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Abstract

While data is becoming more and more pervasive and ubiquitous in today’s
life, businesses in modern societies prefer to take advantage of using data,
in particular Big Data, in their decision-making and analytical processes to
increase their product efficiency. Software applications which are being uti-
lized in the airline industry are one of the most complex and sophisticated
ones for which conducting of data analyzing techniques can make many de-
cision making processes easier and faster. Flight delays are one of the most
important areas under investigation in this area because they cause a lot
of overhead costs to the airline companies on one hand and airports on the
other hand. The aim of this study project is to utilize different machine
learning algorithms on real world data to be able to predict flight delays for
all causes like weather, passenger delays, maintenance, airport congestion etc
in order to create more efficient flight schedules. We will use python as the
programming language to create an artifact for our prediction purposes. We
will analyse different algorithms from the accuracy perspective and propose

a combined method in order to optimize our prediction results.
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Chapter 1

Introduction

We are living in a world where massive amounts of data get generated ev-
eryday and collections of data are growing exponentially. The process of
converting raw data to meaningful and utilizable information can be a so-
phisticated process in which technology is playing a very important role to-
day. Nowadays we can implement machine learning techniques on different
types of data for the purpose of creating new knowledge from data sources
that where not being used before.

Since we as humans want to give the learning ability of human brain to
machines and also these new techniques are becoming an inseparable part of
latest information systems developed world wide; Therefore, the implementa-
tion of machine learning techniques are one of the most preponderantly under
research areas these days, especially in software-intensive companies. One of
the areas in which machine learning is mostly being used is for prediction
purposes. Prediction of future events can help humans prepare themselves to
react more effectively and efficiently and makes the decision making process
more facile. Examples of software systems that prediction methods could be
favorable for is stock market predicting or airline industry flight scheduling
systems.

This thesis project has been made in collaboration with a company called
Aviolinx in Malmo Sweden. Their line of work is software manufacturing for

airline industry. Currently they have not utilized any machine learning tech-
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niques or algorithms in their software slot scheduling system so we decided
to build a small artifact that would be capable of predicting future flight de-
lays utilizing four different machine learning algorithms and real world flight
delays data. We thought with the utilization of this artifact, airport coordi-
nators and airline companies together would be able to deploy future flight
schedules in a more efficient manner. We will have a comparison chart at the
end of this thesis project that analyzes the strength of each of the four ML
algorithms implemented in our artifact. Another perspective considered for
this thesis project is that the simultaneous comparison of these well-known
prediction algorithms can contribute to the research community for future

and further investigations.

1.1 Research Questions

e RQ1: How machine learning algorithms can be leveraged on flight de-

lays data for prediction of flight scheduling systems?

e RQ2: How precise would different algorithms be able to predict com-
paring to the real flight delays?

1.2 Goals

The aim of this project is to study how effectively machine learning tech-
niques can contribute to airline industry scheduling systems by forecasting
flight delays. Due to the problems airport coordinators encounter every-
day with airline companies regarding flight delays and the continues need
for changing and revising flight gantt schedules. Therefore, we propose to
develop an artifact utilizing machine learning in order to predict future de-
lays. This artifact may lead to mitigation of flight delays’ related schedule
revising and consequently reduce costs. Since we will evaluate four different
algorithms, we will analyse and compare the preciseness of each of the im-

plemented algorithms by utilizing graphs, charts and tables. So the reader
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of this research study would realize which algorithms are most suitable to be

utilized in flight delay prediction systems.

1.3 Expected Results

First we expect that after finishing with this thesis project, the literature
review and the results of developing our artifact, we would have a clear
understanding of how accurate any of the chosen ML algorithms can predict
flight delays and show the comparison amongst them utilizing graphs and
tables. Afterwards we expect that this project could help airline software
manufacturers have better insights into implementation of machine learning
prediction techniques into their systems. Machine learning can contribute
them to use raw data and convert it to delay prediction information that
may help them in many different ways in better and more precise scheduling
of their future flights. The more efficient scheduling systems they make the
more financially beneficial the system becomes.

As discussed with Aviolinx company, This prototype can be utilized as a
stand alone reporting system or integrated into their slot scheduling software

with further developments as a new feature for airline companies to use.

1.4 Motivation

The most important motivation for this project is to help airline industry
software manufacturers utilizing machine learning [1] algorithms inside their
software products enabling them for prediction capabilities, so their cus-
tomers which are airline companies would be able to have near future fore-
casts and use this knowledge to prevent delays by different causes in their
schedules. Delays can impose variety of costs to airline companies which in
fact by reducing small amounts of delays, huge amounts of company revenue
would be affected.
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1.5 Outline

This master thesis consists of six chapters. In the first chapter we introduce
this thesis project, the process of completing it and the goals and motiva-
tions for creating this research project in general. In the second chapter we
explain details about the research methodology chosen for this thesis and
how each stage of the process of this study is taken and we elaborate our
research questions and the goals for making the artifact and also the results
which we expect to achieve with this project. In the third chapter we will
have a literature review in which we divide our investigation into two main
subsections. In the first subsection we elaborate machine learning and all the
algorithms related to this thesis project and in the second subsection we in-
vestigate some of the related terms and conditions of the aviation and airline
industry. In the forth chapter we elaborate the design and implementation
of our application and explain how it performs via graphs so the audience of
this research study can visualize our methods and results. In the fifth chapter
we will rigorously analyse our results and demonstrate different comparisons
of the results for this study paper. Finally in the sixth chapter we discuss the
conclusions and the future work that can be done to optimize and improve

this project.
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Chapter 2

Research Methodology

2.1 Research Method

In this chapter we describe the research methodology that has been applied
to collect necessary information and to perform the research study in order
to answer this master thesis’s research questions. We have found Design
Science [2] most suitable research methodology for this study paper and we
have planned different stages of our research process as shown bellow in figure

2.1 that will be explained later in this chapter.

2.1.1 Literature Review

We will use some of the famous digital libraries such as IEEE or ScienceDirect
in order to create a viable literature review and further illustrate the concepts
and Machine Learning algorithms needed for this research study. In the first
phase of this thesis project we will have a literature review in which we will
divide our investigation areas into two different parts. In the first part we will
investigate previous academic work like [3] which explain data utilization and
try to evaluate different ML algorithms utilized in our project as explained
in [4]. In the second part we will explain some of the important terms and
conditions that exists in the airline industry like mentioned in [5], and needs
to be explained to the reader of this paper in order to clarify the environment

in which this artifact can be utilized. Also a brief statistics from previous
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mmeme  Research Questions
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tables

Figure 2.1: Research Method

academic work on how flight delays could affect airline industry revenues and

costs.

2.1.2 Design and Creation

Design Science [2] is a research methodology used for the creation of IT
prototypes regarding technology and bringing new solutions to answer or-
ganizational real world problems. These solutions could be in a form of
constructs, models, methods or instantiation |2] which may later considering
more assessments and analysing requirements become software, I'T products
or in general innovations that make use of information systems more effec-
tive. The research methodology chosen for this study is Design Science [2]

because we will develop a prototype capable of analyzing real world flight
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delays data and implementing machine learning algorithms to predict future
flight delays. The final results of our artifact will be presented in the form
of models. We will plot these models into graphs in order to visualize the
investigated data sets and predicted results. We will have a rigorous testing

of our artifact’s results afterwards.

2.1.3 Evaluation

As proposed by Hevner [2] in an information systems research study “The
utility, quality, and efficacy of a design artifact must be rigorously demon-
strated via well-executed evaluation methods” and that the accuracy of an
IT-Artifact can be evaluated as the quality attribute. Since design is an it-
erative and progressive process, feedback from the evaluation phase plays a
key role for the final artifact to be satisfactory for the problems it was meant
to solve [2].

Therefore after finishing with the development of our prototype we need to
test it rigorously to be able to analyze the prediction results. In this phase of
our project we will feed the available flight delays data to our application and
compare the outcomes of each algorithm by showing their strength in future
prediction using bar charts with percentage of accuracy. Considering that
we have some limitations accessing the real flight delays data from Aviolinx
we decided to assess this artifact with the limited amount of data which is
related to two different airline companies and show the reader of this paper

the results in a smooth and coherent way.

2.1.4 Plotting the Models

Scholarly data is a fundamental part of a scientific research that needs to be
presented in a way that reveals hidden patterns in the data to make it more
analysable and understandable. Various data visualization techniques nowa-
days are being used in order for the readers to ”create a visual expression
instead of numerical complex scientific concepts or results” [6].

For visualization purposes in this research study we need to use tables,

graphs, charts and different colors as explained earlier in this chapter in
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order to demonstrate our models and results to make it more comprehensi-
ble for anyone who concerns about investigating how to use machine learning

for prediction purposes.
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Chapter 3

Literature Review

3.1 Search Keywords

Airport slots, airport scheduling software, aviation grandfather rights, slot
messages, scheduling airport slots,machine learning for prediction,machine

learning approaches.

In the first part of our literature review we will explain data, machine

learning and the algorithms utilized in our research study.

3.2 Data

Data sets grow exponentially in size everyday because of many different meth-
ods which are now available to collect different types of data. Mobile devices,
aerial sensory, software logs, cameras, microphones and many more ways
that we use gathering data has resulted in the collection of massive amounts
of data. “There are 2.5 quintillion bytes of data created every day, and
this number keeps increasing exponentially. The world’s technological ca-
pacity to store information has roughly doubled about every 3 years since
the 1980s” [7]. Large amounts of data in different environments like for in-
stance financial or medical areas, are created at high costs and unfortunately

deleted because of lack of required technologies to store them. These are
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valuable data which could be utilized during the production of new features
for new software. This has become one of the biggest and most costly chal-
lenges for companies to come up with new solutions for storing huge amounts
of usable data. However, with the advancements of technology now we can
use new architectures and mechanisms to store and access valuable data for

software optimization purposes [7].

3.3 Machine Learning (ML)

Machine Learning is one of the most under investigation research areas these
days. Since we as humans want to make machines as intelligent as human
brain which is perceived as Artificial Intelligence (AI), the concept of giving
the learning capability to machines coming from the learning ability of human
brain [8] is now in process more and more everyday. Machine Learning is an
integral part of the Al that we use to design different kinds of algorithms in
order to utilize in a variety of fields like bioinformatics, intrusion detection,
Information retrieval, game playing, future predictions, marketing, malware

detection and to investigate data trends and historical data relationships [9].

All the existing machine learning algorithms as shown in figure 3.1 [10]
are derived from two main strategies called supervised and unsupervised.
Supervised strategy is utilized when the training set comprises the data and
the authentic output of the process that uses that data. An example can be
when a set of problems and their solutions are given to a student in order to
solve future problems alike in that area. However, the unsupervised strategy
is used when the training set comprises the data but it does not contain
solutions for it and the computer must resolve the problem by itself. An
example can be when a set of patterns are given to a student and asking

them to reveal the underlying relations that generated those patterns.
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Machine learning

Supervised learning Unsupervised learning

Classification Regression Clustering Dimension
reduction
: : : ; k-means Principal component
Logic regresspn Linear reuresstgn clustering analysis
2 q > | . - =
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Classification trees Decision frees clustering decomposition
b 1. 1 P 4 p
Support vector Bayesian Gaussian mixture Multidimensional
machines networks models statistics
b 4 b 4 P 2 4
Random forests Fuzzy classification Genetic algorithms pﬁm
4 P 1 P i P
Artificial neural Artificial neural Artificial neural | | Artificial neural
networks networks networks ' networks

Figure 3.1: Machine-learning approaches

3.3.1 Linear Regression (LR)

Regression is an approach under the category of supervised learning. This
approach can be used for prediction purposes when we want to model con-
tinues variables and make future predictions. Examples of applications us-
ing regression for prediction purposes are real-estate price prediction, stock
movements forecasting, student scores predictions. In regression we have the
labeled dataset that the output values are figured out utilizing the input val-
ues. The linear regression algorithm is the simplest form of regression that
we try to fit a straight line (straight hyperplane) to the dataset .

3.3.2 Support Vector Machine (SVM)

Support Vector Machines can resolve both regression and classification prob-
lems. In this method hyperplane needs to be specified the decision boundary.

The objects in this method can be separated utilizing complex mathematical
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functions called kernels [11]. When we want to utilize SVM for classification
purposes it is called SVC and when we want to use it for regression purposes
it is called SVR [12]. In our prototype we have utilized three different types
of linear and non linear SVR kernels. SVR_RBF Which is a nonlinear kernel.
SVR _Lin which is a linear kernel. SVR_Poly which is a nonlinear polynomial

kernel.

3.3.3 Reason for Choosing the Algorithms

For more accurate investigation of this study we needed robust algorithms
capable of predicting flight delays with high accuracy. Also in order to have
a balance for our comparison purposes we decided to use two non-linear algo-
rithms which are SVR_RBF and SVR_Poly and two linear algorithms which
are SVR_Lin and LR. All these algorithms are well-known for their robust-

ness in prediction purposes [12].

In the second part of our literature review we will explain some of the terms

and conditions used in the airline industry.

3.4 Airport Slots

Slots are the time intervals in which a flight will be allowed to use an airport
infrastructure for landing and take-off according to a pre-coordinated sched-
ule [5]. As an example we can say the 10 a.m. to 10.30 a.m. slot for Mondays
and Thursdays is reserved for KLM airline company in Copenhagen airport

for summer season 2019.

3.5 Slot Message

For the purpose of coordination between an airline company and an airport,
special type of messaging system exists in which first the airline company
requests a slot from the airport and then the airport coordinator approves or

denies the request via messaging back. This process continues till both sides
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agree on one slot for one season. An example of a slot message is shown in
figure 3.2

Example
SCR
JRF1508
we3
15JUN
CPH
CAF802 AFB10 260CT27MAR 1234367 290AB3 FCONCEDS 10 1030LHRMAN JJ
RAF30Z AFE10 260CT2TMAR 1234567 23DABT FCONCEDSZD 105OLHRMAN JJ

Figure 3.2: Example of a Slot Message

3.6 Airport Slot Allocation

Grandfather rights or “use-it-or-lose-it” rule means an airline company must
use 80% of the slots allocated to them by an airport through one season,
otherwise they will lose that slot and the slot will be released for other com-
panies to take [5]. This means losing potentially huge amounts of money
that the airline company has invested to take a specific slot, specially when
it comes to more congested airports it becomes incredibly arduous to take

one slot for a season.

3.7 Statistics

A study in 2010 shows that the total cost for the US airline industry in
2007 related to flight delays was $32.9 billion. This amount is consisted
of $8.3 billion related to increasing of the expenses for the crew, fuel and
maintenance, $16.7 billion is related to passenger time lost, $3.9 billion is
related to demand loss for the passengers as the result of delays. And $4
billion is related to indirect effects of the flight delays on US economy as
reduction of US GDP. These statistics illustrate the significance of the flight
delays problems and the need for more efficient investigations and methods

for the purpose of reducing flight delays [13].
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Chapter 4

Method

The prototype developed for this research study predicts flight delays by
utilizing Machine Learning. With utilizing this artifact we will be able to
convert raw flight delay data into usable information by machine learning
techniques, that can add more efficiency to a flight scheduling software system
and this way we answer our RQ1 on how to use flight delays data. With this
method, as we have discussed with Aviolinx staff, they have the option to
use this artifact in two different ways. They can either integrate it into their
software in the future or they can have this as a stand alone reporting system.
Either way they can implement these predictions into slot messages in which
airport coordinator and airline company can have an idea about upcoming

month in order to schedule in a more accurate state.

4.1 Description

This prototype is written in python programming language [14]. It uses
different python libraries to be able to predict delays based on four different
algorithms and then plots the models into graphs for visualization purposes.
We implemented our code into Google Colaboratory (also known as Colab)
which is a cloud service based on Jupyter IDE giving us the advantages of
investigating the purpose of our study without concerning about required

configurations, GPU access and sharing our code [15].
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4.2 Datasets

We have received our real world flight delay datasets from Aviolinx for which
we experienced many limitations considering their regulations and also this
process consumed a lot of time. The two datasets that we use in our project
are related to two different airline companies which are using Aviolinx soft-
ware product. After requesting the real world datasets from Aviolinx we
ultimately were authorized to use 6 years flight delay data from two airline
companies from 2014 to 2019 anonymously and we did accordingly. There-
fore, since the data is real and we are not allowed to mention the names
of these companies, we will use ”Company A” and ”"Company B” instead
of their names. Our datasets represent aggregated flight delay data by all
causes for each month since January 2014 which was the limit for us to access
the data. So we have access to all the data from January 2014 to December
2019 which we will use to evaluate our artifact. As an example if the data
shows 12.5 minutes for December 2016 it shows that the aggregated number
of minutes by all causes such as passenger delays, aircraft maintenance, air-
port congestion, weather etc. is 12.5 minutes for that specific airline company
in December 2016.

4.3 Libraries

The libraries utilized in our code are pandas [16], numpy [17], SKlearn [4],
Matplotlib [18] and Google colab [15]. We implemented our machine learn-
ing algorithms in the code utilizing three different Support Vector Regression
(SVR) Methods and Linear Regression from SKlearn library in order to train
our dataset and predict future delays. The main reason for using four algo-
rithms was to be able to compare the results. In order to load our dataset
we utilized Google colab library [15]. Finally when the models are set we

utilized Matplotlib library [18] to plot the models into graphs.
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4.4 Algorithms

In this artifact We have utilized three types of support vector regression
linear and non-linear kernels and a linear regression algorithm on our data

for our accuracy comparison purposes. The algorithms are as follows:

e Support Vector Regression - RBF (Radial Basis Function), which in
this report we write it as SVR_RBF [4]

e Support Vector Regression - Linear, which in this report we write it as

SVR_Lin [4]

e Support Vector Regression - Polynomial, which in this report we write

it as SVR_Poly [4]

e Linear Regression [19)

After we load the dataset in our application we create the models and
train the models utilizing the flight delays data with previously mentioned
algorithms. After the models are trained we plot them into a graph and
show the results. For the purpose of prediction we load all the data from the
first month of 2014 to predict flight delays of the year 2019 so for example in
order to predict the first month of 2019 we investigate the data for 60 month

meaning that we have 60 data points.

4.5 Models

4.5.1 Model related to Company A

The first model in figure 4.1 shows the prediction results by different algo-
rithms compared to the real value from the dataset provided from company
A. This model is an example of the output of our application which shows
the prediction results of delays for September 2019. The prediction results
for different algorithms are shown by black rectangles at the bottom of this

figure and the real value for this month is shown in the black square. As
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Regression
— SVR RBF
1 ||~ SR Poly
—— SVR Linear
Linear Regression
141 ® Data H Real Value:
(%] a
E 13.1 Mins
= 12
10

0 10 20 30 40 50 &0 70

Mounth
2014 2015 2016 2017 2018 2018

(12.432482383366786, 13.557627119666593, 14.195228322716587, 13.954653284565487)

SVR_RBF Linear Regression

Figure 4.1: Predictions of September 2019 for Company A

illustrated in figure 4.1 our models are trained with all the data from Jan-
uary 2014 till August 2019 and predict September 2019 for company A. The
prediction result with SVR_RBF is estimated 12.43 minutes, with SVR_Lin
is estimated 13.55 minutes, with SVR_Poly is estimated 14.19 minutes and

with Linear Regression is estimated 13.95 and the real value is 13.1 minutes.

4.5.2 Model related to Company B

The second model in figure 4.2 shows the prediction results by different algo-

rithms compared to the real value from the dataset provided from company
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B. This model is an example of the output of our application which shows
the prediction results of delays for March 2019. The prediction results for
different algorithms are shown by black rectangles at the bottom of this figure
and the real value for this month is shown in the black square. As illustrated
in figure 4.1 our models are trained with all the data from January 2014
till February 2019 and predict March 2019 for company B. The prediction
result with SVR_RBF is estimated 13.05 minutes, with SVR_Lin is estimated
12.75 minutes, with SVR_Poly is estimated 13.25 minutes and with Linear

Regression is estimated 12.76 and the real value is 12.9 minutes.

Regression
—— SVR REBF
e SVR Poly
—— SVR Linear
Linear Regression
e Data Real Value:
14
e 12.9 Ming
Tz n
10
g »

0 10 20 i 40 50 60

Maunth
2014 2015 2016 2017 2018 2019

(13.850684508373614, 12.756818183188429, 13.2514984529044260, 12.761977789529352)

Figure 4.2: Predictions of March 2019 for Company B
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4.6 Combined Method

We believe that after finishing with different testing approaches considered
for this study which will be investigated in the next chapter, we can optimize
our prediction results from the accuracy perspective utilizing a mathematical
model called weighted average model. In this method different variables get
different weights considering the importance and the effect that each of them
can have on the ultimate results and then an average value is calculated.
Accordingly we will first test the accuracy of the algorithms and then we will
choose two of the best with the highest results. Afterwards we will calculate
the values of each month of 2019 utilizing Equation 1 with the two selected
algorithm results. We will call this method ”Combined Method” or CM and

thereupon demonstrate the comparison results with other algorithms.

Equation 1:

(Variablel x Related Weight) + (Variable2 x Related Weight) + ...

A ighted Value =
verage Weighted Value Total of Weights

We will demonstrate and analyse all the prediction results for each month of
2019 related to both companies in the next chapter. Also we will compare

the prediction capability of each algorithm and the combined method.
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Chapter 5

Analysis and Results

As proposed by Hevner [2] in an information systems research study “The
utility, quality, and efficacy of a design artifact must be rigorously demon-
strated via well-executed evaluation methods” and that the accuracy of an
IT-Artifact can be evaluated as the quality attribute. Since design is an it-
erative and progressive process, feedback from the evaluation phase plays a
key role for the final artifact to be satisfactory for the problems it was meant
to solve [2].Therefore, after finishing with the development of our prototype
we need to test it rigorously to be able to analyze the prediction results. In
order to answer RQ2 we investigate our results from two different approaches.
First we compare the four machine learning algorithms with the closest pre-
diction criterion. Afterwards we investigate the percentage of accuracy of

each month prediction by each of the algorithms.

5.1 First Approach: Number of Closest Pre-

dictions in one year

In this section we will investigate two tables including all the available real
data from the beginning of the year 2014 to the end of 2019.

27|



Efficient flight schedules with utilizing Machine Learning
prediction algorithms

5.1.1 Predictions of Company A

In the figure 5.1 we show all the real values of data from company A and

the results of each month predictions and highlighted the closest predictions
to the real values of 2019 with the blue color. As illustrated in this figure
SVR_RBF has the highest number of closest predictions with 8 close predic-

tions out of 12 which becomes 66.6% of close predictions in year 2019.

dan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec
2014 102 | 96 | 94 | 111 [ 1056 | 125 [ 132 | 13 10 9.1 10.3 "
2 2015 95 | 93 | 103 | 122 | 132 | 14 | 143 | 127 | 109 93 96 | 126
;E:' 2016 103 | 75 " 82 | 18 [ 151 | 149 | 12 99 938 7.8 12
;g 2017 125 | 108 | 10 | 111 [ 122 | 14 | 161 | 148 15 12 89 [ 17.1
i 2018 " 124 | 141 | 125 | 152 | 158 | 173 | 155 | 149 | 127 | 103 | 132
2019 12 (103 | 112 |14 | 12816 | 152 (14a | 43 " 7.8 gk
SVR_RBF (1383 | 1080 (1085 | 1185 | 1157 | 1241 | 1531 | 1455 | 1243 | 1262 | 107 | 886
g SVR Lin (335 (1323 |13.25 | 1316 [ 1319 [ 1316 | 13.29 | 13.34 | 1355 | 1344 | 1347 (1343
% SVR Poly [14.73 (1419 | 13.59 | 1363 | 1353 [ 13.55 | 13.72 | 1406 | 1419 | 1424 | 14.09 [ 1395
% Linear |13.84 [13.78 |13.60 | 13.50 | 1342 | 13.40 | 13.61 | 13.87 | 1395 | 13.95 | 13.84 (1354
® | Regresion
[] Closest Prediction

Figure 5.1: Closest Predictions to 2019 for Company A

5.1.2 Predictions of Company B

In the figure 5.2 we show all the real values of data from company B and

the results of each month predictions and highlighted the closest predictions
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Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec

2014 12 105 | 107 | 98 12 141 | 146 | 128 | 112 a8 92 112

2 2015 1.1 10 9.2 iy 101 | 102 | 124 | 126 " a2 91 10.2

;E.' 2016 108 | 89 | 101 | 92 | 118 15 141 | 113 10 11 83 13.1

? 2017 119 (102 | 91 (103 | 115 | 133 | 172 | 136 | 142 | 122 81 15.3

i 2018 98 | 105 | 126 | 125 | 132 | 161 | 169 | 148 | 136 11.6 97 12.9

2019 112 (121 | 129 (112 | 151 | 178 | 19 | 163 | 142 1 10.1 13

SVR RBF | 1365 | 995 [13.05 (1205 | 11.08 | 1530 [15.03 | 1613 | 1298 [ 1301 | 10.37 | 11.33

g SVR_Lin [1276 [ 128 | 12.75 (1283 | 1283 | 1291 | 1299 | 1314 | 1326 | 1336 | 13.35 [ 13.31

% SVR Poly | 13.33 | 1333 | 1325 [13.08 [ 1315 | 13.26 | 13.58 | 13.88 | 1414 | 1424 | 14.31 [ 14.28

g Linear (1283|1276 | 1276 | 128 1274 | 1292 (1325|1364 | 13.85 | 1392 | 13.81 | 1365
® | Regresion

] Closest Prediction

Figure 5.2: Closest Predictions to 2019 for Company B

to the real values of 2019 with the blue color. As illustrated in this figure
SVR_RBF has the highest number of closest predictions with 6 close predic-

tions out of 12 which becomes 50% of close predictions in year 2019.

5.1.3 Comparison of the Closest Predictions

As it is shown in figure 5.3 the comparison bar chart shows the percentage
of number of closest predictions for all the 12 months of 2019. We can see
that SVR_RBF algorithm has the highest rate of closest predictions for both
companies A and B. As illustrated bellow in the number of closest predic-
tions by percentage with SVR_RBF for the companies A and B respectively
are 66.6% and 50% and with SVR_Lin respectively are 16.7% and 25% and
with SVR_Poly respectively are 16.7% and 16.7% and for Linear Regression
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Comparison of Closest Predictions of 2019
B CompanyA [ CompanyB
80.0%

60.0%

50.0%

40.0%

200%

0.0%
SVR_RBF SVE_Lin SVR_Paoly Linrear Regression

Algorithms

Figure 5.3: Comparison of the Closest Predictions

respectively are 0% and 8.3% which makes the SVR_RBF predictions the

closest.

5.2 Second Approach: Prediction Accuracy

In order to calculate the accuracy of each prediction we have used Equation
2 In this section we will have two tables with which we have calculated
percentage of prediction error and percentage of prediction accuracy for all
the prediction values previously shown in figures 5.1 and 5.2 In the following
tables we call prediction error as PE and prediction accuracy as PA and av-

erage of each row as Avg.
Equation 2 [20]:
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Percentage Prediction Error =

Percentage Prediction Error =

measured value — predicted value

measured value

predicted value — measured value

measured value

5.2.1 Prediction Accuracy table for Company A

Below is the figure 5.4 including all the prediction errors and prediction
accuracy and their average (Avg column) for each algorithm being evaluated

related to company A.

x 100 or

x 100

Jan | Feb | Mar | Apr [May | Jun | Jul | Aug | Sep | Oct | Nov | Dec
PE | 15% | 69% | 22% |39% |59% |229% | 109% | 17% | 51% |147% | 407% | 194%
SVR_REF
PA | 85% | 93.4% |97.8% |96.1% |941% |77.1% | 89.1% | 98.3% | 949% | 853% | 59.3% | 80.6%
PE | 12% |309% [18.3% |154% | 7.2% |18.2% | 227% | 67% | 34% |221% | 77.2% | 178
SVR_Lin
PA | 838% | 69.1% |817% |846% |92.8% |818% | 77.3% | 93.3% | 966% | 779% | 228% | 822%
PE | 228% | 404% | 203% |105% | 10% |158% | 202% | 16% | 83% |294% | 85% |223%
SVR_Poly
PA | 77.2% | 596% |787% |80.5% | 90% |842% | 79.8% | 984% | 917% | 706% | 15% | 777%
Linear | PE | 15.3% | 364% | 204% |184% | 91% |167% | 208% | 3% | 64% |268% | 821% | 187%
Regresion
PA | 847% | 636% |786% |816% |909% |833% |792% | 97% | 936% | 732% | 179% | 813%

Figure 5.4: Prediction accuracy percentage - Company A

As shown above the average of PE and PA with algorithm SVR_RBF
respectively are 12.4% and 87.6%, with SVR_Lin respectively are 20.9% and
79.1%, with SVR_Poly respectively are 24.7% and 75.3% and with Linear

Regression respectively are 22.9% and 77.1%.
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5.2.2 Prediction Accuracy table for Company B

Below is the figure 5.5 including all the prediction errors and prediction
accuracy and their average (Avg column) for each algorithm being evaluated

related to company B.

Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Oct | Nov | Dec

PE | 219% | 177% | 11% [ 75% |266% | 14% |208% | 1% | 8.5% | 18.2% | 26% | 123%
SVR_REBF

PA | 78.1% | 823% | 93.9% | 925% | 734% | 86% |792% | 99% ([915% | 618% | 974% | 87.2%

PE | 139% | 57% | 1.1% | 145% | 15% | 274% |227% | 193% | 6.6% | 214% | 321% | 23
SVR_Lin

PA | 66.1% | 943% | 93.9% [ 655% | 85% | 726% | 77.3% | 30.7% | 934% | 76.6% | 67.9% | 97.7%

PE | 19% | 101% | 27% | 167% | 129% | 235% |202% (1448% | 04% | 20.4% | 41.6% | 95%

SVR_Paly
PA | 81% | 809% | 973% | 833% | &71% | 745% | 79.4% | 65.2% | 99.6% | 706% | 56.7% | 90.2%

Linear | PE | 145% | 54% | 11% | 142% | 156% | 274% | 208% | 16.3% | 24% | 265% | 36.7% | %%
Regrasion

PA | 65.5% | 946% | 93.9% | 658% | 8d44% | 726% | 792% | 337% | 976% | 73.5% | 633% | 95%

Figure 5.5: Prediction accuracy percentage - Company B

As shown above the average of PE and PA with algorithm SVR_RBF
respectively are 12.7% and 87.3%, with SVR_Lin respectively are 15.1% and
84.9%, with SVR_Poly respectively are 16.9% and 83.1% and with Linear
Regression respectively are 15.4% and 84.6%.

5.2.3 Comparison of the Prediction Accuracy

In this section as shown bellow in figure 5.6 we can compare by precise
numbers that the SVR_RBF is the most precise algorithm for predicting
flight delays for both companies compared to other algorithms utilized in

our artifact and considering the amount of data that was available to us for
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Prediction Accuracy Chart

B CompanyA [ CompanyB
100%
T5%

50%

25%

0%

SVE_RBF SVR_Lin SVE_Paoly Linrear Regression

Algorithms

Figure 5.6: Prediction Accuracy of the Algorithms

the testing purposes. We have used the Avg column of figures 5.4 and 5.5 to
create figure 5.6 prediction accuracy chart.

As illustrated above in Figure 5.6 the prediction accuracy by percentage
with SVR_RBF for the companies A and B respectively are 88% and 87% and
with SVR_Lin respectively are 79% and 85% and with SVR _Poly respectively
are 75% and 83% and for Linear Regression respectively are 77% and 85%
which makes the SVR_RBF the most precise prediction algorithm amongst
all.

5.3 Combined Method

We have created a method by combining the results from two of the best

prediction algorithms in our artifact which according to the figures 5.6 and
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5.3 are SVR_RBF and SVR_Lin and by utilizing weighted average method as
explained in the previous chapter equation 1 between the two algorithms’ re-
sults we will have new results for each month. We have tested many numbers
to investigate and discover the most proper weights for each of the selected
algorithms to create Equation 3 for the purpose of optimizing our results.
Our proposed method to calculate values for each month is Equation 3 as
follows:

Equation 3:

(SVR_RBF Result x 0.9) + (SVR_Lin Result x 0.7)

Average Weighted Value for each month = T6

Then after we calculate each month value with equation above, we calculate
the prediction error (PE) and prediction accuracy (PA) for each of the values
compared to the real values of 2019 for both companies using equation 2.
Afterwards we calculate the average percentage of accuracy for this new
method and the new results are shown in figure 5.7 in which the CM column
is calculated with equation 4 as follows:

Equation 4:

CM = Average(PA of weighted values)

5.3.1 Results for Weighted Average Method

In the figure 5.7 we show the results of each month weighted average value
and percentage of accuracy (PA) and the average of PA as results of the
CM method for all months of 2019 related to both companies. Thus, as
illustrated below in figure 5.7 the CM method’s prediction accuracy results

for companies A and B respectively are 92.61% and 86.50%.
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with utilizing Machine Learning

Company A | 12 101 | 112 [ 114 | 123 | 161 [ 172 | 143 | 131 1 16 1
Real Values
Auerage 13.62 | 11.86 | 1195 | 1242 | 1227 | 1273 | 1442 | 1402 (12.92 | 1297 | 11.91 | 1085
Weighted valuss
PA 865 | 8254 (9324 (91.02 (9982 | 7911 | 83.87 | 98.04 | 9862 | 8201 | 4326 | 9872
CompanyB | 112 (121 [ 129 | 112 [ 151 | 178 | 19 | 163 [ 142 | 1 101 | 13
Real Values
AwErage 13.26 | 1119 | 1291 | 1239 | 1184 | 1425 | 1413 | 1482 | 131 | 1316 | 11.67 | 1219
Weighted values
PA 816 | 0253 (0035 (8036 (73.44 | 80.08 | 7440 | 9093 | 9227 | 8033 | 3441 | 9381

Figure 5.7: Combined Method (CM) Results

5.3.2 Comparison of prediction Accuracy for the CM

As it is shown in figure 5.8 the CM method utilized for company A has been

optimized by 5% as we rounded the percentage numbers for all the accuracy

comparison charts in this study. However, this method do not demonstrate

any significant change to the prediction accuracy for company B.

As illustrated bellow in Figure 5.8 the prediction accuracy by percentage with
CM method for the companies A and B respectively are 93% and 87%, with
SVR_RBF for the companies A and B respectively are 88% and 87%, with
SVR_Lin respectively are 79% and 85%, with SVR_Poly respectively are 75%
and 83% and with Linear Regression respectively are 77% and 85% which

makes the CM method an optimized method for the prediction accuracy

purpose.
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Prediction Accuracy Chart

B CompanyA [ CompanyB
100%
T5%

50%

25%

0%

CM SVR_RBF SVE_Lin SVE_Paoly  Linrear Regression

Algorithms

Figure 5.8: Comparison of All methods

5.4 Threats to validity

e Results of this project could be disproved in the times of international
crisis or pandemic situations like the one the world is experiencing at
the time we are writing this report with corona virus because of the

pandemics’ direct effect on the airline industry.

e Considering the limited amount of data that we had access to including
6 years of flight delays data related to two airline companies, the re-
sults analysis and optimizations are being done. In order to have more
accurate results, utilizing more test cases and more datasets will help

further investigations to be more efficient.
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5.5 Challenges

The most important challenge we encountered developing this artifact was
the limitations in order to access the data we needed to test it. According
to the regulations between Aviolinx and their customers which the data is
related to, we ultimately were authorized to use 6 years flight delay data from

two airline companies from 2014 to 2019 anonymously and we did accordingly.

5.6 Contribution

This research study demonstrates evaluation and investigation of the predic-
tion capabilities of the presented algorithms and proposed method for the
flight delays with the specific focus on slot scheduling efficiency. From the
business perspective, the contribution of this study is that it can be utilized
for adding machine learning prediction capability with the investigated meth-
ods to the slot scheduling system of the aviation software products in order
to reduce delays with an insight into future delays. Also from the research
community perspective, analysis, the comparison results and the methods
presented can be utilized for more investigations in order to develop more
accurate prediction methods for flight delays to use into slot scheduling sys-

tems.
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Chapter 6

Conclusion and Future Work

As explained earlier in this report, since airport slots are considered as an
asset to airline companies, losing them in an airport directly affects them
financially. So companies should take any necessary step towards more effi-
cient usage of slots not to lose them according to 80-20 Grandfather rights
(GFR). This project can contribute to their software systems by utilizing
machine learning techniques in order to predict future flight delays. We have
answered our RQ1 in chapter 4 of this research study by illustrating how
raw flight delays data can be converted into usable future delays predictive
information with which airline softwares could add more efficiency to their
scheduling systems. Afterwards we have answered our RQ2 by analyzing the
results and demonstrating the comparison between the previously presented
prediction methods in chapter 5 of this research study. As the comparison
charts demonstrated the accuracy of utilized algorithms in the previous chap-
ter, the most powerful and reliable prediction algorithm amongst the ones
investigated in the prototype we created is SVR_RBF with highest rates of
both accuracy and closest predictions. Afterwards we tried to propose a new
model utilizing mathematical weighted average model in order to optimize
the prediction accuracy results which we called it combined model or CM and
as the results analysis demonstrated the CM method showed higher overall
accuracy for company A and the same results for company B as we rounded

the numbers in the last comparison chart in figure 5.8. Therefore, by utilizing
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the prediction results from this research paper and the methods proposed,
within slot messages, airport coordinators and airline companies would be
able to plan their schedules in a more competent state and efficacious way.
Future investigations are necessary with larger amounts of data, more test
cases and more assessments of the methods proposed in this research study.
The correlation between the data from larger datasets may result in different
weights in our CM method. All in all, the more development and opti-
mization accomplished in this area, the more economically lucrative airline

information systems become.
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