAM+, Grad-CAM++, and Salience maps Selvaraju
et al. [2017], Alqaraawi et al. [2020], Lerma and Lucas [2022]. These methods are
widely used for the localisation of objects in an image. The Grad-CAM method is
often reported in CNN-based papers Palma et al. [2020], Lerma and Lucas [2022],
Setiawan and Rulaningtyas [2023]. The Grad-CAM method uses the gradient of
the last convolution layer of the VGG16 architecture to obtain the regions of the
image that contributed to the classification. This method was implemented with
the medically and forensically important flies dataset using the Pre-trained VGG16
architecture to illustrate its application on insect localisation.

Figure 2.23 shows the heatmap produced by the method. The VGG16 architec-
ture classified the image as a ‘mosquito’ based on the ImageNet dataset, and the
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heatmap presents the regions of the image that contributed to this classification.
Using the heatmap, it is possible to see that the pin is an important feature of this
classification, considering the original dataset. When the pin is removed, only the
pixels related to the insect specimens contribute to the classification.

Figure 2.23: Visualisation of the feature extraction based on the Gradient-weighted
Class Activation Mapping (Grad-CAM). The heatmap represents the weighted
channels at the feature map by the gradient provided by the class ‘mosquito’ of
the ImageNet dataset.

The Grad-CAM can be used to analyse the presence of bias in a CNN. Grad-CAM
heatmaps that present regions not belonging to the target classification indicate
that the CNN is using not relevant features for the classification. The example
presented illustrates this point. The pin is not a feature of the flies’ taxonomic
group, however, the pre-trained VGG16 is using it in the original dataset to assist
with classification.

An alternative method for localising insects in an image is the Unet architecture.
The Unet architecture consists of a contracting path based on the typical oper-
ations of a CNN. Also, an expansive path based on upsampling the number of
feature channels and concatenation with the correspondingly cropped feature map
from the contracting path is part of the Unet (see Figure 2.24). The U-shape is
presented on the architecture’s name because the original image is contracted to
a lower size and expanded to a higher image size Ronneberger et al. [2015a]. The
Unet requires labels containing the regions belonging to the target class, and the
labelling process is usually done manually.
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Figure 2.24: Unet architecture used to segment insect’s taxonomic group in the
image. Orange matrices are convolutional layers (conv) whose depth is the num-
ber of filters. Red matrices represent the max pooling operation applied on the
feature maps. Blue matrices represent the transpose convolution layer. The ar-
rows represents the concatenated filter maps obtained from the contracting path
to the expanding path. The purple matrix represents the tensor output of size
(224 × 224 × 6), where each of the 6 channels represents the background, and the
five flies’ taxonomic groups. This diagram was created with the package PlotNeu-
ralNet Iqbal [2018].

Computer vision methods were used to obtain the segmented labels for the seg-
mentation task. The original dataset of medically and forensically important flies
was labeled based on contour detection. The labels are images of size 224 × 224
with only one channel, where the pixels represent the class found on the original
image. The pixels related to the background were equal to 2, and the pixels re-
lated to, respectively, the groups Stomorhina, Sarcophaga, Rhiniinae, Lucilia, and
Chrysomya are equal to 3, 4, 5, 6, and 7. Unet was implemented with five blocks
on the contracting path, where each block contained a convolution, max pooling,
dropout and batch normalisation operations. A 10% dropout operation was added
to the architecture, meaning that each neuron had a 10% probability of being de-
activated. Batch normalisation was used to normalise a batch of 32 images. Four
additional blocks were used in the expansive path, where the upsampling version
of convolution, transpose convolution, and max pooling were added.
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The last layer of the presented Unet contains a convolution layer with a softmax
activation function. The softmax allows the segmentation of multiple classes. The
presented example has six classes: the background and five taxonomic groups of
flies. Therefore, the output of the Unet will be an array of size (224 × 224) with
six channels, each related to a specific class. Finally, we used a sparse categorical
cross-entropy function loss and the Adam algorithm to perform the optimisation of
the parameters of the Unet. 70% of the original dataset was used for training with
30 epochs to estimate the parameters of the Unet, and 30% of the original dataset
was used for validation. Again, we used accuracy as the performance metric.

Figure 2.25 shows the training and validation accuracy of the Unet architecture.
The best performance obtained was 94.4% and 92.8% accuracy for training and
validation, respectively. Figure 2.24 illustrates the Unet architecture and shows
the segmented output of an image containing a specimen of the genus Stomorhina
as an example. The selected image of the fly is part of the validation set, and
the yellow colour presented in the segmentation indicates pixel-wise classification
errors provided by the Unet. Overall, the method produces a promising result by
segmenting the region where the specimen is found and correctly classifying the
regions of the image in the majority of the image’s pixels.

Another approach for localising insects in images is finding a bounding box con-
taining the target insect. One of the most used CNN-based methods for achieving
this goal is the ‘You Only Look Once’ (YOLO) architecture. YOLO is an archi-
tecture that classifies and localises objects within an image, built on a CNN that
simultaneously predicts multiple bounding boxes and class probabilities Redmon
et al. [2016]. A dataset of labelled images is required to train a model using YOLO.
This dataset must comprise of both a set of images that contain the objects of in-
terest and a set of labels. Every object must appear at least once in the set of
images, but an increase in the number of appearances and different orientations of
an object increases the accuracy of the YOLO model. The labels in the dataset
specify what objects appear and where they appear in each image. The images and
their accompanying labels can then be used to train a YOLO model. Once trained,
the YOLO model will be able to classify and localise new images that contain the
objects of interest. YOLO is an architecture with many different versions such as
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Figure 2.25: Training and test classification accuracy obtained by the Unet archi-
tecture to classify taxonomic groups of medically and forensically important flies
based on the original dataset with segmented labels.

YOLOv5 (https://github.com/ultralytics/yolov5) that are readily available
and provide a great starting point for anyone interested in performing automated
detection.

2.2.5 Platforms of Computing
To expand the possible methodologies that can be used in the entomological con-
text. We now present another tool that enables insect localisation in more com-
plex backgrounds. This is relevant because live monitoring poses challenges due
to background complexity, and more specialised methods are required to improve
performance [Zhang et al., 2023b, S, tefan et al., 2025].

This example presents a challenge to the studied Caughley’s management action.
This challenge is not restricted to insect monitoring. However, here we present
a proof-of-concept example to illustrate the potential of YOLOv5 for insect lo-
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calisation and, with further implementation, for counting and classifying these
specimens in the field [Venverloo and Duarte, 2024]

As previously mentioned, to perform automated live experiments in the field mul-
tiple factors need to be considered. These include the detection algorithm, com-
puting device, framerate, power consumption, and operating temperature of the
device. There are many methods to automate the detection of insects within an
image. For this experiment YOLOv5 was selected, as it is effective at classifying
objects and allowed for the localisation of objects to bounding boxes within an
image. The ability to classify and localise objects allows for multiple objects to be
counted within a single frame of detection.

Data to train a YOLOv5 architecture was gathered. The common wasp Vespula
vulgaris was chosen as a sample insect for detection due to its high abundance
in Ireland throughout the warmer months. Images of Vespula vulgaris visiting
a feeding station were recorded in both August and September of 2022 to train
the model. The images were manually labelled using the online tool ‘Make Sense’
(https://www.makesense.ai/). This process can also be completed offline with
a text editor.

After the data was labelled, it was spilt into training and validation sets comprising
of 35 and 17 labelled images, respectively. The data sets were used to train a model
on the YOLOv5n6 architecture (one of the many variations of YOLOv5), which
produces both reasonably accurate and very fast models. The model was generated
using the Ultralytics Hub web application (https://ultralytics.com/). The
resulting model was able to classify and locate Vespula vulgaris within images (see
Figure 2.26).

The detection model was tested on multiple devices. As the model was generated
on the Ultralytics Hub web application it was deployable to a smartphone. To
retain consistency while testing the other devices, the model from the web appli-
cation was exported to the various required file formats for the other devices. Each
device (excluding the mobile phone and the Luxonis Oak-1-PCBA) ran the model
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Figure 2.26: Vespula vulgaris classified and localised by YOLOv5 in four images.

using the same detection script from a locally downloaded version of YOLOv5 2.
The detection script was altered to display an average framerate in the top left
corner of the processed frames during live detection 3. This may have lowered the
framerate slightly for the devices. Framerate for the mobile phone was recorded
using an external application 4. The models were run on a Laptop with an Intel
Core i7-10870H CPU @ 2.20GHz CPU and a NVIDIA GeForce RTX 3060 Lap-
top GPU (see Figure 2.27 A), a Samsung Galaxy S20 FE 5G Mobile Phone (see
Figure 2.27 D), Raspberry Pi (see Figure 2.27 F), Intel Neural Compute Stick 2
(see Figure 2.27 H), Coral USB Accelerator (see Figure 2.27 J), and a Luxonis
Oak-1-PCBA (see Figure 2.27 M).

The Raspberry Pi 4 8GB RAM Model B CPU (Broadcom BCM2711, Quad core
Cortex-A72 (ARM v8) 64-bit SoC @ 1.5GHz) (see Figure 2.27 F) is a small single-
board computer with video output network and USB support, capable of perform-
ing the same tasks as most computers. For the experiment the Raspberry Pi used
the 32-bit Raspbian (Bullseye) OS to ensure compatibility with a Raspberry Pi
High Quality Camera. As of writing it was difficult to get the 64-bit Raspbian
OS working with the high-quality camera 5. This later proved to be an issue as
YOLOv5 is dependent on a machine learning framework called PyTorch 6. Py-

2https://github.com/ultralytics/yolov5/blob/master/detect.py. Accessed: 2025-
01-08

3https://github.com/ultralytics/yolov5/discussions/6713. Accessed: 2025-01-08
4https://play.google.com/store/apps/details?id=com.util.framter. Accessed:

2025-01-08
5https://github.com/raspberrypi/Raspberry-Pi-OS-64bit/issues/168. Accessed:

2025-01-08
6https://github.com/ultralytics/yolov5/blob/master/requirements.txt. Accessed:

2025-01-08
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Torch have stopped releasing official updates for 32-bit ARM devices meaning it
was incompatible with the Raspberry Pi 7. Older versions of PyTorch officially
released for 32-bit ARM devices were too outdated for YOLOv5 to use. There-
fore, an externally compiled version of PyTorch that runs 32-bit ARM devices was
sourced and used 8.

The Intel Neural Compute Stick 2 (NCS2) Vision Processing Unit (VPU) (see
Figure 2.27 H) contains a MYRIAD processor that is optimised to run machine
vision problems at lower power. The NCS2 ran from the Raspberry Pi using the
Raspberry Pi High Quality Camera. To run the NCS2 the OpenVINO Toolkit is
required 9. The OpenVINO Toolkit consists of the OpenVINO Development Tools
and OpenVINO Runtime. The Development Tools can be used to convert models
from PyTorch format to ONNX format and then to OpenVINO format 10. If the
model was created using a local version of YOLOv5 then the Development Toolkit
would be required. However, using the Ultralytics Hub web application, the con-
version to OpenVINO format was completed automatically online. OpenVINO
Runtime is required before a model in OpenVINO format can run 11. Installing
OpenVINO Runtime on the Raspberry Pi can be a difficult process as some files
will need to be altered to fix errors during the installation process. OpenVINO will
only work on Intel platforms, therefore as the Raspberry Pi does not contain an
Intel CPU, it will not run unless the NCS2 is connected 12. Inside one of YOLOv5’s
setup files a line will need to be changed so that models in OpenVINO format will
run on the NCS2 and not the CPU 13. VPUs are designed to run machine vision
algorithms and are optimised for performance per watt.

7https://discuss.pytorch.org/t/pytorch-on-a-raberry-pi-4-32-bit-os/138771.
Accessed: 2025-01-08

8https://github.com/KumaTea/pytorch-arm. Accessed: 2025-01-08
9https://www.intel.com/content/www/us/en/developer/tools/openvino-toolkit/

overview.html. Accessed: 2025-01-08
10https://docs.openvino.ai/nightly/openvino_docs_install_guides_install_dev_

tools.html. Accessed: 2025-01-08
11https://docs.openvino.ai/nightly/openvino_docs_install_guides_installing_

openvino_raspbian.htmldoxid-openvino-docs-install-guides-installing-openvino-raspbian.
Accessed: 2025-01-08

12https://docs.openvino.ai/latest/openvino_docs_OV_UG_supported_plugins_
Supported_Devices.html. Accessed: 2025-01-08

13https://github.com/ultralytics/yolov5/issues/8154. Accessed: 2025-01-08
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Figure 2.27: (A) A plugged-in laptop with an Intel Core i7-10870H CPU @
2.20GHz CPU and a NVIDIA GeForce RTX 3060 Laptop GPU, (B) Thermal
image of the plugged-in laptop running the model on its CPU, (C) Thermal image
of the plugged-in laptop running the model on its GPU, (D) A Samsung Galaxy
S20 FE 5G mobile phone, (E) Thermal image the mobile phone running the model,
(F) Raspberry Pi 4 8GB RAM Model B CPU (32-bit Raspbian OS) with a Rasp-
berry Pi High Quality Camera, (G) Thermal image the Raspberry Pi 4 Model B
running the model, (H) Intel Neural Compute Stick 2 VPU running on the Rasp-
berry Pi, (I) Thermal image the Intel Neural Compute Stick 2 running the model,
(J) Coral USB Accelerator TPU running on the Raspberry Pi, (K) Thermal image
of the Coral USB Accelerator at standard operating frequency running the model,
(L) Thermal image the Coral USB Accelerator at max operating frequency run-
ning the model, (M) A Luxonis Oak-1-PCBA running on the Raspberry Pi, (N)
Thermal image the Luxonis Oak-1-PCBA running the model.
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The Coral USB Accelerator Tensor Processing Unit (TPU) ran from the Raspberry
Pi using the Raspberry Pi High Quality Camera (see Figure 2.27 J). To run the
Coral USB Accelerator the Edge TPU Runtime is required. There are two versions
of the Edge TPU Runtime which run at either standard or maximum operating
frequency. The Edge TPU Runtime running at maximum operating frequency
should provide better performance but at the cost of higher energy usage and
additional heat. TPUs are designed for use on with CNNs.

The Luxonis Oak-1-PCBA runs from the Raspberry Pi but not using the Raspberry
Pi High Quality Camera (see Figure 2.27 M). The Oak-1 has its own camera
attached to the device that allows extremely fast transmission of data from the
camera to the device’s Robotics Vision Core 2 removing the Raspberry Pi’s CPU
out of the process. The Oak-1 requires models in Blob File format to operate but
neither the online Ultralytics Hub web application or local installation of YOLOv5
have a method to export models in Blob Files format, as of writing. Luxonis have
provided a tool to allow the conversion of YOLO models from PyTorch to Blob
Files 14. The input shape varies between YOLOv5 models, but with the trained
YOLOv5n6 model used to detect Vespula vulgaris the input shape was 448. The
Oak-1 runs using DepthAI, with a program used to run YOLOv5 models in Blob
File format 15. This program was used instead of the usual detection script. It
also has an inbuilt framerate counter.

The average framerate, power used and temperature of each device were recorded.
Power consumption of the Laptop and Mobile phone were recorded using external
applications on the respective devices; power consumption for the Raspberry Pi
was displayed by a USB Multimeter. As the application used to record power
consumption of the laptop only displayed wattage, the current and voltage are
not available. The temperature of every device was measured using a Fluke Ti25
Thermal Camera. While recording the temperature each device ran the detection
model until there was no change in temperature (accurate to 0.1°C), see Figure 2.27
B, C, E, G, I, K, L, and N.

14http://tools.luxonis.com/. Accessed: 2025-01-08
15https://github.com/luxonis/depthai-experiments/tree/master/gen2-yolo/

device-decoding. Accessed: 2025-01-08
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Table 2.5: File type, file extension, framerate, power consumption and temperature
of each device while running the detection model

Computer CPU Computer GPU Mobile Phone Raspberry Pi NCS2 Coral Std. Coral Max Oak-1
File Type PyTorch PyTorch Android PyTorch OpenVINO EdgeTPU EdgeTPU BlobFile
File Extension .pt .pt .tflite .pt .bin,.xml,.mapping .tflite .tflite .blob,.json
Framerate(Fps) 13.11 84.05 59 0.2 6.25 3.18 3.32 60.3
Potential(V) N/A N/A 3.808 5.06 4.94 4.95 4.96 4.88
Current(A) N/A N/A 1.919 0.75 0.312 0.19 0.21 0.62
Power(W) 58 16.5 7.31 3.8 1.54 0.94 1.04 3.03
Frames Per Watt 58 16.5 7.31 3.8 1.54 0.94 1.04 3.03
Temperature(°C) 41 41.4 40 36.4 46.3 32.2 35.8 66.9

The results show that in terms of framerate the Laptop GPU has the highest per-
formance, while the Raspberry Pi 4 Model B CPU has the lowest performance
(see Table 2.5, Figure 2.28). The Laptop CPU has a lower framerate performance
but a higher power consumption than the Laptop GPU. This is most likely due
to architecture differences between the CPU and GPU. The results also show that
both the NCS2 and Oak-1 (which both utilise a VPU) outperform the Coral USB
Accelerator TPU in framerate, but have a higher power consumption. Depend-
ing on whether a user finds framerate, power consumption or temperature more
important will greatly impact their decision on choosing a device for live detection.

Framerate is essential to consider when choosing a device. Slow pests such as
leatherjackets (crane fly/daddy long-legs larvae) Nephrotoma appendiculata would
still be detected even in extremely low framerates, as they would remain in front of
the camera for a longer duration. In contrast, fast pests such as the cabbage white
butterfly Pieris rapae would require a detection algorithm running at a higher
framerate to detect them.

It is necessary to examine power consumption when planning to leave a camera
trap in operation for long periods of time. There are three methods of powering a
camera trap: mains electricity, battery and a renewable energy source.

The use of mains electricity requires the camera trap to be near a socket connected
to the mains. The use of mains electricity will remove the need to consider power
consumption but it may impact the experiment as areas with a socket connected
to the mains may not be an optimal place for detecting certain species of insects.

The use of a battery allows camera traps to be relocated anywhere but the power
consumption needs to be considered. For example, a 12V 71Ah (255,600As) car
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Figure 2.28: Device framerate, power consumption, framerate per watt and tem-
perature.

battery would contain 3,067,200J of energy. The Computer CPU would be able to
run on this battery for around 14.7 hours while the Coral USB Accelerator running
at standard operating frequency would run for around 37.8 days.

Alternatively the use of renewable energy can provide a constant supply of power
to a camera trap. Solar panels are an example of a renewable energy source that
is portable. The most common silicone solar panels with an area of 1m2 produce
150W of power on a clear sunny day and on average 130kWh or 468MJ a year.
Averaging the power generated from a 1m2 solar panel regardless of the time of
day or year, 15W should be produced. Therefore, the Computer CPU would
require a solar panel with an area greater than 3.87m2 to supply sufficient power,
while the Coral USB Accelerator running at standard operating frequency would
only require a solar panel with an area greater than 0.06m2 (e.g. larger than a
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20cm × 30cm panel). Using solar panels like this would still require a battery so
the camera trap could be powered at night and during Winter.

The temperature produced by a device is also an essential factor to consider. Some
heat is useful while using a camera trap in the field, as it removes condensation
from camera lenses which is essential during colder months of the year. However,
heat may affect the environment and therefore influence which insects approach
the camera trap; this issue could be amplified if noise-producing devices such as
fans are required for cooling. The use of cooling will also need to be accounted for
within the energy budget if the device is not connected to mains electricity.

The equations used to calculate the energy requirements are

As = 3, 600Ah

J = V As = Ws

P = V A

Wh = 3, 600Ws

where J is energy in Joules, V is potential difference (voltage), A is current (am-
perage), As is continuous current flowing for a second (Ampere-Seconds), Ah is
continuous current flowing for an hour (Ampere-Hours), P is power in Watts (W),
Ws is continuous power used for a second (Watt-Second), and Wh is continuous
power used for an hour (Watt-Hour).

Overall, the best suited device for detecting animals in the field is a device that
is relatively small, can run live detection models at high framerates, requires low
power and does not produce much heat. However, the device that is most optimal
for a task is very dependent on the environment and species that is to be observed.
These points align directly with the implementation of a monitoring system for
conservation biology purposes, specifically the target of Caughley’s management
action, by providing insights that can be applied when designing those systems.
These points are also not restricted to entomology studies and are transferable to
other fields where animal monitoring is required.
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2.2.6 Final considerations
We have provided an overview of machine vision methods to identify and localise
insects in the laboratory or in the field. We discussed the use of different machine
learning and computer vision techniques, as well as software and hardware. There
is a range of available methods, and machine vision as a field of study is constantly
evolving. Therefore, we aimed to present the reader with a handful of options
currently available for identification and localisation tasks, but we highlight that
the choice of which methodology to use is dependent on the question and species
of interest. We identified two main limitations of this work. The first relates
to the scarcity and imbalance of the data presented in the examples. However,
our findings demonstrate the feasibility of these methods through these proof-of-
concept examples. In future work, additional data can be gathered, class imbalance
addressed, and other metrics that better account for class imbalance, such as F1-
score and confusion matrices, can be presented. The second limitation relates to
the first example, introducing a dataset of medically and forensically important
flies that pose specific challenges in the given situation. However, the example
demonstrates the feasibility of the proposed methods, and, as future work, more
focus can be given to additional examples outside a Museum scenario, where pins
are available, and the scene is explicitly designed for this context.

2.3 Towards species’ classification of the
Anastrepha pseudoparallela group

In this final application, the contribution to the studied management action in-
volves proposing a new approach to classify insect species that present common
challenges in the entomological literature: the group’s rare species characteris-
tics, which result in imbalanced, scarce data. The Anastrepha species from the
pseudoparallela group present a clear example of these challenges. The focus of
this chapter is to classify five species in this group and to recommend a new ap-
proach by exploring new features, machine learning methods, and techniques to
address data scarcity and imbalance. The identification of these species utilises
the morphological characteristics of the specimens’ wings and aculeus tips. Con-
sidering the importance of identifying these species of this group, this application
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contributes to automating the classification of the species Anastrepha chiclayae
Greene, Anastrepha consobrina (Loew), Anastrepha curitibana Araújo, Norrbom
& Savaris, Anastrepha curitis Stone, and Anastrepha pseudoparallela (Loew) using
deep Learning methods and designing new features based on wing structures. Au-
tomating classification for this group is challenging due to limited data availability
and class imbalance in the dataset. We explored transfer learning approaches and
proposed a new set of features tailored to each wing’s structure. We used the dual
annealing algorithm to optimise the hyperparameters of Deep Neural Networks,
Random Forests, Decision Trees, and Support Vector Machines, combined with
autoencoders and SMOTE to address class imbalance. We tested our approach
on a dataset of 127 high-quality images from 5 species. We used three-fold cross-
validation for training, tuning, and testing, with six permutations to assess the
performance of the learning algorithms. Our findings demonstrate that our novel
approach, which combines feature extraction and machine learning techniques,
can improve the species classification accuracy for rare Anastrepha pseudoparallela
group specimens, with the SMOTE and Random Forests algorithms leading to
the average performance of 0.72 in terms of the mean of the individual accuracies
considering all species. Our results are promising for classifying rare species using
small, imbalanced datasets.

2.3.1 Introduction
The classification and identification of insects is fundamental for comprehending
global biodiversity, given that this group represents an expressive percentage of
the available biodiversity today [Gaston, 1991, Sankarganesh, 2017, Wagner et al.,
2021, Chowdhury et al., 2023, Vaz et al., 2023, Hailay Gebremariam, 2024]. A
clear picture of the global biodiversity yields a better understanding of the ecolog-
ical services that new species can potentially provide and enlightens conservation
and management practices [Thrupp, 2004, Gamfeldt et al., 2008, Uchida et al.,
2021, Upreti, 2023, Riva et al., 2024]. Entomologists play a fundamental role
in identifying taxa and understanding the evolutionary, ecological and functional
relationships among these taxa [van Noort, 2024]. The study of biodiversity is
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heavily reliant upon correct classification of animal specimens. The identification
can be performed in various ways, using morphometric features [El-Ahmady et al.,
2024, Rodrigues et al., 2024, Laojun et al., 2024], DNA-based identification, such
as the barcoding method [Chua et al., 2023, Srivathsan et al., 2024], acoustic fea-
tures [Chen et al., 2014, Phung et al., 2017, Hibino et al., 2021, He et al., 2024,
Branding et al., 2024] and other methods [Raffini et al., 2020, Høye et al., 2021b,
Van Klink et al., 2022, Karbstein et al., 2024]. In this context, there is an opportu-
nity to apply different methods targeting insect automatic monitoring [Van Klink
et al., 2022, Høye et al., 2021b, Palma et al., 2023b].

Various researchers have analysed the efficiency of machine learning, deep learn-
ing, computer vision and a combination of these methods when applied to insect
classification, especially for pest species [Passias et al., 2024, Assiri et al., 2024].
The results obtained from these studies have been positively affecting Integrated
Pest Management (IPM) protocols by providing data-driven decision-making sys-
tems [Gao et al., 2024, Moonis and Singh, 2024, Amrani et al., 2024]. However,
challenges have been reported related to the use of these techniques to automate
insect monitoring, such as the high similarities of insect species, obtaining large
and high-quality annotated datasets, and the presence of imbalanced classes due
to lack of homogeneity in the same groups of insects [Nawoya et al., 2024, PISE
and PATIL, 2024].

In other research areas, several authors have proposed adaptations of deep learn-
ing methods to accommodate the low data availability, such as changes in Con-
volutional Neural Networks (CNN) architectures by including regularisation tech-
niques, such as drop out and L1 regularization [Brigato and Iocchi, 2021, Koppe
et al., 2021]. Transfer learning is commonly reported as an alternative solution to
increase the performance of deep learning models for image classification [Barbero-
Aparicio et al., 2024, Rachman et al., 2024]. Also, several data-augmented ap-
proaches have been implemented to increase the number of samples, such as Syn-
thetic Minority Over-sampling Technique (SMOTE), autoencoders (AEs), varia-
tional autoencoders (VAEs), generative adversarial networks (GANs) and adap-
tations of deep generative modelling methods using additional layers such as con-
volution, max pooling and others [van Tilborg et al., 2024, Mumuni et al., 2024].
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In entomology, researchers have recently proposed the use of augmentation tech-
niques to increase the number of samples for species of fruit fly [Shen et al., 2024,
Medina-Ramos et al., 2024, Zhang et al., 2024]. Also, the use of transfer learning
is a common practice for the classification of fruit flies [Leonardo et al., 2018b,
Martins et al., 2019b, Gosaye and Moloo, 2022, Slim et al., 2023, Molina-Rotger
et al., 2023].

For imbalanced datasets, several techniques have been implemented to deal with
this issue, such as SMOTE, undersampling, oversampling, and combining trans-
fer learning and active sampling [Yuan et al., 2023, Liu et al., 2023, Wongvo-
rachan et al., 2023, Rezvani and Wang, 2023]. Specifically, rotation and change
in the background are commonly reported in the literature as alternatives for
data augmentation. In entomology, researchers have implemented these tech-
niques for different taxa, belonging to Diptera, Coleoptera, Hymenoptera, and
Lepidoptera [Bjerge et al., 2023, PISE and PATIL, 2024, Doan, 2023]. Moreover,
the use of generative deep learning methods, such as autoencoders, variational
autoencoders, and other variations, has been commonly reported in the literature
as an alternative to generating new data [Cabrera and Villanueva, 2021, Klasen
et al., 2022, Borowiec et al., 2022, Nitin et al., 2023, Phong et al., 2024]. These
techniques have shown promising results, and more researchers have started im-
plementing them in their automation frameworks [Al-Shahari et al., 2024, Khan
et al., 2024].

One example of the combination of imbalanced and low data availability chal-
lenges is the Anastrepha pseudoparallela group (Diptera: Tephritidae) [Araújo
et al., 2024]. Identifying Anastrepha species from this group is problematic due to
morphological similarities among species and a broad geographic variation [Araújo
et al., 2024]. This group comprises 31 species of fruit flies and includes pests that
affect passion fruit crops [Norrbom et al., 1999, Malavasi and Zucchi, 2000]. Some
species of this group are easily encountered, and others are rare in the field, gen-
erating a class imbalance problem for this group.

Therefore, we propose a new framework to identify species of this group, specif-
ically, Anastrepha chiclayae Greene, Anastrepha consobrina (Loew), Anastrepha
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curitibana Araújo, Norrbom & Savaris, Anastrepha curitis Stone, and Anastrepha
pseudoparallela (Loew) due to the agronomic and ecological importance of this
group combined with the challenge posted at the quantitative methods for au-
tomating the monitoring of these species [Araújo et al., 2024]. This this chapter
aims to propose a new framework combining the wing’s morphological features
collection with machine learning algorithms and data augmentation techniques to
automate the identification of species of the Anastrepha pseudoparallela group. We
explored the use of different learning algorithms, preprocessing, feature extraction
methods and augmentation techniques to provide a novel approach to identifying
species of this group.

The rest of this this chapter is organised as follows. In Section 2.3.3, we introduce
the proposed approach for extracting and collecting features from the images.
In Section 2.3.3.1, we present the main methods used for data augmentation.
In section 2.3.3.2, we introduce the learning algorithms used to classify the five
species of the pseudoparallela group and the selected approach for hyperparameter
tuning. Finally, in Section 2.3.4, 2.3.5, and 2.3.6, we, respectively, present the
experimental results, discuss our findings and present our overall conclusions from
this application.

2.3.2 Methods

2.3.3 Image processing and feature extraction
For image acquisition, the right wing of 127 females from five species of the Anas-
trepha pseudoparallela group was first detached from the thorax and submerged
in Celossolve (C4H10O2) for 3-5 days. Then, it was mounted on permanent slides
containing Euparal® and dried for seven days in a laboratory oven at 25ºC. The
wing pattern of each specimen was photographed with a Leica DFC 450 cam-
era coupled with a Leica M205 stereomicroscopic. The final dataset is composed
by 21, 16, 72, 11 and 7 images of respectively A. curitibana, A. pseudoparallela,
A. chiclayae, A. curitis, and A. consobrina species. Initially, we first removed
the white background using RGB thresholding and the Canva application to re-
move any noise in the wing’s images. Then, we preprocessed these images to
create three distinct datasets composed by coloured, gray-scale, and histogram-
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Figure 2.29: Wings of (A) Anastrepha chiclayae; (B) Anastrepha consobrina; (C)
Anastrepha curitibana; (D) Anastrepha curitis; (E) Anastrepha pseudoparallela.
Scale bars = 1.00 mm

equalizedimages [Palma et al., 2022]. We used the OpenCV package [Bradski,
2000] in most image processing techniques applied to create these datasets. Fi-
nally, we combined the Convolutional Neural Network architecture VGG16 trained
with the imagenet dataset [Simonyan and Zisserman, 2014] and Principal Compo-
nent Analysis (PCA) for feature extraction from each wing dataset, as explained
below [Kaur and Singh, 2024, Singh et al., 2024a].

We used this approach to avoid adverse effects on the learning algorithms’ perfor-
mance due to the high dimension of the feature vector produced by the VGG16
architecture. This approach allows us to explore classical machine learning and
deep learning algorithms to classify the species of the Anastrepha pseudoparallela
group. The coloured wing images have dimensions of 2560 × 1920 pixels, which
would produce a VGG16 feature vector of 2, 457, 600 elements. Therefore, we first
reduced the image size to 256 × 192 pixels, producing VGG16 feature vectors of
24, 576 elements. Finally, we applied PCA to reduce dimensionality and mitigate
potential performance degradation in classical machine learning algorithms. The
number of principal components retaining 95% of the variability for the coloured,
gray-scale and histogram-equalised datasets were 87, 89, and 87, respectively.
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Figure 2.30: Diagram illustrating the proposed feature extraction using morpho-
metric and RGB data based on the proposed approach using distance and colour-
based features with, respectively, the shortest HC and polygon structures based
on specialist input.

We systematically collected classical morphometric features, including wing length
and height measurements. Additionally, we identified features based on the struc-
tural composition of the wings. This process involved analysing the nodes and
polygons constituting critical cells within the wing structure. We selected the dis-
tances between each pair of nodes and the total distance of all pairs as features.
In addition, we used the polygons produced by each important cell that are tax-
onomic relevant to the species identification and collected the average, 2.5% and
97.5% percentile of RGB from all polygons designed for each image [Palma et al.,
2023b].

To define the pairs of nodes, we assumed that each wing’s node is a vertex of
an undirected graph and identified the shortest Hamiltonian Cycle (HC) for the
wing’s structure. The shortest HC is a closed loop in a graph that visits each vertex
exactly once and returns to the starting vertex [Lozin, 2024]. Finding the shortest
HC in a graph is a well-known computer science problem named the Travelling
Salesman Problem (TSP) [Carmesin et al., 2023]. In the context of our work,
each node represents a key structural point of the wing. This way, we ensure that
only the most relevant geometric relationships between nodes are captured while
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avoiding the inclusion of redundant or less informative connections. Overall, we
propose using the pair-wise distances of the selected nodes belonging to the TSP’s
solution combined with RGB features of the selected polygons formed by regions
of interest on the wings and the wing’s length and height. Figure 2.30 illustrates
the proposed approach to collect these features for a given shortest HC identified
in a wing.

We used the Ant Colony Optimisation (ACO) algorithm to find a TSP solution
for the wing’s structure considering its common use in the literature to solve this
problem [Dorigo and Gambardella, 1997, Stützle et al., 1999, Li and Gong, 2003].
The Ant Colony Optimisation (ACO) algorithm is a probabilistic approach in-
spired by the behaviour of ants seeking a path between their colony and a food
source [Dorigo et al., 2006, Pedemonte et al., 2011, Mohan and Baskaran, 2012,
Dokeroglu et al., 2019, Tang et al., 2021]. The pseudo code 1 introduces an
overview of the mechaniques of this algorithm. We used 2000 ants, α = 1, β = 2,
ρ = 0.5, Q = 100, and 200 iterations.

2.3.3.1 Data augmentation

Considering the challenge of having solely 127 images belonging to five classes,
we addressed this problem by implementing data augmentation to increase the
number of species samples with fewer images to balance the dataset. We used two
approaches to perform this task: the SMOTE (Synthetic Minority Over-sampling
Technique) [Chawla et al., 2002, Fernández et al., 2018, Khan et al., 2024] and
deep generative modelling based on an autoencoder architecture [Dong et al., 2018,
Pratella et al., 2021] to increase the number of samples from the minority class.
SMOTE is a data augmentation algorithm that generates synthetic minority class
samples by interpolating between existing minority class instances in the feature
space [Chawla et al., 2002, Fernández et al., 2018]. A classical autoencoder is a
variation of an Artificial Neural Network (ANN) architecture, which contains an
encoder, latent and decoder components, where the encoder and decoder contain
ANN’s layers and the same number of neurons. The latent component is an ANN’s
layer with fewer number of neurons, which is commonly used for encoding, dimen-
sional reduction, and data generation [Sarroff and Casey, 2014, Thakkar et al.,
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Algorithm 1 Wing Feature Extraction using ACO-based TSP
Require: Wing image I
Require: ACO parameters: Nants, T , α, β, ρ, Q
Ensure: Feature vector F

1: Step 1: Initialize structures (I) Extract structural nodes N from wing
image I; (II) Extract taxonomic cell polygons P from wing image I; (III)
Initialize empty feature vector F

2: Step 2: Extract proposed morphometric features (I) Calculate wing
length l as maximum distance between anterior-posterior nodes; (II) Calculate
wing height h as maximum distance between dorsal-ventral nodes; (III) Add
l, h to feature vector F

3: Step 3: ACO algorithm for TSP (I) Initialize pheromone matrix τij by
sampling values from a uniform distribution; (II) Calculate visibility matrix
ηij = 1/dij where dij is distance between nodes i, j; (III) Initialize best solution
Sbest with Lbest = ∞

4: for t = 1 to T do
5: Construct Nants solutions using probability pk

ij = (τij)α(ηij)β∑
l∈Uk

(τil)α(ηil)β

6: Update Sbest if better solution found
7: Update pheromone trails: τij = (1 − ρ)τij +∑

k ∆τ k
ij

8: where ∆τ k
ij = Q/Lk if edge (i, j) is in ant’s path

9: end for
10: Step 4: Extract distances from best Hamiltonian path (I) Calculate

sequential node distances from Sbest; (II) Add node distances to feature vector
F

11: Step 5: Extract colour features from polygons
12: for each polygon p in P do
13: Calculate mean and percentile (2.5%, 97.5%) RGB values
14: Add RGB statistics to feature vector F
15: end for
16: Return: Feature vector F
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Figure 2.31: Diagram of a simple autoencoder containing one layer with J and K
neurons for the latent space and encoder/decoder components.

2019, Mansouri and Lachiri, 2020, Yoon et al., 2022, Govender et al., 2024].

The final balanced datasets based on SMOTE and autoencoder contained 360
and 720 samples. The SMOTE algorithm contains fewer data points due to the
algorithms’ classical structure of increasing solely the minority classes [Chawla
et al., 2002, Fernández et al., 2018], and we increased the number of samples of
the minority classes to equal the majority class. We used the same approach for
the autoencoder algorithm, and considering its flexibility [Jeong et al., 2022], we
evenly included additional samples for all classes.

Figure 2.31 presents a standard autoencoder architecture containing one layer for
the encoder, decoder and latent components, where wh

k,j and wo
k,j are the weights,

θh
j and θo

1 are the biases for respectively, the encoder and decoder components.
neth

i,j and neto
i,K represents linear combinations and f is an activation function. We

used two layers for the encoder with n and 30 neurons, where n corresponds to the
number of input features of a presented dataset. For the decoder, we also used two
layers; the first performs batch normalisation operation, and the second contains n

neurons. We used a Leaky Rectified Linear Unit (LeakyReLU) activation function,
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and we included a custom loss function defined as the combination of normalised
Euclidean distance and the correlation coefficient between the true and predicted
values [Deng et al., 2017, Wang et al., 2018, Wu and Picek, 2020, Hu et al., 2023].
We selected the following loss function after testing a few options and evaluating
the performance of the learning algorithms:

L = ||ytrue − ypred||2√∑ (max(ytrue) − min(ytrue))2 + ϵ
− ρ(ytrue, ypred), (2.1)

where ρ(.) is the algebraic correlation between the true, ytrue, and predicted, ypred,
output vectors, respectively. ||ytrue −ypred||2 represents the Euclidean distance and
ϵ is a small constant to prevent division by zero. This loss function minimises the
distance, thereby reducing the reconstruction error while simultaneously maximis-
ing the correlation between the true and predicted values to preserve the inherent
relationships within the data. Finally, we used the Adadelta algorithm [Zhang
et al., 2023a] to update the parameters of the autoencoder structure. We varied
the autoencoder structure to explore the effects of a multi-headed attention mech-
anism[Vaswani, 2017] on the data augmentation process and, consequently, the
learning algorithm’s performance.

2.3.3.2 Validation approach and learning algorithms

Overall, considering the pre-processing techniques applied to the images, aug-
mentation techniques and the feature extraction procedures, we applied different
learning algorithms to 12 datasets:

• Three datasets containing VGG16-PCA features from coloured, gray-scale,
and histogram equalised images with augmented data based on the autoen-
coder algorithm;

• Three datasets containing VGG16-PCA features from coloured, gray-scale,
and histogram equalised images with augmented data based on the SMOTE
algorithm;
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• Three datasets containing VGG16-PCA features from coloured, gray-scale,
and histogram equalised images with no data augmentation;

• Three datasets containing the proposed entomologically-inspired features
from coloured, gray-scale, and histogram equalised images without data aug-
mentation, as well as augmented data based on the SMOTE and the autoen-
coder algorithms;

For the validation procedure, we split each dataset into three folds by dividing
the number of samples evenly for each fold. The first fold was used for training,
the second for fine-tuning and the third for obtaining the test performance to
observe the generalisation potential of each algorithm. We used six permutations of
these folds and calculated the mean of individual accuracies for each permutation.
These permutations relate to the use of each created fold. Since we have three
folds, the total number of permutations is 6!. For each permutation, the data are
independent, and a possible scenario of train, fine-tuning, and test is presented to
evaluate the variance of the performance metrics. We ensure that we introduce
only synthetic data not included in the testing fold for all permutations. We
implemented four learning algorithms for classifying the pseudoparallela species,
Random Forests (RF), Support Vector Machines (SVM) with polynomial kernel,
Decision trees (DT) and Deep Neural Networks (DNNs). We used the Scikit-
learn [Pedregosa et al., 2011] and TensorFlow [Abadi et al., 2015] packages.

During the optimisation of the hyperparameters of each algorithm, we use the
dual annealing algorithm [Tsallis and Stariolo, 1996], which is a stochastic al-
gorithm used for finding the global minimum of a given function. Briefly, the
objective function used to optimise the parameters of each learning algorithm
computes the negative value of the average of the individual accuracies per class
obtained by the learning algorithms using a test dataset. Then, the Generalised
Simulated Annealing method uses 200 visits on the objective function to find
the optimum combination of parameters. Table 2.6 shows the hyperparameters
optimised by the dual annealing algorithm, the boundaries used for each hyper-
parameter, and the learning algorithm’s nature. Additionally, we optimised the
image size used for the learning algorithms. We used Python for image processing,
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machine learning and data augmentation methods and R for data visualisation.
All code and datasets are available at https://github.com/GabrielRPalma/
AnastrephaPsedoparallelaClassification to allow full reproducibility of this
work.

Table 2.6: Attributes of the learning algorithms used for classifying species of the
pseudoparallela group including the type of hyperparameter and boundaries
used in the dual annealing algorithm during the optimisation process.

Attributes
Learning algorithms Hyperparameters Description Boundaries

Decision Trees (DT) j, s, c j is the maximum depth of
the created trees, c is the
minimum sample leafs and c
is the minimum sample split

j = {2, . . . , 50},
s = {2, . . . , 50} and
c = {2, . . . , 50}

Deep Neural Network (DNN) l, u, d and α l is the number of layers, u
is the total number of neu-
rons of the neural network,
d indicates dropout is im-
plemented in the and α is
the negative slope used for
the Leaky Rectified Linear
Unit (LeakyReLU) activa-
tion function in the DNN
architecture

l = {1, . . . , 7}, d = {0, 1},
u = {10, . . . , 50} and α =
{0, . . . , 1}

Support Vector Machines (SVM) p The polynomial degree of
the applied kernel used in
the method

p = {1, . . . , 20}

Random Forest (RF) b, j, s b is an indicator to apply
bootstrapping, j is the max-
imum depth of the created
trees and s is the minimum
sample split

b = {0, 1}, j = {2, . . . , 50}
and s = {2, . . . , 50}

2.3.4 Experimental results
Figure 2.32 presents the performance obtained by the Deep Neural Networks, Sup-
port Vector Machines, Decision Trees, and Random Forests algorithms to classify
species of the species Anastrepha pseudoparallela group based on the proposed
and VGG16-PCA features. Overall, considering all machine learning and data
augmentation algorithms, we obtained an average and standard deviation (sd) of
the mean of individual accuracies for the Travel Salesman Problem (TSP)-based
and VGG16-PCA features of, respectively, 0.51 (0.19) and 0.35 (0.22). Also, con-
sidering the pre processing the images, we obtained for the coloured, gray scale and
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Figure 2.32: Mean of individual accuracies of four machine learning methods ap-
plied to the classification of A. consobrina, A. curitis, A. chiclayae and A. cu-
ritibana based on images of their wings using. All measures reported in this table
were obtained in the test set.

histogram equalised images an average performance of, respectively, 0.44 (0.22),
0.34 (0.23), and 0.34 (0.22). Moreover, we obtained an average and standard de-
viation (sd) of the mean of individual accuracies for SMOTE, autoencoder, and
raw datasets of, respectively, 0.53 (0.29), 0.33 (0.13), and 0.30 (0.14). Random
forests, Deep Neural Networks, Decision Trees, and Support Vector Machines al-
gorithms obtained an average performance of 0.40 (0.25), 0.40 (0.22), 0.35 (0.21),
and 0.39 (0.23).

For the classification of A. chiclayae considering all machine learning and data
augmentation algorithms, we obtained an average of the mean of individual ac-
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curacies for the TSP-based and VGG16-PCA features of, respectively, 0.78 (0.24)
and 0.75 (0.29). Also, considering the pre processing the images, we obtained for
the coloured, gray scale and histogram equalised images an average performance
of, respectively, 0.77 (0.26), 0.74 (0.32), and 0.75 (0.27). Moreover, we obtained
an average of the mean of individual accuracies for SMOTE, autoencoder, and
raw datasets of, respectively, 0.72 (0.22), 0.70 (0.31), and 0.84 (0.21). In addi-
tion, Random Forests, Deep Neural Networks, decision trees, and Support Vector
Machines algorithms obtained an average performance of 0.81 (0.23), 0.87 (0.19),
0.56 (0.30), and 0.78 (0.27).

For the classification of A. consobrina considering all machine learning and data
augmentation algorithms, we obtained accuracies for the TSP-based and VGG16-
PCA features of, respectively, 0.32 (0.41) and 0.28 (0.36). Also, considering the
pre processing the images, we obtained for the coloured, gray scale and histogram
equalised images an average performance of, respectively, 0.32 (0.38), 0.27 0.36),
and 0.27 (0.36). Moreover, we obtained accuracies for SMOTE, autoencoder, and
raw datasets of, respectively, 0.52 (0.41), 0.23 (0.32), and 0.13 (0.26). In addi-
tion, Random Forests, deep neural network, decision tree and Support Vector Ma-
chines algorithms obtained performances of respectively 0.296 (0.38), 0.31 (0.39),
0.28 (0.36), and 0.29 (0.37)

For the classification of A. curitis considering all machine learning and data aug-
mentation algorithms, we obtained accuracies for the TSP-based and VGG16-PCA
features of, respectively, 0.70 (0.36) and 0.24 (0.34). Also, considering the pre
processing the images, we obtained for the coloured, gray scale and histogram
equalised images an average performance of, respectively, 0.48 (0.42), 0.25 (0.34),
and 0.23 (0.33). Moreover, we obtained accuracies for SMOTE, autoencoder, and
raw datasets of, respectively, 0.67(0.40), 0.58(0.37), 0.39(0.38), and 0.47(0.41).
In addition, Random Forests, deep neural network, Decision Trees, and Sup-
port Vector Machines algorithms obtained an average performance of 0.36 (0.41),
0.34 (0.41), 0.38 (0.39), and 0.35 (0.39).

For the classification of A. pseudoparallela considering all machine learning and
data augmentation algorithms, we obtained accuracies for the TSP-based and
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Figure 2.33: Random Forests’ individual accuracies of each species of the Anas-
trepha group based on the features collected from the coloured images of their
wings using the SMOTE algorithm for data augmentation. All measures reported
in this table were obtained in the test set.

VGG16-PCA features of, respectively, 0.43 (0.36) and 0.20 (0.34). Also, consid-
ering the pre processing the images, we obtained for the coloured, gray scale and
histogram equalised images an average performance of, respectively, 0.32 (0.36),
0.20 (0.34), and 0.20 (0.35). Moreover, we obtained an average of the mean of
individual accuracies for SMOTE, autoencoder, and raw datasets of, respectively,
0.47 (0.42), 0.212 (0.30), and 0.10 (0.23). In addition, Random Forests, deep neu-
ral network, Decision Trees, and Support Vector Machine algorithms obtained an
average performance of 0.25 (0.35), 0.19 (0.34), 0.30 (0.36), and 0.29 (0.38).

For the classification of A. curitibana considering all machine learning and data
augmentation algorithms, we obtained accuracies for the TSP-based and VGG16-
PCA features of, respectively, 0.32(0.36) and 0.25 (0.32). Also, considering the
pre processing the images, we obtained for the coloured, gray scale and histogram
equalised images an average performance of, respectively, 0.30 (0.35), 0.24 (0.34),
and 0.25 (0.29). Moreover, we obtained accuracies for SMOTE, autoencoder, and
raw datasets of, respectively, 0.41 (0.40), 0.22 (0.27), and 0.19 (0.28). In addition,
Random Forests, deep neural network, Decision Trees, and Support Vector Ma-
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chines algorithms obtained performances of 0.30 (0.35), 0.29 (0.38), 0.25 (0.30),
and 0.24 (0.30).

Figure 2.33 shows the individual accuracies per species of the studied group, where
the Random Forests algorithm was employed using the coloured images for feature
collection and the SMOTE algorithm. This combination presents the highest av-
erage performance we could obtain for the classification of this group, yielding an
average performance of individual accuracies of 0.72 (0.22). The average individual
accuracies performance for A. chiclayae, A. consobrina, A. curitis, A. pseudopar-
allela, and A. curitibana were, respectively, 0.82 (0.19), 0.39 (0.49), 0.96 (0.10),
0.77 (0.26), and 0.69 (0.44). We noticed a high level of variability in monthly
performance for A. consobrina, as solely 7 images were available.

2.3.5 Discussion
We proposed a new set of features based on the shortest Hamiltonian Cycle ex-
tracted in the wing’s structure and compare them with features obtained by the
VGG16-PCA architecture to classify species of the A. pseudoparallela group with
various learning algorithms and data augmentation techniques. Our results showed
that using the Random Forests algorithm trained with the proposed features col-
lected from the coloured images and augmented using the SMOTE algorithm
yielded higher average performance than the other presented combinations. The
poor performance of these approaches demonstrates how challenging this problem
is and highlights potential avenues for improving this work. Our results agreed with
the broader literature on ensemble learning applied to imbalanced data [Rezvani
and Wang, 2023, Khan et al., 2024]. Our results provided a novel contribution to
the pseudoparallela group by introducing the proposed approach to classify closely
related species given the challenges of imbalanced and low data availability.

Moreover, our results indicated that the use of the proposed features collected
by the solving TSP based on the wing’s nodes and collecting specific distances
based on the resulting shortest HC provide higher average performance compared
to the use of the VGG16-PCA applied to the high-resolution images of the wings.
Therefore, it presented a promising alternative for researchers looking for data
dimensionality reduction and classification of winged insect species. Moreover,
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using coloured images instead of image transformations (gray scale and histogram
equalised) showed better overall performance, indicating no need for modifying
the RGB structure of the image even though for the human eyes, the histogram
equalisation would emphasise the node structure of the wings. Finally, the SMOTE
algorithm also increases the algorithm’s overall performance in classifying this
group.

A. consobrina specimens presented the most challenge for the learning algorithms,
even for the best approach proposed in this this chapter. The lack of available
images can explain this, and the increase in average performance by the SMOTE
algorithm highlighted this possible explanation. Also, the classification of the stud-
ied group showed to be more challenging compared to other species of Anastrepha,
such as A. fraterculus (Wiedemann), A. obliqua (Macquart), and A. sororcula
Zucchi [Perre et al., 2016, Leonardo et al., 2018b] and our work highlights the im-
portance of proposing new techniques for automatically identifying fruit fly species
that face the challenges presented in this application. This study contributes to
entomologists interested in automating the classification of this important group.
In a broader context, this contribution is part of the broader picture of automat-
ing biodiversity monitoring, which, in some cases, requires specialised algorithms
to provide an accurate representation of biodiversity and therefore facilitate the
implementation of Caughley’s management actions. So, the presented exploration
of potential approaches provides insights towards this goal.

We identified two primary limitations of the presented study. The first relates to
the challenge itself, where algorithm generalisation is affected by data scarcity, as
evidenced by the high variance in the performance metrics. Thus, further work
to obtain additional images of this rare species could improve the performance of
learning algorithms and generalisation. The second limitation concerns the fact
that augmentation algorithms do not necessarily reflect real biological variation,
but risk overfitting to the artefacts of the limited original dataset. Finally, we
highlight that the overall accuracy is only appropriate as a performance metric in
balanced datasets, so future work should include precision/recall, F1, or per-class
confusion matrices.
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2.3.6 Conclusion
In this this chapter, we proposed a new approach to classify species of the Anas-
trepha pseudoparallela group using classical computer science techniques with ma-
chine learning and computer vision methods. The main challenges faced by our
work relate to the group’s rare species characteristics, which results in imbalanced
scarce data. We showed that combining the proposed features collected from the
wing’s node structure and the RGB information from specific polygons formed by
specialists can better classify those species than the traditional VGG16-PCA ar-
chitecture based on the various learning algorithms tested. Moreover, we showed
that the use of coloured images with SMOTE and Random Forests algorithms
provided a higher classification performance based on these species. This study
serves as an initial exploration of the classification of rare Anastrepha species and
can serve as a basis for classifying fruit fly species of other groups that present
scarce data availability and class imbalance.
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CHAPTER 3
Statistical machine learning

applied to animal control

The main contributions of this chapter to Caughley’s management action to de-
crease excessive populations are based on the design of a new non-black-box ma-
chine learning method to detect animal outbreaks and analyse the effect of animal
dynamics on the outbreaks. Moreover, this Chapter illustrates the use of statistical
machine learning techniques as a promising method for Integrated Pest Manage-
ment (IPM) by focusing on the examples of the proposed learning algorithm for
insect pests. Motivated by this problem, a new approach was introduced to pre-
dict insect abundance, considering the time series dependencies among insect and
climate time series. Finally, this Chapter focused on researchers interested in util-
ising Statistical Machine Learning methods to improve their decision-making in
IPM practices.

Entomology is the central focus of this Chapter, where insect populations and
concerns about reducing economic damage caused by Aphid species illustrate the
new non-black-box machine learning method and the new approach presented in
the second topic. We start with the introduction of the Pattern-Based Prediction
(PBP) method. Then, we introduce a new approach for estimating animal abun-
dance based on climate covariates, machine learning, and time series embedding.
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3.1 Pattern-Based Prediction of Population
Outbreaks

As insect outbreaks provide a clear illustration of the target Caughley’s manage-
ment action, this application will continue to focus on the entomological context
to propose a new machine learning method to predict insect outbreaks. The com-
plexity and practical importance of insect outbreaks have made predicting them a
focus of recent research. We propose the Pattern-Based Prediction (PBP) method
for predicting population outbreaks. This method treats outbreaks as a binary
problem, where the classes are the absence or presence of the studied event. The
proposed method uses information from previous time series values preceding an
outbreak as predictors of future outbreaks, which can be helpful for monitoring
pest species. We illustrate the methodology using simulated datasets and an aphid
time series obtained in wheat crops in Southern Brazil. We obtained an average
test accuracy of 84.6% in simulation studies using stochastic models and 95.0%
for predicting outbreaks using a time series of aphid counts in wheat crops in
Southern Brazil. Our results demonstrate the feasibility of the PBP method for
predicting population outbreaks. We benchmarked our results against established
state-of-the-art machine learning methods: Support Vector Machines, Deep Neu-
ral Networks, Long Short-Term Memory, and Random Forests. The PBP method
yielded competitive performance, with higher true-positive rates in most compar-
isons, while providing interpretability rather than being a black-box method. It
is an improvement over current state-of-the-art machine learning tools, especially
for non-specialists, such as ecologists, who aim to use a quantitative approach to
pest monitoring.

3.1.1 Introduction
Automated systems for syndromic surveillance have been reported in many stud-
ies in different contexts, such as public health aiming to predict disease outbreaks
and also agricultural pests [Madden and Wheelis, 2003, Buckeridge, 2007, Büntgen
et al., 2020, Bright et al., 2020, Burkom et al., 2021]. These studies have demon-
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strated many possibilities for predicting outbreaks based on population dynamics,
sampling methods, outbreak frequency, and threshold analysis. Their results have
demonstrated potential to help public health actions, based on the interpretation
of results provided by these algorithms, using different data sources containing
simulated and observed outbreaks [Buckeridge, 2007, Chan et al., 2021].

Historically, the algorithms used to predict outbreaks involved classical time series
methods, such as ARIMA-type models, seasonal models, and partial differential
equations, among others [Buckeridge, 2007]. These tools positively impacted pub-
lic health actions by enhancing the possibility of predicting disease outbreaks, but
the applications of these methods are not restricted to this area. In quantitative
ecology, these applications were expanded so that many authors started repre-
senting ecological phenomena with mathematical, statistical and machine learning
methods [Sarah P. Otto, 2007, Odum, 2005, Ross, 1998]. One recent example is
the application of supervised machine learning methods for predicting infestations
of pine trees by a mountain pine beetle [Ramazi et al., 2021].

Examples of these applications are the representation of biological systems and
the interactions between the species, such as predator-prey, host-parasitoid and
competition models [Odum, 2005, Badkundri et al., 2019]. Among the taxonomic
groups used to study these applications, insects expand the possibility of develop-
ing these methods with various models inspired by different problems. Examples
are the LPA (larva-pupa-adult), host-parasitoid and other models related to her-
bivory [Sarah P. Otto, 2007]. These models are commonly used to study biological
phenomena such as outbreaks. In addition, researchers can implement further
statistical and mathematical modelling studies with insect time series data.

Insects depend on resource availability, as demonstrated by many studies involv-
ing time series [Nair, 2001, 2007, Santos et al., 2017, Lantschner et al., 2019].
The co-evolution between pests and plants reinforces this influence. It shows the
complexity of this system, including biochemical strategies to avoid herbivory and
the genetic plasticity of pests, enhancing their capability to obtain the necessary
resources from plants [Wallner, 1987, Nair, 2001, 2007]. Pest dynamics are also
based on physical and biological conditions, such as temperature, humidity, pre-

85



3.1. Pattern-Based Prediction of Population Outbreaks

cipitation or irrigation, which strongly influence pest density [Wallner, 1987, Nair,
2001, Odum, 2005]. Biological factors such as mating system, life cycle, number
of offspring per generation, mortality, and resource availability are also capable of
influencing insect populations [Wallner, 1987, Godfray and Godfray, 1994, Nair,
2001, Hall et al., 2017]. In monoculture scenarios, crop phenology is followed by
the presence of pests reinforcing that resource availability has a strong effect on
the population dynamics in agroecosystems [Nair, 2001, 2007, Santos et al., 2017].

Insect outbreaks have frequently been documented in pest populations [Santos
et al., 2017, Lynch, 2009, 2018]. They are important biotic disturbances in forests
and agroecosystems [Wallner, 1987, Nair, 2001, Lantschner et al., 2019], since
they may cause economic and/or ecological damage. Studies have shown possible
explanations for outbreaks, such as abundant resources in monocultures, absence
of predators or parasitoids, genetic factors, and pheromones produced by pests
[Hall et al., 2017, Tao et al., 2012]. Biotic disturbances can be intensified by
climate change and human activities, which makes it essential to study how they
influence pest outbreaks [Volney and Fleming, 2000, Sharma and Dhillon, 2018,
Phophi et al., 2019]. One example of how human activities can affect outbreaks is
the occurrence of bark beetles in temperate forests. These insects have devastated
a large area of pine trees in the continental United States [Negron et al., 2008].

In Brazil, there are several examples of pest outbreaks in forests and crops, as for
example Eucalyptus with Thyrinteina arnobia and Stenalcidia sp (Geometridae)
[Zanuncio et al., 2006]; black wattle with Oncideres impluviata (Cerambycidae)
showing annual outbreaks in the state of Rio Grande do Sul [Ono et al., 2014];
soybean with Chrysodeixis includes and Anticarsia gemmatalis (Lepidoptera: Noc-
tuidae) also exhibiting high frequencies [Bueno et al., 2010, Santos et al., 2017].
Studies focused on the species mentioned above show that outbreaks occur sud-
denly because of different natural effects that can result in increased population
densities [Nair, 2001, 2007, Santos et al., 2017, Lantschner et al., 2019]. However,
the exact reason why an insect species population suddenly increases in number
is still an open question [Ekholm et al., 2019]. Outbreak occurrence forecasting
turns out to be an arduous task requiring a large amount of man-hours, extensive
field work and different types of specialised equipment. Entomologists tradition-
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ally have been using different interventions to reduce economic damage, mainly in
agriculture. The most common method traditionally used for this task is to define
an economic threshold level [Stern et al., 1959, Onstad, 1987].

Nowadays, the possibilities of actions against insect damage in crops can be found
in the IPM domain, which briefly consists of employing biological, physical, chem-
ical and genetic approaches to reduce the population densities of a pest [Stern
et al., 1959, Goodell, 2009]. The economic threshold concept has been coupled
with more complete analyses involving control functions given by the crop and
pest population information [Mitchell et al., 2004, Dun et al., 2009, Tinsley et al.,
2013]. When outbreaks are frequently recorded in insect populations, the proba-
bility that their population size is bigger than the economic-injury level increases,
causing secondary outbreaks [Goodell, 2009]. Given that this biological distur-
bance can occur suddenly and pest monitoring can be delayed, this density can be
bigger than the economic threshold in the subsequent monitoring sample.

Different approaches have been proposed to address problems of this nature. One
example is the Alert Zone Procedure (AZP) [Hilker and Westerhoff, 2007], which
consists of scanning observations preceding population outbreak events to obtain
profiles associated with these outbreaks. This method can extract meaningful
information about outbreaks because previous densities before this event allow for
the comprehension of ecological patterns. This method can be used as a basis to
improve pest outbreak forecasting. However, it must be improved to deal with real-
world problems. The effectiveness of these approaches remains an open question
that is the focus of this research.

This chapter proposes the Pattern-Based Prediction (PBP) method to predict
animal outbreak occurrence, which is an extension of the AZP based on statistical
machine learning. For the purposes of this chapter, we consider an outbreak to have
occurred when the population exceeds a given threshold level. We are interested in
studying the pattern preceding such an outbreak; by pattern, we mean a sequence
of population values in the times leading up to the outbreak occurrence. We will
introduce more formal definitions in the following section. We begin by describing
the method and then carry out simulation studies to assess the performance of
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our method under different conditions. Finally, we illustrate our proposed method
using a dataset obtained from a pest management system aimed at monitoring
aphids, which are important pests for many different cultures – such as wheat,
barley, and mustard [Kranti et al., 2021] – and discuss the feasibility of applying
it to the context of pest management.

3.1.2 Methods
Generating patterns

Let xt represent the population size of a particular species at time point t, t =
1, . . . , T . Initially, we set a population size threshold x∗ such that when xt ≥ x∗ we
have a population outbreak at time t. We then implement the AZP, as proposed
by Hilker and Westerhoff [2007]. This method consists of scanning observations to
identify each outbreak event i, i = 1, . . . , I, that occurred at time point ti, based
on the value of x∗, and collecting the m observations that precede them, forming
a vector pT

i = {pi1, pi2, ..., pim} = {xti−1, xti−2, ..., xti−m} per event. If ti − m < 1,
event i is ignored. After that, we group all population dynamics patterns that
precede these events as the matrix

P =


xt1−1 xt1−2 · · · xt1−m

xt2−1 xt2−2 · · · xt2−m

... ... . . . ...
xtI−1 xtI−2 · · · xtI−m

 =


pT

1

pT
2
...

pT
I

 , (3.1)

where I represents the total number of identified patterns. See Figure 3.1(a) for a
plot of all rows of a hypothetical P matrix. Note that time series pre-processing
may be carried out prior to obtaining the pattern matrix P . For instance, in
Section 3.5 we compare the performance of our method using the raw time series
and a pre-processed series using the Empirical Mode Decomposition method [Kim
et al., 2012]. Overall, this method decomposes a time series into intrinsic mode
functions (IMFs), and the key characteristic of this additive decomposition is the
separation of deterministic components from stochastic elements [Huang et al.,
1998].
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Figure 3.1: a) The representation of patterns pi within the matrix P that precede
an outbreak event, using m = 5. b) The respective cluster matrices P′

c obtained
using d∗

cluster = 0.4. These patterns were obtained from time series data simulated
from a Ricker map, with r = 3 and K = 1000, x1 = 200 and 1000 observations. The
population size threshold for the outbreak event was set as x∗ = 2224 representing
the 90% percentile of the data.

Then, if patterns i and j (i ̸= j) are sufficiently similar, we group them in the
same cluster. We do this based on the association metric

d(pi, pj) = 1
c(pi, pj) + 1 , (3.2)

where c(pi, pj) = ∑m
k=1

|pik−pjk|
|pik|+|pjk| > 0 is the Canberra distance [Androutsos et al.,

1998, Ehsani and Drabløs, 2020] between two vectors, where | · | is the Euclidean
norm. This distance is appropriate for non-negative count data [Androutsos et al.,
1998]. Note that when c(pi, pj) → ∞, then d(pi, pj) → 0, and as c(pi, pj) → 0,
then d(pi, pj) → 1.

To define the similarity of patterns we set the value d∗
cluster, representing the min-

imum association metric for considering pi similar to pj. This yields the cluster
matrices P′

c, c = 1, . . . , C, that include patterns which are similar to one an-
other. To obtain these, we start with pattern p1, which represents the first row
of the matrix P. We remove p1 from P and add it as the first row of P′

1. After
that we compute the association metric between p1 and all subsequent rows of
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P. If d(p1, pj) ≥ d∗
cluster, we add pattern pj as the last row of the cluster matrix

P′
1 and delete it from P. We repeat this process to obtain the cluster matrices

P′
c, c = 1, . . . , C ≤ I, until there are no more rows left in P (Algorithm 1 in the

supplementary material). Note that the order of P is important for the clustering
procedure. See Figure 3.1(b) for an example where the generated patterns were
split into C = 3 cluster matrices. The value specified for d∗

cluster governs the num-
ber of clusters generated. As d∗

cluster → 1, C → tends to the number of distinct
pattern vectors, I, while as d∗

cluster → 0, C → 1 (i.e. all patterns belong to the
same cluster).

After obtaining the C cluster matrices

P′
c =


xt1−1 xt1−2 · · · xt1−m

xt2−1 xt2−2 · · · xt2−m

... ... . . . ...
xtl′c

−1 xtl′c
−2 · · · xtl′c

−m

 , (3.3)

where l′
c is the number of rows of P′

c, we compute the vectors of means p′
c, con-

taining the mean of each column for cluster matrix P′
c, to form the rows of the

matrix

P′
means =



1
l′
1

l′1∑
c=1

xtc−1
1
l′
1

l′1∑
c=1

xtc−2 · · · 1
l′
1

l′1∑
c=1

xtc−m

1
l′
2

l′2∑
c=1

xtc−1
1
l′
2

l′2∑
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xtc−m


=


p′T

1

p′T
2
...

p′T
C

 . (3.4)

The matrix P′
means contains the information of all cluster matrices P′

c, and is used
for the prediction of a future event. Given a new collection of observations xnew,
with length m, we compute the association metric between xnew and each row of
P′

means. If any computed association is greater or equal to d∗
pred, shown in Eq. 3.5,

the threshold for prediction, we predict that an event will occur. Finally d∗
pred is
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3.1. Pattern-Based Prediction of Population Outbreaks

defined for each row of P′
means as a function of l′

c, the number of patterns that
generated each vector of means:

d∗
pred = f(l′

c) = d∗
base + (1 − d∗

base)
(l′

c)α
, (3.5)

where d∗
base is the baseline value of the association metric (the smallest it is allowed

to be) and α is a constant that changes the shape of the function f (see Figure 3.2).
When l′

c → ∞, we have that d∗
pred → d∗

base, and as l′
c → 1, also d∗

pred → 1. This
means that for predicting that a new event will occur, we would need a larger
association between xnew and a particular p′

c that was obtained from a small
number of patterns.

Figure 3.2: The threshold for prediction d∗
pred, calculated as a function of l′

c for
α = 1 (red curve), α = 3 (green curve) and α = 0.25 (blue curve), whilst fixing
d∗

base = 0.6. The x-axis is represented as 1/l′
c to ease visualisation.

To summarise, the PBP method consists of the following steps:

1. Choose the value of the population size threshold x∗;

2. Set the values of m and d∗
cluster;

3. Generate the pattern matrix P;

4. Obtain the cluster matrices P′
c (algorithm presented in the supplementary

material);

91



3.1. Pattern-Based Prediction of Population Outbreaks

5. Compute the matrix P′
means from the column means of each cluster matrix

P′
c;

6. Set the values of d∗
base and α and obtain d∗

pred for each row of P′
means;

7. Given a new collection of observations xnew compute the proposed association
metric between xnew and each row of P′

means;

8. If the computed association coefficient is greater than or equal to the value
of d∗

pred associated with that row of P′
means, predict that a new event will

occur at the next time step; predict that it will not occur, otherwise.

A schematic diagram of this process is represented in Figure 3.3.

Choosing m, d∗
cluster, d∗

base and α via cross-validation

We propose the use of k-fold cross-validation to choose the values of m, d∗
cluster

and α, such that the accuracy of the method is optimized. Here, the k-fold cross
validation briefly consists of creating k groups of patterns pi of the pattern matrix
P and by removing the first group of patterns from P, obtaining P′

means with-
out using the information of this group, and carrying out the method to predict
the occurrence of events based on the first group. After obtaining the method
predictions based on this group, we compute

• true positives (TP): the number of times the method accurately predicted
an event;

• true negatives (TN): the number of times the method accurately predicted
there was no event;

• false positives (FP): the number of times the method incorrectly predicted
an event;

• and false negatives (FN): the number of times the method incorrectly pre-
dicted there was no event.
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3.1. Pattern-Based Prediction of Population Outbreaks

Figure 3.3: A schematic representation of the pattern-based method used to predict
an outbreak based on time series data.

We use these values to obtain the accuracy, ACC = TP+TN
TP+TN+FP+FN, the true

positive rate, TPR = TP
TP+FN, and the false positive rate, FPR = FP

TN+FP. We
repeat this process for each group ending up with k values of these metrics. To
measure the overall performance, we obtain the average of these metrics. Here, we
carry out the analysis using k = 5.

To optimise the predictive power of the method, firstly we fix the values of m,
d∗

cluster and α, and obtain different TPR and FPR values by varying d∗
base. The

TPR and FPR can be plotted against each other to form a ROC curve [Hastie
et al., 2004]. This curve is bounded between 0 and 1. For a method with good
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3.1. Pattern-Based Prediction of Population Outbreaks

predictive power, we expect the area under the curve (AUROC) to be close to 1.
Let g(m, d∗

cluster, α) be an objective function that returns −AUROC based on the
described method. Then, we use the Generalized Simulated Annealing method
[Tsallis, 1988, Tsallis and Stariolo, 1996, Xiang et al., 1997, Xiang and Gong,
2000, Xiang et al., 2013, Mullen, 2014] to obtain the values of m, d∗

cluster and α

that minimise g. This method speeds up the computation process compared to
a grid search of the variables. Other methods may be used, such as Differential
Evolution (see the supplementary materials).

To construct the ROC curve, we vary d∗
base from 0 to 1 using increments of 0.1 and

calculate the AUROC using the trapezoid method [Liu and Pierce, 1994]. Finally,
we apply one of two forms to choose d∗

base: the first is based on selecting a minimum
threshold for the true positive rate (e.g. 0.8 or 0.9) and the second on selecting a
maximum threshold for the false positive rate (e.g. 0.1 or 0.2). In summary, the
method consists of the following steps:

1. Fix the values of m, d∗
cluster and α;

2. For different values of d∗
base, carry out k-fold cross validation and obtain the

TPR and FPR for each fold, and compute the AUROC;

3. Choose m, d∗
cluster and α such that the AUROC is the largest;

4. Choose d∗
base based on the minimum TPR or maximum FPR that would be

allowed in the study, based on the ROC curve with the largest area. (Note
that the minimum TPR or maximum FPR allowed depends highly on the
ecological system and objectives of the monitoring programme.)

Sensitivity analysis

We carried out a sensitivity analysis using simulated deterministic population dy-
namics, obtained from the Ricker map [Sarah P. Otto, 2007]:

xt+1 = xt exp
[
r
(

1 − xt

K

)]
, (3.6)

where xt denotes the population size of an organism at time t and the parameters
r > 0 and K > 0 describe the intrinsic growth rate and carrying capacity of the
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environment, respectively. We simulated 100 generations using r = 3, K = 1000
and an initial value of x1 = 200.

In order to study the influence of different values of m and d∗
cluster on C (the total

number of cluster matrices P′) and the overall accuracy of the method, we used the
simulated observations from the Ricker map, setting x∗ = 2224 as the threshold for
an outbreak event. This value corresponds to the 90% percentile of the simulated
values from the deterministic Ricker map setting the parameter values as described
above. We then employed the methodology described in the previous sections to
obtain the matrices P′

means for m varying from 2 to 15 in increments of 1, and
d∗

cluster varying from 0 to 1 with increments of 0.1.

Method validation under stochastic conditions

To study the accuracy of the proposed method in predicting outbreak and ex-
tinction risk events under stochastic conditions, we simulated from three different
approaches. The first included an additive Gaussian error εt ∼ Normal(0, σ2) in
the Ricker map, yielding the recurrence equation

xt+1 = xt exp
[
r
(

1 − xt

K

)]
+ εt+1. (3.7)

Whenever the addition of the random noise term yielded xt+1 < 0, a new random
noise value would be drawn from the normal distribution until xt+1 > 0, to ensure
positive population sizes.

The second approach utilized a state-space formulation using a Poisson distribution
with the mean term µ given by the Ricker recurrence equation, i.e.

X1 ∼ Poisson(µ1 = x1) (3.8)

Xt+1|Xt ∼ Poisson
(

µt+1 = Xt exp
[
r
(

1 − Xt

K

)])
, (3.9)

from which all xt values were drawn recursively. Finally, the third approach utilizes
a state-space formulation based on a negative binomial distribution to accommo-
date overdispersion in the simulation study, i.e. Xt+1|Xt ∼ Negative Binomial(µt+1, ϕ).
We estimated r and K based on real time series data of aphid counts in Southern
Brazil for each model formulation, as well as the dispersion parameters σ2 for the
Gaussian model and ϕ for the negative binomial model.
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Using the parameter estimates in Table 3.1, we simulated 20 samples of size 400
for each model. We also simulated 20 samples of size 400 using the negative
binomial model with ϕ = 3, to introduce a scenario with stronger overdispersion.
We computed the accuracy, TPR and FPR by training the methods with the initial
80% observations and testing with 20% of the time series. Moreover, based on the
ROC curve with the largest AUROC, we chose d∗

base using four methods:

1. ‘TPR_08’: choose the d∗
base value associated with the smallest TPR value

that is equal to or greater than 0.8;

2. ‘TPR_09’: choose the d∗
base value associated with the smallest TPR value

that is equal to or greater than 0.9;

3. ‘FPR_01’: choose the d∗
base value associated with the largest FPR value that

is equal to or less than 0.1;

4. ‘FPR_02’: choose the d∗
base value associated with the largest FPR value that

is equal to or less than 0.2.

Parameter Model
Gaussian Poisson Negbin

r 0.15 0.28 0.57
K 224 310 370
σ2 21, 866 − −
ϕ − − 1.2

AIC 5, 226 34, 913 4, 296

Table 3.1: Parameter estimates obtained when fitting the Ricker state-space model
to the aphid data assuming different distributions for the observation process,
namely Gaussian, Poisson and negative binomial, as well as the Akaike Information
Criterion (AIC) for each model fit. Negbin = negative binomial.

Analysis of case-study: Aphid data

To illustrate the predictive performance of our method, we use data obtained from
an aphid monitoring programme implemented in Southern Brazil (State of Rio
Grande do Sul, RS). These insects are considered as important pest species of
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many crops. For instance, among the aphid species monitored by this programme,
the species Rhopalosiphum padi and Rhopalosiphum rufiabdominalis are widely
considered important pest species associated with winter cereals, and are found
in the Eurasian region with a cosmopolitan distribution [Macfadyen and Kriticos,
2012]. Sampling was carried out weekly in an area of 5500m2 in a wheat culture
region (Coxilha, RS, 710 m altitude, 28◦11′42.8′′ S and 52◦19′30.6′′ W), from 2011
to 2019, totalling 424 observations. The temperature and relative humidity data
were monitored at the Passo Fundo weather station (28◦15′ S, 52◦24′ W, 684 m),
located 10 km from the experimental area. The field was cultivated under a no-till
system.

The species of aphids were monitored using Moericke traps (yellow tray, 45 cm
long x 30 cm wide x 4.5 cm high), filled with a solution (2 L) consisting of water,
40% formalin (0, 3%) and detergent (0.2%). Each tray had three lateral holes (5
mm in diameter) close to the edge, protected by a thin screen to prevent leaks
and loss of solid content during rain. Four traps were distributed at the borders
of the crop rotation tests. The traps were levelled at approximately 20 cm from
the floor with bricks. The crop rotation area was cultivated with cereals (oat,
wheat, and triticale), radish and fallow during the Winter and in the Summer
with soybeans, corn, and Brachiaria sp. Every seven days, the solid content of
the trays was separated from the solution through the sieve and collected. The
biological material was preserved in a glass bottle with 70% alcohol. Aphids and
parasitoids were separated, identified, and counted under a stereomicroscope in
the laboratory.

Monitoring is one of the bases for IPM. For aphids, their importance stands out
mainly due to the ability of these insects to transmit viruses (Barley Yellow Dwarf
Virus) to economically important crops, such as wheat, oats, barley and rye. The
criterion to find a threshold (x∗) was the total number of aphids observed in
the four traps. Usually, 10% of plants infested by aphids results in an economic
threshold [Bell et al., 2015]. This percentage corresponds to 50 insects per trap,
totalling 200 aphids, which is the threshold value used here to define an outbreak.

We selected 40%, 50%, 60% and 70% of the initial observations of the time series
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for training and the complement as test sets to obtain the accuracy, true-positive
rates and false-positive rates. We compared the performance of the PBP method
with Random Forests (RF) [Breiman, 2001, Hastie et al., 2009] and Support Vector
Machines (SVM) [Cortes and Vapnik, 1995, Crammer and Singer, 2001] algorithms.
To obtain the algorithm performance using these competing methodologies, we
created the matrix P with m = 4. The classification threshold of both algorithms
were selected based on the same four criteria based on true and false positive rates
used by the proposed method. Another matrix that did not contain outbreaks
was generated with the same m observations before a threshold lower than the
population size x∗ = 200 that defines an outbreak of aphids in the study area.

For RF, we used 2 splitting predictors per tree (for m = 4), and a total of 1,000
trees. For SVM, we used the linear kernel. The implementation of the classification
methods was carried out in Python using the library Scikit-learn [Van Rossum and
Drake Jr, 1995]. Finally, we obtained the accuracy, true positive rate and false
positive rate using the aforementioned training-test splits of the time series.

The PBP method is implemented through the pypbp package, which may be di-
rectly downloaded from the Python Package Index server or accessed through
https://pypbp-documentation.readthedocs.io.

3.1.3 Results
3.1.3.1 Sensitivity analysis

We found that d∗
cluster is proportional to the number of cluster matrices (C) created

by the proposed method (see Figure 3.4(a)). However, as d∗
cluster reaches values

higher than 0.45, the parameter m did not influence the accuracy of our methods.
It indicates that fixed values of m could be used when we use such values of d∗

cluster

(Figure 3.4(b)). These findings highlight the importance of using optimisation
procedures to choose the appropriate value of d∗

cluster for each study.

3.1.3.2 Method validation under stochastic conditions

The accuracy of our method for predicting population outbreaks obtained from the
stochastic simulation scenarios using the raw time series data and pre-processing
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Figure 3.4: The effect of m and d∗
cluster on (a) C (i.e. number of cluster-matrices

P′
c), and on (b) the accuracy of the proposed method. These results were obtained

from time series data simulated from a Ricker map, with r = 3 and K = 1000,
with x1 = 200. The population size threshold for the outbreak event was set as
x∗ = 2224 representing the 90% percentile of the data.

the data using Empirical Mode Decomposition (EMD) considering all models were,
respectively, on average 73.8% with a standard deviation of 23.4% and 73.2% with
a standard deviation of 24.1% (see Figure 3.5). The average FPR obtained was
25.3% with a standard deviation of 29.0% and 25.1% with a standard deviation of
28.7%. Finally, the average TPR were 53.2% with a standard deviation of 40.9%
and 55.6% with a standard deviation of 41.9%. Therefore, we found that there are
no differences in performance when pre-processing the data using EMD.

Also, considering the influence of the model, we found that the rank of models in
which our method produced higher performance is, respectively, starting with the
best one, the negative binomial (ϕ = 1.2), Gaussian, negative binomial (ϕ = 3)
and Poisson stochastic models. On average, we obtain an accuracy of 84.6% with
a standard deviation of 20.5%, a false positive rate of 14.9% with a standard
deviation of 24.2% and a true positive rate of 59.6% with a standard deviation
of 42.0% for the negative binomial (ϕ = 1.2) model. Considering the Gaussian
model, we obtained an accuracy of 75.2% with a standard deviation of 18.0%, a
false positive rate of 22.9% with a standard deviation of 22.2% and a true positive
rate of 55.5% with a standard deviation of 37.3%. This finding makes our method
a promising prediction tool since we got good results even when using stochastic
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Figure 3.5: Accuracy simulation results, TPR (True Positive Rate) and FPR (False
Positive Rate) using the raw simulated time series and pre-processed series using
Empirical Mode Decomposition (EMD). In both scenarios four methods were used
to choose d∗

base: based on a maximum FPR (0.1 and 0.2) or a minimum TPR (0.8
and 0.9).

approaches to simulate the data.

3.1.3.3 Analysis of case-study: Aphid data

To predict the threshold representing an outbreak for the aphid population dy-
namics (Figure 3.6), we select x∗ = 200 considering the number of species collected
in the four traps of the monitoring system, which was related to the 10% of plants
infected by aphids resulting in the economic threshold. Applying PBP using dif-
ferent training data obtained from percentages of the initial observations of the
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Figure 3.6: The time series represents the total aphids collected within the four
traps on the monitoring system on time. The red line represents the threshold
x∗ = 200, the green line is the original time series, and the black line is the result
of the empirical mode decomposition method.

time series of aphids, the accuracy values were higher than 70% regardless of the
percentage of training using the original aphid time series.
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Table 3.2 shows the performance of the PBP method compared to state-of-the-
art machine learning methods, such as the commonly used Random Forest (RF)
algorithm. The criterion of a false positive rate of at most 0.2 provides an accuracy
of 90.0%, a false positive rate of 9% and a true positive rate of 75%. Moreover,
our method using the criteria based on the true positive rate values of a minimum
of 0.8 and 0.9 could obtain higher values of 96%. On the other hand, the method
got an accuracy of 71% and a false positive rate of 32% in both cases. In practice,
a false positive would result in using pest control techniques unnecessarily, while a
false negative could result in failing to control the pest, which may cause economic
damage due to an outbreak occurring. Considering the criterion of a false positive
rate of at most 0.2, the SVM algorithm, achieved an accuracy, true positive rate,
and false positive rate of 96%, 100%, and 4%, respectively. Finally, the RF achieved
an accuracy, true positive rate, and false positive rate of 82%, 100%, and 19%,
respectively. Our method presented a competitive performance with regard to
false positive rate in this scenario. However, the other learning algorithms achieve
a higher true positive rate. Although the performance of the proposed algorithm
does not surpass classical machine learning algorithms, the proposed method offers
greater interpretability compared to other learning algorithms.

3.1.4 Discussion
We proposed the Pattern-based Prediction (PBP) method and analysed its sen-
sitivity and performance based on simulation studies and real data. We applied
the method to a time series of aphids in wheat crops in Southern Brazil. The
creation of cluster matrices and subsequent sensitivity analysis carried out here is
inspired by and builds on the studies conducted by Hilker and Westerhoff [2007].
By using the AZP as a basis to create P′

c, we enhance the information which can
be extracted from the population dynamics of any species of interest. This process
can extract the different population states using the dynamics obtained from mon-
itoring programmes. Also, by grouping these states into different cluster matrices,
we can observe the frequency of each pattern type occurring before the outbreak.
The process of clustering will help us to perform the outbreak classification based
on the different pattern types contained in P′

c. These results reflect the accuracy
of 100% obtained for some parameter regions in our sensitivity study. The re-
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sults improved dramatically when we fully optimised our choice for the parameter
values, even when subject to stochastic effects.

Figure 3.7: Outbreak patterns obtained from the proposed method using the aphid
time series. Each of the red lines represents a row of the P′

means matrix. The
intervals are the 25% and 75% percentiles of the patterns that generated each
vector of means. The black line represents an observed series (xnew), for which
the association metric d is calculated between each of the three identified patterns.
If d > d∗

pred, then the PBP method would classify xnew as preceding an outbreak
event. The calculated d∗

pred values for the three patterns were 0.37, 0.61 and 0.42,
whereas the association metrics between xnew and each pattern were 0.20, 0.26
and 0.15, respectively. Therefore, xnew would be classified as not preceding an
outbreak.

With respect to interpretability, when using RF, it is possible to obtain variable
importance. However in this case, this will tell us which previous steps were
most important when predicting outbreaks, not necessarily how they relate to its
occurrence. However, each hyperparameter in the PBP framework provides a clear
interpretation, and we are able to create visual representations of the patterns that
occurred before the outbreak (the P′

means matrix). For instance, Figure 3.7 displays
the three patterns in P′

means obtained from employing PBP using the optimised
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hyperparameter values for the aphid data using 50% of the time series for training.

In addition, the number of patterns encountered in each cluster matrix presents
the importance of each clustered pattern for predicting animal outbreaks. The pa-
rameter α shows how relevant each group of patterns is for predicting an outbreak.
Also, we can assess the importance of clustering the pattern matrix by looking at
the estimate of d∗

cluster. Larger values typically indicate fewer recognised patterns
in P′

means. The m hyperparameter shows the number of previous observations
required to provide a classification based on our method, so it provides a clear
interpretation for ecologists and farmers in terms of how far in the past to watch
for when identifying patterns. The d∗

base hyperparameter informs the minimum
degree of similarity that is required to classify an outbreak, based on previously
observed patterns. Therefore, not only is the PBP method competitive when com-
pared to state-of-the-art machine learning methods, it is also interpretable, and
brings descriptive advantages combined with its predictive power.

The introduction of the PBP method provides a venue for further exploration of
the technique by including covariates for improving the occurrence of outbreaks.
In future works, we will explore other statistical learning methods that can be used
to improve the methodology in a scenario with climactic covariates. For example,
methods such as convergent cross mapping, PCMCI, empirical dynamic modelling,
or other machine learning models could be useful and help take nonlinear interac-
tions into account Pianosi et al. [2016], Runge et al. [2019a]. Also, this study will
serve as a basis for developing future animal monitoring programs enhanced with
outbreak detection based on the PBP method.

3.2 Forecasting insect abundance using time
series embedding and machine learning

In this application, the contributions to the studied management action involve a
different perspective on insect outbreaks. Instead of classifying the events as in the
previous application, we now present a new approach to predict insect abundance.
The main challenge in this application is the open question of developing accurate
interventions for insect control based on insect-monitoring systems. A possible
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solution to enhance decision-making is to apply forecasting methods to predict
insect abundance. However, another layer of complexity is added when other
covariates are considered in the forecasting, such as climate time series collected
along the monitoring system. Multiple combinations of climate time series and
their lags can be used to build a forecasting method. Therefore, we propose a
new approach to address this problem by combining statistics, machine learning,
and time series embedding. We used two datasets containing weekly time series of
aphids and climate data collected over eight years in two municipalities in Southern
Brazil. We conduct a simulation study using a probabilistic autoregressive model
with exogenous time series, based on Poisson and negative binomial distributions,
to evaluate the performance of our approach. We pre-processed the data using our
newly proposed approach and more straightforward approaches commonly used to
train learning algorithms. We assess the performance of the selected algorithms by
examining the Pearson correlation and Root Mean Squared Error obtained from
one-step-ahead forecasting. Based on Random Forests, Lasso-regularised linear
regression, and LightGBM regression algorithms, we showed the feasibility of our
novel approach, which yields competitive forecasts while automatically selecting
insect abundances, climate time series, and their lags to aid forecasting.

3.2.1 Introduction
Yield loss is an example of the impacts of the insect outbreak due to the con-
sumption of plants by the pest species. Arthropod pests are responsible for 20%
of global annual crop losses [Mateos Fernández et al., 2022]. Also, the transmis-
sion of diseases from insect-plant interaction [Perring et al., 1999, Smyrnioudis
et al., 2001, Brown et al., 2002, Heck, 2018, Hoffmann et al., 2023] provides a clear
example of how vital the correct management of insect outbreak is for avoiding
economic damage.

When insect outbreaks start evolving in natural regions, they can disturb the food
chain in the ecosystem, impacting biodiversity by reducing the population of other
essential species [Müller et al., 2008, Lindroth et al., 2024]. As presented in session
3.1, there are several examples of insect pest species related to outbreaks in forests
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and these examples motivate developing and implementing forecasting methods to
prevent insect outbreaks. Especially methods that predict the best moment to pro-
ceed with interventions in the pest population. The possible types of interventions
are well-studied in the IPM field. So, the vast number of alternative solutions,
such as biological, physical, chemical and biotechnology control approaches [Ma-
teos Fernández et al., 2022, Grijalva et al., 2024, Taggart et al., 2024] provides
an excellent toolkit for growers; however, methods supporting accurate decisions
for preventing insect outbreaks still lead to open research questions, helping the
discovery of the appropriate solution to be applied in the field to reduce crop losses.

There are several approaches to implementing outbreak forecasting. One alter-
native is to predict the event using an algorithm to classify a binary problem
(outbreak and non-outbreak) or provide forecasts for the abundance of insects.
Based on event prediction, machine learning algorithms have demonstrated high
performance for classifying insect outbreaks [Ramazi et al., 2021, Palma et al.,
2023a, Jiang et al., 2024]. Also, machine learning has demonstrated promising
results for forecasting insect abundance [Scavuzzo et al., 2018, Chen et al., 2019,
Zhao et al., 2020, Rouabah et al., 2022, Ceia-Hasse et al., 2023, Kishi et al., 2023a].
The findings have shown that in some cases, machine learning methods achieve
higher performance than traditional methods when analysing different types of
time series [Khedmati et al., 2020, Spiliotis et al., 2020, Büttner and Rabe, 2021,
Hamdoun et al., 2021, Maaliw et al., 2021, Masini et al., 2023]. These algorithms
can include multiple exogenous time series to obtain forecasts of a target time
series, and recent reviews highlighted the efficiency of high-dimension algorithms,
such as Lasso-type, Random Forests and Ensemble-based algorithms [Masini et al.,
2023]. These examples inspire the application of machine-learning algorithms to
insect abundance forecasting in more depth.

Climate covariates are also collected over time in many insect monitoring systems.
Since insects are poikilothermic organisms subject to meteorological variations on
different temporal scales, climate coraviates may play an important role in their
development. Meteorological variables such as temperature and rainfall are among
the main abiotic factors that influence insect population dynamics. Among the
complex pests affected by short- and long-term climate changes, aphids are the
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most sensitive and are commonly used as a study model [Engel et al., 2022]. This
brings additional opportunities to enhance insect abundance forecasting. However,
it introduces more complexity to the analysis, considering the multiple combina-
tions of lags from each climate time series [Brabec et al., 2014] that can be used as
features of machine learning algorithms. To address this problem, this chapter in-
troduces a novel approach for predicting insect abundance by combining statistics,
machine learning, and time series analysis techniques. Our primary contribution is
to provide a novel approach combining Takens’ embedding theorem and Granger’s
causality to automatically select the lags of time series of insect abundances and
climate variables to aid forecasting. We introduce a framework for understand-
ing the causal effects of climate on insect abundance, considering multiple lags.
Then, we use LightGBM, Lasso-regularised linear regression, and Random Forest
algorithms to predict crop pest dynamics based on the forecast-focussed causal
analysis. Finally, we combine these techniques for predicting insect abundance,
illustrating our findings with two real-time series of aphid populations in the State
of Rio Grande do Sul (RS) in Southern Brazil, and a simulation study based on
Poisson and negative binomial autoregressive models with exogenous time series.

3.2.2 Methods
3.2.2.1 Reconstructing time series dependencies

Before proceeding with any learning strategy applied to temporal data, we must re-
construct it by unfolding time dependencies among observations [Mello and Ponti,
2018]. For instance, classical time series modelling approaches such as AR, ARMA,
and ARIMA perform such reconstruction implicitly while modelling the influences
that past observations have on current ones. In this context, we apply Takens’
embedding theorem to explicitly reconstruct each observation x(t) from a time
series X with T observations, for all t = 1, . . . , T , in a phase space coordinates Φ
in the form:

ϕt = (x(t), x(t + τ), . . . , x(t + (τm − τ))), (3.10)

having m as the embedding dimension or the number of spatial axes, and τ as
the time delay in between consecutive observations, finally ϕt corresponds to a
position vector or state in a phase space Φ, i.e., (ϕ1, ϕ2, . . . , ϕT −(τm−τ)) ∈ Φ.
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In our particular scenario, given our interest in analysing cause-effect relationships
among time series observations, we employed Granger’s causality [Pearl et al., 2000,
Shojaie and Fox, 2022] to map how a given exogenous or explanatory variable
(another time series such as temperatures, rainfall, etc.) influences or anticipates
events on the target time series (e.g. population size of insects) which is based
on a set of past observations with the time delay τ = 1, so that consecutive
past observations are used to inform the machine learning approaches, following
the suggestions of Rios and de Mello [2013]. The embedding dimension m can be
estimated using Autoregressive models (AR) [Box et al., 2015]. Granger’s causality
allows the identification of the time delay between the exogenous series and the
target series. In addition to such reconstruction, Granger’s method requires the
following additional steps:

1. Take the target time series Y (insect abundances over time) and employ
first-order differences while it contains a relevant non-stationary component,
which can be detected based on the Augmented Dickey-Fuller Test;

2. Take every exogenous time series Xi, where i = 1, . . . , I and I is the number
of exogenous times series. For each Xi, ensure it is stationary by performing
the same steps considered in the previous item;

3. Employ the cross-correlation function (CCF ) on every pair on the stationary
versions of an exogenous Xi and the target time series Y to measure the time
delay for which the exogenous series has the greatest correlation (maximal
correlation MC(Xi, Y ) = arg max

CCF (Xi,Y )
) with a future observation of the target

time series;

4. Take time delay τ = 1 and estimate the embedding dimension m by using
the AR model on every time series (exogenous and target);

5. Employ Takens’ embedding theorem to reconstruct all time series (exogenous
and target), resulting in one data frame or panel per series;

6. The maximal correlation MC(Xi, Y ) is then used as a criterion to join data
frames into a single dataset D and perform learning.
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Figure 3.8: Flowchart of the necessary steps to reconstruct time series dependencies
using Takens’ embedding theorem and Granger’s causality.

It is worth detailing how those data frames are merged based on the maximal
correlation of every exogenous time series Xi with the target series Y described as
MC(Xi, Y ). Suppose MC(Xrainfall, Y ) = −5, this means every current value of Y ,
this is Y (t), is most likely to depend on Xrainfall(t − 5). Consequently, they should
be aligned before proceeding with modelling.

Suppose mrainfall = 3 and mtarget = 2, then we will have data frames built as follows:
i) every row of the rainfall data frame will contain (Xrainfall(t − 2), Xrainfall(t −
1), Xrainfall(t)); and ii) every row of the target data frame will contain (Y (t −
1), Y (t)). Now, taking into consideration MC(Xrainfall, Y ) = −5, we must merge
those data frames to produce (Xrainfall(t − 7), Xrainfall(t − 6), Xrainfall(t − 5), Y (t −
1), Y (t)) in which the three columns associated with the exogenous series were time
displaced so that Xrainfall(t − 5) is used to bring as much information as possible
to predict Y (t). The same steps must be performed on all exogenous variables to
obtain a single data frame D, plugging all explanatory time series into our target
series. Any machine learning method can be used to forecast Y (t) after combining
all explanatory time series into the target series based on the described method.
Here, we present forecasting results based on three algorithms commonly used for
this context: LightGBM, Random Forests and Lasso-regularised linear regression.
Algorithm 2 illustrates the steps used by the proposed approach, and Figure 3.8
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presents a flowchart highlighting the approach.

Algorithm 2 Time series reconstruction pseudo algorithm detailing the proposed
approach.

1: Input: Target time series Y , exogenous time series {X1, X2, . . . , Xi, . . . , XI}
2: Output: Reconstructed dataset D for learning
3: Step 1: Make Y stationary
4: Apply first-order differences to Y until stationarity is achieved based on the

Augmented Dickey-Fuller Test
5: for i = 1 to I do
6: Step 2: Make Xi stationary
7: Apply first-order differences to Xi until stationarity is achieved based on

the Augmented Dickey-Fuller Test
8: end for
9: Step 3: Determine maximal correlation delays

10: for i = 1 to I do
11: Compute Cross-Correlation Function (CCF) between Xi and Y
12: Find time delay τ ∗

i = arg max
CCF (Xi,Y )

13: end for
14: Step 4: Estimate embedding dimension
15: Set time delay τ = 1
16: for each time series in {Y, X1, . . . , XI} do
17: Fit an Auto-Regressive (AR) model to estimate embedding dimension m
18: end for
19: Step 5: Reconstruct time series using Takens’ embedding
20: Apply Takens’ embedding theorem to each stationary time series with em-

bedding dimension m and delay τ
21: Create a data frame or panel for each reconstructed series
22: Step 6: Merge datasets based on maximal correlation
23: Use MC(Xi, Y ) to join all reconstructed data frames into a single dataset

D
24: Apply the chosen learning algorithm on the reconstructed dataset D to ob-

tain forecasts.

3.2.2.2 Insect time series datasets

To compare the performance of the selected algorithms against each other, we used
two real datasets of 211 observations each, including the total number of sampled
aphids obtained from a monitoring system in Coxilha (S28◦11′16.9′′ W52◦19′31.7′′)
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Figure 3.9: All exogenous and target time series used to illustrate the proposed
approach.

and Passo Fundo (S28◦13′36.6′′ W52◦24′13.4′′) in the State of Rio Grande do Sul
in Southern Brazil [Engel et al., 2022]. Each observation of the insect abundance
time series contains climate covariates. In Table 3.3, we present a sample from
the time series collected over the weeks related to the datasets and in Figure 3.9
we present a visualisation of the time series used in this chapter. Both regions
use the same climate time series, given that the sampling areas are separated by
approximately 12 kilometres. Thus, the main difference is the aphids’ population
dynamics.

3.2.2.3 Simulation study

The simulation study aims to gather insights into the requirements of the proposed
method. Specifically, we aim to determine if the presence of climate time series
impacts the performance of the proposed method when analysing the target time
series. To conduct the simulation study, we begin by estimating the parameters
of an Autoregressive model with exogenous time series (ARX) based on the Passo
Fundo region dataset, including the insect abundance and climate time series. Let
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Table 3.3: A sample of 4 weeks showing the features collected for Coxilha and
Passo Fundo regions. The dataset contains the region (region), year (year), week
(w), the temperature (tmin and tmax), rainfall (pmm), relative humidity (ur),
wind speed (wmax and wmean), the temperature at 5 and 10 cm of the soil (st5cm
and st5cm), and the aphid community total abundance (aphids).

region year w tmax tmin tmean pmm ur wmax wmean st5cm st10cm aphids
Coxilha 2015 1 28.03 18.35 22.27 162.00 79.10 12.31 3.12 7.09 25.96 102
Coxilha 2015 2 30.80 19.30 23.48 33.60 78.00 14.12 4.20 6.53 26.80 105
Coxilha 2015 3 26.94 18.03 21.67 114.10 84.00 11.97 2.81 4.87 24.69 23
Coxilha 2015 4 28.24 17.31 22.21 17.40 78.14 11.39 3.14 9.20 26.64 100

Passo Fundo 2015 1 28.03 18.35 22.27 162.00 79.10 12.31 3.12 7.09 25.96 0
Passo Fundo 2015 2 30.80 19.30 23.48 33.60 78.00 14.12 4.20 6.53 26.80 0
Passo Fundo 2015 3 26.94 18.03 21.67 114.10 84.00 11.97 2.81 4.87 24.69 0
Passo Fundo 2015 4 28.24 17.31 22.21 17.40 78.14 11.39 3.14 9.20 26.64 12

y(t) be an observation from a discrete time series of insect densities Y , xi(t) be
an observation from a time series of climate features Xi, where i = {1, . . . , 9} (i.e.
the climate variables presented in Table 3.3). The autoregressive model of order
p with exogenous time series can be written as:

y(t) = C + ω1y(t − 1) + ω2y(t − 2) + . . . + ωpy(t − p) +

θ1B
px1(t) + θ2B

px2(t) + . . . + θ9B
px9(t) + (3.11)

θ10x1(t) + θ11x2(t) + . . . + θ18x9(t) + ϵ(t),

where ϵ(t) ∼ N(0, σ2), Bpxi(t) = xi(t−p) is the backshift operator, Ω = (ω1, . . . , ωp)⊤

are the autoregressive coefficients for the target time series Y , Θ = (θ1, . . . , θ18)⊤

are the coefficients related to each climate time series Xi and their lags. To esti-
mate the coefficients of the presented model, we first transformed the time series
of insect densities by taking Y ′ = log(Y + 0.1). Then, all the coefficients were
estimated using the package fable [O’Hara-Wild et al., 2023] for R software [R
Core Team, 2025].

To explore different scenarios of insect dynamics, we used two distributions for
generating Y and Y ′. For the first scenario, we assumed that Y (t + 1) ∼
Poisson(λ = exp(y′(t) − 0.1)). For the second distribution we assumed that
Y (t + 1) ∼ Negative binomial(λ = exp(Y ′(t) − 0.1), θ = 1.8) to introduce overdis-
persion to the simulation. To investigate the impact of climate time series on
the method performance, we first tested a scenario where we do not estimate any
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of the Θ parameters, representing no influence of climate time series on the sim-
ulated insect abundance. For the second scenario, we estimated θ1, θ2, θ3, θ4, θ5,
θ10, θ11, θ12, θ13, θ14 (related to tmax, tmin, tmean, pmm, ur climate time series and
their lags p), representing the influence of half of the climate time series on the
simulated insect abundance. Finally, for the third scenario, we estimated all Θ
parameters related to the climate time series, representing the influence of all cli-
mate time series and their lags p on the simulated insect abundance. We used
for each scenario p = {1, 3, 5}. For each combination of scenario and value of p,
we generated 50 time series for both distributions, Poisson and negative binomial.
Also, each simulated time series had 211 observations.

3.2.2.4 Forecasting performance of machine learning algorithms

To compare the performance of our novel method, we (i) used only the target
time series (population of insects), with up to 3 or 6 lags behind to forecast future
observations, (ii) used all climate time series as predictors with no lags, and (iii) all
climate time series with target time series (population of insects) up to 3 or 6 lags
behind to forecast future observations. We carried out an exploratory analysis
using lags from 1 to 8 and decided to present the results utilising lags 3 and
6 to summarise the results without detracting from the central message of this
chapter. We performed validation by obtaining one-step ahead forecasts for the
entire time series (apart from the first 30 and 60 observations used for training
the learning algorithms). For all time series of the case and simulation study,
we trained Random Forests, Lasso-regularised linear regression and LightGBM
algorithms for each approach (including all climate time series with no lags, time
series reconstruction, taking the naive approach with up to 3 or 6-step lagged
target series, and all climate times with up to 3 or 6-step lagged target series) and
obtained their performance based on the Root Mean Squared Error (RMSE).

In addition, the proposed method provides a data frame D that selects climate,
target time series and their lags during the reconstruction process, as described
in Section 3.2.2.1. So, a data frame D with these features is created for every
forecast during the one-step-ahead forecasting. To analyse the selection procedure
that creates D on the forecasting performance of the proposed method, we collected
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the number of selected features of D (the sum of the number of climate, target
time series and their lags) for every forecast. Also, we collected the forecasting
absolute error computed by the difference between the Random Forests’ prediction
and observed insect abundance. Finally, we analysed the correlation between the
number of selected features of D (the sum of the number of climate, target time
series and their lags) and the absolute error of the Random Forests algorithm.

We presented the forecasts of the Random Forests algorithm due to its inherent
capability to incorporate non-linear relationships, allowing us to explore non-linear
associations of most features provided by D. Lasso-regularised linear regression
would solely include linear associations, and the penalty provided by the L1 regu-
larisation would decrease the number of features used in the forecasting, impacting
the visualisation of the time series selection on the forecasting performance. The
Light GBM could also be used based on these points. However, considering that the
Random Forests algorithm has been commonly reported in papers with entomolog-
ical applications [Chen et al., 2019, Valavi et al., 2021, Masini et al., 2023, Palma
et al., 2023a], we solely report the results with this learning algorithm. Finally,
we used the programming language R to implement all methods and the proposed
approach. To allow for full reproducibility of the findings, we have made the code
available at https://github.com/GabrielRPalma/TimeSeriesReconstruction.

3.2.3 Results
3.2.3.1 Case study

Figure 3.10 shows, as an overall result, that as the initial number of training
samples increases, the RSME reduces in most scenarios. Considering all scenarios,
approaches, and learning algorithms, the average RMSE reduced from 58.4 to
54.0 when the initial training sample increased. Overall, the average RMSE for
Random Forests, Lasso-regularised linear regression and LightGBM were 54.3,
53.9 and 60.5. The average RMSE considering all datasets and algorithms for the
proposed method, all climate time series with no lags, all climate time series with
up to 3 or 6-lagged target series, and taking the naive approach with up to 3 or
6-lagged target series were, respectively, 50.1, 70.6, 54.3, 55.0, 52.2, and 55.0.
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Figure 3.10: Root Mean Squared Error (RMSE) metric obtained by the Random
Forests, Lasso-regularised linear regression, and LightGBM algorithms for each
dataset (Coxilha and Passo Fundo with aphid’s abundances), approach (including
all climate time series with no lags, time series reconstruction, taking the naive
approach with up to 3 or 6-step lagged target series, and all climate times with
up to 3 or 6-step lagged target series) and the initial number of training samples
used for each learning algorithm.

For Lasso-regularised linear regression, the average RMSE considering all datasets
for the proposed method, all climate time series with no lags, all climate time series
with up to 3 or 6-lagged target series, and taking the naive approach with up to
3 or 6-lagged target series were, respectively, 51.4, 63.5, 53.1, 53.8, 50.5 and 51.1.
For Random Forests, the average RMSE considering all datasets for the proposed
method, all climate time series with no lags, all climate time series with up to 3
or 6-lagged target series, and taking the naive approach with up to 3 or 6-lagged
target series were, respectively, 49.1, 69.5, 52.6, 54.5, 49.3 and 50.7. The same
scenarios for LightGBM resulted in 49.7, 79.0, 57.1, 56.8, 56.9, and 63.3.

Figure 3.11 shows that the Pearson correlation increases in most scenarios as the
initial number of training samples increases. Considering all scenarios, approaches,
and learning algorithms, the average correlation increased from 0.21 to 0.23 when

116



3.2. Forecasting insect abundance using time series embedding and machine learning

Figure 3.11: Pearson correlation metric obtained by the Random Forests, Lasso-
regularised linear regression, and LightGBM algorithms for each dataset (Coxilha
and Passo Fundo with aphid abundances), approach (including all climate time
series with no lags, time series reconstruction, taking the naive approach with up to
3 or 6-step lagged target series, and all climate times with up to 3 or 6-step lagged
target series) and the initial number of training samples used for each learning
algorithm.

the initial training sample increased. Overall, the average correlation for Random
Forests, Lasso-regularised linear regression and LightGBM were, respectively, 0.23,
0.23, and 0.21. The average correlation considering all datasets and algorithms for
the proposed method, all climate time series with no lags, all climate time series
with up to 3 or 6-lagged target series, and taking the naive approach with up to 3
or 6-lagged target series were, respectively, 0.25, 0.05, 0.26, 0.24, 0.28, and 0.25.

For Lasso-regularised linear regression, the average correlation considering all
datasets for the proposed method, all climate time series with no lags, all climate
time series with up to 3 or 6-lagged target series, and taking the naive approach
with up to 3 or 6-lagged target series were, respectively, 0.22, 0.06, 0.25, 0.23, 0.30
and 0.29. For Random Forests, the average correlation considering all datasets for
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the proposed method, all climate time series with no lags, all climate time series
with up to 3 or 6-lagged target series, and taking the naive approach with up to
3 or 6-lagged target series were, respectively, 0.25, 0.05, 0.27, 0.24, 0.29 and 0.26.
The same scenarios for LightGBM resulted in 0.26, 0.04, 0.27, 0.26, 0.25, and 0.21.

Figure 3.12: Scatter plots of the Random Forests’ forecasting absolute error and
the number of selected features of D (the sum of the number of climate, target
time series and their lags) per forecast by our approach for the datasets of Coxilha
and Passo Fundo regions.

Figure 3.12 shows that for Coxilha, the obtained correlation between the number
of selected features of D (the sum of the number of climate, target time series
and their lags) based on the reconstruction approach and the absolute error of
each prediction based on Random Forests for each dataset for 30 and 60 initial
training samples are, respectively, −0.06 and −0.06. For Passo Fundo, the obtained
correlation between both variables for 30 and 60 initial training samples are −0.04
and −0.01.
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3.2.3.2 Simulation study

Table 3.4 presents the estimated parameters of the autoregressive model with ex-
ogenous time series described in Equation 3.11 and their standard errors for the
simulation study. Figure 3.13 illustrates the time series generated based on the
Poisson and negative binomial ARX by presenting a sample of one time series per
case of the simulation study.

Figure 3.13: A sample of one simulated time series built upon Poisson and negative
binomial ARX considering the lags p = {1, 3, 5} and the scenarios: 1 - No influence
of climate time series presented in Table 3.3 on simulated insect abundances; 2 -
influence of five climate time series presented in Table 3.3 on simulated insect
abundances; and 3 - Influence of all climate time series presented in Table 3.3 on
simulated insect abundances.

Considering all scenarios, approaches and learning algorithms, the obtained aver-
age RMSE for the Poisson ARX was 24.3 with a standard deviation (sd) of 19.40
for training the learning algorithms with 30 initial samples and an average of 25.1
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(sd = 20.70) for 60 initial samples. The obtained average RMSE for the negative
binomial ARX was 39.1 (sd = 30.80) for training the learning algorithms with 30
initial samples and an average of 40.2 (sd = 32.40) for 60 initial samples. Given the
slight difference between initial training samples on the forecasting performances
(Pearson correlation and RSME), we solely present in Figure 3.14, Figure 3.15,
Figure 3.16 and Figure 3.17 the performance of the learning algorithms trained
with 30 initial training samples used to start the one-step ahead forecasting for
Poisson and negative binomial ARX.

Figure 3.14: Root Mean Squared Error (RMSE) metric obtained by the Random
Forests, Lasso-regularised linear regression, and LightGBM algorithms for each
approach (including all climate time series with no lags, time series reconstruction,
taking the naive approach with up to 3 or 6-step lagged target series, and all climate
times series with up to 3 or 6-step lagged target series) considering the simulation
study where the initial number of training samples is 30 and insect abundance is
generated based on the Poisson ARX.

In Figure 3.14, the performance of the learning algorithms for the simulation study
is presented based on the Poisson ARX. Overall, the average RMSE for Random
Forests, Lasso-regularised linear regression and LightGBM were, respectively, 23.7
(sd = 18.80), 23.5 (sd = 19.00) and 25.8 (sd = 20.20), indicating that for the ma-
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jority of the scenarios, values of p and approaches the learning algorithms have sim-
ilar performances. However, some scenarios, such as Scenario 2, Lasso-regularised
linear regression and Random Forests, perform better than LightGBM.

For scenario 1, where there is no influence of climate time series on the generation of
insect abundances based on Poisson ARX, the average RMSE considering all values
of p for the proposed method, all climate time series with no lags, all climate time
series with up to 3 or 6-lagged target series, and taking the naive approach with up
to 3 or 6-lagged target series were, respectively, 1.97 (sd = 0.30), 2.22 (sd = 0.34),
1.91 (sd = 0.32), 1.78 (sd = 0.25), 1.89 (sd = 0.34) and 1.75 (sd = 0.25). For
scenario 2, where there is an influence of five climate time series based on Poisson
ARX, the average RMSE considering all values of p for the proposed method, all
climate time series with no lags, all climate time series with up to 3 or 6-lagged
target series, and taking the naive approach with up to 3 or 6-lagged target series
were, respectively, 28.1 (sd = 8.26), 40.5 (sd = 15.70), 21.9 (sd = 7.34), 20.9
(sd = 5.88), 26.5 (sd = 8.28) and 25.7 (sd = 7.38). For scenario 3, where there is
an influence of all climate time series based on Poisson ARX, the average RMSE
considering all values of p for the proposed method, all climate time series with
no lags, all climate time series with up to 3 or 6-lagged target series, and taking
the naive approach with up to 3 or 6-lagged target series were, respectively, 43.3
(sd = 8.31), 56.2 (sd = 12.2), 38.7 (sd = 7.67), 36.8 (sd = 5.93), 42.3 (sd = 8.81)
and 41.5 (sd = 7.96).

In Figure 3.15, the performance of the learning algorithms for the simulation study
is presented based on the negative binomial ARX. Overall, the average RMSE for
Random Forests, Lasso-regularised linear regression and LightGBM were, respec-
tively, 37.2 (sd = 28.90), 38.5 (sd = 30.60) and 41.7 (sd = 32.40), indicating that
for all scenarios, values of p and approaches the learning algorithms have similar
performances. For scenario 1, where there is no influence of climate time series on
the generation of insect abundances based on negative binomial ARX, the average
RMSE considering all lags for the proposed method, all climate time series with
no lags, all climate time series with up to 3 or 6-lagged target series, and taking
the naive approach with up to 3 or 6-lagged target series were, respectively, 2.60
(sd = 0.70), 2.75 (sd = 0.80), 2.51 (sd = 0.70), 2.43 (sd = 0.69), 2.49 (sd = 0.70)
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Figure 3.15: Root Mean Squared Error (RMSE) metric obtained by the Random
Forests, Lasso-regularised linear regression, and LightGBM regression algorithms
for each approach (including all climate time series with no lags, time series recon-
struction, taking the naive approach with up to 3 or 6-step lagged target series,
and all climate times with up to 3 or 6-step lagged target series) considering the
simulation study where the initial number of training samples is 30 and insect
abundance is generated based on the negative binomial ARX.

and 2.44 (sd = 0.72).

For scenario 2, where there is an influence of five climate time series based on
negative binomial ARX, the average RMSE considering all lags for the proposed
method, all climate time series with no lags, all climate time series with up to
3 or 6-lagged target series, and taking the naive approach with up to 3 or 6-
lagged target series were, respectively, 53.0 (sd = 19.60), 56.0 (sd = 19.80), 50.9
(sd = 19.00), 50.2 (sd = 19.30), 53.1 (sd = 21.20) and 52.1 (sd = 20.20). For
scenario 3, where there is an influence of all climate time series based on negative
binomial ARX, the average RMSE considering all lags for the proposed method,
all climate time series with no lags, all climate time series with up to 3 or 6-lagged
target series, and taking the naive approach with up to 3 or 6-lagged target series
were, respectively, 62.4 (sd = 19.30), 66.0 (sd = 19.70), 62.6 (sd = 19.30), 59.9
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(sd = 18.50), 62.9 (sd = 20.70) and 60.4 (sd = 19.10).

Figure 3.16: Pearson correlation metric obtained by the Random Forests, Lasso-
regularised linear regression, and LightGBM algorithms for each approach (includ-
ing all climate time series with no lags, time series reconstruction, taking the naive
approach with up to 3 or 6-step lagged target series, and all climate times series
with up to 3 or 6-step lagged target series) considering the simulation study where
the initial number of training samples is 30 and insect abundance is generated
based on the Poisson ARX.

In Figure 3.16, the correlation metric obtained by the learning algorithms for the
simulation study is presented based on the Poisson ARX. Overall, the average cor-
relation for Random Forests, Lasso-regularised linear regression and LightGBM
were, respectively, 0.45 (sd = 0.25), 0.47 (sd = 0.25) and 0.40 (sd = 0.24), in-
dicating that for all scenarios, values of p and approaches the Lasso-regularised
linear regression and Random Forests algorithms have higher average correlation.
For scenario 1, where there is no influence of climate time series on the genera-
tion of insect abundances based on negative binomial ARX, the average RMSE
considering all lags for the proposed method, all climate time series with no lags,
all climate time series with up to 3 or 6-lagged target series, and taking the naive
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approach with up to 3 or 6-lagged target series were, respectively, 0.14 (sd = 0.13),
0.01 (sd = 0.02), 0.19 (sd = 0.15), 0.27 (sd = 0.09), 0.21 (sd = 0.16) and 0.30
(sd = 0.01).

For scenario 2, where there is an influence of five climate time series based on
Poisson ARX, the average correlation considering all lags for the proposed method,
all climate time series with no lags, all climate time series with up to 3 or 6-lagged
target series, and taking the naive approach with up to 3 or 6-lagged target series
were, respectively, 0.64 (sd = 0.06), 0.35 (sd = 0.17), 0.78 (sd = 0.05), 0.80
(sd = 0.05), 0.68 (sd = 0.06) and 0.70 (sd = 0.05). For scenario 3, where there is
an influence of all climate time series based on negative binomial ARX, the average
correlation considering all lags for the proposed method, all climate time series with
no lags, all climate time series with up to 3 or 6-lagged target series, and taking
the naive approach with up to 3 or 6-lagged target series were, respectively, 0.48
(sd = 0.06), 0.19 (sd = 0.04), 0.62 (sd = 0.06), 0.66 (sd = 0.05), 0.50 (sd = 0.06)
and 0.52 (sd = 0.06).

In Figure 3.17, the correlation metric obtained by the learning algorithms for
the simulation study is presented based on the negative binomial ARX. Overall,
the average correlation for Random Forests, Lasso-regularised linear regression
and LightGBM were, respectively, 0.17 (sd = 0.12), 0.15 (sd = 0.12) and 0.13
(sd = 0.10), indicating that for all scenarios, values of p and approaches the Lasso-
regularised linear regression and Random Forests algorithms have higher average
correlation. For scenario 1, where there is no influence of climate time series on
the generation of insect abundances based on negative binomial ARX, the average
RMSE considering all lags for the proposed method, all climate time series with
no lags, all climate time series with up to 3 or 6-lagged target series, and taking
the naive approach with up to 3 or 6-lagged target series were, respectively, 0.06
(sd = 0.08), 0.01 (sd = 0.02), 0.10 (sd = 0.10), 0.14 (sd = 0.08), 0.12 (sd = 0.10)
and 0.17 (sd = 0.08).

For scenario 2, where there is an influence of five climate time series based on neg-
ative binomial ARX, the average correlation considering all lags for the proposed
method, all climate time series with no lags, all climate time series with up to 3
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Figure 3.17: Pearson correlation metric obtained by the Random Forests, Lasso-
regularised linear regression, and LightGBM algorithms for each approach (includ-
ing all climate time series with no lags, time series reconstruction, taking the naive
approach with up to 3 or 6-step lagged target series, and all climate times series
with up to 3 or 6-step lagged target series) considering the simulation study where
the initial number of training samples is 30 and insect abundance is generated
based on the negative binomial ARX.

or 6-lagged target series, and taking the naive approach with up to 3 or 6-lagged
target series were, respectively, 0.15 (sd = 0.11), 0.07 (sd = 0.06), 0.21 (sd = 0.12),
0.25 (sd = 0.10), 0.19 (sd = 0.11) and 0.21 (sd = 0.10). For scenario 3, where
there is an influence of all climate time series based on negative binomial ARX,
the average correlation considering all lags for the proposed method, all climate
time series with no lags, all climate time series with up to 3 or 6-lagged target
series, and taking the naive approach with up to 3 or 6-lagged target series were,
respectively, 0.12 (sd = 0.09), 0.05 (sd = 0.04), 0.18 (sd = 0.11), 0.25 (sd = 0.09),
0.15 (sd = 0.11) and 0.21 (sd = 0.09).

Figure 3.18 shows the average correlation between the number of selected features
of D (the sum of the number of climate, target time series and their lags) and
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Figure 3.18: Boxplots of the correlation between the Random Forests’s forecasting
absolute error and the number of selected features of D (the sum of the number
of climate, target time series and their lags) per forecast by our approach for the
simulated study. The correlations are presented for the case where the Random
Forests algorithm was trained with 30 and 60 initial observation to start the one-
step ahead forecasting. The dashed line indicates the correlation equal to zero.

the absolute prediction error using our approach with Random Forests to obtain
forecasts. Overall, the percentage of negative correlations considering all scenarios
and values of p based on the Poisson ARX for 30 and 60 initial samples to start the
one-step ahead forecasting were 63.9% and 69.0%. Based on the negative binomial
ARX for 30 and 60, initial samples to start the one-step ahead forecasting were
61.6% and 71.3%. Also, the average correlations considering all scenarios and
values of p based on the Poisson ARX for 30 and 60 initial samples to start the
one-step ahead forecasting were −0.02 (sd = 0.07) and −0.05 (sd = 0.09). Based
on the negative binomial ARX for 30 and 60 initial samples to start the one-step
ahead forecasting were −0.02 (sd = 0.07) and −0.03 (sd = 0.08). It indicates that

126



3.2. Forecasting insect abundance using time series embedding and machine learning

the correlation is close to zero, and most correlations are negative.

For scenario 1, the percentage of negative correlations considering all values of
p based on the Poisson ARX for 30 and 60 initial samples to start the one-step
ahead forecasting were 55.5% and 48.6%. Based on the negative binomial ARX
for 30 and 60 initial samples to start the one-step ahead forecasting were 49.3%
and 50.7%. Also, the average correlations considering all values of p based on the
Poisson ARX for 30 and 60 initial samples to start the one-step ahead forecasting
were −0.01 (sd = 0.07) and 0.00 (sd = 0.07). Based on the negative binomial
ARX for 30 and 60 initial samples to start the one-step ahead forecasting were
0.01 (sd = 0.08) and 0.01 (sd = 0.08).

For scenario 2, the percentage of negative correlations considering all values of
p based on the Poisson ARX for 30 and 60 initial samples to start the one-step
ahead forecasting were 66.0% and 70.8%. Based on the negative binomial ARX
for 30 and 60 initial samples to start the one-step ahead forecasting were 83.3%
and 91.3%. In addition, the average correlations considering all values of p based
on the Poisson ARX for 30 and 60 initial samples to start the one-step ahead
forecasting were −0.04 (sd = 0.08) and −0.08 (sd = 0.10). Based on the negative
binomial ARX for 30 and 60 initial samples to start the one-step ahead forecasting
were −0.05 (sd = 0.06) and −0.08 (sd = 0.08).

For scenario 3, the percentage of negative correlations considering all values of
p based on the Poisson ARX for 30 and 60 initial samples to start the one-step
ahead forecasting were 70.0% and 87.5%. Based on the negative binomial ARX for
30 and 60 initial samples to start the one-step ahead forecasting were 52.0% and
72.0%. The average correlations considering all values of p based on the Poisson
ARX for 30 and 60 initial samples to start the one-step ahead forecasting were
−0.01 (sd = 0.04) and −0.07 (sd = 0.07). Based on the negative binomial ARX
for 30 and 60 initial samples to start the one-step ahead forecasting were 0.00
(sd = 0.05) and −0.03 (sd = 0.05).
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3.2.4 Discussion
We presented a new approach for reconstructing time series dependencies using
Takens’ embedding theorem and Granger’s causality. The approach can automat-
ically select target and climate time series, including their lags, and we propose
using machine learning algorithms that "learn" from the reconstructed time series
to forecast insect abundance. We applied our proposed methods to two different
datasets of insect time series and climate covariates associated with every observa-
tion of insect abundance. Also, a simulation study was introduced to explore the
novel approach. The case study illustrates that the proposed approach is compet-
itive compared with the other approaches presented in this chapter, regardless of
the performance metric used. Also, the correlations presented by Figure 3.12 bring
insights concerning the effect of the number of selected features on the forecasting
performance, indicating that more features do not negatively impact the overall
performance. The approaches using a combination of climate and the target time
series performed better than those using solely the climate time series. It indicates
the importance of using the target time series as features for the machine learning
algorithms for forecasting insect abundance.

The selection of the presented performance metrics aids the understanding of the
behaviour of the forecasts in a direction by looking at the Pearson correlation and
proximity of the forecasts by analysing the RMSE (although other complementary
performance metrics could be used). However, the presented ones allowed com-
pare forecasts provided by the approaches [Koutsandreas et al., 2022]. In terms of
RMSE performance, the simulation based on Poisson ARX emphasised the impor-
tance of adding the target time series as features for the machine learning methods.
When the importance of the climate time series was highlighted in scenarios 2 and
3, the poor performance of the approach that uses all climate time series solely
with no lags to predict insect abundance is more evident compared to the others.
For the simulation study based on negative binomial ARX, most approaches ob-
tained similar performances due to the super dispersion provided by the negative
binomial distribution. It indicates that when the association of climate and the
target time series are blurred by super dispersion, the implemented approaches
perform similarly.
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The correlation highlighted that by increasing the values of p, the approaches
considering the lags 3 and 6 tend to have a higher correlation based on the Poisson
ARX. This result is highlighted by Scenario 1. However, when we analyse the
RMSE for these approaches, we can see that their average values are smaller than
our proposed approach, which indicates that the direction of the insect dynamics
can be better captured but not its absolute values. Moreover, the same conclusions
can be applied to the simulation results related to the negative binomial ARX,
mostly in Scenario 1, and for most of the other scenarios, the performances among
the approaches were similar, showing the feasibility of our method. The other
scenarios for both ARX models also indicate the feasibility of our method with
competitive performances with these alternatives.

Figure 3.18 highlights the effect of the number of selected features of D (the sum
of the number of climate, target time series and their lags) on the forecasting
performance of the proposed approach based on the Random Forests’ forecasting
absolute error. Our results showed that most simulation scenarios’ correlations
are closer to zero or negative. We only observed negative and positive correlations
with relatively higher intensity in scenario 2. It indicates the importance of select-
ing the lags and climate time series for forecasting insect abundances. Therefore,
our approach provides selection criteria for lags and climate time series that im-
pact the forecast performance of the Random Forests algorithm in the minority
of the simulated scenarios. The impact is translated into selecting fewer climate
time series in scenarios where they present an influence on the simulated insect
abundance.

Our results indicate that the proposed method is competitive with the other ap-
proaches to applying machine learning to forecast insect abundances. Other re-
searchers have proposed causal discovery methods for time series analysis based
on different methodologies [Eichler and Didelez, 2010, Eichler, 2013, Runge et al.,
2019b, Glymour et al., 2019, Assaad et al., 2022, Yuan and Shou, 2022, Runge
et al., 2023]. Moreover, several authors have been exploring the application of
deep learning models with attention mechanism [Vaswani, 2017] and variations of
the transformer architectures to time series [Ahmed et al., 2023, Tong et al., 2023].
However, combining machine learning algorithms and causal discovery based on
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Takens’ embedding theory targeting forecasting presents a novel contribution to
entomologists applying a learning-based algorithm to forecasting insect abundance.
Thus, our work will be a basis for developing new techniques in this domain. Fu-
ture work includes the investigation of potential improvements to our proposed
approach by introducing deep learning mechanisms. We identified two main lim-
itations in this work. The first relates to the focus on machine learning-based
predictions, where the exploration of other classical time-series forecasting models
was not presented as part of the comparison study. In future work, we will explore
other classical methods to improve the proposed approach and expand the com-
parison space. The second point is the low correlation performance reported in the
study, which shows the challenge of using the presented models to forecast insect
abundances. As future work, we will explore ways to improve the performance
of the proposed approach, focusing on alternative techniques for reconstructing
time-series dependencies.

3.2.5 Conclusion
The proposed approach presented a competitive performance with commonly used
approaches to forecast insect abundance in terms of predictive power. It shows
the feasibility of applying this approach to forecasting insect pest abundance, and
therefore, this study constitutes a basis for developing new techniques to predict
insect outbreaks. Also, the feature selection of our method does not negatively
influence the forecasting capability of the Random Forests algorithm, indicating
that even if a climate time series does not influence the target time series, our
methodology can select features that maintain a competitive forecasting perfor-
mance compared to approaches presented in our study.
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CHAPTER 4
Conclusions

In this thesis, we have introduced a set of approaches using machine vision and
statistical machine learning to improve the state-of-the-art quantitative methods
applied to challenges on two of Caughley’s management actions: 1) carry out
monitoring programs without additional actions over stable populations and 2)
decrease excessive populations. Initially, we use preprocessing techniques, such as
RGB modifications of spectrograms and images, to classify avian and insect species
based on sound and images in monitoring systems. We also provided a pipeline to
combining computer vision and machine learning methods applied to entomology
and illustrated this pipeline with a multi-class classification problem with small
and imbalanced dataset challenges. Finally, we presented a new learning algorithm
focused on predicting animal outbreaks based solely on abundance patterns, and
we developed a new approach that can be applied to any learning algorithm when
focused on time series and prediction of animal abundances.

In Chapter 2, we explored the use of deep learning, machine vision, machine learn-
ing and feature engineering methods to detect and identify animal species through
three studies. In the first section, we investigated the feasibility of using pre-trained
VGG16 architecture for avian species detection through sound spectrograms. The
obtained validation accuracy demonstrated the viability of this approach in de-
tecting the studied avian species. Our results indicated that using coloured im-
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ages to represent spectrograms generalises classification better than grey-scale and
histogram-equalised images. Considering the challenge presented by a multiclass
classification, the high accuracy obtained in the study shows promising results for
further exploration of using coloured spectrograms for avian identification. These
findings can serve as the basis for developing future animal monitoring programs
based on sound recording of avian species, which can significantly enhance sam-
pling efforts without increasing costs. In the second section of Chapter 2, we
presented an overview of machine vision methods for identifying and localising
insects in laboratory and field settings. We discussed machine learning, computer
vision methods, and relevant software and hardware considerations related to com-
puting platforms. Given the rapidly evolving nature of machine vision, we aimed
to provide readers with a range of currently available options for identification and
localisation tasks while emphasising that methodology selection depends on the
specific research question and target species. Finally, we proposed a pipeline in-
tegrating computer vision and machine learning methods that can be extended to
multiple entomological applications. The Pairwise Controlled Manifold Approxi-
mation Projection (PaCMAP) algorithm also incorporates non-supervised learning
techniques to evaluate the feature space in vision problems, highlighting their use
in entomology.

The third section of Chapter 2 presented a novel approach to classify species of
the Anastrepha pseudoparallela group using classical computer science techniques
combined with machine learning and computer vision methods. The primary chal-
lenges addressed in this work relate to the group’s rare species characteristics, re-
sulting in imbalanced and scarce data. We demonstrated that combining proposed
features collected from the wing’s node structure with RGB information from spe-
cific polygons defined by specialists outperformed the traditional VGG16-PCA
architecture across various learning algorithms. In addition, our results showed
that utilising coloured images with SMOTE and Random Forests algorithms pro-
vided superior classification performance for these species. This study serves as
an initial exploration of the classification of rare Anastrepha species. It provides
a foundation for classifying fruit fly species from other groups that face similar
data scarcity and class imbalance challenges. In Chapter 3, we developed statis-
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tical modelling approaches for animal monitoring and control. The first section
introduced the Pattern-based Prediction (PBP) method and analysed its sensitiv-
ity and performance through simulation studies and actual data application. We
applied the method to a time series of aphids in wheat crops in Southern Brazil.
By building upon the alert zone procedure framework, we enhanced the informa-
tion extractable from the population dynamics of species of interest. This process
allows for extracting different population states using dynamics obtained from
monitoring programs. In addition, by grouping these states into different cluster
matrices, we observed the frequency of each pattern type occurring before out-
breaks, facilitating outbreak classification based on different pattern types. The
PBP method allows further exploration by incorporating covariates to improve
outbreak predictions. In the second section of Chapter 3, we proposed a feature
selection approach for forecasting insect abundance that demonstrated competitive
performance compared to commonly used approaches in terms of MSE and Pear-
son correlation. Our method proved feasible for forecasting insect pest abundance,
establishing a basis for developing new techniques to predict insect outbreaks. The
feature selection component of our method did not negatively influence the fore-
casting capability of the Random Forests algorithm, indicating that even when
climate time series do not directly impact the target time series, our methodology
can select features that maintain competitive forecasting performance compared
to other approaches presented in the study. The proposed approaches presented
in Chapter 2 and Chapter 3 introduce innovative methods directly applicable to
animal monitoring and Caughley’s management actions.

Overall, for the first Caughley’s management actions, carrying out monitoring
programs without additional actions over stable populations, we conclude that the
use of transfer learning through VGG16 architecture combined with the proposed
machine vision pipeline and feature engineering helped to explore and present
approaches with higher classification performance among the presented applica-
tions. In future research, we will explore the combination of explainable artificial
intelligence algorithms to the presented techniques to aid the evaluation of the
features used by future proposed approaches. In addition, we will combine various
data sources, including audio, image, and morphometric features, to aid in animal
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classification. Finally, regarding Caughley’s management actions on decreasing ex-
cessive populations, we conclude that the introduced learning algorithm for insect
outbreak classification and the proposed approach for insect abundance forecasting
demonstrated competitive performance based on the presented benchmark. Also,
their design enabled us to investigate these algorithms with greater transparency.
For the PBP, the patterns and indices can be analysed to understand a particular
prediction better. For the proposed approach to insect abundance forecasting, the
feature selection procedure introduces more clarity in investigating the effect of
exogenous time series on a specific forecast. In the future, we aim to incorporate
additional exogenous time series into the PBP algorithm, targeting an increase in
classification performance. Moreover, for the proposed approach, we will incorpo-
rate deep learning techniques, such as the use of time series attention mechanisms,
to introduce more nonlinear interactions among exogenous time series.

The central focus of this thesis was the development of new methodologies aimed at
enhancing automatic animal monitoring systems. While we did not aim to create
a fully integrated end-to-end system that combines all the proposed methods and
approaches, the outlined proposals can be integrated into a framework for fully au-
tomatic monitoring systems of animal populations, particularly insect pests. These
methods have significant implications for ecological research and agricultural pest
management. Future studies could explore integrating these approaches into a uni-
fied system, which would greatly benefit ecologists and stakeholders in the field by
automating and refining animal monitoring processes. All implementations and
analyses presented in this thesis are designed to be reproducible, with method-
ologies available to interested practitioners. The code for the machine learning
models, statistical analyses, and forecasting frameworks is completely documented
to encourage wider use of the proposed approaches in ecological monitoring and
pest management applications.
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Appendix

4.A Pattern-Based Prediction of Population
Outbreaks

We introduce the pypbp package, which is a Python implementation of the Pattern-
Based Prediction (PBP) method, and examples of how to use it in Section 4.A.1.
Also, we present the clustering algorithm used by the PBP method in Section 4.A.2.
Finally, we describe the methods used for the PBP optimisation procedure, includ-
ing a comparison between the performance of Generalised Simulated Annealing
(GSA) and differential evolution in Section 4.A.3.

4.A.1 The pypbp package
To use our package, first install Python 3 using the official website (https://www.
python.org). We recommend the Jupyter Lab environment (https://jupyter.
org) as a GUI for Python, however there are many other options. Using the
pip command in your terminal (cmd in Windows, or terminal in Mac and Linux
operating systems), you may install Jupyter Lab by executing

1 pip install jupyterlab

To install the pypbp package, execute
1 pip install pypbp

You may then open a Jupyter Lab environment using the command
1 jupyter lab --core -mode
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4.A. Pattern-Based Prediction of Population Outbreaks

Finally, you may create a new Jupyter notebook file using the Jupyter Lab en-
vironment. Using the cells of the Jupyter notebook file, you can import and use
functions implemented in the pypbp package, as presented below. More informa-
tion is available in the package description page (https://pypbp-documentation.
readthedocs.io/en/latest/) and GitHub repository (https://github.com/GabrielRPalma/
PyPBP).

4.A.1.1 A minimal reproducible example

The following code obtains estimates for the hyperparameters in the PBP method
based on the aphid data used as motivation in the chapter.

1 import pypbp as pbp
2

3 results , xstar , clustered_patterns , parameters = pbp.pbp_fit (
time_series = pbp.time_series ,

4 train_percentage = 0.5 ,
5 xstar = 200,
6 maxfun = 1000)
7 pbp_plot ( time_series = pbp.time_series , clustered_patterns =

clustered_patterns ,
8 parameters = parameters ,
9 xnew = [10, 60, 20, 10, 20, 80, 90])

By default, the optimisation is performed using 5-fold cross-validation by carrying
out the GSA method with the negative area under the ROC curve as the objective
function to be minimised, without pre-processing the time series using empirical
mode decomposition. The function pbp_fit contains other arguments, such as
verbose, which prints the area under the ROC curve at every iteration of the
optimisation process, and maxfun, which sets the number of evaluations of the
objective function by the optimisation algorithm (GSA as default).

The object clustered_patterns contains the cluster matrices estimated using the
time series presented, the object results contains a data frame with the metrics
obtained from the model: accuracy, fI-Score, precision, recall, true positive rate
(TPR), false positive rate (FPR) and the estimated area under the ROC curve.
It also contains the estimates for m, d∗

cluster and α. These metrics are presented
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4.A. Pattern-Based Prediction of Population Outbreaks

for each of the four criteria used in our methodology to select d∗
base (maximum

FPR of 0.1 and 0.2 and minimum TPR of 0.8 and 0.9). The parameters object
contains the estimates for m, d∗

cluster and α in a dictionary ready for use. The
function pbp_plot can be used to visualise the obtained patterns. Finally, the
details of each function used in the pypbp package are presented on the website
https://pypbp-documentation.readthedocs.io/en/latest/.

4.A.2 Pattern clustering algorithm
Algorithm 4.A.2 starts with pattern p1, which represents the first row of the matrix
P. We remove p1 from P and add it as the first row of P′

1. After that we compute
the association metric between p1 and all subsequent rows of P. If d(p1, pj) ≥
d∗

cluster, we add pattern pj as the last row of the cluster matrix P′
1 and delete it

from P. We repeat this process to obtain the cluster matrices P′
c, c = 1, . . . , C ≤ I,

until there are no more rows left in P.

Algorithm 3 Obtaining cluster matrices P′
c, c = 1, . . . , C, from P.

1: Input: d∗
cluster and P

set c = 1
set l = number of rows of P

2: for i in {1, 2, . . . , l} do
3: add pi as the first row of P′

c and delete it from P
4: set l′ = number of rows of P′

c

5: for j in {1, 2, . . . , (I −∑
c

l′
c)} do

6: if d(pi, pj) ≥ d∗
cluster then

7: append pj as the last row of P′
c and delete pj from P

8: end if
9: update l′ = number of rows of P′

c

10: end for
11: update c = c + 1
12: update l = number of remaining rows of P
13: end for
14: Output: cluster matrices P′

c, c = 1, . . . , C ≤ I

4.A.3 Comparison between optimisation methods
Here, we compare the differential evolution [Storn and Price, 1997] and the method
[Tsallis and Stariolo, 1996] algorithms used to estimate α, d∗

cluster and m. We use
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these methods to optimise the area under the ROC curve (AUROC). We looked at
the performance of our method using the time series data on aphids and parasitoids
collected in Coxilha (Brazil-São Paulo). In Figure 4.A.1 we present the accuracy, in
Figure 4.A.2 the area below the ROC curve (AUROC), in Figures 4.A.3 and 4.A.4
we present the true and false positive rates. In Figures 4.A.5, 4.A.6, and 4.A.7 we
present the estimated α, m and d∗

cluster hyperparameters.

Differential evolution is an algorithm based on evolutionary computation, which
briefly consists of setting a population of candidate solutions and creating new
updated candidate solutions based on the existing based on the score. For more
detail see Storn and Price [1997]. On the other hand, the generalised simulated
annealing is a stochastic algorithm used for finding the global minimum of a given
function in a continuous D-dimensional space. The method utilises a generalised
entropic form

Sq = k
1 −∑

i pq
i

q − 1 ,

where q ∈ R, pi are probabilities of the microscopic configurations and k is a
conventional positive constant [Tsallis and Stariolo, 1996]. Based on this entropy
Tsallis and Stariolo [1996] generalised its formulation to include the cases of the
Boltzmann Cauchy machines, allowing to find local minima according to an ac-
ceptance temperature set in the generalised metropolis algorithm. Differential
evolution was approximately ten times slower than generalised method. This fact
drove our decision to choose the algorithm as the default algorithm for optimising
the hyperparameters involved in the PBP method. However, users are allowed to
choose which method to use when utilising the pypbp package.
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Figure 4.A.1: Accuracy obtained on the testing step of the PBP method. In both
algorithms the following methods to choose d∗

base were used: based on minimum
FPR (.1 and .2 as minimum) and TFR maximum (.8 and .9 as maximum).
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Figure 4.A.2: Area below the ROC curve obtained on the training step of the
PBP method. In both algorithms the following methods to choose d∗

base were
used: based on minimum FPR (0.1 and 0.2 as minimum) and TFR maximum (0.8
and 0.9 as maximum).
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Figure 4.A.3: True Positive Rate obtained on the testing step of the PBP method.
In both algorithms the following methods to choose d∗

base were used: based on
minimum FPR (0.1 and 0.2 as minimum) and TFR maximum (0.8 and 0.9 as
maximum).
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Figure 4.A.4: False Positive Rate obtained on the testing step of the PBP method.
In both algorithms the following methods to choose d∗

base were used: based on
minimum FPR (0.1 and 0.2 as minimum) and TFR maximum (0.8 and 0.9 as
maximum).
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Figure 4.A.5: Estimated parameter α obtained on the training step of the PBP
method. In both algorithms the following methods to choose d∗

base were used:
based on minimum FPR (0.1 and 0.2 as minimum) and TFR maximum (0.8 and
0.9 as maximum).
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Figure 4.A.6: Estimated parameter m obtained on the training step of the PBP
method. In both algorithms the following methods to choose d∗

base were used:
based on minimum FPR (0.1 and 0.2 as minimum) and TFR maximum (0.8 and
0.9 as maximum).
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Figure 4.A.7: Estimated parameter d∗
cluster obtained on the training step of the

PBP method. In both algorithms the following methods to choose d∗
base were

used: based on minimum FPR (0.1 and 0.2 as minimum) and TFR maximum (0.8
and 0.9 as maximum).
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