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Streszczenie

Osiagnigcia W zakresie metod uczenia maszynowego, w szczegdlnosci sztucznych sieci
neuronowych (okreslanych potocznie jako ,,Deep Learning”), umozliwity znaczacy postep
w zakresie wykrywania obiektow oraz przetwarzania danych. W niniejszej pracy wykorzystane
zostaly najnowsze metody uczenia maszynowego w celu porownania ich jakosci oraz
zaproponowania najlepszych praktyk umozliwiajacych szybkie prototypowanie rozwigzan
sztucznej inteligencji, gtownie w obszarze inzynierii lotnicze;.

Obszar inzynierii lotniczej oferuje wyjatkowo szerokie spektrum zastosowan dla
algorytmow tego typu, poczawszy od inzynierii materialowej, inzynierii mechanicznej,
planowania produkcji, az do zarzadzania, prawa i ekonomii. W dziedzinie nauk technicznych
dostepne zastosowania skupiajg si¢ — W 0brgbie problemu regresji — m. in. na przewidywaniu
parametrow uktadu (tworzeniu wirtualnych czujnikow), a w obrebie problemu klasyfikacji —
m. in. w zastosowaniu do wykrywania obiektow lub ich cech.

Problem wykrywania obiektdw, analizowany w niniejszej pracy pod katem zastosowan
lotniczych, pierwotnie ukierunkowany byt na detekcje¢ uszkodzen turbin gazowych. Jednak —
ze wzgledu na wyzwania zwigzane z pozyskaniem odpowiednio duzego zbioru danych —
skupiono si¢ na rOwnowaznym problemie wykrywania Bezzalogowych Statkdw Latajacych
(BSL), ktory obecnie bazuje na kosztownym wyposazeniu oraz trudno skalowalnych metodach.

W niniejszej pracy, w pierwszej kolejnosci, przygotowano nowy zbiér danych
przeznaczony do tworzenia algorytmow detekcji drondw, sktadajacy si¢ z 51,446 treningowych
5,375 testowych obrazow, ktory udostepniono w publicznym repozytorium. Otrzymany zbior
poszerza i uzupehnia znane i szeroko wykorzystywane zbiory do trenowania modeli detekcji,
stanowi rowniez najwigkszy publicznie dost¢pny, w petni opisany zbior BSL na réznorodnym
tle. Docelowy zbior i otrzymane modele bazuja na obrazach pozyskanych w terenie (dzigki
czemu znacznie lepiej reprezentujg analizowang klase) i sg obiektem duzego zainteresowania
podmiotoéw prywatnych i instytucji z catego §wiata.

Nastepnie zaproponowano nowsg, potautomatyczng metode etykietowania zdjeé, ktorg
wykorzystano do utworzenia pelnego zbioru wspomnianego powyzej. Zaleta metody jest
mozliwo$¢ wykorzystania nawet niewielkiego zbioru danych do opracowania algorytmu
detekcji juz na wstgpnym etapie pozyskiwania danych.

Gotowy zbidr danych wykorzystano do utworzenia i przetestowania referencyjnych

modeli kaskad Haara (fatwych do wdrozenia dzigki gotowej implementacji w znanym module



OpenCV) oraz najnowszych modeli konwolucyjnych sieci neuronowych. Byly one nastepnie
intensywnie testowane, co umozliwilo ustalenie minimalnej liczby obrazow niezbednych do
wytrenowania klasyfikatora, okreslenie optymalnego poziomu pewnosci detekcji dla ré6znych
modeli, jak rowniez minimalnego czasu trenowania modelu oraz zbadanie wpltywu
hiperparametrow na wyniki klasyfikatora.

Wyniki otrzymane w oparciu o problem detekcji BSL sa bezposrednio skalowane na
inne problemy detekcji niewielkich, rozmytych obiektow o réznorodnym ksztalcie i tle.
Wykrycie takich obiektow to podstawowy cel inspekcji boroskopowej turbiny gazowej,
majacej na celu wykrycie pgknieé, rys, przepalen i innych uszkodzen. Wyniki przedstawione
W niniejszej rozprawie moga by¢ bezposrednio wykorzystane w projektowaniu podobnych
eksperymentdw innych badaczy jak rowniez wdrozone w wigksze, przemystowe systemy
detekcji.

W aspekcie problemu regresji, w dalszej czeSci pracy, przedstawiono metody
wykorzystania algorytmOw uczenia maszynowego do predykcji parametrow turbiny gazowej,
a konkretnie okreslenia poziomow cisnienia w jej trudno dostegpnym module. Przetestowano
szereg klasycznych modeli uczenia maszynowego oraz wykorzystano poréwnawcze metody
wykorzystujace sztuczne sieci neuronowe. Otrzymane wyniki poréwnano z modelem
referencyjnym. Istota problemu bylo réwniez wybranie znaczacych zmiennych,
umozliwiajacych zard6wno utworzenie prostego modelu regresyjnego mozliwego do opisania
w instrukcji serwisowej turbiny, jak rowniez zaawansowanego modelu o wysokiej doktadnosci,
umozliwiajacego okreslenie warto$ci ci$nienia bez instalacji odpowiedniego czujnika.

Ostatni rozdzial rozprawy zawiera podsumowanie osiggni¢tych rezultatow oraz

wskazuje kierunki dalszych badan.

Stowa kluczowe: uczenie maszynowe, glebokie sieci neuronowe, inzynieria lotnicza,
niezawodno$¢ systemow lotniczych, sztuczna inteligencja, komputerowe widzenie, bazy

danych, przetwarzanie obrazu, bezzatlogowe statki latajgce, komputerowa detekcja obiektow.



Abstract

Advances in Machine Learning domain, particularly in the field of deep artificial neural
networks (also called Deep Learning) allowed the emergence of entirely new solutions for
problems of object detection and data processing. In the following thesis latest Machine
Learning methods have been used to enable their back to back comparison on the same problem
and to propose best practices enabling rapid prototyping of artificial intelligence solutions,
particularly for the domain of aviation engineering.

This area of applications consists of a wide range of scientific fields, ranging from
material engineering, mechanical engineering, production planning, to management, law and
economy. Within the engineering domain, the applications of artificial intelligence focus—in
the context of regression problem—e.g., on digital twin based prediction of industrial
equipment parameter reading, and—in the context of classification problem—e.g., on
applications for objects or features detection.

Within the following thesis the problem of object detection has been specifically
analyzed for potential utilization in aerospace engineering. It was originally aimed to allow
detection of gas turbine damages, but due to challenges related to the acquisition of sufficiently
large dataset ultimately an equivalent problem of Unmanned Aerial Vehicles (UAVS) detection
has been chosen, which currently requires expensive equipment and utilizes hardly scalable
solutions.

In the presented thesis a new object detection dataset is created, consisting of 51,446
training and 5,375 testing images, and made available for download from a public repository.
The dataset expands existing image classification and object detection datasets with a
diversified dataset of drone images extracted directly from a wide range of publicly accessible
material. The dataset contains real-world imagery with real-world footage imperfections and
has been a subject of large interest from multiple individuals and organizations all across the
globe.

In order to capitalize on the sample dataset of increasing size, a semi-automated
labelling method is proposed, tested and proven very useful for object detection applications as
it enables the creation of a drone detection algorithm in the early stage of the data acquisition
process.

The obtained dataset has been used first to create a reference Haar Cascade type models
(easily deployable with popular OpenCV package) and then state-of-the-art Convolutional
Neural Networks based detection models. The obtained models were extensively tested to



determine the minimum number of samples needed to train object detection classifier, the
optimum detection confidence level for different models, appropriate training time to obtain a
model of sufficient performance as well as the impact of model hyperparameters on classifier
metrics.

The results obtained based on the UAV detection research are directly scalable for other
problems of detection of small, blurry objects of diverse shapes and backgrounds. Detection of
such objects is the primary aim of the gas turbine borescope inspection aimed to detect cracks,
scratches, burnouts and other component damages. The results presented in the following thesis
can be directly used for design experiments of similar problems, but they can also be directly
implemented into larger, industrial grade detection systems.

In context of regression problem, data processing pipeline techniques and practical
application of Machine Learning algorithms have been shown for the task of a gas turbine
engine predictive maintenance to determine pressure level in an inaccessible area. A wide range
of classical Machine Learning algorithms has been tested along with modern Deep Learning
based approaches. Obtained results were compared to the reference models. One of the
challenges of the presented regression problem was to use a wide range of feature ranking
methods to allow the generation of both: a simple regression model that could be used to specify
serviceable limits in the Engine Service Manual as well as a high performance model enabling
accurate estimation of the pressure value without the need for an appropriate sensor.

The last chapter of the thesis summarizes the achieved results and indicates the

directions for further research.

Keywords: Machine Learning, Deep Learning, aerospace engineering, aerospace safety,
artificial intelligence, computer vision, databases, image processing, unmanned aerial vehicles,
Obiject Detection.
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1. Introduction

The chapter begins with the general definition of the subject of this thesis, followed by
the motivation for using particular problems as an example of Machine Learning classification
and regression problem. This is followed by a brief presentation of researched problems from
engineering perspective, which allows subsequent definition of aim and scope of the thesis. The

chapter ends with a list of thesis contributions along with general outline of entire thesis.

1.1. Subject of the Thesis

Legacy artificial intelligence approaches relied on expert systems to provide output.
Hardcoded knowledge provided structured output similar to simple logic systems.
Unfortunately, those systems could not handle complex tasks with simple switch statement
combinations due to an unexpected nature of real-world problems, unforeseeable edge cases
and limitations of preprogrammed solutions. Furthermore, the exponentially growing
complexity of expert systems was difficult to maintain and scale (expand) efficiently. This is
why the last few decades have shown an emergence of systems capable of automated extraction
of valuable insights based on data in a form of Machine Learning and—more recently—via
utilization of Artificial Neural Networks often referred to as Deep Learning.

Deep Learning based algorithms have multiple use cases for many mechanical
engineering domains, including aviation engineering, which is an area of the author’s
professional work experience. Those problems can be efficiently divided into two problems—
classification and regression. An example of the classification problem would be information
extraction and object detection related to a gas turbine component’s damage (nicks, dents,
scratches, spallation, oxidation, wear, tear) detection, which facilitates acceleration and
automation borescope inspection. An example of the regression problem would be an
estimation of Remaining Useful Life (RUL) of gas turbine components, which can be based on
photographic data (typically borescope based), sensor data (snapshot or full mission) or both.

The object detection problem is primarily a data matrix classification problem with a
regression overhead for subsequent position proposal, thereby confusion matrix based metrics
shall be presented and used to quantify obtained results. Time series processing represents a
pure regression challenge (requiring different, regression based metrics) with additional
considerations for both continuous and discrete variables, thereby posing another set of

problems and requiring other solutions.
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Machine Learning for aviation engineering is a relatively modern subfield, which
requires domain knowledge (mechanical engineering), programming proficiency and statistical
toolset. This means that classical approaches are not necessarily optimal and a refined problem
solving pipeline needs to be identified. This is why the following thesis focuses on identifying
problems, solutions and key parameters in Machine Learning based approach, which are
essential in project planning, ANN model training and its implementation in production.

The novel research conducted as a part of this thesis considers recent Machine Learning
based solutions (with emphasis on Deep Learning) on aviation engineering challenges to
establish a novel, quantitative comparison between legacy and modern methods for object
detection and data processing.

To this goal, applicational research has been conducted on a novel dataset obtained
using methods devised within this thesis. The regression problem is analyzed based on the
problem of industrial gas turbine pressure level prediction—an example of Machine Learning
utilization for predictive maintenance of inaccessible components. The classification problem,
which composes a majority of the thesis, aims to define optimum project parameters and
achievable milestones for single class detection challenges. Originally gas turbine component
damages were planned as a target of the research, however, due to the highly sensitive nature
of such data, no sizeable dataset is available nor would be willingly shared by a gas turbine
manufacturer (even if the author of this thesis has worked daily on such data for many years).
This is why an equivalent classification problem has been identified and researched—the
detection of Unmanned Aerial Vehicles (UAVs). UAV detection on its own is a major aviation
challenge and the results of the obtained research are scalable to other problems of detecting
small, blurry objects of diverse shape and background, such as the beforementioned borescope
inspection.

The significance of the UAV detection problem has been emphasized by an exponential
growth of civilian and military related drone incidents all across the world, which led to the
selection of UAV detection as one of the topics for CVPR 2020 featured articles. The dataset
and models obtained as a part of this research, before being made fully publicly available, have
been directly requested by 23 individuals from academia, research institutions, private
companies as well as research and development agencies.

Since the majority of this thesis focuses on the problem of object detection, it was
decided to present the thesis with the main focus on that challenge and then include a standalone
chapter on the time series processing (predictive maintenance). This decision was highly

influenced by the fact that the entire original dataset—created for research of object detection

18



problem as a part of this thesis—was created by the author, is publicly available and can be
modified as needed [1], while the entire proprietary dataset related to data processing is no
longer available for detailed study as the author is no longer an employee of Institute of
Aviation/General Electric FALI (Forecasting Analytics and Leading Indicators) team.

One of the major problems in the Data Science industry that tackles such issues is
establishing critical parameters necessary to handle Deep Learning based challenges. Project
stakeholders are reluctant to provide project approval before major project parameters such as
project time requirement, budget and achievable, measurable goal, are specified. These cannot
be efficiently estimated without corresponding benchmarks and references, which represents a
challenge this thesis hopes to address for future industrial projects.

1.2. Motivation

Both classification and regression problems are fundamental challenges of Data Science
and are critical to the advancement of engineering research and development. At the same time,
those problems do not exist in a vacuum and are designed to address real-world adversities and
to propose viable solutions. To enable the application of research presented in the thesis, two
modern-day engineering problems were chosen, which still remain an area of active research

and development in modern knowledge-based industry and engineering.

1.2.1. UAV—ODbject Detection

An Unmanned Aerial Vehicle (UAV, also called a drone) is an airplane, which does not
require any onboard crew to control and can be piloted remotely or even fly autonomously.
Depending on the application, it can carry a vast variety of accessories, usually modern-day
cameras. There are multiple drone classes, usually depending on UAV weight or maximum
operating altitude. While there are numerous examples of military use of drones, the vast
majority of UAVs are in fact used in civilian applications. One of the most popular civilian
UAVs is a micro (<5 kg) quadcopter, mainly due to a low acquisition price, negligible
maintenance and operating costs and no infrastructure requirements.

While drone operation varies from country to country, a dominating rule is that this
segment of UAVSs can legally operate within the line of sight with no additional requirements
for the operator training. There are few exceptions from this rule, however, one of them being
that UAVs cannot operate over certain infrastructure, one of most notable examples being all

active airports, both civilian and military. UAVs operating over such areas can damage

19



operating airplanes resulting in a hazard to human safety or even a loss of life. With the
increasing popularity of quadcopters, additional measures need to be taken to prevent UAV
trespassing. This means both the risk of privacy intrusion and critical infrastructure trespassing,
possibly posing a danger of human harm in the case of airports, power stations, water treatment
plants, and others.

Recent years have shown an exponential rise in incidents related to UAV occurrences,
both related to civilian and military installations. Most notable examples include Gatwick
Airport (LGW) drone incident when between 19 and 21 December 2018 hundreds of flights
were canceled at LGW, following reports of drone sightings [2]. On August 19, 2019, a drone
attack by the Yemeni Houthis caused a fire at an oil and gas field in Saudi Arabia [3].

To illustrate this, recent tests have shown that even unintentional drone operation in the
vicinity of an airport can result in a heavy airplane fuselage damage as analyzed by Dayton

University [4], showing the impact of a drone collision with airplane wing as shown in Figure 1.

Univers

Figure 1. Dayton University based research - drone impact on airplane wing [4].
Different detection systems are already used in practice for drone detection and

elimination. Some of the notable examples include:

e DARPA’s Mobile Force Protection, which focuses on UAV threat by concentrating on
detection, identification, tracking and neutralization of unidentified UAVs [5],

o lkarX utilize radar and optoelectronic systems for drone detection and allows drone threat
neutralization through scrambling of drone communication frequency and GPS signal [6],

e Jastrzqb (Hawk) system consisting of radar capable of detecting small aerial objects from
up to 3000-9000 m [6]. The system is able to detect and distinguish small birds from UAVs
from up to 1200 m and utilize a hand-held jammer to scramble communication and GPS

frequencies,
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NightFighter Pro/Digital handheld signal scrambler and SR WO3 drone by SteelRock UAV
Solutions. It offers a hand held scrambling system and a water gun for UAV and IED
neutralization. The system has already been deployed by British armed forces [6],

APS multi-sensor, a counter-drone system that is able to detect, track and neutralize
intrusive drones via a combination of radar, acoustic, vision and RF sensors, which allows
drone detection from up to 2000 meters and its neutralization via signal jamming [7].
Kinetic option was proposed by Antmicro via Skywall 100 system, which utilizes net
grenades jamming the propellers and eliminating the UAV threat, ensuring its ground
delivery via parachute. It also includes a larger optoelectrical tracking system [6].

Silent Hunter laser, also known as LASS, from Chinese group Poly allows identification,
tracking and elimination of UAV less than 2 meters in diameter, moving at less than 60
meters per second up to 4000 meters altitude. Its 5-40 KW laser is able to penetrate a 5 mm
steel plate at 1000 meters and engage a new target every 6 seconds for approximately USD

$6 per shot with little collateral damage. It has been shown in Figure 2.

Figure 2. LASS system laser (on the left) and detection and data acquisition system (on the right) [8].

A similar solution, Short Range Key Site Defense System, has been proposed by Chinese
company GuoRong Technology. The system, presented in Figure 3 (a), consists of two
trailers, one with a rotating radar with a range of about 55 km (with interference antennas
for communication scrambling) and the other with an infrared turret, a tower optronic
tracking and laser transmitter. It was tested against DJI Phantom 3 drone and was able to

incapacitate it from a distance of 360 meters as seen in Figure 3 (b).
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Figure 3. GuoRong Technology based system mounted on trucks (a) capable of civilian drone neutralization (b) [9].

US Army base 5kW MEHEL laser mounted on Stryker platform, which has successfully
demonstrated incapacitation of a drone. The tests have raised an important safety issue about
laser system testing, especially given the high density of air traffic in central Europe [10].
US based anti-drone laser system presented in 2018 by Raytheon in Fort Sill, Oklahoma,
USA. Raytheon has been assigned two million dollars to quickly develop a low-cost, high-
mobility laser anti-drone system, using multi-spectral sensors and High Energy Laser
(HEL) system. The system managed to identify, track, attack and destroy 12 class I and Il
drones with its demonstrator mounted on top of an all-terrain vehicle [11], [12].

A more compact, stationary system of Drone Dome-L has been developed by Israeli
company Rafael. It combines different systems for drone detection and utilizes
electromagnetic jammers as well as a 50 kW laser developed as a part of the artillery
HELWS (High Energy Laser Weapon System) program. Its design and example of drone
neutralized by its operation are presented in Figure 4.

DRON_E DOME

Figure 4. [LEFT] Drone Dome-L system developed by Israeli company Rafael. [RIGHT] Commercially-available drone
destroyed by the system [6].

While the beforementioned systems are a valid solution to UAV threats, they also

require extensive cost to set up and maintain. The rising popularity of UAVs, especially small-

sized vehicles such as quadcopters, has become a challenge from the privacy and security

standpoint, particularly for civilian operations. Critical infrastructure security, given a large

area to surveil, is prone to drone intrusion. In an extreme situation, this may lead to purposeful

property damage and a threat to human safety.
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As the majority of systems mentioned above utilize a multi-sensor approach for UAV
detection, identification and neutralization, one of the major topics discussed in the dissertation
will be to detect and identify UAVs with high accuracy, maximum range based on low
resolution, low FPS (Frames Per Second) multipurpose hardware, usually used as CCTV
(closed-circuit television) cameras.

This will represent an excellent example of research on object detection models, which
will provide valuable benchmarks and references that could then be scaled to other problems
and disciplines, ranging from mechanical engineering (including aerospace engineering [13]),

automation, robotics and computer vision.

1.2.2. Gas Turbine—Predictive Maintenance

Mechanical components’ deterioration, especially in a high-margin business like the
aviation and petroleum sector, is increasingly problematic as the component ages. Furthermore,
basic Machine Learning based solutions are unable to capture nonlinear relationships between
data series, which complex interdependencies can only be modeled by sophisticated methods
requiring large datasets to properly optimize. In turn, these datasets are difficult to obtain,
particularly due to the low production volume of the components and reoccurring failures of
individual sensors.

At the same time, operational reliability is critical to ensure the safe and cost-effective
operation of installed equipment. In the case of gas turbines, this reliability can be achieved by
ensuring proper levels of temperatures, pressures and flows. Different sensors can capture
parameters in the given location, especially on the test stand, but the same equipment cannot be
cost-effectively installed on all machines due to large initial capital expense and associated
maintenance burden.

To allow insight into a given parameter level and specified location, Machine Learning
based models can be used to predict the given parameter, which in turn will lead to lower
maintenance cost. This parameter prediction is an example of a predictive maintenance
regression problem, which represents a challenge for gas turbines, both aviation and
aeroderivative ones.

At the same time, utilizing Machine Learning based solutions for predictive
maintenance in this sector is challenging, partly due to compliance requirements. This in turn
can be mitigated by research on models’ performance and stability. Successful implementation
of these technologies can allow failure diagnosis, allow low-cost emission monitoring and lead

to lower downtime [14].
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This particular topic of research was motivated by the author’s interest in complex
system monitoring along with professional involvement in the engineering industry,
specifically gas turbines, with the world’s largest gas turbine manufacturer and leading Polish
institute dedicated to aviation research. That particular area of research has seen an increasing
number of large-scale data processing projects across the engineering landscape and
documented achievements in LM2500 predictive maintenance [15]. Such research is
complicated by the fact that an aeroderivative gas turbine like LM2500 is not a component with
a single point of failure, but a complex system of interdependent modules and elements as

shown in Figure 5.
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Figure 5. LM2500 aeroderivative gas turbine cross sectional view [15].
This is a particularly important item of research as predictive maintenance of gas turbine
components is essential for critical infrastructures like power plants, water processing facilities,

large-scale industrial installations and naval vessels, like the one shown in Figure 6.
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Figure 6. Italian FREMM frigate powered by LM2500 gas turbine [16].

1.3. Research Problems

1.3.1. UAYV Detection

Critical infrastructure, both civilian and military, consists of large, sparsely connected
areas, which represent a challenge from the operation safety perspective. In order to counteract
security threats, a typical preventive measure of CCTV cameras would be deployed for 24/7
surveillance. While cameras can indeed assist in detailed security control in a given area, each
camera needs to be actively maintained, which may either result in a false negative (drone not
being detected) response or significant cost to maintain required security personnel at all times.

The task of detecting UAV assumes mid/high-resolution images with a relatively small
drone (calculated as a percentage of an input image) visible in the background. As CCTV
images from all cameras need to be archived, the images themselves usually have a low FPS
rate, which means that a drone present on one frame can be absent on the next one. This results
in an even greater challenge for security personnel as any UAV will be easy to miss on the
screen. This problem is exacerbated by the fact that most industrial camera systems are often
edge devices with low frame processing rates.

Typically, drones are difficult to detect visually due to their relatively small surface area
(usually less than 2 m span). Moreover, UAVs—as presented in video footage—are typically
small and often difficult to differentiate from typical urban environments. Furthermore, their
velocity may change rapidly from fast-moving (blurry) during flight and their limited
movement once positioned over a target, which makes utilization of object tracking technique

difficult unless drone occurrence is known in advance (which is almost never the case).
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Moreover, even a typical civilian drone comes in a broad variety of shapes, forms, sizes
and colors (so-called intra-class variation or class granularity), making the detection task even
more challenging. This not only severely limits typical object tracking-based systems (image

flow and frame-by-frame comparison techniques, that rely on the motion [17], [18]), but

presents a challenge from the object detection perspective.

Figure 7. Barely visible drone detected by the vision system created as a part of this thesis. Author’s own work.

The small size of civilian drones, such as quadcopters, as seen in the given frame/image,
can be only barely visible to the naked eye, as shown in Figure 7 which shows a real-world
footage of a ~1 m drone hoovering over a large crowd during the concert at approximately 150-
200 m from the camera. Notice a large number of trees, clouds and man-made objects present.
As shown in the figure, the hovering drone can indeed be detected provided sufficient resolution
of the input image. As the drone was hovering at that time, a motion-based system would be
hard challenged to provide correct detection by only processing that image.

Typically, detection systems relied on multistage processing systems which include
steps like image thresholding, background removal and object tracking [18]. These methods
show limited capability in urban areas due to a high false positive rate because of planes, birds,
leaves, trash and other objects. In this instance, a standalone object detection system represents
a greater opportunity for high accuracy detection. This will establish a model training pipeline
that can be mimicked by modern companies as they also usually focus on the detection of a few
or even one object class (binary detection). In the case of this thesis, UAV binary object
detection shall be used as a practical problem analyzed.
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Modern solution for object detection problems is typically driven by Deep Learning,
specifically Convolutional Neural Network based architectures. However, legacy Machine
Learning based methods such as Haar Cascades are still used for a number of applications,
typically with low computing power, such as edge devices. Detailed literature reference for
object detection problem and beforementioned solutions is presented in Chapter 2 “Research
Background”.

While the recent breakthrough in Artificial Neural Networks has allowed the generation
of a large number of architectures and models for a number of applications, few major problems
remain unsolved research challenges to this day. This includes the specification of the size of a
training dataset required, which is typically recommended to be “as big as possible”. While
different problems do indeed require different sizes of the dataset, the thesis will aim to establish
a benchmark of relative object detection model performance for different input sizes.

In the thesis, this will be compared against confusion matrix based metrics, which will
be presented for the UAV detection—a real-world problem with a real-world dataset. Since
typically object detection model analysis utilizes a well-known dataset with large object classes
and little to no real-world imperfections, a new dataset will be created in order to analyze Deep
Learning models’ performance on such practical problems. This will include a number of
popular Machine Learning models for a comparison between modern and legacy approaches.

Another challenge related to object detection model deployment is picking optimum
detection confidence. A widely accepted and used value of 0.50 is a good starting point for
further research, but typically little research is done to determine the optimum value for a given
model assuming a specific performance metric. The typical precision-recall curve does not
represent an optimum solution to this problem as engineering practice requires a one-value
metric that can be presented to a larger audience and charts like Receiver Operating
Characteristic (ROC) are not one. Moreover, large test sets necessary for such analysis are
typically expensive and time-consuming to build, which favors simply choosing one value.

Furthermore, pretrained models utilized in this thesis are retrained based on multiple
hyperparameters that can be tuned for greater model performance. Typical research papers
analyze items like learning rate curve, optimization routine and—rarely—augmentation
methods (as discussed in Appendix A) and regularization routine. Little to no scrutiny is given
to the input image resizer, which—as the name suggests—reduces input data to a specified

matrix size thereby heavily impacting the overall network’s performance.
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To meet and resolve the beforementioned problems, the thesis will focus on irregular
class example detection (in this instance UAV in an urban environment) in mid-high resolution
(typically 300x300 or 640x640, 3 channel image) and low quality (bad lightning, rotation,

occlusion, etc.) to maximize the probability of successful method implementation in industry.

1.3.2. Gas Turbine Monitoring

The operational reliability of complex mechanical energy generation systems is a key
in assuring stable and cost-effective power supply for long-term commercial, industrial and
communal purposes. One of the key systems used to deliver energy is currently, and for the
foreseeable future, a gas turbine. Gas turbine in-service monitoring proved to be useful in
potential failure diagnosis and prevention as well as in its emission monitoring [19].
Appropriate gas turbine utilization, for example in de-rated temperature mode, may have a
significant contribution to decrease in harmful exhaust emissions [20] as well as to extend the
reliable operation of the system [21]. In this thesis accumulated gas turbine operating service
data have been studied to predict key parameters.

Prediction of gas turbine performance is one of the key factors researched. In-service
performance deterioration and system unreliability are significant contributors to gas turbine
utilization planning. System failure or even a single percent of power reduction can result in a
significant impact throughout the life cycle. An overhaul is an optimum remedy to restore
desired parameters, but for planning purposes, it should also be modeled and postponed if
possible. Moreover, performance deterioration (and system failure) proved to be difficult to
monitor and predict using an installed gas turbine due to sensor accuracy, instrumentation
aging, assembly constraints and control challenges. Therefore, maintenance planning should be
based on multiple parameter analyses and results integration using a specialized model [22].

Typically, gas turbine data acquisition was problematic as it consists of a large size
proprietary dataset with each gas turbine usually belonging to a different customer. This is why
Machine Learning based research into predictive maintenance in this sector is limited to small
datasets with short time spans [23].

It has been shown that operational data can provide insight into the remaining useful
life level of a single component, such as journal bearing (as shown in Figure 8). Further
literature analysis has been provided directly in the standalone Chapter 5 “Machine Learning
for Gas Turbine Predictive Maintenance”.
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Figure 8. Photo of a failed journal bearing [23].

At the same time, data on an individual component provide limited insight into other
components of the gas turbine. Its complexity implies a large number of sensors, which drives
up the associated cost either for data acquisition and processing or for maintenance burden
increase. With the unique opportunity presented by a dataset containing data from more than a
thousand sensors across multiple gas turbines of the same type installed in different
environments, legacy and modern Machine Learning algorithms can be utilized for more

complex analysis, which is been presented in the thesis.

1.4.  Aim and Scope of the Thesis

In general, the presented thesis focuses on expanding Machine Learning research,
especially in the context of its applications in aviation engineering problems. The presented
research is focused on two crucial fields of applications: object detection and predictive
maintenance. For object detection, this is done by providing a custom dataset benchmark for
top-1 accuracy, establishing optimum values for detection confidence, suggesting correct
dataset size to reach a point of diminishing return as well as showing the impact of different
image resizers on the most popular pretrained object detection models.

In order to achieve those goals, UAV object detection is used as a classification problem
example. Since currently there is no available object detection dataset consisting of a large set
of UAVs specifically made for object detection and not for object tracking, it was decided to
create an entirely new dataset. The aim was to focus on real footage (with all imperfections that
only the real-world can offer) and limit the number of classes to 1 (binary object detection task),
to determine superior performance on that single class, which in turns allows detailed study of
different elements of the Machine Learning framework.

Considering that the model needs to learn different object representations, given a range

of foreground/background conditions, a high stride sequence of frames from the video footage
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has been used. The dataset is aimed to increase the security level in critical civilian and military

infrastructure by allowing science and industry to create a plethora of solutions after the dataset

is publicized.

For regression problem analysis, represented by the predictive maintenance task, the
aim is to determine pressure level in an inaccessible area using a wide range of classical
Machine Learning algorithms tested along with modern Deep Learning based approaches. One
of the challenges of the presented regression problem is to use a wide range of feature ranking
methods to allow the generation of both: a simple regression model that could be used to specify
serviceable limits in the Engine Service Manual as well as a high-performance model enabling
accurate estimation of the pressure value without the need for an appropriate sensor.

Based on the conclusions from the analysis of the latest research in terms of object
detection, UAV detection and predictive maintenance, the following primary purpose of the
thesis has been formulated— to propose and develop benchmarks for comparing Machine
Learning methods and defining optimum model parameters for real-world classification and
regression problems in aviation engineering applications by identifying problems and
proposing solutions, specifically in terms of UAV detection and gas turbine predictive
maintenance challenges.

With the primary purpose of the thesis established, partials goals of the research can be
formulated. These are:

e To define, obtain and publish a novel, real-world dataset consisting of UAVs, that will
enable the generation of an effective Machine Learning model capable of detecting UAV
occurrences in highly imperfect conditions,

e Define a necessary framework for obtaining and labeling each UAV image in a consistent
fashion, determining time and effort required, and enabling a clear and consistent definition
of train and test sets to be used in further research via repetitive study,

e Establish a viable object detection benchmark by using Haar Cascade algorithm to create a
range of object detection models that could be applied in low power applications,

e Fine-tune/retrain existing Deep Learning object detection models to provide a quantitative
reference for industry-grade projects for object detection problems, which will enable the
proliferation of Machine Learning based solutions using well-established reference material
and hyperparameters, such as object detection confidence. The aim is this subtask is to
specify whether usually referenced detection confidence value of 0.50 is in fact the optimum

one,
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e Provide a quantitative benchmark for optimum training dataset size needed for a problem
of binary object detection in order to enable planning of large scale Machine Learning
projects,

e Test the well-established object detection model overfitting hypothesis by retraining
medium size architecture significantly longer than needed to specify the point of divergence
between train and test loss/accuracy in order to provide a quantitative reference for one of
the critical problems of artificial neural networks,

e Analyze the impact of less often researched hyperparameters, such as image resizer, on the
fine-tune model performance to specify the optimum values for the major hyperparameters
of most popular object detection architectures,

e To enable a comparative benchmark for a predictive maintenance problem, propose and
compare a wide range of legacy and modern Machine Learning based approaches with a
focus on parameter prediction and performance of the obtained model,

e Facilitate Machine Learning based predictive maintenance research for aviation engineering
using a gas turbine pressure sensor as a target feature to exemplify multivariate time series

based solutions.

It is assumed that successful completion of the beforementioned partial aims of the
thesis will validate the following research thesis:

Machine Learning methods can be successfully applied to real-world aviation
engineering challenges of classification and regression, despite the problems of data shortage
and acquisition, overfitting, determinable optimum confidence levels, specifiable dataset size
and critical hyperparameters.

1.5. Thesis Outline and Contributions

The thesis begins by introducing problems of artificial intelligence, computer vision,
and object detection (specifically UAV detection) in the context of Machine Learning and
neural networks. Then, the relevance of different detection approaches is presented with a vast
discussion on the deep neural network vs Machine Learning methods tradeoff, barriers and
challenges of both methods and similar issues encountered by other scientific groups.
Applicable literature and media references have been added when necessary. This is followed
by a brief overview of object detection metrics and methods with a strong emphasis on Haar

Cascade and Deep Learning based models, which are used in this research.
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Next, available datasets used for image classification and object detection tasks are
analyzed, particularly those utilized for Machine Learning computer vision research and
development. Then dataset generation along with the resultant training and testing dataset is
shown. Since the dataset was purposefully made from a large set of distributions of real-world
footage, object tracking-based methods could not be used for image labeling. To reduce the
manual burden required, an intermediate model was used, which worked as a “target class
proposal” network. The aim was to generate a scalable, high-accuracy solution for fast dataset
generation.

The following chapters show an outline of the model training process for different
Machine Learning based solutions with a strong emphasis on a number of parameters deemed
to be critical in Deep Learning project definition and budgeting. Then, the thesis presents
detection algorithm results, which represent a reference point for the development of a
commercial detection system.

Finally, time series processing pipeline is presented, which represents an example of
regression-based predictive maintenance. Domain problems, feature engineering, feature
ranking and different Machine Learning based approaches have been studied to determine the
optimum approach to handling data processing challenges efficiently.

The thesis ends with a chapter on conclusions with ideas for future improvements and
research and tackled challenges in general.

Research conducted in this thesis deeply demonstrates the utilization of Machine
Learning based solutions for engineering challenges, including the process of transfer learning
using popular object detection models and frameworks, which will be used in workload
automation efforts. The thesis resulted in the creation of a set of trained algorithms, which allow
automatic detection of UAV objects for medium-high resolution, low quality images based on
a novel dataset created entirely for this purpose.

While the main focus of the thesis is classification in terms of object detection problem,
a large effort has been made to test the capabilities of legacy and modern Machine Learning
approaches for the regression problem, specifically mechanical engineering based time series
forecasting, particularly using the example of gas turbine predictive maintenance. Since gas
turbine based applications provide a limited amount of training samples, it was critical to
understand which model can be assumed to be fully trained, how to prevent overfitting, how
many data samples are needed, what augmentation methods could be used to obtain them and
so on. The standalone chapter on this issue allowed an extensive insight on this matter using

real-world gas turbine data (which is unfortunately no longer accessible).
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The primary novelties and importance of the thesis may be summarized as follows:
An original method of obtaining image annotations and a novel—presented and shared
publicly [1]—drone detection dataset with corresponding tags, containing multiple drone
types in different sizes, scales, positions, environments, etc.,
Haar Cascade based object (drone) detection research and obtained models are presented
and shared publicly [1],
Fine-tuned Artificial Neural Networks (ANN) based models are shown, depicting the
results of our research and network optimization, given different detection confidence
levels, available dataset size, detection architecture used, number of training epochs and
other,
Successful implementation of Machine Learning algorithms for a purpose of large-scale
mechanical engineering-based time series forecasting using a gas turbine as an example of

predictive maintenance solutions.
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2. Research Background

This chapter is dedicated to discussing the background of the presented work. Artificial
intelligence in general and its challenges are briefly described. Then extensive research work
on optimal hardware/software considerations to be used is presented, describing the
technological stack considered and used to obtain the results of the presented research. This is
followed by general background for object detection, followed by a more detailed overview of
Haar Cascade and Convolutional Neural Network based models. A general framework for
dataset augmentation is referenced (full background analysis is presented in Appendix A). This
introductory chapter is finalized with a definition of metrics used to evaluate presented

experiments.

2.1. Artificial Intelligence Overview

In general, artificial intelligence, Machine Learning, and—more recently—Deep
Learning aims to solve either regression problem, classification problem, or a combination of
both. Regression problem consists of predicting a continuous variable (for example: stock
price), while classification problem focuses on predicting a class label (for example cat vs dog
image classification). Combination of the two is often used in computer vision tasks like object
detection, where classification tasks (one class vs another) is combined with regression task
(continuous output in form of bounding box position and size).

Artificial intelligence is a broad topic that consists of all activities performed by a
machine, which mimics intelligent behaviors, mainly that expressed by humans. Preliminary
work on the formulation of artificial intelligence begun in 1943, continued on as artificial
intelligence was recognized as a new scientific discipline in 1956 [24] and was followed by a
wave of optimism when many prominent researchers were stated that human-based tasks such
as image recognition can be done “over summer” [25]. Multiple failures in this and related
aspects pushed the majority of artificial intelligence science community into "Al winter" [26].
It was only after a significant increase in computational power that Machine Learning methods
have found industry implementations, primarily in the 1990s+. The evolution of artificial

intelligence has been briefly summarized in Figure 9.
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Figure 9. An overview of major artificial intelligence methods as a part of process automation spectrum. Author’s own work
expanded on Nvidia [27].

Methods and techniques have also changed throughout the last century. Today, though
Artificial Intelligence is usually associated directly with Artificial Neural Network (ANN)
based methods, its spectrum actually varies from handcrafted roles implemented by simple
if/elif/else statements, case or switch programming procedures as shown in Figure 9. As such
almost every data processing system can be truthfully labeled as “artificial intelligence”. This
is particularly evident in the generation of knowledge-based systems, which is an algorithm that
reasons and utilizes expert dictated rules and knowledge base to solve complex problems. At
the same time, the exponentially growing complexity of expert systems was difficult to maintain
and scale (expand) efficiently.

Machine Learning is a subfield of artificial intelligence in which different methods are
applied to allow a system to “learn” from data within explicitly provided commands [28]. The
problems associated with Machine Learning expand upon widely known tools such as box plots,
histograms, multivariate and Pareto charts, which are typical examples of data exploration
techniques used to extract valuable information from the data [29]. Data exploration analysis
has—in turn—given rise to corresponding software such as Minitab (1972), Matlab (1984),
Statistica (1991), R (1993), which also popularized modern Machine Learning solutions giving
rise to Machine Learning solution industrialization.

Machine Learning is a broad discipline consisting of business problem understanding
(defining the objective), data mining and cleaning (data retrieval and preprocessing), data
exploration (defining target for the analysis), feature engineering (creating new features based
on the combination of existing ones) and predictive modeling and data visualization (efficient

graphical findings representation [30], [31]).
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Historically, Machine Learning is an extension of data analysis, which consisted of a

similar process, but utilizing different tools. While Machine Learning focuses on training and

running algorithm based on available data (from linear regression, random forest up to artificial

neural networks) data analysis focuses more on simulating problem distribution (normal,

t distribution, uniform, beta, gamma, Bernoulli, Poisson, chi-square, exponential, logistic,

Pareto, Weibull, Cauchy, etc.) to then extract valuable information from such distribution.

Nowadays, combined data exploration and Machine Learning tools are associated with

a field called “Data Science”, which is used as a notation of all activities related to data

extraction, processing and providing insights to given dataset [32].

Machine Learning has a wide range of applications in almost every industry field

available. Applications referenced in the following thesis, such as image processing (object

identification and detection), advertising and recommendation systems, are presented

Figure 10.
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Figure 10. A list of Machine Learning use cases referenced in the following theses. Author’s own work.

Other Machine Learning applications consist of speech processing (speech to text, text

to speech), Natural Language Processing (NLP, including language translation and chatbots)

and audio data processing. This is shown in Figure 11.
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Figure 11. A list of auxiliary Machine Learning use cases. Author’s own work.

Deep Learning is an expansion of one of the Machine Learning routines, which have
achieved state of the art resulting in image recognition [33], NLP [34] and other. Its popularity
has grown with increasing ease of transfer learning, which allows retraining of an old model
with new data (or within new architecture) to modularly form state of the art solutions in
different domains.

Since 2012-2013 a rapid growth of the Deep Learning applications has been observed.
This is a result of a combination of new, more efficient activation layers (ReLU [35], [36]),
regularization techniques (dropout [37]), optimization routines (ADAM [38]), larger available
datasets (Wikipedia, ImageNet [39], COCO [40], PASCAL [41]), easier retrieval systems
(programmed routines in most popular frameworks), hardware computational power increase
(through both CPU for data preprocessing and GPUs for data computation - CUDA), more
available parallelizable computational systems (cloud computing clusters like AWS, Azure,
Google Cloud), quicker data access (SSDs - Solid State Drives), new Deep Learning toolboxes
and frameworks (TensorFlow, Keras, Caffee, Torch), pretrained models available for transfer
learning (VGG16, Inception, MobileNet, R-CNN), scalable learning solutions (Coursera,
Udemy, Youtube), code and research sharing (GitHub), containerization (Docker, virtual
environments), easy-to-use Machine Learning frameworks such as Scikit-learn and tremendous
new business potential and commercial applications caused by digital era.

Since Deep Learning algorithms both excel and require large amounts of data, they
allow extreme scalability over approximately 100-1000 data samples (depending on the size of
the neural network used) [42]. As shown in Figure 12, artificial neural network are capable of

learning from new examples far beyond any legacy Machine Learning algorithm could do.
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Figure 12. Advantage of Deep Learning over conventional Machine Learning approach. Author’s own work based on [42].

Deep Learning expands on the Machine Learning paradigm using multiple layer
networks working in conjunction to provide those insights with building blocks being basic
mathematical operations on units called neurons. It represents a highly efficient use of artificial
neural networks, with origins dating back to 1943 [43]. This approach has regained its
popularity in 1990°, where Universal Approximation Theory has been published stating that “a
feedforward network with a single layer is sufficient to approximate, to an arbitrary precision,
any continuous function” [44]. This approach had three powerful implications:

1. The size of the network may be increased indefinitely (both in terms of hidden neurons per
layer and the number of layers) to sufficiently represent a given problem,

2. The resultant model is—by default—more likely to overfit to the training data than to
generalize given problem,

3. Any, even most complex problem, can be learned by a neural network,

It means that, while even most complex problem can be solved, the network
representing it needs to be sufficiently large and it needs to be subjected to rigorous
regularization to make sure it does not overfit. In fact, modern neural networks can learn
patterns that really do not exist in real-world, which has been shown in recent papers [45],
where ImageNet [46] labels have been completely randomized into 6 classes, that neural
network managed to learn with 100% accuracy. This means that modern neural networks can
fit perfectly to a random data, which cautions that extra effort needs to be taken to ensure no
overfitting of any neural network model.

Although Deep Learning and artificial neural networks as a whole have been compared
to a human brain, the behavior of two entities is different. Even though neural networks are

capable of typically human capabilities like speech recognition, biological neurons are
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seemingly much more complicated than our current understanding of how artificial neural
networks work. Biological neurons come in many more forms; with dendrites capable of
varying, complex non-linear computations, with synapses representing individual non-linear
dynamic systems rather than single weight [47]. As such brain-based analogies between
artificial neural networks and humans may not be as obvious as it had seemed.

In the meantime, computers rely on transistors, each of similar size, design, connection
and activation method. They are parallelly chained (each transistor connected to 2-3 other via
logic gates). This allows for almost perfect storage and recollection of information, however is
not flexible enough to morph into different architectures on its own. There are few approaches
to make standard CPU/GPU more flexible via different approaches (IBM chip brain-like
architecture or Google’s Tensor Processing Unit or TPU) although it is highly unlikely that
silicon architecture will ever reach human capabilities, especially in high level abstraction of a
given problem. Transistor-based approach, sufficiently scaled, can however mimic or even

surpass human processing capability [48].

2.2. Object detection challenges and research

Various approaches to the problem of UAV detection have been proposed in the past
[49], usually utilizing motion detection and optical flow detection algorithms combination [50],
highly augmented dataset [51], utilizing spatial-temporal information [52] or mainly focusing
on the object motion itself [53]. An overview of this multispectral UAV detection was proposed
in [54]. Haar Cascade for drone detection was proposed in [55], but it was specifically designed
to detect one type of drone only on a limited range of backgrounds.

Most of the object detection applications for drones consider using a drone-mounted
camera to detect objects on the ground from a high altitude. It is less common to detect flying
objects themselves, specifically drones. Typically, binary differentiation (between drone and
non-drone) within one end-to-end neural network is the ultimate goal for models like this [50].

Object detection tasks are addressed using open source image classification and object
detection datasets like The Modified National Institute of Standards and Technology (MNIST)
dataset [56]. The MNIST dataset contains 60,000 training and 10,000 test images of 28x28
pixel grayscale (1 channel), centered, handwritten digits. Today this dataset represents a typical
introduction dataset for image classification problems, due to its small disc space requirement,
multiclass problem statement (10 classes), ease of access and readily available training

materials/tutorials.
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Since the MNIST dataset does not represent real objects, its relatively modern extension
was created in 2009 by the Canadian Institute For Advanced Research (CIFAR) in the form of
CIFAR-10 dataset [57], representing 10 classes of real-world objects (cats, dogs, horses, birds,
deer, frogs, cars, trucks, ships and airplanes) as a research subset of 80 million tiny images
dataset [58] for use in Machine Learning and computer vision challenges. The CIFAR-10
dataset contains 60,000 32x32 pixel color (3 channels) images. The classes are evenly
distributed, with 6,000 images for each class. CIFAR-100 is an extension of that dataset
containing 100 classes [57] and 600 images for each class, grouped into 20 superclasses (larger
classes aggregating smaller subsets).

CIFAR-10 is also often used for general testing of Machine Learning algorithms, but is
limited due to its low resolution and lack of bounding box labels/annotations (all objects are
simply centered on their corresponding images) needed for object detection tasks. At the same
time, it represents an ongoing trend to test Machine Learning algorithms on real-world images,
rather than on limited datasets.

Therefore, another real-world image dataset, called ImageNet, was created in 2009 [39].
As of today, it consists of more than 14 million real-world hand-annotated images of more than
20,000 categories, out of which more than 1 million contain bounding box annotations [46].
Since 2010 the dataset has been used to run the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC), which allows highly objective comparison between Machine Learning
models. The ILSVRC is not run on the entire dataset, but rather on its subset consisting of 1000
classes. In 2012, Alex Krizhevsky was awarded the 1st prize in this challenge using Deep
Convolutional Neural Networks, which heavily supported the recent resurgence in Artificial
Neural Network (ANN) research and development [33]. Since the ImageNet dataset
additionally provides bounding box annotations for more than 1 million images it was also used
to host the ImageNet Object Localization Challenge, which aims to create a State of The Art
(SOTA) model based on 150,000 images and 1,000 categories with bounding box annotations.

While the ImageNet dataset was not inherently designed for object
localization/detection tasks, the Pattern Analysis, Statistical Modeling and Computational
Learning Visual Object Classes (PASCAL VOC [41]) dataset can be used specifically for these
purposes [41]. The dataset has been extended since the challenge origin in 2005 up to its end in
2012, when VOC challenges dedicated to object detection tasks were held [41]. The latest
dataset contains 20 classes, 11540 images and a total of 27450 annotations (the testing set does

not contain annotations).
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The main disadvantage of ImageNet and PASCAL VOC datasets is that they usually
present given objects on their own, without the context of the surrounding the object usually
exists in. In order to counteract that, the Microsoft COCO (Common Obiject in Context) dataset
has been created containing 330,000 images, 1.5 million object instances, 80 categories, pixel-
based segmentations and image captions [59]. Neither COCO, PASCAL VOC nor ImageNet
dataset contains sequential images extracted from a video. Furthermore, average COCO dataset
resolutions are also larger than those of ImageNet and PASCAL VOC datasets.

Recently all three datasets have been used to create general object detection models,
which could be used as weight initialization for similar problems and then fine-tuned on the
problem dataset allowing quicker training and reducing the need for a labeled dataset. This
approach, called transfer learning, allows using a pretrained dataset and model architecture
rather than creating an entirely new network based on a limited dataset [60], [61]. In order to
ease that process popular Deep Learning framework called TensorFlow has included a set of
pretrained object detection models, typically trained on the datasets mentioned before in the
thesis [62], [63]. COCO, PASCAL VOC and ImageNet datasets represent useful datasets and
benchmarks for image classification/localization/detection models and research. Unfortunately,
the mentioned datasets combined had little to offer in terms of drone images in different
environments, this is why a new, large dataset had to be proposed for extensive research on
efficient and high-performance UAV detection systems.

Recently, two datasets have been proposed and used for 3D flight trajectory
reconstruction [64], [65], and specifically for anti-UAV purposes [66], [67]. While those two
datasets allow for large-size drone-based dataset, they were created in well-defined conditions
with chessboard-based calibration and special equipment added for UAV tracking and
subsequent dataset preparation. While this approach is extensively valuable for research
purposes, it does not represent real-world occlusion, clutter, illumination, camera movement,
and a wide range of urban environments that UAVs need to be tested against. While the anti-
UAYV dataset allowed the application of transfer learning methods for ANN models such as
YOLO [68], an additional dataset was needed to represent UAVs in a broader range of
environments.

On its own, the dataset itself has limited value, but is critical in creating and fine-tuning
object detection models, out of which Convolutional Neural Network (CNN) based models
represent State Of The Art today. Historically the first neural network utilizing convolutions—
LeNet-5—was introduced in 1998 by LeCun [69]. The paper proposed using sliding

convolutional filters over relatively small areas of an image to create a high-level abstraction
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of an image on each level rather than using fully connected layer in a model called LeNet-5.
The goal of LeNet-5 was to recognize hand written digits with 32x32 pixel grayscale input.
Proposed model utilized feed forward and backpropagation with non-linearity and max pooling
following each convolutional layer.

The breakthrough ImageNet winning image classification model, which utilized neural
networks, was AlexNet [33], which proposed a similar model to the LeCun one but with more
training data, larger architecture, GPU training routines (trained on 2 GPUs for a week), more
effective network initialization and ReL U activations. It utilized convolutional neural networks
with 8 layers and 61 million parameters and achieved top 5 classification error of 15.4% (down
from shallow network based approach used in 2010 — 28.2% error, and 2011 — 25.8% error). Its
architecture has been presented in Figure 13. This was improved upon by ZFNet network [70],
which expanded upon AlexNet using CNN of 8 layers, but with more filters (512, 1024 and 512
instead of 384, 384 and 256 combinations) and denser stride (7x7 convolution with stride 2
instead of 11x11 convolution with stride 4). This allowed error rate reduction to 11.2%. 2014
has shown an emergence of two record-breaking networks VGGNet [71], [72] and GoogLeNet
[73]. VGGNet utilized a relatively simple and uniform set of layers, using 3x3 convolutions, a
stride of 1, padding of 1 and 2x2 max pooling layers. The reason why 3x3 convolutions (smaller
filters) were used is that stack of three 3x3 conv (stride 1) layers has the same effective receptive
field as one 7x7 conv layer, but it is deeper with more non-linearities and fewer parameters
channels per layer. VGG was later extended for better performance into VGG19 as shown in
Figure 13. The original VGG network is often called VGG16 to differentiate it from later
created VGG19. 16/19 refers to the fact that there are 16/19 layers that have weights. VGG
networks are based on the principle of roughly doubling convolutions at every step, while
maintaining high uniformity. VGG network introduction represented an ongoing trend in
decreasing the number of filters while increasing the depth of the network itself. With 16 layers

(and 138 million parameters) this allowed error rate reduction down to 7.3% [71].
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Figure 13. Comparison between AlexNet, VGG16 and VGG19 based on [33], [71], [72].
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The same year has shown a further trend in layer size increase with GoogleLeNet [73]
(name used as a tribute to LeNet-5 network [69]) increasing the number of layers to 22 layers
and 5 million parameters (with redundant module created fully connected layers) and reducing
the error rate to 6.7%. The network utilized a set of predefined modules called “inception
modules”, which were trained in few steps (hence forming redundant stem/head after a
predefined number of modules). The idea behind the inception module was to apply parallel
filter operations on the input from the previous layer utilizing a set of receptive fields over the
layer (1x1, 3x3, 5x5) as well as pooling operation (3%3) and stack/concatenate all the outputs

filter-wise [73] as shown in Figure 14.

Figure 14. GoogLeNet using inception architecture [73].

Since smaller convolutions extract local features and larger convolutions extract more
refined features combination of both in inception modules leads to fewer parameters needed
and better overall performance of the network. Further improvement has been made over time
forming updated versions of the Inception network, the notable and popular example being
Inception V-4, which utilizes residual networks in the inception blocks [74].

Year 2015 has brought the trend of increasing the number of layers to the extreme with
ResNet using a new module named “residual network™ to form 152 layer deep network by
accurately noticing that deeper network results in performance increase [75] as shown in

Figure 15. The output x; of the single residual block may be summarized as follows:

x; = F(xi—q) + x4, 1)
Which for Inception Residual unit takes the following form:
x; = F(xPX3E O x20) + xi-1, 2)

Where © symbol denotes concentration operation between outputs from the filters and
F defines an output of the internal residual block function (any operations with output shape

corresponding to the x;_, component).
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Figure 15. ResNet approach based model [75].

This resulted in ImageNet top 5 error rate reduction down to 3.57%, which is below the
estimated human-level performance of 5.1% [75]. The idea of a residual network is to repeat a
simple residual block while allowing uninterrupted flow between layers to make sure that the
networks does not stop learning due to the vanishing gradient problem. This approach enables
training neural networks of extreme depth, with each layer computing a residual between input
and output. This residual connection approach has also been modified for intermediate
connections of different kinds in DenseNet architecture [76], U-Net architecture [77] and Wide
Residual Network [78].

Another approach prevailing in the data science community is to use ensembles of
different models to form a better performing model. This approach has been utilized in 2016
using CUImage ensemble networks, which combined the output of 6 networks to reduce the
error rate further down to 2.99% [79]. All networks mentioned above had a predefined number
of filters and feature maps, which utilized the same weighting to form a convolution block.
SENet (Squeeze-and-Excitation Network), introduced in 2017, has changed this approach by
using squeeze and excitation blocks, which adaptively weighted each feature map to form a
weighted convolutional block [80]. This has shown that parametrization (hyperparameter-like)
or even intermediate representations can be effectively used to increase the overall performance
of the network.

VGG, GoogLeNet, ResNet are all available in open source model repositories called
model zoos. Out of the three, the best default choice would be the ResNet network, which only
underlines the trend for increasingly deep networks. Currently, there is ongoing research on
designing the layer and skip connections to improve gradient flow.

It has been shown that competition to neural networks can be formed by capsule
networks [81]. Capsules contain a multidimensional representation of the input through

extensive computation inside the capsule layer and allow instantiation of each detected object
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or its part. Its output consists of the probability that the object is present and the pose of the
object (including position, orientation, scale, etc.) in contrast to convolutional neural networks,
which do not differentiate a relationship between objects in the image. The relationship is highly
associated with a coordinate frame associated with a given image. Higher-level capsules
contain larger receptive domains thereby allowing better detection equivariance. Data provided
by the lower layer capsule is clustered to establish object instantiation probability and its pose.
This allows good noise filtering capability as high dimensional representation clustering rarely
occurs and—at the same time—allows efficient implementation of the feature invariance with
only a small dataset available. Capsule networks offer effective data routing routines to prevent
image strides from being utilized, which allows for very effective computations.

Another type of approach to image processing, especially video processing is to process
input as a sequence. In order to do so Recurrent Neural Networks or RNNs can be utilized,
which compute new state based on both old state and new state input while handling the
problem of variable input size. This recurrent approach is especially useful for NN based motion
tracking network. There are different combinations of RNN architecture depending on the size
of input/out and a number of hidden units responsible for computing. This flexibility is the
greatest advantage of RNNs. Still, vanilla RNNs have significant challenges related to
exploding/vanishing gradient problems hence the need for network modifications, like GRU
and LSTMs.

LSTM (Long Short Term Memory Network) is one of the most notable examples of
RNNs [82], which utilizes a set of additional processing options through additional activation
layers for each recurrent network cell. This includes a forget gate (additional sigmoid activation,
allows removal of irrelevant data from the previous state), store gate (combination of sigmoid
and tanh activation, preserves valuable information between cells), input/update gate
(summation gate, selectively updates cell state values) and output gate (additional sigmoid
activation, controls, which information is forwarded to the next step). LSTM effectively
controls vanishing gradient, while gradient explosion may be controlled by gradient clipping
technique.

Due to flexibility in its design, the Recurrent Neural Networks has shown tremendous
potential in different applications, which include language translation [83], image captions [84],
speech processing [85], language understanding [86], dialogue [34], video generation [87] and
algorithm processing [88]. This recurrent relation allows the model to implement long-term
dependencies.
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In general, ANN is a learning system that processes a large set of input data and
efficiently compresses gained insight into a neural network for further use. Learning system
implementation opened a plethora of new opportunities as sufficiently complex models can
theoretically learn any function based on provided data. Recently a semi-supervised approach
is showing the greatest potential. Semi-supervised examples created based on self-play (training
examples created from agents originally trained based on labeled data for minimum
performance) offer application opportunities in multiple expert domains. First known example
of self-play comes from 1959, where the first checker’s agent has been proposed [28]. Recently
self-play has been used extensively to create agents capable of winning top-tier games in tasks
like Go [89], Gym-based environments [90] and DoTA [91].

2.3. Hardware/Software Considerations

Technically artificial neural networks (including any Deep Learning model) may be
programmed, trained and implemented using any programming language. However, in order to
facilitate research and productivity (while reducing the number of bugs), different frameworks
have been created, including Tensorflow (supported by Google), Scikit-Learn, Caffe (Caffe2),
Keras, CNTK (Microsoft), Mxnet, Theano, Torch/PyTorch (supported by Facebook), Lasagne,
Chainer, Nervana’s Neon, Deeplearning4j, Fast. Al and others. Almost all of the frameworks
mentioned above were developed to be used in Python.

Python is a general-purpose programming language used in scientific computing, data
mining and Machine Learning, which enables a combination of fast development and fast
execution of written applications. This capability is intrinsically written into Zen of Python [92]
and is driving both experienced software developers and aspiring programmers including major
companies and institutions such as NASA, YouTube, Instagram, Reddit.

Python has widely spread across the science community and industry, which allows
commonality of the developed software. Using open-source Python libraries such as Pandas
(data processing), Scikit-learn (Machine Learning toolkit) and Theano (fast algorithm
processing) allows data funneling (data normalization, elimination of outliers, handling missing
data, preparing inputs for the model, etc.) and computation significantly faster than ever before.
This is why the computer programming language used for the following thesis is Python 3.6+,
mainly via Python IDLE and Jupyter framework. All models were developed on Windows 10,
Intel Core i7-8700K CPU @ 3.70GHz with 4x8 GB DDR4-3000 Ripjaws V RAM and MSI
GeForce GTX 1080 Ti graphics card.
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Modern Deep Neural Networks can be successfully implemented, even on low-power
devices, by utilization of Tensor Processing Units or TPUs. Google designed commercially
available low-power TPU, Edge TPU, allows high FPS inference run on-device, allowing real-
time transfer learning, competitive inference speed (object detection in less than 15 ms), greater
data privacy (as there is no need for network connection) and runs inference with TensorFlow
Lite.

In order to be successful, any framework needs to allow extensive scalability.
Production-based systems additionally need to offer multiple portability options, while
research-based systems focus on reproducibility and ease of expression over scalability. Since
it is difficult for one system to allow all these capabilities, typically one system would be used
for research and the other for development and industrialization.

Comparative study between the frameworks is difficult, but it had been performed based
on arbitrarily picked criteria such as online job listings, KDnuggets usage survey, Google search
volume, Medium articles, Amazon books, ArXiv articles and GitHub activity. The results, as
shown in Figure 16, show conclusively that TensorFlow and Keras are the two most popular

frameworks.

Deep Learning Framework Power Scores 2018

100

96.77
8o
60
51.55
40
22.72
20 17.15
12
0
e, oy, O,
s "
Oy, <A
o,

02
G ) .
L “
N ‘e S V.

Score

8.37 4 8o
82 365 57

Cyy,

e

) G Ch. g
&y Sy, ey g,

Framework 94,

Figure 16. An overview of major artificial intelligence frameworks [93].

While TensorFlow/Keras and Torch (PyTorch specifically) are the two most popular
frameworks, Caffee is typically used for advanced feature extraction and model finetuning,
while Torch/Lasagne allow extensive modification of pretrained models. Torch can also be used
to build completely new layers. For large RNN networks, Theano and TensorFlow are the best
applications. TensorFlow is Google-based, open-source (Apache 2.0 license) system aimed for
model industrialization, but it also offers flexibility for a variety of research uses. It offers
extensive scalability potential, from mobile and web applications, through single machines—
CPU and/or GPUs—to distributed systems of hundreds of GPU cards. TensorFlow core is
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written in C++, but offers full extension set to Python to combine low-level framework
efficiency with high-level framework flexibility. Extensions to other programming languages
have been added. TensorFlow framework has also been prepared for TPU (Tensor Processing
Unit) based runtime, which greatly increases training and inference times using tensor-based
operations (tensors are arbitrary N-dimensional arrays with primitive types like float or int).
Deep Learning model can also run on GPU-based cloud platforms such as Amazon AWS
(utilizing GRID K520 GPU), Microsoft Azure (using 4x K80 GPUs) or Cirrascale (“rent-a-
box”’). Comparison between the most popular Deep Learning frameworks have been presented
in Table 1.

Table 1. An overview of major artificial intelligence frameworks [94].

I S S Ty ey

Language C++, Python Python Python
Pretrained Yes ++ Yes ++ Yes (Lasagne) Inception
Multi-GPU Data Y Yes Yes Y
Parallel e (CUNN, DataParallelTable)  (Platoon) e
Multi-GPU Yes .
Model Parallel No (fbcunn, Model Parallel Experimental Yes (best)
Readable Source
++
Code Yes (C++1) Yes (Lua) No No
Good At RNN No Medicore Yes Yes (best)

Computationally expensive models can be handled by implementing low precision
weights. Since most models tolerate lower precision of 8 bits or less this approach allows up to
4x memory reduction and corresponding computational efficiency increase. Giant, highly
accurate models (or ensembles of models) can be processed into smaller, cheaper models to run
offline or on mobile with almost no accuracy decrease [95]. This approach is called quantization
[96].

Deep Learning frameworks require extensive work related to data preprocessing and
visualization. On their own, their capability is limited and other Python frameworks are often
utilized in the area of model development and collaboration (Jupyter, IPython), data
manipulation and preprocessing (NumPy, Pandas, SciPy, SymPy), data storage and retrieval
(HDF5, HDFS, SQLAlchemy, pyMySQL, PyTables, PyMongo), data visualization
(Matplotlib, Seaborn, Bokeh), data engineering (Airflow, Dask, Luigi), general ML and

postprocessing (Scikit-learn), natural language processing (NLTK, Pattern).
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In practice, specialized hardware is only a part of a neural network training/testing
pipeline. One of the larger problems with neural networks is reading large sets of data from the
hard drive, processing it through CPU (data fetching and augmenting) and ultimately store
calculations performed on GPU (forward and backward pass). One of the largest bottlenecks in
this process is CPU-HDD one. Hard disc drives (especially typically used 2.5’ HDD rather than
modern SSD drives) are slow to read from, this is why it is useful to preprocess (decompress)
input image set and store it as a raw byte stream (usually efficient database format like hd5),
preferably from faster SSD drives or RAM memory if possible.

While generally neural network training/testing/inference is sequential, there are many
parallelization techniques, which allow speed boost. Those usually consist of dividing tasks like
2D convolution into multiple partitions, processing different receptive areas on their own with
subsequent data combination techniques. Unfortunately, speed increase may not compensate
additional computation complexity required. Another parallelization method was utilized by
Alex Krizhevsky in 2012 AlexNet [33], which utilized two neural networks working in
conjunction on one input image. While that method has not been intrinsically used for parallel
processing (but rather to allow training a large network at once given limited GPU memory) it

can potentially be scaled on other tasks as well.

2.4. Artificial Neural Networks Overview

In general, the artificial neural network (ANN) works upon the concept of loss
minimization, usually defined using Softmax or SVM formulations [97] and has been recently
used for a wide variety of applications from mechanical engineering [98], aerospace
engineering [99] to robotics and control [100].

Avrtificial neural networks operate by stacking a set of simple perceptrons into a set
called neural network layer and then stacking multiple layers on top of each other to form
multilayer networks. Network parameters, weights and biases, are optimized in the neural
network model optimization process also called neural network training, which consists of 4
steps, looped iteratively until model convergence (the entire process can be easily implemented
with just 11 lines of Python+Numpy code [101]):

1. Forward propagation of processed input data also called feed forward or forward
propagation.
2. Error calculation (often called loss function for a single datapoint or cost function for the

entire batch).
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3. Back propagation of the weight derivatives with respect to calculated error.
4. Weight update based on calculated derivatives and learning rate.

A densely connected network, as shown in Figure 17, can be theoretically used for any
problem, but multiple extensions/combinations of neural networks offer superior performance
in different domains. This includes well-know applications of RNNs/LSTMs and CNNs as well
as more recent (2014) [102] architectures such Generative Adversarial Networks (GANSs) used
for image processing (including generation, image noise reduction and resolution enhancement

[103]), virtual reality systems [104] or even realistic motion generation [105].
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Figure 17. Overview of deep feed forward (DFF) neural network. Author’s own wortk.

Representation of the DFF neural network shown in Figure 17 gets extremely
complicated as the number of neurons and hidden layers grows. For simple ANNSs vectorized,
one-line representation of an entire network can be written (see Figure 17 for symbols
explanation) as follows:

yPred — p — 431 — a(WB]a(W[Z]a(W[ﬂX + b[ﬂ) + b[z]) + b[3]), (3)

Where o denotes activation function (traditionally sigmoid activation function, but any
activation function can be specified instead).

For larger networks that is not possible and biases used for nodal calculations are often
omitted and more general representation is preferable as shown in Figure 18. The depth of the
neural network is established by the amount of layers that have weights associated. In the
instance of Figure 18 the model could be defined as either 4 layers Neural Network or 3 hidden

layers Neural Network.
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Figure 18. Generalized representation of Deep Neural Network (DNN). Author’s own work.

This allows efficient feed forward computation to obtain scores. Those scores may be
scaled for a more efficient model training routine so that at the end of the training process low
scores are minimized and high scores are maximized—typically implemented using Softmax
formulation. Other loss functions include cross-entropy (binary and categorical), adversarial,
variational, maximum likelihood, sparse, L2, reinforcement-based.

Based on the computed loss a differential chain rule is applied across the computational
graph for each data batch to compute the nodal gradient of all parameters of the network [106],
using the intermediates computed in the feed forward process. For example, given the function
of:

FOXOW) = ((xq +wy) - ((rz - wa) + MAX (x3,%4))) - 3, ©

An illustration of this process has been presented in Figure 19.

1.0 30 Xinput — [X1s X5y X3, X4]T
Xinput [19 -1, -2, 4]T
W= [wy, w,]T

W=[2,-2]T

3.0 @ 90
p— P —
3.0 10

Figure 19. Graphical representation of backpropagation process. Author’s own work.

Up to 2006 deep neural networks (10 layers or more) were notoriously difficult to
converge while training the model from the beginning (initialization point). First successes in
the field are attributed to Hinton and Salakhutdinov [107], who trained all the layers separately

and only then applied backpropagation on the final, combined computation graph. However, it
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was not until 2010 [108] or even 2012 [36] that Deep Learning models surpassed any other

Machine Learning method such as SVM. Applied Deep Learning is a highly iterative and

empirical process with different process phases revisited and amended based on experience

with a given problem:

e Preprocessing, which includes input data preparation (data transformation, feature
engineering), model architecture set-up (number, type, relationship, activation function
type, biases in the layers), optimization algorithm routine (SGD, Momentum, NAG,
ADAM), weight initialization approach, regularization method used for each layer (L1, L2),

e Model generation and training, which includes gradient checking, model parameters (e.g.
learning rate) monitoring and adjustment, hyperparameter optimization, model ensemble
generation and stability monitoring (mainly for time series),

e Postprocessing, which includes model validation and visualization as well as model API
generation. Examples of model visualizations have been discussed and presented in

Appendix B.

One of the important reasons for preprocessing initial data transformation is to ensure
coherent activation function behavior. A neural network activation function is critical in
allowing the network to implement non-linearity into the model. Lack of non-linear activation
function in the output of the neural network would produce a linear combination of all the input
parameters, which would be simply a more complicated implementation of logistic regression.
Out of multiple non-linear activation functions (sigmoid, tanh [109], ReLU [35], Leaky ReL. U
[110], [111], Parametric ReLU, Exponential Linear Unit, Maxout “Neuron” [112]) mostly
sigmoid and ReLU are used today.

The sigmoid activation function shown in Figure 20 is historically most widely known
and used as an output layer for binary classification tasks with “a” representing an activation
node output and “A” representing activation layer output. A large advantage of sigmoid
activation function is the fact that ¢’ (a derivative of the function with respect to input
variable) can be efficiently computed as:

1

O-(Z) = 1+e—Z’ (5)

r e ”
O-(Z) - (1+e~%)2 ’ (6)
0y = 0 (1= 0(), )
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The sigmoid function itself is relatively expensive computationally and forces the output
within the range of (0, 1), which allows for efficient binary classification. Its biggest

disadvantage is that its gradient itself is prone to vanishing outside the range (-5, 5).
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Figure 20. [LEFT] Sigmoid and [RIGHT] tanh activation function definition and their derivatives. Author’s own work.

ReLU, as shown in Figure 20, is an example where simple non-linearity can ensure
high-level non-linearity of the entire model (with only minor correction for derivative at 0,
which can be hardcoded as either 1 or 0):

, 1ifz>0
Oiz) = {OifZSO' (8)

It was suggested for ANNs in general in 2000 and convolutional neural networks in
2012 [36], due to very easily computable derivative. In practice, it allows 6 times faster
convergence than sigmoid/tanh [36], but is susceptible to a high learning rate (non-activated
neurons will never be trained). This problem can be solved by initializing positive biases (e.g.
0.01).

The convergence of the model is primarily driven by the optimization algorithm itself.
The Deep Learning model, due to a large number of degrees of freedom, rarely falls within the
local optimum (usually for very small ANNSs) [113], [114]. In multidimensional space saddle-
like, local optimum points are much more common. More often the reoccurring driver of
convergence problems is an optimization space plateau. Plateau is a region, where the derivative
is close to O for a long time (typically driven by dataset rather than network architecture), which
can result in much longer calculation times. There is a number of algorithms allowing to adjust
the learning rate to counteract potential convergence challenges.

Loss function and model parameters (weights and biases) are updated based on the
optimization algorithm used. The most widely used optimization algorithm is Stochastic
Gradient Descent (SGD), which can be expanded by so-called Momentum update (to form an

algorithm called SGD+Momentum or Momentum) to accelerate convergence process.
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Additional expansion to Momentum routine is called Nesterov Momentum update (or Nesterov
Accelerated Gradient), which results in a faster theoretical and practical convergence rate.

Another update, which is common to see in practice, is AdaGrad. This algorithm adds
an additional divisor to SGD, which considers element-wise scaling of the gradient-based on
the historical sum of squares in each dimension [115]. This in turn was expanded upon by
Jeffrey Hinton [116] to create RMSProp update algorithm, which introduces a decay rate for
historical parameters. This means that the oldest historical changes impacting the convergence
will have little to no effect compared to recent updates.

The combination of RMSProp and Momentum update resulted in the creation of a new
algorithm called ADAM, proposed in 2014 [38]. It provides an optimization algorithm that can
handle sparse gradients on noisy problems, while being relatively easy to configure, especially
via Deep Learning frameworks such as TensorFlow and Keras. Its four, adjustable parameters
are learning rate (often referred to as a or step size), the exponential decay rate for the
first/second moment estimates (B1 and 2) and constant € (prevents division by zero). The value
of B2 should be set close to 1.0 on problems with a sparse gradient, which includes NLP and
computer vision problems. Tensorflow and Keras recommend learning rate of 0.001 (1 = 0.9,
B2=0.999 and ¢ = 1e-08) [117], [118].

Theoretically, model performance metrics such as accuracy could be used for
backpropagation and weight update, which would result in better interpretability of the neural
network training process. This is due to the fact that the current loss-based approach is
counterintuitive as the loss should generally go down so that model performance trends up. The
most important reason why loss function is used to optimize a Machine Learning algorithm
rather than a model metric is that most often metrics are discrete variables operating on a broad
range of possible label types. To allow versatility of the optimization techniques a continuous,
differentiable variable is needed, which will represent a discrepancy between target and
prediction hence the need for another parameter of loss. Unfortunately, this means that accuracy
can remain stable even if loss trends lower (as confidences may align differently, but argmax
based prediction remains unchanged) or accuracy can change significantly with just a small loss
change. That being said, the loss approach is very useful for handling unbalanced classes where
cat vs dogs classification accuracy may appear well done with 90% accuracy, but model value
drops if one takes into consideration that 90% of the dataset consists of cats and neural network
naively predicts the cat class exclusively. This type of situation will be easily detected if the

loss value is monitored during training.
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While loss and activation functions are critical components to ensure the non-linear
behavior of the model, one of the main reasons for a deep neural network’s poor performance
for a long time was lack of proper initialization. Improper weight initialization will extend
convergence time or even lead to a lack of convergence [119]. This is caused by the fact that
the corresponding backpropagation process may zero out nodes in the top layers, which—
through backpropagation—increases the effect throughout the entire network [120], [121].
While weight initialization is an active area of research [121] there are four methods typically
used in practice:

e initialize all weights as zeros (not recommended as it will result in gradient being the same
for all neurons),

e initialize all weights as small random numbers (i.e. Gaussian distribution with zero mean
and le-2 standard deviation). This works for small networks, but can lead to uneven
activation distribution over the layers of the network,

e use Xavier initialization [122], which implements an initialization strategy for gradient
scaling, where the weight random range is divided by a square root of inputs for a single
neuron. While this approach works fine for tanh activation function, with ReLU the
nonlinearity is broken and the approach does not work,

e use modified Xavier approach proposed by He [111], where an additional divisor of 2 is
added.

The problem of weight initialization is very important to prevent vanishing/exploding
gradient. Either Xavier or modified Xavier initialization method is recommended to ensure full
control of the variance of the initialized weight and subsequently more effective model training
routine. Weight initialization is not the only parameter critical to ensure model convergence.
One of the other major items on the list would be a learning rate.

Initial learning rate oo, as a hyperparameter, may be adjusted during the training process
itself (some optimization algorithms do that themselves). The four most popular methods for
doing so are:

1. Step decay, which is to decay the learning rate as a function of epochs (either parametrical
or hardcoded).

2. 1/t decay:

e 9)

a = ,
(1+k-t)
3. Exponential decay (most widely used):

a= ay-e (10)
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4. Decay as a function of other training parameters (loss/cost function etc.).

Where t usually designates model training iteration number and k is an adjustable
constant.

There are also other learning rate adjustment methods, which utilize optimization
curvature calculation and subsequent direct calculation of predicted gradient minimum. These
include quasi-Newton methods such as BFGS (Broyden—Fletcher—Goldfarb—Shanno
algorithm) [123] and L-BFGD (limited memory BFGS). L-BFGD works efficiently for full
batch calculations, but does not scale well to mini-batch applications [124].

For each iteration step, the technique called regularization will allow subsequent weight
distribution control across the training process, which prevents cost function from being over
constraint by forcing generalization for all nodes of all layers. This prevents overfitting to
training data (usually by discouraging model complexity in terms of high weight parameters)
and poor performance on the testing data.

The simplest regularization technique is early stopping, which is simply monitoring the
training process to pinpoint a specific moment when training performance keeps getting lower,
but testing (or more typically validation) set loss starts increasing. This can be used in
conjunction with other regularization methods, like a dropout.

Dropout [37] is the most widely used today regularization technique that allows
effective distribution of model generalization capability across entire networks by randomly
setting a predefined percentage of neurons to zero (by multiplying neuron set by a mask of
zeros) during the feed forward pass at training time [37], [125] and consequently in backward
pass/parameter update as shown in Figure 21. This ensures that network architecture has
sufficiently redundant representation in the remaining neurons to sufficiently represent a given
problem. Mathematical representation of this approach in feed forward training operation can

be written as follows:
yiH = f () = £ (w0 4 (), (11)

gl = 7l x ylt, (12)

Where rl'! represents a vector of independent Bernoulli random variables with
probability p of each equal to 1, function f designates activation function over given input and
operation x specifies Hadamard product of two vectors. As different neurons allow the
generalized representation of the task, the entire network trains itself to become an ensemble of
overlapping models, which works well with a mini-batch approach as it reduces resultant noise

coming from small batches of input data. The resultant network is effectively an averaging
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solution for all used mini-batches trained across the entire network architecture. Usually,
dropout rate 50% or p = 0.5 (can be adjusted for different layers) is used as it allows triggering
corresponding activation map calculation subroutines during training and test time. As all
neurons are active during test time the activations will need to be scaled up to compensate for

“new”” neurons.

Fully Connected Neural Network FC NN With Dropout Applied

Figure 21. Dropout application effect on fully connected neural network. Author’s own work.

Another regularization technique, batch normalization, ensures unit Gaussian
activations for the entire network. By improving the gradient flow across the network it allows
higher learning rates, while reducing the dependency on proper network initialization [126]. It
computes mean and variance for each dimension independently. It has been shown that batch
normalization will speed up the training routine [69] and allow for automatic control of weight
normalization of the model [127]. Its biggest drawback comes from additional computation
required (especially special routines to compensate for model corrections required).

ANNSs can also be represented in a vectorized format, to allow clarity of representation.
Vectorization of input data allows efficient computation across the entire training dataset, but
it comes with multiple drawbacks, mostly related to allocated memory size. For example, an
input dataset consisting of 51446 decompressed high-resolution images (in case of most
analysis performed in this thesis scaled input size of the images was 300x300%3) requires
allocation of 51446-300-300-3-8 bits or approximately 14 GB RAM for the input layers alone,
which is more than total of 11264 MB of GeForce GTX 1080 Ti allocable memory. Required
memory would in fact be significantly larger to calculate and then store all parameters,
activations and gradients for the neural network.
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This is why recently a new approach has been used so that rather than using the entire
dataset for optimization (batch gradient descent) or simply a single input value (stochastic
gradient descent) a small subset of the dataset is used. This technique is called mini-batch
gradient descent. In this approach ANN model samples (with no repetition) a specified number
of input data points every iteration to calculate activations, loss and gradients to update model
parameters per specified learning rate paradigm. This happens until all input dataset is
processed, which forms 1 epoch. The resultant training parameters such as total loss have high
variance than smoother full batch gradient descent, this is why smoothing routines such as
rolling average or exponential smoothing are used. The other benefit of the mini-batch approach
is the high potential for training parallelization both on a distributed system and single GPU,
which leads to significantly shorter training time.

Typically mini-batch size is picked as a power of 2 (usually 64, 128, 256, 512 etc.) to
trigger faster CPU/GPU/TPU processing routines, but in the case of large resolution images, it
is scaled to fit within GPU memory and still allow continuous non-throttled computation to

allow the model to reach its optimum state.

2.5. Image Recognition Overview

One of the most popular computer vision tasks includes image classification, image
classification with localization, object detection, instance segmentation, neural style transfer,
deep dream and—more recently—Generative Adversarial Networks (GANSs), which allow
class-based image generation, for—recently—even large scale resolutions [128]. A graphical
illustration of those problems has been presented in Figure 22.

Image Classification Image Classification Object Detection Instance Neural Style Transfer Deep Dream
& Localization Segmentation

.7 ’\\ -

Single class only Multiple classes allowed Semi-supervised image processing
Figure 22. Typical examples of CNN utilization. Author’s own work.

Image classification is the task of classifying an entire image in one of the predefined
classes depending on the image content. Within the last few decades, tremendous progress has
been made as far as OCR (Optical Character Recognition), fingerprint processing and face
recognition is concerned. This includes real-world automation like automating digitization of
Vatican Archive, where OCR technologies enabled 99.79% accuracy on MNIST dataset [129]
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(95% for real-world applications, mainly due to unpredictable nature of real-world datasets
[130]).

Classification tasks can be expanded with localization capability, where object position
is defined as object class along with its bounding box. This differs from object detection as the
latter allows for multiple detections of different classes for one image, while pure localization
allows only one detection for a single class. Localization capability can be trained as an
expansion of a classification network with additional regression overhead for bounding box
prediction with combined loss calculation for classification and regression problems. Rather
than training a new network from scratch transfer learning approach may be used, with
additional overheads added for different classes and/or detections (however with this approach
the number of total detections will be hardcoded as a predefined number of overheads). This
predefined head approach can also be used for human joint detection, with the number of joints
in the human body is assumed to be constant (this is not necessarily the case for handicapped
people or occluded images) [131].

Another approach to object localization is to utilize the sliding window approach,
similarly to the Haar Cascade routine. This assumes that classification and regression are run
across the width and height of the image with different window sizes to compensate for different
object scales with the final combined outcome. Even if the object is partially obscured the
convolutional neural network can provide partial insight onto its expected position (usually via
probability density fields as shown in Overfeat architecture [132]). In order to combine
detections from windows of different positions and size, a non-max suppression algorithm is
used. The algorithm discards all bounding boxes with detection confidences lower than the
predefined threshold (usually 0.6), then picks a box with larger detection confidence as a
leading item and finally discards all other bounding boxes based on the loU metric (defined
later in this chapter), typically with threshold of 0.5.

Object Detection is an expansion upon the classification and localization process, which
allows for variable number (multiple or no instances of any number of classes to be available
on the image) of detections for each of the classes specified. Advanced localization techniques
allow for such functionality, but with limited computational efficiency as the network has to
run at different scales across the entire image. The output of the neural network created for this
task is a set of bounding boxes for all predefined number of classes along with their detection
confidences (with the vast majority being close to zero) since the output of the one-hot encoded
classification task allows expressing the output as a probability of bounding box belonging to

a particular class.
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The object detection like approach can be also used for time depended recognition tasks,
including activity recognition. This includes subtasks like trajectory estimation, typically
evaluated frame by frame [133], [134], utilizing typical 2D image approaches like feature
detection and extraction running over a set of frames to form optical flow (to maintain temporal
coherence) and then using HOG/HOF/MBH based features. Since this approach was
computationally and performance-wise ineffective AlexNet type [33] convolution network has
been applied on a sliding window of 2D images forming spatio-temporal convolutional neural
networks to add motion-based information directly to the network [135]. This approach can be
expanded in time to form RNN like structures (typically LSTMs rather than vanilla RNNs are
typically used for this task), processing 3D convolutions of images over time [136]. The
temporal extent can be as long as needed (although it gets linearly increasing computationally)
as this approach only requires processing a set of 2D convolutions, rather than 3D ones [137].
The latest approaches utilize two stream 3D ConvNets trained on a large video dataset [138].

Older methods assumed that predefined image features were computed for the entire
image at different scales and scored across sub-windows to form an image pyramid with a final
score distributed across detections (Haar Cascades and Histogram of Oriented Gradients - HOG
[139] are good examples of such approach), which is actually a form of convolutional layers
(sliding window of different sizes run across the image).

This is why an idea was formed to implement that processes in a single network for
more efficient computation via a multitude of convolutional networks spread in different sizes
across the model. This approach utilizes a trained region proposal system (Region Proposal
Network or RPN), which predefines proposed regions as potential detection candidates [140].
One of the successful implementations of this idea is called region proposal convolutional
neural networks or R-CNNs [141], which can also be trained via transfer learning from
predefined classification networks. Ultimately binary Machine Learning models such as SVM
can be used to classify region features and merge them to form bounding box class result
proposals [142]. Specifically, R-CNN performs classification of regions one at the time and
provides the output in the form of a label (SVM based prediction for the proposed region) along
with its bounding box (from region proposal).

While this approach is easily distributed for more efficient training it is actually slow
during test time (and very inefficient memory-wise) as each region has to contain a
corresponding convolutional head itself. Furthermore, the final Machine Learning model
trained on model features does not allow effective backpropagation to allow convolutional layer

update. This is why another method, called Fast R-CNN has been proposed. Fast R-CNN allows
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for region proposal generation through sharing of convolutional layers between separate region
proposals for the image via sliding window routine effectively reducing the number of weights
and training pipeline complexity. This is one of the examples of end-to-end Deep Learning
networks, where all the intermediate mathematical operations are assumed to be automatically
learned by the network itself.

For “Fast R-CNN” network, once the region proposal has been obtained, it is projected
onto a convolutional feature map and divided into regions across height, width and across all
channels of the convolutional feature set. Then max pooling is applied to apply dimensionality
reduction for faster computation. This process is called a region of interest pooling. This allows
faster object detection routine, but the process requires that region proposals have already been
provided. In order to combine feature proposal generation with object detection routine in one
network “Faster R-CNN” has been proposed [143], which utilizes additional Region Proposal
Network (RPN) utilization after the last convolutional layer of object classification routine.
Further model extensions, like Mask R-CNN allow more efficient implementations of the R-
CNN approach, including segmentation [144] and joint position estimation.

This works by defining a square grid of translationally invariant anchors with each one
of them receiving regression based offset information on the object detection along with
classification provided probability of that detection. The anchor box algorithm does not handle
well more than two objects (center of position) in the same cell nor if there are two objects
associated with the same grid cell (both having the same anchor box cell). Preliminary anchor
box mesh consisted of a grid size of 19x19, but nowadays 90x90 grid cell is used, which means
that two objects overlapping each other may happen, but 3 or more are highly uncommon.
Usually, K-means algorithm is used for the determination of the best pick of the anchor boxes.
With one anchor box each object detection in the input image is assigned to a cell containing
detected object midpoint. With two anchor boxes, each object detection is assigned to a grid
cell containing the detected object midpoint and anchor box for a cell with the highest loU level
[145]. This effectively allows object detection without external region proposals. RPN is
followed by region of interest (ROI) pooling and bounding box regression similar to Fast R-
CNN [75]. This approach has allowed real-time object detection for low-resolution images
[145], [146].

Given predicted probability of anchor i being an object of pi, ground-truth label of pi,
parameterized coordinates of an object ti and its corresponding ground-truth ti* along with
normalization parameter Ncis (corresponding to mini-batch size, set to 256 in the paper), Noox

(corresponding to a number of anchor locations, set to 2400 in the paper) and 4 (balancing
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parameter, which ensures that losses are equally weighted, set to 10 in the paper) multi-task

loss function £ can be calculated:

L=L{p}+{t:}) = Los+ Lpox (13)

1 % A * %
L= EZiLcls(pi'pi) + mZiPi - LSOOt (¢ — 7)) (14)
Les(pipi) = —pilogp; — (1 —pi)log (1 —py) , (15)

Semantic segmentation is an image processing technique, which provides a label for
every pixel of the image with a label representing a class pixel belongs to. Instance
segmentation expands on that idea by providing—aside from a label-based class of the pixel—
additional information on the particular instance of the pixel (for example drone #1, drone #2
etc.). One of the most popular open-source datasets for these tasks is PASCAL and COCO.
Keypoint detection is related to semantic segmentation and instance segmentation as it provides
a predefined keypoint of the object (for example human joint set). Semantic segmentation can
in fact be extremely useful for medical diagnosis, specifically for tasks like biomedical image
diagnosis, including challenges like brain tumor segmentation (by processing CAT/RTG scans)
[147] and malaria infection detection (using segmentation of microscopic imagery) [148]. Both
semantic and instance segmentation work best by combining convolutional processes
(downsampling) with deconvolutional processes (upsampling):

e Pixelwise processing — assumes extracting subsample of the image as a patch, running it
through CNN network, classifying center pixel and repeating the process for every pixel.
This approach is computationally inefficient as receptive field computations are no shared
between overlapping patches [149], [150],

e CNN processing of entire image — train and run the input through CNN. The drawback of
this method is smaller output due to convolution and pooling layer processing,

e Multi-Scale [149] — it assumes resizing input image to multiple pipelines at multiple scales
then running CNN on every image, separately for each pipeline and upscaling the outputs,
concatenating them into a single network,

¢ Refinement technique [150] — this assumes that the same CNN weight is applied to acquire
the output labels and then the labels are refined using the same CNN once again on the
output. The process is repeated as needed effectively implementing RNN approach for
segmentation,

e Upsampling [151]. This method proposes a convolutional — deconvolutional neural network
with learnable upsampling for direct, upscaled pixelwise prediction.
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As mentioned before, instance segmentation builds on top of the semantic segmentation
task allowing simultaneous detection and segmentation [152]. Typical instance segmentation
methods consist of:

e Region proposal-based systems [153], which work similarly to R-CNN with general
proposal generation and subsequent segment proposal with feature extraction and
refinement. The refinement portion of the process is usually done using hypercolumns
[154], which extract process via convolution and eventually upsamples a set of RNN based
Image processing steps combined via sigmoid layer for classifier interpolation,

e Faster approach, similar to R-CNN process in nature, where Region Proposal Networks
(RPN) is the initial step for ROI warping, pooling and subsequent masking steps [152].

Neural style transfer [155] copies activations for all layers for a given image and target
image and optimizes loss function to ensure that the original image reflects activation from the
target one. It works by blending the content image with style image to create a generated image
representing a combination of two. It works by minimizing loss function over content and style
image (multiplied by user-defined weights) and backpropagating it through a randomly
generated image using the standard gradient descent method. The method works more
efficiently if additional regularization parameters are added for the loss function so as to
compensate for input noise/variation [156]. Recent practical application of this method allows
efficient and believable video-to-video synthesis, with an example being pose-to-body transfer
[157] and edge-to-face transfer [157]. Other applications include super-resolution (low
resolution to high-resolution image transformation), blurriness reduction (blurry to sharp image
transformation), synthetic image to the real image, thermal image to a color image, day to night
and summer to winter image translation.

While Neural Style Transfer is a valuable technigue (and is often used for image dataset
augmentation as discussed in Appendix A) this optimization process can be also used to modify
input images through the addition of optimized distortions in order to trigger specified
activation pattern, which will ensure high confidence detection of incorrect class. This process
can force any input image to be classified as any output class by creating a modified version of
the input image called adversarial example [102], [158]. This process has been successfully
demonstrated to be working on ImageNet dataset [159], randomly generated image noise [160]
and predefined image patterns [160], which may lead to detection system spoofing incidents or
even real-world adversarial example generation, where 3D objects can be shaped specifically

to fool neural network detection systems [161].
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In fact, this effect has also been demonstrated on other neural networks, linear classifiers
and even related Machine Learning algorithms like SVC with similar effectiveness, which was
a surprising discovery especially considering that from a human perspective there was little to
no change to the input image.

This adversarial example generation approach has been efficiently used in texture
synthesis to generate larger output based on small patch input, which has typically been done
one pixel at a time based on the nearest neighbors approach [162], but has recently been
implemented via CNN to generate completely new textures based on random noise generated
image [163] using gram matrix for intermittent loss computation. Combined texture synthesis
and feature inversion (reconstruction) techniques have been recently used to create high
resolution, high-quality neural style transfer images [164] by “Fast Style Transfer” technique.
Further work has shown that replacing batch normalization with instance normalization
improves the final results [165]. Additional quality increases can be obtained using conditional
instance normalization [166].

The extension of texture/pattern generation to create new images, similar to the original
class, is called generative models. This kind of model is capable of creating new samples from
the same distribution given the training data set. As those models are capable of semi-
supervised operation, they offer application opportunities not only for image generation, but
also for time-series, simulation and planning, including reinforcement learning applications.
The image generating models offer additional feature representation, which can be used to gain
insight into core learned neural network parameters. Generative models include
PixelRNN/CNN, variational autoencoders, Boltzmann machines, GSNs and GANs, with the
last showing the most potential and uses recently [102]. GANSs requires two trained networks,
a generator and a discriminator network. First one is trying to generate a best real-looking
image, while the second is trying to distinguish between real and fake images [167], [168].

Another emergent Deep Learning application is to automatically process point cloud
data (unordered sets) with spatial dependence (point clouds) and classify them. This represents
a typical self-driving car challenge, but is applicable in other fields as well, including automated
3D-based localization of objects in the agent’s environment. One of the intermediate steps to
achieve that is to process a single RGB image into depth-wise estimation using techniques like
fast depth [169], which combines trained autoencoder with deconvolution to acquire a dense
depth map from the input RGB image. These tasks usually represent building blocks for

autonomous navigation typically associated with self-driving cars, but it can also be expanded
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to an end-to-end approach, where a neural network is trained directly on a given dataset to
directly output navigational patterns [170].

A more unconventional example of convolutional neural network processing is graph-
based approach in a form of Graph Convolutional Networks (GCNs), which offer semi-
supervised training process operation and smaller domain datasets needed [171], [172].

Historically, image recognition heavily relied not directly on the pixels themselves but
on the task-specific features extracted from the photograph (such as HUE intensity [173],
HOGI/SIFT features [174], [175], GIST [176], LBP [177], Textron [178], SSIM, etc.), which
were then stored as a feature vector and finally compared with other pictures in high
dimensional hyperspace, dimensions usually representing statistical descriptions of the feature
vectors to be further processed by Machine Learning methods, as shown in Figure 23. These
algorithms include Support Vector Machine (SVM), Hidden Markov Models (HMM), Principal
Component Analysis (PCA), Linear Discriminant Analysis (LDA), but the biggest challenge
was to create a system, which would allow object detection in any object condition and

background.
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Figure 23. Historical representation of object detection. Author’s own wortk.
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Hierarchical representation of the problem is one of the methods allowing successful
mitigation of challenges faced by any image processing system. The primary challenges
include:
¢ Viewpoint variation (camera focal properties variation), which include size/scale variation,

rotation/inclination variation, position variation, pose variation,
o Object variation (intra-class variation), such as object color/shape/size variation and object
deformation— different dog breads, different drone models,
¢ Illumination (including shading), reflections, shadows, atmospheric effects (hot gases,
natural convection, rain, snow, haze, fog, etc.),
e Occlusion and background clutter.
Image classification starts with collecting image and label dataset, then using a Machine
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Learning algorithm to train it. After that, the algorithm may be tuned on the separate dataset to
achieve optimum performance, after which it is processed through the test dataset to establish
a final model score.

In general, Machine Learning often requires input data to be preprocessed. However,
for images, either data preprocessing is omitted or the mean throughout each pixel channel is
subtracted from the input image dataset. This so-called data normalization process ensures that
every used feature has the same initial power given the dataset in question, usually by scaling
it. Typically, different features have different ranges, which may cause a neural network to
optimize for unrealistic weights, which would ultimately lead to overfitting and poor testing
performance.

As images typically contain 3 channel pixel values p ranging from 0 to 255, the need
for image data normalization is not as great as for other tasks. However, in order to make sure
that no particular pixel channel p. dominates over others normalization preprocessing is still
recommended. Normalization layer output n can be obtained using mean p over the given image
and/or based standard deviation ¢ of the dataset. Typical preprocessing steps for images are:

- Subtract the mean image (e.g., AlexNet) — most widely used,
n=p—ulp), (16)
- Subtract per-channel mean (e.g., VGGNet [71], [72]),

Ne = Pe = Hc(Pe, (17
- Variance normalization or PCA (relatively uncommon),
_ p—u®)
RO (18)

- Historically whitening was applied— little effect on the overall performance of the model.

Image recognition represents a wide range of tasks, which includes object detection.
Typically, object detection consists of multiple classes, but for specialized applications binary
object detection can be used as well. Successful legacy methods have utilized predefined image
features, while modern approaches allow CNNs to automatically engineer image features to
minimize loss function and—ultimately—detection accuracy. Modern object detection models
can be divided into two categories—single stage detector (such as MobileNet v1 and v2) with
CNN directly learning to provide accuracy box-wise output, and two-stage detector, which first
utilized region proposal network and then additional layers on top of it to disregard incorrect
and overlapping detections and to combine proposals into a set of predictions (such as Faster
R-CNN). The difference between those two approaches is not yet fully analyzed, specifically
on a single class tasks like UAV detection and is one of the items researched within this thesis.
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All object detection models have to consider image imperfections such as viewpoint and object
variation, which usually require large and diversified datasets. In order to achieve higher model

accuracy image normalization can be used.

2.6. Haar Cascade Algorithm

The technology enabling the use of optical systems in practical applications has been
emerging in the last two decades with significant progress made in the area of image
recognition. One of the primary examples of a successful, industrialized approach utilized the
highly popular computer vision technology of Haar Cascades. The technology was proposed
by Paul Viola and Michael Jones in 2001 [179] (hence Haar Cascade based detection algorithm
is also often referred to as Viola-Jones algorithm or Viola-Jones approach), based on work by
Papageorgiou et al. (1998) [180], although the algorithm itself can be traced back to 1973 [181]
or back to the original formulation of mathematical wavelet function by Alfréd Haar [182],
which is the source for the name of the algorithm.

Through the last two decades, the technology has been used preliminarily for face
detection in multiple appliances, such as hand cameras (Fuji camera in 2006 [183]), cell phones,
image processing software, social media, etc., as high computation requirements during the
training phase are compensated by extremely lightweight and effective solution, usually
illumination invariant [184]. The most popular open-source library to this day is Intel face
recognition Haar Cascades set [185]. Cascade set was created and used to recognize human
faces and face elements (eyes, mouth, etc.) on the picture frames. Multiple other cascades exist
for everyday items such as household appliances, vehicles [186], medical applications [187],
industrial applications [188], general-purpose detection [189] and for object tracking [190].

The Author did not manage to obtain Drone Haar Cascade for the detection of
Unmanned Aerial Vehicle (UAV), especially in an urban environments. To the author’s best
knowledge, such Haar Cascades are not available. As such, the primary course of action in the
thesis was to create a custom Haar cascade for real-time applications with variable resolution
cameras and edge devices.

Haar features are simple pixelwise relations between adjacent pixels, which form
a predefined shape as shown in Figure 24. Viola and Jones proposed an integral image method
to rapidly calculate Haar-like feature value [179]. These Haar-wavelet-like features are
computed by adding the grayscaled sum of light regions pixel values and subtracting it from

the sum of pixel values in the dark regions.
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Figure 24. Overview of Haar Features. Author’s own work expanded upon available literature [179], [191], [192].

Considering all combinations of light and dark regions and all three types of feature
combinations, for the given base resolution of 24x24, the set of resultant rectangle features will
consist of approximately 160,000 combinations, which is why additional data preprocessing is
required to accelerate images processing tasks. Examples of trained Haar features utilized in

object detection have been presented in Figure 25.

Figure 25. [RIGHT] Haar feature extraction (stage 15/23) based on the trained Haar Cascade (1500 positives and 1000
negatives) and [LEFT] drone image [193]. Author’s own work.

Haar Cascade works by representing grayscale input image as integral value sum,
computed by adding cumulative row sum (including reference pixel value) to column
cumulative sum (excluding reference pixel value) as shown in Figure 26. The image is then
screened through a sliding window processing image patch at a time, with its pixelwise
representation recalculated into an integer represented image to accelerate the computation

process.
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 —

1(2(5|2|8(7[2]2 1(2(5]|2 1(3]8]10
3(3(3[6|6]|5]|7]|2 313(3](6 4 | 8 |14 ]17
4(9|6(6|2|6[|1|0 41916 6»818 27 | 31
5112 (7|1|(9(|7]|0 SRR |N25 57 13|20 |22 |29
2|6(9|3[6|8|5]|7 (x.y)
5(4(3[|6|2|4|1|4

312(5(7|3|5|3|8

117|14(3[9(3]9]3

Figure 26. Example of input image processing to obtain integral based image representation. Author’s own work.

A major advantage of this approach is that the integral representation of the analyzed
image (either the entire image or its sub-window) allows computation of each rectangular sum
within an image as demonstrated in Figure 27. Haar detector scans input image at multiple
scales, starting with a base size (specified by the user in the training phase, usually 24x24
pixels) and increasing the size of the window by a factor of 1.25. The size of the window is
increased up to 12 times or to fit the entire baseline frame. The sliding frame is converted into
integral and “boxlet” image representation, later used to fit within predefined Haar features. At
that point, only remaining features are the ones determined to be the most efficient based on the
training process. This is followed by a detection phase, where the sub-window is processed via

AdaBoost classifier to determine the object in question from its background.
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Figure 27. “Boxlet” image representation as a way to accelerate image processing. Author’s own work.

Haar cascades utilize a variant of the AdaBoost Machine Learning algorithm to boost
the performance of the algorithm. It works by combining a collection of noteworthy classifiers
(called “weak” classifiers) to form an effective high accuracy classifier (called “strong”
classifier). A feature is considered acceptable if its performance is better than naive guess (more
than 50%). Each classifier is given appropriate weight with a linear combination of all weak
classifiers resulting in a strong classifier:

Lif arhy () + - + anhp (%) = 5 (@ + - + ) (19)
0 otherwise

H(x) ={

in which H(x) and h(x) denote the function of strong and weak classifiers, respectively.
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Classifiers are called to solve a sequence of learning problems, which allows an
exponential decrease of training error with an increase in a number of stages used, while
maintaining high generalization capability. The final, strong, classifier represents a weighted
combination of week classifiers followed by a threshold. The best analogy is an ensemble
Machine Learning algorithm called decision forest, which utilizes simple decision nodes (called
“trees”) in larger numbers to achieve both high accuracy and generalization capability.

The detection phase of the algorithm utilizes multiple stages with a separately trained
AdaBoost classifier, which disregards the majority of sub-windows as negatives in the first
stages. Trained AdaBoost threshold ensures a high detection rate (usually driven by low
threshold values), which also result in a high false positive rate. Positive evaluation by one
cascade triggers evaluation by the next one in line, proceeding up to the highest stage (the
number of stages is predefined by the user in the training stage, although the completed detector
can be retrained for a larger number of detection stages). For more complicated detection
problems a higher number of training stages is used (usually more than 20, Viola Jones used 38
[194]). Negative evaluation results in rejection of the sub-window as shown in Figure 28. If the

specific area was marked as an object a sufficient number of times, it is considered the object

in question.
Input Image All detector stages
¥ Yes Yes
eee
Grayscale _—
Image
No No No
Sliding Window Sliding Window
Rejected Contains Object In

Question
Figure 28. Detection cascade evaluation process. Author’s own work.

Haar Cascade represented the first computer vision algorithm that could be efficiently
industrialized in mobile devices in real-time. Before that computer vision algorithms were
difficult to industrialize due to their low performance and computational requirements
exceeding acceptable limits.

Viola and Jones managed to train and test their face detection algorithm on 4916
positives and 10000 negatives (for the first stage) on a 700 MHz Pentium 111 processor. The
face detector process of a 384 by 288 pixel image took approximately 0.067 seconds, resulting

in 15 frames per second (FPS) detection rate.
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Other implementations of Haar Cascade consider the detection of automobiles,
buildings, pedestrians, or even image segmentation. An example of UAV mounted system

utilization with Haar cascade detection of the automobiles, has been presented in Figure 29.

Figure 29. Example of Haar Cascade utilization on UAVS, in this instance for vehicle detection [195].

Generally, Haar Cascades can be applied to any object of any shape and form. A

summary of a range of object detection task precision has been shown in Figure 30.
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Figure 30. Haar Cascade performance on different applications [196] based on Caltech 101 dataset [197].

The most popular programming framework used to train Haar Cascades is Open CV
(Open Computer Vision). It is an open-source computer vision library developed in C++ with
C interface, binding in Python, Java and MATLAB/OCTAVE and wrappers for other computer
programming languages such as C#, Perl, Ch, Haskell and Ruby.

Viola-Jones algorithm has been patented in the USA and Japan [194], hindering
commercial utilization of the algorithm. The OpenCV implementation of the algorithm (used
in this thesis) added two new types of features and removed radial features (replacing them with
center-surround features as shown in Figure 31. Each weak learner has then been transformed
into a tree [198], which created an entirely new algorithm, also based on Haar features, but
widely available under OpenCV BSD license [199].
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Figure 31. Haar feature set utilized in OpenCV implementation of Haar Cascade algorithm [200].

Haar cascade training requires a set of positive (containing object to be detected) and
negative (does not contain the object in question) images. Once both sets are provided, cascade
training begins and consists of 5 steps. Note that, as described in Chapter Haar Cascade
Experiments, where classifier results have been presented, with all experiments heavily
automated to ensure consistency and repeatability:

e Collecting positive and negative training images for a given experiment,

e Marking the position of an object of interest (drone) on the positive picture,
e Creating a vector file (.vec) based on positive images,

e Training the classifier,

¢ Running and validating a classifier.

2018 OpenCV Haar Cascade implementation offers additional utilization of LBP
instead of Haar-Like features. LBP stands for Local Binary Patters, which is another OpenCV
feature type or rather, a texture descriptor, introduced in 2002 [201]. It is based on local binary
patterns in the pixelwise representations of the grayscaled image [202]. The paradigm of the
LBP pattern is to threshold adjacent pixel cells (usually 3x3 box) by analyzed pixel, binary
labeling the output, converting the binary output into a binary number, and finally converting

binary number back to decimal for thresholding as shown in Figure 32.
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Figure 32. Example of Local Binary Patterns (LBP) in feature extraction. Author’s own work.

LBP approach, such as Multi-Block LBP proposed by Li et al. [203], has shown to be
computationally more efficient in detecting specific features than Haar cascade with shorter
training time and robustness to local illumination changes and partial visibility effects.
However, it is less accurate than the Haar cascade mainly due to an increase in false positive
rate. On the other hand, the Haar cascade has higher detection accuracy with a lower false
positive rate, however, it is computationally expensive to train and run. It is also more likely to

fail in difficult lightning conditions and is more prone to occlusion.

2.7. Deep Learning Based Detection

2.7.1. Convolution Overview

For the purposes of computer vision, ANNSs typically utilize a combination of
Convolutional Neural Networks (CNNs) and Fully Connected Layers (FCs). CNNs have
proven to be an effective modeling solution for applications ranging from computer vision
(image classification, object detection, neural style transfer) [204], [205], cybersecurity [206],
time-series processing [207], fluid mechanics [208] and general physics challenges [209].

Since computer vision-based tasks aim to process input RGB images, the typical
connectivity pattern of fully connected layers may not be optimal since RGB 200x200 image
would consist of approximately 3x200x200 or 120,000 weights for a single perceptron.
Assuming that each of these weights would be encoded with 64 bit float this results in a total
of 1 MB memory requirement for single neuron cell. This is why different connectivity patterns
should be considered aside from fully connected neurons. This includes convolutional, dilated,
recurrent, recursive, skip/residual, random and others.

For purposes of computer vision, ANNs almost always utilize a combination of
Convolutional Neural Networks (CNNs). The name convolution comes from the signal
processing discipline as the convolutional layer output is an element-wise multiplication and
sum of a filter and input signal (image). Convolutional Neural Network takes its name from the

application of convolutional kernels over the input image. The kernel slides vertically and
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horizontally over a receptive field in order to calculate parameters for the activation/feature
map. With additional constant of bias and a set of activation functions, batch normalization
and/or regularization routines this results in a creation of a set of activation maps and ultimately
convolution block as shown in Figure 33. Typically, more than one convolutional kernel/filter

IS used to create activation maps.
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Figure 33. Convolutional filter/kernel behavior and activation map generation. Author’s own work.

Hidden layer inputs from the given patch are multiplied by a corresponding filter cell
value and summed together. Bias is then added to each sum on a broadcasting basis. Finally,
the output is processed through an activation function. For kernel size of nyxnw (or 3x3 as in
the graphical examples) and input window size of pxq (or 6x6 as in the graphical examples)

the output matrix can be computed as:

Ypq = Zith 2?2/1:3 Wi jXitp,j+qr (20)
Z =yl iy Wty 4 b, 1)
A= Z?;THHZ?:_IIWH ReLU(Zy,q), (22)

Mathematically, 1D discrete convolution representation of vector f convoluted across
kernel g of a size m can be expressed as:
(f*)@) =X fG—j+m/2)-g(), (23)
Where i designates i position in the output vector. It can be expanded and written in
terms of matrix multiplication (kernel size = 1x3, stride =1, padding =0), as shown in
Figure 34.
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Figure 34. Convolution operation on 1D vector and single filter. Author’s own work.

1D convolutions can be efficiently used for image processing as well as Natural
Language Processing (NLP) [210]. While typically filer width is equal to filter height (filter
depth depends on the given problem, for RGB images at input layer it is 3) wide convolutions
are possible and were successfully implemented for NLP problems [210], [211]. However,
CNN application is almost always used for image processing.

Since the ultimate goal of image processing is automated detection of multiple features
(vertical edges, horizontal edges, 45 degree edges, etc.) multiple convolutional filters and their
corresponding activation maps need to be created for a single layer. Then, multiple layers are
stacked on top of each other and finalized using a fully connected layer set to form a full
Convolutional Neural Network (CNN).

Representation presented in Figure 33 has a distinctive drawback as it prevents the
network from using the data on the edge of the image. Furthermore, the resultant activation map
will always have a smaller size than input image resulting in data loss. To prevent that, padding
may be added as shown in Figure 35. The padding adds an additional outer dimension to the
matrix filled with zeros. This allows the network to offset the negative impact of the kernel/filter

and to utilize entire the image matrix (including outer edges).
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Figure 35. Impact of padding to the original matrix. Author’s own work.

Padding p=1 convoluted with 2x2 kernel will result in an activation map of the size of
the original image. Correspondingly padding p=2 will do the same for 3x3 kernel. This type of
convolution is called “same” convolution, while convolution, which results in activation map

size smaller than the original image is called “valid” convolution.
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Stride is an additional modification, which can be added to the convolution process.
Strides apply horizontal and vertical omission of a specified number of matrix elements as
shown in Figure 36. As typically used stride of 1 may result in high computational cost, stride
2 or more may be used as a form of dimensionality reduction [71], [212]. Unfortunately, larger

strides will result in features/objects being lost. The end effect is dimensionality reduction for

the model.
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Figure 36. Definition of stride in convolution neural network. Author’s own work.

Another dimensionality reduction technique is pooling. The pooling layer divides the
input into a set of small subsets (typically 2x2, which directly correspond to pooling size used),
as shown in Figure 37. Typically, one of two pooling routines is used — max pooling and
average pooling with max pooling used predominantly. The physical interpretation behind max
pooling is to allow dimensionality reduction and at the same time enhance the most powerful
features (in this instance pixels with the largest value), similar to strided convolutions [213]. As
pooling layer has no trainable parameter it is a fixed function and is not updated during
backpropagation process. Historically pooling layer has been often used for computational
purposes, but recently the trend is to use other techniques to reduce their operation in the neural

networks or remove them altogether.

Input Grayscale Image 2x2 Pooling
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Figure 37. Definition of pooling in convolution neural network. Author’s own work.

76



In order to detect multiple features (vertical edges, horizontal edges, 45 degree edges,
etc.) more convolutional activation maps are needed. This means that a set of filleters/kernels
is more favorable to a single one. A few first stages of the example process like this have been
presented in Figure 38. In this example width of the input image is the same as its height. This
Is often the case for a neural network input images. If the input image does not have that
property it is typically rescaled.

CIFAR Image B d 5 2
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Figure 38. Weights/biases/activation function and a set of activation maps forming convolution block. Author’s own work.

The final obtained pool layer is not directly used to provide output to the neural network,
but instead, it is flattened, which means it is converted into a large, directly connected layer (as

if every single activation map cell was a predefined input) as shown in Figure 39.

Pool Fully Connected  Fully Connected  Softmax Output
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Figure 39. Pool Layer transfer into Fully Connected Layer. Author’s own work.

Convolution processes form a receptive field, which is a pixelwise region of an image
that takes part in the convolution process. Those fields ensure spatial invariance through the
automatic learning process of feature maps, which allow activation for a given pattern of pixels.
Those feature maps can be stacked to form feature volume, also called a convolutional layer.
This means that receptive fields are build up with successive convolutions. This is why deeper
convolutional neural networks have generally shown better generalization capability than
shallower networks. Receptive fields made from larger filters could increase receptive field, but
their utilization is computationally more expensive. To prevent this, large sets (also called

stacks or modules) of 3x3 layers (or even sets of 1x1, 3x3 and 1x1 layers) have been recently
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used in object classification [73]. 1x1 convolution, while does not provide any value-added for
the receptive field, allows a depth-wise processing of the input layer with no dimensional
change of width/height of the input image. This has been presented in Figure 40.

Input Color (RGB) Image 9 Filters - 1x1x3 each 9 Activation Maps

Figure 40. 1x1 convolution applied on the example RGB image. Author’s own work.

Convolution, pooling, strides, padding and other operations form a fully convolutional
network, which subsamples input image to form partial receptive fields, automatically extract
features to match the resulted outcome, without the explicit need for developer action

(developer does not hardcode kernels). A simplified process has been shown in Figure 41.
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Figure 41. Simplified convolutional neural network based object detection. Author’s own wortk.
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A reverse convolution process, a technique used to upsample images embedded in high-
level space, is called deconvolution (also called inverse convolution, transposed convolution,
convolution transpose, backward strided convolution, % strided convolution, upconvolution)
and allows mapping layer activations back to the original input. This effectively enables image-

wise operation such as denoising or semantic/instance segmentation as shown in Figure 42.
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Figure 42. Deconvolution process overview. Author’s own work.

It requires reversing of the pooling process (unpooling), which is then followed by
convolutions upon unpooled maps (based on the filters from the original convolutional neural
network). Traditional unpooling typically utilized ‘“Nearest Neighbor” or “Bed of Nails”
approach for image reconstruction. “Nearest Neighbor” simply broadcast the initial pool area
(usually 2x2) value from the original patch onto the unpooled patch, on which “Bed of Nails”
only retained one single value in one of the cells of the unpooled patch (typically upper left

corner). This approach has been presented in Figure 43.

Nearest Neighbor Bed of Nails
Initial Image Reconstructed | | ppitial Image Reconstructed
Feature Map Feature Map
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Figure 43. “Nearest Neighbor” and “Bed of Nails” approach to unpooling. Author’s own work.

While two unpooling methods mentioned above result in successful image
reconstruction, recently a more efficient method has been introduced, generally called “guided”
unpooling. In this instance max pooling—max unpooling process works by retaining positional
information on the decoder side. Neural network stores information on the spatial position of
the corresponding max cell and uses it for unpooling operation. Typically, the remainder of the

cell in the unpooled input is filled with zeros. This process has been presented in Figure 44.

Feature Map Max Pool  Max Locations Initial Image Fealt)zstleeltlflap lii‘eecaotlllliter;;;epd
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Figure 44. “Guided” unpooling approach visualization. Author’s own work.
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The deconvolution process itself works similarly to legacy convolution with large
paddings to subsequently restore original image dimensions [214]. The input image of a smaller
scale is padded and then processed through a learnable set of filters to receive a larger scale
output as shown in Figure 45. The overlap area resultant from input image processing is
summed [215].

3x3 Input Image + padding=2 Filter Activation Map
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Figure 45. Padding based image size restoration. Author’s own work.

Input data preparation is one of the most expensive and time-consuming tasks, mainly
due to the cost of acquisition. To reduce the need for data, different techniques are used. For
the purpose of this thesis, two of them—data augmentation and transfer learning—shall be
discussed.

2.7.2. Transfer Learning

While CNN, ADAM, Dropout, ReLU and a wide range of other Deep Learning
techniques allow successful convergence of even large, multilayer networks, the process
requires large datasets, parallelly connected hardware with a large processing capability and
usually few months to properly train. To reduce computational time and resources required an
increasingly popular technique is used, which assumes utilization of available models as an
initialization point much closer to the end result. This technique, which ultimately leads to
quicker and much stable model convergence, is called transfer learning.

Transfer learning can be utilized in multiple ways to either fine-tune the last model layer
(in case of a small dataset), the last few model layers (in case of moderate size dataset), or the
entire model (in case of a large dataset to accelerate model convergence) depending on available

resources (computational power, training time, model size) as shown in Figure 46.
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Figure 46. Transfer learning layer freeze comparison for different sizes of sample dataset. Author’s own work.

It is a widely used technique and allows the generation of new detection models through
a frame of increasing generality. Typically, the learning rate used during the fine-tuning is lower
than during the original problem model training process. Pretrained weight modification in
predefined layers is called fine-tuning as the vast majority of layer neurons reflect general vision
problems such as edge detections etc. and old high level/last layers represent
generalization/abstraction of one specified problem. In this scenario, precomputed weights
would be treated as new network initialization parameters.

The application of transfer learning for image processing tasks has been presented in
Figure 47. It allows utilization of large, readily available datasets (ImageNet, common objects,
vehicles, plants, people, etc.) and/or commercially available, free of charge models and
software (COCO, AlexNet, VGGNet, Tensorflow Object Detection API).

Fully Connected Layer
> » Image Classification

Fully Connected Layer x2 . L
> »Image Detection & Localization

Fully Connected Layer
> > Reinforcement Learning

E[::l Convolution Layers ‘ Object Detection
>

t " Dense Image Captioning
Deconvolution Layers j
>

» Image Segmentation

Feature Deconvolution Layers X .
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Recurrent Neural Network " "i‘
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Figure 47. Transfer learning for image processing tasks. Author’s own work.

Typically used based networks include: MobileNet v1/v2 [216], VGG16, ResNet-101,
Inception V2 [126], Inception V3 [217], Inception V4 and Inception-ResNet [74]. The general
approach is that SSD Faster R-CNN/R-FCN based approaches are slower and more accurate
while SSD approaches are faster and not as accurate.

As shown in Figure 47, convolution layers along with fully connected layers represent
the basic building block for a vast majority of NN applications. The model can be fine-tuned
for different tasks by adjusting the final layers of the models and by concatenating it with other
architectures. Basic image classification NN will simply concatenate fully connected layers
(with the final Softmax layer) for final classification. Other tasks will require different

architectures, but will rely on the same “core” classification network.
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Another popular technique for reducing the need for a large training set is dataset

augmentation. It has been discussed in depth in Appendix A.

2.8. Evaluation Metrics

In general, artificial intelligence, Machine Learning, and—more recently—Deep
Learning aims to solve the regression problem, the classification problem, or a combination of
both. For the problem of classification, a typical validation metric is derived from the confusion
matrix, which represents a comparison between true and predictive conditions. For a single
class classification problem it can be represented by a 2x2 solution matrix with supplementary
metrics [218], [219] as shown in Figure 48.

Incorrect detection is called “False positive” or “Type I error”. Lack of detection on
a frame with an object on the frame is called “False Negative” or “Type II error”. These two
possibilities, in conjunction with true positive and true negative combinations, form a full

confusion matrix for binary detection problem as shown in Figure 48.
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Figure 48. The confusion matrix. Author’s own work based on available literature [218].

For ease of comparing different models, evaluation metrics can be computed as a

combination of confusion matrix elements [219]:

Y. True Positive+) True Negative
Accuracy = 29 , (24)
Y. Total Population
. . > True Positive
Precision = 25
Y True Positive+Y, False Positive ' ( )
True Positive
Recall = 2 (26)

Y True Positive+Y. False Negative '
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> True Negative

Specificity = (27)

Y True Negative+Y, False Positive '

: (28)

> False Positive

FallOut =

Y. False Positive+), True Negative

F1 . 2:Y True Positive (29)

- 2-Y True Positive+Y False Positive+Y False Negative '

S TP-Y.TN-Y FP-Y FN

Mee = JETP+YFP)-(NTP+XY FN)- (X TN+Y FP)- (X TN+Y,FN) '’

(30)

The metric used in the final evaluation varies depending on the application. For
classification problem represented by UAV detection, the metrics listed above are commonly
used. For regression based tasks, like time series forecasting (including predictive
maintenance), other scores like R2 score, MSE, MAPE, MAE and MPE are typically used.

For UAV detection the model should be both able to detect drones when they appear
(maximize the number of true positives and precision) and be robust enough to rarely detect
drones when they do not appear (minimize the number of false positives and fallout). If the end-
users are interested in one single value combining those two requirements, then the accuracy
and F1 score are typically the recommended option as they represent a single metric estimator.
In the case of unbalanced classes, another useful metric is the Matthews Correlation Coefficient
(MCC), which is specifically designed for binary classification [220].

With ground truth provided by labeled images and detections established by the
detection model, it was necessary to establish an acceptance value for the overlap of those two
boxes. This threshold, called Intersection over Union or loU (also called Jaccard similarity or
Jaccard similarity index) defines the proportions of bounding box intersection and area of their
union as shown in Figure 49. It can be calculated by first determining the intersection are
between two boxes, then calculating the total area of the resulting figure (union), and finally by
dividing one by another. Typically, only loU values above the 0.50 threshold are declared true
positive. Higher loU levels are not recommended for large distance object detection as small
pixel changes would result in a large impact on the loU parameter due to the small pixelwise
area of the ground truth object. For values below 0.50 (or 50%) incorrect detection is both
deemed false positive and the ground truth is treated as a false negative, which is an approach

used in calculating metrics for this thesis.
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Figure 49. loU metric visualization. Author’s own work.

For models providing detection confidence, different confusion matrices and—by
extension—final metrics like precision, recall and fall-out will be obtained. In order to measure
the model’s performance across different detection confidences, Receiver Operating
Characteristic (ROC) and the Precision-Recall curve are created, to visualize these phenomena.

The area under the ROC curve (between 0 and 1), is a one-value metric called Area
Under Curve (or AUC/AuUC). For multiclass problems, with p is the precision and r is the recall
Average Precision is averaged across classes to calculate the mean Average Precision (mAP).

mAP = folp(r)dr (31)

In the analyzed problem of single (binary) class detection, mAP and AP will be equal
and will be used interchangeably. The example of these metrics, obtained during the analysis
presented further in the thesis, is shown in Figure 50. The data points were established by 117
individual results aggregations performed for model confidence ranging from 0 to 100% (with

a 0.1% fine grain step for ranges of 0-10% and 99-100%).
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Figure 50. [LEFT] ROC curve, [RIGHT] Precision-Recall example on 892127 MobileNet v1 model. Author’s own work.
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3. Dataset Generation

In this chapter dataset acquisition method is introduced along with the resultant drone
detection dataset. The novelty of the method comes from the potential of early training/testing
dataset stage capitalization, which can be easily leveraged to other applications.

The growing interest in advanced Machine Learning and Deep Learning application is
suffering from the lack of filtered data. Its scarcity has proven to be a large barrier for the
majority of Al-powered businesses [42]. While the internet offers an abundance of unstructured,
unsorted data, creating a database sufficient for service or product generation is a challenge on
its own. Usually, database generation is a time-consuming task and a serious problem, typically
requiring a lot of resources to generate.

Image processing systems are a typical example of this problem. While getting hundreds
of images of the object in question is feasible, the accuracy of the model usually increases with
the size of the available dataset (as shown later in this thesis). This means that a typical image
classification system will require thousands of pictures for full commercialization.

A partial solution to this problem is the Minimum Viable Product service. This approach
assumes that a primitive version of the product will be created based on easily available data.
This product will be then offered free of charge (or in a freemium business model). At the same
time, the user will be asked/forced to rate model results for the provided input data, which in
turn will generate new labeled data later used to retrain the model on a new dataset and to
increase its accuracy. The final, fully trained model, can then be offered to paying customers

thereby creating an end product as shown in Figure 51.

Figure 51. Continuous cycle of data model improvement. Author’s own work.
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This approach suffers from a lack of an available trainable model in the early stages of
the cycle. By devising and using a new method of approach, proposed in this chapter, utilization
of even a very small dataset is enabled, which can then be turned into an early working product
and/or can support further data acquisition process. This original approach can be used in

conjunction with typical transfer learning and data augmentation pipeline.

3.1. Dataset Preparation Process Overview

In order to obtain meaningful performance results train and test set need to reflect data
expected in the deployment phase of the project. At the same time, the test set needs to be large
enough to give high confidence in the overall performance of the system.

For the purpose of object detection, a large dataset of images containing the target class
(called positive images or positives) needed to be gathered. Older implementations of Haar
Cascades also required a predefined set of images not containing an object of interest (called
negative images or negatives), although negatives can still be directly provided to allow for a
lower number of false detections.

The positive dataset was processed for high diversity this is - target class (drones) in
different orientations (vertical, tilted, upside-down), colors, sizes (from micro-drones to human-
driven drones), locations (both geographically and different positions on the screen), distances
from the camera (from drones directly in front of camera to ~200 m away), backgrounds (blue
sky, clouded sky, sun, beach, urban/rural background, water, trees, grass, desert) and
environments (indoor, outdoor, etc.).

The Author began the process by creating a custom ANN based model using fully
manually labeled images. After obtaining a sufficient number of training and testing data
samples, the obtained models were used to accelerate the dataset generation process through a
semi-automated process.

Since the resultant training dataset was sufficiently large (up to 51446 images), no
overfitting was noticed and as such, no validation dataset was used. Typically, a 70-10-20
training-validation-test split would be used, but in order to facilitate model training, a large
training dataset and a diversified testing (5,375 images) dataset were used. Subsequent analysis
showed that the model did not overfit into the testing dataset. After all the steps mentioned
above, a total of 56,821 images and 55,539 bounding boxes were obtained and divided into the
training and the testing dataset. Dataset along with its sources and references are publicly

available [1].
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3.2. Dataset Generation Process—Novel Approach

In order to acquire positive and negative images, the Author has considered the
possibility of using the ImageNet library [39]. The website offers thousands of images in every
category of interest and a free API enabling the download of all categorized flickr.com images.
Ultimately, after a few testing runs, the decision was made not to use this source as a main
source of data as multiple images were in problematic orientation (portrait rather than
landscape, which would create high distortions in later steps of the process), missing, harmful
to a computer (antivirus software concerns) or focused on one particular theme or situation
(which required additional postprocessing).

As far as the negatives dataset was concerned it was decided to exclude any images
taken before World War I, in the kindergarten (or with children alone, without any interesting
features) or family events, rotated 90 degrees, with more than 1 frame per picture, exceedingly
blurred, dark or white, with text or comments on more than 20% of the picture (20% value
heuristically established by the Author of this thesis), with custom picture filter, focused on the
known person, commercials, highly distorted due to resizing. Approximately 1000 negative
initial samples were gathered after approximately 30 hours of workload.

Another consideration was a Google Graphics search engine itself, which has shown a
large number of pictures, but the download process turned out to be a very time consuming
processes and often resulted in the acquisition of highly distorted images. For positive images,
another problem resulted from the fact that Google Graphics search engines usually yielded
commercial product prospects with white background, which would decrease the accuracy of
the model in the long run. Approximately 100 positive and 100 negative pictures were acquired
this way.

Unfortunately, the mentioned datasets combined had little to offer in terms of drone
images in different environments, this is why a new, large dataset had to be proposed for
extensive research on efficient and high-performance UAV detection systems.

The Author decided to utilize publicly available drone footage, both downloaded from
the internet as well as recorded personally by the Author. The potential of using synthetically
rendered images based on available CAD models has been analyzed [221] but ultimately it was
decided to use only real records, to allow the detection model to capture real-world

imperfections.
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In order to achieve high-quality results, acquiring real-life application images of drones
was a maximum priority. Typically, this kind of data would be hard to obtain as usually, those
are likely a private domain. A solution came by using OpenCV framework in conjunction with
a popular video hosting website YouTube.com. UAV testing videos in a range of different
conditions (typically in .avi format) were downloaded and—using OpenCV module—one out
of every 25-120 frames (based on video type, FPS, 30-50 frames by default) was extracted and
saved for temporary use. This approach is very similar to ImageNet, PASCAL VOC and
COCO, where images used to create the dataset were extracted and processed from third-party
image/video URLSs, freely available from the general URL search, though the original data are
not owned by the Author of this thesis and can/will be used for research purposes only.

Some of the videos depicted quadcopter unboxing videos, with test flights performed
and recorded in controlled conditions, while others have shown UAYV utilization in an urban or
natural environments. Unfortunately, no available dataset presented UAV as seen from standard
CCTV camera. As such object detection models could not be tested in target conditions.
Resultant images were later analyzed by the Author and divided into negative and positive
datasets.

Initial 4,500 training images and all 5,375 testing images were hand-labeled by the
Author. The hand-labeling took approximately 30-60 seconds per item, depending on the
image. An overview of the manual labeling pipeline is shown in Figure 52 and Figure 53. In
order to proceed with the analysis, positive pictures needed to be labeled so that target object
location information could be forwarded to the object detection model. OpenCV library Haar
cascade generation software comes with an image cropping tool, but it has shown to be very
ineffective in a long run. That is why it was decided to use open source label image software
“Labellmg® [222]. Even with the support of the software processing 5174 positive images
required approximately 60 hours for the generation (video download and processing, manual
labeling, and quality checks), the vast majority of which was manual workload resulting in
avaluable dataset for later work in the field of UAV detection. In order to prevent such
workload in future data augmentation, new methods have been proposed and tested. The
resultant dataset was converted into both .xml format (for Haar Cascade object detection model
training) and .txt format (for ANN based object detection model training). The entire process
was highly automated to facilitate multiple model generation and ease of experiment

documentation.
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Figure 52. Overview of the labelling pipeline with the automated novel labeling process implemented. Author’s own work.

The Author used the pretrained COCO SSD MobileNet v1 model [62] to train artificial
neural network based drone detectors with a default value of 0.50 for detection confidence. All

model parameters remained default, which includes weighted sigmoid classification loss,
weighted smooth localization loss and fixed image shape resizer of 300x300. The model
training process automatically saved a checkpoint approximately every 10 minutes. All
checkpoints created were used for the analysis. The preliminary model was run for 600,000
Stochastic Gradient Descent (SGD) iterations, which minimized the total loss function £ for
batch size N and every class component n. Ultimate loss function, weighted using additional
parameter a represented a combination of classification (cross-entropy CE loss) and regression

head (localization loss with ground truth class item location | and prediction g) [223]:

1 W;ixi+byi
Lop = —~ X log| =0 ) (32)
E}Lle TR
Lloc(x: L, g) = Z?’EPOS Zme{cx,cy,w,h} xlkjsmOOthLl (lfn - g\;n)’ (33)
1
[’(xr ¢l g) = N ([’CE + aLlOC(xJ L, g)) ’ (34)

Where All intermediate checkpoints were saved, and finally frozen and tested on the
testing dataset. The best performing model was obtained for iteration 249204 with model
accuracy of 67%, F1 score of 61%, AUC of 0.56, mAP of 52%, the precision of 73% and recall
of 52%. This model was then run on all new frames/images automatically obtained from videos,
thus creating a semi-automated labeling pipeline. Its introduction allows approximately 50%
tagging time savings. As described in the next paragraph, the resultant labeling still required
manual verification; nevertheless, partial automation of the process allowed for significant

tagging time savings.
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Images labelled by the resultant model were manually corrected to ensure the highest
quality of labels and images deemed negative (no drone detected by the ANN model used) were
manually checked to ensure that all drones in the images were indeed captured. An overview
of this process used is shown in Figure 53. Initial data are acquired and subsequently processed
through the labeler (in this instance, the Author) to acquire labeled data, which was ultimately
used to create the detection model. The inference model acquired in this process was then used
on the available footage to acquire more data, in this instance labeled by ANN. In order to
maximize the quality of the labeled data, the “human labeler” is also present in the loop to

ensure that all bounding boxes’ positions are correctly marked.

DATA DATA
PRODUCTION LABELER PRODUCTION \ LABELER
AUTOMATED
,( l ,[ LABELLING J
LABELED LABELED
VALIDATION DATA VALIDATION DATA
MODEL MODEL

Figure 53. Image labelling pipeline [LEFT] with and [RIGHT] without automated labeling process. Author’s own work.

By introducing a semi-automated process, it is estimated that a reduction of the average
image labeling time from approximately 45 to 22 seconds (full manual tagging took 15-30
seconds depending on the image) was made possible, which enabled a productivity boost of
approximately 100%. As automated labeling was performed on 46,946/51,446 training images,
the total labeling workload was reduced by approximately 293 hours or 36 eight-hour-long

workdays.

3.3. Training Dataset Generation

Initially, it was attempted to create the training dataset based on readily accessible open-
source datasets such as ImageNet, Google-based graphic search and similar publicly available
sources. Unfortunately, this approach was relatively inefficient and fewer than 500/51,446
training images were created in this way. A vast majority of the training samples came from

578 drone videos obtained from popular video services.
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The full training dataset consists of 51446 positive images scaled down from different
resolutions (ranging from 640%480 to 4K) to a resolution of 640x480, out of which 51,445
images contain a total of 52676 drone bounding boxes and 1 negative image (not containing
any UAVSs). For the object detection task, a vast majority of input image pixels do not contain
the class in question, therefore adding a negative dataset would not provide much value added
to the model. The bounding boxes used for training purposes are presented in bulk in a 2D

histogram as shown in Figure 54.
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Figure 54. [LEFT] Spatial distribution of full training set BBoxes. [RIGHT] Cumulative histogram of BBox areas. Author’s
own work.

In the training dataset, approximately 40.8% of objects are small (area < 1024), 35.8%
are medium (1024 < area < 9216), and 23.4% are large (area > 9216) as specified by the COCO
challenge [40]. The area is measured as the number of pixels in each of the bounding boxes. A
cumulative histogram representing the bounding box area as a percentage of the entire image
area is presented in Figure 54. The heatmap shows the density of a drone occurrence (with axis
representing image width and height) after scaling it to 640x480 pixels. As presented on the
histogram the majority of drone sizes are small, which represents the typical expected
deployment scenario of the developed model—security applications to prevent drone

trespassing to enable large distance detection.
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Figure 56. An example from the train set—a drone on the rural background [1].

Overall, the aim of a large diverse dataset was to present drones of different types, sizes,
scales, positions, environments, times-of-day, etc., so as to allow a broad range of
representations to train object detection models. This includes a small (calculated as a
percentage of overall image) drone on blue sky background (as shown in Figure 55) and drones

within a rural environment (as shown in Figure 56).

3.4. Testing Dataset Generation

The testing dataset was extracted from 21 drone videos obtained from popular video
services and 29 videos which do not show drones, which were used to create a negative sample
dataset of urban areas, nature, airports and plane footage.

The testing set consists of 5,375 images scaled down from different resolutions (ranging
from 640x480 to 4K) to a resolution of 640x480, out of which 2,750 do not contain any UAVs
(negatives) and 2625 images containing drones (positives), a total of 2,863 objects. The testing

92



dataset bounding box heatmap is presented in bulk in Figure 57. Each of the bounding boxes
was projected onto a 2D matrix corresponding to 640x480 image resolution, resulting in a
density map as shown in Figure 57. The heatmap shows the density of drone occurrence (with
axis representing image width and height) after scaling it to 640x480 pixels. As presented on
the histogram the majority of drone sizes are small, which represents the typical expected
deployment scenario of the developed model— security applications to prevent drone
trespassing. The vast majority of drones were marked in the center of the image, which reflects
the training dataset. This is a natural consequence of the chosen data acquisition method, which
relied on extracting frames from UAV videos where the drone was a centrally positioned object
of interest and the camera operator fixed on it. ldeally, both the training and the testing
(validation) dataset should have an even spatial distribution. In practice, models trained on the
basis of the proposed dataset are well protected from the uneven spatial distribution of the
binary class on the given image. Haar Cascade uses a sliding window approach, which is
spatially independent (excluding padding) while artificial neural network transfer learning
based methods shown later use the region proposal network approach, which significantly

reduces dependency on spatial evenness.
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Figure 57. [LEFT] Spatial distribution of testing set BBoxes. [RIGHT] Cumulative histogram of BBox areas. Author’s own
work.

In the testing dataset approximately 36.3% of objects are small (area < 1024), 35.3%
are medium (1024 < area < 9216), and 28.3% are large (area > 9216) as specified by the COCO
challenge [40]. A cumulative histogram representing the bounding box area as a percentage of

the entire image is presented in Figure 57.
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Figure 58. An example from the test set—no drone present on the image containing a difficult to classify, urban environment

[1].

Figure 59. An example from the test set—a drone present on the cloudy background [1].

Similarly to the training set, the aim was to create a diverse dataset with even class
distribution, highly diversified background, and negative examples with difficult, typically

urban, background. Examples of test dataset frames are presented in Figure 58 and Figure 59.

3.5. Conclusion

Currently, available datasets are insufficient to create drone object detection algorithms
in versatile environments. Therefore, a novel dataset generation pipeline has been presented
with additional methods for labeling process automation and the 50% boost of productivity
(dataset tagging time reduction from 45 to 22.5 seconds on average). This novel approach can
be easily scaled and used for any kind of object detection based labeling, which can help to
reduce one of the largest challenges of ANN-based computer vision research—the lack of large
domain-specific datasets and hurdles connected to obtaining them. It also allows the
capitalization of model deployment at the early stages of the Machine Learning model

development pipeline.
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This approach resulted in a novel dataset of 51,446 image training dataset (1 negative,
51,445 positives) and a 5,375 image testing dataset (2,750 negatives, 2,625 positives) available
for drone detection research purposes. The dataset and obtained detection models have been
made publicly available ( [1]) to facilitate research on binary detection problems and the drone
detection problem specifically. Since dataset publication, it has been requested multiple times,
by individuals and companies all across world, which allowed insight into potential applications
of the dataset and its applications. These include drone tracking for surveillance, professional
drone sensor calibration, precision PV power plant mapping. Since the dataset contains real-
world imagery with real-world footage imperfections it has been especially useful for research
instituted, which aimed to create a working system.

Data acquisition should include real-world images, this is why frame extraction from
real-world footage or a similar technique is recommended. Image labeling takes approximately

30-60 seconds for a fully manual process and 15-30 seconds for a semi-supervised process.
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4. UAV Detection Methods—Experimental Results and

Comparisons

In this chapter UAV object detection results are presented. The detection models were
created using the novel dataset and acquisition method presented earlier. The chapter begins
with a presentation of object detection benchmarks, which present the current state of the art
for top-1 accuracy using different techniques, specifically Deep Learning based ones. This
benchmark was used to pick optimum models for the experiments conducted in this thesis.

Then, Haar Cascade based object detection results are presented, both as a legacy
benchmark for other methods presented in the chapter and to show detection results, for an
easily deployable model using popular OpenCV framework. This original work allows the
implementation of obtained models on a plethora of devices, ranging from web to edge devices.

This is followed by corresponding results gathered using MobileNet models. Not only
general detection results metrics for the best of obtained models are presented, but a detailed
study of different parameters valuable for any researcher keen on performing similar transfer
learning based research in the future has been shown. This includes testing the network for
overfitting and underfitting, the optimum number of images required, image resizer size used
and detection confidence value, which enables best detection results.

In order to test these features, object detection results for the MobileNet network are
also shown along with Faster R-CNN model based results, which—while significantly larger
than its lightweight equivalent—is also one of the best performing object detection models
today.

The combination of legacy and modern detection methods allows for a detailed and
original comparison between those models and their features, including detection time,
performance metrics, deployment challenges and others. Obtained models also show the
validity of the dataset presented before as well as prove the usefulness of the dataset acquisition
method presented before.

To the author’s best knowledge, the following study represents a most comprehensive
drone detection study currently available. All datasets and analyzed Machine Learning models
presented in this chapter were made publicly available [1].

In order to determine the model early stopping point (determining the point on the given
testing set loss curve, where testing dataset loss starts increasing globally as shown in Figure 60)

model training dataset accuracy and model loss will be closely monitored. Since each model

96



will be minimizing the total loss rate across each mini-batch and—long term—across all
available training datasets those two data series should be relatively well correlated. At a certain
point in training, overfitting should be recorded, unless the network is sufficiently complex to
allow constant training. This complexity increase can be achieved by adding more layers to the
network, training the network for a longer time (up to a point as shown in Figure 60) as well as

getting a larger and/or more diverse dataset.

F 3

Underfitting Overfitting
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_/

Model Loss

v

Training Epochs
Figure 60. Illustration of a priori assumed training process results. Author’s own work.

Overall, the expectation given the task was that model loss would start relatively high
and would slowly decrease over time, as shown in Figure 60, to fit well within an available
dataset. Theoretical reasoning behind the overfitting mechanism has been illustrated in
Figure 61. Dissatisfactory performance on training data implies high model bias (also called
underfitting), which is represented by dissatisfactory performance on training data. Typically,
for Machine Learning, high bias can be compensated by increasing the complexity of the model,
usually by adding additional layers to the network or by training the network for a longer time.
Once the model bias is reduced to be within acceptable limits, an additional matter to consider
is the high variance (also called overfitting). High variance is represented by a lack of
generalization of the given concept from training data to other examples, often as a result of too
complex model architecture. It results in satisfactory performance on the training model and at
the same time unacceptable performance on the test dataset. Usually, high variance can be
prevented by using a large, diverse dataset (as used in this thesis), which forces the model to
properly optimize to the given problem to reduce loss value and prevent high bias. Other
methods include implementing different optimization or regularization methods or—in some
instances—changing network architecture to a more effective one. Representation of bias vs

variance problems has been presented in Figure 61.
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Figure 61. Bias vs Variance problem representation on the 2D space represented by the cats vs dogs problem. Author’s own
work.

The resultant model should not just memorize training data but should show similar
performance on the unseen (testing) data. This generalization capability can be ensured using
the early stopping technique mentioned earlier or other methods such as dropout or L1/L2
regularization [99]. This allows the generation of the model, which shows a correct balance
between underfitting and overfitting, as shown in Figure 61.

In order to test these hypotheses and to obtain superior performance on the presented
drone dataset (as well as different image processing problems in the future), the above
approaches were tested to determine optimum model hyperparameters like dataset size, resizer
size, iteration/epoch number needed, optimum detection confidence and model complexity
level required.

Performance testing was applied by a custom script specifically written for this purpose.
Any drone detected in a negative picture was automatically labeled as false positive. No drones
detected in a negative picture were automatically determined to be a true negative. Multiple
drones detected in one negative picture would be considered multiple false negatives. No drone
detected in a picture containing drones would be labeled as a false negative. If a given frame
presented more than one drone, then more than one false negative label would be provided.
Finally, if a drone was detected in an image containing a UAV, then loU metrics between all
drones and detections would be calculated, top matches would be labeled as true positives with
a maximum of one detection per drone present. All other detections would be regarded as false
positives. Detection is deemed a true positive if the overlap between ground truth and detection
bounding box (measured as intersection over union or IoU) is greater than 0.5 (usually
denominated as mMAP@0.5). This approach allowed heavy process automation. In order to
compare different models additional information was stored, such as image read and save time,

testing dataset processing time and detection time.
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The algorithm was created through multiple iterations and tested to ensure consistency
with detection results. It has been used for both Haar Cascades and CNN based object detection
models with minor changes due to different model type implementation. All processed testing
dataset frames were saved along with corresponding detection results. Manual checks have

shown more than 99.9% of frames being labeled correctly.

4.1. Related Work

For practical applications, including drone detection, the top 5 accuracy (the metric used
by ImageNet competition) is not practical and top 1 accuracy provides much more insight into
model capability. As shown in Figure 62, the top 1 accuracy barely exceeds 80% for the
Inception-v4 model.
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Figure 62. Top 1 accuracy in terms of architecture used, model size and computational effort required [224].

As shown in Figure 63, the top 1 accuracy-based error is typically much different than
top 5 error [225]. The results show that MobileNet v1 allows top 1 image classification accuracy
of 69.5% and the top 5 accuracy of 89%, while its modern version— MobileNet v2 [62], [63]—
allows top 1 accuracy of 72% and top 5 accuracy of 90.5%. It also shows that state of the art

model allows top 1 accuracy of 83% and top 5 accuracy of 96%.
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Figure 63. Top 1 accuracy vs model architecture used and Top5 accuracy vs. operations (size proportional to the number
ofparameters) [225].

A similar analysis has been performed for mAP as shown in Figure 64. It seems that
overall mAP is usually below 37% threshold, which is problematically low for multiclass drone
detection. This is why the idea in this thesis is to utilize binary detection, which— as will be

shown in the thesis— can improve all results metrics considerably.
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Figure 64. mAP—GPU processing time tradeoff [226], [146], [216].

4.2. Haar Cascade Experiments

Open Computer Vision library (OpenCV) contains binaries for Haar cascade creation
since 2008. The algorithm has evolved throughout time, with new methods and solutions
implemented for user insight, algorithm application and utilization. The previous
implementation of the Haar cascade actually accepted positive sample count equal to vector
size due to an OpenCV implementation bug [227].
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There are two feature types offered and both were analyzed as a part of this thesis:
HAAR—Haar-like features, LBP—Iocal binary patterns. By default, 25 layer cascaded
classifier was used to train a drone detecting cascade. To train the detector, a set of drone and
non-drone training images were used. The drone training set consisted of hand-labeled non-
symmetrical drone photographs scaled and aligned to the base resolution of 640x480 pixels
with a 24x24 base detection resolution set for each analysis. The non-drone sub windows used
to train the detector were manually inspected and confirmed to not contain any UAVSs. Each
classifier in the cascade was trained with an individual drone image using the Gentle Adaboost
training procedure. In order to get as close to the 2001 Viola and Jones methodology as possible,
available 2008 DLL libraries were also included in the experiment, which allowed for algorithm
results comparison between its different implementations.

The training process requires a designated folder with images containing the given
object and a corresponding folder with .xml files containing their annotations. Both need to be
consistent name-wise. Since Haar classifier works by comparing object features against the
provided background, negative examples are also needed. For consistency, all folders should
be stored in one location. Additionally, a summary .txt and .dat file are needed containing
information on the negative and positive examples, respectively. Based on the available file a
.vec file is created, which is a representation of the given object examples representation stored
in a specified size. In this instance, 24x24 resolution was used. Finally, the training process,
based on specified numbers of positive and negative examples, can begin.

The author of this work has encountered typical error in modern (2018) Haar cascade
generation—which is an insufficient positives data samples supported to the .vec file even
though no more than 100% positive data samples are to be used. The reason for that is temporal
positive image classification as negative in the primary stages of the classification. Once a
positive image is incorrectly classified as negative—Haar cascade is unable to determine the
position of the object in question—files not used for the primary classification are included in
the training process. The solution for this is to use less positive samples than .vec file was
created with. Depending on the application and training cascade settings 65-90% of positive
data samples should be used, depending on the number of stages. In this approach, 25 stages
with 0.99 minimum hit rate and 0.5 maximum false alarm rate were used with the maximum
Haar weak learner count of 500. As mentioned in chapter 2, Haar cascade works by quickly
disregarding region proposals using easily calculatable weak learners for every stage. Once the
region is processed through all stages, for a designated number of window resizers, it is deemed

the object in question and is classified as detection. Otherwise, it is disregarded entirely.
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In order to reduce manual labor and to prevent human error occurrence, an automated
Python script has been utilized, which automatically copies and creates all needed files into one
location, in order to allow for consistent experiments and proper documentation. That was
necessary since a manual generation of 603 experiments for different image combinations
would be difficult to maintain otherwise. Ultimately, the resultant Haar cascades were made
publicly available [1]. This is critical since a significant effort has been made to allow parallel
training of different cascades on different computers. Altogether training entire 603
experiments have taken approximately 5 years of computing (distributed across multiple
computers and run parallel as much as possible).

Table 2 shows the results of the best performing Haar Cascades (top 10 as measured by
accuracy), while the aggregate results for the remaining models (all 603 of them) are presented
later on in this section. All performance metrics are created on the basis of the testing dataset
consisting of 2625 positives and 2863 negatives. While a relatively low number of false positive
classifications is favorable (resulting in high precision), recall is in fact very low, which is
corresponding to overall low model performance. Top accuracy does not exceed 55% and this
is mostly due to the fact that Haar Cascade models have optimized themselves to detect only

the most obvious drone object examples.
Table 2. 10 Haar Cascade models with the highest accuracy at 0.5 IOU as obtained by the Author.

Model Number 1 2 3 4 5 6 7 8 9 10
Positive Count [#] 5174 | 4000 | 1600 | 4000 | 5174 | 3350 | 1800 | 2000 | 3500 | 1750
Negatives Count [#] 13000 | 10000 | 400 | 12000 | 10000 | 6700 | 3659 | 4000 | 7500 | 3500
Total Images Used [#] | 18174 | 14000 | 2000 | 16000 | 15174 | 10050 | 5459 | 6000 | 11000 | 5250

Accuracy [%] 554 | 553 | 553 | 55.2 | 55.2 | 55.2 | 55.1 | 55.0 | 55.0 | 55.0
Precision [%0] 79.0 | 783 | 80.3 | 817 | 729 | 743 | 769 | 68.2 | 68.3 | 78.0
Recall [%] 158 | 154 | 148 | 145 | 16.6 | 16.6 | 159 | 18.1 | 18.0 | 14.9
Specificity [%0] 957 | 957 | 96.3 | 96.7 | 939 | 942 | 95.2 | 91.7 | 91.7 | 95.7
F1 Score [%0] 26.3 | 257 | 25.0 | 247 | 270 | 272 | 26.3 | 286 | 285 | 25.1
True Positive [#] 451 441 423 416 474 476 454 517 516 428
False Positive [#] 120 122 104 93 176 165 136 241 240 121

True Negative [#] 2697 | 2703 | 2718 | 2715 | 2687 | 2665 | 2673 | 2647 | 2646 | 2696
False Negative [#] 2412 | 2422 | 2440 | 2447 | 2389 | 2387 | 2409 | 2346 | 2347 | 2435
Total Process Time [s] | 360 318 76 320 347 279 231 233 302 218
Detection Time [s] 355 313 71 316 342 275 226 229 296 213

Haar Cascade training process time grows with the total number of images used. Simple
models with up to a few hundred images train in less than 15 minutes. Unfortunately, the largest

Haar Cascade based model (18174 images used) took 3 months of constant processing to train.
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The advantage of this approach is that CPU usage throughout the training process is relatively
low, which means that training multiple models/classifiers at the same time is possible, but
ultimately this also creates a project bottleneck and is very likely to result in a failure (due to
unexpected power outages, forced system/antivirus restarts, company forced restart, internal
system errors, malfunctions, etc.). This means that a smaller number of samples should be used.
This shows an inherent disadvantage of Haar Cascade algorithm, which could not take
advantage of a large dataset obtained in the novel, semi-automated tagging process. Figure 65
shows the impact of the number of total images used on the main performance metrics of

accuracy and F1 score.
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Figure 65. Impact of the total number of images used—[LEFT] accuracy and [RIGHT] F1 score as obtained by the Author.

As shown in Figure 65, the resultant accuracy does not exceed 55% and the F1 score
does not exceed 32%. A similar visualization performed on the number of positives and

negatives used is shown in Figure 66 and Figure 67.
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Figure 66. Total number of positives”’ impact on model performance—[LEFT] accuracy and [RIGHT] F1 score as obtained
by the Author.

The presented results show limitations of the Haar Cascade algorithm. The Haar-based
classifier does not scale well to a large number of samples and its detection capability is highly
limited to a number of model parameters, which seem to fail to generalize to a larger degree.
There is no clear correlation between the number of positive/negative samples and the model

outcome.
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Figure 67. Total number of negatives’ impact on model performance—[LEFT] accuracy and [RIGHT] F1 score as obtained
by the Author.

In fact, the third-best model record was created on the basis of 2000 images total (1600
positives and 400 negatives), which means that increasing the number of the training dataset
beyond this number provides little value-added. At the same time, as shown in Figure 68, the
detection time for models with more images used for training increases. A linear model fit is a

good first approximation of this phenomenon (R?=0.54).
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Figure 68. Total number of samples’ impact on 603 Haar Cascade model detection times with a linear fit (red) as obtained
by the Author.

In order to allow effective insight into Haar Cascade model performance, the best
obtained model (#Positives=5,174, #Negatives=13,000) has been tested in real-world
application—drone hovering over a concert area [228]. The footage depicts a deployment set—
none of the frames were used in neither train nor test set. The results show that Haar Cascade
is effective in detecting medium size drones on a range of sky backgrounds (clouded, dark,

etc.), as shown in Figure 69.
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Figure 69. Top Haar Cascade detection on the real-world footage of a drone on the clouded, dark background as obtained
by the Author.

The same Haar Cascade fails to detect small-size drones or a drone with an urban
background as shown in Figure 70. The detector is also very sensitive to drone-like-looking
objects, like tree branches. Not only did the model fail to detect the drone (False Negative), but

it also detected five nonexistent drones (False Positives).

Figure 70. Top Haar Cascade model deployment example with 6 incorrect scores as obtained by the Author.

At the same time, Haar Cascade was able to detect a small percentage of drones visible
from long distances, as shown in Figure 71. The figure presents Haar Cascade model detection
with a true positive detection on a small-sized (measured as a percentage of overall image)
drone at an incurred cost of false detection. As shown in the figure, while Haar Cascade was in
fact able to detect even very small-sized drones, which came at a cost of higher false discovery

rate, deteriorating overall model detection performance.
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Figure 71. Top Haar Cascade deployment example with a correct long distance detection as obtained by the Author.

Machine Learning based object detection methods, such as Haar Cascades, do not
provide confidence value for the specified detection bounding box therefore comparison
between those models has to rely on metrics such as accuracy or F1 score. In contrast, every
detection bounding box specified by neural network architecture has an associated confidence
value. At the same time, Haar Cascade based image recognition has low entry requirements
(OpenCV software can be installed on almost any operating system, including edge devices like

Raspberry Pi 3), which allows for its direct deployment with little to no specialized hardware.

4.3.  ANN Based Object Detection

For the purpose of UAV detection, loU of 0.5 and detection confidence of 0.5 will be
used as a preliminary benchmark with a detailed study on a more appropriate detection
confidence level. Different loU thresholds will also be tested. ROC/AUC/mAP and Precision-
Recall curves have been obtained for every single inference model frozen approximately every
10 minutes. MCC, Accuracy, F1 score, precision, recall, sensitivity and specificity have been
calculated for every model. Examples of such calculations have been shown in Figure 72.
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Figure 72. Calculating model performance parameters for given prediction confidence. Author’s own work.
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Tensorflow library, due to its CPU and GPU computational support (including CUDA
technology), has been adopted for general image recognition, for applications such as COCO
(Common Objects in Context) [40], which allows detection of multiple everyday objects,
ranging from dog/cats, forks to traffic lights, cars and planes. COCO has been a leading-edge
system for comparing different Deep Learning object identification architectures, offering both
bounding box-based (coordinates of a rectangle over an object to be detected) and masks
(pixelwise map of object to be detected) in different configurations as open source.

To facilitate hyperspace optimization, transfer learning approach has been utilized,
which, as mentioned before in this thesis, is much more workload efficient than training a
completely new layer from the beginning.

Currently, their GitHub repository for TensorFlow 1 [62] and TensorFlow 2 [63]
contains multiple different pretrained models, each capable of detecting up to 80-91 different
objects (depending on the specific model used). The models vary between output type
(boxes/masks/keypoints), detection speed and accuracy. Considering a planned application for
edge devices, SSD MobileNet v1 [62] COCO [40] model has been chosen as a starting point
for ANN experiments and was retrained on the entire training dataset of 51446 images.

Once downloaded, extracted and stored in the appropriate folders, the model settings
file needs to be updated to reflect differences in a model training approaches, such as a different
numbers of classes, different data augmentation methods, image preprocessing steps, learning
rate decay routines and others. Then the network can be fine-tuned with new parameters with
intermediate parameters stored and visualized using TensorFlow’s TensorBoard for ease of
research and development.

For the MobileNet model all parameters remained default, which included weighted
sigmoid classification loss, weighted smooth localization loss and fixed image shape resizer of
300x300. The pipeline required the transformation of the input image and label dataset first into
.csv format and then into .tfrecord, which is a TensorFlow binary format for GPU computing
containing the entire image/label dataset. In every iteration, a batch (a specified number of
images and labels) is processed through an entire network in the feedforward process, loss
components and total loss function is computed, which is then backpropagated using a specified
optimizer (in this instance default approach of RMSProp was used, which described in more
details in previous chapters) to update network weights. Batches are extracted until the entire

dataset is processed, which constitutes one epoch.
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Due to GPU memory size limitation, a batch of 10 images was used. The analysis was
initially run for 1,000,000 iterations (approximately 195 epochs) as a preliminary check of the
dataset capacity to generalize the testing dataset. With approximately 0.7 sec/step, the entire
analysis took 194 hours or more than 8 days of constant training (although the entire process
was paused if needed). Each training model was saved approximately every 10 minutes of
training runtime resulting in 819 models, which were then frozen and evaluated separately on
the testing dataset. All performance metrics assume the detection confidence threshold of 0.50
and the loU threshold of 0.5 unless specified otherwise. The results obtained on the basis of the

testing dataset are presented in Table 3.

Table 3. MobileNet v1 10 best performing models trained on entire dataset (51446 images), ranked by accuracy, as obtained
by the Author.

53 (o8 |38 |05 [as_| 8|82
==z a a = =z < (N

867503 | 1283 168 2674 1580 69.4 59.5
892127 | 1328 348 2658 1535 67.9 58.5

857727 | 1416 423 2479 1447 67.6 60.2
687375 | 1148 137 2697 1715 67.5 55.4
819539 | 1271 306 2654 1592 67.4 57.3
991379 | 1318 377 2607 1545 67.1 57.8
788738 | 1291 375 2651 1572 66.9 57

401092 [ 1150 216 2686 1713 66.5 54.4
876001 | 1108 183 2622 1755 65.8 53.3
808454 | 1159 258 2616 1704 65.8 54.2

As shown in Table 3, the true positive detection rate is significantly higher than that of
Haar Cascades, however, even the best ANN detection model has not detected more than 54%
of true positives in the database (total of 2625). The maximum model accuracy does not exceed
70% and the F1 score does not exceed 60.2%. As such, ANN results are superior to the Haar
Cascades ones (mind that the Haar Cascades accuracy does not exceed 55% and the F1 score
does not exceed 32%), even though a large potential for improvement still remains.

In contrast to the Haar Cascade detection model, Deep Learning provides detection
confidences along with the detection bounding box itself, which allows more robust results

evaluation using metrics like ROC and AUC. These metrics are presented in Table 4.
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Table 4. Additional performance metrics for MobileNet v1 10 best performing models, ranked by accuracy, as obtained by
the Author.

Iteration | Precision | Recall | Specificit

Number | [%] [%] P [%] Y | AUC [96] | maP %]
867503 88.4 44.8 94.1 55.0 53.3
892127 79.2 46.4 88.4 56.2 52.1
857727 77.0 49.5 85.4 56.8 54.7
687375 89.3 40.1 95.2 56.3 54.7
819539 80.6 44.4 89.7 51.2 48.5
991379 77.8 46.0 87.4 53.4 50.5
788738 77.5 45.1 87.6 52.6 48.9
401092 84.2 40.2 92.6 52.4 49.5
876001 85.8 38.7 93.5 51.8 50.0
808454 81.8 40.5 91.0 49.2 46.9

While the results presented in Table 4 allow the generation of a short overall summary
of the training process, they provide little insight into the sensitivity of the models to confidence
level change. This can be only presented on the Precision-Recall and ROC curves, as shown in
Figure 73. These representations offer a detailed insight into model operation with a variable

confidence threshold, so ultimately most appropriate model can be chosen.

Precision-Recall Curve, Model 867503 ROC Curve, Model 867503

1.0 1.0

Z g

T =

= S Y
~ =

£ £

= | mAP/mAR=0.533 AUC=0.55

0.0 True Positive Rate (Recall) .o 00 False Positive Rate (Fall-Out) 1.0

Figure 73. [LEFT] ROC and [RIGHT] Precision-Recall curve as obtained for MobileNet v1 best model, as obtained by the
Author.

As mentioned earlier, the average precision for the Precision-Recall curve, or mAP, can
be calculated separately for each model. This way, an effective representation of the overall
model performance over different confidence thresholds can be obtained. Unfortunately,
reducing 1 million iterations and 819 resultant models into a single table does not allow
visualization of the network “learning” process. This is why a representative metric of mAP
needs to be visualized over the entire training spectrum (throughout all the iterations
performed). The resulting training MAP metric results, smoothed using a moving average of 15
samples, are presented in Figure 74. As shown in the figure, model performance exhibits a
globally positive trend. Model performance stabilizes over 750,000 iterations, which is an

indicator of the model reaching its detection potential.
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Model Performance - mAP 15 Items Forward Moving Average
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Figure 74. Smoothed mAP results for 819 MobileNet v1 trained models and full 51446 image dataset, as obtained by the
Author.

As shown in the figure, the average precision rises from 0 as expected, but then the
training process is relatively unstable, peaking at approximately 350,000 iterations with an
unexpected local minimum at iteration 625,000. Since the batch size was relatively small, the
training process was relatively volatile. Hence, the need for moving average based smoothing
(15 instances) emerged for postprocessing. The general trend presented in Figure 74 is positive,
which means that training the same model longer is likely to result in better overall model
performance. At the same time, the model seems to be reaching a local plateau at over 750,000
iterations.

Naturally, mAP is only one of the multiple object detection model evaluation metrics.
In order to allow intuitive model performance presentation, model accuracy is typically used.
The accuracy of the frozen ANN models is presented in Figure 75 (no smoothing) and shows
steady performance gains for the model. For the first ~50,000 iterations, the model quickly
optimizes for the new problem. Then, the general trend confirms the conclusions from mAP
postprocessing that further model optimization would yield better model performance as the
overall model accuracy is trending up. However, in contrast to mAP, accuracy shows a steady
increase above the 750,000 mark, which is a better indicator that further performance gains can

be achieved.
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Accuracy (MobileNet vl Retrained on 51446 Images)
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Figure 75. COCO MobileNet v1 model accuracy (@0.5 conf. and loU) results as obtained by the Author.

The model starts optimizing (learning) at iteration #0 (accuracy equals 0), stabilizes at
approximately 50% and then slowly trends upwards. At million iterations the average accuracy
checks approximately 58%, with large variation.

As mentioned earlier, model accuracy is a valuable metric for users less familiar with
the confusion matrix based approach. Still, F1 score is a much better model performance
indicator. As shown in Figure 76, the model is also showing steady performance gains, but in a

much more stable fashion than the accuracy plot did and with fewer outliers.
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Figure 76. COCO MobileNet vl model F1 score (@0.5 conf. and loU) results as obtained by the Author.

Typically, the 50% confidence level threshold is used to determine if a particular
detection is treated by the model as true or not. Naturally, this value may be adjusted so as to
maximize accuracy, F1 score, or any other metric. Table 5 shows the maximum obtainable
accuracy and F1 score and corresponding confidences needed to acquire such results. As shown
in Table 5, the confidence threshold of 0.50 is rarely the optimum. This phenomenon will be
further evaluated in more detail later in this thesis.
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Table 5. MobileNet v1 (51,446 train images) 10 best performing (ranked by accuracy) models’ supplementary metrics as
obtained by the Author.

Iteration | Process | Detection Maximum Confidence [%] At |Maximum F1| Confidence [%] At
Number | Time [s] | Time [s] | Accuracy [%] | Maximum Accuracy Score [%] | Maximum F1 Score
867503 86.4 64.1 70.3 33 62.7 24
892127 86.7 61.7 68.4 40 60.7 17
857727 87.5 64.4 67.8 41 61.9 28
687375 87.8 63.5 70.0 15 62.1 5
819539 88.4 63.6 67.5 48 58.2 33
991379 84.6 61.4 67.3 57 58.5 44
788738 87.3 62.8 67.1 48 58.5 30
401092 84.4 61.7 67.1 29 58.1 13
876001 90.5 66.4 66.1 39 56.5 12
808454 914 65.0 65.8 50 55.4 28

Additionally, Table 5 presents the detection time metric for the testing dataset. As
shown, the detection time for the entire training dataset ranges from 61 to 66 seconds (11-12
ms for a single image or 81-88 FPS) with a low standard deviation. The consistency in the
detection time is a direct result of the same neural network architecture, which results in the
same number of parameters and computations needed for each model with a small variation due
to auxiliary processes being run on the testing machine at the same time. Note that the worst
ANN-based detection time is less than the best time for the Haar Cascade model (71 seconds),
which means that—for the same hardware— the GPU accelerated CNN approach is faster than
ML-based Haar Cascades utilizing CPU only.

As a summary, all overall model performance indicators are presented in Table 6. The
data presented in the table show model accuracy, F1 score, AuC and mAP metrics for the entire
set of 819 models, aggregated for average and maximum to better generalize the training

process.

Table 6. MobileNet v (trained on 51446 images) based aggregation of 819 models’ average/maximum KPIs as obtained by
the Author.

Evaluation Metric Average Score [%] |Maximum Score [%]
Iter 0-1Mil ACC 53.8 69.4
Iter 0-1Mil F1 34.4 60.2
Iter 0-1Mil AuC 32.6 56.9
Iter 0-1Mil mAP 27.4 54.7

In order to allow effective insight into ANN model performance, the best-obtained
model (@Iteration=867503) was tested in real-world application [228], identical to the one
Haar Cascade was tested upon. The results show that ANN is effective in detecting medium
size drones on a range of sky backgrounds (clouded, dark, etc.), as shown in Figure 77. The
model was shown to be very effective in detecting the model presented in the figure, but often

failed to detect drones of a small size (calculated as a percentage of the overall image).
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Figure 77. MobileNet v1 @iter=867503 model deployed over a drone footage with small background distortions as obtained
by the Author.

Overall, baseline MobileNet v1 ANN showed better performance than Haar Cascades,
mainly due to significantly higher precision (89.3% vs 80.3%) and recall (49.5% vs 18.1%) as
analyzed on the test dataset (@0.5 IOU and 0.5 detection confidence for ANN). The model was
capable of a correct detection over a small size drone as shown in Figure 78 (calculated as a
percentage of overall image), which is an example of the highest performing mode (from the

ANN model set described so far) utilized in real-world footage (production dataset) [228].

T

Figure 78. MobileNet v1 @iter=867503 model deployed over a drone footage with urban background as obtained by the
Author.

4.4.  ANN Underfitting/Overfitting Experiments

UAYV detection models analyzed in this section were created using CNN based model,
specifically, MobileNet v1 pretrained on the COCO dataset, fine-tuned on 51,446 drone dataset
and tested on a total of 5,375 testing set images. All MobileNet v1 model parameters remain
default. This includes weighted sigmoid activation function classification loss, 11 based
localization losses, fixed image resizer of 300x300 pixels and vertical flip image augmentation
(the only data augmentation used). A batch size of 10 was used in order to allow the model to
fit within available GPU memory. The model was run for 4,061,492 iterations, which
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corresponds to 789 epochs in order to maximize the probability that the global optimum will be
found. Approximately every 1,200 iterations a model checkpoint would be saved, stored, frozen
and evaluated on a testing set to determine its performance.

Each checkpoint would also be tested on the full training set to check for overfitting.
On average, one iteration took 0.5 seconds resulting in a total training time of 23.5 days. The
entire testing pipeline took 175 seconds per model, on average resulting in a total testing time
of 6.75 days (detection inference takes approximately 65 seconds per model). As a default, 0.50
loU and 0.50 detection confidence was used (unless specified otherwise), but the model was
also evaluated for a range of detection confidences to determine its AUC and mAP as well in
order to specify detection confidence, which maximizes testing set accuracy and F1 score.

The results of the experiment are presented in Table 7. Out of 3,330 models generated
across 4,061,492 iterations (trained on 51,446 images), ten best-performing ones (as sorted
based on F1 score @0.50 detection confidence and loU) are presented. 3 out of 10 models were
created based on parameters optimized within the last 600,000 iterations, which suggests that

further model performance improvements are possible.

Table 7. Results for 10/3,330 best performing MobileNet v1 models run for over ~4 mil iterations as obtained by the Author.

Iteration Tf‘fe Fa_l_se Tru_e Fals_e Accuracy| F1 Score [ MCC
Number Positives | Positives [Negatives|Negatives [%] [%] [%]

[#] [#] [#] [#]
2560952 | 1643 299 2579 1220 73.5 68.4 49.7
1920742 | 1543 330 2565 1320 71.3 65.2 45.4
2289055 | 1704 662 2355 1159 69.0 65.2 38.3
1676185 | 1566 385 2539 1297 70.9 65.1 43.9
2247280 | 1679 676 2406 1184 68.7 64.4 37.5
3816509 | 1621 569 2494 1242 69.4 64.2 39.4
3646311 | 1449 240 2620 1414 711 63.7 46.3
1815101 | 1465 278 2605 1398 70.8 63.6 45.2
1131634 | 1686 772 2381 1177 67.6 63.4 35.0
3481672 | 1468 320 2650 1395 70.6 63.1 43.9

Maximum F1 score was recorded for the model frozen after 2,560,952 iterations. Its F1
score is 3.2 percentage points higher than this of the second model (68.4% vs 65.2%), its
accuracy is 2.2 percentage points higher (73.5% vs 71.3%). Model performance gains obtained
during the model optimization process can be considered significant as it was obtained well
into the training process itself (at approximately 497 epochs). The optimization (training)
process was highly volatile, mainly due to the small batch size used (10 images). This is
visualized in Figure 79, which shows model accuracy over the training process. In order to
detect and visualize accuracy trends during the training process, a forward-moving average of
30 items was used. Blue data points represent direct outputs from the model postprocessing

scripts, while orange points represent 30-item forward moving average.

114



MobileNet vl Testing Set Accuracy Over ~4 Milion Iterations (3,300 models)
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Figure 79. Frozen model accuracy at different stages of the model training process (different iterations) as obtained by the
Author.

In the analyzed problem of drone detection, the model loss is globally decreasing over
time (although with multiple outliers along the process) as shown in Figure 80. The training
and testing process for the object detection tasks is very stochastic and should be monitored to
ensure that the local optimum model is not omitted (model is saved approximately every 1,200
iterations) in between saved checkpoints.

Unfortunately, with large-scale resolution problem batch size cannot be increased due
to GPU memory limitation resulting in a high number of iterations needed for the model to fully
train and—as a consequence—long training time. Learning rate adjustments are very difficult
as the overall model loss-based gradient quickly falls to small values and increasing the learning
rate usually leads to model divergence. Unfortunately, the training process in between two
checkpoints cannot be repeated for potential exploration, as GPU calculation routines and
quantization (reduction of resolution of the variable for GPU acceleration) of the floating
operations result in numerical noise causing high variation over training process. Typically, the
training process is much smoother mainly due to the fact that input images have smaller
resolution enabling larger batch sizes and—as a consequence—Iless variance in the training
process.

Model convergence stability concerns, as discussed above, are typical for large-scale
datasets, high-resolution problems like the proposed UAV detection. These can be further

explored for research and development purposes.

115



Training Dataset Model Total Loss

Reported Loss Value

0 500000 1000000 1500000 2000000 2500000 3000000 3500000 4000000
Iteration [#]

Figure 80. Model loss over the training process (each datapoint corresponds to one of 3,330 models generated) as obtained by
the Author.

As shown in Figure 81 and Figure 82, the reported model loss is not correlated with

resultant training or testing set accuracy.
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Figure 81. 3,300 models based train set accuracy as a function of model loss (trained for ~4 million iteration) as obtained by
the Author.

In fact, training dataset accuracy has greater variance than the testing dataset. This
shows that—for this problem—the MobileNet v1 model did not overfit to the given training
data and continued to slowly optimize, although its results show high variance. This also shows
that the training dataset is, in fact, more diverse than the testing dataset, which is positive
information as it shows great potential for further research using the available training dataset.
Furthermore, it confirms that no overfit is present in the model. While this proves train/test set
only approach used in this thesis, it seems that the network architecture has difficulty
generalizing above a certain threshold. This phenomenon is caused by a very large, diversified
dataset of UAVs presented in a plethora of conditions and represents network bias. This bias
does indeed represent a challenge that needs to be addressed, in this instance through a larger

network represented by Faster R-CNN and discussed later.
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MobileNet vl Test Set Accuracy - 3,300 Datapoints (~4 milion iterations)
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Figure 82. 3,300 models based test set accuracy as a function of model loss (trained for ~4 million iteration) as obtained by
the Author.

While overfitting concerns are important to consider in order to create a generalized
model, from the project end-user perspective the end result and ultimate model performance is
the primary metric. While F1 score and accuracy, as shown in Table 8, are baseline reference
parameters, other performance metrics like precision, recall, specificity, AUC and mAP were
recorded over time to provide more insight. For 10 best models (with the selection based on F1

score) those model metrics are presented in Table 8.

Table 8. Auxiliary results for 10/3,330 best performing MobileNet v1 models run for over ~4 mil iterations as obtained by the
Author.

Iteration | Precision | Recall Specifici

Number | [%] [%] P [%] Y| Auc (%] | map (3]
2560952 84.6 57.4 89.6 64.4 62.0
1920742 82.4 53.9 88.6 61.3 59.0
2289055 72.0 59.5 78.1 62.1 59.5
1676185 80.3 54.7 86.8 60.8 59.0
2247280 71.3 58.6 78.1 61.9 59.8
3816509 74.0 56.6 81.4 61.8 58.9
3646311 85.8 50.6 91.6 63.6 61.8
1815101 84.1 51.2 90.4 62.0 59.9
1131634 68.6 58.9 75.5 60.1 55.7
3481672 82.1 51.3 89.2 61.7 58.9

The maximum precision for the top 10 models proposed checks 85.8%. Maximum
precision for all 3,330 models available checks 98.4% (with the accuracy of 61%, recall of 23%,
AUC of 0.397 and mAP of 0.387). Similarly, maximum recall for the top 10 models proposed
checks 59.5%. Maximum recall for all 3,330 models available checks higher—62% (with the
accuracy of 65%, precision of 64%, AUC of 0.617 and mAP of 0.591). In this instance
maximum AUC/mAP model coincides with maximum accuracy/F1 score model, which allows
quick identification of the best performing model. Otherwise, weighted combination of

different metrics could be used.
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Other often-requested performance metrics include full (Extract, Transform, Load or
ETL) neural network process time, detection time (feed forward process only) and maximum
accuracy/F1 score obtainable by using different object detection confidences (while still

maintaining 0.5 loU requirement). Evaluation of these performance metrics is shown in Table 9.

Table 9. Supplementary results for 10/3,330 best performing MobileNet v1 models run for over ~4 million iterations as
obtained by the Author.

. . |Maximum | Confidence [%] | Maximum | Confidence [%]
Iteration | Process | Detection . .
Number | Time [s] | Time [s] Accuracy | At Maximum | F1 Score | At Maximum

[%] Accuracy [%] F1 Score
2560952 90.3 67.2 74.0 38 69.8 37
1920742 | 250.8 67.5 71.4 48 65.8 40
2289055 | 251.8 63.2 69.4 58 65.3 48
1676185 | 230.1 64.0 71.0 58 65.3 41
2247280 | 256.8 62.1 69.9 62 64.7 56
3816509 83.3 60.9 69.7 60 64.5 43
3646311 88.0 61.4 71.6 36 66.8 24
1815101 | 230.1 62.5 71.3 35 66 29
1131634 | 237.3 66.0 68.6 60 63.7 43
3481672 83.5 61.5 71.1 41 64.9 27

Table 9 represents the top 10 models only, but detection time is relatively stable across
all 3,330 models (the mean of 3,330 models is approximately 64 seconds and the standard
deviation checks 2.3 seconds). The entire model process time (including ETL pipeline and
output saving time) is 174.3 seconds on average, but with a high standard deviation due to
auxiliary operations performed by the CPU and hard disc at the same time, which resulted in a
longer processing time. 64 seconds for detection over 5,375 testing set images corresponds to
0.012 seconds per one 640x480 image detection pipeline. This allows for 83 FPS processing
using GPU, which is significantly higher than 30/60 FPS usually associated with real-time
detection. As mentioned before, typical CCTV processing FPS capability is usually lower due
to budget constraints.

For ANN based classification task, the detection confidence modification results in a
change in resultant confusion matrix and different model performance values. The best 10
models obtained, based on 4 million iteration processing, are shown in Table 9. Detection
confidence impact on the best model out of these 10 (and as a result, the best model out of
3,330) is presented in Figure 83. As shown in the figure and Table 9, optimum detection
confidence for accuracy maximization (0.38) does not coincide with optimum detection
confidence for F1 score (0.37). In practice, this would mean that object detection confidence of
0.375 (in this particular model those two values are close enough to warrant arithmetic mean)
would be used instead of default 0.50. For other models, this difference in the optimum

detection confidence is much greater, as presented in Table 9.
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Figure 83. MobileNet v1 @Iter=2,560,952 model det. confidence’s impact on model accuracy and F1 score as obtained by
the Author.

The model presented in Figure 83, while best performing, is only one of 3,330 models
accumulated during this analysis. Typically model training process would be shown in terms of
accuracy change over training process along with training dataset-based model loss. This type
of data is shown in Figure 84, with a 30 item forward moving average used to smooth the data
due to low batch size.
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Figure 84. MobileNet v1 loss, training and testing accuracy for 4 million iteration as obtained by the Author.

The model accuracy increases when the loss decreases. Figure 84 shows that the model
has difficulty generalizing given training dataset and oscillates heavily with a global downward
trend. As the training and testing performance metrics are heavily correlated (as shown in
Figure 84 and Figure 85), the local accuracy maxima for training and testing datasets coincide
with each other. This fact, along with a stable performance of models evaluated on training and
testing datasets, shows that no overfitting is present in the model and that further model

optimization would likely allow further (albeit slow) performance improvements.
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This is not only the case for model accuracy, but also for model F1 score, as shown in
Figure 85 with 30 items forward moving average applied to smooth out local outliers. Training
dataset accuracy is higher than testing accuracy due to a single negative image present in the
datasets, which skews training set F1 scores to high values. This is one of the challenges related

to the F1 score as a metric.

MobileNet vl Model Performance Across 4 Million Interations
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Figure 85. MobileNet v1 training and testing dataset accuracy and F1 score as obtained by the Author.

Available training dataset needed to be divided into small batches due to GPU memory
size limitation. This allows training on the large (theoretically infinite) input dataset, but results
in oscillation of model performances over model optimization. This oscillation makes
determining the model training stopping point problematic, but shows great potential from
ensemble model generation (model parameters extracted from one peak will be different from
those of the adjacent peak shown in Figure 84 and Figure 85).

Model evaluation performed on training/testing dataset can also be presented as shown
in Figure 86, Figure 87 and Figure 88. Figure 86 shows the correlation between training and
testing dataset-based model accuracy. Figure 86 presents both accuracy at 0.5 detection
confidence and 0.5 IoU as well as overall obtainable maximum accuracy for the given model
with optimum detection confidence and 0.5 loU. Since the vast majority of the data points are
located above the identity function line, it is clear that the majority of model accuracies are
higher for a testing dataset in both instances. Testing set accuracy is higher than training set
accuracy only if the dataset used is easier/simpler. In this problem, since 2,750 of the testing
dataset images represent data points with no drone present, while almost the entire training
dataset images represent drone images, it is indeed expected that the resultant model

performance will be higher for testing accuracy created in this way.
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Figure 86. MobileNet v1 3,300 model based correlation plots between training testing dataset accuracy [LEFT] at 0.5
detection confidence and 0.5 loU and [RIGHT] maximum accuracy (at optimum detection confidence) as obtained by the
Author.

This naive model is represented by cut off line at a testing set model performance of
approximately 48%, as shown in Figure 86, for maximum accuracy obtainable by model given
any detection confidence (at 0.5 loU). This corresponds to the naive model classifying all input
images as negatives (2,750/5,375 or approximately 51% accuracy) with just a few correctly
classified positives. F1 score utilizes a more complex combination of confusion matrix to form
its score. As shown in Figure 87, almost all model performance metrics fall below the identity
function, which shows that the F1 score, due to only 1 negative image in the training dataset, is

skewed towards training performance.
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Figure 87. MobileNet v1 3,300 model based correlation plots between training testing dataset F1 score [LEFT] at 0.5
detection confidence and 0.5 loU and [RIGHT] maximum accuracy (at optimum detection confidence), as obtained by the
Author.

Similar plots have been created for individual 3,330 model AUC and mAP scores, as
shown in Figure 88. AUC score is shifted towards the testing dataset, but mAP is shifted
towards the training dataset. This kind of comparisons offer valuable insight into the data

structure and show the usefulness of different parameters for object detection tasks.
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Figure 88. Correlation plots between training and testing dataset based AUC and mAP score for 3,330 models (at 0.5 loU)
as obtained by the Author.

After training the model for more than 4 million iterations, the best-obtained model at
0.5 loU shows maximum accuracy of 74%, maximum accuracy at 0.50 detection confidence of
73.5%, maximum F1 score of 69.8% and maximum F1 score at 0.50 detection confidence of
68.4%.

Detailed evaluation of the training process and corresponding results on the testing
dataset shows that model, even after 4 million iterations, did not overfit to a given problem,
which suggests that better model performance may be obtained with more training time spent
for parameter optimization.

Finally, training dataset composition results in unrealistic F1 score obtained during
model performance testing, which suggests that from F1 metric perspective, the model should
contain more negative images for training purposes (if only for overfitting testing). Typically,
object detection problem consisting of multiple classes will automatically enable this feature as
only a very limited percentage of overall dataset will contain single class based objects. On the
other hand, the testing dataset, even though it is evenly distributed between two classes, shows
high skew towards naive prognosis, which is an important insight to be kept in mind before

presenting model results to the end-users.

4.5.  ANN Experiments—Optimum Number of Images Needed

In this section, results of the different model training processes, performed using
training set of 1,000, 2,000, 3,000, 4,000, 5,000, 10,000, 20,000, 30,000, 40,000, 51,446 images
(and consistently evaluated using the same testing set of 5,375 images as before), will be
presented. Each image set is consistently expanding on top of the previous one, for example, an

image set of 3,000 images includes an image dataset of 2,000 images and 1,000 new images.
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Each model was trained using the same hardware, the same image resizer (300x300) with the
same default parameter and basic image augmentation (vertical flipping only) and a batch size
of 10. Each experiment consisted of either 400 epochs or 1 million iterations minimum. All
results are presented at 0.5 detection confidence and 0.5 loU unless specified otherwise.

The results for the first 5 image dataset configurations (1,000-5,000 images) are
presented in Figure 89 and Table 10. Dataset consisting of 1,000 images seems to only optimize
successfully until iteration 222,843 then its averaged performance slowly decreases. This
corresponds to model testing set accuracy of 54.6% and an F1 score of 36.8%. Out of 1 million
iterations, the peak accuracy checks 56.3% at 463,480 iterations and the peak F1 score checks
40.5% at 382,312 iterations.
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Figure 89. MobileNet v1 model mAP results across 1 million iteration for 5 different training dataset configurations (1,000,
2,000, 3,000, 4,000, 5,000 images) recalculated into 15 item forward moving average. Author’s own work.

As a trend, model performance increases with the number of data samples used, as
shown in Figure 89 and Table 10. 5,000 images-based model shows incremental improvements
and multiple local peaks in its averaged mAP based performance. Out of 1 million iterations,
both peak accuracy (68.7%) and peak F1 score (61.9%) occur at 663,575 iterations. Figure 89
shows that there is a significant difference between 1,000 and 2,000 images based models with
overall model performance still raising with an increase in images dataset size, but the
difference is not as noticeable. This seems to suggest that originally 2,000 images for the
training of binary object detection can be used for Minimum Viable Product to be shown for
project approvers.

Models utilizing a higher percentage of the training dataset (10,000-51,446 images) over
their training process are shown in Figure 90 and Table 10. All of the models show incremental
improvement, however, as shown in Table 10, unit-wise increase in moving average mAP

requires non-linearly increasing number of the training image dataset. As mentioned before, a

123



full dataset was run for up to 4 million iterations, but the corresponding 1 million iterations-
based model aggregation shows maximum accuracy of 69.4% and the F1 score of 60.2%

(73.5% accuracy and 68.4% F1 score for 4 million iteration model as pointed out earlier).
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Figure 90. MobileNet v1 mAP results across 1 million iteration for 5 different training dataset configurations (10,000-51,446
images) recalculated into 15 item forward moving average for trend visualization. Author’s own work.

Visualization of the training process results represents a challenge since altogether
10,000 frozen models have been created over 10 input dataset combinations trained up to 2.06
million iterations. Low (10 images) batch size results in a high variance in the model
performance metrics. Acquired models were frozen and evaluated, the results were aggregated
into iteration average/maximum over all frozen models for the given training dataset. 1 million
iterations and 400 epochs respectively were used as aggregation timeframes (iteration/time
required for training process). The results of that aggregation are presented in Table 10.

Table 10. Results of the transfer learning approach performed using MobileNet v1 model pretrained on COCO dataset and
fine-tuned on different problem specific sets ranging from 1,000 to 51,446 images as obtained by the Author.

Img Count 1000 2000 3000 4000 5000 10000 20000 30000 | 40000 | 51446
Iterations At 400 Epochs 40000 | 80000 | 120000 | 160000 | 200000 | 400000 | 800000 | 1200000 | 1600000 | 2057840
Iter 0-1Mil Avg ACC [%] 37.9 46.7 46.1 48.5 47.9 52.1 54.5 54.0 54.1 53.8

Iter 0-1Mil Avg F1 [%] 18.8 33.0 315 36.4 35.6 36.2 37.4 36.0 34.3 34.4
Iter 0-1Mil Avg AuC [%] 16.5 29.7 28.8 33.6 32.7 34.1 35.1 33.9 32.6 32.6
Iter 0-1Mil Avg mAP [%] 9.6 23.2 22.7 27.5 26.7 28.8 30.4 28.8 27.5 27.4

Iter 0-1Mil MAX ACC [%] | 56.3 64.7 67.9 69.1 68.7 70.6 70.2 70.3 70.3 69.4
Iter 0-1Mil MAX F1 [%] 40.5 57.3 60.2 62.7 61.9 63.4 61.3 63.8 63.7 60.2
Iter 0-1Mil MAX AuC [%] 36.4 53.7 56.7 58.9 57.9 60.7 58.5 60.0 60.8 56.9
Iter 0-1Mil MAX mAP [%]| 29.1 50.0 54.9 56.5 54.1 58.5 56.4 58.2 57.2 54.7
400 Epoch Avg ACC [%] 32.8 39.2 40.7 44.4 45.0 49.0 53.9 54.4 55.1 55.5

400 Epoch Avg F1 [%] 15.0 25.0 24.9 27.7 29.9 31.8 36.1 36.8 36.4 375
400 Epoch Avg AuC [%] 135 23.0 23.1 26.2 276 30.0 34.0 345 34.4 35.4
400 Epoch Avg mAP [%] 7.8 16.3 16.6 19.7 21.1 24.4 29.2 295 29.5 30.4

400 Epoch MAX ACC [%]| 55.5 59.9 60.3 66.2 63.6 67.6 69.7 70.3 70.3 71.3
400 Epoch MAX F1 [%] 337 455 46.9 55.8 57.5 60.7 60.9 63.8 63.7 65.2
400 Epoch MAX AuC [%] | 30.7 42.4 46.6 51.6 54.7 59.1 58.5 60.0 60.8 62.0
400 Epoch MAX mAP [%]| 22.9 37.7 40.0 48.9 52.0 56.0 56.4 58.2 57.2 59.9
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As shown in Table 10, for 400 epochs the average accuracy increase, resulting from
expanding the dataset from 1,000 to 5,000 images, checks 12.2 percentage points (from 32.8%
to 45%). Further dataset size increases up to 51,446 images results in an average accuracy of
55.5%, which represents a 10.5 percentage point increase (from 45.0% to 55.5%). As such,
every percentage point is nonlinearly more data-consuming. The average accuracy only reflects
the overall model capacity to learn given input dataset. For model deployment, maximum model
performance for a specific model is required. In this particular instance, the maximum accuracy
for the given input dataset increases from 55.5% to 63.6% (8.1 percentage point increase) based
on the increase of the training dataset from 1,000 to 5,000. Further increase in image dataset
from 5,000 to 51,446 results in maximum accuracy increase up to 71.3% (further 7.7 percentage
point increase). It is important to note, that these results are highly dependent on the stochastic
optimization process and may vary depending on the given problem. Furthermore, all the results
given are dependent on the image dataset’s object “difficulty” (object size, occlusion,
illumination challenges, etc.). In this instance entire dataset is consistently generated based on
the source of similar nature (drone), this is why the results are fairly consistent as well.

The conclusion from Table 10 is that for a binary task to be learned using the MobileNet
v1 model at least 2,000 images for the preliminary model and 20,000 images (in this instance
640x480 images with image resizer of 300x300) for the operational model are needed to reach
the accuracy of 70%. Further dataset increase will provide better generalization capacity for the
model resulting in better testing set performance, but 20,000 images seem to be a correct
starting point for model retraining given this binary object detection problem.

Comparison between 1 million iterations and 400 epochs also provides a valuable
insight into the optimal number of epochs needed for the MobileNet v1 model training. For all
input dataset combinations, except for 51,446 image models, maximum accuracy/F1 score was
calculated within the first 1 million iterations as compared to the 400 epoch threshold used.
Since 40,000 images with a batch size of 10 results in 400 epochs at 1.6 million iterations, it
would seem that 400 epochs are too much and in fact 400/1.6 or 250 epochs would be sufficient
for model training. The optimum value for this problem is between 250 and 194 epochs
(400/2.06). Since the result of multiplication of iteration number and batch size has to be equal
to multiplication results of epochs number and dataset size, corresponding iteration number

needs to be recalculated for a specific problem.
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4.6. ANN Architectures Comparison

MobileNet v1 is only one of the available pretrained models that can be used for transfer
learning purposes. It was specifically made for versatility, mobility and inference speed. Its
lightweight architecture is favorable from many perspectives, but lacks sufficient complexity
to properly and fully generalize given problems. Visualization of problems associated with
model complexity and divergence from the optimum model performance has been
demonstrated in Figure 91. It demonstrates why, as a consequence of the low complexity model,
its performance is inferior compared to other, higher complexity models like Faster R-CNN
[229]. The gap between training and testing set accuracy may be effectively close by
implementing regularization based methods such as dropout and batch normalization, which

help prevent model overfitting by ensuring that it does not simply memorize input dataset.

Training Set

Model Accuracy

T

Optimum Model Complexity

v

Model Complexity

Figure 91. Impact on model accuracy assuming const. training dataset and increasing model size (complexity). Author’s own
work.

In this section of the thesis transfer learning capabilities of MobileNet v1 were
compared with (more recently developed and better performing) Faster R-CNN model, in this
instance pretrained Faster R-CNN model trained on NASNet [230] and uploaded to TensorFlow
Object Detection ZOO [62].

The model was run on a set of fixed image resizers to determine the optimum point of
the experiment. Ultimately, based on these experiments, 300300 and 640x640 image resizers
were used for preliminary analysis, followed by a set of additional experiments for other sizes
as well. Since the Faster R-CNN model is a two-stage feature extractor, the first stage consists
of an anchor generator. In this instance, height and width stride of 16 have been used. Instead
of RMSProp optimizer, as used for MobileNet models, Momentum optimizers have been used

for the model, as a more stable model convergence rate has been noted using this approach.
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Different combinations have been tested to establish the fastest convergence pipeline,
with the ultimate model starting with a 0.003 learning rate for the first 900,000 iterations,
0.0003 learning rate for iterations within the range of 900,000-1,200,000 and 3e-6 learning rate
for later iterations. Due to GPU memory size constraints, a batch size of 1 has been used.

A full 51,446 training image dataset has been used to create a corresponding .tfrecord
file, which was in turn used for batch generation. Similarl to MobileNet models, all temporary
logs and TensorBoard files were extracted in order to facilitate postprocessing of the result files.
Every 10 minutes a checkpoint has been saved, the inference graph has been frozen and model
testing on the beforementioned dataset has been performed in order to track model progress.
Exactly the same model testing script as mentioned before has been used. All results are
presented at 0.5 detection confidence and 0.5 loU unless specified otherwise.

The batch size used was much different from the one used for MobileNet v1 models.
For 400 epochs, batch size of 1 and 51,446 images it would take 20,578,400 iterations to run a
full analysis for the model. For a 300x300 image resizer one iteration/step for Faster R-CNN
takes approximately 1.34 sec, which means that it would take 319.15 days to run the entire
analysis. Since that processing time was not available, 1 million iterations was used instead as
a benchmark. This corresponds to approximately 20 epochs or 16 days of training.

The resultant model, as compared to MobileNet v1, also requires larger disc space (405
vs 22 MB) to store frozen inference models. Similarly, single checkpoint storage requires much
more disc space than for the MobileNet v1 model (833 vs 93 MB). This is problematic for large-
scale testing since 426 saved models trained up to 1,013,100 iterations require 338 GB, which
represents difficulty from a storage point of view. This problem would be particularly
exacerbated when multiple machines would run the same configuration. With hyperparameters
tuning the ultimate dataset size would result in multiple TBs required to store and archive
analysis results (the total size of all models stored by the Author is approximately 8TB).

The results of the Faster R-CNN model fine-tuning are presented in Figure 92 and
Figure 93. Since the Faster R-CNN model was fairly stable, a line connecting all the data points
was added, in contrast to the MobileNet v1 model, which high variance prevented direct

visualizations, as shown in Figure 92.
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Figure 92. Direct accuracy output for MobileNet v1 and Faster R-CNN models fine-tuned on 51,446 training dataset and
300x300 image resizer with linear trendline added for both models as obtained by the Author.

Figure 92 shows accuracy, while Figure 93 presents F1 score outputs for the models
trained for up to 1 million iterations. Average R-CNN-based accuracy across all models frozen
up to 1 million iteration checks 61.72%. Similarly, maximum accuracy for the models checks
74.77%. The average F1 score checks 52.42% and the maximum one checks 70% (68.4% for
the MobileNet v1 model for the same configuration). Both accuracy and F1 score graphs have
clear upward trends, while—by comparison—MobileNet v1 models show little increase for the
same configuration.
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Figure 93. Direct F1 score output for MobileNet v1 and Faster R-CNN models fine-tuned on 51,446 training dataset and
300x300 image resizer with linear trendline added for both models as obtained by the Author.

Faster-RCNN is much more stable during the training time, even with a batch size of
only 1 image. This is presented in Figure 94, which shows a comparison of performances Faster
R-CNN and MobileNet v1 models trained up to 1 million iterations. Since MobileNet v1 models

have high variance, 15-item forward moving average was used for visualization. For the Faster
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R-CNN model the training process is much smoother. In fact, aside from the first training phase
consisting of approximately first 100,000 iterations, most of the acquired Faster R-CNN models
could be used for model deployment with averaged mAP values consistently above MobileNet
vl model performance metrics as shown in Figure 94. This is because overall MobileNet v1
models have high variance and acquiring high performing model is highly stochastic, while in
the instance of the Faster R-CNN model acquiring high performing model is emergent behavior.
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Figure 94. MobileNet v1 vs Faster R-CNN mAP based performance (15 items forward moving average) as obtained by the
Author.

Maximum accuracy for the Faster-RCNN model of 74.77% is greater than the
corresponding maximum accuracy for the MobileNet v1 model (73.54%). However, it took
MobileNet v1 model 2,560,952 iterations (approximately 498 epochs or 16.3 days with a
training speed of 0.55 seconds per step) to train that model, while the Faster R-CNN model
needed 787,210 iterations (approximately 15 epochs or 12 days with a training speed of 1.32
seconds per step). Considering epoch number needed, established in the previous section (250),
along with minimum image dataset size needed (20,000), GPU allowable batch size (1) and the
Faster R-CNN model training speed (approximately 1.32 sec/step for 300x300 image resizer)
it would take approximately 77 days to fully train the model. Furthermore, while a single model
checkpoint requires 833 MB, it takes 327 GB to store 412 checkpoints saved approximately
every 2,500 steps. Maximum model accuracy along with other metrics are presented in
Table 11.
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Table 11. Faster R-CNN model overall performance (51,446 images, 300x300 image resizer) as obtained by the Author.

Evaluation Metric Average Score [%] |Maximum Score [%]
Iter 0-1Mil ACC 61.7 74.8
Iter 0-1Mil F1 52.4 70.0
Iter 0-1Mil AuC 63.3 76.5
Iter 0-1Mil mAP 57.2 74.3

As mentioned before, modifying detection confidence results in a change of
TP/TN/FN/FP scores, confusion matrix and model performance metrics. Detection confidence
impact on the best model out of 426 analyzed (approximately every 2,500 iterations) is
presented in Figure 95. As shown in the figure, optimum detection confidence for the model is
fairly consistent across the entire detection spectrum for the model, with a steep performance
reduction above detection confidence of 95%.
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Figure 95. Faster R-CNN @lter=787,210 model det. confidence’s impact on model accuracy and F1 score as obtained by
the Author.

This can also be visualized on the model-based Precision-Recall and ROC curves, as
shown in Figure 96. The vast majority of data points are clustered within a small subset of the
figure. This means that changing detection confidences generally does not greatly impact the

model performance, which is the desired behavior.

Precision-Recall Curve, Model 787210 ROC Curve, Model 787210
1.0 1.0

2 g

f: rt

& 3

= Z

.a A

2 s

& =

mAP/mAR=0.743 | AUC=0.765

0.0 True Positive Rate (Recall) Lo 0.0 False Positive Rate (Fall-Out) L

Figure 96. Faster R-CNN: [LEFT] Precision-Recall and [RIGHT] ROC curve for optimum model as obtained by the Author.

The model analyzed in Figure 95 and Figure 96 is one of 426 models obtained, frozen
and analyzed. Iteration loss and accuracy for all models are shown in Figure 97. While model

variation is still non-negligible, it is lower than the one present for MobileNet v1 models.
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Furthermore, while 30-item forward moving average smoothing does indeed provide
visualization value-added for the model accuracy, the training loss could be shown directly
without the need for any data accumulation. Generally, the results show that model loss
continues to decrease while model accuracy globally continues to increase. This shows that
training above 1 million iterations would likely provide better model performance with no
overfitting noted.
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Figure 97. Faster R-CNN models’ loss and testing dataset accuracy as obtained by the Author.

As shown in Figure 97, model performance—measured by accuracy metric—seems to
show a local peak at approximately 350,000 iterations. This represents model overfitting
scenario, where model training dataset loss decreases (which suggests that models continuously
improve their fit over training data), while testing performance decreases. This shows that the
model’s capacity to generalize to a given problem has been reached after approximately
350,000 iterations or 7 epochs. After that point model performance steadily decreases with local
outliers of better fit reoccurring over the training process as represented by brown dots in
Figure 97. At the same time, Faster R-CNN model seems to be sufficiently robust to overfit to
prevent significant performance deterioration of the model, with accuracy even rising slowly
above 700,000 iteration threshold and local peak at 787,210 iterations.

This is reflected in the top 10 models as measured by the F1 score results summary
presented in Table 12. While maximum accuracy for the model was measured at 787,210
iterations (74.8%), the model frozen at 345,028 iterations shows better F1 score-based

performance (70.0%).
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Table 12. Top 10/426 Faster R-CNN models’ performance sorted based on F1 score, as obtained by the Author.

Iteration True False True False Accuracy | F1 Score
Number |Positives [#] | Positives [#] |Negatives [#]|Negatives [#] [%] [%]
345028 1841 556 2415 1022 73.0 70.0
787210 1671 260 2633 1192 74.8 69.7
349818 1882 685 2376 981 71.9 69.3
427402 1629 232 2665 1234 74.5 69.0
334975 1798 566 2440 1065 72.2 68.8
342693 1965 899 2258 898 70.2 68.6
352214 1788 572 2452 1075 72.0 68.5
357587 1692 384 2541 1171 73.1 68.5
355202 1706 420 2510 1157 72.8 68.4
402361 1754 535 2498 1109 72.1 68.1

This trend can be seen not only for accuracy and F1 score, but also for precision, recall,
specificity, AUC and mAP metrics as presented in Table 13. Maximum AUC checks 0.765 and
maximum mAP checks 0.743, which are greater than corresponding MobileNet v1 model
results (trained for 1 million iterations) of 0.569 and 0.547, respectively. This shows that the
Faster R-CNN model has a much greater capacity to learn problem generalization than the

MobileNet types of models.

Table 13. Top 10/426 Faster R-CNN models’ auxiliary performance metrics sorted based on F1 score, as obtained by the
Author.

Iteration | Precision | Recall | Specificity| AUC | mAP
Number [%] [%] [%] [%] [%]

345028 76.8 64.3 81.3 76.1 73.3
787210 86.5 58.4 91.0 76.5 74.3
349818 73.3 65.7 77.6 75.7 73.3
427402 87.5 56.9 92.0 76.0 73.8
334975 76.1 62.8 81.2 75.6 73.0
342693 68.6 68.6 71.5 75.5 72.9
352214 75.8 62.5 81.1 75.4 72.6
357587 81.5 59.1 86.9 75.2 72.4
355202 80.2 59.6 85.7 75.3 72.4
402361 76.6 61.3 82.4 75.0 72.0

Another important model parameter is total process time, detection time and maximum
achievable accuracy/F1 score. The results for these performance metrics are presented in
Table 14. The average total process time for 10 best-performing models checks 3724 seconds
(3717 seconds for all 426 models). The avg. detection time for the models checks 3655 seconds
(3646 seconds for all 426 models). This means that—on average—98% of the processing time
is dedicated to detection. Furthermore, on average, 426 models (as shown on a testing dataset
of 5,375 images) are capable of approximately 1.5 FPS detection rate for 640x480 image, which

is very low and can only be mainly used for high precision offline applications.
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Table 14. Top 10/426 Faster R-CNN models’ supplementary performance metrics sorted based on F1 score as obtained by
the Author.

. . [Maximum | Confidence [%] | Maximum |Confidence [%]
Iteration | Process | Detection . .
Number | Time [s] | Time [s] Accuracy | At Maximum | F1 Score | At Maximum

[%] Accuracy [%] F1 Score
345028 | 3742.8 | 3674.4 73.7 83 70.3 58
787210 | 3839.6 | 3760.3 74.8 51 69.9 31
349818 | 3692.4 | 3625.1 74.8 92 70.6 84
427402 | 3697.8 | 3629.6 74.7 43 69.4 33
334975 | 3770.6 | 3701.0 73.5 85 69.2 63
342693 | 3703.1 | 3635.0 73.2 97 69.7 85
352214 | 3695.8 | 3628.1 73.7 93 68.9 74
357587 | 3706.4 | 3638.3 73.6 85 68.7 34
355202 | 3694.8 | 3627.6 72.9 53 68.6 33
402361 | 3695.0 | 3627.1 72.9 89 68.2 54

On average, Faster R-CNN fine-tuning process is much more stable than the MobileNet
v1 model, which is attributed to much greater model architecture, less susceptible to outliers. It
also allows achieving higher performance in terms of all metrics used. This comes with a
disadvantage of longer computational and deployment time. 1.5 FPS benchmark was obtained
using GPU acceleration and relatively high (as compared to typical CCTV setup) power. This
is unacceptable for mobile/edge applications, especially considering high memory requirements
both in terms of hard drive and RAM.

At 0.5 detection confidence and 0.5 loU requirement, the Faster R-CNN model is
capable of achieving 74.8% accuracy and 70.0% F1 score. Assuming that optimum detection
confidence is allowable, these values raise to 74.8% for accuracy (no change) and 70.6% for
F1 score (0.6% increase) as shown in Table 14. This is due to the fact that Faster R-CNN
models—in general—are less susceptible to a change in detection confidence, as shown in
Figure 95. Still, since typically a default object detection confidence threshold needs to be set
and usually object detection projects are highly limited by time constraints, the optimum

detection confidence analysis is worth looking into.

4.7. Image Resizer Impact on ANN Model Performance

In this section, an impact of different image resizers on the model performance is
discussed. Image resizer preprocesses original input image to a given size, both to ensure that
width and height of the input image are the same as well as to reduce computational complexity

involved. Both for MobileNet v1 and Faster R-CNN model analyzed, the image resizer was
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changed from the default 300x300. For MobileNet v1 two additional analyses were run, with
image resized of 640x640 (to correspond to 640x480 image) and 1000x1000. All results are
presented at 0.5 detection confidence and 0.5 loU unless specified otherwise.

The results of this analysis on the test dataset are presented in Figure 98. For almost
every point in the training process, MobileNet v1 with an image resizer of 300300 pixels was
superior compared to 640x640 and 10001000 models. In fact, mAP based model performance
(smoothed using 15-item forward moving average) decreases overall with an increase in image
resizer size. Overall model metrics are presented in Table 15.

MobileNet vl Performance With Different Image Resizers - 15 Items Forward Moving Average
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Figure 98. Model mAP (15 item forward moving average) for three models trained for 1 million iteration using MobileNet v1
pretrained architecture and 51446 training images, as obtained by the Author.

The results stand in contrast to the original MobileNet paper [216], where similar
analysis has shown that increasing the image resizer results in a performance increase.
However, the original results have also processed significantly lower input resolutions, ranging
from 128 to 224 pixels, while maintaining the same number of parameters across all
experiments—the same as obtained in this thesis even for significantly larger input resolutions.
This is possible due to MobileNet architecture, which utilizes depth-wise separable
convolutions with depth-wise and point-wise layers, instead of standard convolutional layer
architecture. This suggests that above certain input image resolution threshold (estimated as
224 pixels due to original MobileNet architecture fine-tuned for this input size), with all other
hyperparameters left original, the architecture is unable to scale up for larger image resolutions.

As shown in Table 15, for 1 million iterations (19.5 epoch max Faster R-CNN, 197
epochs max for MobileNet v1 with 640x640 and 1000%1000 image resizers) maximum
accuracy for the MobileNet models starts at 69.36% for 300x300 image resizer, then drops
down to 67.09% for 640x640 image resizer and finally to 63.67% for 10001000 image resizer.
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Table 15. MobileNet v1 and Faster R-CNN different model resizer performance metric aggregation.

Mode Type MobileNet v1 Faster R-CNN
Resizer Used 300x300 640x640 1000x1000 300x300 640x640
Iteration 0-1Mil Avg ACC [%] 53.8 50.8 41.4 61.7 68.5
Iteration 0-1Mil Avg F1 [%] 34.4 24.5 13.6 52.4 67.4
Iteration 0-1Mil Avg AuC [%] 32.6 26.2 16.0 63.3 75.9
Iteration 0-1Mil Avg mAP [%] 274 20.6 10.3 57.2 74.0
Iteration 0-1Mil MAX ACC [%] 69.4 67.1 63.7 74.8 82.3
Iteration 0-1Mil MAX F1 [%] 60.2 59.6 48.4 70.0 80.6
Iteration 0-1Mil MAX AuC [%] 56.9 59.7 50.6 76.5 85.8
Iteration 0-1Mil MAX mAP [%] 54.7 55.8 48.5 74.3 84.9
400 Epoch Avg ACC [%] 55.5 50.8 41.4 61.8 68.5
400 Epoch Avg F1 [%] 375 24.5 13.6 52.4 67.5
400 Epoch Avg AuC [%] 35.4 26.3 16.1 63.3 76.0
400 Epoch Avg mAP [%] 30.4 20.7 10.3 57.3 74.1
400 Epoch MAX ACC [%] 71.3 67.1 63.7 74.8 82.3
400 Epoch MAX F1 [%] 65.2 59.6 48.4 70.0 80.6
400 Epoch MAX AuC [%] 62.0 59.7 50.6 76.5 85.8
400 Epoch MAX mAP [%] 59.9 55.8 48.5 74.3 84.9
Epochs N=400 N=197 N=19.5

For the Faster R-CNN model the trend is opposite with maximum accuracy for 1 million
iterations calculated as 74.7% for 300x300 image resizer and 82.3% for 640%640 image resizer.
Both models show significantly better performance than the 300x300 MobileNet v1 model, as
depicted in Figure 99. This corresponds to greater ImageNet based performance of the Faster
R-CNN model as described by the original Faster R-CNN paper [143]. Since the original paper
also considered rescaled images of 600x600 pixels, it has been proven that Faster R-CNN is a
more appropriate model for high-resolution images due to its original architecture capable of
processing larger input sizes. This has been confirmed by the following experiments with
MobileNet models tested for binary object detection problem of drone detection showing
significantly lower performance than corresponding Faster R-CNN model. At the same time,
the detection time is driven both by the region proposal network and by the classification
network of the system, which means that large differences in the original input image size will

not result in overall network size difference nor corresponding detection time changes.
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Figure 99. 300300 and 640x640 image resizer mAP comparison between Faster R-CNN and MobileNet v1 as obtained by
the Author.

4.8.  ANN Optimum Detection Confidence

In this section sensitivity study on appropriate detection confidence is presented. By
default, 0.50 detection confidence and 0.50 IoU are two thresholds used for reporting object
detection model performance. These established thresholds are presumed to represent a correct
first approximation for object detection task, but rarely sufficient due diligence is provided to
the most appropriate detection confidence to be used for the given task. While metrics like mAP
and AUC provide a detailed insight into model performance regardless of chosen detection
confidence threshold in engineering practice it is critical to choose one particular detection
confidence value for a given model. At the same time often test size and testing time require
make establishing a specific object detection threshold very difficult, which is why a novel
analysis of the appropriate detection confidence has been provided in this section of the thesis.

MobileNet v1 models with a fixed image resizer of 300300 and training dataset size
ranging from 1,000 to 51,446 were analyzed first. The average of optimum object detection
confidence for 11,610 frozen models checks 69.9% for accuracy and 28.3% for F1 score. The
entire results dataset was divided into 10 groups corresponding to the number of images used
for more proper differentiation. The results were normalized to form a histogram and
corresponding Probability Distribution Function (PDF) over the resultant dataset. The PDF over
accuracy and F1 score, respectively, is presented in Figure 100.
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Figure 100. MobileNet v1 PDFs over optimum detection confidences (@300x300 resizer and 0.5 loU) for [LEFT] accuracy
and [RIGHT] F1 score, as obtained by the Author.

As shown in Figure 100, optimum detection confidence for accuracy starts at
approximately 0.99 and decreases with the increase of dataset size used up to approximately
0.95 for N=30,000. Simultaneously, the PDF starts becoming bimodal at N=5,000 and models
of N=20,000 and larger have refined mode at the confidence of approximately 0.45. For
N=40,000 and N=51,446 models confidence of 0.5 become most frequent. For the F1 score the
distribution is less complex, but the optimum detection confidence starts at 0.15 to increase up
to 0.43 only to return to 0.18 at N=51,446.

This immediately suggests that detection confidence of 0.50 is not the optimum value,
if only for MobileNet architecture. The analysis has also shown that optimum confidence level
for accuracy and F1 score vary, which means that different values need to be chosen for
different leading performance metric. Moreover, the larger the training size, the lower the
confidence threshold is needed for both accuracy and F1 score. This is intuitively explained by
the fact that with a more diverse dataset represented by a larger training data size, the model
optimizes itself not only to pick correct detections, but also not to assign higher detection
confidences for a given class if it can be prevented. This results in an overall lower detection
confidence threshold and a much more stable model performance overall. The results presented
in Figure 100 represent a good framework for picking correct detection confidence for known
training size (which is always the case), leading performance metric and MobileNet
architecture. Application of detection confidence research is also very helpful due to the fact
that it does not impose any restrictions on the overall model performance, which means that it
can be generalized over the entire training process.

Since the number of models tested for each training set size combination varies from
835 to 3,330, some of the models trained for an insufficient number of iteration/epochs may
skew the PDF. To prevent that, 100 best-performing models based on the accuracy (for accuracy

plot) and F1 score (for F1 score plot) were used instead of the entire dataset so as to allow clear
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visualization on the object detection needs to achieve top results for given training set size. The
results are shown in Figure 101. For accuracy, bimodality is almost entirely eliminated.
Optimum object detection starts at 0.95 and decreases with an increase of the training size up
to 0.38 for N=51,446. For F1 score optimum object detection starts at 0.17, raises up to 0.50
for N=3,000 and then decreases back to 0.18 for N=51,446. This shows that optimum object
detection for the MobileNet v1 model is within the range of 0.18-0.45 rather than commonly
reference object detection confidence of 0.5.

The analysis also shows that initial object detection confidence should start off high for
models created using a small training set size and decrease with the increase of the training
dataset size. This conclusion is more restrictive than the one presented for all training
checkpoints, as most often best performing 100 models may not be known (even if it is often
assumed that the latest models provide best performing object detection, the previous sections
of this thesis have shown that this is not always the case). However, even provided with
a sample of overall checkpoint distributions shown in Figure 101, the optimum detection
confidence converges to approximately 0.40 for accuracy and 0.20 for the F1 score, which is

significantly different from the established threshold of 0.50.
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Figure 101. MobileNet v1 PDFs over optimum detection confidences for best 100 models (@300x300 resizer and 0.5 loU)
for [LEFT] accuracy and [RIGHT] F1 score, as obtained by the Author.

So far, the MobileNet v1 model was analyzed for the models utilizing a 300%300 resizer.
640%640 and 1000x1000 resizers were also tested to determine optimum object detection
performance, as shown in Figure 102—consistently based on a training dataset of 51,445
images—for the top-performing 100 models only. As described earlier in this thesis, the larger
input image resizer for MobileNet v1 architecture, the lower overall model performance, but
different experiments were run in order to confirm or reject the thesis of nonoptimality of the
established 0.50 object detection threshold.
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The results have shown that optimum detection confidence checks 0.25-0.37 for
accuracy and 0.12-0.22 for F1 score. The results are fairly consistent across all resizers, which
means that image resizers have a relatively low impact on optimum object detection value for
the MobileNet v1 model. While optimum replacement of 0.50 threshold differs for different
input image resizers, it seems that the overall conclusion that different detection confidences
are needed remains correct. This is worth noting that typical approaches of model performance
increase—Tlike training the model on the more diverse (larger) dataset, ensemble models, larger
architectures, more refined methods, longer training time and others—are significantly more
resource-intensive than simply picking the optimum detection confidence. It means that this

simple technique may have a tremendous overall impact on the overall model’s performance.
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Figure 102. MobileNet v1 PDFs over optimum detection confidences for best 100 models and three resizers tested (@0.5
loV) for [LEFT] accuracy and [RIGHT] F1 score, as obtained by the Author.

Similarly, the Faster R-CNN model was also analyzed for optimum detection
confidence. Figure 103 shows the results for two analyzed Faster R-CNN models, both trained
using 51,446 images, one using an image resizer of 300x300 and the other using an image
resizer of 640x640. Altogether 837 models were analyzed (411 for 300x300 resizer and 426
for 640x640 resizer).

Yet again, the results have shown that the simple approach of picking 0.50 detection
confidence is not appropriate. In fact, the results show that this kind of analysis is needed for
every object detection neural network architecture. Optimum detection confidence checks
0.95-0.98 for accuracy and 0.85-0.97 for F1 score. F1 score results for 300x300 image resizer
show bimodal PDF. This shows that the overall behavior of the Faster R-CNN model is different
than MobileNet v1 architecture, which can be attributed to the fact that MobileNet v1
architecture represents a one-shot architecture (overall the neural networks processes input
through one large network to provide classification), while Faster R-CNN represents two-shot
architecture (first neural network provides region proposals, which are then evaluated one by

one by subsequent network), which results in differences between those two architectures,
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specifically in terms of accuracy. Another important factor to consider is a different formulation
of the loss function, which is a result of two different architecture approaches. For MobileNet
optimum object detection threshold for maximizing accuracy was approximately 0.40, which
increases greatly for the Faster R-CNN model up to approximately 0.95. The results for the F1
score remain fairly consistent, with 0.40 being the optimum value with a large multi-modal

distribution also suggesting large detection confidence of approximately 0.85-0.95.
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Figure 103. Faster-RCNN PDFs over optimum detection confidences and two resizer tested (@0.5 loU) for [LEFT] accuracy
and [RIGHT] F1 score, as obtained by the Author.

The top 100 models were also aggregated as shown in Figure 104. The results are similar
in nature to Figure 103 results with accuracy-based optimum object detection confidence
shifting to 0.90 for image resizer of 300x300 and bimodal F1 score distribution disappearing
with the top optimum at the confidence of 0.40. While this suggests more consistency with
MobileNet architecture, it is important to remember that the default image resizer for Faster R-
CNN architecture—as described in the introductory paper [143]—is 600%600, which suggests
that larger detection confidences are more appropriate. Unfortunately, the Faster R-CNN
network is most often fine-tuned using TensorFlow Object Detection API, where the default
image resizer is 300x300, which in turn suggests 0.40 detection confidence for picking F1 score

as a leading performance metric.

140



Faster-RCNN PDF of Optimum Det. Conf. For Best 100 Models At Max. Accuracy (@0.5 foU) Faster-RCNN PDF of Optimum Det. Conf. For Best 100 Models At Max. FI Score ([@0.5 IoU)
107 - 5 LO7 . .
—— N = 51446, Image Resizer = 300x300
——— N=51446, Image Resizer = 640x640

=
>

0.4 — 04

Frequency Of Occurences
Frequency Of Occurences

; —— N = 51446, Image Resizer = 300x300 /
AL S N = 51446, Image Resizer = 640x640 v
) = —

it - s AN / . - —
0o 0z 04 0.6 08 Lo 0.0 02 04 0.6 0s 1.0
Detection Confidence At Maximum Accuracy Detection Confidence At Maximum F1 Score

0.0

Figure 104. Faster-RCNN PDFs over optimum detection confidences and two resizer tested (@0.5 loU) for 100 best models
using [LEFT] accuracy and [RIGHT] F1 score, as obtained by the Author.

4.9. Conclusion

While the detection of the UAVSs has been the main aim of all experiments documented
in the following chapter, the UAV detection task also represents an example of the single class
detection problem, which envelops other classification problems mentioned in this thesis,
specifically gas turbine damage detection. That represents a goal of all borescope inspections,
which often need to be performed with little to no prior notice and on equipment with little
computation capability.

As such the results documented in the following chapter are directly scalable for other
problems of detection of small, blurry objects of diverse shapes and backgrounds, including the

beforementioned aviation engineering applications.

Haar Cascades pros and cons

Haar Cascade is an algorithm created almost two decades ago, although it is still used
today in multiple appliances like cell phones or standalone cameras. This is due to the fact that
it is easily supported by most operating systems and can be run directly on most CPUs with
little software required. Haar Cascades’ training algorithm optimizes weak intermediate
classifiers to quickly disregard most of the frames, which in practice results in only a few
detections for the entire dataset, including few true positives. However, since training based on
a large number of images can take months, it is recommended to try different combinations of
images to maximize test dataset based performance with a smaller training dataset size. One of
the primary challenges of Haar Cascades is that it is difficult to utilize larger object detection
databases with only a few available feature layers. Additionally, larger cascades of multiple
stages take an exponentially longer time to train, which is especially problematic on the later

stages, which cannot be temporarily paused.
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It has been shown that Haar Cascades can be successfully used for a drone detection
application. This represents a novel solution to the binary detection challenge, where small size
objects need to be detected on a plethora of different backgrounds. Since typically Haar
Cascades have been used for other purposes, such as face recognition, its application for drone
detection represents a good benchmark for more refined methods, which include Artificial
Neural Networks. However, as 51% of testing dataset images are negatives, the end result is of
relatively high accuracy up to 55% and low F1 score (not exceeding 32%), for 603 models
analyzed. This means that Haar Cascades are unable to correctly detect ground truth examples
either by detecting too many false positives, which deteriorates the overall detection rate, or by
optimizing not to detect any but the most obvious examples of drones in the image.

The more images were used for the training, the longer the detection time is. Generally,
since Haar Cascade can provide a relatively good result with just a few hundred samples, they
can be a starting point for rapid software prototyping and labeling automation. While the
accuracy of the Haar Cascade model is limited, its low computational cost and ease of
deployment (just one line of code required, a well-established algorithm known in the object
detection community, multiple known deployments scenarios, even on edge devices like
Raspberry Pi) allow its uses in conjunction with other image processing methods. Since Haar
Cascade does not provide detection confidences, some of the object detection metrics, like ROC
or Precision-Recall curve, cannot be obtained. Haar Cascades obtained in this thesis as well as
their training and testing datasets have been made publicly available to allow other researchers
direct comparison with the models obtained based on this thesis, as well as IT professionals to
use obtained Machine Learning models and directly incorporate them into larger systems and
frameworks. While this represents an easy-to-use solution for a drone detection challenge, the
latest decade has shown the emergence of better performing Machine Learning models of

Artificial Neural Networks.

Baseline ANN run—MobileNet v1

Artificial Neural Networks with many hidden layers, also called Deep Learning, have
been known for decades, but 2012 ImageNet successes have shown a resurgence in their use
with multiple successful industrial applications. For object detection purposes pretrained
convolutions based (CNN) models can be used as the starting point to be fine-tuned on a drone
dataset in a process called transfer learning. Since model parameters optimized on large inputs
take a lot of GPU memory, the mini-batch used at training time has to be relatively small, which
results in volatile training results, but with a positive overall trend for both accuracy and F1
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score. Mini-batch fine-tuning also allows for model training routine a pause at any moment
needed, which is very useful for larger experiments, when training needs to be stopped at times
for a number of reasons.

Initially, for transfer learning purposes, the MobileNet v1 model pretrained on the
COCO dataset was run for 1 million iterations (approximately 195 epochs) with a fixed image
resizer of 300300, generating 819 models. The accuracy obtained for these models reaches as
high as 70% with the F1 score reaching 60.2%. This shows that Haar Cascade algorithm is
inferior to modern Machine Learning algorithms, even for solutions specifically designed for
quick inference like MobileNet architecture. The presented analysis represents a novel solution
for drone detection, which has been made publicly available to facilitate research and drone
detection system development.

CNN based output, in contrast to Haar Cascades, additionally provides detection
confidence (50% by default). Assuming that any confidence threshold is available, the
maximum obtained accuracy for MobileNet architecture trained up to 1 million iterations
checks 70.3% (at confidence equal to 0.33) and the maximum obtained F1 score checks 62.7%
(at confidence equal to 0.24). Since all models represent the same number of parameters, but
iteratively improved over each epoch, the resultant computational requirement and subsequent
detection time is relatively constant, superior to Haar Cascade based models, and could be

further reduced by a technique called quantization.

Overfitting considerations

The biggest disadvantage of using CNNs over Haar Cascade is the GPU acceleration
required. In general, ANN based solutions achieve better performance than Haar Cascades but
require more computational power, dedicated GPU, and processing time. Its deployment also
is more challenging than that of the Haar Cascade alternative. Haar Cascades return more drone
detection proposals than ANNs, but with a significantly larger amount of false positives.

In order to test a hypothesis on artificial neural networks overfitting to a training dataset
above a certain epoch threshold, the same model as mentioned above has been trained up to
4,061,492 iterations or approximately 497 epochs. The best-obtained model at 0.5 loU shows
maximum accuracy of 74%, maximum accuracy at 0.50 detection confidence of 73.5%,
maximum F1 score of 69.8% and maximum F1 score at 0.50 detection confidence of 68.4%.
This performance gain due to detection confidence manipulation has significantly superior cost-
benefit value as compared to other ANN techniques as only a single value needs to be changed
during the inference for the performance gains to take an effect. For all obtained 3,300+ models
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not only the testing dataset performance was obtained but also the training set performance.
This allowed for a direct back-to-back comparison of the large object detection model training
process at scale. Large auto-correlation has been noted for every few epochs, but in general, the
results show that overfitting had not occurred and that model continues to slowly increase its
overall performance over time. This stands in contrast to an established statement of neural
networks overfitting above a few hundred thousand iterations. Naturally, in this particular
situation, this is partially caused by the low batch size, large training dataset size and relatively
large model architecture with a strong regularization (MobileNet is much smaller than Faster
R-CNN, but it still consists of multiple million parameters). Obtained experimental results are
critical to understanding the model’s capacity to learn and adapt to a new dataset as well as to
substantiate large-scale experiments training for a long time, particularly weeks, to obtain better
performing models on the same architecture. All the models, including best-performing ones,
have been made publicly available and have been tested on the production dataset to show the
model’s performance and utility in real-world scenarios (with real-world challenges).

This is particularly important as most of the scenarios of using object detection methods
are related to industry inspection (specifically Non Destructive Testing—NDR automatization
[231]) and assembly lines, where binary detection is the most prevailing problem and ImageNet
based dataset is insufficient to reflect real-world problems. This is why a large, novel binary
detection dataset, like the one presented in this thesis, was needed. This also allowed a detailed
analysis of the number of data points needed to train the UAV detection model (as a special

case of all binary detection problems).

Optimal dataset size

General intuition about dataset size needed for model error reduction has been presented
in Figure 105. As shown in the figure, the larger dataset the lower the test error becomes. This
intuitive assumption has been rarely tested in reality with most of the object analysis assuming
that “a larger dataset is better”. The problem of binary detection presented in this thesis was
specifically handpicked to allow for a detailed analysis of the exact number of images needed.
As shown in this chapter, the dataset of 51,446 training images and 5,375 testing images seems
sufficient to train UAV object detection classifier. In order to specify in more detail an exact
amount of images needed different image dataset sizes were tested up to 51,446 training dataset
size. The results of experiments performed in this thesis have shown that 2,000 images seem
sufficient for the initial model and 20,000 images seem appropriate for overall model

generation, with larger image datasets providing relatively little value added to model
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performance. This is a very novel, data-driven result, which is exceptionally useful in
engineering applications and object detection research alike as it allows more robust and data-

driven experiment planning.

A

Test Set Error

Model Error

A 4

Number of Training Examples

Figure 105. General intuition on the train/test set error rate converging with sufficiently large dataset [232].

Optimal training time

Another problem often faced in engineering and research alike is: how long to train
a given model? Based on the experiments described in this chapter of the thesis, 250 epochs
should be set as the initial training limit. It also seems that training the model for longer and
increasing the dataset does increase the model performance, but with diminishing returns.
Assuming the batch size of 10 for MobileNet v1 model and batch size of 1 for Faster R-CNN
model as well as 250 epochs and 20,000 images dataset it will take approximately 3.2 days to

fully train the MobileNet model and 77.5 days to fully train the Faster R-CNN model.

Different ANN architectures—efficiency and performance

Two different model architectures were tested in order to compare well-established
MobileNet architecture with high performing, but difficult to train and deploy (due to large
model size and corresponding GPU memory issues), Faster R-CNN architecture. While a Faster
R-CNN model offers higher model performance, it only allows for approximately 1.5 FPS,
which is low compared to the MobileNet v1 model offering 84 FPS (640x480 input RGB image
with 300%300 image resizer). The Faster R-CNN model also requires larger disc space to store
the frozen inference model (405 vs 22 MB) as well as the model checkpoint (833 vs 93 MB).

The disc space requirements are fairly consistent across all image resizers tested.
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Faster R-CNN’s introductory paper [143] specified that it assumed input image size to
be 600x600 pixels, which is significantly higher than the input image size of 224x224 pixels
specified for MobileNet [216]. As such superior performance of Faster R-CNN has not only
been expected based on its architecture but it has also been quantitatively proven by the research
documented within this thesis. Still, since for both ANNSs architectures data stream is driven by
the bottleneck in the mid-layers, large differences in the original input image size will not result
in significant overall network size difference nor large corresponding detection time changes.

Considering that image processing is highly memory-consuming, batch size needs to be
small, which requires high computational cost for inference model freeze and subsequent model
testing. In this instance, models were saved and processed every 10 minutes (MobileNet v1) or
approximately every 2,500 iterations (Faster R-CNN), but higher granularity may be more
beneficial, especially since the postprocessing process may be easily parallelized even to low
performing machines.

Using 300x300 image resizer and 1 million iteration threshold, MobileNet v1 model
allows maximum accuracy of 70.3% and F1 score of 62.7% (at 0.5 loU). Corresponding Faster
R-CNN model shows up to 74.8% accuracy and 70.6% F1 score (at 0.5 loU). However, further
MobileNet v1 model optimization allows accuracy up to 74.0% and the F1 score of 69.8% (at
0.5 loU) with less computational requirement than Faster R-CNN model training and
evaluation.

Increasing the image resizer from 300x300 reduced model performance for the
MobileNet v1 model, which has been attributed to the beforementioned relatively small input
size of the given image (224x224 pixels [216]). The opposite is true for the Faster R-CNN
model with its maximum model accuracy for 640x640 image resizer and 51,446 images based
training dataset equal to 82.3% (at 0.5 detection confidence and 0.5 IoU) or a maximum of
84.4% (at 0.5 loU), thereby maximum accuracy recorded for the proposed dataset checks
84.4%. Similarly, the Faster R-CNN model with a 640640 image resizer yields the best
performing model using F1 score metrics, which checks 80.6% (at 0.5 detection confidence and
0.5 loU) and 83.0% (at optimum detection confidence and 0.5 loU). As described in this
chapter, image resizer does not particularly impact neither MobileNet nor Faster R-CNN
inference speed due to their architectural design.

In general, the superiority of the Faster R-CNN was expected, but the exact difference
in model performance was established in this thesis. This represents a novel performance
comparison for both engineering application utilizing binary and non-binary object detection

problems (what will be the maximum accuracy of our model given small object to detect on a
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plethora of different backgrounds) and ANN research alike (what is the detection benchmark

that needs to be referenced).

Detection confidence

One of the major advantages of ANN model over Haar Cascade is a detection
confidence value. Its acceptance threshold can be modified depending on the environmental
condition, background type (sky, urban, nature) to maximize overall detection performance.
This in turn allows cascading detection process. First, the entire input image is processed with
low detection confidence to provide detection “drone proposals” (similarly to tagging pipeline).
The “drone proposals” could be then extracted to prevent resizing distortions and to maintain
high image definition and then yet again processed through the ANN. This results in overall
higher detection performance, but cannot be used for Haar Cascades as their output does not
include detection confidence.

Commonly used object detection confidence of 0.50 is not optimal (in terms of accuracy
and F1 score) neither for MobileNet v1 nor for Faster R-CNN pretrained models analyzed.
Average optimum object detection for best 100 (out of 14,034 processed) MobileNet vimodels
check 0.35 for accuracy and 0.29 for F1 score. As such, 0.32 is a recommended initial detection
confidence for postprocessing. For the Faster R-CNN model average optimum object detection
for the best 100 (out of 840 processed) classifiers checks 0.93 for accuracy and 0.85 for F1
score. This is why 0.89 is a recommended detection confidence for the Faster R-CNN model.

Optimum object detection values can be established using a large testing dataset, but
this requires additional resources for creating such a dataset. By processing all obtained
checkpoints for every experiment analyzed an a priori optimum detection confidences for two
popular object detection architectures have been established, neither of them being close to
the popular 0.50 threshold. This provides a novel insight into object detection research as it
allows a much more efficient and less resource-intensive solution for model performance gains.
Typically, this included a time-consuming dataset size increase, more robust regularization
methods, ensemble models and larger architectures, which in turn took a large amount of time
to properly set up and fine-tune. In contrast, better selection of detection confidence threshold
only consists of disregarding all detections below a certain threshold, which results in similar
performance gain than most of the methods described above with almost no increase in the
complexity involved. Naturally, the other methods can still be used to increase the overall
performance of the system, but the novelty of this approach is that it is often disregarded as
“too simple” while having a significantly larger cost-benefit ratio than other methods.
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5. Machine Learning for Gas Turbine Predictive Maintenance

Object detection—in terms of UAV detection—represents an example of a
classification problem, with a wide variety of engineering applications, including the aviation
sector. Object detection models are usually very large, which allows high accuracy on the given
dataset, but also prevents utilization of large batches (this is usually not a big problem during
inference time). However, predictive maintenance—in terms of time series forecasting—
requires processing of a large amount of data during both training and inference time, which is
why typically less sizable Machine Learning models are used along with different Data Science
methods and tools dedicated to tackling a regression problem instead of classification one. In
order to present a pipeline for Machine Learning routine utilization in the mechanical
engineering industry, a practical example utilizing gas turbines is presented. The aim is to show
best practices and methods and solutions developed for the purposes of large-scale time-series
processing for predictive maintenance and failure prediction, which has been used by the author
of this thesis for R&D on commercially used solutions.

This chapter reviews traditional and modern methods for the prediction of gas turbine
operating characteristics and their potential failures. Moreover, a comparison of Machine
Learning based prediction models, including Artificial Neural Networks, is presented. The
research focuses on High Pressure Compressor (HPC) recoup pressure level of 4th generation
LM2500 gas generator (LM2500+G4) coupled with a 2-stage High Speed Power Turbine
Module. The researched parameter is adjustable and may be used to balance net axial loads
exerted on the thrust bearing to ensure stable gas turbine operation, but its direct measurement
is technically difficult, implicating the need for indirect measurement via a set of other gas
turbine sensors. Input data for the research have been obtained from BHGE manufactured and
monitored gas turbines. It consists of real-time data extracted from industrial installations.

The chapter begins with the introduction of related efforts performed recently aimed at
high accuracy, high-performance predictive maintenance using classical and modern Machine
Learning methods. This is followed by a detailed description of the researched problem and
mathematical background for the analyzed methods along with proposed regression problem
metrics and implementation details. Machine Learning models trained using the data provided
show less than 1% Mean Absolute Percentage Error as obtained with the use of Random Forest
and Gradient Boosting Regression models. Multilayer Perceptron ANN models are reviewed.

The importance of hyperparameter tuning and feature engineering is discussed.
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5.1. Related Work

There are several typical examples of monitoring systems that have been studied in the
past. Historically, standard gas turbine tests have been used to create performance maps and
model typical gas turbine behavior. Instrumentation proved to be one of the most important
challenges, limiting data acquisition capability [233]. Gas turbine integrity issues, cost of
engine testing and limited acquisition capabilities are responsible for this restraint [234].
Moreover, tests of the heavyweight gas turbines (75 MW and more) are not carried out before
gas turbine delivery due to cost and assembly reasons.

Multiple statistical methods have been developed over time to preview, model and
decrease gas turbine life cycle cost. Traditional analytical methods include, among others:
Failure Mode and Effects Analysis (FMEA) [235], Fault Tree Analysis (FTA), Markov
Analysis and fuzzy set theory. Non-traditional reliability monitoring methods and novel
approaches to reliability monitoring include vague lambda-tau methodology [236], fuzzy sets
[237] and numerical assessment based on Piecewise Deterministic Markov Process and Quasi
Monte Carlo methods [238]. The Petri Net model fed by Failure Tree Analysis (FTA) has been
presented and discussed by Verma and Kumar [234]. To address system unreliability, the fuzzy
sets application has been studied by several authors, an example of which is described by Huang
et all [239]. The results obtained using these methods are promising, however, they also require
rough estimation of expected reliability to proactively choose appropriate modeling method.
The dynamic nature of gas turbines can also be taken into consideration. The power generation
system deteriorates over time and thus its reliability is time-dependent. Binary Decision
Diagram (BDD) has been proposed to address a multi-phase network system as discussed by
Lu et al. [240]. The industrial gas turbine system operation may also be considered as a phased-
mission system (PMS) since their operation mode usually consists of numerous repetitive
phases. Therefore, a flexible truncation limit may be applied to BDD problem explosion. While
the truncation application is necessary to model an increasing number of phases, the flexible
truncation allows retention of the truncation error at a low level as presented by Lu et al. in
[241].

The statistical-based analytical models are the most frequently used methods for Engine
Health Monitoring (EHM) for a wide range of applications in the industry, including the
aerospace sector [242]. Trend analysis is one of the standard methods used to compare current
gas turbine parameters with warning levels [243]. Pattern recognition and Kalman filters can

be applied in limited time frames (or sliding windows) to detect gas turbine behavior anomaly
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and potential failure. Artificial Neural Networks, support vector machines (SVM) and particle
swarm optimization (PSO) techniques are also utilized to improve the accuracy of the
predictions [244], [245], [246], [247], [248]. It has been proven that a hybrid PSO-SVM based
model can result in a regression accuracy of approximately 95% [249]. It is also worth noting
that described methods can achieve top results only when the applicable dataset is available in
vast quantities for multiple sensors (implicating Big Data solutions). In general, it can be
concluded that the physical models derived from full or partial operating parameters provide
the most accurate results [250], [251].

As discussed, performance optimization and hardware aging modeling are crucial to
maintain high-efficiency of the propulsion system and to monitor the health condition of the
critical components. Usually, only selected parameters are remotely monitored. The limited
data acquisition requirement allows minimization of costs associated with the installation of
additional sensors in hardly accessible turbine locations. In addition, the benefit of installing
advanced sensors to monitor system performance and components’ health status must be
balanced against the risk of gas turbine downtime due to sensor malfunctions and potential
secondary damages of gas turbine components caused by sensor failure itself. A scenario of gas
turbine life-cycle optimization with several operational parameters used as input to advanced
models estimating online gas turbine performance and components aging has been presented
by the Baker Hughes team [252]. The team concluded that the algorithm’s prediction accuracy
together with data quality and proper expertise are important to model accurately long-term gas
turbine behavior and to provide correct maintenance insights to on-site operators.

To ensure consistently high accuracy required, data exploration of each input and
corresponding data processing is required [253]. While main gas turbine control parameters are
redundant and transducer outputs are processed by the control software according to robust
selection criteria and technical board approved logic, some parameters are obtained directly
from a single sensor and hence predictive modeling may help to create a baseline for
consistency check.

The research and solutions presented in the following chapter are based on Baker
Hughes, a GE company (BHGE) industrial data and have been provided and used for the
purpose of GE Challenge competition funded by General Electric Company Polska Sp. z o.0.
[254]. In contrast to object detection methods and solutions presented in the previous chapters,

the data remain proprietary and cannot be shared publicly.
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5.2. Presentation of the problem

This chapter discusses the use of Machine Learning algorithms to estimate chosen
parameters (in this case, the secondary flow pressures, particularly the high pressure recoup
pressure) with respect to the main gas turbine control parameters in order to troubleshoot
instrumentation anomalies or detect deviations from the expected baseline. The primary goal is
to predict long-term HP (High Pressure) recoup pressure and hence enable consistent
performance prediction and potentially early detection of components degradation.

The HP recoup pressure is an adjustable parameter, that enables balancing of net axial
loads exerted on thrust bearing and ensures operation within the desired threshold. The control
method and applicable system have been described and patented by Badeer [255].

The presented research is based on data obtained from 4th generation LM2500 gas
generator (LM2500+G4) coupled with a 2-stage High Speed Power Turbine Module en cadre
GE Challenge competition [254]. A cross section of LM2500 gas turbine is shown in
Figure 106. The LM2500 is an industrial derivative of the General Electric (GE) CF6 aircraft
engine (engine originally developed for aviation purposes and then refurbished for stationary
operation) [256], [257]. This study focuses on PGT25+G4 gas turbine delivering 34 MW with
a thermal efficiency of 41% [258].

Air-Fuel  High Pressure Low Pressure Shaft Output
Combustion  Expansion Expansion Power

AirCompression

Figure 106. Researched industrial and marine gas turbine configuration, based on [259].

The presented study shows an analytical comparison of the gas turbine engine pressure
parameter prediction with respect to other operational (numerical) and geometrical (categorical)
parameters. A categorical parameter is represented by separately provided pressure orifice size,
available only for a limited number of gas turbines. The orifice plate is built in the HP recoup
pressure line to allow flow rate measurement and is causing an irrecoverable pressure loss
[260]. The potential impact of the orifice size on the researched HP recoup pressure parameter
prediction has been also studied.
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5.3. Mathematical Background

Since turboshaft engine consists of a close-loop system, by design, researched recoup
pressure is mutually dependent on other turbine engine parameters. This feature makes it
suitable for multistep prediction, as the best model can be identified in such conditions [221].

The typical starting point for all Machine Learning challenges is represented by linear
models. This includes linear regression (logistic regression in an instance of models with
discrete values included) with linear coefficients k = (k1, K2, ..., kn) and biases assigned to each
of the input variables to minimize the output sum of squares between the training labels and
predictions via linear approximation:

& = argmin||Xx — ylI3, (35)
K

where X« =y is a linear equation with coefficient x and k is a predicted value.

While continuous numerical inputs for the model are normalized (as discussed later in
this thesis) to prevent data range discrepancies from affecting the resultant model, additional
options are available to prevent high coefficients from being assigned to selected parameters,
while keeping the others small (and effectively eliminating them from the prediction process).
This is implemented by imposing an additional penalty parameter on the size of the coefficient
in the cost function calculation process. For ridge regression (also known as Tikhonov-based
regression or L2) the penalty is assigned to a sum of squared weights. For LASSO (Least
Absolute Shrinkage and Selection Operator or L1) regression penalty value is only assigned to
the sum of absolute values of the model weights (which can allow removal of a redundant
feature from the model), while elastic net model allows utilization of both routines at the same
time. This process forces linear model weight to remain small, which typically leads to less

overfitting [261]. The penalty value is tuned to obtain minimum testing set prediction error:

A . 1
K=m1nr||XK—y||%+a||K||17 (36)
K 2m;

where m; is a number of samples, « is constant and |||, |||, is €1-normal to coefficient «.

LASSO/ridge/elastic net CV models have additional cross-validation routines built into
them to automatically split the entire dataset into all possible train/test combinations to allow
model generalization on the entire dataset, while maintaining dataset split. This happens at the
expense of model performance as cross-validation split of 5 will require training of 5 models,

rather than one. LassoLarsIC is a computationally cheaper alternative to this process.
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Bayesian Ridge Regression model provides a probabilistic estimate for a regression
problem. The model utilizes multiple parameters to obtain a similar regularization pattern to
ridge regression. The parameters are estimated by maximizing the marginal log-likelihood.
Bayesian Ridge Regression provides a different weight set than those obtained using Ordinary
Least Squares method:

p(k|2) = N (k|0,2711,), (37)

where 4 is Gaussian distribution for a probabilistic model of output parameter «.

Kernel models allow for dataset dimensionality modification/reduction, which allows
the model to create an artificial hyperspace split between model parameters, which can result
in better model performance. This method can be applied to models such as Support Vector
Machine (SVM), which can be used for either classification (Support Vector Classifier or SVC)
or regression (Support Vector Regression) tasks. SVM works by finding a set of an optimum
linear split in high dimensional space, using a subset of training points in the decision function
(support vectors). While different kernels can be used to achieve optimum model performance
nonlinear kernels are computationally expensive, especially for large datasets.

Random Forest Model consists of multiple decision trees (with exact decision tree
numbers determined based on hyperparameter tuning), which are averaged to classify target
feature properly. During the construction of each tree, a node split is randomly generated to
best fit a random sub-sample of the features. The randomness results in an increase of forest
classifier bias, but, due to averaging, the model variance also decreases. This compensates for
the adverse effect leading to higher quality prediction. The algorithm processes the original
dataset by proposing randomly generated shallow trees, usually bootstrapping (randomly
sampling with replacement) the original dataset to augment the original training dataset. Once
trained, a prediction is made for every tree in the forest and individual estimates are combined
to achieve optimum testing set performance. For regression problems (no categorical feature
included) the overall result is a mean of individual predictions. For classification problem
(orifice size included) each tree provides weighted confidence for each class, which are then
averaged across all trees. The result is the class with the highest confidence to minimize general
mean-squared generalization error L for the numerical prediction ¥; and its corresponding true

label y;:
L=3YN.0i = 9% (38)
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The binary nature of the Random Forest Model can be partially compensated by
iteratively reducing the error rate for each of the created trees, by building a regression tree on
a negative gradient of a loss function, quite similarly to the neural network training process.
This method is called gradient boosted decision trees (GBDT) [262], [263]. It works by
processing a small number of decision trees (which in this instance are base learners) and using
a learning rate to adjust tree definition to minimize aggregation of the loss function L(y;, F (x;)),

by reducing individual tree error:
T*=argminTL; L F(x), (39)

5.4. Models Implementation

Models obtained in the following analysis were developed using Python 3.6, modules
such as Numpy/Pandas (data processing), Scikit-learn (Machine Learning) and
Keras/Tensorflow (Artificial Neural Networks) frameworks. The model was iteratively
developed, with certain analysis thresholds established thorough a set of tests.

One of the good practices while implementing a completely new neural network is to
train it on just a small fraction of the available dataset until the accuracy is 1.0 and the used
dataset is overfitted. This allows a sanity check on the entire model ensuring that the entire
architecture is set up correctly. Once that is completed, the model can be trained on the full
dataset.

For a larger dataset, the good rule of thumb during hyperparameter optimization is to
monitor cost variables and stop the analysis early if the resultant cost is more than three times
the original cost. This usually means that the entire analysis is diverging and the model has to
be adjusted.

In order to properly establish the acceptability threshold for the model’s results, a
benchmark method has been proposed. It consists of three metrics used to compare results of
applied Machine Learning models: Mean Absolute Percentage Error (MAPE), Root-Mean-
Square Error (RMSE) and Coefficient of Determination (R2) for an observed value Yi,

predicted value ¥, and mean of the sample Y:

RMSE = \/%Z?ﬂ(Yi -1)? (40)
1 Yi-1,
MAPE =137, |Y—| (41)
n V2

Z?:l(yi_y)z ’
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The three parameters have been chosen as they represent a basis for qualitative and
quantitative comparison of the researched methods. MAPE metric allows valuable insight into
the absolute magnitude of the error, while RMSE provides additional intuition into scaled
residual size. R2 score represents a statistical measurement of model fit into the predicted
dataset. Target feature mean has been assumed as baseline prediction, resulting in RMSE of
0.83, MAPE of 9.24% and R2 score of O (per R2 score definition).

The first step in predictive modeling is data exploration, which allowed to limit number
of features used as a predictive maintenance system input. Data cleaning pipeline
implementation allowed dataset feature size reduction from 4568 columns to 382. Any
parameter with more than 3% missing data has been removed. For the remaining parameters
missing data have been replaced with a median for all other features. Additionally, all outliers
(exceeding +/- 6 Sigma deviation) were removed (entire data row removal) to prevent errors in
further analysis.

Furthermore, a categorical geometry feature—flow orifice size—has been provided and
added to the dataset. Subsequent analysis has shown that geometry features have significant
predictive power and as such all rows where geometrical data was not available were dropped.
The resultant target feature (pressure) distribution is shown in Figure 107. It shows the
distribution of the target feature (gas turbine pressure) with fitted normal distribution. As the
input dataset (after initial preprocessing) consisted of multiple serial numbers, the resultant
dataset is multinomial. No ensemble subgrouping has been used due to sufficient model

predictive capacity.

Figure 107. Distribution of predictive maintenance problem’s target feature—gas turbine pressure. Author’s own work.
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The high predictive power of the model has been ensured by ranking remaining the
features based on Pearson’s correlation coefficient calculated between each of 380 analyzed
parameters and target feature. Feature independence has been ensured by analyzing the
relationship between pairs and picking only sensors, which would allow physics-based
explanation and higher correlation value with the target feature. This approach has been chosen
(instead of proceeding with typical correlation tests like Pearson’s or Chi-Squared) to
streamline dataset reduction. This allowed the reduction of the input dataset to 45 features. As
such remaining 45 features were additionally tested with a random forest feature estimator. The
combined feature mark considered both regression correlation and random forest estimator
mark. The best 20 features were used in the further analysis and combined with geometry
categorical feature. Random 5% of the dataset were retained as a model test set.

Input data set could be normalized in order to allow a more effective computation
paradigm and better convergence for neural network processing. Typical data preprocessing
steps for non-photography data include:

- Zero centering,

- Data normalization (often by standard deviation),
- Data decorrelation (PCA),

- Data whitening.

Usually, the data is transformed to be zero centered and normalized to fit within the
range of [-1, 1] (this is especially critical for tanh activation function, much less for ReLU).
Graphical example for those steps has been shown in Figure 108.
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Figure 108. Graphical representation of data zero centering and normalization. Author’s own work.

Additionally (nonexclusive from zero centering and normalization) other preprocessing
steps can be utilized, which ultimately allow effective sample dimensionality reduction. Such
techniques can enforce data clustering based on distances among samples through methods such

as Multi-Dimensional Scaling (MDS), Principal Coordinates Analysis (PCA) and hierarchical

156



clustering. Other techniques utilize internal correlations between samples, most notably through
whitening transformation or Principal Component Analysis (PCA). Other methods, such as T-
distributed Stochastic Neighbor Embedding (t-SNE—example of t-SNE utilization for
classification problem has been presented in Appendix B) utilize probability distribution for
dimensionality reduction. All techniques mentioned above can be used for preprocessing, but
PCA + whitening transformation combination is the one used most often as it allows the most

cost-effective and intuitive solution. PCA and whitening transformation have been shown in

Figure 109.
Initial Dataset . Principal Component Analysis (PCA) . Whitened Data
4
: o ;
h fi\sz

5 r B, 14 24

1 1

0
-1 3

gt

= ..?-'I‘ -2
-3 ' -.. -3 4 -3
—a -

S e S A A
Figure 109. Graphical representation of PCA and data whitening. Author’s own work.

Different normalization techniques have been tested. However, due to the variable
nature of turbine operating parameters, input dataset has not been normalized. This approach
has been tested on a validation dataset and has shown more consistent results than normalizing
input data.

For each of the predefined model combination data has been preprocessed to better fit
specified model, then a test/train split has been created using random number seed and test set
size of 0.25 (25% of the dataset was retained for testing) followed by classifier training, model

storage and result view for postprocessing.

5.5. Machine Learning Simulation and Results Discussion

Figure 110 shows an example of HP recoup pressure (target feature) parameter
prediction postprocessing using MLP Deep Learning model with 5-fold cross-validation. Due
to a large number of available data points (rows), Rolling Average of 100 samples (RA100) has
been used to better visualize model results. Similar plots were created for each of the other 31
algorithms evaluated in this thesis. Figure 110 shows the test set target feature range sorted
ascending and its corresponding prediction using an optimized Deep Learning model (as an
example). The figure shows that while model error is generally consistent throughout the entire
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model, the error increases significantly for certain feature inputs across the entire target feature
range. To a prevent single set of measurements from triggering false negative alarms for the
customer due to large model error, it has been decided to smooth out the overall outcome using
a rolling average of the last 100 predicted values.

The resulting error has been shown on the chart in red and represents the +/-MAPE
band for the used rolling average window. As shown, it significantly reduces a single
misprediction impact on the overall maintenance system with a drawback of an increase in
system response time (up to 500 minutes of real-time operations, depending on the parameter
recording frequency). As overall system architecture is still being adjusted, the exact approach

to filter out outlier predictions is not yet fully defined.

Pressure Sensor Reading

0 20000 40000 60000 80000 100000 120000
Available Datasets Sorted Ascending

Figure 110. Predictive maintenance Deep Learning model results as obtained by the Author.

Altogether, 11 Scikit-learn Machine Learning models have been trained and used for
comparison purposes followed by Keras (with Tensorflow backend) Artificial Neural Network
sequential dense models. Each model training process has proceeded with extensive
hyperparameter/parameter tuning on the reduced dataset.

First, linear models, such as Linear Regression, Ridge Regression Model, Ridge Cross-
Validation Regression Model, Kernel Ridge Regression, Lasso Regression, Lasso Cross-
Validation and Elastic Net Model have been tested followed by Bayesian Ridge Regression
Model (based on Bayes’ theorem, which was applied to aviation gas turbines [264]). Then,
more recently developed Machine Learning models, such as Support Vector Regression Model,
Random Forest, and Gradient Boosting were analyzed. Finally, Artificial Neural Networks with
up to 3 hidden layers have been tested to allow the comparison of established Machine Learning

models to Deep Learning models.
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The results of the analysis are shown in Figure 111 and Figure 112 as well as
summarized in Table 16. The most effective prediction has been achieved using the Random
Forest Regression model (0.018 RMSE, 0.122% MAPE and 0.9995 R2). Results acquired for
the model, which included additional geometrical information (orifice size), were 0.01% higher
(measuring the Coefficient of Determination, R2) than for the same model without additional
data. Lower R2 results were achieved with Gradient Boosting Regression and simple Deep
Learning model with 3 layers of Artificial Neural Networks (ANN). These models, however,
achieved higher MAPE results (above 0.6% and 1.2% respectively). The first linear model that
showed a high R2 value was the Support Vector Regression model achieving 0.155 RMSE,
1.258% MAPE and 0.965 R2 (additional geometrical data did not result in a significant

accuracy increase).
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Figure 111. Predictive maintenance modelling results - RMSE and MAPE (asterisk denotes cat. orifice size incl.) as obtained
by the Author.

Random Forest Model has achieved the highest performance using 80 estimators, while
the Gradient Boosted model showed the lowest error rate with 245 estimators (and hinge at
approximately 50 estimators).
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Figure 112. Predictive modeling results - R2 score (asterisk denotes categorical orifice size included) as obtained by the

Author.

Deep Learning allows users to operate and generalize much larger problems and enables
end-to-end solution generation for any Machine Learning problem. This contrasts with other
algorithms such as SVC, which are limited by memory size and can only operate on user
predefined features.

Different sizes of 3 hidden layers have been tested within a range of 25-100 and an
increment of 25 for each layer. Optimum performance has been obtained for a network with 25

nodes in layer 1, 25 nodes in layer 2 and 100 nodes in layer 3.

Table 16. Predictive maintenance results comparison - RMSE, MAPE and R2 for analyzed Machine Learning models.

Asterisk denotes categorical orifice size included. Author’s own work.

Name of the |Random Forest|Random Forest Gradlgnt Gradlgnt ANN 3 layers | ANN 3 layers Support Support
. . . Boosting Boosting 50x75x50 25x100x25 Vector Vector
model used: | Regression* | Regression . . . .
Regression * | Regression neurons * neurons * Regression | Regression *
RMSE 0.018 0.019 0.060 0.074 0.122 0.131 0.156 0.156
% MAPE 0.122 0.125 0.606 0.752 1.294 1.449 1.259 1.259
R2 Score: 1.000 0.999 0.995 0.992 0.978 0.975 0.965 0.965
Name of the ANN 3 layers | ANN 2 layers Bayesmn Elastic Net Lasso LassoCV LassoLarsIC Ridge
| 25x100x100 [50x25 neurons Ridge . . ) . .
model used: - * .. | Regression* | Regression * | Regression * | Regression * | Regression *
neurons Regression
RMSE 0.159 0.175 0.220 0.221 0.221 0.221 0.224 0.224
% MAPE 1.803 2.013 2.270 2.316 2.315 2.315 2.337 2.335
R2 Score: 0.956 0.952 0.930 0.929 0.929 0.929 0.928 0.928
Name of the Linear Linear LassoLarsIC Ridge Bgzmgn Elastic Net Lasso LassoCV
model used: | Regression* | Regression Regression Regression % Regression Regression Regression
Regression
RMSE 0.224 0.287 0.287 0.287 0.287 0.288 0.288 0.288
% MAPE 2.336 3.006 3.008 3.006 2.998 3.030 3.037 3.037
R2 Score: 0.928 0.881 0.881 0.881 0.881 0.880 0.880 0.880
. ANN 3 layers | ANN 3 layers | ANN 3 layers . . .
Name of the | Kernel R!dge 25x25x100 | 50x100x100 50X25X75 Kernel Rldge RldgeF:V Rldgeqv
model used: Regression - N - Regression * | Regression * | Regression
neurons neurons neurons
RMSE 0.515 0.416 0.422 0.479 0.646 0.779 1.865
% MAPE 5.873 4,572 4,728 5.478 7.606 8.814 21.447
R2 Score: 0.617 0.582 0.581 0.543 0.398 0.125 -4.023
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Initially, utilization of an additional categorical feature, HP Recoup pressure orifice
size, has been considered. The analysis has shown that it did not play a significant role in the
case of complex models’ application, such as Random Forest or Gradient Boosting. At the same
time, most of the linear models showed significantly higher R2 results for models with
additional data. For example, Lasso Regression had a 5.6% R2 score higher while Kernel Ridge

Regression (generally one of the least performing models) achieved a 54.9% difference.

5.6. Conclusion

The presented approach has been validated on gas turbines with an operational range
very similar to the training data, which partially skews presented results up. Expansion of the
available dataset for additional gas turbines with further hyperparameter tuning should increase
model generalization capability while maintaining its high accuracy. Furthermore, the analysis
considered a multivariate approach for single output, which results in time series information
loss and relatively high point-to-point results variation discovered during data postprocessing.
The variation could be handled by simple methods like rolling average. Further increase in
model accuracy can be achieved by extracting data sequence information. For example,
Recurrent Neural Network could be used on top of preliminary model (ML/DL) results to
reduce target feature variation and increase accuracy.

A new method proposed in this chapter focused on the comparison of the gas turbine
engine HPC recoup pressure prediction. This represents results not readily available in scientific
literature, specifically for large-scale multivariate time series forecasting. Obtained novel
results may be used for gas turbine predictive maintenance planning, potentially allowing gas
turbine cost model improvement and optimization, as shown by Deloux et al. [265]. The
applicability of numerical Machine Learning based prediction models for gas turbine operating
parameters prediction has been demonstrated.

In this regression problem, a general Data Science approach has been used with methods
carefully tailored to the problem. To specify an acceptable model threshold, a basic (target data
average) benchmark has been proposed and used. In order to allow quantitative comparison
between different models, 31 Machine Learning algorithms have been tested, including
Artificial Neural Networks, random forests, boosted random forest and SVC. Best results were
obtained for random forest regression due to its quick generalization capability enabling
ensemble solutions with relatively low computational power. Gradient boosting methods also

have shown high accuracy due to the residua minimization approach utilized in the algorithm
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design. Artificial Neural Networks or Deep Learning methods have also shown application
potential, showing high accuracy results with only 3 hidden layers. While computational
requirements for Deep Learning hyperparameter tuning are significantly higher than those of
random forest regressor [266], ANN model can be easily tuned and adjusted for other, similar
problems, while the majority of Machine Learning algorithms must be completely retrained for
New purposes.

Moreover, data tests showed that additional geometrical data (such as orifice size,
available for chosen gas turbines in the researched dataset) is not always crucial to improve
prediction quality, although it improves the overall accuracy of the model and should be used
if available if only to check for model overfitting. Relatively simple numerical model results
comparison leads to the most appropriate model, that guarantees high accuracy. Currently,
Artificial Neural Networks architectures could also offer valuable insight such as prediction
confidence, which would be critical for applications such as predictive maintenance.

Lastly, the developed methodology is applicable to any of the gas turbine parameters,
when reference physics-based models and datasets from a sufficiently large fleet are available
to validate the accuracy of the data-driven algorithms developed. Achieved results showed that
high accuracy may be obtained using the same input data but with different Machine Learning
algorithms after extensive hyperparameter tuning. Furthermore, this thoroughly tested
methodology can be extended to similar predictive maintenance tasks, specifically in the

subfield of gas turbine data processing and analysis.
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6. Conclusions

In this section, firstly, the main contributions of the thesis are summarized and

commented on. Then some final remarks and propositions of future works are presented.

6.1. Results Summary and Their Significance

The thesis represents a combination of research work motivated by real challenges faced
during the author’s work at Engineering Design Center, General Electric FALI (Forecasting
Analytics and Leading Indicators) team. While Machine Learning solutions have become
increasingly more popular in the engineering sector, there are still multiple challenges that were
typically addressed by artificial intelligence research. This has been reflected in the purpose
and aims of the thesis, presented in Sect. 1.4. In the course of the research detailed in this thesis,
Machine Learning methods for real-world classification and regression problems in aviation
engineering applications were scrutinized—several problems were identified and solved,
specifically in the field of UAV detection and gas turbine predictive maintenance. In order to
address undertaken challenges, two main approaches were proposed and successfully executed:
1. The viability of detection of small objects on a large/diverse background using Machine
Learning and Deep Learning approaches along with problems and solutions to dataset
acquisition:
In order to test different approaches and to be able to publicize obtained results UAVs have
been chosen as a target detection class, mainly due to the increasing threat of UAV
occurrences across the globe. As a side note applications of computer vision on UAVS,
localization and open-set identification of UAVs as well as small/tiny object detection and
tracking techniques were the target of CVPR 2020 conference (IEEE Conference on
Computer Vision and Pattern Recognition) challenge, marking small object detection,
particularly in the form of UAV, as internationally important research problem [267]. The
entire novel dataset created by the author and most of the models obtained in the conducted
research has been made publicly available to facilitate future research and allow their
implementation into larger systems [1].

2. The viability and performance levels of industrial predictive maintenance methods for large
scale and low latency parameter prediction:
The aim of this research was to utilize big data processing techniques for a large-scale time

series, with missing data, outliers and other challenges posed by real-world challenges. Due
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to the nature of the author’s work, gas turbines were used as an example for those
techniques, particularly due to arising opportunity of GE Challenge [254], which allowed
publication of the obtained results on the real-world gas turbines. Unfortunately, since the
dataset itself is a proprietary dataset owned by BHGE, the obtained models and dataset used
could not be made publicly available.

The original work presented in this thesis and published in the form of articles in
domestic and international journals ( [186], [221], [99], [268]) began with a detailed overview
of the modern Machine Learning methods along with their latest achievements. This
substantiated Deep Learning approaches as a dominating approach in tackling object detection
challenges. In order to propose a referencing benchmark for the obtained CNN based methods,
Haar Cascades were also tested to determine the viability of their utilization on small object
detection.

While the classification problem analyzed in this thesis is represented by a UAV
detection problem, the results, methodologies, conclusions and good practices obtained are
scalable for other aviation engineering problems. Specifically, the original aim was to develop
both a general framework that could be used in aviation engineering applications and
particularly for an equivalent system of borescope inspection based gas turbine damage
detection system, capable of working in a diverse set of conditions and available computational
power.

In order to test the viability of using either Haar Cascades or CNN based methods a
large, custom dataset was needed, solely focused on small sized object detection. The author of
the thesis has personally obtained, annotated and published novel drone detection dataset
consisting of 51,446 train and 5,375 test set 640x480 RGB images with corresponding tags
(52,676 train and 2,863 test set drone instances). One of the main motivations for creating a
new dataset rather than using a known dataset like ImageNet was to ensure that the given class
has a large diversity of sizes, scales, positions, environments and other parameters in order to
represent diverse problems faced in the engineering world today.

The dataset and the Haar/ANN model’s introduction and publication has resulted in a
lot of interest from all across world, having been directly requested by 23 individuals from
academia, research institutions, private companies as well as research and development
agencies, before being available to all through public repository ( [1]). This is a testament of a
rise of significance of the UAV detection problem, emphasized by an exponential growth of
civilian and military related drone incidents all across the world, which led to the selection of
UAYV detection as one of the topics for CVPR 2020 featured articles.
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To accelerate the annotation process, which is very labor-intensive, a new, semi-
automated annotation method has been proposed, tested and used. The method works by first
defining the test set and a portion of the ultimate train set in order to fine-tune pretrained
Convolutional Neural Networks based architectures to create “drone proposal” bounding boxes,
which can then be used to accelerate tagging process without relying on object tracking
methods. While this has not completely eliminated the human effort required, it allowed tagging
time reduction from 45 to 23 seconds (on average). This approach is novel and unigue in the
way that it is easily scalable to other problems and allows utilization of a very small dataset
even in the very early stages of the dataset acquisition process.

Since Haar Cascades were the first object detection model commercially available in
the edge devices (and the aim of this work was to allow utilization of the obtained models on
this kind of devices), they were tested to determine the viability of their utilization for small
size object detection, using the created UAV database as an example. This represented an
example of a general method being carefully tailored to the given problem, in this instance—
UAYV detection. The end results were 603 models with accuracy up to 55% and an F1 score not
exceeding 32%. Haar Cascades suffered from a very long training time for larger datasets (and
detection time proportional to training dataset size, from 71 to 355 s for top models) and poor
performance on the smaller ones. At the same time, they were prone to optimizing themselves
to not to detect any but the most obvious examples of drone on the image. At the same time,
they offer an easily trainable solution for smaller datasets, which can accelerate data acquisition
in the early stages of the project and do not require GPU to accelerate inference speed, which
makes them very useful for edge devices application, including popular Raspberry Pi computer.

In order to create a high-performing classifier, Deep Learning models have also been
tested. Particularly, MobileNet architecture (known for its limited performance, but high
inference speed) and Faster R-CNN architecture (known for high performance, but low
inference speed) were tested due to their popularity in research and commercial applications.
The aim of the study was to determine the performance of a MobileNet model trained with
300x300 image resizer, first up to 1 million iterations, which has shown maximum accuracy of
70.3% and an F1 score of 62.7% (at 0.5 loU). Further optimization, up to 4 million iterations,
has yielded maximum accuracy of 74% (73.5% @0.5 det. conf.) and a maximum F1 score of
69.8% (68.4% @0.5 det. conf.).

MobileNet models have shown almost no signs of overfitting for both experiments,
which proves the model’s good regularization capability for the large dataset used.

Unfortunately, the improvements in the model’s performance became very slow and stochastic,
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which raised the question of a specific point of diminishing return, where further training
provides little to no bonus in performance. This point has been determined to be approximately
250 epochs for MobileNet architecture.

Another often reoccurring problem in training Deep Learning models is determining the
optimum size of the training model. Of course, larger and more diversified datasets are
preferable, but time/resource constraints require a more defined limit before the project start.
Different training dataset sizes were tested with MobileNet architecture and 2,000 images were
determined to be a good starting point for smaller projects (and to facilitate the semi-automated
annotation method proposed in this thesis) with 20,000 images sufficient to obtain most of the
performance available for the architecture.

While 20,000 images and 250 epochs are valuable benchmarks for project planning, this
raises the concern of the project timeline. Assuming the batch size of 10 for MobileNet v1
model and batch size of 1 for Faster R-CNN model (due to VRAM memory limitations) as well
as 250 epochs and 20,000 images dataset it will take approximately 3.2 days to fully train the
MobileNet model and 77.5 days to fully train Faster R-CNN model. This means that the Faster
R-CNN model is more than 24 times more expensive to train (time-wise) than the MobileNet
model. Furthermore, it only allows for approximately 1.5 FPS inference rate, which is low
compared to the MobileNet v1 model offering 84 FPS as well as to store frozen inference model
(405 vs 22 MB) and model checkpoint (833 vs 93 MB). This is not necessarily the problem for
cloud computing, but it is definitely a challenge for edge devices.

While MobileNet has shown the highest performance for 300300 image resizer and
performance deterioration for larger resizer, the opposite has been proven for Faster R-CNN
architecture, which shows up to 74.8% accuracy and 70.6% F1 score (at 0.5 loU) for 300x300
resizer and 82.3% (at 0.5 det. conf. and 0.5 IoU) or a maximum of 84.4% (at 0.5 loU) for
640%640 resizer.

Typically used detection confidence of 0.50 was also challenged in this thesis as this
problem has no reflection in the results already readily available in the scientific literature. The
author has presented a detailed analysis of optimum detection confidence in order to propose
the optimum threshold across thousands of obtained models. The large scale of experiments on
the performance and novel probabilistic approach allowed obtaining a better reference point,
which checks 0.35 for accuracy and 0.29 for F1 score. As such, 0.32 is a recommended initial
detection confidence for postprocessing. For Faster R-CNN model average optimum object
detection for best classifiers checks 0.93 for accuracy and 0.85 for F1 score. This is why 0.89

is a recommended detection confidence for the Faster R-CNN model. This thoroughly tested
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methodology can be extended to similar tasks and ANN problems, including general gas turbine

damages detection via borescope inspection as described earlier in the thesis. This would

provide a large automation potential, which would facilitate human error reduction.

The research presented in this thesis established a more refined framework for network
optimization given different detection confidence levels, available dataset size, detection
architecture used, number of training epochs and others. The results obtained are scalable and
easy to use for similar problems. The entire dataset and most of the obtained models were made
publicly available and were tested using the production dataset to confirm the validity of the
presented approach.

A similar effort has been made to establish a refined pipeline and threshold for large-
scale (big data) processing systems, particularly for time series processing for predictive
maintenance. Data cleaning, outlier removal, feature engineering, feature selection and
referencing benchmark generation process have been presented with the aim to propose a
system for predicting gas turbine pressure sensor, which would ultimately reduce the
complexity and increase the reliability of the mechanical system presented. In this instance,
MLP based Deep Learning model has been shown to be inferior to the Random Forest
Regression model (0.018 RMSE, 0.122% MAPE and 0.9995 R2).

Ultimately, the generalizable results of this work consisted in proposing threshold,
solutions and methods for a full Machine Learning based pipeline to be used in engineering
applications. The primary aim was to establish benchmarks and reference points, which would
facilitate Deep Learning research and development for future academia and commercially based
products.

The novel results presented in this thesis required large-scale (multiple month long
endeavors training Haar Cascades and Avrtificial Neural Networks in parallel) research, trials
and errors, which in multiple instances required exceeding commonly accepted status quo and
current knowledge base. In the author’s opinion, the primary novelties and importance of the
thesis may be summarized as follows:

e An original drone detection dataset consisting of 51,446 train and 5,375 test 640x480 RGB
images with corresponding bounding box tags is presented and shared publicly. The dataset
presents multiple drone types in different sizes, scales, positions, environments, times-of-
day with corresponding label set,

e A novel method of obtaining image annotations is proposed and successfully used. This
novel approach is easily scalable and can be used for labeling various kinds of objects.

Hence, the preparation of large domain-specific datasets may be streamlined,
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e Haar Cascade based object detection models are presented, which can be easily incorporated
into edge devices using existing frameworks such as OpenCV. The results of research on
the amount of positive and negative examples required to maximize the cascade
performance are also shown,

¢ Fine-tuned ANN based models are shown, depicting the results of the research and network
optimization, given different detection confidence levels, available dataset size, detection
architecture used, number of training epochs and other,

e Successful application of the proposed methods to the challenging problem of real-world,
deployment dataset is shown with a direct side-by-side comparison of Harr Cascade and
ANN based solutions, presenting the advantages and disadvantages of both approaches,

e Successful implementation of legacy and modern Machine Learning algorithms for the
purpose of large-scale mechanical engineering based time series forecasting using gas
turbines as an example of predictive maintenance solutions, which allowed an extensive
insight into the potential of large-scale data processing in this field of study. Such
comprehensive datasets are rarely studied and published.

The research described in detail in this thesis has shown that Machine Learning methods
can be successfully applied to real-world aviation engineering challenges of classification and
regression problems. Moreover, the problems of data shortage and acquisition, overfitting
concerns, determinable optimum confidence levels and specifiable dataset size can be
efficiently and satisfactorily tackled. Hence, the research thesis formulated in the first chapter

has been successfully validated.

6.2. Final Remarks

While neural networks offer superior accuracy in almost any domain, training neural
networks from the initialization points may not necessarily be the solution for all problems. In
fact, with only a small dataset available either transfer learning or less complex Machine
Learning methods could provide greater performance. This can be estimated by trying to
forecast the time needed to complete a set of neural network runs. Quick minute/hour long
experiments allow for interactive research with widely available hyperparameter optimization
space. Training the model for a few days is also acceptable provided that multiple models can
be run in parallel. Few weeks-long experiments are only worthwhile for high-value experiments
with strong domain background so as to ensure a robust and foolproof problem approach. Tasks

that take more than a month to complete are usually below the profit threshold.
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This is due to the fact that real-world applications of the neural network require
utilization of large model architectures, which contain hundreds of hyperparameters, which
include learning rate, learning rate decay, layer size, mini-batch size, regularization options
(including dropout rate), weight initialization method, data augmentation, gradient clipping,
(and B2 for ADAM), momentum rate, loss function type, number of training iterations/epochs,
optimizer selection, general activation function type, final activation function type,
preprocessing, ensemble set and other. As such, picking the right combination of the
hyperparameter is not a trivial task.

Still, the hyperparameter optimization space search can also be accelerated. Best model
configuration—intuitively—is obtained using grid search approaches, however, recent
publications have shown that random search can in fact provide quicker results [269]. Other
techniques include Bayesian optimization and sequence-model based optimization. A good
starting point is to use readily available literature-proven architecture (typically ILSVRC),
pretrained models with available open-source code and implementation, and then interactively
improve the network using experiments on the already available model. Furthermore, assuming
high computational power available ensemble, modeling consisting of at least 5-7 models allow
few percentage points accuracy increases.

Typically, most of the training material on the neural networks refers to the model
architecture and training process itself. Usually, less credit (but more effort) is attributed to all
preprocessing steps. Once the neural network is operational, hyperparameter tuning is usually
performed by looping through a set of predefined combinations in order to determine the
optimum one. This does not impact the industrialization of the obtained model as the general
ETL (Extract Transform Load) pipeline is already well defined at that point. Since neural
networks require extensive data preparation, model architecture validation and stringent
utilization methodology (train, validation, test split, etc.), it is critical to debug the code during
every step of the model preparation process, as every NN model is highly experimental in
nature.

Finally, while currently utilized frameworks like TensorFlow/Keras offer easily
available research datasets, it is often most useful to utilize real data, to make sure that the
model is robust to typical real-world challenges like missing/corrupted input data, illumination
differences and so on. Recently, additional emphasis has been put on making sure that neural
network is not fooled either by artificial or real adversarial example and that there is no
algorithmic or ethical bias implemented. This is further complicated by the fact that neural

networks typically required significant amounts of data (usually supervised, which is costly to
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acquire), which may not always be available for the given problem, especially for rare (edge)
cases. In fact, most of the large neural networks will be challenged to properly start the
optimization process if the input dataset is not sufficiently large and diversified. And they may
end up naively picking the most populous class instead. On the other hand, large amounts of
input data are computationally expensive to train and industrialize, typically requiring the use
of modern GPUs.

While for one hot encoded class based results neural network does provide a measure
of uncertainty, this is not the case for a regression problem. This problem has recently been
addressed to allow the Bayesian neural network to lean a posterior over weights using a
modified dropout technique [270], [271], [272]. This approach is highly useful for image
processing based regression tasks, like depth estimation, as the output of the network is not only
pixelwise information on the distance but also the uncertainty of that prediction [273]. This
value-added information is very important for real-world action space generation, especially
for tasks requiring robustness to adversarial perturbation. This uncertainty representation is a
useful technique for real-world applications, but can just as well be used to allow insight into
neural network operation so as to try to prevent labeling neural networks as a “black box”

solution.

6.3. Future Work

The results of different experiments performed as a part of this thesis have provided
a general framework for using Haar Cascades, MobileNet and Faster R-CNN models, both by
training the model from the beginning and by fine-tuning existing models. A general guideline
has been provided to streamline processing similar tasks in the future both for fellow researchers
and for industrial applications, including gas turbines.

Experiments performed in the thesis have challenged the typical approach of using 0.5
as a detection confidence threshold for classification. For all the models, detection bounding
boxes have been tested against ground truth bounding boxes to determine the overlap between
those two items. This overlap is measured by the “Area over Union” or IoU metric with a default
set as 0.5 or above. While this value is a good first approximation for the model, it does not
represent a proper estimation of the needed threshold for long-distance detection. Future work
will consist of testing different loU thresholds both in terms of postprocessing and as a loss

function.
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Another research item for future analysis is to test other pretrained object detection
models present in the TensorFlow zoo (and elsewhere) to confirm the findings presented in this
thesis as well as to determine the optimum model for small size objects, using the example of

drone detection problem.
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Appendix A. Data Augmentation Methods

While object detection systems are very useful and can result in high automatization
of almost any process, they also require structured, labeled data. In this instance, the data would
consist of thousands of images, labeled with pixelwise information on where exactly is the
object in question. High diversity of input dataset is critical so that both Haar Cascade and ANN
would be able to generalize the problem enough to recognize new drones of any shape, color,
orientation and background. The task gets even more complicated as not only does the system
need to detect UAV, but it also has to determine where exactly in the picture it is.

Data acquisition for drone images usually begins with the utilization of internet search
engines such as Google. This intuition is however broken very fast as most popular phrases
such as “drone”, “UAV” or similar return marketing product pictures or military drones
in action rather than a civilian UAV in the sky. In fact, typical commercial-like images of the
drone on white background usually results in overall lower testing set accuracy of the model
(provided that test set has been made based on real-world distribution) as the system is unable
to recognize the object on sky/nature/urban background (as neither is consistently one color,
which is usually the case for commercial photographs).

It is critical to remember that with object localization/detection problem not only does
the model require the image itself, but also information about the pixel box position of the
object in question. As this task needs to be performed manually it is highly time-consuming,
resulting in increased turnaround time and model generation cost. While there are multiple
forums and private repositories of UAV enthusiasts, where single pictures can be downloaded,
a typical image localization model requires thousands of images to ensure high accuracy (as
shown later in this thesis). These data acquisition and labeling processes are very costly, taking
approximately 30-60 seconds per image for a single class labeling (15-30 for label correction
per class). To reduce the manual effort required (and corresponding cost) and to expand the
available dataset, it is possible to utilize other methods called data augmentation or, in general,
Artificial Data Synthesis. It assumes that pixelwise definition and its corresponding label will
be modified to expand the existing set, as shown in Figure 113.
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CNN Training
Input Image
Augmentation

Figure 113. General overview of the data augmentation process for images. Author’s own work.

Typically data augmentation consists of vertical/horizontal flipping/mirroring, random
cropping, random scaling, blurring, color jittering, warping (local and global), translating,
rotating (as shown on Figure 114), stretching, shearing, color-shifting/multiplication, lens
distortion and—more recently—application of deep neural networks for content modification
[274].

Figure 114. Drone data augmentation—[LEFT] original, [CENTER] mirrored and [RIGHT] rotated/cropped. Author’s own
work.

Data augmentation is relatively simple to implement as even the most complicated
image modifications can be easily reflected upon the image label. Data augmentation is
particularly useful for small, expensive to obtain datasets and MVPs. Although unmodified
input samples are more effective in a training routine, augmented samples can reflect real-world
modifications (rotation, mirroring, etc.). Recently, an additional augmented dataset has been
successfully obtained using synthetic data with the additional step of neural-based synthetic-to-
real style transfer [275]. This technique can easily be applied to any number of samples of any
type, color, texture, background, viewpoint, angle, illumination and scale. Other data
augmentation techniques include neural techniques like Neural Augmentation [276] and Image-
to-Image Translation conversion [277], [278], [279] as well as automated techniques like Smart
Augmentation [280] and AutoAugment [281]. A general overview of data augmentation
methods for different problems has been presented in Figure 115.
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Data Augmentation Methods

Image - Advanced | NLP

Random Cropping  * Vertical Flipping RGB Channel Shuffle » Text Generation
. Equahzatlon * Horizontal Flipping . Bnghmess Shift » Word Embeddings
¢ Noise Injection * Random Cropping * Contrast Shift « Translations
¢ Time Shift * Random Scaling * Random Scalable e Thesaurus
¢ Scaling + Blurring Erasing Utilization
+ Stretching + Color Jittering » Image Blending + Sampling From
+ Dynamic + Warping (local/global) » Rain/Haze/Snow Similar
Compression + Spatial Translation Effects Distribution
+ Rotation (local/global)  + Adversarial Noise Add
+ Stretching + Neural Style Transfer
+ Shearing * Generative Adversarial
+ Color Shifting Networks
+ Lens Distortion * PCA Based Shift
i + Reflection L

Figure 115. Data augmentation methods for a wide range of applications. Author’s own work.

The image shearing technique applies trigonometrical 2D transformation to the image,
which results in a sheared image. The shear angle can be adjusted for better effect. High shear
angle results in high distortions, which makes the resultant object almost unrecognizable. The
drawback of this method is the fact that sheared image has to be cropped, which results in
information loss (resolution reduction). An additional challenge is bounding box transformation
to ensure consistency in object localization.

Swirling is a non-linear image deformation that creates a whirlpool effect. Whirlpool
parameters can be adjusted to control the end effect. The swirl effect is adjustable, which
ensures consistency and value-added of the output image. The bounding box is not affected

while the resulting picture can add completely new features to the model. The shearing/swirling

effects have been shown in Figure 116.

Figure 116. Drone data augmentation—[LEFT] original, [CENTER] sheared and [RIGHT] swirled. Author’s own work.
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Warping is a combination of shearing, swirling, translation, rotation and cropping
according to the user requirement. Warping, as a combination of methods mentioned above,
is usually done locally, which ensures that the bounding box remains in a known position.

Computer-based image generation is another technique that is recently gaining a lot of
attention. While the 3D CAD model takes a lot of time to create, the end result can be adjusted
parametrically according to the designer’s will. For drones’ parameters like arm length,
propeller diameter, quadcopter height, color, position, inclination and background can be easily
adjusted, creating a large number of potential data points. One of the drawbacks of this
approach is that the images have no noise associated with typical CCTV camera operation
(vibration, lightening, haze, etc.). Those however can be added later on artificially. While each
position change of the model will have to be reflected by appropriate bounding box position
change entire process can be easily automated to facilitate dataset generation. An example of
the CAD model of the UAV has been presented in Figure 117.

Figure 117. Computer generated image of quadcopter generated by CAD software (Catia) rendering [221].

There are also multiple ensemble techniques, which combine the solutions mentioned
above. One of the more popular one is a multi crop, which consists of a combination of
mirroring and cropping. Its typical implementation is called 10-crop, where one input image is
cropped and mirrored to create 10 new images as shown in Figure 118. The figure presents
baseline image cropped regularly, baseline image cropped 4 times, mirrored image cropped
regularly, mirrored image cropped 4 times.

Figure 118. Multi crop applied on quadcopter image. Author’s own work.
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Appendix B. CNN Representation and Visualization

Each convolutional layer, once the training is complete, will have a defined set of
weights and biases allowing for image classification. Those model parameters can be extracted
and represented graphically in order to determine what makes the model behave in the way it
does. Naturally, the images of weights are not a graphical representation of raw weights, but
rather a visualization of layers’ response to a given image. As convolutional layers stacked on
top of each other result in a hierarchical representation of image features, from more primitive
ones in early layers (edges in different orientations, primitive shapes) up to highly complicated
patterns allowing recognition of any object. Technique enabling insight into the inner working
of the convolutional neural network is called feature visualization.

One of the simplest feature visualization techniques is to run a set of predefined images
through the neural network to determine, which one of them maximized unit activations [70]
and then visualize it. This allows limited insight into intermediate layers enabling the researcher
to gain intuition on what kind of images maximizes activation maps on the certain layer [213].
An example of this technique used on 11 CNN layer neural networks is shown in Figure 119
(Created by the Author based on the generic object detection model). In this instance, images
were initialized from random noise and iteratively modified to obtain the form in which unit

activation is maximized.

Convolution Layer 1 Convolution Layer 3 Convolution Layer 5 Convolution Layer 8 Convolution Layer 11

Figure 119. Hierarchical representation of convolutional layers in different stages of generic CNN created by the Author.

In general, the first convolutional neural network layers detect (activate upon) basic
features such as edges, patches, blobs, etc. with more refined/complicated features being
learned with higher convolutional layers. Raw weights (learned filters/kernels) can be directly
visualized, but offer readable insight into the network only on a low level and—due to their
size—offer limited insight due to low resolution. Higher-level kernels are usually unreadable
for humans. At the same time high-level Machine Learning techniques such as t-SNE are useful
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for high-level similarity visualization for problems with a large number of features/parameters
[282]. For multiple classes t-SNE offers insight into the similarity between the given class input
dataset. For one class it offers insight into the similarity between groups and—ultimately—
allows intuition on what images need to be added to refine network activation and allow higher
network performance. While t-SNE has been most often used to visualize research datasets like
MNIST, it can offer valuable insight into input datasets by showing low dimensional projections
of high dimensional embeddings of the given objects [283], [33]. Examples of t-SNE based

visualization on the MNIST dataset have been shown in Figure 120.

Figure 120. PCA & t-SNE Based MNIST dataset class visualization [284].

Another high-level representation can be provided by occlusion experiments as
proposed in [70]. This useful technique allows density heat map generation by running a
detection routine on the image with an imprinted mask (usually black/white square of different
sizes) on sliding window areas of the image. By following detection confidence as the mask is
transposed and expanded across the image, a heat map can be generated, which can provide
insight on what exactly does the neural network pays attention to during inference.

Another option comes from the utilization of backpropagation techniques. Gradients for
the network are usually computed from the classification layer onto the image, but in practice,
there is no mathematical impediment preventing the network from backpropagating from a
specified layer (other than the output layer). For the chosen layer, a single neuron is picked with
an input gradient set to 1. All other neurons for the layer are multiplied by 0 so as not to affect
the process. Then the picked neuron is backpropagated back to the input image. Additional
techniques may be applied to enhance the resolution of the final backpropagated image (guided
backpropagation, conditional deconvolution), which allow visualization of intermediate
features and may be applied iteratively forward and back the neural network to enhance the
effect and visualize the class effect on the specified image. Furthermore, this technique may be
recursively applied back and forth to black out the entire image except the analyzed class

effectively realizing the segmentation task [285], as reconstructed image features coincide
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positionally with the original pixelwise position of the object. In order to facilitate image
reconstruction, information loss locations (cells, where ReLU has zeroed inputs, max pool layer
original maximum value position, etc.) are recorded and used for image reconstruction during
deconvolution hence the name “guided” backpropagation and “conditional” convolution.
Typically, a score for a given class before the softmax layer will be picked as an initialization
point so as to reflect a given class rather than an unknown neuron with no clear interpretation.
Once a gradient is computed over the input image, the maximum absolute values of each of
RGB channels is computed. This approach, called saliency maps, allows for data gradient
visualization and simple techniques like GrabCut will allow object segmentation and other
subsequent possibilities (background subtraction, etc.).

A similar technique called feature inversion can be used to gain insight into particular
layer operations. It processes CNN based feature vector and backpropagates it to the input layer
(randomly generating input image) so that its corresponding feature vector that backpropagation
derived from is the same [286]. Additional regularization can be applied to ensure the
smoothness of the output image [164].

By boosting the process certain patterns can be further enhanced, e.g. dog activation
imprinted onto the input image can be further enhanced to form distinctive animal features via
iterative image update [287]. This method, which effectively enhances all activations based on
provided class confidence, is called DeepDream [288], which result has been presented in
Figure 121. Effectively it represents type | perceptive error (false positive error) generator
reverse iterating neural network features to implement pareidolia-like results onto the input
image (shape barely looking like frogs will iteratively become more and more recognizable as
frogs). This effect-enhancing algorithm can, in fact, be used not only for a current dataset, but
in fact it can be using any other input as well, specifically to the technique called Neural Style

Transfer.

Figure 121. Deep Dream visualization [289], [290].
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