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Abstract

Understanding the foraging habits and prey availability for a species is crucial. Prey avail-
ability is crucial to a species’ survival and sustainability of the food pyramid. Identifying
the type of prey consumed also allows ecologists to determine the energy received, while the
duration and extent of foraging bouts provide information about the energy expended.

With recent advancements in technology, data collection has become more accessible, and
animal-borne video cameras are an increasingly popular mechanism for collecting informa-
tion about foraging and other behaviour. Video recorders collect large volumes of data but
create a bottleneck as data processing is still predominantly done manually. This process is
time-consuming and costly, even with the assistance of crowdsourced tasks.

Advancements in deep learning, and its applications to computer vision, provide opportunities
to apply these tools to ecological problems, such as the processing of data from animal-borne
video recorders. Speeding up the annotation process allows more time to be spent focused
on the ecological research questions.

This dissertation aims to develop detection and isolation models that will assist in the pro-
cessing of visual data, namely images from animal-borne videos. The first model used for
detection will perform an image classification determining whether prey is present or not.
Images found to have prey present will then be presented to the second model for isolation
that identifies exactly where within the image the prey is and labels the type of prey. The
models were trained on video data of little penguins (Eudyptula minor), whose main prey in
this investigation are small fish, predominantly anchovies, and jellyfish.

The image classification model based on the ResNet architecture achieved 85% accuracy with
precision and recall values of 0.85 and 0.85 respectively on its test set. The object detection
model based on the You Only Look Once (YOLO) framework achieved a mean average pre-
cision of 60% on its test set. However, the models did not perform well enough on unseen
full length videos to be used without human supervision or to serve as alternatives to manual
labelling. Rather, the models can be used to guide researchers to areas that may contain
prey events.
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Chapter 1

Introduction

1.1 Background

Prey availability is one factor that affects the foraging habits of a species. Understanding
these behaviours is essential to learning more about ecological behaviour and predicting how
variations in environmental conditions can possibly affect ecosystems. It also allows ecologists
to refine their perception of the ecological niche of predators and prey, specifically marine life
where a lot is still unknown (Thiebot et al. 2017).

Technological advances have created opportunities for ecologists to expand their knowledge of
marine life. These technological advances include improved digital photography that collects
large numbers of higher resolution images, increased capabilities of computers and software
to manipulate, store and analyse images, as well as advances in robotics that lead to the con-
struction of devices such as autonomous underwater vehicles (AUVs) and remotely operated
vehicles (ROVs) that are able to capture thousands of images in one deployment (Beijbom
et al. 2015). For example, the use of AUV surveys (Lebrato et al. 2012) has aided research
into the ecological niche of jellyfish and other gelata, and this has led to evidence that these
organisms may play a bigger role in the ocean’s carbon cycle than initially thought (Lebrato
et al. 2012, Doyle et al. 2014).

Wildlife monitoring and analysis are active research fields in ecology with huge amounts of
data being produced from cameras, audio recorders, animal-borne video recorders and many
other digital technologies (Verma & Gupta 2018). These devices have led to an influx of
raw data that allow ecologists to study the lives of wildlife with minimal disturbance to the
animals. Video and audio footage provide researchers with images and acoustic data to study
populations, distributions, and behaviours of wildlife.

However, the speed at which data is being created significantly outpaces the speed at which
data is being processed. This is because, traditionally, the extraction of information has been
done manually either by experts, that is, by researchers and their teams, or by volunteer
groups through online crowdsourcing sites (e.g. Amazon Mechanical Turk). This entails
people watching, listening, or reading through several hundred hours of footage to extract
useful information. This method is both time-consuming and costly, and as a result, leaves

1
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large amounts of the data underutilised (Norouzzadeh et al. 2018).

Automating the information extraction process would speed up the processing of existing
datasets, increase the amount of data that could be processed in future, and free up time
for researchers to focus on achieving their scientific, management and protection mission
(Norouzzadeh et al. 2018).

In the realm of machine learning, there have been many developments in deep learning tech-
niques, specifically in computer vision. Deep learning techniques have been applied to many
fields such as medicine (Litjens et al. 2017) and agriculture (Kamilaris & Prenafeta-Boldú
2018). Further research has been looking into their application into ecology, but these meth-
ods remain relatively underused, and many applications continue to annotate data manually
(McInnes et al. 2017).

Deep learning algorithms have been seen to excel at computer vision tasks (Krizhevsky et al.
2012), such as automatically detecting objects (Norouzzadeh et al. 2018, Girshick 2015), with
deep learning models winning the image classification task of the annual ImageNet Large Scale
Visual Recognition Challenge 1 consecutively since 2012 (Russakovsky et al. 2015), and as
such can be used to identify animals in photographic images. In certain studies, high clas-
sification accuracy has been achieved, thus making deep learning models particularly useful
for detection and isolation tasks (Christin et al. 2019).

Based on these properties of deep learning algorithms, this dissertation develops a model for
identifying the little penguin’s two major prey types, small pelagic fish e.g. anchovy, and
jellyfish, from images extracted from animal-borne video recordings. The model is divided
into two parts, with the input images considered independently, i.e., with no temporal rela-
tionship from the video. The first sub-model is an image classification model that determines
whether any prey is present within a frame. This is then fed into an object detection model
that identifies exactly where within the frame the prey event is and labels the type of prey.
A prey event is defined as when a known prey of the penguin is seen within a frame and a
non-prey event may be an empty image or one containing debris or other penguins, but no
prey.

1.2 Research Objectives

The research objectives of this dissertation are as follows:

1. To develop an image classification model based on existing deep learning architectures
that would be able to distinguish between prey and non-prey events;

2. To develop an object detection model based on the YOLO framework that draws bound-
ing boxes around the prey and identifies the type of prey in the images; and

1The ImageNet Large Scale Visual Recognition Challenge (ILSVRC) allows researchers to evaluate algo-
rithms for object detection and image classification on a large scale, with a large annotated dataset of a variety
of objects

2
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3. To assess the accuracy of the models developed, and any features affecting this accuracy,
and whether the developed models are sufficiently accurate to assist manual processing.

1.3 Little Penguins

Little penguins (Eudyptula minor) also known as fairy penguins, are found along the southern
coasts of Australia, some islands off the southern Australian coast as well as in New Zealand
(Burns 2006). Penguin Island marks the northern and western limits of the little penguin
breeding range (Burns 2006). Little penguins are not listed as an endangered species; how-
ever, studies, such as that done by Dann (1992), have shown that their populations are under
threat with declining numbers especially in areas where they are situated close to growing
human settlement and activities (Preston et al. 2008).

Understanding the feeding behaviour of animals is a critical part of life history evolution.
The rate of energy acquisition through feeding determines how energy is used in processes
such as growth or reproduction. Seabirds, such as little penguins, are central place foragers,
meaning that they reproduce on land and gather food at sea (Ropert-Coudert et al. 2006).

Little penguins are visual hunters, limiting their foraging time to daylights hours (Cannell
& Cullen 1998). Relatively little is known about their foraging efforts, but studies based
in Western Australia have shown that during breeding, the penguins almost exclusively stay
within a fifteen to twenty kilometre radius of the colony, where the waters are shallow (Ropert-
Coudert et al. 2006).

The feeding of little penguins is also limited by their hunting and prey processing abilities as
well as prey encounter rate (Ropert-Coudert et al. 2006). These constraints make seabirds,
like little penguins, interesting study animals for behavioural ecology, especially with devel-
opments in recording and tracker equipment, that can be used to monitor and understand
their activities at sea (Ropert-Coudert et al. 2006). For example, little penguins can only
gain resources within a short distance of their colony in order to return regularly to feed their
chicks. This behaviour in turn allows researchers a central location to attach and remove
data logger equipment used to study the animals (Preston et al. 2008).

Little penguins mainly eat small schooling fish such as sandy sprat (Hyperlophus vittatus),
pilchard (Sardinops sagax ), garfish (Hyporhamphus melanochir), blue sprat (Spratelloides
robustus) and anchovy (Engraulis australis). They have also been documented to eat squid
(Idiosepius notoides) and jellyfish (Ropert-Coudert et al. 2006). Though penguins have been
documented to consume jellyfish, due to their low nutritional content and rapid digestive
deterioration, they may often be overlooked in dietary studies (Sutton et al. 2015). A study
by Flemming et al. (2013) shown that little penguins eat a diverse range of species and may
switch between species, mainly in response to temporal variation in prey availability. For
example, little penguins in New Zealand ate higher proportions of lower quality cephalopods
than those in Australia (Flemming et al. 2013). Changes in food quality and availability can
affect seabirds’ population, and as top predators in marine ecosystems, changes in their di-
ets may indicate changes happening in the inshore marine ecosystems (Flemming et al. 2013).

3
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Little penguins are quite flexible in whether they forage alone or with a group (Camprasse
et al. 2017). The study by Sutton et al. (2015) showed that little penguins have a higher
probability of associating with conspecifics, i.e. group foraging, when hunting prey that were
aggregated than when prey was solitary, and that prey capture rates were higher when the
penguins hunted schooling prey rather than solitary prey. Group foraging allows the preda-
tors to over-power large prey or aggregating small prey, for better capture rates (Sutton et al.
2015).

All this information about the behaviour of penguins has been made available through ad-
vances and increased accessibility of tracking technology, such as the video logger in Figure
1.1. This technology allows ecologists and biologists to better monitor the different be-
haviours of animals in the wild. For example, ecologists now know that at least four species
of penguins including the little penguin eat gelata organisms such as jellyfish. However, with
several hundred hours of video recordings, researchers are able to see that penguins were
actively pursuing and eating jellyfish (Thiebot et al. 2017).

Figure 1.1: A schematic of how cameras are mounted on penguins. Source: Thiebot et al. (2017)

1.4 Outline of the Dissertation

This dissertation is comprised of six chapters, including this introductory chapter. Chapter
2 describes the theory of neural networks, while Chapter 3 delves into computer vision appli-
cations of convolutional neural networks (CNNs), and their further application in ecological
projects. Chapter 4 describes the raw data used, how useful inputs were extracted from
it and provides details of the image classification and object detection models. Chapter 5
documents the results of both models and discusses the practical implications of the results.
Chapter 6 concludes the research and explores avenues for possible future research.

4



Chapter 2

Basics of Neural Networks

2.1 Artificial Intelligence and Machine Learning

Artificial Intelligence (AI), a term first coined by John McCarthy in 1956 (McCarthy et al.
2006), was defined as “the science and engineering of creating intelligent machines” (Mc-
Carthy 2007) that can achieve goals previously reserved for humans, and are able to improve
themselves (McCarthy et al. 2006). It is more concisely defined as an effort to automate
intellectual tasks normally performed by humans (Chollet 2018). Examples of such tasks
include identifying objects either visually or audially, and using human languages. AI is con-
sidered the umbrella term that encompasses techniques like machine learning, deep learning,
reinforcement learning and many more approaches.

Machine learning, a branch of artificial intelligence, is the study of computer algorithms that
are able to learn from data, identify patterns and make decisions with minimal human in-
tervention (James et al. 2013). Machine learning systems are trained rather than explicitly
programmed (Chollet 2018). Machine learning is further split into more branches, specifi-
cally, supervised learning, unsupervised learning and reinforcement learning.

Supervised learning involves building statistical models for prediction or estimation of an
output based on a series of inputs (James et al. 2013). These models are given a training
set that contains the inputs and their respective outputs, known as labels, which the model
will use to understand the data, and then predict outputs of new input values. On the other
hand, unsupervised learning techniques do not have training outputs. The models are used
to learn relationships and find structures existing in the dataset (James et al. 2013).

A commonly used machine learning method is artificial neural networks (ANNs), which are
loosely based on the human neural network (Figure 2.1). They come from the idea that “a
neuron’s computation involves a weighted sum of the input values. These weighted sums
correspond to the value scaling performed by the synapses and the combining of those values
in the neuron” (Sze et al. 2017). A functional operation, typically a simple non-linear trans-
formation, is performed on the combined inputs within the neuron and an output is only
generated if the output of this function is above a certain threshold (Sze et al. 2017).

5
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(a) Biological Neuron. Source: Aggarwal (2018)

w4

w3

w2

w1

NEURON

(b) Artificial Neuron, also known as a per-
ceptron

Figure 2.1: Biological neurons and their networks, (a), formed the basis of artificial neural networks, (b), a
machine learning algorithm.

In their original formulation, ANNs were composed of a single “hidden” layer – a single
iteration of combining inputs and transforming these into an output. “Deep” neural networks
are those with more than one hidden layer – each layer produces possibly multiple outputs,
which become the inputs to the next layer. Deep learning (LeCun et al. 2015) will be discussed
more thoroughly in Section 2.8.

2.2 Feed Forward Neural Networks

A neural network’s basic unit is a perceptron illustrated in Figure 2.2 and its simplest form
is a feed-forward neural network (Figure 2.3) which is named such because it does not have
feedback connections. The neural network performs a function on the inputs, x, using para-
metric weights to output an approximation of y, the target variable (Goodfellow et al. 2016).
Learning occurs when the approximation, ŷ, is compared to the target, y, and the weights,
w, are adjusted to improve the prediction. This is done through a process known as back-
propagation (see Section 2.5.1).

Input, xi Weights, wj Neuron Output

1

b

x2
w2

x1 w1

S f(S) ŷ = f(S) = f(Σwjxi + b)

Figure 2.2: A schematic representation of a perceptron, highlighting the computational process that takes
place within a neuron to produce the output ŷ.

The summation, S, of all weighted inputs, wjxi, is then passed through a nonlinear activation
function f , to transform the preactivation level of the neuron to an output, ŷ (Vieira et al.
2017). A bias term, b, is also included. The bias accounts for the invariant part of a prediction,
and is incorporated as a weight value on a neuron that always has a value of 1 (Aggarwal
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2018) (see Equation 2.1).

ŷ = f
(∑

wjxi + b
)

(2.1)

Figure 2.3 is used to illustrate the functionality of a feed-forward neural network. The net-
work has three layers, namely an input layer, followed by a hidden layer, then lastly the
output layer. The input layer has a fixed number of nodes, D, that is equal to the number
of variables present in the data. These nodes are fully connected to the nodes in the hidden
layer. Fully connected or dense layers are layers where all its nodes are connected to all nodes
of the next layer. Each connection has an associated weight, w. The number of nodes in the
hidden layer, as well as the number of hidden layers, is user-defined. If the neural network
has only one hidden layer, it is known as a shallow neural network, while if it has more hidden
layers, it is a deep neural network.

Input layer Hidden layer Output layer

1

x2

x1

b
(1)
1

w
(1)
21

w
(1)
11

b
(1)
2

w
(1)
22

w
(1)
12

1

z2

z1

b
(2)
1

w
(2)
21

w
(2)
11

z3 ŷ

Figure 2.3: Artificial neural network with two input neurons and a bias term fully connected to a hidden layer
with two neurons that terminates with a single neuron in the output layer.

S
(l)
j =

d(l−1)∑
i=i

w
(l)
ij x

(l−1)
i + b

(l)
j

z
(l)
j = f

(
S

(l)
j

) (2.2)

Where:

• l is the layer index

• d(l−1) denotes the number of nodes in the previous, (l − 1)th, layer

• w
(l)
ij is the weight for the connection from the ith neuron in the (l − 1)th layer to the

jth neuron in the lth layer

• x
(l−1)
i is the value of the input from the ith node of the (l − 1)th layer
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• b
(l)
j denotes the bias term for the jth node in the lth layer

• S
(l)
j is the sum of the weighted input, that is input to the jth neuron in the lth layer

• f(.) denotes the activation function

• z
(l)
j is the output of the jth neuron in the lth layer that serves as the input for neurons

in the (l + 1) layer

To train a neural network, activation functions, a loss function and an optimizer also have to
be decided upon (Chollet 2018). All of these concepts are discussed more fully in the sections
below.

2.3 Activation Functions

Activation functions perform a non-linear transformation on the summation of the product
of the input and its associated weights to produce an output (Vieira et al. 2017). This allows
a greater range of relationships to be modelled (Chollet 2018). Activation functions are a
critical part of neural network design (Aggarwal 2018). Popular activation functions include
sigmoid, Hyperbolic Tangent (tTanh), ReLU (rectified linear unit) (Glorot et al. 2011), and
leaky ReLU (Maas et al. 2013). These functions are shown in Figure 2.4.

0

1

(a) Sigmoid Function

−1

1

(b) Hyperbolic Tangent Function

0

(c) ReLU Function (d) Leaky ReLU Function

Figure 2.4: Different activation functions used to perform non-linear transformations on the sum of the product
of the input and its associated weights.
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A sigmoid function (Equation 2.3) is useful in a situation where one is attempting to predict
the probability of a binary class (Aggarwal 2018). The range of possible values is between
0 and 1. It “squashes” arbitrary values into the [0, 1] interval (Chollet 2018).The Tanh
activation function (Equation 2.4) is similar to the sigmoid function, however, it has a wider
range, as values can be between -1 and +1.

f(x) =
1

1 + e−x
(2.3)

f(x) =
ex − e−x

ex + e−x
(2.4)

A ReLU function (Equation 2.5) is the most widely used activation function due to its speed
and effectiveness (Chollet 2018). ReLU sends all negative values to zero, and is linear for
positive values (Glorot et al. 2011). Deep networks with ReLU units are more easily optimized
than networks with sigmoid or tanh units because there is no gradient vanishing effect (Glorot
et al. 2011). Vanishing gradients cause slow optimization convergence (Maas et al. 2013).
Other variations of ReLU have been proposed such as Leaky ReLU (Equation 2.6) (Maas
et al. 2013) and ELU (exponential linear unit) (Equation 2.7) (Clevert et al. 2016). These
variations aimed to alleviate problems caused by hard zero activation for non-active units
in ReLU by having a small value for negative inputs, achieved by multiplying x by a small
number, α. ELU is faster and ensures noise-robust deactivation states unlike Leaky ReLU
(Clevert et al. 2016).

f(x) = max(0, x) (2.5)

f(x) = max(αx, x) (2.6)

f(x) = max(α(ex − 1), x) (2.7)

Softmax, Equation 2.8, is another activation function. It is commonly used on the output
layer of a classification model that has two or more output classes. It is used to represent
probability distributions over discrete variables over K different classes (Goodfellow et al.
2016). The output of each unit is a value between 0 and 1 for which the sum of the outputs
adds up to 1.

softmax(xn) =
exn∑K
i=1 e

xi
(2.8)

2.4 Loss Functions

Loss functions, also known as objective functions, are used to measure the performance of the
network. The loss function measures the difference between the predicted output produced
by the network and the true output value. The loss function provides a precise mathematical
way to evaluate the quality of a network’s predictions over any set of observations.
This is used as a mechanism for:
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a) deciding how to adjust weights in the backpropagation algorithm (iteratively reducing
the sum of loss function values across a set of “training” observations using gradient
descent, as described in Section 2.5.1);

b) choosing between different neural network architectures and hyperparameters (by se-
lecting the one that gives the lowest sum of loss function values across a set of “valida-
tion” observations); and

c) providing a final assessment of a model’s ability to generalize to new data (by directly
calculating the sum of loss function values across a set of “test” observations).

Commonly used objective functions include squared error loss and squared absolute error for
regression problems, and cross-entropy loss for classification problems.

2.4.1 Cross Entropy Loss Function

Cross entropy loss is Bernoulli negative log-likelihood function, that is used on classification
problems, i.e., when the output label, y, is discrete (Goodfellow et al. 2016). For classifica-
tion problems, such as the one addressed in this dissertation, suitable functions are binary
cross-entropy or categorical cross-entropy.

In the case that y is binary, y ∈ {0, 1}, binary cross-entropy is applicable (Equation 2.9). A
sigmoid activation function can be used in the final layer to ensure ŷ lies between 0 and 1.
This choice of activation function also dictates the number of output neurons, with sigmoid
output activation requiring one neuron.

L(ŷ, y) = − 1

N

N∑
i=1

yi ln ŷi + (1− yi) ln(1− ŷi) (2.9)

For classifications problems where the number of classes,K, is greater than two, categorical
cross-entropy (Equation 2.10) is more appropriate. Softmax activation is a suitable function
for the output layer and will require the output layer to have K neurons. Softmax ensures
ŷk values that are between 0 and 1.

L(ŷ, y) = − 1

N

N∑
i=1

K∑
k=1

yik ln ŷik (2.10)

2.5 Optimization

2.5.1 Backpropagation

In a neural network, appropriate weights are produced by iteratively changing the weights
after each forward pass to decrease the total loss or error. The challenge was that the total
loss value recorded would be a composite of errors accumulated by the entire network. Back-
propagation is an algorithm that is based on the application of gradient descent and chain
rule for differentiation (LeCun et al. 1988). It is used to estimate the weight of a neural
network by starting with the final loss value and working backwards from the output layer

10
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to the first hidden layer by applying chain rule to compute the contribution of each weight
to the loss value (Chollet 2018).

The derivative of the loss function with respect to the weights can be expressed as:

∂E

∂w
(l)
ji

=
∂E

∂s
(l)
j

×
∂s

(l)
j

∂w
(l)
ji

= δ
(l)
j × x

(l−1)
i for all i, j, l (2.11)

Where δlj is the error in the jth neuron in the lth layer. Backpropagation provides a way to
compute the errors for every neuron of the model, which are in turn used to compute the
gradients of the loss function, E, with respect to the weights by using equation 2.11.

In the output layer, the error equation can be expressed as

δ
(L)
j =

∂E

∂s
(L)
j

=
∂E

∂z
(L)
j

×
∂z

(L)
j

∂s
(L)
j

=
∂E

∂z
(L)
j

× f ′(s(L)
j )

(2.12)

Where ∂E

∂z
(L)
j

and f ′(s
(L)
j ) can both be computed easily given the form of the loss and activa-

tion functions in the output layer.

For the hidden layers, the error can be defined backwards as:

δ
(l−1)
i =

∂E

∂s
(l−1)
i

=
∂z

(l−1)
i

∂s
(l−1)
i

× ∂E

∂z
(l−1)
i

= f ′(s
(l−1)
i )

d(l)∑
j=0

∂E

∂s
(l)
j

×
∂s

(l)
j

∂z
(l−1)
j

= f ′(s
(l−1)
i )

d(l)∑
j=0

δ
(l)
j × w

(l)
ij

(2.13)

2.5.2 Optimization Functions

Gradient descent is an iterative numerical optimization algorithm that is used to minimize
the loss function E by adjusting the weights in the opposite direction of the gradient of the
loss function with respect to the weights, w (Ruder 2016). The learning rate η determines
the size of the steps we take to reach a local minimum.

wupdated = wold − η∇E (2.14)

where η is the learning rate and E is the loss or cost function.
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Variants of gradient descent exist such as the commonly used Stochastic Gradient Descent
(SGD) which performs weight updates using subsets of the dataset. This eliminates redundant
computations, that is, recomputing the gradients for similar examples, therefore it is able to
converge faster than gradient descent (Ruder 2016). Other optimisation functions used in
deep learning algorithms include Adaptive Moment Estimation (Adam) (Kingma & Ba 2014),
RMSProp (Tieleman et al. 2012) and AdaGrad (Duchi et al. 2011). The Adam optimizer is a
commonly used optimization function (Schneider et al. 2018), as it utilises the advantages of
earlier optimizers, RMSProp and AdaGrad, to outperform them (Kingma & Ba 2014) (Ruder
2016). For this reason, it was used in this investigation.

2.6 Generalization

Generalization refers to how well a trained model performs on a related dataset that it has
not seen before (Chollet 2018). The training and validation data are used to train and tune
the model to ensure that it is optimised for the dataset. However, when a model is too
specific to the training data, it may perform poorly on unseen data, i.e. the test data. This is
known as overfitting. Regularization refers to any modification made to a model that is used
to combat the effects of overfitting, to ensure a more generalised model without affecting the
training error (Goodfellow et al. 2016).

2.6.1 Weight Regularization

A model may learn a very complex function that fits the training data almost perfectly but
performs poorly on unseen data. One way to mitigate this is to penalise the complexity of
the model by forcing their weights to take small values, this is known as weight regularization
(Chollet 2018). This is done by adding a penalty for having large weights to the loss function.
The penalty may be in one of the following two forms:

1. L1 (Lasso) regularization: The cost added is proportional to the absolute value of the
weights coefficients.

Ereg = E + λ
D∑
i=1

|wi| (2.15)

2. L2 (Ridge) regularization: The cost added is proportional to the square of value of the
weights coefficients.

Ereg = E + λ

D∑
i=1

w2
i (2.16)

where D is the number of nodes, and λ is related to a user-defined threshold, τ , that constrains
the parameters of the model closer to zero (James et al. 2013).

2.6.2 Early Stopping

When a model is trained for a long time such that overfitting occurs, it it also observed that
while the training error continuously decreases, the validation error starts to rise again over
time. Early stopping is a strategy that stores the model weights at a low validation error,
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and updates every time the validation errors improves, i.e. decreases. The training may also
be terminated early if no improvement is seen after a set number of epochs. Once training is
terminated, the model weights from the best validation performance are selected as the final
weight values (Goodfellow et al. 2016).

2.6.3 Dropout

Dropout (Srivastava et al. 2014) reduces overfitting by preventing complex co-adaptations.
This is achieved by setting the weights of neurons to zero with a certain probability, during
the forward pass, and the gradients of these neurons also being zero on the backwards pass.
This ensures that the models learn several independent representations of the same data, and
thus improves the generalization of the model (Goodfellow et al. 2016).

2.7 Hyperparameter Optimization

The hyperparameters are the parameters whose values are selected by the user to define the
model architecture. These values are not adapted by the algorithm itself during the learning
process (Goodfellow et al. 2016) but are tuned to find the optimum combination that achieves
the best performance of the model. The optimum combination is not immediately known,
and thus several combinations must to be run to explore the impact of each hyperparameter.

This can be done using different search methods such as grid search or random search. The
grid search is an exhaustive method that searches all combinations of the hyperparameter
values provided and selects the model which results in the best performance. Random search
uses values that are randomly sampled from a provided statistical distribution of each hyper-
parameter (Bergstra & Bengio 2012).

The purpose of the validation set is to optimize a model’s architecture and as such is used to
determine which combination of hyperparameters performed optimally. Common hyperpa-
rameters include learning rate, dropout rate, the number of layers used, the number of units
or filters in each layer, and activation function Chollet (2018).

2.8 Deep Learning and Transfer Learning

Deep learning is an area of study in which the neural networks are able to learn higher-level
features as functions of lower level features learned from data (McCann & Reesman 2013).
Deep neural networks are larger than traditional neural networks in that their depth of the
network is increased by adding more hidden layers. For a neural network to be considered
deep, it must have more than three layers, that is, more than one hidden layer. Typically,
the number of layers used in deep learning range from more than five and up to one thousand
(Sze et al. 2017).

Deep Neural Networks are capable of learning high-level features with more complexity and
abstraction than shallow networks. Shallow neural networks tend to preform better on smaller
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datasets (Schindler et al. 2016). Previously, many argued that increasing the number of hid-
den layers did not improve the accuracy of neural networks (Csáji et al. 2001). They justified
this assertion with the Universal Approximation Theorem, which claims that a standard mul-
tilayered perceptron with a single hidden layer and a finite number of hidden neurons can
approximate any function when given the appropriate weights (Csáji et al. 2001). However,
studies such as that done by Mhaskar et al. (2016) proved that deep networks can approx-
imate functions with the same accuracy as shallow neural networks but with exponentially
lower number of training parameters. With developments in computational power and access
to more data, deep neural networks proved to be able to train effectively and produce better
results (Schindler et al. 2016).

These developments led to more exploration of many different deep architectures. These
include deep feed-forward, convolutional neural network (CNN), recurrent neural network
(RNN) (Medsker & Jain 2001), Long/Short Term Memory (LSTM) (Hochreiter & Schmid-
huber 1997) to name a few. Convolutional neural networks will be discussed in greater detail
in Section 3.1.

Another development related to deep learning is transfer learning. Transfer learning is a
technique where a model that was previously trained on a previous dataset that has similar
characteristics, is now used on a new, often smaller dataset to capitalise on the knowledge
gained from the previous training exercise (Pan & Yang 2009).

A model that was previously trained to address a specific problem, X, would ideally provide
better initial weights for a new problem, Y, than a model with randomly initialised weights,
provided that the two problems are related. Thus, it provides a better starting point and
would take a shorter time to reach optimal values for problem Y, since learned filters such
as edge or colour detectors, can be used without having to be re-learned on new data. This
means that transfer learning helps reduce the required size of the training dataset for prob-
lem Y since several filters have already been established from problem X (Pan & Yang 2009).
Thus transfer learning is especially useful in cases where large amounts of training data would
be expensive or difficult to obtain (Weiss et al. 2016). Typically, the possible output values
for the pre-trained network are not the same as those of the new task. For example, a task
identifying a single species may make use of a pre-trained network built from a dataset of
hundreds of species, or even on a dataset of non-animal image. This requires removing the
final layer of the pre-trained network, replacing it with a final layer appropriate to the new
task, and estimating at least the weights of the final layer. Weights of other hidden layers can
also be estimated, starting from the pre-trained values, in a process known as “fine-tuning”
(Pan & Yang 2009).

It is possible to keep the weights from the pre-trained network in some of the hidden lay-
ers, this is known as freezing a layer. The weights in a layer that has been frozen cannot
be modified further and are called non-trainable weights/parameters. Trainable weights or
parameters are the weights in all the other layers that are adapted through the learning
process. Freezing layers is useful to retain some of the representations learned from the pre-
trained network (Chollet 2018). Also, reducing the number of trainable parameters reduces
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the computational time of training, while not compromising too much on accuracy (Sagar
2019).
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Chapter 3

Computer Vision

The idea of computer vision first started in the early 1970s. It is the field of study in AI
dedicated to training computers how to see and understand the meaning in digital images and
videos (Brownlee 2019). Originally, it was believed that solving the “visual input” problem
would be an easy step along the path to solving more difficult problems such as higher-level
reasoning and planning, however, it proved to be more difficult than anticipated (Szeliski
2011). It was not until AlexNet (Krizhevsky et al. 2012), a deep neural network, won the
ImageNet Classification (Everingham et al. 2010) contest in 2012 that huge strides were
made in this field. AlexNet reduced the error rate by almost 10%, this sparked a trend of
addressing computer vision problems using deep learning approaches together with graphics
processing units (GPUs), specialised electronic circuits designed to efficiently manipulate
computer graphics and image processing (Sze et al. 2017).

3.1 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) have become increasingly popular for applications in
image recognition, classification, and detection (LeCun et al. 1998). CNNs were inspired by
the visual cortex of the brain that has alternating layers of simple and complex cells (Hubel
& Wiesel 1962). Analogously, a CNN has convolutional and pooling layers (Rawat & Wang
2017).

The convolutional layer acts as feature extraction layer that learns the important features
from its input image, storing the results in a matrix, known as a feature map (Rawat & Wang
2017). This was inspired by the regions of cells in the visual cortex would be activated when
specific regions in the visual field are excited which also depend on the shape and orientation
of the objects in the visual field (Aggarwal 2018).

A convolutional layer gets its name from the mathematical operation convolution that is
performed within this layer. In this layer, a convolution (Equation 3.1) is a dot-product
operation that is performed between a grid-structured inputs, x and similar grid-structured
set of weights, W that produces a third grid-structure that expresses key features of the input
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in relation to the filter (Aggarwal 2018).

F = x ∗W (3.1)

where F is the output feature map, x is an input image, ∗ is the convolution operator, and
W is a filter, also known as a kernel. The filter is a matrix of trainable weights, a parameter
that is adjusted through the learning process. Several filters applied to an input image or
feature map is referred to as a filter bank. The convolution process is repeated, applying
different filters that result in several feature maps that represent different characteristics or
patterns found in the input image, such as colour clusters, or the presence or absence of lines
(Schneider et al. 2018, Yamashita et al. 2018). The convolution is also passed through a
non-linear activation function, usually ReLU.

0 1 1 1 0 0 0 0

0 0 1 1 1 0 0 0

0 0 0 1 1 1 0 0

0 0 0 1 1 0 0 0

0 0 1 1 0 0 0 0

0 1 1 0 0 0 0 0

1 1 0 0 0 0 0 0

1 1 0 0 0 0 0 0

x

∗
1 0 0

1 0 0

1 1 1

W

=

0 2 4 5 3 1

0 1 3 4 3 1

1 2 2 3 2 1

2 2 2 2 1 0

2 2 2 1 0 0

3 3 0 0 0 0

x ∗W

×1 ×0 ×0

×1 ×0 ×0

×1 ×1 ×1

Figure 3.1: Example of the convolution process, where a 3 × 3 filter, W , is a passed through an 8 × 8 input
image, x, to produce the reduced 6 × 6 output feature map, F

The grid structured sets on which the dot-product is performed are known as tensors, and
they are essential to CNNs. Tensors are multidimensional arrays, that is, a generalization of
vectors and matrices to an arbitrary number of dimensions (Chollet 2018). For example, a
sequence of words can be represented as a vector, i.e., an order 1 tensor; a grayscale image
can be represented by its pixels in a matrix form, i.e., as an order 2 tensor; while a colour
image would be an order 3 tensor, with the colour channels creating the third dimension (Wu
2017). CNNs were designed to work on inputs that have strong spatial dependencies in local
regions of the grid structure, as such they perform well in natural language and computer
visions tasks, where the inputs are structured sentences and images (Aggarwal 2018).

A subsampling layer, known as a pooling layer, is another key part of CNNs, which usually
comes after a convolution layer. The aim of this layer is to reduce the computational require-
ments and as well as increase robustness by dividing the feature map into regions and only
returning a single value from each region (Schneider et al. 2018). Common pooling techniques
include average pooling that would average the values in a region; and max pooling which re-
turns the highest value in the region instead. Max pooling method is illustrated in Figure 3.2.

After a sequence of alternating convolutional and pooling layers, the network is connected
to traditional fully connected layers, in which every node in the input layer is connected to
every node in the output layer, that then lead to an output, as shown in Figure 3.3. Weight
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2 2 2 2 1 0

2 2 2 1 0 0
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2 x 2 pool
2 5 3

2 3 2

3 2 0

Figure 3.2: Example of 2×2 max pooling on a 6×6 feature map, where the highest value in 2×2 regions is
selected resulting in a smaller 3×3 matrix.

parameters are estimated using gradient descent with backpropagation, as in the case of feed-
forward ANNs.

Figure 3.3: An example of full CNN architecture. Input image is passed through one or more convolution and
pooling layers, then connected to fully connected layers, before finally producing an output, in this case, the
probability of being prey or non-prey event

’

3.2 Image Classification

Image classification is one of the fundamental tasks in computer vision. It involves interpret-
ing the scene present in an image and assigning it to a predefined class (Rawat & Wang 2017).
Deep learning models, i.e. models with distinct architectures and fitted weights, that have
been used for image classification include AlexNet (Krizhevsky et al. 2012), VGG (Simonyan
& Zisserman 2014), GoogleNet (Szegedy et al. 2015), and ResNet (He et al. 2016). These
models differ primarily in their architectures and in incremental technical improvements, of-
ten in the way that the backpropagation algorithm is applied.
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Our work uses the ResNet image classification model, a deep residual learning framework
used for image classification. It was developed by He et al. (2016) and won the 2015 Ima-
geNet competition.

A problem faced by many deep neural networks is that of vanishing or exploding gradients
which is caused by the increased depth of networks. This, in turn, hampers the ability of
the model’s learning process to converge (Aggarwal 2018). It was seen that as the depth of a
network increases, the accuracy gets saturated and then degrades rapidly. The deep residual
learning framework was developed to address the degradation of training accuracy (He et al.
2016).

Instead of representing the desired underlying mapping, H(x), solely by several stacked non-
linear layers F (x), ResNet fits the desired mapping to F (x) + x. This is based on the
hypothesis that it is easier to optimise the residual mapping, x, than to optimize the original,
unreferenced mapping (He et al. 2016). Figure 3.4 shows the residue block and skip connec-
tion of the ResNet architecture.

Figure 3.4: A residual block that forms the basis of the ResNet architecture. The block contains a skip
connection that copies the input x to the output, resulting in output mapping being F (x) + x. Source: He
et al. (2016)

Shortcut or skip connections are those that skip one or more layers and enable the copying
of input values at layer i and adding of it to the output of the layer (i + r) for r > 1. The
shortcuts do not increase the number of parameters or add computational complexity. Thus
the network is still trained with backpropagation, as a sort of “superhighway” is created
through the shortcut connections (He et al. 2016, Aggarwal 2018).

3.2.1 Model Evaluation

When assessing the performance of a classifier the following metrics were used. The simplest
of which is the accuracy of the model. Accuracy (Equation 3.2) is number of observations in
the test set that is predicted correctly over all observations. Another measure is sensitivity
(also known as recall) (Equation 3.3), which is the percentage of correctly predicted positive
observations over the total number of positive observations (Zachariah et al. 2014). Similarly,
specificity (Equation 3.4) is the percentage of correctly predicted negative observations over
the total number of negative observations (Zachariah et al. 2014). Precision (also known as
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positive predictive value) (Equation 3.5) is the percentage of correct positive prediction over
all positive predictions (Parker 2013).

A perfect classifier would be 100% sensitive and 100% specific, which corresponds to perfect
precision and recall. However, this is difficult to achieve, since models that have higher
precision tend to have lower recall. F1-score (Equation 3.6) is a measure that calculates
the balanced harmonic mean of precision and recall. It assumes that precision and recall
are of equal importance. This assumption has caused the F1-score to receive criticism as in
some cases, one may be significantly more important, and thus the performance would differ
significantly too (Parker 2013).

accuracy =
TP + TN

TP + TN + FP + FN
(3.2)

sensitivity (recall) =
TP

TP + FN
(3.3)

specificity =
TN

TN + FP
(3.4)

precision =
TP

TP + FP
(3.5)

F1-score =
2× precision× recall
precision+ recall

=
2TP

2TP + FP + FN
(3.6)

where TP, TN, FP, FN are true positive, true negative, false positive and false negative re-
spectively.

Since, the training, validation and test sets had balanced classes, it was decided to use
accuracy as the deciding metric for the selection of the final model. Accuracy is a commonly
used and simple metric (Wang et al. 2007) that is considered reasonable when the classes are
balanced which the sets are. When the classes are imbalanced, the choice of metric becomes
more important, and metrics like the F1-score are preferable (Chicco & Jurman 2020).

3.3 Object Detection

Another task in the field of computer vision is object detection. Object detection involves
estimating the object class and the location of objects within the images (Szegedy et al.
2013). Prior to recent developments, object detection problems were considered challenging
to model due to significant variations in colour and texture, complexity of the background
behind objects, and characteristics such as lighting, and size of the object (Papageorgiou
et al. 1998).

Many object detection methods are built on top of classifier systems, that is, classification
models, such as, deformable parts models. Deformable parts models (DPM) use a sliding

20



Detection and Isolation of Prey Capture Events in Animal-Borne Images 21

window to scan through evenly spaced locations over the entire image (Redmon et al. 2016),
at each step evaluating whether the window covers the target objects. This approach makes
the process very expensive and difficult to scale (Erhan et al. 2014). More modern object
detection models that use deep learning include R-CNNs (Region-based Convolutional neu-
ral networks) (Girshick et al. 2014), its successors Fast R-CNN (Girshick 2015) and Faster
R-CNN (Ren et al. 2017), as well as YOLO (You Only Look Once)(Redmon et al. 2016).
Our work makes use of YOLO, which we discuss in more detail below.

YOLO frames the problem as a regression problem rather than a re-purposed classifier. This
means a simple pipeline of a single convolutional network is created that results in the pre-
diction of the vertices of multiple bounding boxes and the class probabilities for the boxes, as
illustrated in Figure 3.5. They refer to the model as unified detection because it unifies the
separate components of object detection, namely bounding box predictions and class predic-
tions, into a single neural network (Redmon et al. 2016).

Figure 3.5: Illustration of the process of the YOLO model. With the problem framed as a regression task, the
YOLO model is able to unify the separate components of object detection, namely bounding box predictions
(shown in the upper branch) and class predictions (shown in the lower branch), into a single neural network.
Source: Redmon et al. (2016)

YOLO divides the input image into an S×S grid. Each grid cell is responsible for predicting
an object if the centre of that object falls within that cell. Each cell predicts B bounding
boxes and confidence scores for the boxes. The confidence scores show how confident the
model is that the box contains an object, i.e., the probabilty of the object being present, and
how accurately it thinks it predicted the box, i.e. the intersection over union (IoU) of the
ground truth and the predicted box (Redmon et al. 2016). This is shown in Equation 3.7.

confidence = Pr(Object)× IoUtruth
pred (3.7)

where IoU is the ratio of the area of intersection and the area of union of the predicted and
ground truth bounding boxes.
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Each grid cell also predicts C conditional class probabilities, Pr(Classi | Object), i.e., the
probability of an object being in class i, given that the grid cell contains an object. The
conditional class probabilities are then multiplied with the individual box confidence predic-
tions. This gives class-specific confidence scores for each box (Equation 3.8). These scores
account for both the probability that the object in the box is of that specific class and how
well the predicted box fits the object (Redmon et al. 2016).

Pr(Classi | Object)× Pr(Object)× IoUtruth
pred = Pr(Classi)× IoUtruth

pred (3.8)

The version of YOLO used in this dissertation is YOLOv3 (Redmon & Farhadi 2018).
YOLOv3, shown in Figure 3.6, has a different network for feature extraction than the original
YOLO. The network is a hybrid of YOLOv2, Darknet-19 and residual blocks (Redmon &
Farhadi 2018), consisting of successive 3 × 3 and 1 × 1 convolutional layers and shortcut
connections, resulting in a total of 53 convolutional layers (Redmon & Farhadi 2018).

Figure 3.6: Illustration of the YOLOv3 architecture that has 53 convolutional layers, consisting of convolutional
layers, residual blocks and detection layers. Source: Valdez (2020)

Claimed advantages of YOLO are its speed, its ability to process the entire image “globally”
during training, and a greater ability to generalize (Redmon et al. 2016). However, YOLO
does not have as high an accuracy rate as other object detection models, especially when
localizing small objects (Redmon et al. 2016). This occurs because strong spatial constraints
imposed on bounding box predictions (each grid cell can only predict two boxes , which must
share the same class) limits the number of nearby objects the model can predict. Other
object detection models, such as Fast R-CNNs, are said to have higher accuracy rates, but
lower speed values compared to YOLO (Redmon & Farhadi 2018). Despite these limitations,
YOLO has been and continues to be widely deployed in applied object detection research (Jo
et al. 2017, Valdez 2020)
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3.3.1 Model Evaluation

Mean Average Precision (mAP)

Mean average precision (mAP) is a metric in information retrieval tasks (Salton & McGill
1983) that has been adapted for use in object detection problems since the PASCAL VOC
2007 challenge (Everingham et al. 2010). Average precision was a concept developed to deal
with the opposing objectives of recall, the percentage of objects that are correctly predicted,
and precision, the percentage of predictions made that are correct. An ideal system would
be one that exhibits both high recall and high precision (Salton & McGill 1983). However,
techniques that improve recall tend to lower precision and vice-versa. Therefore, researchers
may decide what goal is more important for their specific system, i.e., either high recall or
high precision (Singhal et al. 2001). This is where average precision comes in because it is
known to be a reliable and highly informative performance measure (Salton & McGill 1983).
Average precision is the average of precision values for eleven evenly spaced recall values
between zero and one, as illustrated on the precision-recall curve in Figure 3.7. Then mAP
is the mean of the average precision (AP) for all classes.

For object detection tasks, the true positives, false positives and false negatives are defined
using the intersection over union (IoU) ratio. Traditionally, an IoU of greater than 0.5 is
needed for a prediction to be considered as a true positive. A false positive occurs when the
IoU is less than 0.5 or there are duplicate detections. A false negative occurs when no detec-
tion is made though the target object is present. The IoU threshold of 0.5 was deliberately
set low to account for inaccuracies in bounding boxes in the ground truth data (Evering-
ham et al. 2010). For example, defining the bounding box for highly nonconvex objects can
be slightly subjective (Everingham et al. 2010). In this dissertation, an example would be
whether or not to include the swimming tentacles of jellyfish, illustrated in Figure 3.8.

AP summarises the shape of the precision-recall curve

AP =
1

11

∑
r∈{0,0.1,...,1}

pinterp(r) (3.9)

where pinterp(r) is the precision value that is interpolated from the maximum precision mea-
sured for which the corresponding recall, r̃, exceeds r:

pinterp(r) = max
r̃≥r

p(r̃) (3.10)

where p(r̃) is the measured precision at recall, r̃

The interpolation of the precision value is done to remove the effect of the “wiggles” that
are caused by small variations in the ranking of detections (Everingham et al. 2010). The
mAP for object detection is then the average of the APs calculated for all the classes. Most
recent calculations of AP (Equation 3.11) are computed as area under the curve by numerical
integration. This method improves precision as well as the ability to measure differences
between models with low AP (Everingham & Winn 2011).

AP =
∑

(rn+1 − rn)pinterp(rn+1) (3.11)
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Figure 3.7: The Precision-Recall Curve. The true precision curve (in blue) has “wiggles” caused by small
variations in the ranking of detections. The interpolated precision curve (in red) eliminates this problem.

Figure 3.8: Subjective ground truth bounding boxes for an image of a jellyfish, with the red box only including
the body of the jellyfish, with the large black box also includes the tentacles of jellyfish
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pinterp(rn+1) = max
r̃≥rn+1

p(r̃) (3.12)

3.4 Deep Learning in Marine or Ecological projects

Deep learning techniques have been successfully applied to many fields, including medicine
(Litjens et al. 2017) and agriculture (Kamilaris & Prenafeta-Boldú 2018) and are increasingly
being used to solve ecological problems.

Computer vision has been used to address ecological questions such as species recognition
(Zhou et al. 2015, Norouzzadeh et al. 2018, Cheng et al. 2017, Gómez et al. 2017), individual
animal identification (Polzounov et al. 2016, Beery et al. 2020, Norouzzadeh et al. 2021),
animal behavioural classifications (Browning et al. 2017, Norouzzadeh et al. 2018), and bio-
diversity estimations (Rammer & Seidl 2019). The use of deep learning in ecology is still in
its infancy, with many applications still annotated manually (Palei et al. 2016, Alonso et al.
2015), however, as more data is being collected and only a small fraction of it being utilised,
it is becoming a priority to analyse these images automatically (Moniruzzaman et al. 2017).

Most deep learning applications in ecology have been in image classification (Rammer & Seidl
2019), with it having been applied to both terrestrial (Tabak et al. 2019) and marine species
(Lu et al. 2017). There are also examples of ecological applications of object detection models
on both terrestrial (Schneider et al. 2018) and marine species (Zhou et al. 2015, Guirado et al.
2019).
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Chapter 4

Methodology

This chapter describes the dataset used in this dissertation and then explores the different
methodologies implemented for the classification and detection tasks. Section 4.1 describes
the dataset used, followed by Section 4.2, that looks at how the data was extracted for use
in both models. Section 4.3 explores the pre-processing steps, the model architectures and
software packages used for the image classification problem. Similarly, Section 4.4 focuses
on the pre-processing steps, the model architectures and software packages of the object
detection problem.

4.1 Data Description

The dataset consists of video footage from animal-borne cameras, mounted on little pen-
guins, see Figure 1.1. The videos focused on the foraging behaviour of the penguins. These
amounted to 95 hours of footage, with a typical video being 20 minutes long. The data
came from 21 different penguins over a period of 5 and 4 days in October and November
2016 respectively. The data was also accompanied with an annotation file, that was man-
ually complied by a subject expert. The annotation file contains foraging information such
things as the type, abundance and capture of prey as well as the presence and abundance of
conspecifics or heterospecifics (the presences of other penguins or birds).

4.2 Data Extraction

Using FFmpeg (2019), an image extraction software, the videos were extracted into a series
of images. For example, a typical video would be 20-minute long and produce around 36000
images when extraction is done at 30 frames per second (fps). Then the supplied annotation
file was used to identify the times within the footage that contained prey events. For the
purposes of this study, a prey event is defined as when a known prey of the penguin is seen
within a frame. This means that events where the penguin is not seen feeding on the said
prey is still counted as a prey event, with a single event spanning several frames. Figure 4.1
shows an example of a prey and non-prey event extracted from the videos. The classes of
prey investigated were schools of small fish, that present as “bait balls” (dense spheres of
tightly-packed fish), and jellyfish. Only videos that were shown by the annotation file to have
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high prey counts were used.

(a) Prey Event (b) Non Prey Event

Figure 4.1: Examples of the 1280 × 720 pixel images extracted from penguin borne videos. (a) part of a school
of fish visible that is classed as a prey event, while (b) an empty underwater image of the ocean is classed as
a non-prey event.

4.3 Image Classification

4.3.1 Pre-processing Methods

For the image classification task, images containing prey events and an equal number of
randomly selected non-prey events were used. The result was a dataset of 6734 images. The
dataset was split by videos into train, validation, and test sets with the ratios 70%; 16%, 14%
respectively. The data was split into different sets according to the videos the images were
obtained from, this is done to avoid images from the same prey event being placed in different
sets. Prey events span several images and those images can be almost identical when taken
from the same second or short interval. The videos tend to be from different times, at least
ten minutes apart or taken on different days, thus ensuring a single event is not split over
the train, test or validation sets.

Train Validation Test Total

Prey 2382 477 508 3367
Non-prey 2311 431 625 3367

Table 4.1: The number of images in each class that made up the train, validation, and test sets. The images
were split by video such that similar images were placed in the same set.

The images were then resized to 224 × 224 pixels to be compatible with the default format of
ResNet. The dataset was then pre-processed using an inbuilt feature of Keras’ ResNet50 API
(Chollet et al. 2015) (He et al. 2016). This includes converting images from RGB (red, green,
blue) to BGR (blue, green, red), then each colour channel is zero-centered with respect to
the ImageNet dataset, without scaling (TensorFlow 2020). Zero-centring is a pre-processing
technique that subtracts the mean, in this case the mean pixel value from ImageNet, from
each of the data point to make it zero-centered. This is done because most machine learning
and deep learning algorithms work better with zero-centred, normalized featured (Chollet
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2018).

4.3.2 Neural Network Methods

The output layer of the original ResNet model was removed to adjust the model to fit the
objective of this dissertation (Figure 4.2). A fully connected hidden layer, and a final output
layer with two neurons were added. The weights of the original architecture were frozen, to
avoid losing useful information contained in them (Chollet 2018). Only the new layers were
trainable, and had their weights changed during further training rounds.

Figure 4.2: ResNet50 architecture (He et al. 2016) adapted with additional fully connected layer, and output
layer with two units.

Hyperparameter tuning discussed in Section 4.3.3 was performed on the model to determine
optimal hyperparameters. A semi-supervised method was employed next using images from
two videos containing prey events that were set aside. These videos were short clips, each
containing a prey event over several images, and surrounded by an equal number of non-prey
event images. The model makes certain assumptions or generalizations about the different
classes of the dataset when making predictions, the semi-supervised methods aim to provide
counterexamples to challenge these assumptions (Zhu & Goldberg 2009), as semi-supervised
learning methods aim to understand how models behave and how that behaviour changes in
the presence of both labelled and unlabelled data (Zhu & Goldberg 2009). These additional
videos act as unlabelled unseen data, the classification of which is predicted by the model.
Whatever the model misclassified was then added to the training set, and refitted to improve
its performance.

The best model was determined based on its accuracy, precision, recall and F1-scores. These
values were obtained from its performance on the validation set, before and after the inclusion
of the additional images from the semi-supervised task to the training set. Once this is
complete, the best model is tested on the test set to see its overall performance.

28



Detection and Isolation of Prey Capture Events in Animal-Borne Images 29

4.3.3 Hyperparameters

The hyperparameters that were checked include the learning rate, the number of hidden dense
layers added to the architecture, the number of neurons in the layers, and dropout rate.

Hyperparameter Selected values

Learning rate 0.01, 0.001, 0.0001, 0.00001
No. of additional hidden dense layers 1, 2
No. of neurons in additional layers 64, 128, 192, 256
Dropout rate 0.0, 0.2, 0.4, 0.6

Table 4.2: The different hyperparameters tested for the image classification model.

Due to computational constraints, we were unable to search all 128 combinations of hyper-
parameters in Table 4.2. The combination of hyperparameters tuned was selected by the
Keras “Tuner” function. The tuning function “Tuner” allows the user to supply the different
hyperparameters, and it performs a search to find the best combination to investigate. The
tuning can either be performed as a random search, or by algorithms such as HyperBand.
Keras’s HyperBand is a modified approach that optimises hyperparameter selection process
by utilising early stopping to address resource allocation, that allows it to evaluate more
configurations (Li et al. 2018).

4.3.4 Software Packages

As mentioned FFmpeg was used to extract images from video footage. The data was pre-
processed, that is, resized and colour normalized, using Python libraries OpenCV (Bradski
2000) and Keras.preprocess input. The deep learning models were built using Keras APIs
(Chollet et al. 2015). All modelling computations were done on Google Colaboratory (Google
2019), a free online cloud computing service with GPU enabled.

4.4 Object Detection

4.4.1 Pre-processing Methods

For the object detection task, only images containing prey events were used. The result
was a dataset of 3536 images. Bounding boxes were created for the dataset using a labeling
software, LabelImg, that outputs text files with the bounding box coordinates in the neces-
sary format. The jellyfish were labelled individually, while fish were labelled collectively as
a school. The dataset was again split by videos into train, validation, and test sets with the
ratios 63%; 11%, 26% respectively. Table 4.3 shows that the dataset contained more jellyfish
data points than schools of fish.

Prey events are relatively rare in our dataset, but images of schools of fish and jellyfish are
abundant online. We hypothesised that adding in externally-collected (open source) images
of prey would improve the performance of our classifier. We collected 864 images of both
schools of fish and jellyfish, from the open source image library, Open Images Dataset, an
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Train Validation Test Total

Jellyfish 1286 359 741 2386
Schools of Fish 983 90 317 1390

Table 4.3: The number of data points for each prey type that made up the train, validation, and test sets.
Images may contain more than one object, such that the sum is greater than the total number of images. The
images were again split by video such that similar images were placed in the same set.

online repository of freely accessible and labelled images collected from Flickr (Kuznetsova
et al. 2018). The additional data did not have a label for schools of fish, so the label was
assigned to fish in order to align with our data. The dataset also contained the objects in
various states outside of their habitat or in various forms.

4.4.2 Neural Network Methods

The YOLO model described in Section 3.3 was used for the object detection problem. Hy-
perparameter tuning discussed in Section 4.4.3 was performed on the model to determine
optimal hyperparameters. The best model was assessed based on its mean average precision
(mAP) on the validation set.

4.4.3 Hyperparameters

The configuration of some YOLO hyperparameters can be adjusted to improve performance.
These include the learning rate, number of layers, and the size of images. The size of the
images becomes important when dealing with small objects, for examples balls of fish in the
distance.

Due to the long runtime of the model, not all combinations of the hyperparameters were
evaluated. One hyperparameter would be changed, while the rest held constant. Initially the
values were held constant at their default values, as highlighted in Table 5.7, however, the
best performing hyperparameter was used for subsequent hyperparameters. The value with
the best result would be assigned to that hyperparameter while another hyperparameter was
evaluated. By limiting the hyperparameter combinations, it is possible to have not achieved
the optimal solution.

Hyperparameter Selected values

Learning rate 0.01, 0.001*, 0.0001
Number of YOLO layers 3*, 5
Image Size 416 × 416*, 608 × 608, 800 × 800

Table 4.4: The different hyperparameters that were tested. With the YOLO default values marked with an *

4.4.4 Software Packages

As mentioned FFmpeg was used to extract images from video footage, and LabelImg used
to create the bounding boxes. The YOLO model were built using darknet. All modelling
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computations were performed on Google Colaboratory, a free online cloud computing service
with GPU enabled.

4.5 Test on Full-Length Video

After the performance of the detection and isolation models on test set, it was decided to
investigate their ability to predict prey events in an unseen full-length video. This was done
to simulate later uses for such models. The same video was used on both models, and pre-
processed in accordance with the requirements for the respective models. The video contained
three prey events periods of varying lengths, that totalled to 51 images out of 18390 images.
These images were labelled by the author, unlike the training, validation and test sets that
were labelled using the annotation files provided. Though, all images were presented to the
isolation model, the focus will be on the images predicted to contain prey by the detection
model.
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Chapter 5

Results & Discussion

This chapter presents and discusses the results and observations from the detection and iso-
lation tasks. Section 5.1 looks at the results of the detection task, specifically, the outcomes
of the hyperparameter tuning and the performance of the model on unseen supplementary
clips and the validation and test sets. Section 5.2 focuses on the isolation task, discussing the
results of the hyperparameter tuning and the overall performance of the model. Section 5.3
looks at each model’s ability to predict prey events from the images of a full-length video.

The final image classification model was able to achieve 91% on the validation set, and 90%
on the test set. The final object detection model was able to achieve mAPs of 63% and 56%
on its validation and test sets, respectively. However, similar results were not yielded on the
full-length video, with the models yielding a lot of false positives.

5.1 Image Classification

The final model was chosen as the hyperparameters that yielded the highest accuracy. The
model had 590,850 trainable parameters and 23,587,712 non-trainable, since it was decided
to freeze the layers of the pretrained ResNet-based architecture. This meant that the weights
for the frozen layers would not change, i.e., kept their original values from the ImageNet
dataset they were trained on.

Table 5.1 summarises the results of the top five performing configurations of the hyperpa-
rameter tuning. The accuracies on the validation set range between 88-90%, with the best
model achieving an accuracy of 90.75%. This architecture had two additional hidden layers
with 256 units each, dropout rates of 0.6 and 0.4 for the first and second layers respectively,
and a learning rate of 0.01.

The performance measures of the best performing architectures with different numbers of
additional layers are compared in Table 5.2. The model with one additional layer had the
third highest accuracy overall. This model also had better precision than the best model
with two additional layers, illustrating the challenge in balancing precision and recall.

From the additional videos, the final model was shown to have high specificity and low sen-
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Table 5.1: Summary of the top 5 results from hyperparameter tuning of the ResNet-basedImage Classification
model on the validation set, in descending order of accuracy.

accuracy
hidden
layer 1

dropout
rate

hidden
layer 2

dropout
rate

learning
rate

1 0.9075 256 0.6 256 0.4 0.01
2 0.8921 192 0.2 128 0.2 0.0001
3 0.8899 256 0.4 - - 0.01
4 0.8888 64 0.4 192 0 0.01
5 0.8855 128 0.2 - - 0.01

Table 5.2: Comparison of the performance measures of the best performing ResNet-based models with different
additional layers.

ID
No. of

additional
layers

accuracy precision recall F1-score

1 2 0.9075 0.8774 0.9455 0.9102
3 1 0.8899 0.9064 0.8931 0.8997

sitivity (Table 5.3). There is usually a trade-off between sensitivity and specificity, so it is
expected that when one is high the other is low. Higher specificity suggested the model was
better at detecting non-prey events but this may lead to having a lot of false negatives. The
performance on the second video was comparable to that of the first video, suggesting the
additional data points provided by the first video, did not improve the model’s weights sig-
nificantly. The accuracy achieved on both videos by the model is much lower (51 - 65%) than
what was achieved on the validation set. This performance suggesting the model cannot be
deployed to automate the prediction prey events. The predictions made by the final model on
the additional videos were plotted against their true labels in Figure 5.1. In Figure 5.1, the
ground truth graphs indict a temporal relationship between consecutive image frames. Such
relationships can be incorporated into deep learning models such as Long-term Recurrent
Convolutional Networks (LRCNs) (Conway et al. 2021), however this is beyond the scope of
this dissertation.

Table 5.3: The performance measures of the final ResNet-based model on the two additional videos

set accuracy sensitivity specificity precision f1-score

Video 1 0.6458 0.3529 0.8065 0.5000 0.4138
Video 2 0.5135 0.2373 0.8269 0.6087 0.3415

Table 5.4 compares the performance metrics of the validation set before and after the inclu-
sion of the additional data (Table 5.3) to the training dataset and refit. It was noted that
while the accuracy, specificity and precision of the model on the validation set had improved,
the sensitivity had decreased. The improvements in the validation set results also suggest
that the model is better at predicting non-prey events.
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(a) clip a (b) clip b

(c) clip c (d) clip d

Figure 5.1: Plot of prey events predictions (in red),i.e, both jellyfish and schools of fish, by the model compared
to the ground truth labels (in blue). Clips a, b and c are different segments from the same unseen video and
as such are predicted together, while predictions for clip d were made after the model was retrained to include
misclassified images from the previous clips.

Table 5.4: Summary of performance metrics of final trained model on validation set before and after adding
semi-supervised learning process.

accuracy sensitivity specificity precision f1-score

Before 0.88987 0.960168 0.812065 0.84972 0.9016
After 0.91079 0.914046 0.907193 0.91597 0.915
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(a) (b)

(c) (d)

Figure 5.2: Images that the detection model was able to identify correctly. Frames (a) and (b) contain prey
events, a jellyfish and a school of fish respectively. Frames (c) and (d) were correctly classed non-prey events.

(a) (b)

(c) (d)

Figure 5.3: Images that the detection model was unable to identify correctly. Frame (a) contains a prey event,
i.e., a jellyfish, that was classified as a non-prey event. Frame (b) contains air bubbles and debris that was
classed as a prey event. Frames (c) and (d) were incorrectly classed prey events when they contain the backs
of the penguin carrying the camera.
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The performance results obtained on the test set were similar to those obtained on the
validation set, as shown in Table 5.5, with high accuracy of 90%, precision of 91% while
sensitivity was compromised with a value of 87%. These results are much higher than what
was obtained with the additional videos. The data that made up the training, validation
and test sets were gathered in a similar way and may have images in a similar setting, which
may explain the similar range of results amongst them, while the additional videos may have
contained images in environments not previously seen by the model.

Table 5.5: Performance metrics of the test set on the final trained model after the inclusion semi-supervised
learning process.

set accuracy sensitivity specificity precision f1-score

Test 0.90203 0.86811 0.9296 0.90928 0.8882

Figure 5.2 and 5.3 show examples of correctly and incorrectly classified images, respectively.
The model was better able to classify prey events when there was less light variability in
the background, and the prey was central to the image. Non-prey events where the sky was
visible were also correctly classified (Figure 5.2). The model struggled with images where
schools of fish were blurry due to the high turbidity in the water. This might that the schools
of fish could easily be mistaken for floating debris or vice versa. The model also misclassified
images where the back of the camera-wearing penguin was highly visible (Figure 5.3)

5.2 Object Detection

The results from the hyperparameter tuning on the validation set are documented in Ta-
ble 5.6. Table 5.7 shows the impact of each hyperparameter on the test set. However, the
selection of final hyperparameter values (Table 4.4) was based on the best mAP score on
the validation set, because machine learning methods require that all changes made to the
model be determined using the training and validation sets, while the test set remains unseen
until the end. Due to runtime constraints limited combinations were explored. The learning
rate was the first hyperparameter changed, with the best learning rate then being used as
the default for subsequent hyperparameter changes. The image size, and number of YOLO
layers were also explored, then the impact of open source data was later investigated.

The highest mAP value achieved on the validation set was 63.18%, which was obtained with
a learning rate of 0.01, an image size of 416×416 pixels, and 3-layer YOLO configuration
(Table 5.6). This hyperparameter conbination resulted in the test mAP being 56.44% (Ta-
ble 5.7). While the mAP of the validation and test sets may be comparable, the AP of
the individual classes differed vastly. For example, the AP of the Jellyfish ranged around
93.4% - 96.2% in the validation set, while in the test set the values were much lower around
48.8% - 56.7%. The high variability was due to the small size of the validation set, especially
for the school of fish class, that varied from 30.1% in the validation set to 60.7% in the test set.

Most object detection models achieved mAPs ranging between 44% - 61% on the COCO
dataset (Redmon & Farhadi 2018), a large scale image dataset which has 80 classes and 328
000 images, commonly used to benchmark new object detection, segmentation, and caption-
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ing algorithms (Lin et al. 2014). Though, this dataset did not have as many classes as the
COCO dataset, the model achieved comparable mAP value to that achived by YOLOv3 of
58%.

Increasing the image size was suggested to improve the performance of the model at detect-
ing smaller objects (Bochkovskiy 2018). The default image size was 416×416 pixels, this was
increased to 608 and 800. The 800 pixel images performed much worse that the default 416,
this is likely due to the original images having dimensions of 1200×700, the model had to
compensate the lack of the pixels along the width, and this distorted the images. The 608
pixel images performed slightly worse than the default image size on the validation set, with
the AP of the schools of fish dropping from 30% to 6.6%. However, on the test set, the larger
images performed better than the default size.

The configuration of the YOLO model that has been used so far, contained a 3-layer YOLO
configuration. The library contained another configuration that had a 5-layer YOLO config-
uration, and this was explored to study its impact on the dataset. It should be noted that
the 5-layer YOLO configuration was not run for the full duration needed to reach its comple-
tion because the estimated runtime of this configuration was 100 hours, instead it was run
for 9hours, the typical duration of the 3-layer YOLO configuration. Results for the 5-layer
model were comparable to the 3-layer model. The results of the validation set suggested that
the more YOLO layers did not improve the model’s preformance, while the test set results
suggested that it performed better. It is possible that if the model was allowed to run longer
it would have achieved better results than the 3-layer YOLO configuration, however, one
would need to balance the improved accuracy with the long runtime.

Despite having several hours of footage, the ratio of prey events to non-prey events was very
low, and as such limited the amount of data presented to the model. Thus, the option of
additional open source data was added to the training set to investigate its effect. Again,
the validation set results suggested that the change did not improve the performance of the
model (Table 5.6), while the test set’s performance improved from 56.44% to 59.26% mAP
with the inclusion of the data (Table 5.7). The additional data contained the objects in
various states outside of their habitat or in various forms, such as, animated cartoons, toys,
captured by fishermen or displayed as food. These images were not removed and thus may
have negatively impacted the way the model understood the objects.

Figure 5.4 and 5.5 show examples of correctly and incorrectly isolated images. The model
was able to identify jellyfish in many cases, as shown in Figures 5.4 and 5.5. However, it
missed a few jellyfish when the luminance was high. The model also tended to classify other
penguins as fish, and sometimes would miss schools of fish completely, as shown in Figure
5.5.

5.3 Performance on full-length Video

Figure 5.6, shows the ResNet-based model performance on the full-length video. Out of the
51 prey event images, only 4 were correctly identified. Despite this, the model achieved an
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Table 5.6: Summary of results from hyperparameter tuning of the YOLOv3 model on the validation set, where
* denotes the default value of that hyperparameter, and the best performing value is highlighted in bold

Hyperparameter Validation Set Results
Name Value Jellyfish AP Fish AP mAP Precision Recall F1-score

Learning
Rate

0.001 * 95.44 26.81 61.13 0.91 0.77 0.83
0.01 96.24 30.12 63.18 0.91 0.78 0.84

0.0001 93.40 14.40 53.90 0.92 0.75 0.82

Image
Size

416 × 416 * 96.24 30.12 63.18 0.91 0.78 0.84
608 × 608 96.12 6.64 51.38 0.89 0.77 0.83
800 × 800 34.78 0.00 17.39 0.65 0.25 0.37

YOLO
Layers

3 * 96.24 30.12 63.18 0.91 0.78 0.84
5 95.16 24.32 59.74 0.94 0.73 0.82

Additional
Data

No Data* 96.24 30.12 63.18 0.91 0.78 0.84
Open Source Data 96.37 20.55 58.46 0.92 0.78 0.84

Table 5.7: Summary of results from hyperparameter tuning of the YOLOv3 model on the test set, where *
denotes the default value of that hyperparameter.

Hyperparameter Test
Name Value jellyfish AP fish AP mAP Precision Recall F1-score

Learning
Rate

0.001 * 48.75 57.35 53.05 0.82 0.35 0.49
0.01 52.21 60.67 56.44 0.81 0.41 0.55

0.0001 53.93 56.11 55.02 0.80 0.41 0.54

Image
Size

416 × 416 * 52.21 60.67 56.44 0.81 0.41 0.55
608 × 608 56.74 59.23 57.99 0.84 0.46 0.60
800 × 800 18.53 0.00 9.27 0.69 0.12 0.21

YOLO
Layers

3 * 52.21 60.67 56.44 0.81 0.41 0.55
5 56.59 61.15 58.87 0.87 0.4 0.55

Additional
Data

No Data* 52.21 60.67 56.44 0.81 0.41 0.55
Open Source Data 59.18 59.35 59.26 0.84 0.42 0.56
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(a) (b)

(c) (d)

Figure 5.4: Images that the isolation model was able to identify correctly. Frames (a) and (b) contain jellyfish,
while frames (c) and (d) contain schools of fish respectively.

(a) (b)

(c) (d)

Figure 5.5: Images that the isolation model was unable to identify correctly. Frame (a) contains a jellyfish and
penguin which the model labeled as a fish. Similarly, in frame (b) the model identified the jellyfish, however,
missed the school of fish that was also present. While no detection were made in frames (c) and (d) though
the images contains a school of fish and a group of jellyfish respectively.
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accuracy of 95%, however, its precision and recall were 0.005 and 0.078 respectively. As
mentioned previously, the model had high specificity which suggests it would be better able
to predict non-prey events, this in combination with the hugely unbalanced data, resulting
in a high accuracy but low recall. Therefore the model has too many false positives for it to
be used in place of manual annotation.

These results were in contrast with what was achieved by the test set. Since the training,
validation and test sets contained equal numbers of prey and non prey images, a lot of non-
prey images were discarded to create balanced sets, i.e., undersampled non-prey class. The
sampling process which was done manually, may have been biased in favour to certain types
of non-prey events, for example, images with less ambiguity. By not including all non-prey
images, the model may have struggled when presented a full-length video with all types of
non-prey events.

The images that the ResNet-based model predicted to contain prey events were presented to
the YOLO model. From the 805 images, the YOLO model drew bounding boxes in 641 im-
ages, and classed these as prey events (Figure 5.7) and then eliminated the other 164 images
as non-prey events. The accuracy of the models when used together becomes 96%, however,
one of the prey event images is discarded by the YOLO model. For the 4 true prey events, 1
was not detected and did not have a bounding box. While the other 3 were correctly isolated
into bounding boxes, 1 image had a school of fish misclassified as a jellyfish. The remaining
2 images were correctly labelled and isolated.

When we presented all images from the full-length video to the YOLO-based model, it was
able to detect bounding boxes in 29 of the 51 prey event images. Overall, the model achieved
a classification accuracy of 73%. Upon interrogation, it was noted that other penguins ap-
pearing in frames were being misclassified as jellyfish or fish. Penguins were originally ignored
in the training of the model. Therefore, the model was retrained to include a penguin label to
explore its impact, however, this did not improve the models performance on the full-length
video, as shown in Figure 5.8. The inclusion of the penguin hindered the model’s recall and
precision abilities, with recall decreasing from 0.569 to 0.176 and precision decreasing from
0.006 to 0.002. The penguins and prey were being misclassified as each other. For example
the shape of a swimming penguin with its flippers by its side was similar to that of the
jellyfish. In both cases, it was noted that penguins and circular light reflection in the water
tended to be misclassified as jellyfish, while debris, air bubbles in the water and crashing
waves tended to be misclassified as fish.

The YOLO model also served as a detection check on the predictions from the ResNet-based
model, by eliminating some false positives when it did not detect an object to draw a bounding
box around.
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Figure 5.6: ResNet-basedmodel’s predictions (in red) of prey events on a full-length video compared to the
ground truth labels (in blue). The 51 frames containing prey are distributed over 4 distinct prey events (blue
vertical bars).

Figure 5.7: YOLO model’s predictions (in red) of prey event bounding boxes on predicted prey events from
ResNet-based model, compared to the ground truth labels (in blue).The 51 frames containing prey are dis-
tributed over 4 distinct prey events (blue vertical bars).
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(a) YOLO prediction on unseen video before the inclusion of the penguin label. Results shown to contain a
large number of false positives.

(b) YOLO prediction on unseen video after the inclusion of the penguin label. Results shown to contain even
more false positives, as prey animals are confused for penguins.

Figure 5.8: YOLO model’s predictions (in red) of prey event bounding boxes on a full-length video compared
to the ground truth labels (in blue). The 51 frames containing prey are distributed over 4 distinct prey events
(blue vertical bars).
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Chapter 6

Conclusions

The objective of this dissertation was to develop models that would detect and isolate prey
events from footage captured by animal-borne cameras, specifically, from little penguins.
These models would ideally function to assist researchers by automating annotating image
files, which is currently a laborious task. This is a result of the high volumes of data being
produced due to advances in data collection technology such as animal-borne cameras. The
speed at which data is produced greatly outpaces the speed of methods currently available
to process and extract information from the data.

Independent models were built to tackle each task, i.e., detection and isolation. An image
classifier based on on the ResNet architecture was developed for the detection task. This
model achieved 91% and 90% accuracies on the validation and test sets respectively. The
model had high specificity signalling it was better at detecting non-prey events than prey
events, with 92% of the true non-prey events being correctly identified as such. The model
used for the isolation task was a YOLO object detector. On the validation and test sets, the
model was able to achieve mean average precision (mAP) values of 63 and 56, respectively.

The models were then used in series on an unseen full length video to simulate real world
usability. However, the detection model did not perform as well on images from unseen video
segments. The sensitivity and precision of the model were very low, with the model identify-
ing 805 images as prey events with only 4 being correct. These 805 images were used as the
input of the isolation model. The model drew bounding boxes in 641 of these images, while
missing 1 of the 4 true prey events and mislabelling a school of fish as a jellyfish in 1 of the
other images. This result highlighted the poor performance of the isolation model.

The research objective was to help researchers automatically annotate their videos. The out-
comes of this dissertation suggest that these models cannot serve this purpose on their own.
However, the models can be used to highlight promising areas of concern in the videos which
would speed up processing time.

One avenue for future research, would be a model that performs both functions, i.e., detection
and isolation. Utilising negative sampling, to present an object detection model with a bal-
anced dataset of prey and non-prey events, could achieve this objective. Output images with
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no bounding boxes and labels would act as non-prey predictions, while, those with bounding
boxes would be classified as prey event predictions.

Some of the limitations discovered during this dissertation can be used to facilitate other
future works related to this topic. These include the following:

1. Data augmentation - The data used in both models was not augmented. Augmen-
tation increases the size of the dataset, and may assist the models to generalize better,
having seen prey in many orientations.

2. Selective supplementary data - It might be useful to supplement the dataset with
more relevant data than that provided by Google’s open images dataset, ideally open-
source images from other ecological projects.

3. Negative samples - This means including images that do not contain objects of
interest in an object detector model, to assist in the learning of the model. The high
false positive results of YOLO model on the full length video may be attributed to the
fact that the model was not exposed to non-prey events (Bochkovskiy 2018).

4. “Sequence Voting” - In some cases it was noted that several images may seem identi-
cal yet be placed into different classes by the model. To reduce fluctation in predictions,
it might be useful for the model to consider a sequence of images before making a pre-
diction.
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Appendix A

Research Code

The research code to this dissertation, Detection and Isolation of Prey Capture Events in
Animal-Borne Images, can be found in the GitHub repository link below:

https://github.com/Temweka/Isolation and Detection Prey
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Eötvös Loránd University, Hungary 24(48), 7.

Dann, P. (1992), ‘Distribution, population trends and factors influencing the population size
of the little penguins ‘eudyptula minor’ on phillip island’, Emu 91, 263–272.

Doyle, T. K., Hays, G. C., Harrod, C. & Houghton, J. D. (2014), Ecological and societal
benefits of jellyfish, in ‘Jellyfish blooms’, Springer, pp. 105–127.

Duchi, J., Hazan, E. & Singer, Y. (2011), ‘Adaptive subgradient methods for online learning
and stochastic optimization.’, Journal of machine learning research 12(7).

Erhan, D., Szegedy, C., Toshev, A. & Anguelov, D. (2014), Scalable object detection using
deep neural networks, in ‘Proceedings of the IEEE conference on computer vision and
pattern recognition’, pp. 2147–2154.

Everingham, M., Van Gool, L., Williams, C. K., Winn, J. & Zisserman, A. (2010), ‘The pascal
visual object classes (voc) challenge’, International journal of computer vision 88(2), 303–
338.

Everingham, M. & Winn, J. (2011), ‘The pascal visual object classes challenge 2012 (voc2012)
development kit’, Pattern Analysis, Statistical Modelling and Computational Learning,
Tech. Rep 8, 5.

FFmpeg Developers (2019), ‘ffmpeg tool’. Version 4.2 [Software].
URL: http://ffmpeg.org/

48



Detection and Isolation of Prey Capture Events in Animal-Borne Images 49

Flemming, S. A., Lalas, C. & Heezik, Y. v. (2013), ‘Little penguin (eudyptula minor) diet at
three breeding colonies in new zealand’, New Zealand Journal of Ecology 37, 199–205.

Girshick, R. (2015), Fast r-cnn, in ‘2015 IEEE International Conference on Computer Vision
(ICCV)’, pp. 1440–1448.

Girshick, R., Donahue, J., Darrell, T. & Malik, J. (2014), Rich feature hierarchies for accurate
object detection and semantic segmentation, in ‘2014 IEEE Conference on Computer Vision
and Pattern Recognition’, pp. 580–587.

Glorot, X., Bordes, A. & Bengio, Y. (2011), Deep sparse rectifier neural networks, in ‘Pro-
ceedings of the fourteenth international conference on artificial intelligence and statistics’,
JMLR Workshop and Conference Proceedings, pp. 315–323.
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