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Resumo

A classificacdo de imagens possibilita o processamento de um grande numero de
imagens e identificar objetos especificos. Este trabalho usa esta classificacao para identificar
animais marinhos como um caso de estudo. Foram treinados e utilizados dois modelos
diferentes um deles 0 YOLOV3 e o outro Keras Retina Net. Ambos foram treinados com o
mesmo dataset de imagens, de forma a que os resultados pudessem ser comparados. Este
dataset € constituido por um total de 1329 imagens que foram divididas em duas classes, a
classe baleia e a classe golfinho. Todas estas imagens necessitaram de ser marcadas conforme
a classe a que pertencem. Os resultados demonstram que YOLOv3 obteve uma maior
precisao que rondava os 89% tendo obtido com o Keras Retina Net resultados a rondar os
84%. Tendo também o YOLOV3 obtido um tempo de inferéncia inferior ao obtido pelo Keras
Retina Net. Face aos resultados obtidos € possivel demonstrar que a utilizagdo de machine
learning é til para a classificacdo e identificacdo de elementos especificos no meio marinho.
Adicionalmente, foi desenvolvida uma aplicacdo em Python, que permite classificar uma
imagem consoante um modelo previamente treinado e que exemplifica como se pode integrar
um algoritmo de classificacdo numa aplicacdo destinada ao utilizador final. De forma a
melhorar a utilizagcdo da aplicacdo desenvolvida efetuaram-se testes de usabilidade informais.
Os modelos de classificacdo de imagens podem ser utilizados em diversos tipos de aplicacdes.
Este trabalho demonstra a sua utilizacdo para ajudar a estudar ecossistemas marinhos,

possibilitando uma maior facilidade e rapidez de identificacao de elementos em meio aquético.
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Abstract

Image classification allows to process a great number of images and identify specific
objects within these images. This work uses this classification to identify marine animals, as
a case study. Two different models were trained and used, one of them being YOLOV3 and
the other Keras RetinaNet. Both were trained with the same image dataset, ensuring that the
results could be compared. This dataset is made up by a total of 1329 images and divided into
two classes: a whale and a dolphin class. All of the images needed to be labelled accordingly
to the class contained in the image. Results showed that YOLOvV3 had a higher precision of
about 89%, while the results for Keras RetinaNet were around 84%. YOLOV3 also has alower
inference time compared to the one obtained with Keras RetinaNet. The results obtained
showed that the use of machine learning can help with the identification of specific marine
elements. In addition, a Python application to classify images following a trained model was
developed, exemplifying how an image classification algorithm can be integrated into an end-
user application. To improve the usability of this program informal usability tests were
conducted.

Image classification models can be used on a diverse type of applications. This work
shows how they can be used to help in the study of marine ecosystems, allowing easier and

faster identification of aquatic elements.
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1 Introduction

Covering most of the planet, oceans are among the earth’s most valuable natural
resources. However, they are the endpoint for much of the pollution produced by humans on
land, destroying them and changing the behavior of all the species that depend on it
(Nagelkerken and Munday, 2016). From dangerous carbon emissions to marine animals
choking on plastic to leaking oil to constant noise, the types of ocean pollution human beings
generate, in the ocean are vast. As a collective result, human impact on the oceans is
degrading the marine ecosystems at an alarming rate (McCauley et al., 2015). Therefore, it is
crucial to study such effects. Having a way to track and identify different species in different
situations would help with this as seen on the work of (Beijbom, 2015) with the automation
of coral identification. Besides marine’s species getting tangled in possible debris, be it from
fishing nets or smaller plastics leading to death or injury, or in case they do not get tangled
many animals mistake plastic debris for food and eat it, filling their stomachs with plastic and
other marine debris they cannot digest. In addition, debris can, in some cases, damage
important habitats like coral reefs, which are the basis of the marine ecosystem. Being able
to track and identify marine elements, like animals, also helps us study the impact that
humans have on their habits and how they react and try to adapt to these changes.

Marine ecosystems are at risk, as such, it is crucial to find ways and techniques that
can help to study them. This work aims to help in this issue by working on processing and
classification of marine elements, as a case study of sorts about how artificial intelligence can
be applied to study marine ecosystems. This can be done by using machine learning and
teaching it to identify specific objects on the ocean, in this case, the images were taken from
the Open Image Dataset, images of whales and dolphin, which were then processed and used
to train a model to identify these two classes, this was done by using YOLOv3 and Keras
Retina Net. These methods can also be applied to anything that needs an image classified or
identified, a flexible topic that can be applied in multiple situations, for example in health
where it is most commonly used for cancer identification, in a way to further assist medical
professionals. The application was written using Python due to it being a flexible language

and one of the most used in the machine learning field.




1.1 Contribution

In this work, two image classification models were trained, YOLOv3 and Keras
RetinaNet, showing what can be done with machine learning and how it can be used, for
example in marine preservation. The models were then compared showing that they perform
in different situations. The models were trained to identify whales and dolphins using image
detection, while a different approach called image prediction was used to distinguish between
images of whales and dolphins. The main focus was placed on detection because that is the
one that is most useful in almost every situation. In addition, this work contributes with a
Python application to classify images, demonstrating the workflow needed to integrate an

image classification algorithm in an end-user application.

1.2 Thesis Outline

In chapter 2, the related work is presented looking into previous works that relate to this
topic, works that helped in the creation of this work and the development of the prototype.

Chapter 3 describes the developed prototype, its architecture, the frameworks and APIs
used as well as the workflow to integrate image classification algorithms in an end-user
application.

In chapter 4, the evaluation of the results achieved by the YOLOvV3 and Keras RetinanNet
are shown and compared, ending with the discussion of these results.

Chapter 5 presents the main conclusions of this work as well as some of the limitations

of the development of the application, and the future work that could be done to improve it.




2 Related Work

This section will serve to look at other papers that also use image classification, Keras,
TensorFlow, multiple uses for image classification will be shown here, this is a wide topic

with many fields that use it for multiple different objectives.

2.1 Image classification

Starting off with a paper that uses deep learning to the classifications of images from
colposcopy in the work of (Sato et al., 2018), the objective of the study was to investigate if
deep learning could be successfully applied to the classification of images from colposcopy.
A total of 158 patients were enrolled, their medical records and data from the gynaecological
oncology databases were reviewed. Keras neural networks and TensorFlow were the
libraries used for deep learning. Preoperative images from colposcopy were used as the input
data, using deep learning the patients were classified into three groups. A total of 485 images
were used, divided across the three groups, of which 142 images were of severe dysplasia,
257 were of carcinoma in situ (CIS) and 86 of invasive cancer (IC). The end accuracy of the
validation dataset was around 50%. The images were stored in PNG format with a resolution
of 640x480. The raw images had to be trimmed, due to some having unwanted information,
they were trimmed down to 300x300 pixels. To be able to trim the images Photoshop was
used. The images were also re-trimmed to 150x150 and then used as input this size was
considered suitable for learning in terms of learning efficacy and time. The validation dataset
contained 25 randomly selected images for each of the three diagnoses. Still, overfitting
occurred in this study most likely due to the small number of images included. Normally,
500-1000 images are prepared for each of the classes, they still, they managed to demonstrate
that gynaecologists, who are not specialists in Al or machine learning can use deep learning
in clinical practice.

Another work (Xia et al., 2017) also used TensorFlow but for facial expression
recognition. An effective facial expression recognition model based on Inception-V3 model
under TensorFlow is created. The transfer learning technique is used to retrain the Inception-

v3, this is done to reduce the training time as much as possible. Image preprocessing is done,




in order to improve the efficiency of image classification, this preprocessing included, image
format conversion and image clipping. For format conversion, the PIL library from Python
was used. To verify the effectiveness of the proposed method it was compared to another
method achieving the higher performance of 97%, the number of layers is also reduced
compared to the other ones, reducing training time.

In the work of (Sharif Razavian et al., 2014) a look is taken into some features that
sometimes might be overlooked when dealing with Convolutional Neural Networks (CNN),
the off-the-shelf features. These more generic descriptors can be very powerful as recent
results indicate. This is where (Sharif Razavian et al., 2014) comes in by adding to this
mounting evidence. Reports on multiple experiments conducted for different recognition
tasks, all using publicly available code and model, in this case, the OverFeat network, trained
to perform object classification. The features were from OverFeat, as generic image
representation, with the objective to deal with a diverse issue in object image classification,
scene recognition, fine-grained recognition, attribute detection and image retrieval. These
tasks and dataset were selected as they gradually swayed further away from the original
objective and data the network was trained to solve. Consistent superior results were reported
when compared to more tuned systems in all the visual classification task on multiple
datasets. These results show that features gotten from deep learning with CNN’s should be
considered if not the primary candidate in most visual recognition tasks.

The work of (Hoff et al., 2018) uses where image classification is used for nutrition,
dietary tracking making it easier to track what is eaten during the day by using pictures taken
with a smartphone instead of having to manually introduce the data each time saving a lot of
time and also making it easier for the end-user. The application proposed here would be able
to relay basic dietary information about food to the user by using the camera that is integrated
into their phones alongside image recognition software. By the user providing a picture of
their meal to the application, it would then identify the food on their plate and provide basic
dietary information about the food. The system also can identify the approximate serving size
of each item on the plate, giving more information about the meal, emphasizing on the
convenience, speed and being lightweight not to slow down the user’s phone. The system

uses a client-server architecture to separate the functionalities of the client program and the




server database. On the client-side, we have the user taking the pictures and sending them to
the server for processing. The server examines these pictures using the image recognition
model and returns the information for the food that was identified on the picture displaying it
back to the user. When looking at the technologies they used, Python is one of them due to its
extensive library’s options for machine learning and image recognition, TensorFlow is one
of the libraries. Image gathering and preprocessing played an important part here as it did in
the works that were looked at before this one. Multiple images of a specific food from
different angles to establish a solid dataset. The result was an application that could identify a
few different foods as a proof of concept.

Another common use of image classification and one of the ones we hear the most
about is using it to detect cancer, as we can see in the work of (Agarap and M., 2018). The
work presents a comparison of six different machine learning algorithms by measuring the
different results for the classification test accuracy, and the sensitivity and specificity values.
The dataset consisted of features computed from a digitized image of a fine needle aspirate of
a breast mass. These features describe the characteristics of the cell nuclei found in said
image. This paper shows us the power of being machine learning and image classification
when used for health, achieving very good results. With all exceeding 90% test accuracy on
the classification task. With one even going higher with 99.04% test accuracy. Although this
was used for breast cancer detection because it is using image classification this can also be
applied for marine images, a new model with new images would have to be trained for this
purpose.

In the work of (Leira et al., 2015) a paper about the creation of an unmanned aerial
vehicle (UAV) used for automatic detection, classification and tracking of objects on the
surface of the ocean. These UAVs can operate autonomously in dynamic and varied
environments. And with focus on smaller and more powerful hardware capable of being
embedded into different objects, making the UAVs onboard data processing more viable.
Making it possible to process video feed onboard in real-time while at the same time capturing
more video that will then be processed. In this case, algorithms for object identification and
tracking. The paper discusses the development and implementation of the machine vision

system for a low-cost fixed-wing UAV. The UAV has embedded thermal imaging cameras




for image capture, and onboard processing power for it to perform real-time object detection,
classification and tracking of said object at the ocean surface. Results look promising with the
test flight results showing it was able to detect 99.6% of objects of interest, capable of
classifying 93.3% of the object, while also being capable of tracking 85% of the object types
it was searching for.

The work of (Fefilatyev, 2008) presents a new technique for automatic detection of
marine vehicles in images and video of the open sea. The source for the images and video is
digital cameras or camcorders placed on buoys or stationery mounted in the harbour
facilities. The system is intended to work autonomously, taking images or recording
surrounding ocean surface and analyzing them for the presence of possible marine vehicles.
With the goal to detect approximate window around the ship. Multiple datasets of still images
were used for testing the algorithm developed here. A separate dataset of 30 videos with 10
seconds each was used for performance testing.

In the work of (Tariq et al., 2018) a neural network-based classifier to detect fake
human faces created by both machines and humans. An ensemble of methods to detect fake
images and employ pre-processing techniques to improve fake face image detection created
by humans. This approach focuses on image contents for the classification and does not use
the meta-data of the images.

In the work of (Beijbom, 2015) in which the objective is the automated annotation of
coral reefs and how machine learning and computer vision can be used to help scientists with
the bottleneck of making annotations by hand. Several aspects of data collection and
annotations work were investigated. Methods for automated annotation are developed and
compared to human annotators. These developed methods are implemented on the web at
CoralNet(coralnet.ucsd.edu) and made publicly available.

The work of (Yasmin et al., 2014) makes it clear just how important it is to have the
right images when they are used for expressing, sharing and interpreting information. With
images normally, it is needed a specific image for a specific situation based on the contents
of the image. The main goal of their work was to highlight what has been done and to provide
a concept for image retrieval techniques, by looking for thousands of images, it becomes

more and more complex as the number of classes increases, the number of images required




for each class increases. Better ways of searching are required making it possible to have the

right visual content in a reasonable amount of time.

2.2 Object Detection Systems

The version of Retina Net that was looked for this thesis was the one that used Keras
for its implementation (Lin et al., 2017b) looking into why one-stage detectors while having
the potential to be faster, the accuracy has always trailed that of two-stage detectors. The
authors discovered that the central cause for this was the class imbalances during the training
of dense detectors. They proposed to address this by reshaping the cross-entropy loss in such
a way that it down-weights the loss assigned to examples that are well classified. Focal loss
changes the way training is done by training on a set of hard examples and preventing most
of the easy negatives from devastating the detector during training. For evaluation, the known
Retina Net was created. Results show that Retina Net can match the speeds of other one-stage
detectors and at the same time is faster than the existing state of the art two-stage detectors of
the time this paper was written.

One of the main things in RetinaNet is the Feature Pyramids on the work of (Lin et al.,
2017a) focusses mainly on this aspect. Looking into an inherent multi-scale, pyramidal
hierarchy of deep convolutional networks to construct feature pyramids. A top-down
architecture with lateral connections was developed to build a high-level semantic feature
map at all scales. This is called Feature Pyramid Network (FPN) it shows significant
improvements as a generic feature extractor.

Looking at Retina Net, the work of (Li et al., 2018) focuses on image detection on video
it is still worth mentioning. The same methods used in images can lead to blurring and low-
resolution images. Here Recurrent Retina Net is proposed, as a flexible way for object
detection in videos. In this paper, a backbone network is used for the feature mapping. The
detection boxes are created from the information acquired from the mapping of features. Two
subnets are used, with convolutional layers and convolutional LSTM (long short-term
memory these are used for box regression and classification. Experiments were done here
show that this approach improves detection accuracy while avoiding loss while keeping the

model complexity good enough for real-time applications.




With the work of (Cui and Oztan, 2019) where RetinaNet is used for automated
detection of firearms in cargo X-ray images. The training data used for this model was
generated with threat image projection (TIP) this to make class imbalances less problematic,
these are inherent to the x-ray security inspection, this eliminates the costly and tedious
staged data collection. This model was tested on unseen weapons into unseen cargo images
using TIP. The Retina Net detection model matched the detection accuracies of more
traditional convolutional neural net firearm detectors, but also offering a more precise object
detector and with faster detection speed.

In the work of (Mulfari et al., 2017) it is possible to see different ways of using
TensorFlow, here the aim is to support tourism in an art city, by giving them a mobile
application so they can better explore the artistic heritage within an urban setting by using the
smartphone’s camera. By retraining the preexisting model with new images specific for their
problem and using the TensorFlow API for Android, a mobile application was implemented
with the goal of processing stills captured by the device and recognize the artwork in real-
time. TensorFlow computes the name of the dominant entity within a single photo and scoring
it with a confidence level between 0 and 100. The system was able to recognize correctly 47
objects over 50 pictures, with the correct description. This is a good approach since we carry
our smartphones everywhere we go. Giving us an extra way to interact with the world around
us.

In the work of (Jo and Yoon, 2018), TensorFlow is used in a smart home setting, for
energy efficiency purposes. It is divided into three models, on the first model which is
designed to transmit data from the sensors to the server with minimal activity, it becomes
aware of the situation before-hand and gathers the data. The second model processes the data
and learns from it serving as a server. Receives the filtered and user-desired data sent as
input. It learns by comparing the current status with the desired status, adjusting accordingly.
TensorFlow is used in this model to increase the accuracy of the prediction value, allowing it
to create an optimal status through predictions. With the final model being the one responsible
for the readjustments dictated by the server. While some limitations still apply, limited by the
scarcity of operating systems to integrate the various devices being the main one. A different

brand with multiple systems all this leads to inefficient operating systems, excessive network




traffic and energy waste. To overcome this an integrated management system that connects
IoT devices to each other needs to be built.

The work of (Abadi et al., 2016) where an explanation about TensorFlow of what it is,
the capabilities of the system, also explaining the capabilities of the systems as well as the
hardware it has to offer for the developers, the flexibility while also showing several real-
world applications.

In the work of (Chakraborty et al., 2018), a semi-supervised technique is used to detect
traffic incident trajectories from the cameras. Vehicle trajectories are identified from the
camera using YOLOV3 classifier and Simple Online Real-time Tracking (SORT) are used for
vehicle tracking. This classification is based on semi-supervised parameter estimation using
maximum likelihood, this attempts to identify incident trajectories from the normal
trajectories. Incident detection from the videos is divided into four tasks: Vehicle detection,
vehicle tracking, trajectory formation and trajectory classification.

The work by (Jensen et al., 2017) where YOLO is used on the public LISA traffic light
dataset to train a new model for traffic light detection for the future use in driving assistance
systems, this dataset has a high number of annotated traffic lights, in various light and
weather conditions. This model serves to better identify the current state of the traffic light
to help prevent accidents. All three versions of YOLO were used and compared here, with
YOLOV3 reaching the best results due to the improvements is as gotten over time handling
low light situations better for example.

On the work of (Luo et al., 2019) the authors created a new training method by using
as the base YOLOV3, one of the differences is that it preprocesses the data before training.
The images are divided into equal parts using k-fold cross-validation. This makes it SO we can
train using all the data, by swapping the training and test images. This new model performed
better than YOLOV3 in cases with class-imbalance. A new network structure is also proposed
which was called Dense-YOLOvV3. This new method alleviates overfitting. YOLOvV3 was
chosen due to how it performs in small object detection and the speed at which it runs, which
is of 30 frames per second. In traffic, situation improvements were achieved about 4.1% of

mAP with k-fold and 3% with Dense-YOLOV3.




The work of (Tumas and Serackis, 2018) another way in which to use YOLO, using it
to create annotations for pedestrians using infrared images. The usage of the deep neural
network-based approach has higher accuracy and speed when compared to traditional
methods. YOLOvV3 was integrated into the labelling software. Verification of pre-labelled
results was around eleven times faster than manual labelling of every frame. The detector
was able to detect 50 out of the 114 pedestrians that were manually annotated by the user in
the test set. This was especially better when dealing with low-resolution images.

Another paper in which it is possible to see the flexibility of YOLO even though the
version used was v2, is in the work of (Liu et al., 2019), a new network to deal with optical
remote sensing images as its main focus is created based on version 2 of YOLO, which
worked well for smaller objects but in larger objects like a football field, it does not work so
well, this model also had multiple classes to be identified. The new network was compared to
YOLO v2 and v3 and it performed better for the purpose of larger-scale object identification
while keeping the performance of small-scale object detection. When compared to YOLOV2
the base for this new network on the DOTA dataset an improvement of 4.4% of the mean
average precision was achieved without adding any new parameters.

The work of (Redmon and Farhadi, 2018) describes the improvements that the third
version of Yolo has received while also comparing it to other object detection solutions. This
helped with the decision making about which solution to use. The main improvement was the
speed of YoloV3 while at the same time keeping the mean average precision within the same
results as other slower solutions.

This section was used to look at different works that also used image classification, this
gives an idea just how versatile image classification can be. Although some do not relate
directly to this work, this is only because the models were trained with different purposes in

mind.
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2.3 Image Processing

Looking into OpenCV!, starting with (Marengoni and Stringhini, 2011) it is possible to
see what can be achieved by using this framework. This article works more like a tutorial,
going through how OpenCV can be used for topics such as pattern recognition, computer
vision, and parallel computer vision. The goal here is to teach how to design these types of
applications using OpenCV as well as how to make use of the graphical processing unit
available in most laptops and desktop PC. Things like Thresholds, Histograms, Filtering,
Fourier Transform, Finding Edges on an image and basic segmentation, these are some of
the basic functions available, as well as more advanced things and the topic of more
importance to this project, such as pattern recognition using machine learning techniques
like, K-means, Decision Trees, k nearest neighbour, boosting, principal component analysis
and neural networks. It also goes into tracking and motion and parallels computer vision
using CUDA and OpenCV.

Another paper about OpenCV but this one is a more traditional use case for this
framework is (Chandan et al., 2018) in which a real-time object detection and tracking using
deep learning and OpenCV are used both used. They go into some detail about the algorithms
used for detection and tracking. Single Shot Detector (SSD) and MobileNets Algorithm, as
well as the methods in which implementation occurred. Objects were detected using SSD in
real-time scenarios, the model showed good results and could be utilized in specific scenarios
to detect, track and respond to the targeted objects in a given video.

This section investigated what tools can be used for image processing, things like
drawing the bounding boxes around resulting image detection image or removing colour
ranges from images. Ways to manipulate an image using code and not external tools like

photoshop.

2.4 External Processing Tools

An analysis of Google Collab? was done on the work of (Carneiro et al., 2018), as a

tool for accelerating machine learning applications, they go into a detailed analysis of the

! https://opencv.org/
2 https://colab.research.google.com
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hardware resources, their performance and their limitations. Collab is used here for
accelerating deep learning for computer vision and other GPU-centric applications. Three
test-cases were created a tree-based combinatorial search and two computer vision cases,
object detection and object localization. The hardware used in Google’s platform is also
compared with more mainstream workstations and a Linux server. The results showed that
performance reached by Collab was equivalent to the performance reached by the testbeds,
with similar resources. Making these cloud options effective to accelerate, not only deep
learning but also other applications that are GPU-centric. Some of the limitations are the lack
of CPU cores, making it far from enough to solve more demanding real-world problems,
these tools are also not scalable. Other strengths and limitations are discussed in this paper.

Another tool that is an alternative to Google Colab is Azure® Machine Learning from
Microsoft (Barga et al., 2015). In the work of (Pohekari, Rajshri, Vaibhav Patel, 2017), it is
possible to see how Azure can be used, even though it was for cyber-attack detection and
classification and not images. One of the main points of the paper is the use of cloud-based
machine learning and how this can be used to detect and classify attack into a cloud-based
machine learning platform. The results obtained here were promising showing how the cloud
can be used to assist with machine learning.

Here the focus was to find tools to accelerate and facilitate the machine learning
process, and using the cloud is a very good option for maintaining a fully local machine with

all the hardware and software required.

2.5 User interaction & Machine Learning

On the work of (Amershi et al., 2014), the authors look at the users of the machine
learning systems, while most progress in this was fueled mostly by advances in machine
learning. They promote the user-first approach and demonstrate how it results in a better
experience for the user and make learning these systems more effective. Several case studies
that look at the impact of this user interactivity, ways in which existing systems fail

accounting for the user, exploring ways for learning systems to interact with the user. The

3 https://azure.microsoft.com
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design process for more interactive systems should involve users. A look at some of the
progress that was made in the field is given, and challenges faced in this field while moving
forward.

In the work (Cai et al., 2019b) a somewhat new approach to machine learning, that
uses the more traditional method of machine learning in which the machine does indeed to
all the calculations that are expected of it, but the user has more control. Making it a more
precise way for more specific cases, the professional can adapt the model for a more specific
case, this did not reduce the diagnostic accuracy, it increased the trust in the system making
the end-user more likely to use the system again because it did not take away their decision-
making ability. New strategies were also noted when using the refinement tools, re-purposing
these to test and understand the algorithm beneath, and separating machine learning errors
from their own errors. This approach shows us how other machine learning-based systems
can work together with the user and not replace them.

A work that involves the creation of a user interface for machine learning is that of
(Cai et al., 2019a) where two methods are proposed and evaluated of example-based
explanations in the visual domain, with normative explanations and comparative
explanations. The effects were investigated by deploying them to 1150 users on QuickDraw
when it failed to identify the drawing, the users received a normative explanation, they felt
like they had a better understanding of the system and perceived the system to have a higher
capacity. The comparative explanations did not always improve the perceptions the users had
of the system, because they sometimes expose the algorithm limitations and may lead to a
surprise. They found that examples explaining the behaviour of the algorithm, pointing to
relative advantages and disadvantages of using different examples.

A work of (Hoff and Bashir, 2015) with the objective of systematically reviewing
empirical research on factors that influence the trust in automation to present a three-layered
trust model. The existing research guide human-automation interaction, this is centered
around trust, this trust determines how willing the human operators are to rely on automation.
This systematic review of the research on trust in automation the paper was eligible only if
they reported the results of the experiments, in which humans interacted with an automated

system. Their analysis showed the three layers of trust, dispositional trust, situational trust
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and learned trust. Design recommendations were given to increase the trust in automation
and conditions were identified that can influence the relationship between trust and reliance.
This model’s new way of conceptualizing trust in automation. This structure can be applied
to guide future research and develop training interventions and procedures that encourage
trust.

The importance of trust in machine learning is again explored in the work of (Ribeiro
et al., 2016), understanding why the machine predicted what it did is, quite important when
assessing trust, which in turn is important if action will be taken, based on that prediction or
should a new model be used, or not. Understanding this provides a way to understand the
model, that can transform a bad model or prediction into a more trustworthy one. Here an
explanation technique is used that explains the predictions in a way that is easier to interpret,
this is done by learning an interpretable model, locally, around the prediction. The way of
explaining the models is also presented here by using representative individual predictions
and their explanations, framing the task as a submodular optimization problem. The flexibility
of these models is also demonstrated by using different models like text and image
classification. And the utility of these explanations on various scenarios that require trust
when deciding.

The current way of building machine learning systems requires users with great
knowledge of machine learning, limiting the number of systems that can be created. Leading
to issues with demand and the ability to build these systems. With the work of (Simard et al.,
2017), fundamental machine teaching principles are given, they describe that by decoupling
knowledge about algorithms used in machine learning from the process of teaching it is
possible to accelerate innovation and empower new uses for models in machine learning.
They seek to apply three ideas with this, the first one concerns decomposition and modularity
so it can scale with complexity. The second one, a standardization of programming languages,
while not proposing a specific language but listing important knowledge channels available
to the teacher. With the final one being processing discipline, including separating concerns
and building of standard tools and libraries.

While not directly related to machine learning the work of (Vaccaro et al., 2018) looks

at how the users interact with something that they might not have complete control over.
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Thing like control settings which are one of the ways that users use to adjust how things like
news feeds get organized. They studied how users engage with difficult-to-validate controls,
using two studies using an experimental system, and discovered that these controls setting
can work as placebos. Users felt more satisfied when controls were present on their feed,
working or not. How people engage in sensemaking around these controls settings was
looked at and found that users often take responsibility for broken expectations, in both real
and controls that function in a random way. And finally, how users would use their feeds in
the wild. The use of existing controls had little impact on how stratified the users were with
their feed, turning often to improvised solutions, things like quickly scrolling through the
feed to see what they want.

A work that looks into the interface aspect of machine learning is that of (Fails and
Olsen, 2003) here a way of creating a more interactive interface is looked at. An interactive
machine learning model which gives users the ability to train, classify/view and correct
classifications. The concept and its implementation are discussed here. As well as compared
with more standard other machine learning models. They also describe a tool/technique called
image processing with crayons for creating new interfaces based on cameras using a painting
metaphor. This technique uses the same notions of interactive machine learning.

Another work that also focuses on the interaction of the user with a machine learning
system is that of (Amershi et al., 2012). Here a specific system is presented, called ReGroup
an interactive machine learning system that helps people create custom groups in online
social networks. As people are added it iteratively learns a probabilistic model of membership
specific to the group. It then suggests more members and group characteristics for filtering.
Applying this interactive machine learning system in a social network environment,
introduced several challenges for designing effective was of interactions between the user
and machine learning. These challenges are identified and discussed as well as how they were
addressed in ReGroup

A paper that also looks into the trust aspect of machine learning systems is (Kizilcec
and F., 2016). The focus here is to discover how a transparent design of algorithmic interfaces
can promote awareness and increase trust. The way in which they investigated this was using

a two-stage process of how transparency can affect trust was created based on theories of
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information processing and procedural justice. In an online field experiment, a system with
three levels of transparency was tested in a peer assessment context. Users that had their
expectations violated lost trust in the system unless the grading algorithm was explained to
them making it more transparent how the system works. But providing too much information
would decrease this trust. The attitudes of the ones whose expectations were met did vary
with transparency. They go into more detail of the results gathered but the main point shown
by the paper is that designing a system for trust requires balanced interface transparency, not

too much and not too little.

2.6 Human influence on the oceans

Starting with the work of (Nagelkerken and Munday, 2016) in which the authors look
into the complex interactions between organisms and their environment and interactions with
other species. And how humans are changing these marine environments through pollution.
The author's review provides a synthesis of the consequences that changes in behaviour could
have for these marine ecosystems. And without considering how climate change affects the
behaviour if species we are limiting our ability to see the impacts of changes in the ocean.

The work of (McCauley et al., 2015) on marine defaunation provides us with yet
another view of how we are affecting our oceans and its wildlife, altering the functioning
and provisioning of services in every ocean. Current trends suggest that marine
defaunation rates will only increase as humans use of the oceans industrializes. Habitat
degradation is likely to increase. Proactive intervention is needed to avert a marine

defaunation disaster.
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3 Prototype

This chapter describes the developed prototype, its architecture, the frameworks and
APIs used as well as the workflow to integrate image classification algorithms in an end-user
application. Two different models were trained using YOLOV3 and Keras RetinaNet. These
models where used in image detection to identify whales and dolphins in images. Image
prediction using YOLOvV3 was also trained, where it gives us the probability of having a whale
or a turtle in an image. The difference between image detection and prediction is that while
detection searches for a specific object in an image and marks that object this also work for
multiple objects, in image prediction it takes the whole image and give us the probability of
an object being contained in that image but not marking it. These differences are described in

the section below.

3.1 System Architecture

Here the system architecture of the prototype designed will be explained, first

showing a diagram then explaining the said diagram.
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Figure 1: Model Training
In Figure 1, it is shown what must be done to train the model that will be used in the
application for the image detection part. Firstly, the images must be gathered, in this case, the
Open Image Dataset was used to download the images. These images can be downloaded with
the labels or without. If they are downloaded without the label these images must be labelled
before being used. After having the labelled images, it is possible to train the image detection
model using Darknet YoloV3 or Keras Retina Net. This model is then used in the application

to identify the object in the given image.
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Figure 2: Image Prediction Diagram
For the image prediction model, there is no need to label images individually but they
must be separated by folder, what this means is that an image from class A, must be in a
different folder than an image of class B. ImageAi uses folder hierarchy to correctly identify
different classes and then uses the images in these distinct folders to train the model. This
model just like the previous one is then used in the application in the image detection option

to classify the images that are provided by the user.
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Figure 3: System Architecture
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In the GUI, the user must choose what action she wants to take, be it image prediction,
detection, remove the Green and Blue color from the image. After selecting the course of
action, the user then must select the folder that contains the images that will be processed.
The manager then takes these images and saves their location. After having the locations of
the images that are going be used, it then either calls the ImageAi API which contains
TensorFlow to predict what the image is based on the trained model to identify either whales
or turtles. It also can use the newly trained YOLOvV3 model to detect custom objects on the

images. After identifying the objects OpenCV is used to draw the bounding boxes before

'




saving the new images. Finally, it can also use OpenCV to remove green and blue from the
stored images, this color removal could in some cases improve with detection by highlighting
some objects over others, for example removing the blue range from an aerial image of the
ocean, highlighting objects on the ocean. After any of these three actions, the location of
where the images were saved too is sent back into the GUI letting the user know where the
newly edited images are saved too. The user can also choose to open the output folder using
the button assigned for this task, it then uses the file explorer of the operating system to open
the output folder or the user can also open a grid that contains the images that have been

processed.

3.2 ImageAi

A framework designed and maintained by DeepQuest Al, a python library that was
built to empower developers to independently build applications and systems with a self-
contained Computer Vision capability. ImageAl supports various Machine learning
algorithms for image recognition, object detection, custom object detection, video object
detection, video object tracking, custom image recognition training and custom prediction.
The focus of this thesis will be on custom prediction and object detection. This framework
provides an API to train a new image recognition model on a new image dataset for custom
use cases, it provides an implementation to integrate and deploy the custom image
recognition model. It also provides us with an API to detect, locate and identify 80 of the most
common objects in everyday life in each picture using pre-trained models that were trained
on the COCO Dataset. The implementations for the models provided include RetinaNet,

YOLOV3 and Tiny YOLOV3.

3.3 TensorFlow

TensorFlow is an open-source library for numerical computation and machine
learning. It bundles together many machine learning and deep learning models and
algorithms. It uses python for the front-end API for building applications with the framework,

while it executes those applications in high-performance C++. TensorFlow can train and run

21

——
| —



deep neural networks for handwritten digit classification, image recognition, word
embeddings, recurrent neural networks, sequence-to-sequence models for machine
translation, natural language processing. Interaction with TensorFlow is all being made
through the ImageAl framework, making it easier and faster to implement the solution

presented in this thesis.

3.4 PyQt
PyQt is a set of Python v2 and v3 bindings for The Qt Company’s Qt applications

framework. Qt is mostly known as a graphical user interface toolkit, but it is capable of much
more but in this prototype, PyQt was used to give us the ability to use Qt with Python instead
of the normal C++. This was done to keep the language the same because of the use of
ImageAl, a framework also written in Python. Keeping the project with a single language.
The use of drag and drop with the GUI makes for quick designing instead of having to
manually code the position of each element, it is possible to just drag and drop where you
need the element to be. Qt is also a reliable platform with constant updates, while the ease for
cross-platform deployment being able to deploy one app with just one version on multiple
platforms is always a good option to have while this might not be used having it has an option

is always good.

3.5 OpenCV

Open Source Computer Vision Library released in a BSD license making it free for
both academic and commercial use. It uses C++, Python, and Java interfaces and supports
Windows, Linux, Mac OS, iOS and Android. OpenCV was designed for computational
efficiency and a strong focus on real-time applications. The library can take advantage of
multi-core processing. Enabled with OpenCL, it takes advantage of the hardware acceleration
of the underlying heterogeneous computing platform. OpenCV was chosen over other
solutions like say Matlab, as it was more specific it was made for image processing while
Matlab is more generic and I did not work with Matlab before, so it made the coding approach
that OpencCV provided a simpler one due to my background. It is also faster, and it does not

have anything standing in the way of running the code making it faster at processing this
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same code. Another point in favour of OpenCV is the system requirements, again no specific

GUI, like in the case of Matlab making it more efficient memory-wise.

3.6 Google Collaboratory

It is a tool for machine learning used in education and research, a Jupyter notebook
environment which requires no setup to use, giving us access to greater computing power, it
is completely free to use. It supports Python 2.7 and Python 3.6. The code executed is these
notebooks run in a virtual machine dedicated to the user’s Google account. These virtual
machines are recycled when idle and have a maximum lifetime enforced by the system of 12
hours. The main reason for the use of Google Collaboratory is access to the hardware it

provides:
e Tesla K80 GPU with the 2496 CUDA and the 12GB GDDRS5 VRAM
e CPU - Ixsingle core hyperthreaded Xeon Processors @2.3Ghz
e RAM - Around 12.6 GB
e Disk-320GB

This hardware, especially the GPU that it provides really speeds up the training process.

3.7 Google’s Open Images Dataset V4

All the images used here were taken from Open Images Dataset V4, this is an image
database created and initially released by Google in 2016. It is mostly used for building Data
Science and Artificial Intelligence algorithms. With the key use being Machine Learning.
Open Images V4 contains 15.4 million bounding boxes for 600 categories on 1.9 million
images, this makes it the largest existing dataset with the annotations for the object location.
These images and their bounding box information can be used to train smaller datasets based
on the needs of the said dataset without the need to download every single image and the
accompanying bounding box information. This is where the images were downloaded,
images related to whales and turtles to create a prediction model, this model does not use the
bounding box. After training the computer generates a probability of the image either being

an image of a whale or an image of a turtle. The images for the detection case were also
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downloaded from here, these images already came marked with the bounding box

information required to train a new YOLOv3 model that would identify Dolphins or Whales.

Open Images Dataset V4

Explore Description ‘ Download ‘

News

Figure 4: Home page of Open Images Dataset V4

3.8 YOLOvV3

YOLO (You Only Look Once), a network for object detection. This task consists of
locating in an image where certain objects are and classifying these same objects. Previous
methods for this same task, like R-CNN (Region- Convolutional Neural Network) and
variations, use pipelines to perform this task in multiple steps. This can be slow to run and
hard to optimize, each individual component must be trained separately. While YOLO does it
all with a single neural network. It is trained with the COCO dataset. The dataset contains
photos of 91 object types easily recognizable by anyone, a total of 2.5 million labelled
instances in 328k images. (Lin et al., 2014). The input image is divided into a $ x S grix of
cells. And for each object that is present in this image, one of the grids is responsible for
predicting it. The cell where the center of the object falls into. Each of these grids also predicts
B bounding boxes and C class probabilities. Firstly, the bounding box has 5 components:
x,y,w, h, confidence. The (x,y) coordinates represent the center of the box, relative to the
grid cells. These values are normalized to fall between 0 and 1. The (w, h) which are the box

dimensions are also normalized to [0,1] relative to the image.
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(0, 0)

x = (220-149) /149 = 0.48
y = (190-149) / 149 = 0.28
w = 224 /448 = 0.50
h=143/448 = 0.32

(447, 447)

Figure 5: Image example of YOLO

The last component in the bounding box prediction is the confidence score, which
reflects the presence or absence of an object of any class. The class probabilities also need to
be predicted, Pr(Class(i)| Object). The probability is conditioned on the grid that contains
one object. What this means is if no object is present on the grid, the loss function will not
penalize the grid for a wrong class prediction. Only one set of class probabilities per cell are

predicted, regardless of the number of boxes B. Making SxSxC class probabilities in total.
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Figure 6: YOLO grid image
Each grid cell makes B bounding box predictions and C class predictions (S=3,B=2,C=
3), as shown in the example of Figure 6. The network structure is a convolutional and max-
pooling layer, followed by two fully connected layers in the end. The last part of YOLO is the
loss function, which can be divided into three parts. The first part of the loss function
computes the loss that is related to the bounding box that predicts the position (x,y). It
Computes a sum over each box predictor of each grid cell. With each object being defined as:
e 1, if there is an object present in grid cell i and the jth bounding box predictor is
responsible for that prediction

e (, otherwise
YOLO predicts multiple boxes per cell. But during training, only one bounding box predictor
is responsible for each object. One predictor is assigned as “responsible” for predicting an
object based on what prediction has the highest current IOU (Intersection over Union, an
evaluation metric used to measure the accuracy of an object detector on a dataset) with the
ground truth. Other terms like (x,y) are the box position and (%, ) are the actual position
from the training data, both these terms are used in the equation in the background. The
second part of the loss function, it is related to the width and height. Small deviations in large
boxes matter less than in small boxes. To address this a square root is used to predict the
height and width instead to the direct values. The third part is where it computes the loss that

is associated with the confidence score for each of the box predictor and the intersection over
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union of the predicted box with the ground truth. Just like before, object equals one when an
object is present in the cell, 0 if there is no object. Weights part of the loss functions are
necessary to increase model stability. The highest penalty is used to the coordinate predictions
and lowest for confidence predictions when no objects are present. Now for the last part of
the loss function. In the final part a normal sum-squared error for classification, except for
the object term. This is used to avoid penalizing the classification error when no object is
present on the cell.
The way YOLO does the training is the following:
1. Pre train the first 20 convolutional layers using the ImageNet 1000 dataset, with inputs
with the size of 224x224
2. Increase the input resolution to 448x448
3. Train the full network for around 135 epochs using a batch size of 64, momentum of
0.9 and decay of 0.0005
4. Learning rate, for the first epochs, is slowly raised from 0.001 to 0.01. For about 75
epochs then starts decreasing
5. Use data augmentation with random scaling and translations, also randomly adjusting
exposure and saturation.
This procedure, as well as everything else related to YOLO, is described with much greater
depth in (Redmon et al., 2015). Now looking at the YOLOvV3 performance when compared to
Keras Retina Net, YOLOvV3 got a comparable mAP@O0.5 (mean average precision) with a
faster inference time. While overall mAP performance is dropped significantly. While still
being on par with SSD (Single Shot Detector) variants. YOLOV3 is better than SSD and has
similar performance as DSSD (Deconvolutional Single Shot Detector) as it is possible to see

in (Redmon and Farhadi, 2018).

3.9 Keras RetinaNet
This section explaining how RetinaNet works were written, based on (Zenggyu, 2018).
RetinaNet is a composite network composed of three networks:

1. Firstly, a backbone network, the Feature Pyramid, built on top of ResNet this is

responsible for computing convolutional feature maps of an image.
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2. A subnetwork responsible that performs object classification using the backbone
output
3. Another subnetwork that performs bounding box regression using the backbone

output

Backbone Network:

This enables the network to take an image and the outputs are proportionally sized
feature maps at multiple levels in the feature pyramid. The Feature Pyramid Network (FPN)
has two pathways with lateral connections. The Bottom-up pathway is done by choosing the
last feature map of each group of consecutive layers that output feature maps of the same

scale these feature maps are used as a foundation of the feature pyramid.

Figure 7: Bottom-up with lateral connections
The Top-down pathway with lateral connections uses the nearest neighbour upsampling, the
last feature map is expanded to the same scale as the second to last feature map. These two
are then merged to form a new feature map, this is done until each feature map from the
bottom-up pathway has a new feature map connected with the lateral connections. This can
be seen in Figure 7. The FPN can take an image of arbitrary size and output proportionally
sized feature maps at multiple levels. The feature maps at higher levels contain grids, these
cover larger regions of the image, making it better for detecting bigger objects, while the grid
cells at lower levels are better at dealing with smaller objects. With the top-down pathway and
the lateral connections, this makes every level of the feature map both semantically and
spatially strong, being able to be used independently to make predictions, making the model

scale-invariant and providing better performance.
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Classification subnet:

This is a fully convolutional network (FCN) attached to each of the FPN levels. The
subnet consists of four three by three convolutional layers with 256 filters. With another three
by three convolutional layer with K X A filters are applied. The output shape of the feature
map would be (W, H, KA), with W and H proportional to the width and height of the input

feature map, with K and A being the number of object class and anchor box.

Regression Subnet:
These are also attached to each feature map of the FPN. The design is the same as the
classification subnet with changes to the last three by three convolutional layers with 4A

filters. This would make its shape (W, H, 4A)

A closer look at the subnets:

When an image is given the width and height the feature map output by the FPN is
three by three, for each of the grid cells RetinaNet defines A = 9 boxes called anchor boxes
covering an area in the image. Each of these anchor boxes detects the existence of objects
from the K classes in the area it covers, each box corresponds to K numbers that indicate the
class probabilities. Because there are A bounding boxes for each grid, the output feature map
of the classification subnet has KA channels. These boxes are also responsible for detecting
the shape/size of the objects. The regression subnetwork is responsible for this, it outputs 4
numbers for each anchor box, this predicts the relative offset between the anchor and ground-

truth box. That is why the output feature map of the regression subnet has 4A channels.

29

——
| —



feature map
from subnet

:

SUY SUNIIID URNESES: SSS UGy "

| l i
A g1 B TR Sl B s S H H :
3 :

S

anchor hoxes
In input image

Figure 8: Anchor box & feature map example

Loss Function:
A multi-task loss that contains two terms one for localization (L;,.) and another for
classification (L.;s). This function is written as:

L= ALjoc + Leis

Equation 1: Loss Function
Where A is the parameter that controls the balance between the two.
Regression Loss:

This is calculated based on the match of the anchor box and ground-truth box, with
matching pairs. For each anchor, with a match, the subnet predicts four number. The first
two specify the offset between the centre of the anchor and ground- truth, with the last two
the offset between width/ height of the anchor and ground-truth.

Classification Loss:

This is a variant of the focal loss, which is the most innovative design of the detector.

Now to briefly explain how the function works, it has K which is the number of classes, they

equal 1 if the ground-truth belongs to the i-th class and O otherwise. There is also the predicted
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probability for the i-th class; y € (0, +o0) is the focusing parameter; a; € [0,1] is a weighting
parameter for the i-th class.
Prediction:

Now to look at how RetinaNet generates the predictions after it has been trained, for
each input image there multiple anchor boxes from all FPN levels, for each of these anchor
boxes the classification subnet predicts K numbers each indicating the probability
distribution of classes, meanwhile the regression subnet predicts four numbers that indicate
the difference between each anchor box and corresponding bounding box.

At most 1k anchor boxes are selected these with the highest confidence score from
each FPN level, there is a threshold to limit the amount of anchor set at 0.05. Only these
anchors are included in the next steps.

An object in the image can now be identified by multiple anchor boxes. Non-maximum
suppression (NMS) is applied to every class independently, which is done to remove
redundancies. This is done by choosing an anchor with the highest confidence and removing
any overlapping anchors with an intersection-over-union greater than 0.5.

For the last stage, the regression subnet gives offset predictions these can then be used

to further refine the anchors which are then used to get the bounding box predictions.

3.10 Training the Models
In this work, the YOLOV3 fork by (AlexeyAB, n.d.) was used. Initially, installing the

Windows version of Darknet was tried, following the steps described, problems arose with
missing DLL’s, after getting these missing files and installing CUDA, which is Nvidia’s way
to allowing the user their own Graphics Processing Unit (GPU) to train the model. The
Windows installation ended up not working, it was then tried using the Linux bash on the
windows platform, the installation process becomes a lot easier and straight forward in Linux,
but unfortunately, it is not possible to use the GPU with this. A basic dataset for testing
purposes was used with aerial drone images of Whales and Dolphin this dataset had 88
images, after marking the images with the required bounding boxes so the computer could

identify the objects in the images then proceeded to train this small dataset, this was done to

31

——
| —



test how the hardware would fair. The hardware is an older Laptop with an i5-3230M running
at 2.60GHZ with 8GBs of ram and a GEFORCE GT 635M with 2GB of dedicated memory.
Being limited to the CPU each interaction took around 2 hours each and after 10 interactions
the system ran out of memory, this makes training a new model with a new dataset not viable

on a local machine due to hardware limitations.

Figure 9: Results of the failed train

In Figure 9 the results of the failed training, which is explained above and we can see this
small number of images and interactions does not provide any usable results.

For context, a model with a single class, requires at least 1000 images each with their
bounding boxes, with a total of 5200 interactions. The label was created by using the
application from (Jodao Cartucho, n.d.) an easy and fast way to go through the images and
adding labels to each image, after the labelling process a text file is created with the correct

format used by YOLOV3 for Retina Net a different tool was used.




# " Bounding Box Labeler = O X

Figure 10: OpenLabeling & Bounding boxes

Training locally was not an option due to the hardware limitations; it was then that the
use of Google Collaboratory was considered in part due to the access to the GPU provided on
the platform to speed up the training process to an acceptable time frame. After managing to
set it up to work with (AlexeyAB, n.d.) and all its requisites. It is then possible to start the
training process, this becomes a lot faster, an initial test was done with a training model to
identify snowman, the training was interrupted after a few interactions as an experiment.
Although 1000 interactions were enough to produce an acceptable model for snowman
identification. Bellow we can see in Figure 11 that the model correctly identifies a snowman
with a probability of 0.63. Making Google Collab a viable and faster way to train the model

when compared to a local solution.




Figure 11: Snowman testing

3.10.1 Image Detection Model - YOLOV3

To train a model for image detection the images are the most important part of the process,
the model used to train also has an impact on the result but the number of images, as well as
their quality, has a much greater impact on the model’s final accuracy. To start this training
process first the images must be gathered, in this case, all the images used here are from
Googles Open Images Dataset. A small python script was used to download the images and
the labels associated with these images, which contain the information of the bounding boxes
and the classes on each image, this was only used for YOLOv3 as the format of the
annotations used in Retina Net is different. A total of 1329 images were downloaded from
Open Images Dataset, split somewhat evenly between the two classes, while this number is
not the ideal number of images good results were still achieved, these were the images
available on the platform. This image bank was used to help with the process of image
gathering and labelling, making it faster labelling just 100 images using Open Labeling tool,

for example, can take up to one hour depending on the number of classes. The labels have
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the same name as the image file, this is done so that during training it knows what label file
belongs to what image. The labels have the following format:

e <Object-Class-Id> <Center - X> <Center - Y> < Width> <Height>

If multiple objects are present in an image, they are separated by each row of the file, each
row equals one object. After having the images and the labels, these must split into training
and testing groups. The training group contains the images the model will be trained with,
while the testing group contains the images that will be used to test the model’s accuracy, for
the best results the same image must not be in both groups. The splitting was done using a
python script that does this split and does it by creating two text files, one called train.txt and
another one called test.txt. These files contain the path to the images, in this case, 90% of the
images are in the training file with the other 10% on the test file. After splitting, some files

must be modified specifically the yolov3.cfg file, the following lines must be modified:
e Line batch changed to batch = 64
e Subdivisions changed to 16
e Max_batches to (n2 of classes * 2000) — Max batch used 4000
e Steps changed to 80% and 90% of max_batches — Steps used were 3200, 3600
e C(Classes line must be changed to the number of objects in the three yolo layers

e Change to filters = (classes + 5) * 3 in the three convolutional before each yolo
layer, this case filters = (2+5) * 3 =21
After these changes a file must be created for example obj.names with objects names

each in a new line. Another file also must be created obj. data containing the following:

Classes = (n° of classes)
Train = /path/to/train.txt
Valid = /path/to/test.txt

Names = /path to/obj.names

Backup = /path/where/to/save/weight/files

Both these files must be placed into the build\darknet\x64\data\ folder, the image
files of the objects in a folder also in the build\darknet\x64\data\obj(for example) the
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labels should be placed in the same folder alongside the images. The pre-trained weights must
also be downloaded and placed in the directory build\darknet\x64. After these changes itis
possible to start the training process by running a Linux command:

$./darknet. exe detector train obj\obj.data yolo — obj.cf g darknet53. conv.74

The paths will need some adjusting, after running this command the training starts. The
training was done using Google Collab to speed up the process. These steps can be viewed on
the darknet branch on GitHub (AlexeyAB, n.d.).

Some other lines can be changed in the .cfg file to further customize the training. It is
possible to specify the input image size and the number of channels, by changing the width,
height and channel values. For example, increasing image values to 608x608 might improve
results but this would increase the training time, the default channel of three indicates the
processing is going to use the 3-channel RGB (Red Green and Blue). Other parameters like
the momentum which is used to penalize large weight changes between iterations, this is done
to try and avoid overfitting. The decay parameter controls the penalty term. The learning rate
parameter controls how the machine learns based on the current batch of data. When starting
at zero information, the learning rate needs to be high, but as training goes on the neural
network sees a lot of data and the weight need to be changed less aggressively. Learning rate
needs to be decreased over time this was done by the steps parameter which is equal to policy.
For example, if it starts from 0.001 it can remain constant for several iterations, and then it
will multiply by the scale parameter to get the new learning rate. The parameter that controls
the number of iterations is the max batches parameter, for n-classes, it recommended to

update this value to 2000 * n batches.

3.10.2 Image Detection Model — Keras RetinaNet

In order to train a Keras RetinaNet model, a different tool to label images was used.
This model uses a different format compared to YOLOV3, the tool used for this was (tzutalin,
n.d.) this tool is more complete than the one used for YOLOv3. The images used for this
model were the same ones used on the YOLOvV3 model, the previously stated 1329 images
split between the two classes. After having the images labelled a script needs to be run to

convert the annotations into the format used by Keras RetinaNet. Just like with YOLO Google
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Collaboratory was used for training the model. A pre-trained model was used to help with the

training, this is better than training from scratch.

3.10.3 Image Prediction Model
An image prediction model was trained using images from Open Images Dataset V4 a

total of 1828 images divided into two categories these categories being:
e Whale with a total of 768 images, 640 for training and 128 for testing

e Turtle with a total of 1060 images, 858 for training and 202 for testing

Figure 12: Example image of the whale category
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Figure 13: Image example of the Turtle category

Figure 12 and Figure 13 are examples of the images used in the training and testing of this
image prediction model.

Training this model with two categories was done using the ImageAl framework, this does
not single out an object in the image, it takes the whole image and then gives us a probability
of it being one of the categories in this case either a whale or a turtle. The accuracy achieved
with the testing set of images was 0.930 (values range between 0 and 1). The model took about
five hours to train using Google Collab, this was done to speed up the training process due to
the Tesla K80 GPU from Nvidia. Some of the limitations of this prediction model are that if
we give it an image without a turtle of whale it will still try and give us the probability of there

being either one in the image as we can see on below on Figure 14.
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‘whale - 72.31297492980957
turtle - 27.68702507019043

Figure 14: Image Prediction without one of the classes.

Even though there is neither a whale nor a turtle in Figure 14 it still is calculating the
probabilities of having either one of the classes as we can see in the upper left corner of the
image. Since the training images for the whale class contained more images that contain the
ocean it gives us a 72% probability of this image containing a whale and just 28% of it

containing a turtle.

3.11 Prototype

A Python prototype for image classification was developed, integrating a trained
YOLO model for image detection and the ImageAl for image prediction. It was iterated
following informal user feedback.

Version 0:

The current prototype works by using PyQt for the GUI and the ImageAl framework.
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B MainWindow — O -

[Img. Detection - Goes through the image and identifys objects within the image,
then creates a new outputs image highlighting these objects

Img. Detection

Img. Prediction - Give the probability of and image being of a certain dass,

Ima. Prediction for example if in the image there are boats or just the ocean.

Figure 15: Prototype Home
The users select which action they wish to execute, either an image detection or custom image
prediction with a specifically trained model. In the case of image detection, after the user
presses the button, then is asked to select the folder using the default file explorer browser
window after selecting the folder the images can then be processed. The model used for both
image detection and prediction here is the pre-trained one from the ImageAi framework.
After being processed these image new ones are created and stored in the Output folder in
the home folder of the program’s executable. The new images come with rectangles of
various colors identifying the objects that were detected in the image as well as their

identification probabilities.
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Figure 16: Select folder using the windows browse the default

In the case of image prediction, the process is the same but with a different output since we
are predicting images and not identifying objects in a given image, the outputs have the
probabilities of each image prediction on the upper left corner as seen in Figure 14 with the
following format:

e <Class Name> < % Probability>
These predictions and probabilities come from a custom trained model for the purpose of this
project with multiple images of whales and turtles trained on Google Collab using ImageAl,

Collab was used for this training because it was faster than training the model locally.
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Figure 17: Image detection results

Version 0 — Usability Testing

Some basic tests were done for the initial graphical user interface (GUI), gathering user
feedback. This was done with three people they were asked to do the following actions:

e Run the classification operation

e Run the prediction operation

e Open one or more of the images that were run through the classification process

e Open one or more of the images that were run through the prediction process
The first and the second action require the user to click the button related to each operation
and then select a folder with images, which will be used for the selected action. These images
are then stored in an output folder located in the applications home folder. The third and
fourth require the user to find the output image with the images and open the image related
to the task.

These initial tests showed that the initial design was missing visual feedback of what

is happening. When the classification or prediction operation is underway the application will

lock giving the impression that it has crashed, while it is running the algorithm in the




background, the user is locked out of the application during this time. A loading progress bar
or visual queue was introduced to give the user feedback that the application is working and

has not crashed as all three of the users pointed out.

Version 1:

In this version, a new feature was added: the ability to remove the green and blue from
the given images, the image detection was changed from using ImageAl to using a newly
trained model that uses YOLOV3, and using OpenCV to draw the bounding boxes around the
objects it detects and save this new image, a loading bar was added to give the user more
feedback on if the applications are working or not as well as the progress when doing any of

the three actions.

B MainWindow - O >

Img. Detection - Goes through the image and identifys objects within the image,
Img. Detection then creates a new outputs image highlighting these objects

Img. Prediction Img. Prediction - Give the probability of and image being of a certain dass,
for example if in the image there are boats or just the ocean.

Remove Color Spectrum
Remove Color Spectrum - Remove Green and blue color from the image.

Figure 18: GUI version |
The use of PyQt makes it a lot easier to design and implement these features, it gives
all the options with a GUI with a drag and drop environment to create the interface. But
because QT does not fully work out of the box with Python an extra step has to be taken, that
is running a Python script that converts the GUI file created in Qt to a python file which can

then be run and edit using a code editor.
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¥ ' Object detection — O X

Figure 19: Initial test Model, snowman

Initially using the ImageAi framework the image was searched for objects trained with
the COCO dataset, this dataset contained mostly everyday object things like bicycles.
Backpacks, cars, buses, people among other things. In the case of Figure 19, the new model
was trained to identify just snowman. This model was trained using YOLOV3, the training
was not completed due to it being just a test, still, it identified in Figure 19 the snowman with
0.63% chance of it being a snowman. But as with any machine learning sometimes, we get
mistakes. As previously stated, all of the image manipulations done, like the bounding box

and the percentages were drawn using OpenCV.
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Figure 20: Miss detection

As it can be seen in Figure 20, the model does have some issues, this might be due to it not
finishing the training or just the similar colour of the flower.
Version 1 — User Testing:

Just like with version 0 a few user tests were done using the same task as in the testing
of version 0, the feedback issue now positive with the loading bar but some issues with
opening the saved images. The location where the images are being saved is not very clear
for the users, a label or textbox must be added in which it is shown where the images are

being saved.

Version 2:
The textbox showing the location of the newly created images with the bounding boxes

was added, giving the user feedback as to where these images are being saved.
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B MainWindow - O 4

Imag. Detection - Goes through the image and identifys objects within the image,
Img. Detection then creates a new outputs image highlighting these objects

Img. Prediction Img. Prediction - Give the probability of and image being of a certain dass,
for example if in the image there are boats or just the ocean.

Remove Color Spectrum
Remove Color Spectrum - Remove Green and blue color from the image.

. 20% Done processing !

Output file is stored as C:
\Users\filip\OneDrive\Documentos\T
Ese'\Outputsiyolo_out_pyl.jpg

Figure 21: Version two GUI

In Figure 21 the textbox was added to the lower right corner this will display
information when an image is done processing followed by the path to where the image is
being saved. This will also display some error messages like is the user tries to select a folder
which does not contain images. This feedback was required as seen in the user testing of the
previous version.

The image detection was changed yet again, a new model was trained this one to
identify whales and dolphins as previously explained in the training section of image
detection. This model was also created used in Google Collab just like the snowman model.

As shown in Figure 22 with the dolphin, and in Figure 23 with a whale.
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Figure 22: Dolphin image detection

The detection for the dolphin class (Figure 22) compared to the snowman, in Figure
11, presents better results, in part because of the number of interactions done in this second
model were a lot higher than the ones in the snowman model, which was not concluded being
interrupted after approximately 1000 iterations. The dolphin/whale model had around 3000
iterations. This led to better results as shown in Figure 22 and Figure 23 with a percentage of

0.98% and 0.94% respectively.




Figure 23: Whale image detection

Version 2 — Usability Testing:

The testing of version 2 was done by using the same tasks in the previous two testing
phases. The issues raised by previous tasked were fixed. The added textbox showing the path
where the image is being saved. One of the issues raised in this third version were ones related
to image prediction due to it freezing the whole applications when it is being used making it
look like the application crashed. Another one was that some of the users had some difficulties

accessing the folder that contained the output images created in either detection or prediction.

Version 3:

This version checks if the output folder exists if it does not exist, it creates this folder

to be used for storing the output images, two buttons were also added to the GUI window.
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B MainWindow — O >

Img. Detection - Goes through the image and identifys objects within the image,
Img. Detection then creates a new outputs image highlighting these objects

Img. Prediction [Img. Prediction - Give the probability of and image being of a certain dass,
for example if in the image there are boats or just the ocean.

Remove Color Spectrum
Remove Color Spectrum - Remove Green and blue color from the image.

View Images

Open Output

Figure 24: Version 3 GUI

These two buttons are View Images and Open Output, these two buttons were added because
some of the less tech-savvy users were having a difficult time finding the output folder. The
first one View Images open a grid that contains all the images inside the output folder as we

can see in Figure 25.
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Figure 25: Grid Image Viewer

The other button, which is named Open Output, opens the outputs folder using the operating
systems folder explorer, this way the user does not have to go looking for the folder instead
just needs to press the button and the system does the rest.

Version 3 — Usability Testing:

As expected, the users who are less familiar with technology have found it a lot easier
to open the output folder with the use of the button eliminating this issue. A new task was also
created to make use of the grid and output folder this task is:

e Using the grid or output folder write down the percentages of two images.
The grid, as pointed out by users, makes looking at the images and even reading the
percentages somewhat hard depending on the image, some users had difficulty with using
just the grid initially, the majority of the users just used the output folder and then opened
two different images and write down the two percentages. The reason is that the grid is
sometimes harder to read, and users prefer to use their default image viewer. A small part of
the users also pointed out that the name used for the output folder might not be as clear as it

should be.




Left blank on purpose.
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4 Evaluation

In this chapter, the results that were achieved with YOLOv3 and Keras RetinaNet will be
shown and compared. A comparison between the two models is also given to justify why one
was used over the other. Ending with the final discussion of about the results achieved by
both models.

Going first into the model and some of the issues with it, starting off with false
positives. The image detection model was trained using images of whales and dolphins and
while it can correctly identify these two classes as shown in previous images, there are issues

with other marine animals that look similar.

Figure 26: Shark false positive

In Figure 26 as we can see it is a false positive, the machine in this case because it did
not have a class for shark specifically and a shark does indeed look like a dolphin if we do
not know what a shark is. Imagine the model is like a child which does not know that sharks
exist and it only know about whales and dolphins, in this case, the child would make the same
assumptions until it was corrected and had been given an explanation of what a shark is, only

then would he or her be able to tell the difference between these species.




Figure 27: Whale False Positive

The same can be said in Figure 27 but in this case, the comparison would be a tuna
and a whale. The detector using the test image that contained images of both classes these
being whales and dolphins, a total of 133 images were used for testing out of the 1198 training
image. An average precision of 0.63 was achieved for this whale and dolphin model.

Moving on to image prediction this ended not being the main part of the application
this being the case it did not receive so much attention. This method to classify images showed
alot of issues and is evident in Figure 14. For this method of classification to work it needs to
be done with a very specific type of images in a more controlled environment and still it might
not prove the better option, more on this in the discussion section. The color spectrum option
uses OpenCV to remove this might differ using other options or other image editing

programs.

4.1 Choosing between Keras RetinaNet and YOLOV3

The choice of using YOLOV3 or RetinaNet will be explained here. First up a comparison

between the two and other networks using COCO with mAP (mean average precision) @0.5.
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Graphic 1: COCO mAP@0.5 (Redmon and Farhadi, 2018)
Just looking at the RetinaNet and YOLOV3, presented in Graphic 1, they have
comparable results with mAP@0.5, but YOLOvV3 has a much better inference time. As an
example, YOLOV3-608 got 57.9% mAP in 51ms and RetinaNet101-800 got 57.5% mAP in

198ms, which is 3.8 times faster.
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Graphic 2: Overall mAP in COCO (Redmon and Farhadi, 2018)




Graphic 2 shows the overall results of YOLOv3 and RetinaNet among others, the
performance dropped significantly but still, it is possible to see YOLOv3-603 got a 33.0%
mAP with 51ms inference time, RetinaNet-50-500 got 32.5% mAP with 73ms inference time.

YOLOV3 is on par with other single-shot detectors (SSD) variants but 3 times faster.

Figure 29: YOLOv3Dolphin result

Figure 28:RetinaNet Dolphin Result




Figure 30: YOLOv3 Whale Identification

shelstal 217

Figure 31: RetinaNet Whale Identification

Another comparison can be made with this image of the same whale, while YOLOV3 correctly

identified a whale with 0.94%, RetinaNet identified a dolphin with 0.82%. This shows that the

Keras RetinaNet model had more difficulty in learning from the images, but there are issues

in both models as can be seen in the next comparisions.
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The two images Figure 32 and Figure 33 show just how important good images are to
the end model no matter how good the model can be if the classes are not all accounted for
when creating the model there will always be misclassification, in this case, identifying a
swordfish as a dolphin, YOLOv3 with 0.88% and Keras RetinaNet with 0.69%.

The results as seen in the previous two graphics showed that results between YOLOvV3
and RetinaNet do not vary that much. In Figure 28 and Figure 29 the results showed a bigger
difference between the two: YOLOV3 has a result of 0.98% and and the RetinaNet has a
results, with the same image, of 0.823%. Further training and testing would be required to
completely understand why there is such a great difference between the two models. This is
the reason why in the application the model that is being used is YOLOvV3 and not RetinaNet

even though RetinaNet can be more accurate as seen in the graphics above.

4.2 Discussion

Firstly, the differences between the models, YOLOv3 and Retina Net, it is shown in
Graphic 2 comparing the overall scores of both and others. It can be seen while in most cases
Keras RetinaNet is more accurate than YOLOV3, it is also slower on the inference side. While
YOLOV3 can have a higher mAP is some cases, this can be seen when the bounding does not
need to be so accurate, the way that it is set over the object in the image. While the current
research shows that Keras Retina Net has a greater accuracy this was not seen in this test, this
might be because of some difference in the steps used, or the level of detail of the images.
These differences have an impact on the final model. Still, the difference between the two is
not that great when looking at accuracy, while the inference time is greatly different, with
YOLOV3 being almost four times faster than Keras Retina Net. Both offer a good option for
image detection the purpose of the application is going to be what determines which model is
going to be used. If inference time is not important and greater accuracy is required then
Keras Retina Net is the better option, but if inference time is an important factor then YOLOvV3
is the better option with good accuracy levels but lower than Keras Retina Net.

The false positives in image detection were expected to happen and will continue to
happen if the model is not taught the difference between these similar species. To minimize

these false positives the model would have to be trained with a greater number of classes,

57

——
| —



each representing different species of a marine animal, to make a complete and more
competent model. The complete elimination of false positives is something that is impossible
to achieve because a certain degree of uncertainty will always exist, and factors like lighting,
image quality, the distance among others will always play an important part in image
detection algorithms. The average precision result was good considering the time limit of 12
hours to train the model that Google Collab has on the virtual machine, finishing the training
was not possible due to this limitation. The number of images gathered for each class was
also not the right amount, again this was due to the use of Open Images Dataset for the image
gathering process, being limited to the number of images contained in this platform. These
were the two main limitations, which can easily be avoided by using a local machine with
enough requirements to train the model in an acceptable amount of time, a GeForce 1080, for
example, would not be as fast as the GPU provided by Google Collaboratory but it is enough
to train the model in an acceptable time frame. To deal with the other limitation the images
would have to be gathered manually to serve the model that is going to be trained, this is
something that consumes a lot of time and why Open Images Dataset was used. Even with
these two limitations the model still achieved an acceptable level of precision, with some
issues of misclassification, swapping a whale for a dolphin and vice versa, due to them being
similar in some images.

In image predictions, as was mentioned in the results, this is best used in a more

controlled environment like, for example, to identify mechanics.
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Figure 34: Image of a car Figure 35: Image of a Mechanic

Good examples of such contexts are shown in Figure 35 and Figure 34, where the

images do not contain many objects like these two and where the machine does not get
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overloaded with many possible classes. These two examples are both used in the ImageAl
The training for this model also requires about 1000 images per class to correctly identify.
This type of model is not as flexible as one that uses bounding boxes to specify objects. To
apply it for example for the classification of thrash on the ocean, the output images are not as
clear, due to the types of images these being aerial images taken from a drone, using a more
traditional image detection makes it easier to distinguish between the trash elements, if that
is one of the requirements of the application. As using this prediction type does not distinguish
between the objects, it just gives you the probability of the image containing a specific class
without marking the said class.

The use of Python made it simpler to bring the various parts of the project together,
Python is one of the main languages used for these types of problem. This made choosing
PyQt an obvious decision for quick prototyping as well as making a fully functional GUI
faster and more visually appealing.

The overall applicability of the applications is only limited by the models being used.
And the models are just limited by the images being used. If the model for image detection
would be trained to the initial objective of this thesis, the only two requirements would be the
images of the trash and every single one of these images would have to be identified by using
a tool like OpenLabeling to classify the objects in the image that the computer would have to
identify. This would require a powerful computer to make the process of training the model
viable and not have the limitations on using Google Collaboratory, like the lack of a CPU and

RAM limits, but mainly the time limit of the Jupiter notebook.
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5 Conclusion

The work shows that it is possible to train a model with good accuracy using either
YOLOV3 or Keras Retina Net and some of the differences between the two models. Going
into how to train these models and how to apply them. This work shows how the models can
identify marine species, in this case, it was whales and dolphins, even though there are some
issues just like with any machine learning models, also went into some ways these downsides
can be minimized. A model was created that could correctly identify whales and dolphins,
this can be easily applied to marine debris like plastics and other items that can be found on
the surface of the ocean, by retraining the model. This can be used to further help the cleaning
efforts to identify areas that require cleaning as that was the initial objective of this thesis.
However, it can also be applied to other areas, needing the correct images for the desired
objective and labels for each of the images for the object that are going to be identified. Image
classification is a technology that can be applied in various areas, making it flexible and a
powerful tool to go through a large number of images and identify specific items in each one

of these images.

5.1 Limitations

One of the main limitations of this work was the lack of a computer capable of training
the models, this led to another limitation. The 12 hours limit per virtual machine imposed by
Google Collaboratory this made it harder to train the models and finish the training of both
models.

The initial goal of this thesis was the recognition of marine litter in areal images.
However, two major limitations were observed: the lack of existing models for such
recognition and the lack of images for training models.

Although public image datasets provide an interesting number of object categories (e.g.,
COCO provides 91 object categories), most of these categories identify objects used in daily
life. Therefore, the recognition of elements that are outside of the scope of daily life objects,
like marine litter or animals, require the training of the existing models to recognize such

elements. In addition, it was not possible to obtain images of marine litter in quantity and
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quality enough for model training. It was observed that public datasets do not include such
images and the areal images provided by biologists lack the quality to be recognized by
machine learning models. In order to overcome this issue, it was decided to train models to
recognize marine animals, applying automatic image classification and recognition to marine
ecosystems and providing an initial workflow to integrate image classification algorithms into

an end-user application.

5.2 Future Work

This section will serve to go through what would be required to do as well as some
future improvements that could be done in the application.

Firstly, addressing the model and how some of the issues talked about in the Results
and Discussion section could be resolved. A new model would have to be trained but before
even beginning the training sequence a new list of requirements would have to be taken,
these requirements would be related to the purpose of the model. To make it simpler to
explain this will be done using ocean thrash classification as the purpose. A list of possible
objects would have to be created, this list would contain possible thrash items that can be
found floating in the ocean after this list is completed, it would need to be reduced to eliminate
possible redundant or similar objects. Then some sample photos would have to be used to see
if it is possible to distinguish between the objects in the picture or not, the class list would
then have to be updated again. The type of images that are going to be used would also play
an important part, will the images be with the top-down view taken from a drone or at the sea
level taken from a boat. After deciding this the sample images would be collected. After
having these initial requirements down the image collection process can then begin, this
would require something between 800 to 1500 images for each of the classes previously
decided upon. Each of these images would then be required to be individually looked at, each
class correctly identified by using Open Labeling for example only then would it be possible
to train the model.

Further training to make the correct choice between the model to use would also have

to be done, and a choice would then have to be made between the two models, would a faster
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inference time that YOLOV3 offers be better over the higher accuracy of Keras Retina Net,
or would losing some of the accuracies be acceptable.

Now looking more into possible feature improvements for the application itself,
adding the capability for it to do image classification by using video, not only images. This
video option could then be explored into a real-time video classification, making it possible
to use a drone to fly over an area and classify the object in the area, while at the same time
saving the video. The GUI can always be improved further, better placements of button,
descriptions, more user testing overall.

Another improvement would be making it possible to train the model in the application
without having to train it externally, this would be the hardest part to develop and implement.
Using Darknet version of YoloV3 for example and try to find a way to import it into the

applications making it possible to use it inside the application itself.
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